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Spectral Factor Model for Corporate Bonds:
Separating Signal from Noise

Twan R. Mulder

Abstract

This paper introduces the analysis of factor models in the frequency domain to the corporate
bond pricing literature, using the spectral factor model developed by Bandi, Chaudhuri,
Lo and Tamoni (2021). We decompose the bond market factor into orthogonal frequency-
specific components, where the spectral betas capture frequency-specific systematic risk. Our
findings reveal that an annual cycle component of the bond market factor—spanning 8 to 16
months—enhances the bond CAPM. Consistent with previous literature, we show that the
liquidity risk factor in the four-factor model of Bai, Bali and Wen (2019) is the only factor
adding incremental cross-sectional pricing power beyond the bond market factor. However,
when the bond market factor is substituted by its annual cycle component, the liquidity risk
factor loses its incremental pricing power. Supported by additional evidence, we conclude
that the annual cycle component can be interpreted as the liquidity cycle of the bond market
factor. Moreover, the results indicate that dimensionality reduction in factor models can be

achieved, by separating signal from noise in the frequency domain.

Keywords: Corporate bonds, Cross-sectional asset pricing, Factor models, Frequency, System-

atic risk

JEL classification: C12, C13, E32, G12
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1 INTRODUCTION

1 Introduction

In 2022, the market value of global fixed income outstanding reached 129.8 trillion USD, while the
global equity market capitalisation was 101.2 trillion USD (SIFMA, 2023). Moreover, the value
of corporate bonds outstanding in the US was 10.3 trillion USD, compared to 64.7 trillion USD
in equities. Firms issued 1.4 trillion USD in corporate bonds, whereas equity issuances amounted
to 99.4 billion USD. These numbers indicate that the corporate bond market and equity market
are comparable in size. Nevertheless, the literature on asset pricing has traditionally paid more
attention to equities than corporate bonds (Kelly, Palhares & Pruitt, 2023). Recently, however,

L' We contribute

there has been a growing interest in identifying corporate bond risk factors.
to this literature by introducing analysis in the frequency domain to corporate bond pricing.
Specifically, we examine whether, and if so which, frequency-specific risk factors can explain the
cross-sectional variation in expected returns on corporate bond portfolios.

Using factor models, systematic risk—or beta, in finance jargon—is usually estimated with
monthly (excess) asset returns. For example, in the capital asset pricing model (CAPM) of
Sharpe (1964) and Lintner (1975), the beta of an asset is estimated by regressing its monthly
excess returns on the excess market returns. However, aside from the assumption that in-
vestors maximise single-period utility, the CAPM does not impose restrictions that prevent its
estimation using yearly, quarterly, or daily returns (Bandi & Tamoni, 2022). It is well docu-
mented, though, that the estimated betas differ across these estimation horizons (e.g., Levhari
& Levy, 1977). While previous literature attributed these horizon-specific betas to statistical
biases, such as serial cross-correlation in returns caused by trading frictions (Scholes & Wil-
liams, 1977), more recent literature views it as capturing frequency-specific risk, and thus an
economic phenomenon (Bandi & Tamoni, 2022). Specifically, investors with different investment
horizons may encounter varying levels of systematic risk. This variation can be explained by
the delayed adjustment of asset returns to new information about risk factors (Kamara, Kora-
jezyk, Lou & Sadka, 2016). Therefore, especially in the over-the-counter corporate bond market,
where illiquidity and high trading costs lead to infrequent trading, systematic risk is likely to
be frequency-dependent, and horizon-specific asset pricing effects are expected to be observed.

While traditional factor models, such as the CAPM, do not impose restrictions on the horizon
over which returns should be measured, recent literature has shown that these models implicitly
restrict systematic risk to be constant across frequencies (Bandi et al., 2021). Therefore, in this
paper, we use the spectral factor model introduced by Bandi et al. (2021), which is designed to
capture frequency-dependent systematic risk explicitly. This approach may lead to economically
motivated dimensionality reduction in factor models. For example, from an economic perspect-
ive, it makes sense that the CAPM betas price the cross-section of expected equity returns
(Bandi & Tamoni, 2022). However, literature has shown that the CAPM does not perform well
in empirical applications. Bandi et al. (2021) find that a spectral CAPM-—which includes only a
business cycle component of the stock market factor—can explain the cross-section of expected

equity returns.

See, for instance, Bai et al. (2019); Kelly et al. (2023); Dickerson, Mueller and Robotti (2023); Dickerson,
Julliard and Mueller (2023); Dick-Nielsen, Feldhiitter, Pedersen and Stolborg (2023); van Binsbergen, Nozawa
and Schwert (2023); Elkamhi, Jo and Nozawa (2024) and Dickerson and Nozawa (2024)



1 INTRODUCTION

In this paper, we investigate whether the spectral factor model, as introduced by Bandi et
al. (2021), can be used to achieve dimensionality reduction in the corporate bond factor space.
Specifically, we decompose the bond market factor (MKTB) into frequency-specific components,
which are then used in a linear factor model. The resulting spectral bond CAPM (CAPMB) is
evaluated against traded- and nontraded-factor models proposed in the recent corporate bond
pricing literature. Furthermore, we identify the frequency-specific component of MKTB that
contains the strongest pricing signal and examine its potential to crowd out other risk factors
in multifactor models. This investigation is relevant for several reasons. First, previous findings
suggest that the CAPMB is a strong factor model, outperforming other (multi)factor models
(Dickerson, Mueller & Robotti, 2023). Therefore, the decomposition of MKTB into frequency-
specific components may provide valuable insights into the cross-sectional determinants of cor-
porate bond returns.? Moreover, recent literature shows that only a liquidity-risk factor adds
incremental cross-sectional pricing power beyond MKTB (Dickerson, Mueller & Robotti, 2023).
Therefore, it is interesting to investigate whether a frequency-specific component of MKTB can
crowd out liquidity risk. Moreover, we also apply the spectral factor model to the equity market,
by replicating the results of Bandi et al. (2021).

The spectral factor model is based on the observation that any covariance-stationary time
series—to which, thus, the Wold (1938) representation applies—can be decomposed in an infin-
ite sum of orthogonal frequency-specific components (Ortu, Severino, Tamoni & Tebaldi, 2020).
Using this extended Wold decomposition on risk factors, we obtain orthogonal components that
capture fluctuations of the original risk factors and which are associated with a specific period-
icity. These frequency-specific components of the risk factor are termed spectral factors. When
the spectral factors are used in a linear factor model, we obtain spectral betas that capture
systematic risk associated with cycles of different lengths. Moreover, it can be shown that the
beta of a traditional factor model is a weighted average of the spectral betas (Bandi et al.,
2021). Therefore, traditional factor models assume that the spectral betas are constant across
frequencies, and thus also systematic risk. In the spectral factor model, however, systematic risk
is allowed to vary with frequency. Besides that, unlike other common methods in macro-finance
for extracting frequency-specific components, such as multiresolution (wavelet) filters, the ex-
tended Wold decomposition is particularly suitable for our asset-pricing context. Specifically,
because of the orthogonality of the spectral factors, the spectral betas can immediately be used
in the second pass regression to determine the incremental cross-sectional explanatory power
of the spectral factors (Cochrane, 2009; Kan, Robotti & Shanken, 2013). This is because the
multiple regression betas are equivalent to the simple regression betas.

Additionally, we employ identification- and misspecification-robust regression techniques.
This is important in the context of corporate bond pricing since recent studies have addressed
a credibility and replication crisis, attributed to unreliable data sources and the absence of
a standardised framework for evaluating factor models (Dick-Nielsen et al., 2023; Dickerson,

Mueller & Robotti, 2023). Therefore, we adopt the model-misspecification-robust standard

2This reason is explicitly mentioned by Dickerson, Mueller and Robotti (2023) to motivate the decomposition
of corporate bond risk factors into frequency-specific components as an interesting area for future research. This
underscores the significance of our work from an academic perspective. Since, up to our knowledge, we are the
first to analyse corporate bond pricing in the frequency domain.
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errors proposed by Kan et al. (2013) and present the prices of covariance risk estimated using
both ordinary least squares (OLS) and generalised least squares (GLS) regression techniques,
following Lewellen, Nagel and Shanken (2010).

Since the lack of reliable data sources for corporate bond returns is mentioned as one of
the main reasons for the replication crisis, we focus particularly on our data collection and
cleaning procedures. We collect intraday transaction data for corporate bonds from the Trade
Reporting and Compliance Engine (TRACE) database. Following the framework outlined by
Dickerson, Mueller and Robotti (2023), this data is further cleaned with bond characteristic data
collected from the Fixed Income Securities Database (FISD). Ultimately, the intraday returns
are aggregated to a monthly time series. Moreover, the factor models are evaluated on a diverse
set of test portfolios. For equities, we use five sets of portfolios, from the 25 Fama-French size and
book-to-market sorted portfolios to 48 portfolios sorted on the anomalies proposed by Hou, Xue
and Zhang (2020). For corporate bonds, we consider a set of 32 portfolios that are constructed
by sorting bonds on industry classification, credit spread and rating.

Our main finding is that an annual cycle component of the bond market factor—capturing
fluctuations between 8 and 16 months—contains the most signal for explaining the cross-section
of expected corporate bond returns. The resulting spectral CAPMB, containing this annual cycle
component of the bond market factor, obtains a higher cross-sectional R? than the bond CAPM
itself. Furthermore, we also compare the spectral CAPMB with other popular (multi)factor
models, such as the intermediary asset pricing model of He, Kelly and Manela (2017), following
the framework proposed by Dickerson, Mueller and Robotti (2023). The spectral factor model
also outperforms all these factor models (i.e., higher R?), except for the four-factor model of Bai
et al. (2019). However, the differences in cross-sectional R? are not statistically significant.

Moreover, we show that the spectral factors lead to dimensionality reduction in corporate
bond factor models. For instance, in the four-factor model of Bai et al. (2019)—consisting of
the bond market factor and a default, liquidity and credit risk factor—we show that only the
liquidity risk factor has incremental cross-sectional pricing power, which has previously been
documented by Dickerson, Mueller and Robotti (2023). Interestingly, when the bond market
factor is substituted by its annual cycle component, the liquidity risk factor in this four-factor
model loses its incremental explanatory power. This finding indicates that the annual cycle
component captures (at least some of) the information contained in the liquidity risk factor.
Therefore, this annual cycle component can be interpreted as the liquidity cycle of the bond
market factor. Furthermore, consistent with previous literature, we show that liquidity risk is
priced over the short term (Kamara et al., 2016).

Finally, we replicate the findings of Bandi et al. (2021). In contrast to them, we find that
a business cycle component of the stock market factor—spanning between 32 and 64 months—
cannot explain the cross-sectional variation in expected equity returns. We conclude that this
results from uncommon, inconsistent and opaque implementation choices by Bandi et al. (2021).
For instance, we show that the market factor is derived by taking the simple average of value-
weighted returns on Fama-French characteristic-sorted portfolios. This is not equal to the defin-
ition of the stock market factor used in academic literature, namely the value-weighted excess

market returns. The replicated results using the implementation choices of Bandi et al. (2021)



2 LITERATURE REVIEW

are presented in Appendix F, where we also discuss which decisions are made and why we deviate
from them.

The remainder of this paper is structured as follows. In Section 2, we discuss related liter-
ature. In Section 3, we introduce the spectral factor model of Bandi et al. (2021) and discuss
the identification of the spectral components. Then, in Section 4, we describe the data. In
Section 5 we present the results of the replication study and evaluate the performance of the
spectral factor model in pricing the cross-section of expected corporate bond returns. Finally,
we conclude this paper in Section 6.

The appendix contains additional analyses of spectral factor models. For instance, in Ap-
pendix D.1, we evaluate the spectral factor model estimated with daily short-run reversal port-
folio returns (Lo, 2007). In Appendix E, we discuss the relationship between spectral betas
and delayed adjustment models and reveal a mistake in Bandi and Tamoni (2022). Finally, in

Appendix C, we compare the spectral CAPMB to nontraded-factor models.

2 Literature review

This paper contributes to the literature that uses spectral analysis to study economic processes
in the frequency domain. A prominent example is the work of Nobel laureate Friedman (1957),
who, by decomposing income into a transitory and permanent component, concludes that con-
sumption is influenced by permanent income shocks rather than by changes in transitory income.
Similarly, Engle (1978) finds that output prices are more elastic with respect to wages at lower
frequencies compared to higher frequencies. These studies, among many others in macroeconom-
ics, use spectrum regression to analyse the dependence of economic variables in the frequency
domain.? In spectrum regressions, the dependent and independent variables are first Fourier-
transformed before being used in regression models (Hannan, 1963b, 1963a; Bandi & Tamoni,
2022).

While the literature mentioned above is mainly concerned with frequency-specific relation-
ships in the macro-economy, the finance literature has also applied spectrum regressions. For
instance, Chaudhuri and Lo (2018) use the Fourier-transform to separate and evaluate the
static and dynamic components of an investment portfolio’s performance, where the resulting
dynamic alpha measures the portfolio manager’s ability across different time horizons. Addi-
tionally, Chaudhuri and Lo (2015) use spectral analysis to study the volatility and correlation
between individual stock returns across different frequencies.

Instead, this paper contributes to the finance literature that documents the variation in betas
and risk premia across frequencies. A common approach to estimating the capital asset pricing
model (CAPM) is by using monthly excess asset returns and monthly excess market returns.
However, the CAPM, as introduced by Sharpe (1964) and Lintner (1975), does not specify the
time horizon for estimation. Rather it only assumes that investors maximise single-period utility
(Levhari & Levy, 1977; Bandi & Tamoni, 2022). Therefore, market betas can be estimated using
returns measured over any reasonable horizon, whether daily, weekly or monthly. Nevertheless,

literature has shown that the estimates of systematic risk (i.e., betas) and the corresponding

3See Bandi and Tamoni (2022, Section 2.1) for an extensive review.
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risk premia differ across these horizons. This literature can be categorised into four streams,
which are discussed next (Bandi et al., 2021).

The first stream of literature employs spectral analysis, as discussed above. For example,
Goldberg and Vora (1978) use spectral analysis to study the frequency-specific relationship
between returns on public utility firms and the market. They conclude that the CAPM betas
vary across cycles of different durations. Dew-Becker and Giglio (2016) use a frequency-based
decomposition of the stochastic discount factor (SDF) to extract frequency-specific prices of risk,
demonstrating that long-run risk cycles are priced significantly in the economy. Furthermore,
Neuhierl and Varneskov (2021) developed a model-free framework to decompose the SDF into
permanent and transitory components, revealing the presence of both low- and high-frequency
priced risk factors.

However, a more common approach to study frequency-specific betas has been aggregation—
the accumulation of excess asset returns and risk factors over a specific horizon (Bandi & Tamoni,
2022). For example, Levhari and Levy (1977) show that the betas of the stock market factor
in the CAPM are affected by the investment horizon (i.e., the horizon over which returns are
measured). Moreover, Hawawini (1983) finds that the market betas of small firms decrease
as the investment horizon shortens, whereas those of big firms increase. This is a problem,
since it may falsely indicate that small firms are less riskier when shorter return intervals are
used for estimation. Additionally, Schwartz and Whitcomb (1977) document a decline in the
cross-sectional R? of the CAPM when shorter intervals are used to calculate returns.

The third stream of literature shows that the betas are sensitive to the rebalancing frequency
of the test portfolios (Handa, Kothari & Wasley, 1989; Kothari, Shanken & Sloan, 1995). For
instance, Cohen, Polk and Vuolteenaho (2009) find that the CAPM betas of low book-to-market
(growth) portfolios are higher immediately after the sort, compared to the betas of high book-
to-market (value) portfolios. However, over the long run—such as 10 to 15 years after the
sorting—the CAPM betas of growth portfolios are lower than those of value portfolios.

The fourth stream uses multiresolution analysis—specifically, wavelet filters—to study the
dependence of betas over frequencies. For example, Gengay, Selguk and Whitcher (2003) decom-
pose the market factor and excess asset returns using wavelet filters to derive frequency-specific
betas. They conclude that the CAPM performs more accurately over the medium- to long-
run. Similarly, Kang, In and Kim (2017) use wavelet filters to obtain betas in the time-scale
domain, and conclude that a business-cycle component of the Fama and French (1993) three-
factor model enhances the cross-sectional pricing accuracy of the model itself. Furthermore,
Ortu, Tamoni and Tebaldi (2013) use the Haar filter to decompose consumption growth into
frequency-specific components, and conclude that a low-frequency component commands a 2%
premium per annum.

In this paper, the frequency decomposition is related to this last approach, multiresolution
analysis. We use the extended Wold representation introduced by Bandi, Perron, Tamoni and
Tebaldi (2019) and Ortu et al. (2020). This approach applies the Haar filter to the shocks of the
Wold (1938) representation rather than the process itself. Therefore, while multiresolution filters
are non-parametric, the extended Wold representation defines a data generating process, which

is parametric and thus needs to be identified. Since the extended Wold representation provides
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an explicit relationship between a model in the time domain and a model in the time-scale
domain, it has two advantages over multiresolution analysis (Bandi & Tamoni, 2022). First,
it enhances economic interpretability. For instance, in Appendix E, we derive the relationship
between spectral betas in the time-scale domain and delayed price adjustment to risk factors in
the time domain. Second, it facilitates the use of more robust inferential techniques, which are
often developed for time series (i.e., in the time domain).

Logically, Bandi et al. (2021)—whose findings are replicated—also use the extended Wold
representation. Specifically, Bandi et al. (2021) introduce the spectral factor model, where the
excess asset returns and risk factors are decomposed into frequency-specific components. The
resulting factor loadings are called spectral betas. Bandi et al. (2021) show that the aggregate
beta in the traditional factor model is a weighted average of the spectral betas. This implies that
the traditional factor model assumes equal spectral betas across frequencies, and is, therefore,
unable to capture frequency-specific risk. Moreover, Bandi et al. (2021) find that the spectral
CAPM—consisting of only the frequency-specific component of the excess market return that
captures cycles between 32 and 64 months (i.e., the business cycle component)—improves the
cross-sectional pricing accuracy of the CAPM substantially. This paper contributes to Bandi
et al. (2021), and related literature, by revisiting their results with a replication study and
extending their spectral factor model to the corporate bond market.

The literature reviewed above primarily focuses on the US equity market, with limited re-
search exploring the role of frequency in other asset classes. Therefore, this paper contrib-
utes significantly to existing literature by examining frequency-specific systematic risk and risk
premia for corporate bonds. Only recently, literature has touched upon the role of frequency in
the corporate bond market. For instance, Elkamhi et al. (2024) find that a single-factor model—
with long-run consumption risk as a common factor—explains the expected excess returns on
a diverse set of corporate bond portfolios. This long-run consumption risk factor is measured
by accumulating the consumption growth of wealthy households over the past 24 quarters. We
deviate from Elkamhi et al. (2024) by employing the extended Wold representation introduced
by Ortu et al. (2020) to construct frequency-specific factors, instead of using aggregation. This
distinction is crucial to highlight. Namely, Bandi and Tamoni (2023) formalise the link between
aggregation and the frequency-specific components from the extended Wold decomposition, and
conclude that the former can be seen as a noisy proxy for the latter. Empirically, they show that
a business cycle component of consumption growth, spanning a period between 4 and 8 years,
yields equivalent cross-sectional pricing performance in the equity market as accumulating the
growth rates over a 4-year horizon.

Moreover, this paper is motivated by the research on corporate bonds conducted by Dickerson,
Mueller and Robotti (2023). They find that popular bond factor models proposed in earlier lit-
erature do not outperform the bond CAPM. For example, Bai et al. (2019) demonstrate that
three novel factors—credit, liquidity, and downside risk—add incremental explanatory power
beyond the bond market factor. However, Dickerson, Mueller and Robotti (2023) reveal that
the four-factor model of Bai et al. (2019) (consisting of these three novel factors and the bond
market factor) is not properly constructed since it consists of lead-lag errors. The main object-

ive of Dickerson, Mueller and Robotti (2023) is to underscore the importance of transparent
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data collection and cleaning procedures. This is particularly critical in the context of corporate
bond pricing, which involves over-the-counter transactions and lacks error-free databases, unlike
equity markets. This paper follows the data collection and cleaning procedures of Dickerson,
Mueller and Robotti (2023).

Therefore, this paper contributes to the recent literature that (re-)evaluates the proposed
factor model for corporate bonds. First, this literature focuses on how reliable datasets of
corporate bond returns could be constructed (Andreani, Palhares & Richardson, 2023; Dickerson,
Mueller & Robotti, 2023). For instance, Dick-Nielsen et al. (2023) propose a novel framework to
clean corporate bond data and show that most risk factors suggested in previous literature cannot
be replicated using this refined dataset. Second, this literature studies the role of transaction
costs in the over-the-counter corporate bond market (Ivashchenko & Kosowski, 2023).

Finally, this paper contributes to the existing literature that tries to bring order to the
factor zoo, which refers to the overwhelming number of risk factors that have been proposed in
literature, both for equity and corporate bond pricing models. For instance, Dickerson, Julliard
and Mueller (2023) use a hierarchical Bayesian method to analyse 563 trillion possible corporate
bond factor models. They conclude, however, that most risk factors are not priced, and only one
factor is shown to be in the SDF with a high probability. Using a similar technique for equity
pricing, Bryzgalova, Huang and Julliard (2023) study 2 quadrillion possible factor models. They
conclude that only 23 to 25 risk factors are included in the SDF with high probability. This
discussion illustrates a general problem in the asset pricing literature. A potential solution might
be a decomposition of risk factors across frequencies. First, it could uncover potential hidden
sources of risk, captured by the spectral betas, as well as their economic determinants (Bandi &
Tamoni, 2022). In addition, from a methodological perspective, the spectral betas can be seen
as the result of extracting signal from the noisy aggregate beta estimate (i.e., the beta of the

traditional factor model).

3 Methodology

In this section, we introduce the spectral factor model proposed by Bandi et al. (2021). First,
we provide the intuition behind the frequency-based decomposition of a factor model in Section
3.1. Next, we formalise the construction of the frequency-specific components from the extended
Wold representation in Section 3.2. Finally, we discuss the identification of the extended Wold

representation for empirical applications in Section 3.3.

3.1 Spectral factor model: Intuition

In this paper, we define the traditional linear factor model by

Yy = a+ Bry + uy, (1)

where y; represents the excess asset return and z; is the risk factor, both observed at time t.
Furthermore, wu; is an error term. The spectral factor model generalises this traditional model

by decomposing 3 and x; into frequency-specific components that capture cycles of different

10
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lengths. In this way, systematic risk—captured by the frequency-specific betas—is allowed to
vary over frequency.

To illustrate this spectral decomposition, let us consider the spectral factor model in a
simplified context. Specifically, we assume that the risk factor (x;) and the excess asset return
(y¢) can be decomposed into two frequency-specific components, each capturing cycles with a
length larger than 27 periods (e.g., months) and smaller than 27 periods, respectively. This means
that y; = yt<2j +y; 2 and 2y = 3:t<2j +z7 2 where the superscripts indicate the cycle length of the
components in number of periods. In Section 3.2, we generalise this decomposition to more than
two frequency-specific components, where the frequency-specific component at scale j captures
cycles between 2/~! and 27 periods. Furthermore, the dyadic nature of the cycles is inherent to
the spectral decomposition. This property is useful particularly in economic applications since
the business cycle is often assumed to be between 2 and 8 years (Bandi & Tamoni, 2022).

Another convenient feature of the decomposition is the orthogonality of the frequency-specific

components of x; and y;, which is formalised by the following two expressions

Cly® w?| =0=C |27 a7, (2)

€l a7 | =0=Cla ] 3)

These equations imply that the spectral components are orthogonal both within and across
series. This feature is useful, especially in the context of cross-sectional asset pricing. Following
the discussion of Cochrane (2009) and Kan et al. (2013), the statistical significance of the prices
of multivariate beta risk (i.e., gammas) can only be used to determine whether a factor is priced.
However, to determine whether a (correlated) risk factor adds incremental cross-sectional pricing
power in a multifactor model, we should use the statistical significance on the prices of covariance
risk, or the prices of univariate beta risk (i.e., lambdas). However, since our spectral factors are
orthogonal—within and across processes—the univariate betas coincide with the multivariate
betas.

Having constructed the orthogonal frequency-specific components of the excess asset return

and the risk factor, we define the spectral factor model as

ye = a+ B4 pH T 4w, (4)
where, for ease of interpretation and notation, z//f" = mf2j and /' = z7 2 are the high-

frequency (HF) and low-frequency (LF) spectral component, respectively. The corresponding
spectral betas are denoted by SF and B%F. Using the expression in Eq. (2), we define these
spectral betas by

~ Cly,, 2™
IBHF - v [mle] ) (5)
C ty (IZtLF
BLF _ M. (6)

Moreover, due to the orthogonality of the frequency-specific components across processes, as

11



3 METHODOLOGY

implied by Eq. (3), the expression in Egs. (5) and (6) can be reformulated as

ar_ Clu" et
g = Wa (7)

wr_ Clye" ot
g = W7 (8)

where y{IF and ytLF are the low- and high-frequency spectral components of the excess asset
return, respectively. The spectral betas in Egs. (7) and (8) are identified by the following two

linear regression equations,

yfF:a+ﬁHme[F+ut and ytLF:a+BLF:U,{JF+ut.

It is important to emphasise that the spectral factor model defined in Eq. (4) allows system-
atic risk to vary over frequencies, while the traditional factor model defined in Eq. (1) implicitly
assumes that the spectral betas are constant over the scales j. This observation becomes expli-
cit when we rewrite the aggregate beta in Eq. (1) as a weighted average of the spectral betas
defined in Egs. (7) and (8) as follows

C ly, ]
B = Vm]

_ Cly™ + gt el + 2"
a V [a] 7
Cly™ @] | Clyw” =]

V [z Viz 7

V"] Clyf™ 2] V[ C 2]

- V [x4) V[azle] V [z¢] V[actLF] ’

— UHFﬁHF + ULF,BLF, (9)

where v/ = V[z]]/V[z,] is the relative variance weight for component j € {HF, LF}. Further-
more, we used Egs. (2) and (3) to separate the covariance term in the second line above.
Following Eq. (9), we may conclude that the traditional beta (f) is a weighted average of the

HE 4 yLE — 1. Moreover, it is clear that the traditional factor model

spectral betas, since v
imposes the spectral betas to be equal to each other, B = gL¥ = 3. Thus, it is misspecified
when systematic risk is frequency-dependent, such that S7F #£ BLF. In many economic applic-
ations, the high-frequency component of x; is likely much more volatile than the low-frequency
component, which results in v7% > v2¥. This implies that the high-frequency component will
be weighted more heavily in the aggregate beta (see Eq. (9)), while the low-frequency spectral
beta (%) might contain an important signal for asset pricing. Therefore, the main objective
of the spectral factor model is to decompose systematic risk into frequency-specific components,

such that potential signal can be separated from noise.
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3 METHODOLOGY

3.2 Extended Wold representation

In this section, the construction of the orthogonal frequency-specific components of the excess
asset return (y;), and risk factor (z;), is formalised. These processes are decomposed using the
extended Wold representation for covariance-stationary time series introduced by Ortu et al.
(2020) and Bandi et al. (2019). We continue the discussion with the bivariate process used in
the previous section, x = {(y¢, z¢) }tez. This is without loss of generality since the discussion
below can easily be extended to a multivariate process (see e.g., Bandi & Tamoni, 2022).

First, it is important to emphasise that the decomposition relies on the covariance-stationary
property of the process x. Specifically, a covariance-stationary process can always be presented
in white noise shocks, or in other words, in its Wold representation (Wold, 1938). To formalise
this, let us define a white noise process € = {(&},?)}tez, with zero mean, E[g] = 0, and

covariance matrix given by ¥. = E[eeT]. Then, the Wold representation of x is given by

o0 1 2
(y) :z(% ) ( ) zaket . (10)
Tt =0 \% QO Et k

where ay is a 2 x 2 identity matrix, In. Moreover, note that the expression in Eq. (10) assumes

w

that x has a zero mean. However, this assumption can be relaxed by adding a constant term to
the Wold representation.

Next, the Wold representation in Eq. (10) is reformulated to the extended Wold represent-
ation. For this, the discrete Haar transform (DHT; Haar, 1911) is used to aggregate the Wold

coefficients and residuals, which results in the following two expressions.

2711 27-11

(4) 1
g = = €t_i €p_oj-1_; |, 11
¢ /57 ;:0 t—i ;:O t—20—1— (11)

2i-1_1 2i-1_1

; 1
] DI I D DI ey b (12)
i=0 1=0

Then, the extended Wold representation of x is defined as

(1) - S e, -3 w

7=1 k=0

where xgj ) is the frequency-specific component of x corresponding to the jth scale. Ortu et al.

(2020) shows that these spectral components are orthogonal across scales j.

Moreover, it can be shown that the shocks associated with xgj ) are white noise over the
support St(j ) = {t—k2/ : k € Z}. This means that xgj ) itself has a Wold representation, given by
Yoreo \I!,(j )egj_) 4oi» Over the support Sfj ). For this reason, the spectral component of x; at scale j
can be interpreted as a frequency-specific factor that captures cycles with a length between 27!
and 27 time units (Bandi et al., 2021). Furthermore, since we use monthly data in this paper,
each scale is converted to its corresponding cycle length in months in Table 1.

Following the extended Wold representation in Eq. (13), the spectral factor model is defined

as
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3 METHODOLOGY

Table 1

Conversion of frequency-scales to cycle length in months
Scale Time horizon
j=1 1 — 2 months
7] =2 2 — 4 months
ji=3 4 — 8 months
j=4 8 — 16 months
j=5 16 — 32 months
j=6 32 — 64 months
j>6 > 64 months

w—a+§)W 9 4 U 4oy, (14)
7=1

where 7715(‘]) = x; — Z;} 1z ( ) , the residual component. Note that this residual component is
a convenient way to prevent truncation of the infinite sum in Eq. (13). Also, due to the
orthogonality of the spectral components, it does not affect the spectral beta estimates.
Finally, we formalise the representation of the aggregate beta of a traditional factor model
as a weighted average of spectral betas, as in Eq. (9). More specifically, we state the following

theorem presented in Bandi et al. (2021), for completeness.

Theorem 3.1. Let x = {(yt,x¢) ez be a covariance-stationary process, and the frequency-

) C (J)7 )
specific beta at scale j be given by BUY) = [yt[;)t]] Then, the aggregate beta is defined as
Tt

8= ‘C[ytvxt =% @ BU wh () — V[””gj)]
= VGl = o1V where vV = <t
Proof. See Appendix B. O

3.3 Identification

The difference between wavelet filters and the extended Wold decomposition is that the former
is a non-parametric method, while the latter defines a data generating process (Bandi & Tamoni,
2022). This means that the extended Wold representation needs to be identified, which is the
subject of this section.

First, we generalise the bivariate process in the previous sections to a multivariate process.
Without loss of generality, let X; € RF~! contain the common risk factor in the first position,
and state variables in the remaining k — 2 positions. We introduce these state variables below.
Again, y; € R is the excess asset return at month ¢. Then, we define the multivariate process
by x¢ = (y1,%;)7 € R*, which is covariance stationary and has a zero mean. The objective is
to decompose this multivariate process, x = {(y:,X])}tez, into frequency-specific components
using the extended Wold representation in Eq. (13).

Since the coefficients (o) and shocks (e;) of the Wold representation in Eq. (10) are used
as input for the extended Wold representation, we identify first the Wold representation of x.

For this purpose, we assume that x is a VAR(p) process, given by:

xt = A1x¢—1 + -+ Apx—p + €4, (15)
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where A; is a k x k coefficient-matrix, with ¢ € {1,...,p}. The model in Eq. (15) should be
rewritten to the Wold representation in Eq. (10). Therefore, we make use of the convenient
property that the VAR(p) model can be expressed as a VAR(1), by

X = AXy—1 + Uy, (16)

T
where X; = (xg,xtT_l, . ,Xg_p_H) , and A is the companion matrix of the VAR(p) model.
Moreover, since x is assumed to be a covariance-stationary process, Eq. (16) can be formulated

as

X, =Y AUy,
k=0

for instance, by applying recursive substitution to Eq. (16). Now, we have identified the Wold
representation as in Eq. (10), where o, = A* and g;_j, = U;_;..

Next, the Wold coefficients and shocks are used to identify the extended Wold representation
in Eq. (13). Specifically, we identify the shocks, sgj ), and coefficients, \Ill(cj ), with the DHT filters
in Egs. (11) and (12), respectively. Then following the extended Wold representation in Eq.
(13), the spectral component of x; at scale j is defined as x) = Yoro ‘I’;E;j)E,Ef)kzj-

Moreover, this paper follows Bandi et al. (2021) by accounting for the predictability in excess
market returns. For this purpose, three state variables are used when estimating the VAR(p)
model in Eq. (15), which are: the price-dividend ratio, term yield spread and the small stock
values spread. These state variables are motivated by Campbell and Vuolteenaho (2004), and
their construction is detailed in Appendix A.

Finally, to obtain a spectral factor that does not depend on the asset return process used
(y) for estimation, we assume that y does not Granger cause X. Since the risk factor is the first
element in X, the identification of its coefficients is not influenced by the returns on the test
assets. Furthermore, the VAR(p) model in Eq. (15) is estimated with p = 18 lags. Bandi et
al. (2021) also impose the Granger causality restriction, and use p = 18 lags, in their spectral

factor models.

4 Data

We separate the discussion on data into two parts. First, we discuss the factor models and
test assets used to evaluate the spectral factor models in pricing the cross-section of expected
corporate bond returns in Section 4.1. An analogous discussion for equities is provided in Section

4.2. Furthermore, additional information is provided in Appendix A.

4.1 Corporate bonds

We construct a dataset of monthly corporate bond data following the procedure outlined by
Dickerson, Mueller and Robotti (2023).* While Dickerson, Mueller and Robotti (2023) analyse

a sample period from July 2002 to December 2016, we extend their sample period to December

4Code to construct the dataset can be found on the authors’ website: https://openbondassetpricing.com
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2021. Furthermore, as discussed in Section 2, recent literature has highlighted the inconsistent
methodological choices, lack of error-free datasets, and replication problems in corporate bond
asset pricing research (Dickerson, Mueller & Robotti, 2023; Dick-Nielsen et al., 2023). Therefore,
this section aims to provide a detailed discussion of the data collection and cleaning procedure

used in this paper.

4.1.1 Construction of panel data

The panel dataset of monthly corporate bond returns and characteristics is generated using
two databases. First, we use the Trade Reporting and Compliance Engine (TRACE) database.
TRACE contains intraday data on US corporate bond transactions, such as prices and other
transaction data. After applying the data cleaning procedure discussed below, the intraday
prices are converted to a monthly returns series. Moreover, we use the Mergent Fixed Income
Securities Database (FISD), which contains corporate bond issue data and other characteristics.
The FISD dataset is combined with the TRACE dataset (based on bond CUSIP) such that
corporate bond factors, and characteristic-sorted test portfolios, can be constructed.

In contrast to equities, there are no reliable data sources on corporate bond returns. Primary
reason is the opaque nature of the corporate bond market since the transactions take place in the
over-the-counter market. Therefore, before the monthly return series is constructed, the intraday
price data is filtered from unreliable transactions. We apply the same filters as Dickerson, Mueller
and Robotti (2023). For instance, we exclude bonds that are close to default, are not publicly
traded in the US, or are illiquid. An overview of the filters is provided in Table 10 of Appendix
A.

Next, we construct daily corporate bond prices by taking the value-weighted average of the
cleaned intraday prices. The daily corporate bond prices are, in turn, used to obtain the monthly
return series. For each bond, we calculate the return at month ¢ using one of the following two
definitions: (i) the bond return at the month ¢ is the return between the end-of-month prices at
month ¢t — 1 and month ¢, or (ii) the bond return at month ¢ is defined as the return between
the begin-of-month price and the end-of-month price at month ¢. These definitions ensure a
corporate bond can have a valid return at month ¢, even if it is not traded in the over-the-
counter market at the end of month ¢ — 1. They are implemented following Dickerson, Mueller
and Robotti (2023) but are also more commonly used in the corporate bond literature (Dick-
Nielsen, 2014; Dick-Nielsen et al., 2023). Furthermore, the end-of-month ¢ price in the two
definitions above is identified as the price in the last 5 trading days, where preference is given
to the latest trading day available in the dataset. Moreover, the begin-of-month bond price at
month ¢ is identified as the price in the first 5 trading days, where preference is given to the
earliest trading day at which the price is observed. Note that this implies that a valid return
at month ¢ cannot be calculated when, both: the bond is not traded in the last 5 working days
of month ¢ or month ¢ — 1, and the bond is not traded in the last five trading days of month ¢
or the first 5 trading days of month ¢. Furthermore, definition (i) will always be preferred over
definition (ii) when both options can be used to calculate the monthly return.

Finally, we use the monthly price data to get the monthly bond returns. Let P;; be the

trade price of corporate bond ¢ at month ¢. Moreover, let Al; ; and C;; be the accrued interest
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and coupon rate of bond ¢ at month ¢, respectively. Then, the return for this bond at month ¢
is defined as
Py + AL+ Ciy

Tit = -

Py 1+ AL

In the cross-sectional pricing applications of this paper, we use excess returns, defined as R;; =
Tit — T+, where ¢, is the risk-free rate (i.e., the one-month US Treasury bill rate). All returns

are in percentages.

4.1.2 Traded-factor models

To evaluate the spectral factor model for corporate bonds, we compare its cross-sectional pricing
accuracy with other popular factor models, for which both traded- and nontraded-factor models
are considered. However, the analysis of the spectral factor models compared to nontraded-
factor models is presented in Appendix C.1. In this paper, we focus instead on the traded-factor
models. We consider the same models as Dickerson, Mueller and Robotti (2023), which we
introduce below.

Capital asset pricing model (CAPM). First, we consider the capital asset pricing model of
Sharpe (1964) and Lintner (1975), which is often applied to equities. This single-factor model
uses the value-weighted average excess return on the stock market as a risk factor (MKTS).
The stock market comprises all US common stocks (i.e., with share codes 10 or 11) listed on
the NYSE, AMEX, and NASDAQ. The excess returns are calculated relative to the risk-free
rate, which is defined as the one-month US Treasury bill rate. Both the market factor and the
risk-free rate are collected from Kenneth French’s website (see Appendix A). We motivate the
use of the CAPM in the corporate bond market by the recent trend to identify a common factor
structure across asset classes (Dickerson, Mueller & Robotti, 2023).

Bond CAPM (CAPMB). We consider an equivalent capital asset pricing model for corporate
bonds: the CAPMB. This single-factor model has the bond market factor (MKTB) as a risk
factor, defined as the value-weighted average excess return on the corporate bond market. Also
these returns are calculated in excess of the one-month US Treasury bill rate. We obtain MKTB
using the dataset constructed in Section 4.1.1. Furthermore, we consider the CAPMB as an asset
pricing model in this paper since previous literature has shown its accurate explanatory power,
and we verify these findings on a novel sample period. Besides that, the CAPMB provides a
natural benchmark model for its spectral version.

BBW four-factor model. This is the four-factor model introduced by Bai et al. (2019). It
includes MKTB, a liquidity risk factor (LRF), a downside risk factor (DRF), and a credit risk
factor (CRF). The latter three factors are constructed following a relatively complex procedure,
which is discussed in Appendix A. We emphasise that the BBW risk factors were found to be
inappropriately constructed (Dickerson, Mueller & Robotti, 2023). However, we use the dataset
constructed in Section 4.1.1 to get the four risk factors, which are shown to be clean of lead/lag
errors by Dickerson, Mueller and Robotti (2023).

Intermediary capital models (HKM/HKMSF). This is a two-factor model introduced by He et
al. (2017, HKM). The model includes a factor that captures financial intermediary risk (CPTLT)
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Average excess return (% / Month)
Spectral market covariance (% / Month)

0
Industry Credit spread Maturity Rating Industry Credit spread Maturity Rating

(a) Average excess return (b) Spectral bond market covariance at scale j = 4

Figure 1: Panel (a) shows the average excess returns for the 32 test portfolios: (i) the 12 Fama-French
industry portfolios; (ii) 10 portfolios sorted on credit spread; (iii) 5 portfolios sorted on maturity; and
(iv) 5 portfolios sorted on rating. The sample period is from September 2008 to December 2021 (160
months). Panel (b) shows the spectral bond market covariance at scale j = 4 (@(4)).

and the stock market factor. The CPTLT factor is collected from the authors’ website.” We
motivate the use of this factor model by the important role that financial intermediation has
in the—over-the-counter—corporate bond market. Furthermore, He et al. (2017) show that the
HKM factor model can accurately explain the cross-section of expected corporate bond return.
Therefore, this paper also evaluates the single-factor model (HKMSF) that consists of only
CPTLT.

Default and term-structure model (DEFTERM). This is the two-factor model introduced by
Fama and French (1993). The model contains a factor that captures risk caused by changes in
interest rates (TERM), and a factor that proxies the risk of default (DEF). Data on TERM and
DEF is collected from Amit Goyal’s website.® TERM is computed as the difference between the
yield on long-term US government bonds and US Treasury bills. Moreover, DEF is defined as
the difference between the long-term corporate bond returns and the long-term US government
bond returns. Data on the long-term government bond yield and the long-term corporate bond
returns are collected from Ibbotson’s Stocks, Bonds, Bills and Inflation Yearbook. The Treasury-
bill yield in Amit Goyal’s TERM variable is defined as the I-Month Treasury Bill: Secondary
Market Rate from the Federal Reserve Economic Data (FRED) database.

4.1.3 Test assets

In this paper, we use the same test portfolios as Dickerson, Mueller and Robotti (2023), which
include: (i) 12 Fama-French portfolios sorted by industry classification, (ii) 10 portfolios sorted
by credit spread, (iii) 5 portfolios sorted by time-to-maturity, and (iv) 5 portfolios sorted by
rating. Panel (a) of Figure 1 shows the average excess portfolio returns over the sample period,
revealing significant heterogeneity across the characteristic-sorted portfolios. The inclusion of

the Fama-French industry portfolios is motivated by Lewellen et al. (2010). They suggest using

®See https://zhiguohe.net/data-and-empirical-patterns/
SWelch and Goyal (2008) use DEF and TERM, and Amit Goyal provides updated data on these factors on his
website
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portfolios sorted by industry since these do not have a strong common factor structure. This
reduces the chances of obtaining unreasonably high ordinary least squares (OLS) cross-sectional
R? values in the second pass regressions, only because the proposed factors are correlated with
this strong common factor structure, but do not make sense from an economic perspective. The
industry portfolios are constructed by sorting corporate bonds based on groups of SIC codes,
which can be extracted from Kenneth French’s website (see Appendix A). Besides that, the
maturity and rating portfolios are created by sorting corporate bond returns into quintiles based
on time-to-maturity and bond rating, respectively. Finally, consistent with Dickerson, Mueller
and Robotti (2023), the credit spread portfolios are constructed by sorting on the average credit
spread between months ¢ — 1 and ¢t — 12. This one-month lag between the average credit spread
measure and portfolio construction period ensures that the potential measurement errors in

bond prices do not result in lead-lag effects in the return series (Elkambhi et al., 2024).

4.2 Equity portfolios

For the replication study, we collect monthly data for the same sample period as Bandi et al.
(2021), from January 1967 to December 2018. Most data are collected from publicly available
sources, such as authors’ websites. While many of these sources are discussed below, a compre-
hensive overview is provided in Table 9 of Appendix A. Furthermore, Bandi et al. (2021) are
not transparent about the construction of their state variables. Therefore, we follow the most

common definitions and sources used in literature, which are explained in Appendix A.

4.2.1 Factor models

We use four factor models to evaluate the spectral factor model for explaining the cross-sectional
variation in expected equity returns. First, we consider the CAPM as discussed in Section 4.1.2.
The other three factor models are discussed next.

Fama-French three-factor model (FF3). The FF3 model, as introduced by Fama and French
(1993), extends the CAPM by adding two risk factors: the small-minus-big (SMB) factor and
the high-minus-low (HML) factor. We obtain the FF3 factors from Kenneth French’s website.
These factors are constructed from the value-weighted returns on the Fama-French 2 x 3 size
(i.e., market equity) and book-to-market sorted portfolios. Specifically, SMB is defined as the
average return on the three small-cap portfolios (i.e., low market equity) minus the average
returns on the three large-cap portfolios. Furthermore, HML is the average return on the two
value portfolios (i.e., high book-to-market ratio) minus the average return on the two growth
portfolios.

Fama-French five-factor model (FF5). This is the five-factor model introduced by Fama
and French (2015), which extends the FF3 model with two risk factors: the robust-minus-weak
(RMW) factor and the conservative-minus-aggressive (CMA) factor. These factors are collected
from Kenneth French’s website. Similar to the other Fama-French factors, the factors can
be seen as long-short portfolio returns. Specifically, RMW is derived from the Fama-French
2 x 3 size and operating profitability sorted portfolios. It is calculated as the average return
on the two robust (i.e., high) operating profitability portfolios minus the average return on

the two weak (i.e., low) operating profitability portfolios. Moreover, CMA is constructed from
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Figure 2: 25 Fama-French size and book-to-market sorted portfolios. Panel (a) shows the average
monthly portfolio returns in excess of the risk-free rate. Panel (b) shows the pricing errors for the spectral
CAPM model from the second pass regressions in Table 4. The figures are obtained using monthly data
from January 1967 to December 2018.

the value-weighted returns on the Fama-French 2 x 3 portfolios sorted on size and investment.
Specifically, CMA is obtained by subtracting the average return on the two aggressive (i.e., high
change) investment portfolios from the average return on the two conservative (i.e., low change)
investment portfolios. For more details, we refer to Fama and French (2015) and Kenneth
French’s website.

Hou-Xue-Zhang four-factor model (HXZ). This is the four-factor model of Hou, Xue and
Zhang (2015) (HXZ). The model—known as the g4-factor model—consists of the stock market
factor, a size factor, an investment factor, and a profitability factor. The factors are construc-
ted analogously to the above factor models but using 2 x 3 x 3 characteristic-sorted portfolios
on market equity, investment-to-asset ratio and return on equity, respectively. The data are

collected from Hou, Xue, and Zhang’s data library (see Appendix A).

4.2.2 Test assets

To evaluate the spectral factor model as an asset pricing model, we use characteristic-sorted
test portfolios that have sufficient cross-sectional heterogeneity in average excess returns. One
of these cross-sections is the 25 Fama-French size and book-to-market quintile-sorted portfolios,
for which the average monthly excess returns can be found in Panel (a) of Figure 2. The four
other sets of portfolios are: (i) the 25 Fama-French size and operating profitability quintile-
sorted portfolios; (ii) the 25 Fama-French size and investment quintile-sorted portfolios; (iii) 24
US anomaly-sorted portfolios, which consist of the top and bottom decile-portfolios sorted on
11 different Fama-French anomalies, and the “betting-against-beta” and “quality-minus-junk”
long/short portfolios from AQR; and (iv) 48 portfolios defined as the top and bottom decile-
portfolios sorted on 24 anomalies from Hou et al. (2020). The anomalies used to construct
these sets of portfolios are specified in Table 9 of Appendix A. Furthermore, this table specifies

the sources used to collect the data, and links to these sources. All Fama-French portfolios
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are collected from Kenneth French’s website. The 48 portfolios are collected from Hou, Xue,
and Zhang’s data library. Lastly, the “betting-against-beta” and “quality-minus-junk” portfolio

returns are collected from AQR’s website.

5 Results

In this section, we analyse the spectral factor model in the corporate bond market and equity
market. First, in Section 5.1, we verify the theoretical properties of the spectral components
and spectral betas as discussed in Section 3. Then, we evaluate the spectral factor model for
explaining the cross-sectional variation in equity and corporate bond returns in Section 5.2 and

Section 5.3, respectively.

5.1 Empirical illustration: The properties of spectral betas

In Section 3 we discussed the theoretical properties imposed by the extended Wold decomposi-
tion, such as the orthogonality of the frequency-specific components. We expect these properties
to hold in an empirical application, and this section focuses on verifying them. We follow the
analysis of Bandi et al. (2021) and estimate the spectral factor model on equity returns. However,
a similar analysis for corporate bonds can be found in Appendix C.3.

We start by estimating a traditional factor model as defined in Eq. (1), namely the CAPM.
Let Rgrowtht and Ryguer be the returns (in percentages) on a value and growth portfolio in
excess of the risk-free rate at month ¢. We use the first and tenth Fama-French decile portfolio
sorted on book-to-market as the growth and value portfolio, respectively. The value-weighted
returns are collected from Kenneth French’s website. Furthermore, we define fyxrs; as the stock
market factor (MKTS) at month ¢t. The CAPMs are then estimated as

Roatuer = @+ 1.114 X fuprst +ug, R =0.69, (17)
(t-stat = 21.63)
Ryrowtht = @+ 1.060 X frprst +us, R? = 0.87, (18)

(t-stat = 46.68)

where Newey-West t¢-statistics are reported in accordance with Bandi and Tamoni (2022).

We use the results in Eqgs. (17) and (18), together with the observation that the annualised
volatility of excess market return is 15.54% in our sample, to determine the covariances between
the excess portfolio returns and MKTS. Specifically, the covariances of the value and growth
portfolios with MKTS are 1.144 x (15.54//12)* = 22.42 and 1.060 x (15.54/v/12)° = 21.33,
respectively.

The first theoretical property that we verify is whether the extended Wold representation in
Eq. (13) can indeed be interpreted as a (co)variance decomposition method (Ortu et al., 2020).
For this purpose, we decompose the excess returns and MKTS into J = 6 frequency-specific
j?(j) RY

components. Let (@( vikrss Bp ') be the spectral covariance between the spectral components of

the excess portfolio return and MKTS at scale j, with j € {1,...,6}. Due to the orthogonality
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Table 2

Spectral decomposition for book-to-market sorted portfolios. The upper panel reports the spectral
covariances associated with seven frequency-specific market factors and the corresponding spectral
components of a value and growth portfolio. The lower panel reports the spectral betas and relative
variance weights. The excess market return and excess portfolio returns are decomposed in frequency-
specific components using the procedure outlined in Section 3. We use monthly data from January
1967 to December 2018. The returns are in percentages.

Spectral covariances j=1 j=2 j=3 j=4 j=5 j=6 j>6 25:1 C
Value 8.688 7.707 3.381 1.811 0.737 0.253 0.053 22.629
Growth 9.175 6.361 2946 1.727 0.753 0.375 0.206 21.543

Spectral betas and weights j=1 j=2 j=3 j=4 j=5 j=6 j>6 Z;Zl 7 3G

Value 1.013 1.223 1.252 1.108 1.038 0.728 0.321 1.102
Weight (rel. variance) 0.418 0.307 0.132 0.080 0.035 0.017 0.008
Growth 1.070 1.010 1.091 1.057 1.061 1.079 1.260 1.049
Weight (rel. variance) 0.418 0.307 0.132 0.080 0.035 0.017 0.008

of the components, both within and across processes, we expect the spectral covariances to sum
to the CAPM-implied covariances calculated above. This is verified in the upper panel of Table
2. We observe that the spectral covariances for the value and growth portfolio sum to 22.629
and 21.543, respectively. The small differences between the overall covariances can be attributed
to estimation errors, or the sample sizes used to estimate the spectral covariances, which vary
across scales. Specifically, 2/ + p observations are needed to initialise the spectral component at
scale j, where p = 18 is the lag-length of the VAR(p) model (Section 3.3).

Moreover, we verify whether Theorem 3.1 holds, which states that the aggregate beta of the
traditional factor model in Eq. (1) is a weighted average of the spectral betas. Specifically, we

expect the following expression to hold

B = Zg(])g(y), where o) =7
j=1 Vv (f MKTS)
where 51) and B(j) are the relative variance weight and spectral beta at scale j, respectively.
The lower panel of Table 2 reports these estimates. The weighted average of spectral betas are
1.102 and 1.049 for the value and growth portfolio, respectively. These values are, indeed, close
to the aggregate betas of the value (1.114) and growth (1.060) portfolios estimated in Egs. (17)
and (18).

Finally, we evaluate the orthogonality of the spectral components. Although this is partly
verified by the spectral covariances summing to the overall covariance, we now consider orthogon-
ality in the context of identifying the spectral betas. We construct high-frequency components
of the excess portfolio returns and MKTS by summing the four spectral components between
scales 7 = 1 and j = 4. Similarly, we derive low-frequency components by summing the three
remaining spectral components. If the components are orthogonal, we expect the spectral betas

estimated by the following two simple regression equations
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Table 3

Orthogonality of frequency-specific components of book-to-market portfolio returns. This
table provides the spectral betas obtained from a simple and multiple linear regression of
the excess return on a value and growth portfolio on the frequency-specific components
of the market excess return, respectively. We decompose the portfolio and market excess
returns into seven frequency-specific components using the procedure outlined in Section
3. The high-frequency (HF) component is defined as the sum of the components from
scale 1 to 4 (included). By summing the three remaining components, we obtain the low-
frequency (LF) component. We use monthly data from January 1967 through December
2018. Newey-West adjusted t-statistics are in parenthesis.

Simple regression Multiple regression

5LF ﬂHF BLF ﬂHF

Value 0.869 1.123 1.016 1.111
(5.237) (21.482) (4.509) (19.830)

Growth 1.088 1.070 1.024 1.074
(23.288) (46.526) (10.577) (45.772)

Rf, =a+ ﬂHFfMKTSt + U,
R;g, =a+ ﬁLFfMKTSt + Uy,

to be equivalent to the spectral betas estimated by the following multivariate regression

Rp,t =a+ BHFfMKTst + BLFfMKTSt + Ut,

where p € {value, growth}. Furthermore, the superscripts HF and LF indicate the high- and
low-frequency components, respectively. Table 3 presents the spectral betas estimated with
these simple and multiple regressions. We observe that the estimates are very similar.

To conclude, our empirical results align with the theoretical properties outlined in Section
3. However, they differ from those reported by Bandi et al. (2021). Specifically, while our
spectral betas for the growth portfolio remain close to unity across all scales (Table 2), Bandi
et al. (2021) report spectral betas that decrease with scale, towards 0.402. Nevertheless, we
are able to replicate the results of Bandi et al. (2021), but only by deviating from their stated
implementation choices. For instance, we achieve similar results when using p = 8 lags instead of
p = 18 for identification, and defining MKTS as the simple average of value-weighted returns on
the Fama-French book-to-market decile-sorted portfolios. These replicated results are presented
in Appendix F, where we provide a detailed description of how they are obtained and why we

believe different implementation choices should have been made by Bandi et al. (2021).

5.2 Cross-sectional pricing: Equity portfolios

In this section, we present the results of the replication study of Bandi et al. (2021) regarding

the cross-sectional pricing of equity portfolios. Following the methodology in Section 3, we

decompose MK TS and the excess portfolio returns into J = 6 spectral components (excl. residual
(6)

term, 7, *). The equity portfolios used as test assets are introduced in Section 4.2.

The objective is to construct a factor model with a single frequency-specific component
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Figure 3: Spectral market covariances ((E(j )) between 25 Fama-French book-to-market and size sorted
portfolio (excess) returns for scales j = 1,...,6. The frequency-specific components of the market (excess)

return and portfolio (excess) returns are obtained as discussed in Section 3. We use monthly data from
January 1967 to December 2018.

of MKTS, which can accurately explain the cross-sectional differences in average excess port-
folio returns. This spectral market factor is identified by that component whose spectral
betas/covariances align with the average excess returns. We concentrate on the 25 Fama-French
size and book-to-market sorted portfolios to identify this spectral market component with the
strongest pricing signal. Figure 2 shows excess returns on the Fama-French portfolios, which
decrease with size and increase with book-to-market ratio. However, returns for the lowest
book-to-market quintile are an exception, which increases with size.

Moreover, Figure 3 illustrates the spectral covariances between the frequency-specific com-
ponents of the excess portfolio returns and MKTS at scale j, where j € {1,...,6}. At each scale,
the spectral covariances are tilted towards the lowest book-to-market quintile. This indicates
that the covariances of none of the spectral market components align with the average excess
returns shown in Figure 2. In contrast, Bandi et al. (2021) find that the spectral covariances
at scale 7 = 6 align with the average excess returns. Although we obtain the same results as
Bandi et al. (2021) in Appendix F, these results are obtained following a set of unconventional
choices. For instance, we demonstrate that Bandi et al. (2021) construct the stock market
factor by taking the simple average of the value-weighted returns on the 25 Fama-French size

and book-to-market portfolios, a choice which is not mentioned in their paper.
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Table 4

Cross-sectional asset pricing of the spectral factor model. The estimates, root mean square error (RMSE),
mean absolute pricing error (MAPE), and the cross-sectional R? are reported for the regression: Rf =
Ao+ /\(6)@6) +¢&;. Where Rf is the mean excess return on asset i, \g is the zero-beta rate, and A(®) is the
price of covariance risk corresponding to the spectral market covariance at scale j = 6 (@56)). We consider
5 different anomaly-sorted equity portfolios. In panels (a), (b), and (c) are the 25 Fama-French size and
book-to-market, profitability, and investment sorted portfolios respectively. Panel (d) presents the results
for 24 US anomaly portfolios. Finally, panel (e) considers the top and bottom decile portfolios that are
constructed by sorting on 24 US anomalies proposed by Hou et al. (2020). See Appendix A for more
details on data. The Fama and MacBeth (1973) standard errors are reported between parentheses, and
the misspecification-robust standard errors of Kan et al. (2013) are reported between braces. Moreover,
RMSE and MAPE are annualised. The coefficients which are significant at the 10% level are highlighted
in bold. Finally, the results are derived using data from January 1967 to December 2018.

Constant A© RMSE MAPE R?
Panel (a): 25 size and book-to-market portfolios

0.712 0.173 2.333 1.852 0.003
(0.241) (0.916) (0.055)
{0.485} {1.699}

Panel (b): 25 size and profitability portfolios

1.028 -1.030 1.947 1.610 0.164
(0.201) (0.529) (0.347)
{0.329} {1.114}

Panel (c): 25 size and investment portfolios

0.955 -0.655 2.158 1.816 0.061
(0.185) (0.715) (0.204)
{0.318} {1.160}

Panel (d): 24 portfolios

0.544 -0.002 3.038 2.444 0.000
(0.101) (0.618) (0.001)
{0.156} {0.710}

Panel (e): 48 portfolios from Hou et al. (2020)

0.782 -0.775 2.893 2.553 0.083
(0.167) (0.559) (0.166)
{0.250} {0.775}

Next, we show more formally that the market component at scale j = 6 cannot price the
cross-section of the Fama-French size and book-to-market portfolios, along with the four other
sets of test portfolios introduced in Section 4.2. Specifically, Table 4 reports the prices of
covariance risk (i.e., lambdas, see Kan et al., 2013) for the spectral CAPM—a single-factor
model that consists of the spectral market factor with scale j = 6. This component is termed
the business-cycle component because it captures cycles between 32 and 64 months, as shown
in Table 1. Figure 8 in Appendix D.2 plots this business-cycle component. Consistent with our
observations above, Table 4 shows that the business cycle component cannot explain the cross-
sectional differences in average returns for any test portfolio. Specifically, the reported R? values
are between 0 and 0.164. Furthermore, we observe that the zero-beta rate (i.e., Constant in
Table 4) is significantly different from zero at the 10% level for almost all sets of test portfolios.

Additionally, Table 5 confirms the poor performance of the spectral CAPM. Panel A shows
the differences in cross-sectional R? between the spectral CAPM and the CAPM, FF3, FF5,
and HXZ factor models, respectively (Section 4.2). The spectral CAPM achieves a higher R?

than the CAPM only when pricing the cross-section of the Fama-French size and operating
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Table 5

Difference in cross-sectional R? for different asset pricing models estimated on five cross-sections of
anomaly-sorted equity portfolios. The five sets of test portfolios are: (1) 25 Fama-French (FF) size
and book-to-market (B/M) portfolios, (2) 25 FF size and operating profitability (OP) portfolios, (3) 25
FF size and investment (inv) portfolios, (4) 24 US anomaly portfolios, and (5) 48 portfolios sorted on
anomalies mentioned in Hou et al. (2020). See Appendix A for more information on these test assets.
Moreover, we investigate the relative pricing accuracy of six factor models: (i) spectral market factor
model with j = 6, (ii) a factor model with all 7 spectral market components (7 freq.), (iii) the capital
asset pricing model (CAPM), (iv) the Fama and French (1993) three-factor model (FF3), (v) the Fama
and French (2015) five-factor model (FF5), and (vi) the ¢g4-model introduced by Hou et al. (2015). In
Panel (a), the R? differences between the benchmark spectral model, (i), and the other models are re-
ported (negative values indicate lower pricing accuracy for the benchmark model). Furthermore, Panel
(b) presents the differences in R? under the CAPM as a benchmark model. The p-values in parentheses
indicate the significance of the R? differences, and are derived from the misspecification-robust tests of
Kan et al. (2013). The results are obtained using monthly data from January 1967 to December 2018.

Panel A: Spectral factor model versus alternative models

Benchmark model:  versus 7 freq. CAPM FF3 FF5 HXZ
Spectral model

25 size-B/M portfolios -0.772  -0.119 -0.630 -0.728  -0.730
(0.331) (0.645)  (0.000)  (0.000) (0.000)
25 size-OP portfolios -0.735 0.232 -0.510 -0.734  -0.740
(0.198) (0.702)  (0.171) (0.030) (0.029)
25 size-inv portfolios -0.606  -0.060 -0.653 -0.658  -0.665
(0.203) (0.751)  (0.004) (0.004) (0.004)
24 portfolios -0.317 0.022 -0.448 -0.648  -0.634
(0.882) (0.849) (0.035) (0.001) (0.001)
48 portfolios -0.315  -0.067 -0.257 -0.465  -0.507

(0.498) (0.377) (0.134)  (0.002) (0.001)

Panel B: CAPM versus alternative multifactor models

CAPM Versus FF3 FF5 HXZ
25 size-B/M portfolios -0.567  -0.648  -0.627
(0.002)  (0.004) (0.002)
25 size-OP portfolios -0.568 -0.891  -0.896
(0.008)  (0.001) (0.002)
25 size-inv portfolios -0.628 -0.628  -0.631
(0.004)  (0.005) (0.005)
24 portfolios -0.434 -0.601  -0.588
(0.002)  (0.001) (0.001)
48 portfolios -0.148 -0.345  -0.386

(0.048)  (0.003) (0.002)

profitability (OP) portfolios, as well as the 24 US anomaly portfolios of Hou et al. (2020).
However, the model-misspecification-robust p-values of Kan et al. (2013), shown in parentheses,
indicate that these differences are not statistically significant. Also all the multifactor models
in Table 4 outperform the spectral CAPM, and for most test assets the differences in R? values
are statistically significant, even at the 1% level.

Furthermore, Panel B of Table 5 reports the differences in R? between the CAPM and the
FF3, FF5 and HXZ multifactor models, respectively. For all test assets, the R? values of the
CAPM are lower than those of all the other factor models. Moreover, the p-values in parentheses
indicate that these differences are also statistically significant at the 5% level. Interestingly, our
results in Table 4 are very similar to those obtained by Bandi et al. (2021), confirming that

we use the same methodological choices when no spectral factors are involved. For instance,

26



5 RESULTS

consistent with Bandi et al. (2021), we report that the R? values of the FF5 and HXZ factor
models are very similar and larger than those of the FF3 factor model. Additionally, Table 4
shows that the three multifactor models obtain similar R? values for the Fama-French size and
book-to-market sorted portfolios. This is not surprising since the FF3 model includes the SMB
and HML factors (Section 4.2), which are designed to capture differences in expected returns
for this set of portfolios. However, we observe not only similar patterns in cross-sectional fit
as Bandi et al. (2021), but the R? values are also similar in magnitude and size. For instance,
for the 25 size and book-to-market sorted portfolios, Bandi et al. (2021) report values of -0.566,
-0.656, and -0.617 for the FF3, FF5 and HXZ factor models, respectively.

To conclude, the business-cycle component of the stock market factor cannot explain the
cross-sectional differences in average excess portfolio returns. This conclusion contradicts the
findings of Bandi et al. (2021), which we replicate in Appendix F by following their implement-
ation choices. However, the results presented in this paper are consistent with each other and
with previous findings. For instance, in Table 2 of Section 5.1, we highlighted that the spectral
betas of the growth (i.e., low book-to-market) portfolio are close to unity across scales, while
those of the value portfolio decrease from high to low frequencies. This result is consistent with

the growth-tilted spectral market covariances shown in Figure 3.

5.3 Cross-sectional pricing: Corporate bonds

In this section, we explore the potential of the spectral factor model for achieving dimensionality
reduction in the corporate bond factor space. Analogous to the discussion in Section 5.2, we
apply the spectral decomposition to the bond market factor (MKTB). Several reasons support
this choice. First, unlike the CAPM in equity markets, the bond CAPM (CAPMB) is a strong
factor model and, therefore, an ideal benchmark for the spectral factor model (Dickerson, Mueller
& Robotti, 2023). Second, since MKTB is included in many factor models, decomposing it into
frequency-specific components may offer the greatest potential for dimensionality reduction.
Lastly, a frequency-based decomposition of MKTB might reveal valuable insights into its strong
performance in the CAPMB.

We estimate the spectral factor models as discussed in Section 3. Given the short period
on which reliable corporate bond data can be collected, we extract J = 5 frequency-specific
components (excl. residual term, 7T,§5)). However, in Appendix C.2, we show that the main
results are robust to setting J = 6. This means that we are left with a sample period from
September 2008 to December 2021 (160 months).” The resulting frequency-specific components
of the bond market factor are shown in Figure 4. We observe that the components become more
persistent as the scale, j, increases.

Moreover, Figure 1 shows that the average excess returns on the 32 test portfolios align with
the spectral market covariances for scale j = 4 (@(4)). Converting the scale to cycle length
in months using Table 1, this finding suggests that an annual cycle component—capturing
fluctuations between 8 and 16 months—may be the driving force behind the strong performance
of the bond market factor.

72J

+ p observations are needed to initialise the spectral components. The lag-length of the VAR model is set
to p = 18, following Bandi et al. (2021). But the results are robust to alternative choices around p = 18.
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Figure 4: These figures show the spectral bond market factor for each scale j (blue). The frequency-
specific components are estimated as discussed in Section 3, where J is set to 5. Furthermore, we plot
the liquidity risk factor in the four-factor model of Bai et al. (2019) (orange). The sample period is from
September 2008 to December 2021 (160 months). For the conversion of the scales to the cycle-length in
months, see Table 1. The grey shades correspond to NBER recession periods.

To formally study whether the annual cycle component has indeed more pricing power than
the other spectral components, and to evaluate its cross-sectional pricing accuracy compared to
other factor models, we perform the second-pass regression by estimating the prices of covariance
risk (i.e., lambdas, see Kan et al., 2013).® We define the spectral CAPMB as a single-factor model
with the spectral bond market factor at scale j = 4 as a risk factor (CAPMB(4)). The results
are presented in Table 8. Besides the prices of covariance risk, the table reports the generalised
method of moments (GMM) t-statistics for correctly specified models (t-stat.) which account
for heteroskedasticity and autocorrelation, and the model-misspecification-robust t-statistics
(t-stat;,) of Kan et al. (2013). Also the cross-sectional R? values are reported in Table 8,
together with p-values for the test under the null hypothesis that R? = 1 in squared brackets.
We follow Dickerson, Mueller and Robotti (2023) and report both the ordinary least squares
(OLS) and generalized least squares (GLS) estimates (for methodological details, see e.g., Kan
et al., 2013). Lewellen et al. (2010) show that a high OLS R? is a relatively low hurdle when
the test assets have a strong covariance structure. Therefore, the OLS R? is not always a good
metric to evaluate asset pricing models. A solution proposed by Lewellen et al. (2010) is to
report the GLS cross-sectional R? estimates, which are more robust to this problem.

First, we consider whether the annual cycle component of the bond market factor adds indeed

incremental cross-sectional pricing power beyond the other spectral components. In Panel A of

8We should use the prices of covariance risk to determine the incremental pricing power of risk factors (except
for spectral factors, Section 3.1). The prices of multivariate beta risk are presented in Table 17 of Appendix C.
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Table 8, we observe the prices of covariance risk estimated with OLS. Besides the factor models
introduced in Section 4.1, this panel shows the estimates for the spectral CAPMB and a factor
model including all the six spectral components. Using a 5% significance level, the annual
cycle component does not add incremental pricing power to this six-factor model. However, the
same conclusion is reached when considering the t-statistics of the other spectral components. In
contrast, for the GLS estimates in Panel B of Table 8, only the spectral component at scale j = 4
possesses incremental explanatory power for the cross-sectional variation in expected returns,
with values of 2.36 and 3.17 for t-stat. and t-stat,,, respectively. Therefore, these results confirm
that the annual cycle component contains the most pricing signal.

Next, we evaluate the performance of the spectral CAPMB with the other factor models
introduced in Section 4.1. First, we observe in Table 8 that the OLS and GLS R? estimates of
the spectral CAPMB are higher than those of the CAPMB. Furthermore, the R? values are also
higher than all the other factor models, except the four-factor model of Bai et al. (2019) (BBW)
and the spectral six-factor model. To test whether these differences are statistically significant,
we perform the misspecification-robust test of Kan et al. (2013) under the null-hypotheses that
two different models have equal R%. The p-values for this test, together with the differences in
R?, are reported in Table 6. The table indicates that the improvement of the spectral CAPMB
over the CAPMB is not statistically significant, with p-values of 0.878 and 0.886 for the OLS and
GLS R?, respectively. The outperformance of the spectral CAPMB with respect to the other
factor models is also not statistically significant. However, none of the factor models significantly
outperforms another model at the 5% level.

Moreover, we compare our results to the findings of Dickerson, Mueller and Robotti (2023),
who study the same factor models. First, Dickerson, Mueller and Robotti (2023) find—using a
sample period from August 2004 to December 2016—that only the liquidity risk factor (LRF)
in the four-factor model of Bai et al. (2019) possesses incremental pricing power. Our results
in Table 8 are consistent with this finding, since LRF is the only risk factor in the BBW factor
model for which its price of covariance risk is statistically significant at the 5% level. Second,
Table 8 shows that the OLS and GLS R? for the CAPMB are 0.914 and 0.114, respectively. This
means that the BBW factor model attains a higher cross-sectional fit, with an OLS R? of 0.938
and a GLS R? of 0.163. However, Table 6 indicates that these differences are not statistically
significant, which is consistent with the findings of Dickerson, Mueller and Robotti (2023).
Lastly, we observe in Table 8 that the CAPMB outperforms all the other factor models, which
are: DEFTERM, CAPM, HKMSF, and HKM. Interestingly, some of these factor models have
been shown to possess significant explanatory power for the cross-section of expected corporate
bond returns, such as HKM (Hou et al., 2015). However, we show that these popular factor
models, especially the two-factor models, cannot outperform the single-factor CAPMB and
spectral CAPMB.

Given the results presented above, and the objective of this paper to achieve dimensionality
reduction in the factor space, it is interesting to analyse the potential of the spectral bond
market factor in crowding out other risk factors. For instance, does LRF still possess incremental
explanatory power in the BBW four-factor model when the bond market factor is replaced by

its annual cycle component? Table 7 presents the prices of covariance risk for this model.
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Table 6

Differences in cross-sectional (CSR) R? for 7 different factor models in corporate bond pricing. (i) the
CAPM with the corporate bond market factor (CAMPB); (ii) the 4-factor model of Bai et al. (2019)
(BBW); (iii) the Fama and French (1993) two-factor model (DEFTERM); (iv) the CAPM with the stock
market factor (CAPM); (v) the single-factor intermediary capital model of He et al. (2017, HKMSF); (vi)
the original two-factor model proposed by He et al. (2017, HKM), which also includes the stock market
factor (MKTS); (vii) the spectral bond market factor for scale j = 4 (CAPMB®); (viii) the spectral
factor model with all 6 frequency-specific components (6 freq.). The models are estimated using monthly
excess returns (in percentages) on 32 test portfolios, from 2008M9 to 2021M12. Each entry in row ¢
and column j reports the difference in CSR R? between model i and model j. Misspecification-robust
p-values of Kan et al. (2013), for the test under the null hypothesis of equal CSR R?, are reported in
square brackets. The normal tests are used (instead of sequential) for non-nested models.

BBW  DEFTERM CAPM HKMSF HKM CAPMB® 6 freq.

Panel A: OLS
CAPMB -0.024 0.065 0.037 0.063 0.032 -0.017 -0.057
0.906] 0.300] [0.752] [0.670] [0.751] 0.878] 0.482]
BBW 0.089 0.061 0.087 0.056 0.007 -0.033
[0.281] [0.443) [0.440) [0.395] (0.929] [0.660]
DEFTERM -0.028 -0.002 -0.033 -0.082 -0.122
[0.818] [0.989] [0.766] (0.517] [0.284]
CAPM 0.026 -0.005 -0.054 -0.094
[0.594] [0.765] (0.510] 0.461]
HKMSF -0.031 -0.080 -0.120
[0.422] 0.332] [0.389)
HKM -0.049 -0.089
0.602] [0.481]
CAPMB® -0.040
[0.696]

Panel B: GLS
CAPMB -0.049 0.060 0.083 0.088 0.083 -0.009 -0.063
0.350] (0.197] [0.122] [0.151] 0.126] 0.886] [0.265)
BBW 0.109 0.132 0.137 0.132 0.040 -0.014
(0.110] [0.057] [0.070] [0.058] [0.495] [0.790]
DEFTERM 0.023 0.028 0.023 -0.069 -0.123
[0.613)] [0.567] 0.618] 0.346) [0.168]
CAPM 0.005 0.000 -0.092 -0.146
[0.778 (0.960] (0.153] [0.085)
HKMSF -0.005 -0.097 -0.151
0.592] 0.149] (0.094]
HKM -0.092 -0.146
(0.153] [0.086]
CAPMB® -0.054
[0.828]

Comparing the t-statistics for the risk prices in this table with the original BBW model in Table
8, we conclude that the incremental pricing power of LRF disappears when the bond market
factor is replaced by its annual cycle component. Specifically, the GLS estimates in Panel B of
Table 7 indicate that the risk prices of DRF, CRF and LRF are statistically insignificant at the
5% level in this adjusted BBW model. However, the spectral bond market factor is statistically
significant.

To conclude, we find that dimensionality reduction in corporate bond factors models can be

achieved by decomposing risk factor in the frequency domain, thereby answering our research
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Table 7

This table presents the prices of covariance risk (A) estimated for the four-factor model of Bai et al. (2019,
BBW), where the bond market factor (MKTB) is replaced by its annual cycle component. The annual
cycle component of MKTB is defined as the spectral MKTB at scale j = 4. The model is estimated using
monthly excess returns (in percentages) on 32 test portfolios, from 2008M9 to 2021M12. The t-statistics
for correct (t-stat.) and potentially misspecified models (Kan et al., 2013, ¢-stat,,) are in parentheses.
Furthermore, p-values for the null hypothesis of R? = 1 are in brackets (Kan et al., 2013). The lambdas
(except A\g) are multiplied by 100.

Price of covariance risk

Ao A@ ADRF ACRF ALRF
Panel A: OLS
Estimate 0.18 54.40 5.65 -0.18 -13.90
t-stat, (2.16) (1.26) (0.57) (-0.04) (-0.48)
t-staty, (1.85) (1.11) (0.40) (-0.03) (-0.33)
R? 0.941
[0.451]
Panel B: GLS
Estimate 0.05 29.67 -0.32 -0.71 15.52
t-stat, (2.33) (2.49) (-0.08) (-0.22) (1.55)
t-staty, (2.18) (1.93) (-0.07) (-0.22) (1.44)
R2 0.170
0.003]

question. Specifically, when substituting the bond market factor in the BBW factor model
with its annual cycle component, the incremental explanatory power of LRF loses its statistical
significance. This implies that the annual cycle component captures (at least part of) the
information contained in LRF. Besides that, Figure 4 plots LRF and the spectral components
of the bond market factor. The annual cycle component (i.e., j = 4) is highly correlated with
LRF, and seems to be a slightly more persistent version. In Figure 6 of Appendix C, we observe
that the correlation is almost as high as its correlation with the original bond market factor.
For this reason, we term the annual cycle component as the liquidity cycle of the bond market
factor.

Interestingly, the liquidity cycle is shorter than the business cycle (j = 6, see Table 1), which
is consistent with previous literature. For instance, Kamara et al. (2016) find that the liquidity
factor is only priced for relatively short horizons (1 to 6 months when using aggregation). Other
risk factors commonly used for equities, such as value, are priced over longer horizons (2 to 3
years).

Even though, Kamara et al. (2016) study horizon-specific pricing in the equity market,
the strong pricing signal of a liquidity cycle in the corporate bond market can be motivated
economically. Let us assume that business-cycle components of risk factors have the strongest
signal for equities.” Then, following Kamara et al. (2016), we would expect the components
with cycles shorter than the business cycle to be important in the—over-the-counter—corporate

bond market, because of its illiquidity compared to the stock market.

% Although we show that the results of Bandi et al. (2021) cannot be replicated, also Bandi and Tamoni (2023)
find that the business-cycle component of a consumption risk factor explains the cross-section of equity returns.
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Table 8

This table presents the prices of covariance risk (A) estimated under: (i) the CAPM with the corporate bond market factor (CAMPB); (ii) the 4-factor model
of Bai et al. (2019) (BBW); (iii) the Fama and French (1993) two-factor model (DEFTERM); (iv) the CAPM; (v) the single-factor intermediary capital model
of He et al. (2017, HKMSF); (vi) the original two-factor model proposed by He et al. (2017, HKM), which also includes the stock market factor (MKTS); (vii)
the spectral CAPMB with the bond market factor at scale j = 4 (CAPMB(4)); (viii) the spectral factor model with all 6 frequency-specific components (6
freq.). The models use the monthly excess returns (in percentages) on 32 test portfolios from 2008M9 to 2021M12. The t-statistics for correct (¢-stat.) and
potentially misspecified models (Kan et al., 2013, t-stat,,) are in parentheses. Furthermore, p-values for the null hypothesis of R? = 1 are in brackets (Kan et
al., 2013). The lambdas (except A\g) are multiplied by 100.

Panel A: Price of covariance risk (OLS)

CAPMB BBW DEFTERM CAPM HKMSF
3\\0 XMKTB XO /):MKTB B\\DRF B\\CRF /)\\LRF /)\\O B\\DEF‘ /)\\TERM 3\\0 /)\\MKTS 3\\0 XCPTLT
Estimate 0.03 13.67 0.08 15.62  -3.83 2.04 0.60 0.16  13.62  1.78 0.28 5.59 0.37 3.50
t-state (0.18)  (1.59)  (1.17)  (1.04) (-0.25) (0.49) (0.02) (2.82) (1.98) (0.51) (2.10)  (1.51)  (2.83)  (1.59)
t-stat,, (0.17)  (1.58)  (0.84)  (0.91) (-0.18) (0.45) (0.01) (2.68) (1.85) (0.54) (2.09) (1.49) (2.83)  (1.58)
R? 0.914 0.938 0.849 0.877 0.851
[0.708] [0.387] [0.310] [0.455] [0.325]
HKM CAPMB® 6 freq.
Mo Nukrs  NepTLT o @) Mo NS @) NE) 2@ 25) 2>5)
Estimate 0.23 9.14 -2.27 0.22 55.02 0.10 10.27 534 6285 21.70  71.06 -162.82
t-state (2.08)  (1.06)  (-0.41)  (1.37)  (1.70)  (0.94) (0.70) (0.39) (1.42) (0.68)  (0.86)  (-0.93)
t-stat,, (1.33)  (0.80)  (-0.30)  (1.35)  (1.69)  (0.90) (0.68) (0.40) (1.30) (0.59)  (0.76)  (-0.79)
R? 0.882 0.931 0.971
[0.367) [0.779] [0.646]
Panel B: Price of covariance risk (GLS)
CAPMB BBW DEFTERM CAPM HKMSF
/):O /):MKTB /):O /):MKTB /):DRF B\\CRF B\\LRF 3\\0 /):DEF B\\TERM /):0 B\\MKTS /):O /):CPTLT
Estimate 0.04 13.02 0.04 12.27  -7.53  -0.14 2474  0.05 8.45 4.40 0.05 3.37 0.05 1.93
t-state (2.11)  (2.08)  (1.71)  (1.13) (-1.05) (-0.04) (2.72) (2.27) (1.86) (1.58)  (2.45)  (1.17)  (2.64)  (1.09)
t-stat,, (1.95)  (2.05)  (1.60)  (1.07) (-1.02) (-0.04) (2.55) (2.12) (1.80) (1.54) (2.16)  (1.10)  (2.35)  (1.05)
R? 0.114 0.163 0.054 0.031 0.026
[0.004] [0.003] [0.000] [0.000] [0.000]
HKM CAPMB® 6 freq.
o Nukrs  NepTLT o 1@ o &) 3@ NG NG NE) 2(>5)
Estimate 0.05 3.11 0.18 0.05 44.81 0.04 1.57 11.63 896  33.60 56.22  -6.00
t-state (2.43)  (0.68)  (0.06)  (2.64) (3.04) (2.07) (0.20) (1.46) (0.22) (3.17) (1.27)  (-0.08)
t-stat, (1.99)  (0.54)  (0.05)  (2.50) (2.82) (1.81) (0.18) (1.30) (0.19) (2.36)  (0.86)  (-0.06)
R? 0.031 0.123 0.177
[0.000] [0.004] [0.001]




6 CONCLUSION

6 Conclusion

We investigate whether dimensionality reduction can be achieved in the corporate bond factor
space by decomposing risk factors into orthogonal frequency-specific components. From an
economic perspective, frequency-specific systematic risk may be caused by the dependence of
asset returns on lagged risk factors (Kamara et al., 2016). Therefore, especially for the over-
the-counter corporate bond market, where illiquidity and high trading costs lead to infrequent
trading, we would expect systematic risk to be frequency-dependent. While traditional factor
models restrict systematic risk to be constant across frequencies, we use the spectral factor model
of Bandi et al. (2021), which relaxes this restriction. In this way, dimensionality reduction can
be achieved by separating signal from noise.

We find that a spectral CAPMB with an annual cycle component of the bond market factor—
capturing cycles between 8 and 16—months contains the strongest pricing signal. The OLS and
GLS R? for this spectral CAPMB are higher than those for the traditional CAPMB and other
(multi)factor models. Only the four-factor model of Bai et al. (2019) can outperform the spectral
CAPMB, although the differences in R? are small and not statistically significant.

Interestingly, we show that only the liquidity risk factor in the four-factor model of Bai
et al. (2019) possesses incremental pricing power. However, when the bond market factor is
replaced by its annual cycle component in this four-factor model, the liquidity risk factor loses
its incremental pricing power. This finding indicates that the annual cycle component extracts
the pricing signal that is present in the liquidity risk factor. More generally, it shows that spectral
factors achieve dimensionality reduction in corporate bond factor models, thereby answering our
research question.

From an economic perspective, the annual cycle component can be interpreted as the liquidity
cycle of the bond market factor. This conclusion is motivated by several observations. First, the
annual cycle component captures (at least part of) the pricing power of the liquidity factor in
the four-factor model of Bai et al. (2019). Second, the liquidity risk factor is highly correlated
with the annual cycle component compared to other spectral components of the bond market
factor. Lastly, also Kamara et al. (2016) find that liquidity risk is priced over the short term.
However, further work should more formally study the role of liquidity and frequency in the
corporate bond market.

Moreover, we revisit the findings of Bandi et al. (2021). In contrast to their findings, we
show that the business cycle component of the stock market factor—capturing cycles between
32 and 64 months—cannot explain the cross-sectional variation in expected equity returns. We
attribute this finding to inconsistent, opaque, and uncommon implementation choices by Bandi
et al. (2021), highlighted in Appendix F.

Finally, an interesting area for future research would be the use of the spectral factor model to
construct a consumption-based asset pricing model. Elkambhi et al. (2024) find that a long-term
consumption risk factor—constructed by aggregating consumption growth of wealthy households
over 24 months—can price the cross-section of corporate bond returns for a diverse set of test
portfolios. However, it would be interesting to formally study the role of frequency in this factor
model along the lines of Bandi and Tamoni (2023).
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A Data

For the replication study of Bandi et al. (2021), we collect data as described in Appendix A of
their paper, and for the same sample period: January 1967 to December 2018. For details on
variable definition, and the sources of information, we refer to Table 9. All data (except on the

state variables) are publicly available on the following three data libraries:

1. Kenneth French’s website on https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/
data_library.html

2. Hou et al. (2015) data library on http://global-q.org/testingportfolios.html

3. AQR’s website on https://www.aqr.com/Insights/Datasets

The remaining of this appendix proceeds as follows. In Section A.1, we discuss the state
variables. In Section A.2, we describe how the risk factors for the four-factor model of Bai et
al. (2019) are constructed.

A.1 State variables

We use three state variables to account for the predictability in the monthly excess stock market
returns (Section 3.3). We follow the definition of these state variables as given by Bandi et
al. (2021), which can also be found in Table 9. However, apart from mentioning that they use
Campbell and Vuolteenaho (2004) to motivate their state variables, Bandi et al. (2021) do not
explain which data are used to construct the state variables. This is a problem, since some of
the data sources used to construct the state variables in Campbell and Vuolteenaho (2004) are
not available for our sample period (Campbell, Giglio & Polk, 2013). To be transparent about
the state variables used in this paper, we provide a detailed discussion below.

Term yield spread. Bandi et al. (2021) define this variable as the difference between the yield
on ten-year constant maturity government bonds and short-term notes in annualised percentage
points. Campbell and Vuolteenaho (2004), who analysed a sample period from 1929M1 to
2001M12, collected this variable from Global Financial Data (GFD). However, the same series
is unavailable after 2001M12 (Campbell et al., 2013). Therefore, we follow the discussion in
Campbell et al. (2013) and define the yield spread as the difference between the yields on
the ten-year US constant maturity bond and the three-month Treasury bills. Both series are
collected from GFD and are identified under the symbols IGUSA10D and ITUSA3CMD.

Small-stock value spread. This variable is defined as the difference between the logarithm of
the book-to-market ratio on small value and small growth firms. We collect data on book-to-
market ratios from the 2 x 3 size (i.e., market equity) and book-to-market sorted portfolios from
Kenneth French’s website. For more details, we refer to Campbell and Vuolteenaho (2004).

Price-dividend ratio. Bandi et al. (2021) define this variable as the logarithmic ratio between
the Center for Research in Security Prices (CRSP) price index and a one-year moving average
of dividends. However, CRSP contains seven different monthly price index series. Specifically,
price indices in- or exclusive of stocks traded on the NYSE, AMEX, NASDAQ and ARCA.

Moreover, for each combination of exchanges, there is an option to collect data on the equal- or
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value-weighted price index. Unfortunately, Bandi et al. (2021) do not specify how the “CSRP

price index”

is defined. In this paper, we use the value-weighted price index of stocks traded
on the NYSE, AMEX, and NASDAQ. We motivate for this choice, since it corresponds to the
definition of the stock market factor used in this paper, which is the value-weighted CRSP price
index of equities on these exchanges (see Kenneth French’s website for more details). Let Rf”
and R{*™ denote the value-weighted ex- and cum-dividend return at month ¢, respectively. P**
and Pf“™ are the corresponding values for the price index. The dividend, Dy, can be calculated

by

cum ex
Pt _ Pt—l

thum — ,
Py
P+ Dy — P2y
R
D
= pa = R - R,
t—1

= D;= P& - (R{"" — R{).
This expression is also used by Bandi, Bretscher and Tamoni (2023) to calculate the dividends.

A.2 BBW four-factor model

The four-factor model of Bai et al. (2019, BBW) contains a liquidity risk (LRF), downside risk
(DRF), and credit risk (CRF) factor in addition to the bond market factor (MKTB). MKTB
is defined as the value-weighted excess return on the corporate bond market. We discuss the
construction of the other three risk factors below. The factors are constructed free of lead/lag
errors by following the procedure of Dickerson, Mueller and Robotti (2023). Moreover, we do
not winsorize the excess bond market returns when constructing MKTB, as in the original work
of Bai et al. (2019). Dickerson, Mueller and Robotti (2023) show that this mechanically prefers
multifactor models over the bond CAPM (CAPMB).

Liquidity risk factor (LRF). This risk factor for month ¢, LRFy, is constructed by sorting
bonds into 5 x 5 portfolios by rating and an illiquidity measure, in each month ¢. Having formed
these portfolios, value-weighted long/short returns are calculated for each rating quintile, by
subtracting the value-weighted return on the lowest-quintile illiquidity portfolio from the highest-
quintile illiquidity portfolio. Then, LRF is the simple average of these long/short portfolios. The

illiquidity measure is defined as

ILLIQ, = —Cy(Apit.a, Apitdr1), where Ap;yq=108(Pita/Pit.d-1)

and P;; 4 is the price of bond i at day d of month ¢. Following Bai et al. (2019) and Dickerson,
Mueller and Robotti (2023), Ap; ;4 can only be calculated if the number of working days between
P;iq and P;;4-1 is less than 8. Furthermore, C; is only identified if there are at least 5
observations of (Ap;¢a+1, Apitq) in month t. Logically, the data used to construct ILLIQ; is
obtained from the panel dataset constructed in Section 4.1.

Downside risk factor (DRF). This risk factor for month ¢, DRF}, is constructed by sorting
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bonds into 5 x 5 portfolios by rating and a downside risk measure, for each month ¢. Using these
portfolios, DRF; is defined as the simple average (across rating quintiles) of value-weighted
long/short portfolio returns. For each rating quintile, the long/short portfolio return is the
value-weighted return on the highest downside risk quintile-portfolio minus the value-weighted
return on the lowest downside risk quintile-portfolio. Furthermore, the downside risk measure is
the absolute value of a 5% value-at-risk estimate (VaR5), which is calculated using the monthly
returns in the past 36 months. Similar to Dickerson, Mueller and Robotti (2023), we impose
the restriction that DRF; is only identified when a bond has a valid return for at least 24 of the
36 months.

Credit risk factor (CRF). This risk factor at time ¢, CRF} is defined as the simple average
on three value-weighted returns: CRFyv,rs5, CRF1g and CRFggy. First, the 5 x 5 portfolios
sorted on rating and VaRb are used to calculate CRFy,r5. Namely, for month ¢, CRFy,r5 is
obtained by subtracting the value-weighted returns on the highest rating quintile-portfolios from
the lowest rating quintile-portfolios. Similarly, CRFrgy is defined as the difference between the
value-weighted returns on the lowest rating and highest rating portfolios, from a sort on rating
and short-term reversal (REV) quintiles. Finally, CRFy, 1@ is defined in the same way but then
from 5 x 5 portfolios sorted on rating and ILLIQ).
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Table 9

Data definitions for replication study of Bandi et al. (2021). Monthly data is collected from January 1967 to December 2018.

Variable

Description

Source

Panel A: Test assets

25 size and book-to-market portfolios
25 size and profitability portfolios
25 size and investment portfolios

24 US anomaly portfolios

48 US portfolios of Hou et al. (2020)

25 value-weighted portfolios obtained from independent sorts of equities in market equity and book-to-
market-value quintiles.

25 value-weighted portfolios obtained from independent sorts of equities in market equity and operating
profitability quintiles.

25 value-weighted portfolios obtained from independent sorts of equities in market equity and investment
quintiles.

The top and bottom decile portfolios on the anomalies: accruals, book-to-market, cash-flow-to-price,
earnings-to-price, investment, long-term reversals, market value of equity, net share issuance, profitability,
residual variance, and short-term reversals. Additionally, two anomaly long/short portfolios from AQR’s
data library are included: betting-against-beta and quality-minus-junk.

The top and bottom decile portfolios sorted on the following anomalies mentioned in Hou et al. (2020):
(1) Frictions: market beta, idiosyncratic volatility, market equity, short-term reversal, total volatility.
(2) Intangibles: organizational capital-to-asset. (3) Investment: composite equity issuance, discretionary
accruals, change in net operating assets, change in investment-to-assets, investment-to-assets, investment
growth, net operating assets, net stock issue, operating accruals. (4) Profitability: change in return on
equity, operating profits-to-book equity, return on equity. (5) Value and growth: book-to-market equity,
cash-flow-to-price, long-term reversal, earnings-to-price, enterprise multiple, sales-to-price

Kenneth Fama’s data
library

Kenneth Fama’s data
library

Kenneth Fama’s data
library

Kenneth Fama’s data
library / AQR’s
website

Hou et al. (2015) data
library

Panel B: Factor models

Fama-French three-factor model
Fama-French five-factor model

Four-factor model of Hou et al. (2015)

Excess market return (Mkt-RF), high-minus-low (HML) and small-minus-big (SMB)

Excess market return (Mkt-RF), high-minus-low (HML), small-minus-big (SMB), robust-minus-weak
(RMW) and conservative-minus-aggressive (CMA)
Market factor, a size factor, an investment factor, and a profitability factor.

Kenneth French’s
website

Kenneth French’s
website

Hou et al. (2015) data
library

Panel C: State variables

Term yield spread

Small-stock value spread

Price-dividend ratio

Measured as the difference between the ten-year constant maturity US government bond yield and the
yield on short-term notes, in annualised percentage points. The yield on short-term notes is proxied by
the three-month yield

The difference between the the logarithm of the book-to-market ratio of small value and small growth
equity portfolios.

The logarithm of the ratio between the value-weighted price index for the US market and an one-year
moving average of dividends. The market index includes equities on the NYSE, AMEX and NASDAQ.

Global Financial
Data, series code:
IGUSA10D and
ITUSA3CMD.
Kenneth French’s data
library

CRSP (Wharton
Research Data
Services)
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Table 10

This table provides an overview of the data cleaning procedure for the TRACE and FISD corporate bond databases.

Rule

Description

TRACE/FISD filter

Remove bonds that are close to
default

Remove bonds that do not
trade on public exchanges in
the US

Remove special corporate
bonds

Remove bonds with a variable
coupon rate

Remove bonds with a maturity
of less than one year

Remove labelled bonds

Remove all trades that have a
two-day settlement period or
longer

Remove small transactions

Remove cancelled transactions
Remove bonds with a special
interest payment structure
Remove bonds for accrued
interest cannot be computed

Remove intraday bond transactions with a trade price
greater than 1,000 USD or less than 5 USD

Remove bonds issued under Rule 144A, issued through
private placement, not traded in USD, and from which the
issuers are not based in the US.

Remove mortgage backed or asset backed bonds, equity
linked or convertible bonds, structured notes, and agency
backed bonds.

Remove all transactions that are classified: locked-in, when-
issued, or have a special sales condition.

Remove intraday transactions with daily par volume less
than 10,000 USD.

Also adjust for transactions that are corrected or reversed.
Bonds for which the payment structure is 'N/A’, "undocu-
mented by FISD’, ’bi-monthly’ and ’Variable Coupon’
Remove bonds with missing DAY_COUNT_BASIS, COUPON,
COUPON_TYPE, OFFERING_DATE, DATED_DATE and IN-
TEREST_FREQUENCY.

TRACE:

(rptdpr < 1000) & (rptd_pr > 5)
FISD:

(1) RULE_144A == 'N’

(2) PRIVATE_PLACEMENT == 'N’

(3) FOREIGN_CURRENCY == 'N’

(4) COUNTRY_DOMICILE == 'USA’
FISD:

(1) ASSET_BACKED == 'N’

(2) CONVERTIBLE == 'N’

(3) BOND_TYPE !%in% 'X' where 'X’

(i) Agency, muni, or government bonds: {TXMU, CCOV, CPAS, MBS,
USBL, ABS,

FGOV, USTC, USBD, USNT, USSP,

USSI,

FGS,

030Y, 010Y, 0O3Y, 05Y, 04w, CCUR, O13W, O52W, 026W}
EMTN, ADNT,

(ii) Agency-backed bonds: {ADEB,
FISD:

COUPON_TYPE != 'V’

TRACE:

(1) 1ckd_in_ind != 'Y’

(2) wis_f1 1= 'y’

(3) (sale_cndtn_cd == ’'None’) |
TRACE:

(1) days-to_sttl_ct == 002’

(2) days_to_sttl ct == '001’

(3) days_to_sttl ct == 000’
(4) days_to_sttl_ct == ’None’

TRACE:

entrd_vol_gt >= 10000
TRACE: see Dick-Nielsen (2014).
FISD:

INTEREST_FREQUENCY !%in% c (-1,

(sale_cndtn_cd ==

13,

AMTN, ASPZ,

14,

15,

16)

ARNT



B PROOF THEOREM 3.1.

B Proof Theorem 3.1.

In this appendix, we prove Theorem 3.1, which states that the aggregate beta on the traditional

factor model (Eq. (1)) is a linear combination of the spectral betas in the spectral factor model

(Eq. (14)).
Following the theorem, we assume that x = {(y;, z¢)7 }+ez is a covariance stationary process.
() ,.(9)
Furthermore, we assume that the frequency-specific beta at scale j is given by SU) %
X

To stay within the context in which the theorem was presented, we also assume that gy; and
x: are the excess asset return and risk factor at time t, respectively. Such that the traditional

factor model is given by (Eq. (1)): y¢ = o + Bz + uy.

Proof. We start the proof by deriving an expression for the aggregate beta (). Specifically,
since the traditional factor model is just a simple linear regression (Eq. (1)), where S is the

slope coefficient of this equation, we use the well-known fact that

(C[ytv mt]

= Ve

(19)

Next, we need to prove that the 5 in Eq. (19) can be expressed as Z;; v B0 where

) = V[Tt ]] and ) is the spectral beta at scale j. In order to do so, we use the assumption of
Theorem 3.1 that x is a covariance stationary time series. Following our discussion in Section
3.2, this means that x can be expressed as an extended Wold representation. Thus, we use Eq.
(13), and write x; = ZJ 1 xij), where x; = (y; x¢)T. Then, the 5 in Eq. (19) can be expressed

as

C 2;01%5])72;) 1$§p)}

§ = T , (20)

where j and p indicate scales.
Moreover, we follow the discussion of Ortu et al. (2020), and apply the orthogonality property
)

of x;”/. Specifically, we use that y; and x; are orthogonal to each other, and that both y; and

x; are orthogonal within processes. Then, the 8 in Eq. (20) can be expressed as

(21)

since C[yt(j),:ngp)} =0 for all j # p.
Viay]

. @) .3
Finally, we use the term o) = Vo] and our assumption that () Clyr "2y ]

for-
Vi (7)] , to refor

mulate Eq. (21). Specifically, we can express [ as
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=3 B0 ),
j=1

In the second expression above, we used the definition of (), and multiplied Eq. (21) by 1 (i.e.,
Vi)

—) Furthermore, to derive the third expression, we applied the definition of o),
V)

O
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C ADDITIONAL RESULTS: CORPORATE BONDS

C Additional results: Corporate bonds

In this appendix, we present additional results for the spectral factor models estimated with cor-
porate bond returns. Specifically, in Appendix C.1, we compare the spectral CAPMB—including
the annual cycle component of the bond market factor—to the nontraded-factor models. Fur-
thermore, in Appendix C.2, we demonstrate that the results presented in this paper are robust
to setting J = 6. In Appendix C.3, we show that the theoretical properties of the spectral
components and spectral betas, as discussed in Section 3, are also satisfied in the context of
corporate bonds. We plot the annual cycle component of the bond market factor in Figure 5.
The correlations between this annual cycle component and the bond market factor and liquidity
risk factor (LRF) of Bai et al. (2019) are shown in Figure 6. Finally, Table 17 reports the prices
of multivariate beta risk (i.e., gammas, Kan et al., 2013) for the traded-factor models in Section
5.3 and the spectral CAPMB.

C.1 Cross-sectional pricing: Nontraded-factor models

We compare the CAPMB and the spectral CAPMB (CAPMB(4)) to nontraded-factor models.
The CAPMB is the single-factor model with the bond market factor (MKTB) as a risk factor.
Furthermore, the spectral CAPMB has the spectral component of MKTB at scale j = 4—or, in
other words, its annual cycle component—as a risk factor.

We use the same nontraded factors as Dickerson, Mueller and Robotti (2023), which are
introduced below. Important risk factors in the corporate bond market are usually proxied
by nontraded factors, such as liquidity risk. While many studies found nontraded factors that

are priced significantly in the corporate bond market,'?

recent work by Dickerson, Mueller and
Robotti (2023) reveals that most of these risk factors attain statistically insignificant risk premia.
We follow the framework of Dickerson, Mueller and Robotti (2023) and evaluate these nontraded
factors over a novel sample period from September 2008 to December 2021. Besides that, we
compare the nontraded-factor models to the spectral CAPMB.

We conclude that these nontraded factors do not add incremental explanatory power over
this novel sample period. Furthermore, the spectral CAPMB achieves a higher cross-sectional
R? than 2 out of the 6 factor models. However, all nontraded-factor models that we consider
contain between 2 and 8 risk factors, and do not form a fair comparison for the single-factor
CAPMB. Therefore, we use the model-misspecification-robust t-statistics of Kan et al. (2013),

which indicate that the differences in R? are not statistically significant.

The asset pricing models

First, we introduce the asset pricing models below. We discuss only the model definitions, and
more details are provided by Dickerson, Mueller and Robotti (2023).

Liquidity factor models (LIQAM and LIQPS). We consider two factor models that capture
liquidity risk. The first factor model (LIQAM) includes the FF3 factors introduced in Section
4.2, the two risk factors of the DEFTERM model introduced in Section 4.1, and the liquidity

1%Lin, Wang and Wu (2011); Chung, Wang and Wu (2019); Bali, Subrahmanyam and Wen (2021); Elkamhi et
al. (2024)
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C ADDITIONAL RESULTS: CORPORATE BONDS

risk measure of Amihud (2002, AM). Furthermore, the second liquidity factor model (LIQPS)
is defined as LIQAM, but with the liquidity risk measure of Pastor and Stambaugh (2003, PS)
instead of AM. We use the AM and PS factors provided by Dickerson, Mueller and Robotti
(2023).

Macroeconomic uncertainty factor model (MACRQO) This nontraded-factor model is recently
introduced by Bali et al. (2021). It includes the macroeconomic uncertainty index of Jurado,
Ludvigson and Ng (2015) and MKTS. The macroeconomic uncertainty index is defined as the
conditional volatility of the residual term in a forecast model for 279 macroeconomic indicators.
Thus, the residual term captures unforecastable macroeconomic news, and its volatility is a
proxy of macroeconomic uncertainty. The data is provided by Dickerson, Mueller and Robotti
(2023), but the code to construct the time series can be found on Turan Bali’s website.!!

Nontraded intermediary capital factor model (HKMNT). This is the nontraded-factor model
of He et al. (2017), including the nontraded version of CPTLT in Section 4.1, and MKTS. These
risk factors are collected from Zhigou He’s website.

Volatility factor models (VOLAM and VOLPS). Finally, we consider two volatility factor
models. The first factor model (VOLAM) is based on the LIQAM model introduced above,
but includes also the change in the CBOE Volatility Index (VIX) as a nontraded risk factor.
Similarly, the second volatility factor model (VOLPS) is equivalent to VOLAM, but with the
AM liquidity risk factor substituted by PS.

Cross-sectional pricing of expected corporate bond returns

In this section, we evaluate the accuracy of the nontraded-factor models in pricing the cross-
section of expected corporate bond returns. Similar to the discussion in Section 5, we report the
prices of covariance risk in Table 11. Additionally, we present the prices of multivariate beta risk
in Table 12. Besides the risk prices, the tables also report the cross-sectional R?, the t-statistics
under potential model misspecification (t-stat,,; Kan et al., 2013), and the heteroskedasticity-
and autocorrelation-consistent GMM standard errors (¢-stat.).

First, using a 10% significance level, the model-misspecification-robust ¢-statistics of Kan et
al. (2013) indicate that none of the nontraded risk factors is priced statistically significantly.
This holds for both the prices of covariance risk (Table 11) and the prices of multivariate beta
risk (Table 12). Note that this finding is consistent with Dickerson, Mueller and Robotti (2023),
even though we analyse the data on a novel sample period.

Furthermore, when comparing the prices of covariance risk in Table 11 with the prices of
multivariate beta risk in Table 12, we observe that the R? estimates are the same across tables.
This can be explained by the fact that the residuals of both regression equations are the same
(Kan et al., 2013). Specifically, the prices of multivariate beta risk are a linear transformation
of the prices of covariance risk, v = V(z;)\, where z; is a vector of risk factors. This holds,
not only for the nontraded-factor models, but the R? estimates for the traded-factor models in
Table 8 and Table 17 are also equivalent to each other.

Moreover, Table 13 reports the differences in cross-sectional R? for the spectral CAPMB
and CAPMB with the nontraded-traded factor models. We observe that most of the non-traded

"https://sites.google.com/a/georgetown. edu/turan-bali/data-working-papers
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C ADDITIONAL RESULTS: CORPORATE BONDS

factor models outperform the CAPMB and spectral CAPMB. However, Table 13 indicates that
the differences in cross-sectional R? are not statistically significant, with p-values for the null-
hypothesis of equal R? between 0.228 and 0.955. Also this finding is consistent with Dickerson,
Mueller and Robotti (2023).

Table 11

This table presents the prices of covariance risk () estimated under: (i) the macroeconomic uncertainty
model of Bali et al. (2021, MACRO); (ii) the non-traded intermediary capital model of He et al. (2017,
HKMNT); (iii) a 6-factor model including the liquidity risk measure of Péstor and Stambaugh (2003,
LIQPS) for corporate bonds; (iv) a similar factor model as LIQPS but with liquidity risk measured as
Amihud (2002, LIQAM); (v) the LIQPS factor model extended with the change in VIX as a risk factor
(VOLPS); (vi) the LIQAM factor model extended with the change in VIX as a risk factor (VOLAM).
The models use the monthly excess returns (in percentages) on 32 test portfolios from 2008M9 to
2021M12. The t-statistics for correct (¢-stat.) and potentially misspecified models (Kan et al., 2013,
t-stat,,) are in parentheses. Furthermore, p-values for the null hypothesis of R? = 1 are in brackets (Kan
et al., 2013). The lambdas (except Ag) are multiplied by 100. For conciseness, we omit the estimates
for some of the risk factors.

Panel A: Price of covariance risk (OLS)
MACRO HKMNT LIQPS

~ ~ -~

Ao AMKTB  AUNC Ao AMKTS  ACPTL Ao AMKTS Aps

Estimate 0.14 8.59 -6.17 0.17 12.11 -4.15 0.14 6.34 -7.58
tstate  (154)  (1.58) (-0.67) (1.87) (1.49) (-0.84) (1.58) (0.73) (-1.33)
tstatm  (1.35)  (1.57) (-0.67) (1.20) (1.33) (-0.71) (1.18) (0.60) (-0.86)

R? 0.944 0.894 0.925
[0.701] [0.498] [0.186]
LIQAM VOLPS VOLAM
/)\\0 /):MKTS /):AM }\\0 /):MKTS /): VIX }\\O /):MKTS />\\ VIX

Estimate  0.15 10.35  -11.42  0.12 12.59 7.98 0.13 13.13 7.08
t-state (1.26)  (0.93) (-1.47) (1.15)  (0.95) (1.30) (1.35) (0.92)  (0.67)
t-statm (1.13)  (0.97) (-1.56) (1.08)  (0.96)  (1.39) (1.32) (0.91)  (0.60)
R? 0.953 0.969 0.965

[0.528] [0.428] [0.333]

Panel B: Price of covariance risk (GLS)

MACRO HKMNT LIQPS

o AMKTB  AUNC Ao AMKTS  ACPTL Ao AMEKTS Aps

Estimate 0.04 12.05 -2.79 0.05 -0.93 3.16 0.03 2.54 -2.08
tstate  (2.15)  (2.29)  (-0.44) (2.80) (-0.24) (1.11)  (L1.36) (0.57) (-0.68)
tstat,  (2.04)  (228)  (-0.45) (2.20) (-0.19) (0.91) (1.24) (0.45) (-0.55)

~

R? 0.119 0.045 0.138
[0.004] [0.001] [0.004]
LIQAM VOLPS VOLAM
/)\\O 3\\MKTS XAM 3\\0 3\\MKTS 3\\V]X /)\\0 3\\MKTS /)\\VIX

Estimate  0.03 3.03 1.75 0.03 2.79 0.46 0.03 4.84 3.24
t-state (1.40)  (0.65)  (0.34) (1.35) (0.65) (0.16) (1.44) (0.84)  (0.87)
t-staty, (1.26)  (0.52)  (0.33) (1.23) (0.53) (0.14) (1.30) (0.67)  (0.59)
R? 0.137 0.138 0.143

[0.003] [0.003] [0.003]
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Table 12

This table presents the prices of multivariate beta risk (v) estimated under: (i) the macroeconomic
uncertainty model of Bali et al. (2021, MACRO); (ii) the non-traded intermediary capital model of He et
al. (2017, HKMNT); (iii) a 6-factor model including the liquidity risk measure of Pdstor and Stambaugh
(2003, LIQPS) for corporate bonds; (iv) a similar factor model as LIQPS but with liquidity risk measured
as Amihud (2002, LIQAM); (v) the LIQPS factor model extended with the change in VIX as a risk factor
(VOLPS); (vi) the LIQAM factor model extended with the change in VIX as a risk factor (VOLAM). The
models use the monthly excess returns (in percentages) on 32 test portfolios from 2008M9 to 2021M12.
The t-statistics for correct (t-stat.) and potentially misspecified models (Kan et al., 2013, t-stat,,) are in
parentheses. Furthermore, p-values for the null hypothesis of R? = 1 are in brackets (Kan et al., 2013).
For conciseness, we omit the estimates for some of the risk factors.

Panel A: Price of beta risk (OLS)

MACRO HKMNT LIQPS
WO /’}7M KTB /’Y\UN C 370 :Y\MK TS WCPTL WO aM KTS :Y\PS
Estimate  0.14 0.42 -0.62 0.17 1.54 0.98 0.14 1.41 -0.57
t-state (1.54)  (2.42) (-0.91) (1.87) (2.19) (0.84) (1.58) (1.83) (-1.72)
t-staty, (1.35)  (2.38) (-0.88) (1.20) (2.22) (0.75)  (1.18)  (1.80) (-1.02)
R? 0.944 0.894 0.925
[0.701] [0.498] [0.186]
LIQAM VOLPS VOLAM
WO WM KTS /’?AM ?0 ,’?MK TS ,’?VIX 30 ;?M KTS WVIX
Estimate  0.15 1.98 -0.42 0.12 1.92 -0.41 0.13 1.97 -0.39
t-state (1.26)  (1.83) (-0.86) (1.15) (1.94) (-0.71) (1.35) (2.15) (-0.58)
t-statm, (1.13)  (2.17)  (-1.02) (1.08) (2.04) (-0.71) (1.32)  (2.30) (-0.55)
R? 0.953 0.969 0.965
[0.528] [0.428] [0.333]
Panel B: Price of beta risk (GLS)
MACRO HKMNT LIQPS
ﬁo ’/Y\MK TB ﬁUN C /’7\/0 :Y\MK TS /’Y\CPTL /’Y\O /’)\/MK TS ’/Y\PS
Estimate  0.04 0.52 -0.39 0.05 0.63 1.44 0.03 0.82 0.02

t-stat. (2.15)  (3.10) (-0.85) (2.80) (1.22) (1.53) (1.36) (1.53)  (0.08)
t-stat,,  (2.04) (3.08) (-0.86) (2.29) (1.15) (1.39) (1.24) (1.38)  (0.07)

R? 0.119 0.045 0.138

[0.004] [0.001] [0.004]

LIQAM VOLPS VOLAM

’/V\O /’Y\M KTS :Y\AM 70 :Y\MK TS ’/Y\VIX /’Y\O /’Y\M KTS /’Y\VIX
Estimate  0.03 0.81 0.45 0.03 0.83 -0.79 0.03 0.83 -0.65
t-state (1.40)  (1.52)  (1.80) (1.35) (1.56) (-1.51) (1.44) (1.53) (-1.37)
t-staty, (1.26)  (1.36)  (1.60)  (1.23)  (1.40) (-1.43) (1.30) (1.36) (-1.23)
R? 0.137 0.138 0.143

[0.003] [0.003] [0.003]

48



C ADDITIONAL RESULTS: CORPORATE BONDS

Table 13

This table presents the differences in cross-sectional R? for the spectral CAPMB (CAPMB(4)) and
CAPMB with the nontraded-factor models introduced in the tables above. The value in row i and
column j is the difference between the R? of model i and j. The spectral CAPMB includes the spectral
component of the bond market factor at scale j = 4 as a risk factor. Furthermore, we report the model-
misspecification-robust p-values for the test of equal R? of Kan et al. (2013) in brackets. The results
are obtained using monthly excess returns (in percentages) on 32 test portfolios from September 2008 to
December 2021. Finally, the OLS and GLS R? estimates are reported in Panels A and B, respectively.

MACRO HKMNT LIQPS LIQAM VOLPS VOLAM

Panel A: OLS

CAPMB™ -0.013 0.037 0.006 -0.022 -0.038 -0.034
[0.832] [0.695] [0.948] [0.836] [0.647] [0.660]

CAPMB -0.030 0.021 -0.011 -0.039 -0.055 -0.051
[0.499] [0.800] 0.837] [0.558] [0.453] [0.485)]

Panel B: GLS

CAPMB™ 0.004 0.078 -0.015 -0.014 -0.015 -0.020
[0.955] [0.238] 0.893] 0.892] 0.891] 0.837]

CAPMB -0.005 0.069 -0.023 -0.023 -0.024 -0.029
[0.648] [0.291] [0.768] [0.753] [0.768] [0.684]

C.2 Robustness analysis: Six spectral components

In this appendix, we decompose the bond market factor (MKTB) into J = 6 frequency-specific
components, as discussed in Section 3. The bond market factor is defined as the value-weighted
return across all corporate bonds in excess of the one-month US Treasury bill rate (see Section
4.1).

Table 14 presents the prices of covariance risk (i.e., lambdas) estimated for a six-factor
model with the spectral components between scales j = 1 and j = 6 as risk factors. We aim
to determine whether the spectral component at scale j = 4—the annual cycle component—
contains more cross-sectional pricing signal than the other components. This is assessed through
the statistical significance of the prices of covariance risk, which determines the incremental
explanatory power of the risk factors (Cochrane, 2009). In Panel A of Table 14, we observe the
OLS estimates of the risk prices. The ¢-statistics under correct model specification (t-stat.) that
account for heteroskedasticity and autocorrelation, and under potential model misspecification
(t-staty,; Kan et al., 2013), indicate that the prices of covariance risk are statistically insignificant
for all spectral components at the 10% significance level. However, the GLS estimates in Panel
B of Table 14 indicate that the price of covariance risk is statistically significant only for the
annual cycle component, thus possessing incremental cross-sectional pricing power beyond the
other spectral components of MKTB.

To conclude, the annual cycle component contains the most pricing signal in the spectral
factor model with six frequency-specific components of MKTB. Especially, the annual cycle com-
ponent provides more signal than the business cycle component at scale 7 = 6. This is interesting
since Elkamhi et al. (2024) obtain a consumption risk factor by aggregating consumption growth
over 24 quarters. Bandi and Tamoni (2023) find that a business cycle component of consumption
risk—capturing fluctuations between 4 and 8 years—achieves equivalent cross-sectional pricing

power as a consumption risk factor obtained by aggregating consumption growth over a 4-year
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Table 14

This table presents the prices of covariance risk () for a six-factor model, which includes spectral bond
market factors from scale j = 1 to j = 6. The models are estimated using monthly excess returns (in
percentages) on 32 test portfolios, covering a period from 2008M9 to 2021M12. The t-statistics for correct
(t-stat.) and potentially misspecified models (Kan et al., 2013; ¢-stat,, ) are in parentheses. Furthermore,
p-values for the null hypothesis of R? = 1 are in square brackets (Kan et al., 2013). The lambdas (except
Ao) are multiplied by 100.

o A 2 2) A3) A9 2G) 26)

Panel A: OLS
Estimate 0.15 -25.70 -20.84 139.42 82.99 308.20 36.49
t-stat, (2.35) (-1.14) (-0.76) (0.87) (0.84) (0.87) (0.18)
t-stat,, (1.92) (-1.01) (-0.48) (0.84) (0.77) (0.51) (0.09)
R2 0.842

[0.179]
Panel B: GLS
Estimate 0.07 -1.29 17.62 20.32 78.01 -38.76 50.26
t-stat, (4.14) (-0.11) (0.79) (0.43) (1.79) (-0.33) (0.54)
t-stat,, (3.50) (-0.09) (0.67) (0.31) (1.81) (-0.28) (0.48)
R2 0.174

[0.009]

horizon. When we translate this finding of Bandi and Tamoni (2023) to the corporate bond
factor model of Elkamhi et al. (2024), the aggregation over 24 quarters might be too long for
the corporate bond market. Specifically, we find that the annual cycle component contains the
most cross-sectional pricing signal, and the aggregation-horizon of Elkamhi et al. (2024) would
obtain a risk factor that captures risk over a cycle longer than the business cycle (Bandi &
Tamoni, 2023). Future research should investigate more formally whether the aggregation ho-
rizon used by Elkamhi et al. (2024) contains the most pricing signal, using the extended Wold

decomposition as in this paper.

C.3 The properties of spectral betas

In this section, we follow the discussion in Section 5.1, but instead present the results for the
corporate bond market. Specifically, we show that the theoretical properties of the spectral
factor model, as discussed in Section 3, are also satisfied when applied in this context.

We start the analysis by estimating the bond CAPM (CAPMB). We consider the top and
bottom quintile portfolios sorted on credit spread, which are introduced in Section 4.1. We
choose these two test portfolios since they show the most heterogeneity in average excess returns
in Figure 1. Let Rpign: and Rjo, denote the excess return at month ¢ on the high and low
credit-spread portfolios, respectively. Furthermore, let fyxrp¢ be the bond market factor at
month ¢. Then, the estimated CAPMB is given by

Rhpight = oo+ 2.475 X fumrst + ut R? = 0.58, (22)
(t-stat = 9.75)
Riowt = a4 0.314 X furrpe + w R? = 0.53. (23)

(t-stat = 5.03)
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The CAPMBs presented above are, in turn, used to calculate the model-implied covari-
ances between the bond market factor and the excess portfolio returns. Namely, given that the
annualised volatility on the bond market factor is 6.959, the market covariance for the high
credit-spread portfolio is @(fMKTB,tthigh,t) = 2.475 x (6.959/v/12)? = 9.988. Similarly, the
model-implied covariance between the bond market factor and the low credit-spread portfolio
return is C(farmcrst, Riows) = 0.314 X (6.959/+/12)% = 1.267.

Table 15

Spectral decomposition for credit-spread-sorted portfolios. The upper panel reports the spectral cov-
ariances associated with six frequency-specific bond market factors and the corresponding frequency-
components of a low and high credit spread portfolio. The lower panel reports the spectral betas and
relative variance weights. The bond market factor and excess portfolio returns are decomposed into
frequency-specific components using the procedure outlined in Section 3. The data are monthly from
September 2008 through December 2021. The returns are in percentages.

Spectral covariances j=1 j=2 4=3 j=4 j=5 j>5 Z?Zl C
High credit spread 2.342 3.753 0.681 2.202 0.542 0.408 9.929
Low credit spread 0.407 0.615 0.051 0.124 0.066 0.011 1.275

Spectral betas and weights j=1 j=2 j=3 j=4 j=5 j>5 Z?=1 @(J’)E(j)

High credit spread 1.821 2.413 2.327 3.553 2.999 3.234 2.459
Weight (rel. variance) 0.319 0.385 0.073 0.154 0.045 0.031
Low credit spread 0.316 0.396 0.175 0.201 0.363 0.090 0.316
Weight (rel. variance) 0.319 0.385 0.073 0.154  0.045 0.031

Since the extended Wold decomposition can be seen as a persistence-based (co)variance de-
composition method, we expect the spectral covariances to sum to the model-implied covariances
presented above. The upper panel of Table 15 reports the spectral covariances, @( f,%){TB, jo )),
where p € {high, low}. We observe that the spectral covariances for the low credit-spread port-
folio sum to 1.275, which is close to the estimate (1.267) provided by the CAPMB in Eq. (23).
The same holds for the high credit-spread portfolio, where the spectral covariances sum to 9.929.

Moreover, the lower panel of Table 15 reports the spectral betas (ﬁ(j)) and the relative
variance weights (v(j)). Following Thereom 3.1, we expect the weighted-average of spectral
betas to be equivalent to the aggregate CAPMB betas estimated in Eqs. (22) and (23), where
the weights are given by v(). We observe in the lower panel of Table 15 that Theorem 3.1 holds,
with the weighted averages of spectral betas being 2.495 and 0.316 for the high and low credit
spread portfolios, respectively.

Finally, we evaluate the orthogonality of the spectral components of MKTB. Specifically,
since the spectral components are orthogonal—both within and across processes—we expect
that the are the same. We obtain the high-frequency components of the portfolio return and
MKTB by summing the spectral components between scale j = 1 and j = 3. The sum of the
three remaining spectral components define the low-frequency components. Then, we estimate

the following simple regression models
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HF
Rpt - +Bp MKTBt+ut7

LF
Rpt_ +6p MKTBt+ut’

and the multiple regression equation

R t = a+BHFf MKTB,t —"_/BLFfMKTBt + u.

The resulting spectral betas are shown in Table 16. Again, we observe that the spectral betas

are very similar.

Table 16

Orthogonality of frequency-specific components of corporate bond portfolio returns. This table provides
the spectral betas obtained from a simple and multiple linear regression of the high and low credit-spread-
sorted portfolio excess returns on the frequency-specific components of the market excess return. The high
and low credit spread portfolios are defined as the top and bottom decile portfolios obtained from sorting
on credit spread. The portfolio and market (excess) returns are decomposed into six frequency-specific
components (incl. the residual term 77(5)) using the procedure outlined in Section 3. The high-frequency
(HF) component is defined as the sum of the components from scales 1 to 3 (included). By summing the
three remaining components, we obtain the low-frequency (LF) component. The data are monthly from
September 2008 to December 2021 (160 months). Newey-West adjusted t-statistics are reported between
parentheses.

Simple regression Multiple regression

BLF ,BHF ,BLF ,BHF

High credit spread 3.407 2.205 3.436 2.204
(10.770) (8.259) (6.127) (7.663)

Low credit spread 0.270 0.341 0.194 0.347
(4.118) (4.723) (1.697) (4.099)
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C.4 Spectral bond market factor
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Figure 5: The upper panel shows the spectral bond market factor at scale j = 4 (blue/dashed) together
with the monthly market return in percentages (green). In the lower panel, we observe the spectral bond
market factor at scale j = 4 in more detail. Monthly data is used from September 2008 to December
2021.
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Figure 6: This figure plots the correlation for the spectral component of the bond market factor at scale
j with the bond market factor (MKTB) and liquidity risk factor (LRF), respectively. LRF is the liquidity
risk factor in the four-factor model of Bai et al. (2019, BBW). Furthermore, the spectral components of
MKTB are constructed following the discussion in Section 3, where J = 5. The sample period is from
September 2008 to December 2021.
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Table 17

Risk premia and cross-sectional (CSR) R? for factor models in corporate bond pricing. The table presents the prices of multivariate beta risk () estimated under:
(i) the CAPM with the corporate bond market factor (CAMPB); (ii) the 4-factor model of Bai et al. (2019) (BBW); (iii) the Fama and French (1993) two-factor
model (DEFTERM); (iv) the CAPM with the stock market factor (CAPM); (v) the single-factor intermediary capital model of He et al. (2017, HKMSF); (vi) the
original two-factor model proposed by He et al. (2017, HKM), which also includes the stock market factor (MKTS); (vii) the spectral bond market factor for scale
j=4 (CAPMB(4)); (viii) the spectral factor model with all 6 frequency-specific components (6 freq.). The models are estimated using monthly excess returns
(in percentages) on 32 test portfolios, from 2008M9 to 2021M12. The t-statistics under the assumption of a correctly specified model (¢-stat.) and a misspecified
model (Kan et al., 2013, t-stat,,) are provided in parentheses. Moreover, the p-values for the null of R? = 1 are provided in square brackets (Kan et al., 2013).

Panel A: Price of beta risk (OLS)

CAPMB BBW DEFTERM CAPM HKMSF

:Y\O ;Y\MKTB ;)’\0 /’?MKTB /’?DRF ;Y\CRF ;Y\LRF ;7\0 ;Y\DEF ;Y\TERM /’}70 ;}/\MKTS :Y\O ;Y\CP TLT
Estimate 0.03 0.55 0.08 0.48 0.54 0.54 0.19 0.16 0.67 -0.28 0.28 1.21 0.37 1.93
t-state (0.18)  (2.16)  (1.17)  (2.54) (1.96) (1.56) (0.64) (2.82) (1.91) (-0.57) (2.10)  (1.79) (2.83)  (1.70)
t-statm (0.17)  (2.11)  (0.84)  (2.34) (1.76) (1.54) (0.40) (2.68) (1.87) (-0.62) (2.09) (1.77) (2.83)  (1.68)
R? 0.914 0.938 0.849 0.877 0.851

[0.708] [0.387] [0.310] [0.455] [0.325]

HKM CAPMB® 6 freq.

/'?O ;Y\MKTS /’Y\CPTLT /'770 /’)\/(4) '/7\0 '/V\(l) /')7(2) :7\(3) :7\(4) :7\(5) ’/7\(6)
Estimate 0.23 1.34 1.35 0.22 0.34 0.10 0.14 0.09 0.17 0.17 0.13 -0.21
t-stat. (2.08)  (2.00) (1.07) (1.37) (1.54) (0.94) (0.70) (0.46) (1.32) (0.78)  (0.84) (-1.09)
t-statm (1.33)  (1.97)  (0.92)  (1.35) (1.53) (0.90) (0.71) (0.42) (1.10) (0.63)  (0.79) (-0.92)
R? 0.882 0.931 0.971

[0.367] [0.779] [0.646]

Panel B: Price of beta risk (GLS)

CAPMB BBW DEFTERM CAPM HKMSF

;Y\O WMK TB :Y\O /’)7M KTB :Y\DRF ;Y\CRF aLRF ;Y\O /V\DEF :Y\TERM /’)70 ;Y\M KTS ;Y\O aCP TLT
Estimate 0.04 0.52 0.04 0.53 0.79 0.51 0.45 0.05 0.30 0.21 0.05 0.73 0.05 1.06
t-state (2.11)  (3.07)  (1.71)  (3.08) (3.02) (1.48) (3.23) (2.27) (1.50) (0.69) (2.45) (1.36) (2.64)  (1.16)
t-statm (1.95)  (3.05)  (1.60)  (3.05) (2.96) (1.48) (3.11) (2.12) (1.49) (0.70) (2.16) (1.27) (2.35)  (1.11)
R? 0.114 0.163 0.054 0.031 0.026

[0.004] [0.003] [0.000] [0.000] [0.000]

HKM CAPMB® 6 freq.

:7\0 ;Y\MKTS WCPTLT :7\0 '/7\(4) ;Y\O '/7\(1) /')\’(2) '/7\(3) ?M) :7\(5) ;)/\(6)
Estimate 0.05 0.73 0.98 0.05 0.28 0.04 0.02 0.18 0.02 0.21 0.10 -0.02
t-stat. (2.43)  (1.40)  (1.06)  (2.64) (2.52) (2.07) (0.22) (2.03) (0.17) (2.21) (1.23) (-0.19)
t-statm (1.99)  (1.27)  (1.01)  (2.50) (2.25) (1.81) (0.20) (1.77) (0.13) (1.70)  (0.84) (-0.14)
R? 0.031 0.123 0.177

[0.000] [0.004] [0.001]




D ADDITIONAL RESULTS: EQUITIES

D Additional results: Equities

In this appendix, we present additional results for the spectral factor model, when estimated
on equity returns. Specifically, in Appendix D.1 we replicate the analysis of Bandi et al. (2021)
by applying the spectral factor model to daily short-run reversal portfolio returns. Moreover,

Figure 8 of Appendix D.2 plots the business cycle component of the stock market factor.

D.1 Short-run reversal portfolios

In this appendix, we use the extended Wold representation to decompose daily asset returns
into frequency-specific components. Therefore, the objective of this appendix is to illustrate
the usefulness of the spectral decomposition in a data sample with daily observations. For this
purpose, we consider the application provided by Bandi et al. (2021), where short-run reversal
portfolio returns are considered.

First, we construct the one- and two-day short-run reversal portfolios following Lo (2007).
For this, we collect daily stock returns from the Center for Research in Security Prices (CSRP).
We consider US common stocks (share codes 10 or 11) with share prices between 5 and 2000
USD.

Having collected the daily returns on these securities, we construct portfolio returns for the

g-day short-run reversal strategy as follows

100%
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Figure 7: 125-day moving-window correlation between the returns for the one- and two-day short-run
reversal portfolios. An interval of two standard-deviations around the correlation series is indicated by
the grey lines. The sample period is from 16 July 1962 to 31 December 2016.

o6



D ADDITIONAL RESULTS: EQUITIES

N N
Ry g = Zwi,t(Q)Ri,t = Z [—(Rijt—q — Rimit—q)/N] Riy,
i=1 i=1
where R;; is the return (in percentages) on asset ¢ at day t, and Ry, = ZZ]\LI R;¢/N (i.e., the
average return across all assets at day ).

In Figure 7, we presents the 125-day moving-window correlations between the returns of the
q = 1 and ¢ = 2 short-run reversal portfolios. This figure closely mirrors the corresponding
illustration in Bandi et al. (2021). Before the financial crises, the correlation between the
two portfolio returns remains within the range of 0 to 0.20. However, a significant spike in
the moving-window correlation is observed between July and October 2007, after which the
correlation declines and eventually turns negative.

Now, we discuss the spectral decomposition of the daily portfolio returns. Following the
analysis in Section 5.1, we first estimate the CAPM model for the one-day and two-day reversal

portfolio returns. The estimated models are given by

Rigy = a+0.116 x Ry +u, R*=0.01 (24)
(t-stat = 11.47)
Rogy = a+0.139 X Ry + 1wy,  R?=0.02 (25)

(t-stat = 15.86)

The results in Eqgs. (24) and (25) are consistent with those reported by Bandi et al. (2021),
who estimated market betas of 0.121 and 0.123 for the one-day and two-day reversal portfolio
returns, respectively.

While both portfolio strategies obtain similar market betas, we observe in Table 18 that
the changes in spectral betas across scales j are completely different. Specifically, the spectral

betas decline monotonically for the one-day reversal portfolio returns. However, for the two-

Table 18

Spectral decomposition for short-run reversal strategies. The upper panel reports the spectral covariances
associated with seven frequency-specific market factors and the corresponding frequency-components of
a one- and two-day reversal portfolio. The lower panel reports the spectral betas and relative variance
weights. The excess market and portfolio returns are decomposed into frequency-specific components
using the procedure outlined in Section 3. The data are daily from 16 July 1962 through 31 December
2016. The returns are in percentages.

Spectral covariances j=1 43=2 3=3 j3=4 j=5 j=6 j3>6 237»:1 C
One-day reversal 0.108 0.067 -0.005 -0.020 -0.008 -0.012 -0.018 0.113
Two-day reversal 0.056 0.064 0.017 0.006 -0.002 -0.005 -0.005 0.132

Spectral betas and weights j=1 j=2 j=3 j=4 j=5 j=6 j>6 25:1 20 3)

One-day reversal 0.322 0.251 -0.034 -0.233 -0.154 -0.410 -0.620 0.119
Weight (rel. variance) 0.355 0.283 0.158 0.089 0.053 0.031 0.031
Two-day reversal 0.166 0.241 0.114 0.070 -0.032 -0.162 -0.158 0.140
Weight (rel. variance) 0.356 0.282 0.159 0.088 0.053 0.031 0.031
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day reversal portfolio, the spectral betas increase from scale j = 1 to j = 2, and then decline
monotonically for higher scales. The different patterns in spectral betas are indicative of different
dynamics underlying the return processes of both portfolios. For instance, in Appendix E, we
show that scale-varying spectral betas imply lagged price adjustment, and visa versa.

Additionally, in the lower panel of Table 18, we observe the relative variance weights (v(j)).
The weighted combination of spectral betas is 0.119 and 0.140 for the one- and two-day reversal
portfolio returns, respectively. Note that these values are consistent with Theorem 3.1 in Section
3, since they correspond with the aggregate betas reported in Eqs. (24) and (25).

Finally, Table 19 reports the spectral betas for a low-frequency (LF) and high-frequency
(HF) component of the stock market factor, estimated with multiple and simple regressions
analogous to the analysis in Section 5.1. Since the spectral components of the market factor and
portfolio returns are orthogonal, both within and across processes, the beta estimates from the
simple and multiple regressions should be equal. In Table 19, we observe that this statement
holds.

To sum up, this appendix shows that frequency-specific betas are also observed in applica-
tions with daily data. Especially in the context of the short-run reversal portfolios, a traditional
factor model (as estimated in Eqgs. (24) and (25)) would incorrectly assume constant spectral
betas across scales (B(j) = ). Moreover, our results are consistent with those stated by Bandi
et al. (2021) and with the theoretical properties derived in Section 3.

Table 19

Orthogonality of frequency-specific components of short-run reversal portfolio returns. This table provides
the spectral betas obtained from a simple and multiple linear regression of the excess return for a one- and
two-day reversal portfolio on the frequency-specific components of the market excess return, respectively.
We decompose the portfolio and market excess returns into seven frequency-specific components using
the procedure outlined in Section 3. The high-frequency (HF) component is defined as the sum of the

components from scales 1 to 4 (included). By summing the three remaining components, we obtain the
low-frequency (LF) component. The data are daily from 16 July 1962 through 31 December 2016.

Simple regression Multiple regression

5LF BHF BLF BHF

One-day reversal -0.364 0.182 -0.366 0.179
(-4.531) (4.939) (-4.927) (4.452)

Two-day reversal -0.103 0.171 -0.106 0.171
(-2.079) (3.818) (-1.559) (3.683)
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D.2 Spectral stock market factor
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(a) Market returns and business cycle component at scale j = 6
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Figure 8: The upper panel shows the spectral stock market factor at scale j = 6 (blue) together with
the monthly market return in percentages (green). In the lower panel, we observe the spectral market
component at scale j = 6 in more detail. We use monthly data from January 1967 to December 2018.
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E Frequency-specific betas and delayed price adjustment

Bandi et al. (2021) show that scale-varying spectral betas imply delayed price adjustments, and
vice versa. In our context, a delayed price adjustment model is a model where the excess asset
return (y;) is related to lagged observations of the risk factor (z;). We follow the analysis of
Bandi et al. (2021) and provide a simple illustration that shows that delayed price adjustments
imply frequency-specific betas in Appendix E.1. We extend the discussion of Bandi et al. (2021)
by providing a detailed derivation, which they do not offer. Interestingly, this derivation reveals
a small mistake made by Bandi and Tamoni (2022). Similarly, in Appendix E.2 we show that
frequency-specific betas imply delayed price adjustments. We extend the simulation analysis
of Bandi et al. (2021) by introducing a novel simulated environment, illustrating that constant

spectral betas lead to the lack of delayed price adjustment in our simplified context.

E.1 Delayed price adjustments imply frequency-specific betas

In this appendix, we provide an illustration of the relationship between spectral betas and
delayed adjustment models. More specifically, we show that lagged price adjustments imply
frequency-specific betas (i.e., 3U) # 3 for all j). Assume that x = {(ys, 2:) }1ez is a covariance-
stationary bivariate process. Moreover, we assume that y; (e.g., excess return on a portfolio) is

generated by a simple linear model, given by

Ye = Br + (26)

where w; is an error term with zero mean and a variance of o2. Furthermore, z; is an AR(1)

process, given by

T = pri—1 + e, |p| <1, (27)

where ¢, is an error term with zero mean and a variance of o2. The covariance between the two
error terms is C(es, ur) = o-,. We impose |p| < 1 in order to generate a covariance-stationary
bivariate process x.
The context outlined above implies a delayed adjustment of y by = when o, ,, # 0. This can
be observed by rewriting u; as a function of e; as follows
Oeu

= , 28
Ut =~ 5 et + vt (28)

£

where vy is an error term with zero mean, and uncorrelated with ;. This formulation holds
since u; and &; are correlated. Moreover, we reformulate the expression in Eq. (26), using the
AR(1) model for z; in Eq. (27), as follows

yr = B(pri—1 + &) + up = Bpri—1 + Ber + wy, (29)

Now, by substituting Eq. (28) in Eq. (29), we get
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Ocu
5-Et + v,
0-6

g,
;;; (¢ — pri_1) + vy,

g, g,
= (6 - 5;‘) Ty — =5 pTe—1 + vy (30)
08 08

Y = By +

Z,th+

We observe in Eq. (30) that in our context, where o, # 0, y is indeed a delayed adjustment
model where the lagged factor (z;—1) affects the excess return (y;). In this situation, the spectral
betas vary over the frequency components, {1,...,J}. Similarly, when o, = 0, the model in
Eq. (30) lacks delayed adjustment, and the spectral betas will be equal to the aggregate beta
(i.e., BUY) = B for all j)- An illustrative example of the spectral betas, covariances and variances,
for different choices of 0., and p, is provided in Appendix E.1.2. However, we derive first the

closed-form expressions of these statistical estimators in Appendix E.1.1.

E.1.1 Derivation: spectral variances, covariances and betas

In this appendix, we derive the closed-form expressions for the spectral variances, covariances,
and betas for the delayed adjustment model in Eqgs. (26) and (27). A general closed-form
expression for the spectral betas is provided in Appendix A.2 of Bandi et al. (2021), which we
apply to our context. Furthermore, Bandi and Tamoni (2022, pp. 1201-1202) also provide the
closed-form expression for the spectral betas of our delayed adjustment model, although without
a derivation. Hence, we extend their analysis by offering a detailed derivation. Interestingly,
this reveals a small mistake made by Bandi and Tamoni (2022).

First, for convenience, we may write the bivariate process, x, as a VAR(1) model. Namely,

using the formulations for x; and y; in Eq. (27) and Eq. (26), respectively, we write

Yol _ 0 Bp\ [yt n Pet + uy
Ty 0 p) \&i £t
_ (0 Bp\ (Y1 n Et;
0 p i1 £
The Wold representation of this VAR(1) model is given by
00 k 1
Y _ Z 0 Bp S
Ty =0 0 p E?_k
0 BpF\ (el 1 0\ (e
k 2 + 2
0 »p € 1 0 1) \¢g
3 .4 2
0 \Y% %/ \Ci—k
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M

QREL—k

B
Il

0

where we emphasise that ayq is, thus, a 2 x 2 identity matrix, Is. Moreover, we observe that

Elet] = 0, such that the covariance matrix of the error terms can be formulated as

3. = E[ee]]

. <0‘3 + /320'2 + 25(75,u Ocu + 602) (32)
- 2

[ ] UE

This constant covariance matrix (over t), and the constant mean of the bivariate error term, e,
are properties of the covariance stationary VAR(1) process.

The coefficient matrix defined in Eq. (31), and the covariance matrix in Eq. (32), are used
to derive the closed-form expression for the spectral betas, 8. Furthermore, we use the closed-
form expression of a general spectral beta in Appendix A.2 of Bandi et al. (2021). Bandi and
Tamoni (2022, pp. 1201-1202) also provide an expression for the spectral betas. We will show
that this expression contains a small mistake. Following the notation in Bandi and Tamoni
(2022), define

2i—1
_ i—1
a; = E p
i=1
— . 21—t
bj=a;(1—p~ )
20-1_1
_ i
6= P
i=0
d: — RS- b B R A
i =plc;—p (p )e5)
First, consider the variance of the spectral component xgj ),
. . 2
0o 21-1_1 20-1_1
@] _ 2 3 3 j
v [xt = § :Uel Z Opiyi — Z Op2iy2i—144 2
=0 i=0 i=0
. . 2
00 2i-11 2i-11
2 4 4 j
+ E :%2 Z Qpojyi — Z Qpojy9i-14; /2
k=0 i=0 i=0
(33)
o0 2i-1-1 2i-11
+52012 E oz3~f§ as. o X
g k29 +i k29420144
k=0 i=0 i=0
2/-1_1 27-1_1

4 4 j
E Opojy; — E : Qi 42i-144 /2
i=0 i=0

Using the coefficient matrix of the Wold decomposition in Eq. (31) and the covariance matrix
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in Eq. (32), we can rewrite this expression to

2

0o 2i-1_1 2i-11
Vi =0+ Yo | 3 P N e /2]’ +0. (34)
k=0 i=0 i=0
The first term in Eq. (33) is zero because o = 0 for all k, such that the term in brackets is
zero. The second term in Eq. (34) follows from the fact that o2, = o2 (see Eq. (32)), and
because af = p¥ for all k > 0 (see Eq. (31)). Besides that, we do not need to take into account
the special case of k being zero (g = Io), because p® = 1 = ozg. Moreover, the third term in
Eq. (33) is zero since, again, 042 = 0 for all k. We can rewrite the variance of the jth spectral

component in Eq. (34) to

v [M = o? (1 - p2“>2 <2j1_1pi>2 i(pkzjf / 2

=0 k=0

1 ,

This shows also immediately one of the mistakes made in Bandi and Tamoni (2022, pp. 1201-
1202), where in Eq. (35).

—L_ is written instead of
p*d 1

1 T
1— —p2‘2j

(j))

In this second part of the derivation, we examine the covariance between the regressor (z;

and the regressand (ygj))

2i—-1_1 27-1_1 21—11 21—1_1

o
= E o2 E al E al g as E as 2J
el k2740 k27 4-27—144 k2744 k27 4-27—144
k=0 i=0
00 29-1_1 27-1_1 21-1_1 21-1_1
2 2 2 4 4 j
+ E :0’52 § : Qhoiyi — § : Qhoi42i—14 E | i — E : Qo 42514 /2
k=0 i=0 i=0 i=0 i=0
o0 2i-1_1 2i—1_1 27-11 27-1-1
1 1 4 4 j
+§ :0512 E : Qkojyi — E : Qhoj2i-144 E : Qgoj; — E : Qpoipoi-144 /2
k=0 i=0 i=0 i=0 i=0
21-11 27-11 20—1-1 29—1-1

o0
2 _ 2 3 3 J
+ § :‘761»2 E : Qhoiyi E : Qhoiy9i—14; E : Qo yi E : Qi 9i—14; /2
k=0 i=0 i=0 i=0 i=0

Which can be rewritten to
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2i—1_1 2i—1_1 2i—1_1 2911
2 7 29144 7 27—144
+ |oc E Bp' — E B E p'— p +
i=1 =0 =0 i=0
00 20-1_1 20—1-1
2 k29 +i k29 429144
E o; Bp - E Bp
k=1 i=0 i=0 (36)
20-1-1 21-11
k2744 k294207144 j
p - E P /2]
=0
2i—1_1 21—11
2 k27 44 k27 4-29—1 44 j
T (0u + B02) N /2] + o0
i=0 =0

The first term in Eq (36) is zero because a3 = 0 for all k. For the second term in Eq. (36), we
used that 0% = 02 (see Eq. (32)), and we separated the case when k = 0 (o = 0 and af = 1)
and k # 0 (af = Bp* and af = p¥). However, since p = 1 = af, we do not need to worry about
the restriction oy = Iy for aﬁ. This does not hold for az, where 3p° = 3 # a2. Moreover, the
third term in Eq. (36) is derived from the fact that o.1,2 = 0., + 802 (see Eq. (32)), of = 1,
and a} = 0 for all k£ > 0 (see Eq. (31)). Lastly, the final term in Eq. (36) is zero because, again,
a3 =0 for all k. We may reformulate Eq. (36) to

2i-11 2i-1-1
C (ygj)’xgj)) _ lagﬁp Z pi _pgi—1_1 _p21—1_1 Z pi b;
i=0 i=0
2/-11 27i—1-1 ? 2
+ 028 Z p— pr Z(PW)
i=0 k=1

+ (0cu + ﬁag)bj] /2j
= |28 ( P I (N 27
= |9ePP (G —p p ) J+U£6] 1_p2,2j +(05“+60)
1 ,
- [agﬁpdjbj + o2 8b; <1_p2-21' - 1) + (0 + Bo?) bj] / 27 (37)

In equation above, we observe that also the covariance between the spectral regressor and regress-
and is not correctly expressed in Bandi and Tamoni (2022, pp. 1201-1202). More specifically,
the use ( —= — 1) instead of L _1).

1—p*7

1_p2-2J

In the final part of our derivation, we combine the variance in Eq. (35) and the covariance

in Eq. (37) into a closed-form expression for the spectral betas. This expression is given by

C (D, a)  2Bpdby + o286 (=g — 1) + (00 + Bo2) by

() = = —

£ ] 1_p2.2]'
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E.1.2 Illustration

In this appendix, we illustrate the delayed adjustment of excess asset returns (y;) to risk factors
(x¢) leads to scale-varying spectral betas. But also that the lack of delayed adjustment leads to
constant spectral betas across scales. For this, we continue using the setting discussed above.
Specifically, y; is defined as in Eq. (26) and z; as in Eq. (27). Then, the delayed adjustment
model is presented in Eq. (30). We observe that if 0., # 0 (and p # 0), then the excess
asset return is affected by a delayed component of the risk factor (x;—1). The spectral betas for
this delayed adjustment model in Eq. (30), also indicate that in this situation the spectral are
scale-varying. Moreover, Eq. (30) also shows that when there is no delayed adjustment (i.e.,
either 0., = 0 or p = 0), then the spectral betas are constant across scales. We analyse whether
this indeed holds in a simulation example below.

Specifically, we assume that p = 0.5, 0. = 1 and o, = 1. We consider different choices for
o and discuss the pattern that emerges in the resulting spectral betas. Figure 9 presents the
spectral betas, spectral covariances, and spectral variances when o, = 0.3 > 0 (Panel (a)),
when o, ,, = 0 (Panel (b)), and when 0., = —0.3 < 0 (Panel (c)). The estimates are obtained
following the derivation in Appendix E.1.1.

First, when o., > 0, the delayed adjustment model in Eq. (30) indicates that the lagged
risk factor (z;—1) has a negative effect on the excess asset return (y;), since p is also positive.
Intuitively, we would expect that this leads to smaller estimates of systematic risk over longer
horizons. For instance, when a large negative shock occurs at time ¢, then y; will be negatively
affected at time ¢, but already converge back at time ¢ 4 1. Similarly, a large positive shock in
the risk factor will positively affect y; at time ¢, but y, reverts back at time ¢t + 1 due to the
negative dependence on the lagged risk factor. Panel (a) of Figure 9 shows that the spectral
betas decrease as the scale, j, increases. Therefore, since a higher scale is associated with a
lower frequency or longer horizon, this figure corresponds with our intuition.

Second, when o ,, = 0, then the delayed adjustment model in Eq. (30) shows that the excess
asset return is not affected by the lagged risk factor. Specifically, Eq. (30) can be rewritten to
Yyt = Bat+ v, which is just a traditional linear factor model. Therefore, we would hope that also
the spectral betas are constant across frequencies, such that the spectral betas and aggregate
beta on the traditional factor model coincide (see Theorem 3.1). In Panel (b) of Figure 9, we
observe the spectral betas and spectral (co)variances in this situation of no lagged dependence
on risk factors. Indeed, the spectral betas are constant across scales.

Third, when o, < 0 (and p > 0), the delayed adjustment model in Eq. (30) indicates that
the excess asset return (y;) is positively related to the lagged risk factor (z;—1). Opposite to the
intuition provided for Panel (a) of Figure 9, this implies that a positive shock to the risk factor
at time ¢ — 1 had a positive effect on y;_1, and also a positive effect on y at time ¢. However, it
also holds that a negative shock at time t — 1 in z has a negative effect on y at time t — 1, and
also a negative effect at time ¢ (through x;_1). Therefore, we expect systematic risk to increase
with longer horizons, and thus also the spectral betas. In Panel (c¢) of Figure 9 we observe the
spectral betas under o, , = —0.3 < 0. Consistent with our intuition and Eq. (30), the estimates
of systematic risk increase with scale j.

Finally, we consider the situation in which p = 0 and 0., = 0.3. Following the delayed
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Figure 9: This figure shows the spectral covariance, spectral variances, and spectral betas obtained for
different choices of 0., (Eq. (30)). The models used for the excess asset return and risk factors are

introduced in Appendix E.1. Panels (a), (b) and (c) we set p = 0.5, 0. = 1, and o, = 1. In Panel (d),
we set p =0 and 0. = 0.3.

adjustment model in Eq. (30), p = 0 should have the same effect as 0., = 0, because the excess
asset returns are not related to lagged risk factors. Specifically, the delayed adjustment model
in Eq. (30) can be formulated as y; = (8 4+ Z5*)x; + v;. This implies that if we estimate the
traditional factor model in Eq. (26), we Woulé obtain an inconsistent estimate of the overall
beta (). We observe the spectral betas in Panel (d) of Figure 9, which are constant across
scales.

To conclude, we find that the dependence of the excess asset return on lagged risk factors (i.e.,
oeu # 0) implies frequency-specific spectral betas. Moreover, the lack of delayed adjustment
(i.e., oz = 0) leads to constant spectral betas over scales. However, the opposite pattern also
holds: frequency-specific spectral betas imply the delayed adjustment of asset returns by risk

factor, which we illustrate in the appendix below.
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E.2 Frequency-specific betas imply delayed price adjustments

In this appendix, we follow the analysis of Bandi et al. (2021), and show that scale-varying
spectral betas imply delayed price adjustments. First, we rewrite a spectral factor model with
frequency-specific betas to a delayed adjustment model. Then, with a simulation study, we show
that the correlation between the risk factors and the residuals of this delayed adjustment model
depends on the spectral betas.

Let y: and x; be the excess asset return and risk factor at time ¢t. We assume that both series
are covariance stationary, and define a spectral factor model with J = 1 spectral components.

Following Eq. (4), we get

y :ﬁHF:Ugl) BLF (>1 )+Ut (39)
(>1) _ 1)

where x;” 7 = 2y —x, ', and u; is an error term. Furthermore, BHE and BLF are the correspond-
ing high-frequency (HF) and low-frequency (LF) spectral betas. The objective is to express the
spectral factor model in Eq. (39) into a delayed adjustment model, where lagged risk factors
(x¢—1) influence the excess asset return (y;).

Under the assumption that the bivariate process x = {(y¢, 2¢) hez is covariance stationary,
we can use Eq. (13) to write this process in its Wold representation. This means that the risk

factor, x;, can be formulated as

v — i (ai . ) (Q k> chet s (40)

k=0 6t k

where & = {(g},7) }ez is a white noise process, and ¢, = (o of)".

Now, using the Haar filter on the Wold residuals and coefficients, following Eq. (11) and Eq.
(12), to derive

) ) ) ) w

(>1)

This means that the residual spectral component x;” "’ can be written as

T T
_ <00 +C1> <€t +€t—1) N (62 + 03> <€t—2 +5t—3> bl (42)
V2 V2 V2 V2
where we used the fact that x; = xg ) 4 x(>1) as indicated by Eq. (13).

To observe that x§>1) can indeed be expressed as Eq. (42), we use the expression of wgl) in

Eq. (41), to write
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ze =} + a7V 43)
) () () (22
N <CQ\;563)T <et2\;§st3> n <cz\—263>T <€t2\—/i-§€t3> L )

where

<C2k - 02k+1>T <5t 2k — Et 2k— 1) ( ok + C2k+1> <€t—2k + €t—2k—1>
V2 V2
1
T2

( <€t 2k — Et—2k— 1) - Cgk“ (€t—2k - €t—2k—1)>

1
+ B (C;k (Et—% + 5t—2k—1> + C;k+1 (€t—2k + 5t—2k;—1)>

. T
= Cy,Et—2k T Copy18t—2k—1-

By taking that the sum over this expression from 0 to infinity, we obtain the expression as in
Eq. (44). Obviously, the resulting expression of z; is equal to the formulation in Eq. (40). To
sum up, we have shown that the sum of expression of x§>1) in Eq. (42) and ajgl) in Eq. (41)
results in the formulation of z; in Eq. (40). This means that we have verified the expression of
m§>1) in Eq. (42).

Next, we continue our journey to write Eq. (39) as a delayed adjustment model. We follow
Bandi et al. (2021), and rewrite x§>1) in Eq. (42) to

even
(>1) _ TS 4 +

45
xt 2 ) ( )
where
iﬂfd? =(co+c1)Tei—1+ (ca+c3)Teg3+ - (46)
m?ven _ (CO + Cl)TEt + (62 + 03)T€t72 + .- (47)

Then, we derive the delayed adjustment model from the spectral factor model in Eq. (39), where
(>1) . (1)

we first use the fact that =;” " is 2y — x; /, giving

BHF +ﬁLF (>1) Ty,
= 5HFJ?§ + ﬁLF(l't — $§ )) + Ut

(1) (>1)

Next, we reformulate x; — x, 7, and use the expression of z;” "/, to get
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ye = Bz, + (BHF — BLF )2V 1,

l,oild_i_xeven
:,BLFxt+(,8HF—,8LF)<IL't— t12 t >+ut

Finally, we can further simplify the equation above, and end up with the delayed adjustment

model, given as

HF pHE — gLE dd
Yy =B xp + <2) (23] + 287") + uy, (48)

= /BHFxt + ata

where u; = (w) (:Ufikll + 2V + .

We observe that Eq. (48) is a delayed adjustment model. Specifically, frequency-specific
betas (i.e., BAE # BEEF) imply the adjustment of excess asset return (y;) by lagged risk factors
(2999). However, when the spectral betas are constant across scales (i.e., 37 = pLF) Eq. (48)

implies the lack of delayed price adjustment. O

E.2.1 Simulation

In Appendix E.1, we showed that a non-zero correlation between the risk factor (z;) and the
residual (u;) of the traditional factor model in Eq. (26) (i.e., oz, # 0), leads to frequency-
specific betas. Now, we demonstrate that the reverse relationship also holds. Specifically, in the
context outlined above, frequency-specific betas imply a correlation between the risk factor and
residual u; in Eq. (48). Furthermore, we show that the sign of this correlation depends on the
difference between S and BYF, and is consistent with our discussion in Appendix E.1.

First, we provide a formal derivation of the sign of the covariance, and thus correlation,
between z; and u;. We emphasise that the (white noise) residual term u; of the spectral factor
model in Eq. (39) is uncorrelated with xﬁl) and x?l). Then, using the delayed adjustment

model in Eq. (48), we get

ﬁLF _ ﬁHF
C(xt,ﬂt) = C <3§‘t, (2> (xggcli + l,;even) + Ut> .

Then, substituting a:§>1) by the expression given in Eq. (45), we get

C(xy,uy) =C (xm (B — pHE) $§>1) + Ut) ;
= (8% = 8"1) € (w0, ) + C ww),
= (ﬁLF — ﬁHF) C (azt,ﬂst — x§1)> +C (:E,El) + x§>1)7ut) ,

where we use the linear property of covariances to derive the second line above. Furthermore,

(1) (>1)

we use the fact that z; = ;" +x;” "/ in the third expression. The last expression is rewritten to
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C(azr,uy) = (B = p1F) [V(wt) -C <xt, :651))] +C (:&, ut) +C (m§>1), ut> ,
— (B85 = BF) [V(we) - C (w0 2V)] (49)

where we again use the covariance as a linear operator in the first expression above. Furthermore,
in the second expression we use the exogeneity of u; with the spectral components, C(a:gl), ut) =0
and C(x£>1),ut) = 0.

In this second step of the derivation, we find a closed-form expression for the variance
and covariance in Eq. (49). However, in order to derive these terms, we need to impose a
data generating process for the risk factor, z;. We assume that z; follows an AR(1) model:

xy = pxy_1 + €2, where p < 1, such that x; is covariance stationary. Furthermore, £? is a white

noise process.'?

We start with the variance of the spectral factor.

V(zy) = V(pzi—1 + 1),
= p*V(2i1) + V(e7),

where we use the white noise property of 5?, and take the autoregressive coefficient outside the
variance. Next, because x; is covariance stationary, its variance is constant over time, this means
that

(1 - P)V(x) = V() = o2

€9

— V() = 2= (50)

1—p

Now, we derive the covariance between the risk factor and its spectral component at scale
. 1
j=1, (C(xt,xg )).

C (xt, x£1)> =C (mgl) + x£>1),$£1)) )
(
t

=C (3: 1)73;%1)) =V (xgl)) )

where we used the orthogonality between the spectral components, xgl) and :13§>1). Using the

expression for :L"El) in Eq. (41), we rewrite the covariance above to

> T
Z Cok — C2k+1 €t—2k — Et—2k—1
C xtvxl(fl) :V< < > ( >>
( ) ot V2 V2

Since z; is an AR(1) process, a derivation similar as in Appendix E.1.1, tells us that cop = p?¥,

12Note that €7 is not the squared observation of a shock () at time ¢. Instead, we use €7 to make the connection
to the discussion in the previous section, see Eq. (40). We can show that ¢, = (0 pk)T.
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and g, = €2, (i.e., the residual in the AR(1) for z;). Therefore, we write the expression above

as

00 P2kl
Z p €t ok 5t 2k—1
C l‘t?l‘z(fl) :V< < >< >>’
( ) — ﬂ
V

>
Il
o

_ i(l —p)? i (p4k> {V (67 90) +V (53_21@—1)}’

N o
[l
o

_ 51
where we use the white noise properties of €, and the closed-form expression for a geometric
sum (note |p| < 1), in the last expressions above.

Finally, we use the variance of the risk factor in Eq. (50), and its covariance with the
spectral component at scale 7 = 1 in Eq. (51), to derive a closed-form expression for the

covariance between z; and u; in Eq. (49).

Clay, i) = (857 = gHT) [V(xt) —-C (xta%gl) } ,

o2 o2(1 — )2
_(BLF_BHF) [1 _€p2_ 25((1_;4))]’
o2(1—p*) —o2(1—p)*(1 - p?)
—(5LF_5HF)<2 =( 2/0 >’
(1—p)(1—p")

e e 021 —=p%) [200+p%) — (1= p)?]
(- )< 51— A1) )
ik ey [0 [+ 20+ p7]
(et

(1+p)
= =) (G ) (52)
>0

In Eq. (52), we observe the final expression for C(z,u:). Since the variances in the de-
nominator of the correlation are positive, the correlation between the risk factor and aggregate
residual () depends on the sign of fF — BHF . If the low-frequency beta is larger than the
high-frequency beta, then the correlation is positive. Similarly, when the high-frequency beta is
larger than the low-frequency beta, the correlation is negative.

In order to illustrate the dependence of the correlation on the spectral betas, we conduct a
simulation study, following Bandi et al. (2021). Specifically, we assume that the autoregressive
coefficient of the AR(1) model is p = 0.5, 02 = 1, and 02 = 1. Then, we generate ¢; and u; from
a independently and identically distributed normal distribution with mean zero, and a sample
size of 10000 observations. These will be used in Eqs. (46) and (47) to get x99 and z§ve",
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residuals

(a) BT =16 >1.2=pL" (b) B = 0.4 < 0.8 = g (c) B = 0.8 = gL¥

Figure 10: Plot of risk factor, z;, against the residual @; in Eq. (48) for different choices of 37 and
BEF . We generate 10000 observations with p = 0.5, ag =1, and 02 = 1. The seed is set to 123.

respectively. Finally, we plot the simulated AR(1) process, x;, against the shocks u; (Eq. (48)),
in Figure 10.

Note that u; depends on the high- and low-frequency specific betas. Therefore, we consider
two sets of values for the spectral betas. In Panel (a) of Figure 10 we use 87 = 1.6 and
B = 1.2, such that B > BLF. We observe that the correlation between z; and % is indeed
negative, which is consistent with Eq. (52). Moreover, in Panel (b) of Figure 10 we plot the risk
factors against the aggregated residuals with f7F = 0.4 and ¥ = 0.8, such that s7¥ < BLF.
This panel shows that the correlation between x; and u; is positive, consistent with Eq. (52).

Finally, we extend the analysis by Bandi et al. (2021) with a new simulated environment.
Specifically, we consider the situation in which f7f = 0.8 = BL¥. Following the covariance
derived in Eq. (48), we expect that z; and @; are uncorrelated. In other words, the delayed
adjustment model in Eq. (48) will correspond to a traditional factor model with g = g = gL,
and y; will not be influenced by the lagged risk factor z9¢. In Panel (c) of Figure 10, we observe
that the risk factor and aggregate residual are indeed uncorrelated.

Also this is an interesting finding since, in Appendix E.1, we proved that delayed price
adjustments (i.e., o, # 0 in Eq. (30)) imply frequency-specific betas. Furthermore, the
frequency-specific betas were constant across scales when o., = 0 (i.e., no delayed price ad-
justment, see Panel (b) of Figure 9). We show in Panel (c) of Figure 10, that also the reverse
relationship holds in our context: when 7 = gL then C(zy,u;) = 0.

Finally, this consistency between the discussion in Appendix E.1 and the discussion in this
appendix, also holds for the other two panels in Figure 10. First, Panel (a) shows that when
BHE > BLE then the correlation between x; and 1, is negative. In Appendix E.2 we discussed
that BF is larger than 8% when 0., > 0, as can be seen in Panel (a) of Figure 9. You might
expect that this is inconsistent with Figure 10, however note that o., is not the correlation
between x; and a residual term including lagged effects of the risk factor. In Eq. (30), we
observe that v; = —(f;—’f pxi—1 + vy is this error with lagged effects that corresponds with u; in
this appendix. It can ge shown that 0., > 0 implies a negative correlation between x; and v; in
Eq. (30). This negative correlation between the risk factor and a residual (with lagged effects) is
also what we observe in Panel (a) of Figure 10, which corresponds with 7 > ¥ Moreover,

a similar connection with Appendix E.1 holds for Panel (b) of Figure 10.
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F Replication results Bandi et al. (2021)

In this appendix, we explain the discrepancies between the results reported by Bandi et al. (2021)
and the results stated in this paper. Specifically, we highlight how similar results as Bandi et al.
(2021) are obtained, and why our results differ. We thank Federico Bandi for sending the code
to replicate Panel A and Panel E of Table 20, Figure 12 and Figure 13 (see Appendix G). We
derive all the other results presented in this paper using their data on state variables but with
our programming code.

The remainder of this appendix proceeds as follows. We start the discussion with the results
for which we have received code, and therefore know which choices are made by Bandi et al.
(2021), in Appendix F.1. Specifically, these results are related to the cross-sectional pricing
performance of the spectral factor model. Then, in Appendix F.2, we show how similar results
as Bandi et al. (2021) can be obtained for the analysis of the theoretical properties, following
the discussion in Section 5.1. Finally, in Appendix F.3, we highlight some minor errors in Bandi

et al. (2021), which are mainly related to labelling errors.

F.1 Cross-sectional pricing: Equity portfolios

First, Table 20 shows the prices of covariance risk for the spectral CAPM, including only the
spectral component of the stock market factor at scale j = 6 (i.e., the business cycle component).
These results should correspond with the results that we present in Table 4 of Section 5.2. The
results in Panel A and Panel E of Table 20 are obtained with the code that we received from
Federico Bandi and match exactly the results in their paper. However, we observe that our
results in Table 4 differ. For instance, we obtain R? values of 0.003 and 0.083 for Panels A and
E, respectively. These differences are attributed to an uncommon (and inconsistent) definition
of the stock market factor used by Bandi et al. (2021), and some mistakes they make when

initialising the spectral components.

Stock market factor

In Panel (a) of Figure 11, we compare the stock market factor used by Bandi et al. (2021) to our
stock market factor (MKTS), which is collected from Kenneth French’s website. We observe that
the two series differ, with a correlation of 0.94. Specifically, for high values of MKTS, the stock
market factor of Bandi et al. (2021) attains higher values, and for low values of MKTS, the factor
of Bandi et al. (2021) attains even lower values. Below, we find that Bandi et al. (2021) define
the stock market factor as the simple average of value-weighted portfolio returns, where the
portfolios are constructed by sorting stocks into 5 x 5 size and book-to-market quintiles. This is
an uncommon choice in academic literature, which mainly uses the value-weighted excess market
returns.

Bandi et al. (2021) do not define their market factor in their paper or code, and do not
mention how it is collected. They only mention that Fama-French factors are collected from

Kenneth French’s data library. This is why we choose to use this market factor in our results.
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Table 20
Cross-sectional asset pricing of the spectral factor model. The estimates, root mean square error (RMﬁE),
mean absolute pricing error (MAPE), and the cross-sectional R? are reported for the regression: Rf =

Ao+ /\(6)@6) +¢&;. Where Rf is the mean excess return on asset i, \g is the zero-beta rate, and A(®) is the

price of covariance risk corresponding to the spectral market covariance at scale j = 6 (@56)). We consider
5 different anomaly sorted equity portfolios. In panel (a), (b), and (c) are the 25 Fama-French size and
book-to-market, profitability, and investment sorted portfolios respectively. Panel (d) presents the results
for 24 US anomaly portfolios. Finally, panel (e) considers the top and bottom decile portfolios that are
constructed by sorting on 24 US anomalies proposed by Hou et al. (2020). See Appendix A for more
details on data. The Fama and MacBeth (1973) standard errors are reported between parentheses, and
the misspecification-robust standard errors of Kan et al. (2013) are reported between braces. Moreover,
RMSE and MAPE are annualised. The coefficients which are significant at the 10% level are highlighted
in bold. Finally, the results are derived using data from January 1967 to December 2018.

Constant A© RMSE MAPE R?
Panel (a): 25 size and book-to-market portfolios

0.109 3.039 1.593 1.087 0.52
(0.245) (0.825) (0.23)
{0.426} {1.478}

Panel (b): 25 size and profitability portfolios

0.194 2.864 1.247 0.883 0.66
(0.249) (0.834) (0.24)
{0.444} {1.349}

Panel (c): 25 size and investment portfolios

0.292 2.294 1.852 1.284 0.28
(0.219) (0.913) (0.26)
{0.321} {1.419}

Panel (d): 24 portfolios

0.191 2.139 2.597 2.060 0.25
(0.187) (0.700) (0.21)
{0.313} {1.271}

Panel (e): 48 portfolios from Hou et al. (2020)

0.535 3.557 1.415 1.214 0.61
(0.249) (0.920) (0.21)
{0.532} {2.048}

However, in an earlier version of Bandi et al. (2021).'3 (which reports completely different results
and where the spectral factor model is used for different applications), the value-weighted market
returns are collected from CSRP, and only US common stocks traded on the American Stock
Exchange (AMEX) and the New York Stock Exchange (NYSE) are included. In a search to find
the stock market factor used by Bandi et al. (2021), we downloaded all value-weighted market
returns series from CSRP, but none of these corresponded to their data.

However, in the code of Bandi et al. (2021), one line captured our attention. Specifically,
line 9 in MATLAB-file mainT4PanelA.m, states: Rxmkt = mean (Rx_test_asset, 2), but
is commented out. Rxmkt is the stock market factor and Rx_test_asset contains the value-
weighted excess returns on the 5 x 5 Fama-French portfolios sorted on size and book-to-market.
Therefore, we checked whether the stock market factor in Bandi et al. (2021) is indeed defined
as the simple average of value-weighted portfolio returns on these Fama-French portfolios. Table
11 confirms this, with a correlation of 1.00 between the stock market factor of Bandi et al. (2021)

13This version is available via: https://www.phd-finance.uzh.ch/dam/jcr:05752cb0-508d-46ed-b46a
-407e17£fb5999/FS_falll9_paper_bandi.pdf
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and its replicated version using Fama-French portfolios.

Of course, the simple average of value-weighted excess (characteristic-sorted) portfolio re-
turns is not equal to the value-weighted excess market return, which is commonly used in
academic literature. Especially when the portfolios are sorted on size (i.e., market equity) the
differences between the two series can be large. Therefore, in our opinion, Bandi et al. (2021)
should have used the common definition of the stock market factor, or at least mention that

they use a different series, such that their research would be more transparent.
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Figure 11: Panel (a) shows the stock market factor (MKTS) used in this paper (in percentages) versus
the stock market factor used by Bandi et al. (2021). Panel (b) compares the simple average of value-
weighted 5 x 5 Fama-French (FF) portfolio returns, sorted size and book-to-market, to the stock market
factor defined by Bandi et al. (2021). The red line is a 45-degree line.

Initialisation of spectral factors

However, the stock market factor is not the only reason why our results in Table 4 differ from
Bandi et al. (2021) (Table 20). Also regarding the initialisation of spectral factors, we make
different choices.

First, Bandi et al. (2021) do not properly and consistently take into account the NA values
that are introduced by the initialisation of the spectral components. Namely, a spectral com-
ponent at scale j needs 27 +p observations for initialisation, where p = 18 is the lag-length of the
VAR(p) model. This means that the first 2/ + p values are NAs. However, Bandi et al. (2021)
set these values to zeroes in their MATLAB code. Therefore, extra attention should be paid
to removing these zeroes when, for instance, estimating the spectral betas. Even though Bandi
et al. (2021) do this properly when estimating the spectral betas, they do not when estimating
the prices of covariance risk and associated metrics in Table 20. For instance, in line 59 of
the MATLAB-file crw_Fbis.m, Bandi et al. (2021) estimate the mean of the spectral market

factor at scale j = 6 by including all observations, and thus also the zeroes.!* With 82 of the

1 line 58 of MATLAB-file crw_Fbis.m, Bandi et al. (2021) estimate the mean of the portfolio returns also
using all observations, and are thus estimated over a different sample period than the spectral betas (which
properly take into account the zeroes).
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624 observations being zero in the business cycle component of MKTS, this downweights the
estimated mean a lot. This, in turn, affects the misspecification-robust t¢-statistics of Kan et al.
(2013) in Table 20. Specifically, these t-statistics are likely higher. In this paper, we always take
the NA values into account.

Moreover, the results of Bandi et al. (2021) are obtained under theoretical orthogonality.
More specifically, Bandi et al. (2021) calculate the t-statistics in Table 20 by imposing the ortho-
gonality of the spectral factors as discussed in Section 3. For instance, in line 65 of MATLAB-file
crw_Fbis.m, they change the values corresponding to (C(f]&if)qs, fI(\f})(TS) to zero in the covariance
matrix, for i # j. Similarly, in line 66, Bandi et al. (2021) impose C(f\ ks, RY)) = 0 for i # j,
where R;j ) is the spectral component of the excess portfolio return at scale j. As a result,
the computations completely ignore measurement errors introduced by the identification of the
spectral components. This leads to more favourable ¢-statistics. Therefore, we do not impose

theoretical orthogonality in our code.

F.2 Empirical illustration: The properties of spectral betas

Next, we follow the analysis in Section 5.1, and try to replicate the results of Bandi et al. (2021).
Federico Bandi did not send their code for this part, so all results presented in this appendix
are derived using our code (see Appendix G). We discuss how we obtain the results, and why

we think similar choices were made by Bandi et al. (2021).

Stock market factor

First, the analysis in this paper, as well as in Bandi et al. (2021), starts with the CAPM regression
outlined in Egs. (17) and (18). While the CAPM is simply a regression of the excess portfolio
return on the excess market return, the estimated models are different. Specifically, Bandi et
al. (2021) report betas of 1.211 for the value portfolio and 0.974 for the growth portfolio, while
we report values of 1.114 and 1.060, respectively. Despite these differences, the results remain
close to 1. However, there are more noticeable discrepancies in the t-statistics and the R? values.
Bandi et al. (2021) (and we) report t¢-statistics of 20.39 (vs. 21.63) and 27.50 (vs. 46.68), and
R? values of 0.78 (vs. 0.69) and 0.73 (vs 0.87) for the value and growth portfolio, respectively.
The differences are particularly large for the growth portfolio.

Since the CAPM is estimated as a simple linear regression, the different results can only be
explained by data. Given the discussion above, where we show that Bandi et al. (2021) use a
different stock market factor, one might expect that this is the reason for the different results.
However, using the stock market factor of Bandi et al. (2021) as defined in Figure 11, still leads
to substantial differences in results. Furthermore, this stock market factor has an annualised
volatility of 17.8317, while Bandi et al. (2021) report in their paper an annualised volatility of
15.25.

Instead, we find that the stock market factor is defined as the simple average of value-
weighted excess returns on the Fama-French portfolios sorted on book-to-market ratio. This
finding is supported by the following evidence. First, by defining the stock market factor in
this way, the annualised volatility is 15.56, which is close to the value reported by Bandi et al.
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Table 21

Difference in cross-sectional R? for different asset pricing models estimated on five cross-sections of
anomaly-sorted equity portfolios. The five sets of test portfolios are: (1) 25 Fama-French (FF) size
and book-to-market (B/M) portfolios, (2) 25 FF size and operating profitability (OP) portfolios, (3) 25
FF size and investment (inv) portfolios, (4) 24 US anomaly portfolios, and (5) 48 portfolios sorted on
anomalies mentioned in Hou et al. (2020). See Appendix A for more information on these test assets.
Moreover, we investigate the relative pricing accuracy of six factor models: (i) spectral market factor
model with j = 6, (ii) a factor model with all 7 spectral market components (7 freq.), (iii) the capital
asset pricing model (CAPM), (iv) the Fama and French (1993) three-factor model (FF3), (v) the Fama
and French (2015) five-factor model (FF5), and (vi) the ¢g4-model introduced by Hou et al. (2015). In
Panel (a), the R? differences between the benchmark spectral model, (i), and the other models are re-
ported (negative values indicate lower pricing accuracy for the benchmark model). Furthermore, Panel
(b) presents the differences in R? under the CAPM as a benchmark model. The p-values in parentheses
indicate the significance of the R? differences, and are derived from the misspecification-robust tests of
Kan et al. (2013). The results are obtained using monthly data from January 1967 to December 2018.

Panel (a): Spectral factor model versus alternative models

Benchmark model:  versus 7 freq. CAPM FF3 FF5 HXZ
Spectral model
25 size-B/M portfolios -0.464 0.183 -0.379 -0.468  -0.434
(0.351) (0.724) (0.301) (0.218)  (0.241)
25 size-OP portfolios -0.793 0.056 -0.512 -0.835  -0.840
(0.039) (0.735) (0.005) (0.000)  (0.000)
25 size-inv portfolios -0.533 0.117 -0.511 -0.512  -0.514
(0.061)  (0.793) (0.072) (0.070)  (0.066)
24 portfolios -0.569 0.047 -0.461 -0.665  -0.651
(0.399) (0.630) (0.003) (0.000)  (0.000)
48 portfolios -0.457  0.092 -0.222 -0.414  -0.418

(0.222) (0.812)  (0.485)  (0.166) (0.165)

Panel (b): CAPM versus alternative multifactor models

CAPM Versus FF3 FF5 HXZ
25 size-B/M portfolios -0.562 -0.651  -0.617
(0.002) (0.006) (0.002)
25 size-OP portfolios -0.568 -0.891  -0.896
(0.008) (0.001) (0.002)
25 size-inv portfolios -0.628 -0.628  -0.631
(0.004) (0.005)  (0.005)
24 portfolios -0.509 -0.712  -0.698
(0.001) (0.000)  (0.000)
48 portfolios -0.315 -0.506  -0.511

(0.015)  (0.003) (0.003)

(2021). Second, when we use this market factor to estimate the CAPM of the value and growth

portfolio, we get

Ruatuer = @+ 1.204 X fuperss +ug,  R?=0.80
(t-stat = 22.70)

Ryrowtht = @ +0.97L X fuxrss +up, R =0.73
(t-stat = 26.84)

where Newey-West t-statistics are reported. These CAPMs are very similar to the ones reported
by Bandi et al. (2021).
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However, from the discussion above, it follows that two different versions of the stock market
factor are used by Bandi et al. (2021). First, in Appendix F.1, we prove that the Fama-French
portfolios sorted on size and book-to-market are used to derive the stock market factor, while
in this appendix, we obtain similar results as Bandi et al. (2021) using the Fama-French book-
to-market-sorted decile-portfolios. In this paper (except this appendix), we always use the same

stock market factor, which is the value-weighted excess return on the stock market.

Lag-length of VAR(p) model

Next, we proceed the analysis by estimating the spectral betas and the spectral covariances of
the stock market factor. We decompose the factor into J = 6 frequency-specific components,
and the results are presented in Table 22. Even though, Bandi et al. (2021) mention that always
p = 18 lags are used in the VAR(p) model to identify the spectral components (Section 3.3),
we cannot obtain the results in Table 22 using this lag-length. Specifically, we observe that as
the lag-length increases beyond p = 10 lags, the spectral betas of the growth portfolio become
larger than those of the value portfolio for low frequencies (i.e., high scales j). But Bandi et al.
(2021) report the exact opposite result. Instead, when we use p = 8 lags, we obtain very similar
results as Bandi et al. (2021), and these are reported in Table 22.

We believe that Bandi et al. (2021) also used p = 8 lags in the VAR(p) model instead of

p = 18. Not only because the results cannot be replicated with p = 18 lags, but especially
because Bandi et al. (2021) used p = 8 lags in an earlier draft version.'®> In this old version,
they considered quintile portfolios instead of decile portfolios, so we cannot compare it with the
results in this appendix to determine whether we are right.

Table 22

Spectral decomposition for book-to-market sorted portfolios. The upper panel reports the spectral

covariances associated with seven frequency-specific market factors and the corresponding frequency-

components of a value and growth portfolio. The lower panel reports the spectral betas and relative

variance weights. The excess market and portfolio returns are decomposed in frequency-specific com-

ponents using the procedure outlined in Section 3. The data are monthly from January 1967 through
December 2018. The returns are in percentages.

Spectral covariances j=1 j=2 j=3 j=4 j=5 j=6 j>6 2]7‘:1 C
Value 8.809 8.294 3.708 1.446 0.844 0.220 0.119 23.441
Growth 8.206 6.000 2.585 1.388 0.672 0.144 0.073 19.068

Spectral betas and weights j=1 j=2 j=3 j=4 j=5 j=6 j>6 25:1 @\(J‘)B(j)

Value 1.082 1.252 1.351 0.957 1.108 0.843 0.976 1.157
Weight (rel. variance) 0.403 0.327 0.135 0.074 0.038 0.013 0.006
Growth 1.008 0.906 0942 0919 0.882 0.552 0.595 0.941
Weight (rel. variance) 0.403 0.327 0.135 0.074 0.038 0.013 0.006

Additionally, Table 23 presents the spectral betas estimated by simple linear regressions and
a multiple regression for the value and growth portfolios, in a similar fashion as in Section 5.1.
Also these results are very similar to the results presented in Bandi et al. (2021). Furthermore,
the spectral betas estimated with the simple regressions are equal to the spectral betas of the

multiple regression, and therefore consistent with theory (i.e., orthogonality of spectral com-
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ponents). This confirms the statements that we make in this appendix regarding the potential

implementation choices of Bandi et al. (2021).

Concluding remarks

To conclude, we find evidence that Bandi et al. (2021) deviate from the implementation choices
stated in their paper (i.e., p = 18) and deviate from the definition of the stock market factor that
is commonly used in academic literature. Specifically, in this appendix, we obtain similar results
as Bandi et al. (2021), when we: (i) define the stock market factor as the average value-weighted
return across Fama-French portfolios sorted on book-to-market ratio, and (ii) use p = 8 lags in
the VAR(p) model to identify the spectral components. The small differences can, for instance,
be attributed to using a different risk-free rate. We use the three-month US Treasury bill rate
collected from Kenneth French’s website. However, we do not know how the risk-free rate is
defined by Bandi et al. (2021). Also, all results in this paper (except for this appendix) are
obtained using p = 18 lags and the value-weighted excess market returns as the stock market

factor.

Table 23

Orthogonality of frequency-specific components of book-to-market portfolio returns. This
table provides the spectral betas obtained from a simple and multiple linear regression of
the excess return on a value and growth portfolio on the frequency-specific components of
the market excess return, respectively. We decompose the portfolio and market (excess)
return into seven frequency-specific components using the procedure outlined in Section
3. The high-frequency (HF) component is defined as the sum of the components from
scales 1 to 4 (included). By summing the three remaining components, we obtain the low-
frequency (LF) component. Monthly data is used from January 1967 through December
2018. Newey-West adjusted t-statistics are in parenthesis.

Simple regression Multiple regression

ﬂLF BHF BLF BHF

Value 1.122 1.196 1.238 1.204
(10.871) (20.445) (8.028) (20.450)

Growth 0.895 0.974 0.867 0.987
(9.640) (25.406) (5.832) (26.019)

F.3 Other errors

First, Bandi et al. (2021) label the y-axes in Figure 12 as “%/year”. However, the average excess
returns (Panel (a)) and the pricing errors (Panel (b)) are in percentages per month.

Second, in the original version of Figure 13 in Bandi et al. (2021), the spectral covariances in
Panel (e) and Panel (f) range from 0 to 15 and from 0 to 10, respectively. We do not know why
these tick-labels have been adjusted, because in the code that we received from Federico Bandi,
the z-axes were correctly plotted. While normally this is not a big problem, it is especially
confusing when one tries to replicate a paper.

Third, we believe the same mistake was made in the original version of Figure 14 reported
by Bandi et al. (2021). Especially, in Panel (a) of Figure 14 we report values between -30 and
30, while Bandi et al. (2021) obtain values between -25 and 20. Also the tick-labels in Panel (b)
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of Figure 14 are different, while the figure seems to be exactly the same. On the other hand,
Panel (a) of Figure 14 is not exactly the same as the corresponding figure reported by Bandi
et al. (2021). Specifically, the business cycle component of the stock market factor (blue line)
seems to be amplified (i.e., multiplied by a scalar larger than one) in Bandi et al. (2021). This is
weird since we use the business cycle component of the exact same stock market factor that was

provided by Federico Bandi. So, maybe this figure is obtained using, again, a different definition
of the stock market factor.

Mean returns (%/month)
Pricing error (%/month)

(a) Average excess return (b) Pricing errors

Figure 12: 25 Fama-French size and book-to-market sorted portfolios. Panel (a) shows the time series
average of monthly portfolio returns in excess of the risk-free rate. Panel (b) shows the pricing errors for
the spectral CAPM model from the second-stage cross-section pricing regression in Table 4. The figures
are obtained using monthly data from January 1967 to December 2018.
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(d)j=4 (€)j=5 (f)j=6

Figure 13: Spectral market covariances (@(j )) between 25 Fama-French book-to-market and size sorted
portfolio excess returns for scales j = 1,...,6. The frequency-specific components of the market excess
return and portfolio (excess) returns are obtained as discussed in Section 3. We use monthly data from
January 1967 through December 2018.
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Figure 14: The upper panel shows the spectral market factor at scale j = 6 (blue) together with
the monthly market return in percentages (green). In the lower panel, we observe the spectral market
component at scale j = 6 in more detail. Monthly data is used from January 1967 through December
2018.
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G Code

In this paper, we make use of three programming languages: MATLAB, R, and Python. MAT-
LAB is the main programming language, and is used to make most of the figures and tables. R is
mainly used to merge datasets, perform the simulations, and construct the LaTeX tables. Lastly,
Python is used to connect with the Wharton Research Data Services (WRDS) cloud to obtain
the corporate bond intraday data, and construct the monthly panel dataset. We discuss the
code below. A more detailed discussion is provided in the README file of the supplementary

material corresponding to this paper.

MATLAB

We use two MATLAB folders. The first folder, Thesis, contains all the programming code
for the results (i.e., tables and figures) in the main text, Appendix C, and Appendix D (except

Figure 7). We programmed everything ourselves, but we used the following libraries of code:

1. We use some functions provided by Ortu et al. (2020) to compute the spectral components.

This code is stored in subfolder LibraryWoldComponents.

2. The code of Kan et al. (2013) is used to implement the second-pass cross-sectional pricing
regressions, for instance, for Table 4 and Table 5. This code is stored in the subfolder

LibraryKan2013, and is provided as supporting information with their article.

3. In subfolder Extension, we store the code to obtain the corporate bond results. Espe-
cially, folder DMR_TRACE_Code is important. Part of this code originates from Dickerson,
Mueller and Robotti (2023), but is adjusted to our context.

Besides that, the code to obtain the results related to the short-run reversal portfolios is provided
in subfolder ReversalPortfolios. The daily return data is stored in matrix object: Re-
versalPortfoliosData.mat, which is collected from CSRP (see Appendix D.1).
Furthermore, we programmed in the MATLAB folder codesdataJFEspectral. This
folder contains the code we received from Federico Bandi on the 14th of June 2024. The original
file contains the MATLAB files: mainT4PanelA.m and mainT4PanelE.m, which are used to
obtain the results of Panels A and E of Table 20. mainT4Panel?A.m also contains the code
to obtain Figure 12 and Figure 13. Furthermore, the original file is supplemented with the
data matrices: dataBCLT.mat and dataBCLThxz.mat, which contains, besides the data to
construct Panel A and E of Table 20, also data on the state variables. However, all other results
in Appendix F are obtained with our own programming code, but where possible, using the data
provided by Federico Bandi. All this code is also stored in the folder code&dataJFEspectral.
An example where we used our own data (except on state variables and the stock market factor)
is Panel B of Table 20. Here, we used the 25 size and operating profitability portfolios on

Kenneth French’s website, since this data was not provided by Federico Bandi.

R

We store all our R code, data, and figures in the Thesis_Spectral Factor_Model.Rproj.
Specifically, this R-project contains three folders: data, output, and scripts.
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First, the data folder contains a detailed description of the data collection procedure. For
instance, it contains hyperlinks to the data sources, dates on which the data was collected, and
the data itself. As mentioned before, we used R mainly to merge and transform the data files
into a single file. However, we store both the raw data files (in raw_data) and merged and
transformed data (in processed_data).

Moreover, scripts contains all the R files used to obtain the results and construct the
datasets. Specifically, we used R to obtain the results in Appendix E, and to get Figure 7 of
Appendix D.1. Furthermore, all LaTeX tables in this paper are constructed with the help of the
package kableExtra.

Finally, the output folder contains all the figures constructed with R, and some of the
output data that we copied from MATLAB to construct the LaTeX tables.

Python

The Python code that is used to construct the monthly corporate bond data set (Section 4.1)
is from Dickerson, Mueller and Robotti (2023), and can be found on their companion website.'?
We store this code in the MATLAB folder DMR_TRACE _Code/DataPrep.

5https://openbondassetpricing. com
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