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Abstract

This dissertation studies applied econometric problems in volatility estimation and
CDS pricing. The first chapter studies estimation of loss given default from CDS
spreads for U.S. corporates. This paper combines a term structure model of credit
default swaps (CDS) with weak-identification robust methods to jointly estimate the
probability of default and the loss given default of the underlying firm. The model
is not globally identified because it forgoes parametric time series restrictions that
have ensured identification in previous studies, but that are also difficult to verify in
the data. The empirical results show that informative (small) confidence sets for loss
given default are estimated for half of the firm-months in the sample, and most of
these do not include the conventional value of 0.60. In addition, risk-neutral default
probabilities, and hence risk premia on default probabilities, are underestimated
when loss given default is exogenously fixed at the conventional value instead of
estimated from the data.

The second chapter, which is joint work with Andrew Patton and Kevin Shep-
phard, studies the accuracy of a wide variety of estimators of asset price variation
constructed from high-frequency data (so-called “realized measures”), and compare
them with a simple “realized variance” (RV) estimator. In total, we consider over
400 different estimators, applied to 11 years of data on 31 different financial assets
spanning five asset classes, including equities, equity indices, exchange rates and in-

terest rates. We apply data-based ranking methods to the realized measures and to
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forecasts based on these measures. When 5-minute RV is taken as the benchmark
realized measure, we find little evidence that it is outperformed by any of the other
measures. When using inference methods that do not require specifying a bench-
mark, we find some evidence that more sophisticated realized measures significantly
outperform 5-minute RV. In forecasting applications, we find that a low frequency
“truncated” RV outperforms most other realized measures. Overall, we conclude

that it is difficult to significantly beat 5-minute RV for these assets.



To my mother, and in memory of my father.
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1

Estimating Loss Given Default from CDS under

Weak Identification

1.1 Introduction

Since its inception in the mid-1990s, the credit default swap (CDS) market has seen
incredible growth, with notional outstanding reaching tens of trillions of dollars by
2005.1 Correspondingly, there has been a growing interest in measuring and under-
standing the risk-neutral credit risk reflected in CDS prices. This credit risk can
be decomposed into two fundamental components: the risk-neutral probability of
default (PD) and the risk-neutral loss of asset value given occurrence of a default
event (LGD). However, their joint estimation is complicated because these two com-
ponents contribute to CDS prices (S) in an approximately multiplicative manner,
ie., S~ LGD x PD. To circumvent this identification issue, the traditional CDS
pricing literature fixes loss given default at an exogenous value and focuses on esti-

mating default probabilities. For U.S. corporates, LGD is usually set around 0.60, a

L BIS Semiannual OTC derivatives statistics, starting from the May 2005 issue, accessible at
http://www.bis.org/publ/otc_hy1405.htm



value obtained from historical data on observed defaults.

While this simplifying assumption is benign for certain applications, such as fit-
ting CDS spreads,? there are important financial applications that require separate
estimates of one or both of these components. Examples include studying the risk
premium associated with either component, or valuing or hedging related credit-
sensitive assets whose payoffs are affected by PD or LGD differently than for CDS.?
Even if probability of default is the sole object of interest, fixing LGD incorrectly
will lead to distorted estimates. In response to the need for unbiased estimates, a
literature on joint estimation has emerged. The common identification strategy in
these papers is to use multiple defaultable assets written on the same underlying
firm. These assets share a common probability of default (and possibly common
LGD), but PD and LGD affect their prices differently (due to contract differences).
Thus, harnessing the information in the cross-section of prices can allow for joint
estimation.?

This paper adds to this literature, pairing a CDS term structure model with
weak-identification robust econometric methods. The model and inference methods
are both new to the joint estimation literature, and their combination allows LGD
and PD to be estimated without relying on parametric time series restrictions that
are difficult to verify in the data. In addition, by employing the term structure
of CDS as the multiple assets for joint identification rather than combining CDS

with equity options or junior ranked debt as in some papers, lack of cross-market

2 Houweling and Vorst (2005) show that many fixed values of LGD yield similar results for fitting
CDS spreads.

3 This is especially the case for related credit derivatives such as digital CDS, junior debt instru-
ments and recovery swaps.

4 Pan and Singleton (2008) is an early paper that adopts this identification strategy applied to
the term structure of CDS, see paper for discussion.



integration is not a concern, and data is available for a larger cross-section of firms.’
This paper has two main objectives. Firstly, I jointly estimate LGD and de-
fault probabilities without restrictive parametric assumptions and without requiring
additional data beyond multiple maturities of CDS. As a result of imposing fewer
structural assumptions, this model is not globally identified. Thus, I employ robust
econometric methods that allow for valid inference regardless of the strength of model
identification. Secondly, I estimate this model and obtain confidence sets for LGD
for a selection of investment grade and high yield U.S. firms. I then examine how
the estimates of LGD under the cross sectional model compare to the conventional
level of 0.60. My results show that for almost half of the firm-months, LGD is pre-
cisely estimated, i.e. confidence sets are small, and the estimates are approximately
between 0.05-0.20. Furthermore, when LGD is precisely-estimated, the value of 0.60
is almost always rejected. As a direct consequence, risk neutral default probability
is underestimated using conventional methods, which also implies that risk premia
associated with default probability is underestimated in the existing literature.
This paper differs from existing work in three main ways. Firstly, I directly
model risk-neutral expected LGD and PD term structures at a point in time. In
place of time series restrictions, I assume that CDS spreads over short periods of
time (one calendar month in the base case) are generated from the same model, so
the model can be estimated independently each month. In contrast, most of the
joint estimation literature augments the “reduced-form intensity model” framework

of the traditional CDS pricing literature (see Duffie (1998) and Duffie and Singleton

® Conrad et al. (2013) pair equity options with CDS and occasionally find negative estimates of
LGD, which they attribute to differences in price discovery between CDS markets and equity option
markets. Further, equity option data is only available and reliable for larger publicly traded firms.
Schlafer and Uhrig-Homburg (2014) pair senior CDS contracts (which are readily available) with
junior subordinated CDS and LCDS for which there is limited data.



(1999)) to allow for stochastic LGD. In these models, the default event is defined
as the first jump of a Poisson process with stochastic intensity, and thus the models
consist of parametric specifications for the dynamics of the true (latent) default
intensity process and the price of risk (e.g., Madan et al. (2006), Pan and Singleton
(2008), among others”). The term structure of risk neutral LGD and PD, and other
objects,® can then be computed from these two central components. However, the
richness of these models comes at a cost. The parametric assumptions on default
dynamics are difficult to verify, and there is no consensus on which of the numerous
model specifications is best. Further, it is uncertain how sensitive estimates are to
model specification. Empirical results from different studies are difficult to compare
as they do not generally use the same price data, sample period, or reference entities.
By employing a minimally parameterized model, this paper provides estimates of risk
neutral loss given default robust to the default intensity specification.

Secondly, the term structure of loss given default, which is assumed to be flat
in the base case, is estimated less restrictively than in the existing literature. In
Section 1.6.3, the term structure of LGD is allowed to be linear, and implications on
joint identification are investigated. Even though LGD term structure is constant
over each estimation period, the model is estimated independently each month, so I
obtain a time series of LGD estimates. This is an improvement over existing literature

in which the LGD is modelled as a constant over the entire multi-year sample period

6 Das and Hanouna (2009) and Schlifer and Uhrig-Homburg (2014) are not reduced-form intensity
models. Das and Hanouna (2009) is the paper whose modelling framework is most similar to ours,
as they also aim to extract “point-in-time” risk-neutral expectations about credit risk. However,
they use a calibration (in contrast to econometric) approach and fit a dynamic jump-to-default
model with state dependent default intensity. Schléfer and Uhrig-Homburg (2014) do not use a
time series model, but rather use the ratio of senior to junior CDS prices to identify unconditional
moments of the risk-neutral distribution of LGD, which they model using the beta distribution.

T Also, Le (2007), Song (2007), Christensen (2005) , Christensen (2007), Elkamhi et al. (2010),
and Schneider et al. (2011)

8 In addition, the objective default probabilities and various risk premia can be computed. The
time series evolution of all these objects can also be studied in this framework.
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as in Pan and Singleton (2008), Elkamhi et al. (2010), and Schneider et al. (2011).
A few papers do estimate time-varying LGD, but require it to be a direct function
of the default probability, which can be a very restrictive assumption. For example,
LGD is modelled as an exponential affine function with positive correlation to default
intensity in Madan et al. (2006), and as a linear probit in Das and Hanouna (2009).
In this model, no functional relationship between LGD and PD is specified.

Finally, this paper provides a novel application of weak-identification robust
methods as the first paper to employ such methods towards jointly estimating LGD
and PD. Existing joint estimation papers have worked around the potential identifi-
cation issue by using parametric time series models for a cross-section of defaultable
assets, that are then estimated after assuming strong identification. The only pa-
pers to investigate and offer evidence of model identification are Pan and Singleton
(2008) and Christensen (2005) using simulation methods, and Christensen (2007) us-
ing actual CDS data. By using the robust econometric methods in Stock and Wright
(2000), I can relax the parametric time series assumptions, and only impose shape
restrictions on the term structures of LGD and PD.

The characterization of the source of weak identification in this model differs from
that of existing empirical applications studied in the econometrics literature on weak
identification. Weak identification arises when models are strongly identified for most
of the parameter space, but not identified for a particular region of the parameter
space; when model parameters are local to the region of non-identification, the model
is said to be weakly identified. Within the broad weak identification literature, a large
portion of applications and theoretical work, including Stock and Wright (2000), deal

with the weak instrumental variables regression setting.” Andrews and Cheng (2012)

9 Some empirical applications in macroeconomics and macro-finance include estimation of the

coefficient of risk aversion for CRRA utility, which is weakly identified in the Euler equation in the
consumption-CAPM model, see Stock and Wright (2000), and estimation of the New Keynesian



covers inference under weak identification for a large complementary set of models
(generally distinct from the weak IV setting), whose criterion function depends on a
parameter that determines the strength of identification.!® The model I use in this
paper to jointly estimate LGD and PD does not directly fit in the weak IV setup
nor in the family of models considered in Andrews and Cheng (2012). In this model,
a general criterion function does depend on a parameter that determines strength
of identification, as in Andrews and Cheng (2012), however, when that parameter is
in the region of non-identification, which occurs when the PD term structure is flat,
the model is not completely non-identified, but is rather set identified, or partially
identified.!!

The outline of the paper is as follows. Section 1.2 introduces the CDS data.
Sections 1.3 and 1.4 describe the model and estimation methodology. In Section 1.5,
I present and analyze the estimated LGD confidence intervals and elaborate on the
main findings. Section 1.6 discusses robustness of the results and model extensions,

and Section 1.7 concludes.

1.2 Credit Default Swaps and Spread Data

After a brief description of credit default swap contracts, this section presents an
overview of the Markit CDS data used in this study. Then, I introduce the cross
section of CDS issuers selected for this study, and present firm characteristics and

summary statistics for the CDS prices.

Phillips Curve, see Canova and Sala (2009) and Nason and Smith (2008).

10" Some examples in the Andrews and Cheng (2012) framework include nonlinear regression

with a multiplicative parameter and estimation of ARMA(1,1), which is not identified when the
autoregressive and moving average coefficients are equal.

11" A non-linear function of the “level” of the PD term structure and the “level” of LGD term struc-
ture is identified, but these two objects are not separately identified. Thus the model parameters
are set or partially identified.



1.2.1 CDS spread data description

A credit default swap is an over-the-counter derivative written on a risky bond that
allows for the transfer of the bond’s default risk between two parties for an agreed
on length of time. The CDS buyer pays a periodic premium (quarterly, for corporate
contracts) to the CDS seller in exchange for the seller guaranteeing the value of the
bond after a default event. If a default event occurs during the contract lifetime,
premium payments stop (accrual payments are accounted for), and the CDS seller
will compensate the loss of bond value due to default.!?

CDS prices used in this paper are composite quotes from Markit Group. Markit
collects CDS quotes from individual dealers, filters out unreliable prices, performs
mark-to-market adjustments, and aggregates them into a daily composite quote for
the following maturity points: 6-months, 1-5, 7, 10, 15, 20, and 30 years. See
Markit Group Ltd. (2010) for details. Since 15-year and above contracts are not as
actively traded, I only use the 8 CDS contracts with maturity points 10 years or less,
effectively limiting estimation of the forward default and LGD curves to up to 10
years as well.

The sample period spans January 2004 to April 2012, for a total of 100 months.
During this period, there is one change regarding data availability and one policy
change in the CDS market that potentially affects prices. In October 2005, Markit
begins reporting 4-year CDS spreads, and I add this maturity point to the study.
In April 2009, the CDS Big Bang implemented changes for CDS contracts and the

way they are traded. Neither of these changes affect estimation since the model

12" The majority of CDS contracts in the market are unbacked, meaning that the CDS buyer does
not hold the actual defaultable bond. The loss amount that the CDS seller is responsible for is
determined by auction price of the defaulted bonds. The auction is overseen by the ISDA and
usually takes place a few months after the default event. See Markit Group Ltd. (2010) or Barclays
Capital (2010) for additional details. Since the CDS Big Bang in April 2008, the CDS market has
moved towards different pricing conventions, so that there is now upfront payment and reduced
coupon, however the format of Markit quotes is unchanged.

7



is estimated independently each month, however, when looking at the estimation
results, I check whether there are any systematic differences before and after either
date, and I do not find any large differences (see Section 1.5.1).

I choose a collection of 30 U.S. corporate issuers (listed in table A.1 in the ap-
pendix), that span a variety of industries and credit ratings. Twenty firms are chosen
from the CDX North American Investment Grade CDS index CDX.NA.IG series 17,
and 10 firms from the North American High Yield CDS index CDX.NA.HY Series
17. These indices are issued every 6 months and collect the most liquid single-name
entities from their respective credit class at the time; Series 17 was issued in Septem-
ber 2011.13 I randomly selected issuers covering each sector listed in CDX after
excluding issuers with limited data availability in the earlier years. If fewer than 16
days of prices were available in one month for a given issuer, that issuer-month was
dropped from the sample. Over all issuers, 29 issuer-months were dropped, though
this includes the first twenty months for Valero Energy Corp (VLO).

This study is limited to XR (no restructuring) contracts on senior unsecured
bonds traded in US dollars. XR contracts were adopted as the conventional contract
for U.S. corporates after the CDS Big Bang in 2008, and thus are more commonly
traded than contracts with other restructuring clauses. However, prior to the Big
Bang, MR (modified restructuring) contracts were more popular.'4

Credit spreads in the form of corporate yield spreads can be constructed from

defaultable bond data and a reference risk-free rate; however Longstaff et al. (2005)

13 CDX.NA.IG contains single name CDS from 125 firms, and CDS.NA.HY contains single name
CDS from 100 firms. Investment grade firms have long-term credit ratings from AAA/AAa (highest)
to BBB/Baa2 (lowest). Firms with credit rating BBB-/Baa3 and lower are considered high yield
(“speculative” or “junk” are other common names).

14 Berndt et al. (2007) study 5-yr corporate CDS from 1999-2005 and find that the difference
between MR and XR contract prices is very small for high quality firms, but increases as the level
of CDS prices increases. They also estimate that on average (over 2000 firms), MR contract prices
are 6-8% higher than XR, contract prices.



show that corporate yield spreads are on average 1.2-2 times higher than CDS
spreads, depending on credit rating, and they attribute the extra spread mainly
to illiquidity effects. Thus, CDS spreads are favored over corporate bond spreads for
studying default risk.Certainly, CDS prices are not immune to liquidity risk them-
selves. Liquidity premium in CDS prices has been studied, but there is no consensus
on its size, or whether the CDS seller or lender receives the premium. Other risk
factors (unrelated to issuer default) that may affect CDS prices are further discussed

in Section 1.3.1

1.2.2 Summary Statistics for CDS spreads

Table 1.1 lists the CDS reference entities and their industry sector, and summarizes
their credit ratings and CDS spreads from 1, 5, and 10-year contracts. The average 5-
year spread ranges from 40 bp (Conoco Phillips) to 739 bp (Advanced Micro Devices).
In this sample, the high yield contracts have average spreads that are around 3.5-
5.5 times larger than average investment grade spreads of the same maturity, and
similarly, the average HY spread standard deviation per issuer is 4-5.5 times higher
than average IG standard deviation.

The mean term structure of CDS spreads is increasing, and generally we only
see inverted term structures in times of credit distress (as with yield curves). In
addition, CDS spreads are right skewed and highly serially correlated. Table 1.1
presents the skewness of 5 year spreads, which ranges from 0.18 to 3.01, and the
autocorrelation estimates for daily 5-year spreads for 1, 10, and 20-lags. The 20-lag
autocorrelations range from 0.78 (COX) to 0.97 (RSH). These results suggest that
CDS spreads are highly persistant, and potentially close to a unit root, however, this
does not pose a problem for the estimation procedure because only the estimating

equations (for minimum distance estimation, see Section 1.4.1) are required to be



covariance stationary.

Overall, CDS spreads across firms are moderately correlated as the average pair-
wise correlation of 5-year spreads across firms is 0.59. However, there are substantial
differences among firm-pairs, as these pairwise correlations range from -0.09 to 0.94.
Figure 1.1 plots the time series of 1, 5 and 10-year spreads for four representative
firms. For many firms in our sample, like General Electric Capital Corporation
(GEcc) and CSX Corporation (CSX), CDS spreads are very low between 2004 and
2007, peak during the financial crisis, and then fall to levels a little higher than
spreads in the pre-crisis era. In contrast, there are also several firms, for example
Altria (MO) and Radioshack (RSH), whose CDS spreads have pronounced peaks
during periods outside of the financial crisis. It is possible that the sample is biased
towards firms with higher credit risk in the latter period since they were chosen from
CDX Series 17 indices, which are composed of the most active single names around
September 2011. However, 19 and 5 of the 30 firms were also listed in Series 1
CDX.NA.IG and CDX.NA.HY, respectively, which were on-therun at the beginning
of the sample period (October 2003 - March 2004).

1.3 CDS Term Structure Model

In this section, I describe the CDS pricing framework used in this paper. I introduce
the term structure model for the forward default probability curve and LGD curve,
and show that the model is strongly identified for most but not all of the parameter

space, so that econometric methods robust to weak identification are necessary.

1.3.1 A discrete-time framework for default

I model the CDS market at time ¢ using a discrete-time model similar to Conrad
et al. (2013), but allowing for more general (non-flat) term structures for PD and
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LGD, as described below.

I assume that at time ¢, CDS contracts with maturities of n quarters are struck, for
ne N ={24,8,12,16,20,28,40}. The CDS spread s§"> is the annualized premium
paid to insure $1 of an underlying corporate bond over the life of the n-quarter
CDS contract, and payment is made at the end of each quarter that the underlying
entity does not default, for quarters j = 1,...,n. The time-t risk-neutral expectation
of the probability that the underlying bond will default j quarters from time ¢,
conditional on survival through the j — 1-th quarter, is represented by ¢;,. The set
{qj+:7 =1,...,40} is referred to as the forward probability of default term structure
at time ¢, or simply PD curve. Payments are discounted using a zero coupon term
structure, which is taken as known and extracted from data on the U.S. treasury
yield curve. The j-quarter discount rate at time t (a cumulative spot rate, not a
forward rate) is denoted by JN. The term structure of loss given default, also called
the LGD curve, is given by {L;; : j = 1,...40}, where L;; is defined as the time-t
risk-neutral expectation of the proportional loss of face value of the underlying bond,
given default j quarters from time ¢. Note that this definition is the commonly used
loss convention fractional recovery of face value (or par value).'® Guha and Sbuelz
(2005) provide empirical evidence supporting this loss convention, and it is the most
natural choice given CDS contract wording.'6

Under the model assumptions above, the present value of the CDS premium leg

18

15 The other main loss characterizations in the literature are fractional recovery of market value

and fractional recovery of treasury. See Duffie and Singleton (1999) and Madan et al. (2006) for
comparisons of the fractional recovery of market value and fractional recovery of treasury assump-
tions for LGD.

16 Guha and Sbuelz (2005) show that after a default event, bonds of the same seniority are observed
to recover the same proportion of bond face value, irrespective of maturity. This empirical fact is
generally only consistent with the fractional loss of face value framework.
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and the present value of the CDS protection leg is

j—1

Z H (1= qry) Qj,t)CiJ;t x 0+ Qj7tCZj,tLj,t} . (1.2)

=1k=1

.

Equating these two payoff legs, we can solve for the no arbitrage spread of an

n-quarter CDS contract struck at time ¢

RO 4XZ] 1 JtHk 1(1_th)QJtL]t
¢

(1.3)
Z] 1 Jtnk 1(1_th)(1 qu,)

In the base case, I further simplify the model by assuming that the term structure
of LGD isflat, i.e. L;; = L; Vj. Later in section 1.6.3, I consider a linear specification
for the term structure of LGD, and explore the implications on joint identification.

As mentioned in the introduction, LGD in this model (including both the flat and
linear term structures) is modelled less restrictively than in the existing literature.
Most intensity models estimate LGD as a constant over a sample period of multiple
years, as in Pan and Singleton (2008), Schneider et al. (2011), and Elkamhi et al.
(2010). In a small number of papers, LGD is time-varying, but to keep the model
tractable, LGD is modelled as a restrictive function of PD. For example, Madan
et al. (2006) restrict LGD to be exponential affine in and positively correlated with

default intensity.!” In this paper, LGD is estimated independently each month, so

17 Most intensity models in the joint estimation literature specify LGD restrictively, and likely do so
in order to stay within the class of affine term structure models. Given a general affine specification
(in state variables) for default intensity, LGD is required to be either a constant or exponential
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even though the model lacks dynamic features, we still obtain a sequence of monthly
estimates of LGD. Additionally, there are no functional restrictions between LGD
and PD. The obvious drawback is that we lose any efficiency gains that would be
achieved if the relationship between LGD and PD were correctly specified.

Under the flat term-structure assumption for LGD, the CDS premium expression
is simplified to

4xS™ d TP - :
Sgn) _ L 2]71 .]’t kfl( qk‘,t)q]vt ) (14)

S di TTHo (U= ) (1= $a0)

In this pricing equation (1.4), there are n + 1 unknowns: ¢;, for j = 1,...,n,
which map out quarterly points on the forward PD curve, and L;, the expected
loss given default. In my analysis, there are n = 40 quarters in total, so to make
estimation feasible, I reduce the dimensionality of the model by adopting a family of

flexibly-shaped curves f for the default probability term-structure, i.e. g;; = f(J; Bt)-

1.3.2 A factor model for the term structure of default probabilities

Determining a suitable model for the forward default curve is difficult since the
default curve is not observed, even ex post. However, I can construct a set of “proxy”
PD curves for the unobserved PD term structures, conditional on a flat term structure
for LGD (as assumed in this model). Then I can find a factor model that captures
most of the variation of the proxy curves.

Since construction of the proxy curves requires a fixed value of LGD, yet the

resulting curves may be sensitive to the particular choice, I consider various levels

affine in the default intensity process. Exceptions are Christensen (2005) and Christensen (2007),
where both default intensity and LGD are affine in state variables, which leads to a quadratic term
structure model for CDS prices. The quadratic term structure model is the highest order model for
which closed form solutions exist. Elkamhi et al. (2010) also use a quadratic term structure model
for CDS prices, but they allow default intensity to be quadratic in latent factors, and then must
model LGD as a constant to ensure close-form solutions for CDS prices.
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for the LGD term structure, {0.1, 0.2, 0.4, 0.6, 0.8, 1}, and construct a set of
proxy curves for each value of LGD. So, for each value of LGD, assuming a flat
default probability between consecutive CDS maturities, I “strip” each daily CDS
price curve from lowest to highest maturity to get a step function with 8 steps as an
approximate forward PD curve. See Figure A.1 in the appendix for an example for
CDS data from one day.'®* Then, for each fixed value of LGD, I conduct principle
components analysis on the set of 8-dimensional vectors that represent daily implied
forward default probability curves. The analysis is conducted separately for each of
the 30 firms and on the pooled set of implied PD curves (after demeaning for each
issuer) across all assets. Figure 1.2 presents the first three principal components for
the pooled set of PD curves for all six values of LGD. For each fixed value of LGD,
95% to 98% of all variation in the pooled PD curves is captured by the first three
components. Further, the components visually resemble level, slope and curvature
loadings. These results suggest that using a 3-factor “level-slope-curvature” model

for the forward default probability curve is a good approximation.

1.3.8 Nelson-Siegel curves: a level-slope-curvature model

Based on the results of the principal component analysis, I propose modelling the
forward default probability term structure ¢;, using Nelson-Siegel curves, which are
a family of curves composed of a linear combination of three components resembling
level, slope, and curvature.

Equation (1.5) presents the form of the Nelson-Siegel curve used in this paper,

which is the Diebold and Li (2006) reparameterization of the original form that

18 The 8-step default probability curve assumes constant forward default proba-
bility per quarter over the following time intervals (units in years) whose end-
points correspond to CDS contract maturities: (t,t+0.5],(t + 0.5,¢ + 1],(t + 1,¢ + 2],
(t+2,t+3),(t+3,t+4],(t +4,t +5],(t +5,t+7],(t + 7,t + 10]. Resulting proxy PD curves
with values not in the (0, 1] interval are discarded from the PCA.
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Nelson and Siegel (1987) propose to fit U.S. government yield curves. The three (
coefficients determine the weights of each component, while the fourth parameter
A determines the rate of decay of the exponentials in the function, which directly
relates to the shape of the slope component and the location of the “hump” in the
curvature component. See Figure 1.3 for an illustration of the three Nelson-Siegel

curve components .

N Y .
f;B8t) = B + ﬁztl)\—j + Bat (% - G_AJ) (1.5)

Nelson-Siegel curves have been used extensively in research and in practice, in-
cluding by central banks.'® They are noted for their parsimony and ability to match
the many shapes of observed yield curves, including flat, upward or downward sloping
with varying convexity, humped, and mildly S-shaped.

As mentioned above, the A parameter in the Nelson-Siegel curve determines the
exact shape of the slope and curvature components. For larger values of A, the slope
component decays slower and the curvature component reaches its maximum later.
In the yield curve literature, A is often fixed to simplify yield curve estimation to
OLS. Nonlinear methods can be used to estimate a free \; Nelson and Siegel (1987)
employ a grid search over A\, but the estimates are unstable over time, and Annaert
et al. (2013) caution that for certain values of A, there is a high degree of collinearity
among the 3 components.

In this application, the CDS pricing equation is already nonlinear, but to avoid
adding an additional layer of nonlinearities, I fix A guided by the results of the prin-
cipal components analysis. In the pooled PCA results, the estimated third principle

component (“curvature”) has a pronounced peak at the 5th step, which is centered

19 See Annaert et al. (2013) for discussion.
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at the 3.5 year maturity (see Figure 1.2). Therefore, I fix A = 0.1281 so the hump of
the third component is at 3.5 years. In Section 1.6.1, I also estimate the model for
other values of X\ as a robustness check, and the main conclusions of my analysis are
unchanged. This value of A is somewhat similar to the value used in Diebold and
Li (2006), who choose A to locate the maximum of the curvature component at 2.5
years because 2-3 year maturities are typical for humps and troughs in yield curves
in the literature.

This model abstracts from risk factors (unrelated to issuer default) such as illig-
uidity (as mentioned in section 1.2.1, counterparty and contagion risk. Counterparty
risk is the risk to each party of the contract that the other will not be able to fulfill
their contractual obligations. Contagion (see Bai et al. (2013)) is the risk in credit
markets, distinct from default event risk, that default of systemically important firms
will cause a contemporaneous drop in the market portfolio. Bai et al. (2013) show
that all but a few basis points of credit spreads that attributed to the risk premium
on default probability in standard (doubly stochastic) intensity models is actually
contagion risk premium. In this model, these other risk premia are subsumed into
the estimates for risk neutral default probability and LGD. This is the standard
approach in the joint estimation literature because accounting for these two other
effects can be very complicated, and generally requires model extensions and addi-
tional data. It is difficult to say how illiquidity and counterparty risk premia will be
divided between risk neutral LGD or risk neutral probability of default. However,
contagion risk will likely be soaked up in the risk neutral default probability esti-
mates because in accordance with theoretical contagion models, only the likelihood
of default probability is directly affected through contagion channels: the probabil-
ity that a given firms will default increases when a systematically important firm

defaults, and there is no direct impact on recovery rates.
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1.3.4 Joint Identification of Default Probabilities and Loss Given Default

As suggested in Pan and Singleton (2008), when LGD is modelled as the fractional
loss of bond face value given default, identification of both probability of default and
loss given default can possibly be achieved by exploiting both short and long term
CDS contracts because their prices are affected differently by the two components.
Pan and Singleton investigate and confirm the effectiveness of this identification
strategy using simulated data under a model with log-normal default intensity and
constant LGD. However, in the model used in the analysis below, it is easy to see
that there is a subset in the parameter space for which the model is not identified.
When the forward probability of default has a flat term structure, i.e. ¢;; = ¢, then

the expression for the CDS price reduces to:

Ax 3" d -
(n) _ _ ;‘771 ]ii [T ( Qt)lqlt _ Ltl Qtl for ne N: (1.6)
ijl die [ [21(1 — @) (1 — 3q:) a3t

and it is apparent that L; and ¢; are not point identified. However, as mentioned
in the introduction, it is interesting to point out that the identification issue here is
somewhat different than that of most applications in the weak-identification litera-
ture because, even in the problematic region in the parameter space, the nonlinear
function of L; and ¢ on the right-hand side of Equation (1.6) is identified, which
restricts the values of L; and ¢; to a set that is smaller than the logical range from

0 and 1 for each, so the model is set (or partially) identified.?° Furthermore, when

20 TIntuitively, it is also easy to understand why the model is not point-identified in this region. A
non-flat CDS term structure contains different information about LGD and PD at each maturity
point on the curve, so identification is generated by this information. When the term structure of
both LGD and PD are flat, then the CDS term structure is flat, and additional maturity points
beyond the shortest one do not add any additional information, so we cannot distinguish the
respective contributions of LGD and PD to the CDS price using information from only one maturity
point. However, set-identification comes from the fact that a certain level for the CDS spread si”)
will guarantee that PD and LGD cannot be too low. The identified sets of (L, ¢:) are decreasing
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the PD curve is close to this non-identified region, the model is weakly identified: a
criterion function such as standard GMM or nonlinear least squares is relatively flat
with respect to L; and (i, so standard asymptotics (and standard t and QLR tests)
do not provide good approximations and are thus invalid.

Under the Nelson-Siegel parameterization, the non-identified region (or rather,
set-identified region) is characterized by fs; = 83, = 0, and since then ¢, = [y, the
subvector (L;, 51;) is not point-identified.

Also, it is worth noting that this weakly identified region nests the case when
default probabilities are very low, i.e. [y, P9 and B3 are close to 0, a setting
in which other papers report having estimation or identification problems. In this
setting, suppose all ¢;; ~ 7 (a small number), so 1 —¢;; ~ 1 and 1 — %qﬂ ~ 1. Then,

2j=1 it

SE") ~ 4L, ? ~ 4L,n, and thus L, and n are not point identified.
j=1 35t

1.4 Robust Inference under Weak Identification

In this section, I describe the weak-identification robust econometric tools that are
used in this paper, and I describe how these theoretical results can be used to con-

struct confidence sets for LGD.

1.4.1 S-test robust to weak identification

I treat observed CDS spreads as noisy realizations of the true price:
32(.?) = Ly x g(Bu, Por, Pa;n) + € = h(Ly, By; n) + &4, for all days i in month ¢. (1.7)

If the model were globally identified, nonlinear least squares would be a straight-

forward choice for the estimation method. However, as described in the previous

in size (in a nested sense) with the level of s;.

18



section, standard tests are not reliable in settings with weak identification, and ro-
bust estimation methods should be used instead.

Since the development of GMM in Hansen (1982), many papers have studied
GMM under nonstandard conditions, with weak identification attracting considerable
attention. Inference for general nonlinear models under weak identification is not
as extensive as the literature for robust linear instrumental variables estimation,
but under the weak instrumental variables framework in nonlinear GMM, Stock and
Wright (2000) derive the asymptotic distribution for the CUGMM objective function
under very weak conditions, and estimate robust confidence intervals for the CRRA
risk aversion coefficient in the consumption CAPM, which is weakly identified in
the model Euler equations. Even though the weak identification in this model is
not equivalent to that of the weak IV setting, the CUGMM results in Stock and
Wright are sufficiently general that I can borrow the same methodology to construct
confidence sets for LGD that are robust to weak identification.

To employ the methodology, the nonlinear least squares problem is recast in the
GMM framework (as minimum distance estimation). From here onwards, I suppress
the t subscripts for brevity, but it is understood that the model is estimated for
each month ¢ using the pooled daily term structure spreads from that month. Let
0 = (L,B) = (L,B1, 2, P3) be the parameters of the model, and take the score

function of the least squares problem as the estimating equations:

oh(6;n)

$i(0) = ¢3(6; 5) = (s§"> — h(6; n)) -

. (1.8)

Further, I define the standardized moment Wy (f) = N~2 SV [6:(0) — Egi(6)]

and its asymptotic variance, Q(0) = limy_,o EV 5 (0) VU (0)'.
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Then, the standard CUGMM objective function is

Sen(0) = [N% Z @-(0)] W (6) [N% Z@(@)] , (1.9)

where Wi (6) is an O,(1) positive definite 4 x 4 weighting matrix that is a function
of 6.

Suppose 0y = (Lo, Bo) are the true parameters of the model. The result I use
from Stock and Wright only requires the weak assumptions that the GMM moment
condition obeys the central limit theorem locally at g, i.e. Wy (6o) > N(0,Q(6p)),?
and that the weighting matrix used is consistent for the inverse of the asymptotic

variance of the standardized moment at 6, i.e. Wy (6y) 2 Q(6y)~". Under these

assumptions, Theorem 2 in Stock and Wright shows that S.y(6g) > x2.
From this result, one can obtain an asymptotic level-a confidence set for #, called
S-sets in Stock and Wright (2000), by inverting the CUGMM objection function

surface, that is

Coo = {0|Sen(0) < x3(1— )}, (1.10)

where x3(1 — ) is the 100(1 — «)% critical value of the x% distribution. However,
constructing Cp empirically involves extensive computation; specifically, S.y(6) must
be evaluated over a very fine grid of values of # spanning the 4-dimensional parameter
space. Instead, given our main focus is estimating LGD, we use a result similar to
Theorem 3 in Stock and Wright, which allows for confidence sets of a subset of the

parameters.??

21 Among other scenarios (structural breaks, existence of higher moments, etc), this assumption
precludes the sequence of moment conditions from being integrated of order one or higher, which
is satisfied in this application.

22 The relationship between the strongly identified (32, 83) and weakly identified (L, 8;) parameters
in this CDS model is not characterized in the exact manner of Assumption C of Stock and Wright
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Under the two assumptions on the GMM moments and weighting matrix, we get
that the profile CUGMM objective function evaluated at the true LGD value L con-
verges in distribution to a chi-square distribution, i.e. S,T(L) = Ser(Lo, B(Lo)) >
X2, where B(L) = argmingS.,(L,3). This result allows us to obtain asymp-

totic level-a confidence sets for L by inverting the profile S-function, i.e., the set
Crao = {L|ScT(L,B(L)) <31 — a)} . Equivalently, this procedure can be thought
of a test (called an S-test) of model specification and parameter identification: the
model with parameter value L € (0, 1] is rejected at the (1—a) confidence level if the
S-function evaluated at L is greater than the chi-square critical value. If all values
in (0, 1] are rejected, then the model has been rejected entirely.

Note that while the computational time is drastically reduced compared to esti-
mating confidence sets for 8, the procedure, which will be described in further detail
in the next subsection, still requires mapping out the profile-S curve for many values
of L, and each point on this curve is obtained from a nonlinear optimization over 3.

The asymptotic result from which the S-sets are developed relies jointly on identi-
fication of the true parameter 6y and validity of the GMM orthogonality conditions.
Therefore, as alluded to above, the confidence set consists of parameter values at
which the joint hypothesis that 6 = 6y and E[¢:(6;s)] = 0 is unable to be rejected.
In contrast, conventional tests (Wald, LR) operate under the assumption that the
orthogonality conditions hold, and are only a test of parameter identification.?3

This feature of the S-sets is valuable as it can detect a misspecified model by

(2000). Also, note that in the weak IV model studied in Stock and Wright (2000), Theorem 3 does
not allow for asymptotically valid confidence sets for a subset of the weakly identified parameters.
However, Theorem 3 holds since when L = Lg, (51, 82, 83) are well-identified (and thus consistently
estimated), which is the general purpose of requiring Assumption C. This hold because a function of
Landf; are identified, so fixing L at the true value allows for consistent estimation of the remaining
parameters.

23 As discussed in Stock and Wright, under conventional asymptotics (not in the presence of weak-
identification), S.r(6y) is asymptotically the sum of the Likelihood Ratio (LR) statistic testing
0 = 0y and Hansen’s (1982) J statistic testing the over-identifying conditions.
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rejecting the entire parameter space. However, the trade off is that non-empty confi-
dence sets require some care in interpretation that is not necessary with conventional
tests. If an S-set is nonempty, there are two possibilities: either the model is correctly
specified and parameter estimates are given by the S-set, or the model is misspeci-
fied, but, for the values in the S-set, the test lacks power to reject the model. Very
large S-sets suggest that there is little evidence to distinguish between parameter
values, but small confidence sets are more difficult to interpret; they could reflect a
correctly specified and precisely estimated model, or a misspecified model that the
test was not powerful enough to reject for a small set of parameter values. There is
no solution to this problem, which is faced by all tests of this type, but in the results
section, in addition to running the 0.05-level test, I also consider the more powerful

0.10-level test and find that results do not change much.

1.4.2  Estimation procedure for confidence sets for LGD

As described in Section 1.3, I assume that CDS spreads from each calendar month
are generated from the same data-generating process, so the model can be estimated
independently each month using the available panel of observed CDS spreads. Gener-
ally, this is a reasonable assumption since CDS spread dynamics are very slow-moving
as shown in Section 1.2.2, but it is possible that for some months, the constant pa-
rameter assumption is not a good approximation. For example, we could envision a
news shock in the middle of some month that causes sudden changes in beliefs about
a firm’s credit. However, the important point is that the S-sets are valid regardless of
whether the assumption holds because they jointly test parameter identification and
model specification. Thus, if the constant model assumption were false, the model

would be rejected for all values of LGD, i.e. S-sets would be empty.?*

24 As a robustness check, I also assume a constant CDS model over longer and shorter time

periods (semi-monthly and quarterly) and check for changes in estimated confidence sets. The
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There are 2972 issuer-months in total, and for each issuer-month, the model is es-
timated using approximately 176 (approximately 22 daysx8 contracts/day) pooled
individual CDS spreads. The weighting matrix form used in the CUGMM objec-

tive function is the inverse heteroskedasticity robust asymptotic variance Wp(6) =

{T‘l S [66(0) — @(0)] [6:(0) — ¢(9)]/}_1. As a robustness check for contract ef-

fects, I also consider the clustered variance estimator to account for maturity point
effects, and a Newey-West HAC-style estimator to account for serial correlation.?®

For each month, a confidence set for LGD can be obtained by evaluating the
profile S-function S.r(L, B(L)) for a grid of values £ for LGD and comparing the re-
sulting values with a chi-square critical value. If the profile S-function evaluated at L
is less than the critical value, then L is in the confidence set. Note that the confidence
set may be disjoint. As an initial grid for LGD, T use £ = {0.01,0.02,...0.98,0.99, 1}.
For each value of L, Scr(L,3) is minimized over 3, with parameters constrained so
that default probability curves are in [0,1].%

In the second stage, I evaluate S.r (L, B(L)) on a finer grid (grid space of 0.001
instead of 0.01 as in the original grid £) around the values of L where S.p(L, B(L))

attains a local minima or is close to the chi-square critical value. Respectively, adding

detailed results are presented in the appendix, but generally there are two contrasting effects from
changing the data aggregation period: using less data (using CDS data over a shorter period)
will reduce the power of the test, but on the other hand, a longer time period is more likely to
compromise the assumption of the constant DGP, leading to either larger confidence sets due to
“extra noise” in the data or empty confidence sets if there is enough power to outright reject the
model.

25 (Results will be updated when available, please visit my website http://sites.duke.edu/

1ilyyliu for the latest version.)

26 Due to the nonlinearity of the profile S-function, I start the optimization procedure from

around 1000 initial values from the compact parameter space for 8. These values were not sampled
uniformly from the entire parameter space. Instead, more “reasonable” regions (those mapping to
lower default probabilities) were sampled more frequently. In addition, if the profile S-curve (as a
function of L) has upward spikes in it, indicating that the first round of optimization stopped at
a local minima, the optimization procedure for those values of L was repeated using initial values
similar to the ﬁ estimates from nearby values of L. This was repeated until the spikes in the
profile-objective curve were resolved.
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these two finer grids reduce the chance of incorrectly rejecting the model (finding an
empty S-set) due to errors from LGD grid discreteness and allows estimation of the

S-set end-points to be precise to 0.1%.

1.4.83  FExamples of Profile S-functions and S-sets

Before presenting the main results of the paper, I plot, in Figure 1.4, concentrated
S-functions from 4 months to illustrate S-sets constructed from actual data. In
addition, I describe how the confidence sets from this method can look different
from conventional confidence intervals from likelihood ratio (LR) and Wald tests. A
confidence set from a standard Wald test is generally a symmetric interval around the
point estimate, and confidence sets from both LR and Wald tests are not empty and
not disjoint by construction. The two top subplots show typical shapes of the profile
S-curve that yield small and very large confidence sets. The confidence sets are not
symmetric around the CUGMM point estimate (CUE), where the profile S-function
reaches its minima. In addition, the bottom left subplot shows an issuer-month
for which an empty confidence set is estimated. The bottom right subplot shows a
disjoint confidence set. Disjoint S-sets are observed for 210 out of 2972 issuer-months
in this sample, and almost all of them cover a large portion of the (0,1] parameter
space. Finally, we observe that the profile S-function diverges for very small values

of LGD, which is expected since the CDS price is undefined when LGD equals zero.

1.5 Empirical Results from Joint Estimation

In this section, I present the main results. In particular, I describe the estimated
confidence sets for LGD, and address the two main questions of the paper: can LGD
be precisely estimated when jointly estimated with LGD in this term structure model,
and if so, is 60% a good estimate for LGD? In addition, I explore the differences
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in the results across issuers and over the sample period, and investigate whether
characteristics of the monthly CDS data affect how precisely LGD is estimated.
Finally, I study the implied default curves that are jointly estimated with LGD, and

discuss the implications on credit risk premia.

1.5.1 Confidence Set Lengths and Locations

Here, I present a summary of the sizes and location (on the (0,1] parameter space) of
the 2972 estimated monthly confidence sets for LGD and address a main question of
whether LGD can be jointly estimated alongside default probabilities, which in effect
is asking how large are the confidence sets for LGD? If the estimated confidence sets
are all large subsets of the total parameter space (0,1], then it implies that many
combinations of LGD and PD are indistinguishable in their ability to fit the spread
data, and hence, we gain little information about the true value of risk-neutral LGD.

In Table 1.2, I divide the 2972 S-sets into bins based on their size, and report the
proportion of confidence sets in each bin. I find that the confidence sets for LGD are
concentrated in the smallest and largest bins. For 38.2% of issuer-months, LGD is
estimated very precisely, with confidence sets less than 0.10 in length. Another 5.3%
of issuer-months have confidence sets between 0.10 and 0.20 in length. However, an
almost equally large fraction (32.6%) of issuer-months have estimated confidence sets
that are very large, greater than 0.80 in length, which indicates an almost complete
lack of information in the data to distinguish between the roles of LGD and PD
in the cross-sectional model. Also, it is interesting to note that there are very few
issuer-months in the mid-sized confidence set bins — only 9.8% of confidence sets are
between 0.20 and 0.80 in length.

In addition, 14.2% of the confidence sets are empty, meaning that the model is

rejected for all values of LGD at the 0.05 level. Rejection of the model could be due
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to one or more of the following: the Nelson-Siegel curve parameterization for PD is
incorrect, the flat term-structure for LGD is a poor fit, or the constant parameter
assumption failed for the month in question.?”

The middle column of Table 1.2 characterizes the bins of S-sets along an additional
dimension — where they are located in the (0,1] parameter space. By construction,
the group of largest confidence sets has an average midpoint around 0.50. For shorter
intervals, the mid-point can lie (almost) anywhere on (0,1]. However, I find that when
LGD is precisely estimated, the estimated values are very low. The smallest group of

S-sets is centered at 0.08 on average, and the second smallest group (length between

0.10 - 0.20) is centered at 0.29.

1.5.2  Is loss given default really 0.607

The second main question I address is whether 0.60 is a good approximation for
LGD. From the results in the previous subsection, we already infer that 0.60 is not
suitable for the many issuer-months in which low values of LGD are estimated. In
fact, the estimated S-sets are a formal test for this point specification test; the null
hypothesis Ly = 0.60 is rejected (at the 0.05 level) for a given month if and only if
0.60 is not in the monthly 95% S-set.

In the bottom panel of Table 1.2, I present the proportion of confidence sets that
include 0.60 for the entire set of issuer-months, and also for sets of months where
LGD is more precisely estimated. We observe that over all issuers and all months,
36.8% of confidence sets do not include 0.60. More strikingly, if only considering
months with confidence sets that are less than 0.50 in length, only 4.2% of these

confidence sets contain 0.60, and only 0.3% of confidence sets less than 0.2 in length

27 T also construct S-sets for LGD with type one error of 0.10 for a more powerful test, and find
very little difference in the results (see appendix table A.2 for a summary of the distribution of S-set
sizes). The proportion of small S-sets increases by 3% and the proportion of empty sets increases
by about 2%.
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include the value 0.60. Thus we conclude that in the months that LGD is precisely
estimated, 0.60 is rejected as a value for risk neutral LGD. However, these results do
not rule out that 0.60 is an appropriate value for LGD in the approximately one-third

of issuer-months that have very large LGD confidence sets.

1.5.3 Confidence sets across reference entities and over time

The above analysis focuses on characterizing the aggregate collection of estimated
confidence sets, but we are also interested in discovering heterogeneity in the results
across firms and over time. The top two subplots of Figure 1.5 summarize the dis-
tribution of confidence set sizes for each of the 30 reference entities. The top panel
plots the proportion of S-sets that are less than 0.1 in length and the average S-set
center of these small sets, per firm. The middle panel plots the proportion of large
S-sets (length greater than 0.6), and the proportion of empty confidence sets (to
make the plot easier to read, the firms have been ordered by the proportion of small
confidence sets). We see that the proportion varies substantially across firms from
61% (Whirlpool, WHR) to only 17% (American Express, AXP). We also see some
variation in the average midpoints of these small S-sets; average midpoints lie be-
tween 0.03 (General Electric Capital, GEc) and 0.18 (Tenet Healthcare, THC). These
results lead us to ask whether there are variables that can explain the differences in
confidence set size and in the estimated level of LGD when precisely estimated. We
investigate the former in section 1.5.4 and the latter in section 1.5.7 after describing
the estimates for the forward default probability curve.

Additionally, we can investigate if 0.60 is a better estimate for LGD for certain
reference entities. The bottom panel of Figure 1.5 plots the proportion of confidence
sets that include 0.60, keeping the same order of firms as in the top panel. This

proportion ranges from 22% for Sabre Holdings (TSG) to 57% for American Express
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(AXP). In addition, the bottom panel also presents the proportions of confidence sets
with length less than 0.5 or less than 0.2 that include the value 0.60. The latter set
of proportions ranges from 0 to 7%, which further illustrates that 0.60 is generally
only in large S-sets, i.e., when there is insufficient information in the data to jointly
estimate LGD and PD.

In addition to tabulating summaries of the confidence sets for individual assets,
we can plot the S-sets over time, per firm. Figure 1.6 plots the confidence sets for
two representative firms, Xerox and Goodyear Tire. Both plots show a pattern that
is present for almost all issuers: large confidence sets are concentrated during the
financial crisis period from late 2007 through 2009, while the periods before and after
have fewer large confidence sets.

To explore this further, I divide the 100 month sample period into three sub-
periods of approximately equal length, and in Table 1.3, I reproduce the confidence
set summaries as in Table 1.2 for each sub-period. Period 1 runs from Jan 2004-Sep
2006 (33 months), period 2 runs from Nov 2006-Jun 2009 (33 months), and period 3
runs from Jul 2009-Apr 2012 (34 months). Note that period 3 incidentally coincides
almost exactly with the post CDS Big Bang era.?® Across these three sub-periods,
the estimated LGD S-sets are quite different. In the earliest and latest parts of the
sample, Jan 2004-Sept 2006 and July 2009-April 2012, over half of the issuer-months
have over confidence sets smaller than 0.10, and around 20% of confidence sets are
larger than 0.8. In terms of empty confidence sets, the latest subperiod has the
fewest at only 4.6%, while the earliest subperiod has the largest proportion at 7.6%,
however, both of these values are close to the specified level of the test. The middle
period, which contains the recent financial crisis, contains the smallest proportion of

precisely estimated confidence sets for LGD: 39% of the monthly confidence sets are

28 The CDS Big Bang was announced in April 2009, and policies were implemented 2-3 months
later.
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over 0.8 in length, and only 29% of months have length less than 0.1. So the main
difference observed in the three subsamples is that in the middle period, 20% of the
confidence sets get redistributed from the less-than 0.1 bin to the greater-than 0.8
bin.

A final comment on the confidence sets over time: it is observed that the small
confidence intervals are usually estimated clustered together; however, there are nu-
merous cases when a string of small monthly confidence intervals, roughly estimated
at the same level, is interrupted by one or several large confidence intervals that span
almost the entire parameter space (for example Jan-May 2005 for Xerox in Figure
1.6). T stress that this does not necessarily mean that risk neutral LGD jumped
from around 0.10 to 0.90 (or even to the midpoint of the large confidence set) and
then back over the span of 1 month. This sequence of confidence intervals is also
consistent with the true implied LGD staying steady at 0.10 over all the months, as
0.10 is in the confidence set for all three months. The large S-set is just a conse-
quence of the data containing limited information that month, so virtually no values
in the LGD parameter space could be rejected. In this next subsection, I will explore
whether characteristics of the CDS spread data can explain differences in sizes of the

confidence sets.

1.5.4 Effects of CDS data characteristics on Confidence Set Size

In this section, I summarize how three characteristics of monthly CDS data are
related to the size of LGD confidence sets, using a fractional-response general linear
regression (with logit link function) by regressing the size of monthly confidence sets
on explanatory variables constructed from monthly CDS data.

In section 1.3.4, it is shown that when the PD term structure is flat, the cross

sectional model is not identified. Maintaining the model assumption that the LGD
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term structure is flat, flat PD term structure implies a theoretical CDS term structure
that is also flat. Thus, I investigate whether LGD S-sets are larger for months with
flatter CDS term structures by including in the regression a measure of CDS term
structure “flatness” — the absolute value of the slope (the 10-year spread minus the
6-month spread) plus the absolute value of the curvature (2 times the 5-year spread
minus both the 6-month and 10-year spreads). In addition, noisy data caused by large
errors diminishes the test’s ability to extract information about the true model, so I
also include a measure of noise variance — the within month coefficient of variation
of 5-year spreads. The coefficient of variation is defined as the sample standard
deviation divided by the sample mean, so more precisely it is a noise-to-signal ratio.
Finally, I also include the mean of the 5-year spreads as an explanatory variable,
which can be viewed as a proxy for level of credit distress of the reference entity,
and is also related to identification, because as noted in section 1.3.4, if spreads are
high when PD term structure is flat, then the identified set for (L, ¢;) is smaller
than when spreads are low. Also, point identification may be threatened when CDS
spreads are near zero.2?-30

The regression results are reported in Table 1.4.3! The regression is conducted

over the full sample and separately for each subperiod. For each sample period,

29 An alternate regression specification using the standard deviation of 5-year spreads (unstan-
dardized) as the “noise” variable produces similar results, however the three explanatory variables
are highly collinear, whereas the coefficient of variation is almost uncorrelated with both average
5-year CDS spread and term-structure flatness. The average 5-year spread and the term structure
flatness measure have a sample correlation of 0.60 over all firms and all months. In addition, the
coeflicient of variation measure is more comparable in level across all firms, whereas the average
standard deviation across firms is substantially varied.

30 The estimates of 3 and B3 could be used to used as explanatory variables, however I choose to
only use variables that can be directly measured from the CDS spreads before any estimation takes
place.

31 T stress that this regression is merely a summary tool for exploring how characteristics of monthly
CDS spreads affect S-set size. It is not proposed as a model for the dependent variable (S-set
length), nor is this variable truly intended to be interpreted as a random variable. It follows that
the standard errors are not interpretable in the regular sense, but they are reported as they still do
provide some indication of how strong the regression association is.
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explanatory variables have a strong relationship with the confidence set length, and
have signs in the expected direction. When the CDS term structure is less flat
(i.e., the “flatness” variable takes a higher value), LGD is more precisely estimated
(smaller S-sets). Also, a higher coefficient of variation, a proxy for noisier data,
is associated with a larger confidence set, which is also expected since information
in the data is more heavily contaminated by noise. Finally, the level of the 5-year
CDS has a positive effect on confidence set length. In the full sample regression, it
is possible that the significance of the coefficient estimates are driven by the large
differences in CDS spread behavior during the “financial crisis” period and in the rest
of the months. However, the results are robust for all three subperiods, as shown in
Table 1.4, and Periods 1 and Periods 3 do not overlap with the financial crisis, so the
significance of these three credit spread factors is not only driven by the disparate

financial crisis period.

1.5.5 FEstimated default probability term structure

As explained in Section 1.4.1, I do not construct confidence sets for the full parameter
vector (L, 1, B2, #3) in this paper due to computational burden, however, we can still
study the (point) estimated PD term structures given a fixed value of L, i.e. the PD
term structure implied by 3 (L) = argmingS.r(L, 3).3* In particular, I am interested
in comparing the estimated PD term structure corresponding to LGD fixed at 0.6,

~

£(0.60) (which I will refer to as conventional PD) to the PD term structure at the
CUGMM point estimate (CUE), 3(Leye) (referred to as estimated PD).
I limit this analysis to months when LGD is precisely estimated (S-set length

is less than 0.1), which is the case for 1335 issuer-months out of the total 2972.

32 Note that the values of LGD in the S-sets and their corresponding estimated PD term structures,
ie. {(L,B(L)): L e CL}, represent estimated models that are not rejected under the S-test with
level 0.05, however the set of 3 estimates {8(L) : L € Cr} do not make up a correctly sized
(asymptotically) confidence set for (81, 82, 83).
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Summaries of the average PD term structures are presented in Table 1.5. The average
point estimates of LGD are 0.073 for investment grade issuers and 0.113 for high yield
issuers, which are about 8.3 and 5.3 times lower than 0.60, respectively.?® I find that
for the months with small confidence sets, estimated PD is, on average, 10.9 times
higher than conventional PD. Notably, the long-maturity end of the estimated PD
curve ranges from 5-30 times higher than that of the conventional. Table 1.5 further
distinguishes between investment grade and high yield reference entities, and presents
average values of estimated and conventional forward default probabilities and the
average ratio of estimated to conventional PD for four maturity points. On average,
the term structure of estimated PD is 12-15 times higher than that of conventional
PD for investment grade entities, and 6-9 times higher for high yield entities. I
also include, in Table 1.5, the average cumulative default probability at 4 points
along the term structure, denoted by g;;, and I note that the ratio between the
estimated cumulative PD and conventional cumulative PD decreases as the maturity
increases, i.e., as default probabilities are compounded. However, even at 10 years,
the estimated cumulative default rate is 5.0 times higher for investment grade issuers
and 2.7 times higher for high yield issuers, a substantial magnitude of difference.
Therefore, for the months where LGD is precisely estimated, default probabilities
are hugely biased when LGD is fixed at 0.60.

1.5.6 Discussion of risk premia implications

Existing papers that quantify risk premium in credit spreads use models with loss
given default fixed exogenously, so in addition to possibly estimating distorted values,

the entire premium (excess returns) in CDS is counted as compensation for default

33 Recall that on average, the small confidence sets are centered at a value 6-8 times lower than
0.60 (see Table 1.2; the average LGD CUE are usually slightly lower these confidence set midpoints
because the small confidence sets are slightly asymmetrical around the point estimate.
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probability risk. For example, Driessen (2005) and Berndt et al. (2008) use the
ratio of risk-neutral to actual default probabilities as a measure of the proportional
premium for bearing default risk.** They fix LGD at 0.60 and approximately 0.75,
respectively, and estimate the risk premium ratio of default intensities to be around
2-4 for U.S. corporates.

However, there is uncertainty regarding loss given default as well, and an impor-
tant question that arises is whether risk in LGD is priced, or if the premium observed
in credit spreads is correctly attributed to the probability of default. In this paper,
I directly model and estimate risk neutral LGD and PD curves, and as such, this
model does not contain the machinery to extract risk premia or actual expectations
of default probabilities and loss given default. However, it is still sensible to discuss
what the estimates of risk-neutral LGD and probability of default imply for risk
premia, and any differences that arise when LGD is fixed exogenously. In addition,
the following analysis puts forth pertinent questions for future research.

In the previous subsection, it is clear that the ratio of default probabilities under
the estimated and conventional treatments for LGD change depending on what the
exact underlying probability is, i.e., forward probability or cumulative probability,
and the length of the period. To investigate how the magnitude of the risk premium
on default probabilities might change when LGD is estimated from the data, I com-
pute a simple default intensity loosely comparable to the default intensities studied in
Driessen (2005) and Berndt et al. (2008). I back out the default intensity associated
with the cumulative 10-year probability of default presented in Table 1.5, assuming
constant intensity over the 10-year period. These default intensities (average \,) are

listed in the right-most column of Table 1.5 along with the ratio between the implied

34 Berndt et al. (2008) gives the example that “if this ratio is 2.0 for a particular firm, date or

maturity, then market-based insurance of default would be priced at roughly twice the expected
discounted default loss.” Driessen (2005) studies credit risk using corporate bond data.
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default intensities. This analysis shows that the ratio of the default intensities is 8.8
for IG firms and 5.3 for HY firms, meaning that, at least in this sample and given the
model of this paper, the ratio of risk-neutral to objective default intensity would be
8.8 or 5.3 times higher than if LGD were fixed exogenously at 0.60. So, in summary,
the risk premium on default probability is grossly understated if LGD is fixed at 0.60
rather than estimated.

A puzzle that now arises is that the risk premium on default probability is too
high to be reasonably explained by most standard models. A possible explanation
for the high values of risk neutral PD when LGD is jointly estimated is that a
large proportion of the risk premium should be attributed to contagion risk. The
firms selected for this study (firms listed in CDX indices) are very large firms whose
default is strongly associated with bad times for the market overall, and could cause
a contemporaneous negative drop in the market portfolio; see Bai et al. (2013) for a
model with this feature. If the study focused on smaller, systemically less important
firms, the risk premia may be smaller, though it is possible that the objective default
probabilities may be larger in the case of a smaller firm.

Regarding the implications for risk premia associated with LGD, as mentioned
above, the estimates of loss given default are much lower than the historical rate of
0.60, which leads to questioning if the risk premium on LGD is negative. A negative
risk premium for LGD is difficult to believe, as it implies that when the market
is in an overall bad state, default losses become less severe). This would be at
odds with financial theories and empirical evidence documenting decreased value of
firm collateral and increased fire-sales during times of financial distress, which cause
lower recovery rates than usual. However, estimates of LGD being around 0.10 is
not inconsistent with a positive risk premium for LGD, because both the estimated

risk neutral LGD in this paper, and the historical average 0.60 are not estimates of
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the unconditional mean of LGD under the two different probability measures. Under
the objective measure, LGD is most likely not independent of default probabilities.
Instead, low LGD is probably associated with very low PD and vice versa. Then,
realized LGD in the historical data is more often drawn from the region of heavy
losses. Furthermore, the true conditional objective LGD could be very low in this
sample — less than 0.10, which would imply a positive risk premium for LGD. These
claims cannot be substantiated in this framework, but they can not be ruled out

either, and are a more plausible interpretation of the risk premium for LGD.

1.5.7 Firm characteristics and credit rating effects

In this section, I study whether firm characteristics are related to estimated levels
of LGD and PD using a two-equation panel regression. The LGD and PD mea-
sures, which are the two dependent variables in this regression, are the CUGMM
point estimate for loss given default L., and the average (across maturities) quar-
terly forward default probability corresponding to L., denoted as avgPD(Le,e) =
Z?il q;(B(Leye)). T conduct this analysis on the full set of issuer-months with non-
empty confidence sets. However, for the largest confidence sets, there is very little
variation in the CUGMM point estimate for LGD, which is usually very close to 1.
These data points may act as highly influential “outliers”, or cause a nonlinear effect
in the data that cannot be accounted for using the (generalized) linear regression.
Thus, I also conduct the panel regression for the subsets of issuer-months where the
LGD confidence set is less than 0.7, 0.5, 0.2, or 0.1 in length to see whether results
change. For each of these five data subsamples, I estimate the LGD and PD equa-
tions jointly by stacking the equations. Since both dependent variables take values
between 0 and 1, I conduct a fractional response general linear model regression with

a logit link function.
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The monthly measures of firm characteristics included in the analysis are leverage
(ratio of debt to book equity), realized variance of the firm equity price (a proxy for
the volatility of firm value), book-to-market ratio (B/M), firm size (log of market
capitalization), and credit rating. Following Papke and Wooldridge (2008), I also add
time averages (computed per firm) of each of the explanatory variables to control for
firm-level fixed effects.?® Monthly realized volatility is computed as the square root
of the sum of daily “close-to-close” squared returns, using price data from CRSP. All
other data used to construct the explanatory variables is sourced from Compustat.
Quarterly data items (such as those used to compute leverage and B/M) were as-
signed to the 3 calendar months spanning the quarter. Monthly Standard and Poor’s
credit ratings were converted to an ordinal number scale, where 1 is the highest rat-
ing. Data for privately held firms is not available on Compustat or CRSP, and thus
those firm-months were dropped from the analysis.

Firm leverage and firm value volatility are included in the regression because they
are the two sole determinants of credit spreads in the early structural credit model
of Merton (1974). In addition, previous studies have found that loss given default is
lower for firms in industries that naturally possess more tangible assets that can be
sold in the event of a bankruptcy, and firm leverage could reflect this information.
Book-to-market is included to see whether there is a relationship between the mar-
ket’s valuation of a firm (relative to it’s accounting value) and the market’s beliefs
about the firm’s credit risk.

The inclusion of credit rating as an explanatory variable may seem natural but
the expected relationships with the dependent variables are not completely straight-

forward. Credit ratings are a qualitative measure of how likely it is that a firm will

35 The time-series dimension is 100 in this setting, so firm-level fixed effects could probably be
estimated directly by including a dummy variable for each group (and omitting the constant),
however this involves adding a large number of constants, so I use the approach of Papke and
Wooldridge (2008) which was developed for large-N, small-T" panels.
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honor its debt obligations, implying a close relationship with objective probability
of default, but it is unclear if credit rating is related to the risk neutral counterpart.
Furthermore, the expected relationship between credit ratings and LGD is not clear,
because firms are not rated by how much they will fall short of their obligations if
they do default. However, if firms with higher default probabilities also have lower
recovery rates after default, we would observe a negative relationship between LGD
and credit quality.

Market capitalization is included to see if there is a relationship between size of a
firm and its default probability. Again, the expected relationship is not clear. On one
hand, we might expect smaller firms to have more credit risk, in the same manner
that “small” firms are shown to be riskier in the Fama-French three-factor model.
However, if large firms are more systemically important than small firms, then the
risk-premium on default probabilities, and thus risk-neutral default probability would
be higher. Ideally, we would want to study the relationships between firm size and
the objective default probability and firm size and risk premium separately (and on
a larger and more varied cross-section of firms), but unfortunately, this model setup
does not allow for any direct measures of risk premium.

The regression results are shown in Table 1.6.3 Most of the significant results
are for the PD equation; I find very few significant relationships for LGD. As ex-
pected, credit rating has a significantly positive (0.05-level) coefficient for PD in each
regression, meaning that as credit rating gets worse, the estimated average PD term
structure increases. Interestingly, firms with lower credit rating were found to have
lower LGD estimates, but this result only holds in the full sample, where lower credit
rating is highly correlated with times when the CDS spreads were noisier, and thus

the LGD confidence set are very large, and the point estimate approximately equals

36 In addition to the time-averaged variables, a constant (common to both equations) was included
but is not reported in the table for brevity.
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1. For all of the other samples that drop the largest confidence sets, there is no
significant relationship between credit rating and LGD.

Across all subsamples, leverage ratio and book-to-market ratio are not signifi-
cantly related to LGD or PD. Months with higher volatility see significantly higher
default probabilities, but are not related to the point estimate of LGD, except for
in the regression limited to confidence sets less than 0.1 in length, in which the co-
efficient is significantly negative. Market capitalization was not significant for LGD,
but all five regressions showed that firm size is negatively related to the default prob-
abilities. This result is analogous to the size premium in equity returns and deserves

further study.

1.6 Robustness Checks and Other Extensions

In this Section, I estimate variations of the base model to investigate the robustness of
results to model assumptions. First, I change the fixed values of A to allow different
amounts of curvature in the Nelson-Siegel function. Secondly, I consider different
durations for the constant parameter assumption, or in other words, I estimate the
model on time periods shorter than and longer than one month, and check whether
results change.

In addition, I also investigate whether the model can be precisely estimated when
LGD is allowed a linear term structure.This extension on the model is not meant as a
literal check for model robustness, but are more intended to demonstrate that when
additional degrees of modelling freedom are allowed, confidence sets for LGD will
not pin down economically meaningful values for LGD (and thus PD). This actually
suggests that this non-time series approach to jointly estimating LGD and PD has
its shortcomings as well.

Finally, I provide a brief discussion of how the model can be applied to a larger
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set of single-name CDS contracts, or augmented to include simple dynamics.

1.6.1 Alternate Nelson-Siegel Curves

Results in Section 1.5 are based on modelling default probability term structure using
Nelson-Siegel curves with A fixed so that the hump of the Nelson-Siegel curvature
factor is located at 3.5 years (hereafter NS-3.5, for brevity). To check that results
are robust to the choice of A, I consider two other sets of Nelson-Siegel curves with
A fixed so the hump of the curvature factor is at 2.5 years or 4.5 years, abbreviated
NS-2.5 and NS-4.5, respectively. I reproduce the monthly confidence sets for LGD
for all thirty corporate issuers with the alternate Nelson-Siegel curves, and Table 1.7
presents the summaries of confidence set length and locations, comparable to Table
1.2.

I find very little change in the results. The estimated confidence sets under NS-
2.5 are in general centered slightly higher than the original set of results, while the
confidence sets under NS-4.5 are centered at the same level as the NS-3.5 results.
However, all three sets of confidence sets are centered at low values relative to the
entire (0,1] parameter space, and the value 0.60 is consistently not included in the
issuer-months where LGD is precisely estimated. Further, the model is rejected
much more often (i.e. LGD confidence set is empty) under NS-2.5 than under NS-
3.5. The number of empty sets under NS-4.5 is comparable, but still slightly higher
compared to the results under NS-3.5. Thus, the NS-3.5 base parameterization used
in Section 1.5 appears to be the best choice overall for modelling default probability

term structure.
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1.6.2  Varying the duration of the constant parameter assumption

The empirical work in this chapter to date assumes that the model for default prob-
abilities and loss given default are constant over one calendar month, so that estima-
tion is done on the pooled CDS spreads from each month. It is possible to vary the
duration of the constant parameter assumption, so that the model is estimated on
spreads pooled over a longer or shorter time period. In this section, I set the pooling
duration to 2 weeks (semi-monthly) and to 3 months (quarterly) and reproduce the
estimation on several assets. We expect that there will be two possible effects to aug-
menting the duration. Firstly, by including more observations, the power of the test
could increase, resulting in more precise estimates. However, it is also possible that
imposing the constant model over a longer period of time is not a good assumption
for particular time periods, and thus estimates will become less precise (variation in
the data over time will be translated into noisier data).

In practice, for the set of three assets (AA, LTD, XRX) on which I conduct
this robustness check, the lengths and locations of resulting confidence sets (for both
semi-monthly and quarterly pooling) are very similar to the set of monthly confidence
sets. So, the key interpretations are that we do not see any uniform improvement or
deterioration in terms of how precisely LGD and PD can be jointly estimated, and
the change in pooling duration does not cause any systematic change in the level of

estimates.

1.6.3 Model Extensions with additional degrees of freedom

Linear term structure for LGD

In this section, I allow for a linear term structure for LGD, while keeping the same

model for the forward default probability curve. The term structure for LGD is now
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determined by two parameters that can be interpreted as intercept o and slope m,

or average LGD m (from 1 to 40 quarters) and slope; see equation 1.11 below.

Livju=a+vj=m+~(j—205); for j=1,...,40 (1.11)

Under a non-flat term structure model for LGD, the CDS pricing equation is
given by 1.3. Asymptotically valid confidence sets for the subvector of model param-
eters (m,~y) can be estimated by evaluating concentrated S-functions for grid values
over the two-dimensional parameter subspace for m, and . While the estimation
methodology is identical to that of estimating the flat LGD term structure, this pro-
cedure is much more time-intensive computationally, and thus I only estimate the
model for three assets (AA, LTD, XRX) as a case-study.

The results of this case study reveal interesting implications for joint estimation
of LGD and PD. I find that by allowing one additional degree of freedom in the term
structure model for LGD, the resulting estimates for the joint model for LGD and
PD are not very useful economically. Even when a large proportion of the logical
parameter subspace for the LGD parameters is rejected by the S-test, the LGD term
structure models that reside in the confidence sets still can vary drastically in terms
of their level and slope. Now, instead of just the levels of PD and LGD potentially
trading off, both the levels and slopes of the LGD and PD term structures trade
off. To illustrate, I present figures 1.7, 1.8 and 1.9 as representative examples of
estimated monthly confidence sets for (m,~). Each of these figures consists of two
panels. The left panel presents the estimated confidence set for the LGD parameters
for the linear term structure model (blue dots) and for the flat term structure model
(red dots). The right panel plots the LGD term structures for the models in the
confidence sets (thick red line for flat term structure model and vari-colored thin
lines for the linear term structure model). Figure 1.7 presents ones of the “nicest”
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results out of 300 months, however, over 90% of the 300 months yield confidence sets

that resemble those in figures 1.8 and 1.9.

1.6.4 Further data and model extensions

For approximately a third of issuer-months in this paper, estimated confidence sets
for LGD are very large, and thus convey limited information about the true value
of risk-neutral expected LGD. To possibly obtain more precise estimates of LGD in
these months, the simplest extension is to use a larger set of data, such as spread
data from CDS of multiple seniorities.

So far in this paper, I have restricted the data used to credit default swaps
on senior unsecured debt (abbreviated as SNRFOR by Markit) because these con-
tracts are most widely available across reference entities, and more heavily traded
than other debt tiers: senior secured (SECDOM) or subordinated (SUBLT2). How-
ever, the CDS model can be estimated using prices from CDS on debt of multiple
seniorities. Generally speaking, these CDS contracts are priced with the same de-
fault probability term structure, but with different, though ordered, levels of LGD:
Lsgcpom < Lsnrror < Lsuprra. Then, say for some firm, SUBLT2 CDS prices
are available for 8 maturity points from 6 months to 10 years. At the cost of esti-
mating one extra parameter Lgyprre, we can add this extra data to the estimation
and evaluate the profile S-function with both Lsyrror and Lsyprre concentrated
out. Limitations of this approach are that the data for non-SNRFOR tier CDS is
severely limited, and when their composite prices are reported by Markit, they are
indicated to be aggregated from a limited number of individual data contributors,
thus the data may be less reliable than senior unsecured CDS data.

In lieu of using different seniorities of CDS, for which data is very thin, it is

also possible to consider CDS contracts with multiple restructuring clauses: ex-
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restructuring (XR), cum-restructuring (CR), modified restructuring (MR), and mod-
mod restructuring (MM). The estimation presented in this paper only uses XR con-
tracts, because they were adopted by the ISDA as the conventional contract for U.S.
corporates after the CDS Big Bang in 2008, and thus are more commonly traded
than contracts with other restructuring clauses. Modified restructuring contracts
are also popular, as they were the conventional contract prior to the CDS Big Bang;
mod-mod restructuring and cum-restructuring contracts are less popular, and data
on them is accordingly thinner. For a given reference entity, CDS contracts of the
same maturity and debt seniority have the same loss given default, but different de-
fault probability term structures. For each point along the term structure of default
probabilities, ¢xr < qur < qum < qor. Thus, using, for example, MR contracts in
addition to XR contracts requires estimating an additional default probability term
structures, so this data extension may not produce more precise estimates of LGD
since the parameter dimension increases significantly.

Finally, the model can be extended to include simple dynamics as in Diebold
and Li (2006), who produce a dynamic Nelson-Siegel model for forecasting daily
U.S. yield curves. In that model, the 3-dimensional 3 parameters follow a VAR(1)
process. In this CDS model, a VAR or GARCH model for (3, L) may be suitable.
Additionally, in a time series model, the data aggregation period could be shortened,
from one calendar month as in Section 1.5 to maybe 5 days. This is not pursued in
this study, because the focus is on producing robust estimates of LGD that do not
depend time series modelling of credit default dynamics. If considering a time series
model, the results of this paper, which show that precise estimates are not possible
in the financial crisis period from the cross-sectional identification strategy, suggest

that care must be taken to produce robust estimates of LGD and PD.
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1.7 Conclusion

This paper combines a term structure model of credit default swaps (CDS) with weak-
identification robust methods to jointly estimate the probability of default and the
loss given default of the underlying firm. In general, model identification is bought
using assumptions, and existing models that jointly estimate loss given default and
probability of default impose parametric time series specifications for stochastic de-
fault intensity whose assumptions are unverifiable in the data, and for which there
is no consensus of best specification. Instead, this paper forgoes the parametric time
series restrictions, and only models the term structure of default probability and loss
given default at a point in time.

As a result of weakening the assumptions, the model is not globally identified, but
valid inference is conducted using econometric methods robust to weak identification.
In addition, the source of weak identification in the CDS term structure model is
different from that of common empirical applications in the large weak identification
literature.

As an empirical contribution, I estimate the model independently each month
on 30 U.S. firms for a period spanning 100 months, and construct 95% confidence
sets for loss given default. The results show that informative (small) confidence sets
centered close to 0.10 are estimated for half of the firm-months in the sample. For
almost all of these issuer-months, the conventional loss given default value of 0.60
is rejected. In addition, risk-neutral default probabilities, and hence risk premia on
default probabilities, are underestimated when loss given default is exogenously fixed

at the conventional value instead of estimated from the data.
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1.8 Tables

Table 1.1: Summary Statistics of CDS spreads

1 year 5 year 10 year 5 year
mean std mean  std mean std skew 01 010 P20

Investment Grade

GEcc 112 191 133 155 132 133 1.99 1.00 095 091
SWY 30 20 77 31 101 37 0.80 1.00 0.95 0.90
WHR 66 99 122 100 144 90 1.67 1.00 097 0.93
UNP 20 18 45 19 62 17 1.75 0.99 091 0.83
UNH 51 65 90 78 105 76 1.16 1.00 0.98 0.95
MO 52 42 91 43 117 46 0.33 1.00 096 0.91
CSX 29 31 60 36 78 32 1.76 1.00 096 0.92
CSC 37 60 92 85 120 92 2.34 1.00 097 0.93
AZO 29 25 71 26 93 24 1.14 099 091 0.81
AXP 85 150 96 115 97 93 2,51 1.00 0.95 0.88
ARW 38 34 97 45 127 48 0.95 1.00 0.95 0.88
AA 104 192 166 186 185 173 1.70 1.00 097 0.94
YUM 29 25 67 30 86 26 1.35 1.00 0.95 0.91
COP 20 20 40 24 53 25 1.16 1.00 096 0.92
VLOC 69 71 130 83 153 81 0.24 1.00 0.97 094
COXComlnc 28 31 72 33 97 30 212 099 0.90 0.78
CAG 18 12 52 27 71 37 1.23 1.00 097 0.93
AEP 23 16 51 19 67 22 0.18 1.00 0.93 0.87
APC 61 109 96 98 115 93 2.83 1.00 0.93 0.83
XRX 92 104 166 97 193 85 1.65 1.00 0.95 0.89
High Yield
LTD 102 150 172 140 198 123 1.57 1.00 097 0.93
MGIC 588 707 505 519 433 415 0.81 1.00 0.98 0.95
AMD 528 849 739 725 728 589 2.14 1.00 097 0.95
GT 285 301 503 228 524 177 1.74 1.00 093 0.84
TSG 417 753 606 725 594 621 239 1.00 098 0.95
RSH 101 124 197 188 221 186 3.01 1.00 0.99 0.97
RCL 248 417 360 335 366 264 2.14 1.00 0.97 0.92
THC 258 191 552 218 582 170 1.83 1.00 0.96 0.91
WY 54 52 118 70 144 67 0.29 1.00 0.97 0.94
CMS 105 81 200 76 222 64 0.53 1.00 0.95 0.91

Notes: This table presents the sample means and standard deviations of 1, 5, and 10-year daily
CDS spreads for all reference entities under study for the sample period of January 2004 - April
2012. Also, the sample skewness and 1, 10, and 20-lag autocorrelations of the 5-year spreads are
listed. The reference entities are identified by their Markit ticker. The full names and sectors of
the reference entities can be found in appendix table A.1.
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Table 1.2: Summary of the length and location of LGD confidence sets (all firms)

Proportion (%) avg C'f, center

Confidence set length:

(0,0.1] 45.1 0.08

(0.1,0.2] 5.3 0.29

(0.2,0.4] 5.8 0.52

(0.4,0.6] 4.6 0.59

(0.6,0.8] 6.3 0.57

(0.8,1] 26.8 0.54

empty 6.3 -
Testing Lo = 0.60:

0.60 e C'p, 36.7

0.60 € CL|¢(CL) < 0.5 4.1

0.60 € Cp|¢(CL) < 0.2 0.3

Notes: This table groups the 2972 monthly LGD confidence sets into bins by their
length, and presents the proportion of confidence sets belonging to each bin. The
bottom panel presents the proportion of confidence sets that include 0.60, out of

all 2972 issuer-months and for the subsets of issuer-months with confidence sets less
than 0.5 and 0.2 in length.
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Table 1.3: Summary of the length and location of confidence sets, by subperiod
(all firms)

Jan 04 - Sep 06 Nov 06 - Jun 09  Jul 09 - Apr 12

prop. avg C,  prop. avg C,  prop. avg O,

(%) center (%) center (%) center
Confidence set length:
<0.1 54.9 0.07  29.0 0.10 51.0 0.07
(0.1,0.2] 3.5 0.24 5.2 0.23 7.0 0.36
(0.2,0.4] 3.5 0.40 6.3 0.47 7.4 0.62
(0.4,0.6] 3.7 0.55 4.8 0.57 5.2 0.63
(0.6,0.8] 5.3 0.54 9.0 0.58 4.7 0.58
(0.8,1] 214 0.53  39.0 0.54  20.1 0.54
empty 7.6 - 6.8 - 4.6 -
Testing Lo = 0.60:
0.60 € Cf, 28.5 e - 30.2 -
0.60 e CL|¢(CL) < 0.5 4.2 — 2.1 - 5.6 -
0.60 € CL|4(CL) < 0.2 0.2 - 0.0 - 0.5 -

Notes: This table groups the monthly confidence sets in bins by their length,
and presents the proportion belonging to each bin and the average confidence set
center per bin. The bottom rows summarize the proportion of confidence sets

that include 0.60 for all issuer-months and issuer-months whose confidence sets
have length less than 0.6.

Table 1.4: Summary regression on confidence set length

Full sample Ja04-Se06 Oc06-Jn09 J109-Ap12

std std std std
coef coef coef coef
err err err err
constant -1.6 0.1 -1.1 0.2 -1.2 0.2 -2.2 0.2
TS flatness -27.3 3.9 -105.2 17.6 -19.8 6.0 -20.2 5.7
avg(5yrCDS) 16.7 3.1 79.5 16.2 8.5 3.6 19.3 5.7
Coef.var.(5erDS) 18.0 1.1 13.3 2.1 16.8 1.7 22.3 2.2
R-square 0.26 0.18 0.27 0.27

Notes: This table presents results from fractional response logit regressions of confi-
dence set length on explanatory variables constructed from monthly CDS data. These
regressions are limited to issuer-months where the LGD is not empty.
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Table 1.5: Risk-neutral default probabilities when LGD is estimated or fixed ex-
ogenously at 0.60

q1:t qa;t G20t G40t q1:t qa;t Qoo G40t avg A\g

Investment Grade

avg PD(cue) 0.012 0.017 0.066 0.106 0.012 0.063 0471 0.844 0.186

avg PD(0.6) 0.001 0.002 0.006 0.008 0.001 0.005 0.066 0.188 0.021

avg ratio 14.3 11.2 128 139 14.3 114 8.0 5.0 8.8
High Yield

avg PD(cue) 0.026 0.036 0.102 0.151 0.026 0.086 0.607 0.924 0.253

avg PD(0.6) 0.004 0.006 0.015 0.019 0.004 0.019 0.170 0.385 0.049

avg ratio 7.9 6.0 7.6 9.1 7.9 5.4 4.1 2.7 5.3

Notes: This table compares the average PD term structure (forward quarterly probabilities of
default) and average cumulative PD term structure (g;. is the month-t expected (risk-neutral)
cumulative probability of default from through the j-th quarter from month ¢) corresponding to
LGD fixed at 0.60 to the PD term structure at the CUGMM point estimate (labelled ‘cue’) for
investment grade entities and high yield entities. The average ratio of these two term structures is
also calculated. Analysis is limited to months when LGD is precisely estimated (when confidence
set length is less than 0.1).

48



Table 1.6: Effects of firm characteristics on estimated LGD and default prob-
ability

Regression sample includes monthly S-sets with length:
All < 0.7 <0.5 < 0.2 <0.1

Main regressors:
Dep. var. = Leye:

Rating -0.13 -0.03 0.03 0.00 0.01
(0.05) (0.07) (0.06) (0.06) (0.05)
RVol -1.51 -0.82 -0.28 -0.73 -0.96
(0.86) (0.76) (0.51) (0.50) (0.37)
D/E -0.01 0.00 0.00 0.00 0.00
(0.01) (0.00) (0.00) (0.00) (0.00)
B/M -0.13 0.15 -0.05 0.07 0.10
(0.19) (0.19) (0.13) (0.14) (0.15)
MCap -0.43 -0.10 -0.14 -0.05 -0.05
(0.29) (0.20) (0.13) (0.13) (0.14)
Dep. var. = avgPD(Lcye)
Rating 0.18 0.14 0.14 0.16 0.17
(0.06) (0.07) (0.07) (0.07) (0.07)
RVol 3.26 3.47 3.61 4.26 4.57
(0.65) (0.96) (1.12) (1.20) (1.04)
D/E 0.00 0.00 0.00 0.00 0.00
(0.00) (0.01) (0.01) (0.01) (0.01)
B/M 0.09 0.06 0.15 0.20 0.22
(0.18) (0.21) (0.15) (0.15) (0.13)
MCap -0.35 -0.43 -0.43 -0.43 -0.42
(0.15) (0.13) (0.14) (0.15) (0.16)

Regressors controlling for fixed effects:
Dep. var. = Leye:

avg Rating 0.12 0.10 0.02 0.04 0.04
(0.06) (0.07) (0.07) (0.08) (0.07)

avg RVol 8.64 4.62 6.05 7.48 7.58
(2.99) (4.77) (3.30) (2.78) (2.33)

avg D/E 0.15 0.09 0.09 0.07 0.03
(0.04) (0.06) (0.04) (0.04) (0.05)

avg B/M 0.17 -0.09 0.01 -0.07 -0.13
(0.23 (0.25) (0.17) (0.16) (0.19)

avg MCap 0.53 0.11 0.14 0.00 -0.01
(0.28 (0.22) (0.14) (0.15) (0.16)

Dep. var. = avgPD(Lcye)

avg Rating -0.10 -0.12 -0.11 -0.15 -0.15
(0.07) (0.07) (0.07) (0.07) (0.06)

avg RVol 1.25 4.04 3.69 2.79 2.83
(2.56) (2.04) (2.02) (2.08) (1.92)

avg D/E 0.00 0.09 0.12 0.16 0.17
(0.04) (0.04) (0.04) (0.04) (0.04)

avg B/M -0.32 -0.32 -0.37 -0.46 -0.45
(0.24) (0.22) (0.17) (0.16) (0.14)

avg MCap 0.29 0.42 0.42 0.39 0.38
(0.16) (0.15) (0.16) (0.17) (0.17)

No. issuer-months 1745 991 947 874 805

Notes: This table presents the results for the system of two panel equations in which the dependent variables

are the GMM point estimate of LGD (L¢ye) and the average (across the term structure) default probability
corresponding to the LGD point estimate (avgPD(Lcye)). The analysis is conducted using fractional response
general linear regression with a logit link function. To control for firm-level fixed effects, the time-average
(per issuer) of each explanatory variable is added to the set of regressors.
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Table 1.7: Summary of the length and location of confidence sets, different
Nelson-Siegel models (all firms)

NS-2.5 NS-3.5 NS-4.5
prop. avg Cr,  prop. avg C,  prop. avg Cp,
(%) center (%) center (%) center
Confidence set length:
<0.1 40.7 0.11 45.1 0.08 45.7 0.07
(0.1,0.2] 6.0 0.25 5.3 0.29 5.3 0.28
(0.2,0.4] 5.2 043 558 052 6.2 0.50
(0.4,0.6] 3.3 0.62 4.6 0.59 4.6 0.61
(0.6,0.8] 5.8 0.61 6.3 0.57 5.8 0.57
(0.8,1] 27.6 0.55  26.8 0.54 259 0.54
empty 114 - 6.3 - 6.4 -
total 100 100 100
Testing Lo = 0.60:
0.60 € C, 37.1 36.7 36.9
0.60 € Cr|¢(Cr) < 0.5 4.5 4.1 6.3
0.60€ CL|¢((CL) <02 0.2 0.3 0.1

Notes: This table reflect three sets of results from different Nelson-Siegel parameter-
izations. This table groups the monthly confidence sets in bins by their length, and
presents the proportion belonging to each bin and the average confidence set center
per bin. The bottom rows summarize the proportion of confidence sets that include
0.60 for all issuer-months and issuer-months whose confidence sets have length less
than 0.6.
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1.9 Figures

1, 5 and 10-year CDS spreads
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Ficure 1.1:  This figure plots the time series of 1-year, 5-year and 10-year CDS
spreads for four representative firms. The sample period runs from January 2004 to
April 2012, and the firms plotted are General Electric Capital Corporation (GEcc),
CSX Corporation (CSX), Altria Group (MO) and Radioshack Corporation (RSH).
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PCA on demeaned 8-step PD stripped from CDS curve (for all firms, pooled)
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This figure presents the first three principal components of the set of

pooled (over reference entities) daily prozy default probability curves implied for siz
values of LGD. The set of proxy PD curves are demeaned per reference entity prior

to analysis.
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Nelson-Siegel Curve Components
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FI1GURE 1.3: This figure presents the three components of the Nelson-Siegel curve
with X\ fized so the hump of the third component is at 3.5 years (42 months).
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FIGURE 1.4: This figure presents profile S-functions for four representative firm-
months and depicts the estimated confidence sets for loss given default in red brackets
on the z-axis. The black dotted line represents the 95% chi-square critical value cutoff
used to construct the confidence sets.
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Summary of LGD Confidence Sets, per firm

A: Proportion of "small" LGD Confidence Sets and their centers
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FI1GURE 1.5: This figure presents summaries of the monthly confidence sets for each
of the 30 reference entities. The top panel of this figure plots (1) the proportion of
months (out of 100 months for most assets) that have estimated confidence sets with
length less than 0.1 with circle markers, and (2) the midpoints (centers) of the small
confidence sets with diamond markers. The middle panel plots (1) the proportion
of “large” confidence sets (length greater than 0.8) with circle markers and (2) the
proportion of empty sets with x’s. The bottom plot presents the proportion of LGD
confidence sets that include the value of 0.60, for all confidence sets and among the
subset that have length less than 0.5 and 0.2.
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FIGURE 1.6: This figure presents all 100 estimated monthly loss given default confi-
dence sets (S-sets) for two reference entities, Xeroxz Corporation (top) and Goodyear
Tire (bottom). Empty confidence sets are denoted with a red filled dot. In addition,
the 1, 5, and 10-year daily CDS spreads are plotted above the confidence sets for
comparison and context.
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2

Does Anything Beat 5-Minute RV? A Comparison
of Realized Measures Across Multiple Asset Classes

(Joint with Andrew Patton and Kevin Sheppard)

2.1 Introduction

In the past fifteen years, many new estimators of asset return volatility constructed
using high frequency price data have been developed (see Andersen et al. (2006),
Barndorff-Nielsen and Shephard (2007), Meddahi et al. (2011) and Ait-Sahalia and
Jacod (2014), inter alia, for recent surveys and collections of articles). These esti-
mators generally aim to estimate the quadratic variation or the integrated variance
of a price process over some interval of time, such as one day or week. We refer
to estimators of this type collectively as “realized measures”. This area of research
has provided practitioners with an abundance of alternatives, inducing demand for
some guidance on which estimators to use in empirical applications. In addition to
selecting a particular estimator, these nonparametric measures often require addi-

tional choices for their implementation. For example, the practitioner must choose

60



the sampling frequency to use and whether to sample prices in calendar time (every x
seconds) or tick-time (every z trades). When both transaction and quotation prices
are available, the choice of which price to use also arises. Finally, some realized mea-
sures further require choices about tuning parameters such as a kernel bandwidth or
“block size.”

The aim of this paper is to provide guidance on the choice of realized measure
to use in applications. We do so by studying the performance of a large number
of realized measures across a broad range of financial assets. In total we consider
over 400 realized measures, across eight distinct classes of estimators, and we apply
these to 11 years of daily data on 31 individual financial assets covering five asset
classes. We compare the realized measures in terms of their estimation accuracy
for the latent true quadratic variation, and in terms of their forecast accuracy when
combined with a simple and well-known forecasting model. We employ model-free
data-based comparison methods that make minimal assumptions on properties of
the efficient price process or on the market microstructure noise that contaminates
the efficient prices.

To our knowledge, no existing papers have used formal tests to compare the
estimation accuracy of a large number of realized measures using real financial data.
The fact that the target variable (quadratic variation) is latent, even ex-post, creates
an obstacle to applying standard techniques. Previous research on the selection of
estimators of quadratic variation has often focused on recommending a sampling
frequency based on the underlying theory using plug-in type estimators of nuisance
parameters. For some estimators, a formula for the optimal sampling frequency
under a set of assumptions is derived and can be computed using estimates of higher
order moments, see Bandi and Russell (2008) among others. However, these formulas

are usually heavily dependent on assumptions about the microstructure noise and
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efficient price process, such as independence of the noise from the price and a lack
of serial correlation in the noise. Gatheral and Oomen (2010) use simulated data
from an agents-based model to evaluate a variety of realized measures, and include
recommendations on data sampling and implementing the estimators they study.

Many papers that introduce novel realized measures provide evidence that details
the new estimator’s advantages over previous estimators. This evidence can be in the
form of theoretical properties of estimators such as consistency, asymptotic efficiency,
and rate of convergence, or results from Monte Carlo simulations using common
stochastic volatility models. These comparisons inevitably require making specific
assumptions on important properties of the price process. Empirical applications
are also common, although typically only a small number of assets from a single
asset class are used, and it is rare that any formal comparison testing is carried out.
Moreover, most papers proposing new estimators consider (perhaps reasonably) only
a relatively small range of alternative estimators.

Our objective is to compare a large number of available realized measures in
a unified, data-based framework. We use the data-based ranking method of Patton
(2011a), which makes no assumptions about the properties of the market microstruc-
ture noise, aside from standard moment and mixing conditions. The main contri-
bution of this paper is an empirical study of the relative performance of estimators
of daily quadratic variation from 8 broad classes of realized measures using data
from 31 financial assets spanning different classes. We obtain tick-by-tick transac-
tion and quotation prices from January 2000 to December 2010, and additionally
sample prices in calendar-time and tick-time, using sampling frequencies varying
from 1 second to 15 minutes. We use the “model confidence set”of Hansen et al.
(2011) to construct sets of realized measures that contain the best measure with

a given level of confidence. We are also interested whether a simple RV estimator
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with a reasonable choice of sampling frequency, namely 5-minute RV, can stand in
as a “good enough” estimator for QV, for the assets we consider. This is similar
to the comparison of more sophisticated volatility models with a simple benchmark
model presented in Hansen and Lunde (2005). We use the step-wise multiple testing
method of Romano and Wolf (2005), which allows us to determine whether any of
the 400+ competing realized measures is significantly more accurate than a simple
realized variance measure based on 5-minute returns. We also conduct an out-of-
sample forecasting experiment to study the accuracy of volatility forecasts based on
these individual realized measures, when used in the “heterogeneous autoregressive”
(HAR) forecasting model of Corsi (2009), for forecast horizons ranging from 1 to 50
trading days.

Finally, we undertake a panel investigation of the market microstructure and
market condition variables that explain the differences in the accuracy of the real-
ized measures considered in this paper. While 5-minute RV is beaten on average
by (well-chosen) more sophisticated alternatives, the differences are smaller when
microstructure noise, somehow measured, is higher, or when volatility is higher. In-
terestingly, we also find that more sophisticated realized measures generally perform
significantly worse in non-US markets than in US markets, the latter having been
the focus of much of this literature. This is potentially indicative of different market
microstructure effects in non-US markets, which may be better handled with new
approaches.

The remainder of this paper is organized as follows. Section 2 provides a brief
description of the classes of realized measures. Section 3 describes ranking method-
ology and tests used to compare the realized measures. Section 4 describes the high
frequency data and the set of realized measures we construct. Our main analysis is

presented in Section 5, and Section 6 concludes.
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2.2 Measures of asset price variability

To fix ideas and notation, consider a general jump-diffusion model for the log-price

p of an asset:

dp (t) = p(t)dt + o (t)dW () + k (t) AN (¢) (2.1)

where p is the instantaneous drift, o is the (stochastic) volatility, W is a standard
Brownian motion, & is the jump size, and N is a counting measure for the jumps.
In the absence of jumps the third term on the right-hand side above is zero. The

quadratic variation of the log-price process over period t + 1 is defined

QViy1 = plim Z rt2+j/n, (2.2)
Ttvj/n = DPt+j/n — Pt+(j-1)/n

where the price series on day ¢ + 1 is assumed to be observed n times {pii1/n; ...,
Pt+1—1/ns D41}~ See Andersen et al. (2006), Barndorff-Nielsen and Shephard (2007)
and Ait-Sahalia and Jacod (2014) for surveys of volatility estimation and forecasting
using high frequency data. The objective of this paper is to compare the variety of
estimators of QV that have been proposed in the literature to date. We do so with
emphasis on comparisons with the simple realized variance estimator, which is the

empirical analog of QV:

RVier = > 17 (2.3)
j=1
2.2.1 Sampling frequency, sampling scheme, and sub-sampling

We consider a variety of classes of estimators of asset price variability. All realized

measures require a choice of sampling frequency (e.g., 1-second or 5-minute sam-
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pling), sampling scheme (calendar time or tick time), whether to use transaction
prices or mid-quotes, when both are available. Thus even for a very simple estimator
such as realized variance, there are a number of choices to be made. To examine the
sensitivity of realized measures to these choices, we implement each measure using
calendar-time sampling of 1 second, 5 seconds, 1 minute, 5 minutes and 15 minutes.
We also consider tick-time sampling using samples that yield average durations that
match the values for calendar-time sampling, as well as a “tick-by-tick” estimator
that simply uses every available observation. Subsampling,! introduced by Zhang
et al. (2005), is a simple way to improve efficiency of some sparse-sampled estima-
tors. We consider subsampled versions of all estimators (except estimators using
tick-by-tick data, which cannot be subsampled).? The sub-sampled version of RV
(which turns out to perform very well in our analysis) was first studied as the “second
best” estimator in Zhang et al. (2005).

In total we have 5 calendar-time implementations, 6 tick-time implementations,
and 5+6-1=10 corresponding subsampled implementations, yielding 21 realized mea-
sures for a given price series. Estimating these on both transaction and quote prices
yields a total of 42 versions of each realized measure. Of course, some of these com-
binations are expected to perform poorly empirically (given the extant literature on
microstructure biases and the design of some of the estimators described below), and
by including them in our analysis we thus have an “insanity check” on whether our

tests can identify these poor estimators.

1 Subsampling involves using multiple “grids” of prices sampled at a given frequency to obtain a
collection of realized measures, which are then averaged to yield the “subsampled” version of the
estimator. For example, 5-minute RV can be computed using prices sampled at 9:30, 9:35, etc. and
can also be computed using prices sampled at 9:31, 9:36, etc.

2 In general, we implement subsampling using a maximum of 10 partitions.
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2.2.2  Classes of realized measures

The first class of estimators is standard realized variance (RV), which is the sum of
squared intra-daily returns. This simple estimator is the sample analog of quadratic
variation, and in the absence of noisy data, it is the nonparametric maximum likeli-
hood estimator, and so is efficient, see Andersen et al. (2001b) and Barndorff-Nielsen
(2002). However, market microstructure noise induces serial auto-correlation in the
observed returns, which biases the realized variance estimate at high sampling fre-
quencies (see Hansen and Lunde (2006b) for a detailed analysis of the effects of mi-
crostructure noise). When RV is implemented in practice, the price process is often
sampled sparsely to strike a balance between increased accuracy from using higher
frequency data and the adverse effects of microstructure noise. Popular choices in-
clude 1-minute, 5-minute (as in the title of this paper), or 30-minute sampling.

We next draw on the work of Bandi and Russell (2008), who propose a method
for optimally choosing the sampling frequency to use with a standard RV estimator.
This sampling frequency is calculated using estimates of integrated quarticity® and
variance of the microstructure noise. These authors also propose a bias-corrected
estimator that removes the estimated impact of market microstructure noise. Since
the key characteristic of the Bandi-Russell estimator is the estimated optimal sam-
pling frequency, we do not vary the sampling frequency when implementing it. This
reduces the number of versions of this estimator from 42 to 8.4

The third class of realized measures we consider is the first-order autocorrelation-

adjusted RV estimator (RVacl) used by French et al. (1987) and Zhou (1996), and

3 Estimates of daily integrated quarticity are estimated using 39 intra-day prices sampled uniformly
in tick-time.

4 Note that the Bandi-Russell RV measure is not consistent for QV in the presence of jumps.
(This is also the case for realized range and MLRV, described below.) We include these estimators
in our comparison as these are widely-used and cited realized measures, and we leave it to the data
to shed light on which estimators perform well empirically.
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studied extensively by Hansen and Lunde (2006b). This estimator was designed to
capture the effect of autocorrelation in high frequency returns induced by market
microstructure noise.

The fourth class of realized measures includes the two-scale realized variance
(TSRV) of Zhang et al. (2005) and the multi-scale realized variance (MSRV) of
Zhang (2006). These estimators compute a subsampled RV on one or more slower
time scales (lower frequencies) and then combine with RV calculated on a faster
time scale (higher frequency) to correct for microstructure noise. Under certain
conditions on the market microstructure noise, these estimators are consistent at
the optimal rate. In our analysis, we set the faster time scale by using one of the
21 sampling frequency /sampling scheme combinations mentioned above, while the
slower time scale(s) are chosen to minimize the asymptotic variance of the estimator
using the methods developed in the original papers. It is worth noting here that
“subsampled RV”, which we have listed in our first class of estimators, corresponds
to the “second-best” form of TSRV in Zhang et al. (2005), in that it exploits the
gains from subsampling but does not attempt to estimate and remove any bias in this
measure. We keep any measure involving two or more time scales in the TSRV /MSRV
class, and any measure based on a single time scale is listed in the RV class.

The fifth class of realized measures is the realized kernel (RK) estimator of
Barndorff-Nielsen et al. (2008). This measure is a generalization of RVacl, ac-
commodating a wider variety of microstructure effects and leading to a consistent
estimator. Barndorff-Nielsen et al. (2008) present realized measures using several
different kernels, and we consider RK with the “flat top” versions of the Bartlett,
cubic, and modified Tukey-Hanning, kernel, and the “non-flat-top” Parzen kernel.
The Bartlett and cubic RK estimators are asymptotically equivalent to TSRV and

MSRV, respectively, and modified Tukey-Hannings was the recommended kernel in
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Barndorff-Nielsen et al. (2008) in their empirical application to GE stock returns.
The non-flat-top Parzen kernel was studied further in Barndorff-Nielsen et al. (2011)
and results in a QV-estimator that is always positive while allowing for dependence
and endogeneity in the microstructure noise. We implement these realized kernel es-
timators using the 21 sampling frequency/sampling scheme combinations mentioned
above, and estimate the optimal bandwidths for these kernels separately for each
day, using the methods in Barndorff-Nielsen et al. (2011). The realized kernel esti-
mators are not subsampled because Barndorff-Nielsen et al. (2011) report that for
“kinked” kernels such as the Bartlett kernel, the effects of subsampling are neutral,
while for the other three “smooth” kernels, subsampling is detrimental. (The RVacl
measure corresponds to the use of a “truncated” kernel, and subsampling improves
performance, so we include the subsampled versions of RVacl in the study.)

The sixth class of estimators are pre-averaged realized variances (RVpa) estima-
tors first introduced by Podolskij and Vetter (2009a) and further studied in Jacod
et al. (2009). Pre-averaging applies a kernel-like weighting function to observed re-
turns to construct pre-averaged returns. The most common weighting function has
a Bartlett kernel-like tent shape and so it is identical to first locally averaging prices
and then constructing returns as the difference between two adjacent pre-averaged
prices. Pre-averaged realized variance and realized kernels are closely related, and
in general only differ in the treatment of edge effects — the handling of the first and
last few observations. Given a particular sampling scheme, RVpa is implemented
using all (overlapping) pre-averaged returns. Following the empirical work of Chris-
tensen et al. (2014) and Hautsch and Podolskij (2013), we use a kernel bandwidth
K = [64/n], where 6 = 1 and n is the number of sampled intraday returns.

The seventh class of estimators is the “realized range-based variance” (RRV) of

Christensen and Podolskij (2007) and Martens and Van Dijk (2007). Early research
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by Parkinson (1980), Andersen and Bollerslev (1998) and Alizadeh et al. (2002) show
that the properly scaled, daily high-low range of log prices is an unbiased estimator
of daily volatility when constant, and is more efficient than squared daily open-to-
close returns. Correspondingly, Christensen and Podolskij (2007) and Martens and
Van Dijk (2007) apply the same arguments to intraday data, and improve on the
RV estimator by replacing each intraday squared return with the high-low range
from a block of intra-day returns. To implement RRV, we use the sampling schemes
described above, and then use block size of 5, following Patton and Sheppard (2009b),
and block size of 10, which is close to the average block size used in Christensen and
Podolskij’s application to General Motors stock returns.

Finally, we include the maximum likelihood Realized Variance (MLRV) of Ait-
Sahalia et al. (2005), which assumes that the observed price process is composed of
the efficient price plus i.i.d. noise such that the observed return process follows an
MA(1) process with parameters that can be estimated using Gaussian MLE. This
estimator is shown to be robust to misspecification of the marginal distribution of the
microstructure noise by Ait-Sahalia et al. (2005), but is sensitive to the independence
assumption of noise, as demonstrated in Gatheral and Oomen (2010).

The total number of realized measures we compute for a single price series is
210, so an asset with both transactions and quote data has a set of 420 realized

measures.”’

5 Specifically, for each of RV, RVpa, TSRV, MSRV, MLRV, RVacl, RRV (with two choices of block
size) and RK (with 4 different kernels), 11 not-subsampled estimators, which span different sampling
frequencies and sampling schemes, are implemented on each of the transactions and midquotes price
series. In addition, we estimate 2 bias-corrected Bandi-Russell realized measures and 2 not-bias-
corrected BR measures (calendar-time and tick-time sampling) per price series. These estimators
account for 12 x 11 x 2 4+ (2 + 2) x 2 = 272 of the total set. RV, TSRV, MSRV, MLRV, RVacl and
RRV (m=5 and 10) also have 10 subsampled estimators per price series, and there are 4 subsampled
BR estimators per price series, which adds 7x10x2 + 4x2 = 148 subsampled estimators to the set.
In total, this makes 2724148=420 estimators.

6 Research on estimating volatility using high-frequency data has continued since this project
began, and some new estimators have recently been proposed that are not included in our analysis,
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2.2.83 Additional realized measures

Our main empirical analysis focuses on realized measures that estimate the quadratic
variation of an asset price process. From a forecasting perspective, work by Andersen
et al. (2007) and others has shown that there may be gains to decomposing QV into
the component due to continuous variation (integrated variance, or IV) and the

component due to jumps (denoted JV):

n t+1
QViy1 = plim Z rfﬂ-/n = f o? (s)ds + Z K (s) (2.4)
no0 G t g t<s<t+1
—_—
I‘/t+l J‘/t+1

Thus for our forecasting application in Section 2.5.6, we also consider four classes
of realized measures that are “jump robust”, i.e., they estimate IV not QV. The
first of these is the bi-power variation (BPV) of Barndorff-Nielsen and Shephard
(2006), which is a scaled sum of products of adjacent absolute returns. We also
estimate a pre-averaged version of Bipower Variation, motivated by Podolskij and
Vetter (2009b) and Christensen et al. (2014).

The second class of jump-robust realized measures is the quantile-based realized
variance (QRV) of Christensen et al. (2010). QRV is based on combinations of locally
extreme quantile observations within blocks of intra-day returns, and requires choice
of block length and quantiles. It is reported to have better finite sample performance
than BPV in the presence of jumps, and additionally is consistent, efficient and
jump-robust even in the presence of microstructure noise. For implementation, we

use the asymmetric version of QRV with rolling overlapping blocks” and quantiles

e.g., the estimators of Bibinger et al. (2014) and Jacod and Todorov (2014).

7 Christensen et al. (2010) refers to this formulation of the QRV as “subsampled QRV”, as op-
posed to “block QRV”, which has adjacent non-overlapping blocks. However, we do not use this
terminology as this type of “subsampling” is different from the subsampling we implement for the
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approximately equal to 0.85, 0.90 and 0.96, following the authors’ application to
Apple stock returns. The block lengths are chosen to be around 100, with the exact
value depending on the number of filtered daily returns, and the quantile weights
are calculated optimally following the method in Christensen et al. (2010). QRV
is the most time-consuming realized measure to estimate, and thus is not further
subsampled.

The third class of jump-robust realized measures are the “nearest neighbor trunca-
tion” estimators of Andersen et al. (2012), specifically their “MinRV” and “MedRV”
estimators. These are the scaled square of the minimum of two consecutive intra-day
absolute returns or the median of 3 consecutive intra-day absolute returns. These es-
timators are more robust to jumps and microstructure noise than BPV, and MedRV
is designed to handle outliers or incorrectly entered price data.

The final class of jump-robust measures estimators is the truncated or threshold
realized variance (TRV) of Mancini (2001, 2009), which is the sum of squared returns,
but only including returns that are smaller in magnitude than a certain threshold.
Following Corsi et al. (2010), we take the threshold to be be three times a local
(intra-day) volatility estimate.®

In total, across sampling frequencies and subsampling/not subsampling we in-
clude 228 jump-robust realized measures in our forecasting application, in addition

to the 420 estimators described in the previous section.

other estimators.

8 The algorithm to compute local volatility can fail when very high-frequency sampling is applied
to days with low liquidity, and in such cases we consider the TRV to be non-implementable. These
occurrences are generally limited to 1-second sampling or, less often, 5-second sampling of illiquid
assets such as computed indices or individual equities.
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2.3 Comparing the accuracy of realized measures

We examine the empirical accuracy of our set of competing measures of asset price

variability using two complementary approaches.

2.3.1 Comparing estimation accuracy

We first compare the accuracy of realized measures in terms of their estimation
error for a given day’s quadratic variation. QV is not observable, even ex post,
and so we cannot directly calculate a metric like mean-squared error and use that
for the comparison. We overcome this by using the data-based ranking method
of Patton (2011a). This approach requires employing a proxy (denoted é) for the
quadratic variation that is assumed to be unbiased, but may be noisy.” This means
that we must choose a realized measure that is unlikely to be affected by market
microstructure noise. Using proxies that are more noisy will reduce the ability to
discriminate between estimators, but will not affect consistency of the procedure. We
use the squared open-to-close returns from transaction prices (RVdaily) for our main
analysis, and further consider 15-minute RV, 5-minute RV, 1-minute MSRV and
I-minute RKth2, all computed on transaction prices using tick-time sampling, as
possible alternatives.!® Since estimators based on the same price data are correlated,
it is necessary to use an instrument for the proxy to “break”the dependence between
the estimation error in the realized measure under analysis and the estimation error

in the proxy. As our instrument we use a one-day lead of the proxy.!!

9 Numerous estimators of quadratic variation can be shown to be asymptotically unbiased as the
sampling interval goes to zero, however this approach requires unbiasedness for a fixed sampling
interval.

10 These four additional proxies were found to be unbiased for the RVdaily measure for the majority
of assets, and in addition, are generally much more precise.

11 As described in Patton (2011a), the use of a lead (or lag) of the proxy formally relies on the
daily quadratic variation following a random walk. Numerous papers, see Bollerslev et al. (1994)
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The comparison of estimation accuracy also, of course, requires a metric for mea-
suring accuracy. The approach of Patton (2011a) allows for a variety of metrics,
including the MSE and QLIKE loss functions. Simulation results in Patton and
Sheppard (2009a), and empirical results in Hansen and Lunde (2005), Patton and
Sheppard (2009b) and Patton (2011a) all suggest that using QLIKE leads to more
power to reject inferior estimators.'> The QLIKE loss function is defined as:

QLIKE L0, M) = b log 9 _ 1 (2.5)

M M
where 6 is QV, or a proxy for it, and M is a realized measure. With this in hand, we
obtain a consistent (as 7' — o) estimate of the difference in accuracy between any

two realized measures:

1 & -
- > ALy, > E[ALy, (2.6)
t=1

where ALy, = L (ét,Mit> - L (ét,Mj) and ALy, = L (6, My) — L (6;, My,) .
Under standard regularity conditions (see Patton (2011a) for example) we can use
a block bootstrap to conduct tests on the estimated differences in accuracy, such as

the pair-wise comparisons of Diebold and Mariano (2002) and Giacomini and White

and Andersen et al. (2006) for example, find that conditional variance is a highly persistent pro-
cess, close to being a random walk. Hansen and Lunde (2014) study the quadratic variation of
all 30 constituents of the Dow Jones Industrial Average and reject the null of a unit root for few
of the stocks. Meddahi (2003) shows analytically that certain classes of continuous time stochas-
tic volatility processes imply that their daily integrated variance follows an ARMA process, with
autoregressive persistence governed by the persistence of the spot variance. Simulation results in
Patton (2011a) show that inference based on a random walk approximation has acceptable finite-
sample properties for DGPs that are persistent but strictly not random walks, and we confirm in
Table A4, in the appendix, that all series studied here are highly persistent. In Section 2.5 we also
present results based on an AR(1) approximation rather than a random walk. We also consider the
use of a one-day lag of the proxy, and find the results (reported in the appendix) to be very similar
to our base case using a one-day lead.

12 We also present some results based on the MSE loss function. See Section 2.5 and the online
appendix.
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(2006), the “reality check” of White (2000) as well as the multiple testing procedure

of Romano and Wolf (2005), and the “model confidence set” of Hansen et al. (2011).

2.3.2  Comparing forecast accuracy

The second approach we consider for comparing realized measures is through a simple
forecasting model. As we describe in Section 2.5.6 below, we construct volatility
forecasts based on the heterogeneous autoregressive (HAR) model of Corsi (2009),
estimated separately for each realized measure. The problem of evaluating volatility
forecasts has been studied extensively, see Hansen and Lunde (2005), Andersen et al.
(2005), Hansen and Lunde (2006a) and Patton (2011b) among several others. The
latter two papers focus on applications where an unbiased volatility proxy is available,
and again under standard regularity conditions we can use block bootstrap methods
to conduct tests such as those of Diebold and Mariano (2002), White (2000), Romano

and Wolf (2005), Giacomini and White (2006), and Hansen et al. (2011).

2.4 Data description

We use high frequency (intra-daily) asset price data for 31 assets spanning five as-
set classes: individual equities (from the U.S. and the U.K.), equity index futures,
computed stock indices, currency futures and interest rate futures. The data are
transactions and quotations prices taken from Thomson Reuter’s Tick History. The
sample period is January 2000 to December 2010, though data availability limits
us to a shorter sub-period for some assets. Short days, defined as days with prices
recorded for less than 60% of the regular market operation hours, are omitted. For
each asset, the number of short days is small compared to the total number of days
— the largest proportion of days omitted is 1.7% for ES (E-mini S&P500 futures).
Across assets, we have an average of 2537 trading days, with the shortest sample
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being 1759 trade days (around 7 years) and the longest 2782 trade days. All series
were cleaned according to a set of baseline rules similar to those in Barndorff-Nielsen
et al. (2009). Data cleaning details are provided in the appendix.'?

Table 1 presents the list of assets, along with their sample periods and some sum-
mary statistics. Computed stock indices are not traded assets and are constructed
using trade prices, and so quotes are unavailable. This table reveals that these assets
span not only a range of asset classes, but also characteristics: average annualized
volatility ranges from under 2%, for interest rate futures, to over 40%, for individual
equities. The average time between price observations ranges from under one sec-
ond, for the E-mini S&P 500 index futures contract, to nearly one minute, for some
individual equities and computed equity indices.'*

Given the large number of realized measures and assets, it is not feasible to present
summary statistics for all possible combinations. Table A1 in the appendix describes
the shorthand used to describe the various estimators'®, and in Table 2 we present
summary statistics for a selection of realized measures for two assets, Microsoft and
the US dollar/Australian dollar futures contract.'® Tables A3 and A4 in the appendix
contain more detailed summary statistics. Table 2 reveals some familiar features

of realized measures: those based on daily squared returns have similar averages

13 The sensitivity of estimators in different classes to data cleaning methods is an interesting topic,
as is developing estimators that are more robust to various data cleaning rules. We do not explore
these issues. We note here that the data provided by Thomson Reuter’s Tick History, especially
the data on futures, is very clean compared with the more-widely used NYSE TAQ data.

14 Most futures contracts trade nearly 24 hours a day. However, their liquidity is typically con-
centrated around a relatively short interval, usually less than half of the day. We measured the
percentage of trades that occurred in five minute block of the day using local time-stamps to avoid
issues with daylight saving changes, and selected the largest contiguous block where the percentage
of observations in the block was above 20% of 1/288.

15 For example, “RV_1m_ct_ss” refers to realized variance (RV), computed on l1-minute data (1m)
sampled in calendar time (c¢), using trade prices (t), with subsampling (ss). See Table A1l for details.

16 All realized measures were computed using code based on Kevin Sheppard’s “Oxford Realized”
toolbox for Matlab, https://www.kevinsheppard.com/MFEToolbox.
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to realized measures using high (but not too high) frequency data, but are more
variable, reflecting greater measurement error. For Microsoft, for example, RVdaily
has an average of 3.20 (28.4% annualized) compared with 3.37% for RV5min, but its
standard deviation is more than 25% larger than that of RV5min. We also note that
RV computed using tick-by-tick sampling (i.e., the highest possible sampling) is much
larger on average than the other estimators, more than 3 times larger for Microsoft
and around 50% larger for the USD/AUD exchange rate, consistent with the presence
of market microstructure noise. This distortion vanishes when pre-averaging is used.

In the last four columns of Table 2 we report the first- and second-order sam-
ple autocorrelations of the realized measures, as well as estimates of the first- and
second-order autocorrelation of the underlying quadratic variation using the estima-
tion method in Hansen and Lunde (2014).7 As expected, the latter estimates are
much higher than the former, reflecting the attenuation bias due to the estimation
error in a realized measure. Using the method of Hansen and Lunde (2014), the esti-
mated first-order autocorrelation of QV for Microsoft and the USD/AUD exchange
rate is around 0.95, while the sample autocorrelations for the realized measures them-
selves average around 0.68. Table A4 presents summaries of these autocorrelations
for all 31 assets, and reveals that the estimated first- (second-) order autocorrelation
of the underlying QV is high for all assets. The average estimate across all assets and
realized measures, even including poor estimators, equals 0.95 (0.92). These findings
support our use, in the next section, of the ranking method of Patton (2011a), which

relies on high persistence of QV.

17 Following their empirical application to the 30 DJIA stocks, we use the demeaned 4th through
10th lags of the daily QV estimator as instruments.
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2.5 Empirical results on the accuracy of realized measures

We now present the main analysis of this paper. We firstly discuss simple rankings
of the realized measures, and then move on to more sophisticated tests to formally
compare the various measures. As described in Section 2.3, we measure accuracy
using the QLIKE distance measure, using squared open-to-close returns (RVdaily)
as the volatility proxy, with a one-day lead to break the dependence between esti-
mation error in the realized measure and error in the proxy. In some of the analysis
below we consider using higher frequency RV measures for the proxy (RV15min and
RV5min), as well as some non-RV proxies, namely 1-minute MSRV and 1-minute

Tukey-Hannings realized kernel.

2.5.1 Rankings of average accuracy

We firstly present a summary of the rankings of the 420 realized measures applied to
the 31 assets in our sample. These rankings are based on average, unconditional dis-
tance of the measure from the true QV, and in Section 2.5.5 we consider conditional
rankings.

The top panel of Table 3 presents the “top 10”7 individual realized measures,
according to their average rank across all assets in a given class.!® It is noteworthy
that 5-minute RV does not appear in the top 10 for any of these asset classes. This
is some initial evidence that there are indeed better estimators of QV available, and
we test whether this outperformance is statistically significant in the sections below.

With the caveat that these estimated rankings do not come with any measures

of significance, and that realized measures in the same class are likely highly cor-

18 Table A6 in the appendix presents rank correlation matrices for each asset class, and confirms
that the rankings of realized measures for individual assets in a given asset class are relatively
consistent, with average within-asset-class rank correlations ranging from 0.70 to 0.87.
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related'?, we note the following patterns in the results. Realized kernels appear to
do well for individual equities (taking 4 and 5 of the top 10 slots, respectively, for
US and UK equities), realized range does well for interest rate futures (8 out of top
10), and two/multi-scales RV do well for currency futures (6 out of the top 10). For
computed indices, RVacl and realized kernels comprise the entire top 10. The top 10
realized measures for index futures contain a smattering of measures across almost all
classes. The lower panel of Table 3 presents a summary of the upper panel, sorting
realized measures by class and sampling frequency.

It is perhaps also interesting to note which price series is most often selected. We
observe a mix of trades and quotes for individual equities,?’ while we see mid-quotes
dominating the top 10 for interest rate futures and currency futures. For equity
index futures, transaction prices make up the entire top 10. (Our computed indices
are only available with transaction prices, so no comparisons are available for that

asset class.)

2.5.2  Pair-wise comparisons of realized measures

To better understand the characteristics of a “good” realized measure, we present
results on pair-wise comparisons of measures that differ only in one aspect. We
consider four features: the use of transaction prices vs. mid-quotes; the use of
calendar-time vs. tick-time sampling; the use of subsampling; and the use of pre-
averaging. For each class of realized measures and for each sampling frequency, we

compare pairs of estimators that differ in one of these dimensions, and compute a

19 Gee Table A5 in the appendix for a summary of the correlations between realized measures.

20 In fact, decomposing this group into US equities and UK equities, we see that the top 10
realized measures for US equities all use transaction prices, while the top 10 for UK equities all use
mid-quotes, perhaps caused by different forms of market microstructure noise on the NYSE (the
exchange for 4 of the 5 U.S. stocks) and the LSE.
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robust t-statistic on the average difference in loss, separately for each asset.?! Table
4 presents the proportion (across the 31 assets) of t-statistics that are significantly
positive minus the proportion that are significantly negative.?? A negative entry in
a given element indicates that the first approach (e.g., transaction prices, in the top
panel) outperforms the second approach.

The top panel of Table 4 shows that for these assets, transaction prices are gener-
ally preferred to quote prices for most estimator-frequency combinations, especially
at lower frequencies. This is unsurprising since at these frequencies the sampling
frequency limits the effects of bid-ask bounce microstructure noise. Exceptions are
RV, MLRV and RRV at the highest frequencies (1-tick and/or 1-second) and MSRV
at low frequencies. Most noise robust estimators prefer transaction prices, which is
consistent with these estimators being designed specifically to mitigate the effect of
transaction price noise.

The second panel of Table 4 reveals that for high frequencies (1-second and 5-
second), calendar time sampling is preferred to tick-time sampling, while for lower
frequencies (5-minute and 15-minute), tick-time sampling generally leads to better
realized measures. Oomen (2006b) and Hansen and Lunde (2006b) provide theoret-
ical grounds for why tick-time sampling should outperform calendar-time sampling,
and at lower frequencies this appears to be true. Microstructure noise, and in partic-
ular the dependence in the noise, likely plays a role at the highest frequencies, and

the ranking of calendar-time and tick-time sampling depends on their sensitivity to

21 This is done as a panel regression for a single asset, as for each measure of a specific estimator
class and sampling frequency, there are 2 x 2 x 2 = 8 versions (cal-time vs. tick time, trades vs.
quotes, not subsampled vs. subsampled), and conditioning on one of these characteristics leaves 4
versions.

22 Columns that are not relevant for the comparison have blank values. For example, there is no
calendar time equivalent to 1-tick sampling. Additionally, the second panel covers only 26 assets,
since there are no quotation prices for the 5 computed indices. Finally, the third panel does not
contain the RK row, given the work of Barndorff-Nielsen et al. (2011).
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this noise. RVpa and RK appear to be insensitive to the sampling scheme at the
highest frequencies.

The third panel of Table 4 compares realized measures with and without sub-
sampling. Theoretical work by Zhang et al. (2005) and Zhang (2006) suggests that
subsampling is a simple way to improve the efficiency of a realized measure. Our
empirical results generally confirm that subsampling is helpful, at least when using
lower frequency (5-minute and 15-minute) data. For higher frequencies (1-second to
I-minute), subsampling has either no effect or a negative effect on accuracy. Inter-
estingly, we note that for realized range (RRV), subsampling reduces accuracy across
all sampling frequencies.

Finally, the bottom panel presents clear advice on pre-averaging: it is beneficial
at the highest sampling frequencies (5 seconds or less) and harmful at frequencies
lower than one minute. This is consistent with the theoretical underpinnings of pre-
averaging, see Podolskij and Vetter (2009a) and Jacod et al. (2009), both of which

suggest applying pre-averaging to data sampled at the highest frequency.

2.5.8 Does anything beat 5-minute RV?

Realized variance, computed with a reasonable choice of sampling frequency, is often
taken as a benchmark or rule-of-thumb estimator for volatility, see Andersen et al.
(2001a) and Barndorff-Nielsen (2002) for example. This measure has been used
as far back as French et al. (1987), is simple to compute, and when implemented
on a relatively low sampling frequency (such as five minutes) requires much less

data and cleaning.?> Thus it is of great interest to know whether it is significantly

23 Of course, a sampling frequency of five minutes is only “relatively low” for liquid assets; for
some assets, such as corporate bonds, a five-minute sampling frequency would be quite high. Five-
minute sampling has emerged as a rough benchmark in the extant literature since the vast majority
of empirical studies look at very liquid assets like exchange rates and U.S. equities. Given that all
of our 31 assets are relatively liquid, we adopt five-minute RV as our benchmark estimator.
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outperformed by one of the many more sophisticated realized measures proposed in
the literature.

We use the stepwise multiple testing method of Romano and Wolf (2005) to
address this question. The Romano-Wolf method tests the unconditional accuracy
of a set of estimators relative to that of a benchmark realized measure, which we
take to be RV computed using 5-minute calendar-time sampling on transaction prices

4

(which we denote RV5min). This procedure is an extension of the “reality check” of
White (2000), allowing us to determine not only whether the benchmark measure is
rejected, but to identify the competing measures that led to the rejection. Formally,

the Romano-Wolf stepwise method examines the set of null hypotheses:
HY  E[L (6, Myo)] = E[L (6, M,,)], fors=1,2,...8 (2.7)

and looks for realized measures, M, s, such that either E'[L (0;, Myo)] > E [L (0, M; 5)]
or E[L (0, Myo)] < E|L (6:, My s)] . The Romano-Wolf procedure controls the “family-
wise error rate”, which is the probability of making one or more false rejections among
the set of hypotheses. We run the Romano-Wolf test in both directions, first to iden-
tify the set of realized measures that are significantly worse than RV5min, and then
to identify the set of realized measures that are significantly better than RV5min.
We implement the Romano-Wolf procedure using the Politis and Romano (1994)
stationary bootstrap with 1000 bootstrap replications and an average block size of

10 days.?* A summary of results is presented in Table 5, and detailed results can be

24 The ideal choice of block size length is driven by the persistence in the variable we are interested
in testing, which in our case is the loss difference, AL(ét,Mt)o, M, s). The QLIKE loss, which is
based on the realized measure and a proxy, is substantially less persistent than the realized measure,
and by taking the difference between two measures and a proxy we further reduce the persistence.
To confirm this, we compute the optimal block length, using the method of Politis and White
(2004), for all pairs of measures and all assets. The mean optimal block length for loss differences
is 4, and the median is 2. In contrast, the mean optimal block length for the measures themselves
is 97, and the median is 103. A block length of 10 for the loss differences is thus a reasonably
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found in the online appendix.

The striking feature of Table 5 is the preponderance of estimators that are signif-
icantly beaten by RVbmin, and the almost complete lack of estimators that signifi-
cantly beat RVimin. Concerns about potential low power of this inference method
are partially addressed by the ability of this method to reject so many estimators as
significantly worse than RV5min: using RVdaily as the proxy we reject an average
of 193 estimators (out of 420) as significantly worse than RV5min, which represents
almost half of the set of competing measures.?®

We also present results using the other four proxies. These proxies are more pre-
cise, although they are potentially more susceptible to market microstructure noise.
(Proxies that have an unconditional mean that is significantly different from that of
RVdaily, an indication of bias, have results in grey rather than black text in Table
5.) Results from the more precise proxies are very similar: we can reject over half
of the competing estimators as being significantly worse than RV5min, but we find
just one asset out of 31 with any measures that significantly outperform RV5min.2°

It is worth noting here that Table 5 reveals that the use of a particular realized

measure as a proxy does not lead to an apparent improvement in the performance of

conservative choice.

25 Note that the Romano-Wolf test controls the family-wise error (FWE) rate, defined as the
probability of rejecting a single true null hypothesis across all 420 nulls, and so for each use of the
Romano-Wolf test we would expect to falsely reject only 0.05 of a measure. Of course, we run this
test on 31 different assets, and so across all assets we expect one or two of the testing procedures
to result in false rejections.

26 We also implemented the Romano-Wolf procedure swapping the “reality check” step with a
step based on the test of Hansen (2005). This latter test is designed to be less sensitive to poor
alternatives with large variances (a potential concern in our application) and so should have better
power. We found no change in the number of rejections. In a more forceful attempt to examine
the sensitivity to poor alternatives: we identified, ex ante, 72 estimators that the existing literature
would suggest are likely to have poor performance (for example, realized kernels on 15-minute
returns). We removed this group of estimators from the competing set, and conducted the Romano-
Wolf procedure on the remainder of the competing set. We found virtually no change in results of
the tests — in fact, counting across the two Romano-Wolf tests for each of 31 assets, there was only
one instance where an estimator was found to have different outcome from the original test.
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measures from the same class. Specifically, using a RV as the proxy does not “favor”
RV measures, and using RK or TSRV does not favor RK or TSRV measures. The
use of a one-day lead of the proxy solves this potential problem.?”

The asset for which we find that RV5min is significantly beaten, the 10-year
US Treasury note futures contract (TY), is among the most frequently traded in our
sample. (It is noteworthy, however, that there are five other assets that are even more
frequently traded, see Table 1, but for which we find no realized measure significantly
better than RV5min.) For the 10-year Treasury note, the realized measures that
outperform RV5min include MSRV, RK and RRV all estimated using 1-second or
5-second sampling (in calendar-time or business-time, with or without subsampling),
and 1-minute RV and 1-minute RVacl; a collection of measures that one might expect
to do well for a very liquid asset.

It is also noteworthy, that, combining the set of estimators that are significantly
worse than RV5min (around one half of all estimators) with those that are signifi-
cantly better (approximately zero), leaves, obviously, around one half of the set of
420 estimators that are not significantly different than RV5min in terms of average
accuracy.

To better understand the results of the Romano-Wolf tests applied to this large

collection of assets and realized measures, Table 6 presents the proportion (across

27 In Table A8 of the web appendix we present some variations of the methods used to obtain
the results in Table 5. First, we change the loss function from QLIKE to MSE. Simulation results
in Patton and Sheppard (2009a), and empirical results in Hansen and Lunde (2005), Patton and
Sheppard (2009b) and Patton (2011a) suggest that tests based on MSE have lower power than
under QLIKE, and our results are consistent with this: under MSE we continue to find no cases
where RVbmin is significantly beaten by an alternative, and a reduction in the number of cases
where RV5min is identified as significantly better than an alternative. Second we consider this test
based on a mean-reverting AR(1) approximation for QV rather than the maintained random walk
approximation. Consistent with the simulation results in Patton (2011a) and the results under
MSE, we find similar results to our base case but with lower power. Finally we consider the use
of a one-day lag, or an average of the one-day lag and one-day lead, as the proxy rather than the
one-day lead. The results are mostly unchanged, indicating that either of these instruments for the
day t proxy are also suitable.
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assets) of estimators that are significantly worse than RV5min by class of estimator
and sampling frequency.?® Darker shaded regions represent “better” estimators, in
the sense that they are rejected less often. Across the five asset classes and the
entire set of assets, we observe a darker region running from the top right to the
bottom left. This indicates that the simpler estimators in the top rows (RV and
variants) do better, on average, when implemented on lower frequency data, such as
I-minute and 5-minute data, while the more sophisticated estimators (RK, MSRV,
TSRV and RRV) do relatively better when implemented on higher frequency data,

such as 1-second and 5-second data.

2.5.4 FEstimating the set of best realized measures

The tests in the previous section compare a set of competing realized measures
with a given benchmark measure. The RV5min measure is a reasonable, widely-
used, benchmark estimator, but one might also be interested in determining whether
maintaining that estimator as the “null” gives it undue preferential treatment. To
address this question, we undertake an analysis based on the “model confidence
set” (MCS) of Hansen et al. (2011). Given a set of competing realized measures,
this approach identifies a subset that contains the unknown best estimator with
some specified level of confidence, with the other measures in the MCS being not
significantly different from the true best realized measure. As above, we use the
QLIKE distance and a one-day lead of RVdaily as the proxy for QV, and Politis and
Romano’s (1994) stationary bootstrap with 1000 bootstrap replications and average

block-size equal to 10.2%

28 In this table we aggregate across calendar-time and tick-time, trade prices and quote prices, to
focus on the class of realized measure and sampling frequency dimensions.

29 Similar to above, we also consider 15-minute RV, 5-minute RV, 1-minute MSRV, and 1-minute
RKth2 (calendar-time, trades prices) as proxies for QV. Again, we find that using one of these more
accurate proxies leads to greater power in the test, i.e. smaller model confidence sets. However,
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The number of realized measures in the model confidence sets varies across indi-
vidual assets, from 2 to 148 (corresponding to a range of 1% to 36% of all measures),
with the average size being 39 estimators, representing just under 10% of our set
of 420 realized measures. Index futures and interest rate futures have the smallest
model confidence sets, containing around 5% of all realized measures, while individ-
ual equities have the largest sets, containing around 17% of all measures. Table A7
in the appendix contains further information on the MCS size for each asset.

In Table 7, we summarize these results by reporting the proportion of estimators
from a given class and given frequency that are included in model confidence sets,
aggregating results across assets. Darker shaded elements represent the “better” re-
alized measures. Table 7 reveals a number of interesting features. Focusing on the
results for all 31 assets, presented in the upper-left panel, we see that the “best” re-
alized measure, in terms of number of appearances in a MCS, is not 5-minute RV but
1-minute subsampled RV. Realized kernels sampled at the one-second frequency also
do very well, as do the preaveraged realized variance estimators. The performance
of these noise robust measures is particularly strong for individual equities, possibly
reflecting this asset class’ position as the focus of most existing empirical work.

Looking across asset classes, we see a similar pattern to that in Table 6: a dark
region of good estimators includes RV and variants based on lower frequency data (5
seconds to 5 minutes) and more sophisticated estimators (RK, MSRV/TSRV, MLRV
and RRV) based on higher frequency data (1 second and 5 seconds). We also observe
that for more liquid asset classes, such as currency futures, interest rate futures, and
index futures, realized measures appear in a MCS more often if based on higher

frequency data. In contrast, for individual equities and for computed equity indices,

the results show similar patterns to those using RVdaily as the proxy, and importantly, we find that
using a proxy of a certain class (RV, TSRV, RK) does not bias the results of the test in favor of
estimators of the same class. Detailed results can be found in the online appendix.
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the preferred sampling frequencies are generally lower.

We can also use the estimated model confidence sets to shed light on the particu-
larly poorly performing realized measures. Across all 31 assets, we see that realized
measures based on 15-minute data almost never appear in a MCS. Similarly, we
observe that the more sophisticated realized measures, TSRV/MSRV, MLRV, RK
and RRV are almost never in a MCS when sampling every 5- or 15-minutes, which
appears to be too low for these estimators. In addition, for the highly liquid futures
contracts, even a sampling frequency of 1-minute is not high enough to use with
these sophisticated realized measures. This is consistent with the implementations
of these estimators in the papers that introduced them to the literature, and so is
not surprising.

Overall, the results from the previous section revealed that it was very rare to find
a realized measure that significantly outperformed 5-minute RV. The analysis in this
section, which avoids the need to specify a “benchmark” realized measure, reveals
evidence that some measures are indeed more accurate than 5-minute RV. We find
that 1-minute RV and RVacl, 1-second and 5-second Realized Kernels and Multi-
scale RV, and 5-second and 1-minute Realized Range estimators appear more often
in the MCS than 5-minute RV. Subsampled RV at moderate frequencies (1-minute

or 5-minute) also outperforms regular 5-minute RV.

2.5.5 Ezxplaining performance differences

We now seek to shed light on the factors that explain the differences in the accuracy
of the realized measures considered in this paper. The results in the previous sections
are related to average accuracy over the entire sample period, and in this section we
study relative conditional accuracy using a panel version of the approach of Giaco-

mini and White (2006). This approach enables us to examine whether the relative
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performance of two realized measures varies with some set of conditioning variables.
We use a panel specification to exploit both the time series and the cross-sectional
information in our data, and we consider a variety of conditioning variables to try
to explain when one measure outperforms another. All of the specifications that we
consider are of the form:

L(0;, M}y ,)—L(0;, M) = BiX{_ ++iZ' +et,, fort=1,2,.T;i=12,.,N (28)

J Jit?

where the first realized measure, M é,t, is taken to be RVbmin, and the competing

i
j7t’

measure, M",, is one of the better-performing realized measures identified in the
previous section, namely, 5-second MSRV, 1-minute RVacl, 5-second RKth2 and 1-
second MLRV.?® We also include 1-minute RV and RVdaily to study the accuracy
gains from using higher-frequency price data. All of these estimators are computed on
transaction prices with calendar-time sampling. The panel is unbalanced as the assets
do not all trade on the same days, and the maximum dimensions of the panel are T =
2860 and N = 31. We estimate this model using an unbalanced panel framework and
Driscoll and Kraay (1998) standard errors, which are robust to heteroskedasticity,

serial correlation, and cross-sectional dependence.3!

Our conditioning variables include a variety of variables ( i_l) that might be
thought to influence the accuracy of realized measures. Numerous measures of mar-

ket liquidity exist in the literature (see Hautsch and Podolskij (2013); Ait-Sahalia and

30 The fact that we examine realized measures identified as “good” in previous analysis of course
biases the interpretation of any subsequent tests of unconditional accuracy. In this section we focus
on whether the relative performance of these measures varies significantly with some conditioning
variables (X, Z) , and the problem of pre-test bias does not arise here.

31 Panel regressions were estimated using the Stata program “xtscc” (Hoechle (2007)) downloaded
from http://ideas.repec.org/c/boc/bocode/s456787.html. These standard errors are essentially a
“HAC of cross-sectional averages”, and based on the length of the data, the program selects 8 lags
to use for the Newey-West kernel. We also used an alternate version of Driscoll-Kraay standard
errors developed in Vogelsang (2012), which uses fixed-b asymptotic theory, but we found that the
differences in the standard errors were extremely small in this application.
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Yu (2009), for examples). We use three measures (see Bandi and Russell (2006) and
Diebold and Strasser (2013), for example) that can be computed each day using our
intraday price and volume data: average time between trades (avgdur); total trade
volume in units of local currency (volm); and average bid-ask spreads (BAsprd). All
three of these variables exhibit a strong trend over our sample period, and so we de-
trend each series using a 60-day moving average.>? Next we look at measures of noise
and jumps in the asset price series. For each day we measure the autocorrelation
in 5-second returns (acl_5s). The autocorrelations of sampled intraday returns have
been studied in the context of measuring QV (Hansen and Lunde (2006b); Hautsch
and Podolskij (2013)) because they embed information about the properties of mi-
crostructure noise, which may influence the performance of realized measures. We
also include an estimate of relative size of the noise: the per-trade ratio of the noise
variance to the total variance (noiseratio), introduced in Oomen (2006a) and used
by Hautsch and Podolskij (2013),3% and the proportion of QV attributable to jumps
(jumpprop), measured as maz(RV; — BPV,,0) /RV; (both measures use 5-minute
tick-time sampled trades prices), to see if the magnitude of noise or jump activity
has an effect on realized measure performance. Finally, we include a measure of
volatility (logQV), and for this we use subsampled RV5min. Tables A9 and A10
in the web appendix present some summary statistics on these conditioning vari-

ables, including the full-sample averages by which the variables are de-meaned, and

32 Specifically, we set X, = Xt/Xt76O,t71 where X’t,go,t,l is the average value of the variable
over the past 60 days. We also examined using 120- and 250-day averages and the results were
qualitatively similar.

33 We compute noiseratio as in Hautsch and Podolskij (2013): noiseratio; = ay/(QV,/n:), where
the numerator is the first-order autocorrelation of the tick-by-tick returns, and the denominator is
1-tick MLRYV scaled by the number of observations on that day.
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information on their cross-correlations.?*:35

Given the panel nature of this analysis, we are also able to include variables (Z)
to capture some of the cross-sectional variation in our data. We first include dummy
variables for each asset class (equities, bond futures, FX futures, index futures, and
computed indices), which capture some of the time-invariant features of the markets
on which these assets trade.?® We also include geographic dummy variables (US, UK,
Europe and Asia, with the US dummy dropped to avoid perfect multicollinearity)
to see whether there are differences across countries in the relative performance of
these realized measures.?”

Table 8 presents the results of these panel regressions, with each column of this
table representing a separate estimation to compare RV5min with the competing
measure listed in the top row. We present the t-statistics above and the parameter

estimates in parentheses below. We focus on the t-statistics since, like Diebold-

Mariano-type tests, the average loss differential, or in this case, the conditional loss

34 We winsorize all conditioning variables at the 0.5% and 99.5% levels to reduce the impact of
extreme observations, and we de-mean all conditioning variables so that the coefficients on the
dummy variables can be interpreted as the average loss difference when all conditioning variables
are at their full-sample average values. Finally, we normalize the loss differences by their full-
sample standard deviations so that the parameter estimates in Table 8 below are comparable across
columns.

35 The two strongest correlations are between avgdur and volm at -0.66, and acl_5s and noiseratio
at -0.33. logQV is also mildly correlated to all of the conditioning variables except jumpprop, with
correlation magnitudes ranging from 0.22 to 0.32. The remaining cross-correlations are fairly small.

36 We do not have measures of volume and bid-ask spreads for our computed indices due to the fact
that they are constructed series rather than traded assets, and so these two conditioning variables
are missing. In the interests of retaining these two interesting variables, we drop the five computed
indices from the panel specification reported in Table 8 below, thereby reducing the cross-sectional
dimension to 26. In the web appendix (Table All), we report a corresponding table with the
computed indices included in the panel and with average spread and volume variables dropped.
The main conclusions from this sub-section are unaffected.

37 Note that the “Asia” dummy variable is dominated by Japan: this group only includes the Nikkei
225 index future, the Nikkei 225 computed index, the yen/USD exchange rate and the Australian
dollar/USD exchange rate. Further, since all currency pairs are against the USD, we assign the
currency futures to the geographic region of its pairing, with the exception of the CAD/USD
currency futures, which are assigned to the “US” (in effect, “North America”) region.
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differential, is difficult to directly interpret. The t-statistics in the middle panel
correspond to the coefficients on the asset class dummies, and can be interpreted
as those on the average difference in performance holding the conditioning variables
at their average levels. The first column of Table 8 confirms our earlier results:
RVdaily is significantly worse that RV5min across all asset classes, evidenced by the
large and negative t-statistics for all four asset class dummy variables. For most of
the other, more sophisticated estimators, we find that RV5min is significantly beaten,
on average, particularly for the very liquid FX futures and index futures asset classes.

Looking at the conditioning variables across the columns we see that two variables
in particular exhibit power in explaining differences in the performance of realized
measures. The first of these (noiseratio) measures the variance of the microstructure
noise relative to the variance of the return. We see a consistent implication from the
coefficients on this variable that as microstructure noise increases, the performance
of the more sophisticated realized measure deteriorates. In the first column the
coefficient is positive, indicating that the performance of RVdaily improves relative
to that of RVbmin as the noise increases, while in all of the remaining columns,
which consider estimators that are in some way more sophisticated than RV5min,
the coefficient is negative. This result is in line with intuition: more sophisticated
estimators, sampled at higher frequencies, are more exposed to microstructure noise
than less sophisticated alternatives, and so as the level of noise increases we would
expect the former to perform relatively worse than the latter. Given the inclusion
of an intercept in this specification (the asset class dummy variables) this does not
necessarily imply as the level of noise increases the researcher should switch from
a more sophisticated estimator to a less sophisticated, lower frequency, estimator;

rather this just suggests that the gains from using a more sophisticated estimator

90



fall in those circumstances.®

The second conditioning variable with substantial predictive power for relative
performance is the level of volatility (logQV). The estimation error of volatility mea-
sures is generally increasing with the level of volatility, which may explain the use-
fulness of this variable. The coefficient on this variable is generally negative and
significant, which has a different interpretation for the first column than the remain-
ing. In the first column, the negative coefficient suggests that as volatility rises, the
gains to using RVbmin increase. That is, in high volatility periods the gains to using
a moderately high sampling frequency rather than daily sampling are particularly
large. In the remaining columns, a negative coefficient indicates that the gains from
using a more sophisticated realized measure rather than RV5min decrease in periods
of high volatility. This may be because the performance of the more sophisticated es-
timators deteriorates faster than that of RV5imin as volatility increases, or it may be
related to the fact that the level of volatility is positively correlated with measures of
market illiquidity such as the bid-ask spread and 5-second return correlations, both
of which are ex ante expected to indicate worse conditions for more sophisticated
estimators.

Finally we turn to the bottom panel of Table 8, which presents the coefficients
and t-statistics on geographic dummy variables. These coefficients represent the
average loss difference between two estimators across all assets in a given geographic
region, compared with those for the assets in the US. The main result that emerges
from this panel, based on columns 2 to 6, is that the more sophisticated estimators
tend to perform better (relative to RV5min) for US assets than for European or

Asian assets; the parameter estimates are almost all negative and significant. This

38 To determine whether the researcher should switch one would need to zoom in on the loss
difference for a given pair of estimators, for a given asset, on a given day. Our panel specification
allows for such analyses, but in the interests of space and generality we do not attempt this here.
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is perhaps related to the fact that much of the work underlying these estimators has
been undertaken with US assets in mind.

This analysis sheds light on the market conditions and market features that lead
to variations in the relative performance of measures of volatility. Sophisticated
estimators, such as MSRV, RK, and RVpa, which perform well on average, see their
performance deteriorate relative to the simple 5-minute RV estimator in periods of
high noise and high volatility, periods that may be particularly important to investors
since they can represent conditions of crisis (low liquidity and high volatility, as in the
recent financial crisis). In such times accurate measurement of volatility is important
for both pricing and risk management. The results from this section also reveal the
importance of US equity markets in the development of sophisticated estimators.
These estimators generally perform significantly worse in non-US markets than in
US markets. This is perhaps indicative of microstructure effects of a different form
to those in US markets, providing motivation for more detailed analyses of non-US

market microstructures.

2.5.6  Qut-of-sample forecasting with realized measures

The results above have all focussed on the relative accuracy of realized measures for
estimating quadratic variation. One of the main uses of estimators of volatility is
in the production of volatility forecasts, and in this section we compare the relative
accuracy of forecasts based on our set of competing realized measures. We do so
based on the simple heterogeneous autoregressive (HAR) forecasting model of Corsi
(2009). This model is popular in practice as it captures long memory-type properties
of quadratic variation, while being simpler to estimate than fractionally integrated
processes, and performs well in volatility forecasting, see Andersen et al. (2007) for

example. For each realized measure, we estimate the HAR model using the most
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recent 500 days of data:
i = L2
Ot = Bojn + BrjnMje + /32,3‘7}15 k2=0 My + 53,;‘,}15 k2=0 M; ik + €, (2.9)

where M;, is a realized measure from the competing set, and §t+h is the volatility
proxy (the squared open-to-close return for day ¢ + h, which is a proxy for QV). We
estimate this regression separately for each forecast horizon, h, ranging from 1 to 50
trading days, and from those estimates we obtain a h-day ahead volatility forecast,
which we then compare with our volatility proxy. We re-estimate the model each
day using a rolling window of 500 days.

In addition to the 420 realized measures we have analyzed so far, for forecast-
ing analysis we also consider some “jump-robust” estimators of volatility. These
measures, described in Section 2.2.3, are designed to estimate only the integrated
variance component of quadratic variation, see equation 2.2. The inclusion of these
estimators is motivated by studies such as Andersen et al. (2007) and Patton and
Sheppard (2013), which report that the predictability of the integrated variance com-
ponent of quadratic variation is stronger than the jump component, and thus there
may be gains to separately forecasting the two components. Using a HAR model on
these jump-robust realized measures effectively treats the jump component as un-
predictable, while using a HAR model on estimators of QV (our original set of 420
measures) treats the two components as having equal predictability.?® (These are of

course extreme viewpoints; a more nuanced approach would allow both components

39 If QV is comprised of two AR(1) components (namely integrated variation and jump variation)
with differing degrees of persistence, then it will follow an ARMA(1,1) process. This is clearly
not consistent with our maintained random walk approximation for QV. In Table A8 of the web
appendix we consider two alternative approximations for QV, an AR(1) and an AR(5), the lat-
ter motivated as an alternative to an ARMA approximation. We find reduced power from these
tests, but the rejections we do obtain are consistent with those found under the random walk
approximation.
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to have non-zero and possibly different levels of predictability, as in Andersen, et al.
(2007), but in the interests of space we do not consider that here.) Extending our
set to include 228 jump-robust measures increases its total number to 648 realized
measures.

For each forecast horizon between one day and 50 days we estimate the model
confidence set of Hansen et al. (2011). It is not feasible to report the results of each of
these estimates for each horizon, and so we summarize them in two ways. Firstly, in
Figure 1 below we present the size of the MCS, measured as the proportion of realized
measures that are included in the MCS, across forecast horizons. From this figure
we observe that the MCSs are relatively small for short horizons, consistent with our
results in Section 2.5.4 and with the well-known strong persistence in volatility. As
the forecast horizon grows, the size of the MCSs increase, reflecting the fact that
for longer horizons more precise measurement of current volatility provides less of
a gain than for short horizons. It is noteworthy that even at horizons of 50 days,
we are able to exclude 43% of realized measures from the MCS, averaging across
all 31 assets. This proportion varies across asset classes, with the proportion of
estimators included at h = 50 equal to 18% for the class of interest rate futures, 35%
for individual equities, and near 100% (i.e., no realized measures are excluded) for
computed equity indices, index futures and currency futures.

In Table 9 we study these results in greater detail. This table has the same format
as Table 7, and reports the proportion of realized measures from a given class and
given frequency that belong to a model confidence set, aggregating results across
assets and forecast horizons between 1 and 5 days. As in Table 7, darker shaded
elements represent the better forecasts. What is most striking about this table is the
relative success of the jump-robust realized measures for volatility forecasting. For

four of the five asset classes, the best measure is one of truncated RV (TRV) at the
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5-minute or 15-minute frequency, or quantile-RV (QRV) at the 5-minute frequency.
Individual equities is the only asset class where nonjump-robust estimators (RVss
on 15-minute sampling and 5-minute RRV) tie with a noise-robust estimator (1-
minute BPVpa) for highest proportion of forecasts belonging in MCSs. This broad
pattern that the best realized measures for volatility forecasting appears to be jump-
robust measures, estimated using relatively low (5- or 15-minute) frequency data is
consistent with the existing results in the literature, see Andersen et al. (2007) and
Corsi et al. (2010) for example, who find that separating QV into continuous and
jump components leads to better out-of-sample forecast performance.

In Figure 2 below we present the proportion (across assets) of model confidence
sets that contain RV5min and TRV5min (both computed on transaction prices with
calendar-time sampling), for each forecast horizon. We see that, across all assets,
RV5min appears in around 30% of MCSs for shorter horizons, rising to around 60%
for longer horizons.*® RV5min does best for currency futures and individual equities,
and relatively poorly for interest rate futures. Figure 2 also presents the correspond-
ing proportion for TRV5min, and we see that this measure does almost uniformly
better than RV5min, with the exceptions being for the individual equities, where it
is dominated by RV5min, and index futures, where TRV5min and RV5Hmin forecast-
ing models show similar performance. TRV5min does particularly well for currency
futures and interest rate futures.

Our study of a broad collection of assets and a large set of realized measures
necessitates simplifying the analysis in several ways, and a few caveats to the above
conclusions apply. Firstly, these results are based on each realized measure being

used in conjunction with the HAR model of Corsi (2009). This model has proven

40 Note that this analysis only counts RV5min computed in calendar time, using transaction prices,
and not subsampled. Thus this represents a lower bound on the proportion of MCSs that include
any RV5min.
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successful in a variety of volatility applications, but it is by no means the only
relevant volatility forecasting model in the literature, and it is possible that the
results and rankings change with the use of a different model. Secondly, by treating
the prediction of future QV as a univariate problem, we have implicitly made a strong
assumption about the predictability of volatility attributable to jumps, either that
it is identical to that of integrated variance, or that it is not predictable at all. A
more sophisticated approach might treat these two components separately. Thirdly,
we have only considered forecasting models based on a single realized measure, and
it may be possible that a given realized measure is not very useful on its own, but

informative when combined with another realized measure.

2.6 Summary and conclusion

Motivated by the large body of research on estimators of asset price volatility using
high frequency data (so-called “realized measures” ), this paper considers the problem
of comparing the empirical accuracy of a large collection these measures across a
range of assets. In total, we consider over 400 different estimators, applied to 11 years
of data on 31 different financial assets across five asset classes, including equities,
indices, exchange rates and interest rates. We apply data-based ranking methods to
the realized measures and to forecasts based on these measures, for forecast horizons
ranging from 1 to 50 trading days.

Our main findings for these 31 assets can be summarized as follows. Firstly, if
5-minute RV is taken as the benchmark realized measure, then using the testing
approach of Romano and Wolf (2005), we find very little evidence that it is sig-
nificantly outperformed by any of the competing measures in terms of estimation
accuracy, across any of the 31 assets under analysis. If, on the other hand, the re-
searcher wishes to remain agnostic about the “benchmark” realized measure, then
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using the model confidence set of Hansen et al. (2011), we find that 5-minute RV is
indeed outperformed by a small number of estimators, most notably 1-minute sub-
sampled RV, and 1- and 5-second realized kernels and MSRV. Finally, when using
forecast performance as the method of ranking realized measures, we find that 5-
minute or 15-minute truncated RV provides the best performance on average, which
is consistent with the work of Andersen et al. (2007), who find that jumps are not
very persistent. The rankings of realized measures vary across asset classes, with 5-
minute RV performing better on the relatively less liquid classes (individual equities
and computed equity indices), and the gains from more sophisticated estimators like
MSRYV and realized kernels being more apparent for more liquid asset classes (such as
currency futures and equity index futures). We also find that for realized measures
based on frequencies of around five minutes, sampling in tick time and subsampling
the realized measure both generally lead to increased accuracy.

It is important to acknowledge here that while we consider a relatively large col-
lection of assets, they all share the characteristic of being relatively liquid assets on
well-developed markets, and our conclusions require some adjustment before con-
sidering them for other assets. We suggest the following three general conclusions.
First, sampling relatively sparsely appears to accrue much of the benefits of “high
frequency” data (whatever that means for a given asset) without exposing the mea-
sure to problems from microstructure noise. Five-minute sampling is an example
of sparse sampling for moderately liquid assets; for less liquid assets 15 minutes
to one hour might be more appropriate, and as the assets we study get more lig-
uid, one-minute sampling may be interpretable as “sparse.” Second, “subsampling”
(Zhang et al. (2005)) is an easy, and robust, way to improve the accuracy of sparsely-
sampled realized measures. Finally, the gains from high frequency data are greatest

when microstructure noise, somehow measured, is relatively low, and when volatility
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is high. These two quantities can vary substantially through time, as well as across
assets. Investigating the performance of these, and newly-developed, realized mea-
sures on an even broader set of assets (less liquid, perhaps on developing markets) is

an interesting avenue for future research.
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Table 2.4: Pairwise Comparison of Realized Measures

Transaction prices vs Mid-quote prices

1t 1s 5s 1m bHm 15m

RV 69 73 69 -23
RVss 73 69 -15
RVpa 19
RVacl 0
RK 13
M/TSRV 21
MLRV -31
RRV 8
BR 23

Calendar-time sampling vs Tick-time sampling

1t 1s 5s 1m bHm 15m

RV 3 23 29
RVss 0 32 23

RVpa -3 35 65 74 71
RVacl -3 45 29
RK -9 -1 48 58 36
M/TSRV 15 37 40
TSRV 0 32 45
MLRV 6 42 19
RRV 58 81 7
BR 3

Not Subsampled vs Subsampled estimators

1t 1s 5s 1m b5m 15m

RV 5 7 6 29 @ 48
RVacl 86 46 29 84 94
M/TSRV 2 0 13 40 19
MLRV 0 4 10 68 77
RRV -13 =32 -19 4558
BR 6

Not Pre-averaged RV vs Pre-averaged RV
1t 1s 5s 1m 5m 15m

RV 747730 [ETALSI000EI00]
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Notes for Table 2.4: This table summarizes results on pairwise comparisons of
realized measures that differ only in the price series used (top panel), sampling
scheme used (middle panel), or use of subsampling or pre-averaging (bottom
two panels). For each pair, a robust t-statistic on the average loss difference is
computed per asset and estimator type. Each table cell summarizes the pair-
wise comparisons for a given estimator class and frequency by reporting the pro-
portion of significantly positive t-statistics minus the proportion of significantly
negative t-statistics. A negative value indicates that the first approach (e.g.,
calendar-time sampling in the top panel) outperforms the second approach, a
positive value indicates the opposite. Values less than -33 are dark-shaded,
and values greater than 33 are light-shaded. ‘RK’ aggregates the resulting t-
statistics from the 4 types of Realized Kernels, MSRV and TSRV results are
combined in ‘M/TSRV’, and RRVm5 and RRVm10 results are combined.
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Table 2.8: Conditional Relative Performance of Realized Measures and RV5min

RV5m vs. RV RV MSRV RVacl RKth2 MLRV
daily 1m 5s 1m 5s 1s
avgdur 0.74 0.10 -0.44 -1.72 -1.57 1.28
(0.01) (0.00) (-0.01) (-0.02) (-0.05) (0.02)
volm 1.55 -1.74 -1.38 -0.36 -1.24
(0.01) (-0.01) (-0.01) (0.00) (-0.01)
BAsprd 1.54 -1.57 -1.23 -1.78 -1.87
(0.06) (-0.04) (-0.03) (-0.03) (-0.06)
acl_b5s -0.70 -1.26 -1.63 -0.56 1.65
(-0.05) (-0.10) (-0.21) (-0.04) (0.15)
jumpprop 0.97 0.04 0.28 -0.40 1.33
(0.03) (0.00) (0.01) (-0.02) (0.05)
noiseratio 3.56
(0.01)
logQV 1.85 0.91
- oo oo
equities -0.63 0.60 0.38 4.23
(0.00) (0.00) (0.00) (0.03)
bond fut 6.34 5.90 4.52 -0.80
(0.17) (0.14) (0.08) (-0.02)
FX fut 7.39 5.74 1.20 5.94 6.71
(0.10) (0.07) (0.02) (0.07) (0.09)
index fut 10.45 9.00 -0.47 6.79 4.49
(0.13) (0.09) (0 00) (0.08) (0.06)

UK -0.57
(-0.01)

Europe 2 28 O 09
(0.03) (0.00)

Asia —O 96 —1 52 -1.76
(-0.02) (-0.05) (-0.02)

Notes: Each column of this table presents the t- statlstlcs (top) and coefficient estimates
(bot’pom, in pajrentheses) for a pooled regression of the form L(Q;, 6,t) L(H ’M;»t) =
BiXi_y + 2 + el fort =1,2,..T; i = 1,2,...26, Whgre My, is RV5min, M5, is a
competing realized measure listed in the table header, X}_; are the set of 7 explanatory

variables listed in the first 7 rows of first column, and Z° are the set of 7 categorical
variables listed in the last 7 rows of the first column. 26 assets (all assets other than the
computed indices) are included in each panel regression, and T=2860 (though panel is
unbalanced). All estimators are calendar-time sampled, transaction price estimators.
Statistically significant results (at 5% level) are shaded.
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Table 2.9: Proportion of RM-based HAR-RV models in 90% Model Confidence
Sets, for forecast horizons 1 through 5

RV

RVss
RVpa
RVacl
RK
M/TSRV
MLRV
RRV

BR

BPV
BPVpa
min/medRV
QRV
TrunRV

RV

RVss
RVpa
RVacl
RK
M/TSRV
MLRV
RRV

BR

BPV
BPVpa
min/medRV
QRV
TrunRV

All 31 Assets

Interest Rate Futures

1t 1s 5s 1m 5m 15m
12 14 17 25 35 30
16 16 25 35 44
40 34 36 41 23 15
14 18 17 29 33 27
33 30 34 35 30 13
19 17 19 31 28 11
19 18 20 33 34 11
18 15 17 37 42 27
36
10 13 16 25 42 49

42 34 47 60 41 23

11 13 15 23 38 44
11 12 16 36 95
11 11 22 42

Individual Equities

1t 1s 5s 1m 5m 15m
2 3 8 0 1 3
5 7 1 0 0
0 0 0 4 3 8
2 5 6 0 3 1
0 0 1 ) 6 2
3 7T 5 0 ) 4
2 8 5} 0 6 0
2 5 2 0 9 13
2
0 O 1
10 11 37
0 0 1
0 0 6
0 0 4

Currency Futures

1t 1s 5s 1m 5m 15m
5 6 6 23 42 35
0 5 23 43 -

46 35 41 49 32 17
12 5 9 31 38 35
40 32 37 39 35 14
15 11 16 32 31 10
15 5 10 35 42 11

10 4 5 43 1681 33

37

6 2 3 16 38 49

46 29 38 B8 39 18
3 3 16 32 43

7
6 0 4 13 46 47
7T - 0 16 39 46

1t 1s b5s
42
40 46

Im 5m 15m

Notes: This table (continued on the next page) aggregates, for groups of assets (ei-
ther all 31 assets, or assets belonging to one class), the 90% Model Confidence Sets
identifying the subset containing “best” estimators. Each table cell reports the percent-
age of all estimators of a certain estimator class and sampling frequency (across assets,
and aggregating estimators using different sampling schemes and sampled price series)

that are found to be in a Model Confidence Set. ¢

indicates that for the assets under

consideration, all estimators of that class and sampling frequency yield values that are
unrealistically small and thus dropped from the competing set (see section 7.2 in the

Appendix).
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Index Futures

1t 1s 5s 1m 5m 15m

RV 18 16 16 17 25 16
RVss 17 17 17 25 33
RVpa 36 30 24 32 12 5
RVacl 10 18 13 19 24 17
RK 28 22 29 26 21 3
M/TSRV 19 14 15 20 20 3
MLRV 26 18 20 24 19 6
RRV 22 15 13 27 21 10
BR 47
BPV 4 2 22 18 32 32
BPVpa 30 23 35 39 13 5
min/medRV 5 6 17 16 26 31
QRV 4 13 13 29 44 22
TrunRV 3 1 17 30 54 39

Computed Indices

1t 1s 5s 1Im 5m 15m
RV 16 16 18 30 20 20
RVss 0 0 34 22 54
RVpa 52 40 38 58 4 0
RVacl 20 13 14 32 20 34
RK 26 29 29 20 24 14
M/TSRV 30 13 14 24 35 4
MLRV 28 13 34 32 34 0
RRV 26 20 35 35 34 16
BR 36
BPV 32 - - 34 33 45
BPVpa 56 32 40 68 12 0
min/medRV = 32 -0 19 37 42
QRV 32 0 12 42 34
TrunRV 24 - 13 24 . 53
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2.8 Figures
Proportion of RM-based HAR-RV forecasts in 90% Model Confidence Sets
All Assets Individual Equities
1 ‘ ‘ 1 . ‘
0.8t 1 0.8t 1
0.6 1 0.6 b
0.4} 1 0.4} 1
0.2r 1 0.2r b
0 : : : : : 0 : : : : :
0 10 20 30 40 50 10 20 30 40 50
forecast horizon forecast horizon
Interest Rate Futures Currency Futures
1 T T 1 T T
0.8r 1 0.8r b
0.6 1 0.6 b
0.4 1 0.4 1
0.2} WV\_. 0.2t J
0 ‘ ‘ ‘ ‘ ‘ 0 ‘ ‘ ‘ ‘ ‘
0 10 20 30 40 50 10 20 30 40 50
forecast horizon forecast horizon
Index Futures Computed Indices
1 ‘ . :
0.8t 1
0.6 ]
0.41 1
0.2r b
0 : : : : : 0 : : : : :
0 10 20 30 40 50 0 10 20 30 40 50
forecast horizon forecast horizon
FIGURE 2.1: This figure presents the proportion of all realized measure based HAR-

RV forecasts of QV that are included in the 90% model confidence set at each forecast
horizon, ranging from 1 to 50 days. The upper left panel presents the results over all
31 assets, and the remaining panels present results for each of the five asset classes
separately.
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Proportion of 90% Model Confidence Sets that contain RV5min or TRV5min

All Assets

0.21 RV5min
0 ‘ ‘ ‘ = = =TRV5min
0 10 20 30 40 50
forecast horizon
Interest Rate Futures
1 T T
== = rn=r-= =]
08 (VAN oy v T
PR - e [} PR
0.6 \ 1
v v
0.4 1
0.2 1
. MAN [V
0 10 20 30 40 50
forecast horizon
Index Futures
1 T -
0.8 1
j
1
0.6 : 1 1
|
04! = 1
0.2 . ]
iy
0 vy, ‘ ‘ ‘
0 10 20 30 40 50

forecast horizon

0.2r

0.2}

Individual Equities

10

20 30 40 50
forecast horizon

Currency Futures

10

20 30 40 50
forecast horizon

Computed Indices

20 30 40 50
forecast horizon

FIGURE 2.2: This figure presents the proportion of 90% model confidence sets (across
assets) that contain 5-minute RV and 5-minute truncated RV (under calendar-time
sampling, and using transactions prices if available) at each forecast horizon ranging
from 1 to 50 days. The upper left panel presents the results across all 31 assets, and
the remaining panels present results from each of the 5 asset classes separately.
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Appendix A

Appendix for Chapter 1
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A.1 Additional Tables and Figures

Table A.1: CDS Reference Entities and their Credit Ratings

ticker reference entity sector ratings range
Investment Grade (listed in CDX.NA.IG.17)
AA Alcoa Inc. basic mat. A+ ; BBB-
CAG ConAgra Foods, Inc. cons. goods BBB+ ; BBB
MO Altria Group, Inc. cons. goods A ; BBB
WHR Whirlpool Corporation cons. goods BBB+ ; BBB-
AZO Autozone, Inc. cons. services A- ; BBB
SWY Safeway Inc. cons. services BBB ; BBB-
YUM YUM! Brands, Inc. cons. services BBB ; BB
AXP American Express Company financials A+ ; BBB+
GEcc General Electric Capital Corp. financials AAA ; AA+
ARW Arrow Electronics, Inc. industrials BBB+ ; BBB-
CSX CSX Corporation industrials BBB ; BBB-
UNP Union Pacific Corp. industrials BBB+ ; BBB-
UNH Unitedhealth Group Inc. healthcare A A-
APC Anadarko Petroleum Corp. energy BBB+ ; BBB-
COP Conoco Phillips energy A ; BBB
VLOC Valero Energy Corp. energy BBB ; BBB-
CSC Computer Sciences Corp. technology A ; BBB+
XRX Xerox Corp. technology A ; BB-
COXComlInc COX Communications, Inc. telecomm. BBB+ ; BBB-
AEP American Electric utilities A-; BBB

Power Company, Inc.

High Yield (listed in CDX.NA.HY.17)

WY Weyerhaeuser Company basic mat. BBB ; BBB-
GT The Goodyear Tire & consumer goods BB-; B+
Rubber Company
LTD L Brands, Inc. cons. services BBB+ ; BB
RCL Royal Caribbean Cruises Ltd.  cons. services BBB- ; BB-
RSH Radioshack Corp. cons. services A-; B+
TSG Sabre Holdings Corp. cons. services not avail.
CMS CMS Energy Corp. energy BB ; BBB-
MGIC MGIC Investment Corp. financials A ; CCC
THC Tenet Healthcare Corp. healthcare B+ ; BB-
AMD Advanced Micro Devices, Inc.  technology B+ ; CCC+

This table lists the CDS reference entities with their sector (as listed by Markit for
CDX indices) and the range of Standard & Poor’s long-term bond ratings for the
sample period from December 31, 2003 to March 31, 2012. The first column displays
Markit tickers for the reference entities.
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w10 CDS spreads w10’ Forward Default Probabilities

I I i I I I | 1 1 1 1 1 1 1
o ) 10 15 20 25 30 35 40 o 5 10 15 20 25 30 35 40
quarters ahead
contract maturity {quarters)

FIGURE A.1: The left panel of this figure presents the CDS spread term structure
in dollars on a sample day for a sample firm (Xerox on Nov. 21, 2007). The right

panel presents the 8-step forward default probability curve stripped from the CDS
term structure with LGD is fized at 0.40.
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B.1

Appendix B

Appendix for Chapter 2

Data Cleaning

All series were cleaned according to a set of baseline rules similar to those in Barndorff-

Nielsen et al. (2009). Using notation from that paper, these rules are:

P1

P2

P3

Q1

Q2

QT1

Prices out of normal business hours were discarded.

Prices with a 1-tick reversal greater than 15 times the median spread were

removed.

Prices were aggregated using the median of all prices with that time stamp.

Quotes with bid above offer were removed.

Quotes with a spread greater than 15 times the daily median spread were

removed

The maximum price was determined as the minimum of the maximum offer

and the maximum transaction price, plus 2 times the daily median standard

120



QT2

QT3

F1

deviation. The minimum price was determined as the maximum of the mini-
mum bid and the minimum transaction price, minus 2 times the daily spread.
Transactions with prices outside of this range, or quotes where either price was

outside this range were removed.

Transactions with prices that were outside of the lowest bid highest and offer
over the previous 1 minute and subsequent 1 minute were removed. No action

was taken if there were no quotes during this period.

Quotes with bids above or offers below the observed trading price range over

the previous and subsequent minute were removed.

The active future was chosen according to the highest transaction volume on
each trading day, with the condition that once a future has been selected, it
cannot be deselected in favor of a new contract and then reselected. To avoid
this, a unique roll date was selected by maximizing the total transaction volume

to choose a single roll date.

On the rare occasion that a problem was detected, the problematic data points

were removed manually. Manual cleaning was needed in less than 0.1% of all days.

B.2

Additional Summary Statistics and Results

This section summarizes some further summary statistics for the realized measures.

Our broad implementation of realized measures means that some questionable

estimators are included, and for some of these measures, we see unrealistic estimates

of QV (negative or zero values, for example) for several days. We use the following

simple rule to remove the worst estimators before proceeding to formal rankings and

tests:

if values of the realized measure are less than a prespecified cutoff (0.0001
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for interest rate and currency futures or 0.001 for all other assets) for more than
5% of the days in the sample, then that estimator is removed from the competing
set, and not included in any subsequent analysis. Only 12 of the 31 assets have any
realized measures removed, and the maximum number of removed measures is seven
(out of 420 measures in total). Realized measures with a small number of unrealistic
estimates are retained, and the values below the cutoff are replaced with the previous
day’s value. Table B.2 records the estimators that are removed from each competing
set for each asset according to this rule. Not surprisingly, these estimators include
many that were implemented on an inappropriate sampling frequency relative to the
frequency of the available price data.

Tables B.3 and B.4 supplement Table 2.2, providing summary statistics for each
individual asset.

Table B.5 presents information on the correlation between the estimators. As
one would expect, the majority of the remaining estimators are highly correlated.
On average, about half of the correlations are over 0.9, and about 25% are 0.95 or
higher.

Table B.6 presents correlation matrices for the ranks of individual realized mea-
sures, according to estimated accuracy, across pairs of assets in a given asset class.
These rank correlations provide insights into whether the relative performance of
realized measures is similar across assets in the same asset class.

Table B.7 lists the size of the estimated model confidence set (MCS) for each
individual asset.

Results from some robustness checks are presented in Table B.8. We conduct
Romano-Wolf tests substituting MSE loss for QLIKE loss, or replacing the random-
walk approximation for QV with an AR(1) or AR(5) approximation. Consistent with

expectations, we find similar results to our base case but with lower power: we find
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no cases where RVhmin is significantly beaten by an alternative, and the number of
cases where RV5min is identified as significantly better than an alternative drops.
Also in Table B.9, we present results from Romano-Wolf tests using two alterna-
tive QV proxies, which are the 1-day lag of RVdaily or the average of 1-day lead and
1-day lag of RVdaily. The results are very similar to using 1-day lead of RVdaily.
Tables B.10 and B.11 present some summary statistics and cross-correlation es-

timates for the conditioning variables used in the panel regressions.
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Table B.1: Short-hand codes for estimators

Order: Class _ Sampling Freq. _ Sampling Scheme _ Price Series _ Subsampling

Classes of Realized Measures

RV
RVss
RVpa
RVacl
RKbart
RKcub
RKth2
RKnfp
TSRV
MSRV
MLRV
RRVmb5
RRVm10
BR

Jump-robust estimators:

BPV
BPVpa
minRV
medRV
QRV
TrunRV

Sampling Frequency
1t

1s, 5s

1m, 5m, 15m

Sampling Scheme
¢
b

Price series
t

q
Subsampling

Ss
“blank”

Example:
RV_1m ct_ss

Realized Variance

Subsampled Realized Variance

Pre-averaged Realized Variance

First-order autocorrelation adjusted realized variance
Realized Kernel with flat-top Bartlett kernel
Realized Kernel with flat-top cubic kernel

Realized Kernel with flat-top Tukey-Hanning2 kernel
Realized Kernel with non-flat-top Parzen kernel
Two-scales realized variance

Multi-scales realized variance

Maximum-Likelihood realized variance

Realized range-based variance with block length 5
Realized range-based variance with block length 10
Realized Variance with Bandi-Russell Optimal Sampling

Bipower Realized Variance

Pre-averaged Bipower Variance

MinRV

MedRV

Quantile Realized Variance

Truncated (Threshold) Realized Variance

tick-by-tick
1-second, 5-second
l-minute, 5-minute, 15-minute

calendar-time sampling
tick (business)-time sampling

transactions prices
midquote

subsampled
not subsampled

Realized variance, using 1-minute calendar time sampling
of trade prices, sub-sampled
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Table B.3: Summary of Sample Means and Standard Deviations of Realized Mea-
sures

Sample Mean Sample Standard Deviation

med  std dev min max med  std dev min max
KO 1.77 1.82  0.32 17.24 2.82 246  0.96 23.00
LSI 11.46 10.73  1.07  106.98  14.64 11.94  3.12  115.60
MSFT 3.08 3.78  0.84 31.34 4.19 514  1.59 37.90
IFF 2.75 221 024 21.72 5.17 3.37  0.56 30.66
SYY 2.37 2.72  0.41 24.49 3.50 4.27  0.65 37.56
DGE 2.68 3.38  0.60 31.37 4.06 5.29  1.43 42.47
VOD 4.37 9.23 1.38 68.50 5.64 10.20  2.28 70.50
SAB 3.54 255  1.21 22.40 6.19 4.38 1.83 29.24
SDR 8.70 6.09 0.89 47.60  17.01 10.36  1.67 70.39
RSA 6.93 6.88  1.03 61.13  11.82 9.06 2.71 81.44
TU 0.01 0.01  0.00 0.09 0.02 0.01  0.01 0.11
FV 0.06 0.06  0.03 0.53 0.08 0.05  0.03 0.56
TY 0.13 0.15  0.06 1.18 0.17 0.12  0.06 1.20
US 0.32 0.39 0.14 3.22 0.39 0.29 0.13 2.73
FGBL 0.09 0.11  0.03 0.95 0.08 0.08  0.03 0.73
FGBS 0.01 0.02  0.00 0.09 0.02 0.72  0.01 2.47
CD 0.33 0.37  0.15 3.17 0.35 0.37 0.16 3.12
AD 0.50 0.56 0.19 4.74 1.00 1.06  0.39 8.72
BP 0.23 0.26  0.10 2.15 0.30 0.34 0.14 2.72
URO 0.24 0.27  0.11 2.30 0.26 0.28  0.10 2.25
JY 0.28 0.30 0.12 2.56 0.36 0.34 0.16 2.88
STXE 1.76 2.06 0.57 16.58 3.17 3.97 1.38 29.25
JNI 1.15 1.73 0.42 14.03 1.72 1.84  0.55 15.03
FDX 1.75 1.96 0.63 16.54 2.81 292 131 23.97
FFI 1.29 1.51  0.61 12.31 2.10 245  0.96 19.06
ES 1.26 1.93  0.58 14.64 2.65 3.43 1.17 24.14
SPX 1.11 1.13  0.04 10.49 2.51 2.15  0.10 20.52
STOX* 1.51 1.47  0.08 13.63 2.53 220  0.17 20.02
DAX 1.78 1.81  0.35 16.45 3.05 2.78 1.04 24.47
FTSE 1.04 1.00  0.05 9.46 2.08 1.55  0.12 14.45
N225 0.91 0.66  0.02 7.67 1.44 1.13  0.04 12.51

Notes: The sample mean and standard deviation of each of the implemented realized
measures for all 31 assets are calculated. This table summarizes the summary statistics
by listing the median sample mean, the standard deviation of the sample means, and the
minimum and maximum values of sample means for a given asset. We do the same for
the collection of approximately 648 (or 324) sample standard deviations for each asset.

¥ STOXX50E is shortened to STOX.
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Table B.4: Estimated autocorrelation of realized measures and quadratic variation

ac(1) ac(2) ac*(1) ac*(2)

mean std RV mean std RV mean std RV mean std RV

dev 5m dev 5m dev 5m dev 5m

KO 0.61 0.11 0.62 0.61 0.10 0.61  0.93 0.03 0.95 0.90 0.03 0.94
LSI 0.59 0.10 0.64 0.53 0.11 0.60 0.94 0.07 0.98 0.90 0.11 0.96
MSFT 0.73 0.11 0.72 0.70 0.11 0.68 0.96 0.02 0.96 0.94 0.02 0.95
IFF 0.48 0.14 046 045 0.15 0.41  0.95 0.01 0.93 0.92 0.02 0.93
SYY 0.56 0.08 0.57 0.52 0.11 0.53 0.91 0.03 0.91  0.88 0.04 0.90

DGE 0.60 0.11 0.61  0.54 0.11 0.49 0.97 0.02 0.98 0.95 0.02 0.97
VOD 0.67 0.11 045 0.60 0.12 0.44 0.97 0.01 0.96 0.95 0.02 0.95
SAB 0.50 0.12 0.49 0.41 0.12 0.33  0.96 0.03 0.97 0.94 0.04 0.91
SDR 0.48 0.11 0.59 0.38 0.09 0.48 0.93 0.03 0.95 0.91 0.04 0.94
RSA 0.56 0.11 0.56  0.52 0.10 0.50  0.97 0.02 0.96  0.95 0.01 0.93

TU 0.37 0.16 0.35 0.37 0.14 0.35 0.96 0.03 0.94 0.95 0.02 0.95
FV 0.25 0.15 0.20  0.23 0.13 0.17  0.96 0.02 0.95 0.94 0.02 0.94
TY 0.30 0.18 0.19  0.27 0.16 0.16  0.97 0.02 0.96  0.94 0.02 0.94
UsS 0.27 0.17 0.17  0.24 0.15 0.13  0.96 0.02 0.94 0.93 0.03 0.92

FGBL 0.55 0.15 0.60  0.48 0.13 0.52 097 0.01 0.96 0.93 0.01 0.91
FGBS 0.29 0.30 0.58 0.25 0.25 049 0.92 0.16 0.96  0.82 0.28 0.94

CD 0.70 0.11 0.68 0.67 0.10 0.68 1.00 0.02 1.00  0.98 0.01 0.97
AD 0.73 0.08 0.71  0.76 0.05 0.78  0.93 0.05 0.94 0.90 0.04 0.93
BP 0.75 0.10 0.71  0.72 0.08 0.70  0.99 0.01 0.99 0.98 0.01 0.98
URO 0.64 0.12 0.63 0.60 0.12 0.58 0.98 0.01 0.98 0.96 0.01 0.95
JY 0.54 0.13 0.50 0.44 0.12 0.40 0.95 0.01 0.95 0.91 0.02 0.93
STXE 0.46 0.25 0.61  0.41 0.23 0.54 0.95 0.02 0.95 0.94 0.02 0.94
JNI 0.70 0.11 0.70  0.66 0.10 0.63  0.91 0.05 0.86  0.92 0.04 0.87
FDX 0.64 0.15 0.23  0.58 0.14 0.20 0.95 0.01 0.96  0.95 0.02 0.95
FFI 0.72 0.09 0.71  0.69 0.07 0.65 0.95 0.02 0.97 0.94 0.01 0.94
ES 0.67 0.09 0.68 0.66 0.09 0.67 0.90 0.03 0.87 0.86 0.04 0.85
SPX 0.66 0.08 0.69 0.65 0.08 0.68 0.91 0.03 0.92 0.86 0.03 0.86

STOX 0.67 0.09 0.57 0.63 0.07 0.57 0.94 0.03 0.90 0.93 0.03 0.89
DAX 0.69 0.08 0.70  0.59 0.08 0.62 0.94 0.01 0.96 0.94 0.02 0.96
FTSE 0.54 0.10 0.55  0.53 0.09 0.51  0.90 0.05 0.89  0.88 0.06 0.85
N225 0.70 0.10 0.74  0.64 0.08 0.67 0.95 0.04 0.95 0.94 0.03 0.94
Average 0.57 0.12 0.56 0.53 0.12 0.51  0.95 0.03 0.95 0.92 0.04 0.93

Notes: This table lists the mean and standard deviation, by asset, of sample autocor-
relations of realized measures (denoted “ac”) and the estimated autocorrelation of QV
based on a realized measure (denoted “ac*”), using the instrumental variables method
of Hansen and Lunde (2010). The autocorrelation estimates for RV5min (with calendar-
time sampling of transaction prices) are also presented.
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Table B.5: Quantiles of pairwise correlations between realized measures of a given
asset

0.01 0.05 0.1 0.25 0.5 0.75 0.9 095 0.99

KO 0.51 0.63  0.68 0.76  0.85 0.92  0.96 0.98 0.99
LSI 0.36 0.48 0.57 0.70  0.82 091 0.96 0.97 0.99
MSFT 0.32 0.51  0.63 0.76  0.87 094 098 0.99 1.00
IFF 0.44 0.52  0.60 0.70  0.85 0.95 0.98 0.99 1.00
SYY 0.43 0.60  0.66 0.78  0.88 094 0.97 0.98 0.99
DGE 0.47 0.59  0.65 0.72  0.82 0.90 094 0.96 0.99
VOD 0.39 0.65 0.70 0.78 087 0.93  0.96 0.97 0.99
SAB 0.23 0.39 049 0.63 0.73 0.82  0.89 0.93 0.98
SDR 0.21 0.38 047 0.61 0.72 0.81  0.89 0.94 0.99
RSA 0.54 0.64 0.70 0.78  0.84 0.90 094 0.96 0.99
TU 0.49 0.58  0.63 0.72 081 0.89 094 0.96 0.98
FV 0.39 0.51  0.56 0.66  0.76 0.86 0.92 0.95 0.98
TY 0.40 0.51  0.58 0.71  0.83 091 095 0.97 0.99
Us 0.31 0.43 0.51 0.65 0.80 091 096 0.97 0.99
FGBL 0.43 0.56  0.62 0.72 083 091 0.95 0.97 0.99
FGBS 0.00 0.02  0.03 0.06  0.63 0.95 1.00 1.00 1.00
CD 0.60 0.79  0.82 0.88 093 0.96 0.98 0.99 0.99
AD 0.68 0.84 0.88 0.92  0.96 098  0.99 0.99 1.00
BP 0.74 0.82  0.85 0.90 094 097  0.99 0.99 1.00
URO 0.64 0.74  0.78 0.86 091 0.96  0.98 0.99 0.99
JY 0.66 0.77 081 0.87  0.92 0.96 0.98 0.99 0.99
STXE 0.16 0.23 0.28 0.47  0.79 094 098 0.99 1.00
JNI 0.39 0.62 0.70 0.81  0.88 094 0.96 0.98 0.99
FDX 0.45 0.57  0.66 0.80  0.90 095 0.98 0.99 1.00
FFI 0.80 0.87  0.90 0.93 0.96 0.98  0.99 0.99 1.00
ES 0.73 0.83 087 0.92 096 0.98  0.99 1.00 1.00
SPX 0.68 0.80 0.84 0.89  0.93 097  0.99 0.99 1.00
STOX 0.65 0.76  0.81 0.87  0.92 0.96  0.98 0.99 1.00
DAX 0.57 0.72  0.79 0.87  0.92 0.96  0.98 0.99 1.00
FTSE 0.47 0.66  0.73 0.80  0.88 094 098 0.99 1.00
N225 0.59 0.69 0.75 0.86  0.93 097 099 1.00 1.00

Average 0.48 0.60  0.66 0.75  0.86 0.93 0.96 0.98 0.99

Notes: All values of “1.00” are due to rounding. All estimated correlations are less than

128



"SsR[D oures o) Jo sjosse ssore (Axoxd AF) oY) se A[TepAY
Sunye) pue ‘worouNj sso[ HMII) UO Paseq) sSUUeI JY) JO SUOIJR[ILIOD YURI SARIASID J[qeR) SIYJ, ‘$270N\

9L.°0 TdOd

040 HSLA 080 960 SN

780 €8°0 Xva 09°0 €6°0 16°0 AL

9.0 960 080 XOLS 79°0 880 16°0 960 AAd

¥.L.0 76°0 6L°0 L6°0 XdS 0470 €8°0 .80 06°0 96°0 NnL
GCCN WdSIA XVAd XOdS SsdoOd TdDODA SN AL Ad

(€8°0 :1100 3a®) sa01puy pagnduioy) (PR°(Q 1100 3AR) S2UNIN] PUOL

080 144 96°0 odn

180 960 Xad 830 .80 dd

LL°0 160 ¢s0 INTI 98°0 LL°0 €80 av

680 990 G9°0 830 HX LS 660 780 780 ¥6°0 ao
SH 114 Xdd INr Al odn dd av

(7270 :1100 8AR) saungn,f Topujy (2870 :1100 3A®) saungng fioual.in))

G80 qadas

8L°0 06°0 dvs

L8°0 ¢9'0 990 doA

G6°0 8L°0 LL0 68°0 Haoda

670 G9°0 7.0 cvo 747a0] AAS

¢vo 16°0 €90 0¥°0 9¢°0 2870 AAT1

19°0 09°0 TL°0 99°0 09°0 080 8L°0 LASIN

€¢0 79°0 8L0 ¢s0 0G0 G660 880 G0 IST

89°0 290 6.0 69°0 G9°0 180 LL°0 88°0 1670 (0)/ ]
VSd ddsSs davs doA dODA AAS 44T LASIN IST

(0470 :1100 8AR) s9upunbs] [DNPLAPUT

SSUIUeI JO SUOIYR[DII0D }9SSB-SSOI) 19 (] 9[qe],

129



Table B.7: Size of 90% Model Confidence Sets

QV Proxy

RV RV RV MSRV RKth2

Asset Total 7 daily 15min domin Imin Imin
Bstim. () () (@) () (@) () @ 0 @ (0

KO 418 119 28.5 8 19 11 26 9 22 8 19
LSI 417 32 77 11 26 10 24 4 1.0 10 24
MSFT 418 79 18.9 6 14 3 0.7 5 12 5 12
IFF 413 130 31.5 33 80 25 6.1 50 12.1 50 12.1
SYY 414 148 357 13 3.1 20 4.8 8§ 19 10 24
DGE 420 39 93 14 3.3 2 05 15 36 14 33
VOD 419 47 11.2 6 1.4 5 1.2 4 10 4 1.0
SAB 420 76 18.1 18 4.3 9 2.1 1 02 6 14
SDR 416 24 5.8 3 0.7 1 0.2 3 07 4 1.0
RSA 419 22 53 6.0 14 9 21 18 43 13 3.1
TU 419 10 24 27 64 16 38 30 72 31 74
FV 420 37 88 5 1.2 6 1.4 4 10 4 1.0
TY 420 20 48 25 6.0 22 52 24 57 23 55
US 419 8 19 15 3.6 6 14 17 41 10 24
FGBL 420 3 07 5 1.2 4 1.0 13 31 10 24
FGBS 420 39 93 10 24 2 05 21 50 15 3.6
CD 420 33 79 10 24 6 1.4 6 14 4 1.0
AD 420 135 32.1 6 1.4 5 1.2 5 12 9 21
BP 420 13 31 20 48 23 5.5 9 21 9 21
URO 420 9 21 13 31 6 1.4 6 14 6 14
JY 420 18 43 16 38 11 26 16 38 16 3.8
STXE 420 15 36 12 29 10 24 4 1.0 10 24
JNI 416 15 3.6 1 0.2 2 0.5 1 02 1 02
FDX 420 18 43 10 24 4 1.0 6 14 5 1.2
FFI 420 19 4.5 7T 17 18 43 17 4.0 20 4.8
ES 420 34 8.1 8 1.9 13 3.1 8 19 1 02
SPX 210 2 1.0 2 1.0 2 10 1 52 2 1.0
STOXX50E 210 15 7.1 5 24 1 05 8 3.8 10 4.8
DAX 210 20 9.5 1 05 2 1.0 11 52 7 33
FTSE 210 17 81 13 62 13 6.2 11 52 11 5.2
N225 208 22 10.6 6 2.9 2 1.0 5 24 2 1.0

Notes: Columns (a) and (b) display the number and percentage of estimators in-
cluded in a 90% Model Confidence Set.
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Table B.11: Conditional Relative Performance of Realized Measures and RV5min

RV RV MSRV  RVacl RKth2 MLRV
daily 1min 5sec 1min 5sec 1sec

avgdur -0.10 0.67 -0.59 122060 -1.80 1.74
acl_5s -0.07 [2265 | 0.42 -1.37 0.96 -0.44
jumpprop 0.63 1.11 1.32 -0.15 2.05 -0.54
noiseratio 4.25 _ -1.72 _
logQV 599 432 49 LIl 332 240

equities  [IEISBSNNNESSININEEORN 049 350 |[NSITA0N
bond fut L1151 715 6.22 | 48 @ 523 | 232
FX fut EgRsm 5.22 -0.86 1.85 530 | =263 |
index fut 97 913 2.05 -0.06 6.12 | =427
computed ind. [F51242°0 -1.79 [2923 427 [ 367 @ 902

UK 042 578 528 365 649 -11AT
Europe 145 5610 2.08 -0.96 118 =216
Asia 0.5 [E6A6T .04 [E2ATIE60 2060

Notes: Each column of this table presents the t-statistics (top) and coefficient es-
timates (bottom, in parentheses) for a pooled regression of the form L(6}, M{,) —

L(Oi, ML) = BIXi + 721 + ¢l fort = 1,2,..T;i = 1,2,..31, where M}, is

, j gt _
RV5min, M, is a competing realized measure listed in the table header, X; ; are

the set of 5 explanatory variables listed in the first 5 rows of first column, and Z?
are the set of 8 categorical variables listed in the last 8 rows of the first column. All
31 assets are included in each panel regression, and T=2860 (though panel is un-
balanced). All estimators are calendar-time sampled, transaction price estimators.
Statistically significant results (at 5% level) are shaded.

RV 5man vs.
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