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Abstract

We propose a new approach to model high and low frequency components of equity
correlations. Our framework combines a factor asset pricing structure with other
specifications capturing dynamic properties of volatilities and covariances between a
single common factor and idiosyncratic returns. High frequency correlations mean revert
to slowly varying functions that characterize long-term correlation patterns. We associate
such term behavior with low frequency economic variables, including determinants of
market and idiosyncratic volatilities. Flexibility in the time varying level of mean
reversion improves the empirical fit of equity correlations in the US and correlation
forecasts at long horizons.

Key Words: Factor models, Low frequency volatilities and correlations, Dynamic conditional
correlation, Spline-GARCH, Idiosyncratic volatility, Time varying betas, Long-term correlation
forecasts.

JEL C22, C32, C51, C53, G11, G12.

* We thank Siddhartha Chib, Stephen Figlewski, Eric Ghysels, Massimo Guidolin, Andrew Karolyi,
Andrew Patton, Jeff Russell, Kevin Sheppard, James Weston, and seminar/conference participants at the
Federal Reserve Bank of New York, LSE, NYU Stern, Ohio State University, the University of Arizona,
Cambridge, Chicago, Manchester, Miami, Warwick, the 2007 LAMES conference, the 2007 Multivariate
Volatility Models Conference, the 2008 Frank Batten Young Scholar Conference in Finance, and the 2008
Stanford University SITE Conference for comments and suggestions. All errors are the responsibility of the
authors.



l. Introduction

Understanding the dynamics of correlations in financial markets is crucial to many
important issues in finance. Optimal portfolio decisions, assessments of risks, hedging
and pricing derivatives are examples of questions in financial decision making and
financial regulation that require accurate measures and competent forecasts of
comovements between asset returns. This paper introduces a new approach to
characterize high and low frequency variation in equity correlations and describe short-
and long-term correlation behavior. By separating short-term from long-term
components, our method not only facilitates the economic interpretation of changes in the
correlation structure but achieves improvements over leading methods in terms of fitting

and forecasting equity correlations.

A number of multivariate time series models have been proposed in the last two decades
to capture the dynamic properties in the comovements of financial returns. As natural
generalizations, multivariate versions of the well known univariate GARCH and
Stochastic Volatility (SV) models guided the initial specifications (e.g., Bollerslev, Engle
and Wooldridge (1988) and Harvey, Ruiz and Shephard (1994)). These initial
generalizations showed limitations because they were heavily parameterized and/or
difficult to estimate. Simplified versions, such as constant conditional correlation models
(e.g., Bollerslev (1990), Alexander (1998), Harvey et al. (1994)), were also unattractive
because they had problems in describing empirical features of the data.' Only recently,
Engle (2002) introduced the Dynamic Conditional Correlation (DCC) model as an
alternative approach to achieve parsimony in the dynamics of conditional correlations
maintaining simplicity in the estimation process. However, none of the aforementioned
models associate correlation dynamics with features of fundamental economic variables.

Moreover, since they return to a constant mean in the long run, their forecasting

' Recent surveys of multivariate GARCH and SV models are provided in Bauwens, Laurent, and Rombouts
(2003), Shephard (2004) and McAleer (2005). Multivariate SV models are scant; recent developments
include Chib, Nardari, and Shephard (2006) and Asai and McAleer (2005).



implications for long horizons do not take into account changing economic conditions.

Thus, they produce the same long-term forecast at any point in time.

Financial correlation models, on the other hand, have only recently introduced time
variation in the correlation structure (e.g., Ang and Bekaert, 2002, Ang and Chen, 2002,
Bekaert, Hodrick, and Zhang, 2008). Although these models are linked to asset pricing
frameworks, which facilitate the association of correlation behavior with financial and
economic variables, a substantial part of the variation in the correlation structure remains
unexplained and the implementation of these models for forecasting correlations appears

difficult.

This paper presents a new model that captures complex features of the comovements of
financial returns and allows us to empirically associate economic fundamentals with the
dynamic behavior of variances and covariances. Thus, by exploiting recent developments
in time series methods, this model incorporates within a single framework the attractive
features of the two approaches mentioned above. Specifically, based on the correlation
structure suggested by a simple one-factor CAPM model, and short- and long-term
dynamic features of market and idiosyncratic volatilities, we derive a correlation model
that allows conditional (high frequency) correlations to mean revert toward smooth time
varying functions, which proxy the low frequency component of correlations.” This
property not only represents a generalization of multivariate GARCH models that show
mean reversion to a constant covariance matrix, but also gives flexibility to the long-term
level of correlations to adapt to the changing economic environment. Therefore, within
this framework we can associate low frequency correlation behavior with changes in
economic variables that are only observed at low frequencies such as macroeconomic

aggregates.

? Factors models have been used in multivariate settings to characterize dynamics in second moments. See
for example Engle, Ng, and Rothschild (1990) and King, Sentana, and Wadhwani (1994) in the GARCH
context, Diebold and Nerlove (1989), Harvey et al. (1994), and Chib, Nardari, and Shephard (2006) in the
SV framework, and Andersen et al. (2001) in the realized variance context.



To achieve this goal and characterize term variation in equity correlations, we take a
semi-parametric approach to specify the dynamics of our correlation components. The
factor asset pricing structure provides a framework to separate systematic and
idiosyncratic terms, and to characterize the covariance structure of excess returns. The
semi-parametric Spline-GARCH approach of Engle and Rangel (2008) is used to model
high and low frequency dynamic components of both systematic and idiosyncratic
volatilities. We include these volatility components in the specification of correlations.
As a result, a slow-moving low frequency correlation part is separated from the high
frequency part. Moreover, the effects of time varying betas and unobserved latent factors
are incorporated into the high frequency correlation component by adding dynamic
patterns to the correlations between the market factor and each idiosyncratic component,
as well as between each pair of idiosyncratic risks.” These high frequency patterns are
modeled using a dynamic conditional correlation (DCC) process. Therefore, the resulting
“Factor-Spline-Garch” (FSG-DCC) model blends Spline-GARCH volatility dynamics

with DCC correlation dynamics within a factor asset pricing framework.

From the empirical perspective, this study analyzes high and low frequency correlation
patterns in the US market by considering daily returns of stocks in the DJIA over a period
of seventeen years. We find that, in addition to the recently documented economic
variation in market volatility at low frequencies (e.g., Engle and Rangel (2008) and
Engle, Ghysels, and Sohn (2008)), average idiosyncratic volatility shows also substantial
variation in its long-term component. We find that this variation is highly correlated with
low frequency economic variables including an inter-sectoral employment dispersion
index based on Lilien (1982). Since this variable measures the intensity of shifts in
product demand across sectors, we use it to proxy changes in the intensity of
idiosyncratic news. For instance, a technological change (or any other driver of demand
shifts) can induce large movements of production factors from declining to growing
sectors and lead to increases in the intensity of firm-specific news. Consistent with this

intuition, we find that this variable is positively related to idiosyncratic volatility.

3 Factor models with time varying betas have been studied in Bos and Newbold (1984), Ferson and Harvey
(1991, 1993, 1999), and Ghysels (1998), among others.



Moreover, since the intensity of sectoral reallocation is associated with the same sources
that lead to variation in productivity (or profitability) across firms and sectors, our
empirical findings are also consistent with the positive relationship between idiosyncratic

volatility and the volatility of firm profitability suggested by Pastor and Veronesi (2003).

To explore whether these findings hold for sectoral idiosyncratic volatility, we have also
analyzed sectoral portfolios that incorporate a broader set of companies and found the
same results. This evidence highlights the contribution of our framework, which lies in
incorporating low frequency economic effects into the dynamic behavior of the
correlation structure. Moreover, in terms of empirical fit, we find evidence that among
the class of one-factor CAPM models, specifications with more flexible dynamics in the

second moments of idiosyncratic components provide a better fit of the data.

We also investigate the forecast performance of the FSG-DCC model focusing on long
horizons (within four and six months). Based on an economic loss function and following
the approach of Engle and Colacito (2006), we perform in-sample and out-of-sample
comparisons between the FSG-DCC model and a number of competitors. The in-sample
exercise compares this model with the standard DCC (that mean reverts toward the
sample correlation) and a restricted version of the FSG-DCC model that shares its high
frequency features, but mean reverts to a constant level determined by a static one-factor
model. The results favor the unrestricted FSG-DCC model. We next perform a sequential
out-of-sample exercise that enhances the set of competing models by adding to it a
single-index covariance estimator, the sample covariance, and an optimal shrinkage
covariance estimator. Again, we find significant evidence that the FSG-DCC outperforms
its competitors at long horizons. Therefore, given the scope of competing models and
their long-term forecasting properties, our results indicate that the strong performance of
the FSG-DCC is associated with the flexibility in its level of mean reversion to capture
variations in the economic environment. Although we take a time series approach here,
our model introduces a framework that permits us to directly incorporate economic
variables into the construction of correlation forecasts. This suggests promising

extensions to achieve further forecast improvements.



The paper is organized as follows: Section two provides a description of a number of
correlation specifications associated with different assumptions in the factor setup.
Section three introduces the FSG-DCC model and discusses estimation issues. Section
four presents an empirical analysis of correlations in the US market. It also presents
empirical evidence of economic variation in aggregated idiosyncratic volatility and
includes an empirical evaluation of correlation specifications derived from different
factor models. Section five examines the forecast performance of the FSG-DCC model,

and Section six concludes.

I1. A Single Factor Model and Return Correlations

In this section, we use a simple one-factor version of the APT asset pricing model of
Ross (1976) and we describe how modifying its underlying assumptions changes the
specification of the correlation structure of equity returns. Suppose that there is a single
market factor that enters linearly in the pricing equation such as in the Sharpe’s (1964)
CAPM model. Under this specification and measuring returns in excess of the risk free
rate, the excess return of asset i is generated by:

Lt :ai"'/[))ir

mt

+ Uy, (1)
where 1, denotes the market excess return. The first term characterizes asset i's
systematic risk and the second describes its idiosyncratic component. Absence of any
arbitrage assures ¢; =0 should hold and E(r,) = A5, where A denotes the risk premium
per unit of systematic risk.* The standard APT structure assumes constant betas,

idiosyncrasies uncorrelated with the factor(s), and idiosyncrasies uncorrelated with each

other:

E(hu,)=0, Vi, )

mt

* In our empirical exercise, we allow o;#0 and, for simplicity, we assume a constant risk premium.
However, the econometric specification in Equation (11) can be modified to account for time variation
in A . For instance, under a conditional one-factor CAPM structure, a GARCH-in-mean term can be added
into Equation (11) to capture the effect of time variation in the risk premium. In results not reported, we
find that such effect is small and its inclusion does not affect the conclusions of this paper.
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Thus, the assumptions in the factor structure impose a restriction in the covariance matrix

of returns. Under these standard assumptions a typical element of the unconditional

covariance and correlation matrices can be respectively characterized as:
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where V denotes the variance operator, o, and the o ’s are the variances of the factor

corr(r,,r,) =
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and the idiosyncratic terms, respectively. Now, from the definition of conditional

correlation,
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and assuming that the moment restrictions in (2) and (3) hold conditionally, we obtain:
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This expression suggests that the dynamic behavior of conditional correlations is
determined exclusively by dynamic patterns in the conditional variances of market and

idiosyncratic risks.” The betas determine sign and location.

In this single factor model, if the restriction in (2) holds conditionally, then the betas are
constant and correctly estimated from simple time series regressions of excess returns on
the market portfolio. Restriction (3) rules out correlation between idiosyncratic

innovations, which precludes the possibility of missing pricing factors in the model. As

> This specification is the basis of dynamic versions of one-factor CAPM correlation models that
incorporate time varying variances (e.g., the Factor ARCH model of Engle, Ng, and Rothschild (1990) and
the Factor Double ARCH of Engle (2007)).



suggested by Engle (2007), these restrictions are empirically unappealing and limit
importantly the dynamic structure of correlations. Allowing for temporal deviations from
such conditions increases substantially the ability of the resulting correlation models to
capture empirical features of the data without affecting the economic essence of the
factor model. Based on the approach of Engle (2007), the following proposition
characterizes changes in the specification of correlations when such restrictions are

relaxed.

Proposition 1: Consider the model specification in Equation (1) and let 3, denote the set
of current and past information available in the market. a) Suppose that the assumption
in (3) holds, but EH(Untt) #0, Vi=# ], then the correlation structure corresponds to a

model with latent unobserved factors and the conditional correlation takes the following

form:

BBV (T )+ Eiy (uguy)
Piit = .
VBN () Ve (U BV, (1) 4V, ()

(8)

Moreover, b) suppose that the assumption in (2) is satisfied, but E, ,(r,u,) #0, then the

correlation structure is consistent with that of a single factor model with latent
unobserved factors and time varying betas,

hy =& + Byl + Uy, %)
where each of these betas mean reverts toward a constant and the following conditions
are satisfied: °®
i) E(,1,)=E(,)=0, Vi, and E(0,0,)=0, Vi= j.
i) B, =p +W,Vi.
i) W, ={W,,W,,,...,W,,} iSazero mean covariance-stationary process.
iv) cov(w,r,,r.)=0, Vi.

Such a correlation structure is described as follows:

® To simplify notation (and without loss of generality), we omit the alphas from the excess returns
equations. However, note that the constant terms in (9) differ in general from those in (1).
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The proof is given in Appendix Al. Equation (8) describes a case where the factor
loadings are constant, but latent factors can have temporal effects on conditional
correlations. The second part of Proposition 1 considers the case of time varying betas.
Under assumption i), this new specification satisfies standard constraints equivalent to (2)
and (3). In such a case, assumptions iii) and iv) guarantee that any factor loading is
covariance-stationary and mean reverts toward a constant level given by
cov(f, Ny)

V(r,)

conditional correlations that simultaneously incorporates the effects of time variation in

E(ﬂit):ﬁi =

Equation (10) provides a more general specification for

the betas and latent unobserved factors. For this reason, we take this form as the basis of
our econometric approach that we describe in the following section. In addition, as
illustrated in Section IV, Proposition 1 can be used as a guidance to evaluate the

empirical importance of each assumption in the simple one-factor model specified in (1).

I11. An Econometric Model for a Factor Correlation Structure

Different assumptions on the factor framework imply different correlation structures and
modeling approaches. This section begins by motivating our econometric specification.
We then present a new model for high and low frequency correlations and discuss the

estimation strategy.

The Factor-Spline-GARCH Model

The evolution of equity volatilities over time shows different patterns at different
frequencies. Short-term volatilities are mainly determined by fundamental news arrivals,
which induce price changes at very high frequencies. Longer term volatilities show

patterns governed by slow-moving structural economic variables. Engle and Rangel



(2008) analyze such determinants and characterize the dynamic behavior of equity
volatilities at low frequencies.” They find economically and statistically significant
variation in the US low frequency market volatility as well as in most cases in developed
and emerging countries. We introduce this effect in our factor correlation model by
including an equation that describes the dynamic behavior of this low frequency market

factor volatility.

In regard to idiosyncratic volatilities, incorporating their low frequency variation in the
correlation structure is also appealing from the empirical and theoretical perspective since
these low frequency components describe long-term patterns of idiosyncratic volatilities.
The importance of such term behavior was highlighted by the influential study of
Campbell, Lettau, Malkiel and Xu (2001) who find evidence of a positive trend in
idiosyncratic firm-level volatility over the period from 1962 to 1997. Moreover, they find
that the market volatility does not observe such increasing trend, which suggests a
declining long-term effect in the correlations among individual stocks. Theoretical
explanations for the upward trend in idiosyncratic volatilities have been associated with
different firm features such as the variance of total firm profitability, uncertainty about
average profitability, age, institutional ownership, and the level and variance of growth
options available to managers (see Pastor and Veronesi (2003), Wei and Zhang (2006),
and Cao, Simin and Zhao (2008)). At an aggregated level and using low frequency
returns, Guo and Savickas (2006) find high correlation between idiosyncratic volatility
and the consumption-wealth ratio proposed by Lettau and Ludvigson (2001). They also
find a strong correlation between these variables and popular market liquidity measures,
and suggest that idiosyncratic volatility could measure an omitted risk factor or
dispersion of opinion. Overall, these empirical and theoretical results motivate our
approach of incorporating long-term patterns of both systematic and idiosyncratic
volatilities into a model for correlation dynamics, and emphasize the relevance of relating

such dynamics with low frequency economic variables.

’ For different approaches on low frequency economic determinants of stock market volatility see, for
example, Officer(1973), Schwert(1989), and Engle, Ghysels and Sohn (20006).



From the econometric point of view, the Spline-GARCH model of Engle and Rangel
(2008) provides a semi-parametric framework to separate high and low frequency
components of volatilities. Following this approach, we model the market factor in

Equation (1) as:
re=a, +JTm9n & > where &' | D, , ~(0,1)

m
T T

2 2
gmt — (l_em _¢m _J/ij_’_em (rmt—l am) +7/ (rmt—l am) IrmH<0 +¢mgmt—1

mt—1 mt—1
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where g, and 7, characterize the high and low frequency market volatility components,

respectively. The term | is an indicator function of negative market returns. The high

e <0
frequency volatility component is normalized to have an unconditional mean of unity
leaving the low frequency term to describe unconditional volatilities. Different from
Engle and Rangel (2008), the high frequency component is modeled as an asymmetric
unit GARCH process following Glosten, Jagannathan, and Runkle (1993).* In this
fashion, we capture the well documented leverage effect where bad news (negative
returns) raises the future high frequency volatility more than good news (positive

returns).’

The market variance in (11) describes multiplicatively the interaction between a dynamic
term associated with high frequency news events and a slowly varying component that
can capture the effect of changes in the economic environment. Intuitively, this
specification allows systematic news events to have different impacts on the stock market
when economic conditions change. It also captures variations in the news intensity that

may arise in response to such changes in the economy. The term r,, approximates non-

parametrically the unobserved low frequency market volatility that responds to low

¥ The parameters of g, satisfy the standard stationarity conditions.

? This feature was first analyzed by Black (1976) and Christie (1982). They hypothesized that a firm’s
stock price decline causes an increase in the firm’s debt to equity ratio (financial leverage), which results in
an increase in future volatility. Campbell and Hentschel (1992) suggest the direction of causality runs
opposite and explain this phenomenon by changes in risk premium and volatility feedback effects.

10



frequency fundamental variables, such as macroeconomic aggregates, which characterize
the variation in the economic environment. This component is modeled using an
exponential quadratic spline with equally spaced knots.'® The number of knots, kn, can be
selected optimally using an information criterion. As in Engle and Rangel (2008), we will
use the Schwarz Criterion (BIC) to control the degree of smoothness in the low frequency

11

component. The term gm: describes transitory volatility behavior that, despite its

persistency, does not have long term impacts on the levels of market volatility.

Similarly, we model the idiosyncratic part of returns in (1) as:

U, = /70y &> Where g, | D, , ~(0,1)

—a. — . 2 X — . — D. 2
g, =(1—t9i —4 _%j""gi (G =& = Bilws) +y (G =% = Bilwt) Irm<0 +40,,

1
Tit-1 Tit

ki
2 .
7, =, exp(intJrZWir((t—trlL) j, Vi. (12)
r=1
The g,'s characterize the high frequency component of idiosyncratic volatilities
associated with transitory effects, whereas the 7, 's describe long-term variation in

idiosyncratic volatilities. The l;<’s are indicator functions of negative returns that allow
for firm-specific leverage effects. As before, we take a multiplicative error model to
describe interactions between firm-specific news arrivals and low frequency state
variables measuring firm- and industry-specific conditions. The intuition here is that a
firm-specific news event will have a bigger effect, for example, when the firm is close to
bankruptcy or when a major technological change is affecting the firm’s industry. In such
a context, bad news about the firm’s fundamentals (e.g., lower than expected earnings)
may increase the uncertainty about its future profits and, from the results of Pastor and

Veronesi (2003), we may expect an increase in idiosyncratic volatility. The 7,'s

approximate non-parametrically the unobserved long-term idiosyncratic volatilities that

' We follow the same notation as in Engle and Rangel (2008), where (t —X), = (t—X)if t > X, and it is

zero otherwise. We refer to the original paper for further details on the spline specification.

" Improvements to this framework might be obtained by exploring theoretically and empirically the
performance of alternative spline basis, different penalties, and specifications with non-equally-spaced
knots. These are interesting extensions that require further statistical analyses outside the scope of this

paper.

11



are functions of low frequency economic variables, which affect the magnitude and
intensity of high frequency idiosyncratic shocks. They are modeled as exponential

quadratic splines following the approach described above.

In addition, following the discussion in the previous section and Proposition 1, we
incorporate time varying correlations between the market factor and idiosyncratic returns,

as well as among the idiosyncratic terms themselves. Specifically, we assume that the

vector of innovations in Equations (11) and (12), (gtm,gn,gzt,....,gm)', follows the DCC

model of Engle (2002). Note that all the elements in this vector have unit conditional
variance. Thus from the second stage in the standard DCC model, these correlations can

be written as: "2

Q= IEIgj +apcc (gi,t—lgj,t—l _IEifj)-'_bDCC(qi,j,t—l _:Efj)a Vi, je {17---7 N},

qm,i,t = IB;I + a‘DCC (‘c"tTlgi,t—l - ﬁri,i)_{_ bDCC (qm,i,t—l - ﬁr‘rgn )i' v' € {mal’“" N } H (13)
where pf; =E(g,¢;) and pf; =1, for all i=m,1,2,...,N."” Moreover, given the time
variation in betas described in Proposition 1, we assume that p/; =0, for all

i=1,2,... .N."

The specifications above, along with the factor structure presented in Section II,
constitute the full Factor-Spline-GARCH (FSG-DCC) model and its correlation structure

is described in the following proposition.

2 We consider a mean reverting DCC model. The parameters satisfy conditions to guarantee positive
definiteness (they are positive, their sum is less than one, and the intercept matrix is positive definite). See
Engle and Sheppard (2005a) for details.

" This DCC specification has 2+N(N+1)/2 parameters. To reduce the dimensionality problem, Engle

(2002) and Engle and Sheppard (2005a) suggest estimating the N(N+1)/2 constant terms (/z_)l'gJ 'S) using the

sample correlations. This follows the “variance targeting” approach of Engle and Mezrich (1996).
' Idiosyncratic innovations can be seen as residuals from regressions of returns on the market factor. Under
the unconditional CAPM, they will be unconditionally uncorrelated with the market factor.

12



Proposition 2: Given a vector of returns (r,.,r,,,...., I, )' satisfying the factor structure in

Equation (1), suppose that the common market factor ry: is described by (11), the
idiosyncratic term uj; follows the process in (12), for all i=1,2,...N, and the vector of

innovations (gt”‘,gu,gzp....,gm)' follows the DCC process in (13) and its assumptions,

then the high frequency (conditional) correlation between ri; and rj; is given by:
(14)

& & &
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b

and, the low frequency component of this correlation is time varying and takes the

following form:

5 = ﬂiﬂjz-mt + /Tt \/Tjtﬁfj
it .
\/:Bizrmt + z-it \/ﬂjzrmt + z-jt

(15)

Moreover, assuming that E (7, .,,)=7,Vh>0,k =1,2,...,N, then Equation (15) is the
long horizon forecast of p, |, :

%i_r)gpi,j,nh\t =P (16)

The proof is given in Appendix A2. Note that Equation (14) is a parametrized version of
Equation (10) in Proposition 1. Equation (15) approximates the slow-moving component
of correlation, which can be associated with long-term correlation dynamics. Indeed, the
high frequency correlation parsimoniously mean reverts toward this time varying low

frequency term. This approximation may be improved by either adding more factors or

allowing for time variation in thep/;’s (the unconditional correlations across

idiosyncratic innovations in the DCC equations), or both. The first alternative can be
easily implemented once we have selected the new factors. Indeed, we can use the
Spline-GARCH framework to estimate jointly the low frequency dynamics of the new
factors and the corresponding loadings, as in Equations (11) and (12), and then we can
add their innovations into the vector that follows the DCC process in (13). Therefore, the

main issue reduces to the economics of a factor selection problem. The second extension

13



would capture long-term effects of excluded factors, but it is methodologically
challenging because it requires the exploration of alternative functional forms and/or
restrictions to guarantee positive-definiteness of the covariance matrix, which
complicates the estimation process. Both extensions increase the number of parameters
and the question of their relevance is mainly an empirical issue. We focus on the simplest

case in (15) and leave the analysis of such extensions for future research.

Equation (15) also provides a simple approach to forecast long-term correlations using
economic variables. Specifically, we can use forecasts of low frequency market and
idiosyncratic volatilities, which can be obtained from univariate models that incorporate
economic variables. For instance, the results of Engle and Rangel (2008) permit us to
construct forecasts of the market volatility using macroeconomic and market information;
indeed, we can use such economic market volatility forecasts to obtain long run
correlation forecasts based on macroeconomic information. The last part of Section V

presents an example that illustrates this application.

Moreover, from a time series perspective, Equation (16) presents a useful forecasting
relation in which, due to the mean reversion properties of the model, the time varying low
frequency correlation can be interpreted as the long run correlation forecast under the
assumption that the low frequency market and idiosyncratic volatilities stay constant
during the forecasting period. This provides a time series approach where long-term

forecasts are constructed using Equation (15).

Another interesting case imbedded in Proposition 2 occurs when the low frequency
components of volatility are constant over both the estimation and forecasting periods.

This restricted version corresponds to the Factor DCC (FG-DCC) model of Engle (2007)

and it is derived by assumingz, , =0’

and z'i’t:o]z,Vi, in (11) and (12). The

corresponding variance specifications for the factor and the idiosyncrasies become
standard mean reverting asymmetric GARCH(1,1) processes, which can be respectively

written as:

14
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Hence, the conditional correlation in Equation (14) becomes:
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and the low frequency correlation is the following constant:
‘+o,0
_ BB, P 20)
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This equation also represents the long run correlation forecast associated with the FG-
DCC model. In section V, we will evaluate the forecast performance at long horizons of

the FSG-DCC relative to the restricted FG-DCC model and other popular competitors.
Estimation

To facilitate the exposition of our estimation approach, it is useful to rewrite the FSG-
DCC model using matrix notation. Suppose we have a vector of returns in excess of the
risk free rate, including the market factor, at time t: I, =(I,,,I;,,...,I)'. The system of
equations in the factor setup can be written as:

I, =a+Bu, (21)

where U; contains the market factor and the idiosyncrasies, U, =(I,U,,U,,....Uy)",

1 0 ) ) ) .
B= (ﬂ | PN j, ﬂZ(ﬂl,ﬂz,...,ﬂN )' , O1xn 18 an N-dimensional row vector of zeros, Inx 1S
NxN

the N-dimensional identity matrix, and a is a vector of intercepts. The market factor is

assumed to be weakly exogenous based on the definition of Engle, Hendry and Richard
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(1983). Therefore, the parameters in (11) are considered variation free and they do not

affect the inference in the conditional model given in (12).

In addition, the covariance matrix of U; can be written as follows:

H,'=DRD, (22)

where D, = diag {Jrkthkt}, for k=m,1,....N, R =diag(Q,)"*Qdiag(Q,)"* is a correlation

matrix, and the typical element of Q: is defined by Equation (13). The standardized

innovations in Proposition 2 are the elements of D;'u, = (gtm,glt,SZt,....,gNt )'. Moreover,

going back to the original vector of returns, we have that r, |3, , ~ («, H,), where the full

covariance matrix takes the following form':

Var(r,)=H, =BD,R DB’ (23)
As in the standard DCC model, the estimation problem can be formulated following
Newey and McFadden (1994) as a two-stage GMM problem. Under this framework, we

can write the vector of moment conditions in the form g(r,y,7)=(m,(r,7),m,(s,v.7))",
where &, =D, U, is a vector of devolatized returns, 7 is a vector of parameters containing

the alphas, the betas, and the volatility parameters in Equations (11) and (12), and y is a
vector containing the DCC parameters in (13). The first vector of moment conditions, my,
has the scores of individual asymmetric Spline-GARCH models as its components. The
second set of moment conditions, m,, contains the functions that involve the correlation
parameters, which come from the assumed likelihood and the moment conditions used
for correlation targeting in the DCC model.'° If the first optimization problem involving
the moment conditions in m; gives consistent estimates of the volatility and mean

parameters, then the optimization of m; in the second step will give consistent estimates.

- —-1 - -1
"* The correlation matrix of i is R, = diag {BDthDtB '} BD,R,D,B'diag {BDthDtB '} , and its
typical element, ignoring the first row and first column that contains correlations between the factor and the
idiosyncrasies, is the expression in Equation (14).
' Following the discussion in footnote 12, the constant terms in (13) are estimated using the correlation
targeting constraint of Engle and Mezrich (1996). Thus, our moment conditions for correlation targeting

equalize each unconditional covariance term (E(¢;¢ ), I # J) to its sample analog.
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In a Gaussian quasi-likelihood (QML) framework, assuming multivariate normality leads
to consistent estimates under mild regularity conditions as long as the mean and the
covariance equations are correctly specified.!”” This distributional assumption gives a
useful decomposition of the log-likelihood into the sum of two components that take the
familiar Gaussian form: one involves the “mean and volatility” part and the other the
“correlation” part, just as in the DCC model of Engle (2002)."® In this case, the
components of m, are the scores of the following likelihood:

Lonp) == X log R [+5R ') (4)

t=1

whereas the components of m; are the scores of log-likelihoods associated with univariate

Spline-GARCH models with Gaussian innovations that can be estimated separately:

1 Mo — )’
L) = D log(r )+ 2
t=1 mt I mt
e3)

L(7) :—lilog(ritgit)+ G=a=B)” _1a N,
243 T Qi
Despite the convenience of the Gaussian QML approach, choosing the number of knots
for the spline functions introduces an additional procedure in the estimation process that
does not necessarily provide QML estimates of such quantities. Inaccurate choices for the
number of knots might introduce some biases in the procedure due to misspecification of
volatilities. Since distributional assumptions might have an effect on this part of the
estimation, we depart from normality and use distributional assumptions that more
realistically describe empirical features of excess returns. This can improve the accuracy
of the knot selection criterion and reduce the misspecification problem. Therefore, for the
first-stage of the estimation process, we consider likelithoods from the Student-t
distribution because this distribution is better to capture the fat-tails typically observed in
financial time series and it diminishes the effect of influential outliers. Thus, the

following log-likelihoods correspond to the Asymmetric Spline-GARCH model with

7 See Bollerslev and Wooldridge (1992) and Newey and Steigerwald (1997) for details on consistency of
QML estimators.

'8 Consistency and asymptotic normality are satisfied under standard regularity conditions. See Engle
(2002) and Engle and Sheppard (2005a) for details.
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Student-t innovations and determine moment conditions associated with the first stage of

the GMM estimation process:'"”

T ((v,, +1)/2) v, +1 ( (M )
L(17, V) =1 77 |~ 5 log| 1 ) 5
) ) (20 ) 2 L Tt D)
(26)
L(#;,v;) =log F((Vi+1)/2) 172 _Vi+llog(1+(rit_ai_ﬁirmt) Ja i=1..,N,
F(Vi /2)((Vi _2)git7it) 2 79 (Vi =2)

where I' denotes the gamma function and the V’s refer to the corresponding degrees of

20
freedom.

Regarding the second stage, the estimation can be performed in the usual way, which
jointly estimates the whole correlation matrix. However, although DCC 1is very
parsimonious in its parameterization, it is biased and slow for large covariance matrices.
Alpha is biased downward and may approach zero. Thus, estimated correlations are less
variable in big systems than when estimated for subsets even for simulated data (see
Engle and Sheppard (2005b)). Since our empirical analysis includes a moderately large
number of assets, we are interested in a simpler strategy to estimating large covariance

matrices.

In this regard, two approaches have recently been suggested in the literature. Engle
(2007) introduces the MacGyver method to reduce the bias problems and simplify the
estimation process for large systems. This method is easily implemented by fitting all
bivariate models and deriving a single estimator from all the estimated pairs. Montecarlo
experiments favor the median of these estimators as a good candidate. However, an
important limitation of this approach is the difficulty to conduct inference. In the same
spirit, Engle, Shephard, and Sheppard (2008) introduce the composite likelihood (CL)
method as another alternative to overcome the computational problems of estimating

large systems and correct the mentioned biases. This approach constructs a CL function

' This specification extends the Student-t GARCH model of Bollerslev (1987).

2 An earlier version of this paper showed results using the Gaussian QML approach. Although all our
empirical results in Sections IV and V are maintained, the Student-t distributional assumption leads to a
superior forecast performance in all the DCC-type models compared in Section V. Results of the Gaussian
case are available upon request.
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as the sum of quasi-likelihoods of pairs of assets (i.e., the sum of all the unique bivariate
log-likelihoods).*! Under this strategy, only a single optimization of the CL function is
needed and inference can be easily conducted. In the following section, we present results
using the standard multivariate method and these two novel strategies. In Section V, we
perform a sequential out-of-sample forecasting exercise using the CL method in the

second step of the estimation process.

IV High and Low Frequency Correlations in the US Market.

Data

We use daily returns on the DJIA stocks from December 1988 to December 2006. The
data is obtained from CRSP. During this period, there have been a number of changes in
the index, including additions, deletions, and mergers. We include all the stocks in the
2006 index and those in the 1988 index that could be followed over the sample period.*
As a result, we obtain a sample of 33 stocks. Regarding the market factor, we use daily
returns on the S&P500. We use the one-month T-bill rate as the time varying risk free

rate.

Individual stocks are described in Table 1, which include company names, market
tickers, average excess returns and average annualized excess return volatility over the
whole sample period. The most volatile stocks in the sample are INTC and HPQ, whereas
the least volatile are XOM, CVX, and 3M.> The stocks with largest average daily return
are MSFT and INTC and those with the smallest values are GM and IP.

Description of Estimation Results
We estimate the FSG-DCC model following the two stage GMM approach described in

Section III and present the results in Table 2. The parameters estimated in the first step

L If all the pairs are independent, the CL becomes the exact QML. Engle, Shephard, and Sheppard (2008)
do not require independence. Moreover, they suggest little efficiency loss if the CL is constructed from a

subset of bivariate systems that involve only contiguous pairs.

22 Those include Chevron (CVX), Goodyear (GT), and International Paper (IP).

3 We use the ticker name to identify individual stocks. The full company names are presented in the first

column of Table 1.
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are those in Equations (11), (12), and (26). The second step involves the DCC parameters
in Equation (13). For reasons of space, we do not report the estimated coefficients of the

spline functions. We only present the optimal number of knots selected by the BIC.

The first column shows the alphas, which are in general not significantly different from
zero, as suggested by the CAPM framework. The only exceptions are MO, with a
positive value, and GM and GT, with negative values. The second column reports the
estimated unconditional market betas associated with each stock. All of them are highly
significant and their values go from 0.66 to 1.52 (see Figure 1). CVX, PG, and XOM
show the lowest factor loadings and also low levels of realized volatility over the sample
period (see Table 1), whereas INTC, JPM, and HPQ show the largest betas as well as
high levels of realized volatilities. The third column presents the estimates of the ARCH
volatility coefficients. They take values between 0.004 and 0.13. They are in general
significant, except for the market factor and IBM, and their median is 0.05. Column four
presents the estimates of the GARCH volatility effects. They are all significant and their
median is 0.84. In addition, they take values between 0.18 and 0.99, with only three cases
lying below 0.50. For the market factor, a GARCH effect of 0.90 was estimated. Column
five shows estimates of the leverage effects, which exhibit a median of 0.03. They are
statistically significant for about half of the stocks and, in such a case, they are positive,
which is consistent with the leverage theory of Black (1976) and Christie (1982).
However, this effect is substantially higher and significant for the market factor, which
provides stronger support for the volatility feedback hypothesis.** The cross-sectional
variation in the GARCH and ARCH effects indicates variation in persistence across the
high frequency idiosyncratic volatilities. For example, the first panel of Figure 2
illustrates the familiar highly persistent case associated with a small ARCH coefficient
and a GARCH effect close to 1, whereas the last panel in this figure shows a noisier case

where the ARCH affect is 0.08 and the GARCH effect is only 0.63.

4 Bekaert and Wu (2000) also find stronger support for the volatility feedback hypothesis using portfolios
from Nikkei 225 stocks.

20



The sixth column of Table 2 shows the degrees of freedom of the univariate Student-t
distributions. They fluctuate between 4 and 10, and the median value is 6. These values
are in line with the traditional evidence of non-normality and excess of kurtosis in equity
returns. The last column of Table 2 presents the optimal number of knots in the spline
functions according to the BIC. These numbers reflect changes in the curvature of the
long-term trend of idiosyncratic volatilities. Examples of such patterns are illustrated in
Figure 2. For instance, the first graph has a smoother low frequency component
associated with a single knot. As we move to the bottom of the figure, the number of
knots increases and more cyclical effects are observed. Four knots characterize the low
frequency component of the market volatility. Its dynamic behavior is illustrated in

Figure 3.

The bottom part of Table 2 presents the estimation results of the second stage. The first
column reports the standard DCC estimates from the multivariate traditional approach
along with their standard errors. The second column presents the MacGyver DCC
coefficients, which are the median values of all DCC estimates from all the unique
bivariate systems, as described in Section III, and the third column presents the CL
estimates obtained from the optimization of the sum of all the unique bivariate quasi-log-

likelihoods. The estimator of a,.. increases from 0.0027, using the standard multivariate

method, up to 0.004 (or 0.005) when using the CL (or the MacGyver) method. This
suggests that both methods deliver a correction in the downward bias of the traditional

DCC estimator.

Figures 4 and 5 illustrate the time series properties of the FSG-DCC with a number of
examples that show the high and low frequency correlation components along with
model-free rolling correlations. The high frequency component mean reverts toward the
slow-moving low frequency component. It is visually clear by looking at the model-free
rolling correlations that the model characterizes fairly well trend behavior in correlations.
These examples also show the interaction between the factor pricing structure and the
low frequency variation of market and idiosyncratic volatilities. For instance, focusing on

the last two years of the sample, where the market volatility shows a declining trend, the
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model suggests that stocks with increasing low frequency idiosyncratic volatilities will
have pronounced declining correlations. Figure 4 illustrates this pattern using the stocks
in Figure 2 that show increasing idiosyncratic volatilities. In contrast, Figure 5 presents
examples where market and idiosyncratic volatilities have opposite effects on low
frequency correlations and mixed patterns during the last years of the sample are
observed. While these figures only exhibit a description of a few particular cases, the
dimensionality of our results renders it difficult to analyze them at a disaggregated level.
Instead, we present an aggregated analysis of volatilities and correlations linking their

patterns to economic variables.

Aggregated Volatility Components and Average Correlations

The most distinguishing feature of the FSG-DCC model is its ability to characterize
dynamic long-term correlation behavior exploiting the structure of a factor asset pricing
model, and the low frequency variation in systematic and idiosyncratic volatilities. The
empirical results of Engle and Rangel (2008) and Engle, Ghysels, and Sohn (2008)
provide evidence that the low frequency market volatility responds to changes in the
slow-moving macroeconomic environment. In addition, the estimation results presented
earlier show evidence of substantial low frequency variation in idiosyncratic volatilities.
A natural question is whether such idiosyncratic behavior is reflecting changes in
fundamentals. This subsection presents evidence that the aggregated low frequency
component of idiosyncratic volatility systematically varies with low frequency economic
variables. This emphasizes the importance of incorporating such a feature into the
dynamic behavior of the correlation structure, which in this model is flexible enough to
adapt its long-term level to economic conditions that typically change slowly. Besides
this interpretational advantage, Section V shows that this flexibility pays out when we

forecast correlations at long horizons.

As mentioned earlier, cross-sectional aggregation facilitates the exposition to illustrate

the effect of our volatility components on correlations. We construct aggregates by taking
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the cross sectional average of our dynamic components at each point in time.>> Figure 6
shows averages over biannual sub-periods (from the whole sample) of low frequency
market and idiosyncratic volatilities. Before 1997-1998, while the average low frequency
idiosyncratic volatility shows an increasing pattern, the low frequency market volatility is
declining. This is consistent with the findings of Campbell et al. (2001) and suggests a
decline in correlations, which is confirmed by both the aggregated model-free rolling
correlations and the aggregated FSG-DCC correlations in Figure 7. After 1997, market
and idiosyncratic volatilities seem to move in a similar fashion having opposite effects on
correlations, which at the aggregated level show a non-monotonic pattern. An interesting
effect is observed in the last period where, although the market volatility reached
historical lows, correlations decreased only moderately due to the low levels of
idiosyncratic volatility. Indeed, the average low frequency market volatility during 2005-
2006 was as low as during the period 1993-1996, but the average correlation was almost
doubled relative to that of the earlier period, whereas the average idiosyncratic volatility

in 2005-2006 was almost half of the corresponding 1993-1996 value.

We have illustrated that low frequency variation in idiosyncratic volatilities is not
negligible and can have big effects on the level of correlations. We now focus on the
economic sources of such variation, keeping the analysis at the aggregated level. As
mentioned in Section III, the trend behavior in idiosyncratic volatility has received
important attention in the literature following the results of Campbell et al. (2001).%° At a
micro level, the theoretical framework of Pastor and Veronesi (2003) suggests a positive
relationship between idiosyncratic volatility and both the variance of firm profitability

and uncertainty about the average level of firm profitability. In this regard, changes in the

%> The aggregated average correlation associated with model m over a specific period p is defined as:

PSR LU B B | S
Py =— z — z z Pi.j. (> Where Ty denotes the number of daily observations over such
P N i=1 Tp (N - 1) j#it=1

period, and ,Oimj . is the time varying correlation (from model m) between assets i and j at time t. The
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average low frequency idiosyncratic volatility over period p is defined as |V0|T =
P

t=1 i

1
Tp
26 Moreover, its relationship with returns recently analyzed by Ang, Hodrick, Xing, and Zhang (2006) and
Spiegel and Wang (2006) have opened a debate on whether idiosyncratic risk is priced.
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profits of a firm are associated with two main causes. The first is changes in the firm’s
productivity, which can be explained by supply-side aspects such as technological change
(e.g., Jovanovic (1982)) and/or by demand-side features such as product substitutability
(e.g., Syverson (2004)). The other is price variations (of products and factors), which are
also related to interactions between idiosyncratic demand shocks and the level of
competition within the relevant industries. Therefore, fluctuations in demand (which
could be related to changes in taste, technological changes, new trade liberalization
policies, and new regulations, among other factors) can have an impact on these two
fundamentals that affect the firm’s future cash-flows, as well as on their volatility.
Moreover, we may expect these effects to be accompanied by changes in the intensity of
both firm- and industry-specific news because such intensities vary in response to the

same factors.

At a more aggregated level, the theory of sectoral reallocation that followed the work of
Lilien (1982) offers an explanation to link random fluctuations in sectoral demand with
sectoral shifts in the labor market. The employment dispersion index (EDI) suggested by
Lilien (1982) proxies the intensity of such sectoral shifts and it can therefore be used as
an indicator of idiosyncratic news intensity. For example, sources triggering demand
shifts, such as a technological change, can induce important movements of labor and
other production factors from declining to growing sectors. Such sectoral reallocation of
resources can be accompanied by a higher intensity of idiosyncratic shocks and therefore
by increases in firm-specific volatility. Following this intuition, we associate the measure
of Lilien with low frequency variation of aggregated idiosyncratic volatility.”” In
addition, we control for the economic variables that Guo and Savickas (2006) associate

with the aggregated behavior of idiosyncratic volatility, such as the consumption-wealth

?7 Following Lilien (1982), the Employment Dispersion Index (EDI) is defined as:

1

11 X ;

EDI, :{Z—'k(Alog X, —Alog Xk)z} ,where Xy is employment in industry i (among 11 industry
i=1 K

sectors) at quarter k, and X denotes aggregate employment. To construct the index, we use sectoral

employment data from the Bureau of Labor Statistics.

24



ratio (CAY), the market volatility, and the market liquidity.*® As in this study, all the

variables are aggregated at a quarterly-frequency.

We use two model-based measures of aggregated low frequency idiosyncratic volatility:
1) the cross sectional average of low frequency idiosyncratic volatilities, aggregated at a
quarterly level, and 2) the cross-sectional average of rolling moving averages (based on a
100-day window) of squared idiosyncratic returns from Equation (12), aggregated at a
quarterly level. Figure 8 shows a graph of these two measures of aggregated idiosyncratic
volatility and Lilien’s EDI from 1990 to 2006. The visual high-correlation is confirmed in
Table 3 that reports the sample Pearson’s correlation across our idiosyncratic volatility
measures and the economic explanatory variables mentioned above. As expected,
idiosyncratic volatility is positively correlated with the EDI and the market volatility. The
rolling measure shows correlation coefficients of 0.48 and 0.72 respectively, whereas the
spline measure shows correlations of 0.34 and 0.64 respectively. Moreover, idiosyncratic
volatility is negatively correlated with both CAY and the market liquidity. Overall, the
signs of these correlations are consistent with the results of Guo and Savickas (2006) and
with the expected effects of sectoral reallocation on the volatility of firms’ fundamentals.
To explore further these relationships, we project separately our two measures of
idiosyncratic volatility on the explanatory variables over our sample period using a linear
regression framework. Due to the nature of the idiosyncratic volatility aggregates,
especially the spline measure, the regressions will be affected by a severe serial
correlation problem in the residuals. To lessen this problem and address endogeneity
issues associated with simultaneous causality, we use the Generalized Method of
Moments (GMM) with robust Newey and West (1987) standard errors, and four lags of
the explanatory variables as instruments. Table 4 reports the estimated coefficients

associated with the two linear projections. The two regressions suggest the same effects

® The CAY variable is based on the measure of Lettau and Ludvigson (2001). The S&P 500 excess-returns
volatility is used to proxy the market volatility. Regarding market liquidity, we use the quarterly average of
the quoted spread (QSPR) as defined in Chordia, Roll, and Subrahmanyam (2001).
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and, as in the sample correlation analysis, the estimated coefficients show the expected

sign. Nevertheless, only the EDI and the market volatility are statistically significant.”’

Sectoral Idiosyncrasies

The previous results are based on measures of low frequency idiosyncratic volatility at a
firm level incorporating only large cap stocks. To explore whether these results can be
generalized to industry sectors including a broader group of companies, we construct two
model-based measures of sectoral idiosyncratic volatility using excess returns on 48
equally-weighted versions of the industry portfolios defined in Fama and French
(1997).*° We estimate rolling and spline idiosyncratic volatilities using the one-factor
CAPM specification in (1) and the Spline-GARCH model in (12).>' As before, we take
cross-sectional averages of rolling means of squared returns and spline functions,
respectively, and we construct quarterly aggregates. Figure 9 illustrates such idiosyncratic
volatility aggregates along with the EDI over the period 1990-2006. The graph shows
again a visual high correlation between these sectoral measures of idiosyncratic volatility
and the EDI. Moreover, Table 5 confirms these positive correlations, which are within the
same order of magnitude than those for large cap stocks. Moreover, the other explanatory
variables are also correlated in the expected direction. As before, we project separately
the idiosyncratic volatility variables on the explanatory variables. Table 6 reports the new
GMM estimation results, which are fully consistent with our previous findings.
Moreover, CAY becomes significant with the expected negative sign. Overall, these
results show evidence that aggregated idiosyncratic volatility shows low frequency
variation driven by economic variables. The FSG-DCC model non-parametrically
accounts for such variation, as well as for the low frequency movements of the market

factor volatility, to characterize changes in the long-term level of equity correlations. The

* It is important to point out that these results are sensitive to the sample period. The EDI series are highly
noisy before mid 80’s. Thus structural breaks should be taken into account for analyses incorporating
longer sample periods.

3% The Fama-French portfolio data are available from Kenneth French’s web page. The 48 portfolios are
based on a four-digit SIC classification (see Fama and French (1997) for details).

3! This specification allows for different loadings across sectors. However, it restricts the loadings to be the
same within each sector.
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analyses that follow in this paper illustrate the importance of such features to fit and

forecast equity correlations.

Empirical Fit of Factor Correlation Models

This subsection evaluates a range of one-factor models with varying dynamic
components in terms of their empirical fit using our sample of 33 Dow stocks. The
process follows a simple-to-general strategy. We start from the simplest case, labeled FC-
C, where factor and idiosyncratic volatilities are constant over the sample period (at high
and low frequencies), and restrictions in (2) and (3) apply. We estimate the correlations
across Dow stocks from this model and use a Gaussian metric to compute the quasi-
likelihood. We then consider subsequent models that relax one or more assumptions of
the initial factor model, and compute their quasi-likelihoods. The last step consists in
comparing the empirical fit of this range of factor correlation models based on such
Gaussian metric. This allows us to assess which restrictions in the factor structure are the
most important to describe correlation behavior. The assumptions to be weakened are the

following:

1. Constant volatility of the market factor.
Constant volatility of the idiosyncratic components of returns.

One single common factor.

> wbe

Constant betas.

For example, adding high frequency variation into the volatility of the factor through a
standard GARCH process, and keeping the idiosyncratic volatilities constant, we obtain a
specification called FG-C. Similarly, when high and low frequency spline-GARCH
dynamics is added to the market factor volatility holding the idiosyncratic volatilities
constant, we obtain the FSG-C model. These models and their correlations, along with a
range of specifications derived from adding dynamics to the previous assumptions, are
described in Table 7. Their quasi-likelihoods are constructed from the general factor

structure in Equation (21) assuming that r|3,_, ~N(0,H,). A mapping of each

correlation specification in Table 7 with a specific covariance matrix provides the inputs
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to compute the quasi-likelihood of each model. We estimate the models in the first panel
of Table 7 using QMLE. For the other models, we follow the two-stage GMM approach

with Gaussian moment conditions described in Section III.

Table 8 presents the log quasi-likelihoods of the factor models in Table 7, along with
likelihood ratio tests that compare each model with the biggest FSG-DCC model. The
results indicate that the FSG-DCC model dominates the other specifications. Close to this
model is the FSG-IDCC model, which is a model with constant betas that accounts for
the effect of latent unobserved factors and both, high and low frequency dynamics in
market and idiosyncratic volatilities. The FG-DCC model follows in the list. In addition,
the three biggest models show the best empirical fit even when they are penalized by the
BIC (see the last column of Table 8). In contrast, the model with poorest empirical fit is
the constant correlation model (FC-C). Overall, we find that specifications with low

frequency dynamics dominate those with only high frequency dynamics.

In addition, the results indicate large improvements in the quasi-likelihoods when we
relax the assumptions of “constant idiosyncratic volatilities” and “only one common
factor”. This confirms that, besides the importance of modeling market behavior, adding
dynamic features to the second moments of idiosyncratic components improves

substantially the empirical performance of this class of one-factor CAPM models.

V Forecast Performance of the Factor-Spline-GARCH Model

This section investigates the forecasts performance at long horizons of the FSG-DCC
model using in-sample and out-of-sample exercises. We consider our sample of 33 Dow
stocks. We first review some forecasting properties of the model and then we evaluate its
performance with respect to other competitive specifications using an economic loss

function.

Forecasting Features
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In terms of forecasting properties, we mentioned earlier that the conditional correlation in
the FSG-DCC model mean reverts toward the smooth low frequency correlation
component rather than toward a constant level. Hence, given the empirical patterns in low
frequency correlations discussed in the previous section, long horizon forecasts from the
FSG-DCC model might differ considerably from those based on models that mean revert
to constant levels. This characteristic is illustrated in the examples of Figure 10, which
show multiple-step ahead forecasts associated with different correlation specifications.
Here, we compare forecasting features of the FSG-DCC correlations described in
Equations (14) and (15) with those of two competitors: 1) the standard DCC model and
2) the restricted FG-DCC model in Equation (19). The first case is interesting because it
provides a non-factor reference to evaluate the importance of imposing a factor structure.
The second case is relevant to evaluate the implications of allowing time varying low
frequency components. The forecasts are constructed out-of-sample at horizons that go
from 1 to 130 steps ahead. The low frequency volatility forecasts in the FSG-DCC model

are constructed under the assumption thatr.7t+k‘t =1, for all i=m,1,2,...N, and

k=1,2,...120.

The examples in Figure 10 correspond to the dynamic correlations between AIG and DIS,
and between CVV and INTC, respectively. The vertical line separates the sample
estimation period from the out of sample forecasting period. The DCC model’s long-term
forecasts approximate the sample covariance. In contrast, the FSG-DCC forecasts
approach the low frequency correlation forecast. The long-term forecasts of the FG-DCC
model tend to the constant in Equation (20). The first graph shows a case in which the
long horizon forecasts from the three models are similar since the low frequency
correlation at the end of the estimation period is approximately flat and close to the
sample correlation. In contrast, the second graph presents an example in which long-term
forecasts from the FSG-DCC considerably differ from those of the other two models due
to a large discrepancy between the sample correlation and the trend in the low frequency
correlation at the end of the estimation period. The top graph also illustrates that, contrary

to the DCC model, the two factor correlation models might show non-monotonic mean
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reversion since their individual components might be associated with different long

memory features.

Evaluation Criterion and Economic Loss Function

Our forecast comparison follows the approach of Engle and Colacito (2006) by using an
economic loss function to assess the performance of each model. Different from them,
however, we use forward portfolios based on forecasts of the covariance matrix
associated with each of the models to be compared. Specifically, we focus on a portfolio
problem where an investor wants to optimize today her forward asset allocation given a
forward conditional covariance matrix. In the classical mean variance setup, this problem
can be formulated as:

. ’
min Wt+k\t H t+k\tWt+k\t

W kit (27)
S Wi = My,

where |l is the vector of expected excess returns, W, denotes a portfolio at time t+k that
was formed using the information at time t, and H,,,, is a k steps ahead forecast (made at
time t) of the conditional covariance matrix of excess returns. So, the solution to (27) is:
-1
W Ht+k\t1u

Lkt — ]
| 'Ht+k|t/u

Ho> (28)

and it represents optimal forward portfolio weights given the information at time t.

Each covariance forecast H,,,, implies a particular forward portfoliow,,,, given a vector

of expected returns. However, an important issue arises if we do not know the true vector
of expected returns. Engle and Colacito (2006) point out that a direct comparison of
optimal portfolio volatilities can be misleading when we use a particular estimate of
expected excess returns, such as their realized mean, to compute such volatilities. Their
framework isolates the effect of covariance information by using a wide range of
alternatives for the vector of expected excess returns and the asymptotic properties of
sample standard deviations of optimized portfolio returns. We follow their approach and

consider different vectors of expected excess returns associated with a variety of
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multivariate hedges.”> We then compare the standard deviations of returns on long-term

forward hedge portfolios formed with each model’s covariance matrix forecast.

In-Sample Evaluation

We now proceed to evaluate in-sample the forecast performance of the FSG-DCC in
comparison with the FG-DCC and the standard DCC models.”® This exercise focuses on
their long run forecast performance; specifically, we consider a period of 100-days as our
fixed long horizon.>* We acknowledge the potential in-sample biases in favor of the FSG-
DCC model that may arise since the spline volatilities will know ex-ante their future
paths. To account for this problem, the in-sample exercise rules out such foresight
advantage by constructing long horizon correlation forecasts at each point in the sample
keeping the spline functions fixed during the forecasting period. This implies mean

reversion of the long run forecasts according to Equation (16).

At each point in the sample and for each model, we construct the corresponding long
horizon (100-days ahead) covariance forecast; then we use it to form optimized forward
hedge portfolios according to Equation (28) using a variety of vectors of expected returns
associated with different hedges and a required return normalized to one ([o=1). Thus,
given a sample of size T, the in-sample standard deviations of returns on long-term

optimized forward hedge portfolios are given by:

T-100
(i) _A\?
0 ; {Wp,t-f-lOO\t(rtHOO r )} J — FSG’ FG _ DCC’ DCC’
Opis = ’ (29)
T -100 p=12,..33,

where T denotes the sample mean of daily excess returns, I,,,,, is the vector of one-day

(N

excess returns at day t+100, and W0

corresponds to a 100-days forward hedge

32 A hedge is constructed by holding one asset for return and using the other assets for hedge. Thus, we
have vectors of expected returns with one positive entry (normalized to one) and everything else set to zero.
3 All the models are estimated using the two stage-GMM approach described in Section III, including
asymmetric Student-t GARCH volatilities and the composite likelihood (CL) method.

3 Given that all the estimations are based on daily data, a horizon of 100 days can be seen as a reasonable
“long-term” period. However, horizons from four to six months are also considered in the out-of-sample
exercise presented in the following subsection.
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portfolio constructed from covariance model j where asset p is hedged against the other

assets.35

Table 9 presents the results for this in-sample exercise. It is found that the FSG-DCC
model outperforms the other models for the considered horizon. The FSG-DCC model
obtains smaller volatilities for twenty seven cases whereas the FG-DCC model is superior
only for six cases. The standard DCC model is always inferior. Moreover, our results
indicate that, on average, using long horizon FSG-DCC correlation forecasts to hedge
reduces the standard deviation of the corresponding optimized portfolios by
approximately 6 basis points, when it is compared with that of FG-DCC portfolios, and
by approximately 125 basis points, when it is compared with that of DCC portfolios.

Out-of-Sample Evaluation: A Sequential Forecasting Exercise

In this subsection, we examine the out-of-sample forecast performance of the FSG-DCC
model. Our analysis implements a sequential forecasting exercise that is described in
Figure 11 and can be characterized by iterations of the following simple steps: 1) a set of
models is estimated based on an initial estimation period with Ty daily observations, and
multi-horizon covariance forecasts from 1 to 126-days (six months) ahead are computed
out-of-sample, 2) The mentioned 126-days forecasting period is incorporated into a new
estimation period with T1=Ty+126 daily observations, the models are re-estimated, and a
new set of out-of-sample forecasts is constructed for the following six months. We iterate
these two steps several times starting with a sample period from December 1988 to June
1995. As illustrated in Figure 11, the process is repeated 22 times (up to December 2006)
and none of the out-of-sample forecast blocks overlap. In this exercise, we also enhance
the scope of models to be compared. Specifically, we include three new covariance
estimators: 1) the sample covariance (SCOV), 2) the static one-factor beta covariance
(BCOV), and 3) the optimal shrinkage covariance of Ledoit and Wolf (2003) (LCOV).*®

All the models are re-estimated at each iteration.

33 Each of the 33 assets in our sample is associated with one hedge.
36 Jagannathan and Ma (2003) use these covariance matrix estimators to examine the effect of portfolio
weight constraints on the out-of-sample performance of minimum variance portfolios.
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For the FSG-DCC model, we extrapolate the spline functions by keeping them constant at
their last values during the forecasting periods and restricting them to have a zero-slope at
the last observation of the sample. The zero-slope condition in the boundary is imposed
in the estimation process and provides a conservative approach that underestimates the
behavior of the time series near the end of the sample.”” This differs from the approach
taken in the previous in-sample exercise since in such a case the spline functions were
fitted using data at both sides of the “last” data point (thus no boundary-bias problems
were present), whereas in the out-of-sample case the bandwidth covers only data on the
left side of the last observation in the estimation period. The zero-slope condition helps to

reduce potential anomalies caused by outliers near the right boundary.*®

As in the in-sample exercise, we focus on long horizons. Thus, among the multi-horizon
forecasts generated at each iteration, we only consider the last 40 days (i.e., out-of-
sample forecast from 87 to 126 days ahead). As before, the standard deviations of returns

on out-of-sample optimized forward hedge portfolio are computed according to:

22 12
> i W (o _r)}2 j=FSG,FG-DCC,DCC,SCOV,
ols = 5370 , BCOv,LCOvV, (30)

p=12,..,33,

where T; is the last day of the estimation period associated with iteration i.

For each model and hedge portfolio, Table 10 reports these standard deviations. The
FSG-DCC specification produces smallest volatilities for fifteen hedges; the sample
covariance is preferred for five hedges; the shrinkage covariance and the FG-DCC
models dominate in four cases each; the DCC model is preferred in three cases; and the
static beta covariance model dominates in only one case. The average across all the
hedges is shown in the last row of the table. According to this number, the best performer

is the FSG-DCC specification followed by the FG-DCC model. The sample and the

37 An unrestricted approach would impose less smoothness. Silverman (1984) and Nychka (1995) illustrate
the boundary issues associated with smoothing splines.

3 More elaborated boundary correction methods for smoothing splines are examined in Rice and
Rosenblatt (1981) and Eubank and Speckman (1991).
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shrinkage covariance models come next followed by the DCC model. The worst

performer is the static beta covariance model.

To explore further the significance of these results, we perform joint Diebold and
Mariano-style tests following Engle and Colacito (2006). The objective is to test the
equality of the FSG-DCC model with respect to each of its competitors.>® This approach
is based on statistical inference about the mean of the difference between square returns
on optimized portfolios generated by the FSG-DCC specification and a competitor model
m. For every iteration i (with last observation = T; ), a vector of difference series

associated with the hedge p is defined as:

m ! - =2 rm —\\2
u :{(wpféfkﬁ’icc(rTi+k—r)) —(thjﬁkﬁi(rﬂm—r)) ,k=86,...,126}, (31)

where m=FG-DCC, DCC, SCOV, LCOV, BCOV, and p=1,2,...,33. Using these hedge
difference vectors, we construct a joint difference vector that stacks all of them as

follows:

UFeom = (up™,up™, U™, i=1,2,...,22. (32)

U FSG-DCC,m
t

The null of equality of covariance models tests the mean of equals zero.

Therefore, for each comparison, the test is performed by running a regression of

U™ on a constant. The regressions are estimated by GMM using robust HAC

covariance matrices. Table 11 reports the t-statistics for the Diebold-Mariano tests. The
competitor models are named in each column. A negative value suggests that the FSG-
DCC model dominates the column-model since the former is associated with smaller
average volatility of optimal portfolios than the latter. At a 5% confidence level, the

results indicate again that the FSG-DCC dominates its competitors at long horizons.

An Example of Forecasting Correlations Using Macroeconomic Variables
In the previous forecasting exercises, we have not used any economic variables to
construct the correlation forecasts. Following the discussion is Section III, this subsection

illustrates with a simple example that low frequency macroeconomic information can be

3% See Diebold and Mariano (1995) for details on the general test.
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incorporated to forecast correlations within the FSG-DCC framework. The idea is to
change the approach used to extrapolate the spline associated with the low frequency
market volatility. A simple strategy to incorporate macroeconomic information into this
extrapolation consists in forecasting the average low frequency market volatility using
macroeconomic information and then taking such a value as an out-of-sample target for
the spline function.* We apply this strategy to forecast correlations during the first half
of 2007 conditional on the information in our sample period (up to 2006). To keep this
example as simple as possible, we use the same macro variables and estimation results

reported in Engle and Rangel (2008).*'

Table 12 shows such estimates along with updated values of the macroeconomic
variables for the years 2006 and 2007. Under perfect foresight, these estimates predict an
increase of six basis points in the annual low frequency market volatility. Therefore, after
calibrating the levels according to the observed volatility in 2006, the predicted annual
low frequency market volatility increases from 9.3% in 2006 to 10% in 2007.* Although
this increase is small compared to the big jump observed in the annual level of realized
volatility in 2007, due mostly to the August events, the predicted value changed in the

right direction.*

As before, we can compute out-of-sample forecast of the covariance matrix restricting,
for example, the spline of the market factor to be flat at 10% in the mid point of 2007 (or
to cross such target at this point). This is only an example to illustrate the application of
simple forecasting strategies that use macroeconomic information and can be

implemented within the FSG-DCC framework. A formal evaluation about the gains of

0 Here the spline function is forced to cross the economic target in a pre-specified point out-of-sample. If
we are forecasting the annual low frequency level of the market volatility, a natural choice for such point is
the middle of the forecasting year. A zero slope condition in the target point can also be imposed.

! Updated values of the explanatory variables are obtained from the same sources used in Engle and
Rangel (2008). Note that the estimation period in this study is from 1990 to 2003. Therefore, the estimates
are suboptimal for the period of our example.

2 Comparing the estimated low frequency market volatility from the macro variables in 2006 (7.3%) with
the realized value in this year (9.4%), we obtain an estimate of the time fixed effect. We use this estimate to
calibrate the prediction in 2007.

* The annual realized volatility of the S&P 500 (excess returns) was 16% in 2007.
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using macroeconomic variables and idiosyncratic volatility predictors to forecast

correlations is a promising extension that we leave for future work.

VI Concluding Remarks

This paper develops a new model for asset correlations that characterizes dynamic
patterns at high and low frequencies in the correlation structure of equity returns.
Exploiting a factor asset pricing structure and dynamic properties of low frequency
volatilities associated with systematic and idiosyncratic terms, we introduce a slow-
moving correlation component that proxies low frequency changes in correlations. Our
semi-parametric approach generalizes dynamic conditional correlation (DCC) and other
multivariate GARCH models by allowing the high frequency correlation component to
mean revert toward a time varying low frequency component. This framework permits
the level to which conditional correlations mean revert to adapt to varying economic

conditions.

At high frequencies, our model incorporates dynamic effects that arise from relaxing
assumptions in the standard one-factor CAPM model. Such effects account for time
varying betas and missing pricing factors. At low frequencies, the long-term trends of the
market and idiosyncratic volatilities govern the dynamics of low frequency correlations.
We provide evidence that, in addition to the recently documented economic variation of
market volatility at low frequencies, average idiosyncratic volatility shows substantial
variation in its long-term trend. We find that this variation is highly correlated with low
frequency economic variables including an inter-sectoral employment dispersion index
that proxies the intensity of sectoral reallocation of resources in the economy and, since
such movements are mainly driven by shocks that are specific to either individual firms
or sectors, it serves as an indicator of idiosyncratic news intensity. Moreover, we find the

same results for sectoral idiosyncratic volatility.

The ability of our correlation model to incorporate non-parametrically such low

frequency features not only produces improvements in terms of the empirical fit of equity
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correlations and their association with economic conditions, but also leads to an
improvement for forecasting applications. Indeed, in-sample and out-of-sample
forecasting experiments indicate that, at long horizons, this new model with time varying
long-term trends outperforms standard models that mean revert to fixed levels. This result
is explained by the model’s flexibility in adjusting the level of mean reversion to varying
economic conditions. Although this comes at a cost of estimating more parameters, we
can apply the methods that have been recently developed to estimate high-dimensional
dynamic covariance models and keep the estimation process tractable even for a large

number of assets.

The results in this paper motivate interesting extensions in terms of economic modeling
and forecasting: a detailed analysis of the cross-sectional determinants of idiosyncratic
volatilities would provide a richer firm-specific context to analyze the long-term behavior
of such volatilities; analyzing the nature of common components in idiosyncratic
volatility can shed more light on the continuing debate about pricing idiosyncratic risk;
an analysis of implications for international markets are important for international asset
allocation and the evaluation of global financial risk. Also, the favorable forecasting
results shown in the paper could be improved further by incorporating economic
variables and finding more efficient strategies to forecast the long-term volatility

components.
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Appendix Al

Proof of Proposition 1: Consider the specification in (1) and assumptions (2) and (3).
Allowing E,_ (uu; ) # 0, we have cov,(rr) =48V, (r,)+E_(uu;), and Equation
(8) follows. For the second part, Lets consider a single factor model with time varying
betas satisfying assumptions i)-iv). The equation for excess returns can be written as:

r.=a,+p.r, +U0, (33)
where B, = f +w, . If we define u, =w,r +0, —E(W,r,),Vi=L..,N, then we can
rewrite (33) as:

i = +:Bir

eV (34)
where E(u,)=0, Vi and, by assumptions i) and iv), E(u,r,,)=0. Moreover, from iii)

cov(r,,r,)
V(r,)

.. However, the new errors will be conditionally correlated with the market factor since

and iv), E(8,)= /3 =

, B, 1s covariance stationary and mean reverts toward

cov, ,(w,r.,r.) is in general different from zero. Thus,

cov (61) = BNy () + BE (Gl + BB (G Ui) + B (Ul (35)
and
E () =BV, (r)+V, U )+2BE,  (ru.), k=i,]j. (36)
Also, note that E _ (u,u;)is in general different from zero for i= j since it includes
covariance terms such as cov, (W, W;r,), cov, (Wl ,u;), and E_ (GU,), i# j,

which may deviate from zero (for example, due to temporal comovements across the time
varying beta components as well as to the effect of latent unobserved factors). Thus, we

obtain Equation (10) by combining (35) and (36).m

42



Appendix A2

Proof of Proposition 2: Consider the following vectors of returns, factor loadings, and
innovations: £, = (1, N,y )’y B=(B Bopsens By ) > @and Uy = (U, Uy, ....,Uy, ). Given
a vector F; of common factor(s) and omitting the constant terms, without loss of
generality, we can rewrite the model in Equation (1) as:

L =pFF+u. (37)

Thus, given the t-1 information set 3, ,, the conditional covariance matrix is:

Et—l (rt rt') = ﬂEt—l (Ft Ft,)ﬁ, + ﬂEt—l(Ftutl) + Et—l (ut Ft')ﬂ’ + Et—l (utut’) (38)
In particular, for the one-factor CAPM case, F, =r, and (38) takes the following form:
Et—l (nrt,) = Et—l (rmt )ﬂﬂ' + ﬂEt—l (rmtut’) + Et—l (ut rmt )ﬂ' + Et—l (utut') (39)

From Equations (10) and (11), the typical (i,j) element of the first term on the RHS of
(39) is:

BBE(10) = BBiTm I (40)
Similarly, from Equations (11), (12), and (13), the typical (i,j) element of the second
term is:
BE (i) = Bt G 73932 11 (1)
the typical (i,j) element of the third term is:
BiE () = BT @ \ 7081 P (42)

and the typical (i,]) element of the last term is:

E. (uitujt) =it \ TiQjt pifj,t' (43)

Equation (14) follows from substituting these conditional expectations in (10).

The unconditional version of (10) is then used to derive the low frequency correlation.

7= BBE(15) + AE (1) + AE (1t )+ EU,) |
: \/ﬁfE(rmtf +E(u,)* +28 E(rmtuit)\/,b’fE(rmt)z +E(U,)’ +2B,E(r,u,)

Under the assumption that the factor(s) and the idiosyncrasies are unconditionally

uncorrelated, we have:

43



B BBE(r)+E(uu;)
T JFEG B JBEM ~EW)
Now, from (11), (12), and the LIE:
E(r) = T E(Om) = T

(44)

and
EUp) =7,E(g) =7 Vi=12,..,N.
Also,

E(uitujt) E(gl/2 |tgit/2 jt) 1/2 1/2

=corr(g; &9
Jrdrr JE@OE@, oS

]t) Eﬁi'

Note that pfj,t = p;;.» Vi, thus we approximate ,5fj with the sample correlation, p;,

from Equation (12). Plugging in the previous expressions into (44), we obtain the time

varying low frequency correlation in Equation (15).

Moreover, if we assume E (7, ,.,)=7,Vh>0,k=12,..,N, then the long horizon
forecast of (14) can be constructed using the mean reversion properties of the GARCH

and DCC equations. Indeed, the GARCH dynamics implies %im O eenp = b

vk =m,1,2,...,N . Also, the long horizon correlation forecasts associated with the vector

of innovations are given by the terms targeting correlations (see Equation (13)):

(45)

G j tont 2 —
lim pf; ., = lim Rkl L) g

h—w h—w _5 p' j?
ql i,t+h[t qj j.t+hit J i

Vi, je{l,2,..,N}. In addition, from our assumptlon that the idiosyncrasies are

unconditionally uncorrelated with the factor, p;; =0 and }]im Paiveny =0, Vi=L.,N.

Hence, substituting the long run forecasts of each term into (14), we obtain:

Bitm + 77 P

BT, +r,t\/ﬂjrmt+r

(46)

hmpl ,JLt+hit :\/

which coincides with the low frequency correlation.m
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Table 1

Description of Individual Stock Returns (Dec 1988-Dec 2006)

Average Daily Annualized
Company Name Ticker Return Sample Volatility
Alcoa AA 0.05% 0.52
American Intl. Gp. AlIG 0.07% 0.36
American Express AXP 0.07% 0.54
Boeing BA 0.06% 0.48
Citigroup C 0.10% 0.57
Caterpillar CAT 0.06% 0.49
Chevron-Texaco CVvX 0.05% 0.27
Du Pont E | De Nemours DD 0.04% 0.38
Walt Disney DIS 0.06% 0.49
General Electric GE 0.06% 0.34
General Motors GM 0.02% 0.56
Goodyear GT 0.03% 0.75
Home Depot HD 0.10% 0.60
Honeywell Intl. HON 0.06% 0.55
Hewlett-Packard HPQ 0.08% 0.85
International Bus. Mach. IBM 0.04% 0.47
Intel INTC 0.11% 0.94
International Paper IP 0.02% 0.42
Johnson & Johnson JNJ 0.07% 0.30
JP Morgan Chase & Co. JPM 0.06% 0.63
Coca Cola KO 0.06% 0.32
McDonalds MCD 0.06% 0.38
3M MMM 0.05% 0.27
Altria Group Inco. MO 0.07% 0.45
Merck & Co. MRK 0.05% 0.40
Microsoft MSFT 0.12% 0.64
Pfizer PFE 0.07% 0.44
Procter & Gamble PG 0.07% 0.32
AT&T T 0.04% 0.39
United Technologies UTXx 0.07% 0.39
Verizon Comms. VZ 0.03% 0.37
Wal Mart Stores WMT 0.07% 0.45
Exxon Mobil XOM 0.05% 0.25

Source: Daily returns from CRSP. The annualized sample volatility is the square root of
the sample average of annualized daily squared returns.

45



Table 2

Estimation Results US Market

/ m
_a +ﬂ||’ +u|t5 mt :am+ z'mtgmt‘gt ’

U, = 1/z‘itgngn, where ¢, | D, , ~ Student —t(v,),Vi=m,1,2,....,N

a,) r.,—a
gmt:(l_gm_¢m_7j+0 (mtl m) +}/m(mt—l m) mH<0 ¢gmt1

Tint—1 Tt

it (1 0-¢ - j+9('“ = Bl)” _(-tl ai_ﬁirmt—l) rha.

| i1 <0
Tit-1

k|
Ty =G eXp(Wiot"'ZWir ((t —t), )2} Vi=m,1,..,N*

r=1

1 2 3 4 5 6
First Stage
@ B f 4 7 vk
Coeff T-Stat Coeff T-Stat Coeff T-Stat Coeff T-Stat Coeff T-Stat Coeff T-Stat
Market(m) 0.028% 2.48 -0.00 -0.83 090 676 0.122 8.33 84 10.2

AA  -0.025% -1.20 0.99 449 0.02 42 096 1441 0.008 1.00 6.3 11.9
AIG -0.004% -0.30 101 585 007 50 082 308 0034 162 71 11.7
AXP -0.018% -1.05 1.17 614 005 40 084 328 0063 296 65 110
BA -0.005% -0.26 093 416 0.11 41 041 43 0.056 141 6.3 130
C 0.002% 0.12 125 704 0.07 47 083 322 0.019 098 6.8 125
CAT 0.020% 1.03 101 496 001 28 099 3222 0.003 094 49 16.0
CvX 0.022% 128 066 375 005 59 094 1108 -0.015 -146 79 9.2
DD -0.019% -1.19 0.98 535 005 36 085 200 -0.019 -117 59 121
DIS -0.004% -0.23 1.04 50.3 0.12 44 052 6.6 0.033 090 5.0 149
GE -0.006% -0.49 113 779 003 32 084 278 0065 348 90 83
GM -0.063% -3.01 1.03 48.8 0.02 38 096 1741 0.028 3.80 55 13.2
GT -0.071% -3.08 0.93 374 001 27 098 2788 0.017 391 44 154
HD 0.030% 156 123 548 001 16 091 651 0.059 437 6.1 129
HON -0.031% -1.73 1.06 518 011 46 065 148 0.091 263 51 154
HPQ 0.000% -0.02 1.30 509 0.01 40 099 3476 0.004 111 43 186
IBM -0.028% -1.87 095 553 0.00 14 097 2163 0.028 520 45 17.2
INTC 0.038% 1.55 153 554 0.02 27 095 1122 0.022 269 54 157
IP -0.036% -1.92 091 468 0.08 42 063 8.1 0029 108 104 7.0
JNJ -0.009% -0.61 0.78 457 005 41 083 326 0.088 379 59 121
JPM -0.016% -0.98 1.26 64.1 0.03 34 090 522 0054 376 62 126
KO -0.006% -0.41 081 49.0 0.0/ 38 063 109 0.113 346 6.2 121
MCD 0.003% 0.17 0.80 38.7 0.02 43 097 1827 0.009 112 56 124
MMM -0.002% -0.11 0.78 553 0.13 44 018 1.7 0.001 0.02 52 164
MO 0.039% 243 0.76 399 0.13 49 058 13.2 0.127 3.01 4.0 187
MRK 0.016% 0.95 093 510 011 41 046 6.0 0.043 113 5.0 176
MSFT 0.010% 0.53 1.16 554 008 43 076 20.1 0.039 154 49 163
PFE 0.005% 0.29 094 459 0.09 47 078 211 -0.001 -0.07 58 134
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PG 0.019% 136 0.73 445 004 38 091 568 0.028 1.95
T -0.003% -0.17 0.86 44.6 0.07 45 083 264 0.017 0.92
UTx -0.001% -0.08 0.93 513 009 35 053 7.0 0.093 2.48
VZ -0.016% -1.00 0.84 454 0.07 51 083 289 0.016 0.88
WMT 0.002% 0.11 1.07 56.2 0.04 49 095 133.8 0.003 0.38
XOM 0.018% 122 0.74 442 008 52 084 308 -0.019 -1.07

6.1
7.6
5.9
6.8
6.8
9.1

13.7
9.6
14.1
11.2
10.3
9.0

AN O NO B

m '
(gt ,glt,th,....,gNt) 1 DCC,

Gi,j ¢

Fe” M\/qj,j,t ’

qi,j,t = /5|gj +apcc (5i,t-15j,t-1 _ﬁi‘fj)+bDCC (qi,j,t—l _/3{:' ), Via J € {1,..., N},
Ui = ﬁn‘:| +8pcc (8trr—118i,t—l _ﬁrf],i)-i_ boce (O _Er‘rg],i)a Vie {m,l,..., N}

Second Stage (DCC)
Median Bivariate

Param Std. DCC DCC Systems Composite Likelihood
Coeff T-Stat Median Coeff T-Stat

Apec 0.0024 4.8 0.0047 0.0043 50.8

Poce 0.9919 142.7 0.9856 0.9906 4531.2

a) The returns are in excess of the risk free rate. The sample is the 33 DJIA stocks described in Table 1.

The one-month T-bill rate is used as the time varying risk free rate
b) The optimal number of knots was selected based on the BIC.

47



Table 3

Sample Correlations: Idiosyncratic Volatilities and Economic Variables

Average ldiosyncratic Volatilities
(Quarterly Frequency)?

Economic Variables® Average Rolling Idiosyncratic Average Low Frequency

Volatility” Idiosyncratic Volatility®
Employment Dispersion Index 0.48 0.34
CAY -0.40 -0.39
Market Factor Volatility 0.72 0.64
llliguidity (QSPR) -0.30 -0.23

a) Average idiosyncratic volatilities are based on daily DJIA stock returns. These measures are aggregated
at a quarterly frequency over the period 1990-2006.

2

1 N 1 100 2
b) The Average Rolling Idiosyncratic Volatility is defined as ARIV, = NZ(EZ Uiy | » Where uiis
i=1 k=1

the daily idiosyncratic return from Equation (1).

1 N
c) The Average Low Frequency Idiosyncratic Volatility is defined as |VO|t = W z rilt/z ,Where the t’'s are
i=1
the daily low frequency volatilities estimated from Equation (12)

d) The Employment Dispersion Index follows the definition in Lilien (1982):

1oy 5

EDI, = {Z—'k(Alog X, —Alog X, )2} , Where xi is employment in industry i (among 11 industry
i=1 K

sectors) at quarter k, and X is aggregate employment; the consumption-wealth ratio (CAY) is defined in

Lettau and Ludvigson (2001); the market factor volatility is estimated according to Equation (11); and the

average quoted spread (QSPR) follows the definition in Chordia, Roll, and Subrahmanyam (2001).
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Table 4

Idiosyncratic Volatility GMM Regressions

Average Rolling Idiosyncratic Average Low Frequency
Volatility Idiosyncratic Volatility

Constant 0.082 0.080
(0.037) (0.076)
EDI 104.581 117.298
(53.314) (67.166)

CAY -0.154 -0.031
(0.562) (0.699)

Market Volatility 0.615 0.643
(0.233) (0.218)

QSPR -0.083 -0.002
(0.073) (0.087)

R-squared 0.533 0.365
J-statistic 0.051 0.049

1 & 1 Jo /2
Notes: The Average Rolling Idiosyncratic Volatility is defined as ARIV, = NZ(EZ uiz(t—k) ,
i=1 k=1

where ui is the daily idiosyncratic return from Equation (1). The Average Low Frequency ldiosyncratic

N
Volatility is defined as Ivol, = ﬁz 7,2, where the t's are the daily low frequency volatilities estimated

i=1
from Equation (12). These averages are based on daily DJIA stock returns. Aggregating the variables at a
quarterly frequency from 1989 to 2006, the two measures of idiosyncratic volatility are regressed on the
following set of variables: the employment dispersion index (EDI) of Lilien (1982), the consumption-wealth
ratio (CAY) of Lettau and Ludvigson (2001), the market factor volatility estimated in Equation (11), and the
average quoted spread (QSPR) of NYSE stocks (as defined in Chordia, Roll, and Subrahmanyam (2001)).
The regressions are estimated using the Generalized Method of Moments (GMM) with Newey-West

standard errors and four lags of the regressors as instruments.
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Table 5

Sample Correlations: Idiosyncratic Volatilities based on 48 Industry Portfolios and
Economic Variables

Average ldiosyncratic Volatilities
(Quarterly Frequency)?

Economic Variables® Average Rolling Idiosyncratic Average Low Frequency

Volatility” Idiosyncratic Volatility®
Employment Dispersion Index 0.51 0.27
CAY -0.26 -0.66
Market Factor Volatility 0.61 0.69
lliquidity (QSPR) -0.32 -0.29

a) Average idiosyncratic volatilities are based on daily returns from the 48 equally-weighted industry
portfolios of Fama and French (1997). These measures are aggregated at a quarterly frequency over the
period 1990-2006.

2

1 N 1 o 2
b) The Average Rolling Idiosyncratic Volatility is defined as ARIV, = NZ[EZ ui(tk)j , Where u is
i=1 k=1

the daily idiosyncratic return from Equation (1).

1 N
c) The Average Low Frequency ldiosyncratic Volatility is defined as |VO|t = W z Tilt/z ,where the t’s are
i=1

the daily low frequency volatilities estimated from Equation (12).
d) The Employment Dispersion Index follows the definition in Lilien (1982):

11 0

X:

EDI, = {Z—'k(Alog X, —Alog X, )2} , where xi is employment in industry i (among 11 industry
i=1 K

sectors) at quarter k, and Xy is aggregate employment; the consumption-wealth ratio (CAY) is defined in

Lettau and Ludvigson (2001); the market factor volatility is estimated according to Equation (11); and the

average quoted spread (QSPR) follows the definition in Chordia, Roll, and Subrahmanyam (2001).
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Table 6
Regressions of Idiosyncratic Volatility Based on 48 Industry Portfolios

Average Rolling Idiosyncratic Average Low Frequency

Volatility Idiosyncratic Volatility
Constant 0.095 0.125
(0.008) (0.003)
EDI 33.820 28.924
(19.132) (5.786)
CAY -0.108 -0.305
(0.192) (0.039)
Market Volatility 0.200 0.056
(0.091) (0.028)
QSPR -0.011 -0.007
(0.020) (0.009)
R-squared 0.376 0.264
J-statistic 0.097 0.127

1 & 1 Jo /2
Notes: The Average Rolling Idiosyncratic Volatility is defined as ARIV, = NZ(EZ uiz(t—k) ,
i=1 k=1

where ui is the daily idiosyncratic return from Equation (1). The Average Low Frequency ldiosyncratic

N
Volatility is defined as Ivol, = ﬁz 7,2, where the t's are the daily low frequency volatilities estimated

i=1
from Equation (12). These averages are based on daily returns from the 48 equally-weighted industry
portfolios of Fama and French (1997). Aggregating the variables at a quarterly frequency from 1989 to 2006,
the two measures of idiosyncratic volatility are regressed on the following set of variables: the employment
dispersion index (EDI) of Lilien (1982), the consumption-wealth ratio (CAY) of Lettau and Ludvigson (2001),
the market factor volatility estimated in Equation (11), and the average quoted spread (QSPR) of NYSE
stocks (as defined in Chordia, Roll, and Subrahmanyam (2001)). The regressions are estimated using the
Generalized Method of Moments (GMM) with Newey-West standard errors and four lags of the regressors
as instruments.
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Table 7

Correlation Models from Factor Assumptions

PANEL 1: DYNAMIC VOLATILITY COMPONENTS?*

Components with High and Low Frequency Dynamics

Constant Volatilities

Factor Component Factor and Idiosyncratic Components
FC-C: Constant factor and idiosyncratic volatilities FG-C: GARCH factor volatility FG-G: GARCH factor and Idiosyncratic volatilities
FG-C __ ﬂIIB] hmt FG-G __ ﬂlﬂj hmt
P = T2 Toh 1o Ao e T8 +h
\/ﬁl mt+ai \/ﬂ] mt+o-j \/ﬁl mt+ it\/ﬂj mt+ jt
e BB o FSG-C: Spline-GARCH factor volatility FSG-SG: Spline-GARCH factor and Idiosyncratic
Pij :\/ﬂzz 2,322 2 . volatilities
o+ O \/ ol + 0
tem ! o ! FSG-C __ ﬂlﬂj Tt gmt FSG-SG __ ﬂIIBj Tt gmt
Lt T 2 2 2 2 A 2 2
\/ﬂl z-mtgmt + Gi \/ﬂj 2-mtgmt + Gj \/ﬂl z-mtgmt + Titgit \/ﬂj z-mtgmt + Tjtgjt
PANEL 2: OTHER DYNAMIC COMPONENTS"
Idiosyncratic Correlations (Latent Factors) All Components
FG-IDCC: FG-G with latent factors FG-DCC
u
FG-IDCC _ 'Bi'BJ M + v h V hit Pij See Equation (19)
it B 2 2
\/ﬂl hmt + hit \/IBJ hmt + hjt
FSG-IDCC: FSG-SG with latent factors FSG-DCC

u
FSG-IDCC __ ﬂiﬂjrmtgmt + z-itgit \[Tjtgjtpi,j,t
Lt [ 2
\/ﬂl Tot9me T i e \/ﬂj Tot9me T 739t

See Equation (14)

a) o denotes constant (C) volatilities, h and g refer to GARCH (G) and Spline-GARCH (SG) variances, respectively. b) These models are parametrizations of (8)
and (10) in Proposition 1.
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Table 8

Evaluation of Factor Correlation Models

Quasi-log- Quasi-
Assumption? Model ouasi-og Parameters Likelihood BIC
likelihood . ¢
Ratio
FC-C -426550 67 45980* -186.96
1 FG-C -427110 69 44860* -187.20
FSG-C -427160 75 44760* -187.21
5 FG-G -440670 135 17740* -193.03
FSG-SG -442820 383 13440* -193.51
3 FG-IDCC -446930 663 5220* -194.80
FSG-IDCC -449100 911 880* -195.29
4 FG-DCC -447330 696 4420* -194.91
FSG-DCC -449540 944 -195.42
a) This column corresponds to the assumptions that are weakened in the factor specifications:
1. Constant volatility of the market factor.
2. Constant volatility of the idiosyncratic components.
3. One single common factor.
4. Constant betas.

The models are described in Table 7 and the sample is the 33 DJIA stocks described in Table 1.
b) The last step is associated with the full FG-DCC and FSG-DCC models.

¢) The quasi-likelihood-ratios compare the models on each row with the FSG-DCC model (see the last row).
*) Indicates that the quasi-likelihood-ratios are above the 1% critical value of a chi-square distribution with
degrees of freedom given by the difference between 944 and the number of parameters associated with

each model.



Table 9

In-Sample Evaluation: Standard Deviations of Optimized Forward Hedge Portfolios
for a 100-Days Horizon

Forward Hedge Portfolios FSG-DCC FG-DCC DCC
Maa 0.2563 0.2560 0.2646
Haic 0.2010 0.2018 0.2312
Haxp 0.2385 0.2392 0.2443
Haa 0.2607 0.2605 0.2749
Mc 0.2364 0.2376 0.2516
Hear 0.2525 0.2541 0.2634
Hevx 0.1675 0.1658 0.1770
Hoo 0.2087 0.2088 0.2127
Hois 0.2640 0.2654 0.2728
MeE 0.1756 0.1771 0.1812
Hem 0.2805 0.2803 0.3162
Het 0.3365 0.3368 0.3419
Mp 0.2586 0.2603 0.2765
Hron 0.2672 0.2680 0.3098
Hupo 0.3376 0.3381 0.3488
T 0.2528 0.2534 0.2570
Hinte 0.3279 0.3295 0.3357
Mip 0.2250 0.2260 0.2307
T 0.1873 0.1880 0.1952
Hopm 0.2574 0.2594 0.2654
Mko 0.2029 0.2045 0.2108
Hwvico 0.2402 0.2399 0.2521
Hawine 0.1857 0.1858 0.1925
Mo 0.2760 0.2769 0.3129
Hyrk 0.2160 0.2167 0.2323
Hyser 0.2724 0.2728 0.2864
Upre 0.2273 0.2278 0.2358
Mpc 0.2081 0.2093 0.2147
My 0.2087 0.2090 0.2166
HuTx 0.2157 0.2165 0.2321
Hyz 0.2022 0.2030 0.2075
it 0.2313 0.2304 0.2393
Hyom 0.1547 0.1553 0.1645

All Portfolios 0.2374 0.2380 0.2499

Notes: Sample standard deviations of returns on optimized forward hedge portfolios constructed at each
point in the sample using 100-days-ahead covariance forecasts from FSG-DCC, FG-DCC, and DCC
models, respectively, and subject to a required return of 1. The sample is described in Table 1. The stock in
the corresponding row is hedged against all other stocks.
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Table 10

Out-of-Sample Evaluation: Standard Deviations of Optimized Forward Hedge
Portfolios at Multiple Long Horizons

FSG-DCC FG-DCC DCC BCOV SCOV  LCoV

Forward Hedge

Portfolios

Haa 0.2573 0.2569 0.2569 0.2787 0.2549 0.2550
Maic 0.1914 0.1947 0.1917 0.1949 0.1925 0.1923
Maxp 0.2130 0.2138 0.2137 0.2293 0.2151 0.2152
Hea 0.2690 0.2702 0.2697 0.2744 0.2715 0.2714
Hc 0.1979 0.1992 0.1985 0.2182 0.1979 0.1983
Hcat 0.2445 0.2461 0.2452 0.2532 0.2455 0.2451
Mevx 0.1593 0.1586 0.1575 0.2065 0.1584 0.1592
(U 0.1997 0.2009 0.2013 0.2119 0.1981 0.1980
Mbis 0.2718 0.2695 0.2708 0.2708 0.2726 0.2723
Mce 0.1921 0.1947 0.1918 0.1874 0.1913 0.1909
Hem 0.3035 0.3061 0.3055 0.3069 0.3043 0.3040
Mot 0.3509 0.3504 0.3508 0.3645 0.3547 0.3546
Hup 0.2704 0.2707 0.2705 0.2837 0.2703 0.2704
Huon 0.2714 0.2756 0.2719 0.2812 0.2718 0.2718
Mrpo 0.3688 0.3735 0.3677 0.3925 0.3665 0.3668
Hism 0.2363 0.2428 0.2367 0.2506 0.2388 0.2386
MinTe 0.3325 0.3394 0.3347 0.3794 0.3351 0.3357
Hip 0.2292 0.2296 0.2287 0.2531 0.2279 0.2283
Hung 0.1792 0.1808 0.1797 0.1972 0.1803 0.1797
Hupm 0.2169 0.2183 0.2190 0.2427 0.2187 0.2189
ko 0.2161 0.2163 0.2149 0.2232 0.2150 0.2150
Mmco 0.2522 0.2541 0.2525 0.2531 0.2525 0.2523
Hvmm 0.1937 0.1965 0.1938 0.1977 0.1925 0.1924
Hmo 0.3172 0.3204 0.3174 0.3210 0.3176 0.3176
Hmrk 0.2156 0.2162 0.2156 0.2417 0.2142 0.2141
HmseT 0.2474 0.2510 0.2485 0.2711 0.2485 0.2481
Mere 0.2439 0.2482 0.2438 0.2710 0.2440 0.2439
Hec 0.1827 0.1826 0.1824 0.1991 0.1820 0.1820
Mt 0.2139 0.2161 0.2145 0.2522 0.2158 0.2168
HuTtx 0.2158 0.2204 0.2166 0.2195 0.2157 0.2154
Hvz 0.1924 0.1953 0.1913 0.2237 0.1901 0.1904
Hwmr 0.2351 0.2370 0.2349 0.2500 0.2364 0.2366
Hxom 0.1517 0.1506 0.1513 0.1966 0.1518 0.1528
All Portfolios 0.2374 0.23757 0.2393 0.2545 0.23764 0.2377

Notes: Sample standard deviations of returns on optimized forward hedge portfolios subject to a required
return of 1, and based on 22 iterations of out-of-sample covariance forecasts at horizons from 87 to 126
days ahead. The forecasts are constructed from FSG-DCC, FG-DCC, DCC, BCOV (static one-factor beta
covariance), SCOV (sample covariance), and LCOV (optimal shrinkage covariance of Ledoit and Wolf
(2003)) models, respectively. The 22 sequential sample periods are described in Figure 11 and include the
33 DIJIA stocks described in Table 1. The stock in the corresponding row is hedged against all other stocks.
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Table 11

Joint Diebold-Mariano Tests to Compare the Long-Term Forecast Performance of
the FSG-DCC Model Relative to Competing Models

Competing Models
FSG-DCC vs. Column Model DCC FG-DCC LCOV SCOV BcCoVv
T-Statistics -3.66 -2.96 -2.14 -2.07 -5.72

Notes: This table reports t-statistics for joint Diebold-Mariano tests that evaluate the forecast performance
of the FSG-DCC model relative to the following competitors: DCC, FG-DCC, BCOV (static one-factor
beta covariance), SCOV (sample covariance), and LCOV (optimal shrinkage covariance of Ledoit and
Wolf (2003)). Each t-statistic is derived from estimating a regression of a vector of differences of squared
realized returns of two models on a constant. The vector of differences is constructed using squared
realized forward hedge portfolio returns associated with the FSG-DCC model and the competing column
model. The forward hedge portfolios are constructed using the sample periods described in Figure 11 and
the 33 DJIA stocks in Table 1. We include only long-term forward hedge portfolios (from 87 to 126 days
forward). The vector regressions are estimated using the Generalized Method of Moments (GMM) with
heteroskedasticity and autocorrelation consistent (HAC) covariance matrix. A negative value is evidence of
better performance of the FSG-DCC model.
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Table 12
Economic Variables Associated with Low Frequency Variation in the Market

Volatility
. Regression Realizations of Explanator
Explanatory Variables Cogfficients Variablesp g
2006 2007
log(mc/gdpus) -0.0092 6.8717 6.8413
log(gdpus) 0.0181 9.4876 9.5287
nic -1.77E-05 2280 2297
grgdp -0.1603 0.0256 0.0220
gcpi 0.3976 0.0192 0.0290
vol_irate 0.0020 0.2807 0.3910
vol_gforex 0.0222 0.0147 0.0129
vol_grgdp 0.8635 0.0034 0.0042
vol_gcpi 0.1532 0.0079 0.0091

Notes: The definition of the explanatory variables and the estimated regression coefficients are taken from
Engle and Rangel (2008). The explanatory variables are defined as follows: MC=Market capitalization of
the NYSE, GDPUS=Nominal GDP in US dollars, NLC=Number of listings in the NYSE, GRGDP=Real
GDP growth rate, GCPI=Inflation rate (based on the consumer price index), VOL IRATE=Volatility of the
short-term interest rate, VOL GFOREX=Volatility of the US exchange rate relative to the EURO,
VOL GRGDP=Volatility of real growth, VOL GCPI=Volatility of the short-term interest rate. The
estimated coefficients are taken from the first column of Table 9 in Engle and Rangel (2008). The same
sources of this paper are used to update the values of the explanatory variables.
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Figure 1

Betas
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Notes: The estimation uses daily returns on the DJIA stocks from December 1988 to December 2006.
The data is obtained from CRSP. The beta estimates correspond to the one-factor CAPM specification

in Equation (1): ¥, = ¢, + B +U, . They are estimated based on the moment conditions in Equation

(26) and a two-stage GMM estimation approach.
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Figure 2

Idiosyncratic Volatilities: High and Low Frequency

Components
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Notes: The estimation uses daily returns on the DJIA stocks from December 1988 to December 2006. The data
is obtained from CRSP. Company names are referred by their tickers (AA=Alcoa, INTC=Intel, XOM=Exxon
Mobil, JPM=JP Morgan Chase, T=AT&T, and IP=International Paper). HFV stands for “High frequency
idiosyncratic volatility” (see second equation in (12)) and LFV refers to “Low frequency idiosyncratic
volatility” (see third equation in (12)). The last number in the series labels denotes the optimal number of knots.
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Figure 3
High and Low Frequency Market Volatility
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Notes: The estimation uses daily returns on the S&P500 from December 1988 to December 2006.
HFVOL=High frequency market volatility (see second equation in (11)). LFVOL=Low frequency market
volatility (see third equation in (11)).
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Figure 4

Correlations for Stocks with Increasing Low Frequency Idiosyncratic Volatility at
the End of the Sample
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Notes: The estimation uses daily returns on the DJIA stocks from December 1988 to December 2006. The data
is obtained from CRSP. Company names are referred by their tickers (see Table 1).
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Figure 5

Correlations for Stocks with Decreasing Low Frequency Idiosyncratic Volatility at

the End of the Sample
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Notes: The estimation uses daily returns on the DJIA stocks from December 1988 to December 2006. The data
is obtained from CRSP. Company names are referred by their tickers (see Table 1).
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Volatilities

Figure 6

Average Low Frequency Market and Idiosyncratic Volatilities Over Two-
Year Periods
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Notes: The average low frequency volatility over the period p is defined as follows:

T
R~
Average Annualized Idiosyncratic Volatility of Asset i =— E Z'ilt/z , where Z'ilt/z is the annualized

T
low frequency volatility for asset i at time t, Vi=m,1,2,....N , and T, is the number of daily

p t=1

observations in period p .
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Correlations

Figure 7

Average Correlations
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Notes: The average rolling correlation over the period p is defined as follows:

rating_ L] 11 & Rl
pTROHmg =—Z ——_ZZ pif{iltlmg , where T, denotes the number of daily
’ NI | T, (N-DFS

Rolling

jt is the rolling correlation between assets i and j at

observations in period p, and p;

time t. Similarly, the average FSG-DCC correlations are constructed by using 0; jit in

Proposition 2.
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Figure 8

Employment Dispersion Index and Aggregated Idiosync

ratic Volatilities
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—— Employment Dispersion Index (EDI)

— — Awerage Low Frequency Idiosyncratic Volatility

Notes: The graph shows quarterly aggregates of the following variables: Average Rolling Idiosyncratic

1N 1 oo ,
Volatility, defined as AR|Vt = WZ ﬁz ui(t—k)
i=1 k=1

1/2
j , where Uj; is the daily idiosyncratic return from

1 N
Equation (1); Average Low Frequency Volatility defined as |V0|t =— Z T ilt/z , where the t’s are daily low

i=1
frequency idiosyncratic volatilities (see Equation (12)); and Employment Dispersio

1 1/2

X; 2
ik
Z—(Alog Xy —Alog X,)
i=1 Xk

industry i (among 11 industry sectors) at quarter k and X, is aggregate employment.

definition in Lilien (1982): EDI, :{
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Figure 9

Employment Dispersion Index and Aggregated Idiosyncratic Volatilities from 48
Industry Portfolios
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Notes: The graph shows quarterly aggregates of the following variables: Average Rolling Idiosyncratic

1/2
1 N 1 100
Volatility, defined as AR|Vt = W Z E Z Uiz(t_k) , where Uj; is the idiosyncratic return from
i=1 k=1

fitting Equation (1) to the 48 industry portfolios of Fama and French (1997); Average Low Frequency

1 N
Volatility, defined as |V0|t =— Z T ilt/z , where the t’s are the low frequency volatilities of such portfolios

=1

based on Equation (12); and Employment Dispersion Index, which follows the definition in Lilien (1982):

11

X
2

i=1 k

Ele:{

1/2
2
(A lOg Xi, — A log Xk ) } , where Xy is employment in industry i (among 11

industry sectors) at quarter k and Xy is aggregate employment.
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Figure 10

Mutiple-Step Ahead Forecasts

AlIG and DIS

Forecast
Period

—>

—HFC FSG-DCC
—— LFC_FSG-DCC

- FG_DCC

———-DCC

e Forecast FSG-DCC

= Forecast FG_DCC
=== Forecast DCC

r LOOC/ET/S

r L00c/ETY

r LOOC/ET/E
r L00c/ET/C

r L00C/ET/T

F 900¢/ET/CT

r 900C/ET/TT

F 900¢/€T/0T

F 900¢/ET/6

 900¢/ET/8

F 900¢/ET/L

r 900¢/ET/9

F 900¢/ET/S

F 900¢/ET/Y

 900¢/ET/E

r 900¢/ET/C

F 900¢/ET/T

r G00C/ET/CT

r GOOC/ET/TT

F S00¢/ET/0T

r G00C/ET/6

 S00c/ET/8

0.6

suole|alI0)

024"

0.1 1

S00¢/ET/L
o

CVX and INTC

0.35

suole|a10)

— €
1}
_ 1
]
5 _ !
838
5 _
Sa
L ¥
8o
A o
(OIS} T 0
0 0 O 19
[a e n o
Lo L LA
229 %33
LA 888
o o | O
LI o S 6 o
I 30 IL IL W
77. _-
o
. . . : . .
3] wn N n — n Yo
=} N o — oS < =
o o o 0_

L00¢/ET/9

L002/€T/S

L00¢/ETIY

L00¢/ET/E

L00¢/ET/C

L002/ET/T

900¢/ET/CT

9002/ET/TT

9002/€T/0T

9002/€T/6

9002/€T/8

9002/€T/L

9002/€T/9

900¢/ET/S

900¢/ETIY

900¢/ET/E

9002/€T/2

900¢/ET/T

S002/€T/CT

S002/ET/TT

S002/€T/0T

S002/€T/6

S002/€T/8

S002/ET/L

Dates

Notes: Multi-step forecasts of the correlations between DIS and AIG. The estimation period goes from
December 1988 to December 2006. The forecasting period goes from January to July 2007. HFC

frequency correlation, LFC

High

Low frequency correlation. Forecast horizon: 130 days.
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Figure 11

Seqguential Forecasting Exercise

Iteration Estimation Forecast
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Notes: This figure describes the iterations of an out-of-sample sequential forecasting exercise. In the first iteration a
number of covariance models are estimated using data from 12/01/1988 to 12/31/1995. Then multi-step out-of-sample
forecasts are constructed for each model over a period of six months (from 01/01/1996 to 06/30/1996). In iteration 2 the
estimation period is extended six months (from 12/01/1988 to 06/30/1996) and a new set of multi-step out-of-sample
forecasts are generated for the following six months. At each iteration, the estimation period incorporates the previous
iteration’s forecasting period and new out-of-sample forecasts are generated. Proceeding in this manner, 22 iterations
are completed ending at 12/31/2006. The forecasting periods do not overlap.
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