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1 Introduction

Several studies have tried to uncover the determinantsroflations between time series
of financial returns, but few of them are based on econommindels that relate explicitly
the correlations to their determinants. This is an impdr@pic, because the increase in
correlation is linked to the phenomenon of contagion (Feido®ed Rigobon, 2002), so the
possibility to forecast the correlations is crucial in tiedy of spillover effects between
financial markets, as well as of portfolio choice, hedgingl aption pricing.

Some of these studies link the correlations in financial m@rko economic and geo-
graphical variables (see, for example, Karolyi and Stu86l and Bayoumi et al., 2007),
or to the market trend. In particular, Longin and Solnik (20Qsing monthly data, no-
tice that correlations tend to increase in correspondenttenegative returns, arguing
that correlations tend to increase in bear markets but nbtlinmarkets. Modeling the
multivariate distribution tails, they derive the distrilmn of extreme correlations for a
wide class of return distributions and their finding is thaghhvolatility per se does not
seem to lead to an increase in conditional correlations redsecorrelations are mainly
affected by the market trend.

Most empirical studies conclude that stock market cori@iatbetween countries in-
creases in crash times (see, for example, Forbes and CHiAd).2Knif et al. (2005),
using a logit functional relation between conditional etation and conditional volatil-
ity, provide evidence that increases in the stock markettiliby at the local and national
level push the correlations up between stock market rettlasy authors notice that the
correlations among international markets tend to incredsen stock returns fall precip-
itously (see King and Wadhwani, 1990, Solnik et al., 1996e<2fay and Jondeau, 2001,
Ang and Bekaert, 2002). Ramchand and Susmel (1998), by asB@ARCH model
(Hamilton and Susmel, 1994) with weekly data, obtain thatdbrrelations between US
and other stock markets are 2 to 3.5 times higher when the @& starket is in a high
volatility state rather than a low one. Similarly, using adsiate GARCH model, Longin
and Solnik (1995) found that the episodes of abnormal \ijatif the U.S. stock market
are the main determinant of increasing stock market cdioels. Boudt et al. (2012),
analyzing series of US deposit bank holding companiescadisignificant better per-
formance of regime switching models when switching prolitéds are time-varying and
driven by the VIX index rather than constant. The common feeling is that in a timeser
context, volatility is a major determinant of correlatipirsparticular in presence of high
volatility regimes.

These considerations are also implicitly present in otherka: For example, En-
gle and Figlewski (2012) develop factorial models with tiwregying correlations driven
by shocks correlated across stocks, finding a strong ralagtween the changes in the
implied volatilities of the stocks and the VIX index. In ahet study, Otranto (2012), ana-
lyzing the Italian market, finds a strong relationship begwsimilar conditional variance
structure of two assets and their conditional correlation.

The one-factor ARCH of Engle et al. (1990), with the markétne as factor, directly
implies that the conditional volatility of the market ratus the single determinant of the

The VIX index is a kind of implied volatility index for the 3Bay options on the Standard and Poor’s
500 index, introduced by the Chicago Board Options Excham@893 (see CBOE, 2003, for details).



conditional correlations between the individual assetse factor double ARCH intro-
duces idiosyncratic volatilities as additional determitsa and the factor DCC (Colacito
et al., 2011) enriches this structure to make it more flexiBkee Engle (2009, Ch. 8) for
a review.

Accepting the idea that the volatility affects the degreeafrelation, several ques-
tions arise to introduce this effect in an econometric modiebrrelations:

1. Are the correlations sensitive to the volatility itselfto the regime (low or high) of
the volatility?

2. Given a model that incorporates in some way a volatilitgatf what is the marginal
impact of the volatility on the correlation between two as3ds this effect varying
with the level of volatility?

3. Does the volatility affect the unconditional correlatidong-run effect) or the con-
ditional correlation (short-run effect)?

4. Does the volatility help in forecasting the correlatitde$ween assets?

In this paper we try to answer to these questions by propassugral models able
to capture in different ways the dependence of the conditioorrelations of a set of
financial time series on the volatility of the market of irgst. In particular we extend
the Dynamic Conditional Correlation (DCC) model of Engle@2) in different ways: by
including the volatility, or its regime, as an additive ipgadent variable, or by including
its effect in the value of the scalar coefficients of the DCGe Effect of changes in the
regime of the volatility is also considered by extending Regime Switching Dynamic
Correlation (RSDC) model of Pelletier (2006) to include éfiect of the volatility, or the
regime of volatility, in the transition probabilities.

The new models are applied to two data sets. A detailed aradysrovided for a case
with three assets, in which the volatility is representedh®yVIX index; the explanation
of this case is useful to illustrate in detail the main cheeastics of the proposed models
and the results. Then we extend the analysis to a data sdttatetby the thirty assets
composing the Dow Jones industrial index.

The paper is structured as follows. In the next section werdesthe models pro-
posed, whereas in Section 3 we detail the results relatiteet@xample of three assets.
In Section 4 we describe the results relative to the larg&a dat and in Section 5 we
conclude the paper with some remarks. The Appendices prdiael estimation results
for the univariate models relative to the conditional vaces and the volatility indices
(first-step estimation) and explicit formulas of the maggiimpact of the volatility on the
conditional correlations in each model.

2 \olatility Dependent Conditional Correlation Models

Several existing models for dynamic conditional correlasi can be extended to include
some form of dependence on the volatility of a certain manketasured with a known



indicator (such as the VIX). We consider a common structoreafl the models, rep-
resented by the conditional variance-covariance matrixrévprecisely, ler; denote a
(n x 1) vector of returns (with mean equal to zero)ofime seriesf{= 1,...,T). Letus

indicate withH,; the conditional covariance matrix of. It can be represented as

Ht - SthSt7 (21)

where S, is a diagonal matrix containing the conditional standardat®ns andR; is

a time-varying positive definite matrix of correlations.|llBwing Engle (2002), we can
estimate the elements &f; in two steps: in the first step we estimate the parameters of
S, (call them#@y) usingn univariate models for the conditional variances (for exiEmp
simple GARCH models); in the second step we estimate tharmeas present iR,

(call them@py), conditioning on the estimate @f,. This is possible because the full
log-likelihood function can be split into the sum of the @lling components:

L(By) = — >/, [log(|S]) + 0.5uju]
(2.2)
L(0g|0v) = — 3, [log(| Ri|) + 0.5u,R; ]

whereu, = S; 'r, is the vector oflegarched returns.

We are interested to develop models Ry including a dependence on the volatility
index. We call this class of models the Volatility Depend@uinditional Correlation
(VDCC) models.

We consider two possibilities: 1) the level of volatilityaftit v;) affects the condi-
tional correlations; 2) the regime of the volatility (higih low) affects the conditional
correlations.

The second approach requires to explicit a regime switcimiadel for the volatility.
Formally we consider thex(+ 1) vectorw, = (r}; v;)’, where the last element follows
a proper dynamics, for example a Markov Switching (MS) ARIM#Ah two regimes; we
label with 1 the regime of high volatility) the regime of low volatility. We assume that
v, IS not correlated with each elementf so the conditional correlation matrix af; is
given by:

. | RO
R; - [ v G } |
Let ¢; denote the regime af, at timet, with (; = 1 to indicate the high volatility
regime and; = 0 the low one. The conditional covariance matrixwof is given by
H; = S;R;S;,
where
« | S O
St B [ 0 ¢ }

ando,, is the switching standard deviation@fin correspondence with the reginge
Notice that the likelihood function can be split again in tpaots; it is sufficient to sub-

stitute in (2.2)S; with S} and R, with R;. The first likelihood contains the parameters of

then univariate GARCH models and the MS-ARIMA, and the secondtbegarameters
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relative to the correlation part, conditional on the firshgw of parameters. Moreover, in
the first part, we obtain the filtered one step ahead protiasilPr(¢; = i|¥,_1)), the
same updated at the current tinfe(¢; = i|¥,)), and the smoothed onés-(¢; = 1| ¥r),
where W, represents the information available at timgsee Hamilton, 1990). The ex-
pected value of the regime at timeconditional on the information available at the same
timet, is equal toF,(¢;) = Y1, iPr(¢, = i|®,) = Pr(¢ = 1|¥,). We useF;((,) as a
conditioning variable to represent the effect of the regaheolatility on the conditional
correlations. Note that if we label with O the high volagiliegime and 1 the low volatil-
ity regime, £, (¢;) will change, but the corresponding coefficients of the madelpted to
measure its effect would adjust to that.

2.1 Smooth Transition VDCC

A first model that can be included in the VDCC family was innodd by Silvennoinen
and Terasvirta (2012), who suppose that the conditiormaétaiion matrix changes along
the time according to a smooth functignranging in the interval0, 1]. We suppose that
f: is a function ofz,, wherex, is either the volatilityv;, or its expected regimé&;(¢;) .
This model, known as the Smooth Transition Conditional €latron (STCC) model, is
given by:
R, = R,f, + Ry(1 — f1),
fi = +exp(—v(z—1 — ¢))]7!, with v > 0.
The matricesR;, and R,, are positive definite correlation matrices. The formereorr
sponds to the low correlation regime and the latter to thé bige, sincef; is increasing
in x. As said in the Introduction, several authors distinguish effect of volatility on
correlations for periods of turmoil (high volatility) andugtness (low volatility). This
is consistent with the presence of two regimes, which cambleided in a model for
conditional correlations; model (2.3) is a way to represbisthypothesis.
This structure ensures th&, is a positive definite correlation matrix at each pointin
time. We call model (2.3) the STCC-V model when= v, and the STCC-R model when
x; = FE() (V stands for volatility, R for regime).

(2.3)

2.2 VDCC with Markov Switching

A different way to consider the presence of regimes is to rhtige conditional corre-
lations with MS dynamics. Pelletier (2006) proposes a RegBwitching for Dynamic
Correlations (RSDC) model by specifying

R; = RSt? (24)

wheres, is a discrete unobservable random variable, rangird,ik], for which he hy-
pothesizes a Markovian dynamics, wijtl} representing the probability to switch from
regimes at timet — 1 to regimej at timet. We consider two regimes (= 2), labeled
again! (low correlation regime) and (high correlation regime).

A simple extension of the RSDC model includes the volatiéisya determinant of
the regime of the correlations. We propose two cases thet¢smond to two alternative
specifications of the transition probability matrix of th& RC model.
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The first case is implemented by specifying a time-varyiaggition probability ma-
trix, as in Filardo (1994). In practice, we parametegizeusing a logistic function. Con-
sidering a two-regime MS model, the transition probaleitare expressed as:

__exp(o,itb1,ivi—1)
Diit = 1+exp(00,;4+01,iv¢—1) (25)

Dijt = 1 — Diit i=10h, i

We call this model the Time-Varying transition probabilfiyv-RSDC) model. Notice
that TV-RSDC nests RSDC, by constrainiftg, = ¢,; = 0. A simple Wald test can
be used for checking this joint hypothesis, or individt#éésts to verify the hypothesis
0., = 0 for each; can be used to detect the presence of the volatility effezaah regime.

To represent the second case, the one of dependence onithe céghe volatility (in-
stead of the volatility itself as in the first case), we candduice an effect of the regime of
volatility on the regime of correlations. We hypothesizitetent Markov chains driving
the regimes olR; andv;. The basic idea is similar to the one proposed by Otranto§R00
who introduces the Multi-Chain MS model, but its estimat®simpler. We assume that
the elements of the transition probability matrix relatieethe regime ofR; depend on
the volatility regime indicator variabl§:

Dijlm = Pr(sy = jlsi-1 =1, Go1 = m).

The advantage of this specification is the fact that it is jpds$o distinguish the effect
of the volatility on the regime of correlations during highdalow volatility regimes,
obtaining time-varying transition probabilities in thdléwing way:

1

Pije = Y DijmPr(G = m|®,_y). (2.6)

m=0

The constant probability model is not nested in this new mdulg we can test with a
simple Wald test if
Hy : Pijljo = Pij|1-
If the null is accepted, we obtain evidence in favor of a cansprobability model, repre-
sented by the RSDC model. We call this model the Double Ci@+RSDC) model.

2.3 Dynamic VDCC

The most widespread model for conditional correlationshis DCC model of Engle
(2002), where the time-varying correlation matf is obtained by the following equa-
tions (we use the consistent specification of Aielli, 2009):

Rt - Qt_thQIf_la 5 ) N
Qi=(1-a-bR+aQi 1w 1u, 1 Qi1 +0Q;1, (2.7)
Qt - dlaQ\/ql—l,t\/QQ—Q,t) . '7\/(]n—n,t)7

wherea andb are unknown non negative scalar coefficients constrained-by < 1. A
natural way to extend the DCC model for our purpose is to ctemsan additive effect of
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the volatility, or its expected regime, on the conditionadrelations. Thus we modify the
second equation of (2.7) in the following way:

Qi=(1—a—b—gD)R+aQi 1w 1w, Q1 +bQi_1 + gz 1, (2.8)

wherez is the mean of; andg is a parameter; the constant is modified to do correlation
targeting. We call this model the DCC with Additive VolatyliEffect (DCC-AVE) when
x; = v, and the DCC with Additive volatility Regime Effect (DCC-ARHE =, = E,((;).

The additive effect is not the only possibility to includestéffect of volatility in the
DCC model; a non-linear effect is obtained by rendering teffecientse andb in (2.7)
time-varying and dependent on the level of volatility oratgected regime. In this case
the second equation of (2.7) is:

Q=(1—-a—-b)R+ atQt—lut—lu;Ath +b:Qy—1, (2.9)

wherea, = ap+ay f,, andb, = by+0b; f,,+ are functions of, for eacht, with the constraint
a; + b, < 1forall t. In our experiments we have obtained good results adopigtic

functions, such as:
f _exp(0a,0+0a,17t—1)
a5t ™ Tterp(fa,0+0a,12t-1)°

(2.10)
f _ exp(6y,0+60p12¢—1)
bit 1+exp(Oy 0+0p 12¢—1) "

We call model (2.9) the DCC with Time-Varying coefficientspdading on \olatility
(DCC-TVV)ifin (2.10) x; = v, and the DCC with Time-Varying coefficients depending
on the Regime of volatility (DCC-TVR) i, = E((;).

3 Empirical Evidence for Three Stocks

We perform a comparison of the models, with the purpose twan$ the questions
listed in the Introduction, using a data set of daily returglative to three of the most
frequently traded stocks at the New York Stock Exchangeiged in the &P500 index:
Ford (labeled with F), Hewlett-Packard (H), IBM (1). Theyaalso three of the five series
analyzed by Silvennoinen and Terasvirta (2012) to ilasttheir STCC model, with dif-
ferent time span, preliminary transformations and tramsivariable. The data span the
period from January, 2 1990 to September 17, 2012 (sourceoykmance). The clos-
ing price data are transformed into returns for a total ofb@Bservations for each time
series. The volatility index adopted is the VIX, its sampleam is 20.5, and its standard
deviation 8.2.

For each series of returns we have estimated the univari@RGBI(1,1) model ob-
taining the corresponding degarched returns, whereabddvX series (divided by 100)
we have estimated a MS-AR(2) model with two regimes to oliteérvariableF; (¢;). The
results relative to this first estimation step, correspogdo the maximization of the first
equation of (2.2), are shown in Appendix 1. In Figure 1 we stmWIX series with the
corresponding filtered updated probabilities of the statagh volatility. We notice that
the filtered probabilities follow the dynamics of the VIX,ptaring not only the highest
peaks, but also several jumps in the VIX index identifyingsg relative increases in the
volatility.



Figure 1: VIX series (continuous line and left axis) and fég probabilities of state 1
(high volatility) obtained with a MS-AR(2) model (dotteché&, right axis)
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3.1 In-sample Comparison

Our first purpose is to check if the models for the analysisarfditional correlations
can be extended to include the effect of the volatility and tiois effect enters in the
correlation dynamics. We have estimated all the modelsiqusly defined, in addition
to the models that do not include the volatility effects |utting the Constant Conditional
Correlation (CCC) model of Bollerslev (1990), which copeads to the DCC model in
(2.7) witha = b = 0. Summarizing, we have estimated eleven different models:

e Three Conditional Correlation (CC) Models without voliyikeffects: CCC, RSDC,
DCC;

e Two Smooth Transition VDCC models: STCC-V, STCC-R;
e Two VDCC models with Markov Switching: TV-RSDC, DC-RSDC,;
e Four Dynamic VDCC models: DCC-AVE, DCC-ARE, DCC-TVV, DCCG/R

The estimation results are shown in Table 1. The correspgridg-likelihood functions
and model choice criteria are in Table 2. For the DCC-TVV a@BTVR models, the
coefficientb, is found constant, so we have suppressed the coeffigiamtd the nuisance
parameters),, and6,,. The coefficients;; (i,j = F, H,I) are the elements of the
constant correlation matricd® between assetsand; in the different DCC models, and
the indicesh and! distinguish the elements @&, and R, in (2.3) and (2.4).

The bad performance of the STCC models in terms of likelihfuwattion is clear
(and perhaps surprising). The worst performance achieyetthdd CCC model is not
surprising since the dynamic correlations cannot be caheteer the long sample that we
use. With the exception of the STCC-V modaelll the VDCC models have significant (at
conventional levels) coefficients of the volatility or itegected regime, implying that the
volatility (or its regime) has an impact on the dynamics & tlonditional correlations.

°The estimate ofy, equal to 39.2, suggests a swift transition mechanism. doimmon in ST models
that the estimate of is insignificant when it is large. See Terasvirta (1994).
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Table 1: Parameter estimates of CC and VDCC models

No Volatility Effect

TFH  TFI THI a b
CCcC 0.28 0.28 0.42
(0.02) (0.01) (0.02)
DCC 0.29 0.31 0.43 0.008 0.988
(0.01) (0.01) (0.01) (0.002) (0.003)
TFHh TFILh THILh  TFH]I TFI THI Dhh bu
RSDC 0.61 0.60 0.79 0.10 0.10 0.21 0.76 0.77
(0.04) (0.05) (0.03) (0.02) (0.02) (0.03) (0.04) (0.03)
Smooth Transition VDCC
TFHL TFILh THIA TFH,| TFI, THI,I Y c
STCC-V 0.38 0.44 0.60 0.24 0.21 0.35 39.24 0.25
(0.04) (0.05) (0.04) (0.03) (0.03) (0.03) (33.09) (0.02)
STCC-R 0.56 0.61 0.87 0.17 0.16 0.26 1.45 1.03
(0.08) (0.11) (0.09) (0.05) (0.04) (0.05) (0.10) (0.27)
VDCC with Markov Switching
TFHL TFLh THILh TFH] TFI, THI o,n 01,n 00,1 01,
TV-RSDC  0.60 0.60 0.79 0.09 0.09 0.20 0.14 4.06 1.81 -3.78
(0.04) (0.05) (0.03) (0.03) (0.02) (0.03) (0.07) (0.82) 2. (1.42)
TFHA TEFILLh THILh  TFH|] TR THI, Phh)o Phh1 Pujo Pun
DC-RSDC 0.60 0.59 0.78 0.09 0.09 0.20 0.67 0.91 0.75 0.74
(0.04) (0.05) (0.03) (0.03) (0.02) (0.03) (0.05) (0.03) 0H. (0.05)
Dynamic VDCC
TPH  TFI  THI agp ay b g 04,0 0a,1
DCC-AVE 0.10 0.11 0.27 0.010 0.979 0.011
(0.00) (0.00) (0.00) (0.001) (0.002) (0.001)
DCC-ARE 0.18 0.19 0.34 0.010 0.972 0.009
(0.00) (0.00) (0.00) (0.001) (0.003) (0.001)
DCC-TVV 0.25 0.25 0.38 0.000 0.017 0.979 -3.06 15.46
(0.00) (0.00) (0.00) (0.000) (0.002) (0.004) (0.67) (3.06)
DCC-TVR 0.24 0.23 0.37 0.000 0.023 0.977 -1.23 252
(0.00) (0.00) (0.00) (0.000) (0.002) (0.002) (0.13) (0.18)

Robust standard errors in parentheses.



Table 2: Log-Likelihood, AIC and BIC of CC and VDCC models

Model Log-Lik AIC BIC

CCC -7676.25 2.685 2.688
DCC -7609.78 2.662 2.668
RSDC -7383.69 2.584 2.593
STCC-V -7621.25 2.667 2.676
STCC-R -7644.20 2.675 2.684
TV-RSDC -7363.51 2.578 2.589
DC-RSDC -7366.05 2.579 2.590
DCC-AVE -7607.20 2.661 2.668
DCC-ARE -7598.99 2.659 2.666
DCC-TVV -7604.71 2.661 2.671
DCC-TVR -7601.18 2.660 2.669

From Table 2, we notice that the VDCC models with MS have mucalker AIC and
BIC values than the other VDCC models. The RSDC model hastlekrank among all
models according to the criteria values. Notice that thelikgihood value of the TV-
RSDC is 20 units larger than the corresponding value of the®3-or DC-RSDC, the
increase is 17. In both cases, the increase is quite sigmifimetwo additional parameters.

The Wald tests favor the existence of the volatility effecthe TV-RSDC models, in
particular in the case of high volatility: thevalue for the hypothests , = 0 is less than
0.001, for the hypothest ; = 0 it is equal to 0.035. In the case of DC-RSDC model,
the Wald test rejects the null hypothegjs, ) = pny1 (p-value less than 0.01), whereas
it does not reject the null hypothesig, = py1 (p-value equal to 0.17). These results
suggest that the high volatility regime impacts the proligiio change the regime of
the conditional correlations, whereas the low volatiligripds do not seem to have any
effect. Considering that in the DC-RSDC model the probghbib stay in the regime of
high correlation is higher when the volatility is high (0)3han low (0.67), whereas in
the low correlation case it is almost constant (0.75 versiéd)Qthis result is consistent
with the works finding that correlations increases in tuirperiods (see Introduction).
This fact can be appreciated also for the TV-RSDC model wghaphical analysis of the
probability to change regime.

In Figure 2 we plot the logistic functions, defined in equai®.5): p,; ; (probability to
switch from the high to the low correlation regime; contingadine) andp;;, ; (probability
to switch from the low to high; dash line) as functions of toatility level. Notice that
the probabilityp,, ; decreases quickly when the volatility increases and resacinially
zero when the VIX index is at 100 or more; the opposite behasam be observed for
pint,» With a slower convergence to 1. In the data set used, themmimivalue of the VIX
index is 9.31 and the maximum 80.86 (the scale is divided lfydiOthe graph).

The four DCC-type VDCC models hardly improve the AIC and Bl&@ues of the
DCC model; there are even two cases (DCC-TVV and DCC-TVR)revllee BIC in-
creases (by 0.003 and 0.001 respectively). Judging byilied ratios, however, these
VDCC models improve significantly the DCC model: thevalues of they?(1) statis-



Figure 2: TV-RSDC model: probability to switch from high tow correlation regime
(continuous line) and from low to high (dash line), as fuoied of VIX/100
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tics are 0.02 (DCC-AVE) and less than 0.0001 (DCC-ARE); ¢hafthey?(3) are 0.02
(DCC-TVV) and less than 0.001 (DCC-TVR). For the last twe phvalues are probably
underestimated, since the volatility expected regime isreecated regressor.

Another interesting result in Table 1 is that, comparinghedDCC with MS model
with the corresponding model without volatility effecthietestimates of the constant
terms of the correlation matrices hardly change and the diierence is in the dynamic
coefficients. Some differences can be noted in the Dynami€&[nodels with respect
to DCC, in particular in the DCC-AVE and DCC-ARE, probablyedio the presence of
the g coefficient in the constant part. In practice, TV-RSDC and-REDC provide a
similar inference on the level of the correlations in eadime as RSDC, and the differ-
ence is just in the capability of the two VDCC models to capthe effect of the volatility
through the volatility regime variable. In the Dynamic VD@@dels the presence of the
volatility (regime of volatility) modifies the level of cogtation and thé coefficient is
lower with respect to the DCC case.

The previous interpretations can be related to the restiltseoevaluation of the in-
sample forecasting performance for the correlation medricbtained with the eleven
models® We have applied the Model Confidence Set (MCS) approach o§étast al.
(2003); in particular we have used the Quasi-Likelihood){@ks function with the semi-
quadratic statistic (TSQ); see Clements et al. (2009) faailde The results are presented
in Table 3. We can notice that the MCS approach excludesliesCCC model, then the
STCC models, next the DCC models, and the final group is theobMS models. The
RSDC and DC-RSDC models show a significant improvement o¢spdV-RSDC at the
test size of % (but not at ¥;). We have repeated the MCS procedure only for the STCC
models and only for the DCC models. In both cases there isgmfisiant difference in
the performance within these two groups in terms of the QE faaction.

Our conclusion is that the VDCC models show a better perfanedAIC and BIC)
than the corresponding models without volatility effectheTvolatility effect is statisti-

SFor the MS models, all the estimates of the correlation aziefits are conditional on the full informa-
tion available, so the estimated correlations are give®Rby= Ry, Pr(s; = h|¥r) + R Pr(s, = 1|¥r).
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Table 3: MCS results for individual in-sample forecastsngshe Quasi-Likelihood loss
function and the TSQ statistics

Model p-value
CCC 0.000
STCC-R 0.000
STCC-V 0.000
DCC-AVE 0.000

DCC-TVV 0.000

DCC-ARE 0.000
DCC-TVR 0.000
DCC 0.000
TV-RSDC 0.023
DC-RSDC 0.094
RSDC 1.000

The first row represents the first model removed, down to the
best performing model in the last row.

cally significant, except in the STCC-V model. In terms ofsemmple forecasting, the
VDCC models and their counterparts without volatility effelo not seem to differ sig-
nificantly. In other terms, it seems that the volatility & @éxpected regime is a relevant
determinant of the periods of high and low correlations,ibdbes not increase the in-
sample fitting significantly. More precisely, the dynami€she conditional correlations
seems subject to abrupt changes, given the better perfoarafithe MS models with
very different matriced®?;, and R;. These results are consistent with those of Boudt et al.
(2012), who apply a particular regime switching model to tao$dour US deposit bank
holding companies over the period 1994-2011 and find evielentavor of time-varying
switching probabilities driven by the VIX index, with a cdast correlation within the
regimes, as in our VDCC RSDC models.

3.2 Marginal Impact of Volatility

Given our conclusion in favor of a statistically significagffect of the volatility on the
conditional correlations, it is interesting to investigaow the correlations change in re-
action to a given variation of the volatility, in the differemodels. This type of marginal
impact can be calculated by evaluating the derivative dfieaaditional correlation func-
tion with respect tay,_; or to E;,_1((;_1). Clearly, the interpretation is different: in the
first case we evaluate the impact of the increase of 100 poindatility on the correla-
tions (recall thav, = V1X/100); in the second case we evaluate the impact of a change
in the regime of volatility (from low to high or high to low).

The formulas of the marginal impact for each model are preith Appendix 2,
where itis also underlined that the marginal impact in th€S1V, TV-RSDC and DCC-
TVV models depends on the valuewf {, in the STCC-R and DCC-TVR on the value of
Ey_1(-1), in the DC-RSDC model on the value &% ((;_), whereas it is constant for
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Table 4: Marginal impact of volatility and regime of voldtylon conditional correlations

Vi1 variation STCC-V TV-RSDC DCC-TVV
TFH TFI THI TEH TEI THI TFH TEI THI
0.093 (min) 0.1 0.001 0.002 0.002 0.064 0.064 0.073 0.003 0.003 0.002
0.147 (Q1) 0.1 0.009 0.015 0.016 0.070 0.070 0.080 0.004 0.004 0.003
0.190 (Q2) 0.1 0.042 0.070 0.074 0.073 0.072 0.083 0.005 0.005 0.004
0.240 (Q3) 0.1 0.132 0.220 0.232 0.073 0.072 0.084 0.004 0.004 0.003
0.809 (max) 0.1 0.000 0.000 0.000 0.009 0.009 0.010 0.000 0.000 0.000
variation DCC-AVE
0.1 0.001 0.001 0.001
E;1(¢;—1) | variation STCC-R DCC-ARE DCC-TVR
0 1 0.084 0.100 0.133 0.006 0.006 0.005 0.007 0.007 0.005
1 -1 -0.141 -0.167 -0.222 -0.006 -0.006 -0.00% -0.008 -0.008 -0.006
Pr(¢—1 = 1) | variation DC-RSDC
0 1 0.093 0.091 0.104
1 -1 -0.181 -0.178 -0.203

DCC-AVE and DCC-ARE. In Table 4 we show the results for the M@ ¢he dynamic
VDCC models for these cases:

e for v;_; we report the impact of a 0.1 point increase of the variatde 1i0 points of
the VIX (about one standard deviation), at the minimum, atttiree quartiles and
at the maximum values of the VIX index in the period considere

e for £, 1(¢;—1) we consider the impact of the regime of volatility by a chanfjthe
variable from 0 to 1 and a change from 1 to O;

¢ in the DC-RSDC case, we consider the impact of a chande-¢f;, ;) from0to 1
and from 1 to O.

The first clear evidence derived from Table 4 is that the nmatgmpact of the volatil-
ity (or regime of volatility) is visible in the STCC and MS meld, whereas it is very small
in the DCC models. The explanation is obvious: the DCC madelsde the dependence
of the conditional correlations on the past values of theadgted returns and the matrix
Q¢, whereas in the STCC and MS models the dynamics is only vel&tithe change in
regime of the correlation matrixlt is interesting to underline that the time series correla-
tions between the elements of Qg matrix and they; index are rather high: 0.58 for the
element referred to (F,H), 0.62 for (F,I), 0.55 for (H,l),iseeems clear that the presence
of the autoregressive dynamics obscures the volatiligogff

For the TV-RSDC case, we can notice that the marginal effeeblatility increases
until the third quartile, whereas it is very low when the llevievolatility is at its maximum

4Theoretically, it is possible to add a similar MS dynamicghte VDCC models, but this creates a path
dependence problem (see, for example, Bauwens et al., 2®1®Yo the presence of the lagged value of
Q¢, which renders ML estimation impossible. We have tried a M3CDmodel with only the ARCH term
(i.e. imposing = 0) but the corresponding coefficient)(is not significantly different from zero.
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Figure 3: Marginal impact of the volatility on the corretati between F and H using
STCC-V (dotted line) and TV-RSDC (continuous line)

0.14

because it is likely that the correlation is already in thghtriegime. In the DC-RSDC and
STCC-R cases, notice that switching from regime 1 to regiptieddcorrelations decrease
by about 0.2. and this is twice larger (in absolute valueh tivhen the volatility switches
from a quiet regime to a turmoil (0 to 1).

The STCC-V model shows a particular behavior; in fact thegimat impact of the
volatility is very strong in correspondence of the third dilk& (with increases of more
than 0.2 for the pairs T-1 and H-I), whereas it is low for théetcases. In Figure 3 it
is possible to analyze more in detail the behavior of the matgmpact function of the
STCC-V model, compared with the marginal impact functiortrd TV-RSDC model
(we show the results only for the pair F-H, but the behavidhefother two pairs is very
similar). We can notice that the effect of volatility for ST&/ is concentrated around
values of the VIX index between 20 and 30, whereas it is tinthaother cases; on the
other hand the TV-RSDC model shows a lower impact of votgtdn correlation spread
out on a much wider set of volatility valués.

Our conclusion is that the marginal effect of the volatjlity its regime, is evident
when we consider an indirect effect, working through thamegof correlations. The
direct marginal effect in DCC models, and the indirect dffisacough the time-varying
coefficient of the DCC are tiny.

3.3 Long-run and short-run effects

Bauwens et al. (2012) have distinguished between long-nginsaort-run correlations
in the analysis of financial markets, introducing the miuitgtive DCC (mDCC) model.
Given the presence of a volatility effect, we wonder if théatdity impacts both kinds
of correlations or just one of them. For this purpose, follaythe three-step procedure
of Bauwens et al. (2012), we first estimate the long-run damae matrix of the three
assets, then we model the conditional variance of the stdizéa returns with univariate

5Since the observed values of the VIX between 20 and 30 represty 34% of the observed sample,
this explains the lack of significance of the estimate cee also footnote 2.
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Figure 4: VIX index (gray line and right axis) and estimatedd-run covariances (left
axis) between F and H (continuous line), F and | (dotted Jikeand | (dashed line)
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GARCH models, and finally we apply the eight VDCC models psgzbin this work to
the degarched residuafs.
In this approach the matrik; is decomposed as

H, =%/°G,3,”, (3.1)

where G; follows a VDCC process. The unconditional covariance ma¥j is esti-
mated non-parametrically using the Nadaraya-Watson kestenator (see Bauwens et
al., 2012, for details}:

3, = Eszl Kn(7 — %)mrg

Zszl Kh(% B %)

where K,,(-) = +K(3), K(-) is a kernel function/, is a positive bandwidth. In our
application the nonparametric procedure providesjual to 0.015, with a very smoothed
dynamics of the elements &F,.

In the second step we calculate the ‘long-run standardizgtdinsg;, = ﬁ]t_l/ert,
and then we estimate the conditional variances of the elenwdig; usingn univariate
GARCH models. Finally we apply the VDCC models to the degadcfiong-run stan-
dardized) returns. Our finding is that the volatility (or tlegime of volatility) does not
have any effect on these degarched returns, so our coneligsilbat the volatility effects
are relevant for the long-run correlation matfiXhis is confirmed by a direct look at Fig-
ure 4. The relationship between each estimated long-ruari@nce series and the VIX
index is clear; the correlations between the time seriepwditances and VIX are equal
to 0.74 (F-H), 0.75 (F-1) and 0.65 (H-I).

More evidence can be provided by fitting VDCC-type modeldioéstimated long-
run covariances. We show the results for the models thabpeed best in the previous

(3.2)

6In the third step Bauwens et al. (2012) adopt the DCC model.

"We have tried to generalize this approach using kernel wftardnt bandwidth parameters for each
variance and for the covariances, but the comparison witlotlginal estimator with a common bandwidth
does not provide relevant differences.

8To save space we do not show all the estimation results ohtteestep.
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in-sample comparison, the MS VDCC models. We considerktémensional vector
xt (k = n(n —1)/2, sok = 3 in this section) containing the covariances of the upper

A

triangular part o2;. The corresponding RSDC model is defined as
XAt = gst + €t7 (33)

whereg;, is a vector with elements; ;,5; .5, ,, with r;; ;. the unknown correlation coef-
ficients (to be estimated) aid, ands; , the square root of the variances contained in the
diagonal ofS;. The vector of disturbancesis hypothesized to follow a multivariate Nor-
mal distribution with zero mean and a diagonal covariancim = diag(w;, . .., wy).
The choice to model the long-run covariances and not the-tangorrelations is moti-
vated by the possibility to use the Normal distribution withconstraints. The hypothesis
of diagonal covariance matrix of the disturbances is madéhi® sake of simplicity, but
it could be easily removed. As in the RSDC model, we suppoaksths a latent dis-
crete variable representing the regime of the correlaticmsnging according to a Markov
chain, with transition probability matrix represented meaf the RSDC, TV-RSDC or
DC-RSDC specifications. In Table 5 we show the estimationltggor the long-run
covariance matrix and for the short-run MS VDCC models f&r degarched (long-run
standardized) residuals.

The first obvious result is that the correlation coefficieddsiot vary by changing the
model (in particular in the long-run case) and that in thershan case there is a clear
change of regime only for the correlation between H and Ihimlbng-run case all the
models show a very high persistence in the same regime (pititp&o stay in the same
regime near to 1), but the volatility seems to have a sigmifiedfect, as shown by the
Wald statistics; in particular, in the DC-RSDC model, a dim the regime of volatility
seems necessary to obtain a change in the regime of cooreddtitherwise the probability
to stay in the regime of high (low) correlation with high (Ipwolatility is equal to 1). In
the short-run case, the Wald tests carry out a strong evedieniavor of the acceptance
of the null of no volatility effect. It is important to undémk thatX; is an unconditional
covariance matrix, whereas in the previous experimentsave modeled the conditional
correlations with VDCC models. The lesson we learn from #éxperiment is that the
volatility has an effect on the long-run covariance matng aot on the short-run one.

3.4 Out-of-sample Comparison

To verify if volatility helps to forecast correlations weveperformed a comparison in
terms of out-of-sample forecasts. The last 400 observatimre deleted from the sam-
ple and then we have re-estimated the models, adding upivedyaone observation and
obtaining 400 one-step ahead forecasts for each model. @§epto perform this ex-
periment, we have calculated also the one-step ahead $tsefca the three univariate
GARCH models, providing the degarched returns, and thestey@ahead forecasts of the
probabilities of the regimes of high and low volatility, ngithe MS-AR(2) model, to be
used in the VDCC models depending on the regime of volatility

The out-of-sample forecasts are compared again using th& E§proach, analo-
gously to the in-sample case; the results are shown in Tablhé procedure does not
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Table 5: Parameter estimates of Markov Switching modelshfedong-run covariances
and Markov Switching (short-run) VDCC models for the defyaxt standardized returns
(with standard errors in parentheses), and Wald statistics

Long-run Correlation Coefficients

TFH,h  TFILh  THIh TFHl TFI] THI,I
RSDC 0.41 0.44 057 021 0.18 0.43
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
TV-RSDC 0.41 0.44 0.57 0.21 0.18 0.43
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
DC-RSDC 041 0.44 0.57 0.21 0.18 0.43
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Short-run Correlation Coefficients
TFH,h  TFILh  THIh TFHI TFIJ] THI,I
RSDC -0.07 -0.09 044 003 0.05 -0.20
(0.03) (0.03) (0.08) (0.02) (0.03) (0.04)
TV-RSDC  -0.04 -0.08 0.43 0.02 0.05 -0.20
(0.05) (0.05) (0.07) (0.05) (0.04) (0.04)
DC-RSDC -0.06 -0.09 0.43 0.02 0.05 -0.20
(0.02) (0.03) (0.07) (0.02) (0.04) (0.04)
Long-run Variance of Disturbances
WFH WFI WHI
RSDC 0.14 0.12 0.21
(0.00) (0.00) (0.01)
TV-RSDC 0.14 0.12 0.21
(0.00) (0.00) (0.01)
DC-RSDC 0.14 0.12 0.21
(0.00) (0.00) (0.00)
Long-run Probability Coefficients
RSDC TV-RSDC DC-RSDC
Phh Dl bo,n brn boy 01, Phhlo Phhl1 Pujo puj
0.999 0.999 6.38 150 9.84 -1490 0.998 1.000 1.000 0.994
(0.000) (0.000) (0.009) (0.34) (0.05) (0.25) (0.000) (@O (0.000) (0.000)
p-values of the Wald statistics
Ho:01,=0  Ho:01,=0 Ho:pppjo="rre1 Ho:puo=rupn
0.00 0.00 0.00 0.00
Short-run Probability Coefficients
RSDC TV-RSDC DC-RSDC
Phh pu bo.1 bin  boy 010 Prapo Phhl1 Puijo Pu
0.658 0.782 168 -3.48 234 -393 0.776 0.558 0.855 0.713
(0.073) (0.078) (1.08) (3.81) (1.23) (4.68) (0.095) (0)L08(0.084) (0.084)
p-values of the Wald statistics
Ho:01,=0  Ho:01,=0 Ho:ppno="rre1 Ho:puo=rupn
0.36 0.40 0.15 0.11
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Table 6: MCS results for individual out-of-sample foresasising the Quasi-Likelihood
loss function and the TSQ statistics

Model p-value
STCC-R 0.206
CCC 0.638
STCC-V 0.649
RSDC 0.714
TV-RSDC 0.768
DCC-ARE 0.655
DCC-RSDC 0.839
DCC-AVE 0.592

DCC-TVR 0.996
DCC 0.865
DCC-TVV 1.000

The first row represents the first model removed, down to the
best performing model in the last row.

identify any relevant difference among the models, whicmdodiffer in their out-of-
sample forecasting performance. This results is not sopew&d, in particular referring
to the findings of Hansen (2010). In this paper it is shown thatin-sample and out-
of-sample fits are strongly negatively related and that goegshmple fit translates into
poor out-of-sample fit, not only in expectation, but onestee. In practice Hansen (2010)
shows that more complexity is added to a model the bettertelimodel fit the data in-
sample, while the contrary tends to be true out-of-samghiés finding is consistent with
our results.

4 Evidence for Thirty Stocks

A more interesting scenario is one in which a large numbafrassets is analyzed, and we
shall proceed withh = 30 in Section 4.2. In this case, we are confronted with the nobl
of estimating correlation matrices of dimensiinx 30 in all models. Therefore, we must
impose some restrictions on the parameter space to makestineagons feasible. We
explain how we do this in Section 4.1, where we also test thigicions on the trivariate
data set of the previous section. This motivates our chdigesiricted models in the
application to thirty stocks.

4.1 Restricted Models
Dynamic VDCC models

In the Dynamic VDCC models, we substitute the sample cdicglamatrix R for the
parameter matrixR. This is known as "correlation targeting” (or tracking) asghounts
to use a method-of-moments estimator RirThus we estimate the remaining parameters
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after imposingR = R and we test (using the LR statistic) if the restricted DCC aldsl
not rejected with respect to the unrestricted model.

RSDC and STCC models

A possible solution is the one proposed by Pelletier (2006)}tie RSDC models, re-
placing R, with the sample correlation matriR, and R; with the identity matrixI,,;
they represent the two extreme cases of maximum correlatiohabsence of correla-
tion, respectively. In the case of RSDC models, the conalificorrelation matrix is then
parameterized in the following way:

Rt = 'R,S“ St = h,l,

R,=R, R =R\+ I,(1-N\), (4.1)
)\l € [07 1]7

where )\; is the only unknown switching coefficient. Our viewpoint &t this param-
eterization is too restrictive because the high corretatiatrix is equal to the sample
correlation, which can be considered as the mean of thelatones in the period ana-
lyzed.

A more coherent model lets the high correlation matrix sssghe sample one, with

Rh:R/\h+In(1 —/\h), Rl :R)\1+In(1 —Al),

N € [0,1], A€ [1,1/Fmaz], (4.2)

wherer,,.. (> 0) is the maximum correlation coefficient iR. We call the latter proposal
the "2-\" RSDC model, and (4.1) the "A* RSDC model, since it fixes; = 1.

In the same spirit, a third restricted RSDC model has an eguelated matrix in the
the high correlation regime.

R, =Ry +I,(1—)\,), R =R\N-+I,(1-)\)
Ne0,1], —== <A\ <= A >

ITv| — [Tar]”

(4.3)

where R, is a correlation matrix having all its off-diagonal elem&ptjual to the mean
of all the sample correlations, denotedly (with ), > —1/n). We call this model the
"high equi-correlation” (hec) RSDC model. This can be matiad by the observation that
in a high correlation state, the correlations tend to beectodl and thus to be similar.

To compare the unrestricted and the three restricted RSDdeisiowe proceed ac-
cording to the following steps:

1. Estimate the three restricted RSDC models and choosetiditiing one.

2. Compare the inference on the regime using the smoothédipitdies derived from
the selected restricted model and the unrestricted modathjale way is a graphical
analysis of the absolute differences between the two sgiobabilities

3. Using the Wald statistic, test the null

TPHi _ TFIi _ THIi i—hl
- - ) Y

TrH TFrg THI
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Table 7: Estimates of the parameters of the restricted RSDdeia and criteria

Model
Parameters 1-)\ 2-)\ hec

A 1 1.871 2.462
(0.046) (0.081)

A | 0.000 0.414 0.649
(0.000) (0.076) (0.058)

prnn | 0.966 0.785 0.603
(0.004) (0.032) (0.063)

pu | 0.647 0.765 0.832
(0.041) (0.041) (0.023)

Log-Lik | -7613.80 -7391.93 -7446.11

AlIC 2.673 2.586 2.604
BIC | 2.666 2.590 2.609

Robust standard errors in parentheses.

where7;; indicates the(i, j) element of the sample correlation mat# These
tests serve to check if all the correlation coefficients imitlhe same regime de-
crease in the same proportion. If the parameterizatiorctszlas (4.3), when = h
the denominator of each element under the null is givemby

For the STCC model, we can also use thg, -\ and hec specifications d&, and
R;in (2.3).

Application to the three stocks

Table 7 shows the estimation results for the three restriR®DC models, with the cor-
responding log-likelihood, AIC and BIC values. The threedelg provide very different
values of the\ coefficients and transition probabilities. In particulartihe 1\ case, the
parameten, is estimated to bé (at a boundary of its admissible values), so that the two
correlations matrices correspond to the sample correlai the identity matriX. This
result sounds as an alarm, indicating that the choice of taictesl model is a crucial
step when it must be adopted. In terms of log-likelihood galand other criteria, the
preference for the 2-rmodel is quite clear, so we adopt it for the comparison Wit t
unrestricted model. To ease the comparison, we recall iteTébhe estimates of both
models, with other results useful for the comparison.

The estimates of the correlation coefficients are very simi regimel, whereas
there is a difference of 0.08 in-y ;, andrx; ,. The transition probabilities are very sim-

Pelletier (2006) evaluates the goodness of themedel in a 4-variate case with two regimes, by com-
paring the values of the estimated correlations in theiogstt and unrestricted models, and by performing
a LR test of the restrictions. He finds that there is an ordgrirthe magnitude of the correlations across the
different regimes (also in the unrestricted case all thestations decrease when switching from the regime
of high correlation to the one of low correlation), but the td3t rejects the restrictions imposed under the
null (statistic equal to 16.48, to be compared to a chi-segharith 4 degrees of freedom).
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Table 8: Comparison of restricted and unrestricted RSDCatsod

Parameter Estimates
Model 7rmn  TFrn  THIR TFH, TFIl  THIQ  Phh DU
Unrestricted 0.61 0.60 0.79 0.10 0.10 0.21 0.76 0.77
Restricted 0.52 0.52 0.79 0.12 0.12 0.17 0.79 0.76

Log-Likelihood Criteria

Model Log-Lik AIC BIC
Unrestricted -7383.7 2.58 2.59
Restricted -7391.9 2.59 2.59

Absolute differences in smoothed probabilities

Min Qo.25 Qo.50 Qo5 Max
0.000 0.009 0.025 0.058 0.320

Wald test for proportional decreasing in correlations
Statistic p-value
Regime h 8.55 0.01
Regime | 6.62 0.04

The estimates of the correlations of the restricted modebhtained by computing (4.2) at the ’2-
estimates o\, and); reported in Table 7, using the known valuelf

Figure 5: Absolute differences between the smoothed pilifiadfrom the 2 and un-
restricted RSDC models
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ilar, supporting the choice of the 2model. Both models provide a similar inference on
the regime, as is revealed by a graphical inspection of tkelate differences between
the smoothed probabilities (see Figure 5). We notice that whifferences are very small,
and the maximum difference is 0.3. Moreover, observing @dedive summary numbers
of the absolute differences reported in Table 8, it is cleat many of the absolute differ-
ences are less than 0.1; in particular the values higheHacorrespond to the 10/4of
the set of absolute differences, the values higher thano0124%;, and the values higher
than 0.3 to 0.0%.

In the last part of Table 8 we show the results of the Wald testbeck a proportional
decrease in the correlations within each regime. The twissta, distributed as chi-
squared with 2 degrees of freedom, indicate that the nulbthgsis is not rejected at the
0.01 size. Given the similarity of the inferences on themeggand the results of these tests,
we can conclude that the restricted RSDC model is a sufficiently good approximation
of the unrestricted model.

We have estimated the restricted model also in the DCC cdmeLR test to compare
it with the unrestricted model in (2.7) does not reject tigtrietions, since the test statistic,
equal to 1.108, hasavalue (calculated for a chi-squared with 3 degrees of vagdof
0.775.

To save space, we do not report the not so interesting rédeulise STCC models.

Application to other subsets of stocks

As a check for robustness, we have applied the procedureofoparing the restricted
models and the unrestricted one to 100 subsets of threesstaokl to 100 subsets of
seven stockd? These subsets were selected randomly from the 30 stocksosimgthe
Dow Jones index, described in subsection 4.2.

For the RSDC models and the 100 groups of three stocks, thesBl€tts the 2x
model in 46 cases, the hec in 54 cases, and theribdel in no case. If we include the
unrestricted model in the comparison, the numbers are 2éhéotatter, 32 for 2, 42
for hec, and zero for = For the 100 groups of seven stocks, the BIC selects the 2-
model in 54 cases, the hec in 46 cases, and theribdel in no case. If we include the
unrestricted model in the comparison, the numbers are 2@édatter, 40 for 2%, 31 for
hec, and zero for .11

We also did the comparisons of the DCC models. In the caseeafithups of three
stocks, using a test size of 0.01, the LR test does not rejechull of equality of the
constrained and unconstrained model in 97 out of 100 casesh& 100 groups of seven
stocks, the non-rejection holds for all groups. Whethergimups of three or of seven
stocks, the BIC always selects the restricted model.

These results tell us that the results for the three stodsepted above are not specific
to the choice of the three stocks. They also tell us that ferhigher dimension, the

OIncreasing the dimension above seven renders the estimsatio difficult. With seven stocks, the
number of correlations is 28 iR;, and the same iR, in the unrestricted RSDC model.

1f we use LR tests, the null of equality between the bestimsti model and the unrestricted model is
not rejected in 41 cases for groups of three, but it is regeictall cases for groups of seven. There is thus
some discrepancy between the BIC and LR results.
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same type of results seem to hold, although we are limiteddonension that is still
much lower than the dimension used in the next subsectious Ttte procedure we have
proposed for selecting a restricted RSDC model and we waappdy for thirty stocks
can be considered to be sensible.

4.2 The Dow Jones Components

We have applied eleven models to the 30 stocks composingdireIdnes for the period
2 January 2002-23 May 2012 (2617 daily returns for each Sgniesing as measure of
volatility the VXD index!? an indicator constructed following the same methodology
as to obtain the VIX, but referred to as real-time prices diays on the Dow Jones
Industrial Averagé?® For the Markov Switching models and the STCC models we have
used the three restricted modelsX12-\ and hec). As in the trivariate case, the\2-
model is clearly better in terms of AIC and BIC, so we have aedjit in the following
experiments? In the STCC case, in particular STCC-R, the estimated smoatisition
function varies in a small range: it is almost constant (galbetween 0.88 and 1) for
STCC-R, whereas, in the STCC-V case, its range is [0.64;1].

In Table 9 we show the estimation results and the log-likaldh evaluation of the
eleven models. A certain consistency with the results abthin the three asset case
emerges immediately: the STCC models show high values ofa@i€ BIC with a non
significanty coefficient in STCC-R; the RSDC models show the best perfooman
terms of AIC and BIC, with a significant increase in the likelod of the VDCC versions;
the effect of the volatility in the probabilities of the reggs are significant &% in the
high correlation case, whereas the low volatility case dm¢seem affected by them; in
DCC-TVV and DCC-TVR, only the: coefficient is time-varying. The parameteysand
A, are the same in the three Markov Switching models; this ies@icorrelation in stafe
between 0.24 and 0.90 and in regimaetween 0.07 and 0.26 (of course each correlation
increases when switching frofrto 4). Stateh is much more persistent than stagdor
example, in the fixed probability case of the RSDC model, tkgeeted duratiot? of
regimeh is 8.77 and 1.61 for regime A novelty is due to the very good performance,
in terms of likelihood values, of the Dynamic VDCC models eeging on the regime
of the volatility with respect to the analogous models usimgVVXD index; on the other
hand DCC-AVE does not show a clear improvement with resetig simple DCC, with
a tiny g coefficient. Notice also that thi, coefficient of STCC-R is only slightly larger
than 1, wherea, = 0. Considering that the smooth transition function providaisies
almost constant and near to 1, the STCC-R model is very sitoildne CCC model.

The MCS procedure in terms of in-sample forecasting favgesrathe MS models
(Table 10), which do not show significant differences betwg®m. STCC models and
CCC are the first models excluded from the procedure, the @€ group. If we ap-
ply the MCS procedure without the MS models, we detect a deparation between

pvailable at the web site http://www.cboe.com/micro/vxd/

BWe have also used alternative estimators of the volatditgh as the realized kernel volatility, but, for
this kind of data, the VXD seems to perform better.

Notice that two of the three stocks of the trivariate examidland I, are also included in this data set.

15N MS models the expected duration of regifrie given by1/(1 — py;).
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Table 9: Parameter estimates of CC and VDCC models for the Iimes data set and

corresponding log-likelihood, AIC and BIC
No Volatility Effect

Log-Lik AIC BIC
CCC -18343.1 14.04 14.04
a b Log-Lik AIC BIC
DCC 0.005 0.979 -17986.3 13.77 13.77
(0.000) (0.001)
Phh pu An A Log-Iik AlIC BIC
RSDC 0.89 0.38 1.09 0.32 -16780.5 12.85 12.86
(0.01) (0.03) (0.00) (0.03)
Smooth Transition VDCC
~y c An Al Log-lik  AIC BIC
STCC-V 9.95 0.04 1.11 0.47 -18177.7 13.92 13.93
(1.58) (0.03) (0.02) (0.03)
STCC-R 3.68 -0.52 1.09 0.00 -18182.7 13.92 13.93
(2.49) (0.35) (0.02) (0.00)
VDCC with Markov Switching
607h Hl,h 9071 9171 )\h )\l LOg-”k AlIC BIC
TV-RSDC 1.01 5.32 -0.34  -1.02 1.09 0.32-16766.4 12.84 12.85
(0.36) (1.85) (0.98) (6.60) (0.00) (0.03)
Phhjo  Phh Pujp  Pun An Al Log-lik  AIC BIC

DC-RSDC 0.86 095 039 024 1.09 0.32 -1676812.84 12.85
(0.01) (0.02) (0.05) (0.31) (0.00) (0.04)

Dynamic VDCC
a b g Log-lik  AIC BIC
DCC-AVE 0.005 0.978 0.001 -17985.2 13.77 13.77
(0.000) (0.001) (0.000)
DCC-ARE 0.006 0.944 0.016 -17843.5 13.66 13.67
(0.000) (0.003) (0.001)
ago aq b 9%0 Ha,l LOg-lIk AIC BIC
DCC-TVV  0.000 0.010 0.975 -3.79 1851 -17875.7 13.69 13.70
(0.000) (0.000) (0.001) (0.14) (0.69)
DCC-TVR  0.000 0.030 0.970 -2.38 2.09 -17810.8 13.64 13.65

(0.00) (0.001) (0.001) (0.04) (0.04)
Robust standard errors in parentheses. The RSDC and STC&swse the 2x version, see (4.2).
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Table 10: Dow Jones components: MCS results for individualample forecasts, using
the Quasi-Likelihood loss function and the TSQ statistics

Model p-value
STCC-V 0.000
CCC 0.000
STCC-R 0.000
DCC 0.000
DCC-AVE 0.000

DCC-TVV 0.000

DCC-TVR 0.000
DCC-ARE 0.000
TV-RSDC 0.245
RSDC 0.090
DC-RSDC 1.000

The first row represents the first model removed, down to the
best performing model in the last row.

the group of constant (or quasi-constant) correlation risoaled the models of the DCC
group, the latter showing a similar performance, as in tivariate case.

The marginal impacts of the volatility and regime of voli#ilseem less strong than
in the trivariate case for each estimated model. In Tablehglaverage of the volatility
(or regime of volatility) of the 435 correlations and theremponding standard deviations
are shown. The standard deviations are small in most cas#isating that these mean
impacts are quite similar for all the correlations. In gehethe behavior of the models
with marginal impact depending on the level of volatilitydpposite to what we find in
the trivariate case, in the sense that the STCC-V and TV-R8D@rls show a decreasing
marginal effect when volatility increases; again theséatimns are moderate for the MS
model. DC-RSDC shows a weak impact of a change in regime ovolaglity. The DCC
models, with a practically null marginal effect of volatyliand regime of volatility, con-
firm the feeling that the autocorrelated dynamics of the @l correlations capture
most of the volatility effect on correlations.

For this data set we have also performed the estimation ofotigerun correlation
matrix using the Nadaraya-Watson kernel estimator; thenastd bandwidth coefficient
is 0.035. In this case we cannot repeat the estimations mabe trivariate case based on
the comparison of MS models and applied to long-term comadaa and degarched stan-
dardized residuals, to evaluate analytically the presehtee volatility effect. Actually,
the estimation of MS models as (3.3) is not feasible due tlgeelaumber of parameters
involved. On the other hand the RSDC models for the stangeddilegarched returns
cannot be estimated with the parameterization adoptedaat) the sample correlation
matrix of the degarched residuals is approximately an identatrix and the matrices
multiplying of A, and \; in (4.1) are therefore the same. Anyway, the visual inspacti
of the graphs of the correlations between the VXD index amth &ang-run and short-run
covariance time series provides some heuristic conclasiorFigure 6 we show the cor-

24



Table 11: Dow Jones components: Marginal impact avérafjeolatility and regime of
volatility on conditional correlations

Vi1 variation| mean st.dev| mean st.dev] mean st.dev.
STCC-V TV-RSDC DCC-TVV

0.093 (min) 0.1 0.060 0.054| 0.027 0.054| 0.001 0.000

0.138 (Q1) 0.1 0.050 0.010| 0.024 0.005| 0.002 0.000

0.179 (Q2) 0.1 0.040 0.008| 0.022 0.004| 0.003 0.000

0.234 (Q3) 0.1 0.028 0.006| 0.018 0.004| 0.003 0.000

0.746 (max) 0.1 0.000 0.000| 0.002 0.000| 0.000 0.000
variation DCC-AVE
0.1 0.000 0.000

E;_1(¢—1) | variation STCC-R DCC-ARE DCC-TVR
0 1 0.179 0.036| 0.010 0.001| 0.003 0.000
1 -1 -0.006 0.001| -0.010 0.001| -0.009 0.001
Pr(¢—1 =1) | variation| DC-RSDC

0 1 0.041 0.008

1 -1 -0.035 0.007

*Average of the impacts for the 435 correlations between that@cks.

Figure 6: Dow Jones Components: Correlation between the WVigBEx and the estimated
long-run covariances (continuous line) and between the WX2x and the rolling short-
time covariances (dotted line)

1

06

04
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Table 12: Dow Jones components: MCS results for individuglad-sample forecasts,
using the Quasi-Likelihood loss function and the TSQ diatis

Model p-value
STCC-V 0.044
STCC-R 0.084
DCC-ARE 0.061
CCC 0.077
TV-RSDC 0.114
RSDC 0.635
DC-RSDC 0.282
DCC 0.070
DCC-AVE 0.028
DCC-TVV 0.637
DCC-TVR 1.000

The first row represents the first model removed, down to the
best performing model in the last row.

relations between each of the the 435 estimated long-ruari@mce time series and the
VXD index (continuous line), as well as the correlationswestn the 130-terms rolling

short term covariance time series of the degarched stamddrdesiduals and the VXD

index (dotted line). A strong relationship is clear betwéss long-run covariances and
the VXD index since the correlations are ranging in the wakf0.67-0.85]. On the con-

trary, the correlations between the short-term covarisuace the VXD index are weak,
lying in ([-0.35;0.35]), with 88.5%; of them in [-0.2,0.2].

Finally, we have performed the out-of-sample forecastsetiuce the computational
burden, we have considered only the last 100 observatiotssting set, re-estimating
all the models when a new observation is added. The MCS agipr@able 12) shows
again a very similar performance among the eleven modefsidering al% size test;
increasing the size to Y0 we can exclude until the CCC model in the sequence shown
in the Table. Thus it is confirmed that the MCS approach seketarge group of models
with similar out-of-sample forecasting performance. Tgrnigup includes models without
volatility effect, such as RSDC and DCC. In substance, thelusion seems to be that
volatility does not help in out-of-sample forecasting irsttiata set.

In general, our feeling is that the results obtained in tle¥ipus simple trivariate case
are confirmed also in this 30-variate experiment, in spitheieed to parameterize or to
estimate differently the unconditional correlation mees.

5 Concluding Remarks

The idea of this work is to include the effect of the volayilim the widespread used mod-
els for dynamic conditional correlations (calling them VO@odels), using two data sets
(a 3-variate and a 30-variate model) to verify the preseht@®effect, the marginal con-
tribution to the changes in conditional correlations, iheethorizon of this effect (short
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or long run effect) and the out-of-sample performance. TH@ae of a large and a small
data set is made to distinguish the case in which we need @biteparameterization
of the unconditional correlation matrix, which involves iménsionality problem, from

the unrestricted case. In our experiments we notice thaefherameterization called -

provides a good approximation of the unrestricted modefdneral, dealing with large
data sets, a good practice would be to perform a compariswveba the restricted and
unrestricted models on one (or more) subsample of the ftdl sket.

The results of the small and the large data sets are veryasjnmil particular we find
that VDCC models show a better performance than the comesipg models without
volatility effect. The volatility effect is statisticallgignificant, except in the STCC mod-
els, which seem very sensitive to the choice of the variablend) the smooth function.
In particular, the presence of regimes seems evident, Inotolatility and correlation
dynamics. The influence of the regime of volatility on theimeg of correlations seems
consistent with the findings of many authors, that asses$stbkaurmoil periods (char-
acterized from high volatility regimes) cause an increaséhe correlation levels and
dynamics.

In terms of in-sample forecasting, the VDCC models and theunterparts with-
out volatility effect do not seem to differ significantly. bther terms, it seems that the
volatility or its expected regime is a relevant determinainthe periods of high and low
correlations, but it does not increase the in-sample figiggificantly.

The marginal effects of the volatility is more evident in tREDC models, whereas
the DCC family shows significant but tiny effects, probabgcause part of the volatility
effects is included in the GARCH dynamics of this kind of misde

The volatility seems to have a long-run effect and not a shorteffect; this result was
obtained using the multiplicative approach proposed bywians et al. (2012), which
is very simple because based on a nonparametric approamljraythe estimation of
additional parameters in our models. An alternative apgré@distinguish between long-
run and short-run correlations is the DCC-MIDAS of Cola@taal. (2011), in which it
should be possible to insert directly the effect of volgtiin the long-run dynamics.

In terms of out-of-sample performance, the presence oftiliblaloes not seem to im-
prove it; anyway it is important to notice that all the modgt®w a similar performance,
with or without switching, with or without dynamics, etc. iShs consistent with the theo-
retical and empirical results of Hansen (2010). In pradtiseems that the specification of
the model is not a crucial choice if the purpose is the owasfiple forecasting, or, more
in general, that the forecast of an unobserved componettieasonditional correlation,
based on the estimation of other unobserved components asiditional variances and
covariances, is a difficult task.

Finally, it would be necessary to check if the specificatibthe model for the condi-
tional variances is a crucial or not. In our experiments weshesed simple GARCH(1,1)
models, but of course we could use several other specificativVe have made some
experiments with GJR-GARCH models (Glosten et al., 1998)the results are not af-
fected.
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Table 13: Estimates of the parameters of GARCH(1,1) (fazdlstocks) and MS-AR(2)
(for the VIX index).

Series GARCH parameters

1 c a b

Ford | 0.020 0.085 0.063 0.923
(0.020) (0.010) (0.009) (0.010)
HP 0.069 0.093 0.048 0.938
(0.016) (0.031) (0.017) (0.020)
IBM 0.075 0.038 0.080 0.913
(0.017) (0.007) (0.018) (0.017)

MS-AR parameters

VIX Ko K1 b1 G2 0n0 On,1 Poo b1
1410 2462 1.426 -0.508 0.927 3.154 0.973 0.925

(0.060) (0.185) (0.013) (0.009) (0.061) (0.296) (0.003).010)
Robust standard errors in parentheses.

Appendix 1: First-step Estimation Results

In the first-step estimation, to provide the estimates ofcibreditional variancesg, , for
each series=1,...,n, we have considered GARCH(1,1) models for the returns, i.e.

hit = ¢+ ai(riz—1 — Mi)z + bili g1,

wherer; , represents the return of serieat timet. If v, is also considered in the first-step
estimation, we hypothesize that it follows a MS-AR(2) modeitten as

Vg = K¢, + 91011 + Q202 + 0y ¢, T,

wherer., ando, ., are switching coefficients that change according to thes glat
{0, 1}, and;, are i.i.d. N(0,1) disturbancé8.The state, is driven by an ergodic Markov
Chain with unknown coefficients;; (i = 0,1), representing the probabiliti’r(¢, =
i|G—1 = 1), andpy; = 1 — p;; = Pr(¢; = j|¢—1 = 1) fori # j. The first-step coefficients
present in the first equation of (2.2), are

/
OV - (:uh C1,ay, b17 <o oy Hn, Cp,y Ap, bn7 Ro, K1, ¢17 <Z527 0'7770, an,17p007p11) .

If the VDCC model used does not depend on the regime of vityatihe MS-AR coeffi-
cients are not included ié, .

In Tables 13 and 14 we show the estimates of the GARCH and M@gd¥icients
for the data sets analyzed in this paper.

Appendix 2: Marginal Impacts of Volatility on Correlation

We provide the formulas to calculate the marginal impachefuolatility for each model
considered. The variable represents the volatility or its expected regime, recglithmat,

®we prefer to consider the intercept as switching coefficit not the mean af;, because the first is
more sensitive to small jumps in the level of the volatiligries.
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Table 14: Estimates of the parameters of GARCH(1,1) (for Dowes components) and
MS-AR(2) (for the VXD index).

Parameters Stocks
AA AXP BA BAC CAT CSCO CVvX DD DIS GE

1 0.02 0.07 0.09 0.03 0.09 0.02 0.09 0.05 0.07 0.03
(0.01) (0.02) (0.02) (0.02) (0.03) (0.06) (0.02) (0.02) 0. (0.02)

c 0.14 0.04 0.09 0.06 0.19 0.25 0.06 0.04 0.08 0.04
(0.02) (0.01) (0.01) (0.01) (0.03) (0.06) (0.00) (0.01) 0. (0.00)

a 0.08 0.12 0.10 0.13 0.08 0.08 0.10 0.08 0.10 0.12
(0.01) (0.01) (0.01) (0.01) (0.01) (0.03) (0.01) (0.01) 0. (0.01)

b 0.90 0.88 0.88 0.87 0.88 0.87 0.88 0.90 0.88 0.88
(0.01) (0.01) (0.01) (0.01) (0.02) (0.03) (0.01) (0.01) 0M. (0.01)
HD HPQ IBM INTC  JNJ JPM KFT KO MCD MMM

1 0.08 0.09 0.06 0.05 0.04 0.06 0.06 0.06 0.08 0.04
(0.02) (0.03) (0.01) (0.02) (0.01) (0.02) (0.01) (0.01) 0@. (0.07)

c 0.06 0.17 0.06 0.05 0.05 0.03 0.10 0.03 0.03 0.11
(0.01) (0.05) (0.01) (0.01) (0.00) (0.01) (0.01) (0.00) 0. (0.02)

a 0.09 0.09 0.12 0.05 0.15 0.10 0.14 0.11 0.07 0.09
(0.02) (0.03) (0.02) (0.01) (0.02) (0.01) (0.02) (0.02) 0@M. (0.02)

b 0.89 0.88 0.86 094 0.82 0.90 0.82 0.88 0.92 0.86
(0.02) (0.04) (0.02) (0.01) (0.02) (0.01) (0.02) (0.02) 0@M. (0.02)
MRK MSFT PFE PG T TRV UTX VZ WMT XOM

1 0.00 0.03 -0.02 0.04 0.05 0.06 0.09 0.03 0.01 0.08
(0.00) (0.02) (0.02) (0.01) (0.02) (0.02) (0.02) (0.01) 0®. (0.02)

c 0.29 0.05 0.11 0.07 0.06 0.07 0.04 0.03 0.05 0.07
(0.12) (0.02) (0.03) (0.01) (0.00) (0.01) (0.01) (0.01) 0@. (0.01)

a 0.06 0.06 0.10 0.11 0.11 0.10 0.09 0.09 0.08 0.09
(0.03) (0.02) (0.04) (0.03) (0.01) (0.01) (0.01) (0.02) 0@. (0.01)

b 0.86 0.92 0.86 0.84 0.87 0.88 0.89 0.90 0.89 0.87
(0.06) (0.02) (0.04) (0.03) (0.01) (0.01) (0.01) (0.02) 0. (0.01)

MS-AR parameters

VXD Ko K1 o1 ®2 T1,0 o1 P00 P11
1.35 2.68 1.42 -050 0.92 3.60 0.98 0.94
(0.21) (0.43) (0.06) (0.04) (0.05) (0.47) (0.00) (0.02)

Robust standard errors in parentheses.
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in spite of the same formula, the interpretation is différdine marginal impact is defined
as the first derivative of the conditional correlation fuontat timet with respect tar;_;.

Smooth Transition VDCC models

The conditional correlation between seriemnd serieg is given by

rijt = Tijnfe + i (L — fr),
fr = (U4 exp(—y(zi1 — )~

The marginal impact is given by:

capl—r(za =y
{1+ eap[—(z = o]}

Notice that the marginal impact depends on the value of.

(Tijn = Tij1)

Markov Switching VDCC models

The conditional correlation between seriemd; is given by
Tijt = Tig,ses
wheres, is the regime of the correlation, assuming the laldetd!/. Sinces, is unob-
servable, we can use the expected value of the conditionalation, given by
rijnPr(se = h|¥r) +1;,(1 — Pr(s, = h|¥r)),

where the smoothed probabilifyr (s, = h|¥;) depends om;,. The computation of the
analytic derivative of the smoothed probabilities wouldgrehibitive, being based on
filtering and smoothing. A possible solution is to replaceith the ergodic probability

_ L —pugs
2 — Phnt — Pust

Th

where, using the TV-RSDC specification:

exp(Oo,i + 01,vi-1)
1+ exp(Oo; + 01,v¢—1)

Diit = i =h,l,

whereas, using DC-RSDC:

Piig = Piijo(1 — Pr(¢ = 1)) + pun Pr(¢ = 1) i =h,l

Let dp;;, the derivative op;; , with respect tar,_,; then the marginal impact of,_; in a
MS VDCC model is given by

—Opus — (—Ophne — Opue)(1 — Opue)
(2 — Phht — pll,t)2 .

(Tijn — Tij1)
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In particular, when we are using a TV-RSDC model:

exp(Oo,i + 01,vi-1)
1+ exp(bo,; + 61,v4-1)]

apii,t =
[
whereas if the model is DC-RSDC:;
Opiiy = Piij1 — Diilo-

Again the two marginal effects depend on the values of and Pr(¢; = 1) respectively.
In the second case it is interesting to evaluate the margifedt whenPr((, = 1) = 0
(in this case the derivative measures the marginal effecesponding to a change of
Pr(¢; = 1) from 0 to 1) andPr((; = 1) = 1 (the derivative, multiplied by -1, then
measures the marginal effect when((, = 1) changes from 1 to 0).

Dynamic VDCC

In a DCC framework the conditional correlation at timleetween seriesand serieg is
given by:
o i
Tigt = 173 1/2°
it 95,6
whereg;; , is the elements, j) of the Q, matrix.
The marginal effect of;_; on the conditional correlation is then

9ij.4 (1 — 0.5q5; iz — 0.5q;7qije)
1/2 1/2
it 4ijt

wheredg;,;, is the derivative ofy;, with respect tar,_;. This is the only element that
changes using alternative dynamic VDCC models.
In the case of DCC-AVE and DCC-ARE:

1
Oqije =g (1 - Tﬁ‘j) .

Notice that the marginal effect is constant along the time.
In the case of DCC-TVV and DCC-TVR:

0¢ij+ = Oyt 4 1Uj1-1Git—1G5,0—1 + ObeGijr—1,
where

exp(Opo + Op121-1)0p 1
(14 exp(Opo + Op12¢-1)]

exp(ea,o + ea,lxt—l)ea,l

oby =b
[1 + exp(ea,o + Ha,lxt—l)]Q’ ! !

Oda; = aq

In this case there is a dependence on the valug_gf

The derivative depends also on the valuethf ; and, only in the time-varying pa-
rameter case, on the value af_;. We fix them to their average value in the sample
considered.
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