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Abstract

We decompose realized correlations in a sum of 4 conditionalterms and 2 innovations.
The conditional part contains a systematic intercept, a systematic time varying process,
an idiosyncratic intercept and an intercept time varying process, while the unconditional
part contains a systematic and an idiosyncratic innovation. The effect of each of the
conditional terms on asset return is measured. The regression is very supportive for the
use of a conditional CAPM, given that all coefficients have the expected significant sign.

Introduction

The existence of conditional moments has great implications for asset pricing. Jagannathan
and Wang (1996) show that, in case of conditinal second ordermoments, and thus conditional
risk measures, investors should price assets according to the conditional version of the CAPM.
In that case, the use of an unconditional CAPM could lead to substantial asset pricing errors,
given that the uncondtional version of the CAPM is not necessarily to hold under the assump-
tion of the conditional CAPM. Tests on the conditional CAPM have shown to be a significant
improvement compared to its static counterpart. Although classical asset pricing puzzles,
such as the value and size effects pointed out by Fama and French (1973) or the momentum
effect illustrated by Jegadeesh and Titman (1993) remain essentially unsolved, Jagannathan
and Wang (1996) show that the conditional CAPM significantlyreduces this modelling gap.
Nevertheless, views remain very divergent; Ghysels (1998)and Lewellen and Nagel (2003)
adopt a more sceptical view of conditional time varying betas. Bali and Engle (2010a and
b), on the other hand, show that, when covariances are modelled with the DCC-GARCH, in
which correlations are explicitely modelled as being persistent, the absence of value and size
effects cannot be rejected.

One important question however remains whether observed changes in conditional second
order moments truly reflect fundamental changes in the risk of the underlying firm. Strictly
speaking, stock returns may comove for reasons that are not directly linked to the fundamen-
tals of the underlying firm. More specifically, it is well documented that realized correlations
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do not always have a fundamental origin only. This phenomenon is in a very general frame-
work refered to as contagion; more rigorously, Ang and Chen (2002) introduce the concept
of excess correlations. Kallberg and Pasquariello (2008) conduct an empirical experiment on
excess correaltions, indicating that they account for around 30% or realized correlations. In
their introduction, the authors provide an exhaustive literature review on the subject, stating
that many possible origins of cotnagion have been investigated (pure information transmis-
sion, wealth effects, financial constraints, sunspot equilibria, the fragility of financial markets,
the rebalancing activity of rks-averse agents, strategic trading by heterogeneously informed
speculators, rlative real output shocks, the cost of acquiring information, or investors’ trading
patterns), but that there is no consensus on the exact natureso far.

The goal of the present paper is to have a more granular view onthe effect of conditional
correlations, estimated from realized correlations, on asset returns. Therefore, we will disen-
tangle conditional correlations in a sum of four terms: a global intercept, a systematic mean
zero process, an idiosyncratic intercept and an idiosyncratic mean zero process. Each of these
terms is supposed to capture different dynamics of conditional correlations. The global inter-
cept represents the long run overall correlation of all stocks. The systematic process captures
aggregate changes in correlations of all assets, and will thus very much be affected by con-
tagion effects. The idiosyncratic intercept in a way captures the unconditional difference in
correlation from one stock to another. Its impact on asset returns will have an interpretation
that is close to the traditional CAPM. Finally the idiosyncratic time process captures tem-
porary, but very persistent, deviations of asset correlations from their long run mean. Their
impact on asset prices are supposed to largely cover the validity of using a conditional version
of the CAPM at all.

The disentangling of realized correlations in conditionnally expected and unexpected com-
ponents goes in two steps. In a first step, we apply the Multiplicative Error Model of Barigozzi,
Brownlees, Gallo and Veredas (2010, henceforth BBGV) to theexponential of the opposite
realized correlations. Choosing a bandwith of zero, we can write realized correlations as
moving idiosyncratically around a process capturing the aggregate level of correlation. This
idiosyncratic component is the sum of a time-invariant intercept, a GARCH-type conditional
parametric process and a shock. In the second step, we apply disentangle the random aggre-
gate process in a conditional and an unconditional part, by applying a univariate multiplicative
error model to it. To do that, we apply a GARCH model to the square root of the aggregate
process. Once this is done, we go back to an expression of purecorrelations, by taking the
opposite logarithms of all these terms. Cross-sectional and time series averages are removed,
so that every term is zero on average; a global intercept is added. As a result, conditional cor-
relations are written as the sum of a systematic constant, a systematic time varying process,
an idiosyncratic constant and an idiosyncratic time varying process. The unexpected part of
correlations is the sum of a systematic and an idiosyncraticinnovation.

To assess the impact of each of these correlation componentson risk premia, we need to
account for the effect of volatilities on risk premia. We therefore regress volatility adjusted
returns, i.e. returns divided by volatility, on the conditional correlations. We consider both
a correction with realized and conditional volatilities. The former allows to make clear how
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correlations affect conditional Sharpe ratios. In the caseof the latter, we isolate the effect of
correlations on risk premia, given that all volatility randomness has been taken out. A second
robustness check is done by not only dividing returns by volatility, but also by variance. As
a result, one makes a different hypothesis for the constant coefficient. In the first case, on
assumes a constant market Sharpe ratio through time. In the second, one assumes constant
coefficient of relative risk aversion.

The full conditional correlations seem to provide better results than when DCC-GARCH
conditional correlations are used. Slopes are more significant, while intercepts are less. Re-
sults of the disentangled regressions are very supportive for the use of the conditional CAPM.
In most cases, most of the considered components have their expected effect on returns. More
particularly, the systematic time process has a significantly positive effect on asset returns.
Hence, the emprical exercise does not provide any evidence of non fundamental dynamics in
conditional correlations, on the contrary. When the systematic and idiosyncratic innovations
are included in the regression, the significance and sign of the conditional coefficients do not
change. Moreover, the impact of correlation innovations onreturns is perfectly in line with
theory. Systematic innovations especially have a strong negative impact on contemporaneous
returns. This result is coherent with the literature on asymmetric correlations, saying that ag-
gregate newsflow affects correlations and it is therefore likely that one forgets simultaneous
causility by including innovations in the regression.

The remainder of the paper is structured as followes. Section 1 frames the role of cor-
relation in the asset pricing literature and explains why realized correlations do not always
correspond to economically relevant correlations from an asset pricing perspective. Section 2
introduces the dataset. In Section 3, we show how correlations are disentangled into their dif-
ferent components. Section 4 explains the exact asset pricing regression. Section 5 provides
the results and their interpretation. Section 6 concludes.

1 Conditional risk and excess correlations

The conditional version of the CAPM of Sharpe (1964), Mossin(1965) and Lintner (1965),
introduced by Jagannathan and Wang (1996), postulates thatthe required conditional risk
premium for stocki should be given by the following equilibrium relation

Et−1 [Rit] = βe

it
Et−1 [Rmt] , (1)

whereEt−1[·] denotes the expectation conditional on all information available att−1,Rit and
Rmt are the timet excess returns of stocki and the market wealth portfolio, andβe

it
= Et−1[βit]

the expected value of a stocki’s systematic risk at timet, depending on the information avail-
able att − 1. According to (1), all the cross-sectional differences in risk premia should be
captured by beta. Having a correctly specified model on conditional beta is thus very impor-
tant.

Generally speaking, the modelization of conditional betascan be summarized under two
main categories. A first approach is to model conditional betas as depending on exogenous
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state variables. These state variables can be company specific or market wide. Literature on
the determinants of systematic risk is old and tantamount. Even though providing an exhaus-
tive review would be impossible, it is worth mentioning Robichek and Cohn (1974) or Bow-
man (1979). Also Gahlon and Gentry (1982), Thompson (1976),DeJong and Collins (1985),
Harvey (1989), Ghysels (1998) and Hong and Sarkar (2007) have made significant contribu-
tions. Santos and Veronesi (2004) develop a consumption based model in which systematic
risk depends on various state variables and Andersen et al. (2005) develop a framework for
analyzing macroeconomic sources of beta. Even though thesemodels are very pertinent from
an economic point of view, they often fail to properly track realized betas. Therefore, a sec-
ond approach makes use of parametric time-series models that link present conditional betas
to their past conditional values and to the past returns of that stock. This method of course
lacks the economic theoretical underpinnings provided by the first approach, but it turns out
to be a much better predictor of realized betas. Faff, Hillier and Hillier (2000) compare three
different modelling techniques under this perspective: the multivariate GARCH of Bollerslev
(1990), the time varying heteroskedastic market model of Schwert and Seguin (1990) and
time dependent betas estimted with the Kalman filter. The authors conclude that, even though
the three approaches are able to substantially capture the changes in realized systematic risk,
none of them clearly outperforms the constant beta model in terms of squared errors of return
predictibility. Ghysels (1998) points out that badly estimating time-varying conditional betas
can lead to even higher measurement biases than the constantbeta model. Bali and Engle
(2010a, b) estimate condtional betas using the DCC-GARCH ofEngle (2002), with a certain
success for modelling asset returns. On a 40-year daily sample the authors cannot reject the
well documented size and value effect anymore. Hooper and Reeves (2005) take a more ad
hoc approach by imposing an autoregressive model on realized beta’s. In their case, an autore-
gressive model of order three seems to have the lowest mean squared errors compared to the
constant beta model.

The fact that the parametric time series models do not unanimously manage to better pre-
dict returns than the constant beta model, despite their capacity to very neatly trace evolutions
in realized betas, may have to do with a general caveat in using this approach. Indeed, it is not
because predictions are close to realized observations, that these observations are in the end
close to the true values. Given that realized systematic risk is defined as the realized regression
coefficient of observed returns on the market returns,

βit = ρit

σit

σmt

, (2)

whereρit is the realized correlation with the market, andσit andσmt the realized stock and
market volatility respectively, if any of these realized three quantities is observed with a sig-
nificant bias, the realized beta will also be.

An impressive body of literature however suggests that realized asset correlations are in-
fluenced by much more than the correlation of the cash flows of the underlying activity with
the general state of the economy alone. In the literature, such “excess” correlations have been
attributed to many different origins. In a recent study, Kallberg and Pasquariello (2008) pro-
vide a thorough literature review and point out that, duringthe last 25 years of the previous

4



millenium, 30% of realized correlations are attributable to excess correlations. Contagion
occurs especially when shocks hit the global economy. Bad news concerning the overall econ-
omy will push investors to require higher expected returns for all stocks. As a result, they
will trade simultaneously trade so that prices match these required returns. Observed corre-
lations will increase, even though the fundamental sensitivity of the company with respect
to the general economy may not have changed. Empirical evidence indeed suggests that this
dynamic is especially valid in the case of negative news, as documented in Longin and Solnik
(2001) or Goetzman, Li and Rouwenhorst (2001). In a recent empirical study, Ferreira and
Gama (2010) confirm the existence of asymmetric correlations. A possible reason, suggested
by Kallberg and Pasquariello, may be the asymmetry in information diffusion, since negative
news is generally about the market as a whole, while positivenews mainly concerns particular
stocks.

Given that excess correlations are not related to fundamentals, they can in principle only
be of a temporary nature. This does of course not mean that they cannot be very persistent,
but they should at least not have a permanent character. The existence of (temporary) excess
correlations thus seriously jeopardizes any conditional asset pricing exercise using conditi-
noal correlations that neatly match realized correlations. The time series aspect of conditional
correlations may seriously be poised by non fundamental dynamics, which should have no
effect on conditional risk premia. Hence, one can wonder whether the finally obtained condi-
tional betas can correctly account for the intertemporal relationship of conditional risk premia.
Therefore, if one can isolate time specific from asset specific dynamics, as will be done in Sec-
tion 3, one can wonder whether the time specific components will be able to explain observed
average returns during the following period.

2 Dataset

We use the 49 industry portfolios downloadable on Kenneth French’s website. We leave out
the two portfolios that do not cover the whole time window from January 1964 until October
2010. Figure 1 plots the realized correlations of all sectors. Figure 2 shows a time series of
the cross-sectional average of correlations, as well as a histogram of the time-series average
correlations per sector.

3 Disentangling conditional correlations

To write correlations in an additive model, a multiplicative error model will be applied to the
exponential of the opposite of realized correlations,Xit ≡ exp(−ρit), whereρimt are realized
correlations. Taking the exponential of the opposite allows to have the panel to have upward
instead of downward spikes, which is better adapted to multiplicative error models. Indeed,
these models are designed for strictly positive random variables. They are modelled as the
product of a conditional and a random term, where the random term follows a gamma-type
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Figure 1: realized correlations on the 47 sectors

Jan70 Jan80 Jan90 Jan00 Jan10
−0.8

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

0.8

1

Figure 2: Graphical representation of cross-sectional andtime-series correlation averages
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Left: histogram of the time series averages of realized correlations per industry. Right: time series of the cross-

sectional average of realized correlations
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distribution. The plot of the transformed panel in Figure xxclearly illustrates the sensibility
of this transform. The only caveat of the transformation is that the transformed data remain
bounded. This is solved, (i) by assuming that the upper limitwill never be reached and that
very high values ofXit can be considered as near infinity, and (ii) by shifting the distribution
of the error term up bye−1, which is the lower bound.

Figure 3: Exponential of opposite realized correlations onthe 47 sectors
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The estimation is done in two steps. First, a multivariate MEM is applied to the total trans-
formed panel. This allows to extract, among others, an aggregate random correlation process.
Second, a univariate MEM is applied to the latter, to separate conditional from unconditional
components. After both steps, opposite logs are taken to retrieve an additive representation.

In the first step, the disentangling multiplicative error model of Barigozzi, Brownlees,
Gallo and Veredas (2010, henceforth BBGV) is applied to the total transformed panel. BBGV
estimate the following model on the data

Xit = ΦtAiMiteit. (3)

The innovationseit are distributed according to aΓ(νi, νi); both coefficients of the Gamma
distribution are set equal so that the innovations have an expected value of 1. In BBGV,Φt is a
fully determnistic, non parametric curve. It is estimated using kernels, and a bandwidthh > 0
should be chosen to select the considered time window. In an application of financial markets,
this feature does not seem appealing, since one wants to disentangle expected components
from surprises, given the assumption that the future is unkown by investors. Therefore, we
choose a bandwidthh = 0. As a result, at any timet, Φt can truly be seen as a random
aggregate correlation process. It is a weighted average of present observations only, and is
thus not influenced by future and past observations. By fixingh = 0, equation (11) of BBGV
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becomes

Φt =
1

n

n∑

i=1

ζiXit, (4)

whereζi = νi∑n
j=1

νj
. Given thatVar[eit] = 1

νi
, (4) says thatΦt is a weighted average of

contemporaneous data, where higher weights are given to lesvolatile data (i.e. data that are
more reliable for inferential purposes). The second term in(3), Ai, is a time invariant but
asset specific constant, reflecting the unconditional difference in correlation between different
assets.Mit follows aGARCH(1, 1) process depending onMit−1 andXit−1,

Mit = ωi + αi

Xit−1

Φt−1

+ βiMit−1, (5)

and is thus fully deterministic att. It captures the stationary deviation ofXit from its relative
long run averageAi compared to the systematic processΦt.

In the second step, a univariate multiplicative error modelis applied to the systematic
curveΦt. As one can see in Figure 4,Φt is highly persistent; separating conditional systematic
correlations and from systematic innovations is thus important for the asset pricing exercise.
Therefore, we apply a very simple, univariate multiplicative error model toΦt:

Φt = Ψtut, (6)

whereut ∼ Γ(ν, ν) and, in the same spirit as (5),Ψt = ω + αΦt−1 + βΨt−1. Combining (3)
and (6), we can thus write

Xit = ΨtAiMituteit. (7)

Figure 4: Systematic component (Φt) of the transformed panel (Xit)
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Once the multiplicative representation in (7) on transformed correlations is achieved, we
can go back to an additive representation, by taking opposite logs of every term. We can then
write

ρimt = ρe

imt
+ ρu

imt
, (8)

whereρe

imt
= Et−1[ρimt] andρu

imt
the innovation.ρu

imt
will be the sum of two innovations,

ρu

imt
= ηt + εit,

a systematic innovationηt and an idiosyncratic innovationεit. Both series are obtained by
taking the logarithm ofut and eit respectively; given that the average is not conserved by
taking logs, the mean value is substracted; it will be added later to the conditional components.
Figure 5 shows these systematic and idiosyncratic innovations. The other term of (8) can be
written as the sum of four terms

ρe

imt
= κ+ ψt + ai + µit, (9)

whereψt, ai andµit are all the logarithms ofΨt, Ai andMit respectively, after imposing that
µit’s should have a zero time series average for everyi, ai’s should have a zero cross sectional
average andψt should have a zero time series average. A global interceptκ is therefore
added to the decomposition. In our case,κ = 0.68. Figure 6 graphically represents the total
conditional correlations, as well as its three dynamic components.

Figure 5: Systematic and idiosyncratic innovations of correlations
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Innovations of realized correlations: systematic (left) and idiosyncratic (right).

4 Correlations and riks premia

When looking at the effect of second order moments on risk premia, the regression that is
traditionnally considered is

Rit = α + σe

imt
γ + uit, (10)
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Figure 6: Conditional correlations and their components

ρe

imt

Jan70 Jan80 Jan90 Jan00 Jan10
−0.4

−0.2

0

0.2

0.4

0.6

0.8

1

ψt

Jan70 Jan80 Jan90 Jan00 Jan10
−0.3

−0.25

−0.2

−0.15

−0.1

−0.05

0

0.05

0.1

0.15

ai

−0.6 −0.5 −0.4 −0.3 −0.2 −0.1 0 0.1 0.2
0

5

10

15

µit

Jan70 Jan80 Jan90 Jan00 Jan10
−0.8

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

Innovations of realized correlations: systematic (left) and idiosyncratic (right).

10



whereα andγ are the parameters to be estimated; in the case of CRRA utility function, γ
has the interpretation of a coefficient of relative risk aversion. If γ > 0, thenσe

imt
indeed

accounts for the risk premium of stocki at time t. For (10) to be completely in line with
the conditional CAPM, we should have thatα̂ = 0 and γ̂ should correspond to a level of
a coefficient of relative risk aversion which is consistent with observations in consumption
behavior. An alternative equation would be not to regress returns on conditional covariances,
but on conditional betas. The choice between the two has to dowith the hypothesis one wants
to set on the regression coefficient. In the case of (10), one assumes a constant coefficient of
relative risk aversion through time. In the other case, one would consider a constant market
risk premium through time. The latter hypothesis may however seem less credible as the first.

If one particularly focuses on the effect of correlations onrisk premia, then (10) should be
slightly rewritten. As a result of (1) and (2), the conditional CAPM is also equivalent to

Et−1[Rit]

σe

it

= ρe

imt

Et−1[Rmt]

σe

mt

. (11)

Differently stated, one could say that the cross section in correlations should entirely account
for (i) the cross section in conditional risk premia, after controlling for conditional volatility,
or (ii) the cross section in conditional Sharpe ratios. A candidate regression equation for (i)
could therefore be

Rit

σe

it

= α+ ρe

imt
λ+ eit, (12)

whereas a candidate for (ii) is
Rit

σit

= α+ ρe

imt
λ+ eit, (13)

whereσit is the realized volatility of stocki at time t. In (12) and (13),λ takes the inter-
pretation of a market Sharpe ratio. Therefore, one makes theexplicit assumption of constant
conditional market Sharpe ratios through time. If one wantsto fall back on the assumtion of
constant relative risk aversion coefficient as in (10), then(12) and (13) could be replaced by

Rit

σe

it
σe

mt

= α + ρe

imt
γ + vit, (14)

or
Rit

σitσmt

= α + ρe

imt
γ + vit. (15)

In the present paper, we will focus on all the regressions (12) to (15), but we will go a step
further. Our goal is not to study these equation explicitly,which has indirectly been done by
many predecessors, but to get a deeper insight in (11) by looking at the effect of the different
components of conditional correlation, as expressed in (9), on conditional risk premia and
Sharpe ratios. Therefore, the regression equivalents of (12) and (14) that we will perform in
our study are

Rit

σe

it

= κλ0 + ψtλ1 + aiλ2 + µitλ3 + vit (16)
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and
Rit

σe

it
σe

mt

= κγ0 + ψtγ1 + aiγ2 + µitγ3 + wit. (17)

Regression (16) is consistent with the hypothesis of constant conditional Sharpe ratio through
time, whereas (17) supports the hypothesis of a constant relative risk aversion coefficient.
Stricly speaking, it is not necessary to specifically include κ in the regressions, since any
constant can account for the global intercept.

The purpose of this study is to particularly focus on the signand significance of the four
coefficients in (16) and (17). The dynamics ofφt on risk premia translate the effect of an
aggregate increase in correlations on the aggregate value of risk premia. These coefficients will
be of great interest, since we earlier discussed that such aggregate movements in correlations
can very often have behavioral origins, without being linked to fundamental changes in the
underlying companies. Theai’s somehow reflect the unconditional difference in correlations
from one asset to another. A significantly positive coefficient associated with them would be
in line with the validity of the unconditional CAPM. The idiosyncratic time processesµit,
reflect temporary changes in asset correlations. We also expectκ to be significantly positive,
given that any intercept has been removed from the other components. Having an intercept
which is not significantly different from in (16) or (17) as opposed (??) or (??), would mean
that aspects that are usually left unexplained now can be by considering a higher granularity.

5 Results

In a first time, we will closely examine equations (12) to (15), on the total conditional correla-
tions. We will compare our results with conditional correlations obtained in a DCC-GARCH
setting of Engle (2002). Next, we will look consider the decomposed conditional correlations.

5.1 Undecomposed conditional correlations

The regression results are very similar when using the conditional correlations expressed in
(9) or those obtained by fitting a DCC-GARCH on the monthly returns. Table 1 shows the
OLS estimations of regression coefficients. Even though results are very similar between DCC
and MEM, the MEM seems to have averagep-values that are lower than for the DCC on the
slopes, but higher on the intercepts. Therefore, MEM conditional correlations seem to better
capture dynamics in favour of the CAPM.

5.2 Decomposed conditional correlations

We now turn to the decomposed correlations, and look at the impact of every component on
risk premia. Depending on the exact regression that is done,we obtain pretty different results.
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Table 1: Descriptive statistics
Equation (12) (13) (14) (15)
Intercept DCC .0167 -.0766 .0060 -.0774

(.6001) (.1847) (.2578) (.0044)
MEM .0172 -.0100 .0047 -.0110

(.4771) (.8193) (.2685) (.5937)
Slope DCC .0952 .4864 .0123 .2940

(.0246) (.0000) (.1010) (.0000)
MEM .1017 .4263 .0150 .2195

(.0030) (.0000) (.0130) (.0000)

Estimated OLS coefficients for equations (12) to (15), with both DCC estimated conditional correlations and our

two-stage MEM conditional correlations.p-values are in the brackets.

When the dependent variable is the realized Sharpe ratios and one makes the hypothesis of
constant Sharpe ratio, all components have a significant impact. The time specific component
ψt is not significant when making the hypothesis constant relative risk aversion. When we
particularly focus on risk premia and condition out the volatility, both idiosyncratic terms of
the conditional volatility become non significant.

Table 2: Descriptive statistics
Equation Cond volat Real volat Cond var Real var
Intercept .0868 .2818 .0150 .1392

(.0000) (.0000) (.0000) (.0000)
ψt .2918 .6422 .0279 -.0683

(.0000) (.0000) (.0284) (.2644)
ai .0203 .3444 .0099 .2895

(.6611) (.0000) (.2234) (.0000)
µit .1025 .0141 .4004 .3538

(.1718) (.0033) (.2890) (.0000)
R2 .0007 .0019 .0002 .0032
R2

adj .0006 .0002 .0018 .0031

Estimated OLS coefficients for equations (12) to (15), with both DCC estimated conditional correlations and our

two-stage MEM conditional correlations.p-values are in the brackets.

Until now we only regressed returns on the conditional components of correlation. The
innovations should however also have an impact on returns. More particularly, a contem-
poraneous increase in correlations should push prices downcontemporaneously, given that
investors should incorporate the new situation. Table 3 shows the results for this exercise.
We see that systematic innovations have a very negative contemporaneous effect on returns.
The negative sign makes sense as a result of the explanation above. Nevertheless, the very
negative value of the coefficient may also reflect the dynamics of asymmetric correlations, in
which there is a simultaneous causality between negative returns and correlation innovations.
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Therefore, it is difficult to accurately rely on this regression, given the possible endogeneity
of the innovations. The same comments equally apply to the idiosyncratic innovations, who
also have a significantly negative impact on asset prices.

Table 3: Descriptive statistics
Equation Cond volat Real volat Cond var Real var
Intercept

(.0000) (.0000) (.0000) (.0000)
ψt

(.0000) (.0000) (.0284) (.2644)
ai

(.6611) (.0000) (.2234) (.0000)
µit

(.1718) (.0033) (.2890) (.0000)
ηt -3.6813 -7.1428 -.6552 -3,2030

(.0000) (.0000) (.0000) (.0000)
εit -.1571 -.1419 -.0192 .0071

(.0001) (.0000) (.0560) (.8388)
R2 .1031 .0019 .1182 .1085
R2

adj .1029 .1180 .0018 .1083

Estimated OLS coefficients for equations (12) to (15), with both DCC estimated conditional correlations and our

two-stage MEM conditional correlations.p-values are in the brackets.

6 Conclusion

We presented a rigorous methodology to decompose correlations in a sum of four conditional
components and two innovations. By using a multiplicative error model on the opposite ex-
ponentials, we could model the final data additively. The conditional component is the sum
of a systematic intercept, a systematic time varying process, an idiosyncratic intercept and an
idiosyncratic time varying process. The unconditional part is the sum of a systematic and an
idiosyncratic component. The advantage of such decomposition is that one has much finer
binoculars to look at the effect of correlations on asset prices.

Results are pretty much in line with the predictions of the CAPM. In most cases, all com-
ponents of conditional correlations have a significant impact on returns. Therefore, our results
provide no evidence that conditinoal correlations matching very neatly the realized correla-
tions contain information that would not be taken into account by investors. More particularly,
the conditional systematic component always has a significant positive effect on returns: re-
turns are higher on average during periods of high conditinoal correlations. Hence, the present
paper presents very little evidence against the conditional CAPM.
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