Re-examining the risk—return relationship in Europe
linear or non-linear trade-off?

Abstract

This paper analyzes the risk—return trade-off imoga using recent data from 11 European
stock markets. After relaxing linear assumptionthmrisk-return relation by introducing a new
approach which considers the current state of toa@my, we are able to obtain positive and
significant evidence for a risk-return trade-off fow volatility states; however, this evidence
turns to be lower or even non-significant duringiqes of high volatility. Maintaining the
linear assumption over the risk-return trade-offde to non-significant estimations for all cases
analyzed. These results are robust among courdgspite the conditional volatility model
used. This concludes that the controversial resalfgrevious studies may be due to strong
linear assumptions when modeling the risk-retuaddroff. We argue that this previous
evidence can only be viewed as partial evidenceftils to cover the global behavior of the
relation between return and risk.

Keywords non-linear risk-return tradeoff, pro-cyclical kisaversion, Regime-Switching
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1. Introduction

One of the most discussed topics in financial epooe is that of establishing a relationship
between return and risk. Several attempts have toeexplain the dynamics and interactions
between these two fundamental variables. From @r¢kieal framework, one of the most cited
works analyzing this risk—return trade-off is theefbn’'s (1973) intertemporal capital asset
pricing model (ICAPM). Merton (1973) demonstratleattthere is a linear relationship between
conditional excess market return and its conditiomariance, and its covariance with

investment opportunities:

Ho ¢ ATy +BX,, s (1)

where 4, —r, is the excess return of the portfolio over thi-fiee assetg?, is the conditional

variance of excess market returns (known as idasyic portfolio risk), X,, 4 is the

conditional covariance between excess market retana the state variable that represents the
investment opportunities (known as the hedge compdnand A and B are the prices of these
sources of risk. Assuming risk-averse investorss thodel establishes a positive relation
between expected return and market variance (risk).

However, despite the important role of this traffeirothe financial literature, there is no clear
consensus about its empirical evidence. Campb&87) Glosten et. al (1993), Whitelaw
(1994)9 and Brandt and Wang (2004) find a negatdlation between these variables, while
other authors such as (Ghysels, et. al. (2005)nlegoal. (2007), Guo and Whitelaw (2006),
Ludvigson and Ng(2007) and Lundblad (2007) findbaifive trade-off.

This paper analyzes the risk—return trade-off irelifopean countries (Germany, France, Spain,
the United Kingdom, Switzerland, the Netherlandslgiim, Denmark, Finland, Sweden and
Greece) and tries to shed light on the controviersglts about its sign and magnitude. We use
different assumptions when modeling conditionahtibties (GARCH and MIDAS approaches)
and we relax the strong linear assumption (usuabyle in previous studies) by introducing a
Markov Regime-Switching process. This non-linearthmdology helps us condition our
estimation upon the current state of the econontgining different relationships between
return and risk during periods of high and low titity. To the best of our knowledge, this is
one of the first attempts using non-linear modelshsas Regime-Switching MIDAS (RS-
MIDAS) for analyzing the risk-return relatibn

In the theoretical framework, all the parametédns fisk prices A and B in (1)) and the variables
(the sources of risko? and Xu.s) are allowed to be time varying. However, to méie model

empirically tractable one must make several assomgtthe most common is constant risk
prices (Goyal and Santa-Clara, 2003; Bali et &105). It is also necessary to assume specific
dynamics for the conditional second moments reptasgthe market risk. The most used are
the GARCH models (Bollerslev, 1986). Finally, thmprical model is established in a discrete
time economy instead of the continuous time econassd in the equilibrium model of the
theoretical approach. Another common assumptiorcossidering one set of investment
opportunities constant over time, for example tbigiréng market risk as the only source of fisk

' The first attempt to use these models is very re¢Guérin and Marcellino (2010)) and it is a
specification with potential applications to a larglass of empirical studies in applied economitd a
finance yet to exploit

2 Few papers such as Scruggs (1998) and ScruggsGhaizhdanidis (2003) show that the lack of
empirical evidence of a risk-return trade-off isedio the omission of the hedge component. However,



(Glosten et al., 1993; Shin, 2005; Lundblad, 2007)this paper we follow these studies and
analyze the effect of market returns given one fé&kor defined by the conditional market
volatility.

Given the assumptions mentioned above, many pders introduced alternative empirical
models to obtain favorable evidence following thedretical intuition. The methodology most
commonly used in the empirical analysis of the-igkurn trade-off is the GARCH-M approach
(Engle et al., 1987). This framework is simple toplement but the results obtained are
controversial. Many studies fail to identify a satally significant intertemporal relation
between risk and return of the market portfolicai{(lB2 and Di Gennaro, 1990, Campbell and
Hendchen, 1992). A few studies do provide evidengaporting a positive risk—return relation
(Bollerslev, 1986, Guo and Neely, 2008). Severadiss even find that the intertemporal
relation between risk and return is negative (exammclude Nelson, 1991, Glosten, Li et al.,
2005). Therefore, alternative approaches to thelsincARCH-M methodology have been
proposed when analyzing the risk—return tradeTfie most important frameworks developed
as alternative to GARCH models try essentially bbad different estimations for conditional
volatility. Whitelaw (1994) uses an instrumentalrigble specification for the conditional
second moments. Harrinson and Zhang (1999) usea@metric techniques in their study in
opposite to the parametric approaches used marr. dihysels et al. (2005) propose the use of
different data frequencies to estimate the meath(lewer data frequency) and the variance
(with higher data frequency) equations. Despitedifferences among all the models presented,
they share a strong linear (monotonic) assumptictmé definition of the relationship between
return and risk.

However, Merton’s model is not the only theoretiggproach explaining the risk-return
relationship. Whitelaw (2000) proposes a non-linedationship between return and risk based
on an equilibrium framework. This theoretical framoek is quite different from Merton'’s
(1973) approach because a complex, non-linear, tamd-varying relationship between
expected return and volatility is obtained. SintjlfaMayfield (2004) employs a methodology in
which states of the world are essentially defingdvblatility regimes and condition the risk-
return trade-off upon these different states. Othathors also draw alternative frameworks
where is not expected a monotonic risk-return-@ship (Veronesi, 2000) and even some of
them (Abel (1988), Backus and Gregory (1992)) dgvetheoretical models that support a
negative risk-return relation.

The main result obtained in our paper is that alm@ar specification is necessary to reflect the
positive and significant trade-off between retumd aisk. When several volatility states are
considered, the risk—return relationship becomgsifsgiant, even ignoring possible changes in
the set of investment opportunities. When linedtgpas in the risk specification (GARCH and
MIDAS) are considered, no significant relationship any market is obtained. More
specifically, a positive and significant trade-tétween return and risk is obtained for low
volatility states when non-linear patterns are aared (RS-GARCH and RS-MIDAS models).
However, for high volatility states the magnitudetlis relationship becomes lower or non-
significant. These results are robust for all ttuels indexes analyzed and show that the lack of
empirical evidence in previous studies may be duthé¢ strong assumption of a linear risk—

they do not find clear evidence at all. Some alttwe approaches use information not only about the
market portfolio but also about additional risktfas such as other asset portfolios or macroecanomi
indicators, thereby extending their empirical medi&l a multidimensional framework (see Ludvigson
and Ng, 2007, Bali, 2008).



return relationship rather than a non-linear omeaéng the perils of using linear frameworks to
analyze empirically this trade-off. These resultedslight on the controversial results obtained
in previous studies using linear models about tge ef magnitude of this relationship. They
also could explain why results from linear modgdpear not to be robust to the sample period
used in the analysis. We argue that studies usirgal models analyzing a sample period
corresponding to a low volatility state are moteely to find a positive risk-return tradé€o
while studies that include episodes of crisis ghhiolatility are more likely to find a negative
or insignificant trade4f. In both cases, the conclusions can only be vieagepartial evidence
since the omission of non-linearities may misrepnéshe evidence obtained.

The evidence obtained supporting the investor godiaal risk aversion is another interesting
result of this paper. During low volatility (boomkriods the risk aversion level is higher than
during high volatility (crisis) periods. Althouglhis result may seem against the theoretical
intuition claiming for higher returns under mordatde markets, there are other authors using
different methodologies who reach the same cormtu@liss and Panigirtzoglou (2004), Kim
and Lee (2008), and Rossi and Timmerman (2010)).

The principal contributions of our paper are asofe$. First, we study the risk-return relation
for 11 European stock markets instead of US datehwls more widely used in previous
studies. Second, we develop an empirical framewdrlch let us consider a non-linear risk
return trade-off by using Markov-Switching processi®r different specifications of the
conditional variance (RS-GARCH and RS-MIDAS). Thirde show that a positive and
significant risk—return trade-off is obtained fdr Buropean markets analyzed after considering
non-linearities independently of the variance djeation. Besides, we obtain a positive trade-
off higher in magnitude during low volatility peds than during high volatility periods where
the relationship is even non-significant or negatim some cases. Finally, we show the
evolution of the risk premium in Europe during tleeent years, including the recent period of
the global financial crisis.

The remainder of this paper is structured as fdlo@ection 2 describes the data used in the
study and develops the methodology. Section 3 teord analyzes the main results obtained.
Finally, section 4 summarizes.

2. Data and methodology

For the empirical analysis of the paper, we emplayly stock exchange indexes from 11
European countriégor the period August 1990 - May 2012. The saniptdudes data from
DAX (Germany), CAC (France), IBEX35 (Spain), FTSB1@United Kingdom), SMI
(Switzerland), AEX-Index (The Netherlands), BEL2®e[gium), OMXC20 (Denmark),
OMXH25 (Finland), OMXS30 (Sweden) and Athex20 (Ge)e These data allow us to
calculate daily and weekly returns for the sameopérAll the index data are obtained from
DataStream.

Few authors (e.g., Theodossiou and Lee (1995) aatldl. (2005) Guo and Neely (2008)) have
investigated the risk-return relation in internafibstock markets, although such a study could
help resolve the puzzling results obtained from.W&a. In this paper we comprehensively
analyze the patterns followed by this relationhi@ imain European stock markets

* Some countries such as Italy are not includederatialysis because the main stock index has begyett during
the sample period leading to an irregular evolutibtheir quotations.

N Although the main conclusions of the paper arelredaising weekly data, we also need daily obsemativhen
estimating the conditional volatility of (RS / asymtric) MIDAS models.



Because risk-free interest rate data are not dlaita all financial markets under consideration
over the examined period, stock market volatilgyrieasured based on stock returns instead of
excess stock returns (which is equal to stock metuminus the risk-free interest rate). Many
researchers (Baillie and DeGennarro, 1990; Nel4881; Choudhry, 1996; Li et al., 2005)
argue that such a practice produces little diffeeeim estimation and inference in this line of
research. All these authors claim that there itually no difference in either the estimated
parameters or the fitted variance.

In the next subsections we develop the methodgbvgposed for all empirical models used to
analyze the risk—return trade-off.

2.1. Standard GARCH

The first approach is the traditional GARCH-M mod&Engle et al. (1987). This framework is
the most used in the financial literature to sttldy risk—return trade-off despite the puzzled
results from previous studies. In this approachtiean equation is defined as follows:

n=c+Ah+g £ ~N(Oh) &)

wherer, is the market returrty is the conditional variance, argl represents the innovations,

which are assumed to follow a normal distributidbhe conditional volatility is obtained using a
standard GARCH specification as in Bollerslev (1986

&=hz z~ N0 (3
h=w+ag’, +ph, (4)
where g + ,é <1 guarantees the stationarity of the process.

We estimate this first model using the quasi maxmtikelihood (QML) function of Bollerslev
and Wooldridge (1992), which allows us to obtaibust estimates of standard errors:

3 G
L(H):ZIn[f(rl,Qt;H)] where f(1,Q,;6)=(27h)2 e ** (5)

However, this approach has not presented favomrilence on the significance of the risk
aversion parameter in many previous studies, ssi@adlie and De Gennaro (1990), Glosten et
al. (1993), Shin (2005), and Leon et al. (2007)m8oauthors argue that that conditional
volatility using this GARCH-M methodology has almas explanatory power for realized
returns and that could be the reasons of the rgifigiant results (see Lundblad, 2007). Other
authors claim that the controversial results are tuwrong modeling of conditional volatility
(see Ghysels et. al, 2005; Leon et al., 2007).

2.2. MIDAS regression

Recently, a new methodology has been developedptuie a significantelationship between
return and risk using data from different frequesdio obtain expected returns and variances,
namely the MIDAS (mixed data sampling) regressiBhysels et al., 2005). They find evidence
of a significant positive trade-off between retand risk and claim the advantages of this
methodology regarding GARCH models. MIDAS model®wal the estimation of smooth
expected return series using low frequency datatandstimations of more variable conditional
variances using higher frequency data.

We use this specification with weekly returrs) combined withD daily’ lag squared returns
(R?) to obtain the weekly variance.

®In the original specification, these summations iafmite. We truncate them at 250 daily lag sqdare
returns to estimate the weekly variance.



The mean equation of this model is similar to Egquet2 with conditional variance as a
explanatory variable for the expected returns:

r=c+AVARD+& &~ NO,VAR ) (6)

However, the MIDAS estimator of weekly conditionariance is not obtained through a
GARCH parameterization but from a function of D &giared daily returnsR¢):

VAR r)=iw(l~;. k. 9 R, (7

where w(k;, k,,d) = (zxp(k1d+ )

> explki +k,i°)

(8)

is the function which measure the impact of eaghdiily return in the variance formatfon

Assuming normality in returng, ~N(c+AVARf), VAR )) , we estimate this model by
maximizing the Bollerslev—Wooldridge QML functioas in Equation 5.

2.3. Asymmetric case

The symmetric models presented above can easixteaded to the asymmetric case in which
the variance responds more after negative retlvas it does after positive returns (leverage

effect). For the GARCH specification, we add a newiabler, =min(£t,0) in the variance

process using the asymmetric GJR model (Glostah,et993). These models are estimated in a
similar way to that presented above, substitutiggdfions 4 for 9.

h=w+ael +ph,+d7,. (9)

We estimate the MIDAS model for the asymmetric cagestituting Equation 7 for Equation
10:

Var(rt):HZD:a)(lq,k;,d)ﬁd Tg +( Z—H)Zi:w( KK ,d) L L (10)

d=0 d=0
where 6,k ,k; k', K, are the parameters to be estimated &ngdl , are the indicator
functions for{ (A <O} and{rt_d 20} , respectively. We use Equation 5 again to estirtiztee
models.

2.4. Non-linear models

Some authors claim that strong linear assumptiorihfe risk-return relationship could lead to
misleading results since imposing this conditioryrhis the evidence on this relationship. To
overcome this limitation, some works develop akine theoretical frameworks which assume
a more flexible relationship between return andk reven proposing a non-monotonic
relationship over time (Rossi and Timmerman, 2010).

So, in the next subsections we develop the metbgdd to analyze if there is a non-linear risk-
return trade-off in the European markets. An exalimm for the controversial results in
previous studies may lie in the wrong specificationthe relationship between risk and return
which follows non-linear rather than linear patterifherefore, an insightful extension is to

®Ghysels et al. (2007) develop several weight fmstifor the MIDAS estimator, but owing to its
tractability, the Almon Lag specification is the sadrequently used in the literature.

" Although some authors estimate this specificatignubing non-linear least squares, Ghysels et al.
(2005) use the QML estimate in their original paper



consider non-linearities in this trade-off agaitist linear framework usually implemented. In
order to provide robustness to our results, weéhtce non-linearites assuming two forms for
the conditional volatilities. As a result, RS-GARGCihd RS-MIDAS models are developed,
their specifications are given below.

a) Regime Switching GARCH model

RS-GARCH specification is based on the model oaliynproposed by Hamilton (1989); it
allows us to distinguish between different volatilstates governed by a hidden state variable
that follows a Markov process. In this model, theam equation is not exactly as shown in
Equation 2 because it is state-dependent:

g =Cs +/1ht’$+,st§ Eys™ N(O,h[‘s) (12)

wherer, ., h, andg, ; are the state-dependent returns, variances, angdtions respectively

and s =1 (state 1) or 2 (state 2).

The state-dependent innovations follow a normatritigtion, with two possible variances
depending on the state of the process. The stgendent variances are modeled as in Equation
4 following a GARCH parameterization, but allowid@ferent parameters depending on the
staté in this case.

s =hs2, z~ NO.I) (12)
h,s :w+a$£tz—l+ﬁ$ ht—l (13

The shifts from one state to another are goveriyed lidden state variable following a Markov
process with a transition matrix:

Prs=9s,=9=p P(s=1s=23= (g
Pl§=25.=9=p) P(s= 287 3= @
Because of this state-dependence, the model imewrically intractabfe We must, therefore,
obtain state-independent estimates of variancesimmalvations. We use the recombinative
method presented in Gray (1996) which assuming iiondl normality in each regime, uses

the definition of unconditional variance in returngintaining the nature of the GARCH
process:

h=E[aelo. ]-Ead. ] =, (£ h )+ (- m) (1 4 b J-(mu #(-7)u ) (15)

In order to obtain state-independent errors wethiselefinition of unconditional error:

p= (14)

& =A4r, _m,nut,l'*'(l_nn):ut 2 (16)

where hy and &, are the state-independent variances and innovatiQris the conditional mean

equationz, . =c, +Ah, , for a given states and:

m,=p*P(s,=1Q,_;0)+(1- 9 A §,=2/Q_;8) (17) is the ex-ante probability

8 Following Capiello and Fearnley (2000), to faeilé convergence the constant variance term is not
allowed to switch between regimes.

° See e.g. Gray (1996) and Dueker (1997). The maiblem is derived from the fact that state-
dependence increase exponentially the size ofkbkhood function.



Where 7, =1-11,, (18)

And the ex-post (filtered) probabilities are detires:

P(s=HKQ:6)= Zﬂ‘*k'tf (rls.=kQ,6) (19) fork=1,2
zﬂvkqtf (rt|st = k1Qt;9)

=
11,

1

We estimate this model, maximizing the QML functioh Bollerslev—Wooldridge (1992),
weighted by the filtered probability of being inchestate:

(‘%‘%)2

L(B):iln{irg:mf(rt,Qt;H)} where f{( |;|$,Qt;9):(2ﬂm$)‘§ 2h g (20)

b) Regime Switching MIDAS model

Further, the Markov Switching MIDAS incorporategirae-switching in the parameters of the
mixed data sampling models (MIDAS) and allows fbe tuse of mixed-frequency data in
Markov-Switching models. The reason to introducis ttmodel is to see the role of non-
linearities in an alternative variance specificaio GARCH modeling.

The modeling of a Regime-Switching MIDAS model @ar purposes analyzing the risk-return
trade-off is drawn as follows. We define the st@épendent mean equation using weekly

returns (rst’t) which are explained by a state-dependent constadta time-varying state-

dependent conditional variance usigdaily’® lag squared returnsﬂz); therefore, the mean
equation of this model is:

o =C *AVAR )+e, o €,,~ N(O,VAR I )) (21)

In this case, although the MIDAS estimator of wgektnditional variance is again a function
of D lag squared daily returnst ), we let the weight parameters to switch amontgsta

VAR rs[) = ia)( k.l,g’ k2,$’ d) I% d (22)

exp(k, d+ k&)
iexp(kmi K, i7)

function for a given statg =1,2.

where a)(klvs‘ Ko g d) = (23) is the state-dependent weight

To estimate this model we need the help of Baydsif@nence in a similar way explained in the
RS-GARCH model. Setting that the transition proligbmatrix, the ex-ante probabilities and

the ex-post (filtered) probabilities are definedrasquation (17), (18) and (19) respectively, we
can estimate this model by maximizing the follow@BWIL function.

1 (‘%)2

L(e):iln{izg:mf(rt,Qt;H)} where f{( |[|§,Qt;0):(2;7.VAR R))‘g 2/AR(Ry)

(24)

%1n the original specification, these summationsiafimite. We truncate them at 250 daily lag sqdare
returns to estimate the weekly variance.



3. Empirical results

This section displays the estimations of the caomii mean and volatility of stock returns
using the models from the previous section andstusses the relationship between return and
risk in Europe. First, we show the main resultqgsiur proposed linear models: GARCH and
MIDAS. Second, we analyze if the introduction of @ymmetric effect on volatility has any
impact when analyzing the risk-returns trade-offird, we provide a discussion about the
results obtained after relaxing the linear assumnpdin the risk—return trade-off through the use
of Regime-Switching models. Finally, we study thelation of the market risk premium in all
the stock markets considered over the examinedgédiuring the last twenty years).

3.1 Estimations for linear models

We initially discuss the results of the models prgéed in section 2.1 (GARCH) and 2.2
(MIDAS). Although these two models argue for a linear relationshigvéen return and risk,
they are quite different in their construction axtimation methodologies for the conditional
variance as it is explained in section 2. The maisults for these models in all the stock
markets considered are shown in Table 1.

[INSERT TABLE 1]

The results for the GARCH model (left side of talle are qualitatively similar to those
presented in part of the literature (Glosten et #H093; Shin, 2005; Leon et al., 2007). The
results indicate a non-significant relationshipwan return and risk suggesting there is no
linear relation between market return and marksk. rirhis confirms the puzzled results of
previous studies which are incapable to providarcévidence of this trade-off. Furthermore,
the variance parameters present the typical pattegported in the literature with a high
persistence of the GARCH term (the persistenceesdretween 95% and 99.9% depending on
the country). This fact has led some authors (Lameand Lastrapes, 1990; Marcucci, 2005) to
consider this as a sign for the existence of dfieregimes for the variance process. They
suggest that if these regime shifts are ignoredRGH models tend to overestimate persistence
in periods of financial instability and underesttmi in calm periods.

Further, the right side of Table 1 shows the resalitained using the MIDAS methodology.
The main difference between this and previous ndelthe way obtaining conditional
volatilities using different data frequencies usedbtain expected returns (weekly data) and
variances (daily data), as explained in the prexsrction. The risk aversion coefficient is again
non-significant for this kind of models. The resuftil to provide a positive and significant
relationship between return and risk as it wouldekpected. Our results are different from
previous studies using this methodology which abtd@vorable evidence using this
methodology. These differences may be due to thefimixed daily and weekly data, whereas
most studies use mixed daily (variance) and monfldiurns) data, see Ghysels et al. (2005)
and Leon et al. (2007). However, the consideratiitihe last financial crisis period (post-2008)
in the empirical analysis could blur the evident@ anonotonic risk-return trade-off in a linear
framework. The variance estimations using this ifjgation also indicate a high degree of
persistence because a great number of daily |&gsesded to accurately estimate the variance.
In almost all countries, the impact of lagged sqdareturns superior to 30 days into the
variance formation represents more than the 40%heftotal volatility. That means, 40% of
volatility is explained by returns occurred one thobefore the current observation.

So, neither standard GARCH models nor standard Mi2#e able to show a significant trade-
off between return and risk in Europe.



3.2 Estimations for asymmetric case

We now discuss the results of the models presdntegction 2.3 (Assymetric GARCH and
MIDAS). There is evidence in the literature (Nels@891; Glosten et al., 1993) of a different
effect of shocks of different sign in the volatilitormation. Negative shocks usually present a
greater impact on volatility known as leverage @fferhe inclusion of this effect on the
conditional volatility estimation could have effewrt the sign and significance of the risk-return
trade-off observed in Europe. The estimation fer aBymmetric models including the leverage
effect for all the stock markets considered arawshim Table 2.

[INSERT TABLE 2]

The results for the asymmetric GARCH model (leflesof table 2) are similar to those for the
symmetric case. The results show again a non-gignif relationship between return and risk.
The only country with a significant trade-off is ggce which exhibits a negative relation
between return and risk. The variance parametesept again a high level of persistence but it
is slightly lower than the standard case (the ptsce varies between 90% and 99.9%
depending on the country).

The estimations for the asymmetric MIDAS also failshow a significant risk-return trade-off
for most of the countries. Using this model we fihd abnormal case of Greece with a negative
and significant risk-return trade-off. Regarding trariance persistence, this specification let us
distinguish what is the impact of positive and riegashock and how long they persist. It is
very difficult to give a general interpretation thfe patterns followed by positive or negative
shocks for all countries since each market votatieems to follow idiosyncratic patterns.
However, in most of the countries negative shodks lass persistent than positive shocks.
These findings could be in line with those of Ma@u(2005) since during periods of market
jitters, there is an increase of the number of tiegahocks, and this increase in the number of
innovation reduces their impact over time.

So, asymmetric GARCH and MIDAS models are not ablesshow a significant risk-return
relationship for Europe during the sample periodlyred confirming the incapability of linear
models and questioning the theoretical frameworgpsting them. Therefore, it seems
important to go beyond this setup and relax thengtrassumption of a linear risk-return trade-
off.

3.3. Estimation for non-linear models

The results reported in the previous sections dosapport the linear assumption of the risk-
return trade-off. Even Merton (1980) remarks tid telationship does not have to be linear.
For this reason, we introduce in the previous m®ddRegime-Switching process which relaxes
the linear assumption taken when analyzing thergsikrn trade-off by conditioning our results
to states of high and low volatility. Next we shtwe results for our two volatility specifications
in the case we introduce a non-linear risk-retuade-off; i.e. we discuss the results obtained
from RS-GARCH and RS-MIDAS specifications.

a) Regime-Switching GARCH model

Table 3 presents the estimations for the non-limeadel assuming a GARCH process in the
volatility formation (RS-GARCH). The results forishmodel let us shed light to the dynamics
followed by the risk-return relation. In particulave can associate state 1 with low volatility
periods and state 2 with high volatility period$ngsthe medians of the estimated volatility in



each state. Fors =1, corresponding to the low volatility state, thésea significant positive

relationship between return and risk for almostalintries (at 1% for Germany, France, Spain,
UK, Switzerland, Belgium, Denmark and Sweden; at fi#%% Finland and at 10% for the
Netherlands). The only country with no significaelationship between return and risk is
Greece.

[INSERT TABLE 3]

However, when we look at the results for the state2 we obtain less evidence for a positive

and significant relationship between return anh. r@nly for Germany, Spain and Sweden the
relationship is significant at 5% and in Denmarkl &mance at 10%. In the rest of the countries
the trade-off between these two variables is nptiicant during high volatility states. Besides,
and even more interesting, the risk aversion cciefit during high volatility statesA(_,) is

lower than it is for the low volatility regime. Thfinding is not consistent with the spirit of the
theoretical linear models that suggest that higlodatility should be compensated with higher
returns. However, some papers such as Lundblad7}280m and Lee (2008), and Rossi and
Timmerman (2010) report the same evidence. Thisifaicates that in high volatility periods
the investor’s risk aversion is lower. One potdrgigplanation for this result may be based on
the existence of a different risk price depending tbe volatility regime. An investment
considered too risky in calm periods (low volajiitis less risky when there is a period of
market instability with more uncertainty and anydatment involving risk. This finding could
also be explained by investors’ characteristichigh volatility states. In these periods, more
risk-averse investors leave the market, letting lisk-averse investors adjust the price of risk
according to their less demanding preferences {Biiel Panigirtzoglou (2004)). Authors such
as Kim and Lee (2008) find a pro-cyclical behavidor investor risk aversion. During low
volatility periods investors are more risk averad during high volatility periods investors have
more will to accept risk. However, a recent studyealoped by Rossi and Timmerman (2010)
shows that the risk-return trade-off may follow Aaonotonic patterns. These authors claim
that at low-medium levels of conditional volatilithhere is a positive risk-return trade-off but
this relationship gets inverted at high levels ofatility. Our results seems to support these
studies observing a strong evidence of a positistereturn trade-off during periods of low
volatility but the evidence is different during fmefs of high volatility.

The persistence of the GARCH term during low véitststates is higher than the observed for
high volatility states. This fact confirms the esigte from the literature (Marcucci, 2005). He
concludes that in high volatility periods there arehigher number of shocks affecting the
variance formation and reducing their impact ovémet Further, the persistence is
overestimated in high volatility periods if RS gobred (Marcucci, 2005).

In addition, the expected duratidiior the low volatility state is approximately 12w®ks, about
four times higher than the high volatility statégite 1 shows the smoothed probabilftfesf
being in state 1 for the sample period.

" For brevity, the table containing this informati@nnot displayed in this version of the paper tsut i
available upon request.

2 We obtain the expected duration of being in edatess =1,2 as 1 and _1 | respectively.

1-p 1-q



[INSERT FIGURE 1]

Interestingly, the smooth probabilities of beingam/high volatility states are very close with

the economic cycles (boom / crisis) during the dangeriod and could be associated with
them. For example, in figure 1 we can observe jle¢he downturn in worldwide economic

activity around 2001 and the effect of the lasafiaial crisis in 2008 with the high volatility

regime becoming the most important during thesegser So, our results also provide further
evidence for those papers claiming a pro-cyclicst aversion depending on the economic
cycle (more risk-aversion during boom periods, klsaversion during crisis periods).

b) Regime-Switching MIDAS model

In the previous section we are successful findinmpsitive risk-return relationship during low
volatility states under a non-linear specificatith GARCH variances. Here, we provide
robustness for the claim of a non-linear relatietween return and risk by using an alternative
variance model to GARCH.

Table 4 displays the estimations for the RS-MIDA®del for all countries considered.

Supporting the results of the last section, dulivg volatility states the relation between return
and risk is positive and significant for all couesr considered. Also, the value for the risk
aversion coefficient is higher than the obtainedHhigh volatility periods. The results for high

volatility periods are very different between cowed. For Germany, Spain, UK and

Switzerland we obtain positive and significant mstiion for the risk-return trade-off in high

volatility states (but of a lower magnitude thamidg low volatility states). For markets such as
France, Belgium, Denmark and Finland the relatignghnot significant. Further, for the rest of
the markets (the Netherlands, Sweden and Greeedjatthe-off during high volatility periods is

negative.

The results for this family of models seem to supmmain the interpretations about the
existence of a pro-cyclical risk aversion in theestor behavior. The investors trading during
high volatility (crisis) periods are less risk aseithan the investors trading during low volatility
(boom) periods. They also support the existenceaofion-monotonic (and non-linear)

relationship between return and risk depending lom dtate of the economy. During low
volatility periods a positive and significant trad# is observed, but this relationship turn to be
different during high volatility periods.

3.4. Risk premium evolution in Europe

In this last section we analyze the evolution fekkal by the market risk premium during the last
years in each European market. The risk premiumadeed by the investors is given by the
non-diversifiable risk existing in the market.

Figure 2 shows the risk premium evolution in Eurdpeng the sample period. The market risk
premium is measured by the time-varying variatplén our models. For the Regime-Switching

models, we obtain the independent estimation fer adbnditional variance at each peribd
through a weighted average using the filter proies (h =7g’th’1+(1— ﬂlt) h,z)

3 The smoothed probability is defined as the prdighof being in each state considering the entire

- - P(s,, =10, ;6 P(s,=2Q.:0
iormaton seto(s ~i0,:6)= o s=10, ) v Syl o R TACE
+1 ts %41 1



whererz  is the ex-ante probability of being in the statart hy51 for § =1,2 are the state-
dependent variances.

[INSERT FIGURE 2]

These figures represent the weekly market risk e (expressed in basic points) for all the
sample period, the different methodologies and dbentries considered. The figures show
similar patterns for the risk premium evolutiolh.seems that risk exposure is similar for all
methodologies with slightly differences betweemthé&lowever, the evolution is quite different
depending on the country analyzed. Although allketr have been hit by similar crisis, it
seems that in some of them (Finland at the begysn#®00s, Greece over last years) the effect
was worse than in the rest. However, all the caemtshare a huge increase of the demanded
risk premium in the recent years coinciding with thst financial crisis of high instability.

Table 5 shows the medi4of the estimated weekly risk premiums series fotha European
stock market indexes considered. Almost all theiioled risk premiums vary between 2%-4%
depending on the country. Only in the cases of &reend Finland the demanded premiums
exhibits higher values (around 5.5% for Finland @#@for Greece). The differences in the risk
premiums among methodologies are slightly. Moghelse premiums are similar than the 3% to
5% obtained in other studies for US data (Bali,&00

[INSERT TABLE 4]

So, although the evolution of the market risk pramiin Europe has followed similar patterns

during the last years for most of the countrieslyerea, there are certain differences among
countries (due to idiosyncratic characteristiceath market) which lead to different levels in

the demanded risk premium. Especially countriet siscFinland or Greece seem to departure
from the ‘standard’ European risk premium.

4. Conclusion

This study proposes an answer to the well-knowrowetsy about the empirical evidence of the
relation between return and risk. From the basitheftheoretical works explaining this trade-
off, the interaction between these two variablegested empirically using 11 European stock
markets under two main different frameworks. Thetfframework considers a linear relation
between return and risk while the second one rsl#his assumption and allows for non-linear
dynamics.

Considering linear empirical models to analyze thaationship leads to non-significant
evidence of this basic trade-off. However, whes #trong linear assumption is relaxed, we are
able to identify a significant relationship betweeected return and risk. One of our claims is
that the risk-return trade-off presents differeatt@rns depending on the state of the economy.
The dynamics of this relation observed during loadatility states (which supports the
theoretical intuition) are different from those ebsed during high volatility states. This fact
leads to a hon-monotonic relation over time whickotally against the linear assumption made
in many previous studies.

One of the main results of the study also provaleslationship between volatility regimes and
risk aversion level. The risk aversion level incétanarkets tends to be higher in low volatility
states and lower in high volatility states. Theeistor profile in each context may have an
influence on this lower risk aversion coefficienirithg high volatility periods. More risk averse
investors leave the market during periods of matkenoil while less risk averse investors
remain trading under these circumstances. Besidigh, volatility regimes correspond to

“We use the median instead of the mean as a pomxhé average non-diversifiable risk in each mkrio
because it is less affected by outliers.



periods of recession or low expansion in the cgismeconomy, whereas low volatility regimes
correspond with periods of economic expansion whethis link the findings in this paper with
others that support a procyclical risk aversioimgéstors in developed markets.

Above all, these results highlight the perils afbrg linear assumption when analyzing the
interactions between return and risk and claim pravious studies using linear models were
likely to fail on the attempt to capture the globahavior between these two variables.
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APPENDIX A

All the models are estimated by maximum likelihoddle computations of the Regime-Switching models
are carried out using the Optimization Library FMO®N of Matlab R2010b selecting the BFGS
algorithm.

Although Regime-Switching GARCH models and Regimétéhing MIDAS models are different (as it
is discussed in section 2.4 and 2.5), once thenpateaization of the variance equation is definedaoch
case, the algorithm to implement is similar fortbspecifications.

Let @ be the vector of parameters of the different md@‘szky‘:Pr(st: k|QH) the ex-ante
probability of being in the state k (whefQ,_is the information set up to t-1|¥(st = let;H) the

(‘g‘ﬁ)z
1o-
filtered probability of being in the state k; arf((rt |st ,Qt;H) :(Zﬂh,ﬁ) 2@ ™ the state- dependent

likelihood vector (where the main difference betweBARCH' and MIDAS specification is in the
parameterization of the time-varying variarigg ).
The algorithm we used is described by the followsteps:

1) Give initial values for the parameters of the maalad the ex-ante probabilities:

®° ) ]7-s(=k,t=1 = Pr(stzl = k|QI=0)

2) Implement Hamilton (1989) filtering procedure usthgs first observation.
Tyt (Fealser =k Qy @°)

z 0
27 (MeafSi = Q5 0°)
k=1
3) Compute the value of the log-likelihood functiom fol

2
] 3212005
k=1

4) Repeat steps 2 and step 3 for all observationsamgpute the log-likelihood function until t=T

L((DO) :iln{kiig:mf (rK,Qt;GJO)}

t=1 =1

fork=1, 2

P(ﬁq = kIQtzl;cDO) =

5) Maximize the log-likelihood function to obtain apdate version of the vector of parameters
o2

L(o)) =g‘|n{gfgsz (r.Q;e )}

6) Iterate steps 2-5 with the updated parameters arttieving convergence.

Hamilton (1989) claims that this algorithm is acpécase of the EM algorithm: the expectation $E€p
corresponds to step 2 and the Maximization (M) stegtep 3. During the Expectation step the alborit
is able to guess the values for the latent varigblen the data and the updated parameters whele th

values of the parameters that maximize the lodiiked function are driven in the Maximization step

' Due to the recursive nature of the GARCH paramedtdn, we use a recombinative method to obtaiepeddent variances and
errors for each t. See section 2.4 for furtheritieta



TABLE 1. Estimated parametersfor GARCH and MIDAS modelsfor all the European stock

markets considered

GARCH-M MIDAS
P?{i?;[t)er c A Persistence| C A %1d_a5y5 ?Oci%s %;i))gys
Germany %982277:) (%'.ggff) 0.9534 ?69(?55{) Eg.'z?;si? 15,60% 36,34% 48,06%
France (%'gggg) (%'. 2:371) 0.9744 (%'ggég) Eg.'gf’s%? 14.74% 38.14% 47.12%
Spain 8‘22}3) (%'.22;?) 0.9884 %9355; ngg?%? 14.64% 36.62% 48.74%
UK 8‘223% (%'.gf;g) 0.9727 ?d%%%aé) _(8:2556%? 14.58% 38.08% 47.34%
Switzerland (2008 4129; (%'.%gg) 0.9660 8‘8221; Eg‘fgs%? 19.73% 40.38% 39.89%
Netherlands %?gfoél*) (%'.2%% 0.9957 8‘82&89) Eg.'gfg%? 16.34% 36.47% 47.19%
Belgium 8‘2221; ((())'.(5)82167) 0.9509 8‘827117) nggfszﬁ 15.79% 37.19% 47.01%
Denmark ?6(.)(?22761*) ig:g f fg; 0.9509 (%'_ggfg) Eg.'zlffs? 14.92% 35.46% 49.62%
Finland (%'2(1)555) (%'.g?g; 0.9847 822285) (%'gsgf) 12.75% 35.93% 51.32%
Sweden ?(;.(())%%Z) ((c)J'.ggge?) 0.9605 (%'823?; Eg’ggg 18.62% 41.97% 39.41%
Greece ?0'%%2) (8%12705) 0.9907 8‘_82371) -?6%23?157; 4.74% 22.06% 73.20%

This table shows the estimat§g parameters for thedstrd GARCH and standard MIDAS models presentdben
paper (p-values in parentheses). and represents significance at 1%, 5% and 10% respelgtiv



TABLE 2. Estimated parameters for asymmetric models

This table shows the estimated parameters for thmametric GARCH and asymmetric MIDAS models presented

Asymmetric -GARCH-M Asymmetric-MIDAS
. % days % days % days
C A Persist. C A e 10-30 230

M | - . 52.74% 46.89% 0.37%

Germany | 0.0021 | -0.0036 | g5, | 0.0023" | -0.0579 ° ° °
(0.0696) | (0.8032) : 1+ | 00352) | (0.3856) [, 00T s e

_ 0, [v) 0,

France | ©0-0007 | -0.0015 | o oc s | D ! 00011 | -0.0355 | 3% | 5201% | 4.04%
(0.5697) (0.9318) ' I+ (0.3358) (0.6264) 519% 24.08% 70.73%

sk | - . 85.46% 15.54% 0.00%

Spain | 0:0026 | 00161 | g gsng | D 0.0027° | -0.1011 ° ° °
(0.0359) | (0.3211) | (| 00204 | 0.1738) | oo | o) 0000 | 56.04%

_ " : 0, . 0, ) 0,

UK 0.0013 | -0.0096 | gag7 | U ! 00016 | -0.0646 | 4°48% | 5364% | 088%
(0.1485) | (0.6185) : 1+ | 0.0803) | (0.4365) [ o oo T oo o0 0w

- ok - *k 0, 0, 0,
Switzerl. | 0.0026" | 0.0075 | (4174 | O [ 0.0023 00883 | 2384% | 48.40% | 27.35%
(0.0263) | (0.6622) ' |+ | (0.0164) | (0.3232) | .o 0.12% 99.87%

Kk - Kkk . 0 . 0 . 0

Netherl. | 0:0020° | 0.0097 | gomm | O "] 0.0022" | -0.0928 | “6:90% | 48:39% | 4.71%
(0.0199) | (0.5008) L+ | ©0020) | (©1618) [ o o
* | - sk 18.69% 43.49% 37.81%
Belgium | 0:0017 | -00128 | g)cq 0 0.0020 -0.1109 ° ’ 0
(0.0850) (0.4802) I+ (0.0309) (0.1820) 0.01% 0.01% 99.98%
o | - . 11.45% 32.94% 55.61%
Denmark | 0:0028 | -0.0165 | oo | O 0.0031 -0.1283 ° ° 0
(0.0274) | (0.4436) . 1+ | 0.0081) | (0.1516) | oo [ c oo | ag700

% - 579 459 979
Finland | 00026 | -0.0060 | (g, | O ! 00011 | 00057 | 11O7% | 3245% | 5597%
(0.0975) | (0.6437) : . | 04408) | (©o117) | Lo T T
o | - . 29.97% 58.08% 11.95%
Sweden | 0:0028" | 0.0072 | (o,,o | O 0.0029" | -0.0866 ° ° 0
(0.0335) | (0.6209) : [+ | 00150) | (0:2729) | L oo aaaee | 70.57%

sk sk | - * o 4.98% 24.44% 70.58%
Greece | 00033 | -00246" | (go0 | O 0.0028 | -0.123% ° ° 0
(0.0419) | (0.0402) [+ | (00548) | (0.0499) |, oo | 51 0s0e | 74.03%

the paper (p-values in parentheség)f " and’ represents significance at 1%, 5% and 10% respelgtiv




TABLE 3. Estimated parameters for RS-GARCH models

This table shows the estimated parameters for theGRBCH modes presented in the paper (p-values in

RS-GARCH-M

Parameter State k=1 State k=2

(t-stat) c A Persist C A Persist.
comany | 02| TS | ooms | 22 | R | oaws
e | 002 | O3 e | 5082 | oo | oons
span | oot | 0S| bl | S
ok O | oamo | 0o | 07 | o
Switzerland -?6(.)0102245;; o(g ggg(;; 0.8912 -(zé(.)(}ozzf)* (%'_(1’33?) 0.2037
Netherlands Eg.??é)?lc; ?d%}a(z){) 0.6989 28,'4?37%7) (%-gfgf) 0.4210
segom | S0 | G | oap | ool | boil | oo
et | 2908 | 0 | s | 88 | 62 | oum
s | S0t | oo | oas | g8 | 0o | o
sweden | 9| S | o | o | ot | o
eece | S8 | 0B | ooms | 208 | 008 | o

parentheses)*."' " and” represents significance at 1%, 5% and 10% respelgtiv



TABLE 4. Estimated parametersfor RS-MIDAS

RS-MIDAS c A % days 1-5 | 795107 o4 days >30
_ 0.1205~ . . .
Germany St=1 0.0018" (0.000) 53.64% 46.21% 0.14%
St=2 (0.000) 0(8%‘(1;01) 0 0.14% 99.86%
_ 0.21177 . . o
France St=1 0.0012 (0.0001) 18.53% 47.12% 34.35%
St=2 (0.1148) 0.0245 0.01% 0.01% 99.98%
(0.1185) : ' :
_ 0.1587" ) ) .
Spain St=1 0.0026" (0.0001) 49.20% 49.79% 1.01%
St=2 (0.000) 0('5’8850) 0.08% 1.65% 98.27%
B 0.0744
UK St=1 0-0015** (0.0265) 44.86% 52.62% 2.52%
St=2 (0.000) Oggiﬁ,) 0.01% 0.01% 99.98%
St=1 ok 0'0316 49.13% 50.16% 0.71%
. -0.0031 (0.000)
Switzerland (0.000) 0.0196
St=2 : (0.0000) 0.01% 0.01% 99.98%
_ 0.04137
St=1 _0.0147** (0.0000) 52.15% 44.75% 3.10%
Netherlands (0.0008) 20.6047"
St=2 ’ (0 0000) 0.06% 3.17% 96.78%
_ 0.2577"
Belaium St=1 0-0012** (0.0000) 58.09% 41.55% 0.37%
9 St=2 (0.000) -0.0172 1.15% 6.98% 91.87%
3 (0.5071) o0 o0 e
B 1.7785"
St=1 0-0127** (0.0012) 8.19% 20.29% 71.52%
Denmark St=2 (0.0000) 0.0406 14.61% 35.89% 49.50%
- (0.4794) 0 o970 et
_ 1.6041"
_ St=1 0-0103** (0.0000) 16.57% 34.25% 49.17%
Finland St=2 (0.000) 0.0440 26.23% 54.33% 19.44%
- (0.2786) o970 2970 0
_ 1.11747
Sweden St=1 0-0075** (0.0000) 17.33% 57.62% 25.06%
St=2 (0.0000) -0.0134 24.95% 57.46% 17.59%
(0.0575) . . '
_ 0.37027
Greece St=1 0.0046** (0.0000) 2.14% 12.52% 85.34%
~ (0.0002) -0.260T"
St=2 (0.0000) 6.67% 30.69% 62.64%

ThIS table*shows the estimated parameters for thBIRBS modes presented in the paper (p-values iamheses).
and represents significance at 1%, 5% and 10% respelgtiv



TABLE 5. Annualized market risk premium for Europe

This table shows the average risk premium (usingntbdian of the series) for each country considersidg the

Average Risk premium
GARCH ASGVK"R”(‘:eJiC RS-GARCH| MIDAS Asl\il’r[‘)rzg”ic RS-MIDAS
Germany 3.882% 3.771% 3.684% 3.636% 3.692% 4.267%
France 3.812% 3.606% 3.552% 3.746% 3.823% 4.029%
Spain 3.981% 3.554% 3.246% 3.985% 3.993% 4.482%
UK 2.300% 2.057% 2.075% 2,277 2.432% 2.424%
Switzerland|  2.425% 2.130% 2.119% 2.307% 2.388% 2.219%
Netherlands|  2.900% 2.627% 3.021% 289104 2.936% 2.577%
Belgium 2.422% 2.316% 2.067% 2.289% 2.243% 2.623%
Denmark 3.017% 2.838% 2.620% 2.619% 2.634% 2.600%
Finland 5.932% 5.816% 5.850% 4.8779% 4.788% 4.830%
Sweden 4.132% 3.893% 3.463% 3.27204 3.486% 2.976%
Greece 6.881% 6.888% 8.054% 7.293% 7.315% 7.080%

different models proposed.
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FIGURE 1. Smoothed probability for low volatility state in Europe

This figure represents the probability of beingaitow volatility state in each European country



FIGURE 2.A Risk premium evolution in Europe using he GARCH model
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These figures show the risk premium evolutionlitafopean countries for the standard GARCH

specification



FIGURE 2.B Risk premium evolution in Europe using he asymmetric GARCH model
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These figures show the risk premium evolutionliEafopean countries for the asymmetric GARCH

specification



FIGURE 2.C Risk premium evolution in Europe using he RS- GARCH model
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These figures show the risk premium evolutionliEafopean countries for the RS- GARCH

specification



FIGURE 2.D Risk premium evolution in Europe using he MIDAS model
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These figures show the risk premium evolutionliEafopean countries for the MIDAS model



FIGURE 2.E Risk premium evolution in Europe using he asymmetric MIDAS model

L o1-8ny L oT-8ny L o1-8ny L o1-8ny L oT-8ny
c
L go-8ny L 80-8ny - 80-8ny L go8ny || B L 80-8ny
(%] [
o L 90-8ny 908y | E FooBny | ¥ L oosny || 3 L 90-8ny
= 3 = ]
& L yo-8ny > -vo8ny | @ L v0-8ny E L vo-8ny || L vo-8ny
[ %] = [ =
m L zo-8ny m L zo-8ny 2 L zo-8ny m L zo-8ny m L zo-8ny
9 =
s L 00-8ny m - 00-8ny g - 00-8ny m L 00-8ny 3 - 00-8ny
%) = =
= - 86-8nv @ L ge8ny | 2 L geBny | 2 - se-8ny || E - 86-8ny
1] € 2 ] @ | 01-8n
£ £ 5 ] ) 01-8ny
- 96-8ny s - 96-8ny 1] - 96-8ny € - 96-3ny - 96-3ny
€ 0 [
s & £ £ e - g0-8ny
< - v6-8ny L v6-8ny 3 L v6-8ny M L v6-8ny L ¥6-8ny o .
2 & L 90-8ny
- ze-8ny Lzedny | < L z6-8ny L ze-8ny Lzedny | »
g L v0-8ny
- 06-8ny - 06-8ny - 06-8ny - 06-8ny L 06-8ny S
- ® O & & O o 0 O % N O o 0 O % N O o ® VW T q O o 0 O ¥ N O ° - zo-3ny
o O O O o o O O O o O O O O o o O O o o O O O O o -
s © 9 9§ 9§ s © 9 9 9 s © 9 9 9§ s © 9 9 9§ s © 9 9 9 s | 00-8ny
o O o o o O O O o O O o o O o o o O O o m
y: E - 86-8ny
© "
£ <
| 963
L o1-8ny oty | & L o-8ny 96-=nv
7)) L ¥6-8n
- go-8ny go8ny | L go-8ny ve-onv
k-] s L z6-8n
z L 90-8ny £ £ sosny | 2 L 90-8ny ceeny
& £ = 5 = 06-8ny
£ 2 - v0-Sny 8 i) y0-8ny o L y0-8ny -
3 9 s 3 £ 3g8gg-°
" 2 Loy | & ” wany | E Loty (28 8 8 8
< a n nDn a o o o o
m = Loo8ny | g = 00-8ny - 00-8ny
2 % ey | 3 T 86-8ny - 86-8ny
o £ s v
£ E - 96-3ny 2 m 96-3ny - 96-3ny
£
> < L y6-8ny £ M. v6-8ny - v6-8ny
< 2
L z6-8ny < 26-8ny - z6-8ny
L 06-8ny 06-8ny - 06-8ny
8 8383 9 8 8 4w VW ¥ N O 4 VW ¥ N O 4w VW ¥ N O 4 0 VW ¥ N O
4 0 6 o o o o © © © o o © © © o o © © © o o © © © o
S 333838 g s © 9 9 9§ c © 9 9 9§ s © 9 9 9§ s © S 9 9§
oS 60 o 6 o o o o o o o o o o o o o o o o o o

These figures show the risk premium evolutionliEafopean countries for the asymmetric MIDAS

model



FIGURE 2.F Risk premium evolution in Europe using he RS-MIDAS model
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These figures show the risk premium evolutionliEafopean countries for the RS-MIDAS model




