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Abstract
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Stock Market Volatility and ECB’s Unconventional Monetary Policies

by Demetrio LACAVA

To address the Great recession, with interest rates close to the zero lower
bound, the main central banks, among which the European Central Bank
(ECB), resorted to unconventional monetary policy (UMP) measures. These
policies mainly consist of asset purchases programmes, which, in the case
of the ECB, caused an increase of the Central Bank’s balance sheet of about
185% in the period 2009-2019. Since the main aim pursued by ECB through
the UMP implementation was to give new stimulus to the real economy, most
of the literature analyses their impact on output, inflation as well as on finan-
cial stability; however, only a narrow branch of the literature has volatility
as a key research objective. Within this PhD thesis, an extended literature re-
view is discussed in Chapter 1, whereas in Chapter 2 we present a new model
that, differently to the current literature, allow us to analyse the UMP ef-
fects on stock market volatility, by distinguishing the volatility component
depending directly on these new monetary policy tools (which accounts for
about the 1.4% of the general volatility process). From an empirical appli-
cation of our model - which focus on four Eurozone stock indexes (CAC40,
DAX30, FTSEMIB and IBEX35) - it emerges clearly the UMP effectiveness in
stabilising financial markets: therefore, whereas we observe a volatility jump
on announcement days, we find a remarkable volatility reduction due to the
UMP implementation. Finally, in Chapter 3, we extend our analysis within
the Markov switching (MS) framework, proving the ECB ability to keep the
volatility component depending on UMP within a low volatility regime for
a maximum of 53 business days. Moreover, the Model Confidence Set proce-
dure finds out how the forecasting power of our unconventional policy prox-
ies improves after the EAPP announcement, giving also evidence in favour
of the better out-of-sample performance of the MS models, at the same time.
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Chapter 1

ECB’s Unconventional Monetary
Policies and Literature Review

Abstract

As a response to the Great Recession, the main Central Banks, such as Federal
Reserve (FED), Bank of England (BoE) and the European Central Bank (ECB)
resorted to unconventional monetary policies, i.e. central bank’s balance
sheet expansions. In this chapter we discuss some of the main researches on
the effects of this kind of policy both on real economy and financial markets.
Generally, results are well expected with unconventional policies boosting
GDP and inflation, on the one hand, and contributing to preserve financial
stability by reducing bond yields and market volatility, on the other. Finally,
we deserve a special attention to the most important volatility models within
the univariate framework, with a particular focus on Markov switching mod-
els.

Keywords: Unconventional monetary policies, real economy, financial
market, volatility models, Markov switching



Chapter 1. ECB’s Unconventional Monetary Policies and Literature Review

1.1 Introduction

During the Great Recession, with interest rate close to the zero lower bound,
many central banks resorted to unconventional monetary policy measures in
order to stimulate the real economy. These policies consist of central bank’s
balance sheet expansion - generally through Asset Purchases Programmes
(APPs) - which affects the real economy by modifying inflation rate expecta-
tion during periods in which the so-called liquidity trap makes the conven-
tional policy, i.e. further cuts of interest rate, no longer effective.

Following other central banks such as Federal Reserve (FED) and Bank
of England (BoE), the European Central Bank (ECB) established different un-
conventional monetary measures during the period 2009-2019, with the main
objective to address and mitigate the adverse impact of the crisis on the real
economy. For this reason, most of the literature focuses on the effects of un-
conventional policies on output (i.e. Gross Domestic Product, GDP, growth)
and inflation. In this regard, several authors have opted for an analysis based
on the construction of a counter-factual scenario. This is the case, for exam-
ple, of the analysis carried out by Kapetanios et al. (2012) and Pesaran and
Smith (2016) on the effects of unconventional policies established by BoE,
which were crucial to avoid a deeper reduction of GDP as well as of infla-
tion rate; differently, as argued by Chen et al. (2012), in their analysis on the
U.S. macroeconomic framework, the effectiveness of these policies requires
a credible commitment by Central Bank in keeping interest rate low for a
longer period of time. Finally, a positive effect on GDP and inflation was
found also by Peersman (2011), who focus on the Eurozone economy.

Even though the main concern of these policies is the real economy, they
have also unintended effects on financial markets that are largely studied
by recent literature. Among these effects, it is crucial the positive influence
that quantitative easing should have on market uncertainty. Thus, while
most authors analyse the effects of unconventional policies on bond market
(Boeckx et al., 2014; De Santis, 2020; Joyce et al., 2011; Krishnamurthy et al.,
2018), some others focus on stock market (Ciarlone and Colabella, 2016, 2018;
Georgiadis and Gräb, 2016) emphasizing the role played by the portfolio-
rebalancing channel in transmitting monetary policy decisions (Breedon et al.,
2012). Clearly, unconventional policies affect market returns and volatility
since, by purchasing assets available in the market, the central bank reduces
the amount of those assets, giving to private investors an incentive to rebal-
ance their portfolio, opting for a new preferred risk return configuration. In

2



Chapter 1. ECB’s Unconventional Monetary Policies and Literature Review

addition, notice how most of the unconventional policies by ECB were estab-
lished to reduce market uncertainty, which is measured through the expected
variance (Rompolis, 2017). Surprisingly, there exists a narrow literature con-
cerning the impact of quantitative easing on volatility as a key research ob-
jective (Apostolou and Beirne, 2017; Balatti et al., 2016; Kenourgios et al.,
2015; Shogbuyi and Steeley, 2017), modelling volatility mainly through the
GARCH (Generalized Autoregressive Conditional Heteroskedasticity) fam-
ily models (Engle, 1982; Bollerslev, 1986).

In this chapter, after a brief overview of the several unconventional poli-
cies established by ECB, we present a literature review on the effects of un-
conventional monetary polices both on the real economy and on financial
markets, with a particular attention on stock market volatility. More in de-
tails, the Chapter is structured as follow: section 1.2 examines the uncon-
ventional monetary policies established by ECB in the period 2009-2019; the
literature review is discussed in section 1.3, in which we also examine the
main model used in volatility analysis; finally, section 1.4 concludes with
some remarks.

1.2 ECB’s unconventional monetary policies

Starting from 2007 three different shocks - the decrease of commodities price,
the sub-prime mortgage crisis and the resulting stock market crash - hit the
world economy, affecting the real economy with a widespread recession, es-
pecially in advanced countries. The crisis broke out in USA and reached Eu-
rope immediately, where a new wave of uncertainty - in particular because
of fears of unsustainability of the sovereign debt of the so-called PIIGS coun-
tries (Portugal, Ireland, Italy, Greece and Spain) - worsened the decrease in
GDP observed in the first two years of the financial crisis. Moreover, over
the last ten years, the EU economy, despite a deep reduction of interest rates
(which were close to zero and sometime even negative), was characterised
by low inflation level. With the main purpose of avoiding the danger of de-
flation, the ECB established many unconventional monetary policies - com-
monly known as quantitative easing (QE) - that aimed to bring inflation close
to the target level of 2%.

The first experience in Europe with unconventional monetary policies
dates back to 2008 when - few months later the collapse of Lehman Brothers,
which marks the beginning of the financial crisis - the ECB launched the first
12-month Longer Term Refinancing Operations programme (LTRO) which -

3
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by financing credit institutions - clearly aimed to contain the liquidity crisis
and the consequent credit crunch the Eurozone was experiencing. It should
be specified that generally LTROs have three-month maturity and belong to
the conventional monetary policy, the Open Market Operations, in particular.
Nevertheless, the extended maturity decided by ECB (up to 3 years) allows
us to consider this monetary policy instrument within the unconventional
measures.

At the same time, with the main purpose to sustain a particular banks fi-
nancing channel, the ECB decided on the Covered Bond Purchase Programmes
(CBPP1, CBPP2 in November 2011 and CBPP3 in October 2014) which reached
a total amount of about e338 billion. Through these programmes, the ECB
conducted direct purchases - in both primary and secondary market - of cov-
ered bonds with a minimum rating AA and eligible to be used as a collateral
for the Euro-system credit operations.

Different unconventional monetary policies were established by ECB to
face the sovereign debt crisis mainly caused by an increase in government
debt - deriving, among other factors, from the massive public action needed
to bail out banks - together with low levels of GDP. These measures include
the Security Market Programme (SMP) and the Outright Monetary Transac-
tions (OMT). Through the SMP, the ECB bought more than e200 billion of
government bonds on the secondary market in order to achieve a twofold
objective of reducing the government bond spreads and restoring the proper
functioning of monetary policy transmission channels. It started in May 2010
by purchasing Greece, Ireland and Portugal government bond and it was ex-
tended in 2011 to consider also Italy and Spain government bonds. SMP
ended in 2012 and it was replaced by the OMT programme, which can be
seen as the practical response to the famous "Whatever it takes" declara-
tion by ECB’s then-president Mario Draghi, who successfully attempted to
reduce the increase in government bond yields caused by the emerging de-
nomination risk. The programme - consisting of outright transactions of gov-
ernment bond with a maturity up to 3 years in the secondary market - was
never implemented because of the tight conditions it required. In particular,
according to the "conditionality condition", a Eurozone country could have
requested for entry in the programme if it had been in serious and blatant
macroeconomic distress. In other words, the country had to have received
financial support 1 from the Eurozone’s bailout institutions, the European

1It could consist of both macroeconomic adjustment programme or a precautionary pro-
gramme.
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Financial Stability Facility (EFSF) and/or the European Stability Mechanism
(ESM). Importantly, in implementing both SMP and OMT, the ECB ensured
that monetary policy stance remained unchanged by carrying out specific
sterilization operations.

Lastly, with the aim to adjust the inflation level toward the target level
of 2%, the ECB launched the Expanded Asset Purchase Programme (EAPP),
which refers to a series of unconventional measures such as the Asset Backed
Securities Purchase Programme (ABSPP), the CBPPs and the Corporate 2 and
Public Sector 3 Purchase Programme (CSPP and PSPP, respectively), through
which the ECB conducted securities purchases up to e80 billion for month:
according to official ECB sources, it was of e60 billion per month in the first
year; between April 2016 and March 2017 it was incremented up to e80 bil-
lion per month and then it came back to the previous level in the following 8
months; finally, during the last year of the programme the invested amount
was decreased to e30 billion per month from January to September 2018 and
to e15 billion per month between October and December 2018, when the
programme ended. However, starting from November 2019 a e20 billion per
month Asset Purchases Programme was re-activated.

FIGURE 1.1: ECB’s securities held for monetary policy pur-
poses (millions of Euro). Sample period: June 1, 2009 - Decem-

ber 31, 2019. Source: European Central Bank

2It concerned corporate bonds issued by company different than credit institution with a
minimum BBB rating and a remaining maturity between 6 months and 30 years.

3Including both central and local government bonds.
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FIGURE 1.2: ECB balance sheet (Millions of Euro). Sample pe-
riod: June 1, 2009 - December 31, 2019. Source: European Cen-

tral Bank

Figures 1.1 and 1.2 show the evolution of the amount of securities held
by ECB for monetary policy purposes and its size with respect that of other
monetary policy instruments, respectively. Not surprisingly, it is evident the
positive trend, which starts in 2015, when the ECB announced the EAPP. To
give an idea about the size of this measure, suffice it to say that the amount
of securities held for unconventional policies purposes over the ECB’s total
assets, during the period 2009-2018, increased, in average, of about 57% per
year; the average increment was of about 65% if we consider the period 2015-
2018.

1.2.1 Monetary policy transmission channels

It is a common knowledge that, usually, monetary policy is transmitted into
real economy mainly through three different channels. The first one is the
interest rate channel: basically, an expansionary monetary policy (i.e. a cut
of the interest rate) generally leads to a reduction of the interbank interest
rate (the Euro Overnight Index Average, EONIA, in the Eurozone), which
stimulate loans between banks that should employ the consequent higher
liquidity in purchases of assets and in granting an higher level of loans. This
mechanism increases both investments and consumer spending and, ceteris
paribus, the GDP growth.
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A further monetary policy transmission channel is the assets price chan-
nel. By cutting the interest rate, the central bank is generally able to create
an upward trend in stock price: as a result, it increases the market values of
firms, on the one hand, and the private wealth, on the other hand. Again, this
should lead to an increase in both investments and consumptions and, con-
sequently, in GDP growth. This channel relies on the famous Tobin’s Q, the
ratio between the market value of a firm and its assets’ replacement cost. Ba-
sically, if the Q index is grater than 1, a firm could issue new shares to finance
its investments: it follows that a monetary policy that boosts asset price, stim-
ulates total investments thanks to the lower effort that firms should support
to carry out their investment plans.

A third channel, referring to the so-called credit view, is the credit channel.
The mechanism is quite similar to that of the interest rate channel: a lower
interest rate increases banks’ reserves which could be used to increase bank-
ing loans. Once again, it stimulates GDP growth via higher investments and
consumptions. Differently from the interest rate channel, this mechanism af-
fects loans almost directly reducing the threat of the credit crunch, especially
during recession periods.

Moreover, a fourth transmission channel for conventional monetary poli-
cies is the exchange rate channel. Based on the interest rate parity theory, an
increase in the monetary base causes a reduction in the national interest rate
that become lower than the foreign interest rate. By assuming perfect capital
mobility and perfect substitutability of financial assets, it leads to a depre-
ciation of the national currency, which would increase net exportations and,
then, the GDP level.

Finally, the conventional monetary policy acts also through the balance
sheet channel (i.e. more wealth increases the propensity to borrow) and through
the risk taking channel (a low interest rate gives to investors the incentive to
assume more risk in their search for yields).

Cut of interest rates represented the first action took by central banks to
face the global financial crisis. However, with the worsened of the crisis,
the interest rate reached quickly the zero lower bound, leading central banks
to establish new monetary policy measures. The unconventional nature of
these new policies creates new channels (in addition to the traditional ones)
through which monetary policies deploy their effects into the real economy.
Probably, the most important is the portfolio rebalancing channel. By purchas-
ing assets available in the market, the central bank reduces the amount of
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those assets giving to private investors an incentive to rebalance their port-
folio, opting for a new preferred risk-return configuration. Therefore, in-
vestors are encouraged in investing in other markets in which it will be ob-
served higher prices and lower returns: in other words, purchases of assets
by central bank reduce returns not only in the market included in the pro-
gramme, but in all the other markets it is connected to. Crucial for the ef-
fectiveness of this channel is the imperfect substitutability of financial assets,
which arises because of asymmetric information and limited commitment, as
well as the balance sheet constraints; an important role is also played by the
heterogeneity of investors that could have different preferences, different fi-
nancial constraints and different willingness to take risk. When the purchas-
ing programme involves government bonds the reduction of yields allows
government to reduce the interest expenditure, causing a budget constraints
easing. Hence, an unconventional monetary policy could activate a sort of
fiscal channel, through which governments could improve the real economy
conditions via expansionary fiscal policies.

Differently, the signalling channel relies on the central bank ability to drive
market expectations4. Therefore, this channel takes action when the cen-
tral bank announces new unconventional policies or specifies details of pro-
grammes that was previously launched: its efficiency is strictly linked to the
central bank credibility as well as to the impact of agents’ expectation on both
macroeconomic and financial market conditions.

Regardless of the transmission channels, it is important to ask how uncon-
ventional monetary polices impact the economy. Many authors have tried to
answer this question by analysing the unconventional policies effects on sev-
eral economy components. In the next section we provide a literature review
about researches concerning the unconventional monetary policies impact
on financial market as well as on macroeconomic variables.

1.3 Literature review

Since unconventional monetary policies were designed to improve output
and inflation conditions when the interest rate reaches the zero lower bound
- so that it is no possible to boost economy with a further reduction of in-
terest rate, the so-called liquidity trap - most of the researches focus on this
macroeconomic indicators.

4An important example in that sense is the "What ever it takes" speech.
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In this context, an important study refers to Chen et al. (2012) who suc-
cessfully perform an experiment to find a counter-factual scenario of what
would have been the level of inflation and output (among other macroeco-
nomic variables) in absence of the Large-Scale Asset Purchase (LSAP) pro-
grammes established by Federal Reserve. They employ a Dynamic Stochas-
tic General Equilibrium model (DSGE) and, based on the preferred habitat
concept, they postulate that investors have heterogeneous preferences for as-
sets to account for market segmentation. In particular, they assume that the
impact of long-term interest rate on aggregate demand does not depend on
short-term interest rate expectations, so that monetary policy could be effec-
tive even though it is constrained by the zero lower bound, by impacting
directly long term rate; moreover, given the findings in Curdia and Wood-
ford (2011) that unconventional policies involving assets that are viewed as
equivalent to reserves (i.e. short term bond) have no effects on macroeco-
nomic conditions, they base their research on long-term bond. Not surpris-
ingly, they find a moderate effect of LSAP programmes in stimulating output
and inflation; however, according to them, this effect would have been dou-
ble if LSAP programmes were joined to a commitment to keep interest rate
low for a longer period of time. This suggests that the effectiveness of uncon-
ventional policies in boosting GDP and inflation largely depends on market
expectations. In particular, in order to have efficacious monetary policies
it is necessary that inflation expectations are well anchored, i.e. long term
expectations do not depend on temporary shocks. Therefore, it is crucial
for policy-makers to establish credible monetary policy measures in order to
avoid the threats deriving from de-anchoring expectations. This aspect was
investigated in Ciccarelli et al. (2017) in assessing the FED’s unconventional
monetary policies. They, firstly, measure the degree of anchoring of infla-
tion expectation through a time-varying model and then extend the basic
Structural Vector Autoregressive model (SVAR) to account for both expected
shocks (i.e. the pace of the balance sheet expansion), on the one hand, and
unexpected shocks due, for example, to the specific implementation of the
programmes, on the other. Despite a low degree of anchoring during the
period 2009-2014, their study suggests that the programmes established by
FED adequately reduced the risk of de-anchoring of long-term inflation ex-
pectations neutralizing the risk of deflation, as a consequence. Nevertheless
the positive effects in stabilizing inflation expectations, they find how un-
conventional policies had only a limited impact in stimulating inflation and
GDP.
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The same framework is implemented by Peersman (2011), who focuses
on the Euro area and finds a different impact of unconventional policies on
output and inflation, with respect to traditional interest rate innovations. As
expected, even though both policies have positive effects in rising output and
inflation, it emerges how the unconventional policies has a hump shaped ef-
fect and that they impact permanently the consumer price index. Moreover,
he finds a different transmission channel, with unconventional policies (rep-
resented by balance sheet expansion) acting via a banking lending channel.

An important study measuring unconventional policies and their effects
on the real economy is the one carried out by Wu and Xia (2016). They
develop a new indicator, the shadow rate, that is suitable in proxying un-
conventional policy measures: starting from the shadow rate term structure
model (SRTSM) developed by Black (1995), they present an analytical rep-
resentation for bond price in a multi-factor SRTSM framework from which
they obtain a shadow rate with similar dynamic correlation with some macro
variables of interest. By applying the shadow rate they construct, which rep-
resents a measure for the monetary policy stance when interest rate is in the
zero lower bound, they find how, once the interest rate is in the zero lower
bound, because of unconventional policies by FED in the period 2008-2012,
the shadow rate reached the level of −1.12%, making the unemployed rate
0.13% lower than it would have been in the absence of unconventional mon-
etary stimuli.

According to Gambacorta et al. (2014) the main weakness of studies con-
cerining the analysis of the effects of unconventional monetary policies is that
they focus on samples that, generally, cover also pre-crisis period. Therefore,
they argue that this models are not suitable to analysis macroeconomic dy-
namics and monetary policy transmission during periods of liquidity trap.
For this reason they propose to analyse the effects of unconventional policies
on the real economy focusing only on the crisis period, enhancing the effi-
ciency of the model by employing a multi-country analysis, through a panel
VAR model. According to their research, the unconventional policies have a
stronger and more persistent effect on GDP rather than on inflation.

Kapetanios et al. (2012) and Pesaran and Smith (2016) carry out a counter-
factual analysis on the effects of unconventional policies on the UK economy,
considering a 100 bps reduction in the spread between long and short term
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government interest rate - as documented by Joyce et al. (2011) - as a base-
line scenario. Whereas Pesaran and Smith (2016) estimate a general autore-
gressive distributed lag (ARDL) model, finding how the effects of unconven-
tional policies on GDP growth are strong but short living (they last less than
one year), Kapetanios et al. (2012) prioritize time-varying parameters mod-
els. In particular, they estimate a Bayesian VAR (BVAR) model, a Markov
switching VAR (MS-VAR)5 and a time-varying parameters VAR (TVP-VAR),
finding how the UK would have witnessed a deeper recession as well as a
deeper reduction in inflation if the BoE had not adopted quantitative easing
programmes; moreover, the MS-VAR model suggests that the impact on GDP
and inflation is directly proportional to the persistence level of the effects of
QE on the spread, which passes-through from 80 to 120 bps.

The TVP-VAR is also the model estimated by Gambetti and Musso (2017)
to analyse the impact of the APP established in January 2015 on the Euro
area real economy. Differently from Kapetanios et al. (2012), They consider
the model within the volatility stochastic context and, with some assump-
tions needed to be sure that only the APP shock is considered6, they find a
short term positive impact on GDP, whereas the positive effects on inflation
becomes stronger over time (therefore, it is consistent with the general view
that the unconventional policies impact on inflation by affecting inflation ex-
pectations).

Andrade et al. (2016) focus on the monetary policy transmission chan-
nels to carry out a wide analysis on macroeconomic effects of APP in the
Eurozone. In details, they find evidence in favour of: i) the asset valuation
channel, which, by means of what they called "banks capital relief", leads to
an increase in lending and supports the real economy; ii) a signalling chan-
nel, which, together with the iii) re-anchoring expectation channel, stimulates
significantly GDP growth as well as inflation conditions.

Even though the main concern of this kind of policy is the real econ-
omy, they might have had unintended financial effects that have been largely
studied in literature. Most authors analyse the impact of the unconventional
monetary policies on both equity and bond returns and volatility. According
to the methodology underlying the analysis, the branch of literature concern-
ing the effects of unconventional monetary policies on returns can be divided

5They consider four states referring to the different monetary policy regimes adopted by
the BoE since the early 1970s.

6They impose: 1) an APP shock increases the ECB securities held for unconventional
policy purposes and decreases the 10-year government bond yields 2) an APP shock has a
lagged positive effect on GDP and inflation and; 3) they consider only the shock that took
place in the first quarter of 2015.
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into two different categories. The first one is represented by researches based
on the event study approach. In this context, authors usually analyse the ef-
fect of unconventional monetary policies within a short window around their
announcement, generally finding a positive impact on returns. For example,
Casiraghi et al. (2013) find that the SMP, which is measured by consider-
ing the daily purchases of Italian securities, successfully reduced the Italian
sovereign bond yields of about 200 bps. Moreover, through an event study,
they find a similar effect also considering the OMT announcement, for which
the yields reduction was of about 100 bps. In addition, for what concerns
the ECB’s unconventional policies effects on bond market, it emerges how
default risk and market segmentation were the dominant transmission chan-
nels for SMP and OMT (Krishnamurthy et al., 2018) which, together with
CBPPs and 3y-LTROs, diminished significantly the borrowing cost for both
banks and governments, as argued by Szczerbowicz et al. (2015). He focuses
on the policies established by ECB until the end of 2012, finding a sizeable re-
duction in sovereign bond spread due to the SMP and OMT, ranging between
35 bps for Italy and 476 bps for Greece. As expected CBPPs impacted mostly
on the covered bond spreads, while the 3y-LTRO was the only instrument
able to reduce money market spread.

With regard to other markets, i.e. stock and exchange rate market, Ciar-
lone and Colabella (2016) analyse spillovers driven by the ECB’s unconven-
tional policies, finding how the APPs by ECB improve significantly nominal
exchange rate and stock market returns, in addition to 10-year government
bond yields, in CESEE economies. The same authors, Ciarlone and Cola-
bella (2018), extend this analysis by means of a DCC-MGARCH (Dynamic
Conditional Correlations-Multivariate GARCH). They proxy APPs through
three different variables, and in particular the ECB’s holding of securities
for monetary policy purpose, finding out a sort of spillover effects into these
economies, which decrease stock market and foreign exchange market volatil-
ity, while there is a no significant effect for what concerns bond market volatil-
ity.

Contrary to Ciarlone and Colabella (2016), Georgiadis and Gräb (2016)
find how the EAPP announcement on 22, January 2015 boosts equity price in
ASIA and USA, while the positive effects on sovereign bond yields remain
confined to Euro area. Finally, in line with Ciarlone and Colabella (2018),
they find a depreciation of Euro that is lower if considered against advanced
economies than against emerging market economies. Since unconventional
policies are generally anticipated by investors, they argued that the event
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study approach is no longer able to identify the real effect of the announce-
ment. For this reason they focus on the EAPP announcement which, given
the huge amount of purchases and the open-ended feature of the programme,
surprised investors more than previous APPs. As a result, they find how this
announcement had a stronger impact on exchange rate and equity price than
OMT and SMP, mainly because of portfolio rebalancing and signalling chan-
nels.

In contrast, Altavilla et al. (2015), analysing the same announcement, find
how there is a third essential channel, different than portfolio rebalancing
channel, in reducing bond yields in Europe: the risk premium channel. More
in detail, it consists of three channels, called scarcity channel (based on the
preferred habitat theory), credit channel and duration channel. The latter, in
particular, played a crucial role also for the effectiveness of SMP, as shown by
Eser and Schwaab (2016) through a panel model analysis on PIIGS country.

The event study approach was implemented also in researches regarding
FED and BoE unconventional monetary policies. Hattori et al. (2016) find a
reduction of uncertainty and risk aversion for both equity and bond market
attributable to FED unconventional measures, with a greater effect associ-
ated to Forward Guidance than QE announcements. Differently, Joyce et al.
(2011) focus on the impact of BoE announcements on specific gilts: in order
to consider the immediate reaction of the market to QE announcements they
focus on a two-days window, finding a reduction between 70 bps and 150
bps for gilts yields and both investment and non-investment grade corpo-
rate bonds, mainly through the portfolio balancing channel (Breedon et al.,
2012). Urbschat and Watzka (2019) apply the event study methodology pro-
posed by Joyce et al. (2011) in an analysis concerning the Euro Area. in their
event study, they identify 10 events - following the identification method
proposed by Fratzscher et al. (2016) - and conclude that the programmes es-
tablished by the ECB in 2015 and 2016 had a stronger effect at the beginning
of the programmes themselves, whereas the marginal effect decreased over
time, because of the agents’ optimistic expectations about larger interven-
tions by ECB. From this study, it emerges the importance played by the port-
folio rebalancing channel, which drove a government bond yields reduction
of about 86 bps for Portugal and of about 6 bps for Germany. Instead, Steeley
and Matyushkin (2015) focus on the individual gilts volatility finding evi-
dence in favour of what they called Pre-announcement effect, i.e. a decrease
in volatility in days preceding the BoE announcements. In addition, in the
same study they implement a GARCH(1,1) model from which it derives a
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reduction in volatility from the QE programmes subsequent to the QE1.
Despite event study approach has the great advantage of investigating

the impact of specific events in a short window, it is widely recognized how
results largely depend on the size of the window itself. Mainly for this rea-
son, some authors prefer to analyse the unconventional monetary policies
effects within the time series analysis framework, mainly using the Vector
Autoregressive (VAR) approach. In this context, researches mainly focus on
measuring simultaneously the financial and macroeconomic effects of un-
conventional policies. Altavilla et al. (2014) find that the OMT announce-
ment reduced significantly bond yields and volatility, with a positive effect
on consumer price, in the meantime. Differently, Boeckx et al. (2014), mea-
suring unconventional monetary policies through the ECB total assets, find
that the policies implemented in the period 2009-2014 stem financial risk by
an improvement of lending conditions and a spread reduction between the
Eurozone and the German government bonds. The same variable was used
to investigate reduction in both market uncertainty and risk aversion, mea-
sured through expected variance and variance risk premium, respectively
(Rompolis, 2017). Similar results in Fratzscher et al. (2016)7 who proxy risk
aversion through the VIX index and find a positive effect in Eurozone finan-
cial market in the period 2007-2012, i.e. an increment in stock returns in core
countries and a reduction in peripheral countries’ bond yields.

Whereas the above-mentioned studies focus mainly on the announce-
ment effect, some authors analyse the impact of monetary policy shock.
De Santis (2020) tests the impact of ECB’s APP on GDP-weighted 10-year
Eurozone bond, by estimating a panel error correction model. He states that,
since the APP announcement on January 2015 was implicitly communicated
to the market in October 2014, the impact of this announcement could be un-
derestimated. For this reason, he constructs a new variable using the number
of references to this programme in news stories recorded on Blomberg, find-
ing an average reduction in GDP-weighted 10-year Eurozone bond yields by
about 60 bps with higher benefits on peripheral countries. Haitsma et al.
(2016) investigate the impact of monetary policy surprise - measured as the
spread between German and Italian 10-year government bond (unconven-
tional policies surprise) and the difference in three-month Euribor future
spot rate (conventional policies surprise) - in crisis and non-crisis periods .

7The novelty feature of this paper relies on the methodology they use to identify the
events: in particular they refer to the ECB announcements covered on the front page of the
Financial Times.
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Although they do not find a difference between conventional and unconven-
tional policies, what emerges is a difference in the sign of these effects in crisis
periods with respect to pre-crisis periods. While in the first case they are pos-
itive, in quiet periods the coefficient for unconventional surprise is negative,
meaning that an unexpected monetary easing leads to an increase in stock
returns. No difference between the effect of unconventional and conven-
tional monetary policies emerges also in Rosa (2012), who constructs a sur-
prise variable for measuring the surprise component of LSAP announcement
by FED on stock price, after controlling for target shock and news shock8.

Rogers et al. (2014) provide a comparison between the effectiveness of as-
set purchase programmes by ECB, FED, BoE and BoJ. They define the mon-
etary policies surprise as the intra-day change in government bond yields
around the announcement, finding a no significant effect on financial market
only in Japan and a significant appreciation of Euro. Finally, Wright (2012)
analyses the surprise effect through a VAR model, identifying the surprise
by comparing the variance-covariance matrix of VAR innovations on Fed-
eral Open Market Committee (FOMC) announcement days and over non-
announcement days. He finds a significant effect on reducing yields for both
long-term Treasury and corporate bonds, even though this effect decays in
few months.

Although financial market volatility, and in particular financial market
stability, was investigated as a part of more extensive analysis in researches
above-mentioned, there are relatively few studies concerning financial stabil-
ity as a main objective. Of course, in most analysis financial market volatil-
ity is modelled within the ARCH framework. Shogbuyi and Steeley (2017),
through a multivariate GARCH model, find a no significant effect of QE pro-
grammes by FED in reducing volatility in US market; despite the increase in
market volatility on specific days of QE operations by BoE, QE programmes
successfully reduce volatility in UK market, on the one hand, and increase
the covariance between UK and US market, on the other hand. A significant
effect on US market volatility emerges in Tan and Kohli (2011) in which the
VIX index falls significantly during the QE programme and increases when
the programme ended.

8The surprise variable takes value of 1 for LSAP announcement more restrictive than ex-
pected; 0 for no surprise and; -1 for LSAP announcement more expansionary than expected.
Regarding target shocks and news shocks, they are defined as the change in current month
federal fund future rate in a narrow window around FOMC announcement and the differ-
ence between what the FOMC declares and what market expects, respectively.
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The GARCH model is also estimated in Apostolou and Beirne (2017) to in-
vestigate the volatility spillovers due to unconventional policies by FED and
ECB - measured as the change in their balance sheet size - in many emerging
economies, in which they record positive volatility spillovers in bond market
and negative ones for stock market.

In the same way, Converse (2015), using Realized Volatility (RV) as a
proxy for market uncertainty, finds out how FED’s announcement concern-
ing the QE3 programme increased bond market volatility during the first
year of the programme, while equity volatility was lower during the same
period.

Beetsma et al. (2014) focus on Eurozone market finding a no significant
impact of monetary policy common news, which becomes significant con-
sidering country specific news. Moreover, the considered news decrease cor-
relation between distressed economies and Germany - regardless they are
common or country specific - whereas they increase that between distressed
countries.

Contrary to the previous literature, Kenourgios et al. (2015) find that the
QE announcements affect not only domestic currency but also other curren-
cies. From the Asymmetric Power ARCH (APARCH) model they estimate,
it emerges a positive transmission from EUR/USD and JPY/USD exchange
rate to other currencies, while they find a negative transmission from GBP to
EUR and JPY.

Finally, Balatti et al. (2016) find an inverted V shaped effect: initially the
impact of US and UK QE programmes on their own market volatility is posi-
tive and becomes negative after five months, in average. According to them,
this indicates a spike in market volatility on days immediately following the
announcement, while in the long run there would be a quiet period probably
because of lower price movements deriving by the unconventional policies
implementation.

1.3.1 A brief review of univariate volatility models

The pioneer study in modelling volatility is Engle (1982). What inspired En-
gle in his study concerning the UK inflation, is the well known stylized fact
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according to which, even though returns series are characterized by no auto-
correlation, positive transformations of returns (i.e. absolute or squared re-
turns) are, instead, autocorrelated. Basing on this consideration, Engle sug-
gests that there is a sort of autoregressive variance for the data generating
process, conditional on the available information set: this is the rationale un-
derlying the famous Autoregressive Conditional Heteroskedasticity (ARCH)
model. Let the model be:

εt = ηt
√

ht ηt|Ψt−1 ∼ N(0, 1) and εt|Ψt−1 ∼ N(0, ht)

ht = Var(rt|Ψt−1) ≡ E(rt − E(rt|Ψt−1)|Ψt−1)
2 = E(ε2

t |Ψt−1)

(1.1)

where ht is the conditional variance and Ψt−1 is the information set at time
t − 1. According to Engle (1982) we could express the conditional variance
as a function of the squared lagged innovations, ARCH(p):

ht = ω +
p

∑
i=1

αiε
2
t−i (1.2)

Given that the unconditional variance could be interpreted as the expected
value of the conditional one, i.e. σ2 = E(ε2

t ) = E(var(εt|Ψt)) = E(ht),
and given the process for the conditional variance in (1.2), it could be eas-
ily shown that

σ2 = ω

1−
p

∑
i=1

αi
(1.3)

According to the unconditional variance equation in (1.3) the positiveness
condition necessary to have a positive unconditional variance is ω > 0 and αi ≥

0 for i = 1, 2, . . . , p, whereas it is required
p

∑
i=1

αi < 1 to guarantee a stationary

process (Engle, 1982).
The strength of the ARCH model is that it is able to reproduce the persistence
feature which characterizes the volatility process; at the same time, this rep-
resents also a crucial weakness, since, often, it requires many innovation’s
lags (that is, many parameters to be estimated). Bollerslev (1986) overcomes
this problem in the famous Generalized Autoregressive Conditional Het-
eroskedasticity (GARCH) model by introducing conditional variance lags in
(1.2). Differently form the ARCH model, here, the simplest GARCH specifi-
cation, the GARCH(1,1), is sufficient to represent the stylized facts concern-
ing volatility. It simply involves a lagged realization of the innovation (the
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ARCH term) and a lagged value of the conditional variance (GARCH term):

ht = ω + αε2
t−1 + βht−1 (1.4)

with ω > 0 and α, β ≥ 0 and (α + β) < 1, to guarantee positiveness and
stationarity, respectively.

A further stylized fact is the so-called "leverage effect". It refers to the
empirical regularity that negative returns affect volatility more than positive
returns. Nelson (1991) reproduces this empirical finding by introducing the
Exponential GARCH (EGARCH), which thanks to the exponential transfor-
mation ensure the positiveness of the conditional variance without imposing
any parameters constraints. In the simplest form, EGARCH(1,1), the model
is specified as:

ln(ht) = ω + β ln(ht−1) + α ln( |εt−1|√
ht−1
−

√
2
π ) + γ

εt−1√
ht−1

(1.5)

with 0 ≤ β < 1 as a sufficient stationarity condition; the asymmetric effect
is represented by γ

εt−1√
ht−1

and γ is expected to be negative so that we have a

higher impact for negative innovations9.
A simpler model to account for asymmetric effect was developed by Glosten

et al. (1993) and it is known as GJR-GARCH:

ht = ω + αε2
t−1 + βht−1 + γDt−1ε2

t−1 (1.6)

where Dt−1 is a dummy variable taking value of 1 if εt−1 < 0 and 0 otherwise:
therefore, for positive returns the last term in (1.6) disappears and we obtain
the standard GARCH; differently from the EGARCH, now γ is expected to
be positive, so that volatility is higher in correspondence of negative returns.
Once again, positiveness requires all parameter to be positive, whereas sta-
tionarity condition becomes (α + β + γ

2 ) < 1. Finally, it could be noticed that
the GJR-GARCH is actually a special case of the APARCH model (Ding et al.,
1993): by defining the APARCH model as ht = ω + α?(|εt−1| − γ?εt−1)

δ +

βht−1, the GJR-GARCH could be obtained by simply setting δ = 2; it follows
that α = α?(1− γ?)2 and γ = 4α?γ? (Ding et al., 1993).

According to Engle and Lee (1999) the volatility persistence could be mod-
elled as the sum of a short-run and a long-run volatility component. Based
on the consideration that the long-run volatility estimated by GARCH could

9Intuitively, a positive εt−1 has a total impact of α+γ < α , whereas the impact associated
to a negative shock, will be α− γ > α.
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be not constant, they replace it with a time varying long-run volatility. There-
fore, the model is specified as:

ht = qt + st

st = α(ε2
t−1 − qt−1) + δ2(Dt−1ε2

t−1 − 0.5qt−1) + β(ht−1 − qt−1)

qt = ω + ρqt−1 + ϕ(ε2
t−1 − qt−1) + δ1(Dt−1ε2

t−1 − 0.5ht−1)

(1.7)

where qt and st are the long run and the short run components, respectively;
0.5 is a scale factor to account for the mean value of the dummy. Here, st rep-
resents the short run component, whereas qt is the long-run volatility; δ1 and
δ2 measure the long-run and the short-run asymmetric effect. Stationarity
condition is different with respect to the GARCH model. Here it is required
that both the processes are mean reverting, that is (α + β) < 1 and ρ < 1. In
addition, to identify the model the long-run component should have a higher
persistence, i.e. 0 < (α + β) < ρ < 1. In their study they apply the model to
a large sample of the S&P500, finding a persistence of about 0.85 for the short
run component and near to the unit for the long run one. Interestingly, they
find out how the asymmetric effect is not present in the long-term.

More recently, thanks to the availability of intra-day data, the literature
has witnessed to the development of new volatility models which are based
on a new volatility proxy, the Realized Volatility (RV). Although the new
framework in modelling volatility refers to the Multiplicative Error Model10

(MEM, Engle, 2002; Engle and Gallo, 2006), an important model that has been
successful over the last decade is the Heterogeneous Autoregressive Model
(HAR-RV) developed by Corsi (2009)11. In this model, the long memory
feature of volatility results from the additive aggregation of three different
heterogeneous volatility components: the one day RV (which refers to short
term traders), the weekly RV (medium-term investors) and the monthly RV
(long-run investors). This simple model is given by:

RVt = ω + αdRVt−1 + αwR̄V(5)
t−1 + αmR̄V(22)

t−1 (1.8)

where R̄V(5)
t−1 and R̄V(22)

t−1 are the weekly and monthly average, respectively.
Despite its simplicity, this model is able to reproduce the long memory fea-
ture of volatility and it has out-of-sample forecasting performance similar to
that of other more complex models.

10We analyse it in details in the next chapter.
11Here we focus on the simplest version of the model. Other specifications to account for

asymmetry and volatility jumps were developed by Corsi and Reno (2009) and Andersen
et al. (2007), respectively.
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Since the second chapter of this thesis relies on the estimation of multi-
plicative error models, we discuss this kind of models in next chapter. In
what follows, we present some important models which extend ARCH fam-
ily models within the regime switching framework, in order to reproduce
most of the well-known stylized fact, i.e. leptokurtosis, volatility clustering
and time-varying correlations.

1.3.2 Markov Switching volatility models

According to several authors, the volatility persistence is actually caused
by the presence of regimes which volatility is subject to. In this regard,
Lamoureux and Lastrapes (1990), in their analysis on the volatility of 30
CRSP stocks, reach the conclusion that allowing for deterministic shifts in
the GARCH constant (i.e. structural breaks), the model provides a remark-
ably lower persistence level than that of the standard GARCH model.

Most of the recent literature concerning regimes in volatility is based on
the presence of a latent variable which follows a Markov Chain: for this rea-
son, this kind of models are known as Markov switching models.
Markov switching model was introduced by Hamilton (1989) who, basing
on the Markov switching regression previously implemented by Goldfeld
(1973), models changes in parameters of the autoregressive process underly-
ing the US GNP. His novelty approach consists in estimating the likelihood
function with respect to population parameters which are subsequently em-
ployed to make inference about the unobservable regimes. Briefly, he finds
how a model with changes between recession and growth regimes better ap-
proximate the US business cycle than a simple AR model.

Almost in parallel, Hamilton and Susmel (1994) and Cai (1994) propose a
model with changes in regimes within the ARCH family models.
Hamilton and Susmel (1994) specify a model with changes in regime in the
variance process of US weekly stock returns, named SWARCH-L (Markov
Switching ARCH model with Leverage effects):

rt = µt + ut

ut =
√

gst ũt

ũt = htvt vt ∼ iid(0, 1)
h2

t = α0 + α1ũ2
t−1 + α2ũ2

t−2 + . . . + αqũ2
t−q + ξDt−1ũ2

t−1

(1.9)

where rt is the returns series, whereas ξDt−1ũ2
t−1 is the term necessary to ac-

count for asymmetric effects.
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st = 1, 2 . . . , k is a discrete dichotomic latent variable representing the regimes
and following a first order Markov chain:

Prob(st = j|st−1 = i, st−2 = k, . . . , yt−1, yt−2 . . . )

= Prob(st = j|st−1 = i) = pij

(1.10)

Saying differently, considering a two state Markov switching model we get

Prob(st = 0|st−1 = 0) = p
Prob(st = 1|st−1 = 0) = 1− p
Prob(st = 1|st−1 = 1) = q
Prob(st = 0|st−1 = 1) = 1− q

(1.11)

Probabilities are usually collected in the so-called transition probability ma-
trix P

P =

[
p 1− p

1− q q

]
with the constraint that each row sums to 1.
According to Hamilton and Susmel (1994) changes between volatility regimes
happen because of changes in the scale factor of the process, gst . Some inter-
esting findings, although not entirely unexpected, come from the application
of this model, such as: i) the best model specification involves three regimes
(low, medium and high volatility regimes); ii) the low volatility regime has
a higher duration, whereas high volatility is associated to recessions; iii) the
specific regime variance increases going from the low to the high volatility
regime.

Differently, Cai (1994) estimates a two states Markov switching ARCH
model on monthly Treasury yields, by allowing changes in regime both in
returns and volatility process.

rt = c0 + c1St + zt

zt = β1zt−1 + · · ·+ βkzt−k + εt

εt = ut
√

ht ut ∼ NID(0, 1)

ht = γ0 + γ1St +
p

∑
i=1

αiε
2
t−i

(1.12)
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where, as specified by Cai (1994), zt represents the deviation from the regime
mean. Results suggest that there is no a significant difference in the returns of
the two regimes (i.e. c1 is statistically equal to zero), whereas the volatility in
the high volatility regime, which corresponds to some important events such
as the oil shock (1974) and the change in the FED policy rate (1979-1982), is
10 times higher than the level in the low regime.

Hamilton and Lin (1996) combine the model proposed by Hamilton (1989)
together with the model in (1.9) to investigate possible relationships between
the industrial production and the stock market volatility, with each series
following an own state variable. They hypothesize four different relation-
ships12: i) volatility and business cycle regimes are independent each other;
ii) on the contrary, volatility and business cycle regimes depend on the same
factors; iii) changes in volatility and business cycle regime respond to the
same factors, with a different timing; iv) they estimate a model which nests
the previous ones (i.e. they impose no restrictions to the state variables).
Not surprisingly, they find evidence in favour of the third scenario (results
of model iv) go in the same direction), finding a relation between recession
and high volatility regimes; in other words, volatility and the business cycle
are driven by the same factors, with stock market reacting one month before
with respect to the industrial production.

Gray (1996) developed a regime switching model for short term interest
rate which allows to consider time varying moments (mean and variance),
conditional on the regimes. It is the first study focusing on the MS-GARCH
(1,1) model with all the GARCH parameters subject to regime. Intuitively, the
problem arising in estimating a MS-GARCH model is that, at each step, the
conditional variance (as well as the short term interest rate) depends on the
entire regime path (the so-called path-dependence), making the estimation
unfeasible. Gray (1996) address this problem by aggregating, at each step,
the two possible values of the conditional variance (and the same for the
interest rate process). However, this procedure allows an estimation of the
variance conditional only on the past information, not on the regimes, and
this represents the main weakness of this approach. The model, is specified
as in (1.13)

12They estimate this models twice, firstly assuming constant variance for the residuals in
the industrial production equation, then by assuming it is subject to changes in regime.

22



Chapter 1. ECB’s Unconventional Monetary Policies and Literature Review

∆rt = µst,t +
√

hst,tzt zt ∼ NID(0, 1)
µt = µ0 + µ1St + (φ0 + φ1St)rt−1

ht = ω0 + ω1St + (α0 + α1St)ε2
t−1 + (β0 + β1St)ht−1(St−1)

(1.13)

where st takes value 1 and 2; he solves the path dependence problem arising
because of ht−1(St−1) by replacing it with

ht−1 = pt−1(µ
2
1,t−1 + h1,t−1) + (1− pt−1)(µ

2
2,t−1 + h2,t−1)+

−[pt−1µ1,t−1 + (1− pt−1)µ2,t−1]
2

here, pt−1 is the probability of regime 1 and it is time-varying, i.e. it depends
on the level of the short-term interest rate, representing the idea that high
volatility regime is more likely when even the interest rate is high. By apply-
ing the model to a sample consisting in 34 years of weekly observations, he
finds that both the regimes are persistent (high volatility regime persist less
than low volatility regime) with the variance in regime 1 four times higher
than that of regime 2; moreover, there are no significant parameters in the
mean equation (that is, returns follow a random walk process); finally, he
finds a convergence to a long-run mean during periods of high volatility and
interest rate.
Dueker (1997) implements four different specifications of the Markov Switch-
ing GARCH model to compare their performance in forecasting the implied
volatility (VIX): the GARCH-UV model, analogous to Cai (1994), as specified
in (1.12) but allowing switching only in the constant variable, γ; the GARCH-
NF model inspired from Hamilton and Susmel (1994); further, he modifies
the model proposed by Hansen (1992), allowing changes in regime also for
the student-t kurtosis parameter (GARCH-K); finally, he considers a model
similar to the GARCH-K but assuming the variance equals to σ2

t = htnt
nt−2 ,

where nt refers to the degrees of freedom of the student-t distribution for the
GARCH model, as specified in Hansen (1992). Differently from Gray (1996),
he estimates the MS-GARCH models by adopting the solution proposed by
Kim (1994) to solve the path-dependence. According to Hansen’s analysis,
only the GARCH-DF and the GARCH-K could predict the VIX better than
the standard GARCH model, whereas the GARCH-NF underestimates the
volatility after crisis events, because of the too short average duration of the
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high volatility regime; finally, the GARCH-UV seems not to be able to cap-
ture VIX spikes, due to its constant parameters both of ARCH and GARCH
terms.
According to Haas et al. (2004) the main drawback of the Gray’s model refers
to its analytical intractability, which makes no possible to draw the station-
arity conditions of the model. Differently from Dueker (1997) in which the
conditional variance depends only on the past information and not on the
regime, they generalize the MS-GARCH model in a multi-regime framework
accounting for the conditional variance to be dependent on the specific regime
GARCH parameters. Moreover, in this setting, the parameters have a clear
interpretation, that is

α1j
1−β j

is the total impact of a shock and β j reflects the
memory parameter of the process in regime j.
Let the model be

εt = σtzt zt ∼ NID(0, 1)
σ2

t = α0 + αiε
2
t−1 + βσ2

t−1
(1.14)

where αi = [αi1, αi2, . . . , αik]
′ and β = diag(β1, . . . , βk). Haas et al. (2004)

demonstrate that the sufficient condition for covariance stationarity of the
process is that β j < 1, for j = 1, . . . , k. They apply this model, with two and
three regimes, to three different exchange rate series, confirming its good
theoretical properties in estimating volatility persistence, kurtosis and over-
performing other standard models in the out-of-sample density forecasting.

Markov switching models are particularly suitable also in analysis con-
cerning volatility spillovers. Baele (2005), for example, focuses on volatility
spillovers from EU and US markets on several local European financial mar-
kets. He proposes a model for time-varying integration among market, i.e.
time-varying parameters that measure the sensitive of local market to global
shocks. He specifies the returns model as

ri,t = µi,t + εi,t

εi,t = ei,t + γEU
i (SEU

i,t ) + êEUt + γUS
i (SUS

i,t ) + êUSt

ei,t|Ψt−1 N(0, σ2
i,t)

(1.15)

where γEU
i and γUS

i represent the spillover intensities parameter for the EU
and US market respectively, each following a proper state variable, (SEU

i,t )

and (SUS
i,t )

13. Results confirm a statistically significance of the spillover inten-
sities parameters: in particular, the one referring to the EU shocks, increases

13He considers three different relationships between the two state variable, i.e. a general
state (in which he imposes no restrictions), independence and a common state.
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significantly starting from the second half of the 1980s probably because of
the creation of the Eurozone.

Finally, Ma et al. (2017) extend the HAR model within the Markov switch-
ing framework in their analysis of the oil market. They compare twelve spec-
ifications of the HAR model with changes in regime, to account for different
effects such as leverage and jumps. The analysis suggests that, generally, the
presence of regime switching improves significantly the forecasting power of
the model. They compare models through the Model Confidence Set (MCS)
procedure, from which it emerges that linear models have the worst perfor-
mance, being systematically excluded from the best set of models.

Markov switching extension was developed also in the multiplicative er-
ror model framework, covering several aspects such as, for example, two
or multiple regimes and Multi-Chain Markov Switching model. However,
we remand the analysis of these models in Chapter 3 of this dissertation, in
which it is also provided an empirical analysis based on the estimation of
these models.

1.4 Conclusion

In this chapter we present an extended literature review on the effect of un-
conventional monetary policies both on the real economy and financial mar-
kets. This kind of policy represents the main response of Central Banks to the
Great Recession. Initially Central Banks tried to address the consequences of
the financial crisis through conventional monetary policies, via a cut of the in-
terest rate. However, the worsening of the crisis required repeated actions by
Central Banks, with the interest rate reaching the zero lower bound quickly,
bringing the economy in the so-called liquidity trap and making a further
cuts of interest rate no longer effective. This was the case, in particular, of
the ECB, which resorted to unconventional monetary policies starting from
2009, when it established an extended duration (up to 3 years) of the Refi-
nancing operations. Few months later, the ECB decided also on the first asset
purchasing programme, the CBPP, whereas the outbreak of the sovereign
debt crisis made it necessary the ECB intervention also in the sovereign bond
market, through the SMP and the OMT. Finally, to avoid the risk of defla-
tion, in 2015, the ECB established the EAPP, which refers to monthly pur-
chases of asset up to e80 billion per months, within four different purchas-
ing programme (ABS, the CBPP, the CSPP and the PSPP). The extraordinary
nature of these measures has prompted researchers to wonder what effects
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they might have both on the real economy and financial markets. Results
are well expected, with unconventional policies that have successfully miti-
gated the consequences of the crisis, boosting GDP and inflation, on the one
hand, and contributing to preserve financial stability, on the other. For ex-
ample, Kapetanios et al. (2012) analyse the effect of the BoE unconventional
policies on the UK real economy, finding how these policies were crucial to
avoid a deeper recession and a deeper reduction of inflation. Something dif-
ferent turns out from the analysis carried out by Chen et al. (2012) according
to whom a credible commitment to keep interest rate low for a longer period
of time by FED would have doubled the effect of unconventional policies on
US GDP and inflation.
As said, unconventional monetary policies have also contributed in preserv-
ing financial stability. It took place in different ways, such as a reduction
in bond returns and market volatility, whereas stock market returns gen-
erally increase. The downward effect on bond returns emerges in several
analysis, among which Boeckx et al. (2014), who find a general reduction of
the spreads between the government bond yields of Eurozone countries and
the German government bond, and Joyce et al. (2011), who focus on the UK
market finding a general decrease of returns also concerning investment and
non-investment grade corporate bond. Similar results were also found by
Krishnamurthy et al. (2018) who certify the improvement of lending condi-
tions - because of the unconventional monetary policies established by ECB
- both for governments and banks. For what concerns stock market returns
most of the search find evidence in favour of a sort of spillover effect (Ciar-
lone and Colabella, 2016, 2018; Georgiadis and Gräb, 2016; Fratzscher et al.,
2016), whereas others find positive effect deriving from unconventional poli-
cies surprise (Haitsma et al., 2016; Rosa, 2012; Rogers et al., 2014; Wright,
2012). What is interesting to notice is how results seem not to depend on the
applied methodology: indeed, the analysis above-mentioned find similar re-
sults each other despite some researchers perform an event study analysis,
whereas others opted for the time series framework. Furthermore, we de-
served a special attention to studies which have market volatility as a main
objective, in which it emerges the crucial role played by unconventional poli-
cies. Among these studies, through a multivariate GARCH model, Apos-
tolou and Beirne (2017) find an increase in correlation between UK and US
stock market, whereas Shogbuyi and Steeley (2017) find spillover effects in
many emerging economies; finally, an interesting results was find by Balatti
et al. (2016), who find an inverted V shaped effect, with volatility increasing
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after the unconventional policies announcements, whereas it decreases after
few months. In this respect, in the next two chapters we perform an em-
pirical analysis on the effect of unconventional policies established by ECB
on stock market volatility: in Chapter 2, we employ a new model, which al-
low us to estimate the part of volatility depending directly on these policies,
whereas, in Chapter 3, we extend the analysis within the Markov switching
framework to test the ECB ability to keep volatility within a low volatility
regime.
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Chapter 2

Measuring the Effect of
Unconventional Policies on Market
Volatility†?

Abstract

Unconventional monetary policies (UMP), established by European Central
Bank (ECB) in response to the Great Recession, had remarkable effects both
on real economy and financial markets. Our research aims to analyse the
impact of UMP by ECB on stock market volatility in four Eurozone coun-
tries within the MEM framework. We propose a model to allow volatility to
depend on this kind of policy by distinguishing between the announcement
and the implementation effects, measured through a dummy variable and a
proxy for securities held for monetary policy purposes, respectively. While
we observe an increase in volatility on announcement days, we find a nega-
tive implementation effect, which causes a remarkable reduction in volatility
in the long term. Finally, the Model Confidence Set approach finds how the
forecasting power of the proxy improves significantly after the Expanded As-
set Purchases Program (EAPP) announcement.

Keywords: Unconventional monetary policy, Financial market, Realized
Volatility, Multiplicative Error Model, Model Confidence Set.

†A working paper, based on a revised version of this paper, entitled "Measuring the Ef-
fects of Unconventional Policies on Stock Market volatility" (co-authored with G. Gallo and
E. Otranto) was published by CRENos (WP 2020_06) and by Italian Statistical Society (avail-
able at https://it.pearson.com/content/dam/region-core/italy/pearson-italy/pdf/
Docenti/Universit%C3%A0/Pearson-SIS-2020-atti-convegno.pdf). A preliminary ver-
sion was also submitted at the ERFIN-2019 and ITISE-2019 international conferences, as well
as at the 60th Annual Conference (RSA) of the Italian Economic Association (SIE).

?I would like to thank Giampiero M. Gallo for every constructive confrontation, for all his valuable
contributions and useful suggestions for this study.
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2.1 Introduction

Modelling and forecasting volatility is a crucial task both for investors and
researchers: for investors because volatility is essential to determine the as-
set price correctly; for researchers because making inference on the expected
value of a variable requires a correct specification of its expected variance.
Volatility process, including analysis on the effects of unconventional policies
(Apostolou and Beirne, 2017; Shogbuyi and Steeley, 2017), is generally inves-
tigated through ARCH family models (Engle, 1982; Bollerslev, 1986). How-
ever, despite the effectiveness of the GARCH model, it is proved that it has
poor forecasting performance, i.e. the R-squared of the Mincer-Zarnowitz re-
gression of the volatility estimated via GARCH on the daily squared returns
(which is generally used as a volatility proxy) is lower than 5%. For this
reason, the new frontier in analysing volatility is represented by the Multi-
plicative Error Model, MEM (Engle, 2002; Engle and Gallo, 2006), in which
volatility is the product of a time-varying factor (following a GARCH pro-
cess) and a positive random variable ensuring positiveness without resort-
ing to logs. Basing on MEM, Brownlees et al. (2012) propose a model - the
Composite AMEM (ACM) - in which the conditional variance is the sum of
a short–run and a long–run component; similarly, Otranto (2015) proposes a
new model to capture spillovers effects in financial markets, by decomposing
the mean equation as the sum of two components, both evolving according
to a GARCH model. These models could be considered a general framework
where inserting the effect of unconventional policies as an unobservable fac-
tor, providing its estimate and its weight on the level of volatility. In other
terms, we further modify these models to allow volatility to depend on un-
conventional monetary policies. In particular, in our specification, the first
equation composing the mean equation evolves as a GARCH model (captur-
ing the pure volatility mechanism) while the second one follows an autore-
gressive process with exogenous variables, to capture both the announce-
ment effect and the implementation effect of unconventional measures on
volatility.

More precisely, our research aims to analyse the impact of unconventional
monetary policies by ECB on stock market volatility in four Eurozone coun-
tries (France, Germany, Italy and Spain). We proxy for unconventional poli-
cies by using three different variables, relating with the existing literature in
using two of those, i.e. the balance sheet size growth (Apostolou and Beirne,
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2017; Voutsinas and Werner, 2011) and the ratio between the securities pur-
chased and ECB’s total asset (d’Amico et al., 2012; Voutsinas and Werner,
2011).

In carrying out our analysis we employ a realized volatility measure based
on high frequency data, which should remove endogeneity arising when
monetary policy decisions coincide with a stock price reduction, as argued
by Ghysels et al. (2017).

We allow for unconventional policies to affect volatility both in an addi-
tive and a multiplicative way and we compare model through information
criteria (AIC and BIC) and by using loss function for evaluating the fore-
casting power (MAE and MSE); finally a Model Confidence Set procedure
is performed to compare the out-of-sample forecasting performance of the
estimated models.

The paper is organized as follow. Data are described in Section 2.2, while
section 2.3 analyses the high frequency methodology employed in our em-
pirical analysis. Section 2.4 presents results. Finally, section 2.5 concludes
with some remarks.

2.2 The dataset

In carrying out our time series analysis, we consider a dataset consisting of
2686 daily observations of annualized realized kernel volatility1 of four mar-
ket indexes (CAC40 for France, DAX30 for Germany, FTSE MIB for Italy and
IBEX35 for Spain – referred to by country in what follows) provided by the
Oxford Man Institute2, from June 1, 2009 to December 31, 2019. We also allow
our model to take into account the asymmetric effect, i.e. a higher volatility
response to negative returns with respect to the positive ones3.

To investigate the impact of unconventional monetary policies by ECB we
consider two different variables, which refer to the short term and the long
term effect on volatility, respectively. The short term effect is measured by
means of a dummy variable taking value of 1 on days in which ECB releases a
monetary policy announcement and 0 otherwise4. To proxy for the long-run

1Data are, hence, expressed as percentage annualized RV. That is,
√

RV ∗ 252 ∗ 100.
2The latest version is available at https://realized.oxford-man.ox.ac.uk/data/

download.
3We obtain returns as the log difference of market index closing price between two con-

secutive days (data are available at: https://www.investing.com/).
4We obtain information relative to monetary policy decisions, needed to construct

our dummy variable, from the ECB website: https://www.ecb.europa.eu/press/pr/

activities/mopo/html/index.en.html.
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effect we construct three different variables: i) the change in ECB’s balance
sheet size growth (Apostolou and Beirne, 2017; Voutsinas and Werner, 2011),
named TAgrowth; ii) the amount of securities held by ECB for unconven-
tional policy purposes as a fraction of total asset, named UMP/TA (d’Amico
et al., 2012; Voutsinas and Werner, 2011) and; iii) the amount of securities held
for unconventional policies with respect to that held for conventional mea-
sures, UMP/CMP. More precisely, since what matters for the effectiveness
of these policies is the balance sheet composition, rather than its size (Cur-
dia and Woodford, 2011), the last proxy should measure the effect on market
volatility of the unconventional policies weight - relative to the conventional
policies weight - in ECB balance sheet. We obtain daily data on securities
held for monetary policy purposes from ECB website5 and Datastream.

The use of the kernel function is necessary to make realized volatility -
which, basically, is the square root of the realized variance - a consistent esti-
mator of volatility in presence of microstructure noise. In particular, realized
variance was introduced by Andersen and Bollerslev (1998) as a proxy for
Integrated Variance (IV), basing on the common view that both price and
returns of financial assets evolve according to a continuous-time process:

dp(t) = µ(t)dt + σ(t)dW(t)

where dp(t) is the logarithmic price increment, µ(t) is a drift, σ(t) is the spot
volatility and W(t) is a standard Brownian motion. From this process, it de-
rives that the one-period daily return is:

rt = p(t)− p(t− 1) =
∫ t

t−1 µ(s)ds+
∫ t

t−1 σ(s)dW(s)→ rt ∼ N(
∫ t

t−1 µ(s)ds, IVt)

where IVt is the so-called integrated variance. Since the latter is not com-
putable, Andersen and Bollerslev (1998) suggest using the realized variance,
which is simply obtained by summing up the intra-day squared returns:

M

∑
i=1

r2
t,i

where rt,i represents market returns, computed as the first difference of log
price, whereas M is the number of intervals within a trading day.
The problem with using intra-day returns to compute RV is that, at a very
high frequency, returns suffer from autocorrelation, mainly because of mi-
crostructure noise - which is defined as a deviation from the fundamental

5Available at: https://www.ecb.europa.eu/stats/policy_and_exchange_rates/

minimum_reserves/html/index.en.html.
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value that is induced by the characteristics of the market under considera-
tion - e.g. bid-ask spread, the discreteness of price changes and asymmetric
information. For this reason, the recent literature proxies for IV by means of
realized kernel volatility (RVk), which, as shown by Barndorff-Nielsen et al.
(2008), is a robust estimator of the volatility, in particular with respect to mi-
crostructure noise of the markets.

RVkt =
H

∑
h=−H

k
h

(H + 1)
γh

γh =
H

∑
j=|H|+1

rj,trj−|h|,t

where k is the kernel function and H its the bandwidth (henceforth we refer
to RV as the realized kernel volatility).

2.2.1 Descriptive statistics

Looking at the descriptive statistics (Table 2.1) one can notice a similarity be-
tween the France and Germany RV series, which have a lower mean value
than that of Italy and Spain, as expected. In fact, the latter countries, dur-
ing the sample period, experienced a deeper recession, which contributes to
create uncertainty among investors with a direct impact on financial markets.

TABLE 2.1: Descriptive statistics for France, Germany, Italy
and Spain annualized realized kernel volatility. Sample period:

June 1, 2009 to August 24, 2018. Observation: 2686

France Germany Italy Spain
Mean 13.62 13.85 15.28 16.53
Median 12.07 12.4 13.57 14.53
Min 2.28 2.14 1.58 2.98
Max 79.65 88.44 77.72 148.61
St.Dev. 7.49 7.25 7.77 9.01
Skewness 2.18 2.24 2.07 3.14
Kurtosis 9.38 10.6 7.81 24.96

This is also shown by Figure 1, which plots the annualized kernel volatil-
ity series for the considered countries. In all the cases it is quite clear how
volatility clustering affects all the series: indeed, one can notice how volatil-
ity is high, for example, between August and November 2011, whereas it
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stays at low level for a long period between July 2012 and the end of 2014. In
the same Figure, we highlight some important dates (red lines) which give
us a first idea on how unconventional policies affect market volatility. More
in detail:

• SMP announcement on May 10, 2010. It was designed to manage the
spread increase by purchasing government bonds. Initially just bond
of Greece, Ireland and Portugal came into the purchase programme,
which in 2011 was extended also to Italy and Spain government bond:
one can notice, indeed, the significant reduction in volatility observed
in August 2011, when Italy and Spain government bond entered the
programme.

• "Whatever it takes" declaration by Mario Draghi on July 26, 2012, which
served to reassure investors regarding the emerging denomination risk.

• EAPP announcement on January 22, 2015. It was established mainly to
improve monetary policy transmission mechanisms, to contrast credit
crunch so as to favour conditions for banks to increase financing for
the real economy and, finally, contributing to one of the main ECB’s
objective, that is to adjust the inflation rate toward to the target level of
2%.

• March 10, 2016. The purchased amount of securities within the EAPP
was incremented to e80 billion per month. What emerges is an effect
caused also by the amount of securities purchased by ECB.

• October 26, 2017. Volatility increases after the announcement through
which ECB communicated the cut of the monthly purchases, which re-
duced to e15 billion.
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FIGURE 2.1: France, Germany, Italy and Spain annualized real-
ized kernel volatility. Sample period: June 1, 2009 - December

31, 2019. Observation: 2686

A simple visual inspection shows the decrease of volatility in correspondence
of the previous events. Our purpose is to quantify the effect and the weight
of these events on the level of volatility.

To conclude the analysis of our dataset, it is interesting to look at the evo-
lution of the GDP of the selected countries. Figure 2.2 shows the evolution
of the real GDP growth rate (volume6) over the sample period. In details,
the real GDP growth rate seems to follow a similar pattern in all the consid-
ered countries, with a reduction detected in the two-year period 2010-2012,
because of the sovereign debt crisis; conversely, for the period 2012-2017 -
when the most important unconventional measures (OMT and EAPP) had
been implementing - there was an increase in the real GDP growth, which
becomes positive in all the cases. Finally, what is important to notice here
is the different behaviour among countries, with a remarkable reduction of
the real GDP growth rate in Italy and Spain, where it was also negative for
large periods of time, whereas it remained always positive in France and Ger-
many; in the light of these considerations, in analysis of volatility we could
refer to France and Germany as core countries, while we could consider Italy
and Spain as peripheral countries.

6We focus on this measure because of its suitability in allowing comparisons both over
time and between different economies.
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FIGURE 2.2: France, Germany, Italy and Spain real GDP growth
rate (volume). Sample period: 2009-2019. Source: Eurostat

2.3 The models

2.3.1 The AMEM

Volatility is generally investigated in the GARCH framework - Engle (1982)
for the first definition of ARCH model and Bollerslev (1986) for the GARCH
specification - even though in the last two decades the new frontier in mod-
elling market volatility is based on the Multiplicative Error Model (MEM) as
defined by Engle (2002) and successively revised by Engle and Gallo (2006)
to allow for asymmetric effects (AMEM). Let us call RVt the realized volatil-
ity of a certain asset (index) at time t. Since volatility is the evolution of a
non-negative process, Engle (2002) and Engle and Gallo (2006) propose to
model it as the product of a time-varying factor µt, representing the condi-
tional expectation of the volatility and following a GARCH type dynamics,
and a positive random variable, εt:

RVt = µtεt, εt|Ψt−1 ∼ Gamma(ϑ, 1
ϑ )

µt = ω + αRVt−1 + βµt−1 + γDt−1RVt−1
(2.1)

where Ψt−1 is the information set available at time t− 1, and Dt−1 a dummy
variable taking value 1 if the return of the asset (index) at time t− 1 is neg-
ative, 0 otherwise. In this model, called Asymmetric Multiplicative Error
model (AMEM), the usual constraints for positiveness and stationarity are
imposed: ω > 0, α ≥ 0, β ≥ 0, γ ≥ 0 and (α + β + γ

2 ) < 1. Finally, as for the
GARCH model, this causes the unconditional mean equal to

µ = ω
1−α−β−γ

2
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Following Engle and Gallo (2006) we consider the Gamma distribution
for error term, εt, from which, due to the unit mean property, it derives a
conditional density function given by:

f (εt|Ψt−1) =
1

Γ(ϑ)ϑϑεϑ−1
t

Similarly, concerning the conditional density function of RVt, we get

f (RVt|Ψt−1) =
1

Γ(ϑ)ϑϑRVϑ−1
t µ−ϑ

t exp(−ϑ RVt
µt

)

Consequently, considering the conditional distribution of RVt, it is simple,
given the assumption of a Gamma distribution depending only on a param-
eter (from which it derives a conditional mean and variance of the error term
equal to 1 and 1

θ ), to verify that:

E (RVt|Ψt−1) = µt Var (RVt|Ψt−1) = µ2
t /ϑ.

This last property shows that the AMEM possesses a very flexible structure,
implying not only a time–varying conditional mean, but also a time–varying
conditional variance (volatility of volatility), with the possibility to capture
possible clustering in volatility.

2.3.2 The Composite AMEM

The AMEM represents the basis for the model developed by Otranto (2015) to
capture volatility spillovers among markets in a univariate framework (the
Spillover AMEM, SAMEM). In particular, he decomposes the mean equa-
tion µt as the sum of two components, both evolving according to a GARCH
model. Consequently, the SAMEM is specified as:

RVt = µtεt, εt|Ψt−1 ∼ Gamma(ϑ, 1
ϑ )

µt = ςt + ξt

ςt = ω +
p0

∑
h=1

α0,hRVt−h +
q0

∑
j=1

β0,jςt−j + γ0D0,t−1RVt−1

ξt =
pi

∑
h=1

αi,hRVt−h +
qi

∑
j=1

βi,jξt−j + γiD0,t−1RVi,t−1

(2.2)

with Di,t−1 equals 1 when the return of market i is negative and 0 otherwise.
Stationarity and positiveness conditions are the same as in the original model
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by Engle (2002): stationarity, in particular, requires the stationarity in covari-
ance of each volatility component. Importantly, the SAMEM nests the sim-
plest AMEM, which is obtained when all the βi,j coefficients are constrained
to be zero.

Starting from this specification, we develop it to insert the effect of uncon-
ventional policies as a latent factor, which affects the dynamics of volatility.
Our specification is also similar to the Composite AMEM (ACM) developed
by Brownlees et al. (2012), in which the conditional variance is the sum of a
short run and a long run component. Actually, the SAMEM and the ACM
could be considered similar each other, in the sense that SAMEM could be
seen as a particular specification of the ACM, suitable for the analysis of
spillover effects. More precisely, our model is based on the decomposition
of the volatility level in the sum of two unknown components, representing,
respectively, the "proper" volatility of the market and the effect of the un-
conventional policies. The great advantage of this representation consists in
the possibility to quantify the last one and to verify its effect on the global
volatility of the market.

More in detail, the model we propose - following Brownlees et al. (2012),
we call it Composite AMEM– ACM - consists of four equations:

RVt = µtεt, εt|Ψt−1 ∼ Gamma(ϑ, 1
ϑ )

µt = ςt + ξt

ςt = ω + αRVt−1 + βςt−1 + γDt−1RVt−1

ξt = δ(E (xt|Ψt−1)− x̄) + ϕ(∆t − ∆̄) + ψξt−1

(2.3)

Stationarity and positiveness conditions remain almost unchanged with re-
spect to the SAMEM. Once again, for stationarity it is required that both com-
ponents are stationary in covariance, that is (α + β + γ

2 ) < 1 and ψ < 1; posi-
tiveness, instead, simply require that (ςt + ξt > 0) for each t, which could be
ensured even though δ is negative, as we expect.
In this model, ςt represents the proper volatility of the market, due to its in-
trinsic dynamics, which evolves as the third equation in (2.3); ξt represents
the effect due to the unconventional policies and follows an AR(1) process
with exogenous variables xt and ∆t. ∆t is a dummy variable, taking value
1 on days characterized by the communication of monetary policy news by
ECB, 0 otherwise: it represents the effect of the monetary policy announce-
ments by the Central Bank. The other variable, xt, represents, in turns, the
growth of ECB balance sheet size (TAgrowth), the ratio between the amount

37



Chapter 2. Measuring the Effect of Unconventional Policies on Market
Volatility

employed in unconventional polices and total asset (UMP/TA) and the ra-
tio between the amount invested for unconventional policies purposes and
the amount invested for conventional policies (UMP/CMP). The timing of
these exogenous variables deserves particular attention. Because of the Effi-
cient Market Hypothesis and since monetary policy announcements are reg-
ularly scheduled, we can consider the current value of the announcement
variable, ∆t. For what concerns the proxies representing the long run ef-
fect, since at time t we cannot know their current value, we have to use
market expectations on these variables. From a preliminary analysis (cf.
Appendix A.1), it emerges how the UMP/TA follows a random walk pro-
cess, which allows us to measure market expectations on this variable by
using its own lagged value. So, the last equation in (2.3), can be written as:
ξt = δ(xt−1 − x̄) + ϕ(∆t − ∆̄) + ψξt−1. Differently, concerning the balance
sheet size growth and the UMP/CMP proxy, it seems that the data generat-
ing process of these variables is an MA(1) and ARIMA (4,1,2) with the second
lag as a specific lag for the Moving Average component, respectively; there-
fore, we proxy for these variables by using the current fitted value, obtained
from the estimation of these models.
Moreover, the proxies are net of their own average value in order to ensure a
zero unconditional mean for the ξt process.

Finally, as argued by Engle and Lee (1999)), the coefficient ψ in ξt process,
is required to be less than β to ensure the identification of the model (for
ψ = β the ACM reduces to the AMEM with exogenous variables, AMEMX).
The identification condition becomes clearer if we consider the ARMA (1,1)
representation of model (2.3):

RVt = [(RVt − µt) + (α + β)RVt−1 − β(RVt−1 − µt−1)]εt

RVt = [(RVt − ςt − ξt) + (α + β)RVt−1 − β(RVt−1 − ςt−1 − ξt−1)]εt

RVt = [(RVt − ςt) + (α + β)RVt−1 − β(RVt−1 − ςt−1) + βξt−1 − ξt]εt

By considering ξt as in (2.3) the ARMA representation becomes:

RVt = [(RVt − ςt) + (α + β)RVt−1 − β(RVt−1 − ςt−1) + βεt − δxt−1 − ϕ∆t+

+(β− ψ)ξt−1]εt

Since one of the main aims pursued by ECB by means of unconventional
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policies is to stabilize financial markets in the short run, we expect an im-
mediate effect of this kind of policy in reducing stock market volatility. In
other words, in our model, the part of volatility depending directly on un-
conventional policies represents the short run component of realized volatil-
ity as well as the proper volatility dynamics represents the long run compo-
nent. Basing on this assumption, following Engle and Lee (1999) we expect
the long run component has a higher persistence than the short one, that is
0 < ψ < β < 1. It follows that this condition identifies the model since if it is
not the case, the two components would be interchangeable (Engle and Lee
(1999)).

It is important to underline that ξt is an unobservable signal, with a proper
dynamics, which represents the part of the conditional mean of realized volatil-
ity due to the unconventional policies. After estimation we will obtain an
inference on this signal, so it will be possible to quantify and plot the effect of
the ECB unconventional actions on the volatility RVt. Moreover, we can also
measure the weight of the volatility depending directly on unconventional
policies with respect to the general level of volatility, which is simply given
by 1− ςt

µt
= ξt

µt
.

The estimation procedure is based on the quasi maximum likelihood es-
timator, so that the estimators of the unknown coefficients in (2.3) are con-
sistent and asymptotically normal, as shown by Engle (2002) for the MEM
case. As discussed by Engle and Gallo (2006), even if the Gamma distribu-
tion is not appropriate for εt, this procedure gives us consistent and efficient
estimators (given the Quasi-Maximum likelihood interpretation); if θ is un-
known (as usual), robust standard errors will shield against the shape of the
Gamma distribution.

Importantly, since ξt is an unobservable signal, it is impossible to say for
sure whether its impact on the general level of volatility should be considered
in an additive way, as in (2.3), rather than in a multiplicative way, as specified
in Brownlees et al. (2011). If the latter is the case, the identification of the
model requires also that the unconditional mean of ξt is equal to one: in what
follows we discuss two different specifications of the Multiplicative ACM
which ensure the compliance with this constraint.

Logistic ACM. In the first specification we allow ξt to impact on RVt

through a logistic function - and by means of the delta method. The model,
called Logistic-ACM (L-ACM), is specified as in (2.4)
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RVt = µtεt, εt|Ψt−1 ∼ Gamma(ϑ, 1
ϑ )

µt = ςt2
exp(ξt)

1+exp(ξt)

ςt = ω + αRVt−1 + βςt−1 + γDt−1RVt−1

ξt = δ(E (xt|Ψt−1)− x̄) + ϕ(∆t − ∆̄) + ψξt−1

(2.4)

Linear ACM. Alternatively, we ensure the compliance with the unit mean
constraint of ξt by adding a constant term in its equation. Within this speci-
fication, named Linear-ACM (Li-ACM), our model is given by:

RVt = µtεt, εt|Ψt−1 ∼ Gamma(ϑ, 1
ϑ )

µt = ςtξt

ςt = ω + αRVt−1 + βςt−1 + γDt−1RVt−1

ξt = (1− ψ) + δE (xt|Ψt−1)− x̄) + ϕ(∆t − ∆̄) + ψξt−1

(2.5)

once again, in both cases x̄ and ∆̄ represent the mean value of the proxies for
the short and long run effect, respectively.

A way to summarize the difference in dynamics with respect to the pol-
icy actions across model specifications is to derive the marginal effects of a
change in xt−1 (respectively, ∆t) on µt+τ (τ-steps), as done in Table 2.2 (cf.
Appendix A.2 for the derivation).

TABLE 2.2: Marginal effects of policy variables on µt+κ.

Model Marginal effect on µt+κ

AMEMX κβτ

ACM κψτ

L-ACM 2ςt+τκψτ exp(ξt+τ)
(1+exp(ξt+τ))2

Li-ACM κψτςt+τ

Note: κ = δ for the marginal effects of xt−1

κ = ϕ for the marginal effects of ∆t

2.4 Estimation results

In this section, we present the estimation results according to the estimated
models.
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The estimation of the AMEM, which we use as guideline, gives us similar
results for all countries, as shown in Table 2.3. For all the models coefficients
are highly significant (at 1% level) and there is a high level of persistence,
calculated as (α + β + γ/2), ranging between 0.92 (Italy) and 0.94 (France);
the impact of the news, represented by the coefficients α and γ, seems strong
(around 0.2 with an increase around 0.1 in presence of negative news). In
the same table we show the Ljung-Box statistics for lags 1, 5 and 10, showing
how the AMEM is able to capture the autoregressive structure of the volatil-
ities of the models (in fact we do not reject the null of uncorrelation at 1%
significance, excluding Germany at the higher lag and Spain at lag 5).

In a first analysis concerning the impact of unconventional policies on
stock market volatility, we simply estimate an AMEM with exogenous vari-
ables (AMEMX). Estimation results are shown in Tables 2.4-2.6.
According to other researches in literature (Bomfim, 2003; Chan and Gray,
2018; Shogbuyi and Steeley, 2017) the coefficient ϕ of the dummy variable
has a positive sign, meaning that, on days in which there is a monetary
policy communication, there is an immediate reaction in the market with a
clear increase of volatility (Table 2.4) between 1.067 (1.057 if we consider the
UMP/CMP proxy, Table 2.5) points for the strongest market (Germany) and
2.059 (2.062) points for Italy, which, together with Spain, represents one of
the most sensible market to this kind of policy.

As expected, the long run effect has a negative sign in all the countries,
meaning that unconventional policies successfully reduce stock market volatil-
ity in the long run. Here again, the effect is stronger for Italy but, in general,
the difference between core and peripheral countries is remarkable. A unit
increase of the ratio between amount employed for unconventional policies
and ECB’s total asset leads to a reduction in realized volatility of between
0.454 and 0.636 points for Germany and France, whereas it is around 1.07
and 1.02 points for Italy and Spain. respectively.

Therefore, considering the significance of the coefficients representing the
short term and the long term effect of the unconventional policies, a first im-
portant result is that unconventional polices have significantly reduced stock
market volatility during the sample period.
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TABLE 2.3: Model Estimation Results AMEM

a)
France Germany Italy Spain

ω 0.857 *** 0.957 *** 1.198 *** 1.055 ***
(0.046) (0.017) (0.073) (0.075)

α 0.171 *** 0.193 *** 0.268 *** 0.224 ***
(0.017) (0.01) (0.018) (0.013)

β 0.708 *** 0.692 *** 0.608 *** 0.671 ***
(0.019) (0.011) (0.023) (0.007)

γ 0.113 *** 0.087 *** 0.084 *** 0.078 ***
(0.008) (0.006) (0.005) (0.021)

θ 7.559 *** 9.46 *** 10.593 *** 9.149 ***
(0.222) (0.29) (0.423) (0.317)

b)

Ljung-Box 1 lag 0.155 0.171 0.299 0.01 **

Ljung-Box 5 lag 0.111 0.028 * 0.497 0.009 ***

Ljung-Box 10 lag 0.115 0.002 *** 0.336 0.047 *

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in
parenthesis) and b) P–values for Ljung-Box statistics. P–values: *(<10%); **(< 5%); ***(<
1%). Sample period: June 1, 2009 - December 31, 2019. Observations: 2686
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TABLE 2.4: Model Estimation Results AMEMX. Proxy:
UMP/TA

a)
France Germany Italy Spain

ω 1.136 *** 1.081 *** 1.708 *** 1.533 ***
(0.121) (0.052) (0.221) (0.11)

α 0.165 *** 0.191 *** 0.274 *** 0.205 ***
(0.020) (0.011) (0.032) (0.014)

β 0.689 *** 0.684 *** 0.568 *** 0.656 ***
(0.029) (0.016) (0.043) (0.02)

γ 0.120 *** 0.090 *** 0.086 *** 0.087 ***
(0.009) (0.011) (0.011) (0.007)

δ -0.636 *** -0.454 *** -1.074 *** -1.025 ***
(0.075) (0.035) (0.161) (0.086)

ϕ 1.297 *** 1.067 *** 2.059 *** 1.964 ***
(0.381) (0.311) (0.471) (0.361)

θ 7.728 *** 9.610 *** 11.030 *** 9.487 ***
(0.228) (0.298) (0.427) (0.338)

b)

Ljung-Box 1 lag 0.258 0.262 0.691 0.025 **

Ljung-Box 5 lag 0.167 0.063 * 0.721 0.015 **

Ljung-Box 10 lag 0.137 0.004 *** 0.472 0.086 *

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in
parenthesis) and b) P–values for Ljung-Box statistics. P-values: *(<10%); **(< 5%); ***(<
1%). Sample period: June 1, 2009 - December 31, 2019. Observations: 2686
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TABLE 2.5: Model Estimation Results AMEMX. Proxy:
UMP/CMP

a)
France Germany Italy Spain

ω 1.14 *** 0.993 *** 1.735 *** 1.6 ***
(0.101) (0.002) (0.14) (0.13)

α 0.157 *** 0.202 *** 0.271 *** 0.2
(0.016) (0.012) (0.023) (0.013)

β 0.696 *** 0.681 *** 0.569 *** 0.656 ***
(0.024) (0.011) (0.031) (0.02)

γ 0.122 *** 0.088 *** 0.086 *** 0.089 ***
(0.009) (0.006) (0.008) (0.008)

δ -0.232 *** -0.156 *** -0.39 *** -0.391 ***
(0.024) (0.011) (0.038) (0.036)

ϕ 1.286 *** 1.057 *** 2.062 *** 1.968 ***
(0.308) (0.28) (0.421) (0.377)

θ 7.742 *** 9.82 *** 11.043 *** 9.498 ***
(0.228) (0.312) (0.43) (0.338)

b)

Ljung-Box 1 lag 0.258 0.575 0.702 0.032 **

Ljung-Box 5 lag 0.178 0.222 0.746 0.017 **

Ljung-Box 10 lag 0.122 0.092 * 0.482 0.087 *

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in
parenthesis) and b) P–values for Ljung-Box statistics. P–values: *(<10%); **(< 5%); ***(<
1%). Sample period: June 1, 2009 - December 31, 2019. Observations: 2685
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TABLE 2.6: Model Estimation Results AMEMX. Proxy:
TAgrowth

a)
France Germany Italy Spain

ω 0.907 *** 0.9 *** 1.32 *** 1.119 ***
(0.055) (0.246) (0.23) (0.063)

α 0.166 *** 0.208 *** 0.277 *** 0.214 ***
(0.013) (0.03) (0.034) (0.021)

β 0.706 *** 0.683 *** 0.591 *** 0.675 ***
(0.017) (0.05) (0.042) (0.024)

γ 0.118 *** 0.086 *** 0.085 *** 0.082 ***
(0.008) (0.008) (0.021) (0.006)

δ -1.427 -1.298 -1.838 -0.874
(1.185) (4.878) (3.296) (0.64)

ϕ 1.492 *** 1.224 *** 2.275 *** 2.255 ***
(0.324) (0.374) (0.437) (0.365)

θ 7.625 *** 9.74 *** 10.779 *** 9.259 ***
(0.219) (0.304) (0.429) (0.315)

b)

Ljung-Box 1 lag 0.173 0.455 0.45 0.011 **

Ljung-Box 5 lag 0.153 0.195 0.781 0.012 **

Ljung-Box 10 lag 0.122 0.087 * 0.518 0.063 *

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in
parenthesis) and b) P–values for Ljung-Box statistics. P–values: *(<10%); **(< 5%); ***(<
1%). Sample period: June 1, 2009 - December 31, 2019. Observations: 2685
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2.4.1 ACM results

In Tables 2.7-2.9 estimation results for the ACM are shown. It is interesting to
underline as the coefficient β, in general, changes slowly with respect to the
AMEM or the AMEMX, whereas α decreases and γ increases; in particular,
the maximum decrease of α is of about 14% for Spain, with respect to the
AMEM; it is of about 10% for Italy, with respect to the AMEMX.

Our proxies are significant at 1% level and enter the model with the ex-
pected sign. In both cases the higher impact is observed for peripheral coun-
tries: in average, the short run and the long run effects for Italy is higher with
respect to France and Germany of about 25% and 77%, respectively; this in-
crement is even more remarkable when we consider the long term effect for
Spain: it is of about 54% and 113% with respect to France and Germany, re-
spectively. In addition to the significance of our proxy, the impact of uncon-
ventional policies on stock market volatility is evident also by looking at the
weight of the part of volatility depending directly on this kind of policy with
respect to the general level of volatility. More specifically, it derives how the
reduction of volatility caused by ECB’s unconventional policies is between
-0.6% and -1.4%, for Germany and Spain, respectively. The signal represent-
ing the effect of unconventional policies seems not to have an autoregressive
dynamics, since the AR coefficient is never significant at 1% level (it is signif-
icant at 10% level only for France).

Similar results are obtained when we estimate the model by using the
other proxy, UMP/CMP. The sign and the significance of the dummy vari-
able ∆t do not change; here too, the lowest parameter is recorded for Ger-
many (2.288) and the highest for Italy (3.454). Even in this case, the proxy for
the long run effect enters the model with a negative sign but with a remark-
ably lower magnitude. The highest effect is now about -1.066, observed for
Spain, meaning that the increase of securities held for unconventional poli-
cies purpose, relative to that held for conventional purpose, leads to a reduc-
tion of the realized volatility of about 1 point. This long run effect can be also
seen in Figures 2.3 and 2.4, which plot the evolution of the volatility compo-
nents (ς, the blue line, and ξ, the red dotted-line). In both cases, this effect is
more evident starting from October 2014 - when the ECB implicitly commu-
nicated to the market that it would have purchased also private sector bond
(as well as government bond) - coming in the form of change in the slope of ξ

equation (red line7), which lasts for the entire period of the programme. This

7As can be seen, the line representing the ξ process is defined in three different level:
the lowest depends on the characteristic path of the part of volatility depending directly
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is, perhaps, the most interesting result since it should mean that the quan-
tity of securities held for monetary purpose, related to both total asset and
securities held for conventional policies purpose, is actually crucial for the
effectiveness of these unconventional policies. In addition, in April 2017 it
can be observed an increase in this volatility component, which is probably
due to the reduction of the amount of securities purchased by ECB, falling
down to e60 billion from the previous level of e80 billion.

Lastly, we deserve a special mention to the third proxy, the balance sheet
size growth, which is defined as a quantitative proxy (Voutsinas and Werner,
2011). Looking at results (Table 2.9), it is important to notice how it enters the
model with a positive sign. Therefore, even though it is never significant, an
increase of the ECB’s total assets causes a boost in stock market volatility.

Results remain almost unchanged when we consider the multiplicative
specifications (Tables 2.10-2.15). Once again the qualitative proxies enter the
model with the expected sign and with the highest level of significance. In
both cases, coefficients are pretty lower, however it should depend from the
fact that here unconventional policies affect volatility in a multiplicative way:
in other words, whereas in the additive version of the ACM ξt is gener-
ally negative - so that higher proxies’ coefficients will reduce stock market
volatility - within the multiplicative versions ξt is always positive, therefore
unconventional policies depress volatility if the coefficients associated to the
proxies are less than 1. For this reason it could be interesting to make a first
comparison between ACM models by contrasting the resulting marginal ef-
fects. Marginal effects are equal to the first partial derivative of µt with re-
spect to the proxy, UMP

TA t−1 (∆t). Whether, as shown in Table 2.2, in the addi-
tive specification their are constant and equal to the estimated coefficients, in
multiplicative specifications we have time varying marginal effects - i.e. they
depend on ς and/or on ϕ.
Looking at the average value (Table 2.168), it emerges how, in both cases, the
higher marginal effect derives from the linear version of the multiplicative
ACM. More specifically, a unit increase in the UMP/TA proxy leads to a re-
duction in realized volatility between -1.577 (Germany) and -3.382 (Spain)
points; conversely, on announcement days volatility increases, in average,
by 2.603 and 4.146 points, for Germany and Spain, respectively. In sum, once

on unconventional policies; the highest, instead, represents volatility spikes due to the an-
nouncement effect; finally, the intermediate line, represents the level of volatility on days
after a monetary policy announcement, when volatility comes back to its previous level.

8It should be noticed that, for what concerns ∆t, marginal effects are considered only
with respect to announcement days. Therefore, before computing the average value, we
multiplied the marginal effect of ∆t by ∆t itself.

47



Chapter 2. Measuring the Effect of Unconventional Policies on Market
Volatility

again, it seems unconventional policies have an higher impact on periph-
eral countries, although the effect is remarkable also in the core ones. The
evolution of marginal effects deriving from the two specifications of the mul-
tiplicative model is shown in Figures 2.5 and 2.6: for both models and for all
the countries, marginal effects have a specular behaviour and it is interesting
to notice how they follow the behaviour of the realized volatility measure. In
particular, it could be observed how the marginal effect line of the announce-
ment variable has picks in correspondence of volatility spike, whereas the
period of lower marginal effects of the qualitative proxy, corresponds to pe-
riod of low volatility of the market. Of course, it represents a further sign of
the validity of our model and of the proxies we use.

Even in the multiplicative specifications, the quantitative proxy is never
significant; this allow us to conclude saying that - as argued Curdia and
Woodford (2011) - our results support the idea that what matters for uncon-
ventional policies to be effective in reducing stock market volatility is the
balance sheet composition, not the size.

In statistical terms, the ACM improves the performance in terms of Ljung-
Box statistics, so that all the models seem to capture the autoregressive struc-
ture of the volatility of the four markets, the only exception, once again, is
Germany at the highest lag. However, for what concerns the multiplicative
specifications some residuals correlation still remains for Spain at the first
lag, meaning that a further adjustment is needed to capture the autoregres-
sive nature of volatility in this country: generally, this is addressed by adding
a further lag of the GARCH term (i.e. ςt−2 in our model); conversely, we try to
overcome this problem through a Markov switching extension of the model,
as largely discussed in Chapter 3.

Model comparisons (Figure 2.7) corroborates the intuition that the ef-
fectiveness of unconventional policies in reducing stock market volatility
largely depends on the balance sheet composition. Comparisons are based
on the information criteria (AIC and BIC) and loss functions for evaluating
the forecasting capability of the models (MSE and MAE). For all the coun-
tries, the preferred model (the one lying within the black box) is the L-ACM,
with unconventional policies measured through UMP/CMP.

In the next section we further compare models relying on the out-of-
sample forecasting power, which will be evaluated within the Model Con-
fidence Set framework.
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TABLE 2.7: Model Estimation Results ACM. Proxy: UMP/TA

a)
France Germany Italy Spain

ω 1.056 *** 1.034 *** 1.533 *** 1.438 ***
(0.065) (0.016) (0.260) (0.135)

α 0.154 *** 0.183 *** 0.249 *** 0.197 ***
(0.015) (0.014) (0.033) (0.024)

β 0.707 *** 0.696 *** 0.604 *** 0.671 ***
(0.015) (0.013) (0.043) (0.027)

γ 0.117 *** 0.089 *** 0.086 *** 0.085 ***
(0.011) (0.008) (0.019) (0.015)

δ -1.836 *** -1.328 *** -2.354 *** -2.823 ***
(0.326) (0.283) (0.519) (0.528)

ϕ 2.817 *** 2.317 *** 3.448 *** 3.428 ***
(0.539) (0.470) (0.569) (0.671)

ψ 0.111 * 0.098 0.051 0.058
(0.060) (0.077) (0.083) (0.090)

θ 7.817 *** 9.700 *** 11.183 *** 9.580 ***
(0.231) (0.301) (0.436) (0.349)

b)

Ljung-Box 1 lag 0.132 0.184 0.3 0.011 **

Ljung-Box 5 lag 0.215 0.056 * 0.8 0.019 **

Ljung-Box 10 lag 0.21 0.003 *** 0.647 0.119

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in
parenthesis) and b) P–values for Ljung-Box statistics. P–values: *(<10%); **(< 5%); ***(<
1%). Sample period: June 1, 2009 - December 31, 2019. Observations: 2686
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TABLE 2.8: Model Estimation Results ACM. Proxy: UMP/CMP

a)
France Germany Italy Spain

ω 1.06 *** 0.948 *** 1.553 *** 1.504 ***
(0.084) (0.267) (0.178) (0.141)

α 0.147 *** 0.194 *** 0.246 *** 0.192 ***
(0.018) (0.025) (0.024) (0.022)

β 0.713 *** 0.693 *** 0.606 *** 0.671 ***
(0.022) (0.043) (0.033) (0.027)

γ 0.119 *** 0.087 *** 0.087 *** 0.087 ***
(0.011) (0.009) (0.009) (0.009)

δ -0.664 *** -0.458 ** -0.849 *** -1.066 ***
(0.112) (0.181) (0.16) (0.165)

ϕ 2.823 *** 2.288 *** 3.454 *** 3.43 ***
(0.531) (0.447) (0.559) (0.624)

ψ 0.122 * 0.091 0.055 0.062
(0.063) (0.406) (0.084) (0.076)

θ 7.828 *** 9.916 *** 11.195 *** 9.59 ***
(0.23) (0.316) (0.437) (0.349)

b)

Ljung-Box 1 lag 0.145 0.455 0.315 0.014 **

Ljung-Box 5 lag 0.227 0.716 0.842 0.024 **

Ljung-Box 10 lag 0.189 0.099 * 0.678 0.131

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in
parenthesis) and b) P–values for Ljung-Box statistics. P–values: *(<10%); **(< 5%); ***(<
1%). Sample period: June 1, 2009 - December 31, 2019. Observations: 2685
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TABLE 2.9: Model Estimation Results ACM. Proxy: TAgrowth

a)
France Germany Italy Spain

ω 0.853 *** 0.864 *** 1.199 *** 1.082 ***
(0.12) (0.053) (0.118) (0.075)

α 0.159 *** 0.202 *** 0.256 *** 0.212 ***
(0.02) (0.017) (0.022) (0.025)

β 0.718 *** 0.692 *** 0.619 *** 0.68 ***
(0.028) (0.019) (0.029) (0.024)

γ 0.116 *** 0.085 *** 0.085 *** 0.08 ***
(0.011) (0.011) (0.006) (0.013)

δ -1.675 -1.335 -2.450 0.038
(1.233) (2.505) (2.238) (0.041)

ϕ 3.03 *** 2.405 *** 3.708 *** 3.711 ***
(0.563) (0.447) (0.577) (0.651)

ψ 0.138 ** 0.115 0.085 0.088
(0.065) (0.081) (0.062) (0.073)

θ 7.706 *** 9.825 *** 10.922 *** 9.338 ***
(0.221) (0.309) (0.437) (0.325)

b)
Ljung-Box 1 lag 0.122 0.404 0.236 0.011 **

Ljung-Box 5 lag 0.194 0.213 0.79 0.025 **

Ljung-Box 10 lag 0.156 0.082 * 0.586 0.107

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in
parenthesis) and b) P–values for Ljung-Box statistics. P–values: *(<10%); **(< 5%); ***(<
1%). Sample period: June 1, 2009 - December 31, 2019. Observations: 2685
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TABLE 2.10: Model Estimation Results L-ACM. Proxy:
UMP/TA

a)
France Germany Italy Spain

ω 1.011 *** 1.026 *** 1.480 *** 1.410 **
(0.007) (0.059) (0.239) (0.621)

α 0.151 *** 0.182 *** 0.248 *** 0.193 ***
(0.015) (0.012) (0.042) (0.060)

β 0.712 *** 0.696 *** 0.605 *** 0.674 ***
(0.014) (0.014) (0.049) (0.091)

γ 0.119 *** 0.090 *** 0.089 *** 0.086 ***
(0.010) (0.008) (0.022) (0.017)

δ -0.297 *** -0.219 *** -0.343 *** -0.389 ***
(0.057) (0.052) (0.048) (0.133)

ϕ 0.464 *** 0.378 *** 0.518 *** 0.501 ***
(0.093) (0.073) (0.084) (0.087)

ψ 0.194 ** 0.175 * 0.089 0.123
(0.081) (0.097) (0.055) (0.298)

θ 7.827 *** 9.719 *** 11.185 *** 9.626 ***
(0.230) (0.301) (0.437) (0.355)

b)

Ljung-Box 1 lag 0.108 0.173 0.287 0.006 ***

Ljung-Box 5 lag 0.192 0.051 * 0.805 0.012 **

Ljung-Box 10 lag 0.201 0.003 *** 0.625 0.089 *

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in
parenthesis) and b) P–values for Ljung-Box statistics. P–values: *(<10%); **(< 5%); ***(<
1%). Sample period: June 1, 2009 - December 31, 2019. Observations: 2686
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TABLE 2.11: Model Estimation Results L-ACM. Proxy:
UMP/CMP

a)
France Germany Italy Spain

ω 1.025 *** 0.946 *** 1.522 *** 1.493 ***
(0.017) (0.102) (0.168) (0.146)

α 0.143 *** 0.192 *** 0.245 *** 0.186 ***
(0.014) (0.015) (0.025) (0.019)

β 0.717 *** 0.693 *** 0.605 *** 0.674 ***
(0.013) (0.019) (0.033) (0.025)

γ 0.121 *** 0.088 *** 0.089 *** 0.089 ***
(0.011) (0.009) (0.009) (0.009)

δ -0.119 *** -0.076 *** -0.133 *** -0.155 ***
(0.021) (0.016) (0.019) (0.025)

ϕ 0.466 *** 0.374 *** 0.518 *** 0.499 ***
(0.091) (0.076) (0.083) (0.089)

ψ 0.184 ** 0.203 *** 0.093 0.136
(0.082) (0.078) (0.058) (0.091)

θ 7.849 *** 9.947 *** 11.216 *** 9.654 ***
(0.23) (0.315) (0.439) (0.354)

b)

Ljung-Box 1 lag 0.117 0.441 0.312 0.008 ***

Ljung-Box 5 lag 0.205 0.237 0.85 0.015 **

Ljung-Box 10 lag 0.197 0.097 * 0.66 0.1

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in
parenthesis) and b) P–values for Ljung-Box statistics. P–values: *(<10%); **(< 5%); ***(<
1%). Sample period: June 1, 2009 - December 31, 2019. Observations: 2685
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TABLE 2.12: Model Estimation Results L-ACM. Proxy:
TAgrowth

a)
France Germany Italy Spain

ω 0.828 *** 0.847 *** 0.176 *** 1.038 ***
(0.085) (0.26) (0.055) (0.044)

α 0.156 *** 0.199 *** 0.255 *** 0.206 ***
(0.018) (0.017) (0.019) (0.019)

β 0.723 *** 0.695 *** 0.621 *** 0.688 ***
(0.024) (0.038) (0.021) (0.016)

γ 0.116 *** 0.085 *** 0.086 *** 0.081 ***
(0.011) (0.015) (0.01) (0.012)

δ 0.024 -0.07 -0.096 0.203
(0.026) (0.389) (0.213) (0.127)

ϕ 0.489 *** 0.387 *** 0.542 *** 0.526 ***
(0.089) (0.134) (0.081) (0.092)

ψ 0.211 *** 0.234 0.127 ** 0.173
(0.061) (0.341) (0.062) (0.112)

θ 7.716 *** 9.845 *** 10.944 *** 9.385 ***
(0.22) (0.307) (0.44) (0.323)

b)

Ljung-Box 1 lag 0.101 0.36 0.224 0.005 ***

Ljung-Box 5 lag 0.174 0.194 0.787 0.014 **

Ljung-Box 10 lag 0.154 0.082 * 0.587 0.08 *

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in
parenthesis) and b) P–values for Ljung-Box statistics. P–values: *(<10%); **(< 5%); ***(<
1%). Sample period: June 1, 2009 - December 31, 2019. Observations: 2685
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TABLE 2.13: Model Estimation Results Li-ACM. Proxy:
UMP/TA

a)
France Germany Italy Spain

ω 1.025 *** 1.034 ** 1.490 *** 1.426 ***
(0.053) (0.519) (0.146) (0.132)

α 0.153 *** 0.183 *** 0.250 *** 0.195 ***
(0.017) (0.055) (0.022) (0.023)

β 0.709 *** 0.694 *** 0.603 *** 0.671 ***
(0.018) (0.094) (0.030) (0.028)

γ 0.119 *** 0.090 *** 0.088 *** 0.086 ***
(0.012) (0.008) (0.008) (0.009)

δ -0.161 *** -0.115 ** -0.178 *** -0.207 ***
(0.029) (0.057) (0.031) (0.037)

ϕ 0.231 *** 0.188 ** 0.254 *** 0.247 ***
(0.045) (0.073) (0.038) (0.042)

ψ 0.134 0.138 0.058 0.072
(0.083) (0.204) (0.073) (0.112)

θ 7.820 *** 9.714 *** 11.181 *** 9.623 ***
(0.231) (0.301) (0.436) (0.352)

b)

Ljung-Box 1 lag 0.125 0.194 0.324 0.008 ***

Ljung-Box 5 lag 0.207 0.054 * 0.824 0.015 **

Ljung-Box 10 lag 0.201 0.003 *** 0.624 0.1

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in
parenthesis) and b) P–values for Ljung-Box statistics. P–values: *(<10%); **(< 5%); ***(<
1%). Sample period: June 1, 2009 - December 31, 2019. Observations: 2686
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TABLE 2.14: Model Estimation Results Li-ACM. Proxy:
UMP/CMP

a)
France Germany Italy Spain

ω 1.035 *** 0.958 *** 1.534 *** 1.514 ***
(0.027) (0.029) (0.22) (0.166)

α 0.144 *** 0.195 *** 0.247 *** 0.189 ***
(0.014) (0.015) (0.03) (0.024)

β 0.715 *** 0.69 *** 0.603 *** 0.67 ***
(0.012) (0.015) (0.041) (0.03)

γ 0.122 *** 0.087 *** 0.089 *** 0.088 ***
(0.01) (0.01) (0.012) (0.012)

δ -0.063 *** -0.042 *** -0.069 *** -0.083 ***
(0.01) (0.009) (0.013) (0.013)

ϕ 0.231 *** 0.188 *** 0.254 *** 0.247 ***
(0.041) (0.036) (0.039) (0.042)

ψ 0.141 ** 0.132 * 0.06 0.076
(0.057) (0.077) (0.094) (0.084)

θ 7.844 *** 9.938 *** 11.213 *** 9.65 ***
(0.231) (0.316) (0.439) (0.354)

b)
Ljung-Box 1 lag 0.137 0.498 0.356 0.011 **

Ljung-Box 5 lag 0.22 0.251 0.873 0.019 **

Ljung-Box 10 lag 0.196 0.093 * 0.661 0.117

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in
parenthesis) and b) P–values for Ljung-Box statistics. P–values: *(<10%); **(< 5%); ***(<
1%). Sample period: June 1, 2009 - December 31, 2019. Observations: 2685
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TABLE 2.15: Model Estimation Results Li-ACM. Proxy:
TAgrowth

a)
France Germany Italy Spain

ω 0.837 *** 0.859 *** 1.187 *** 1.057 ***
(0.113) (0.084) (0.103) (0.074)

α 0.158 *** 0.202 *** 0.258 *** 0.21 ***
(0.021) (0.02) (0.021) (0.023)

β 0.72 *** 0.692 *** 0.618 *** 0.683 ***
(0.03) (0.024) (0.027) (0.023)

γ 0.117 *** 0.085 *** 0.086 *** 0.08 ***
(0.011) (0.009) (0.007) (0.012)

δ 0.009 -0.03 -0.049 0.108
(0.021) (0.033) (0.164) (0.08)

ϕ 0.244 *** 0.197 *** 0.267 *** 0.262 ***
(0.043) (0.035) (0.039) (0.044)

ψ 0.163 * 0.155 *** 0.088 0.098
(0.089) (0.045) (0.076) (0.079)

θ 7.708 *** 9.834 *** 10.937 *** 9.377 ***
(0.221) (0.308) (0.439) (0.324)

b)

Ljung-Box 1 lag 0.125 0.421 0.272 0.009 ***

Ljung-Box 5 lag 0.193 0.208 0.828 0.02 **

Ljung-Box 10 lag 0.152 0.076 * 0.589 0.1

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in
parenthesis) and b) P–values for Ljung-Box statistics. P–values: *(<10%); **(< 5%); ***(<
1%). Sample period: June 1, 2009 - December 31, 2019. Observations: 2685

57



Chapter 2. Measuring the Effect of Unconventional Policies on Market
Volatility

FIGURE 2.3: France, Germany, Italy and Spain Base and Pol-
icy volatility component obtained from ACM. Proxy: UMP/TA.

Sample period: June 1, 2009 - December 31, 2019

FIGURE 2.4: France, Germany, Italy and Spain Base and Policy
volatility component obtained from ACM. Proxy: UMP/CMP.

Sample period: June 1, 2009 - December 31, 2019
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TABLE 2.16: Average marginal effects of policy variables on µt
– Sample period: June 1, 2009 - December 31, 2019 (parameter

estimates as in Tables 2.7–2.15)

Marginal effect of UMP
TA t−1 on µt Marginal effect of ∆ton µt

ACM L-ACM Li-ACM ACM L-ACM Li-ACM

France -1.836 -1.571 -2.172 2.817 2.236 3.177
Germany -1.328 -1.158 -1.577 2.317 1.821 2.603
Italy -2.354 -2.033 -2.693 3.448 2.785 3.953
Spain -2.823 -2.489 -3.382 3.428 2.912 4.146

FIGURE 2.5: Marginal effects UMP/TA. Model: L-ACM. Sam-
ple period: June 1, 2009 - December 31, 2019
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FIGURE 2.6: Marginal effects UMP/TA. Model: Li-ACM. Sam-
ple period: June 1, 2009 - December 31, 2019

FIGURE 2.7: Model comparisons

Note: Model comparisons via Information Criteria (AIC and BIC) and forecasting capability
(MSE and MAE) – Sample period: June 1, 2009 - December 31, 2019. Best model in the black
box

2.4.2 The Model Confidence Set

In this Section, we compare the forecasting capability of the estimated models
by implementing the Model Confidence Set (MCS) procedure. It is defined as
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the procedure needed to get the set of models that consists of the best models
from a larger set of models (Hansen et al. (2011)) at a given significance level
(10% in our case). MCS procedure is alternative to the procedure provided
by Diebold and Mariano (1995) to compare the forecasting accuracy of two
alternative models (the main advantages, here, is that we can consider a full
set of models). MCS procedure is based on loss differentials between model i
and j, dij,t, testing the null hypothesis H0 : E(dij,t) = 0. If the null is rejected,
the worst model is excluded from the set of the best models; the procedure
ends when the null is no more rejected. The test underlying the procedure is
a simple t-statistic concerning the average value of dij,t

tij =
d̄ij

v̂ar(d̄ij)

where v̂ar(d̄ij) is the estimator of var(d̄ij), obtained via the bootstrap proce-
dure provided by Hansen et al. (2011).

We rely on this procedure to asses the one-step-ahead forecasting power
of the model, basing on Quasi-Likelihood (QLike) as well as on mean square
error (MSE) loss functions, which, according to Patton (2011), are consistent.
In particular, QLike and MSE are two different measure of the variability
of a dataset with respect to the value estimated through a statistical model:

whereas MSE is the sum of the squared forecast errors ( 1
T

T

∑
t=1

(RVt − ˆRVt)
2),

QLike is measured as 1
T

T

∑
t=1

(
RVt

µt
− ln(

RVt

µt
)− 1).

For this purpose we split the sample in correspondence of three differ-
ent dates making the one-step-ahead out-of-sample forecast for the following
year. The choice of the splitting dates is crucial for assessing the forecasting
power of our proxies: in this respect, the first date we selected is "December
31, 2014" in order to exclude the most important unconventional policy pro-
gramme, the EAPP. Therefore, we decided on "December 31, 2016", when the
EAPP had already been launched for 2 years so that we have enough obser-
vations to evaluate it, and on "December 31, 2018" in order to consider the
full period of the programme.

As shown in Figures 2.8-2.13, both the loss functions give us similar re-
sults, the most important of which is that the EAPP programme is crucial to
improve the forecasting power of our proxies. This intuition could be better
explained by considering the sub-samples individually. MCS results shown
in Figures 2.8 and 2.9 refer to the forecasting period ending in December 2015
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(before the EAPP announcement): the AMEMX model referring to the quan-
titative proxy is the best model (green bar, in Figure 2.9) for France and Italy,
whereas the L-ACM is the best one in the case of Germany. In addition, for
the France, Italy and Spain almost all the models belong to the best set. Cru-
cially, the AMEM is included in the best set (as represented by the blue bars,
whereas the black bars represent models excluded from the best set of mod-
els) in all the cases, meaning that - before the EAPP announcement - it has
the same forecasting power as more complex models which include uncon-
ventional policies proxies.

Results change drastically if we refer to the estimation period ending in
December 2016 (Figures 2.10 and 2.11), in which ECB purchased assets up to
e80 billion per month, causing a remarkable change in the ECB balance sheet
composition. Consequently, now the qualitative proxies have the higher fore-
casting power and the AMEM is always excluded from the best set of mod-
els. Importantly, our model specification (ACM) belongs to the best set in
all the cases and it is the best model for Germany. The importance of this
programme is also confirmed by the last MCS procedure, the one referring
to the estimation period ending in December 2018 (Figures 2.12 and 2.13),
which include the full implementation period of the EAPP. Here, in all the
cases, the best model is the Li-ACM, with the UMP/CMP as a proxy (Figure
2.13). More precisely, in 2 out of 4 cases it is the only model belonging to
the best set, which includes also the AMEMX and the L-ACM for France and
Italy, respectively.

In sum, it emerges how unconventional policies played a crucial role in
reducing stock market volatility.
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FIGURE 2.8: Model Confidence Set. Loss function: MSE. Es-
timation period: June 1, 2009 - December 31, 2014. Forecast

Period: Sample period: January 1, 2015 - December 31, 2015
Note. Bars: green (the best model); blue (models belonging to the best set); black (excluded
models).

FIGURE 2.9: Model Confidence Set. Loss function: Qlike. Es-
timation period: June 1, 2009 - December 31, 2014. Forecast

Period: Sample period: January 1, 2015 - December 31, 2015
Note. Bars: green (the best model); blue (models belonging to the best set); black (excluded
models).
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FIGURE 2.10: Model Confidence Set. Loss function: MSE. Es-
timation period: June 1, 2009 - December 31, 2016. Forecast

Period: Sample period: January 1, 2017 - December 31, 2017
Note. Bars: green (the best model); blue (models belonging to the best set); black (excluded
models).

FIGURE 2.11: Model Confidence Set. Loss function: Qlike. Es-
timation period: June 1, 2009 - December 31, 2016. Forecast

Period: Sample period: January 1, 2017 - December 31, 2017

Note. Bars: green (the best model); blue (models belonging to the best set); black (excluded
models).
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FIGURE 2.12: Model Confidence Set. Loss function: MSE. Es-
timation period: June 1, 2009 - December 31, 2018. Forecast

Period: Sample period: January 1, 2019 - December 31, 2019

Note. Bars: green (the best model); blue (models belonging to the best set); black (excluded
models).

FIGURE 2.13: Model Confidence Set. Loss function: Qlike. Es-
timation period: June 1, 2009 - December 31, 2018. Forecast

Period: Sample period: January 1, 2019 - December 31, 2019

Note. Bars: green (the best model); blue (models belonging to the best set); black (excluded
models).
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2.4.3 How long does volatility take to converge to its long-

run level?

In this section a multi-step forecasting procedure is employed to answer two
crucial questions: i) how long do quantitative easing policies affect stock
market volatility? ii) What would be the volatility response to a higher quan-
titative easing shock?

Once again, in carrying out this analysis we consider three sub-samples
for the estimation period, which end in December 2014, 2016 and 2018, re-
spectively, whereas the forecasting period refers to the following year. Re-
sults, basing on models defined in Appendix A.3 are shown in Figures 2.14
to 2.31. Of course the duration of the effects depends on the country as well
as on the considered proxy. What is interesting to notice, in a first analysis, is
how, before (the first sub-sample) and after (the last sub-sample) the EAPP,
volatility has a downward trend: this is a further signal of the considerable
effect that unconventional monetary polices had on stock market volatility.

Starting from the estimation period ending in August 2014 (Figures 2.14-
2.16) the duration lasts between 30 (as estimated for the German index using
the Li-ACM and the UMP/CMP proxy) and 78 days (as it results, for the
same index, from the estimation of AMEMX with the UMP/TA proxy).

Results do not change significantly when we consider the estimation pe-
riod ending in August 2016 (Figures 2.17-2.19). Here, the minimum (50 days)
is estimated for Italy via AMEMX (UMP/TA as a proxy), whereas the max-
imum duration (103 days) is estimated via ACM for Germany, using the
TAgrowth.

Finally, for the last estimation period (Figures 2.20-2.22), the minimum
(41 days) is obtained via Li-ACM, with the UMP/TA as a proxy, for Italy,
whereas the maximum (124 days) duration refers to France estimated via Li-
ACM, using the TAgrowth as a proxy. As it could be noticed, independently
on the duration, once the quantitative easing effect is completely absorbed by
the market, the volatility converges to its long run level. Moreover, it seems
that this long run level does not depend on the considered model.

Finally we analysis how volatility would have responded to a higher
quantitative easing shock. For this purpose we increase the quantitative
easing proxies by one standard deviation, which is 0.726 (In the case of the
UMP/CMP proxy). As summarized in Figures 2.23-2.31, there is a significant
reduction in the long run volatility level: focusing on the last sub-sample, for
example, the average reduction is 1.52 for Germany, 1.83 for France and Italy,
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2.36 for Spain. More important, in line with the no statically significance of
the coefficient associated to the TAgrowth proxy, a positive shock in that vari-
able does not lead to a significant change in the long run level of volatility.

In conclusion, once again, it appears clear the role played by unconven-
tional policies in reducing stock market volatility as well as the fact that they
are crucial tools available to Central Banks, especially in periods of interest
rates close to the zero lower bound.

FIGURE 2.14: Multi-step forecast. Proxy:UMP/TA. Estimation
period: June 1, 2009 - December 31, 2014. Forecast Period: Sam-

ple period: January 1, 2015 - December 31, 2015
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FIGURE 2.15: Multi-step forecast. Proxy:UMP/CMP. Estima-
tion period: June 1, 2009 - December 31, 2014. Forecast Period:

Sample period: January 1, 2015 - December 31, 2015

FIGURE 2.16: Multi-step forecast. Proxy:TAgrowth. Estimation
period: June 1, 2009 - December 31, 2014. Forecast Period: Sam-

ple period: January 1, 2015 - December 31, 2015
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FIGURE 2.17: Multi-step forecast. Proxy:UMP/TA. Estimation
period: June 1, 2009 - December 31, 2016. Forecast Period: Sam-

ple period: January 1, 2017 - December 31, 2017

FIGURE 2.18: Multi-step forecast. Proxy:UMP/CMP. Estima-
tion period: June 1, 2009 - December 31, 2016. Forecast Period:

Sample period: January 1, 2017 - December 31, 2017
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FIGURE 2.19: Multi-step forecast. Proxy:TAgrowth. Estimation
period: June 1, 2009 - December 31, 2016. Forecast Period: Sam-

ple period: January 1, 2017 - December 31, 2017

FIGURE 2.20: Multi-step forecast. Proxy:UMP/TA. Estimation
period: June 1, 2009 - December 31, 2018. Forecast Period: Sam-

ple period: January 1, 2019 - December 31, 2019
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FIGURE 2.21: Multi-step forecast. Proxy:UMP/CMP. Estima-
tion period: June 1, 2009 - December 31, 2018. Forecast Period:

Sample period: January 1, 2019 - December 31, 2019

FIGURE 2.22: Multi-step forecast. Proxy:TAgrowth. Estimation
period: June 1, 2009 - December 31, 2018. Forecast Period: Sam-

ple period: January 1, 2019 - December 31, 2019
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FIGURE 2.23: Multi-step forecast assuming 1sd shock.
Proxy:UMP/TA. Estimation period: June 1, 2009 - December
31, 2014. Forecast Period: Sample period: January 1, 2015 - De-

cember 31, 2015

FIGURE 2.24: Multi-step forecast assuming 1sd shock.
Proxy:UMP/CMP. Estimation period: June 1, 2009 - December
31, 2014. Forecast Period: Sample period: January 1, 2015 - De-

cember 31, 2015
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FIGURE 2.25: Multi-step forecast assuming 1sd shock.
Proxy:TAgrowth. Estimation period: June 1, 2009 - December
31, 2014. Forecast Period: Sample period: January 1, 2015 - De-

cember 31, 2015

FIGURE 2.26: Multi-step forecast assuming 1sd shock.
Proxy:UMP/TA. Estimation period: June 1, 2009 - December
31, 2016. Forecast Period: Sample period: January 1, 2017 - De-

cember 31, 2017
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FIGURE 2.27: Multi-step forecast assuming 1sd shock.
Proxy:UMP/CMP. Estimation period: June 1, 2009 - December
31, 2016. Forecast Period: Sample period: January 1, 2017 - De-

cember 31, 2017

FIGURE 2.28: Multi-step forecast assuming 1sd shock.
Proxy:TAgrowth. Estimation period: June 1, 2009 - December
31, 2016. Forecast Period: Sample period: January 1, 2017 - De-

cember 31, 2017
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FIGURE 2.29: Multi-step forecast assuming 1sd shock.
Proxy:UMP/TA. Estimation period: June 1, 2009 - December
31, 2018. Forecast Period: Sample period: January 1, 2019 - De-

cember 31, 2019

FIGURE 2.30: Multi-step forecast assuming 1sd shock.
Proxy:UMP/CMP.Estimation period: June 1, 2009 - December
31, 2018. Forecast Period: Sample period: January 1, 2019 - De-

cember 31, 2019
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FIGURE 2.31: Multi-step forecast assuming 1sd shock.
Proxy:TAgrowth. Estimation period: June 1, 2009 - December
31, 2018. Forecast Period: Sample period: January 1, 2019 - De-

cember 31, 2019

2.5 Conclusion

In this chapter we examined how unconventional monetary policies by ECB
had affected realized volatility. The innovative feature of this study lies in
the model we use, the Composite AMEM, which allows us to distinguish
between a pure volatility mechanism and the part of volatility depending di-
rectly on quantitative easing policies. Therefore, after estimating the AMEM
and the AMEM with exogenous variables, which serve as baseline models,
we focus on the estimation of different specifications of the ACM, to allow
unconventional policies to impact on volatility both in an additive and a mul-
tiplicative way. Results show how what matters for the effectiveness of these
policies is the balance sheet composition rather than the balance sheet size.
Indeed, it follows that an increase in securities held by ECB for monetary
policy purposes relative to total asset (UMP/TA) reduces volatility in both
core and peripheral countries, with disrupted countries generally beneficing
more. A further proof derives from the estimation of the models through
a different proxy, which basically tells us that an increase in securities pur-
chased for QE programmes relative to securities held for conventional poli-
cies (UMP/CMP) also reduces market volatility. Model comparisons, based
on information criteria and both MAE and MSE, show how the logistic speci-
fication of the multiplicative ACM is the best one, whereas UMP/CMP is the
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proxy working better. However, our proxies do not allow us to distinguish
the specific effect of each policy, so that we cannot identify which of these
extraordinary measures is more effective. This, of course, represents a first
idea for future research, as well as the possibility to control also for spillovers
among countries.

Moreover, we evaluated the out-of-sample forecasting performance of
our models through the Model Confidence Set process from which it emerges
the importance of the EAPP programme in making our proxies suitable for
forecasting purposes. More in details, it derives how, before the EAPP an-
nouncement, the AMEM has the same forecasting performance of more com-
plex models, whereas it is always excluded from the best set of models when
we perform the MCS basing on sub-samples that include the EAPP pro-
gramme. The importance of the EAPP is also evident from the multi-step
forecast procedure, since we find that unconventional policies contribute in
lowering volatility for a maximum of 124 business days, on the one hand,
and that a further unconventional policies shock of one standard deviation,
would have lowered stock market volatility up to 3 points, on the other.

In other words, our research is a further proof that unconventional mon-
etary policy is a crucial instrument for Central Banks for restoring the proper
functioning both of the economy and the financial markets and especially for
achieving one of the main goals of central banks - i.e. to preserve financial
stability - when interest rates are close to the zero lower bound.
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Chapter 3

Unconventional Monetary Policies
and Volatility Regime Shifts

Abstract

By augmenting the ACM models within the Markov switching (MS) frame-
work, we aim to test whether the ECB was able to keep volatility within a low
regime for an extended period of time. We estimate different Markov switch-
ing specifications basing on both the ACM and the multiplicative ACM, find-
ing how the ECB was able to impact directly the part of volatility depending
on unconventional policies, keeping it within a low regime for a minimum
of 14 days (in the case of Italy) and a maximum of 53 days (Germany), as
emerged from the MS(ξ)-LACM. Our proxy enters the model with the ex-
pected negative sign, but this effect is more than a short term effect, since the
low regime is the prevailing regime in all the cases. MCS procedure gives
evidence in favour of our intuition, with the MS(ξ)-LACM that is the best
model in 3 out of 4 cases. Finally, the TVTP-AMEM shows how the ECB
was able to affect the regime probabilities, since there exists a positive rela-
tionship between the low regime probability and the unconventional policy
proxy, whereas the latter is negatively related to the high regime probability.

Keywords: Markov switching model, ECB unconventional monetary poli-
cies, stock market volatility, ACM, Model Confidence Set.
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3.1 Introduction

If the GARCH model is the most widely used in volatility analysis, it is be-
cause of its capability to reproduce the volatility persistence in a parsimo-
nious way (in most of the cases it is sufficient to consider a GARCH (1,1)
model). As anticipated in Chapter 1, some authors, and in particular Lam-
oureux and Lastrapes (1990), argue that the volatility persistence is actually
caused by different regimes which volatility is affected to.

Most of the recent literature concerning the analysis of volatility subject
to several regimes is based on the presence of a latent variable which follows
a Markov Chain: for this reason, this kind of model is known as Markov
switching (MS) model. In this Chapter, we extend the ACM in order to allow
our two volatility components to be subject to regime switching. Therefore,
we firstly try to capture regime changes in the proper volatility dynamics
(so we aim to analyse how volatility responded to unconventional policies
within each regime), whereas, in a further analysis, we allow changes in
the part of volatility depending directly on unconventional policies, with
the main purpose to test whether the ECB was able to affect directly this
volatility component, keeping it within a low regime. For this purpose, we
replace the announcements dummy variable with a switching constant, with
the main aim to capture possible jumps in the ξt process, even those previ-
ously caused by the dummy variable. Results seem to support our intuition,
in the sense that the ξt component stays in a low regime for a long period
of time, with probability of remaining in the low regime that is higher than
the high volatility regime probability. Moreover, for what concerns Italy and
Spain, unconventional policies have also affected the probability of remain-
ing in each regime directly, with the low regime probability positively related
to the unconventional policy proxy, whereas the probability of remaining in
the high regime reduces when the proxy increases.

The chapter is structured as follow. A literature review concerning Markov
switching AMEM is discussed in Section 3.2, whereas the estimated models
are analysed in Section 3.3. Section 3.4 presents results - which are divided
according to the estimated models - together with model comparisons based
on the MCS procedure, discussed in Section 3.5. Finally, Section 3.6 concludes
with some remarks.
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3.2 Multiplicative Error Models and regime changes

The analysis we carry out in this Chapter represents the natural extension of
the analysis we have presented in the previous one. Whereas in Chapter 2
we have analysed the impact of ECB’s unconventional monetary policies on
the stock market volatility, here we focus on the possibility that this kind of
policy has driven volatility regime shifts.

As anticipated in Chapter 1, Markov Switching extensions are provided
also within the Multiplicative Error Model framework. Gallo and Otranto
(2015) propose two different models with parameters of the mean equation
subject to changes in regime. They focus on a Smooth Transition AMEM (ST-
AMEM), where changes in regime are driven by a function (so that they ac-
count for progressive changes in regimes), and on the three regimes Markov
Switching AMEM (MS(3)-AMEM), which, differently, allows for abrupt changes.
The latter, in particular, is specified as:

xt = µt,st εt, εt|Ψt−1 ∼ Gamma(ast ,
1

ast
)

µt,st = ω +
n

∑
i=1

ki Ist + αst(xt−1 − µt−1,st−1) + βst µt−1,st−1+

+γst Dt−1(xt−1 − µt−1,st−1)

(3.1)

where Ist is equal to 1 if st ≤ i, k1 = 0 and ki ≥ 0 for i = 2 . . . n, so that

the constant in regime j is equal to ω +
j

∑
i=1

ki and it increases passing from

the lower to the higher regime. As usual, st is a dichotomic discrete latent
variable representing the regime at time t and following a first order Markov
chain.

Pr(st = j|st−1 = i, st−2 . . .) = Pr(st = j|st−1 = i) = pij

Positiveness and stationarity conditions do not change with respect to the

simpler AMEM, i.e. ω > 0,
n

∑
i=1

ki, αst , βst , γst ≥ 0 and 0 < αst + βst +
γst
2 < 11,

respectively; whereas the unconditional mean in state j is given by

1Actually, this condition for stationarity could be considered too strong. Indeed, Gallo
and Otranto (2018) show how - given the properties of stationarity and ergodicity of the
MS GARCH model (Francq et al., 2001) - the necessary condition for the MS-AMEM to be

stationary and ergodic is
n

∑
st=1

πst E[log(αst + γst Dt−1)εt + βst ] < 0, where πst , st = 1 . . . n

represents the ergodic probabilities of each regime.

80



Chapter 3. Unconventional Monetary Policies and Volatility Regime Shifts

µj =

ω+

n

∑
i=1

ki

αj+β j+
γj
2

Basing on a large sample of the S&P500 RV measure, they apply these models
and compare their forecasting performance with respect to the performance
of a large set of models, including the HAR (Corsi, 2009), the Heterogeneous
AMEM (HAMEM) in which the mean equation follows the HAR model,
the HAR with jumps (Andersen et al., 2007) and the MS-HAMEM. Firstly,
from the model in (3.1), it emerges, as one might largely expect, that the low
volatility regime has a higher duration, 87 days; whereas the duration of the
medium and the high regimes is remarkably lower, 28 and 13 days respec-
tively. In addition, whereas the probability of remaining in the low volatil-
ity regime is 99%, they find a strong relationship between the intermediate
and the high regime: when the model is in the intermediate (high) regime,
there is a higher probability of passing in the high (intermediate) regime than
the probability of moving in the low volatility regime. Finally, considering
model comparisons, based on the MCS procedure, they find how the ST-
AMEM is always in the best set of models, while the MS-AMEM shows good
in-sample and one-step-ahead forecasting performance. In conclusion, this
analysis represents evidence supporting the view that changes in the level
of volatility are actually present in many stock indexes and that this slow-
moving underlying trend can be adequately captured by a Markov switching
model.

Following the intuition of Bollerslev et al. (2016), Cipollini et al. (2020)
insert both an interaction and a curvature term in the MS-AMEM, to ac-
count for heteroskedasticity in Realized Volatility measurement errors, which
arises because of the strong correlation between the square root of the Inte-
grated Quarticity (IQ) and the Realized Volatility itself. Let the model be

RVt = µt,st εt, εt|Ψt−1 ∼ Gamma(ast ,
1

ast
)

µt,st = ω +
n

∑
i=1

ki Ist + (αst + αEXt−1)RVt−1 + βst µt−1,st−1 + γst Dt−1RVt−1
(3.2)

when Xt−1 = 0 the model is the MS-AMEM; when Xt−1 =
√

RQt−1, where
RQ (Realized Quarticity) is a proxy for IQ, we have the MS-AMEMQ; fi-
nally when Xt−1 = RVt−1 the model, which they called MS-AMEM2, ac-
counts for the curvature term. Basing on a sample of 28 big cap plus the
S&P500, they find how the significance of αE disappears when they con-
sider changes in regime. In other words, while both the interaction and the
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curvature terms improve the in and out-of-sample performance of the HAR
family models, the MS-AMEM is always the best model, that is the interac-
tion/curvature term does not improve the forecasting ability of the model.
This allow them to conclude that "the statistical significance of the interac-
tion/curvature term provides evidence that accounting for heteroskedastic-
ity and a slow-moving average level of volatility provides robustness to mea-
surement errors" (Cipollini et al., 2020).

Basing on this considerations, and in particular on model (3.1), we pro-
pose an extension of the analysis carried out in the previous Chapter: whether
in Chapter 2 we have proposed an analysis on the effect of unconventional
policies on four Eurozone stock indexes, here we do something similar, try-
ing to understand whether the ECB was able to keep volatility within a low
volatility regime and how long this effect lasted.

3.3 The models

In this section the estimated models are discussed. To be sure that our models
can measure the effort as well as the ability of the ECB in keeping volatility
within a low regime as long as possible, we present different Markov switch-
ing Asymmetric Composite AMEM (MS-ACM) specifications, in all of which
we consider only two regimes, low and high volatility regime, and allow for
changes also in the shape parameter of the Gamma distribution, θ.

3.3.1 ACM with switching in ς process

In the simplest version of the MS(ς)−ACM, we allow only the constant term
to switch between a low and a high volatility regime. The model is specified
as in (3.3):

RVt = µt,st εt, εt|Ψt−1 ∼ Gamma(ϑst ,
1

ϑst
)

µt,st = ςt,st + ξt

ςt,st = ω0 + ω1,st + αRVt−1 + βςt−1,st−1 + γDt−1RVt−1

ξt = δ(E (xt|Ψt−1)− x̄) + ϕ(∆t − ∆̄) + ψξt−1

(3.3)

Once again, changes in regime are driven by the latent variable st, which
follows a first order Markov chain

Pr(st = j|st−1 = i, st−2 . . .) = Pr(st = j|st−1 = i) = pij
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so that, our transition probabilities matrix, P, is given by

P =

[
p00 p01

p10 p11

]
where each row of P sums to 1. Following Gallo and Otranto (2015) we en-
sure the volatility to increase passing from the low to the high regime, by
computing the constant of the high volatility regime as ω +ωst , which causes
a specific unconditional mean equal to

ω0+ω1,st
α+β+ γ

2
, from which it derives that all

parameter are required to be positive to ensure positiveness; differently, the
stationarity condition is the same for both the regimes, i.e. 0 < α + β + γ

2 < 1
and ψ < 0. A more general specification of the model is the one in which
all parameters in ςt are subject to changes in regime. However, relying on
information criteria, the estimation of these models does not show signs of
improvement, for this reason they are no longer considered in the following
analysis.

In contrast to Chapter 2, where we measured how long the ECB uncon-
ventional policy measures lowered volatility by means of a multistep-ahead
out-of-sample forecasting procedure, here, we have a different tool to achieve
the same objective, that is the average duration of each volatility regime, i.e.

1
1−pii

(i = 0, 1 for the low and high regime, respectively). In other words,
we could interpret the average duration of the low volatility regime, as a
measure of the ECB ability to decrease volatility for a certain period of time.
Following the structure of the previous chapter, instead, also in this analy-
sis we considered the two different multiplicative specifications of the ACM,
which - within the Markov switching framework - are expressed as in (3.4)
and (3.5), for the Logistic and the Linear specifications, respectively.

RVt = µt,st εt, εt|Ψt−1 ∼ Gamma(ϑst ,
1

ϑst
)

µt,st = ςt,st2
exp(ξt)

1+exp(ξt)

ςt,st = ω0 + ω1,st + αRVt−1 + βςt−1,st−1 + γDt−1RVt−1

ξt = δ(E (xt|Ψt−1)− x̄) + ϕ(∆t − ∆̄) + ψξt−1

(3.4)

RVt = µt,st εt, εt|Ψt−1 ∼ Gamma(ϑst ,
1

ϑst
)

µt,st = ςt,st ξt

ςt,st = ω0 + ω1,st + αRVt−1 + βςt−1,st−1 + γDt−1RVt−1

ξt = (1− ψ) + δ(E (xt|Ψt−1)− x̄) + ϕ(∆t − ∆̄) + ψξt−1

(3.5)
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3.3.2 ACM with switching in ξ process

Assuming switching parameters in the proper volatility dynamics, ςt, is the
natural starting-point in our Markov switching analysis. However, it is pos-
sible that the switching process concerns the ξt component (we refers to this
set of models through the prefix MS(ξ)). In order to consider also this sce-
nario, we should modify our model by inserting a switching constant in the ξt

component, which would replace our announcement variable. This is quite
straightforward in the MS(ξ)-ACM and MS(ξ)-LACM, so that they are speci-
fied as in models (3.6) and (3.7).

RVt = µt,stεt, εt|Ψt−1 ∼ Gamma(ϑst ,
1

ϑst
)

µt,st = ςt + ξt,st

ςt = ω + αRVt−1 + βςt−1 + γDt−1RVt−1

ξt,st = ϕ0 + ϕ1,st + δ(E (xt|Ψt−1)− x̄) + ψξt−1,st−1

(3.6)

RVt = µt,stεt, εt|Ψt−1 ∼ Gamma(ϑst ,
1

ϑst
)

µt,st = ςt2
exp(ξt,st )

1+exp(ξt,st )

ςt = ω + αRVt−1 + βςt−1 + γDt−1RVt−1

ξt,st = ϕ0 + ϕ1,st + δ(E (xt|Ψt−1)− x̄) + ψξt−1,st−1

(3.7)

where ϕ0 represents the constant in the low volatility regime, increasing by
ϕ1 in the high volatility regime. Positiveness and stationarity conditions re-
main unchanged and in model (3.7) the logistic function ensures that the
mean of the ξt process is still equal to 1, even though we are adding a constant
term. This condition no longer holds when we consider the linear specifica-
tion of the model. Therefore, within this specification we have to impose a
further adjustment by means of the ergodic probabilities: in other words, we
replace our constant term ϕ0 + ϕ1,st with [(1− ψ) + ϕ(st − E(st))]. Let the
model be

RVt = µt,stεt, εt|Ψt−1 ∼ Gamma(ϑst ,
1

ϑst
)

µt,st = ςtξt,st

ςt = ω + αRVt−1 + βςt−1 + γDt−1RVt−1

ξt,st = (1− ψ) + ϕ(st − E(st)) + δ(E (xt|Ψt−1)− x̄) + ψξt−1,st−1

(3.8)

where E(st) is equal to the ergodic probability (let call it π) of regime 1, i.e.
π1 = 1−p00

2−p00−p11
, as defined by Hamilton (1994).

84



Chapter 3. Unconventional Monetary Policies and Volatility Regime Shifts

To show that E(ξt) = 1, let ξt be expressed as

ξt = ϕ0 + ϕ1(st) + δ(xt − x̄) + ψξt−1

by considering the unconditional expected value

E(ξt) = ϕ0 + ϕ1E(st) + δ(E(xt)− x̄) + ψE(ξt−1)

since E(st) = 0 ∗ π0 + 1 ∗ π1 = π1, E(xt) = x̄ and E(ξt−1) = E(ξt), then

E(ξt)− ψE(ξt−1) = ϕ0 + ϕ1π1 + δ(x̄− x̄)
E(ξt) =

ϕ0+ϕ1π1
1−ψ

E(ξt) = 1⇒ ϕ0+ϕ1π1
1−ψ = 1⇒ ϕ0 = (1− ψ)− ϕ1π1

Differently from models (3.6) and (3.7), in this model, the constant term in
the low regime is given by [1− ψ− (ϕπ1)], which increases to [1− ψ + ϕ−
(ϕπ1)] in the high regime.

Through these models we aim to understand whether the ECB was able
to manage directly the part of volatility depending on unconventional policy
measures: of course, what we expect is a higher probability to stay in the
low volatility regime as well as a negative sign for the unconventional policy
proxy.

3.3.3 Time Varying Transition Probability MS-AMEM

In models described so far, we have assumed that the ECB affects one of
the two volatility components and that both the probabilities regimes do not
vary over time. In a last analysis, we do something different by focusing
on the particular scenario that ECB unconventional policies do not affect di-
rectly the stock market volatility, but it could rather affect the probability of
remaining in the two volatility regimes. In other words, we estimate a sim-
ple MS-AMEM with time-varying transition probabilities (TVTP) depending
on our unconventional policies proxy. The model, called TVTP-AMEM, is
specified as in equation (3.9)

RVt = µt,st εt, εt|Ψt−1 ∼ Gamma(ϑst ,
1

ϑst
)

µt,st = ω0 + ω1,st + αRVt−1 + βςt−1,st−1 + γDt−1RVt−1
(3.9)

As usual, regime at time t are represented by st, which follows a first or-
der Markov chain with probability (collected in the time-varying transition
probability matrix, P) changing over time, according to our unconventional
policies proxy, xt:
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P =


exp(ϕ0+δ0E(xt|Ψt−1))

1+exp(ϕ0+δ0E(xt|Ψt−1))
1− exp(ϕ0+δ0E(xt|Ψt−1))

1+exp(ϕ0+δ0E(xt|Ψt−1))

1− exp(ϕ1+δ1E(xt|Ψt−1))
1+exp(ϕ1+δ1E(xt|Ψt−1))

exp(ϕ1+δ1E(xt|Ψt−1))
1+exp(ϕ1+δ1E(xt|Ψt−1))


What we expect is a higher impact on the low probability regime, which
should be higher than the high regime probability, if the ECB unconventional
policies are effective in reducing stock market volatility (as it emerges from
the analysis in the previous Chapter). Therefore, this would result in a posi-
tive δ0 coefficient.

As it is typical, we estimate all Markov switching models described above
by means of the Hamilton filter and smoother, as introduced in Hamilton
(1994), together with the solution proposed by Kim (1994) to solve the prob-
lems arising due to the dependence of µt,st on st−1, which causes the need to
track all the possible paths of the regime between the first and the last ob-
servation. In particular, after each step of Hamilton filter, we collapse the 4
possible values of µt into 2 values, through a weighted average at time t− 1,

µt,st =
∑n

i=1 Pr[st−1=i,st=j|Ψt]µt,st−1,st
Pr[st=j|Ψt]

where µt,st−1,st is the estimate of the unknown variable weighted with the
filtering probabilities obtained by the Hamilton filter (see Appendix B.1 for
more details on the filter).

3.4 Estimation results

Once again, we estimate the MS-AMEM as a baseline model. Coefficients
(Table 3.1) are highly significant, with a low regime constant (which is no
statistically significant only in the case of Spain) ranging between 0.261 and
1.115 for Spain and Germany, respectively. It is interesting to notice how pe-
ripheral countries have a lower average level of volatility in the low regime;
however, as largely expected, in the high volatility regime we get a higher
average value (ω0 + ω1) for Italy (3.73) and Spain (3.2). Even though Italy
and Spain are the countries that suffered more the consequences of the finan-
cial crisis, it seems that their volatility measure responded quite differently,
with volatility for Italy being more sensitive to volatility shocks (α + γ

2 is
about 0.3), whereas for Spain a crucial role is played by the conditional vari-
ance persistence (as expressed by the coefficient β). In these markets, the low
volatility regime dominates the high regime, which has a probability (p11)
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close to zero and not statistically significant: therefore, it is likely identified
with volatility spikes; moreover, we find the gamma distribution has a higher
variability in the high regime. Differently, both the high and low regimes are
well defined for France and Germany, in which probabilities are close to 1
and statistically significant at 1% level.

When we augment the MS-AMEM with our exogenous variables, results
(Table 3.2) remain almost unchanged. Generally, α and γ coefficients increase,
whereas β decreases. This, of course, could be interpreted as a sign that
volatility is even more sensitive to shocks and that the weight of the past
conditional volatility is now less predominant (the reduction of beta is par-
ticularly significant in disrupted countries, where it reduces of about 7%, for
Italy, and 4.6%, for Spain). Nonetheless, volatility persistence (α + β + γ

2 ) is
quite high, ranging between 86% (France) and 93% (Spain).

For what concerns the announcement variable, it is usually excluded from
Markov switching analysis. The logic of this choice is fairly straightforward:
in a Markov switching framework, where we capture abrupt changes in the
level of volatility, a jump variable (like the announcement variable) could
cause computational issues since it is a dummy variable and then it cap-
tures abrupt changes as well. Despite, the validity of this consideration, in
our analysis the announcement variable still has a strong explanatory power,
considering the fact that it is significant at the 99% confidence level.

The unconventional policy proxy2 is significant and it enters the model
with the expected negative sign. More precisely, it is higher in peripheral
countries (where it is significant at 1% level) than in Germany, where it has a
lower level of significance (10%).
Besides the significance of the proxy, a further indication of the efficiency of
the unconventional policy in reducing volatility derives from probabilities
coefficients. Whereas probabilities remain unchanged for France and Ger-
many, the probability of remaining in the low regime increases in the case of
Italy and Spain.

Finally, from the Ljung-Box statistics, the models are still affected from
residual autocorrelation at a 1% level. This is the case of Spain (both in the
MS-AMEM and MS-AMEMX) and Germany at the highest lag of the MS-
AMEMX.

2It should be specified that, given the results obtained in the previous analysis, here, we
focus just on the UMP/CMP proxy, which is turned out to be the best in terms of AIC and
BIC.
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TABLE 3.1: MS-AMEM

a) France Germany Italy Spain
ω0 0.981 *** 1.115 *** 0.522 *** 0.261

(0.009) (0.076) (0.122) (0.188)
ω1 0.627 *** 0.865 *** 3.211 *** 2.941 ***

(0.075) (0.139) (0.59) (0.438)
α 0.137 *** 0.155 *** 0.23 *** 0.156 ***

(0.017) (0.018) (0.027) (0.027)
β 0.699 *** 0.691 *** 0.681 *** 0.766 ***

(0.018) (0.02) (0.03) (0.032)
γ 0.125 *** 0.097 *** 0.073 *** 0.074 ***

(0.011) (0.012) (0.009) (0.008)
p00 0.999 *** 0.997 *** 0.925 *** 0.851 ***

(0.001) (0.002) (0.049) (0.068)
p11 0.999 *** 0.996 *** 0.000 0.000

(0.001) (0.004) (0.000) (0.000)
θ0 7.288 *** 9.714 *** 13.773 *** 12.364 ***

(0.34) (0.4) (0.834) (0.758)
θ1 8.366 *** 10.892 *** 3.947 *** 4.4 ***

(0.359) (0.677) (1.43) (0.889)

b)
Ljung-Box 1 lag 0.089 * 0.307 0.037 ** 0.000 ***
Ljung-Box 5 lag 0.057 * 0.071 * 0.07 * 0.000 ***
Ljung-Box 10 lag 0.026 ** 0.034 ** 0.092 * 0.000 ***

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in
parenthesis) and b) Ljung-Box statistics (p-values). P–values: *(<10%); **(< 5%); ***(< 1%).
Sample period: June 1, 2009 - December 31, 2019. Observations: 2685
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TABLE 3.2: MS-AMEMX. Proxy: UMP/CMP

a) France Germany Italy Spain
ω0 1.498 *** 1.145 *** 1.026 *** 0.886 *

(0.199) (0.087) (0.043) (0.489)
ω1 0.919 *** 0.766 *** 2.803 *** 2.604 ***

(0.064) (0.133) (0.634) (0.575)
α 0.127 ** 0.172 *** 0.242 *** 0.151 ***

(0.052) (0.017) (0.021) (0.024)
β 0.672 *** 0.675 *** 0.633 *** 0.731 ***

(0.061) (0.021) (0.019) (0.05)
γ 0.127 *** 0.097 *** 0.078 *** 0.086 ***

(0.017) (0.008) (0.008) (0.024)
δ -0.29 ** -0.054 * -0.247 *** -0.277 ***

(0.137) (0.032) (0.039) (0.092)
ϕ 1.358 *** 0.98 *** 1.494 *** 1.279 ***

(0.376) (0.321) (0.332) (0.385)
p00 0.989 *** 0.998 *** 0.922 *** 0.878 ***

(0.013) (0.002) (0.043) (0.098)
p11 0.983 *** 0.996 *** 0.066 0.046

(0.016) (0.004) (0.058) (0.069)
θ0 8.306 *** 9.677 *** 14.143 *** 12.356 ***

(0.637) (0.413) (0.786) (1.213)
θ1 7.898 *** 11.3 *** 4.144 *** 4.226 ***

(0.617) (0.719) (1.252) (1.385)

b)
Ljung-Box 1 lag 0.829 0.348 0.421 0.000 ***
Ljung-Box 5 lag 0.119 0.076 * 0.424 0.000 ***
Ljung-Box 10 lag 0.283 0.005 *** 0.595 0.007 ***

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in
parenthesis) and b) Ljung-Box statistics (p-values). P–values: *(<10%); **(< 5%); ***(< 1%).
Sample period: June 1, 2009 - December 31, 2019. Observations: 2685
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3.4.1 MS(ς)-ACM results

The estimation of the MS(ς)-ACM, improves the significance of our parame-
ters. In the MS(ς)-ACM (Table 3.3), the impact of the announcement as well
as that of the proxy (which is significant at 1% level also for Germany) is
pretty high, with the announcement effect that is higher in disrupted coun-
tries (3.18 and 2.9 for Italy and Spain, respectively), whereas the long run
effect for Germany and French is higher than that observed for Italy.
Once again, it emerges a higher probability of remaining in the low volatil-
ity regime (regime 0) for Italy (0.918) and Spain (0.892); Moreover, in these
countries the probability of moving from high to low volatility regime is
higher than the probability of moving from low to high volatility regime
(computed as 1− p11 and 1− p00, respectively). This leads to an average du-
ration of low volatility regime (given by 1

1−p00
) of about 9 days for Spain and

12 days for Italy. The average duration is perhaps lower than one might ex-
pect but it is plausible if compared with the average duration of high volatil-
ity regime, which is about 1 day for these countries, meaning that the high
volatility regime is basically represented by volatilities spikes. A different
case is that of core countries where there is also a high probability to stay
in the high volatility regime (0.979 and 0.997 for France and Germany, re-
spectively). Here, we estimate an average duration of 83 days and 48 days
for low and high volatility regimes for France; whereas for Germany we ob-
serve an average duration of 250 days for the low regime and 333 days for
the high regime. Clearly, this result is in line with the higher long run ef-
fect (-0.75 for France and -0.998 for Germany) estimated for these markets,
if compared with the value obtained for the other markets. Finally, the part
of volatility depending directly on unconventional policies does not show an
autoregressive dynamics, given that the AR coefficient is never significant.
This dynamics is, instead, detected for France and Spain when we consider
the MS(ς)-LACM (Table 3.4) and the MS(ς)-LiACM (Table 3.5). In both the
multiplicative specifications the proxies are highly significant and they have
the expected sign but, as noted in the previous chapter, the coefficients are
remarkably lower than those estimated through the MS(ς)-ACM.

Even in the multiplicative specifications the residual autocorrelation is
detected for Spain, whereas there is an improvement for what concerns the
case of Germany (with respect to the ACM, in particular), where we never
reject the null of autocorrelation at 1% significance level.
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TABLE 3.3: MS(ς)-ACM. Proxy: UMP/CMP

a) France Germany Italy Spain
ω0 1.305 *** 1.07 *** 0.876 *** 0.866 ***

(0.215) (0.079) (0.111) (0.193)
ω1 0.846 *** 0.624 *** 2.856 ** 2.54 ***

(0.263) (0.074) (1.202) (0.615)
α 0.113 *** 0.157 *** 0.215 *** 0.148 ***

(0.014) (0.014) (0.022) (0.019)
β 0.705 *** 0.688 *** 0.671 *** 0.739 ***

(0.034) (0.018) (0.023) (0.027)
γ 0.123 *** 0.099 *** 0.077 *** 0.084 ***

(0.014) (0.009) (0.006) (0.009)
δ -0.75 ** -0.998 *** -0.638 *** -0.932 ***

(0.323) (0.176) (0.116) (0.22)
ϕ 2.757 *** 2.148 *** 3.177 *** 2.899 ***

(0.502) (0.42) (0.482) (0.57)
ψ 0.131 0.084 0.054 0.099

(0.091) (0.07) (0.056) (0.092)
p00 0.988 *** 0.996 *** 0.918 *** 0.892 ***

(0.014) (0.002) (0.061) (0.064)
p11 0.979 *** 0.997 *** 0.067 0.065

(0.014) (0.002) (0.176) (0.059)
θ0 8.436 *** 9.527 *** 14.471 *** 12.236 ***

(0.625) (0.479) (1.279) (0.817)
θ1 7.905 *** 11.039 *** 4.369 *** 4.212 ***

(0.661) (0.54) (1.638) (1.056)

b)
Ljung-Box 1 lag 0.509 0.203 0.137 0.000 ***
Ljung-Box 5 lag 0.189 0.057 * 0.412 0.001 ***
Ljung-Box 10 lag 0.441 0.003 *** 0.57 0.015 **

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in parenthesis) and b) Ljung-
Box statistics (p-values). P–values: *(<10%); **(< 5%); ***(< 1%). Sample period: June 1, 2009 - December 31, 2019.
Observations: 2685

91



Chapter 3. Unconventional Monetary Policies and Volatility Regime Shifts

TABLE 3.4: MS(ς)-LACM. Proxy: UMP/CMP

a) France Germany Italy Spain
ω0 1.414 *** 1.119 *** 0.835 *** 0.827 **

(0.269) (0.113) (0.153) (0.331)
ω1 0.897 ** 0.718 *** 3.003 *** 2.728 ***

(0.385) (0.094) (1.054) (0.531)
α 0.103 *** 0.149 *** 0.215 *** 0.136 ***

(0.017) (0.019) (0.024) (0.03)
β 0.697 *** 0.687 *** 0.67 *** 0.746 ***

(0.04) (0.022) (0.027) (0.045)
γ 0.128 *** 0.101 *** 0.078 *** 0.086 ***

(0.017) (0.011) (0.007) (0.017)
δ -0.21 *** -0.182 *** -0.107 *** -0.156 ***

(0.041) (0.039) (0.02) (0.028)
ϕ 0.464 *** 0.357 *** 0.491 *** 0.429 ***

(0.089) (0.079) (0.071) (0.08)
ψ 0.171 * 0.17 0.065 0.136 **

(0.098) (0.111) (0.066) (0.068)
p00 0.988 *** 0.995 *** 0.915 *** 0.874 ***

(0.007) (0.002) (0.066) (0.064)
p11 0.984 *** 0.997 *** 0.054 0.073

(0.011) (0.002) (0.14) (0.093)
θ0 8.622 *** 9.709 *** 14.478 *** 12.555 ***

(0.409) (0.487) (1.227) (0.798)
θ1 7.987 *** 11.151 *** 4.54 *** 4.582 ***

(0.561) (0.587) (1.73) (1.071)

b)
Ljung-Box 1 lag 0.523 0.263 0.141 0.000 ***
Ljung-Box 5 lag 0.243 0.097 * 0.37 0.001 ***
Ljung-Box 10 lag 0.513 0.014 ** 0.496 0.009 ***

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in parenthesis) and b) Ljung-
Box statistics (p-values). P–values: *(<10%); **(< 5%); ***(< 1%). Sample period: June 1, 2009 - December 31, 2019.
Observations: 2685
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TABLE 3.5: MS(ς)-LiACM. Proxy: UMP/CMP

a) France Germany Italy Spain
ω0 1.422 *** 1.129 *** 0.839 *** 0.834 ***

(0.173) (0.169) (0.077) (0.203)
ω1 0.903 *** 0.729 *** 3.02 *** 2.781 ***

(0.094) (0.124) (0.965) (0.509)
α 0.103 *** 0.15 *** 0.216 *** 0.136 ***

(0.021) (0.03) (0.023) (0.019)
β 0.696 *** 0.685 *** 0.669 *** 0.745 ***

(0.032) (0.04) (0.024) (0.026)
γ 0.128 *** 0.101 *** 0.078 *** 0.086 ***

(0.012) (0.014) (0.006) (0.009)
δ -0.107 *** -0.097 *** -0.055 *** -0.08 ***

(0.018) (0.018) (0.01) (0.014)
ϕ 0.228 *** 0.177 *** 0.241 *** 0.212 ***

(0.042) (0.035) (0.034) (0.037)
ψ 0.153 ** 0.127 0.05 0.116 *

(0.68) (0.092) (0.053) (0.067)
p00 0.988 *** 0.995 *** 0.916 *** 0.877 ***

(0.006) (0.002) (0.054) (0.06)
p11 0.984 *** 0.997 *** 0.056 0.073

(0.008) (0.002) (0.134) (0.057)
θ0 8.63 *** 9.722 *** 14.465 *** 12.514 ***

(0.4) (0.485) (1.05) (0.764)
θ1 7.974 *** 11.133 *** 4.526 *** 4.568 ***

(0.507) (0.582) (1.551) (0.97)

b)
Ljung-Box 1 lag 0.553 0.293 0.154 0.000 ***
Ljung-Box 5 lag 0.245 0.106 0.387 0.001 ***
Ljung-Box 10 lag 0.513 0.015 ** 0.513 0.009 ***

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in parenthesis) and b) Ljung-
Box statistics (p-values). P–values: *(<10%); **(< 5%); ***(< 1%). Sample period: June 1, 2009 - December 31, 2019.
Observations: 2685

93



Chapter 3. Unconventional Monetary Policies and Volatility Regime Shifts

The multiplicative specifications, and in particular the MS(ς)-LACM, rep-
resent the best model (values in bold in Table 3.6) both in terms of AIC and
BIC, in all the cases. There are only few exceptions represented by the MS(ς)-
LiACM, which is the best model for Italy, in terms of MSE and MAE, and for
Spain, also in terms of AIC and BIC. Therefore, in general, we could conclude
that splitting the volatility, in order to account for the part depending on un-
conventional policies, improves the fit property and the forecasting power of
the model (i.e. the AMEMX is never the best model not even in terms of MSE
and MAE).
Figure 3.1 compares RV with the high volatility regime probability, estimated
through MS(ς)-LACM3. By considering France and Germany, it is possible to
notice how both the regimes are well defined: here, it clearly emerges the
volatility clustering, coherently with the common view that high volatility
periods last less than periods of low volatility. Indeed, the model is able to
capture the long period of low volatility starting in July 2012 with the OMT
announcement, as well as the high volatility period in 2015 (for Germany, in
particular), in the first year of the EAPP programme, until the BCE decided
on the increment of the amount of monthly purchases, in March 2016.

Something different happens in peripheral countries, which are gener-
ally more sensitive to news. As a consequence, for Italy and Spain the high
volatility regime has a lower persistence than for France and Germany: here,
it seems to coincide with unconventional monetary policy announcements,
in line with the 1 day-average-duration computed before. This is shown in
Figure 3.2, which plots the unconventional monetary policy announcements
and the probability of being in the high volatility regime. It could be no-
ticed how often they occur in the same day. Here, we highlight two impor-
tant cases (red points in the Figure): the announcement on May 2nd, 2013 -
which refers to details about the LTRO programme - and the announcement
on March 10th, 2016 - by means of which the EAPP monthly purchases were
increased from e60 to e80 billion. Therefore, in these countries, the high
regime occurs often, interrupting the low volatility regime, but lasts remark-
ably less.

3We have selected this model based on the information criteria, as shown in Table 3.6.
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TABLE 3.6: MS(ς) models comparison

France
MS(ς)AMEM MS(ς)AMEMX MS(ς)ACM MS(ς)L-ACM MS(ς)Li-ACM

Log-lik -7775.042 -7761.769 -7746.709 -7736.75 -7737.177
AIC 5.796 5.79 5.779 5.772 5.772
BIC 5.816 5.814 5.806 5.798 5.798
MSE 28.983 27.716 27.392 27.071 27.077
MAE 3.793 3.691 3.666 3.65 3.65

Germany
MS(ς)AMEM MS(ς)AMEMX MS(ς)ACM MS(ς)L-ACM MS(ς)Li-ACM

Log-lik -7517.393 -7492.079 -7476.945 -7466.601 -7467.234
AIC 5.604 5.589 5.578 5.571 5.571
BIC 5.624 5.613 5.605 5.597 5.597
MSE 22.571 22.309 22.257 21.893 21.9
MAE 3.301 3.291 3.279 3.26 3.26

Italy
MS(ς)AMEM MS(ς)AMEMX MS(ς)ACM MS(ς)L-ACM MS(ς)Li-ACM

Log-lik -7612.782 -7580.457 -7557.976 -7554.533 -7554.667
AIC 5.675 5.655 5.639 5.636 5.636
BIC 5.695 5.679 5.665 5.662 5.663
MSE 25.924 25.725 25.09 24.87 24.867
MAE 3.483 3.465 3.414 3.404 3.404

Spain
MS(ς)AMEM MS(ς)AMEMX MS(ς)ACM MS(ς)L-ACM MS(ς)Li-ACM

Log-lik -8039.317 -8004.488 -7991.708 -7980.829 -7981.034
AIC 5.993 5.971 5.962 5.954 5.954
BIC 6.012 5.995 5.988 5.98 5.856
MSE 39.349 38.975 38.414 36.921 36.861
MAE 4.083 4.082 4.071 4.022 4.02

Note: MS(ς) models comparison via Information Criteria (AIC and BIC) and forecast capa-
bility (MSE and MAE). Sample period: June 1, 2009 - December 31, 2019
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FIGURE 3.1: Realized Volatility and high volatility regime prob-
ability estimated from MS(ς)-LACM. Sample period: June 1,

2009 - December 31, 2019

FIGURE 3.2: Unconventional policy announcements and high
regime volatility probability estimated from MS(ς)-LACM.

Sample period: June 1, 2009 - December 31, 2019
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3.4.2 MS(ξ)-ACM results

As largely anticipated, in a further analysis, we have investigated the possi-
bility that the switching process involves the ξt component. We analyse this
scenario by replacing the announcements dummy variable with a switching
constant: the idea behind this model is to capture possible jumps in this pro-
cess, even those previously caused by the dummy variable. Results (Tables
3.7 - 3.9), seem to support this intuition. Focusing on the MS(ξ)-ACM and
MS(ξ)-LACM, the constant in the low volatility regime is always equal to
zero, whereas it increases remarkably in the high regime. As usual, that in-
crement is larger in the MS(ξ)-ACM, where it ranges (Tables 3.7) between 4.56
(Italy) ad 6.42 (Germany). Also in this case, the unconventional policy proxy
enters the model with the expected negative sign, with the strongest impact
observed for Spain (-1.09) and the weakest recognized for Germany (-0.44).
Interestingly, we do not identify significant differences in the ς parameters,
if compared with those estimated from the MS(ς) models. Even consider-
ing the MS(ξ) specifications, the probability of remaining in the low regime
is higher than that of the high volatility regime; however, differently from
the previous set of models, both in the MS(ξ)-ACM and in the MS(ξ)-LACM,
now the high regime probability coefficient is significant also in peripheral
countries. Nonetheless, this does not change the duration of the high regime,
which is 1 day for all the considered countries, while the duration of the low
regime ranges between 14 days (Italy) and 53 days (Germany).

Results remain almost unchanged when we estimate the MS(ξ)-LiACM
(Table 3.9). In analysing this model, it is necessary to remember that the
constant in the low regime is no longer estimated, it is rather constructed
empirically. In the low volatility regime, there are no differences in the level
of the constant across countries (ranging between 0.86 and 0.96 for Germany
and Italy, respectively), whereas, in the high regime, it increases of about 0.4
for Italy and Spain; for France and Germany, instead, the constant increases
by about 0.1 in the high volatility regime. Finally, none of the models show a
significant autoregressive coefficient (ψ), but in all the cases they successfully
remove residual autocorrelation.

Interestingly, in all the cases these Markov switching specifications clearly
improve the statistical property of our model: the null hypothesis of the
Ljung-Box test is never rejected at 1% level in all the considered countries.
Differently from the other specifications, also for Spain our model is able to
capture the autoregressive structure of volatility.

Once again, model comparisons in Table 3.10 shows how the MS(ξ)-LACM
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works better in core countries, whereas the linear specification is the best for
what concerns Italy and Spain. For this reason, in what follows, we refers to
these specifications in carrying out a probability inference analysis.

Since our constant is estimated in place of the dummy variable, what is
important to check is whether the constant is able to capture the volatility
jump caused by the monetary policy announcements. For this reason, in
Figure 3.3, we compare the weighted average of the constant with the an-
nouncement variable, for the case of Italy. In brief, it seems that the weighted
average jumps in correspondence of monetary policy announcements and it
is the case, in particular, of the unconventional policy announcements. Here,
we highlight the two dates analysed in Figure 3.3 (May 2nd, 2013 and March
10th, 2016) plus the announcement on June 5th, 2014, which refers to the
establishment of a new TLTRO programme. It is interesting to notice how
returns responded to these announcements. Whereas the announcement on
May 2nd, 2013 did not affect stock price, with all the indexes closing around
the parity with respect to the previous day, the other two announcements
had a stronger impact: in details, investors perceived favourably the launch
of the TLTRO in June 2014, with an increment of 1.1% for France and Spain
and of about 1.5% for Italy; differently, the increase of monthly purchases
within the EAPP depressed stock market returns, with a reduction between
0.5% for Italy and 2.3% for Germany. More important, in all the cases the
probability of the high regime is near to 1, confirming the intuition that our
constant could successfully replace the announcement variable in order to
allow the switching process in the ξt component. Moreover, we observe a re-
duction in the weighted average of ϕ after the announcements, consistently
with the average duration of the high volatility regime that is equal to 1 in
this country.

This scenario is also confirmed in Table 3.11 in which: the first column
refers to the number of cases in which the process is in the high volatility
regime (as represented by the smoothed probabilities, i.e. PT(st = 1) in Table
3.11); the second column, instead, counts the number of cases in which the
high regime corresponds to a monetary policy announcement; finally, in the
last column a sort of "rate of success" is computed, i.e. the number of cases in
which the high volatility regime corresponds to the announcement, over the
number of cases in which the process is in the high volatility regime as well.
The rate of success is about 22%, meaning that, during the sample period,
the process was in the high volatility regime because of a monetary policy
announcement in 1 out of 4 cases. The rate of success is perhaps less than
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one might expect; however, in analysing this result, it should be kept in mind
that only in 74 out of 144 cases announcements concerns the unconventional
policy measures and that in most of the cases the announcement was largely
expected from market agents.

TABLE 3.7: MS(ξ)-ACM. Proxy: UMP/CMP

a) France Germany Italy Spain
ω 0.853 *** 0.661 *** 1.063 *** 1.059 ***

(0.083) (0.095) (0.18) (0.029)
α 0.142 *** 0.185 *** 0.228 *** 0.151 ***

(0.016) (0.016) (0.02) (0.015)
β 0.732 *** 0.722 *** 0.649 *** 0.732 ***

(0.02) (0.021) (0.032) (0.017)
γ 0.112 *** 0.082 *** 0.08 *** 0.086 ***

(0.01) (0.009) (0.012) (0.008)
δ -0.775 *** -0.44 *** -0.741 *** -1.09 ***

(0.125) (0.105) (0.135) (0.125)
ϕ0 0.000 0.000 0.000 0.000

(0.000) (0.000) (0.000) (0.000)
ϕ1 6.275 *** 6.422 *** 4.556 *** 6.161 ***

(1.743) (1.941) (1.324) (2.379)
ψ 0.000 0.000 0.000 0.000

(0.000) (0.000) (0.000) (0.000)
p00 0.964 *** 0.981 *** 0.928 *** 0.943 ***

(0.024) (0.014) (0.028) (0.032)
p11 0.222 ** 0.304 ** 0.338 *** 0.314 ***

(0.1) (0.119) (0.118) (0.082)
θ0 8.852 *** 11.249 *** 15.033 *** 11.99 ***

(0.375) (0.489) (0.979) (0.704)
θ1 3.271 *** 2.598 *** 4.112 *** 3.777 ***

(0.71) (0.735) (0.836) (0.682)

b)
Ljung-Box 1 lag 0.711 0.161 0.403 0.22
Ljung-Box 5 lag 0.263 0.121 0.449 0.087 *
Ljung-Box 10 lag 0.364 0.276 0.639 0.34

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in parenthesis) and b) Ljung-
Box statistics (p-values). P–values: *(<10%); **(< 5%); ***(< 1%). Sample period: June 1, 2009 - December 31, 2019.
Observations: 2685

99



Chapter 3. Unconventional Monetary Policies and Volatility Regime Shifts

TABLE 3.8: MS(ξ)-LACM. Proxy: UMP/CMP

a) France Germany Italy Spain
ω 0.862 *** 0.684 *** 1.084 *** 1.135 ***

(0.081) (0.077) (0.142) (0.09)
α 0.137 *** 0.184 *** 0.223 *** 0.144 ***

(0.016) (0.015) (0.023) (0.015)
β 0.733 *** 0.721 *** 0.65 *** 0.731 ***

(0.021) (0.02) (0.028) (0.016)
γ 0.114 *** 0.082 *** 0.079 *** 0.086 ***

(0.01) (0.009) (0.007) (0.006)
δ -0.159 *** -0.09 *** -0.125 *** -0.183 ***

(0.022) (0.019) (0.019) (0.022)
ϕ0 0.000 0.000 0.000 0.000

(0.000) (0.000) (0.000) (0.000)
ϕ1 1.227 *** 1.32 *** 0.749 *** 1.001 ***

(0.126) (0.206) (0.165) (0.009)
ψ 0.000 0.000 0.000 0.035

(0.000) (0.000) (0.000) (0.074)
p00 0.961 *** 0.981 *** 0.923 *** 0.94 ***

(0.016) (0.013) (0.025) (0.017)
p11 0.193 * 0.299 * 0.293 *** 0.26 ***

(0.104) (0.174) (0.072) (0.098)
θ0 8.905 *** 11.274 *** 15.034 *** 12.029 ***

(0.325) (0.453) (0.839) (0.483)
θ1 3.431 *** 2.617 *** 4.217 *** 4.092 ***

(0.628) (0.69) (0.754) (0.798)

b)
Ljung-Box 1 lag 0.957 0.044 ** 0.189 0.369
Ljung-Box 5 lag 0.238 0.045 ** 0.204 0.098 *
Ljung-Box 10 lag 0.42 0.157 0.334 0.326

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in parenthesis) and b) Ljung-
Box statistics (p-values). P–values: *(<10%); **(< 5%); ***(< 1%). Sample period: June 1, 2009 - December 31, 2019.
Observations: 2685
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TABLE 3.9: MS(ξ)-LiACM. Proxy: UMP/CMP

a) France Germany Italy Spain
ω 1.545 *** 1.617 *** 1.12 *** 1.172 ***

(0.22) (0.14) (0.108) (0.215)
α 0.108 *** 0.156 *** 0.23 *** 0.149 ***

(0.029) (0.018) (0.031) (0.026)
β 0.709 *** 0.677 *** 0.651 *** 0.731 ***

(0.041) (0.02) (0.032) (0.04)
γ 0.132 *** 0.101 *** 0.082 *** 0.089 ***

(0.015) (0.01) (0.02) (0.013)
δ -0.139 *** -0.108 *** -0.06 *** -0.088 ***

(0.037) (0.014) (0.009) (0.021)
ϕ0 0.886 0.864 0.964 0.932

ϕ1 0.18 *** 0.189 *** 0.347 *** 0.447 ***
(0.034) (0.019) (0.103) (0.144)

ψ 0.000 0.000 0.000 0.034
(0.001) (0.001) (0.000) (0.2)

p00 0.992 *** 0.995 *** 0.92 *** 0.939 ***
(0.005) (0.002) (0.035) (0.03)

p11 0.996 *** 0.998 *** 0.296 0.264 **
(0.006) (0.001) (0.229) (0.12)

θ0 8.69 *** 9.576 *** 15.108 *** 12.05 ***
(0.515) (0.469) (1.214) (0.635)

θ1 7.616 *** 10.855 *** 4.328 *** 4.159 ***
(0.46) (0.531) (1.16) (0.828)

b)
Ljung-Box 1 lag 0.498 0.302 0.18 0.394
Ljung-Box 5 lag 0.115 0.081 * 0.199 0.098 *
Ljung-Box 10 lag 0.297 0.018 ** 0.328 0.326

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in parenthesis) and b) Ljung-
Box statistics (p-values). P–values: *(<10%); **(< 5%); ***(< 1%). Sample period: June 1, 2009 - December 31, 2019.
Observations: 2685
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TABLE 3.10: MS(ξ) models comparison

France
MS(ξ) ACM MS(ξ) L-ACM MS(ξ) Li-ACM

Log-lik -7757.171 -7752.837 -7763.977
AIC 5.787 5.784 5.791
BIC 5.813 5.81 5.816
MSE 26.135 24.78 27.946
MAE 3.674 3.64 3.733

Germany
MS(ξ) ACM MS(ξ) L-ACM MS(ξ) Li-ACM

Log-lik -7484.367 -7481.553 -7491.33
AIC 5.584 5.582 5.588
BIC 5.61 5.608 5.612
MSE 20.958 19.898 22.223
MAE 3.264 3.246 3.287

Italy
MS(ξ) ACM MS(ξ) L-ACM MS(ξ) Li-ACM

Log-lik -7587.671 -7587.282 -7586.442
AIC 5.661 5.66 5.659
BIC 5.687 5.687 5.683
MSE 24.314 22.856 22.658
MAE 3.396 3.356 3.344

Spain
MS(ξ) ACM MS(ξ) L-ACM MS(ξ) Li-ACM

Log-lik -8008.474 -8000.679 -8000.329
AIC 5.974 5.968 5.967
BIC 6.001 5.995 5.992
MSE 36.292 32.84 32.552
MAE 4.007 3.93 3.918

Note: MS(ξ) models comparison via Information Criteria (AIC and BIC) and forecast capability (MSE and MAE).
Sample period: June 1, 2009 - December 31, 2019

FIGURE 3.3: Weighted average of ϕ resulting from the MS(ξ)−
LiACM and announcement variable. Sample period: June 1,

2009 - December 31, 2019
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TABLE 3.11: Announcement variable and high volatility regime

PT(st = 1) > 0.5 PT(st = 1) > 0.5 and ∆t = 1 Rate of Success

France 29 6 21%
Germany 23 5 22%
Italy 96 22 23%
Spain 62 15 24%

Note: Comparing high volatility regime (PT(st = 1) > 0.5) and the announcement variable. Models: MS(ξ) L-ACM
(France and Germany) and MS(ξ)-LiACM (Italy and Spain). Sample period: June 1, 2009 - December 31, 2019

3.4.3 TVTP-AMEM results

The last analysis we carry out represents a further proof that ECB gave a cru-
cial contribution in maintaining volatility as low as possible. This conclusion
derives form the TVTP model we have estimated on the index of the two
peripheral countries in our sample4. Results are shown in Table 3.12. The
first two columns refer to the model estimated without considering any con-
straint: all the coefficients of the mean equation are highly significant and
they are close to coefficients estimated via the MS-AMEMX. More interesting
is the analysis concerning probability coefficients. In particular, looking at
delta coefficients, it turns out a no significant coefficient in the high volatil-
ity regime for Spain. Generally, it could depend from the fact that, as we
have seen before, we have few observations for this particular regime and,
for this reason, we prefer to discuss the model estimated by setting δ1 = 0.
Results, which are reported in the last two columns of Table 3.12, are simi-
lar to those deriving from the unrestricted model. ϕ coefficient is higher in
the low volatility regime, meaning that, even in absence of unconventional
policies (i.e. a fixed probability Markov switching model) the probability of
remaining in the low regime is higher than probability of remaining in the
high regime. More important, in both cases δ0 is positive and significant at
1% level: this means that, once the process is in the low regime, an increase of
our proxy (for example because of the implementation of a new programme
as well as the strengthening of existing programmes) rises the probability of
staying in that regime, rather than to move in the other.

Finally, both the models seem to be particularly weak in terms of Ljung-
Box statistics: in details, residual autocorrelation is present not only in the

4Unfortunately, we have had some computational problems in estimating this model on
the core countries so that results for these indexes are not available.
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case of Spain - where it emerges quite clearly, i.e. the p-values always ap-
proach zero - but also in the case of Italy, at the first lag.

Similarly to the analysis made through the MS(ς)-LACM, Figure 3.4 com-
pares the high volatility regime with the RV measure (This analysis is based
on the restricted model, which turns out to be the best model in terms of
AIC and BIC, as shown in Table 3.13). Also in this case the high volatil-
ity regime seems to coincide with volatility spikes. In general, we can say
that the low volatility regime is the one prevailing during the sample period,
and only few times the process moves to the high volatility regime. Indeed,
coherently with the no-significance of δ1, there are just few cases in which
it emerges an extended period of high volatility. Two examples are repre-
sented by the Greek crisis period (around May 2010) and the period around
May 2012, when the crisis reached also Italy and Spain.

Therefore, we could conclude that with our analysis we find evidence
supporting the view that the ECB was able to exert a calming effect in finan-
cial markets, keeping volatility as low as possible and contributing to miti-
gate losses caused by the worst financial crisis the Europe experienced since
the Great Depression in 1929.
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TABLE 3.12: TVTP-AMEM. Proxy: UMP/CMP

a) Unrestricted Restricted
Italy Spain Italy Spain

ω0 0.663 *** 0.586 *** 0.665 *** 0.592 ***
(0.1) (0.113) (0.1) (0.154)

ω1 3.389 *** 3.43 *** 3.337 *** 3.466 ***
(0.505) (0.49) (0.489) (0.448)

α 0.214 *** 0.136 *** 0.214 *** 0.137 ***
(0.024) (0.019) (0.025) (0.02)

β 0.678 *** 0.756 *** 0.678 *** 0.754 ***
(0.026) (0.024) (0.026) (0.028)

γ 0.075 *** 0.079 *** 0.075 *** 0.079 ***
(0.007) (0.008) (0.008) (0.008)

ϕ0 1.507 *** 1.13 *** 1.492 *** 1.14 ***
(0.433) (0.352) (0.433) (0.325)

ϕ1 -8.728 * -2.778 *** -4.262 * -3.191 **
(4.558) (0.761) (2.316) (1.304)

δ0 1.026 *** 0.915 *** 1.029 *** 0.938 ***
(0.315) (0.19) (0.296) (0.196)

δ1 -6.982 *** -0.399 - -
(1.512) (0.259)

θ0 14.404 *** 12.594 *** 14.446 *** 12.545 ***
(0.734) (0.585) (0.716) (0.541)

θ1 4.896 *** 5.051 *** 4.93 *** 5.017 ***
(1.174) (0.687) (1.149) (0.672)

b)
Ljung-Box 1 lag 0.003 *** 0.000 *** 0.004 *** 0.000 ***
Ljung-Box 5 lag 0.038 * 0.000 *** 0.049 * 0.000 ***
Ljung-Box 10 lag 0.126 0.001 *** 0.153 0.001 ***

Note: Dependent variable: Annualized realized kernel volatility. a) Coefficients (s.e. in parenthesis) and b) Ljung-
Box statistics (p-values). P–values: *(<10%); **(< 5%); ***(< 1%). Sample period: June 1, 2009 - December 31, 2019.
Observations: 2685
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TABLE 3.13: TVTP-AMEM models comparison.

Italy Spain
Unrestricted Restricted Unrestricted Restricted

Log-lik -7593.703 -7593.684 -8014.585 -8014.638
AIC 5.665 5.664 5.978 5.977
BIC 5.689 5.686 6.002 5.999
MSE 25.169 25.147 37.733 37.776
MAE 3.411 3.41 3.987 3.99

Note: Comparing Restricted and Unrestricted TVTP-AMEM via Information Criteria (AIC and BIC) and forecast
capability (MSE and MAE). Sample period: June 1, 2009 - December 31, 2019

FIGURE 3.4: TVTP-AMEM: RV and High volatility regime.
Sample period: June 1, 2009 - December 31, 2019
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3.5 Comparing forecasting performance

In this section an analysis on the forecasting performance of the estimated
models is presented. Similarly to the analysis we have carried out in chapter
2, we base model comparisons on the MCS procedure, with the 90% confi-
dence level, basing on the one-step-ahead forecast for the period going from
January 1st, 2019 to December 31st, 2019. In addition, for each of the stock
indexes, we consider the best model resulting from the analysis in chapter
2 as a benchmark model, that is the Li-ACM with UMP/CMP as a proxy
for unconventional policies. As shown in Figure 3.5, in terms of MSE, the
MS-(ξ)-LACM is confirmed to be the best model (the green bar) in 3 out
of 4 cases, i.e. France, Germany and Spain, where the MS-(ξ)-ACM5 is the
only model belonging to the best set (as represented by the blue bars). In
addition, the latter is the model with the best one-step-ahead forecast per-
formance for Italy. What is important to notice is how none of the MS(ς)
models belong to the best set of models, giving evidence in favour of our
intuition that ECB successfully impacted the part of volatility depending di-
rectly on unconventional policies; moreover, neither the benchmark model
nor the MS-(ς)-AMEM enter the best set of models (models excluded from
the best set are represented by the black bars), highlighting the best forecast-
ing performance of more complex models.

Basing on this consideration, the MS-(ξ)-LACM is selected to carry out
the multi-step-ahead forecast analysis. Differently from the multi-step-ahead
forecasting analysis in Chapter 2, the presence of regime switching makes it
hard for volatility to converge to a long run level. Indeed, as shown in Figure
3.7, in most of the models also the forecasted volatility is subject to the two
different regimes and, more important, it emerges how the forecasted series
is able to reproduce (Figure 3.8) the non-linear features which characterize
the RV series. This is also confirmed by Figure 3.9, which compares the real-
ized volatility during the forecasting period and the estimated probability of
being in the high regime. Basically, in all the indexes, it is evident how the
model is able to reproduce the volatility spikes observed in May - probably
because of the European election - or in August, when there was a period of
instability due to the fall of the government in Italy.

5This model is the best one in 3 out of 4 cases if we consider the QLike, as shown in Figure
3.6.
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FIGURE 3.5: Model Confidence Set. Loss function: MSE. Es-
timation period: June 1, 2009 - December 31, 2018. Forecast

period: January 1, 2019 - December 31, 2019
Note. Bars: green (the best model); blue (models belonging to the best set); black (excluded
models).

FIGURE 3.6: Model Confidence Set. Loss function: Qlike. Es-
timation period: June 1, 2009 - December 31, 2018. Forecast

period: January 1, 2019 - December 31, 2019

Note. Bars: green (the best model); blue (models belonging to the best set); black (excluded
models).
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FIGURE 3.7: Multi-step forecast. Estimation period: June 1,
2009 - December 31, 2018. Forecast period: January 1, 2019 -

December 31, 2019

FIGURE 3.8: Actual vs forecasted volatility. Model: MS(ξ)-
LACM. Estimation period: June 1, 2009 - December 31, 2018.

Forecast period: January 1, 2019 - December 31, 2019
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FIGURE 3.9: RV and forecasted high probability regime. Model:
MS(ξ)-LACM. Estimation period: June 1, 2009 - December 31,

2018. Forecast period: January 1, 2019 - December 31, 2019

3.6 Conclusion

In this chapter, the models we have presented in Chapter 2 are extended
within the Markov switching framework. More in details, we consider only
two regimes (corresponding to the low and the high volatility regime, re-
spectively) allowing the switching in the constant parameter and aiming to
test the ECB ability to keep volatility within the low regime. In this respect
we consider different specifications of the MS-ACM. In a first analysis, we
allow changes in regimes in the constant of the ς process; in a second set
of models, we analyse whether the ECB was able to affect directly the part
of volatility depending on unconventional policies, as represented by the ξ

process. In this regard, we have replaced the announcement variable with
a switching constant, which requires the use of the ergodic probability in
the MS(ξ)-LiACM specification. Finally, by means of a Time Varying Tran-
sition Probabilities Markov switching model, we have analysed whether the
ECB has also affected the regimes probabilities. In line with what we find in
Chapter 2, results give a clear evidence in favour of the calming effect that
unconventional policies have on market volatility.

The difference between core and peripheral countries emerges quite clearly
in the MS(ς)-ACM models: the low volatility regime is the one prevailing in
peripheral countries, with an average duration of 12 and 9 days for Italy and
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Spain, respectively. In core countries, instead, both the regimes are well de-
fined, with an average duration of 83 (low regime) and 48 (high regime) days
for France, while the average duration is even higher for Germany (250 and
333 days). The difference disappears in the second analysis, which refers to
the estimation of the MS(ξ)-ACM models. Focusing on the additive and on
the logistic specification, which are the best models according to the MCS
procedure, it emerges how the low volatility regime is the prevailing regime
in all the cases, with an average duration between 14 (Italy) and 53 days
(Germany). More important, the constant in the low regime is equal to zero,
whereas there is a remarkable increase in the high regime (up to 1.32 points,
if we focus on the MS(ξ)-LACM): in other words, it seems that our switch-
ing constant was able to reproduce the announcement variable, with jumps
in correspondence of announcements days (which in most of the cases cor-
respond to the high volatility regime). In addition - differently to the MS(ς)-
ACMs as well as to the TVTP-AMEM - the MS(ξ)-ACMs are the only ones
that are able to capture the autoregressive structure of volatility for all the
indexes - i.e. the null hypothesis of the Ljung-Box test, which states the pres-
ence of residual autocorrelation, is never rejected at a 1% significance level.

Interesting results also derive from the TVTP-AMEM, from which it emerges
a positive coefficient associated with the proxy in the low regime, meaning
that an increase in the level of the proxy leads to a higher probability of re-
maining in this regime; differently, the proxy enters the high regime proba-
bility with a negative sign, so that as the proxy increases, the probability of
remaining in this regime decreases. However, even though this model has a
MSE lower than that of some MS-ACM specifications, it never belongs to the
best set of model, as it turns out from the MCS procedure. The latter shows as
the MS(ξ)-ACM is the best model for Italy, whereas it belongs to the best set
for the other countries, for which the MS(ξ)-LACM is always the best model.

Therefore, in conclusion, it seems that the calming effect of the ECB un-
conventional monetary policies it is more than a short-term effect, since the
ECB was able to impact directly the part of volatility depending on this kind
of policy, keeping it within a low regime for an extended period of time.
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A.1 Preliminary analysis

In this appendix we present a preliminary analysis on the proxies employed
in this research. Table A.1 shows the descriptive statistics. As expected, the
qualitative proxies (UMP/TA and UMP/CMP) have similar characteristics.
It derives from the fact that they differ only in the definition of their denom-
inator. Whereas in the UMP/CMP the denominator is defined as the sum
of conventional monetary policy tools in the ECB balance sheet (i.e. Open
Market Operations Marginal Lending Facility, Deposit Facility, Autonomous
Liquidity Factor and Current Account) in the UMP/TA the denominator is
constructed by adding also the unconventional policies themselves. For this
reason the UMP/TA has values between 0 and 1, while the other proxy could
have values grater than 1. These similar characteristics are also shown by
Figure A.1 which plots the evolution of the variables over time. While the
TA growth is a stationary series as long as it represents a growth rate, the
other proxies are not stationary and it emerges clearly the upward trend they
have since 2015, when the ECB decided on the EAPP. As said, the aim of
this appendix is to perform a preliminary analysis concerning the proxy in
order to understand what is the Data Generating Process (DGP) under the
variables themselves. Looking at Figure A.2, which plots the ACF and PACF
of our series, it seems they follow a White noise process. Actually, whereas
it is the case of the UMP/TA, both UMP/CMP ad TAgrowth need a further
analysis. In the case of the UMP/CMP - which requires to consider the first
difference of the variable in order to make it stationary - even though the cor-
relogram (Figure A.3) suggests an ARIMA (4,1,3), it emerges how the GDP
process driving this proxy is an ARIMA(4,1,1) with the second specific lag
for the MA component. The white noise residuals (A.4) obtained from the
estimation of this model (estimation results are briefly reported in Table A.2)
supports the choice of this ARIMA specification so that we can use the cur-
rent fitted values as a proxy for our unconventional policy measures. Finally,
for what concerns the TAgrowth proxy, the GDP seems to follow an ARIMA
(4,0,1) as shown in Figure A.2. This is also confirmed by Figure A.5, which
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shows the correlogram of model residuals, whereas results are shown in Ta-
ble A.3.

TABLE A.1: Unconventional policies proxies’ descriptive statis-
tics. Sample period: June 1, 2009 to December 31, 2019. Obser-

vation: 2686.

UMP/TA UMP/CMP TAgrowth
Mean 0.227 0.645 0.000
Median 0.069 0.074 0.000
Min 0.000 0.000 -0.822
Max 0.681 2.132 0.82
St.Dev. 0.268 0.725 0.65
Skewness 0.358 0.617 0.32
Kurtosis -1.705 -1.352 65.591

FIGURE A.1: UMP/TA, UMP/CMP and TAgrowth. Sample
Period: 01/01/2009− 30/12/2019.
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FIGURE A.2: ACF and PACF

FIGURE A.3: ACF and PACF of the UMP/CMP first differences
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TABLE A.2: ARIMA (4,1,2). Dependent variable: UMP/CMP.
Observations: 2685

coeff s.e. z p-value
constant 0.001 0.000 3.659 0.000
AR1 -0.284 0.019 -14.795 1.67E-49
AR2 -0.505 0.111 -4.541 5.6e-06
AR3 -0.219 0.03 -7.23 4.82e-013
AR4 -0.129 0.024 -5.457 4.83e-08
MA2 0.321 0.114 2.81 0.005

FIGURE A.4: ACF and PACF from ARIMA(4,1,1).
Proxy: UMP/CMP
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TABLE A.3: ARIMA (4,0,1). Dependent variable: TAgrowth.
Observations: 2685

coeff s.e. z p-value
constant 0.000 0.000 1.353 0.176
AR1 0.204 0.037 5.488 4.07e-08
AR2 0.141 0.029 4.812 1.49e-06
AR3 0.093 0.025 3.722 0.000
AR4 0.06 0.023 2.652 0.008
MA1 -0.856 0.031 -27.19 8.17e-163

FIGURE A.5: ACF and PACF from ARMA(4,0,1).
Proxy: TAgrowth
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A.2 Marginal effects

In this appendix we derive, for each model, the marginal effects of the policy
variables on the volatility in terms of first partial derivatives of µt+τ with
respect to xt−1 and ∆t, as illustrated in Section 2.3.2 (Table 2.2).

AMEMX

RVt = µtεt

µt = ω + (α + γDt−1)RVt−1 + βµt−1 + δ(xt−1 − x?) + ϕ(∆t − ∆?)

µt+1 = ω + (α + γDt)RVt + βµt + δ(xt − x?) + ϕ(∆t+1 − ∆?)

= ω + (α + γDt)RVt + β[ω + (α + γDt−1)RVt−1 + βµt−1+

+ δ(xt−1 − x?) + ϕ(∆t − ∆?)] + δ(xt − x?) + ϕ(∆t+1 − ∆?)

= ω(1 + β) + α(RVt + βRVt−1) + γ(DtRVt + βDt−1RVt− 1) + β2µt−1+

+ δ[(xt − x?) + β(xt−1 − x?)] + ϕ[(∆t+1 − ∆?) + β(∆t − ∆?)]

µt+2 = ω + (α + γDt+1)RVt+1 + βµt+1 + δ(xt+1 − x?) + ϕ(∆t+2 − ∆?)

= ω + (α + γDt+1)RVt+1 + β[ω(1 + β) + α(RVt + βRVt−1)+

+ γ(DtRVt + βDt−1RVt− 1) + β2µt−1 + δ[(xt − x?) + β(xt−1 − x?)]+

+ ϕ[(∆t+1 − ∆?) + β(∆t − ∆?)] + δ(xt+1 − x?) + ϕ(∆t+2 − ∆?)

= ω(1 + β + β2) + α(RVt+1 + βRVt + β2RVt−1)+

+ γ(Dt+1RVt+1 + βDtRVt + β2Dt−1RVt− 1) + β3µt−1+

+ δ[(xt+1 − x?) + β(xt − x?) + β2(xt−1 − x?)]+

+ ϕ[(∆t+2 − ∆?) + β(∆t+1 − ∆?) + β2(∆t − ∆?)]

...

µt+τ = ω(1 + β + · · ·+ βtau) + α(RVt+τ−1 + · · ·+ βτRVt−1)+

+ γ(Dt+τ−1RVt+τ−1 + · · ·+ βτDt−1RVt− 1) + βτ+1µt−1+

+ δ[(xt+τ−1 − x?) + · · ·+ βτ(xt−1 − x?)] + ϕ[(∆t+τ − ∆?) + · · ·+ βτ(∆t − ∆?)].
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By taking the first partial derivatives, we get the marginal effect of xt−1

on µt on µt+1 on µt+2 · · · on µt+τ

δ βδ β2δ · · · βτδ

and the marginal effect of ∆t

on µt on µt+1 on µt+2 · · · on µt+τ

ϕ βϕ β2ϕ · · · βτ ϕ

ACM

RVt = µtεt

µt = ςt + ξt

µt = ω + (α + γDt−1)RVt−1 + βςt−1 + δ(xt−1 − x?) + ϕ(∆t − ∆?) + ψξt−1

µt+1 = ω + (α + γDt)RVt + βςt + δ(xt − x?) + ϕ(∆t+1 − ∆?) + ψξt

= ω + (α + γDt)RVt + βςt + δ(xt − x?) + ϕ(∆t+1 − ∆?)+

+ ψ[δ(xt−1 − x?) + ϕ(∆t − ∆?) + ψξt−1]

= ω + (α + γDt)RVt + βςt + δ[(xt − x?) + ψ(xt−1 − x?)]+

+ ϕ[(∆t+1 − ∆?) + ψ(∆t − ∆?)] + ψ2ξt−1

µt+2 = ω + (α + γDt+1)RVt+1 + βςt+1 + δ(xt+1 − x?) + ϕ(∆t+2 − ∆?) + ψξt+1

= ω + (α + γDt+1)RVt+1 + βςt+1 + δ(xt+1 − x?) + ϕ(∆t+2 − ∆?)+

+ ψ{δ[(xt − x?) + ψ(xt−1 − x?)] + ϕ[(∆t+1 − ∆?)ψ(∆t − ∆?) + ψ2ξt−1}
= ω + (α + γDt+1)RVt+1 + βςt+1 + δ[(xt+1 − x?) + ψ(xt − x?)+

+ ψ2(xt−1 − x?)] + ϕ[(∆t+2 − ∆?) + ψ(∆t+1 − ∆?) + ψ2(∆t − ∆?)] + ψ3ξt−1

...

µt+τ = ω + (α + γDt+τ−1)RVt+τ−1 + βςt+τ−1 + δ[(xt+τ−1 − x?) + · · ·+ ψτ(xt−1 − x?)]+

+ ϕ[(∆t+τ − ∆?) + · · ·+ ψτ(∆t − ∆?)] + ψτ+1ξt−1.

By taking the first partial derivatives, we get the marginal effect of xt−1

on µt on µt+1 on µt+2 · · · on µt+τ

δ ψδ ψ2δ · · · ψτδ
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and the marginal effect of ∆t

on µt on µt+1 on µt+2 · · · on µt+τ

ϕ ψϕ ψ2ϕ · · · ψτ ϕ

L-ACM

RVt = µtεt

µt = 2ςt
exp(ξt)

1 + exp(ξt)

= 2ςt
exp[δ(xt−1 − x?) + ϕ(∆t − ∆?) + ψξt]

1 + exp[δ(xt−1 − x?) + ϕ(∆t − ∆?) + ψξt]

µt+1 = 2ςt+1
exp[δ(xt − x?) + ϕ(∆t+1 − ∆?) + ψξt]

1 + exp[δ(xt − x?) + ϕ(∆t+1 − ∆?) + ψξt]

= 2ςt+1[
exp[δ(xt − x?) + ϕ(∆t+1 − ∆?) + ψ(δ(xt−1 − x?) + ϕ(∆t − ∆?) + ψξt−1)]

1 + exp[δ(xt − x?) + ϕ(∆t+1 − ∆?) + ψ(δ(xt−1 − x?) + ϕ(∆t − ∆?) + ψξt−1)]
]

= 2ςt+1[
exp[δ[(xt − x?) + ψ(xt−1 − x?)] + ϕ[(∆t+1 − ∆?) + ψ(∆t − ∆?)] + ψ2ξt−1]

1 + exp[δ[(xt − x?) + ψ(xt−1 − x?)] + ϕ[(∆t+1 − ∆?) + ψ(∆t − ∆?)] + ψ2ξt−1]
]

µt+2 = 2ςt+2
exp[δ(xt+1 − x?) + ϕ(∆t+2 − ∆?) + ψξt+1]

1 + exp[δ(xt+1 − x?) + ϕ(∆t+2 − ∆?) + ψξt+1]

= 2ςt+2

[
exp(δ(xt+1 − x?) + ϕ(∆t+2 − ∆?) + ψ{δ[(xt − x?) + ψ(xt−1 − x?)] + ϕ[(∆t+1 − ∆?) + ψ(∆t − ∆?)] + ψ2ξt−1})

1 + exp(δ(xt+1 − x?) + ϕ(∆t+2 − ∆?) + ψ{δ[(xt − x?) + ψ(xt−1 − x?)] + ϕ[(∆t+1 − ∆?) + ψ(∆t − ∆?)] + ψ2ξt−1})
]

= 2ςt+2

[
exp(δ[(xt+1 − x?) + ψ(xt − x?) + ψ2(xt−1 − x?)] + ϕ[(∆t+2 − ∆?) + ψ(∆t+1 − ∆?) + ψ2(∆t − ∆?)] + ψ3ξt−1)

1 + exp(δ[(xt+1 − x?) + ψ(xt − x?) + ψ2(xt−1 − x?)] + ϕ[(∆t+2 − ∆?) + ψ(∆t+1 − ∆?) + ψ2(∆t − ∆?)] + ψ3ξt−1)
]

...

= 2ςt+τ [
exp(δ[(xt+τ−1 − x?) + · · ·+ ψτ(xt−1 − x?)] + ϕ[(∆t+τ − ∆?) + · · ·+ ψτ(∆t − ∆?)] + ψτ+1ξt−1)

1 + exp(δ[(xt+τ−1 − x?) + · · ·+ ψτ(xt−1 − x?)] + ϕ[(∆t+τ − ∆?) + · · ·+ ψτ(∆t − ∆?)] + ψτ+1ξt−1)
]

By taking the first partial derivatives, we get the marginal effect of xt−1

on µt on µt+1 on µt+2 · · · on µt+τ

2ςtδ
exp(ξt)

[1+exp(ξt)]2
2ςt+1ψδ

exp(ξt+1)
[1+exp(ξt+1)]2

2ςt+2ψ2δ
exp(ξt+2)

[1+exp(ξt+2)]2
· · · 2ςt+τψτδ

exp(ξt+τ)
[1+exp(ξt+τ)]2

and the marginal effect of ∆t

on µt on µt+1 on µt+2 · · · on µt+τ

2ςt ϕ
exp(ξt)

[1+exp(ξt)]2
2ςt+1ψϕ

exp(ξt+1)
[1+exp(ξt+1)]2

2ςt+2ψ2ϕ
exp(ξt+2)

[1+exp(ξt+2)]2
· · · 2ςt+τψτ ϕ

exp(ξt+τ)
[1+exp(ξt+τ)]2
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Li-ACM

RVt = µtεt

µt = ςtξt

= [ω + (α + γDt−1)RVt−1 + βςt−1][δ(xt−1 − x?) + ϕ(∆t − ∆?) + ψξt−1]

µt+1 = [ω + (α + γDt)RVt + βςt][δ(xt − x?) + ϕ(∆t+1 − ∆?) + ψξt]

= [ω + (α + γDt)RVt + βςt]{δ(xt − x?) + ϕ(∆t+1 − ∆?)+

+ ψ[δ(xt−1 − x?) + ϕ(∆t − ∆?) + ψξt−1]}
= [ω + (α + γDt)RVt + βςt]{δ[(xt − x?) + ψ(xt−1 − x?)]+

+ ϕ[(∆t+1 − ∆?) + ψ(∆t − ∆?)] + ψ2ξt−1]}

µt+2 = [ω + (α + γDt+1)RVt+1 + βςt+1][δ(xt+1 − x?) + ϕ(∆t+2 − ∆?) + ψξt+1]

= [ω + (α + γDt+1)RVt+1 + βςt+1]{δ(xt+1 − x?) + ϕ(∆t+2 − ∆?)+

+ ψ[δ[(xt − x?)− ψ(xt−1 − x?)] + ϕ[(∆t+1 − ∆?) + ψ(∆t − ∆?)] + ψ2ξt−1]}
= [ω + (α + γDt+1)RVt+1 + βςt+1]{δ[(xt+1 − x?) + ψ(xt − x?) + ψ2(xt−1 − x?)]+

+ ϕ[(∆t+2 − ∆?) + ψ(∆t+1 − ∆?) + ψ2(∆t − ∆?)] + ψ3ξt−1]}

...

µt+τ = [ω + (α + γDt+τ−1)RVt+τ−1 + βςt+τ−1]{δ[(xt+τ−1 − x?) + ψτ(xt−1 − x?)]+

+ ϕ[(∆t+τ − ∆?) + · · ·+ ψτ(∆t − ∆?)] + ψτ+1ξt−1]}.

By taking the first partial derivatives, we get the marginal effect of xt−1

on µt on µt+1 on µt+2 · · · on µt+τ

δςt ψδςt+1 ψ2δςt+2 · · · ψτδςt+τ

and the marginal effect of ∆t

on µt on µt+1 on µt+2 · · · on µt+τ

ϕςt ψϕςt+1 ψ2ϕςt+2 · · · ψτ ϕςt+τ
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A.3 Multi-step forecasting

In this appendix we present the formula we used to perform the Multi–step
forecasting procedure.

AMEMX

RVT = µTεT

µT = ω + αRVT−1 + βµT−1 + δ(xT−1 − x?) + ϕ(∆T − ∆?)

µT+1 = ω + αRVT + βµT + δ(xT − x?) + ϕ(∆T+1 − ∆?)

= ω + αRVT + β[ω + αRVT−1 + βµT−1 + δ(xT−1 − x?) + ϕ(∆T − ∆?)]+

+ δ(xT − x?) + ϕ(∆T+1 − ∆?)

= ω(1 + β) + β2µT−1 + α(βRVT−1 + RVT) + δ[β(xT−1 − x?) + (xT − x?)]+

+ ϕ[β(∆T − ∆?) + (∆T+1 − ∆?)]

...

µT+τ = ω(1 + β + β2 + .. + βτ) + βτ+1µT−1 + α
τ−1

∑
i=−1

βτ−1+iRVT−i+

+ δ
τ−1

∑
i=−1

βτ−1+i(xT−i − x?) + ϕ
τ

∑
i=0

βτ−i(∆T+i − ∆?)

.

For τ → ∞ the process converges to the unconditional mean:

µ = ω+δ(xT−1−x̄)+ϕ(∆T−∆̄)
1−α−β− γ

2
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ACM

RVT = µTεT

µT = ςt + ξt

= ω + αRVT−1 + βςT−1 + δ(xT−1 − x?) + ϕ(∆T − ∆?) + ψξT−1

µT+1 = ω + αRVT + βςT + δ(xT − x?) + ϕ(∆T+1 − ∆?) + ψξT

= ω + αRVT + β(ω + αRVT−1 + βςT−1) + δ(xT − x?) + ϕ(∆T+1 − ∆?)+

+ ψ[δ(xT−1 − x?) + ϕ(∆T − ∆̄?) + ψξT−1)]

= ω(1 + β) + β2ςT−1 + α(βRVT−1 + RVT) + δ[ψ(xT−1 − x?) + (xT − x?)]+

+ ϕ[ψ(∆T − ∆?) + (∆T+1 − ∆?)] + ψ2ξT−1

...

µT+τ = ω(1 + β + β2 + .. + βτ) + βτ+1ςT−1 + α
τ−1

∑
i=−1

βτ−1+iRVT−i+

+ δ
τ−1

∑
i=−1

ψτ−1+i(xT−i − x̄) + ϕ
τ

∑
i=0

ψτ−i(∆T+i − ∆̄) + ψτξT−1.

Similarly to the previous case, for τ → ∞ the unconditional mean is given
by:

µ = [ 1
1−(α+ γ

2 )(
1

1−β )
][ ω

1−β + δ(xT−1−x̄)+ϕ(∆T−∆̄)
1−ψ ]
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L-ACM

RVT = µTεT

µT = 2ςT[
exp(ξT)

(1 + exp(ξT))
]

= 2[ω + αRVT−1 + βςT−1]{
exp[δ(xT−1 − x?) + ϕ(∆T − ∆?) + ψξT−1]

1 + exp[δ(xT−1 − x?) + ϕ(∆T − ∆?) + ψξT−1]
}

µT+1 = 2[ω + αRVT + βςT]{
exp[δ(xT − x?) + ϕ(∆T+1 − ∆?) + ψξT]

1 + exp[δ(xT − x?) + ϕ(∆T+1 − ∆?) + ψξT]
}

= 2[ω + αRVT + β(ω + αRVT−1 + βςT−1)]

{ exp[δ(xT − x?) + ϕ(∆T+1 − ∆?) + ψ(δ(xT−1 − x?) + ϕ(∆T − ∆?) + ψξT−1)]

1 + exp[δ(xT − x?) + ϕ(∆T+1 − ∆?) + ψ(δ(xT−1 − x?) + ϕ(∆T − ∆?) + ψξT−1)]
}

= 2[ω(1 + β) + β2ςT−1 + α(βRVT−1 + RVT)]

{ exp[δ(ψ(xT−1 − x?) + (xT − x?)) + ϕ(ψ(∆T − ∆?) + (∆T+1 − ∆?)) + ψ2ξT−1]

1 + exp[δ(ψ(xT−1 − x?) + (xT − x?)) + ϕ(ψ(∆T − ∆?) + (∆T+1 − ∆?)) + ψ2ξT−1]
}

µT+τ = 2[ω(1 + β + β2 + .. + βτ) + βτ+1ςT−1 + α
τ−1

∑
i=−1

βτ−1+iRVT−i]

{
exp[δ

τ−1

∑
i=−1

ψτ−1+i(xT−i − x?) + ϕ
τ

∑
i=0

ψτ−i(∆T+i − ∆?) + ψτξT−1]

1 + exp[δ
τ−1

∑
i=−1

ψτ−1+i(xT−i − x?) + ϕ
τ

∑
i=0

ψτ−i(∆T+i − ∆?) + ψτξT−1]

}

for τ → ∞

µ =

{2( ω
1−β )[

exp[
δ(xT−1−x̄)+ϕ(∆T−∆̄)

1−ψ
]

1+exp[
δ(xT−1−x̄)+ϕ(∆T−∆̄)

1−ψ
]

]}

1−2(
α+

γ
2

1−β )[
exp[

δ(xT−1−x̄)+ϕ(∆T−∆̄)
1−ψ

]

1+exp[
δ(xT−1−x̄)+ϕ(∆T−∆̄)

1−ψ
]

]
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Li-ACM

RVT = µTεT

µT = ςTξT

= [ω + αRVT−1 + βςT−1][(1− ψ) + δ(xT−1 − x?) + ϕ(∆T − ∆?) + ψξT−1]

µT+1 = [ω + αRVT + βςT][(1− ψ) + δ(xT − xstar) + ϕ(∆T+1 + ∆?) + ψξT)]

= [ω + αRVT + β(ω + αRVT−1 + βςT−1)]

{(1− ψ)) + δ(xT − x?) + ϕ(∆T+1 − ∆?) + ψ[(1− ψ) + δ(xT−1 − x?) + ϕ(∆T − ∆?)+

+ ψξT−1)}
= [ω(1 + β) + β2ςT−1 + α(βRVT−1 + RVT)]

[ψ(1− ψ) + δ(xt − x?) + ψ(xT−1 − x?)) + ϕ((∆T+1 − ∆?)− ψ(∆T − ∆?) + ψ2ξT−1)]

µT+τ = [ω(1 + β + β2 + .. + βτ) + βτ+1ςT−1 + α
τ−1

∑
i=−1

βτ−1+iRVT−i]

[(1− ψ)(1 + ψ + ψ2 + .. + ψτ) + δ
τ−1

∑
i=−1

ψτ−1+i(xT−i − x?)+

+ ϕ
τ

∑
i=0

ψτ−i(∆T+i − ∆?) + ψτξT−1]

for τ → ∞

µ = [ ω
1−β +

1−ψ−δ(xT−1−x̄)−ϕ(∆T−∆̄)
1−ψ ]{ 1

1−( α+
γ
2

1−β )[
1−ψ−δ(xT−1−x̄)−ϕ(∆T−∆̄)

1−ψ ]
}
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B.1 Hamilton filter and smoother

The Hamilton filter and smoother represents the main tool used to obtain the
Maximum-likelihood estimator in the Markov Switching framework. Since
it is a non-linear recursive algorithm, it needs a numerical optimization pro-
cedure from which the likelihood function is obtained as a by-product. The
filter was proposed by Hamilton (1994) and it is based on the evaluation of
the optimal forecast of the regime, by means of three different information
sets:

1. the set based on information prior to time t (Ψt−1), used to compute the
prediction probabilities: P(st = i|Ψt−1, Θ). Where Ψt−1 represents the
information set available at time t− 1 , whereas Θ is the set of estimated
parameters;

2. the set based on past and current information (Ψt), which is used to
derive the filtering probabilities: P(st = i|Ψt, Θ);

3. the full sample information set (ΨT), necessary to obtain the smoothed
probabilities P(st = i|ΨT, Θ).

Therefore, let yt be the variable of interest, the purpose is to estimate the
Quasi-log-maximum-likelihood, which is expressed by means of the density
functions conditional on the past information

Lt(Θ) = 1
T

T

∑
t=1

ln f (yt|Ψt−1, Θ) (10)

f (yt|Ψt−1, Θ) is the weighted average of the density of yt conditional on the
past information and on the state, where the weights are represented by the
prediction probabilities. Therefore, by assuming a two state Markov switch-
ing process

f (yt|Ψt−1, Θ) =
1

∑
i=0

P(st = i|Ψt−1, Θ) f (yt|st = i, Ψt−1, Θ)] (11)
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The conditional density function is crucial for the computation of the fil-
tering probability, which are defined as the probability, conditional on the
current information, of being in a given regime at each time point.

P(st = i|Ψt, Θ) = P(st=i|Ψt−1,Θ) f (yt|st=i,Ψt−1,Θ)
f (Ψt|yt−1,Θ)

(12)

Basically, the filtered probabilities are given by the ratio between the proba-
bility of moving to a regime i, from each other regime, and the total proba-
bility of yt, conditional on past information.
Finally, starting from the filtering probabilities we could easily predict the
next period prediction probabilities, that is

P(st+1 = i|Ψt, Θ) = p0iP(st = 0|Ψt, Θ) + p1iP(st = 1|Ψt, Θ) (13)

where p0i and p1i are the transition probabilities, expressed as P(st+1 = i|st =

0) and P(st+1 = i|st = 1), respectively.
As said, it is an iterative procedure: by choosing the initial value of the

prediction probabilities, we can compute the density function of yt condi-
tional both on the past information, f (yt|Ψt−1, Θ), and on the past informa-
tion and the current regime, f (yt|st = i, Ψt−1, Θ). Once the density function
in equation (10) is estimated, the set of parameters Θ̂ are used to re-estimate
the probabilities, which, in turn, will be used to re-estimate the density func-
tions again, and so on until the convergence is achieved.

According to Hamilton (1994), given the stationarity and ergodic assump-
tions of the Markov chain, a possible initial value for the prediction probabil-
ities is represented by the unconditional probabilities. To obtain the uncondi-
tional probabilities it is necessary to consider the eigenvalues of the transition
probability matrix, which, in turn, derives from the solution of the character-
istic polynomial (P− λI), where P is the transition probability matrix. In the
two state Markov switching model, the eigenvalues should satisfy

0 =

[
p00 − λ 1− p11

1− p00 p11 − λ

]
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(p00 − λ)(p11 − λ)− [(1− p00)(1− p11)] = 0

p00p11 − (p00 + p11)λ + λ2 − 1 + p00 + p11 − p00p11 = 0

λ2 − (p00 + p11)λ− 1 + p00 + p11 = 0

(λ− 1)− (λ + 1− p00 − p11) = 0

Therefore, the eigenvalues are λ1 = 1 and λ2 = 1− p00 − p11. According to
Hamilton (1994) λ2 is within the unit circle if and only if 0 < p00 + p11 < 2;
whereas the process is ergodic and irreducible if p00 + p11 > 0 and p00, p11 <

0.
Finally, the eigenvector (π) - and, hence, the unconditional probabilities,
P(st = i) - associated to λ1 is

π =


1−p11

2−p00−p11

1−p00
2−p00−p11


Smoothing probabilities. Once the model is estimated, we need an ac-

curate measure to assess our estimated process in each period of time within
our sample. In other words, we need a measure that, basing on the full infor-
mation set ΨT, allows us to understand the probability of each regime at time
t < T. Of course it is something different from filtering probabilities, which,
since they refers to the current information set, are based on less information
and hence could be less accurate. Therefore, the difference between filtering
and smoothing probabilities is that whereas the former represents a real-time
assessment of the current state (so, they are computed recursively), the latter
are an ex-post measure of the state at time t.

Generally, the smoothing probabilities are computed through the algo-
rithm proposed by Kim (1994), starting from

P(st = i|st+1 = j, ΨT, Θ) =
pijP(st=i|Ψt,Θ)

P(st+1=j|Ψt,Θ)
(14)
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in a two state Markov switching process, the smoothing probabilities are ex-
pressed as

P(st = i|ΨT, Θ) = P(st+1 = 0|ΨT, Θ)P(st = i|st+1 = 0, ΨT, Θ)+

+P(st+1 = 1|ΨT, Θ)P(st = i|st+1 = 1, ΨT, Θ)

= P(st = i|Ψt, Θ)[ pi0P(st+1=0|ΨT ,Θ)
P(st+1=0|Ψt,Θ)

+ pi1P(st+1=1|ΨT ,Θ)
P(st+1=1|Ψt,Θ)

]

(15)

Usually, the filtering probability are used as initial value to iterate this set
of equation backward, in order to get the estimated smoothing probabilities
(they are estimated since QMLE Θ̂ is used in place of Θ).
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