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SlatpBig €€ oAoKANPOU N TUAUATOG AUTAG, YO EUMOPLKO OKOTO. Emutpémetal n
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ZTouC AaTpepEVOUC LoV Yovelg Kwvatavtivo kat KoAALOmn
TIoU YELoay Tn Yuxr LOoU HE aVUTIEPBANTN OTWLKOTNTO,

aoTeipeUTO PwG KAl aLwvLa appovia



Euxaplotieg

KaBe S1daktoplkd cuvodeUeTal Kal amnod TI¢ anapaitnTeC EUXOPLOTIEG TTOU Elval PLOVo
HLOL TTApa TTOAU HILKPN HVELD 08 avBpwItoug Tou LLE TOV TPOTIO TOUG CUVESPOAV OTO
va vAomolnBetl kal va TePATWOEL EMITUXWG UL TTOPELXt LAAAOV POVaXLKN LE TIOANEG
TPOKANCELG Kal potlpaia adlé€oda. Ma autr Aowmov tnv mopeia Ba ekppdow TNV
QLWVLA EVYVWHOCUVN OV TTPOC TO ATOMO Tou TiioTtee o€ gpéva, Tov Kabnyntr Hou
Itavpo Nteylavvakn. Ymrp€e mavia SimAa pou, ouvodoumtopog Pe CUUPBOUAEG
TIATPIKEG OTMWE HOVO UTTOPOUV va XOPOKTNPLOTOUV TIOU OMOTEAEcAV TUELSA OTIG
adLE€odec SladpopEc.

Juveyilovtag, To YEYAAO TPOCWIIO OTO OMOI0 XPWOTAW TA TAVTA, £lval n UNTEpa
HOU TIOU N Tapoucsia TNG Kal HOvVo oTLG TTOAU SUOKOAEG OTLYUEG TTOU akoAouBnoav
™V €vopén Tou S160KTOPLIKOU HoU, HE amokopUdWUO TNV ATTWAELA TOU TTATEPA HLOU,
UE VEULOE UE TNV amapaitntn SUvaun yla va cuvexiow akAaBektn xwpic mavon oute
ylal pLot OTLY U TIPOG TOV UTIEPTATO 0TOXO0. Agv Ba pakpnyoprnow Kabwg uTapYXouV Kat
€Kelveg ol SUVAPELG TToU av Kot Sev glval anmTég Kal eV UTOpoUV va TeplypadouV Ue
Adyla aAAd pOvo e TIG aloBbnoelg, aAAd cuVEPAUOUV KOL QUTEC OTNV ECWTEPLKN
wONoN MPOG TOUC ATEAELWTOUC OTOXOUG TTOU KAOE £vag amod epag BETeL.

KAelvovtag guxaplotw TNV CUUPBOUAEUTIKI) HOU ETILTPOTIH Yl TO €UCTOXO KOL UE
ayann Slwotunwpéva oxoAla mou ouvédpapav otnv BeAtiworn pou Kal otnv
oAokAnpwon autng NG mopeiag mou av Kol cuvodeUTNKE amd apKeTEC SUOKOALEG,
oTo TéAog emnABe n mMAnpwon.
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Realized and Implied Volatility Decomposition

Abstract

This thesis consists an integrated work on analyzing, decomposing,
modelling, and forecasting stock market’s implied and realized volatility, two
intrinsic elements for policy agencies, governmental agencies, portfolio
managers, market makers, researchers, and academics. By exploiting six
diverse disaggregation techniques, namely the empirical mode decomposition
(EMD), the embedded empirical mode decomposition (EEMD), the singular
spectrum analysis (SSA), the Hilbert vibration decomposition (HVD), the
empirical wavelet transform (EWT), and the variational mode decomposition
(VMD), tailored exactly on the peculiar nature these measures have, thesis
isolates their key characteristics in order to result in optimum modelling and
profitable forecasts for those actively engaging in the markets. Modelling and
forecasting were conducted via autoregressive processes (AR), the
heterogeneous autoregressive model (HAR), the holt winters framework (HW)
and the long-short term model (LSTM) of the deep learning environment.
Through entire process no look ahead bias was committed, something
innovative in decomposition techniques literature and a trading exercise on
futures contracts was incorporated in order to highlight the substantial
divergence there exists among forecast evaluation criteria. Thus, thesis
targets on investigating the profits that can be accumulated by infusing the
forecasting and trading practices with the proposed model architecture.

Important implications are drawn out of these results that justify the choice to

10



simultaneously test, for first time, six decomposition techniques under the
same model specifications and under the actual way markets operate. The
trading strategy we followed, generated significant economic profits for
markets participants for both implied and realized volatility measures, as
proxied by VIX volatility index and high frequency returns of S&P500 futures
index, respectively, for at least two out of the six decomposition-based
models, highlighting some critical facts of proposed methodological
procedure.

This thesis, also, was expanded to include another decomposition
technique, the continuous wavelet transform (CWT), paired with wavelet
coherency, but this time for conducting analysis in the time-frequency domain.
The choice was inevitably guided by the need to further exploit the
advantages decomposition methods, originating from other scientific fields
can offer to the analysis of financial time series. Hence, we included four extra
variables, namely the S&P500 stock index, the OVX crude oil volatility index,
the high frequency returns of WTI futures index as proxy for the realized
volatility of crude oil and the WTI crude oil price in order to analyze them in
pairs and spot the strength and the direction of their co-movements. Findings
tell for a strong implied-realized volatility relation and of a leading realized
volatility against implied at different frequency scales revealing cycling
patterns coinciding with the frequency investors reconstruct their positions.
Findings also inform of a leading VIX against OVX and the stock market,
again following altering time cycles. The most astonishing though finding was
the absence of any significant daily and weekly cyclical co-movement for all

pairs.
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MepiAnyn

H OiatpiB autr atroteAei pia oAokAnpwpévn HeAETN TTdvw OTnv
avaAuon, dl1aoTTacnh, PovTeAOTToINoN Kal TTPOBAEWN TNG TEKWAPTAG KOl TNG
empBeBaiwpévng HETABANTOTNTAG TWV XpNHATAyopwY, dUO BACIKWY OTOIXEIWV
ylO TOUG QOPEIG OIKOVOMIKNG TTOAITIKAG, TOUG KUPBEPVNTIKOUG (QOPEIG, TOUG
avlpwTtoug TG ayopdg, TOUG E€PEUVNTEG KAl  TOUG  akadnuaikoud.
E€epeuvoviag €1 OIAQOPETIKEG TEXVIKEG OIAOTTAONG XPOVOOEIPWY, Kal
OuyKekpIgéva To  empirical mode decomposition (EMD), 1o embedded
empirical mode decomposition (EEMD), 1o singular spectrum analysis (SSA),
10 Hilbert vibration decomposition (HVD), to empirical wavelet transform
(EWT), ka1 10 variational mode decomposition (VMD), 1Tou diapop@uwvovTai
Tavw oTnv 181Ialouca QUON TTou €XOUV Ol PETARANTEC QUTEG, N €pEUva POG
QTTOMOVWVEI TA KUPIA XAPOKTNPIOTIKA TOUG OTOXEUOVTAG OTNV OIANOPOWOn
I0AVIKWY MOVTEAWV Kal KEPOOPOPWYV TTPORAEWPEWV VIO TOUG CUMMETEXOVTEG
evepya OTIC  xpnuatayopés. O povieAIOMOG  Kal o1 TTPOPRAEWEIS
TTpaypaToTToINdnkav yEow Twv uttodelyudTwy Twyv autoregressive processes
(AR), Tou heterogeneous autoregressive model (HAR), Tou holt winters
framework (HW) ka1 Tou long, short term model (LSTM) trpogpxouevou atmo
10 TTEPIBAAAOV TNG Babiag ekudbnong. KaboAn tn trapatrdavw diadikacia dev
dlamTpdxOnke oudepia peEPOANWIQ, MIO KAIVOTOMIO OTIC TEXVIKEG OIACTTIOONG
XPOVOOEIPWVV EVW TTAPAAANAQ XPNOIPMOTTOINBNKE CUYKEKPIMEVN ETTEVOUTIKNA
oTpatnylikl o€ oupBOAaia  PEANOVTIKAG  €KTTANPWONG, TIPOKEIMEVOU  va
ETMONUAVOUPE TNV ONPAVTIKA atmOkKAIon TTou TrapaTtnpEEital peTagy  Twv

KpITnpiwv agloAoynong Twv TPoPAEwewyv. ETTopévwg, n  diatpifrp auth
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OTOXEUEI OTO VA £CEPEUVNOEI TA OPEAN TTOU PTTOPOUV VA ATTOKOMIBOUV aTTo ThV
TPOOBNKN TNG TTPOTEIVOPEVNG APXITEKTOVIKAG MOVTEAIOUOU OTIG ETTEVOUTIKEG
TIPOKTIKEG KOl OTIG OladIKaoieg TIPOBAEWYNS. ZnUAVTIKA  CupTTEPACHATA
avtAouvTtal a1rdé autd Ta ATTOTEAEOUATA TTOU DIKAIOAOYOUV TNV €TTIAOYNA UAG VO
€CETAOOUPE TAUTOXPOVA, Via TIPWTN  @opd, €& TEXVIKEG dIdoTTaoNG
XPOVOOEIPWY, KATW atrd TIG idIoug TTPOCdIoPIOTIKOUG TTAPAYOVTEG KAl KATW
aTTo TIG TIPAYMATIKEG OUVOAKEG AEITOUPYIOG TV XpnuaTayopwyv. H €TeEVOUTIKA
OTPATNYIKA TTOU OKOAOUBAOAUE, ETTEQPEPE ONUAVTIKEG OIKOVOMIKEG ATTOAABEG
YIO TOUG OUMMETEXOVTEG OTIG XPNMOTAYOPEG Kal yia TIG OUO UTTO €&ETaon
METABANTOTNTEG, OTTwg  Trpooeyyifovial  ammd  Tov  O€iKTn  TEKMAPTAG
peTapAnTéTnNTag, VIX kar tov S&P500 o&¢iktn oupBoAdiwv  PEAAOVTIKAG
EKTTAAPWONG  atTd  TOV  OTIOI0  KATAOKEUAZETAI N TTPAYMATOTTOINKEVN
METABANTOTNTA, O TOUAAXIOTOV OuO ammd TIG €& TEXVIKEG OlAoTTAONG,
TTPORBAANOVTAG KATTOIA ONUAVTIKA XOPAKTNPIOTIKA TTOU QPEPEI N TTPOTEIVOUEVN
diadikaoia.

Emiong, n diatpifr] autr, €TTEKTEIVETAI IO va €0WKAEICEl aKOPA HIa
TEXVIKA d1doTTaong, To continuous wavelet transform (CWT) mmou cuvodeueTal
amé Tnv wavelet coherency Oiadikacia, aAAG auth TN @opd yia va
TTPAYUOTOTTIOINOOUME TAUTOXPOVN avaAuon oTo Xpovo Kal otn ouxvotnta. H
emAoyry autr) odnynbnke atrd TNV avaykn yia Tepaitépw Olgpelvnon TwV
OUVATOTATWY TTOU PAG TTPOCPEPOUV OI TEXVIKEG OIACTTAONG, TTOU TTPOEPXOVTAI
atmd AAAa €TICTNUOVIKA TTEDIO KAl JTTOPOUV VO CUVEICPEPOUV OTNV avaAuon
TWV XPNMOTOOIKOVOUIKWY MeETABANTWY. ‘ETol ouptrepIAGBape 4 emmimmAéov
METABANTEG, ouykekpipyéva 1o Ociktn S&P500, 10 d¢ciktn OVX, TTOU QTTOTEAEI

TNV TEKPAPTH METABANTOTNTA TNG TIMAG TOU apyou TTETPEAdiou, TIC UWNAAG
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ouxvotntag amoddoelg Tou dOciktn WTI futures, wg avTITTpOCWTTEUTIKOU TNG
TTPayPaToTToIfEiong METABANTOTNTAG TNG TIMAG TOU Apyou TTETPEAQiIOU Kal TOV
WTI d¢iktn TNG TIUAG TOU apyouU TTETPEAQIOU, PHE OKOTTIO TNV MEAETN TOUG OF
deuyn Kkar Twv eviomoOpd TNG €viaong Kol TG KateuBuvong Tng
ouvOIoKUPOVONG Toug. Ta eupiuata PopTupouv pia duvarh oxéon PETagu
TEKMAPTAG KAl TTPAYUATOTTOINKEVNG METABANTOTNTAG KABWG Kal TO yeyovog OTi
n TpayyaroTroifeica PETABANTOTATA NYEITAl TNG TEKUAPTAG O€ OIAPOPETIKES
OUXVOTNTEG ATTOKOAUTITOVTAG OIOPOPETIKEG KUKAIKOTNTEG TTOU YEITVIAlOUV UE
TV OUXVOTNTA PE TNV OTTOIA OI ETTEVOUTEG avaTTPOCOIOPICOUV TIG ETTEVOUTIKEG
Toug B€o¢lg. Ta eupriuarta €1Tiong aTTokaAUTITOUV 0TI 0 VIX nyeital évavtl Tou
OVX aAAG Kal Tou XpnUOTIOTNEIOKOU O€iKTN, TTAPOoUCIAlovTag HETORBAANSUEVES
KUKAIKOTNTEG. QOTOOO AUTO TTOU TTPOKOAEI EVTUTTWON €ival n TTAVTEAR EAAEIYN
OTTOI00dNATTOTE OXEONG O€ NUEPAOIa 1 efdopadiaia BACN KATI TTOU EVTOTTICETAI
o€ OAa Ta Celyn TwV PETABANTWV.

NéEeigc-KA&IBI1aA: TEXVIKEG DIAOTIAONG XPOVOOEIPWY, TIPORAEWN TEKUAPTAG Kal

empBeBaiwpévng petaBAnTéTNTAG, ensemble modelling, avdAuon KUPATWY
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Chapter 1

Thesis introduction

And all goes around volatility, a substantial metric of risk and
uncertainty, that is capable to govern the powerful transmission mechanisms
of the financial system. Cult, by now, measures of dispersion, implied volatility
and realized volatility, have long been consolidated, in academic research,
financial policies, economic policy and trading. The reason lies in their
distinctive characteristics that shape their nature, and the difficulty to tame
them, since both metrics manipulate the invisible channels from which
information strikes stock markets, derivatives markets, or energy markets by
adding complexity. This thesis consists an integrated work on the exploitation
of disaggregation techniques, that allows to decompose the two subjects in
fully alignment with their underlying processes. By decomposing, the
characteristic peculiarities are eased, and volatilities can be optimally
analyzed, modelled, and forecasted. Afterall, the ultimate target is the forecast
process. Forecasts are the ones that will guide those actively engaging in
financial markets, especially derivatives markets, away from trading
deficiencies, and incremental loss of capital and the ones that will guide them

through alpha generation and portfolio diversification.

Therefore, here we engage in the study of stock market’s implied and
realized volatility. We incorporate six different decomposition frameworks,
mainly originating from the signal processing field, that assist in decomposing
the two metrics into their intrinsic modes. Then intrinsic modes generated out

of each technique and for each volatility, are modelled separately and
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forecasted through four models of mixed origins, an elementary one as is the
autoregressive model (AR), a benchmark for volatility modelling, namely the
heterogeneous autoregressive model (HAR), a classic one as the holt winters
model (HW) and one emanating from the deep learning environment. The
aggregated forecasts are then evaluated based on a statistical loss function
and an economic loss function that employes a trading strategy tailored to
market’s actual operations. The aim is to show on the first place, how the
diverse disaggregation techniques should be added and best exploited in the
forecasting process to prevent the inclusion of look ahead bias in our system
and second, to highlight the contradictive outcomes between the loss
functions that can influence and severely impact investors decision-making
projects. Thus, we manage to add something extra in a rather crowded field
and contribute to both ensemble modelling and implied and realized volatility

modelling and forecasting literature.

The second chapter of this thesis trucks the path that marks the
evolution conducted in volatility modelling and ensemble modelling. There, we
engage in a thorough description of the decomposition methods incorporated,
namely the empirical mode decomposition, the ensemble empirical mode
decomposition, the singular spectrum analysis, the Hilbert vibration
decomposition, the empirical mode decomposition and the variational mode
decomposition and provide an extensive description on how modelling,
forecasting, evaluation and validation is being conducted in favor of implied
and realized volatility, as proxied by VIX Cboe volatility index and high
frequency S&P500 futures returns, respectively, that are explicitly presented

in the chapters that follow. We specify the details of the out-of-sample
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forecasting of multiple days ahead forecast horizon process, and describe the
rules of the followed trading strategy, as part of the evaluation process on roll
adjusted VIX futures, the tradable part of VIX index, and present their special
features. Validation is processed via Model Confidence Test and Direction of

Change.

The third chapter evolves around implied volatility for the U.S stock
market, the VIX Cboe volatility index. It is the chapter where the first important
implications are drawn out of our findings and profitable forecasts are being
recorded. The cumulative returns of the implemented trading practise tell for a
significant return on capital allowing for further exploitation, that is conducted
in chapter four. In the fourth chapter we present the study on realized
volatility, the high frequency S&P500 futures returns, under the same model
architecture specifications. The study confirms the promising results recorded
previously. The same models that worked in generating profitable forecasts
for market participants under the economic loss function, for the case of VIX
index, also worked for realized volatility, a much more persistent measure.
The fact that not all decomposition techniques ended with promising results it
is attributed mainly to the aspects that deal with the underlying theory of each
scientific field. And that was the initial reason why we employed six
decomposition frameworks altogether, under the exact same conditions, a
practice not previously recorded. We wanted to test simultaneously their
efficiency in the actual markets’ environment. Certainly, findings demonstrated
here, shed light to previously untouched issues. The fact that some models
worked for both volatility measures, creates a pattern critical for future

experimentations.
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The fifth chapter diverges slightly from initial modelling process. Here,
we included the continuous wavelet transform (CWT), a decomposition
method that was not incorporated in the previous chapters as it is best applied
for conducting a detailed analysis of a time series in the time-frequency
domain, simultaneously, as the first step prior to wavelet coherence. Wavelet
coherence is the one that trucks the co-movement of two time series in the
time-frequency domain and estimates the power and the direction of this co-
movement. Since we deal with two variables, two volatilities, so closely
related and there is definitely a long history on studies trucking the influence
of one-another and their spillovers in the markets, there could not be absent a
method like this, from a thesis dedicated on these extremely influential
measures. Hence, we created six pairs of variables, and in this final chapter,
we extended our study to include the S&P500 stock index, the implied
volatility of WTI crude oil, the OVX Cboe volatility index, the realized volatility
of the crude oil constructed by high frequency returns of WTI futures index,
and the WTI crude oil price. We did so, in order to allow for a thorough
investigation of the interrelation of other implied and realized volatilities pairs
from other markets, as the energy market. Our study would be restricted if not
for this inclusion. In order to be able to quantify findings there must be a
comparison with other identical measures that too dominate the global
financial chessboard. Thus, study would be biased if we neglected a close
fellow of VIX index, at least for this thesis, that incorporates VIX index as
proxy for implied volatility. The pairs created was the one of VIX index-OVX
index, VIX index-S&P500 index returns, VIX index-S&P500 realized volatility,

OVX index-WTI realized volatility and OVX index-WTI crude oil price. Findings
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are quite illuminating on stressing how this relation unfolds through the time-
frequency course. Many cyclical behaviors aligned with the frequencies with
which markets participants reconstruct their positions, and of specific
direction, were spotted. Realized volatilities were found to lead implied ones
and there were evident moments of not significant relation at all. There was
also a striking discovery. No daily or weekly periodic relation was spotted for

any of the proposed pairs.

Concluding, the final chapter, chapter six sets the last testimonies on
this doctoral thesis, the studies conducted, the interesting and important
implications and of course the continuity of research and experimentation as

an inextricable element of every science.

20



Chapter 2

Divide and conquer

2.1The evolution in volatility modelling

From a pure statistical tool to a tool for measuring systemic risk, shaping
macroprudential policy and pricing derivatives products, volatility has definitely
covered a long way all these years. Volatility, captivates and shapes the work
and moves of researchers, columnists, analysts, academics, governmental
agencies but most importantly market participants, for whom ad hearing to
volatility on a daily basis can lead to successfully implemented trading and
diversifying strategies.

Literature has to provide an extensive collection of studies evolving
around volatility, stochastic, conditional, implied, or realized (Alizadeh et al.,
2001; Adrian and Rosenberg, 2006; Nomikos and Pouliasis, 2011;
Degiannakis and Filis, 2017; Kampouroudis et al., 2021), with implied and
realized volatility to naturally capturing more intensively the interest of
academics, investors, and policy makers.

The concept of realized volatility dates back to the studies of Andersen
and Bollerslev (1998), Andersen et al. (2006; 2012), Hansen and Lunde
(2006), Barndorff-Nielsen and Shephard (2002), Barndorff-Nielsen et al.
(2008), as the availability of ultra-high frequency data completely altered the
modeling landscape and allowed the construction of non-parametric realized
volatility measures that could approximate the concept of integrated volatility.
Measures such as Quadratic variation, bi-power variation, quantile-based

realized variance, Min Realized variance, Med realized variance or positive
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and negative realized semi-variance, were only few of the proposed
measures. That in turn brought forward the need to introduce the best model
that could capture the fundamental statistical properties, realized volatility had
(Andersen et al., 2003; Andersen and Benzoni, 2008). Thus, modelling and
forecasting realized volatility and at the same time assessing the usefulness
of volatility forecasts, became an unconditional trend.

On the other hand, the use of implied volatility, conceived as the
natural forecast of integrated volatility, primary involved in forecasting realized
volatility as is reported in the early studies of Christensen and Prabhala
(1998), Jorion (1995) or Canina and Figlewski (1993). Steadily gained ground
due to the incremental information expected volatility encloses for the future
path of a market, the pricing of its products, but also for macroeconomic
conditions, energy commodities, speculative strategies, portfolio optimization
etc. (Fernandes et al., 2014; Degiannakis and Filis, 2022).

In the vast research conducted searching for the best framework able
to model the two prevalent volatility measures and assess the usefulness of
volatility forecasts, various parametric concepts have extensively been
proposed. From the classical linear model (Christensen and Prabhala, 1998),
to frameworks like ARFIMAX, ARCH-family as in Angelidis and Degiannakis
(2008) for forecasting the realized and the conditional volatility of three
European stock indices, to ARIMA, ARFIMA, VAR, as in Konstantinidi et al.
(2008), where they forecast seven U.S. and European implied volatility indices
along with asset allocation practices, or ARMA-type as in Kambouroudis et al.
(2016) for implied volatility of three major U.S stock indices, who compare

forecast performance with GARCH-type, and finally Heterogeneous
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Autoregressive model, the HAR, of Corsi (2009), modelling has covered a
long way. HAR the state-of-the-art framework for modeling and forecasting
volatility, was initially proposed for realized volatility due to its alignment with
markets’ participants diverse time horizons and extended likewise by
Andersen et al. (2007), Corsi and Rend (2012) and Degiannakis and Filis
(2017) to account for multivariate settings. HAR was able to deal with long
memory, fat tails and other stylized facts of realized volatility (Bollerslev et al.,
2003; 2009). Many are the studies to incorporate HAR-X frameworks for
realized volatility as Busch et al. (2011) of stock, bond, exchange rate markets
or Haugom et al. (2014) for the energy market. Lately, it has been established
for modelling and forecasting implied volatility as well. Degiannakis and Filis
(2022) forecast implied volatility of oil price through HAR-X model
specifications and provide evidence of efficiency in producing meaningful
forecasts and economic profits when incorporated in trading practices
involving implied volatility derivatives. The same applies for Delis et al. (2023),
who forecast crude oil implied volatility by incorporating a HAR-X framework
in order to implement a straddle trading strategy and validate the profitable
forecasts.

Quite recently in volatility modeling and more general in the financial
analysis, modeling theory and practice, entered, with increasing rates, non-
parametric decomposition methodologies paired either with parametric
models or non-parametric techniques, resulting in hybrid models. These
hybrid frameworks, are the outcome of the evolution contacted in computer
science that allowed the construction of powerful algorithms, liberating the

scientific and engineering work processes. One of the major contributors of
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such algorithms by far is the signal processing field, followed by the machine
learning, deep learning, and artificial intelligence environments (Prasad and
Bakhshi 2022; Vrontos et al., 2021). Signal decomposition methodologies
along with ensemble frameworks, suddenly flourished providing a more
integrated analysis for time series data. These techniques, efficiently tackle
with the restrictions raised from classic econometric models and effectively
cope with the special characteristics, economic and financial data processes
have, the non-linearity and non-stationarity (Huang et al., 1998; Civera and
Surace, 2021). The decomposition frameworks, can reveal the peculiar
features that time series display and are capable of separating trend, high and
low frequency components, periodicities, noise etc. Then, the retrieved
components can be optimally analyzed and modeled separately, with the help
of parametric models, if the nature of the retrieved component allows such, or
with more advanced. Adaptive mode decomposition, variational mode
decomposition, semi-variational mode decomposition, wavelet decomposition,
convolution neural networks, recursive neural networks, deep neural networks
are only few of the available algorithms paired together in order to conduct
analysis, modelling and forecasting of complex systems, resulting in optimal
statistical and economic gains (Yu et al., 2008; Degiannakis et al., 2018).
From the many decomposition techniques that exist, in this thesis, we
adopted the six more widely incorporated by researchers and most fitted for
the financial analysis we conduct, namely the empirical mode decomposition
(EMD) (Huang et al. 1998), the embedded empirical mode decomposition
(EEMD) (Wu and Huang, 2009), the singular spectrum analysis (SSA)

(Golyandina et al., 2001), the Hilbert vibration decomposition (HVD)
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(Feldman, 2006), the empirical wavelet decomposition (EWD) (Gilles, 2013)
and the variational mode decomposition (VMD) (Dragomiretskiy and Zosso,
2014). We paired these techniques with three parametric and long
consolidated in time series analysis models, the Autoregressive model (AR),
the HAR framework, the Holt Winters (HW) and a model coming from the
deep learning environment, the long short-term memory model (LSTM). The
evidence reported from the exploitation of above architecture is rather
encouraging since it comes with significant statistical gains and this was the
initial reason to dive into the extensive experimentation that a study, like the
disaggregation and forecasting of implied and realized volatility, requires.
Degiannakis et al. (2018) in their work following the SSA decomposition
method and the HW framework, report superiority of the multiple days ahead
generated forecasts out of the disaggregation and modeling concept, when
compared to the ARFIMA and HAR framework, a study that was further
enhanced by the economic gains achieved from implementing two trading
strategies. Hassani et al. (2010) use SSA and its multivariate extension
(MSSA) to predict the price and the direction of change of U.K. exchange
rates against random walk models, with MSSA, outperforming naive
approaches. Lahmiri (2016), adopting the VMD approach and the general
regression neural networks models, (GRNN), forecast the 1 day ahead prices
of U.S. economic and financial indices and report forecast gains. In the same
line, Zhanke Li et al. (2020), apply VMD along with LSTM against EEMD-
LSTM to forecast oil price and report improved forecast accuracy. The same
is valid for Shu and Gao (2020), who use EMD, in order to decompose the

Shanghai Stock exchange composite index and then forecast it through
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convolutional neural networks. EMD and feed forward neural networks are
also incorporated by Yu et al. (2008) for the crude oil price series of WTI and
Brend and report statistical gains. Plakandaras et al. (2015), adopt the EEMD
process to decompose the time series of 5 exchange rates and use support
vector machines models to model and forecast the exchange rates and report
in-sample and out-of-sample forecast superiority against benchmark models.
Of course, studies presented here, are indicative and consist only a small
fragment on the investigation conducted in financial markets through this

modelling architecture, giving rise to new trends.

There is, however, a small flaw in the way the decomposition of a time
series takes place, and in the way, the intrinsic components are being
modeled and forecasted and then evaluated. In most studies the complete
sample is used to perform the decomposition and then the sample is split into
training and testing. This fact permits a look ahead bias to be evident in the
entire process, concluding in sometimes false predictive gains. In this thesis
we diverge from above process. We decompose implied and realized volatility
in a daily basis through a rolling sample and at the same time model and
forecast the individual components of each technique. That excludes the
inclusion of any future information in the process. Thus, we do not solely seek
for forecast accuracy in statistical grounds, because the advantage earned
when decomposing entire series is diminished. Here the future path is an
unknown parameter. What we seek is the economic benefits, the economic
usefulness of the generated forecasts if any. This can be retrieved from the
divide and conquer architecture only when entered and tested under the

actual way financial markets’ function and financial decisions are being drawn.
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For that reason, we employ an objective-based evaluation criterion along the
classic mean square error (MSE) and incorporate the Model Confidence Set
(MCS) of Hansen et al. (2011) and the Direction of Change (DoC), in order to
further validate the final outcome. The objective-based evaluation criterion is
the cumulative returns earned by following a simply trading rule on long and
short positions in roll adjusted futures contracts of implied volatility. We
choose the VIX futures as the appropriate product since in our studies we
incorporate the VIX volatility index, the central implied volatility index for the

U.S. stock market and the realized volatility of the S&P500 futures index.

Objective-based evaluation criteria are not new in volatility forecasting
literature. They date back to the work of Engle et al. (1993) and Noh et al.
(1994), who incorporate options trading strategies in order to assess the
economic usefulness of volatility forecasts. And since volatility’s movements
constitute the key for pricing options, profitable forecasts of implied or realized
volatility would always be the prime desire of trading practices in many
studies. Ahoniemi (2006) produce 1 step ahead forecasts of VIX through
ARIMA-type and binary probit models and simulate a straddle option strategy.
Three trading strategies on VIX Volatility Index and S&P500 Index, apply
Vrontos et al. (2021) to evaluate the economic significance of the 1 step
ahead forecasts generated out of their machine learning approaches.
Degiannakis and Filis (2022) and Delis et al. (2023) also proceed with options
trading strategies, especially straddles, only this time, model specifications
and trades are fully aligned with options markets’ actual conditions, under
which, trades of long and short positions take place. So, the trading practice

we adopt on futures instead of options is also aligned with these conditions.
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Hence, this thesis contributes both to the literature strand that uses objective-
based evaluation criteria to evaluate the generated forecasts and to the
literature strand that incorporates ensemble methods for economic and
financial time series modeling and forecasting in order to enhance the

economic gains.

In the sections that follow, we proceed by presenting the
decomposition methods and the forecasting frameworks, along the evaluation
and validation criteria for the studies that will be presented at chapters 3 and
4, where we decompose, model and forecast VIX and realized volatility of
S&P500 futures index, respectively. Thus section 2.2 presents the
disaggregation techniques. Section 2.3 unfolds the model frameworks that are
adopted for modelling and forecasting the two volatility measures. Finally,

section 2.4 presents the evaluation and validation concepts.

2.2 The disaggregation techniques

All disaggregation methodologies that participate in our divide and conquer
modelling architecture, were chosen very carefully, considering the peculiar
statistical properties that realized and therefore implied volatility, exhibit. We
also, tried to enhance our study by enclosing diverse techniques most
originating from the signal processing field and applications to medical, earth,
marine, seismic, machinery vibrations etc., with different theoretical
backgrounds and test their performance under the same market conditions.
All of the proposed frameworks deal efficiently with non-stationary, no-linear,

and noise-distorted systems and all of them inevitably come with advantages
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and disadvantages’, but after all, no method is flawless no matter if most of
them always evolve and new extended versions come forth. Of course, we

stick to the original versions of these techniques.

2.2.1 The empirical mode decomposition

It was the year 1998 when the study of Huang et al. (1998) published,
proposing a new 2-step tool to cope with the difficulty faced when trying to
analyze noisy, non-stationary and non-linear time series and partially replace
the Fourier spectral analysis that due to its restrictions would not fit for the
analysis of such data. The first step was the EMD that could decompose any
complex data through a spline algorithm into a finite and small number of
intrinsic mode functions (imfs) that were complete and orthogonal (Huang et
al., 2003) and would localize an event on time. The second step was the
Hilbert transform of the imfs that would localize the event in the frequency
domain and would allow for a more efficient and meaningful analysis. Since
then, EMD, has been widely applied and paired with parametric and non-
parametric models for decomposing and modeling wind-speed data, crude-oil
price time series and other financial time series (Ali et al., 2023; Shu and Gao,

2020; Jin et al., 2022).

EMD is an adaptive and direct algorithmic method for decomposing a
signal. The signal in order to be decomposed into a zero-mean amplitude
modulated imfs and a residue, must comply with three assumptions (Huang et

al., 1998), 1) have at least two extrema, one minimum and one maximum, 2)

' All techniques have pros and cons, but our intention is not to extent to every issue such
methods face, either mathematical or technical, rather provide a basic understanding of the
underlying theory. Those who desire a more thorough learning can always refer to the original
papers of their initiators.
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the characteristic time scale to be defined by the lapse of time between the
extrema and 3) when there is a total absence of extrema and only the
presence of inflection points, then differentiate one or more times in order to
reveal the extrema. Furthermore, an imf must satisfy two conditions, 1) the
number of extrema and the number of zero-crossings in the entire sample to
be either equal or differ by one? and 2) at any point the mean value of the
envelope defined by the local maxima and the envelope defined by local
minima to be zero. Thus, in order to identify an imf, EMD follows an iterative

process that is better described in five steps:

1. For any signal X; = {x4,X,, ..., X¢}, Which in our case is the VIX;, we
identify all extrema.

2. Then, we connect all local maxima with a cubic spline and create
the upper envelope. We do the same for the local minima in order
to create the lower envelope. Upper and lower envelopes should
cover all data points, after all, the creation of the envelopes is the
one that will help in separating components with close frequencies
(Feldman, 2011).

3. We designate the mean of the upper and lower envelopes as m; =
(envyax — €nvyin)/2. We subtract m; from original signal and

retrieve the first component c;— Xy —m; = ¢;

2 Huang et al. (2003) argue that imfs retrieved based on this condition are orthogonal and not
over sifted. Basically, one of the cons that is being addressed to EMD is the lack of a
mathematic formula and the fact that although imfs are indeed orthogonal, orthogonality itself
cannot be proved.
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4. Does the component comply with imposed restrictions? If so, then it
is an imf, if not we replace X, with ¢, and iterate over i times until
component equals an imf. That is called the sifting process.

5. In the case the resulted component satisfies the characteristics of
an imf, then imf; = ¢; (with i =1,2,...). And we get the first imf.
After having the first imf we subtract it from original series X; —
imf; = r;. The r; now takes the place of signal and process starts
over until all imfs are retrieved and only a residue is left, res,, that is
a monotonic function. At that point EMD terminates. The first imf is
the one with the highest frequency, and progressively frequency of
ongoing imfs lessens as gradually moves towards the final
monotonic residue.

The summation of all imfs and residue returns original series. Among
proposed and adopted decomposition techniques, EMD is the only complete
method whose, the summation of components (imfs and residue) returns the

exact same signal — X = YL _, imfy + res,.

There have been proposed various extensions to the above process
regarding cubic spline end conditions or stopping criteria. There are three
cubic spline end criteria. The first, as proposed in Huang et al. (1998), is to
add characteristic waves at the ends, where cubic splines tend to have wide
swings. The second, comes from Rilling et al. (2003), who propose to
mirrorize the close to the end extrema instead of padding extra data. In this
study we follow a distinct literature branch that adopts the third cubic spline
end criterion, that is to place the end points of the slope of the cubic spline

equal to 0 (Peel et al., 2007). According to Peel et al. (2007) this condition
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returns fewer imfs and tends to be more efficient compared to other cubic
spline rules proposed for EMD (Rilling et al., 2003; Huang et al., 1998;
Flandrin et al., 2004). We evidenced the same findings® and ended with 5 and
6 components depending on the rolling sample, for both implied and realized

volatility.

Regarding the stopping criterion of the sifting process, many different
methods have occasionally appeared, the standard deviation of Huang et al.
(1998), the threshold method of Rilling et al. (2003), the S-number of Huang
et al. (1999) and the Energy Difference Tracking of Junsheng et al. (2006). In
this thesis, we follow the original work of Huang et al. (1998), where a
component is recognized as an imf, by the standard deviation function, that
has the following classic form, with a value less than 0.2:

((c26- D=0 ®) 2
(- ®

<0.2

St.Dev =YT_,[

Overall, EMD constitutes an effective and fully data-driven
decomposition method. There are definitely some disadvantages, the most
proclaimed is the absence of a robust mathematical background, since it is an
algorithm, but that never posed any issues in its functionality, because it is
being widely applied in diverse scientific fields with quite a success for almost
25 years. Another disadvantage is the mode mixing, but this is something that
is being tackled through the EEMD of Wu and Huang (2009), that is the
second approach that we incorporate. Of course, there are occasionally other

issues dealing with the sifting process etc., but the intention of this thesis is

3 Classic cubic spline conditions returned 10 and 11 components, the Zero ends returned 5
and 6 components interchangeably between the 1600 iterative samples for implied volatility
and 1021 for realized volatility, due to the rolling window technique.
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not to provide an extensive analysis on every issue that the decomposition
techniques may face, but to clarify some of them in order to realize that no
process is flawless and there will always be some alterations among the

proposed EMD algorithms that may alter the final outcome of different studies.

2.2.2 The embedded empirical mode decomposition

EMD process as we mentioned, although being an adaptive and fully data
driven decomposition method, widely implemented, it has frequently been
accused of mode mixing, an outcome of signal intermittency (Huang et al.,
1999). This can raise annoying issues in the analysis conducted in the
resulting components that may lack in any physical meaning through the
second step that is the Hilbert transform. In order to cope with this issue Wu
and Huang (2009) proposed the EEMD based on the study of Flandrin et al.
(2004). This noise-assisted signal extraction method infuses signal with white
noise of finite amplitude that leads to efficient frequency separation. Thus, the
resulting imfs constitute the mean of an ensemble of repeated iterations (Yeh
et al., 2010). The process of EEMD is in the same line as EMD and follows

the same steps with the difference that:

1. We add a white noise series, wn, to the original signal, s;: X; = s; +
wn.

2. We proceed with the decomposition as conducted in EMD and retrieve
imfs.

3. We iterate* above steps many times adding different white noise

series.

4 The number of ensembles is dictated by the data itself. For this study, we went through 30 trials.
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4. We calculate the ensemble means of the imfs returned from every
iteration. The means returned are the final imfs of entire process.
According to Wu and Huang (2009) this repeated addition of different white
noise series of finite amplitude not infinitesimal, in the original signal are
cancelled out in the end result and the mode mixing problem is efficiently
tackled without perturbating original signal. Moreover, the addition of finite
amplitude white noise allows EMD to act as dyadic filter bank (Flandrin et al.,
2004), and accomplish meaningful imfs. Compared to EMD, the EEMD
alternative is also extensively applied and a plentiful of studies end with
promising results when EEMD is incorporated in hybrid models or EEMD

extensions are used (Dong et al., 2019; Sun et al., 2018; Tang et al., 2018).

In this work EEMD inevitably is present, since both implied volatility,
approximated by VIX Index and realized volatility, approximated by the 5 min
returns of SP 500 futures index, have a persistent and volatile nature with
long memory. We thought that the addition of EEMD in our decomposition
techniques would allow to inspect whether EEMD compared to EMD gives
more refined imfs with altered final economic recordings. In our case, both
methods for both time series terminated at 5 and 6 components
interchangeably, due to the alterations throughout the rolling scheme. The
truth is that original EMD was efficient enough to decompose VIX, but for
realized volatility only the EEMD method in the end is recorded. As for the
reported economic gains, that are presented at the relative tables of sections
3 and 4. Based on the trading strategy we implemented, we should go on and
state that profits, somehow accelerated for the EEMD case compared to

EMD, although both frameworks returned remarkable cumulative returns for
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most forecast horizons at least for the VIX, where both methods are present.
Perhaps these infinitesimally small declines between the resulted components
of the EMD and EEMD processes do seem to have a critical impact in the

end. Practice can only tell.

2.2.3 The singular spectrum analysis

SSA, constitutes another non-parametric time series analysis and
decomposition technique with various applications and many extensions
(Golyandina and Zhigljavsky, 2013; Golyandina et al., 2001; Hassani 2007)
that approximately decomposes a time series into noise, periodicities, trend
etc. Although SSA is demonstrated and primary used as a decomposition and
filtering technique, it can also be used for forecasting purposes as in
Degiannakis et al. (2018), Thomakos et al. (2002), Sulandari et al. (2020) to
name a few, with remarkable results. In this study we are not going to use its
forecasting ability, rather its efficiency to generate meaningful components.
Afterall, the primary reason why one uses a decomposition technique is to
separate the different harmonics, scales, frequencies, periodicities, trend,
noise etc., that would reveal the inner nature of a time series and allow

targeted analysis.

SSA is performed by following some distinctive steps of a robust
mathematical path (Hassani and Thomakos, 2010). Hence, SSA has two
stages, the decomposition and the reconstruction. The very first step in the
SSA process is to construct the trajectory matrix and “transform” the time

series into a multidimensional matrix:

Stage 1: Decomposition
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1. Embedding. Let Xy be a time series of length N, Xy = (x4,X3, ..., XN)-
We need two parameters, L, which is called embedding dimension and
K, two integers that will constitute the number of rows and columns of
the trajectory matrix respectively, with L being (1 <L <N)®>and K=N —
L+ 1. We form a sequence of L and K lagged vectors out of the
original sample. So, The X matrix of Eq. 1 constitutes a Hankel matrix

and has equal anti-diagonal elements:

Xl X2 X3 b XK
X, X3 X W X
X = Xy, Xgr o Xl = el = 200 X0 M) (2.2.1)

X1, XL+1XL+2 " XN

2. Decomposition. In the core of SSA lies the singular value
decomposition (SVD). Having constructed the trajectory matrix, we

perform SVD on X and decompose it into a sum of rank-one matrices:

X:X1 +X2+“‘+Xd, (222)

where d denotes the rank of X and X; = Zi\/TiUiViT i=12,..,d).SVD
process returns the eigenvalues A; of XXTin decreasing order of
magnitude, (A; =21, =+ > A, = 0), the left singular vectors of X, U;
and V; the right singular vectors. The assortment of (\/TiUiVi) is called

the ith eigentriple of SVD (Hassani et al. 2021).

Stage 2: Reconstruction

5> According to Hassani et al. (2021) L plays an important role during the reconstruction phase and sets
how well reconstructed time series approximates original one and how well efficient separation of
components is dealt. Values of L varying in between (2 < L <N/2) have higher resolution.
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1. Grouping. Grouping is the one that defines the way the individual
eigentriples of Eq. 2, (1, 2, ..., d), are going to be grouped with each

other into m disjoint subsets I, 1,, ..., I, called eigentriple grouping®:

X = Xn + XIZ + -+ le. (223)

2. Diagonal averaging. Having grouped the eigentriples, the final step is

to transform these X;; matrices into new series/components of length N,

the length of original series. In order to achieve that we first transform
these matrices into Hankel matrices Y, of L x K dimensions and
elements y;,1<i<L1<j<K. Then, via performing diagonal

averaging on Y, we transform it into the desired series (y4,y3, ..., ¥n):

Vs = Z(I,R)EAS Vi /Asl,
(2.2.4)

where Ag={(Lk):l+k=s+1,1<I<L1<k<K} that is the
averaging process of the antidiagonals and |As| the number of
elements in the set of As;. Thus, from the original series of
(%1, %2, ..., xy), the entire process returns the reconstructed series of
X0 = & 50 %) that are the SSA m components and their

summation approximates back original series:

m
%, = Z 9 n=12.,N (2.2.5)

¢ For the case where m = d and I;={j},j =1,2,..,d, the corresponding group is called elementary.
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Diagonal averaging completes the SSA decomposition process but still
the step of grouping remains the most intrinsic one for efficient decomposition.
That is why different frameworks have been proposed part of the separability
issue faced in SSA and how different components are going to be grouped
together. Golyandina et al. (2001) propose the weighted correlation concept
along with the graphs of eigenvectors that can reveal components that seem
to strongly interact-correlate. Hassani et al. (2021) against the classic
weighted correlation propose hierarchical clustering methods and there is also
the relative entropy concept that we adopt. Relative entropy, that in the
probability and information theory is best known as the Kullback-Leibler
divergence, is a measure that estimates the similarity between two probability
density functions (pdfs), P,(x) and P,(x) and returns a value of divergence
that is not the statistical distance between P,(x) and Pz(x) (Kanishka et al.,
2022). It is a non-negative value, but when it returns zero (0), then P,(x) =
P, (x). Thus, the Kullback-Leibler divergence for two pdfs, KL(A||B), is given

by (Theodoridis, 2020):

& P
KL(A||B) = f P,(x)log P“gg dx
e 5 (2.2.6)

Most commonly, relative entropy is used for optimization issues in the
machine learning environments. Here, through its assistance, we end with 4
components for the VIX Index and 3 components for the realized volatility,
constructed out of 5min returns of SP500 futures index. Now, regardless the

preferred technique for the grouping step, effectiveness depends on the
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reason why someone engages in SSA decomposition and whether final

results comply with the research conducted.

2.2.4The Hilbert vibration decomposition

In the same spirit to EMD, that forms the first step for Hilbert Huang transform,
Feldman (2006) introduced the HVD, as part of the evolution conducted in
signal analysis. HVD is a decomposition method used especially for the
analysis of mechanical vibrations, earthquake motions (Huang et al., 2012),
and for the analysis of Electroencephalograms (EEG), Electrocardiograms
(ECG) or Seismocardiograms (SCG) (Shankar et al., 2021; Singh et al., 2022)
among others. HVD constitutes an iterative algorithm, where in each iteration
the component with the highest energy is subtracted from original data relying
on the synchronous demodulation process (Feldman and Braun, 2017). HVD
as most methods, follows some rules and HVD must comply with three
assumptions, 1) the underlying vibration to be the outcome of the
superposition of quasi-harmonics functions, 2) the envelopes of each vibration
component to differ, and 3) the total length of the vibration to include several

longest periods of the corresponding slowest component (Feldman, 2006).

In the core of HVD lies the Hilbert transform (HT), a linear operator
designated for the analysis of complex signals with varying amplitude and
frequency through the course of time. For a vibration process, x(t), the HT

takes the form of an integral transform considered a Cauchy Principal Value:

H[x(D)] = %(O) = -1 f T x@ g 2.2.7)
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where X(t)is the HT of x(t). Let us consider x(t) being a multicomponent
signal, then it can be denoted as the sum of monocomponents of slow varying

instantaneous amplitudes and frequencies:

X(© = ) ai(©cos ([ o (Da), 228

T
where q;(t) represents the instantaneous amplitude (envelope) and w;(t)
denotes the instantaneous frequency of the Ith component. In order to
estimate these parameters each time, in every successive iteration, we have
to obtain the analytical signal, X(t), expressed by the summation of the real

part along the imaginary part and by the exponential form (Feldman, 2011)

both appearing in Eq. 7:
X(t) = x(t) +j%(t) = A(t)el*®, (2.2.9)

The instantaneous amplitude (envelope, magnitude) is then estimated as:

A = |X(®)] = /x2(t) + &2(t) = eRellnX®] (2.2.10)

and its instantaneous phase as:

(© = arctan (2 = 1m[Inx(0)] 22.11
© —arcanx(t)—mn . (2.2.11)

From the first derivative of the instantaneous phase, we get the
instantaneous angular frequency w(t) = ¢(t). Now, the slow varying vibration

component can be extracted by imposing a low pass filter on the
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instantaneous envelope and frequency respectively that will help subtract the
largest vibration component out of initial signal x;_,(t) = x(t) — x;(t) and then
treat x,_;(t) as the initial and repeat process until its termination. The cutoff
frequency of the low pass filtering” is the one responsible for the frequency
resolution of the HVD process and should be of a small value because on
every successive iteration, after having subtracted the previous frequency, the
frequency of the next to be extracted component dominates and so
components with close frequencies must be able to be efficiently separated.
The HVD process terminates when the standard deviation difference between

two successive components becomes < 0,01.

HVD has only few disadvantages. Braun and Feldman (2011), state
that HVD is sensitive to additive noise, while Feldman (2008) report that HVD
may not be efficient enough in short samples. In our study the sample was
long enough to guarantee that decomposition process was optimal and
terminated by providing 5 components for both implied and realized volatility.
Overall, HVD constitutes an unpretentious process that is easily implemented

and is considered to be computationally fast.

2.2.5 The empirical mode decomposition

Among the concepts that seem to dominate the signal processing field, lies
the wavelet theory with a vast literature dedicated on wavelets’ features and
their use (Meyer, 1997; Daubechies, 1992). Inspired by the wavelet theory
and the continuous and discrete wavelet transforms, Gilles (2013) proposed a

new adaptive method for decomposing non-stationary and non-linear signals

" In our study we use the Elliptic low pass filter that fits perfect in order to efficiently manage the
randomness that financial time series experience.
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into amplitude modulated-frequency modulated (AM-FM) components, the
EWT. Since then, EWT appeared in the analysis of power system signals,
wind data, medical disease diagnosis, seismic data, machine fault diagnosis,
image processing etc. (Liu et al., 2016; Singh and Sunkaria, 2016; Beoula et
al, 2017), but also, in combination with parametric and non-parametric
frameworks for forecasting short-term wind speed, drought etc. (Hu and

Wong, 2015; Shaari et al., 2018).

EWT builds a family of wavelets that can easily be adapted to the
signal to be decomposed. The very starting point and the most crucial one in
the entire process, is how to segment the Fourier spectrum of the signal. Each
segment denotes a mode, so there are equivalent segments corresponding to
the inspected components. This very step seems to be and the most
controversial as one has to predefine the modes the moment that any prior
relevant information of the analyzed to be signal is absent. Thus, setting the
boundaries of Fourier segments becomes demanding and various algorithms
have been proposed to efficiently cope with this issue (Shi et al. 2017). The
next step is to define the empirical scaling function and the empirical wavelets
that will act as band pass filters on each predefined segment. Let us assume
that we segment Fourier support [0, 11] into N points. Let w,, be the boundaries
of the different segments with w, =0 and wy =n. Each segment lies in
[wn-1, w,]. Around every w, a transition phase is defined, T,, with width 27,

and thus the empirical scaling function is defined by:
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(1 if o] < w, — T,

(/f)n((ﬂ) = i cos [gﬁ(%(lml — Wy, + Tn))] if Wy — Ty < |(l)| < Wy + Th (22.12)
0

otherwise.

And the empirical wavelets by:

Up (@)

1 ifow, + 1, < o] < Wpp1 — Tugr

2Tn+1

1
cos [gﬁ( (lo] = wpy1 + Tn+1)>] if Wyt — T < 0] < Opgq + Togr (2-2'13)

T 1
sin [zB| — (o] — w, + T,) ifo, -1, <|o| <w, +1,
2" \21,

0 otherwise.

Assuming B(x) being an arbitrary function CX([0,1]), where:

if x<0
if x>1

B(x) = {‘i and B(x) + 1 —x) =1 vx e [0,1]. (2.2.14)

Setting 1, proportional to w,, T, = Yyw,, With 0 <y < 1, then above equations

can be rewritten as:

1 if || < (1 -y)w,
Pn(w) =1{cos FB(L(lwl -(1- y)mn))] if -—Vo,<|lol<A+y)w, (2.2.15)
2" \2yw,
0 otherwise.
And
Un (@)
1 lf(l +Y)(1)n < |(1)| < (1 _Y)(l)n+1

COSEB< - (|m|—(1—y)mn+1>)] if (1= Vo < [0l S A=V (2.2.16)

2Y(*)n+1

sin EB(%(IMI -1 —Y)wn))] if(1 -y, <ol <1 -v)w,

0 otherwise.

Now, in order to construct the EWT, denoted as Wff(n, t), the detail and

approximation coefficients have to be estimated given by the inner products of

empirical wavelets and scaling function respectively:
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WEm,©) = (f iy ) = f (O — Ddt = (@) Pn(@)", (22.17)

WEQ,D) = (91 = [ 09— Bkt = () @), (2.2.18)

where {i,(w) and @,(w) are estimated above through Eq. and Eq. and the

reconstruction:

N
(D) = WEO, 0 % @2(0 + ) WEm,B) + (8
n=1

(2.2.19)
N
= (W@, @)Pa(@) + ) WEn,0) * (@),
n=1
Finally, the empirical mode, fi returned by the EWT is expressed as:
fo() = WF(0,8) * ¢4 (D),
(2.2.20)
fil(© = WE(k, ©) * P (D). (2.2.21)

The empirical modes returned out of EWT come in ascending
frequency order. Process starts from separating the component with the
lowest frequency and terminates to the one with the highest. Actually, the
number of modes and the point that terminates process is user defined, after
inspecting the Fourier spectrum. In our study, we defined 4 components for

the VIX Index and 6 components for the realized volatility time series.
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2.2.6The variational mode decomposition

The final decomposition method applied in our study is attributed to
Dragomiretskiy and Zosso (2014), who proposed a non-recursive variational
model that could address limitations rising from corresponding decomposition
models such as EMD, HVD or EWT etc., the VMD. The use of this method
has accelerated and many are the studies to incorporate VMD along neural
networks, reconstruction techniques or optimization techniques in order to
forecast oil price, short-term power load, financial data etc. (Lahmiri, 2016; Li

et al., 2020; Ping Yu et al., 2021).

Dragomiretskiy and Zosso (2014), utilize three concepts, the Wiener
filtering, the HT and the frequency mixing and heterodyne demodulation in
order to synthesize the VMD process that decomposes a real signal f(x) into
distinct modes. Each mode is required to be compact around a central
frequency, w, determined through the process, so, they determine the
bandwidth of the modes by following three steps, 1) they compute analytic
signal of each mode through HT and obtain a unilateral frequency spectrum,
2) they shift mode’s frequency spectrum to baseband, by mixing it with an
exponential tuned to the respective estimated center frequency, and 3) they
estimate the bandwidth through the H1 Gaussian smoothness of the

demodulated signal. So, they end up in a constrained variational problem:

0¢ [(8(t) + %) * uk(t)] e jwkt 2

2

min E
Uk, g,
k

s.t. Z e = £, ©6)
k
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where u;, denotes the modes, w, denotes their central frequencies, * denotes
convolution and the summation of all u, approximates original signal. The
solution to above problem is given through Lagrangian multipliers, A and a
quadratic penalty term with the assistance of the alternate direction method of
multipliers (ADMM) (Gabay and Mercier, 1976; Eckstein and Bertsekas, 1992)

an iterative sub-optimization method, so the Lagrangian takes the form:

L(ug, wg,A) = az 0t [(S(t) + #) * uk(t)] e jokt i
k 2

2 ™
() — ) u®|| + QW0 - ) w(®).
2 k

k

+

The process returns the predefined from the user modes. The
Lagrangian multiplier when used along with the penalty term ensures that the
summation of all returned components will reconstruct actual signal not
perfect but approximately close. The inclusion of only the penalty term will
slightly vary final outcome but will deal more sufficiently with noisy data. VMD
is not without flaws, concerning the extraction of non-periodic components,
the discontinuity of signals and the decomposition of wideband spectra
(Civera and Surace, 2021) but in the end no technique is perfect. Regarding
our study, after experimentation on the number of components that best
approximates original series, we adopted the version that results in 5 modes

for both inspected indices.

2.3Modelling and forecasting frameworks
The second step in the main target of the thesis, is to fit optimal models to the
individual components each of the predefined decomposition methods

granted for the two measures. The fitting is conducted according to the
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distinctive nature of the diverse components after excessive experimentation,
so the following models were not randomly selected. Forecasts for each of the
separate components, are generated based on the model specification
applied to each component and are processed by incorporating a rolling
window approach with a fixed window of 1000 observations. The initial data
sample of VIX index consists of T = 2600 trading days, while for the realized
measure consists of T = 2021 trading days. Thus, we use the first T = 1000
observations for decomposition and for in-sample estimation, that is from 20t
of August 2012 up to 12t of August 2016 for both time series. Then, we use
the rest T = 1600 observations up to the 30t of November 2022, as for the
components of VIX index and the rest T = 1021 observations up to 31t of
August 2020 as for the components of the realized measure, for generating
out-of-sample iterated forecasts for 1, 5, 10 and 22 days ahead horizon. The
sample of the realized measure is dictated from data availability. Each day on
the out-of-sample period, we decompose VIX and realized volatility, then
model components and forecast for a completely unknown future path that
alters each consecutive day. The forecasts produced for the individual
components of each decomposition method, are then summed together in
order to form the final aggregated forecasts for each trading day, for each
technique and for each time series. Thus, study refrains entirely from using
any future information and committing the often phenomenon of data leakage,
best known as look ahead bias, during the decomposition process and
inevitably during model estimation and forecast generation. Forecasts, are

produced based on data that belong to the information set at time t.
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All four models proposed in this section, as best fitting for our divide
and conquer structure, are also applied to original series in order to
investigate whether this tactic indeed adds in forecast accuracy not from a
statistical perspective, but from the objective-based economic point of view
that we apply. We end up with a total of 32 models for the case of VIX and 12
models for realized. When disaggregating VIX for the EMD approach we get 4
models, for EEMD we get 5 models, for SSA we end up with 6 models, for
HVD with 5 models, for the EWT case, we have 4 models and finally for VMD
we get 4 models. When disaggregating realized volatility, for the EEMD
framework we have 3 models, for the SSA method, we get 2 models, for the
HVD we have again 2 models and also two models we get for each of EWT
and VMD techniques, respectively. The tables with the complete selection of
the models, appear at the chapter of empirical findings, that is chapter 3.3 for
VIX and 4.4 for the realized metric. The models of decomposition methods are
reported based to each method’s abbreviations. The 4 models of VIX index,
as a unity that are included for comparison reasons, are conceived as
benchmark models and the same is valid for the case of realized volatility. For
components that constitute a white noise process, of course no modelling
takes place. Fig. 2.1 illustrates superficially how the entire process is being

conducted.
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Figure 2.1 Decomposition, modelling and forecasting process
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Note: The 1600 rolling samples of VIX with a fix window of 1000 observations are decomposed, modelled, and forecasted in order to get the aggregate
forecasts of VIX for the forecast horizons of 1, 5, 10 and 22 days ahead. Then evaluation is conducted based on statistical and economic criteria. From the
above, k stands for the number of components, i = {EMD, EEMD, SSA, HVD, EWT, VMD} and h is the forecast horizon, with h = {1,5,10,22} days ahead. For
brevity, symbolism refer to the VIX index decomposition process, but the same applies for realized Vvolatility as well.
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2.3.1 The autoregressive model

The first model incorporated is the Autoregressive model (AR). The inclusion
of an intrinsic econometric model along the more advanced ones in an
ensemble modeling, helps to model and forecast components that bare a first
or higher order autoregressive pattern. For brevity, we present the model’s
specification for the case of the first order, for modelling the logarithm of VIX

components, for each of the decomposition techniques?, that is:

log (VIX;;0) = wiP (1 — () + w log(VIX; 1) + &0, (2.3.1)

where, w(()t) and wf) represent the rolling estimated coefficients, i is the

number of the component, j = {EMD, EEMD, SSA, HVD, EWT,VMD} and ¢, are
the residuals that thought to be normally distributed, &~N(0,02). When
modeling and forecasting is conducted on realized volatility’s components,
then VIX;;_, is substituted from RV;;._; to adequately denote the components
of the realized measure. Forecasting for the t+h horizon, with h = {1,5,10,22}is

conducted through:
VIXjt+hjt = €Xp (W(()t)(l - (pgt)) + Wgt) log(VIXi,j_Hh_l). (2.3.2)

Now, concerning the disaggregation of VIX and for the case of the
EMD method and for the models of EMD-HW-AR, EMD-LSTM-AR and EMD-

LSTM-AR-HAR, components 2, 3 and 4, components 2, 3 and 4 and

8 Here equation is specified for VIX components. When modelling and forecasting the VIX as a unity,
then specification becomes log(VIX). The same applies for the rest of the benchmark models, but for
brevity we refrain from complete presentation in the relevant sections and the same is valid when
realized volatility is modelled and denoted as log(RV,).
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component 2, respectively, are modelled and forecasted via AR processes.
For the EEMD method and for models EEMD-HW-AR, EEMD-HW-AR-HAR,
EEMD-LSTM-AR and EEMD-LSTM-AR-HAR, components 2, 3 and 4,
component 2, components 2, 3 and 4 and component 2, respectively, were
modelled and forecasted via AR processes. For the case of SSA and for the
models of SSA-LSTM-AR and SSA-HW-AR, components 2 and 3, for both,
are modelled and forecasted via AR processes. For the HVD method and for
the models of HVD-HW-AR, HVD-HAR-AR, HVD-AR1-AR and HVD-LSTM-
AR, components 3, 4 and 5, components 2, 3, 4 and 5, components 1, 2, 3, 4
and 5 and components 2, 3, 4 and 5, respectively, are modelled and
forecasted through AR processes. To continue, for the case of EWT and for
models EWT-HW-AR and EWT-LSTM-AR, components 3 and 4, for both, are
modelled and forecasted based on AR processes. Finally, for VMD, and for
the models VMD-HW-AR and VMD-LSTM-AR, components 3, 4 and 5, for
both are modelled and forecasted via AR processes.

As for the disaggregation of realized volatility that returned fewer
models for all proposed decomposition frameworks, for EEMD and EEMD-
HW-AR and EEMD-LSTM-AR, components 2, 3 and 4 for both models, were
modeled and forecasted via AR processes. For the HVD and HVD-AR all
components were modelled and forecasted with AR processes. For the EWT
and EWT-HW-AR, components 2, 3, 4, 5, 6, 7 were modelled and forecasted
through AR processes.

2.3.2 The heterogeneous autoregressive model
Heterogeneous autoregressive model, HAR, the state-of-the-art framework for

volatility modelling of Corsi (2009), is an additive linear combination of
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indicators of volatility components at different time horizons, fully aligned with
markets’ fractal structure. HAR has proven to be one of the best performing
models for generating forecasts, especially when these forecasts entail asset
allocation aspects (Degiannakis and Filis, 2022). The simple HAR for the
logarithm of VIX components, for each of the decomposition techniques, takes
the form:
5
log(VIX;j) = wo + wilog (VIXije_1) +w,(5™" ) log (VIXi010)
k=1

(2.3.3)

22
+ w3 (2271 z log (VIX;j-x)) + €

k=1
where, w,, w;, w, and w; denote the rolling estimated coefficients and ¢; a
normally distributed process, £,~N(0, 62). Again here, to avoid text complexity,
we should mention that for the case of the realized volatility, the same model
specifications are valid and VIX;;._i is replaced by RV;;._. Since we have
used the log form for model estimation, forecasts for the h-days-ahead
horizon, are given by:

VIX; j t+hje = exp(Wo + Wylog (VIXijran—1]t)

s—1
+ W, <S_1 Z log(VIX|j t—k+h|t)
k=1
5
+(5—h)" ) log (VIxi,j,t_k+h)>
L (2.3.4)
s—1
+ \7\73 <S_1 Z log(VIXi,j,t—k+h|t) + (22
k=1

22
—h)™! Z log (VIXi,j,t—k+h)> + 1/2 G2).
k=s
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Through the HAR framework, when VIX Index is investigated, the
following components are modelled and forecasted, 1) from the EMD and the
model EMD-LSTM-AR-HAR, components 3 and 4, 2) from the EEMD and
models EEMD-HW-AR-HAR and EEMD-LSTM-AR-HAR, components 3 and
4, for both, 3) from SSA and models SSA-LSTM-HAR and SSA-HW-HAR,
components 2 and 3, for both, and 4) from HVD and model HVD-HAR-AR,
component 1. When realized volatility is the object of interest, only the SSA
concept incorporates the HAR framework and more specifically the model
SSA-HAR where the first components is modelled and forecasted via HAR.
2.3.3The holt winters model
Apart from HAR and AR models, we further employ the Holt Winters (HW)
framework as some components present features that best apply to HW
specification. HW is a simple univariate procedure for producing forecasts
based on the past and current values of a time series that utilizes triple
exponential smoothing and allows to deal with both seasonal variation and
trend (Winters, 1960; Chatfield, 1978). HW unfolds in two versions®, an
additive and a multiplicative where the seasonal effects are thought to be of
constant size or proportional to the local mean respectively (Chatfield, 1978).
There are three smoothing constants a, B, y. The model specifications for the
components of VIX, for the two distinctives versions have the following form?°:

Additive

% Additive and multiplicative versions apply depending on the data and their values. For
running the HW model we made use of the statsmodels package of the python programming
language.

10 Again log (VIX; ;) can be rewritten as log (V1X,) to account for VIX as a unity.

53



M; = 3,(log (VIX;0) — Teec) + (1 — D) (M + Fiy),
F, = G(Mt - l\7[t—1) + (1 -PB)Fiy (2.3.5)

Tt = \A’t(IOg (VIXi,j,t) - l\7['c—1 - lE‘t—1) +(1+ ?)Tt—c-

Multiplicative

- log(VIX;
i, ( g( ljt)

) + (1 - a)(I\A/[t—1 + lE‘t—1);

t—c

-~ —~

Fo=B(M,—M,)+ (1 -B)F4 (2.3.6)

(108 (VIX”t)> (1 gy
- t—c

where, M,, F,, T, stand for the estimate of the de-seasonalized mean for time
t, the estimated seasonal factor at time t and the estimated trend term at time
t, respectively. The ¢ term that appears as subindex in above system of
equations denotes the number of observations included in a seasonal cycle
(Chatfield, 1978). Again, as for all the models’ specifications, VIX;;. is
replaced by RV, to denote the methods and the components retrieved from
each, for the case of realized volatility. Now, forecasts from the HW procedure
can be generated for any horizon. Hence, forecasts of h days ahead of
components in logarithmic form, for the additive and multiplicative versions
respectively, are given by the formulas:

Additive
VIXijt+ne = exp(lvlt +hF, + Tt+h—c)- (2.3.7)

Multiplicative

VIX;j e+hje = exp(M; + hF¢) * Teop-c. (2.3.8)

54



Through the HW method, the following components, coming from the 6
decomposition techniques, are modelled and forecasted, 1) from EMD and
models EMD-HW and EMD-HW-AR, components 2, 3, 4, 5 and 6" and
components 5 and 6'2, respectively, 2) from EEMD"® and models EEMD-HW,
EEMD-HW-AR and EEMD-HW-AR-HAR, components 2, 3, 4, 5 and 6,
components 5 and 6 and components 5 and 6, respectively, 3) from SSA and
models SSA-LSTM-HW, SSA-HW, SSA-HW-HAR and SSA-HW-AR,
components 2 and 3, components 1, 2 and 3, component1 and component 1,
respectively, 4) from HVD and models HVD-HW and HVD-HW-AR,
components 1, 2, 3, 4 and 5 and components 1 and 2, respectively, 5) from
EWT and models EWT-HW, EWT-HW-AR and EWT-LSTM-HW, component
1, 2, 3 and 4, component 1 and components 3 and 4, respectively, finally 6)
from VMD and models VMD-HW, VMD-HW-AR and VMD-LSTM-HW,
components 1, 2, 3, 4 and 5, component1 and components 3, 4 and 5
respectively.

When the time series of realized volatility is under investigation, then,
1) for the EEMD method, from the EEMD-HW model, all components were
modelled and forecasted under HW framework, except for the first component
that was naturally found to be best characterized by a white noise process,
while from the EEMD-HW-AR model, components 5 and 6 were modelled and
forecasted through HW, 2) for the SSA approach and SSA-HW model, all

components were modelled and forecasted via HW, except again for the first

1 When a rolling sample returns 5 components, then components 2, 3, 4 and 5 are modelled and
forecasted through the HW framework.

12 When a rolling sample returns 5 components, then components 4 and 5 are modelled and forecasted
via HW.

13 For EEMD as is the case for EMD, when a rolling sample returns 5 components, then components 2,
3,4 and 5 are processed through HW for the case of EEMD-HW, components 4 and 5 for EEMD-HW-
AR and EEMD-HW-AR-HAR, respectively.
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one, 3) for the HVD and HVD-HW model applies the same as in the SSA-HW
and EEMD-HW case, 4) for the EWT concept and EWT-HW and EWT-HW-
AR, components 1, 2, 3, 4, 5, 6, and 7 and components 1 and 2 respectively,
were modelled and forecasted through HW framework, 5) finally, for the case
of VMD and models VMD-HW and VMD-HW-AR, components 1, 2, 3 and 4

and, components 1 and 2 were modelled and forecasted under HW.

2.3.4 The long-short term model

In the field of deep learning algorithms, there stands out the long short-term
memory model (LSTM) (Hochreiter and Schmidhuber, 1997), that is the fourth
framework we incorporate for modelling and forecasting the VIX components.
Part of recursive neural networks (RNNs), LSTM came as a solution in a
major drawback of RNNSs, their inability to produce accurate predictions
attributed to the explosive gradient descent when trying to learn the long-term
dependencies of a series (Bengio et al., 1994). LSTM ever since has proven
to be a powerful enough tool for time series forecast scenarios and many are
the studies to include it (Michankow et al., 2022; Shu and Gao, 2020; Liu et
al., 2022). Its main advantage lies in the addition of extra memory cells, extra
layers, consisting of three gates, the input gate, ig;, the output gate, og, and
the forget get, fg.. Memory cells with the help of activation functions'4, such
as sigmoid and hyperbolic tangent function, act as filters concerning the
information that will eventually reach the next cell state. The mathematical
expression of how information flows inside each memory cell and the role

each gates plays is presented in the following equations:

14 For setting the model and its parameters (layers, optimizers, epochs, etc.), we use the keras deep
learning API in python programming language (keras.io) that is built on top of TensorFlow, a machine
learning platform.
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ig. = sigm(weight;, - [h¢_q, x¢] + bias;y)
fg, = sigm(weighty, - [h_1, X¢] + biasgg) (2.3.9)
m; = hyptan(weight,, - [h._1, X¢] + biasy,),

where, m is the value of the memory cell in order to update the cell, x; is the
input data at time t, h;_; is the output of the previous layer that enters as input
to present state, the weight with subindices of the different gates, denotes the
weights set every time by forward and back propagation (Hecht-Nielsen,
1992), that try to minimize the error condition’ through successive efforts and
finally, the bias term stands for the error term. The sigm and hyptan symbols,
appearing in Eq. 2.3.11 and 2.3.12 denote the sigmoid and the hyperbolic

tangent functions'® respectively. The new value of the cell becomes:
c = fg, * c_q +igy x My, (2.3.10)
where * denotes the convolution and c;_; denotes the value of the previous

cell state. Now, the value of the output gate, og;, is given by:
og = sigm(weightg[h¢_1, ] + bias,g, (2.3.11)
Finally, the above steps result in the final layer’s filtered output that is of the
form:
h; = og; * hyptan(c;). (2.3.12)

The above procedure provides the steps occurring in each memory cell
and the way they control information, progressively over and over again

among layers until the final estimated value that minimizes the error term is

5 LSTM utilizes different types of cost functions. A frequently used loss function is the “mean
squared error” and is the one we also incorporate for constructing our model.
'8 For instance, the hyptan is a function that receives values between -1 and 1 and is denoted

ZX_ . . . . .
by hyptan = ﬁ where x is a linear combination of the variables.
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eventually reached. Perhaps it sounds a little complicated, but that is how
RNNs work and LSTM being the improved version of RNNs, holds their core
architecture. Now, LSTM contrariwise to RNNs thanks to its lookback period
window and its ability to learn both the short-term and the long-term data
characteristics, can generate multiple days ahead forecasts. Having produced
the 1 day ahead forecast, incorporates forecasted value, updates data set and
moves on to the next and so on, until all values for the specified horizon are

gathered:

heyn = 08e4n * hyptan(cen). (2.3.13)

In this study the inclusion of LSTM is used for modelling and
forecasting components that their nature excludes more elementary
frameworks. Hence, through LSTM for the case of VIX index the following
components were modelled and forecasted, 1) from EMD and models EMD-
LSTM-AR and EMD-LSTM-AR-HAR, components 5 and 6, for both'”, 2) from
EEMD and models EEMD-LSTM-AR and EEMD-LSTM-AR-HAR components
5 and 6 for both case, 3) from the SSA and models SSA-LSTM-AR, SSA-
LSTM-HAR and SSA-LSTM-HW, component 1 for all three models, 4) from
HVD and model HVD-LSTM-AR, component 1, 5) from EWT and models
EWT-LSTM-HW and EWT-LSTM-AR, components1 and 2 for both and 6)
from VMD and models VMD-LSTM-AR and VMD-LSTM-HW, component 1
and 2, for both. For the case of realized volatility only components 5 and 6 of
the EEMD-LSTM-AR were modelled and forecasted through LSTM for horizon

of 1 and 5 days. The nature of realized volatility resulted in not so optimal

17 Here applies the same we mentioned at HW’s section about components 5 and 6 of EMD and EEMD
processes.
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outcome so we refrained from including extra models of components

modelled and forecasted via LSTM.

2.4 Criteria for forecast evaluation and model selection
2.4.1 Forecast evaluation criteria

One of the main scopes of this dissertation is to point out whether the
proposed modelling architecture, can actually result in optimal forecast
performance. We specify optimality through the production of meaningful and
profitable forecasts for market participants, who engage dynamically in
derivatives markets. Hence, in order to quantify forecast performance, we
employ an objective-based forecast evaluation criterion, an economic
criterion, along the classic statistical criterion of mean squared error, MSE,
which inevitably appears in most studies that base comparison of their
findings on its value. So, we develop an objective-based evaluation criterion
shaped on the tradable part of VIX, the VIX futures. We should mention here,
that regarding the fact that we also forecast realized volatility as of SP500
futures Index returns, a standard partner of VIX in studies of multivariate
settings, the trading strategy will be also conducted on VIX futures, that are
strongly linked to VIX Index and the equity market, due to the diverse
properties they display for those enclosing these derivatives in their portfolios.
But prior to unfolding our investing strategies, let us specify MSE that is

estimated through:
MSE = T-1 Z(VIXLHM CVIXep)? (2.3.14)

where, VIX;hc @and VIX.,, are the forecasted and the actual values of VIX

volatility index, respectively. T is the out-of-sample forecast period and the
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subindex i denotes the i=1, 2, ..., 32 different models for the VIX case and
i=1, 2, ..., 11 for the realized volatility and it goes without saying that when we
forecast realized volatility, VIX;,pn;, becomes RV;,y . and VIX, becomes
RV, and, the same applies to the rest equations that follow, that for brevity
are expressed only on VIX. Now, according to the objective-based criterion,
we follow a simple, yet powerful trading rule best described through the
following two conditions:

1.1f  VIXj¢4ne > VIX; then go long on VIX futures.
2. If  VIX|nie < VIX; then go short on VIX futures.

Depending on the forecasted values generated either from VIX or the
aggregated forecasted components'®, every day for the next 1 to 22 days, for
the entire out-of-sample period, we hold long or short positions on VIX futures.
Short or long positions are translated into selling or purchasing VIX futures
respectively. Thus, depending on the outcome of the trading rule, we calculate
the cumulative returns for each model combination for the 1600 trading

days'®. The cumulative returns (CR) are estimated based to:

T

VIX; — VIX
CRl,h = Z (Ii,t X ( 1,t+h|t t)> and Ii,t

VIX,

t=1

(2.3.15)
1 if VIXjpepe > VIX
-1 if VIXjpene < VIX,.

It is important here to highlight a fact. We did not naively go for the VIX
futures series, nor did calculations that would result in misleading profits or
losses, as VIX futures are very powerful instruments in the hands of investors.

We considered the way VIX futures market operate and considered the roll of

18 Or realized volatility and its aggregated forecasted components of the different techniques.
19 Or the 1021 trading days for the realized volatility index.
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VIX futures. The third Tuesday of each month, the expiration of the present
month contract takes place. The Wednesday that follows, the front month’s
contract is set in action. There is when the roll cost or the roll yield occurs and
can be a source of losses or gains, due to the difference in the price levels
between the two contracts with the spot price of VIX. When the price of the
contract that expires is lower than the next month’s contract (contango), then
rolling comes with the cost of paying more in order to swap in the next
month’s contract. When the price of the contract that expires is higher than
the next month’s contract (backwardation), then rolling incurs gains due to the
roll yield. Here, in this trading exercise, we actually take into consideration the
roll of VIX futures no matter if that entails gains or losses and report the
cumulative returns an investor incurs for the entire period under investigation.
So, we how much this is gone to cost us in total, if not to benefit us.

Table 2.1 presents the price of the active contract and the price of next
month’s contract at the expiration date of the randomly chosen third week of
the October of 2022. The price of October’s contract is 30.86, while the one
for November is 30.15. The following day the price of October’s contract
appears in the official records, while November is the active one. So, no
matter what the final outcome shall be, for an investor that chooses as a
settlement day the final trading day for the asset, she/he should close her/his

position on October’s contract and go for the November’s on Tuesday.

61



Table 1.1 VIX futures contracts prices

18/10/2022 | Tuesday: Expiration date of | October’s contract: 30.86

October’s contract November’s contract: 30.15

19/10/2022 | Wednesday: First day of | October’s contract: 31.77 (expired)

November’s contract November’s contract: 30.40 (active)

Note: Ttable reports the prices of VIX futures contracts at the expiration and the following day
of the expiration. In most studies October’s price is reported for both days, but especially for
Wednesday where October's have ceased to exist is more appropriate November’'s to be
officially reported since is the one traded. The values reported here, were retrieved from
vixcentral.com.

2.4.2The model confidence set

A study that faces a multiple comparisons problem and has to deal with 32
models for the implied volatility and 11 models of realized and diverse
forecast horizons, would be somehow diminished, if it did not employ a model
selection procedure such the one proposed by Hansen et al. (2011), the
model confidence set (MCS) test. MCS test, has turned out to be a valuable
tool with several advances over other identical tests??. MCS test identifies the
set of the best models, in terms of the evaluation criterion applied in a study
and treats entire set of models equally and does not test against the value of
a benchmark model. Here we have the statistical loss function of MSE and the
economic criterion. MCS test will provide the p-values that will tell of the set of
the best performing models or the ones that inevitably will be excluded,
depending of course on the prespecified significance level. Thus, in the tables
of findings presented in sections 3.3 and 4.4, we also report the p-values of

the MCS test that help in justifying the density of the outcome.

20 Here we refer to the superior predictive ability test (SPA) of Hansen (2006) that again is used in
identical practices but it proceeds with its estimations for model selection, based on the values a
benchmark model returned for a statistical or economic loss function.
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2.4.3 Direction-of-change

Since in our study, we use two contradictive evaluation measures, with the
one being an economic criterion directly involving profits and losses, we are
somehow forced to include an extra forecast evaluation technique, the
Direction-of-Change (DoC). DoC reports a proportion, that is the times that a
forecast correctly predicted the direction of the implied volatility index. DoC
becomes a substantial feature, especially for trading exercises such the one
we engage in, due to our intention to test the ability of a forecast to generate
economic profit. Economic profits from long or short positions accelerate only
when correctly predicting market’s direction. Hence, in order to validate the
significance of our findings, in sections 3.3 and 4.4, we also report the values
of DoC for the entire set of models. And being a little more precise with the
conception of DoC, the proportion value, PV;, for each model, i=1, 2...,32, and
i=1, 2, ..., 11 for the cases of VIX and S&P500 realized volatility respectively,
is the outcome of the following process, where P;, is a dummy variable that
reports the times the forecast of the model i, correctly predicts the volatility
movement. In Eq. 2.3.16, we present the test equation for the components of
VIX, when realized volatility is studied, then VIX; ., is replaced by RV; ¢y

1if VIX; g > VIX;

Pi - 1 lf VIXi,t+h|t < VIXt (2316)
0 otherwise,

and

™
R
[y
ne)

=

(2.3.17)
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Chapter 3

Disaggregating implied volatility

3.1 Introduction
Since the mid 00’s when VIX futures and options were introduced as the
tradable part of the VIX Cboe volatility index, the leading volatility index for the
U.S. stock market, trading volumes on these derivatives have reached
tremendous heights, especially during turbulent, for the global economy,
moments. The reason lies in the special features these products display,
especially futures and the strong ties with VIX index and more generally the
equity market (Szado, 2020; Fernandes et al., 2014). These characteristics
make them quite appealing especially for investors and risk managers, who
use them daily in order to hedge uncertainty and diversify portfolios,
transforming trading strategies based on short and long volatility exposure in
options and futures contracts into top financial risk management tools. Of
course, the use of derivatives encloses high risk of capital loss and demand
careful manipulation. Thus, engaging in derivatives markets’ practices,
requires the ability to accurately forecast the underlying implied volatility
index, which is the key input for pricing them (Degiannakis et al., 2018).
Forecasting implied volatility, was and will continue to be a demanding
and of immense importance task, not only for those directly involving in
markets but also for stakeholders, researchers, and policy makers, who desire
to navigate through past and present trends, but in the same moment desire

to shape future regimes.
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But what actually is implied volatility? Implied volatility is the market’'s
current price for the expected volatility of an underlying asset. It is the volatility
implied by the actual prices of options or futures trading on that underlying
asset. Its calculation dates back to the cult models of Black and Scholes
(1973) and Hull and White (1987) and was embellished through years to
receive its later form. Here we incorporate VIX Cboe volatility index, the
leading indicator of the broad U.S. stock market that is widely applied and is
considered to be an unbiased and efficient proxy of implied volatility
(Bollerslev et al. 2009; Bollerslev et al. 2011; Bekaert and Hoerova, 2011).
VIX index is calculated accurately by using the midpoint of real time S&P500
(SPX) index options bid/ask quotes?', providing an instantaneous measure of
the S&P500 stock’s index expected variation for the following 30 days from
each tick. So, VIX forms an expectation?? of markets’ volatility and is the key
factor for pricing VIX derivatives. Here, we exploit the disaggregation of VIX
Index and then concentrate in the modeling and forecasting of the individual
components, in order to invest in VIX futures.

But someone will argue why decompose and forecast VIX in order to
invest in VIX futures. Well, VIX constitutes a major informative tool for
implementing trading strategies with options and futures and has different
structure from other volatility measures. Perhaps it is more sensitive to market
movements, but by modelling VIX we avoid the frictions imposed by the

constitution of VIX futures time series. Futures are characterized by jumps

21 Detailed description on the methodology applied for VIX calculation is provided through Cboe’s site.
The interested reader could follow the provided link:

https://cdn.cboe.com/resources/vix/VIX Methodology.pdf

22 VIX is a widely recognized index and the way it is calculated has been widely covered and analyzed
in numerous studies and for practical reasons it is omitted from the present study. For the not so
informed user, one can always resort to https://cdn.cboe.com/resources/vix/VIX Methodology.pdf
where there is extensive analysis on the methodology is being applied for index’s construction.
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and discontinuities, since every month the tracked product alters, so it is not a
proper instrument for modeling.

These facts make VIX more appropriate, especially for the proposed
framework. On the other hand, VIX futures have unique return drivers (Moran
and Dash, 2007) and unique properties (Szado, 2018). Their returns are
highly correlated to VIX, but negatively correlated with equites not only
necessarily the S&P500 equites, but also equites from major stock indices.
Furthermore, what makes them extremely alluring is the expiration and the
roll, that we already touched upon in the previous chapter, as VIX futures
most of the times are in contango and only few in backwardation resulting in
the roll cost and yield respectively. Overall, they constitute a powerful tool with
accelerating trading volumes and whether they are used for hedging,
capitalization, or portfolio diversification, are better fitted for volatility allocation
practices. So, modeling occurs on VIX and trading on VIX futures. Afterall,
there is a distinctive literature highlighting the importance of generating
accurate in a profitable manner forecasts of implied volatility, for an efficient
portfolio manipulation and diversification based on trading implied volatility
derivatives (Degiannakis and Filis, 2022, Delis et al., 2023)

In this thesis, we diverge from the classic modelling specifications. We
import decomposition techniques prior to modelling and forecasting, in order
to observe whether this attitude results in components of higher resolution
that could be modelled and forecasted more optimally. The proposed
decomposition frameworks are famed for revealing the distinctive
characteristics of a time series that are only observed under different

frequency scales (Huang et al., 1998; Gilles, 2013). Thus, being able to
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efficiently separate the short, middle, or long term dependencies of volatile
and persistent time series, we could probably enhance the generated final
outcome and add in the literature strand that incorporates decomposition
techniques and ensemble modelling in order to produce more accurate
forecasts.

The findings of this study reward our intentions and verify that the
proposed modelling architecture worths becoming part of the trading practice,
since it produces profitable, for the market participant, forecasts. The 37 and
44 times return on capital based on trading roll adjusted VIX futures for the
out-of-sample period, generated by the EEMD-based and EMD-based
models, for most of our forecast horizons, is a very promising finding. But we
should clarify something. We emphasized the word profitable, refraining from
the word accurate. That is because based on the statistical evaluation
criterion of the MSE, all models performed equally well, with no extra forecast
gains, since most of the benchmark models were included on the MCS. But
based on the objective-based evaluation criterion, that we presented in
section 2.4.1, the difference was more than profound. Thus, it all depends on
the reason why one engages in forecasting volatility and the practical use of
these forecasts. Forecasts of financial instruments, owe to be aligned with the
special conditions under which the respective markets operate, and conditions
ask for capital profits and risk aversion, and so does the forecast validation.

The rest of the chapter is organized in the following way. Section 3.2
presents our data and their special features. Section 3.3 analyzes our

findings, while section 3.4 concludes the study.
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3.2 Data description

Daily data for both VIX and VIX futures were retrieved from CBOEZ. Our
samples consist of 2600 trading days spanning from 21st of August 2012 up to
30" of November 2022. Fig. 3.1 is the graphical visualization of VIX for the

period under investigation.

Figure 3.1 Visualization of VIX

Note: VIX index for the entire period under investigation for conducting decomposition,
modelling and forecasting. Throughout the entire period, there were definitely moments
characterized by excess variability.

Table 3.1 reports the descriptive statistics of VIX, VIX futures, the
logarithm of VIX and the correlation of VIX and VIX futures that reveals their
strong relation (Daigler and Rossi, 2006; Szado 2009; Alexander et al., 2016),
which is vital for the exercise we engage in. By inspecting Table 3.1, we can
obviously confirm the non-normally distribution, the positive skewness and the
leptokurtic structure mainly attributed to extreme volatility movements
(Degiannakis and Filis, 2022). Also, inspect another recognizable feature
extensively highlighted, the mean reverting property (Szado, 2020). Another

recognizable fact is the more preferable features of the logarithm of VIX. The

2 Data for VIX futures concerning the values of the first month contract at the day and the following

day when settlement and roll takes place were retrieved from www.vixcentral.com.
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logarithmic form is more appropriate for modeling and this is the reason why
in our study we incorporate the logarithmic form of VIX, a much more
preferable option and that is the reason why in the model description section,
section 2.3, the frameworks’ specification adopted the logarithmic form, not
only because of the improved features, but also for the fact that some

decomposition methods operate optimally under the transformed version.

Table 3.2 Descriptive Statistics of VIX, the logarithm of VIX and VIX futures

VIX Log. VIX VIX futures
Mean 19.27 2.88 19.91
Median 17.28 2.84 18.17
Max 82.69 4.41 72.63
Min 9.14 2.21 9.88
St. Dev 8.52 0.38 7.44
Coef. Of Variation 0.44 0.13 0.37
Skewness 2.21 0.52 1.71
Kurtosis 9.17 0.10 5.94
J-Bera 6889.52 73.29 3135.72
ADF -4.438* - -3.943*
Corr. with VIX - - 0.95

Note: Descriptive statistics for both VIX and VIX futures agree with the stylized facts of
volatility. The correlation between VIX and VIX futures for the period under investigation also
confirms their strong connection, crucial for trading exercises. The * denotes significance at
the 1% level for the ADF, so both series do not exceed unit root issues

3.3 Empirical findings

Our analysis starts from Fig. 3.2 to 3.5, which depict the components of
two randomly chosen rolling samples of VIX for the EMD, the EEMD, the HVD
and the EWT techniques, respectively. We do so in order to start by revealing,

how the nature and the trend of processes, completely alters through
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successive rolling samples?*. This fact raises the challenging bar of the entire
process, but is the one that also validates the economic significance of our

findings.

Figure 3.2. Components of EMD from two different samples

Note: At the top of each figure the VIX process of the chosen sample is depicted in order to
present how radically components alter through succussive samples and how unknown the
future process becomes, something challenging for the forecasting frameworks that follow
decomposition. The sample at the left is the 15t sample, while on the right appears the 1100t
sample.

24 The number of components for techniques that are not user specified alters between successive
samplings. In some cases, there were 5 while in others the components were six. This of course adds a
bit in computational difficulty but in that way, we recreate the exact way information arrives and that
adds in the final outcome’s validity.
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Figure 3.3. Components of EEMD from two different samples

Note: The components of EEMD infused with finite white noise processes at the early steps of
process, resemble those of EMD. We cannot tell if the one is better than the other in tackling
with noisy data but overall, EEMD-based models generated the highest cumulative returns
compared to competing models. At the top of each, appears the VIX process. On the left is
the 30t sample, while on the right the 900" sample is depicted.

Figure 3.4. Components of HVD from two different samples

Note: HVD process terminates when the difference of the standard deviation between two
iterations becomes limited and that plays significant role during the approximate
reconstruction of original time series. At the top is the VIX process. On the left appears the 1t
sample and, on the right, the 800" sample.
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Figure 3.5. Components of EWT from two different samples

Note: EWT is the method that the user must specify the segments of the Fourier spectrum.
The correct choice of boundaries will return components that, when reconstructed give an
optimum approximation of initial data. Components follow the wavelet theory and
decomposition begins from the lowest energy component towards the highest. At the top is
the VIX process. On the left, the 15t sample is presented and, on the right, the 500t.

One of the scopes of this study is to show that objective-based
evaluation criteria are more informative compared to statistical loss functions.
Table 3.2 reports the values of the MSE and the p-values of its respective
MCS test. In the MCS of the best performing models, along the proposed
frameworks also, are included the benchmark ones. It is clear that especially
for horizons of 5 to 22 trading days ahead, we have infinitesimally small
differences between the benchmark models and the ensemble ones, in order
to claim we gain in predictive accuracy. Of course, the higher p-values of
MCS are reported for the more sophisticated frameworks, but this is an
indication that from a statistical perception, simple models can compete

equally well with the more advanced ones.
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Table 3.2 MSE values of forecasting models

Model
FORECASTING HORIZON

1 day 5 days 10 days 22 days
MSE MCS MSE MCS MSE MCS MSE MCS
AR1 4.342 0.000 16.960 0.815* 30.91 0.422* 53.12 0.836*
HAR 4.317 0.000 16.775 0.845* 30.37 0.422* 51.28 0.859*
HW 4.257 0.000 111.609 0.000 1042.20 0.000 2553.59 0.000
LSTM 14.039 0.000 15.978 0.901* 29.523 0.773* 59.150 0.715*
EMD-HW 3.144 1.000* 32.803 0.000 185.492 0.000 297.844 0.000
EMD-HW-AR 4.145 0.000 18.618 0.607* 45.175 0.001 119.973 0.000
EMD-LSTM-AR 6.703 0.000 16.197 0.887* 33.393 0.156* 71.294 0.461*
EMD-LSTM-HW-AR 5.146 0.000 20.675 0.004 50.346 0.000 96.308 0.004
EEMD-HW 3.145 0.652* 33.892 0.000 94.862 0.000 197.165 0.000
EEMD-HW-AR 4.129 0.000 16.791 0.845 47.860 0.000 139.849 0.000
EEMD-HW-AR-HAR 3.468 0.000 28.476 0.000 88.862 0.000 150.104 0.000
EEMD-LSTM-AR 7.094 0.000 20.948 0.004 38.448 0.075 63.780 0.617*
EEMD-LSTM-AR-HAR 8.145 0.000 27.667 0.000 81.486 0.000 82.054 0.371*
SSA-LSTM-AR 4.121 0.000 15.671 0.901* 28.007 0.773* 49.665 0.901*
SSA-LSTM-HAR 4.106 0.000 16.683 0.843* 30.676 0.422* 53.296 0.836*
SSA-LSTM-HW 4.139 0.000 16.045 0.891* 29.098 0.773* 65.104 0.598*
SSA-HW 4.047 0.000 16.413 0.867* 30.547 0.422* 66.653 0.598*
SSA-HW-HAR 4.063 0.000 16.229 0.891* 29.025 0.773* 52.227 0.859*
SSA-HW-AR 3.971 0.000 15.455 0.901* 27.722 1.000* 49.555 1.000*
HVD-HW 6.781 0.000 53.256 0.000 159.783 0.000 220.452 0.000
HVD-HW-AR 4.925 0.000 32.464 0.000 44.121 0.003 190.566 0.000
HVD-HAR-AR 5.658 0.000 18.946 0.580* 39.863 0.060 82.434 0.371*
HVD-AR1-AR 4.676 0.000 13.916 1.000* 29.792 0.773* 60.441 0.715*
HVD-LSTM-AR 11.126 0.000 26.867 0.000 62.155 0.000 170.677 0.000
EWT-HW 6.802 0.000 20.778 0.004 37.577 0.089 76.215 0.461*
EWT-HW-AR 6.445 0.000 25.071 0.000 44.505 0.003 89.045 0.063
EWT-LSTM-HW 6.583 0.000 20.636 0.004 37.778 0.089 81.528 0.371*
EWT-LSTM-AR 4.728 0.000 25.813 0.000 46.461 0.001 89.040 0.063
VMD-HW 9.553 0.000 19.876 0.045 32.956 0.231* 66.874 0.598*
VMD-HW-AR 9.934 0.000 22.630 0.004 39.041 0.060 78.114 0.461*
VMD-LSTM-AR 11.155 0.000 24.055 0.000 42.385 0.003 89.704 0.063
VMD-LSTM-HW 10.659 0.000 21.282 0.004 34.560 0.156* 69.392 0.483*
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Note: Table reports the MSE for the 1 day and for the 5, 10 and 22 days ahead. With * and bold writing we denote the models that belong to the MCS. The
choice of the models for the MCS test, depends on the threshold significant level we choose, as well other parameters involving MCS test framework. In this
study we use the 0,15 level. We inspect, that based on MSE in the MCS of the best performing models do belong the AR1, the HAR and the LSTM for the 5,
10 and 22 days ahead horizons. Models’ specifications:

EMD-HW, EMD-HW-AR, EMD-LSTM-AR, EMD-LSTM-AR-HAR: The EMD-based models with different modelling combinations. HW denotes that all
components are modelled via the HW framework. HW-AR denotes that, two out of the six components are modelled via HW and the rest through AR
processes. LSTM-AR denotes that, two components are modelled via LSTM and the rest through AR processes. LSTM-AR-HAR denotes that, 1 component
is modelled via LSTM and the rest through AR and HAR processes.

EEMD-HW, EEMD-HW-AR, EEMD-HW-AR-HAR, EEMD-LSTM-AR, EEMD-LSTM-AR-HAR: Constitute the EEMD-based models. HW denotes that all
components are modelled via the HW framework. HW-AR denotes that, two components out of the six, are modelled via HW and the rest through AR
processes. HW-AR-HAR denotes that, two components are modelled via HW and the rest through AR and HAR processes. LSTM-AR denotes that, two
components are modelled via LSTM and the rest through AR processes. LSTM-AR-HAR denotes that, one component is modelled via LSTM and the rest
through AR and HAR processes.

SSA-LSTM-AR, SSA-LSTM-HAR, SSA-LSTM-HW, SSA-HW, SSA-HW-HAR, SSA-HW-AR: The SSA-based models. LSTM-AR denotes that, one
component is modelled via LSTM and the rest through AR processes. LSTM-HAR denotes that, one component is modelled via LSTM and the rest two
through the HAR framework. LSTM-HW denotes that, one component is modelled through LSTM and the rest with the HW framework. HW denotes that all
components are modelled via the HW framework. HW-HAR denotes that, one component is modelled via HW and the rest through the HAR model. HW-AR
denotes that, one component is modelled via HW and the rest through AR processes.

HVD-HW, HVD-HW-AR, HVD-HAR-AR, HVD-AR1-AR, HVD-LSTM-AR: The HVD-based models. HW denotes that all components are modelled via the HW
framework. HW-AR denotes that, two out of the five components are modelled via HW and the rest through AR processes. HAR-AR denotes that, one
component is modelled via HAR and the rest through AR processes. AR1-AR denotes that, 1 component is modelled via AR1 and the rest through AR
processes. LSTM-AR denotes that, one component is modelled via LSTM and the rest through AR processes.

EWT-HW, EWT-HW-AR, EWT-LSTM-HW, EWT-LSTM-AR: The EWT-based models. HW denotes that all components are modelled via the HW framework.
HW-AR denotes that, one component out of the four is modelled via HW and the rest through AR processes. LSTM-HW denotes that, one component is
modelled through LSTM and the rest with the HW framework. LSTM-AR denotes that, one component is modelled via LSTM and the rest through AR
processes.

VMD-HW, VMD-HW-AR, VMD-LSTM-AR, VMD-LSTM-HW: The VMD-based models. HW denotes that all components are modelled via the HW framework.
HW-AR denotes that, one component out of the four is modelled via HW and the rest through AR processes. LSTM-AR denotes that, one component is
modelled via LSTM and the rest through AR processes. LSTM-HW denotes that, one component is modelled through LSTM and the rest with the HW
framework
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From an economic point of view, the statistically imposed equality
among forecast models, debases. Table 3.3 reports the cumulative returns of
the models (not in % points) and their respective MCS test p-values, based on
the objective-based economic criterion we propose and highlights how
accuracy should be quantified. The reported cumulative returns at least for
three of the proposed ensemble techniques, by far exceed those generated
by the AR1, the HAR, the HW and the LSTM, something confirmed by the
reported MCS test p-values. Most of the EEMD-based and EMD-based
models outperformed for horizons of 5 to 22 trading days ahead, followed by
SSA-based models for the 1 and 5 trading days ahead horizon and HVD-
HAR-AR, HVD-AR1-AR and HVD-LSTM-AR for the 5 days ahead. EEMD-
HW-AR-HAR generated the highest cumulative returns that reach the value of
44,17 for the 5 days and the 41,53 for the 10 days ahead horizon, that is 44
and 41 times the initial invested capital, respectively. EMD-based models
follow, with remarkable cumulative returns ranging between 12,44 to 37,00 for

horizons of 5, 10 and 22 days ahead?®.

%5 We do not place much attention on the 1 day ahead forecast horizon for the cases of the EEMD and
EMD-based models due to the way the two techniques are implemented. At sections 3.1 and 3.2 we
specified that we used the zero-end cubic spline condition, so literally the last observation in every
rolling sample of the components, is excluded as no decomposition takes place.
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Table 3.3. Cumulative returns of forecasting models

Model
FORECAST HORIZON
1 day 5 days 10 days 22 days
Cum. Returns MCS Cum. Returns MCS Cum. Returns MCS Cum. Returns MCS
AR1 2.691 0.005 3.915 0.090 3.969 0.000 4.319 0.006
HAR 3.249 0.005 4.692 0.099 5.446 0.000 5.558 0.021
HW 0.247 0.000 3.505 0.085 -2.462 0.000 3.51 0.000
LSTM 3.238 0.005 0.188 0.000 2.140 0.000 -2.372 0.000
EMD-HW 16.938 0.223* 37.183 0.615* 36.616 0.145* 37.028 1.000*
EMD-HW-AR 8.993 0.053 24.747 0.507* 20.935 0.032 26.839 0.217*
EMD-LSTM-AR -10.921 0.000 12.442 0.488* 13.342 0.013 18.634 0.144*
EMD-LSTM-HW-AR 4.029 0.011 21.707 0.507* 27.202 0.145* 28.065 0.217*
EEMD-HW 34.400 1.000* 35.990 0.615* 38.043 0.145* 36.264 0.463*
EEMD-HW-AR 27.528 0.937* 24.686 0.507* 32.704 0.145* 31.281 0.427*
EEMD-HW-AR-HAR 30.171 0.950* 44.417 1.000* 41.530 1.000* 34.360 0.463*
EEMD-LSTM-AR 1.461 0.001 9.252 0.470* 11.527 0.013 19.608 0.144*
EEMD-LSTM-AR-HAR 0.647 0.000 38.731 0.615* 37.077 0.145* 22.734 0.186*
SSA-LSTM-AR 14.247 0.223* 5.241 0.162* 8.594 0.004 6.225 0.060
SSA-LSTM-HAR 12.409 0.223* 3.295 0.087 6.725 0.004 5.076 0.021
SSA-LSTM-HW 10.486 0.223* 1.097 0.036 6.265 0.004 5.787 0.021
SSA-HW 8.219 0.053 7.077 0.162* 6.191 0.004 4174 0.015
SSA-HW-HAR 9.149 0.053 6.940 0.150* 9.488 0.004 9.105 0.060
SSA-HW-AR 10.143 0.233* 9.660 0.470* 8.830 0.004 12.233 0.098
HVD-HW 1.316 0.001 0.160 0.000 -0.591 0.000 0.602 0.000
HVD-HW-AR 4.099 0.011 1.856 0.036 1.104 0.000 1.579 0.000
HVD-HAR-AR 4.789 0.011 5.603 0.162* 4.652 0.000 3.069 0.000
HVD-AR1-AR 3.221 0.005 9.881 0.470* 3.854 0.000 1.103 0.000
HVD-LSTM-AR 7.603 0.053 22.198 0.507* 8.623 0.004 -
EWT-HW 2.115 0.005 1.448 0.036 0.812 0.000 0.110 0.000
EWT-HW-AR 5.134 0.011 0.761 0.000 3.040 0.000 -0.217 0.000
EWT-LSTM-HW 3.034 0.005 1.247 0.036 2.081 0.000 -0.792 0.000
EWT-LSTM-AR 3.124 0.005 3.724 0.090 2.847 0.000 1.377 0.000
VMD-HW 1.432 0.001 0.544 0.000 -0.160 0.000 -0.115 0.000
VMD-HW-AR 2.349 0.005 0.296 0.000 1.396 0.000 1.473 0.000
VMD-LSTM-AR 2.641 0.005 2.025 0.085 2.636 0.000 2.415 0.000
VMD-LSTM-HW 3.437 0.005 1.099 0.036 0.487 0.000 -0.722 0.000
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Note: Table reports the cumulative returns of trading VIX futures (are not expressed in % points) for 1, 5, 10 and 22 days ahead forecast horizon along with
the p-values of the MCS test. With * and bold writing we denote the models that belong to the MCS. The choice of the models for the MCS test, depends on
the threshold significant level we choose, as well other parameters involving MCS test framework. In this study we use the 0,15 level. According to the
objective-based evaluation criterion, none of the AR1, HAR, HW and LSTM belong to the set of the best-performing models.

EMD-HW, EMD-HW-AR, EMD-LSTM-AR, EMD-LSTM-AR-HAR: The EMD-based models with different modelling combinations. HW denotes that all
components are modelled via the HW framework. HW-AR denotes that, two out of the six components are modelled via HW and the rest through AR
processes. LSTM-AR denotes that, two components are modelled via LSTM and the rest through AR processes. LSTM-AR-HAR denotes that, 1 component
is modelled via LSTM and the rest through AR and HAR processes.

EEMD-HW, EEMD-HW-AR, EEMD-HW-AR-HAR, EEMD-LSTM-AR, EEMD-LSTM-AR-HAR: Constitute the EEMD-based models. HW denotes that all
components are modelled via the HW framework. HW-AR denotes that, two components out of the six, are modelled via HW and the rest through AR
processes. HW-AR-HAR denotes that, two components are modelled via HW and the rest through ar and HAR processes. LSTM-AR denotes that, two
components are modelled via LSTM and the rest through AR processes. LSTM-AR-HAR denotes that, one component is modelled via LSTM and the rest
through AR and HAR processes.

SSA-LSTM-AR, SSA-LSTM-HAR, SSA-LSTM-HW, SSA-HW, SSA-HW-HAR, SSA-HW-AR: The SSA-based models. LSTM-AR denotes that, one
component is modelled via LSTM and the rest through AR processes. LSTM-HAR denotes that, one component is modelled via LSTM and the rest two
through the HAR framework. LSTM-HW denotes that, one component is modelled through LSTM and the rest with the HW framework. HW denotes that all
components are modelled via the HW framework. HW-HAR denotes that, one component is modelled via HW and the rest through the HAR model. HW-AR
denotes that, one component is modelled via HW and the rest through AR processes.

HVD-HW, HVD-HW-AR, HVD-HAR-AR, HVD-AR1-AR, HVD-LSTM-AR: The HVD-based models. HW denotes that all components are modelled via the HW
framework. HW-AR denotes that, two out of the five components are modelled via HW and the rest through AR processes. HAR-AR denotes that, one
component is modelled via HAR and the rest through AR processes. AR1-AR denotes that, 1 component is modelled via AR1 and the rest through AR
processes. LSTM-AR denotes that, one component is modelled via LSTM and the rest through AR processes.

EWT-HW, EWT-HW-AR, EWT-LSTM-HW, EWT-LSTM-AR: The EWT-based models. HW denotes that all components are modelled via the HW framework.
HW-AR denotes that, one component out of the four is modelled via HW and the rest through AR processes. LSTM-HW denotes that, one component is
modelled through LSTM and the rest with the HW framework. LSTM-AR denotes that, one component is modelled via LSTM and the rest through AR
processes.

VMD-HW, VMD-HW-AR, VMD-LSTM-AR, VMD-LSTM-HW: The VMD-based models. HW denotes that all components are modelled via the HW framework.
HW-AR denotes that, one component out of the four is modelled via HW and the rest through AR processes. LSTM-AR denotes that, one component is
modelled via LSTM and the rest through AR processes. LSTM-HW denotes that, one component is modelled through LSTM and the rest with the HW
framework.
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Tables 3.2 and 3.3 for the same models, demonstrate two contradictive
outcomes, an outcome of no predictive gain and an outcome of accelerated
economic significance, hence, we raise an important issue. Loss functions
such as mean square error, mean absolute error, root mean squared error
etc., measure the distance of forecasts from the actual price level and report
how much they diverge from it. But what happens when the values of these
loss functions blur the truth of the directional accuracy, especially when
economic and financial data are involved? Put it simply, it is very possible to
inevitably direct towards incremental losses, especially in cases when an
investor or risk manager follows a model-based trading strategy based on an
implied volatility index and its tradable products, in order to gain portfolio
optimization or neutrality. Table 3.4 reports the rates of the DoC evaluation
test and validates the recordings of table 3.3. The EEMD-HW-AR-HAR model
that reported the highest value in cumulative returns, according to DoC,
correctly predicted the direction of VIX index for the 82% of times in the out-
of-sample period of the 1600 trading days for the 5 days ahead horizon and
about 78% of the times for the 10 days ahead horizon. Adequate values, also,
are reported for the models that performed a little lower but correctly predicted
the directional movement of the implied volatility index in a range spanning

from 55% to 77%.
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Table 3.4 Direction of Change rates of forecasting models

Model 1 day 5 days 10 days 22 days

DoC DoC DoC DoC
AR1 0.474 0.491 0.488 0.509
HAR 0.486 0.502 0.510 0.512
HW 0.450 0.479 0.405 0.489
LSTM 0.485 0.446 0.476 0.387
EMD-HW 0.643* 0.768* 0.755* 0.766*
EMD-HW-AR 0.596 0.663 0.650 0.680
EMD-LSTM-AR 0.397 0.553 0.564 0.602
EMD-LSTM-HW-AR 0.493 0.642 0.688 0.710*
EEMD-HW 0.749* 0.754* 0.769* 0.756*
EEMD-HW-AR 0.704* 0.670* 0.712* 0.704*
EEMD-HW-AR-HAR 0.723* 0.821* 0.778* 0.731*
EEMD-LSTM-AR 0.445 0.534 0.538 0.608
EEMD-LSTM-AR-HAR 0.427 0.766* 0.722* 0.667
SSA-LSTM-AR 0.608* 0.505 0.520 0.523
SSA-LSTM-HAR 0.581 0.488 0.512 0.511
SSA-LSTM-HW 0.575 0.469 0.508 0.517
SSA-HW 0.544 0.536 0.501 0.508
SSA-HW-HAR 0.551 0.513 0.528 0.530
SSA-HW-AR 0.572 0.541 0.520 0.541
HVD-HW 0.441 0.455 0.411 0.456
HVD-HW-AR 0.497 0.474 0.451 0.466
HVD-HAR-AR 0.499 0.518 0.487 0.479
HVD-AR1-AR 0.485 0.542 0.479 0.461
HVD-LSTM-AR 0.511 0.651 0.516 -
EWT-HW 0.469 0.473 0.430 0.440
EWT-HW-AR 0.489 0.450 0.465 0.411
EWT-LSTM-HW 0.482 0.469 0.453 0.402
EWT-LSTM-AR 0.482 0.479 0.459 0.453
VMD-HW 0.459 0.444 0.423 0.404
VMD-HW-AR 0.463 0.441 0.442 0.458
VMD-LSTM-AR 0.468 0.467 0.455 0.470
VMD-LSTM-HW 0.491 0.455 0.411 0.399

Note: The DoC is the extra forecast evaluation test we adopted for our study, since the MCS test of cumulative returns, highlighted the overperformance of
some ensemble frameworks. DoC rates do confirm the superiority and the ability of some techniques to effectively predict VIX's correct directional movement.
With bold writing and * we specify the models with rates over 70%.

EMD-HW, EMD-HW-AR, EMD-LSTM-AR, EMD-LSTM-AR-HAR: The EMD-based models with different modelling combinations. HW denotes that all
components are modelled via the HW framework. HW-AR denotes that, two out of the six components are modelled via HW and the rest through AR
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processes. LSTM-AR denotes that, two components are modelled via LSTM and the rest through AR processes. LSTM-AR-HAR denotes that, 1 component
is modelled via LSTM and the rest through AR and HAR processes.

EEMD-HW, EEMD-HW-AR, EEMD-HW-AR-HAR, EEMD-LSTM-AR, EEMD-LSTM-AR-HAR: Constitute the EEMD-based models. HW denotes that all
components are modelled via the HW framework. HW-AR denotes that, two components out of the six, are modelled via HW and the rest through AR
processes. HW-AR-HAR denotes that, two components are modelled via HW and the rest through ar and HAR processes. LSTM-AR denotes that, two
components are modelled via LSTM and the rest through AR processes. LSTM-AR-HAR denotes that, one component is modelled via LSTM and the rest
through AR and HAR processes.

SSA-LSTM-AR, SSA-LSTM-HAR, SSA-LSTM-HW, SSA-HW, SSA-HW-HAR, SSA-HW-AR: The SSA-based models. LSTM-AR denotes that, one
component is modelled via LSTM and the rest through AR processes. LSTM-HAR denotes that, one component is modelled via LSTM and the rest two
through the HAR framework. LSTM-HW denotes that, one component is modelled through LSTM and the rest with the HW framework. HW denotes that all
components are modelled via the HW framework. HW-HAR denotes that, one component is modelled via HW and the rest through the HAR model. HW-AR
denotes that, one component is modelled via HW and the rest through AR processes.

HVD-HW, HVD-HW-AR, HVD-HAR-AR, HVD-AR1-AR, HVD-LSTM-AR: The HVD-based models. HW denotes that all components are modelled via the HW
framework. HW-AR denotes that, two out of the five components are modelled via HW and the rest through AR processes. HAR-AR denotes that, one
component is modelled via HAR and the rest through AR processes. AR1-AR denotes that, 1 component is modelled via AR1 and the rest through AR
processes. LSTM-AR denotes that, one component is modelled via LSTM and the rest through AR processes.

EWT-HW, EWT-HW-AR, EWT-LSTM-HW, EWT-LSTM-AR: The EWT-based models. HW denotes that all components are modelled via the HW framework.
HW-AR denotes that, one component out of the four is modelled via HW and the rest through AR processes. LSTM-HW denotes that, one component is
modelled through LSTM and the rest with the HW framework. LSTM-AR denotes that, one component is modelled via LSTM and the rest through AR
processes.

VMD-HW, VMD-HW-AR, VMD-LSTM-AR, VMD-LSTM-HW: The VMD-based models. HW denotes that all components are modelled via the HW framework.
HW-AR denotes that, one component out of the four is modelled via HW and the rest through AR processes. LSTM-AR denotes that, one component is
modelled via LSTM and the rest through AR processes. LSTM-HW denotes that, one component is modelled through LSTM and the rest with the HW
framework.
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More importantly, though, the main scope of our study is to illustrate
whether, the divide and conquer strategy, has proved to be rewarding. It has
indeed proved to be rewarding and we actually do provide the required
evidence. From the above findings, we can support that ensemble modelling
accelerates cumulative returns and even boosts the performance of the
classic and benchmark models, when used in the various modelling
combinations of the separate modes. Perhaps not all ensemble models
generated remarkable excess returns, but the ones that did, were high
enough.

So, we deal with 3 aspects that may shed light to recorded findings.
First off, from the proposed decomposition techniques, the EMD framework is
the only one to be characterized complete (Huang et al., 1998). The EEMD
follows in resolution as was the one with the lowest MSE?6 that of 0,02. SSA’s
rate was 0,42 and HVD’s 0,49. The MSE for the EWT was 1,2 while for the
VMD, by using 5 components, it became 2,4. Perhaps these small declines
between methods, actually shape optimality of final forecasts and perhaps
that is to blame for EWT-based and VMD-based models, resulting in minor or
negative cumulative returns for most forecast horizons. Figures 3.6 to 3.9,
visualize the cumulative returns of the MCS models, along the benchmark
models for the 1, 5, 10 and 22 trading days ahead forecast horizon, while Fig.
3a to 3d at the end of this chapter, depict a mixture of most ensemble models
for the same horizons, where the performance of EWT-based and VMD-

based models, is also illustrated.

26 Here MSE is the same statistical loss function used in our data only here it measures the divergence
each decomposing method had from actual values of original input signal. That is how close the
aggregated values of the components, approximate the values of the rolling samples of VIX index.

81



Second, an aspect that may play a very critical role, is the correct
modelling combination of the components of the six decomposition
techniques. Let’s consider Fig. 3b and concentrate on EMD-HW and EMD-
LSTM-HW-AR models for the 5 days ahead horizon. In the case where all
components of the EMD process are modelled via HW framework, cumulative
returns skyrocket at the rate of 37.18. When the same components are
modelled through a combination of the LSTM model, the HW and the HAR,
cumulative returns decrease to 21,70. The same findings are valid for EEMD-
HW and EEMD-LSTM-AR-HAR for the 22 days ahead horizon, that from

36,36 lessens to 22,73.
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Figure 3.6. Cumulative returns of 1 day ahead horizon

1 day ahead-MCS models vs. Benchmark models
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Note: Cumulative returns of the best performing models, according to MCS, along with the ones of the 4 benchmark models, for the 1 day ahead forecast
horizon. All 4 benchmark models have mediocre or negative returns, compared to EMD-based, EEMD-based and SSA-based models, which moved with
increasing rates during the period under investigation. The effect on cumulative returns based on the model combination is noticeable, but more noticeable is
in the Fig. 3a at the end of chapter. For instance the model EMD-HW although profitable in the end definitely records losses during the COVID-19 pandemic
period, where there is an obvious down trend movement not spotted in other models. The values reported in the y-axis are not in % points.
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Figure 3.7. Cumulative returns of 5 days ahead forecast horizon
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Note: For five days ahead forecast horizon, the cumulative returns earned by the trading strategy we implemented, do seem to diverge substantially between
the ensemble models and the benchmark models. Of course, there were a few more models included in the MCS, but their cumulative returns were closely
enough with others and their presentation would be rather messy, so we refrained from their inclusion. The values reported in the y-axis are not in % points.
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Figure 3.8. Cumulative returns for 10 days ahead forecast horizon

10 days ahead-MCS models vs, Benchmark models
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Note: For the forecast horizon of ten days ahead fewer models were included in the MCS, but the ones that did, come with significant gains compared to
benchmark models. The values reported in the y-axis are not in % points.
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Figure 3.9. Cumulative returns for 22 days ahead forecast horizon

22 days ahead-MCS models vs. Benchmark
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Note: All EMD-based and EEMD-based models were the only ones to be included in the MCS for the forecast horizon of the 22 days ahead. Generally, most
of the EMD-based and EEMD-based models were amongst the best performing models for most horizons with significant increased cumulative returns, while
benchmark models performed mediocre with HW being the one with systematically negative returns for entire period under investigation. On the other hand,
EMD-HW and EEMD-HW, whose all components were modelled and forecasted via the HW framework, were the best performing. The values reported in the
y-axis are not in % points.
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Third, there is the roll. No matter if for most of the period under
investigation VIX futures were in contango, a fact not that promising for
investors, the performance of EMD-based, EEMD-based and SSA-based
models, was accompanied with gains sufficiently high for all horizons.

Hence, we can claim 3 findings: 1) VIX futures indeed have unique
return drivers (Moran and Dash, 2007; Szado, 2018), when the actual market
conditions are considered, 2) modelling combinations of occurring
components, do play a critical role and 3) most importantly, the proposed
modelling architecture, paired with objective-based evaluation criteria, worth
becoming part of model-based trading practices adopted by interested parties,
since it is multi beneficial.

3.4 Conclusion

The aim of this study and of this thesis widely, is to contribute to the literature
strand that uses ensemble methods to forecast not only implied volatility
indices, but other financial time series data as well, by illustrating their
predictive superiority. However, financial time series are not plain data, they
are core instruments of financial markets and therefore of the global financial
system. They hold vital information for traders, risk and portfolio managers,
policy agencies, so research must be targeted to their utility, especially when
forecast is involved. Forecasts must serve a purpose, a realistic economic
purpose and their accuracy, should be evaluated according to this purpose.
Thus, our study serves this purpose and certifies their superiority and
usefulness, under economic standards. We produce useful for the market
participants forecasts that are involved in model-based trading practices, by

pairing six decomposition techniques, the EMD, the EEMD, the SSA, the
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HVD, the EWT and the VMD, with parametric and non-parametric modelling
frameworks, namely the AR, the HAR, the HW and the LSTM. On a daily
basis, we decompose and forecast VIX Cboe volatility index for 1, 5, 10 and
22 trading days ahead horizon, resulting in a total of 32 models. Then, we
certify the usefulness of forecasts by engaging in trading VIX futures, a
dynamic tool in investors’ arsenal, used massively for hedging, diversification
and even capitalization aims.

The findings of our study are quite illuminating. We manage to provide
significant evidence on the advancement of ensemble methods and of their
different modelling combinations, at least for three out of the six
decomposition methods, but only through the objective-based evaluation
criterion we applied. The objective-based economic criterion was the
cumulative returns earned from trading roll-adjusted VIX futures, by taking
long or short positions each day, depending on the forecasted value of VIX.
The EMD-based, the EEMD-based and the SSA-based models were amongst
the best performing models, with EEMD-HW-AR-HAR by far exceeding
expectations, returning 44 times the invested capital for the 5 days ahead
horizon and 41 times for the 10 days ahead. The fact that not all
decomposition techniques performed equally well, only intensifies the different
theoretical and empirical backgrounds that could take a toll when modelling
financial data and reveal some shortcomings.

Thus, we point out that ensemble methods do deserve becoming part
of forecasting and trading practices when objective-based evaluation criteria
are applied. We also stress that the modelling combinations of the produced

modes out of the decomposition techniques, do play a critical role in the
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generated cumulative returns, but we definitely highlight the use of VIX futures
and their unique return drivers that allowed accelerating cumulative returns
accelerate in even higher levels, no matter if the roll of VIX futures was
included. Of course, future research can shed new light on above findings by
incorporating different decomposition techniques, different forecasting
frameworks or different objective-based evaluation criteria. Afterall, markets’

offer endless opportunities for experimentation.
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Figure 3a. Cumulative returns of 1 day ahead
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Note: Figure presents in two groups the cumulative returns of some of the various forecasting models for the 1 day ahead forecast horizon. Here we can see
clearly how modelling the separate components of the six diverse techniques, with alternating combinations of AR, HAR, HW and LSTM frameworks, results
in completely different outcomes, even for the same technique and observe how some models although profitable in the end, recorded a declining trend
during the 2020 period where COVID-19 brought global imbalances. The values reported in the y-axis are not in % points.
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Figure 3b. Cumulative returns of 5 days ahead
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Note: The cumulative returns of some of the proposed models, for the 5 days ahead forecast horizon, appear in two groups. We definitely observe how
outcome alters among different combinations and perhaps that is the purpose of experimentation, to find the optimal modelling combinations of components,

belonging to the same decomposition technique. The optimal combination is the one that will boost returns. The values reported in the y-axis are not in %
points.
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Figure 3c. Cumulative returns of 10 days ahead
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Note: Different model combinations, result in different cumulative returns.

Here the model combinations with higher cumulative returns are more restricted.

For the 10 days ahead horizon as for 5 days ahead, EEMD-HW-AR-HAR was the best performing model. Due to space and presentations limitations, we
include only few of the 32 models in total. The values reported in the y-axis are not in % points.
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Figure 3d. Cumulative returns of the 22 days ahead
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Note: Even for the 22 days ahead horizon the group of the best performing models consists of the EEMD-based and EMD-based models. The models that
belong to each of the two groups presented here, are randomly chosen between the 32 models. It was impossible to include all proposed models in above

figures. The values reported in the y-axis are not in % poin
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Chapter 4

Disaggregating realized volatility

4.1 Introduction

Studying realized volatility definitely is not a plain sailing task. We have
already touched upon this topic in the introductory chapters, but the time has
come to present the study that was conducted on behalf of realized volatility
itself. Let us start by giving the exact dimensions with which, research activity
has dressed realized volatility.

Realized volatility of asset returns price, to put it simply, is a non-
parametric measure of the recorded variation of that asset (Andersen and
Benzoni, 2008). It is a measure of dispersion and has gathered immense
attention during the past two decades, due to the evolution conducted in
econometrics and in volatility estimation and forecasting. The availability of
high and ultra-high frequency data changed radically this scientific field. Iconic
studies came forth to validate and enhance the construction of model-free
realized volatility measures that could replicate the true stochastic process of

volatility.

The studies of Andersen and Bollerslev (1998), Andersen et al. (2001a;
2001b; 2006; 2012), Barndorff-Nielsen and Shephard (2001; 2002; 2007),
Hansen and Lunde, (2006) or Barndoff-Nielsen et al. (2008) to name a few,
rose a revolutionary flag and reintroduced the concept of realized volatility to
new standards. Quadratic variation, bi-power variation, quantile-based
realized variance, Min Realized variance or Med realized variance, were

some of these measures. These measures could efficiently approximate the
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integrated volatility concept and deal with issues such as the systemic bias
and the microstructure noise, that were mainly attributed to the way markets
operate (Huang and Tauchen, 2006; Hansen and Lunde, 2005). Furthermore,
the availability of realized measures in different sampling frequencies, made it
possible to choose the best one that could result in unbiased forecasts
(Andersen and Benzoni, 2008; Forsberg and Ghysels, 2007; Ait-Sahalia and
Mancini, 2006). Hence, realized volatility became a powerful and more
informative tool in the hands of all interesting parties, able to compete equally
well with implied and even more, modelled along implied. As a result, there
was and still is an accelerating research activity that builds upon it, as
estimating, interpreting, and forecasting realized volatility remains an ultimate
target (Degiannakis and Filis, 2017; Kambouroudis et al., 2021; Degiannakis,
2018).

But this is not the only reason for one to engage in realized volatility
analysis and forecasting. There is another reason, that intensifies and makes
research on this topic so alluring, a constant reason that is always present
and waits for the moment a crisis outburst to intensify, uncertainty that
encloses risk. Realized volatility compared to implied is directly linked with the
underlying assets as is their actual variability recorded in an almost
continuous way. It is a measure of risk for the future returns of the
representative asset (Angelidis and Degiannakis, 2008). And conditions in the
microenvironment of the markets, have radically changed allowing for higher
risk and complexity. Daily trading volumes of derivatives have escalated, new
even more complex financial innovations have been launched, new services

and operational techniques have been diffused, all resulting in markets’
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dynamics to dramatically change, adding extra variability. So, portfolio
management and diversification ask for accurate risk prediction and efficient
manipulation.

Thus, the aim of this study is to incorporate the disaggregation
techniques in order to decompose realized volatility and then model and
forecast the individual components, as we did with the VIX index. It is also a
chance to prove whether the encouraging findings accomplished through VIX
can be quantified here as well. That would prove that the proposed divide and
conquer model architecture, worths indeed to became part of the modelling
and trading practices. Moreover, let us not forget that modelling realized
volatility is a rather challenging and imperative task. That is mainly because
realized volatility has an even more persistent nature compared to implied,
since it is composed by high frequency data, so it encloses all the abrupt tick
movements of an asset during its trading hours. So, being able to generate
meaningful and profitable forecasts would justify our choice. Here, we use the
5min returns of S&P500 futures index as a proxy for stock market’'s realized
volatility (Degiannakis and Filis, 2020; Liu et al., 2015) and employ the same
model specifications as we did in the previous chapter.

Findings justify our choice. The 16 and 18 times return on invested
capital through the EEMD-based and HVD-based models is in close proximity
with the findings recorded for the VIX index as well. So, this study adds in
both realized volatility forecasting literature and in ensemble modeling.

The remaining body of this study is organized in the following manner.

Section 4.2 expands a little the integrated volatility concept. Section 4.3
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provides a scarce description of the chosen realized measure. Section 4.4

reports findings, while 4.5 concludes our practice.

4.2 The integrated volatility concept

Prior to disaggregating and modeling realized volatility, it is important to
superficially touch upon the way this measure is constructed and the reason
that led to its construction. In most studies, the most common way by which
realized volatility is addressed is that “realized volatility provides a consistent
non-parametric measure of integrated volatility” (Andersen and Benzoni,
2008). We have already referred to few of the various realized measures that
were proposed as proxies of the integrated volatility. Thus, we have to dive all
little more to what actually all these measures do. They try to replicate as
closely as possible an underlying process, the true process, the continuous-
integrated process, that every financial element undergoes, and volatility is
the variation of that latent, unforeseen process. For the case of implied
volatility, the approximation of that process was already active due to the
classical pricing models of Black and Scholes (1973) or Hull and White (1987)
that were used for its calculation. For realized that approximation and
thorough description, dates back only two and so decades, when availability
of high frequency data, gave rise to critical studies (Andersen and Bollerslev,
1998; Barndoff-Nielsen et al. 2008; Hansen and Lunde, 2006b). So, what is
the notion behind model-free realized volatility? At least we are obliged to give
a formal representation of that concept, through equation (4.2.1), denoting the
stochastic differential equation of an asset’'s price P(t) logarithm returns

process.
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leg(Pt) = lltdt + O-tth, (421)

where dlog(P,) = (logP;j — logP;j_4, U(t) is the drift process and o(t) an
instantaneous volatility process, independent of dW,, that denotes the
standard Brownian motion. For this diffusion process the integrated variance

over a specific time interval [t-1, t] is:

2 t 2
Ofiqq = ofdt.
10 = Jeoy 0 4.2.2)

Considering realized volatility is actually the square root of realized

variance, that is the square root of the sum of squared intra-day returns,
(Rvarf = ¥¢_,(logP; — logP;j_,)?), integrated volatility is then approximated

by realized volatility, given by:

RVol? = \/zgzl(logptj —logP;j-1)?, (4.2.3)

where j=1, 2, ..., t, stand for the subintervals when prices of an asset are
recorded. With indicator d, we indicate that we calculate 1-trading day realized
volatility. So, as these subintervals increase, realized volatility converges in

probability to the integrated volatility:

lim (RVoljt—1,41) = 0t-1,4)- (4.2.4)
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Based on above justifications and on equation (4.2.3), we are allowed
to construct the daily realized volatility, that in this thesis is the daily realized
volatility of S&P500 futures index prices, recorded at 5-min intraday
subintervals for each trading day. And because, through our modeling
architecture we use the annualized form of realized volatility, equation (4.2.5),

returns the annualized metric:

AnRVol, = /252 * RVol&. (4.2.5)

4.3 Data description

For our study we use high frequency (5-min) returns of the S&P500 futures
index, for constructing the daily realized volatility. High frequency data were
obtained through TickData. The sampling period, based on data availability
spans from 218t of August 2012 up to 315t of August 2020. Data are cleaned in
a way to reflect the actual trading days within a year, meaning weekends,
bank days, 4" of July, Christmas, Easter Monday, Thanksgiving, and the day
after, no-trading hours, etc. are excluded. Overall, a total of 2021 daily

observations form our sample.

The choice of the 5-min intra-day returns of S&P500 futures index as a
proxy for replicating the daily realized measure is dictated by the strong
evidence provided by the studies of Andersen et al. (2005), Degiannakis and
Filis (2020), Liu et al. (2015), Bollerslev et al. (2011) to name a few, where
they experienced sampling frequencies of returns ranging from 5-min and 15-

min to 30 min, to effectively eliminating microstructure noise, and other
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recorded systemic frictions. Fig. 4.1 gives an optical representation of the

constructed realized measure for the period under investigation.

Figure 4.1 The daily constructed realized volatility
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Note: the realized volatility constructed out of 5 min returns of the S&P500 futures index for
the period under investigation. Realized volatility definitely is more persistent compared to

VIX.
Since, we proceed in line with the process implemented on VIX index,

it is wise to present the table with the descriptive statistics of realized volatility
and the VIX futures that were incorporated for the trading strategy that was

thoroughly reported at chapter 2. We will only state that, for the recordings of

Table 4.1, the sample of VIX futures extends from 215t of August 2012 up to
318t of August. For the validation of the out-of-sample period and for
estimating the cumulative returns of the trading strategy, the sample
extending from 12" of August 2016 up to 315t of August 2020 is only used.
From the inspection of table 4.1, we do confirm the same findings that
apply also for VIX index. The realized measure is right-skewed, non-normally

distributed, leptokurtic, more persistent, and volatile compared to implied.
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Moreover, evident is also the mean reverting property of realized (Andersen

and Benzoni, 2008).

Table 4.4. Descriptive Statistics of Realized Volatility, the logarithm of
Realized volatility and VIX futures

RV Log. RV VIX futures

Mean 12.66 3.76 16.84
Median 10.19 2.32 15.35
Max 120.48 4.79 72.63
Min 1.74 0.53 9.88
St. Dev 9.91 0.52 5.89
Coef. Of Variation 0.78 0.22 0.35
Skewness 4.82 0.77 3.71
Kurtosis 34.58 1.83 20.46
J-Bera 108559.9 484.77 39850.36
ADF -6.878* - -4.241*
Corr. with RV - - 0.76

Note: Descriptive statistics for both realized volatility (RV) and VIX futures agree with the
stylized facts of volatility. The correlation between RV and VIX futures for the period under
investigation also confirms a strong connection, not that strong as VIX but is critical for the
trading exercise. The * denotes significance at the 1% level for the ADF, so both series do not
exceed unit root issues.

The correlation with VIX futures is another added asset, although not
as strong as in the case of VIX index (0,95), which is natural to occur, but
strong enough to allow experimentation with the trading strategy we follow as
a means of objective-based forecast evaluation. Again, we come across with
the model-friendly statistical properties of the logarithmic transformation of the
realized volatility, that is the form with which realized volatility is being
optimally decomposed, modeled and forecasted.

4.4 Empirical findings

This study is in close proximity with the study reported in chapter 3, for the
implied volatility, captured by the VIX Index. What we want to achieve is the
possible resemblance between these two metrics in the final outcomes and
validate whether the profitable outcome of the cumulative returns earned by

holding long or short positions in VIX futures according to forecasted values,
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mainly attributed to our modeling architecture, could be replicated to other
volatility measures, as well. It is wise, an analysis of disaggregation methods
to start from visualizing the components of each technique. We work with
rolling samples of a fix rolling window of 1000 observations, hence, in each
iteration 1000 observations are used for the daily decomposition, modeling
and forecasting of the components of the logarithm of realized volatility and
the logarithm of realized for the benchmark models. The rest 1021
observations are kept for the out-of-sample validation.

Fig. 4.2 to 4.6, depict the components of two randomly chosen rolling
samples of realized volatility for the EWT, the VMD, the SSA, the HVD and
the EEMD techniques, respectively. It is an important first step as it the one
that reveals the hidden processes original series display and guides the
choice of the most appropriate model, able to capture non-linearities, trend,

long memory processes etc.
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Figure 4.2 Components of realized volatility via EWT

Note: Realized volatility was extremely persistent so we had to go for 6 components for the
method of EWT by observing the Fourier spectrum and by estimating the MSE of the
reconstruction process. On the left side the 10t sample appears, while on the right the 420t
sample is presented.
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Figure 4.3 Components of realized volatility via VMD
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Note VMD was eff|C|ent enough to decompose reallzed volatlllty, but components have not
generated forecasts that were prosperous enough during the implemented trading strategy.
On the left appears the 40t decomposed sample, while on the right the 400t.

Figure 4.4 Components of realized via SSA
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Note Here we actually gathered ended W|th three components for the SSA method as for the
relative entropy implementation on the best way for grouping. The first component is the
trend, but the second component also escape some dynamics of the realized process as its
very persistent variable and imposed moments of excess difficulty in clearing the mixed

modes. On the there appears the 20" decomposed sample and on the right appears the 550t
sample.
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Figure 4.5 Components of realized volatility via HVD
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Note: HVD due to its Iow pass filter Iymg to its core was the most efficient in decomposing the
persistent realized volatility and at the same time was the one to generate forecasts that led
to the highest cumulative returns for all horizons compared to the rest included models. On
the left the 50" decomposed sample is presented, while on the right the 4701,
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Figure 4.6 Components of realized volatility via EEMD
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Note: EEMD used instead of EMD due to the nature of realized volatility and the fact that
EEMD is more suitable for extremely noisy data. EEMD along HVD generated the highest
cumulative returns. On the left the first sample is presented, while on the right 800"
decompose sample is included.

The second step is the modeling and forecasting and the evaluation of
generated forecasts through an objective-based criterion against the classic
loss function of the MSE. In this study we are called to answer the same
question raised in chapter 3. We are called to specify whether objective-based
evaluation criteria are best fitted for studies of economic interest, or for
dynamic portfolio construction decisions, and when someone desires a
deeper understanding on the way financial markets operate and interact,
compared to the statistical ones. We managed to show that for the study

conducted on VIX Index, now it is time to test this for the realized volatility.
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The table that follows, Table 4.2, reports the values of the MSE and the
p-values of its respective MCS test. We have 11 models originating from the
ensemble modeling and 3 benchmark models. The MCS, the values of which
are formed based on the MSE value, records that benchmark models for all
forecast horizons are part of the MCS. Although the proposed frameworks do
seem to have returned fair MSE values, definitely HW and HAR are among
the winners of the best performing models. Statistically, the advanced model
architecture does not provide any gain in predictive accuracy. Thus,
statistically speaking there is no reason for a market participant that follows a
model-based trading strategy to engage in a modeling framework that adds in
complexity but does not add in efficiency, when she/he can always resort to

the simpler alternatives.
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Table 4.2 MSE and MCS of benchmark and ensemble models

Model
FORECASTING HORIZON
1 day 5 days 10 days 22 days
MSE MCS MSE MCS MSE MCS MSE MCS
AR1 63.46 0.027 135.44 0.050 164.61 0.088 176.71 0.210*
HAR 54.06 0.068 107.58 0.172* 141.77 0.787* 166.42 1.000*
HW 41.79 0.194* 76.07 1.000* 116.44 0.876* 222.76 0.051
EEMD-HW 13.94 1.000* 137.29 0.050 1717.74 0.001 2627.63 0.006
EEMD-HW-AR 32.78 0.194* 148.87 0.045 1194.43 0.003 1768.11 0,010
EEMD-LSTM-AR 78.83 0.002 96.36 0.600*
SSA-HW 40.57 0.194* 78.18 0.959* 113.11 1.000* 214.63 0.051
SSA-HAR 44.87 0.194* 93.95 0.600* 133.37 0.787* 227.35 0.051
HVD-HW 22.07 0.600* 146.42 0.045 253.13 0.040 318.48 0.038
HVD-AR 27.49 0.194* 100.23 0.172* 164.06 0.088 193.98 0.210*
EWT-HW 55.27 0.068 101.38 0.172* 197.88 0.055 343.95 0.038
EWT-HW-AR 52.76 0.068 103.34 0.172* 160.55 0.088 343.29 0.038
VMD-HW 65.11 0.027 82.22 0.859* 120.23 0.787* 339.04 0.038
VMD-HW-AR 65.74 0.027 87.52 0.859* 121.51 0.787* 214.64 0.051

Note: Above benchmark and ensemble models present the MSE of the generated forecasts of the decomposed realized volatility produced out of 5min
returns of the SP500 index. The p-value for the MCS of the best performing models is set on 0.15. Interchangeably AR1, HAR and HW are in the set of the
best performing models.

EEMD-HW, EEMD-HW-AR, EEMD-LSTM-AR: Constitute the EEMD-based models. HW denotes that all components are modelled via the HW framework.
HW-AR denotes that, two components out of the six, are modelled via HW and the rest through AR processes. LSTM-AR denotes that, two components are
modelled via LSTM and the rest through AR processes.

SSA-HW, SSA-HAR: The SSA-based models. HW denotes that all components are modelled via the HW framework. HAR denotes that, all components were
modelled via the HAR framework.

HVD-HW, HVD-AR: The HVD-based models. HW denotes that all components are modelled via the HW framework. AR denotes that, all components were
modelled through AR processes.

EWT-HW, EWT-HW-AR: The EWT-based models. HW denotes that all components are modelled via the HW framework. HW-AR denotes that, one
component out of the four is modelled via HW and the rest through AR processes.

VMD-HW, VMD-HW-AR: The VMD-based models. HW denotes that all components are modelled via the HW framework. HW-AR denotes that, one
component out of the four is modelled via HW and the rest through AR processes.

108



But here, again we experience the same paradox that was recorded in
the study of chapter 3. According to the objective-based economic criterion
that we use, the statistical equality among forecast models, is diminished.
Table 4.3 reports the cumulative returns of the models (not in % points) and
the respective MCS test p-values. Table 4.3 definitely shows 4 winners for all
forecast horizons and these winners by far are not the benchmark models.
The two EEMD-based models, the EEMD-HW and the EEMD-HW-AR and the
HVD-based, the HVD-HW and the HVD-AR outperformed all other
frameworks, economically speaking, followed by SSA-HW for the 1 trading
day ahead horizon, the EEMD-LSTM-AR for the 5 days ahead horizon and
EWT-HW for the 22 trading days ahead horizon. The reported cumulative
returns for the four more prevalent models by far exceed those generated by
the rest. The reported MCS test p-values also speak of their superiority. The
four models, the two HVD-based and the two EEMD-based, generated
cumulative returns for all forecast horizons spanning from 7,91 up to 18,21,
that is 7,91 to 18,21 times the initial invested capital. Of course, cumulative
returns for the study conducted on VIX index, were higher compared to
realized, but realized has a more persistent nature and it was satisfying that
some of our ensemble methods generated remarkable cumulative returns
compared to the rest frameworks. In this way we provide evidence for two
conditions. The first one is that for realized and implied volatility, there is a
common framework that generated best results for both and that is the
EEMD-based architecture and more precisely the EEMD-HW and EEMD-HW-
AR. The second is the fact that indeed objective-based evaluation criteria
quantify forecast accuracy on the economic point of view, something that
matches with the financial markets’ environment and the way decisions are

drawn.
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Table 4.3 Cumulative returns and MCS values of benchmark and ensemble models

Model
FORECASTING HORIZON
1 day 5 days 10 days 22 days
Cum. Ret MCS Cum. Ret MCS Cum. Ret MCS Cum. Ret MCS
AR1 2.77 0.120 2.73 0.102 2.61 0.059 2.58 0.106
HAR 0.12 0.120 0.36 0.016 1.16 0.003 2.12 0.106
HW -0.54 0.000 -0.48 0.000 -0.56 0.000 -0.33 0.000
EEMD-HW 14.67 0.600* 13.88 0.849* 17.22 1.000* 13.71 0.786*
EEMD-HW-AR 7.91 0.548* 13.06 0.849* 14.86 0.929* 13.91 0,786*
EEMD-LSTM-AR -11.19 0.000 11.59 0.709*
SSA-HW 3.95 0.411* 1.76 0.016 4.16 0.140 4.46 0.106
SSA-HAR 2.31 0.120 3.72 0.172* 3.73 0.127 2.80 0.106
HVD-HW 18.21 1.000* 18.04 1.000* 17.10 0.957* 16.14 1.000*
HVD-AR 15.76 0.600* 14.98 0.958* 12.41 0.929* 3.07 0.186*
EWT-HW 1.26 0.120 2.93 0.102 0.92 0.003 4.79 0.190*
EWT-HW-AR 0.77 0.120 3.21 0.102 -0.51 0.000 2.75 0.106
VMD-HW -1.61 0.000 1.25 0.016 1.08 0.005 -3.84 0.000
VMD-HW-AR -1.52 0.000 -0.37 0.000 0.24 0.001 -0.87 0.000

Note: Table 4.3 clearly shows the difference in performance when objective-based evaluation criteria are present. The cumulative returns reported along with
the p-values of the MCS test limit the number of the best performing models to the EEMD-based and HVD-based models for all forecast horizons. The p-
value for the MCS of the best performing models is set on 0.15.

EEMD-HW, EEMD-HW-AR, EEMD-LSTM-AR: Constitute the EEMD-based models. HW denotes that all components are modelled via the HW framework.
HW-AR denotes that, two components out of the six, are modelled via HW and the rest through AR processes. LSTM-AR denotes that, two components are
modelled via LSTM and the rest through AR processes.

SSA-HW, SSA-HAR: The SSA-based models. HW denotes that all components are modelled via the HW framework. HAR denotes that, all components were
modelled via the HAR framework.

HVD-HW, HVD-AR: The HVD-based models. HW denotes that all components are modelled via the HW framework. AR denotes that, all components were
modelled through AR processes.

EWT-HW, EWT-HW-AR: The EWT-based models. HW denotes that all components are modelled via the HW framework. HW-AR denotes that, one
component out of the four is modelled via HW and the rest through AR processes.

VMD-HW, VMD-HW-AR: The VMD-based models. HW denotes that all components are modelled via the HW framework. HW-AR denotes that, one
component out of the four is modelled via HW and the rest through AR processes.
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In order to escape from being graphical, we end in the exact same
conclusion recorded for the study of chapter 3, and that is the MSE values,
and the cumulative returns, demonstrate two contradictive outcomes. Tables
4.2 and 4.3 for the same models, speak of an outcome of no predictive gain
and an outcome of accelerated economic significance. Thus, again statistical
loss functions fail to predict the direction of market movements resulting in
less profits or incremental losses for the market participant or the portfolio
manager that would base his investing decisions on the recorded values of a
loss function. Table 4.4 reports the rates of the DoC evaluation test and
validates the recordings of table 4.3. The two HVD-based and the two EEMD-
based models, according to DoC, correctly predicted the direction of realized
volatility in a rate approximately ranging from 60% to 66% of times in the out-
of-sample period of the 1021 trading days. That range for the VIX index was a
little bit higher but cumulative returns were also higher. So, we end that DoC

supports findings.
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Table 4.4 Direction of Change of benchmark and ensemble models

Model
FORECASTING HORIZON
1 day 5 days 10 days 22 days
DoC DoC DoC DoC
AR1 0.465 0.476 0.481 0.480
HAR 0.482 0.464 0.470 0.476
HW 0.472 0.471 0.474 0.472
EEMD-HW 0.610* 0.595* 0.643* 0.601*
EEMD-HW-AR 0.590* 0.596* 0.610* 0.612*
EEMD-LSTM-AR
SSA-HW 0.510 0.488 0.499 0.497
SSA-HAR 0.477 0.493 0.492 0.478
HVD-HW 0.661* 0.658* 0.632* 0.646*
HVD-HAR 0.632* 0.591* 0.605* 0.493
EWT-HW 0.485 0.488 0.486 0.510
EWT-HW-AR 0.478 0.491 0.479 0.493
VMD-HW 0.468 0.483 0.478 0.452
VMD-HW-AR 0.469 0.469 0.477 0.453

Note: Direction of Change informs that EEMD-HW, EEMD-HW-AR, HVD-HW and HVD-HAR that were among the best performing models for most horizons
for the trading strategy we implemented had forecasted correctly the directional movement of realized volatility for rates ranging between approximately 58%
to 66% of our sample of 1021 trading days.

EEMD-HW, EEMD-HW-AR, EEMD-LSTM-AR: Constitute the EEMD-based models. HW denotes that all components are modelled via the HW framework.
HW-AR denotes that, two components out of the six, are modelled via HW and the rest through AR processes. LSTM-AR denotes that, two components are
modelled via LSTM and the rest through AR processes.

SSA-HW, SSA-HAR: The SSA-based models. HW denotes that all components are modelled via the HW framework. HAR denotes that, all components were
modelled via the HAR framework.

HVD-HW, HVD-AR: The HVD-based models. HW denotes that all components are modelled via the HW framework. AR denotes that, all components were
modelled through AR processes.

EWT-HW, EWT-HW-AR: The EWT-based models. HW denotes that all components are modelled via the HW framework. HW-AR denotes that, one
component out of the four is modelled via HW and the rest through AR processes.

VMD-HW, VMD-HW-AR: The VMD-based models. HW denotes that all components are modelled via the HW framework. HW-AR denotes that, one
component out of the four is modelled via HW and the rest through AR processes.
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Gathering all together, once more we experience strong evidence on
the fact that divide and conquer strategies worth becoming part of the trading
practice, although they may come with a little more complexity than classical
econometric modeling. Ensemble architecture indeed accelerates cumulative
returns and boosts the performance of the benchmark models, when
incorporated in the disaggregation techniques and in the modelling
combinations of the separate modes. Of course, not all disaggregation-based
techniques were efficient but that deals with another issue that we will further

discuss shortly after.

As we mentioned throughout this study, that was conducted as part of
this PhD thesis, we moved precisely as we did in the study conducted for the
implied volatility index. This thesis main purpose was to disaggregate both
implied and realized volatilities, two measures with distinctive characteristics
that intensively draw research activity, but also are in the heart of financial
markets, as major players of financial operations. We wanted to investigate,
whether the inclusion of a divide and conquer approach would be more
lucrative, for investors, risk managers, etc., than classic methods, when a
trading strategy, would be applied. The disaggregation was processed with
the help of 6 methods for the case of VIX and 5 for the case of realized, since
it was a bit noisier and EMD was excluded. The modelling was processed with
three classic models and one from the deep learning environment. The way
components are formed deals with the underlaying theory of each method.
The addition of each separate component approximates very closely original
series, but only for the EMD we have completeness. The choice of the

number of components for the techniques that were user-defined, was made

113



solely depending on the achieved resolution and how well the summation
would approximate back the input variable. Thus, it is important to note that
final outcome may depend on these issues. Perhaps, the difference among
techniques is the one that will guide the final generated profits or losses and
perhaps not all techniques are suitable for financial market practices and

operations.

Apart from above jurisdiction that applies to both cases, there is once
again the fact, that the modelling combinations of individual components for
shaping the final aggregated forecast for each method, does have an impact
on recorded findings. Figures 4.7 to 4.14, at the end of chapter, visualize the
cumulative returns of the MCS models, along the benchmark models and all
models together for the 1, 5, 10 and 22 trading days ahead forecast horizon.
We do observe how cumulative returns alter between EEMD-HW and EEMD-
HW-AR, for all forecast horizons, where modeling combinations of individual
components changes. For instance, for the 1 day ahead horizon cumulative
returns for the EEMD-HW models are 14,67, while for the EEMD-HW-AR
where some components modelled via AR process, cumulative returns
diminish to 7,91, and the same applies for the 10 days ahead horizon and for
the HVD-based models. So, the correct modelling combination does play a

critical role.

And finally, our trading partner, VIX futures and their roll, that played a
significant role in trading both realized and implied volatility. We went through
experimentation and outcome favored us even though the inclusion of roll and
the fact that contracts at that day were mostly in contango, indicating a roll
cast for futures markets participants.
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4.5 Conclusion

The main scope of this thesis is to contribute to the literature strand that uses
ensemble methods for forecasting financial time series data and also
contribute to the literature strand that applies objective-based evaluation
criteria in order to validate their forecasts. Findings that were confirmed by
two successive studies on implied and realized volatility indices more than
support this effort. The basic rule is to ad hear to data itself and find ways to
explore them based on their nature. We have stressed that before, but it is
important to bear in mind the peculiarities that financial data come with and
what is their role inside the financial system. An index as VIX or as the
constructed realized measure, out of the 5min returns of the S&P 500 futures
index, are powerful informative tools used extensively for speculation,
hedging, diversification, etc., hence, they are dynamically present in most
investing decisions. So, forecasting studies should evolve under the way
markets operate. By doing so, findings are better aligned with reality and
actually contribute to the relative literature. Here, once more we produce
useful for the market participants forecasts that are involved in model-based

trading practices.

For forecasting realized volatility, we paired HVD, EEMD, SSA, EWT
AND VMD with four parametric and non-parametric frameworks, the AR, the
HAR, the HW and the LSTM. Every day for a total of 1021 trading days, we
decomposed the realized metric and forecasted for horizons spanning from 1
to 22 days ahead, resulting in 11 models. The evaluation of forecasts was
conducted by trading VIX futures contracts, a top financial risk management

tool. Findings are aligned with those reported for VIX index, where EEMD-HW
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and EEMD-HW-AR were found to be amongst the best performing models for
both indices and correctly forecasted the market trend for the 60% to 75% of
the times, based to the out-of-sample period, while two out of the 5
decompositions-based approaches concluded in significant profitable

economic gains based on the objective-based evaluation criterion.

Study provides significant evidence on the application of ensemble
methods, since four models, the two HVD-based and the two EEMD-based,
generated cumulative returns for all forecast horizons spanning from 7,91 up
to 18,21, evidence justified only by the objective-based evaluation criterion
and not through the loss function of MSE. The objective-based economic
criterion was the cumulative returns earned from trading roll-adjusted VIX
futures, by taking long or short positions each day, depending on the
forecasted value of realized volatility. Of course, not all decomposition
techniques outperformed but this is perhaps solely attributed to the different
theoretical and empirical backgrounds that can signify that not all techniques

are suitable for financial data.

Concluding, we do support the fact that ensemble methods do deserve
becoming part of forecasting and trading practices, when objective-based
evaluation criteria are applied and should recapitulate the three findings that
were recorded for both studies 1) indeed VIX futures have unique return
drivers (Moran and Dash, 2007; Szado, 2018), when the actual market
conditions are considered and roll is included, 2) modelling combinations of
occurring components, do play a critical role and 3) most importantly, the
proposed modelling architecture, paired with objective-based evaluation
criteria, worth becoming part of model-based trading practices adopted by
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interested parties, since it is multi beneficial and both studies resulted more or

less in the encouraging findings.
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Figure 4.7 Cumulative returns of MCS models of 1 day ahead

MCS vs. benchmark models 1 day ahead
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Note: Cumulative returns of the best performing models, according to MCS, along with the ones of the 3 benchmark models, for the 1 day ahead forecast
horizon. All 3 benchmark models have mediocre or negative returns, compared to EEMD-based and HVD-based models, which moved with increasing rates
during the period under investigation. The values reported in the y-axis are not in % points.
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Figure 4.8 Cumulative returns all models of 1 days ahead
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Note: Cumulative returns of all proposed models, for the 1 day ahead forecast horizon. there are significant divergencies between the different theoretic
underground models, with most recording mediocre or negative returns for entire period. Here the EWT-based are not recorded. The values reported in the y-

axis are not in % points.
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Figure 4.9 Cumulative returns of MCS models of 5 days ahead
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Note: Cumulative returns of the best performing models, according to MCS, along with the ones of the 3 benchmark models, for 5 days ahead forecast
horizon. All 3 benchmark models have mediocre or negative returns, compared to EEMD-based and HVD-based models, which moved with increasing rates
during the period under investigation. In this study conducted for realized volatility, we don’t have the various model combinations we had when modelling VIX
and we don not have EMD-based models, so we do not observe the bizarre downward trends spotted in the study of VIXThe values reported in the y-axis are

not in % points.
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Figure 4.10 Cumulative returns all models of 5 days ahead
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Figure 4.11 Cumulative returns of MCS models of 10 days ahead

MCS vs. benchmark models 10 days ahead
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Note: Cumulative returns of the best performing models, according to MCS, along with the ones of the 3 benchmark models, for the 10 days ahead forecast

horizon. Two of the benchmark models have mediocre cumulative returns, while HW has negative returns for most of the period, compared to EEMD-based

and HVD-based models, which moved with increasing rates. The values reported in the y-axis are not in % points.
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Figure 4.12 Cumulative returns all models of 10 days ahead
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Note: Cumulative returns of all proposed models, for the 10 days ahead forecast horizon. Again, only the four models that were included in the MCS are the
only with constantly increasing significant cumulative returns for entire period under investigation without abrupt increasing or decreasing trends. The rest
models although some record steadily positive cumulative returns, did not present the accelerating pattern the MCS models, present. The values reported in
the y-axis are not in % points.
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Figure 4.13 Cumulative returns MCS vs benchmark models of 22 days ahead
MCS vs. benchmark models 22 days ahead
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Note: Cumulative returns of the best performing models, according to MCS, along with the ones of the 3 benchmark models, for the 22 days ahead forecast
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horizon. Again, the same pattern is illustrated that highlights the distance between the 3 out of the 4 MCS models and the benchmark models. the EWT-HW

&)

S
that was included in the MCS for the 22 days ahead horizon has only mediocre cumulative returns at least for the last 6 months of the period under
investigation and significantly diverges from the constant upward trend recorded for the 3 MCS models. In the 22 days forecast horizon HVD-AR ill performed

The values reported in the y-axis are not in % points.



Figure 4.14 Cumulative returns of all models of 22 days ahead
Cumulative returns of 22 days ahead
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Chapter 5

Multiresolution analysis

5.1 Introduction

In a thesis oriented in decomposition techniques, as the first step for a more
integrated analysis on modeling and forecasting financial time series, the
desire to further expand practice and unearth the extra possibilities the signal
processing field has to offer, evolves almost naturally. In chapter 2 we
introduced the decomposition tools, that were best applicable to financial data
and were able to return components that could efficiently be forecasted.
During this process we had to exclude some techniques that seemed not to
suit in our modelling architecture and stick to the ones generated meaningful
outcomes. One of these techniques was the discrete wavelet transform, DWT,
that we instead employed the EWT framework. Through the DWT we came
across the continuous wavelet transform, CWT, that in most research
activities is paired along with the wavelet coherence concept, WC, for a
detailed time-frequency domain analysis. It was then that we realized of the
extent and practical applications, mathematical tools originating from the
wavelet theory, can have in diverse scientific fields.

CWT and WC, appear in many studies targeted in the analysis,
decomposition and interrelation of non-stationary and non-linear systems,
signals, images, seismic, geological, meteorological, engineering, medical
data, etc. (Rodriguez-Murillo and Filella, 2020; Pino et al., 2016; Labat, 2008;
Chevalier et al., 2014). However, the last fifteen and so years the appearance

in studies that incorporate above frameworks in order to examine business
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cycle synchronization, intermittency or contagion between countries, financial
markets etc., steadily gained ground towards classic modelling perspectives.
The main reason was the resolution of the misconception between qualitative
and quantitative findings, when the inclusion of statistical significance tests
added robustness to the wavelet analysis concepts (Torrence and Combo,
1998). One of these studies is of Crowley and Mayes (2008), who examine in
pairs the possibility of growth synchronization of Germany, France and Italy,
by employing CWT and WC. They spot the periodicity of longer and shorter
growth cycles and present how closely or not respective economies co-move.
Business cycle synchronization for the euro area, through wavelet analysis,
also study Aguiar-Conraria and Soares (2011) and demonstrate how
synchronization, among neighbouring countries and more distinct ones,
varies. Their findings are important for the implementation of the common
policies initiatives. Rua and Nunes (2009) explore the co-movement of the
German, Japan, United Kingdom, and United States stock markets returns on
different frequencies, by incorporating wavelet analysis in an effort to highlight
the profits of international portfolio diversification. Risk management, study
Gencay et al. (2005) for Germany, United States and United Kingdom, at
different time scales via multiscale analysis and observe how systematic risk
of market portfolio alters at different scales, something essential for asset
allocation practices. Vacha and Barunik (2012) incorporate wavelet
coherence to investigate co-movements among energy commodities. Their
aim is to study how this time-varying dependence impacts portfolio’s risk
exposure. Their findings suggest that portfolio managers should account for

the strong co-movements of crude oil, heating oil and gasoline at various
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investing horizons, for a successful portfolio diversification. From the
perspective of portfolio diversification and economic policy implementation
Yang et al. (2016) discriminate between contagion and interdependence
observed among foreign exchange markets at different time scales with the
help of WC. They do report the existence of contagion between euro/yen and
euro/British pound during the global financial crisis and the European dept
crisis and strong interdependence between the pound and the euro at all
periods. The same discrimination, follow Algaralleh and Canepa (2021) and
proceed in a multiscale analysis for the stock markets returns of six global
markets. They distinguish between contagion occurring in higher frequencies
and interdependence at lower frequencies. Stock markets’ returns co-
movement also study Aloui and Hkiri (2014) for the case of the Gulf
Cooperation Council countries through wavelet coherence and end up with

interesting findings.

Obviously, we the number of studies embracing the power of wavelets
for a time-frequency analysis of economic variables, and financial markets,
steadily escalates. The fact that we are allowed to investigate not only their
interrelations and co-movements, but also the lead-lag effect, makes these
frameworks even more appealing, especially when forecast is present. There
is a strand in volatility forecasting literature that examines the interrelation of
implied and realized volatility, in multivariate modelling settings, by employing
implied volatility in order to forecast realized and vice versa for stock markets,
derivatives markets or energy markets (Christensen and Prabhala, 1998;
Busch et al., 2011; Haugom et al., 2014). The ability to possible spot the exact

period, these two metrics seemed to co-move and to spot the direction this
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relationship had, will possible shed light to how strong this relation is, when it
occurred and why some studies enhance their models’ forecast accuracy, with
the inclusion of the one or the other measure and why others fail to give
evidence (Jorion, 1995; Degiannakis and Filis, 2020; Canina and Figlewski,
1993; Delis et al., 2023). Moreover, let us not forget of the volatility risk
premium that incurs by subtracting realized volatility out of implied. Risk
premium constitutes a key element for traders, especially those engaging in
derivatives markets, that by far are the most active. Risk premium directly
involves in shaping the appropriate trading/hedging strategies depending on
the preferred time horizon and the accepted risk an investor is willing to
undertake (Bollerslev and Todorov, 2011; Andersen et al., 2009; Bekaert and
Hoerova, 2014) but also has an important impact on the macroeconomy

variants as well (Barndorff-Nielsen et al., 2010; Bekaert et al., 2013).

Hence, discovering the extent and the power of the interrelation of
these two vital elements of the financial system will always come forth as
imperative as ever. For this reason, here, we incorporate two implied volatility
indices, namely the VIX volatility index and the OVX volatility index, two
realized volatility indices, the one constructed out of 5min returns of S&P500
futures index and the one constructed out of 5min returns of the WTI futures
index, the S&P500 stock market index and finally that WTI crude oil price
index. With the VIX index and the realized volatility of the S&P500 futures
index, we are already familiar, from chapters 3 and 4. The OVX volatility index
is a new inclusion. OVX is the 30-day volatility index for the WTI crude oil
price. For the OVX index, the suited realized volatility is the one constructed

from a respective index, the WTI futures index. As for the other two indices,
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the S&P500 index will be paired with VIX and WTI crude oil price index, will
be paired with OVX, as representatives of the stock and energy market,
respectively. So, we create 6 pairs, two implied-realized volatility pairs, two
implied volatility-market indices pairs and a combination of two implied
volatility indices. We choose the stock and the energy market, as both are key
elements of the international financial chessboard, both boast a wide and
advanced network of derivatives products and there exists an extensive
literature dedicated to investigating volatility’s transmission mechanisms

(Degiannakis and Filis, 2017; Chatziantoniou et al., 2020).

The rest of the chapter is unfolded in the following manner. Section 5.2
provides the appropriate mathematical equations that form the theory of CWT
and extent to the WC between two time series. Section 5.3 gives a proper
description of the implied and realized measures incorporated, while 5.4
examines the findings of the implemented techniques. Finally, section 5.5

concludes the present study.

5.2 Wavelet analysis

5.2.1 The continuous wavelet transform

A primitive CWT dates back to 1940’s and the work of Ricker (1940) when he
introduced the term wavelet. Then CWT was officially established by
Grossman and Morlet (1984), who introduced the term continuous to stress
out, the ability of a wavelet to be transformed in any time scale. Of course,
CWT became more compact through the numerous studies that followed and
demonstrated (familiarized) its use and its features even further and
intensified the ability to analyse a signal/time series in both time and

frequency domain (Mallat, 1989; Daubechies, 1992; Meyer, 1997). WC on the
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other hand, appeared in the study of Torrence and Webster (1997) and soon
became the preferred method for examining possible coherence between two
time series, by “correlating” their CWTs.

In order to understand the mechanisms behind CWT we could start
from the very own nature of a wavelet that is defined as a zero-mean, of short
duration, oscillating function, localized in both time and frequency (Wirsing,
2020). There are many different families of wavelets named after their
creators, the hair (Haar, 1910), the daubechies (Daubechies, 1992), the rieker
(Riecker, 1940) etc., each baring different characteristics, intended for
different types of time series data and complex systems. Among those
families there is a wavelet extensively employed for conducting multiresolution
analysis in real signals and that is the morlet wavelet?’, expressed in the
following equation in a way that satisfies the admissibility condition?®
(Torrence and Combo, 1998; Grinsted et al., 2004; Aguiar-Conraria and

Soares, 2014):

Po(t) = - /Aeiwote 2", (5.2.1)

where t is the dimension-free time and w, the frequency. Here in this study,
we incorporate the morlet wavelet as the mother wavelet, with frequency of
value 6, as proposed in adequate literature. Now, from the mother wavelet
function (to be more precise with the scientific characterization), ;. (t), we
are able to create a family of wavelets is created, by just altering the scaling

parameter, s, and the translation parameter, 7, that are its width and its shift in

27 The morlet wavelet is the one that we incorporate for the CWT and the cross wavelet transform for
retrieving the wavelet coherence figures for the pairs of VIX-Realized volatility, VIX-SP 500 etc.
28 Guaranties that time series will be recovered from its wavelet transform-inversion of CWR.
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time (Grinsted et al., 2004) and define the position of the wavelet in the

frequency and in the time domain (Aguiar-Conraria and Soares, 2014):

1 t—1
lpS,T(t) = m ( s ) dt, SI T ER} S '_'t O (522)

Regarding now the CWT of a time series, X, (with t=1, 2, ..., T), itis
defined as the convolution of X; with the scaled and translated wavelet,

Y, .(t), best portraited in Eq. (5.2.3) (Torrence and Combo, 1998):

We(s, 1) = f_O;Xt\/%w * (t;T) dt, (5.2.3)

where * denotes the convolution and W, (s, t) constitutes the local phase. The
|W,(s,7)|?, is conceived as the local wavelet power spectrum, that is the local
variance. At this point of CWT discussion, it is proper to mention that
Torrence and Compo (1998) introduced the Cone of Influence (COI) in order
to tackle with the edge effects created by the transformation process of a
wavelet to the time domain. They define COI to be the area where wavelet
power occurred by a discontinuity at the edge, drops to the e~2 of the value at
the edge. They also define a statistical significance test for the wavelet power
spectrum that quantifies the robustness. For a more integrated presentation of
CWT, we will only refer to the equation provided by Grinsted et al. (2004) and

will not entail deeper on the validation path. Eq. (5.4) just denotes the
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probability of the wavelet power of a prespecified process with a given Fourier

power spectrum, P29 being greater than p is:

2
D (M < p) = lkag (p), (5.2.4)

sZ 2

where v=1 when we real wavelets and v=2 when we have complex wavelet.
The approximation of above equation is achieved through Monte Carlo

simulations.

5.2.2 Wavelet coherence: The cross wavelet transform

For the cases we want to examine in depth the linkage and the strength of the
co-movement between two time series, and desire to investigate the lead-lag
effect, we resort to wavelet coherence provided we follow the appropriate
steps. The first step is the cross-wavelet transform (XWT). XWT spots the
moments where two time series have strong common power based on their
CWTs. Then, the lead-lag info, that is the phase relationship between the two
variables. Hudgins et al. (1993), denoted XWT between two time series, X(t)

and Y(t) as:

WXY = le/l/l;c ) (525)

where, Wy and Wy are the CWTs of time series X(t) and Y(t), respectively and
* stands for the complex conjugate. Their cross-wavelet power spectrum is
defined as |Wyy| and stands for the local covariance at each time-frequency

period. Thus, the cross-wavelet power spectrum highlights the territories that

1-a? . . .
————, with k being the Fourier
|1-ae—2ipPk|

2 P according to Allen and Smith (1996) is thought to be P, =

frequency index.
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attract high common power (Grinsted et al., 2004). Again, as in CWT there is
a statistical significance test distribution of the cross-wavelet power of two
time series provided in Eq. (5.2.6), that is again approximated via Monte Carlo

methods:

X Y* 2
D <|Wt (S) Wt (S)l < p) — th(]p) szpzf' (526)

Ox Oy

where Z,(p) is the confidence level for probability p for a probability density
function characterized by the square root of the product of two chi-square

distributions (Torrence and Combo, 1998).

Having estimated cross-power spectrum one can proceed and test how
coherent the conducted transformation between the time series, is. To do that
we follow the functions found in Aguiar-Conraria and Soares (2014), who
distinguish between the complex wavelet coherency of Eq. (5.2.7) and
wavelet coherence as the absolute value of the complex wavelet coherency

that appears in Eq. (5.2.8):

) S(Wyy)
PxY = TS Wy DS AWy T2 (5-27)

And
IS(Wi) 528

Rxr = TsaweBsawy 1172
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where Ryy is between 0 < Ryy < 1 and S is a smoothing operator along time
and frequency. According to Torrence and Webster (1998) a suitable

smoothing operator is expressed through:

S(W) = Sscate (Stime(Wn(S))) ) (5.2.9)

where S denotes the smoothing operator, S,.,;. denotes smoothing along the
wavelet scale axis and S;;,,. denotes smoothing along time. Now since we
used the morlet wavelet, we should also provide the relative smoothing
operator again directed by Torrence and Webster (1998) and is given in Eq.
(5.2.10):

—t2

SW)|s = <Wt(5) * C?) l2, Stime W)|s = (Wt(s) * Czn(0-65))|t' (5.2.10)

where ¢1 and c2 are normalization constants. The factor 0.6 is the scale of
decorrelation length for the morlet wavelet (Torrence and Compo, 1998).
Now, in order to investigate the lead-lag effect of time series X(t) to Y(t), we
need to estimate the angle ¢y, of the complex coherency that returns the

phase-difference of the two time series (pxy = @x — @) and is given by:

—S((W’”))> (5.2.11)

Qxy = Arctan <§R((ny))

From the above we deduce that when ¢y, = 0 then the two time series
co-move at the specified time-frequency domain. When ¢y, € (0, 11/2), then
X(t) and Y(t) are in phase and X(t) leads Y(t). When @y, € (-11/2, 0), then Y(t)

leads X(t). When ¢y, = 1 (or —11) then there exists an antiphase relation
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(negative correlation). When ¢y, € (11/2, ), then Y(t) leads X(t). Finally,
when @y, € (-1, —11/2) then X(t) leads Y(t). And clarifying a little more these
relations, the following equation specifies how we convert ¢y, into the
instantaneous time-lag between X and Y based on scale, s, and angular

frequency w(s):

Pxy
w(s)

(AT)xy = (5.2.12)

Perhaps the above specifications are a little bit obsolete. Well, in order
to clarify that, let us illustrate what the phase-difference actually returns. It
returns the “coordinates” of the arrows that appear in the wavelet coherence
figures and inform of the exact direction of which information flows in the
system. It is the direction of the arrow inside the imaginary cycle. Simply put is
the circular mean of the phase angles used to quantify the phase relationship

between the time series under investigation (Grinsted et al., 2004).

5.3 Data description

We conduct the multivariate spectral analysis on two implied-realized volatility
pairs, on two implied volatility-relative market pair and also on a pair of implied
volatilities. The first pair of implied-realized volatility consists of the two
variables, that we are already familiar with from the previous chapters, the VIX
volatility index and the realized volatility constructed out of 5min returns of
S&P500 futures index. The second pair consists of the OVX index, the implied
volatility of the WTI crude oil price, and its respective realized volatility
constructed out of 5 min returns of the West Texas Intermediate (WTI) futures

index. The choice of OVX index, along the respective realized volatility, it is all
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but random. Many are the studies dedicated at the forecasting of crude oil
volatility, oil prices etc. and incorporate information from other assets classes,
volatilities indices, as the financialization of the crude oil market has raised the
cross-dynamics in new heights (Degiannakis and Filis, 2018; 2022; Le Pen
and Sevi, 2017). The third pair is comprised of the VIX volatility and the
S&P500 stock market index returns. Since VIX is the major volatility index of
the U.S stock market directly linked with S&P500 index, it is inevitable to
refrain from its inclusion. Let us not forget that volatility indices are employed
in many studies in order to enhance forecast accuracy for stock markets
indices returns. The fourth pair is the combination of OVX volatility index with
the WTI crude oil price index, a choice again justified by their direct linkage.
Finally, the last pair consists of VIX index and OVX.

The sample of the first pair spans from 5% of January of 2010 up to 31t
of August 2020, a total of 2686 trading days. The sample of the second pair
spans from 151" of August 2011 up to 315! of August 2020, a total 2278 trading
days. The sample for VIX-S&P500 starts at 5" of January 2010 and extends
up to the end of 30" of November 2022. The sample of OVX-WTI index spans
from 15" of August of 2011 and extents to 315t of August 2020 and so does
the sample for the VIX-OVX. Samples’ length is dictated by the availability of
the realized volatilities. The realized measures were retrieved from TickData,
while the data for the implied volatility indices were retrieved from CBOE. The

rest indices are freely available. At this point we should mention that we
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conducted all appropriate transformations in the time series, in order to apply
the proposed methodologies?°.

Since we conduct a wavelet analysis instead of presenting the
descriptive statistics of the series, we thought it would have been better to
include the wavelet power spectrums of each series. The wavelet power
spectra estimates the strength of the cycles that exist in the series, at lower
and higher frequencies (Crowley and Mayes, 2008). Fig. 5.1 to 5.4 present
the series of implied and realized measures along with their wavelet power
spectra, where we can see how proposed time series behaved in the time-
frequency domain. The white line followed by the shaded area defines the
COl, that is the regions where there are edge effects and not safe inference
can possibly be drawn out of. Warmer colours indicate high power at specific
range of frequencies and range of time.

By the examination of Fig. 5.1 we do observe statistically significant
periods with high power. There are evident for only short periods of time,
cycles of 10 and 22 days sporadically through entire sample, probably during
some flash stock sales. What is more pronounced is the period of 2014 up to
the end of 2016, the period of the oil price collapse, where there is a diffusion,
there are small cycles with 5, 10-, 16-, 40- and 60-days periodicity, and there
are two more extended with cycles of 160- and 252-days periodicity.
Moreover, during 2018, the end of 2019 and the beginning of 2020 there is
the highest power recorded with cycles extending to all frequency scales. It is
the period that includes the cryptocurrency crash and the Covid-19 pandemic

outburst that increased volatility at extreme heights and caused abrupt

30 All estimations of proposed methodologies were conducted through the R programming language
and the “biwavelet” package.

138



movements in many indices. Also, what is evident is the fact the cyclicalities
recorded coincide with the way investors, risk management funds etc.,
reconstruct their positions, there are short time investors, investors that
choose a longer exposition, and there are the institutional investors that may

choose even longer periods.

Figure 5.1 Wavelet power spectrum of WTI futures returns realized volatility
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Note: Turbulent moments in the series coincide with density periods in the wavelet power
spectra, where cycles of shorter and longer duration are spotted, especially during 2014-2015
period and 2018 to 2010.

Fig. 5.2 presents the power spectrum for the OVX index. Here the
periods that attract the highest power are located in higher scales, although
there are evident these short-term spots of higher power for cycles of 10- to
66-days for the same flash turmoil periods, we mentioned earlier. For the
period starting from 2014, there is evident a cycle of 160- and 252 days up to
the end of 2016 with significant high power, obviously due to the oil crisis. The
power again starts to escalate at the mid of 2018 and peaks at the COVID-19

outbreak were there are small extent but of strong power cyclicalities covering
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the entire frequency spectrum again compatible with the global crisis and the

disruptions this condition entailed globally.

Figure 5.2 Wavelet power spectrum and series of OVX index
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Note: Wavelet power spectra shows the strong annual and semi-annually cycles of the
periods of the oil crise and the global pandemic outburst. For the period of the COVID-19
crisis there were recorded cyclicalities covering entire spectrum.

The power spectrum of VIX index is much more heated compared to
previous power spectrums as Fig. 5.3 betrays. There are sporadically some
small extent periods with daily, weekly, and biweekly frequencies with
extreme high power, but there are periods of longer cycles of 44 days, 66
days, semi-annual and annual duration from 2011 to 2013, 2015 to 2016 and
2018 and on to the COVID-19 pandemic, where dynamics escalate at the
extreme. VIX obviously captures all those shocks that cause markets’ volatility
to raise, and there quite a few during the last 10-12 years. Also, the longer
cycles periods that extent probably coincide with the actual way markets
operate and the movements conducted by markets participants in regular
intervals through the trading year.
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Figure 5.3 Wavelet power spectrum and series of VIX index
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Note: the power spectrum of VIX is the most intense of all power spectra investigated up to
this moment in our study. There are evident some strong daily, weekly, and so on, cycles at
short periods but definitely there exist strong 44 days and on, cycles for most of the
investigated period.

Finally, Fig. 5.4 depicts the power spectrum of S&P500 futures index
realized volatility. The figure displays few similarities to VIX index, but
definitely there are divergencies. The density is not so strong as is for the VIX
and does not come with the continuation that VIX presents, although realized
is much more persistent especially during the recorded crises, whether it was
the Europe dept crisis, the oil crisis and of course the pandemic of COVID-19
outbreak. The black lines, define specific areas where semi-annual and
annual cyclicalities are more profound. The power spectrum of realized
volatility also reveals the periods when volatility of the markets started to build
up due to troublesome conditions and when started to decline, that is the

period between mid-2010 to 2013, 2014-2016 and 2018-2020 and on.
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Figure 5.4 Wavelet power spectrum and series of S&P500 futures index
realized volatility
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Note: The power spectra of stock market realized volatility illustrates the density and the
cycles recorded through the period under investigation where three crises were present.

5.4 Empirical findings

The examination of the wavelet power spectrum at least for the implied and
realized volatilities of the stock and the energy market, revealed all those
short and of longer duration periods where volatility raised significantly. This
was a prime step for inspecting the cyclicalities of our time series prior to
conducting the cross wavelet transform on the proposed pairs. In this section
the analysis will be guided by the inspection of the wavelet coherence plots,
that are also famed for their elaborated form as relation of the two series is
diffused in the time frequency domain. Fig. 5.5 to 5.9 present the coherence
of the five pairs. In the horizontal axis the time units are displayed, and along
vertical axis appears the frequency in which co-movement was spotted. Since
we have daily data, frequency scales are in days and record the periodicities
observed in the data. The white line, as for the power spectra, delimits the

COl, where information included in the shaded area cannot be used to draw
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safe inference. Warm colors indicate strong co-movement, while the colder
ones indicate periods of no significant coherence between the two time series.
The arrows indicate the phase difference and inform of the lead-lag effect.
Our analysis starts from Fig. 5.5, that presents the coherence recorder
for the first pair that is the VIX index along the realized volatility of S&P500
futures index. What is evident is their strong co-movement. For cycles of 10
days duration, co-movement is only spotted sporadically under the entire
sample probably indicating correction movements of the markets due to flash
crashes, stock markets fall, sale-offs etc. For the 44 days and 66 days cycles,
up to the cycle of 252 days (trading year) co-movement is recorded in an
almost continuous manner. Also, we observe, and this is the most critical part,
that realized volatility leads VIX index for almost entire period under
investigation. And being more precise from 2010 to 2012 realized volatility
leads VIX for the 22, 44 and 66 days cycles and from 2011 to the end of the
period under investigation for the 132 days cycle. Now, there are some
sparingly moments, when implied volatility seamed to lead and that were
recorded at the end of the years 2012 and 2013 for the 22 days cycle, at the
end of year 2014 and the very start of 2015 for the 132 days cycle and finally,
from mid-2016 until the end of the year for 22, 44 and 66 days cycles. The
cycles of days 10, 22, 44, 66, and semi-annually and annually, coincide with
the way investors, hedge funds, risk management funds etc., reconstruct their
portfolios or their positions on short or long exposure, something noticeable
from the previously investigated power spectra. Also, the short lived cycles
coincide with market correction moves. Now, the fact that realized leads

implied perhaps is not that surprising, since there exist studies that have
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enhanced forecast accuracy of implied indices by the inclusion of realized
measures, but still raises a point on how analysis and modelling should be

conducted, when the two measures are present.

Figure 5.5 Wavelet Coherence: VIX vs. Realized volatility of S&P500 futures
index
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Note: The implied-realized volatility combination for the stock market reveals a strong positive
co-movement with significant periodicities mainly becoming regular from the 22 days cycles
and on. Definitely there are some evident strong bi-weekly relations altered with moments of
no significant relation at all. Realized is leading implied in most cases.

The second pair of implied and realized volatilities, is the OVX index
and the realized volatility of the WTI futures index. Here again we spot a very
strong positive co-movement of the two variables from the 44 days cycle and
up to the 252 days cycle for the entire period. There is also a periodicity of 22
days, throughout entire period but with discontinuities, moments where no
significant relation is recorded. We also observe, the realized measure to lead
the OVX index, starting from the 10 days cycle and on from the mid 2012 till
the end of 2013, continuing to the 22, 44 days cycle and 66 from the mid 2018

up to 2020. There is definitely a 66-days cycle at years 2014-2015 that again
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realized was leading implied. For the case of OVX, OVX seems to have led
the 10 and 22 days cycle towards the end of 2014 and dominated at the 66
and 132 days cycle from the begging of 2016 until the end. This finding is

illuminating of the driving powers between the two volatility measures.

Figure 5.6 Wavelet coherence: OVX vs. realized volatility of WTI futures
index

]

—

T_':-'!-:'

=t

I ”ﬂ“. "1|'{I,LH .” AR \'” “1 il
\H;H el

e A FENIE

16
B _
-——

Period
64
G
N

\

[ LY

256
Y

2012 2013 2014 2015 2016 2017 2018 2019 2020

Note: The pair of implied-realized volatility for the energy market illustrates a leading realized
volatility and extremely strong 66-days cycles and on. There are evident strong 22 days
cycles and on for the period 2018-2020 where again realized leads implied volatility.

The next pair is the VIX index combined with the S&P500 stock index
returns. Here we detect a strong co-movement, but in an anti-phase condition,
that is an increase in VIX anticipates a decrease in stock index returns. VIX
was leading in all phases. There were strong negative interrelations of 10, 22,
44, 66 days cycles, where VIX was leading S&P500 from 2011 up to mid-
2012, from 2013 and up to almost the end of 2016. From 2017 up to almost
the end of 2020 there is a cycle of 66 days to 252 days, where VIX once more

leads. Findings somehow were expected as volatility drives most of market
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movements, but what is really profound is the absence of any significant
relation in a daily and weekly frequency something valid for all previous

investigated relations.

Figure 5.7 Wavelet coherence: VIX vs. S&P500 returns
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Note: The interrelation of VIX and S&P500 although strong is negative. VIX leads for all those
moments and there is a periodicity spanning from 10 days cycles to 66 day cycles for the
period 2011-2014 and from 2015-2020 relation is expanded to enclose the semi-annual and
annual cycles.

The other pair is the OVX and the WTI crude oil price. Again, for this
market we have a strong negative coherence but not in a continuous manner,
as there were moments where no significant co-movement is recorded. From
year 2014 up to the beginning of 2017 there exists a 132 to 252 days cycle
where crude oil price guided the movements of OVX index, then there was an
alteration in the leadership part and OVX led the anti-phase movements from
2018 to the rest of the remaining sample and for periodicities of 66 to 252
days. Also, oil price seems to have led the 10, 22 and 44 days cycle for a
small fragment of time between 2015-2016 and the period in the beginning of
COVID-19 pandemic. These findings clarify who relation alters between crises
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of different origin, when there is an endogeneity and when there is global

turbulence.

Figure 5.8 Wavelet coherence: OVX vs. WTI crude oil price
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Note: The strong negative co-movement is being spotted for OVX and WTI crude oil price
especially for the period of 2014-2020 for the semi-annual and annual cycles with altering
lead-lag dependencies.

Finally, the last combination is VIX index paired with OVX index, a
combination of two implied volatility indices that we frequently come across.
There exists a strong positive co-movement especially during the periods
where crises have burst out, especially during the oil crisis the years 2014-
2015 and the COVID-19 pandemic. The relation is spotted in the frequencies
of 60 to 252 days but with a difference. VIX index leads the OVX, for the semi-
annual and annual cycles for the 2014-2015 period for the 60 days to 252
days for the 2019-2020 period, while OVX leads only for a small fragment of

time during 2014 and for the 60 days cycle.
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Figure 5.9 Wavelet coherence: VIX vs. OVX
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Note: figure clearly depicts the periods where there is a strong and significant relation
between the VIX and OVX, with VIX leading the annual and semi-annual cycle for the period
2014-2015 and 2018-2020.

The wavelet coherence analysis of all five pairs intended to uncover
some hidden aspects concerning the interrelation of volatilities indices and of
the adequate markets. One of these aspects was how strong these variables
co-moved, especially under critical turmoil periods of the financial sector, the
energy sector, or the global economy. There were such moments, where
volatility raised to the extreme and their interrelation was strong enough. The
other aspect was the direction of that co-movement, the lead-lag effect and
that was quite illuminating. There was a common behavior in the realized
volatility measures of the stock and the energy market, both measures led,
while the implied volatilities indices followed. The third aspect was the
frequencies, the cyclicalities in these relations, that was discovered to be in
fully alignment with the regular operations that take place in the markets, it is
the periodicities with which investors reconstruct their positions and markets
go through correction moves in order to adjust imbalances during periods of
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selloffs or flash jumps. Findings are illuminating because they provide a direct
frame of volatility’s dynamics direction, especially for the final pair, that comes
in line with studies like the one from Delis et al. (2023), who find evidence on
the predictive ability of other implied volatilities on the OVX index. Hence,
wavelet analysis can contribute to highlighting the direction and bi-directional
movements, the strength of the relation between two variables and the
duration of this relationship. The direction could assist in choosing the best
predictors, when engaging in forecasting but the duration could assist in both
the forecasting practices, for choosing the best forecast horizon but also in the
trading practices, depending on the relation, short-lived, long-lived, or
persistent.
5.5 Conclusion
In this final chapter, our intention was to explore the ability, techniques
adequate to the ones we incorporated in the main body of our study, have in
extracting hidden features and patterns from time series. Afterall, all
decomposition techniques presented in this thesis, were initially developed for
feature extraction, able to assist in performing a more detailed analysis of
complex, non-linear and non-stationary systems, that would be impossible to
be performed by parametric frameworks. Thus, we took advantage of the
pronounced ability of CWT and WC to decompose and analyze a time series,
or two time series, in a continuous manner in the time and frequency domain,
concurrently.

Throughout this thesis, we concentrated on two types of volatilities, the
implied and the realized volatility and two variables as proxies, the VIX index,

the major volatility index for the U.S stock market and the adequate realized
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volatility of the S&P500 futures index. Here, we had to enhance our study by
including another implied-realized volatility pair and the indices of the relative
markets, in order to have a more integrated view of how their interconnections
evolved under the chosen time fragment. The choice was not random. All
these variables are key elements, as they sustain a tremendous network of
assets, derivatives etc., directly developed on their account. Hence, we
thought it would be interesting to develop an illustrative along a statistical
point of view of how information flows through these channels. Findings justify

this choice.

The first finding is that realized volatilities lead, and implied volatilities
follow, with a periodicity higher than 44 days and on. Another fact is that there
is, no significant relation, present, on a daily basis or even weekly, something
valid for all pairs, with a few exclusions, when instantaneous short-lived
movements were recorded probably due to flash troublesome market
moments. Furthermore, there was the period 2014-2016, where crude oil
price was leading OVX, while there were the years 2018-2020, where OVX
led crude oil. That defines how important is the original source that results in a
volatile environment creating pipeline reactions. In the first case was an oil
crisis, an endogenous crisis, while in the second it was a crisis of a global
flavor. Also, the relation between implied volatilities and their relative markets
was negative for both pairs. VIX index led S&P500, but strong interrelation
was spotted in a frequency of 10 days and on, while there were moments of

no significant interrelation at all. Finally, we found VIX to lead OVX.

Thinking whether these findings are useful and why, we would claim
that important implications were driven out of this study and are indeed useful
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especially for those actively engaging in the markets for investing, hedging or
diversifying purposes, for stakeholders, researchers, policy makers and
forecasters. As for the later, findings inform for periodic movements,
bidirectional positive or negative relations or the absence of any relation, a
condition extremely important when developing multivariate modelling

frameworks and when setting the forecast horizons.

Concluding, we should state that wavelet analysis offers advanced
tools that allow for a careful and analytical inspection of all hidden features
and peculiar behavior the financial instruments have, under specific time
frames, when events of different origin occurred. That in turn adds in better
understanding the invisible threads that bounds systems together and their
transmission mechanisms. Here we covered only a few aspects of the
underlying markets relations, motivated by the need to explore the tools other
scientific fields have to offer. There are endless combinations and analysis

knows no limits.
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Chapter 6

Thesis conclusion

The present thesis highlighted the inclusion of decomposition techniques in
the modelling and forecasting practice of financial time series and the gains
they can offer. Here we concentrated on two substantial measures of risk, that
dominate financial markets, the implied and realized volatility. Both measures
are famed for their “difficult” behavioral characteristics, and the modelling rash
that both have erupted. Hence, we thought that by incorporating
disaggregation methods, appropriate for analyzing non-linear and non-
stationary systems, in our study and decomposing these persistent measures
into their intrinsic modes, that is into components of different frequencies
where some discontinuities, periodicities, noise, etc., occurred we could
possibly result in a more efficient modelling and forecasting procedure. Let us
not forget that forecasts are the most critical elements for all those directly or
indirectly engaging in stock or derivatives markets, whether they are
investors, policy makers, risk managers, or stakeholders, in order to have an
approximation of the imminent risk or the possible opportunities. Afterall,
predicting the correct direction of an asset/market can be multi-beneficial. But
a forecast can be properly quantified only if it is tested under the exact
conditions markets operate and decisions are designed. Thus, evaluating
forecasts following an actual trading strategy on futures contracts was the

most appropriate way to reach correct conclusions.
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For our study, after experimentation, we included the EMD, the EEMD,
the SSA, the HVD, the EWT and the VMD techniques and the AR, the HAR,
the HW and the LSTM frameworks. The set of the variables we peaked, were
the VIX index and the high frequency returns of the S&P500 futures index, as
proxies of implied and realized volatility for the studies of chapters 3 and 4,
respectively. We peaked the VIX futures as proxy for the trading practice,
where depending on the generated forecasts of implied or realized volatility
received each day of the out-of-sample period, we would go long or short on
the roll adjusted futures contracts. All indices were carefully chosen for their
close proximity. The outcome was rewarding. For at least two out of the six
decomposition-based models, we had astonishing returns on invested capital
for both cases. For the case of implied volatility two of the best performing
models were the EEMD-based and the EMD-based for all forecast horizons,
with the best outcome returning 44 times the invested capital. For the case of
realized volatility the best performing models for all forecast horizons were the
EEMD-based and the HVD-based, with the best outcome returning 18 times
the invested capital. Perhaps outcomes were not equally high for both
measures but at least there were two models of the EEMD-based family, that
worked for both and that were the EEMD-HW and the EEMD-HW-AR. Of
course, we should state that these findings were only valid according to the
cumulative returns earned out of the trading practice we incorporated. Under
the classic statistical loss function no forecast gain could be quantified.
Hence, in this thesis we also highlighted the contradictive outcome between
different evaluation loss functions and how this should be carefully designed

to align with the environment and the scope for which a forecast is being
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generated. But there were another two findings that we almost neglected
them. The one deals with the fact that the way individual components of each
technique would be modelled and forecasted, matters for the final outcome.
So, the combination plays a significant role in the level of quantified returns.
The other deals with the roll of the futures contracts. We noticed that
cumulative returns for all models, even for those that ill performed, were
substantially higher when roll considered. Overall, chapters 2, 3 and 4
constituted an integrated study on the benefits of ensemble modelling, roll of
futures, and model combinations, when forecasting financial time series.
Thus, it worths becoming part of the trading practice provided objective-based

evaluation criteria are considered.

The fifth chapter appeared to be isolated compared to the previous
integrated analysis, but it is not so. On the contrary, the fifth chapter allowed
to study other aspects of the decomposition methods and discover some
hidden behaviors of implied and realized measures in the time-frequency
domain. It allowed to study their interconnection and their cyclicalities. Thus,
we included another one pair of implied-realized volatility for the crude oil
price and two indices representative of the respective markets. Findings
revealed that there were, strong 44, 66, 130 and 252 days cycles between
implied and realized pairs. Realized was found to lead implied. Both implied
volatilities and the relative markets had negative co-movements, while implied
indices seemed to lead. Also, VIX was found to lead OVX at higher
frequencies coinciding with the semi-annual and the annual cycle, at specific
periods, such was the 2014-2015 period and the 2019-2020. There were and

some sparingly moments that there seemed to be a directional relation in
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lower frequencies but only for an infinitesimally lasting period, thus we cannot
support that there was a specific periodic pattern. That said, indices found to
not undergo any daily or weekly significant co-movement when tested in pairs
for the period under investigation. Findings are important especially for
forecasters who engage in multivariate modelling settings. The knowledge of
when, how and in what frequency two variables co-moved, answers why there
are significant forecast gains by including a specific exogenous variable that
we thought to be strongly related dependent variable and why there is a void.
Furthermore, it allows for a deeper understanding of how variables interacted
during turbulent for the global economy moments, and bear in mind of how

they may interact in a similar future moment.

Concluding, the present thesis raised some important implications on
how to best incorporate methods, coming from other scientific fields,
especially signal processing, in our advantage in order to optimally analyze
and model financial time series and accomplish profitable forecasts. There are
countless combinations in the vast and complex financial system and its
underlying markets to experiment, uncover hidden relations, and set new

trading rules.
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