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NMEPINAHWH INAPOY2ZIAZHZ

Atepevvoie T emmTMOGELS aplOUo0 Kplotuwy yeyovoTtwy mov cyetilovion LE To Pwoo-Ovkpaviko moleuo, oo
Eexivnoe enionua otig 24 DePfpovapiov 2022 pe v Pooikn enépPaocn oty Ovkpavia, Taveo 6e oéka
Evporaixéc nAextpixéc ayopég, ovo ayopés pvoikov aepiov (D/A) (TTEF , NGNMX), kai to wa¢ o1 ayopéc ovtég
aAAnAemiopovy uetalo tovg ko ue v ayopa cvovalldyuaroc USD/RUB.

AVOADOLE TIG EV AOY® AALNAETIOPAGELS TV OLYOPMOV, VIO TO TPIGLA TNG ATOKPLIONG TOVS OC ATOTOUES OOUIKES
allayés (Breakpoints, structural changes), otd kpiciua yeyovota tg mepLodov avTig, UE TNV YPNOT TPLOV
ePYOLEI®V, TOV ‘piyvOVV POC’ GE OAPOPES TAEVPEC TNG TOADTAOKTC VTG KOTAGTUOTG.

Xvvovalovue TIC Evvoleg TG vobeons T anotelecuarikns ayopas (YAA) (Efficient Market Hypothesis)
OmmG o TN TocoTIKoTOELTO 0o Tov ek@éTy Hurst (Hurst Exponent), pe tic doutkég aAlayEg ol omoieg
aviyvévovtal pe to epyoareio Bayesian ensemble approach, the Bayesian Estimator of Abrupt change,
Seasonal change and Trend (BEAST), éva ‘mtpdc@oto’ dSuvautkd epyaleio Tov aviyVEVEL ATOTEAEGLOTIKGL
doutkéc aAlayéc ot Taon (trend) kon eroyikoryra (seasonality) tov ypovooelpov.

Avalvovue v arriotyta (causality) uéewm twv epyaieiowv Partial Mutual Information with Mixed
Embedding (PMIME) (Fotiadis, Vlachos, Kugiumtzis, Entropy , 2023) xaz rolling Mutual information (rMl),
LLE OTOYO VO OVIYVEDGOLLLE TNV POT) TANPOPOPLUS OVAUESH OTIC EV AOY® OYOPEC, 1010UTEPA KT TNV OLAPKELD TNG
OUKOVOLUKTG KOl YEMTOALTIKIG OVOTOPOYNS TNG KPIGIUNG 0VTNG TTEPLOOOV.



NMEPINAHWH MNAPOYZIAZHZ (cuvexela)

Ta svpruota ™G epyaciog Mo Ogiyvouv OTL Ol ayopéc mov eCatAlovUE avTAmOKPiOMKaY e
OLOLPOPETIKO TPOTO OTO, KPIGUA YEYOVOTW, GE GYECT LUE TOV apllud, El0og Kal Ypovo amikpions Twy
anortouwv allayev (leading, lagging, concurrent) ota xpiowo yeyovora.

T0 miéov Kpiowo yeyovos, Yla THY TAEOVOTHTA TV AYOPAV, OV TAVTICETOL UE avTh Kod’avty Thv
nuepounvia tns Pwoikng emsufaocng, alia ue diia kpiocwa yeyovoto mpiv avti], GOVEREIL THS
‘1o10cvyKacias’ kal ‘ctoiuotntog’ tys Kkale ayopag.

H aiiniemiopaon (causality, ‘aitiotnyre’) tov TTF, NGNMX kot USD/RUB Bpébnke va eivon
aueiopoun (bi-directional), ue v ayopd cvvarrdypoatoc USD/RUB va emnpedlel kot Tig 000
ayopéc D/A o1 omoiec pe TV Gelpd Tovg EnNPEAlovV, LE SLOPOPETIKY] EVIAOT], TIC NAEKTPIKES OYOPEG.

H ypnion t@v tplov epYOrEiOV TOPEYEL GVVETY ATOTEAEGUATA, GLUVOEOVTUAC AOYIKA TIC EVVOLES TNG
YAA (‘erowuornra’, Pobuoc avelaprnoios amo &elopoésc ®/A amo Pwoia), apiBuo oouikav
QALY DY, OVVOUIKO TIPOPIA TOV KOUTUAWY TAGHS KOl EMOYIKOTNTOS, KOl TNG KATELOLYGHS THS
QITIOTNTOS OTHY TOAVTTAOKY OGAANIETIOPOAGH TWV EVEPYEIAKMOY AYOPMY KOTO TNV OLAPKELD TNG
Pwoco-Ovkpavikng kpiomng.



Abstract

We investigate the impact of several critical events associated with the Russo-Ukrainian war, started officially on 24 February
2022 with the Russian invasion of Ukraine, on ten European electricity markets, two natural gas markets (the European
reference trading hub TTF and N.Y.’s NGNMX market) and how these markets interact to each other and with USD/RUB
exchange rate, a ‘financial market’.

We analyze the reactions of these markets, manifested as breakpoints attributed to these critical events, and their interaction, by
using a set of three tools that can shed light on different aspects of this complex situation. We combine the concepts of market
efficiency, measured by quantifying the Efficient market hypothesis (EMH) via rolling Hurst exponent, with structural
breakpoints occurred in the time series of gas, electricity and financial markets, the detection of which is possible by using a
Bayesian ensemble approach, the Bayesian Estimator of Abrupt change, Seasonal change and Trend (BEAST), a powerful
tool that can effectively detect structural breakpoints, trends, seasonalities and sudden abrupt changes in time series.

We perform also causality analysis using the Partial Mutual Information with Mixed Embedding (PMIME) and rolling
Mutual information (rMl) approaches, to analyze the direction of flow of information between the markets to understand the
nature of their interaction, especially during the period of crisis and intense — turmoiled economic and geopolitical conditions.

The results show that the analyzed markets have exhibited different modes of reactions to the critical events, both in respect of
number, nature, and time of occurrence (leading, lagging, concurrent with dates of critical events) of breakpoints as well as of
the dynamic behavior of their trend components.

The most critical event, in respect of causing a strong structural breakpoint, for the majority of the markets, is not that of 24
Feb22, the day of the Russian invasion, but other critical events before and after this date. Also, the interaction between TTF,
NGNMX and USD/RUB markets is found to be strongly mutual i.e. bidirectional, the financial market (USD/RUB) affects
both gas markets, that in turn affects, to a different degree, the electricity markets.

These findings support the results of similar works in literature. The three tools of analysis provide consistent results, linking
rationally the concepts of market efficiency, number of breakpoints, dynamic profile of trend curves and the dlrectlon of
‘causalities’ in the complex interaction of the markets during the Russo-Ukrainian crisis.



ATZENTA

. KEIGI[I(I YEYOVOTO (Crltlcal eventS) ovvogopeva pe v Pmoo-Ovkpavikn oEveén (Russo-
rainian Conflict), 6rmg ‘aviyvevOnkav’ amwo pia ektevny Bipiroypaiki] ovacKoOTIGN

* I'pagikéic mapacstacels & Iivakeg TOV VIO AVAAVON KPIGILHOV EVEPYELOKOV KOl
APNUETOOLKOVOUIK®OV neYEO®V

*  AloTO NE TO KUPLO EPEVVITIKA EPOTINNATO TNS EPYUGLOS
* MeBodoroyio (Methodology)— ypnowmomorovpueva epyoieia avaiveng

1. Hurst Exponent and the Efficient Market Hypothesis (EMH). Generalized Hurst
Exponent (GHE)

2. Mutual Information and PMIME approach for detecting directed causality between TTF
and electricity prices.

3. Bayesian Estimator of Abrupt Change, Seasonal Change, and Trend (BEAST) approach.
* Amoteléopata

o Yvumepacporo-XvlnTnon



Mivakag

Kpilolpwyv yeyovotwy
ZUVOEOUEVWYV HE TNV
Pwoo-Oukpaviki
SlEveén

Pwolkn eméufaon »

Date Symbol Event Description

1 13 October 2021 (Q4) E1l The European Commission presents a ““‘toolbox’’ of measures to tackle exceptional situation an
its impacts (Communication on Energy Prices)

2 Mid-October 2021 (Q4) E2 Gazprom ceased selling volumes at EU gas hubs since mid-October 2021, with only limited
long-term pipeline contracts remaining. Hub trading has stopped, and disruptions in gas flows
occurred via the Yamal and Nord Stream routes from May to September 2022. Meanwhile,
Russian LNG deliveries to the EU increased in 2022 and 2023, despite discussions about a
potential future ban.

3 10 November 2021 (Q4) E3 The US reports unusual movement of Russian troops near borders of Ukraine.

4 17 December 2021 (Q4) E4 Putin proposes a prohibition on Ukraine joining NATO

5 17 January 2022 (Q1) ES5 Russian troops begin arriving in Russia's ally Belarus, "for military exercises".

6 24 February 2022 (Q1) E6 Russia invades Ukraine. Economic sanctions against Russia began, including the removal c
elected Russian banks from the SWIFT interbank system, and prohibition of the Central Ban
of Russia from access to foreign exchange reserves.

7 27 April 2022 (Q2) E7 Gazprom cuts off gas supplies to Bulgaria and Poland,

8 18 May 2022 (Q2) E8 the European Commission presents its €300 billion REPowerEU plan to eliminate Russia
energy imports by 2027

9 23 June 2022 (Q2) E9 Germany moves closer to rationing gas, raising alert level to the 2nd of 3 stages.

10 21 July 2022 (Q3) E10 New package of measures in response to Russia's invasion of Ukraine

11 30 August 2022 (Q3) E11 Nordstream out of operation

12 14 September 2022 (Q3) E12 EU announces tax energy companies

13 1 November 2022 (Q4) E13 Obligation of member states to achive a minimum filling target of 80% of their gas storag

capacity (Driver 3 of ACER-CEER’s report)




Evolution of the TTF gas price and critical events (E1-E13) (red vertical
lines) during period Q1-2021 and Q2-2023, shown also in table 1.

TTF time series price with some critical events (see table 1)
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Méaon T Twyv utto avaAuon 10 NAEKTPLKWY ayopwyv, 0E CUOXETLION e TNV TiWA avagopac (reference price) tou
duokou Aepiou TTF (Netherlands Transfer Fund , title transfer facility, TTF)

We use data from ENTSO-E for
our set of 11 electricity markets,
including Austria (AT), Belgium
(BE), the Czech Republic (CH),
Denmark (bidding zone 1)
(DK1), Germany with
Luxemburg (DELU), Spain
(ES), France (FR), Greece
(GR), Hungary (HU) and Italy
(South bidding zone) (I1Tsouth),
from January 2020 to April 20,
2022. The data are daily (average
of 24-hourly data). All prices are
in Euro/Mwh.

TTF is the virtual
trading point of the
Netherlands Transfer
Fund (title transfer
facility, TTF), which
Is used as a reference
gas market at
European level and
trades as Euro/Mwh.
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XPOVOOELPEG TIHWYV XOVTPLKACG TwV 10 utto avaAvon Evpwmaikwyv HAekTplkwy Ayopwyv
KalL opoonua 4 kpiolpwyv yeyovotwy (E4, E5, E6, E11) (kABeteg KOKIVEC KATAKOPUDEC YPAUUEC)

Electricity Wholesale prices with critical events of table 1
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Time series of USD/RUB exchange rate from January 2020 to Q1 2023. Red
vertical lines mark the critical events E1-E13 of table

USD/RUB exchange rate with critical events E1-E13
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Méeoec Etnatec tipec HAektpikwy ayopwy (Euro/Mwh), katd tnv ntepiodo 2020-2022
H ltaAiki kat EAANVIKR ayopad ot ‘mAEov akpBeg’ !

Average yearly Prices for 2020 -2022
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Kopwo epotipote g mtapovcag Epeuvos-perétng (Some related research questions and the main targets of the
work)

Drawing from the literature review, and ‘exploiting’ the insights gained from studies related to this work, we state
below some of the main research questions:

During the examined period of the Russo-Ukrainian conflict (‘long’ before, at the onset and ‘long’ after the invasion):

1.

What are the significant (occurring with the largest probability) breakpoints of the time series of the price of
specific variables of the energy and financial markets analyzed? Do these breakpoints correspond only to the
critical events E1-E13 linked to the mentioned conflict in the time examined or there are also other ‘hidden’
ones?

How does the Hurst Exponent, a measure to quantify the weak-, semi-, and strong-form of the efficiency of
markets analyzed, vary across them, an information that can help us to assess their adaptability, especially in the
context of drastic geopolitical and economic changes occurred due to the invasion?

How the detected structural breakpoints, by using BEAST approach, are linked to the market efficiency
measured via the rolling Hurst exponent over the period of our analysis?

How the (war related) critical events, seen us the sources of exogenous shocks in the markets, contribute to the

development of the structural breakpoints as well as on the deviations of the markets analyzed from the EMH
limit?

How the energy markets (electricity and gas) analyzed, interacted with the USD/RUB financial market and what
Is the direction of the interaction (or ‘causality’)? |s there any mutual (bidirected) interaction present?



Epyaieio 1: Hurst Exponent and the Efficient Market Hypothesis (EMH). Generalized Hurst Exponent (GHE)

Hurst exponent is a statistical tool (measure) for analyzing the scaling properties of a time series, which, in the case of
financial asset prices, corresponds to patterns that are repeated at different time scales. The most popular model to
study such patterns is the Brownian motion of Bachelier (Bachelier, L., 1900), and its modifications as fractional
Brownian motion (Mandelbrot B.B., 1997; Clark P.K., 1973) and Levy motion (Mandelbrot B.B., 1967; Fama E.F,
1965). The re-scaled range (R/S) for distinguishing completely random time series from correlated time series
(Hurst, E., 1965), is the main concept in the seminal work of Hurst.

Me0Ooodolroyia. :

Divide a time series of length L into d subseries of length n, then find the mean (E}) and standard deviation (Sy), for
each sub-series k = 1, ...d; normalize the data (Zl-,k) by subtracting the sample mean X;, = Z;, — Ex fori =1, ...,n;.
Finaly, create a cumulative time series
Vi = Xioy Xjxfori = 1,...,n; and then find the range Ry, = max{Yy, ... Yy }-min{Yy x, ... Yy, i }; and rescaling the
range Ry /Sy.

R/S is shown to follow asymptomatically the relation (R/S)n~an thus by taking logs of both sides we have
log(R/S), = logc + Hlogn. Thus, the value of H can be estimated by simple regression (H is the slope)

The mean value of the rescaled range for subseries of length n is finally computed as (R/S),, = (1/d) ¥¢_, Ry /S). We
can also plot, the (R/S),, statistics against n on a double-logarithmic paper.

If the process of returns of a time series is white noise, then we get roughly a straight line with slope 0.5., while if the
process is persistent then the slope is > 0.5. Finally, if the process is anti-persistent, the slope is <0.5.

13



1. Generalized Hurst Exponent (GHE)

Generalized Hurst exponent (GHE), is a generalization of the original method of Hurst (Hurst, H.E., 1951),
a popular technique to study directly the scaling properties of our data via the qth-order moments of the
distribution of the increments (Mandelbrot B.B, 1997; Barabasi A.L et al., 1991; Weron R., 2006).

The GHE is related to the long-term statistical dependence of a certain time series X(t), with t =
(1,2, ..., k, ..., At), defined over a time-window At,with time-steps of one-unit. GHE actually quantifies the
correlation persistence therefore there is a need for considering some fundamental statistical quantities, more
specifically the gth-order moments of the distribution of the increments of the time series, defined as (Di Matteo
T., 2007, Barabasi A.L et al., 1991)

(IX(t + 1) - X®I)
(1X()]7)

Kq(D) = (4)

where 1 < 1t < 1,4, and and(:) is the sample average over the time-window. We emphasize that for g =
2, K, (1) is analogous to the autocorrelation function: C(t,7) = (X(¢t + ©)X(¢)). From the scaling behavior of

K, (1), the generalized Hurst exponentis then defined as follows:

K,(t) o 1) (B)

14



1. Generalized Hurst Exponent (GHE) (cont.)

Awodikacisg mov eupavilovv eoumepipopa klyakwaons (scaling behavior) opadomolovvton wg €ENG :
Processes exhibiting this can be categorized into two groups:

() Awdkooieg uovipg klywarkwaens (Uni-scaling), uovo-uopporxiacuarixés (uni-fractal), aveEdptnrec Tov q
H(q) = H, ko1 o1 copepo@opéc tovg opileton povadioio amo tv otabepd H (Hurst exponent or self-affine
Index), (DiMatteo T., 2007);

(b) Awodwkacisc pe perapaiiopuevo (varying) H(q), moiv-xiarxovueves ( multi-scaling) n
roAvpopeokiacpatikée (multi-fractal ) ko ka0e por kKMmpokavetor pe dro@opeTikd ociktn H. O (Di
Matteo, T., (2007); Di Matteo, T. et al., 2005) toviovv TdOC TO ¥PNUATOOIKOVOULKE dEdOUEVO EUPAVILOVY
GUUTEPIPOPES TOAVLLOPPOKAOG LLOTIKTC.

O yevikevuévog oeiktng Hurst vroAoyileton wg 1 UEST TIUN SLOPOPETIKADV TIUDV TOV Topgy > EGI00ON (A)
(Barabasi, A.L et al.,1991; Di Matteo, T., 2007).

15



1. TLonpaivouyv ot TIHEG Tou eKOETN Hurst ?

0 O ekBetng Hurst pac BonBbdetl va kabopiocoupe eAv pla XPovooelpd eivalt
* tuxaiog mepinarog (random walk) (H = 0.5)
« g&xeLpopPokAacuatikn taon (fractal trend) (H > 0.5)
* OLTpEg emotpEdouv otn (HakpomtpoBeaoun) pEon tpn (mean reverting) (H<0.5) (Ornstein-Uhlenbeck process)
0 Mmopoupe va XpnNoLUOTIOLiCOUHE TNV dLAKUAVO PLAC XPOVOOELPAC AOYAPLOULKAC TIUNAG
-log(price)-, yia va ektnriooupe Tov puBuo dlaxutikng (diffusive) cupumepidopdcg tne.
O Ottég H aAalouv pe To XpNOLUOTIOLOUHEVO HAKOC TNG XPOVIKAC TIEPLOdOU TWV artoddoewyV (returns)
(for DAX index : H=0.54 for 1-day returns, H=0.82 for 50-days returns)

H=1 ,00svapn taon,

H=0 .
o . ( =(). ) «~——_ uynAogkivduvo
ZOsva'pr] tacr'] ETOTPOPNG O S H O 5 S 1 ug’letﬁv anoro:wv aAAaywvV
otn Heon tun \ }I\ } (Structural Breakpoints)
0 <H <0.5 Avtiepovikh cuunepipopad 0.5 <H<1 Epovikn cupmepidpopa — Taon
(Anti-persistent, (Negative autocorrelation) (persistent - trend) (+autocorrelation)
* Auénoeic tiywyv akoAouBouvrtat * Oittaoelg mbavwce ouvexidovral
mléavwe amo UEIWOTELC KAl avtiBeta v HEAOVTIKA
*  Ayopa: uynAn petaBAntotnta Frewpetpikn Kivnon Brown * Kdamolwa evotadela - avénTikeg n
(volatility) (Geometric Brownian motion) APVNTIKEG TACELG - Elval TILo
*  XaunAr gvotabeia (stability) *  TMARPWC AcuGXETIOTN Sladlkaotla npoBAEYLHEG

* MeAAOVTIKEG TIHECG aveEAPTNTEG
QTIO TTPONYOUMEVEC 16



EkdnAwon Evotabeiag Ayopag peow EkO€tn Hurst

Manifestation of Market Stability Through the Hurst Exponent:
1. Xopunin Metapintotnre & Evetalsio (Low Volatility and Stability) (H > 0.5):

If the Hurst exponent is greater than 0.5, it suggests that the electricity market prices have a tendency to follow
persistent trends. In a stable market, prices do not fluctuate wildly, and trends are sustained over time.

o

Market Implication: A persistent Hurst exponent indicates a stable market where supply and demand are relatively
balanced, and price movements are smoother and more predictable. This reflects lower market risk and higher

confidence among market participants.
2. Yyni Metafintéotnte ko ActaOeio (High Volatility and Instability) (H < 0.5):

If the Hurst exponent is less than 0.5, it suggests that the market is more erratic, with price changes tending to reverse
quickly. This behavior is indicative of a less stable market, where prices might swing dramatically due to various

factors like supply disruptions, demand spikes, or market manipulation.

Market Implication: An anti-persistent Hurst exponent reflects instability in the electricity market, characterized by
frequent price reversals and higher volatility. This could lead to increased risk for market participants and challenges

in ensuring reliable electricity supply.
3. Touyaiog Mepinatog (Random Walk) & Ovostepn cvetdOera (Neutral Stability) (H = 0.5):
If the Hurst exponent is close to 0.5, the electricity market prices behave like a random walk, indicating no clear long-
term memory or predictable trend.

Market Implication: This suggests a neutral stability where the market is neither highly stable nor highly unstable.
The price movements are mostly random, possibly driven by a mix of balanced and fluctuating forces.

@)

o

(@)



Mpoocdateg peAeteg otnv epappoyn tou ekBetn Hurst oe xpnpatayopeEg

AvAAuON XPOVOOELPWYV TTAPAYOHEVWYV ATIO KUALOHEVO Tapadupa
Tou Hurst exponent

Chaos, Solitons and Fractals 166 (2023) 112884

A Contents lists available at ScienceDirect ' 3
Pl Chaos, Solitons and Fractals .
journal homepage: www.elsevier.com/locate/chaos Eh
____________________________________________________________________________________________________|
s
Hurst exponent dynamics of S&P 500 returns: Implications for market i

efficiency, long memory, multifractality and financial crises predictability
by application of a nonlinear dynamics analysis framework

Markus Vogl

University of Applicd Sciences Aschaffenburg, Wiirzburger Strafie 45, 63743 Aschaffenburg, DE, Germany
Executive Management, Markus Vogl {Business & Data Science}, Adelheidsrafe 31, 65185 Wigshaden, DE, Germany

Hurst kat kpiowua yeyovota

* Mpiv amo kamola Kpion mapatnpeitat
Hla KaBodIkn Taan oTouC TOTILKOUG
(KkUAlOpeva tapabupa) ekbeteg Hurst,
KAl ETA akoAouvBouv duvateg
dlakUUAvoeLg TOUG
(Tzouras S., et al., 2015; Ma P, et al., 2016)

* Kata tnv ditapkeia piag kpiong, n eEEAKTIKN
duVaLKN epdavidel apvnNTIKEG CUCXETIOELG,
OTIWG CUVAYETAL ATIo Yla avénon Twv eKBeTwWyV
Hurst
(Tzouras S., et al., 2015)

Hurst kat EMH
* Eavyla pua xpnuatayopd toxvet n EMH,
TOTE 0 eKBETNC Hurst mpemet va sivat
akplpwg iolog pe 0.5, kalt apan
Ymokeipgevn duvapikn tng akoAouBei tnv Kivnon
Brown.

Weron R. (2000) : H fBM (fractal Brownian Motion)
eival 1o kataAAnAotepo povreEAo va eAeyxOei n EMH kau
apan omapén epovikng (persistent-long memory)
OUHTIEPLDOPACG OE XPNHATAYOPEC & EVEPYELAKEG AYOPEC
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IHpoxktikng epappoyn 1o ek0ETn HUrst otic HAeKTpkéc ayopéc
(Practical Application of Hurst Exponent in Electricity Markets) :

Ipopreyn ko dwayeipion kKivdovvov ( Forecasting and Risk Management) : By calculating the Hurst
exponent for electricity prices, market analysts and operators can assess the predictability and stability
of the market. A higher H suggests that past price trends are likely to continue, which can aid in
forecasting and risk management.

PvOmetikog éheyyog (Regulatory Monitoring) : Regulators (w.y. PAE EALGda) can use the Hurst
exponent to monitor market stability. A sudden shift in the Hurst exponent (e.g., from > 0.5 to < 0.5)
could signal emerging instability, prompting regulatory intervention.

Investment Decisions: Investors and traders might use the Hurst exponent to gauge market conditions.
A more persistent market (H > 0.5) may be seen as safer for long-term investments, while a market
with H < 0.5 might be more suited to short-term trading strategies due to its higher volatility.

Conclusion:

The Hurst exponent is a valuable tool in assessing the stability of electricity markets. A higher Hurst exponent
generally indicates a more stable market with persistent price trends, while a lower Hurst exponent suggests
Instability and higher volatility. By analyzing the Hurst exponent over time, market participants can gain insights
into the underlying dynamics of the market, which can inform trading, regulatory decisions, and risk
management strategies



IHog 0 ekBétnc Hurst pmopel va ereEnynost v kKMpdkmon kot temkn Ekpnén tov Poocso-Ovkpavikov IoAépov ??
(How can Hurst exponent explain the turmoil in energy prices due to Russian invasion in Ukraine??)

O Hurst pmopet va, pog 0mwoel Lo, TOADTIUN TPOOTTIKY TNG €V AOY® KPIoNC, LEGM TNG AVAAVGTG THGS EMITTOOG
NG 6TV £v6Td0ELo Kot TpofrleyindTnTa TOV HETUPOA®OV TOV TIH@OV. Na pepikég npotdosig !l

1. Katavonen Metapintotyrog (Market Turbulence)

2. Eraintoon tov I'eomoMTIKOV Kpiolpmy YEYovoTOV otov ek0Etn Hurst

3.  Avvomikn Ayopdg petd v swefoin (Post-Invasion Market Dynamics)

4. Tlocotikn] Avaiven kot dwayeipion piockov (Quantitative Analysis and Risk Management)

5. Emmtaocelg mpaypotikov-kocpov (Real-World Implications)

1. Katavéonon Metapintéotnrog (Market Turbulence) :

Ipiv v eiePorn (Pre-Invasion Period) (H > 0.5): Before the invasion, if the energy markets exhibited
a H> 0.5, it would indicate a stable market with predictable, persistent price trends. This stability might
have been due to a well-functioning supply chain, consistent demand, and geopolitical stability.

Meta v iefoin (Post-Invasion Period) (H < 0.5): The invasion disrupted global energy markets,
particularly in Europe, where many countries rely on Russian gas and oil. This disruption likely caused a
shift in the Hurst exponent towards values less than 0.5, indicating increased volatility and
unpredictability in energy prices. The market's previous patterns of stability were likely broken
(structural breakpoints) , leading to price swings and increased uncertainty.



IHog 0 ekBétnc Hurst pmopel va ereEnynost v kKMpdkmon kot temkn Ekpnén tov Poocso-Ovkpavikov IoAépov ??
(How can Hurst exponent explain the turmoil in energy prices due to Russian invasion in Ukraine??) (continued)

2. Enintoon tov F'eomoMTikdv kpioipov yeyovétmv etov ek@étn Hurst (Impact of Geopolitical
Shocks on the Hurst Exponent):

Avénuévn perapintéotnta (Increased Volatility): H seicBoAn 00N ynoe o€ ditakxonés otny alvaeido
napoyns P/A , kvpaoeis otic Pooikég eCoywyés Ko EPELVO Y10, EVOALOKTIKOVS EVEPYELAKOVC TOPOVG.
Amotéleauo, TEPPAAAOV YNNG LETAPANTOTNTOC LE EVPEMS KVUOLVOUEVES TILEC (G OTTOKPLOT) GE VEQ,
TANPOQOPIO, AAAOYEC TTOALTIKNG KOl Ol TAPAEELS 1IGOpPpOTiac Tpocpopdc-Cnong . Evag ex@érnyg Hurst
KIVOVUEVOS TTPOGS 1] KATM® TOV UNOEVOS, TNV TENPIOOO AVTH, AVTAVOKAL TIG ATOTOUES KAl TOYAIES
UETAP0LES TIUMV.

AvTioTpo@ic cvumeprpop®v ayopdg (Market Reversals): O sk0étng H<0.5 dciyvel avreuov-
EMOTPOPN GTH U.T , OOV AVEHGELS TIHMY aK0L0000VvTaL oo uslmoels kat avtictpopa. H cuunepupopd
OLTI OMOTITMVETOL GTIC EVEPYEINKES OYOPES G KOPLYWGELS Ty (Price spikes), andkpion oe KdOe véa,
eCEMEN (drakomn) mapoync aywyod O/A, eumopKo KAT) KoL KOUTOTLV UEPIKY OTOKOTATTACH KOOMC Ol ayopEs
rpocopuolovror (T.y. véeg cuupmvieg mapoync ®/A, koPepvntikéc mopeUPAcELS).



IHog 0 ekBétnc Hurst pmopel va ereEnynost v kKMpdkmon kot temkn Ekpnén tov Poocso-Ovkpavikov IoAépov ??
(How can Hurst exponent explain the turmoil in energy prices due to Russian invasion in Ukraine??) (continued)

3. Avvaiki Ayopdg neta v ewopoiny (Post-Invasion Market Dynamics):

Ipocappoyn ko Xtadepomoinon (Adaptation and Stabilization): As markets began to adapt to the new
geopolitical realities (e.g., Europe reducing reliance on Russian energy, increased LNG imports, renewable
energy investments), the Hurst exponent might have gradually returned towards 0.5 or even above it, indicating a
new form of market stability, though at a higher and more volatile price level than before.

Yvvenionevn Apeparotnre (Continued Uncertainty): If the Hurst exponent remains below 0.5 for an extended
period, it would suggest that the market is still in a state of flux, with continued uncertainty and instability. This
could be due to ongoing geopolitical tensions, unpredictable policy responses, or new disruptions in energy supply.

4. MMoooTikn) Avaivon ko dwayeipion piokov (Quantitative Analysis and Risk Management):

Ipoxiqoeis wpopreyng (Forecasting Challenges): A lower Hurst exponent in the post-invasion period indicates
that traditional forecasting models based on past trends would be less reliable. The energy market's behavior
would be dominated by short-term reactions to events, making it challenging to predict prices.

Awyeipion piockov (Risk Management): Energy companies, traders, and policymakers would need to adapt their
risk management strategies in response to the lower Hurst exponent. This might involve hedging against extreme
price fluctuations, diversifying energy sources, or increasing reserves to buffer against supply disruptions.



IHog 0 ekBétnc Hurst pmopel va ereEnynost v kKMpdkmon kot temkn Ekpnén tov Poocso-Ovkpavikov IoAépov ??
(How can Hurst exponent explain the turmoil in energy prices due to Russian invasion in Ukraine??) (continued)

5. Emmtocaig mpoynoatikov-kéopov (Real-World Implications):

oMtk kon PYOmon (Policy and Regulation): Governments and regulatory bodies (RAE in Greece) might use the
Hurst exponent to monitor market stability and intervene, when necessary, for example, by implementing price caps,
releasing strategic reserves, or supporting alternative energy sources to reduce volatility.

Enevovtikég Amo@aceig ( Investment Decisions): Investors could use the Hurst exponent to assess the risk of
energy-related investments during this period. A lower Hurst exponent would signal a higher-risk environment,
potentially leading to more conservative investment strategies or a focus on assets less correlated with energy prices.

Conclusion:

The turmoil in energy prices due to the Russian invasion of Ukraine can be explained
through the lens of the Hurst exponent by showing how the invasion disrupted market
stability and increased volatility. A shift in the Hurst exponent from a stable, persistent
value (H > 0.5) to a more volatile, anti-persistent value (H < 0.5) reflects the significant

Impact of geopolitical shocks on energy markets, highlighting the challenges In
forecasting and managing risks during such turbulent times



Epyoaieio 2. Mutual Information and PMIME approach for detecting directed
causality between TTF and electricity prices.

Antapaitntn BBAoypadia

Papana A., Kugiumtzis D. Ditection of direct causal effects and applications to epileptic
electroencephalogram analysis. International Journal of Bifurcation and Chaos, Vol. 22, No. 9
(2012) 1250222 (7 pages).

Kugiumtzis D.,, "Direct coupling information measure from non-uniform embedding”, Physical
Review E, Vol 87, 062918, 2013 [arxiv: 1305.6204] [the algorithm in matlab]

Papapetrou, M.; Siggiridou, E.; Kugiumtzis, D. Adaptation of Partial Mutual Information from
Mixed Embedding to Discrete-Valued Time Series. Entropy 2022, 24, 1505.
https://doi.org/10.3390/e24111505

Fotiadis, A.; Vlachos, |.; Kugiumtzis, D. Detecting Nonlinear Interactions in Complex
Systems: Application in Financial Markets. Entropy 2023, 25, 370. https://
doi.org/10.3390/e25020370
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To petpo PMIME tuntou Granger

H evtpomia petadopag (transfer entropy, TE) moocotikotmolei tnv attotnta (Causality) amo pla
dteyeipouoa (driving) petapAntn X, oe pla amokpivouoa (response) pstapAnt X, , plag dipetapAntng
XPOvooepAq { X1, X2,t}s t=1,...,1n

e HTE opidetal amo tnv deaueupugvn auotBaia mAnpogopia (conditional mutual information) wg:

TEX1—>.X'2 — I(xz,t+1’ xl,tle,t)

orrou 1o dtavuapa eHPUOLONEGX TIEPLEXEL TNV TIANPOdOPIa TNE X; ATIO TO TTAPOV OTOo TTAPEABOY,
OPLOMEVN ATIAWG WG TNV peylotn Kabuotepnon L,

X1t = [X1,6 X1,t—1r =+ X1,t—(L-1)T

(yia orjpata dltakpltov xpovou, T=1).
o H uepikn (partial) evtpomnia uetagopac (PTE) , emekteivel tnv TE tn mapouvacia AAAWYV TapatnpoUUEVWY
petapAntwv Z = [Xj3, ..., Xi] , Katpetpael tnv am’euBeiag (direct) artiotnta tng X,oe X,

PTEy x, = 1(X2,t41; X1,¢|X2,1, Z¢)
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To pétpo PMIME tumou Granger

H PTE moootikomotei tnv mAnpogopia cto mapov kal mapeABov tng X,, evw eényel tnv peAAovukn tiurn tng X, ou
€V meplExeTal rjdn oo mapov Kat mapeAfov tng kabe plag aAAANg peTapANTnG (X, Kat Twv AAWYV K-2 peTaBAnTwv).

MoAovoTtt evvoloAoyikd n PTE eiva katdAAnAn yla tnv getpnon tng am’suBeiac (direct) aitiotntag, otnv mpaén d€v
eivat katdAAnAn A\oyw aduvapiag vtoAoyiopoV tne CMI yia peydda K n L n kat ta dvo padi.

To PMIME avtipetwidel to mpoBAnpa tng dtactatikotntag , Aoyw xpnong twyv K dtavuoudtwy eupubionc, to kabe
gva pe L ouvviotwoec (petaBAnteg votepnonc). To PMIME dnuloupyei tpoodeuTIKA TO UIKTO didavuoua
eUPBUBLong(mixed embedding vector), w; , ToU TIEPLEXEL TIC MAEOV MANPOPOPILAKEC HETAPBANTEC UCTEPNONG, YIA

TNV HEAOVTIKA TN TNG X, (X2 ¢41), OE OXEON HE EVA HIKPO UTTOCUVOAO TOU CUVOAOUL OAWYV TwV KL petaBAntwv
voTEPNONG.

To w4 pTtopei va TtepLlEXeL HETAPBANTEG TG dleyeipouoag X, , TNG arokpivouoag X, Kat Twv UTIOAOLTTWY peTaBAnTwy Z,
dNAadr Twv th o th 2, wf¢ .HmnpoBAentikn mAnpogopia tng X,amokeAOTIKA amo tnV X, , TOCOTIKOTIOLETAl WG

. X1 X2 . Z
I(x3 0415 wp ™| we s, wi')
(Kavovikototnuevn aro tnv agotBaia mAnpodopia x; KAt wy ).
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To p€tpo PMIME tummou Granger

TeAlka n PMIME opidetat wg eéng:

PMIME _ I(xz,t+1F Wfll sz;WtZ)
i I(xz,t+1} W)

H PMIME (uttoAoylopevn yia kabe katesuBuvouevo {euyoc Twyv K petapfAntwy),
rtapexel tov Mivaka Mewttviaoncg (adjacency matrix) , ev BeTIKEG TIHEC =1, Kal
OUVETIWC To avtiotoxo diktuo atttotnrtacg(Causality network) twyv
otaBulopevwy (weighted) n dtadukwyv (binary) cuvdeoewy, avtiotoxa.
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Aiktua Attiotntag amo tnv PMIME (Causality networks from PMIME)

Acikteg Aiktoovu Attiotntag PMIME

Xpnotlyotolovvtal yla tov EAgyxo Umapéncg un-ypauutknc atttotntac (nonlinear causality)

YmtoAoyidovtal ota diktua attiotntagtov PMIME

pia ouvdeon (connection) udpiotatal eav PMIME > 0 kat ot otaBpiopéveg (weighted) cuvdeoelg eivat oL TIpEG
PMIME

ol deikteg avadEpovTal OTLE TPWTEC KAl OEUTEPEC POTTEC TOL Badpou (degree, K) kal tnc évtaong (Strength,
S) tou diKkTLOU:

Meon tun, ave(K), tutikn anokAwon, SD(K), tou kdBe koppou (node), yia duadikec (binary) cuvdETELC
Ave(S), SD(S), tng evtaong tou KABe KOPBouL, yla OTABUIOHUEVEG CUVOETELG

Evtaon : ABpolopa Twy EICPEOVTIWY OE€ KAl EKPEOVTWYV ATIO £vA KOUBO duadilkwy n oTaBULoOPEVWY CUVOECEWV,
avtiotoa

Nna tnv PMIME, n mapoucgia opwyv vaot€pnong (Lag terms) tng Odleyeipouvaacg (driving) petaBAntng oto
UIKTO diavuoua eupubnonc umodelkvuel TNV Umapén altiakng attiotntTac tng METaBAntng auvtng otnv
petaBAntn amokpiong (response), pe cuvelcpopa twyv lag terms avaioyn tng otabuiopevng ovvdeong
mou mapExetat ano tnv PMIME.
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Aiktua Attiotntag amo tnv PMIME (Causality networks from PMIME)

Eleyyoc un-ypoppkig oxtiétnrtag (Test for nonlinear causality)

[apaywyn toyatoromuévng moAvpetapintg (K) ypovooeipdc (surrogate multivariate time series), cuvenn pe
TNV UNOEVIKN vT00eo !

e H,: To avortnuo mov mapdyer tig K ypovooeipés AEN mepigyel kaloLov un-ypoppiKégs aAAnAemiopaosls, mapo.
LOVO VPOLYIIKES, OITIOKES OYECELS UETOCD TV K uetafintav.

o H ainioxn ooun e PMIME ¢ apyixne (oy1 e surrogate) ypovooeipoc mapouever IAIA eav n apyixn
xpovooelpa. AEN mepieyer un-ypouuiky GItioTHTO, EVM 0TV TEPITTMTN TOV TEPIEYEL, H OOUN THG OUTIOTHTOC
rapoyouevy amo thy PMIME eivai oropopetikn koi Qo umopoivae va oratnpnbei oo thv toyaioroinoy.
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Aviyvevon g dopkig amétoung airayng (structural breakpoint) peosow PMIME
* Yracwyuotnra (Stationarity) : wo eyuavriky vroleon oty avdivon ypovooelp®v. Ot 6TATIOTIKEG 1O10TNTEC

oev ailalovv o610 Ypodvo. H apyn avt mapaPialeton , Kato KOPO GTNV GVAAVCT TPAYUATIKWDY YPOVOCEPDY, AOY®
Kuplwg ¢ petafoing g vroxeinevng dvvautkng (change of underlying dynamics)

* Aopukny ardayn (Structural change — Breakpoint or Changepoint) avtikeipevo perétng TOAVTAOK®V
CUGTNUATOV

E@apnoyés oe : Xavadivon Xpnuopayopov, brain sciences, oceanography, etc.

e H un-ypopkn oartidTnTo Umopel va avadvetatl kou eCapaviéerar (au@iopoun doutkn oAloyn)

o M douikn aiiayn aviyvederar €0v, Yoo 600 OO0y KA ‘Tapdbvpa’ TG YPOVOGEPAS, N Undevikn vrobeon H,
O0¢v umopel va amopprpfel kato tov EAEYY0 VTOPENG UN-YPOLUUIKNG OITIOTNTOC, EVA OVTY) ATOPPITTETAL GTO
apéowms Tpito ‘mapalbvpo’, avadeikvoovtoc Ty vmoapén un-ypopukng artotnrag (Fotiadis A., et al., 2023,
Entropy).

e Aoukn aAlayn , OTO oTOTIOTIKO TAGLO10, 1IGOOVVAUEL LE TTOPUPiaon TNG OTAGIUOTNTOC, Kol EKQPPALETAL OC oYUEio
ATOTOUNG OAAAYHGS  YOPOKTINPIOTIKOV TNG YPOVOGEPES , Om®wg oAlloyn péong Twng g zaons (trend)
TopopuiTPOV eEToIKOTNTOS, (Seasonality), perafintotyraog (volatility) , alhayég porav 11, 2" taéng (mean,
variance, autocovariance ), péoc® tAn0mpog ereyymv 6mtMG

X8 Chow test, CUSUM test , Bai-Perron Test, Kernel estimators (rapoadociaxoi £Leyyov)

¥ Ilpoécopata pétpo arinreEdptnong oc morlvpuetopfintéc ypovosseipés . Granger Causality, PMIME (innovative approaches)
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Avixveuon pun YPAMMIKWY AAANAETIIO pACEWYV OV ‘KUBEPVOUV’ UTTOKEIPEVOUG
HNXAVIGHOUC TWYV XPNHATOOLKOVOHLKWY cuoTnUATwV, pyeow PMIME

Vlachos, l.; Kugiumtzis D., Phys. Rev. E 2010, 82;
Kugiumtzis , D., Phys. Rev. E 2013, 87

KVpua urtoBeon

[MpLv aro kaBe yeyovog ptacg amotounc aiAaync (breakpoint) os €va TToAUTIAOKO OUVAULKO cUoTNa,
Ba pymopoLv va avaduBoulv-evepyomotnBouv n avtiBeta va eEaAAeigpBouv ‘Kpuuugveg’ (aAAd utapxoUaEe()
N YPAUUIKEG AlTIOTNTEG, N akoua va evduvapuwlouv (Salim et al., 2017;, Purica l., 2015)

H PMIME avixvevel tic a’evBeiag (direct) emdpaoceig attiotntag, Kat tTavtoXpova XPLoLHEVEL WG OTATIOTIKOG
eAeyXog Tng pNndevikng utobeong

HO : Asv UTTAPXOUV UN-YPAHUHLKEG ALTIAKECG EMIPACELE 0TO TTOAUTIAOKO cUoTHHA TIoL e€eTtAloUVE
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The main categories of the methods used for change-
point detection in univariate and multivariate time series

Statistics-basad

rorprhology - bhased

LUinivarialte tiime serwes

autooorrelation-based

BEAST

Linear — MNonlneaar
dy namics

Methods for chamge point
detection

Statistics-based

rdorphology-basaed

Multivariate time series

AurtofCross correlatiom-
based

Fotiadis, A.; Vlachos, I.; Kugiumtzis, D.
Detecting Nonlinear Interactions in Complex Linear < Monlinear
Systems: Application in Financial Markets. Entropy dynamics
2023, 25, 370. https:// doi.org/10.3390/e25020370

From Fotiadis et al., 2023 . ‘The main categories of the methods used for change-point detgction in univariate and
multivariate time series. Our proposed methodology detects structural breaks in multivaylate time series by the emergence

or the diminishing of nonlinear effects, thus it belongs to the subcategory in bold font 32



3. BEAST analysis

Schematic presentation of the BEAST approach and modeling of Energy time series data

A. Assumptions for the
BEAST model

Harmonic Seasonal
Componentsin Energy ——
data

Noise in Energy data ——

Piecewise linear
Componentin Energy —
data

Changepointsin
Energy data

C. Posterior
Bayesian Model

B. Prior parameter
distribution

Random seasonal
Parameters in
Energy data

of parameters

r 3

Random
parameters
of noise in
energy data

Energy time
Series data

Random parametersin
Energy data

Random number of
changepoints

Bayesian distribution

D. Monte Carlo E. Model output

sampling
Sampling of Probability
Posterior Distribution for model
distribution components
Key
Parametrization Data BEAST
input model
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Mapapetpikn popdn tou Bayesian Estimator of Abrupt change, Seasonal change, and Trend (BEAST) yia
avAAuon XPOVOOCELPAG

2TOX0G N avaAuon JLag xpovooelpag, ={t;,y;},i=1,..n OE OUVIOTWOEC : EMOXIKOTNTAG
(seasonality), Taong (trend), anotopwyv (dopikwv) aAAaywv (changepoints or breakpoints or abrupt

changes ), kat @opuBou
y;=S(t;; O5) + T(t;;07) +& (1)

eMoxlko onua Taon  Gaussian, o

1. Emoxwotnta (Seasonality) S(t) = ZlLfl [ak,l sin (Z%ft) + by, cos (z%ft)] e St <& 1, k=0,...p

(piecewise harmonic model)

p KopBot (knots), &, oupBoAilouv changepoints, P : tepiodog, Ly : harmonic order, ay ; , by ; : TapapeTpoL yla
Sin(), cos().

2. Taon (Trend) T(t) = aj+b;t yia 7; < t < Tj4q,j=0,...,m
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BEAST
ZUVOAQ TTOPAMETPWV {@T @S M BM}

TaongOr, katemoxwkotntag O¢ / \

Aopn MovtéAou
# changepoints taong &
Emoxwkotntag, harmonic orders

2UVTIEAEOTEG-TIAPAPETPOL
yla Kafe EeXxwPLoTo THRHA
TWV KAUTTUAWYV TAong & EMoOXLKOTNTAG

E€aptnon _ . N .
arto 60|Jr'] — ﬁM o {aj’ bj}'] T O’ ey M U {ak,j’ b’k,j }!k - O; "';p’ l_1""’Lk

HOVTEAOU

H e&iowon (1) yivetal y(ti)=XM(ti)ﬁM + e, (2)

 >tn povreAomoinon kata bayes, OAOI ot tapapetpol Bewpolvtatl tuxaiot ( dour M, cUVeTECTEG By, 02)
 AedOUEVNC XPOVOOELPAG T={t;, yi}, i = 1,...n ootoxogeivat va ektipnpoovpe OXI MONO TiI¢ TipEG TwV

TIAPAMETPWY AUTWYV AAAC TTILO CNUAVTIKA, TNV EK TWV UOTEPWYV (posterior) katavoun mlavoetntag Toug
p(Bm,0%,M|T)
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®opupaAicpog Bayes tou BEAST

Atto to Oswpnua Bayes, n petayeveotepn (posterior) katavoun €ival To yIVOUEVO TNG
ouvaptnonc mBavogpaveiacg (Likelihood) kat Tou mponyoupevou poviEAou ( prior) M

p(Bu, 02, M|T) < p(T|By, 0% M) nt(By, 0% M)

H ouvdptnon mBavogaveiac p(T|BM, a?, M) ekdppadlel Tn TIBaAvOTNTA VA TTAPATNPHOOVE
T0 5edopéva TNE Xpovooelpdg T, DESOUEVWV TWV TTAPAPETPWY TOU HovTEAou By, 6%, M, To
omoio ypadetar y =xyfy + € .

AOYW TNC KAVOVIKNC KATavoungTou €, n mmbavodavela eival artAa Gaussian

p(T|Bw 0% M) = | [ Ny v (602
i=1

(ottou N () Normal katavoun)
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doppaAicuog Bayes tou BEAST

E€ oplopou n(ﬁM, a?, M) = (By, 02 |M) . m(M)= kwdikottoinon OAHZ tng uttdpxouacag tAnpodopiag n TWV
MEMOLONCEWYV PaAg yla TIG TIOAVEC TIHEC TWV TIAPAPETPWY TOU HOVIEAOU.

[evikd, eAelrtrc n acadpng mAnpodopia, omtote ol katavoueg 0a sival emtintedec (flat), non-informative.

H (B, 02 |[M)eivar n deousupévn nponyoluevn katavoun (conditional prior distribution), evw n w(M)to
nponyouuevo povteAo (prior model).

Natnv n(By,0% |M): stnéyw tnvNormal-Inverse Gamma distribution, mpocBtovtag pia emumAéov
unteprtapauetpo diaxvonc (diffusion), v, \Oyw tng acagouc yvwanc yla toug B.

Natnv n(M) : to mAnBo¢ twv changepoints swvat akepatog, BTiKOG, toomiBavo atnyv prior kKatavour)

TeAIKA , N HETAYEVEOTEPN KAatavoun (posterior) Twy TAPAPETPWY TOU HOVTEAOU Yyivetal
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BEAST
®dopupaAicpog Bayes tou BEAST

Extra dispersion hyperparameter
Reflects the vague knowledge of the Conditional prior

Magnitude of By (normal-inverse Gamma Model prior

n A
( \l \
p(Bw, 0%, v, MIT) o | | N Xuu (6B, )5 (B, 02, vIMIT(M)
\ } P
Y =1 \ )
\ } Y

Posterior of model Y

parameters Likelihood (N, Gaussian) Prior distribution
Of model parameters

* H posterior katavopn, KwdlKoTOlEL OAN TNV TTANPOdOPia TToU eival GnNUAVTIKA yla TNV e€aywyr GUUTIEPACHATWYV

(inferences) ylia tnv duvapikn Tou CUCTHHATOC TTOU AVAAUOULE.
* AvaAutika duoemniAvtn n Likelihood, xpnowpomolovpue Markov Chain Monte Carlo (MCMC) yia sampling

(evowpatwyvel reverse jump, MCMC sampler oto mAaiolo dewypatoAnyiacg Gibbs).
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BEAST

EK TWV LoTEPWYV
(Posterior)ouunepacuatoloyia
TWV SOULKWV aAAaywvV
(structural
changepoints/breakpoints)

* O aAyoplOpoc MCMC mapayel
Hla aAuoida posterior samples
HIKOUG N,{M("),ﬁl(v?, a2 y®y,
i=1,...,N,

TToU ‘cuAapBavel’ OAn thHv

TTANnpodopia, cNUAVILKA yla thv

c€aywyr CUPTIEPACHATWY

OXETIKA PE TNV DUVAULKN TOU

UTTOKEIPEVOU cuoThApatoc (Tt.X.

Evepyelakwv,XpnHATOOLKOVOULIKWY

XPOVOOELPWYV), TTOU AVAAUOUE.

A time series capaturing the seasonal, abrupt, and frend dynamics of the observed system

A SIS AN AP N

2002 2006 2m2 2014 (Time)

— -

The time series can be decomposed to uncover seasonal and frend signals via numerous altemative models (M, i=1, ...N)
Model configuration #1: M, Model configuration #2: M, Model configuration #3: M_ Mo del :nnl'lgurathnﬂlﬂn”:hll

N VA

- W L | B — |

Trend Seasonal

All the models are useful to some extent. Combining them is often better than choosing a so-called best model
Indhn:ir:lual ﬂ:-asonallmdelsl& assnf:iabd clhangepr.:nints

Individual trend models & associated changepoints

Seasonal

Trend

. .
2002 2004 2006 2008 2

2002 2004 2006 2008 2010 2012 2014 2010 2 2014

Model usefulness can be quantified by a Bayesian posterior probability p(MJdat?}cx p(data|M.)p(M), allowing us to combine
all models into a weighted average modek-an algorithim known as Bayesian model averaging (BMA)

EMA-based Ensemble mean of individual seasonal models EMA-based Ensemble mean of individual trend models
— i i i i i " i i ' i i I " i "
o = I I I
5 o 2 B R 0
8 . . . . . : . = 1 N . L . .
- | Probability of being a changepoint in seasonal signal ' ., [Probabilify of being a changepoint in frend"
s S [Prob=0
a m‘—-—-—-—-—-—-—-—-—-—-—-—-—-—-—-—-—-—-—-—k; [l I W | ¥ | Y | W

2002 2004 2006 2008 2010 2012 2014 2002 2004 2006 2008 2010 2012 2014 9




BEAST

H dewypatomoinuevn (sampled) dopr tou povteEAou {M(i), OTTWC TT.X. Ol XPOVLIKEC OTIYHEC TTOU cuvuBaivouy Ta
Changepoints &ol taéelg (orders) twv appovikwy (harmonics), petadppalovral ce cuppPeTaBAnTeEC (covariates)
X ,i(t) Tou povterou

« Kabe
JELYHATOTIOINHEVO
novtého M® mapéxet
pla ektignon tng
QUVAULKNAG TNG TIUNAG
(price) X (t:)Bwm

* O ouvduaopogTwy
ETIL HEPOUC

EKTIUNOEWYV O€V divel HOvVOo

gva teAlko BMA (Bayesian

Model Average), aA\a

TAUTOXPOVA KAl Ta HETPA

apBepatdotntag

Y x4l %

tepd tepd

100

Xl %y (t) x4

tepl  tepi

150

Time (t)

s BRCH C

200

250

15." + ﬁ.; + ﬁ.ﬁ‘

St %) xl %l e x0

©pl tcpd e

BEAST adpots a general linear model for time-series decomposition:

Xl xgslt)  xy (8

sepi scpi
By | Py

Xs5 (0

scpl
T

scp

*h

]

X (1

¥ = BB, B, B R B BB B T B B B M B B R ﬁ_.lm FIHTBH

Matrix

1sttrend Zndtrend 3nd trend
seqment  seqment  segment

1st seasonal segment
[ 3rd-order harmonic: 6 tems)

nd seasonal segment
| 2nd-order harmonic: 4 tems)

(number & timings of trend changepaints (tep),

where mode! structure “=<|numher & timings of seasonal changepoints (scp),»
(harmaonic orders of individual seasoanl sfgment; )

=




BEAST
MéEon Ty povtEAou

Bayes Model Average BMA : y(t) = N X300 (t)ﬁM(t)/N
(BMA)
Awakbpavon n var[Pt)] = N [X 0 @) Byw — F(®)]?/N -1

MeEtpo aBeBatdotntag

* OLe€axBeioec amo ti¢ MCMC aAuaidec(tng detypatomolnuevng oG Tou povré)\ouM(i)),

{m(i)}, i=1,..,N katn {p(i), TIAPEXOUV TNV EUTIELPLKI KATAVOU TOU aplBpoL Twyv changepoints oTig KAPTIUAECQ
Taong Kat ETToXLKOTNTAC, avtioTolXa.

* Apa Méeoec TIHEG CUVOAIKWY aplOpwy changepoints Taong Kal EMOXIKOTNTAG:

(@) (D)
M=Yil1 D= Yit1 N

Edv {Lk . (i)(i)}, i=1,...,N naAuoida EexwPpLoTWY TAEEWY APHOVIKOTNTAC, TOTE N péon TA&nL(t), avaykaia yia
=0,...,p

. . . L HEEAY (i) ¢
TNVITPOGEYYIOTIKA EKTIUNON TNE ETOXIKOTNTAG ava taca otypn teivar L=——, €[Sk, » Sk;41]
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BEAST

. Ol0.7\U0158C{Tkzlwum(i)(i),€K= OO Y, i=1,...,N

1,.

TWV akpLBwyv (exact) xpovikwy oTydwy (timings) TTou cuveRnoav ol SOULKEC AMOTOUEC AAAAYEC
(changepoints), oTIC KQUTIVLAEG TAONC KAL ETTOXLKOTNTACG, XPNOLUOTIOLOUVTAL YA TNV EKTIKUNON TNG
mlavotntag otL €va changepoint cupaivel oe Xxpovo &, , n evtog evog dtactiparog [L,, ¢, ],

HETPWVTAG THV oUXVOTNTA dELYHATWYV

#tov MY mov mepidapBaver v tg 1 Bproketal vrdc[ts, te]
N

p(changepoint at t; orin [t,, t,.])=

 Evachangepoint pe ektipwpevn mbavotnta 3% va cupBel, eival Atydtepo miOavo va maplota
pia aAn@n amotoun aAAayn

 Kamowa epwthuata ota onoia armavta to BEAST kat dAAa epyaleia aduvatouyv :

1. Moia ndsousuusvn (conditional) mBavotnta va mapatnPHOOULIE , OE HIA XPOVIKH OTLyUn, Uta
amrotoun doutkn aAAayn , otnv KauUmUAn taong, eav pia dAAn amotoun aiAayn €xetndn
ouuBei kamou aAAou?

2. [lMoia n amo kowoU (joint) mBavotnta va mapartnpnoouULE LUia AoToun ailAayn otnv taon o€
pia otiyun, Kat pgua dAAn amotoun aiAayn otnv KaumuAn EMOXIKOTNTAG, O€ Hla AAAn otiyun?
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AmntoteAéopata (results)

A. AvaAluon HURST & Efficient Market Hypothesis (EMH)

*  Otayopég NGNMX & USD/RUB eival ol amoteAcopatikOTEPEG
10 2021 & 2022 (financial markets more mature and efficient)
*  Tnvmepiodo 2018-23 OAEZ ol nAEKTPLIKECG AyopEC EivalL mean reverting
* (H<0.5) evw ot TTF, NGNMX, USD/RUB
YTmtoAoylopog etnolag & oAng tngmeptodou 2018-22 p.t neplodouc, evw n TTF persistent (H>0.5)

[evikevpevou EkBetnag Hurst (GHE) 0Awv Twyv ayopwyv
*  OwuyYnAdtepecg tiuéc Hurst mapatnpoulvrail tnv
Xpovid tng kopugpwang tng kpiong 2022, LoAovoTL

<0.5 aMAd ‘teivouv’ Tpog TNV TR autn
Market 2019 2020 2021 2022 2023 * 2018-2023
RO 0.1843 0.1444 0.1566 0.2328 0.1460 0.2039
BE 0.1354 0.1263 0.1758 0.2781 0.1734 0.2371
cz 0.1413 0.1087 0.1822 0.2833 0.0980 0.2251 =0 EpovIkiipersistent)iayopus e S
DK1 0.1159 0.1175 0.1397 0.2692 0.1478 0.2222 Karola Sl;gmesm Kat t;‘,’mc (naxuu n et
o MPOPBAEYLHEC, X etaBAntotnta
ES 0.2298 0.1726 0.2807 0.2568 0.2423 0.2591 PoBAsyipec, X ur! MH . BAntotn
* H<0.5: avtiepgovikn (ani-persistent, mean
HU 0.1900 0.1494 0.1659 0.2811 0.0460 0.2294 . ) . .
reverting) ayopd, e vPnAn petapAntotnta,
NNL 0.1509 0.1289 0.1715 0.2795 0.1059 0.2418 XQpNAF EUGTAOELA
IT 0.1589 0.1396 0.1901 0.3286 0.1707 0.2431 = H=0.5: Efficient (artoteAsopatiki) Ayopa e
GR 0.1896 0.1539 0.1640 0.2111 0.1988 0.2046 cupnepidbopd Brownian Motion
BG 0.1438 0.1212 0.1284 0.2021 0.1456 0.1862 (aocuox€tiotn dtadikacia) , ‘loxvouv’ ot
TTF 0.5125 0.6244 0.5367 0.5768 0.3212 0.5893 EMH, FMH, peAAovTikég TIHEG avegaptnTeg
NGNMX 0.5708 0.5297 0.5068 0.5212 0.3554 0.5702 AL RIS O] A
USD/RUB 0.6009 0.5473 0.5485 0.4960 0.3627 0.5179 43
*Note : H values estimated with reservations, due to a small size of only 90 days (3 months) in 2023




A. AvaAluon HURST & Efficient Market Hypothesis (EMH)

Rolling Hurst (window=75 days) of Greek electricity and TTF gas
prices vs. the reference random Gaussian process for which H=0.5. The
period of escalation of Russo-Ukrainian war is from Nov.2021 -
Mar.2022.

Russian

Invasion
24 Feb.2022 | T !

—TF
— &R H

600 —

500 — ‘
I
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| Al
( [
| Y

400 —

1| h

|/ | N /
L AN RSV WA T S /
W pmmr” A Y

| | | \ \ \ l l l l l l | | |
\ \ 5 5 5
g ) K & & & K & Kig & & K
& K K R RS & K K K R 3 K
LN A S U R A

Rolling Hurst of TTF (Rolling Window 75 days) and GR price vs FBM

0= Russian | —— HusTTF)

— Husrts(GR price)

‘ ‘ ‘ i nvas i on ‘ | | ‘ —‘Hurst(Random Faussian) ‘ ‘ ‘ ‘

v

q,&
5
o

N V] iz iz V2
{LQ’L ’L& q/@/ q/g’b ‘L&
9 o 0 § §

¢ ¢ ¥ ¢ N AN

i3 ) W 0 )
(19‘1/ ’L& q/& {]/Q‘L {19‘1/
Q& & # 0

N < y ¢ @

To kKUAlopevo (rolling) ‘tapabupo’ Twyv 75

NUEPWYV ETUAEXBNKE PE OKOTIO VA TIPOCEYYIOOUUE

TOV OTOXO TWV Bpaxuttpobecpwyv Anéewv (maturities)
TwV assets 1tou dlanpaypateVovial KEPpOOOTKOMIKA

ol Traders, og teplOdoUC KPIiong, o€ ayopEC HEANOVTIKNG
EkmtAnpwonc (futures)

* [loAu kovta otic 24 Feb.2022, amtotoun aAayn ekBetn
tou Hurst (ammo H>0.5 o H<0.5), twv oe GR & TTF
ayopwy, apa uTtapén doULKAC attoToung aAAayng
(Breakpoint).

e QOikaprmuAeg rolling Hurst, kat twv dUo ayopwv
(TTF & GR), epxoval TAnclectepa HeTa&u TOug Kal

‘ouykAivouv’ kat ot dUo mpo¢ tnv H=0.5.,

e 2eo0Antnveéetalodpevn tepiodo, H<O0.5 atnv

____ EAAnvikij ayopa (un-amoteAeopatikn, aoctabng,

vynAnc uetaBAntotntacg)
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A. AvaAvon HURST & Efficient Market Hypothesis (EMH)
KuAwopevog deiktng Hurst TTF & Greek markets yua to 2022 (zoom mtponyou. Eikovag)

Rolling Hurst of TTF and Greek price vs Random Gauusian Noise, year 2022

0.8 I | I | \ | | I T |
24 Feb. 2022 TTF
31 Aug. 2022
Russian invasion 22 Jun. 2022 g Greek
28 Sept.2022 Random Gaussian
07~ 15 April 2022 &
15 Nov.2022 18 Dec. 2022
0.6 — _|
A/\ \4
0.5 — V\/\ /\4 ﬁ/\ A AA |
~__ v v \
18 Jul. 2022
04 — |
13 Jun. 2022
0.3 — |
0.2 — |
0.1 — |
9 Oct.2022
0 | | | | | | | | | | |
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Jan
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A. AvaAluon HURST & Efficient Market Hypothesis (EMH)

. — _ _ 2TAV Tteplittwon tng lomavikng ayopadg
a) TTF End ES (Spanish) price time series, b) rolling Hurst HAEKTPLOWOV, 0 Hurst TpooeyyiZel Tnv
(window=75 days) of Spanish electricity and TTF gas price vs. L :
the reference random Gaussian process for which H=0.5. EMH tiun (H=0.5), otig 26 ®eB. 2022, 2 pEpeg

pHeta tnv Pwolkn etcBoAn !

Russian
Invasion
e 2e0Antnveéetalopevn epiodo, emiong a) i 24 Feb.2022 s
otnv lonavikn ayopa H<0.5 (apa un- L | "
amoteAsouartikn, aoctabncg, vyniAng f
getapBAntotntag) | .

Breakpoints : from persistent to
Mean reverting orvice versa
as H changes abruptly from H>0.5 to |

Hurst(TTF)
Husrts(ES price)
mm Hyrst(Random Gaussian)

24 Feb. 2022
Russian invasion. Markets approach
Brownian motion behavior (H=0.5)
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A. AvaAduon HURST & Efficient Market Hypothesis (EMH)

a) TTF and ES (Spanish) price time series, b) rolling Hurst (window=75 days) of Spanish electricity and
TTF gas price vs. the reference random Gaussian process for which H=0.5.

Some other Breakpoints detected by BEAST, dates and Hurst values BEFORE and AFTER breakpoints

! |
500 TTF ||
ES
400 —
300 —
R S ‘
N ‘ o~ "““ ,,,‘ "V ‘V" Wi )
100 0 WY N \.'ﬁ 'u .“vm AR
v \f
o L | | | | x | | | | | | | | | VAR |
s L L G L G L P U S - S
5 & 7 RO R 5 v 5 R N 5 5 & K P R
o O N @ «@ Q° N R\ N » ~ @ o° S ® a3 «® °

Rolling Hurst of TTF (Rolling Window 75 days) and ES price vs FBM
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8 jan.2022 = 20 Apr.2022
0.1 110 Nov.22 H=0.456 22 Feb. 2022 Breapoint 3 \ 23 May 2022

Hurst(TTF) m
Husrts(ES price)

| H=0.340, | 'H=0.448 H=0.420 | x H=0.160 | | | | | Hurst(Random Gaussian)
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Prob.
Date
Before
After

Prob.
Date
Before
After

Prob.
Date
Before
After

Prob.
Date
Before
After

Prob.
Date
Before
After

Hurst Exponent values before and after the breakpoints (BP) detected by
BEAST (Only three BPs are shown, with high probability of occurrence)

100%
8 Jan. 2022
0.309
0.385

100%
8Jan.2022
0.397
0.470

100%
1Jan. 2022
0.240
0.387

100%
8 Jan. 2022

100%
10 Nov. 2021
0.340
0.247

100%
13 Feb.2022
0.335
0.260

99%

13 Feb. 2022
0.430

0.330

99%

10 Feb. 2022
0.251

0.384

100%
20 Apr. 2022

100%
8 Jan. 2022
0.456
0.330

99%
20 April.2022
0.270
0.050

100%
12 May 2022
0.320
0.115

100%
12 Apr. 2022
0.413
0.329

100%
11 May 2022

100%
22 Feb. 2022
0.448
0.330

Prob.
Date
Before
After

Prob.
Date
Before
After

Prob.
Date
Before
After

Prob.
Date
Before
After

100%
8 Jan 2022
0.337

0.417

100%
8 Jan. 2022
0.265
0.402

100%
10 Nov. 2021
0.133
0.483

100%
14 Nov.2021
0.165
0.378

100%
8Jan. 2022
0.232
0.118

100%
27 Apr. 2022
0.377
0.049

99%

8 May 2022
0.284
0.129

100%
16 Apr. 2022
0.374
0.090

99%
20 Apr. 2022
0.372
0.069

98%
20 Apr. 2022
0.376
0.080

100%
2 July 2022
0.127
0.350

100%
28 June 2022
0.273
0.078

100%
8 June 2022
0.081
0.305

99%

9 July 2022
0.206
0.087

100%
9 July 2022
0.044
0.272
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A. AvaAduon HURST & Efficient Market Hypothesis (EMH)

Correlation Matrix

=

=~

1092

0.

(=]

oo
o

e © b O
" o o~
L] A o

o

oo

=
-~
~J

e 2| lg 2 || g
.
* “ﬁ *

(=]

(o]
=

oo
w

8

L I T o || s | e o o e =
on o w - =~ | . o

2 o %] L] b

S - o

e o e o |l e o || e e | s ol o o, ©
wn ¢~y o -]
=N
& o

¥ NN ¥ Ny

'-ee-? - =) e 4y 1 ] he :’P oo-a- =) he
!? ‘E ‘ Q ? !'ﬂ ‘
&,

¥ X %KX

NN N NN

e, S
T
:

ha & s la
- 2
b |
A

CECEEEREs

L=
io o!l

d o || e e L
o o A

w2 | el 2 | oda
-v:'."_ E
By 1,-
A
-

e

il dh A b b Jtil 2D S

Ie- = o = Y
8 - e T

ey O || i o | g
bl Y
A o
. &

¥ NGNS

A

0. 5% .
¥
o

Lot LR
el

0 0204 0020406 00204060 0204 0020406 00204060 020406 0 0204060 02 04

ROHur

BEHur

CZHur

DK1HU

ESHur

HUHur

MMNLHU

ITHur

GRHur

0020402040608

BGHur

TTFHU

Detection of similarities of the dynamic
evolution of the efficiency of the markets.

Correlation matrix of rolling Hurst exponents
(window of 75 days) of all energy markets.

A large correlation between two markets
means that their efficiency follows a similar
dynamic pattern for the period examined.

We observe that some markets show very similar i.e.
(correlations > 70%) efficiency evolutions: RO-HU 92%,
BE-NNL 89%, BE-CZ 84%, HU-BG 80%. An interesting
also result is that no similarities exist in the development
of their market efficiency of IT, GR and ES with all
other markets and finally no significant correlation exist
between the evolution of TTF’s market efficiency and
all other market efficiencies.

The specific stylized facts of these markets (especially
their dependence on Russian gas imports, generation
mix etc.) can explain the above dissimilarity in the
development of their level of market efficiency.



B. AmtoteAeopata rolling Ml & PMIME

60 days rolling window calculated Mutual Information (Ml)
values of all European electricity prices against the USD/RUB
exchange rate, spanning the period Nov 2021 to May 2022.

Rolling MI (60 days window) of European electricity prices with USD/RUB exhange rate
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B. AtoteAsopata rolling Ml & PMIME

B: a Zoom in figure A. Rolling Mutual Information (window 60 days),
of Greek price-USD/RUB and TTF- USD/RUB. The date of the
decoupling, around 10" February 2022, is now clear.

Rolling Mutual Information (60 days window) of Greek price & TTF with USDRUB exchange rate
T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T
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A: Rolling Mutual Information (window 60 days), of Greek
price-USD/RUB and TTF- USD/RUB

Zoom in Rolling Mutual Information (60 days window) of Greek price & TTF with USDRUB exchange rate
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Markets

B. AtoteAsopata rolling Ml & PMIME

Network graph of information flow, derived by PMIME approach, of the
Greek price, with TTF and NGNMX prices and USD/RUB rate
(signed log price returns). Heavy arrow lines, connecting two
nodes, indicate the strongest partial mutual information flow. Greek
price is strongly affected by TTF and NGNMX gas prices (fat
arrow lines), which also mutually interact to each other.

Heat map of information flow, derived by PMIME approach, among the Greek
price, with TTF and NGNMX prices and USD/RUB rate (log price returns). Cells
(areas) of the map with more intense blue color, indicate strongest partial mutual
information flow.

Heat map of Information flow among all variables of Greek Market with no RES

0.9
Greek Market with n Iﬁormaiionflow Analysis

GR 0 0 0 0
0.8
0.7
TTF 0.9438 0 0.848 0.2379 06
0.5
-10.4

USD RUB 0 0.2343 0 0.2341
410.3
410.2
NGNMX 0.766 0.2372 0.8504 0 401
— 0
GR TTF USD RUB NGNMX
Markets
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B. AnoteAeopata rolling Ml & PMIME
PMIME values between TTF-NGNMX gas and

Network graph of information flow, derived by PMIME approach, of all electricity prices
the Czech price, with TTF and NGNMX prices and USD/RUB rate
(signed log price returns). Heavy arrow lines, connecting two nodes,

indicate the strongest partial mutual information flow. Czech price is Market TTF NGNMX
moderately affected by TTF and NGNMX gas prices (slim arrow lines),
which also mutually interact to each other. RO 0.220 0.143
BE 0.294 0.296
Czech Market tenflow Analysis
F cz 0.221 0.156
DK1 - 0.284
ES 0.321 0.367
HU 0.123 0.095
USD NNL 0.235 0.286
IT 0.751 0.632
GR 0.944 0.766
BG 0.180 0.147
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I. AmoteAéopata avixveuvong anotopwyv aAdaywyv (breakpoints ) yéow BEAST

Tov peBpouaplo touv 2022, otnv ayopad ‘npotumo’ /A, tnv TTF (OAavdia), mapatnpndnkav SpacTIKEG
ATIOTOMECG AUENTIKEG AAAAYECG OTNV TIHN TNG, Aoyw TNE Pwaolkng eloBoAng otnv Oukpavia. Opwg :

e [lowd eival ol TTpaypaATIKL UTTOKEIMEVN OUVAMLKI TTIOW ATTO TLIG KAMTIVAEG (Xxpovoaoelpec) tng Taong
(Trend) kat eTtoxikotntac ( seasonality) tng tikAgtou TTF ?

* [lwgeipaote ocuyoupol OTL oL doplkeg aAAayeg (breakpoints) tov mapatnpovuvtatl otn TN TTF, katkata
OUVETIELA OTLC TLHEG XOVTPLKN G TNG NAEKTPLKNG EVEPYELACG, OdeiAovTal KATA KUPLO AOYWw OTO YEYOVOC TNG
eL0BOANC TTOL £yLve OTIG 24 Pef. 2022, Kal OXL o€ pia oelpd AAWV KPICIHWYV YEYOoVOoTwY, Yvwotwyv (E1-E13)
KAl ‘KPUPHEVWYV’ TTOL Ttponynénkav tng eloBoAng ??

H edappoyn tou epyaAeiov BEAST avedelée pla oelpd aro oAU evoladpEPOVTA KAl CNUAVTIKA
Eupnuata mou oxetidovtal ye oelpd YEYOVOTWYV TIPIV , KATA, Kal HETA TNV PWOoLKn €l6BOAN
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Mia TtoAU onpavtikn Kat ‘mpodnTiKn’ cuvapa epyacia, OXETIKN HE TNV KAAkwaon twy exponpa&iwyv
Pwaiac kat Oukpaviacg ! Mpog moia kateUBuvan dlapopdwOnkav otadlakd ta Kpiolya yeyovota ?7?
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Since the fall of the Soviet Union it has been necessary for Russia to form a
coalition with at least one of the transit countries Belarus and Ukraine in order
to be able to ship gas to western Europe. This paper models the gas transit
game using a cooperative module to determine the bargaining power of the three
countries. The bargaining power is dependent on the coalition that is achieved.
In the non-cooperative module, the three countries involved decide whether or
not to cooperate, with Russia using side pavments (o induce cooperation. On the
basis of published demand and cost estimates, the predicted Nash equilibriuum
is the cooperative one resulting in the grand coalition. Predicted gas quantities

correspond quite closely to actual 2004 and forecast 2010 and 2030 figures. The

completion of the North Transgas pipeline will benefit Russia, to the detriment of

the others, particularly Ukraine.

Movtelo maiyviou yia tnv ‘kuptapyxovaa dtanpayUateuTikn
duvaun, KAA’ otn dwapetakopion ®/A tplwyv xwpwy : Pwaiag,
Neukopwaiag, kat Oukpaviacg

H KAA e€aptdtal amo tnv cuppaxia. tn nepimtwaon Tou Yn-
oUVEPYATLKOU oxnuartog, N Pwoia xpnolpotolel mTapdmAceuped
TANPWUEC (side payments) yla va mpoKaA€aoetl ouvepyaaia.

H avapevopevn wooppomia Nash, sival n cuvepyatikn, Tou
odnyei , AMAPAITHTA, oc cuppayxia kattwv 3, pe BEATIOTO
ogeAoc auto tn¢ Pwaoiacg. H un-cuppstoxn ptag xwpacg (m.x
Oukpaviac ), amoteAei eumodio otn emiteuén cuuuaxiag,
dpa otn duvatotnta peytotomoinong tov PwaotkoU opEAouc
otn dtaustakouton P/A.
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CDmPﬂTfSGﬂ ﬂf crucial events E1-E137s dates with the structural chan ga‘pﬂmts’ dates detected E:Jy BEAST.

I. AmoteA€opata avixvevong anotopwyv aAAaywyv (breakpoints ) yéow BEAST

-+
El EZ E3 E4 E3 E6 E7 E& EQ E10 Ell El2 El3
13 Oct hlid-Oct. 10 Mov. 17 Deac. 17 Tan 24 Feh. 27 Apr. May. 23 Tune 21 Taly 30 14 Sep. 1 Mo
2021 021 021 21 2022 022 2022 022 1022 1022 Aug. 2022 022
2022
RO 20 et 20 Ot 10 Mow. 6 Dec. B Jan. 13 Feh. 0 Apr. 2 Tal. 20 Sep 8 Maow.
2021 2021 021 021 2022 022 2022 2022 2022 2022
E0% BQ% 7% E7% 100% 100% Do 100% 00% 100%
Laz concurrent laad lead lead l=ad laad lead laz lag
EE 30 Ot 30 Oct § Jan. 13 Fah. 12 May. 2% Jun 20 Zep 29 Mo
2021 2021 2022 022 2022 2022 2022 022
f0oog Do%g 100% Loty 100% 100% 00% 100%
laz laz lead concurrent lazd lzg laz lag
CE 217 Oct 27 Oct. 17Tan 10 Felp 12 Apr. 4 Tune 20 Jul. 13 Sept. 21 Maw.
2021 021 2022 022 2022 2022 2022 2022 022
100% 100% 100% Qoo 100% 003 00% 00% 100%
lag lag lazad lead lazd lead concurrent ‘comcurrant lag
DE1 27 Ot 27 Ot 21 Mow. 8 Jan. 20 Apr. 11 May 3 Tune 13 Sept. 21 Mow.
2021 021 022 2022 2022 022 2022 2022 022
100% 100% 100% 100% 100% 100% 100% 00% 100%
lag lag CoRCUTTEnt lazad lazd lazd lead ‘comcurrant’ lag
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I. AmoteAéopata avixveuvong anotopwyv aAdaywyv (breakpoints ) yéow BEAST

IT 10 Maow. 146 Apr. 12 May 8 Tune 4§ Fally 20 Bep. 4 Mow.
1021 1021 1022 2022 2021 012 1022
100 100%% 12% 100% 100r%% 100% 10
concurrent lezd lazd lead lead laz lag
GR 16 Oct. 16 Ot 14 Mov. 10 Deac. 20 Apr. O Tuly 22 O Sept. 4 Mo,
021 1021 021 1021 1021 2022 Aug. 022 1021
BEI1% E1% 100r%% 18% foeq 009% 1022 00% 10W0r%
Lag Lag lag lazd lazd lead 40% lead lag
lead
B 20 Oct. 20 Ot G Dec. B Jam. 0 Apr. O Tuly O Sept 2022 8 Maow
021 1021 021 021 021 2022 100% 1022
BEI1% E1% 47% 100r%% DE% 106 lead 10W0r%
laz lag lazd lead lazd lead lag
TTF 0 Mav. 4 Jam. 2 Tuly 13 Sep.
021 2022 2022 2022
b7% 0o 07% 100%
concurrent lead lead Cconcurrent
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I. AmoteAeopata avixveuvong anotopwyv aAAaywyv (breakpoints ) péow BEAST
Mivakag amoteAseopatwyv BEAST H peyaAn eikova (big picture) OAQN twv muBavwy Breakpoints

Mapdadeiypata ol avalvoelg tng Poupavikng, ItaAtkng & EAAnvikng ayopag

* [atnv Poupavikn ayopd avixveudnkav 10 breakpoints, tou cuvdeovtatl
XPoVviKa TtolkIAotpotta (lagged, leading, concurrent), pe ta Kpiowpa yeyovota E1-E13

 To BEAST avixvevoe 10/13 ATtoL 77% TwV KPioIHWYV yEYOVOTWYV

 [levika: To BEAST nap&gxet dtagpopetikoug aptBuouc breakpoints yia tnv kabe pia ayopa, wg
avtidpaoeig ota idita E1-E13 yeyovota, kat avadelkvuel To mwc n doun (1dtoouykpaaoia) tng kabe ayopdacg
eivat kaBoplaotikn ato Tpomo avtidpaocng Toug.

* [Mapapnpouue o0t 10 80% TWV NAEKTPIKWY ayopwy xet avtidpaaoct oto E5 kpioto yeyovog (CUYKEvTpwan
Pwaotkwy atpatevpudatwy ata auvopa e Aeukopwaoia, 17 lav. 2022, cuvenwc to E5 avadeikvuetal to
KPLOILUOTEPO YEYOVOC TNEG MEPLOSOU auTh ¢ Kat oxt To E6 (Pwaotkn etafoAn, 24 dep. 2022) !!!!

* Ol MePLOTOTEPEC TWV NAEKTPIKWY ayopwyv avtedpaocav ETKAIPA, moAU ro vwpitepa amo tnv Pwolkn tcBoAn,
odnyoUuEeveCG amo tTnv amotoun avénon tng Tiung tou TTF (4 Jan. 2022)
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BEAST decompositon and changepoint detection of TTF
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BEAST decompositon and changepoint detection of TTF
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BEAST decompositon and changepoint detection of Greek market
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Result of BEAST decomposition for the Greek electricity price data. The nine subplots contained useful
information as described in the main text. In the 81 subplot (slpSign): The sign of the trend slope is positive
(red), negative (blue), zero (green). Black vertical lines correspond to the nine dates of changepoints, both in the
trend and seasonal components, detected by BEAST
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BEAST decompositon and changepoint detection Greek market : TREND component
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BEAST decompositon and changepoint detection of NGNMX: TREND component
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BEAST decompositon and changepoint detection of USD-RUB: TREND component
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Correlation Matrix

0.99 5~ y'

0.99

Al
'
i
1
LY
LY

=]

\-\.

0.9 .9 9 0.99 .96

b
)

-

= =]
\E\m
w
NI
=] =1
\ia\
|

=

‘tﬂ

r

=]

Cad

I

Y
'L'\.

RO
338
oE—
\
# s \\i\
e

\ \

L

A\

g,
R

b

2
[=]
w

Dkt
I
o858
e .
w
*
AN
) .'k_‘l
\ \
=
4 w
lh\‘
LY
=
w
[+
]

by

-
A
1

| 0.98 2.2

[=]
[£]
,

%,

=
40
b

(=
=0
[#¢]
(=
o
(=
[le]
o
A
‘v
=
w
=
&
o
A 4
4
[=
Lle]
b
kY
[=
w0
LY
LY
hY

1

\
by
L
) e
\
\
““".

ES
g &
T
"
IS
NE
Y
g
\
| R
qﬁ
I t‘}_\:
| = ‘ g K
\'- h‘ R
\ \ \
%
NN

‘l\
3

W
%
A

[=]
o
©
(=]
o
©
k|
(=]
(7
=
i
=
#i
©
LY ".\
=
w0
£n
;]

]

&
Y

l\

%

L

HL
888
Eﬂ
o
p
!“'«ﬂ
.E
w
¥ o
|}
\"
w
Lad
[=]
%]

\

]
\!\
\,
)
A
1
\

=]

.9 .9

i apo| 0.98

oy 0

K

IT

L8588
%,

%]

Y
\;
#
.

\-\

[=]
w
7]

0.94 > 2| 9

MM
ﬁg\

0.99 % || 0.97

:E ;
ik

'
-.\
Y

00 - i - } -
o 400 0D.97 - 0.96 - 094, = | 0.91 » ~"=|| 0.F3 }_,a-“ 0.97 - 0.96 z+= 0.98 0.98 - 0.97
D 200 i
600 - ” — — — - = = =
400 0.99 0.98 = 0967 = (093 7 ~*||0.J2 1099 - 0.98 :=* || 0.99 o~ 0.98 - 0.96 -
00 -~ - B - s B - -~ -~ = L~
W 500 0.96 i 0.93 & 0.93 D‘EII',D 0.0 - 0.95 0.94 ] 0.97 0.97 0.96
E Jo0 .
':I I

0 200400600 0 200400 6000 2004006000 200 400600 200 4000 200400600 0 200 400 60@® 400 800 200400600 200 400 6000 100200300
RO BE CZ DK ES HU ML IT GR BG TTF

Correlation matrix of trend curves of all electricity markets and TTF. High correlation values indicate
a ‘similarity’ of the dynamics of the trend curves of a pair of markets.



2upmnepaocpata (Conclusions)

Ou evepyelakéc ayopeg mov €EATACOLUE OvTOmOKPiONKAV UE OLPOPETIKO TPOMO OTO KPIGULOL
YEYOVOTO, GE GYECN UE TOV apibuo, gioos kat ypovo amikpions twv axotouwy allayev (leading,
lagging, concurrent) ota xkpioiuo yeyovora.

T0 miéov Kpiowo yeyovos, Yla THY TAEOVOTHTA TV AYOPAV, OV TAVTICETOL UE avTh Kod’avty Thv
nuepounvia tns Pwoikng emsufaocng, alia ue diia kpiocwa yeyovoto mpiv avti], GOVEREIL THS
‘1o10cvyKacias’ kal ‘ctoiuotntog’ tys Kkale ayopag.

H aiiniemiopaon (causality, ‘aitiotnyre’) tov TTF, NGNMX kot USD/RUB Bpébnke va eivon
aueiopoun (bi-directional), ue v ayopd cvvarrdypoatoc USD/RUB va emnpedlel kot Tig 000
ayopéc D/A o1 omoiec pe TV Gelpd Tovg EnNPEAlovV, LE SLOPOPETIKY] EVIAOT], TIC NAEKTPIKES OYOPEG.

H ypnion t@v tplov epYOrEiOV TOPEYEL GVVETY ATOTEAEGUATA, GLUVOEOVTUAC AOYIKA TIC EVVOLES TNG
YAA (‘erowuornra’, Pobuoc avelaprnoios amo &elopoésc ®/A amo Pwoia), apiBuo oouikav
QALY DY, OVVOUIKO TIPOPIA TOV KOUTUAWY TAGHS KOl EMOYIKOTNTOS, KOl TNG KATELOLYGHS THS
QITIOTNTOS OTHY TOAVTTAOKY OGAANIETIOPOAGH TWV EVEPYEIAKMOY AYOPMY KOTO TNV OLAPKELD TNG
Pwoco-Ovkpavikng kpiomng.
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Euxapltotw moAuv !!!

Thanks a lot !!!!
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