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IIpolroyog — Preface

OlokAnpdbnke pe emrvyio 10 330 IlaveAlvio Xvvédplo XTOTIGTIKNG TOL
opyavaodnke dadiktvokd amd 23 g 26 XenteuPpiov 2021 oe cuvepyaciotov
EXI pe 1o Tpquo Awiknong Emyeiprioeov kot to Tunpo Otkovopikav
Emomuov g Xyoing Owovopkdv kot Atowntikdv Emomudv tov
[Movemompiov Oeccoriog.

H teket évapéng tov cvvedpiov &yve v [éumnt 23 ZemtepPpiov 2021 pe
mv évapén vo knpovocel o Ilpdtavng tov [Hovemomuiov Osscoliog
Kobnyntmg Znong Mapovpng. Emiong, oty evapktipia telety| amndbovay
xopeTiopotg o Ipdedpoc tov Tunuotog Atoiknong Emyeipricewv Kabnyntrg
Aegwvidog AvBomovrog, o TIpdedpog tov Tuniuatog Owovoukov Emotnuov
Kobnyntmg Hiog KeBopk xar o IIpdedpoc tov EZI, Kabnyntmg AréEavdpog
Kopaypnyopiov. To ocuvvtoviopd g exdnrwong elxe o Ilpodedpog g
Opyavotikng Emitponng tov cuvedpiov cuvadeipog KiedvOng Zvparkoding.

H evapxmipio tedetr mepredapfove v kevipikr] optdio tov Koabnynm
Nwodraov Bapoaxédn tov Tuquotog Owovopkdv tov INavemommuiov
®eccahovikng pe Titho «OKOVOUIKT ETOTAUN Kot 6TaToTikY): 'Evag épotag
oV OlapKel XPOVIOY.

To kOplo puépog tov cuvedpiov dpyloe amnd o peonuépt g Iépummce 23/9 pe
éva Invited Session kot 3 kowég ovvedpieg. H ophion tov cuvadéheov T
Yapphkov pe titho «Amd to Bedpnuo ™G PEONG TWNG OTNV KOTOGKELT
TOVTOTHTOV GLVALEKOUOVENG TOTTOL Steiny ftav aeepouévn otov Kabnynm
0. KdkovAlo gvdd 1 mpookekAnuévn opMa tov ocvvadéhpov X. Mépkarta
viuenmy tov Eiéverov BpoPeiov 2019, ot pvAun tov Kabnynti tov,
ocuvadélpov Xmvopov Xoatl{nomopov. Tnv zwpdT| Muépa €KTOC amd TNV
npookekAnuévn owdion tov Kabnynty L. Bermudez mpookAnfnke xot
TOPOLGINCE PEPOG TNG JWOOKTOPIKNG TOV STPIPng o viknthig Tov EAévelov
Bpopeiov 2021, ovvaderpog K. Aovumdviog mov piknoe yio «Modified
Kalman Filter for Hidden States Estimation with Censored Measurements».

Ot epyaocieg mov mapovoidotnkov v Ilapackevn (povadikn mpépa tov
ocuvedpiov apiepopévn o opdieg otnv EAAnvikn) elyoav 1dwoitepo evotapépov
Kol KaAvyov Oepotikég evotnteg oe Oéuata Astypoatoinyiog, ZToyOoTIKOV
Awdikacwdv, Eeoppoydv e Ztotiotikng oe 0éuata Owovopiog kot
Awolknong, ypnong Xpovooelpmdv oTnV  KeoAoayopd, ovATTUENG NG
YnoewKng Kowvaviag kot owkovopiog oty Evponaikf Eveoon kot dAlo.



To XaBPato, 10 GLVESPIO GUVEYIGTNKE LE TNV TPOCKEKANUEVT OAMa
Tov K. Niodraoov Anuviov tov University of Technology of Compiegne
™¢ FoAiag xou Bépa Asymptotic properties of the empirical estimator
of the stationary distribution of ergodic semi-Markov processes. Ot
gpyooieg ovveyiomray He TNV €WK cuvedpia XTaTIoTIKN/ZEIGHoloYin
vd v mpoedpia ¢ Koabnynrpuog Xewoporoyiog tov AllO® k.
EXevBepiag ITomadnuntpiov kot po €d1kn cuvedpia oe 600 pépn v
véovg 'EAAnveg otatiotikovg 6mov 12 a&idoroyor ‘EXAnvec epevvntég
emPefainoav TV evepyn SpacTNPOTNTO TOV VEOV ETIGTIUOVOV GTNV
avantuén g Zratiotikns. H tpitn nuépa tov Xvvedpiov ékeloe pe Tig
oAieg tov deBvoig tunpatog Tov Xuvedpiov and tig Kabnynrpieg .
Eugenia Stoimenova ¢ Boviyapiknig Axkadnpiog Emotmuov, k. Bojana
Milosevi¢, and to Iavemotiuo tov Behypadiov kat k. Maria Delores
Jiménez-Gamero, and to IMovemomuio g Zefiding. Tnv Kvplaxn
oV TeEAevTaio nuEPa Tov Zuvedpiov TUPOLGIUCTNKAY O 5 EPYOGIEG TOL
dwyoviomkav Yy to Bpopeio Koaivtepne Epyoaciag Néov EAinva
2totioTikod To omoio €xel dwpobetnoel o Kabnyntrg Narayanaswamy
Balakrishnan, o omoiog mopafpébnke otnv tehetn ARENC Ko otV
amovoun] tov Ppafeiov. T'a v 1otopia t0 PpaPeio diekdiknoav 5
efaipetol véol emotnpoves, ot k. O. T'kehoivng (Univ. of Rouen), K.
I'ciddag (TTav. Hotpdv), A. Kopdarng (Ilav. Abnvav), X. Meceridong
(ITav. Avyaiov) kot I. Owovouidng (ITav. Adnvav). To apdto Ppafeio
amovepnOnke, petd and omoéeacn g Emtpomng BpoaPeiov, otovg X.
Meoghidn yo v gpyooio tov pe titho “The use of dual divergence
statistics in multiway contingency tables” kot otov I. Owovopidn yio
v gpyocia tov ue titho “Regression-type approaches for prediction of
crop stage percentages”. Tnv Emitpony] agloldynong amoteAovoav ot
Kabnyntég N. Todvrog, I. Mracidxog, I'. Yappdkog kot A. Mrotoidng.
Tnv 1010 pépa Tapovcidotnray 14 akdpo opiieg and TPOGKEKANUEVOVC
opantég tov e€mtepkov. IlapdAinio ota mhoicle TOov cvveEdPiovL
dwpyovabnke  Exmowdevtikd/Empopootikd  Zgpvapio  pe  0éua
«Ontcomoinon Agdouévov: Epyodeio kot Teyvikég yioo Agdopévo amd
doAa Excel» kar etonyntpia v ko. Kuvplokny Totkiko tov Tlav.
®eccaAing. XTo GLVEIPLO TTOV Ylo. TPMTN POPA giye Oiebvn didotacn pe
25 mpookexinuévovg Eévoug opAntés, 50 ocvvolkd outhiec omyv
Ayyhikn EX vk kon 25 otnv EXAnvikr, cvppeteiyov 150 cuvadedoot
ka1 @idotl tov EXIL. Avti n tpwtofoviia paivetor 6Tt Tpocsdidet pio, GAAN
TPOOTTIKN 6TO GLVESPLO Tov EXI, pe d1ebvr avayvopioiudtnta.

To Zuvédpro oroxkhnpobnke pe v tehet) ARENG 10 Ppdadv g
Kvpuoxkng 26/9 pe v armovour tov Xpvoov Metoiriov tov EXI atovg
vikntég tov PpaPeiov Kaivtepov Néov Ztatiotikov k. X. Meoehion kot
I. Owovopion. Eriong, o IIpdedpog kot to AX tov EXI améveyov og
£vOEIEN EKTIUMONG YOl TNV AVEKTIUNTN KOl S10YPOVIKT TPOGPOPH TOLG



oto EXI, avopvnotikr| miokéta otovg dlaterécavies IIpoédpouvg tov
EXI xk. ITodvypdvn Mwvciadn (AII®), Xapdrapno Aapovod (EKIIA)
ka1 Xopahapro Xaporouridn (EKITA) xabmng kot oto Emitipo péhog
tov EXI, KaOnynm N. Balakrishnan. To cuvédpio éxheioe pe tnv opuhio
tov [Ipoédpov g Opyavatikng Enttpomig cuvadédlpov K. ZupakodAn.

Mo 1o Tpaxtikd vrwoPfAndnkav cuvolikd 26 epyociec. Q¢ kpitég TV
EPYOOIDV  ocuvepydotnkay ol EAevBéprog  AyyeAng, — Xtavpog
Baxepotdng, Tpopwv Adpog, Emdpog Aapvig, IN'dpyog HAdmovlog,
Boaociielog Kobtpag, Anunrpne loovvidng, Avoaortdociog Kartoilépog,
Anuntpog Kovyrovutlng, Nwodriaoc Kvupuwwlng, Potewvny KoAvfad-
Mayaipa, Baciieiog KoOtpag, Evepooctvn Maxpr, AmOGTOAOC
Mmnatoidong, lodvvng Ntlovepag, Kipwv Ntotong, ['edpyrog Nevég,
Ytovpog  Nrteyiavvakng  Ilolvypovng Owovopov, Kavetavtivog
[MoAitng, [avayuwtng Iamactopoding, Anuntpng [Monavactasciov,
Kootag Tpravtaguironovroc, ['edpylog Xdikog, Xapdraunog Xapa-
Aopmiong ko Xtédtog Yapdkng.

H Enutponn) 'Exdoong [Mpaktikdv tov EXI exepdletl Tig evyapiotiec g
POg OAOVG TOVG KPITEG YOO TNV EMUEANUEVT] KOL TPOCEKTIKN
a&oAoyNn o TeV epyacidv kabmg Kot Tpog Tov YA tov Ilavemotnpiov
Atyaiov k. Kipwv Ntoton yio tnv empédeto g EK600mC.

H ogpd mapovcioong towv epyocid®v o©TovV TAPOVIO TOHO &ivan
oA@afnTikn pe BAom T0 ETOVVUO TOV TPMTOL GVYYpaPEa. [Iponyodviat
0l TPOCKEKANUEVEG epyacieg axoAovBovv o1 epyacieg otV EAANVIKY Kot
£TOVTOL Ol EPYAGIEC GTNV OYYAIKY).

EKMEPOYY TOY AX TOY EXT

Malpiva Boupoxopn, Alélavdpog Kapaypnyopiov,
2ompia Moleparn, Zwtipioc Mrepoiung, [lolvypovns Mwiboiadng

Tewpyrog Homadomovldog, I'eapyios Yappdrog
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330 MaveAArjvio

ZuvEdpio ZTaTioTIKNG

Inuaoosig/Notes:

1. TitAor ora eAAnvika a@opolv opiAieg ora eAAnvika (MTéunTn npwi xar Mapaoxeurj)/ Titles in Greek refer to
talks to be delivered in Greek (Thursday moming and Friday)

2. TivAo1 ora ayyAikd apopouv opiAieg ora ayyAwa (M1éunrn andyzupa, 3apBaro xar Kupiaxii)/ Titles in
English refer to talks to be delivered in English (Thursday aftemoon, Saturday and Sunday)

3. O1 avagep dpeve; wpeg apopolv ornv pa EAAGSog/All times refer to the Greek timezone (CET+2)

QPA /TIME NMEMITH/THURSDAY 23
TeAer 'EvapEng/Opening Ceremony
12:00 Xaipeniopoi Mav. Ozooakhag & EZI
Kevrpiki) OpiAia
Nposdpsiwv: X. XapaAapnidng
12:20 N. BapoakgAng: O1kovopiki ENICTApN Kai oTamioTiki: ‘Evag épwrag nou Siapkei Xpdvia
13:00-13:10 Short Break

Suvsdpia: MBavornTec & STATIOTIKN

MNposdpsimv: 3. Mavravne
N pyog Wappakog: And To Bewpnua TNG PEONG TIUAG OTNV KATAGOKEUN TAUTOTAT@WY CUVDIGKUPAVONG TUNOU

13:10 Stein
13:30 Xprjorog Zmroc: AlaTakTik) naAvapopnon PE Tn XpHon pomv
Mo pyog ToakAIBNG: MovTEAO XM POoU KATACTACEWY HE XPAON UN GPVITIKIAG TETPAYWVIKIG CUVAPTNONG OTNV
13:50 ekiowon kataoTaong
14:10-16:00 Mid-day Break

Invited Session Probability & Statistics I
Chairperson: D. Karlis
L. Bermudez: Ratemaking for insurance policies with multiple guarantees based on finite midure of

16:00 regressions
K. Lubonias (Eleneio PhD Aw ard 2021 ): Modified Kalman Filter for Hidden States Estimation with
16:30 Censored Measurements
Ch. Merkatas (Eleneio PhD Award 2019 ): Bayesian nonparametric estimation of random dynamical
17:00 systems
17:30-17-45 Short Break

Contributed Session: Economics & Econometrics

Chairperson: K. Tsilika
2. Georganta: Public deficit, debt and stock-flow adjustment (SFA): Statistical and econometric

17:45 investigation, 1960-2017

A. Georgakis: Further improvements of growing stock volume estimations at Stratum-level with the
18:05 application of Fay-Herriot model

A. Milionis: Problems and suggestions relating to the estimation of systematic risk. An empirical analysis
18:25 with reference to the Athens stock exchange

18:45-19:00 Short Break
Contributed Session: Statistics
Chairperson: D.Kugiumtzis

19:00 A. Rakitzis: On the use of runs-based tests in phase I analysis of control charts

G. Tzoumerkas: Power expected posterior prior in shrinkage regression: Model formulation and
19:20 preliminary results
19:40 A. Karagrigoriou: Exponentially vs. light and long-concavity

E. Siggiridou: Estimation of causality in discrete time series using partial mutual information from mixed
20:00 embedding
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QPA /TIME ABBATO/SATURDAY 25
Keynote Speech
Chairperson: G. Tsaklidis
N. Limnios: Asymptotic properties of the empirical estimator of the stationary distribution of ergodic semi-
Q:00 Markov processes
Spedial Session Statistics/Seismology
Chaimperson: E. Papadimit riou
P. Bountzis: Spatiotemporal analysis of microseismicity associated with the intense 2020-2021
9:45 earthquake swarm in Corinth gulf through stochastic point processes
D.-E. Chorozoglou: Invest gation of the correlation of successive earthquakes preceding main shocks in
10:05 the Greek temitory
Ch. Kouroukdas: Short-term clustering features of seismicity in Eastern Asgean Sea: Evaluation and
10:25 retrospective forecast testing
10: 45 0. Mangira: R etrospective testing of an earthquake clustering in North Aegean area (Greece)
11:05-11:20 Short Break
Special Session Young (Greek) Statistidans Contribution to Probability and Statistics with
Applications
Chairperson: A. Makrides
11:20 Ch. Parpoula: Optimal multiple dhange-point detection and inference
1. Spyroglou: Mixed models combined with tme series andysis as a tool for comparing dynamic changes
11:40 in plant phenomics
D. Pilavakis: Bl ock bootstrap consistency and bootstrap-based testing of equality of mean functions for
12:00 functional time series
12:20 E.-N. Kalligeris: Continuous-time hidden semi-Markov modeling of time series incidence data
A. Kekempanos: Prediction with limited information: An automatic valuation system approach with
12:40 incomplete data for real estate application
E. Skamnia: Hotspot identification method based on Andrews curves with an application in monitoring
13:00 COVID- 19 crisis effedts on caregiver distress in neurocognitive disorder
13:20-16:00 Mid-day Break
Special Session Young (Greek) Statistidans Contribution to Probability and Statistics with
Applications
Chairperson: E.-N. Kalligeris
16: 00 K. Tasias: Optimal location of aenal firefighting resources to maximize coverage: A case study of Greece
16:20 A Makrides: Reliability analysis using semi-Markov processes under general dasses of distribuions
16: 40 P. Vliora: Sensitivity analysis and tail van ability for the Wang's actuarial index
17.00 K. Ntotsis: Penalty-based multicollineanty detection aiterion
17:20 M. Anastasopoulou: CUSUM control charts for monitoring BINARCH( 1) processes
17:40 E. Sofikitou: Statistical distances, evidence functions and the problem of model selection
18:00-18:15 Short Break
Invited Session Probability & Statistics IT
Chairperson: A. Batsidis
18:15 Eugenia Stoimenova: Rank tests based on precedence and exceedance statistics
Bojana MiloSevi& On Bahadur efficiency in goodness of fit testing: A review of recent results and
18:45 challenges
19: 15 M. Dolores Jiménez Gamero: The k-sample problem: A brief review and some new issues

10
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QPA /TIME MAPAZKEYH/FRIDAY 24
Fuvsbpia: Franioniki] & AziypatoAnyia
NMposdpetww: . TLafeAag
MoAuxpovng Oikovopou: MepoAnnmkh weg npog To péyeloc SziypaToAnyia and nenzpaousvoud
9:00 ninBuopols ¥wpic snavaroncBirnon
9:20 Andorohoc Mnartoidng: AididoraTa pepoAnnTika Ssiypara kol oraBuiguéves KaTavouéc
Mapia Mnatoidka & Xpiotiva XatdnuixanA: uvexsic Te0AOUEVES KOTOVOUES KOl OUVTEASOTAC
9:40 perafAnTaTnTag
10:00 Kororo ¢ MerponovAoc: BeAmiwpdvol eKkTIPNTEC Y0 oUVOpTATEC napaperpuy khipokac os povreha peifne
10:20 MavaywTng Mnopnomig: BeATiw pévn exTipnon Tng WikpOTEPNG NApapErpou khi pakag yappa KaTavopmw
10:40-11:00 Short Break
Fuvedpia: EE & FroxaoTike: & ZEN
Nposdpevwwv: A. Mnoupvirac
11:00 Podn Aukou: ®iATpo kpupol opoyevolc papkofiavol ouoTRUaTOC
11:20 03ugofoc Mnobpnoulng: Behmiorec nohmkic anodoxric pooxsupdrwy und SuvaTaTnTa guvTRApNanc
Iwdavvng TpuavrapiAAou: Mn napapsTpiko Sidypappa sAEyy0U NPONYROEWY Ue NpoodEUTIKA £NIKOIPOUEVD
11:40 Seiypo paonc I yio povreho ahhayrg onpsiou
12:00 KwvoTavtivog ® ouvToukidng: Porj ABpoiouatog oto max Sidypappa shéyyou
Apyup® Aapatln: Aigypdppata ehfyyou EWMA yia Tnv napakohoUBnon nogooT v kol avahoyi@w: Mia
12:20 OUYKPITIKT PEAETT]
12:40-16:00 Mid-day Break
Suvsbpia: Epappoosusvn ZTaMaTIKI
Nposdpstwv: A. Paritlic
ABavamog KobAng: Enayyshpankn avantuin ko SouBdvwon (bumout) Twv sknaiBzumikav: Epapuoyn
16:00 Tou povTEhou AoyioTikhAg naAivBpaunong ot EknaideuTikaG dsbopgva
Ma pia ArapavTonoUAou: Eugur cuothuaTa yia Tnv npofAswn Biokovikiy perafAnTov: Epapuoyn o
16:20 npwToyevn aTolxeEia d&vTpwy NEUKNG
16:40 Bixtw p TpanoulavArg: AnodoTikoi oxsBiaoguoi yia neipdpdTa kpnoapiouarog
17:00 AproTeidng Fempyakng H orpwpdtwon Tev Saoikiv ouotadwy wg Baon yia eKTIMCEIC LIKPRG EKTaang
BagiAnc Kapayiavwng To SikTuo ouvepyooiac perall emornuovoy and to 1988 we To 2019 ora npokmika
17:20 Twv ouvedpiwy Tou EXT
Ma pia FavonoUAou: ATatd povTeAa yia Tnv npoPAswn Twv anoTeAsopdTwy ayyelonAooTikne encpfaonc
17:40 OTIC ¥povieg olkeg anoppateig
16:00-186:20 Short Break
Suvedpia: Xpovoozipic & Oikovopserpia
Npoedpstov: M. Oikovopou
NikoAaog Nanaginavvou: MdpBwan pepoAnwiog oTryv exTipnon TR apoifaiag nAnpogopiac Kal
18:20 avTioToigwv SiIkTlwy gugyenaong and noAuperafAnTEg ¥povoosipeg
BaoiAsiog BapAdykag: KivnTog S1apsoog evavT KIvATol pEoou, BeEouikol EnsvBUTES EVavTl W KDOENEVBUT V]
18:40 KOl dNoTEAECUATIKOTNTA KEEaAQIOYOpWY
MikoAaoc MaAavonovAoc: MpofAzyn avahoyioTikiy ¥povoos pov: Mehimn Tne enidpacns Tne
19:00 "ypauikonoinong” Kal ToU PETaOXNUaTIooU dedouivuwy
MeAnopsvn Macobpa: MehiTn Tnc avanTuing TNe WngIakTc KONMWVIas kil olkovopias otny Eupwnai k)
19:20 ‘Evwon
19:40 Xpnotoc Katpng: Movréda npofAsync xpovohoyl KDV OEIpm v UE EVTOVR EN0XIKOTNTA
EvayyeAia EAdvn Npiowa: MBovolewprmksc Bzw piec noAépou kal n SUVATOTNTA SpapUoYhC TOUC aTn
20:00 di0iknon ka1 TNV oIKovouia
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330 lNMaveAArjvio
ZuvESpIO ZTATIOTIKIG

QPA /TIME KYPIAKH/SUNDAY 26
BALA Young Greek Statistidans Award
Chairperson: N. Tsantas
Th. Gkelsinis: Statistical inferentid technigues based on the comrectad weighted Kullback-Leibler (CWHKL)
9:00 divergence measure
9:20 K. Gillias: Asymmetric exceedance-time model: An optimal threshold approach
9:40 L. Kordalis: Time multidmensional semi-Markov chains
10:00 Ch. Meselidis: The use of dual divergence statistics in multway contingsncy tables
10: 20 L. Oikonomidis: Regression-type approaches for prediction of crop stage percentages
10:40-11:00 Short Break
Invited Session Probability & Statistics TTT
Chairperson: K. Sirakoulis
Antonio Di Crescenzo: Statistical analysis and applications of the multi-siomoidal deterministic and
11:00 stochastic logistic growth
11:30 Claudia Tarantola: Unfolding models for ordinal data for cyber risk assessment
Juan M. Redriguez-Diaz: Des gn optimality for different covanance structures in ime-depending
12:00 mul iresponse-multsubject models
12:30 Nikolaos 1. Stilianakis: Epidemiclogical modelling of respiratory pathogen transmission
13:00 Aylin Alin: Robust gene network analysis
13:30-15:00 Mid-day Break
Invited Session Probability & Statistics TV
Chairperson: G. Psarrakos
15:00 Milto Hatzikyvriakou: Some convergence results on generalized Oppenheim expansions
15:30 Esther Frostig: A dual risk model with additive and proportional gains: Ruin probability and dividends
16:00 Azize Haifavi: An improper integral representation of Linnik's probability densities
16:30-16:45 Short Break
16:45 Maria Longobardi: New measures of discriminati on and their applications
17:15 Jorge Navarro: Distortion representations of multivariate distributions
17:45 Miguel Sordo: Stochasgtic comparisons of some distances between random variables
18:15-18:30 Short Break
Invited Session Probability & Statistics V
Chairperson: S. Malefaki
A. Lisnianksi: Dynamic large scale multi-state system performability. Concepts, measures, Lz-transform
18:30 evaluation method
19:00 V. Koutras: Stochastic modelling of software rejuvenation: Recent advances and future directions
1. Frenkel: Operatonal availability and performance analysis of the multi-state multi-drive el edric
19:30 propul sion system o the Arctic icebreaker gas tanker "Christophe de Margene”
20:00 Tehsm) AnEncg/Closing Ceremony
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Opyavotiki Emrpomi — Local Organizing Committee

YvpakoOing KieqvOng (mpdedpoc), Avaminpotmc Kabnyntmg Tuquotog
Awiknong Enyeipnosmv [Mavemomuiov Osccaiiog sirakoul@uth.gr
Toéhog Anuntpog, Avaminpotg Koabnynme Tpipatog Awoiknong
Emyepricenv Mavemomuiov Osocoriag dtselios@uth.gr

Kovotéhmog Abavaociog, Kadnyntig Tunuotog Atwoiknong Emiyeipricewv
IMavemotuiov Oesocaliag, akoustel@uth.gr

KeBopx  HAlag, KoaBnynmg Tpiqpatog Owovopikov — Emotmuov
IMavemomuiov Osoculiag, kevork@econ.uth.gr

Towika Koplokn, Emikovpog Kabnynipio Tpquotog Owovopikov
Emomudv Havemotuiov Osocaliag, kisilika@econ.uth.gr

Nakag Xpnotog, Kadnynrg Tuquotog N'eomoviag @uvtikig Hopoaywyng ko
Aypotiko0 ITepipdAirovtog ITavemotnuiov Oscoaiiog, cnakas@uth.gr
Ayyelg EAevBéprog, Kabnyntig Tunpatog [Minpopopikig Apiototeieion
[Mavemomuiov Osccarovikng, lef@csd.auth.gr

Mavciadng Iorvypovne, Oupdtiwog Kabdnyntrig Tunuatog Moabnuatikov
Aptototereiov Tavemotuiov Oscoarovikng, cmoi@math.auth.gr

Teyvuen Yroomipiin & Xyedraopoc Iotocehidoag
Technical Support & Web Design

A. Baotheddng, iED Etapeio ITAnpogopikng Adpica, tasos@entre.gr
K. Topia, kpariza@ied.eu
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Emoetypoviki) Emrpomi) — Scientific Committee

E. Ayyelg, Kafnynmg Apiototeieiov [Hovemompiov @ecoarovikng.

B. Bacdékng, Kadnyntig Owovopkov Iavemotnuiov ABnvav.

X. Aapoavod, Av. Kadnyntg [avemotpiov AGnvov.

K. Zoypaeog, Kabnynmg Havemompiov loavvivev.

I'. Huoémoviog, Kabnyntig Havemotpiov [Hepoude.

A. Kapaypnyopiov, Kabnyntig [Mavemotnuiov Atryaiov.

H. KeBopk, Kabnyntmg [oavemiotuiov Oeccariog.

®. KolvPa-Mayaipa, Av. KaOnynqrpue Apiototereiov Ilovemotpiov
®eccalovikng.

X. Kovkovfivog, Kadnyntg EOvikod Metcoofiov [Todvteyveiov.

A. Kovotavtviong, Kadnyntig [avemotnpiov Aryaiov.

2. Moeodxn, En. Kanyntpia [Hovemompiov Hatpmv.

A. Mrnateiong, En. Kabnynmg [Hovemompiov Ioavvivev.

A. Mmovpvétag, Kabnyntmg Havemompiov Adnvov.

II. Movoiddng, Opotpog Koabnynmig Apiototereiov Ilavemotnuiov
®eccalovikng.

I1. Owovopov, Av. Kabdnynmc [Hoaveriomuiov Iatpmv.

A. TTovaywwrtdaxog, Kabnyntig Xapoxoneiov [avemotuiov.

I'. amadomoviog, Av. Kabnyntg N'eownovikov [Tavemiomuiov AOnvov.

T. Hanaiowdvvov, Oudtwog Kadnyntig tov [Havemomuiov Iepoidg kot
looavvivov.

I1. TIpodpopidng, Epguvnrig A’ Babuidog tov Kévipov Ilpoypappoticpon
xot Owovopkav Epgovav.

K. Zvpakoding, Av. Kabnynmc tov Ioavemiompiov Osocoiriog.

A. Paxulng, En. Kanynmg [Hovemompiov Atyaiov.

L. Tpravtagdirov, En. Kabnyntig [Hovemotpiov Oscoariog.

I'. Toaxiiong, Kabnyntig Apietotereiov Iavemotnpiov Osccarovikng.

T. Xpiotopiong, Kadnyntg [Hoavemotuiov Kdnpov.

I'. Yappdaxoc, Av. Kabnyntg Iavemotnpiov [epoude.
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ROBUST CONNECTIVITY SCORES FOR GENE
CO-EXPRESSION NETWORK ANALYSIS

A. Alin', A. Olmez!
'Dokuz Eylul University

aylin.alin@deu.edu.tr

ABSTRACT

With the advantage of high throughput technologies, gene network analysis became a crucial
tool in bioinformatics. Large-scale microarray expression gene network studies explore the
identification, functions and relations of individual genes or their products across biological
conditions. One of the network-based methods is gene coexpression networks, which are used
for describing associations between high-throughput expression patterns of genes. Connectiv-
ity scores, calculated using model-based approaches, can be used to build edges in networks.
Herein, we introduce new model-based scores that are robust to noise and non-normality in the
data.

Keywords: Gene Co-Expression Network, Partial Least Squares Regression, Partial Robust M
Regression.

1. INTRODUCTION

Systematically identifying all molecules within a living cell and how they interact
is of great interest in biological research. Networks are convenient representations of
patterns of interaction between biological elements. Those networks can be used for
various purposes, including candidate disease gene prioritization, functional gene an-
notation, and the identification of regulatory genes. Unlike experimental detection of
biological networks which is an expensive and labor-intensive process, computational
methods on high-throughput gene expression data allow revealing the interactions and
building networks. Gene expression is the process of converting the information stored
in our DNA to a functional product such as proteins or other molecules. The amount
of functional product produced is referred to as the level of expression. With the ad-
vantage of high throughput technologies, gene co-expression networks have become
a crucial tool in biological studies. Figure 1 provides various purposes of Gene Co-
Expression networks (GCN) such as candidate disease gene prioritization, functional
gene annotation and the identification of regulatory genes (Van Dam et al. (2018)).

Co-expression networks are mainly able to identify correlations, but do not nor-
mally give information about causality or distinguish between regulatory or regulated
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genes. Model-based approaches can be a solution. The idea is based on how well the
expression level of a given gene can be predicted from the other genes. Even though
a regression model that is based on the ordinary least squares approach is a very pop-
ular modelling method, it is not effective in this scenario. A high throughput data set
includes expression levels of thousands of genes that are measured at only a handful
of time points or for a handful of samples where ordinary least squares estimators are
not efficient. Datta (2001) and Pihur et al. (2008) showed that Partial Least Squares
Regression (PLSR) scores serve as good indicators of biological relationships. The idea
of PLSR was to get a smaller set of uncorrelated, so-called latent variables that would
have maximum covariance with the response.

Figure 1: Construction of Gene Co-Expression Network (Van Dam et al. (2018))

Co-expression Network construction Module definition
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Datta (2001) proposed PLSR for gene co-expression network construction, and used
for classification into temporal groups using expression levels during sporulation of
Saccharomyces cerevisiae (SC, budding yeast). There have been many studies on gene
expression data using PLSR. Land Jr et al. (2011) claimed PLS could be used to dis-
cover biomarkers of colon cancer. Faria et al. (2011) investigated brain tumor classes
according their biochemical changes and patterns. Huang & Pan (2003) investigated
multi-classification toxicology to show some prognostic significance of breast cancer.
Ding (2014) used PLS to identify prognostic genes in end-stage renal failure patients.
Shokri-Kojori et al. (2017) used PLSR to expose alcohol and resting brain activity
relationships. Olmez (2017) constructed gene networks for three brain regions of a
developing mouse brain in the embryonic period. Chan et al. (2018) showed the iden-
tification of putative interacting partners of gene markers for frontotemporal dementia
gene markers in human brain.

High-throughput gene expression data sets are subject to noise and error (Detours,
V. et al. (2003)). As popular as PLSR is, it is also vulnerable to outlying data points.
In this paper, we propose a robust similarity measure that is both based on causality
relation between genes and robust to noise and error. In the following section we will
go over PLSR-based similarity/association measures (connectivity scores) that will be
used for building the GCN, and present new robust connectivitiy scores. In Section 3,
the performance of both networks will be compared on simulated data sets regarding
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how many correct interactions are found by networks under contamination of different
levels.

2. METHODS

There are several methods used for GCN analysis. One of the most popular and
widely used methods is Weighted Gene Co-Expression analysis. Apart from this, Pear-
son Correlation, Random Forest and Partial Least Squares Regression methods are fre-
quently preferred. In this section, connectivity scores based on PLSR are presented, and
the new robust scores are introduced.

2.1 Partial Least Squares Regression

High-throughput data generally suffer from noise, missing values, and multicollinear-
ity that would requare methods with new variables called as latent variables. One of the
well known methods is PLSR. The idea is to build a model on latent variables having
maximum covariance and being linear combinations of X and Y.

Y (nxm) is a matrix of response variables and X (nxk) is a matrix of independent
variables (Equation (1)), where n is the number of observations, m is the number of Y’
variables, and k is the number of X variables. PLSR decomposes X and Y matrices as
the linear models in Equations (2) and (3). € = (€1, ..., &p) is iid normally distributed
error with E(g;) = 0 and Var(e;) = 0% T (nxA) is the score matrix of X, and P
(kxA) is the loading matrix of X. U (nxA) and C (mxA) are, respectively, the score
and loading matrices for Y. E (nxk) and F' (nxm) are residual matrices for X and Y,
respectively, while A corresponds to number of latent variables.

Y=XB+e (1)
X =TP +E 2)
Y =UC'+G (3)

The classical and standard algorithm for PLSR model estimation is the Non-linear
Iterative Partial Least Squares (NIPALS). The NIPALS algorithm, which works with
centralized and scaled X and Y variables, consists of the following steps (Wold, S. et
al. (2001)). These steps (of the NIPALS algorithm) are being repeated A times, where
A is the number of the predetermined/selected latent variables.

Step 1: A single Y variable column is assigned to u, u = y.

Step 2: The w weight vector for X is obtained with u, w = X'u/u’u.
Step 3: The w is scaled, w = w/||w]|.

Step 4: The X scores, is calculated, t = X w.

Step 5: The ¢ loading vector for y is calculated, ¢ = yy'/t't.

Step 6: The c is scaled, ¢ = ¢/||c]||.

Step 7: The w vector is updated for next iteration, u = yec/c’c.
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Step 8: The loadings of X is computed, p = X't /t't.

Step 9: The deflation of X variables, X = X — tp’.

Step 10: The deflation of Y variables, y = y — t¢’ (No deflation is needed when there
is only one response variable).

2.2 Partial Robust M Regression

Unfortunately, the PLSR algorithm (NIPALS) is not robust to outliers, leverage
points or non-normal error terms. The Partial Robust M Regression (PRM) introduced
by Serneels et al. (2005) based on M estimator (Huber, P., (1981)) is one of the robust
alternatives. The main advantage of PRM is downweighting outliers and leverage points
at the same time. The Least Squares (LS) estimator of 3 is defined as

Brs = arg;"ﬂn Z — 1;8)° “

That is known to be the optimal when error terms follow normal distribution. However,
if the error terms have another distribution, such as a heavy tailed distribution, theA LS
estimator loses its optimality. M-estimator is obtained by replacing the squares in 3} ¢
by a symmetric and non-decreasing loss function. The equation can be rewritten as

By = arg min > oy — :B). )

=1

To give less importance to large residuals, one chooses a bounded loss function p, re-
sultmg in a more robust estimator than LS. Let r; = y; — x;3 denote the residuals in
the 3 - The weight that provides robustness to residuals is w! = p(r;)/r;?. Then the
formula in Equation (5) is rewritten as

Bur = arggnin > wi(yi — ziB)*. (6)
i=1

Another important step is to accommodate for leverage points. The weight in B o will
be multiplied by a second weight. This leads the new robust estimator (Equation (7)):

n
Bry = arggninz wi"w;® (y; — z:8)°. 7

i=1

The w; weights have been computed as
wf = f(%e), ®)
o

where, 6 = MAD(ry,...,7;), j = 1,..., k and the MAD is the median absolute devia-
tion. The tuning constant that causes flatter weight function for larger values is taken as
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c=4. The weight function f is called the fair function (Equation (9)). There are several
options for the weight function. However, many experiments (Cummins et al. (1995))
showed that Fair function and the constant taken 4 are the proper compromise between

robustness and efficiency.
1
fz0) = —F ©)

(1+12)"

The weights w; have been computed as follows:

ti —medr, (T
wlm — < || 1 me Ll( )” 7C)7 (10)
median;||t; — medr, (T)]|
where, ||.|| stands for the Euclidean norm and medy,, (") denotes the L1-median from

the X scores. The PRM algorithm is as follows:

Step 1: Robust starting values for the weights w; = wj w; using the Equation (6) with
residuals calculated by subtracting the median of the response variable from each re-
sponse data are obtained.

Step 2: Then PLSR is performed with weighted X* = X/w; and Y =Y \/w;.
Step 3: The residuals and weights are recomputed and updated until convergence.

Step 4: The final estimate B is obtained from the last weighted PLS step.

2.3 Connectivity Scores

Connectivity scores are useful for exploring associations in gene network structure
(Pihur et al. (2008)). If there is an edge between two nodes (ith and jth genes), this
edge is formed by a statistically significant connectivity score calculated in the presence
of other genes:

. Y GaWiia) T Y T
Si(1) = 5 ; (11)

where, [ represents the method (PLSR or PRM) used for calculating the loadings and
weights in Equation(9). The left part of the summation, Zfil c?(l)w;?j 0L is the response
variable for the i*" gene, C?(z) is the loading of the i*" gene on the A-th latent variable,

and wfj W is the contribution of the j** gene on the A-th latent variable when the ‘"
gene is modeled by other genes. To the right of summation we have the symmetric half,
Ele c?(l)w?i(l), where gene j is the response variable. The interpretations of C?(z) and
w;.‘i(l) are the same, except this time the j gene is taken as response variable. Once
connectivity scores are calculated for each gene pair, the gene network can be con-
structed with the significant scores. To decide if a connectivity score is significant some
threshold values, denoted as €, are used. The modular structure and the sensitivity of the
gene network changes with the choice of € which can be € € {0.35,0.4,0.45,0.5,0.55}
(Gil et al. (2010)).
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3. SIMULATION STUDY

The data in the simulation study were generated with the SynTRen program (Van
den Bulcke et al. (2006)) that simulates biological networks with known underlying
structures. We generated a network having 50 genes and 50 sample points with 58
interactions (the default parameters’ values are kept as they are). The simulated network
is illustrated in Figure 2 using the Cytoscape software (Shannon et al. (2003)).

Figure 2: The simulated network with 50 genes and 58 interactions.
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In order to demonstrate robustness against outliers and leverage points, outliers were
added to the simulation data. Following Liebmann et al. (2010), the x and y variables
were changed with outlying observations based on (Equations (12) and (13)):

Tij.out = xj.maxU(O% 6)7 (12)

where 2 1,4, is the maximum of an x variable, and U (v, () is the uniform distribution
with « = 3 and 8 = 10.

Yi.out = Yi + U(ymaxa 2(ymean))u (13)

where, ¥; ot 18 calculated by adding or substracting a value ranging between the maxi-
mum of y and twice the mean of y.

PLSR and PRM-based connectivity scores were calculated for the obtained data
set. Our criterion is the number of true interactions obtained by the connectivity scores
calculated from the PLSR and PRM methods. The absolute value of the connectiv-
ity scores calculated for each gene pair was compared with different thresholds, € =
{0.35,0.45,0.55}. The connectivity scores greater than the considered threshold value
indicate statistically significant interactions. For the contamination free data (data with
no outliers) 123 and 103 statistically significant interactions were obtained with PLSR
and PRM-based connectivity scores, respectively. We identified 15 true interactions out
of 123 (12.19% accuracy rate) with PLSR-based connectivity scores while PRM-based
scores revealed 13 true interactions out of 103 (12.62% accuracy rate). When the data
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had 5% outliers, PLSR-based scores flagged 11 true interactions out of 165 (6.66% ac-
curacy rate), and the PRM scores identified 15 true interactions out of 114 (13,15%
accuracy rate). Table 1 presents the interaction results for 0%, 5%, 10% and 15% con-
tamination levels for three thresholds. For the scenario considered, regardless of the
threshold, the more the data include abnormal values in both response and indepen-
dent variables, the larger the accuracy rate of proposed PRM-based robust connectivity
scores. As pointed by Gil et al. (2010), sensitivity changes with the threshold. The
larger the contamination in the data, the smaller the threshold is needed for better sen-
sitivity. At the same time, PLSR fails to retain a respectable level verifying its inability
under the presence of outlying observations.

Table 1: Ratio of true interactions identified by PLSR and PRM based scores under different
contamination and threshold levels

€  Method 0% 5% 10% 15%
035 PLSR 625% 3.41% 1.62%  0.04%
PRM 5.26% 5.3% 6.75%  3.65%
045 PLSR 12.19% 6.66% 6.56%  2.99%
PRM  12.62% 13.15% 21.0% 17.98%
0.55 PLSR 9.09% 3.75% 4.05% 2.22%
PRM 833% 1538% 13.33% 11.11%
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[TEPIAHVH

Me 10 mAeOVEXTNUA TV TEYVOROYLWY LYNAYC omddoone, 1 YoVidlaxY avdhuoT)
amotekel mAéov eva xadoploTixd epyaieio otn BlomAnpogopix. Meiéteg duthou
YOVIBIWY EXPEACTIC IHEOTCUC TOLYLOY UEYIANG XALOXOS BLEPELYOUV TNV oVOLY VWPELOT),
TIC AELTOURY(EC XU TIC OYETELS UEHOVWUEVWY YOVLBIWY X3Tw o BLdpopes BLOAOYIXES
xatactdoelg. Mia amd Tic pedddoug autég elvon Tor BiXTUN CUVEXPEACTC YOVIBIKY
(gene co-expression networks), Tta omola yENOWOTOWOVIL Yo TNV TEQLYEAUPY| CU-
oyetloewy YeTagl TeoTiNWY €xppoaong Yovdiny uPninc anédoong. To connectivity
scores (oxop cLVdECWHTNTAC), oL UTOAOYIZOVTOL YENOWOTOWVTIS TEOOEYYIoELC
mou PBaoctlovtar oTn povielonoinoy, unopolv va yenotponotndoly yio T dnulove-
yio ooy dxtbmy. Lty gpyocia auTy, €l0dyouue VEoug Tumoug Boduoldynong
(oxopc) Bdoel povtéhwy mou eivor avdextixol oto Y6puPo xar oty amousio xavo-
VIXOTNTOG OTA DEBOUEVAL.

23



REFERENCES

Chan, S. C., Wu, H. C,, Lin, J. Q. and Zhang, Z. G. (2018). A Partial least squares-
based regression approach for analysis of frontotemporal dementia gene markers
in human brain gene microarray data. In 2018 IEEE 23rd International Confer-
ence on Digital Signal Processing (DSP) (pp. 1-5). IEEE.

Cummins, D. J. and Andrews, C. W. (1995). Iteratively reweighted partial least squares:
A performance analysis by Monte Carlo simulation. Journal of Chemometrics,
9(6), 489-507.

Datta, S. (2001). Exploring relationships in gene expressions: a partial least squares
approach. Gene Expression, 9(6), 249-255.

Detours, V., Dumont, J. E., Bersini, H. and Maenhaut, C. (2003). Integration and cross-
validation of high-throughput gene expression data: comparing heterogeneous
data sets. FEBS Letters, 546(1), 98-102.

Ding, S., Xu, Y., Hao, T. and Ma, P. (2014). Partial least squares based gene expression
analysis in renal failure. Diagnostic pathology, 9(1), 1-6.

Faria, A., Macedo Jr., F., Marsaioli, A., Ferreira, M. and Cendes, F. (2011). Classifica-
tion of brain tumor extracts by high resolution 1h mrs using partial least squares
discriminant analysis. Brazilian Journal of Medical and Biological Research,
44(2), 149-164.

Huang, X. and Pan, W. (2003). Linear regression and two-class classification with
gene expression data. Bioinformatics, 19(16), 2072-2078.

Gill, R., Datta, S. and Datta, S. (2010). A statistical framework for differential network
analysis from microarray data. BMC Bioinformatics, 11(1), 95.

Huber, P, J. (1981), Robust Statistics, New York, Wiley.

Pihur, V., Datta, S. and Datta, S. (2008). Reconstruction of genetic association net-
works from microarray data: a partial least squares approach. Bioinformatics,
24(4), 561-568.

Land Jr, W., H., Ford, W., Park, J., W., Mathur, R., Hotchkiss, N., Heine, J., Eschrich,
S., Qiao, X. and Yeatman, T. (2011). Partial least squares (pls) applied to medical
bioinformatics. Procedia Computer Science, 6, 273-278.

Liebmann, B., Filzmoser, P. and Varmuza, K. (2010). Robust and classical pls regres-
sion compared. Journal of Chemometrics, 24(3-4), 111-120.

Olmez, A. (2017). Partial least sqaures method for the analysis of gene expression
data. Master Thesis, Dokuz Eylul University, Department of Statistics.

Serneels, S., Croux, C., Filzmoser, P. and Van Espen, P. J. (2005). Partial robust m-
regression. Chemometrics and Intelligent Laboratory Systems, 79(1-2), 55-64.

Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage, D., Amin,
N., Schwikowski, B. and Ideker, T. (2003). Cytoscape: a software environment
for integrated models of biomolecular interaction networks. Genome Research,
13(11), 2498-2504.

Shokri-Kojori, E., Tomasi, D., Wiers, C., E., Wang, G., J. and Volkow, N., D. (2017).

24



Alcohol affects brain functional connectivity and its coupling with behavior: greater
effects in male heavy drinkers. Molecular Psychiatry, 22(8), 1185.

Van Dam, S., Vosa, U., van der Graaf, A., Franke, L. and de Magalhaes, J., P. (2018).
Gene co-expression analysis for functional classification and gene disease predic-
tions. Briefings in Bioinformatics, 19(4), 575-592.

Van den Bulcke, T., Van Leemput, K., Naudts, B., van Remortel, P., Ma, H., Ver-
schoren, A., De Moor, B. and Marchal, K. (2006). Syntren: a generator of
synthetic gene expression data for design and analysis of structure learning al-
gorithms. BMC Bioinformatics, 7(1), 43.

Wold, H. (1966). Estimation of principal components and related models by iterative
least squares. Multivariate Analysis, 391-420.

Wold, S., Sjistrim, M. and Eriksson, L. (2001). Pls-regression: a basic tool of chemo-
metrics. Chemometrics and Intelligent Laboratory Systems, 58(2), 109-130.

Zhang, B. and Horvath, S. (2005). A general framework for weighted gene co-expression
network analysis. Statistical Applications in Genetics and Molecular Biology,
4(1).

25



Greek Statistical Institute
roceedings of the 33™ Panhellenic Statistics Conference (2021), pp. 26—38

v

STATISTICAL ANALYSIS AND APPLICATIONS OF THE
MULTI-SIGMOIDAL DETERMINISTIC AND
STOCHASTIC LOGISTIC GROWTH

Antonio Di Crescenzo', Paola Paraggio', Patricia Romdn-Romdn?, Francisco

Torres-Ruiz?
!University of Salerno
{adicrescenzo, pparaggio} @unisa.it
2University of Granada
{proman, fdeasis} @ugr.es

ABSTRACT

We consider a multi-sigmoidal generalization of the logistic growth model. The deterministic
model is provided together with its stochastic counterpart. More in detail, we analyse two
different birth-death processes with linear and quadratic rates, respectively. From the latter we
derive a more manageable diffusive approximation by means of a suitable scaling. Furthermore,
we study two possible strategies to obtain the maximum likelihood estimates of the parameters.
To validate the described procedures, we conclude with a simulation study. The first-passage-
time problem is also addressed.

Keywords: Logistic model, multi-sigmoidal growth models, birth-death process, diffusion pro-
cess, maximum likelihood estimation, first-passage-time problem.

1. INTRODUCTION

The exponential curve is the most common basic model to describe growth of popu-
lations in ideal conditions. However, such kind of growth does not occur in nature apart
from short time periods. For most living species, indeed, there exists a critical density
beyond which the relative population does not find sufficient environmental factors to
grow and reproduce. Mathematical models which take into account environmental fac-
tors that limit the growth rate of population are characterized by a S-shape and for this
reason are called sigmoidal. The logistic model, more in detail, is a sigmoidal growth
model with an initial slow growth followed by an explosion of exponential-type which
finally flattens up to an equilibrium status, known as carrying capacity. The applica-
tion of sigmoidal curves are various and they involve several contexts of interest, from
biology to medicine, from ecology to software reliability (see, for instance, Erto et al.
(2020)). For example, in the recent works of Rajasekar et al. (2020) the authors anal-
yse a stochastic version of SIR model for the diffusion of the COVID-19 pandemic, by

26



considering a logistic-kind growth for the susceptible individuals.

Anyway, it is possible that a population reaches its limit value after various suc-
cessive steps. This is the reason why recent investigations address their interest to a
generalization of the sigmoidal models by introducing multiple inflections. Such gen-
eralizations are the so-called multi-sigmoidal models (cf. Romdn-Romdn ez al. (2019)).
The multi-sigmoidal logistic model, in particular, is appropriate to describe maturation
of some fruit species as peaches or coffee berries (see Figure 1) which show a growth
trend with multiple fluctuations.

Coffee berries

average weight (g)
0.6 0.8 1.0
Il

0.4
I

0.2

0.0

T T T T
100 150 200 250

days after flowering

Figure 1: The multi-sigmoidal growth of coffee berries. The data are taken from Cuhna and
Volpe (2011).

This work is a brief summary of a larger study concerning multi-sigmoidal logistic
growth model. The deterministic model together with the birth-death processes and
the diffusive approximation have been analysed widely in Di Crescenzo et al. (2021a).
Whereas, the statistical analysis of the above-mentioned model is the subject of a paper
submitted for publication (cf. Di Crescenzo et al. (2021b)).

2. THE DETERMINISTIC MODEL

The multi-sigmoidal logistic curve I,,, (t) satisfies a generalized version of the Cauchy
problem related to the classical logistic model, i.e.

d
%lm(t) = ho(t)ln(1), t > to, Im(to) = lo, (D
where 0t
B P/g(t)e_ B
hy(t) = my (2)
with
oo d
Qp(t) = ;6#, Bp>0,  Pg(t)= %Qﬁ(t), 3)
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forn >0, B1,...,8-1 €ER, B, > 0,0 = (n,7)" and T = (B1,...,5p), p € N.
Note that when p = 1, Qg(t) is linear and from Eq. (1) we come to the classical logistic
equation. The solution of the initial value problem (1) is given by

n + e_Qﬂ(tO)

lm(t) 17+ e_Q,B(t) )

t > to. 4)

In Egs. (1) and (4) the subscript m means ‘multi-sigmoidal’. Various choices of the
parameters 7, 31, . . ., B lead to different kinds of shape characterized by multiple in-
flection points. See, for instance, Figure 2. It is possible to show that the carrying

Im Im

08
06

04r

0.2

T L L L Loy L L L L Loy
1 2 3 4 5 20 40 60 80 100

Figure 2: The multi-sigmoidal logistic function for p = 3, to = 0, lop = 0.1, f; = 0.1 (a)
B2 = 0.2, B3 = 0.1, (b) B2 = —0.009, B3 = 0.0002. In both cases n = e 5,71 e=2 (from
bottom to top).

capacity of the model depends on the relevant parameters ¢ and on the initial condition
Im (to) = lo. More in detail, it is given by C'/n with C' = C/(ly, 0, t) = lo(n+e~Qst0)),
Indeed, from the assumption 3, > 0, one has the following limit

n+4e Q) ¢
. _

lim L (8) = 1 g o

A key-role in the analysis of the multi-sigmoidal logistic function is played by the inflec-
tion points which give to the curve the characteristic shape. By performing the second
derivative of Eq. (4), it is possible to show that the inflection points are the solutions of
the following equation (in the unknown ¢ > tg)

n— e_Qﬂ ()

oL ©

d? d 2

—Qz(t) = —Qp(t

=5Qs(t) ( Qs ))
with Q3(t) defined in Eq. (3). Due to the transcendental nature of the above-mentioned

equation, one is forced to use numerical methods to solve it.

Example 1. With reference to the real data given in Section 1, we now consider an
application of the multi-sigmoidal model. To avoid numerical problems, we perform a
time shifting so that to = 0 (this does not affect the generality of the analysis, as pointed
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Figure 3: Fitted multi-sigmoidal logistic curve for the coffee berries with (a) integer and (b)
non-integer degrees, with r = —4.498494 - 10~ in case (b).

out in Remark 2.1 of Di Crescenzo et al. (2021a)). Specifically, we determine the values
of the parameters 0 minimizing the square error S, defined as follows

n
Sp(0) = (i —lm(t)®, 0= (n,8")"
i=1

where y; are the data, t; are the shifted times fori = 1,...,n and p is the degree of Q).
As shown in Figure 3-(a), the best fit is attained when p = 4. Note that the minimiza-
tion of the function S, has been performed by means of the Nelder-Mead optimization
method. Since it is an iterative method, the needed initial solution can be determined as
described in Section 3 of Di Crescenzo et al. (2021a). To improve the goodness-of-fit of
the proposed model, the last term of the polynomial Qg can be modified to have a real
exponent:

’ tZth

where Qﬁ(t) = fit +J82t2 + B3t + Byt*t" and r € R. Now the aim is to find the
best set of parameters 0 = (07, r)7T, i.e. the set which minimizes the cumulative square

error defined below
n

Sasr(0) =Y (yi = ln(t:))?,
i=1
where, as above, y; are the data, t; are the time instants for i = }, ...,n. As shown
in Figure 3-(b), the goodness-of-fit increases since Sy(6) > Sy (0). In particular, we

have S4(0) = Sy (0) + 22,52%.

3. BIRTH-DEATH PROCESSES

Birth-death (BD) processes are often adopted to describe stochastic dynamics in var-
ious fields of biomathematics, being appropriate to model the random evolution of the
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number of particles or individuals in a system. Let us consider a time-inhomogeneous
BD process {N(t); ¢ > 0} with state space Ny and linear birth and death rates given by

b (t) = nA(t), n € Ny

do(t) =nu(t), neN,  do(t)=0, (6)

where the individual birth and death rates A and y are integrable and positive functions
in any set (0,¢) with ¢ > 0. In the following proposition, a sufficient and necessary
condition to have a conditional mean of multi-sigmoidal logistic type is provided (as
done elsewhere, for example in Di Crescenzo and Paraggio (2019) and Di Crescenzo
and Spina (2016)).

Proposition 1. The BD process N (t) with rates given in Eq. (6) has conditional mean
E[X (t)| X (0) = ng| of multi-sigmoidal logistic type if, and only if, the net growth rate
§(t) = A(t) — p(t) is given by £(t) = hg(t), for t = 0.

See Figure 4 for some plots of the conditional mean considering different choices
of the parameters.

E(t) E(®)

L L L L Loy L L L Loy
20 40 60 80 100 20 40 60 80 100

Figure 4: The conditional mean E(t) = E[X (t)|X(0) = ng] forp = 3, to = 0, 1 = 0.1,
Ba = —0.009, B3 = 0.0002 (a) n = e~ ! and ng = 1,2, 3 (from bottom to top) (b) ng = 1,
n=e"95 e 1 e~ 15 (from bottom to top).

The first-passage-time (FPT) problem is relevant in several applications in population
dynamics since the first crossing of a critical high (low) threshold can be viewed as the
rising of an overpopulation (extinction). For a fixed threshold n € N, the FPT of the
process N (t) through the state n starting from N (0) = ng is defined as follows

Toom =inf{t >0: N(t) =n},  N(0)=no.

Let us denote by gy, the corresponding probability density function, i.e.
d
£P(Tno,n <t), t>0.

Considering the same matrix-based approach adopted by Tan in Section 3 of Tan (1986),
the FPT density vector g, := [g1n, - - -, gn,Ln]T can be expressed as

gno,n(t) =

—M(t)

gn(t) = A(t) (PP P ) M (el )y ™Y pD P,
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where A; = PiDPl-_1 fori = 1,2, A1 = ( 5])) and Ay = ( (2 )) defined in such a
way

—1, j=i+1
all =4 i =i
VA J =
0, otherwise
fori =1,...,n—2and
—i, j=i—1
a(?) . i .
i:j - ’ ] =1
0, otherwise
fori = 2,...,n — 1. Moreover, A fo s)ds, M(t fo s)ds and I,,_1 1 is

a column of all 1 of dimension n — 1 In Flgure 5 we pr0V1de some plots of the FPT
density.

0.3

0.2

0.0

0 2 4 6 8 0 2 4 6 8

t t

Figure 5: The FPT density for \(t) = 2hg(t), u(t) = ho(t), Qs(t) = 0.1t 4+ 0.2¢* + 0.1¢3,
nog = 1 (solid), 2 (dashed), 3 (dotted), 4 (dot-dashed) and (a) n = 4 and (b) n = 5.

In various applications in biomathematics the systems under investigation are sub-
ject to dynamics regulated by transitions where rates are allowed to be nonlinear. Let
{X (t);t > 0} be an inhomogeneous nonlinear BD process having Ny as state space
and birth and death rates given by

(=l

W(t) = M () + Aa()n + A3(t)n?,  n €Ny,

SO = (O + O+ s’ neN,  d@=0,

where \; and p; are non-negative and integrable functions and \; and p; for ¢ = 2,3
are positive and integrable functions on any set (0,¢). It is easy to note that when
A(t) = pa(t) = 0 and Ag(t) = ps(t), then the mean my (1) = E[N(£)|N(0) = no)
satisfies the differential equation

d

2 () = (a(t) = pa(t))ma (8),
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which is a differential equation of the same type of Eq. (1). Hence, assuming that
Ao (t) — pa(t) = hg(t), the mean can be expressed as

n+ e~ Qs(to)

mi(t) =ng m1(0) = no.

n + e_QB )’
4. THE CORRESPONDING DIFFUSION PROCESS

In order to obtain a more manageable description of the growth phenomenon, we
perform a diffusive approximation of the BD process with nonlinear rates given in Eq.
(7). The diffusive approximation is based on the scaled BD process N.(t) = N (t)
whose probability p (¢), for ¢ ~ 0, gives p5,(t) ~ f(x,t)e with z = ne. Under some
suitable assumptions, the limits below hold for e — 0

(ni(t) = Ai(®)e =0, i=1,3,  (p2(t) = Aa(t))e = —r(t),
(La(t) + Xi(0)e? =0, i=12 (us(t)+As(t))e* — 0.

Hence, performing the derivative of f with respect to ¢ and expanding f as a Taylor se-
ries around z, the density function f of the approximating process satisfies the following
Fokker-Plank equation

0 0 1 02
i @t) = = (O (@] + 5 55 0% (1)

In other terms, for 7(t) = hy(t) with hy defined in Eq. (2), the BD process N (t) leads
to the lognormal diffusion process X (¢) having infinitesimal moments

Aj(x,t) = hg(t)x, Ao(z) = 0?2

The initial condition p,,(0) = 1 becomes lim;_,o f(z,t) = d(z — zp), where § is
the Dirac delta function. The resulting diffusion process { X (t);t > to} has state space
(0, +00) and is governed by the following SDE:

dX(t) = ho()X (O)dt + o X (£)dW (t), X (to) = Xo, @)

where W (t) is a Wiener process independent on the initial condition X, for any ¢ > o,
6 = (n, 87)" and o > 0. By applying Itd’s formula to Eq. (8), we obtain

X(t) = Xoexp [He(to,t) + o (W(t) = W(to))], ¢ =>to, ©)
where & = (67, 02)T is the vector containing the parameters of the model and

—Qp(s) 2
nte ~ T (t—s), ty<s<t. (10)

Hg(s,t):logm B

32



It is worth to notice that if the initial state X is lognormally distributed with param-
eters o and o3 or is degenerate, then the finite dimensional distributions of X (¢) are
lognormal. Under the above-mentioned assumptions on X, the mean of the process is

n + e~ @s(to)
my(t) = E[X ()] = E[XO]W7 t > to,
the mode is
—Qg(to)
ModelX (t)] = Mode[Xo]Z—:_ee_QB(t) exp (—202@ — t0)> , t > o,
and, finally, the median is
+ Q*Qﬁ(to) 0’2
med[X(t)] = med[XO]?ZH_e—QB(t) exp <_2(t — to)) y t> t().

5. MAXIMUM LIKELIHOOD ESTIMATES

In this section we describe two different procedures to find the maximum likelihood
estimates (MLEs) of the parameters. We consider a discrete sampling of X (¢) based on
d independent sample paths, with n; different observation instants for the i-th sample
path, i.e. t;; for j = 1,...,n;, % = 1,...,d. For simplicity, we assume that the first
time instant is the same for all the sample paths, i.e. t;; = tg, ¢ = 1,...,d. The vector
X = (XT]...IXD)T, where X; = (X (ti1), ..., X (tin;)) fori =1,...,d and X (to)
is lognormally distributed with parameters ;1 and o2, has density

2
|:10g($27f1>7m2’j+1’j]
5]
exp | — __
d 2\ ni—1 P 202AZ+1’]
felw) = [ [ exp <_ (log w1 — pa) ) 11
i—1 Ti, 101V 27 j=1 xi 04/ 27TA£+1’J

where A" =t; py —tip,myn=1,....,n; — L,m >n, &= (01,0%)7 and mz’m
He¢(tn, tim) With He defined in Eq. (10).

If (11, 0%) and ¢ are functionally independent, the MLEs of (u1,07) leads to ji; =
d

1 1
p log z; 1, and 6?2 = 7 Z(log Tl — ﬂ1)2. The estimation of £ is obtained from the
i=1

following system

o __

2 o2
fz)fz Ay +2By=0
{o (n+ T 43 1 0 0 (11

Y4+ SW+ X0 =0, 1=0,1,...,p,
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N —1/2 -
where for vo; = ;1 and v; ; = (Ag"‘l,]) log (M>3 =1,....,n; — 1,7 =

xm'
1,...,d, we have set
d d n;—1 o
. v _Qﬂ(tz,3+1) .. .
0 ©,mq,1 n+e %,74+1,5
IS o TS o) e o I
=1 =1 j5=1
d n;—1 s
173 7.7+17j —
=> > 1 DY, 1=0,1,..p,
i=1 j=1 (AJ+ 7])
) d n;—1
. + eQ,B(tz,n) ’L
)\l’m’n:logni, m>n,i=1,...,d, Z1= v
g /rl _|_ eQB(ti,m) ZZ; j:l LY
2
— ni, _ )
Z=Yart 4=y % Nm C Bi=3 ) g
i=1 i=1 j=1 i=1 j=1 (Ag ’J)
From now on, we suppose, without loss of generality, that {5 = 0 and that n; = N for
it =1,...,d. The system (11) cannot be solved explicitly and it is therefore necessary

to use a numerical method, such as Newton-Raphson. Hence, an initial approximation
is required. An initial solution of o2 is calculated by performing a simple linear regres-
sion of 02 = 2log(m;/m?) where m; denotes the sample mean and m? the geometric
sample mean. Whereas, an initial solution for the coefficients 8 and 7 is obtained by a

linear regression taking as data the pairs ( i, — log ( — 1)) where my; is the last

value of the sample mean.
Alternatively, one can obtain the estimates of £ by maximizing the likelihood func-
tion

~ n Zl + (I)g — 2F€
L =——1 2_—- ' & &
&) 5 logo 5,2 :
where
d d n;—1 Lz
— _ i,j+1
N L s
=1 =1 j=1 b
d nz_]- 7J+17J) d n;—1 T
Gi+1l i+,
Pe = Zl Zl AJ—I—LJ , LTe= Zl Zl A]+17] 1/2 log T; j M :
A 7 ? J ’

To maximize the function l~}, we use a meta-heuristic optimization method, namely Sim-
ulated Annealing (S.A.). This algorithm (see as a reference Kirkpatrick et al. (1983)) is
used for problems like finding arg mingeco f(#) and in recent years also in the context
of parameters estimation (cf. da Luz Sant’Ana ef al. (2018) and Romdn-Roman and
Torres-Ruiz (2015)). At any step, S.A. generates a new solution in a neighborohood
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of the previous one and (i) if the new solution improves the objective function, then it
replaces the previous, otherwise (ii) if the new solution does not improve the objective
function, then it can replace the previous with a probability rate which depends on the
increase of the objective function and on a scale factor, called temperature, in agreement
with the metallurgical annealing that inspires the method. S.A. avoids in this way local
minima but it needs a restriction of the parametric space ©. In our context of interest,
the set © contains the parameters . Until now, it is continuous and unbounded, since
0 = {(np0% :n>081,....,0-1 € R, B, > 0,5% > 0}. To bound O, we
consider 0 < ¢ < 0.1 so that the simulated sample paths are less variable around the
sample mean and thus the multi-sigmoidal logistic profile is advisable. For the param-
eters B = (B1,.. ., Bp)T, we consider the confidence intervals, found by using the data
of the polynomial regression performed previously for the initial solutions. Specifically,

for B we consider the confidence intervals of the coefficients of the polynomial regres-
-1
sion of — log [(M — )ﬁ} against ¢, for j = 1,..., N, where 7} = (% — 1) .
m;
Finally, for n, we consider the interval (a, b) where

~1 ~1
a = min (Z’m—1> , bzmax(””—l) .
1<i<d \ Zj1 1<i<d \ Zj1
Regarding the distributions of the MLEs, it is worth to notice that the exact distribution
of /i1 is Gaussian N (p1, a%/d) and the one of d63 /0% is chi-square x%_,. Furthermore,

the asymptotic distribution of f is a (p + 2)-dimensional normal distribution with mean
¢ and covariance matrix 1(¢£)~!, where I(¢) € RP+2)*(#+2) i5 the Fisher information
matrix and can be expressed as

= _1/0
1) = ( ’ 2(89;§)> :

T
-3 (39%) = F

0
where Z¢ € RPHD* (1) and 507¢ € RP*+DX1 gre defined as

N N T W BT
=, — J 2] — [2¥) 5] . [2¥) )
- Z (Ai ) <aemé > (aemf >

d n;—

975 Zzae g

=1 j5=1

and

6. SIMULATIONS

A simulation study is developed to verify the validity of the two aforementioned
procedures. As a case study, we use a pattern of 100 independent sample paths simu-
lated by using the expression of the process obtained as the solution of the stochastic
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differential equation (9). All the sample paths contain the same sumber of data (that is
501), being (i — 1) - 0.1 fori = 1,...,501 the observation times. The parameters used
for the simulation are n = e 1, b1 = 0.1, B85 = —0.009, B3 = 0.0002, 0 = 0.01. See
Figure 6 for the plot of the paths. For simplicity, we have chosen a degenerate initial

Simulated sample paths. 6=0.01

Time

Figure 6: 100 simulated sample paths of the process X (t) forp =3,to =0, zo0 = 5, Qa(t) =
0.1t — 0.009¢% + 0.0002t%, n = e~ and 0 = 0.01.

distribution centered in g = 5, i.e. P(Xy = 5) = 1. After obtaining each trajectory,
we chose 51 values from the first one and using a step equal to 1. The MLEs obtained
by solving the system (11) are summarized in Table 1.

Table 1: The MLEs obtained by solving the system (11).

Real Initial Estimations Rel. Err.

n e~ ! =0.3678794 0.3695601 0.3695532 1.673743e-03
B1 0.1 —0.04606928 0.10021729 2.172891e-04
B2 —0.009 —0.003311808 —0.009030270 2.030270e-03
B3 0.0002 0.0001356439 0.0002006625 6.625399e-07
o 0.01 9.912749e-03 9.982475e-03 3.502022e-07

As a further case study, we use the same pattern as before by applying S.A. Moreover,
since S.A. is a meta-heuristic algorithm, we apply the procedure 10 times and then we
consider the mean of the resulting values. Clearly, if the number of replications in-
creases then the goodness of the results improves but also the computational cost. The
MLEs obtained in this way are summarized in Table 2.

Table 2: The MLEs obtained via S.A.

Real Range Estimations Abs. Err.

n e~ =0.3678794 [0.287803710, 0.405281061] 0.3862679 0.04998513
B1 0.1 [0.094192479, 0.155306328] 0.1099219 0.09921900
B2 —0.009 [—0.012033562, —0.009118551] —0.009722108 0.08023422
B3 0.0002 [0.000206216, 0.000245301] 0.0002131091 0.06554550
o 0.01 [0.000000000, 0.010000000] 0.0001283712 0.13301015
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7. CONCLUSIONS

In this paper, we considered the deterministic multi-sigmoidal logistic function and
we used the presented model to describe the double-sigmoidal growth of coffee berries.
In order to make the model more realistic, we analysed its stochastic counterpart. More
in detail, we studied two different birth-death processes, the former with linear rates and
the latter with quadratic rates. From the last one, we derive a diffusive approximation by
means of a suitable scaling. Then, we found the MLEs of the parameters of the diffusion
process by using two different strategies: by solving a non-linear system and by maxi-
mizing the log-likelihood function via S.A. We also studied the asymptotic distribution
of the resulting MLEs. Finally, to validate the described procedures, we performed a
simulation study. Future investigations will be devoted to determine the degree p of the
polynomial (), since it is unknown a priori and to use different meta-heuristic strate-
gies to find nice MLEs in a shorter computational time. It will be interesting also to
consider a real application based on the diffusion process.

[NTEPIAHVH

Ocwpolie wa TOMI-OLYROEdT Yevixeuon Tou yovtéhou hoyloTixnc adénone. To
VIETEQUVIO TIXO HOVTEAO Topouotdletal Poll UE To avTioTolyd TOU GTOYACTIXO UO-
viého. Ewwdtepa, avolbouue 600 SLopopeTneg dladxaoies Yévvnong-davdtou ue
Yeuuuxo0g xa TETPaywvixolg puiuole yetadoewy, avtiotorya. And to Tedeutaio
olvoupe pla o €0y ENO TN TEOGEYYLOT Bl UOTG HEGE ULIG XATUAANANG XAUIXWOT.
Emmiéov, pyeletdue 800 mavéc oTpaTnYIXEC YIa VoL UTOAOYICOUUE TOUG EXTNTES
LYo TNE Tiovopavelds TwY TapauéTenY Tou ovtéhou. Ta tny enodfdeuon twy me-
PLYPAUPOUEVWY BLadLXaoLwY, Topouatdlouue Uio UeAETN Tpocouolwone. Alepeuvdton
enione To TEOBANUL TOU TEMTOU YPOVOU BIEAEVCTC.
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ABSTRACT

In an increasingly digitalized world, where organizations are affected by technological evolu-
tion, cyber attacks are multiplying rapidly. They have an impact on every class of business and
no industry can consider itself immune to them. Quantitative loss data are rarely available while
it is possible to obtain a qualitative evaluation, expressed on a rating scale, from experts of the
sector. Hence, we focus on ordinal data models for cyber risk evaluation (rating) with particular
emphasis on a mixture model taking into account the uncertainty in the process of scoring. We
examine a set of data regarding cyber attacks that occurred worldwide before and during the
pandemic due to Covid-19. The aim of our analysis is to investigate if Covid-19 has affected ex-
perts’ uncertainty and assessment, and identify the relevant factors which influence the severity
of an attack.

Keywords: Cyber risk, CUP models, Rating, Uncertainty.

1. INTRODUCTION

Throughout the last years the use of statistical modelling in the analysis of cyber
risk assessment has gained a rapidly increasing interest. While quantitative loss data are
rarely available, a qualitative evaluation of the level of severity of an attack, expressed
on a rating scale, from experts of the sector is able to be obtained. In this way, we can
identify which types of attacks are the most dangerous.

The rating assigned by the expert can be considered as the final outcome of a com-
plex activity based on knowledge of the topic, collection of information but also instinct
and feeling of the expert himself.

In this contribution we rely on ordinal mixture models to mimic the skilled decision-
making process. In particular, we exploit the CUP mixture introduced by Tutz et al.
(2017). It is based on a Combination of an incertitude in the process of assessment
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(Uncertainty component) and a deliberate choice based on the evaluation of the respon-
dent (Perception component). The latter component accounts for reasoned judgments
toward the attack under evaluation as well as the set of experts’ perceptions and infor-
mation connected with it. The uncertainty component accounts for other unreasonable
elements such as the difficulty in expressing a rating regarding a specific event about
which the expert has not a clear opinion or has a limited set of information. Further-
more, it is also related to the amount of time devoted to the judgment or experts’ lazi-
ness, boredom or circumstances. The mixture can be considered as a combination of
the distributions of a discretised version of the underlying continuous latent variables
describing these different components.

We implement the CUP mixture in rating systems for the analysis of risk assessment
of worldwide cyber attacks occurred in the period 2018-2020 years (before and during
the Covid-19 pandemic) generalizing the main findings in Facchinetti et al. (2020,
2021) referred to 2017-2019 data. The proposal discussed here extends the previous
contributions from two directions: the analysis of uncertainty in the experts’ assessment
and the evaluation of epidemic period by considering the new tools affecting the process
of scoring.

The plan of the paper is as follows. Section[2] is devoted to the description of the
considered model. In Section [3] we present the data and discuss the obtained results.
The paper ends with some concluding remarks and avenues for future research.

2. METHODOLOGY

In this section we briefly review standard CUP models. The perception component is
described via a cumulative link model under the proportional odds assumption (McCul-
lagh, 1980) while a discrete Uniform distribution is used for the uncertainty component.

More precisely, the observed rating s (severity level) assigned to a specific cyber
attack can be considered as a realisation of a random variable .S with probability distri-
bution

P(S’L :S|$Z) :WPM(Y;ZS‘w’L) + (1_7T)P(UZ :S)’ s = 17277m (1)

As earlier pointed out, the preference component Py (Y; = s|;) is defined via a cumu-
lative link model on an appropriate row vector of covariates
x; = (zi1,...,%ij, ... Tjp). Formally, we have

link [Py(Y; <slx)]=as—xiy 1=1,2...,n; s=1,2...,m—1,

where = is the parameter vector for the preference component, whereas —oo = ag <
a1 < ... < oy, = oo represent the thresholds of the scale of the latent variable Y*
behind Y. Among the alternative choices for link functions we focus on the logit one
for easiness of interpretation and robustness properties. The uncertainty component is
modelled as P(U; = s) = 1/m. The two components are then combined via the pa-
rameter 7 eventually depending on a vector of covariates w; = (w1, . . ., Wij, . . . Wigq),
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with a possible non empty intersection with x;. To model the effect of the covariates
on the uncertainty component we use a logit link as well, 7 = 7(8) = 1/(1 + e~®if),
where 3 is the parameter vector for the related component. The standard cumulative
link model is a special case of (I)) with 7 = 1.

From an inferential point of view, a way to obtain stable estimates is to consider the
mixture as a problem with incomplete data and use the EM algorithm (Dempster ef al.,
1977); see the Appendix of Tutz et al. (2017) for further details.

3. APPLICATION TO CYBER RISK DATA

We consider a set of data collected by the experts of the “Hackmanac” society
(https://hackmanac.com/). Hackmanac is a company based in Dubai that mon-
itors the evolution of real global cyber threats with the aim to support companies and
institutions to define their cyber defense strategy.

In particular, we investigate a sample of more than 5.000 statistical units regarding
cyber attacks occurred worldwide during the years 2018, 2019 and 2020. For each attack
we have information regarding the following “macro variables”: Type of attack
(main actors and motivations of the attack), Attack Technique (adversary tactics
and techniques of attack), Target Class (victims of cyber attack), Continent
(where the attacks took place), and Severity (an ordinal classification of the gravity
of an attack). Indeed, experts classify the gravity of an attack on the basis of their knowl-
edge by the ordinal variable Severity assuming values 1 (low severity), 2 (medium
severity), 3 (high severity) and 4 (critical severity).

The evaluation of each attack on the basis of its seriousness is the outcome of a
complex activity based on various aspects such as awareness and experience about the
geopolitical, social, economic, and image impact on the victims, but also sensation and
feeling of the expert himself. Due to the characteristics of this decision-making process
that combines knowledge of the examined event and expert awareness, in this paper we
rely on CUP models.

Based on a preliminary model selection analysis, we decided to include in our model
the following binary covariates for each “macro variable”:

* Cybercrime as the candidate Type of attack

* Information and communication technologies (ICT) and Government-Military-

Law-Enforcement (GOV) as Target Class

* Target group (TG) as an indicator of those statistical units compromised by lower

than 3 attacks

¢ Vulnerabilities as Attack Technique

e Continent as a factor variable with Africa as reference level (AF=Africa,

AM=America, AS=Asia, EU=Europa, OC=0Oceania, MC=Multiple continent)

* Covid a dummy variable representative of the pandemic period.

In Table[I|the estimated values of the parameters and the asymptotic standard errors
(in brackets) for the examined CUP model are reported. The latter were computed via
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(numerical) Hessian. The symbol “x” indicates that the corresponding parameter is not
significant at 5% level. Furthermore, the Bayesian Information Criterion (BIC) index
(Schwarz, 1978) of the selected model is 12619.46 whereas the BIC index of the nested
standard cumulative model is 12874.14 highlighting the added value of the proposal.

Table 1: Estimated CUP model for cyber risk analysis.

Uncertainty component

Bo 0.973 (0.142)
Covid 2.676 (0.291)
Perception component

a1 -2.330 (0.496)
o) -0.409 (0.493)
as 2.211(0.478)

Type of attack
Cybercrime -1.735 (0.134)
Target Class

ICT 0.866 (0.106)
GOV 0.979 (0.116)

Attack Technique
Vulnerabilities 0.898 (0.119)

Continent
AM 0.972 (0.458)
AS 1.809 (0.456)
EU 1.008 (0.465)
MC 0.221 (0.470) %
oC 0.942 (0.508)
Target Group
TG 0.411 (0.082)
Period
Covid -0.335(0.070)

Before commenting out the obtained results, we recall that the weight of the uncer-
tainty component in the CUP mixture is equal to (1 — ).

Covid is the only covariate affecting both components of the CUP mixture; it in-
fluences negatively both the uncertainty and the perception. Thus, the fitted model
indicates a low level of uncertainty in the severity evaluation during the pandemic. This
result is probably due to a more accurate evaluation expressed on cyber attacks during
the Covid period than before. With regards to the perception component, we observe
a lower probability to obtain an elevate level of severity during the epidemic than the
previous period.

42



Furthermore, we observe that also Cybercrime has a negative influence on the ex-
perts’ risk perception. This result is consistent with the analysis of Facchinetti et al.
(2020, 2021) that pointed out that even if this type of offensive is quite frequent, in
terms of gravity it determines attacks of minor severity. With reference to Target
Class, ICT and GOV are associated with a higher probability of a critical severity
attack with respect to the others.

The parameter associated to the examined category of Attack technique is
positive. This indicates that the exploitation of system vulnerabilities (weakness that
can be used to gain unauthorized access to a computer system) can led attacks scored
with a high level of severity.

On the subject of Cont inent, the parameter related to category MC is not signif-
icant. This could be explained by the fact that attacks directed against single continents
are more effective than the ones involving more of them. Moreover, we observed a
lower severity level for Africa (the baseline level) with respect to the other ones.

Finally, an attack directed to a victim belonging to a target group compromised by
more than 3 attacks determines a substantial higher level of severity.

4. CONCLUSION

In this paper we illustrated how CUP models can be an useful instrument for cyber
risk evaluation.

The cUP mixture allows to improve results with respect to the classical assump-
tion of the standard models used for the analysis of ordinal (rating) data by means of
the added value of the uncertainty component which also represents an advantage over
classical mixture models. In comparison with the latter the components are fully speci-
fied and are not from the same class of models; see among others Greene and Hensher
(2003), Griin and Leisch (2008), Breen (2010). More specifically, when the uncertainty
component is neglected, the strength of covariates tends to be underestimated. In addi-
tion, when uncertainty is very high, the study of the perception component without the
assessment of the uncertainty one causes a loss of information and a misspecification of
the model.

Further analyses will be devoted to the probability-based measures for comparing
clusters (Target group) on ratings, while adjusting for other explanatory variables
as also reported in Iannario and Tarantola (2021a, 2021b), and to a hierarchical mod-
elling structure taking into account the homogeneity of the clusters related to several
countries.

Acknowledgements: We acknowledge support from the European Cost Action “CA19130 -
Fin-tech and Artificial Intelligence in Finance - Towards a transparent financial industry”.
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[TEPIAHVH

H nopoloo epyacio eoTidlel o€ HOVTENA DATOXTIXDV OEOOUEVLV TIELY X0 XOTA
T Oudxpetar Tng movdnuiog tou Covid-19, v Ty aflohdynomn xwdivwy oTov xu-
Bepvoypeo ye éugpaon e Povtéha wEng Aoufdvovtag unodgny Ty ofeBaidtnta o
dladuacior aglohoynome.
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ABSTRACT
In 1953 (1963 in English) Linnik introduced the probability density 3. () defined in terms of

its characteristic function

£) = ' 0 <a=2
'?I:'{] l_l_ltlg_-' o

In Kotz et al. (1995a) and Kotz et al. (1995b) the expansions of probability density functions,
say p, (x), into convergent series in terms of jag(1x|),|x]**, (k¥ = 0,12, ... ) are obtained and

the asymptotic behavior of p_ () at 0 and ¢e is investigated.

In Hayfavi A. (1998), an improper integral representation of Linnik’s probability density is
presented. Also, an investigation into the exceptional set is achieved as well. This series of
works provide a general overview of the research on these probability densities and provides
new ideas for some important processes like Linnik Lévy processes and so on.

Keywords: Contour integration, Linnik’s probability density, Liouville numbers

1. INTRODUCTION
Linnik first proved that

t) = . D<a<?2
P (t) TR o

is a characteristic function of a probability density, say p, (x). Using the inversion
formula, we can write
1 = pitx

pﬁ‘{x}: E _ml_l_lrlﬁ.

dt, 0o =2

In the previous papers asymptotic behavior of the density function p_ (1) at 0 and e
was investigated and the expansions of _ () into convergent series were obtained
for almost all &’s. Furthermore, it was proved that the exceptional set is a subset of
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Liouville numbers and one counter example was constructed to show that the
exceptional set is not empty.

In this short paper which is the outline of the presentation given in GSI (2021), I will
state some of the results obtained and the importance of the distribution itself.

If we observe carefully different data like physical, financial, etc., most of them have
long-tailed and fat-tailed distributions. This is why the Linnik distribution represents
better such datas. Also, it can be considered as a generalization of Laplace
distribution, i.e., Laplace distribution is a Linnik distribution with parameter = = 2.

2. REPRESENTATION OF LINNIK PROBABILITY DENSITY BY AN
IMPROPER INTEGRAL

To obtain the improper integral representation of Linnik’s probability densities, we
use the representation of Linnik probability density by a contour integral as follows:

In Kotz et al. (1995b), Theorem 13.1 p.513 it is proved that for any o € {0,2) the
representation
: 1 .
Pe(x) = ;f,,;{_x; a), x>0
is valid. Here g issuch that ¢ < 1/2 and ¢ € |5,2 — 4.

The integral

Is(x;c0) = j e o
4 Jpis1r(2) sm(— )cﬂS (2 )

where () is the boundary of the region:

G(8) = {z |z ::=- Ia:rg z| ::4}

described in the posmve direction, and r(z) that appears in the integrand is the
Gamma function (see: Wittaker et al. (1962)) and proved that the integral I;{x; o) IS
absolutely convergent.

Using the Cauchy residue theorem, we obtained:

kL e = kel kel
s () = Z (-1 N iz _ ) ‘ |
242 1 (ka) cos Iu:r) @ £ (2k + 1) sin (E{jzk + 1})

Next, we change the contour of the above integral I;{x; &)-

We consider the region
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D(38) = {z: |z] = gj larg z| < :‘—T}
We call 4(5) the boundary of the region p(g), where the transition on the boundary
is the usual positive direction. We call
] Ezlﬂ-g.r dz
Js(x; e j = =, x>0
der J4 *
AE (=) sm(g :] cos (2 z)

Using once more the Cauchy residue theorem we obtain

{ l}?“'l ko _Z { l}k k41
= IMka) ms —ol(2k+ 1) sin (r:r 2k + l})

Js(x:a) =5 (2.1)
We conclude stating some of the results obtained:

Theorem 2.1 [Hayfavi, A. (1998), p.236] For any « e (0,2) we have the
representation

xe(x) = Js(a), x>0.
Theorem 2.3 [Hayfavi, A. (1998), p.239] For any « £ (0,2) we have the formula:

lJ‘W i:'!ng.rdT, -0
*Pa(x) = 4o th*.r}smh(— )cosh(z ) e

Remark: To prove the Theorem 9.5 in Kotz et al. (1995b) we had constructed a
transcendental number « to show that the exceptional set that both series in Eq. (2.1)

diverge is not empty.

Now we give another result about this exceptional set:

Theorem 2.5 [Hayfavi, A. (1998), p.241] The transcendental numbers g € (0,2) that

the series on the right-hand side of Eq. (2.1) are divergent, are dense in the interval
(0.1).

3. CONCLUSION

As we mentioned at the end of the introduction, Linnik distribution and Linnik Lévy
processes are used to the description of heavy-tailed data. Linnik Lévy processes are
processes of independent stationary increments, having Linnik distribution. To see the
performance of these distributions the best is to apply them to some fat-tailed or long-
tailed distributions.
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IHEPIAHYH

To 1953 o Linnik 6piog v mokvotnta mhovotntog GUVOPTHOEL TG YOUPUKTNPLOTIKNG
owvapTNoNg Pa(t), 0 <0<2.

O Kotz ko ovvepydteg (1995a; 1995b) édwoav 10 avamTuyuo ™G TLKVOTNTOC
mBovottag oe ovykAivovoa oepd dpov Oomog log(x|), [x[<*, k=0,1,2,... xou
peAéToaV TV aGLUTTOTIKY Tov cvumepipopd. H Hayfavi (1998) npoydpnoe otnv
avoTopaoTooT ¢ Tokvomtag mbavotntag tov Linnik cg “improper” oAokAnpopo
Kot pedétnoe to emovopalopevo «exceptional set». H epyacio avt mapovoialet pua
TMEPLEKTIKT GHVOYT TOL EPEVVNTIKOD CLTOV TTEdIOL.
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INEPIAHYH
Y10 otatoTikd €heyxo Olepyoacidv  ywo  petafAntéc mopokoiovBodpe pe  Eeywplotd
Swyphppoto e Eyyov T pEom T Kot T O0GTOPA THG KATAVOUNG EVOG XOPUKTNPLGTIKOD
mov pog evowpépel. Ta televtaio ypovio €xet dobel peydAn Eueoaocn oty ovamtoén
SypappdTmv EAEYYOL Ta 0010 EXTPETOVY TNV TAVTOXPOVY TAPAKOAOVONGN TOV HECOV Kal
™m¢ dlaomopdg g dlepyosiag pe évo eviaio Odypappa eréyyov. Eva tétolo eviaio
Stypappo eivor to Max odypoppa EAEYX0v. TNV mWapovo EPYOCIN, TPOKEIUEVODL VO
Beltimbel n amddoon Tov Max daypdupotog eEréyyov epappoletor n péBodog anddoong ckop
oe 01apopeg meployés (Cdveg) Tov kot mapakoiovdeitatl n oyeTikn pon afpoicpatog Twv oKop
n omoia kaBopiler v eupdvion onpatog ektdg eréyyov diepyaciog. Ilapovoidletor o
OTOTIOTIKOG GYEOIOUOG TOV TPOTEWVOUEVOD OLOYPAUUOTOS EAEYYOV KOl YIVETOL OVOAVLTIKY|
perétn tov Womteov Tov. Emmpocheta yivovior cvykpicelg pe GAAD OVTOYOVIGTIKA
S0y pALOTO EAEYYOV XPNOOTOIOVTOG O1APOPa. LETPO. ATOS0ONS TWV SLOYPUUUATOV EAEYYOV.

AéEeic Khedd: Max duypappo gléyyov, popkoflavy epeOTELOT, HEGO UNAKOG PO, pon
0BpoicpaTOC OKOpP, GTATIOTIKOG EAEYYOG OlEPYOCLOV.

1. EIZATQI'H

O1 TeYVIKEG OTOTIOTIKNG TOPOKOAOVONONG dlEPYACIOV ATOTELOVV TO PaciKO epYUAEiD
Tov Xtotiotikod EAéyyov Atepyoaciov (ZEA). H xuptotepn kot mo S1adedopnévn
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TEYVIKN €lvar o Soypappoto eAéyyov mov Ponbodv otnv €yxvpn oaviyvevorn un-
QULOOAOYIKOV  Koataotdoewv.  [lopadooiaxd, to  dSaypdppota  eAéyyov
YPTOCLLOTOLOVVTOL 6T Propmyovia yio TNV TapakoAoVONoY| TapAyOYIK®OVY SEPYUCSIDV,
HE OKOMO TNV OViYvevorn g YEWPOTEPELONG TNG TOWOTNTOS TOV TOPUYOLUEVOV
apoiévtov. T v  mopakoiovOnon g xoTovopng  evog  (ovuveyoic)
YOPOKTNPLOTIKOY TOITNTOG EVOC TPOTOVTOG YPNGLOTO0VUE GLVIB®G Eva dtdypapLpa
eAEYYOV Yo, TNV TTopoKolovOnon tov péonc twng kot éva (Eexwplotd) Stdypappia
eAEYYOL Y10l TV TAPOKOAOVONGN TNG TUTIKNG ATOKALGNG.

Ta televtaio ypovia, Exel dobel apkety €upaoctn oty avamntvén S1oypPoUUETOY
eAéyyou ta omoia TapakoAovBodv TavTdYpPOVe TOV HEGO KOL TNV TUTIKY OTOKALGY TO
omoio avagépovtal otn PipAoypapioa wg eviaio dwypdppata eréyyov. To kOplo
TAEOVEKTNUA TOVG givarl OTL ue €vo SLaypappe EAEYY0L Kol amelkoviloviog g avtd
pio HOVO  OTOTIOTIKY] OCLVAPTNGY, UTOPOVUE VO  OVIXVELGOLUE TOLTOYPOVA
UETATOTIOES TOV UEGOL T/KOL TNG TUMKAG OMOKAIONG TG KOTOVOUNG TOV
YOPOKTNPLOTIKOD OV TTapakorovBoipe. To Max Sidypappo eAEyxov eival £va T£T010
SUAYPALLLLO, OVGLAGTIKA TO KPLTHPLN TTOV OVAPEPOVLE TO TANPOT KABMG 01 GTATICTIKES
GUVOPTNOELS TOL GLUVOVALEL GTNV EVTOG EAEYYOL dlEPYACING EYOVV TNV 1d10 KOTOVOUT.
Apketol gpeuvntég £xouv avamTuEel Kot LeAETNOEL TETO Stoypappoto gAgyyov. Ot
Cheng & Li (1993) npotewvav to T didypoppo eréyyov, ot Chen & Chao (1996)
TPOTEWVOY TO MUKVKAKO Sidypappo eEAéyyov, ot Chen & Cheng (1998) avémtv&av to
Max didypappa eréyyov, ot Chen et al. (2001) avéntoé&av to Max-EWMA Sidypappia
g\éyyov, o Xie (1999) avéntvée to SS-EWMA kot o Thaga (2003) avéntvée to Max-
CUSUM ouaypappo eréyyov. o pior TpoOcOOTn EMOKOMNOY TNG TEPLOYNG TMOV
eviaiov dtaypappdtov Eléyyov deite tovg Thaga & Sivasamy (2015).

O Roberts (1966) sionyaye to didypappe eréyyov pong abpoicpatog (Run Sum)
T0 omoio peretiOnke mepetaipo and tov Reynolds (1971). Apykd, to Sidrypoppia
aVTO TPOTAONKE YioL TNV TOPOKOAOVONGN TOV HECOV UIAG OlEPYACING. TOUPOVO, UE
LT TNV TPOcEyylon ot dvo {dveg MAV® Kol KOT® omd TNV KEVIPIKN YPOUUN
yopilovior oe meployég MOV TOVG AmodideTOl €va okop, Betikd N apvnrikd. H
Aertovpyia Tov daypdupotog faciletar oty TapakoAovdnon g pong abpoicuotog
TOV GKOP KOl OTOV 1) OALTH TIUN TNG OTATIOTIKNG TNG pong abpoiouatog vrepPel
o Oetikn Ty, ToTE diveTon oNuo EKTOC EAEYYOVL OlEPYOCING. ZOUPOVO, LE TOLG
Champ & Ridgon (1997), 660 0 apBuds tmv neploydv avédvetat, 1060 To didypappa
eléyyov pong abpoicpatog yivetar oloéva kal o aviayoviotiko pe too CUSUM kot
EWMA dwypappota eEAéyyov. Q61000 1 EQUPLOYN TOL SLOYPALLATOS EAEYYOL PONG
afpoiopartog yivetar TeplocoTEPO TEPiTAOKT 0G0 0 aplBUOS TV TEPLOYDY AVEAVETAL.
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O1 Champ & Ridgon (1997) avéntuéav pia teyvikn Paciouévn otic Mopkopiovég
aAVGIOES Y1 TN LEAETN TG ATTOS0CNG TOV OOy POUUAT®V EAEYYOV pOnG 0BPOiGHATOG.
O Jaehn (1991) mpdtewve pio €81KN TEPIATOON TOL SOYPAUUOTOS EAEYYXOV PONG
afpoicpatog, mov ovopace Owdypoppo ehéyyov Cwvav, ov Davis et al. (1994)
TPOTEWVAY Kot LEAETNGAV ddpopa draypappota eEAEyyov {ovav Kol To GOYKPLVAY e
Swaypappota eAEyyov eeodlacpuéve pe Kovoveg podv, kol ot Acosta-Mejia &
Pignatiello (2010), Aguirre-Torres & Reyes-Lopez (1999) xau Rakitzis &
Antzoulakos (2016) ypnowonoincav dtorypappoto EAEyov pong abpoicpotog yio v
mapokolovOnon 1Tng dwomopdg oG Olepyociag.  Aloypaupato  AEYYOL OV
YPNOLLOTOOVY TNV TEYVIKN pong abpoicpatog £xovv mpotabel, petafd dAlmv, Kot
and toug Khoo et al. (2013), Acosta-Meija (2013), Teoh (2016) Han and Khooo
(2019) ko Abubakar et al. (2020).

Xmv mapovoa epyacia spapudlovpe v tEYVIKN pong abpoicpatog oto Max
Suypappe, eréyyov yuwoo TN PeAtioon ™EC KAvOTNTOS TOV Ol0ypPAUUOTOS OTNV
TOVTOYPOV TOPOKOAOVONGT TOL HEGOV KOl TNG UETABANTOTNTAG TNG TOPUYDYIKNG
depyaciog. EEetdlovpe TIg 1010TNTEG KOL TNV OMOTEAECUATIKOTNTO TOV SLO0YPAULATOS
Yo Stdpopa pueyédn detypotog Kot Tpokaboptouéveg viog EAEYYOV TIUEG TOV UEGOL
unkovg pong (Average Run Length f; ARL) ypnoomoudvtog texvikég Mapkofiavov
alvcidov. E&etaletar emiong 1 GUVOAIKY] OTOTEAEGUOTIKOTNTO, TOV TPOTEVOUEVOD
LY PAUUOTOG ELEYYOV YPNOUOTOLDVTAG MG UETPO TO OVOUEVOUEVO LEGO UNKOG POTG
(Expected Average Run Length 1 EARL). EmuAéov, yivetar cuykpion g amddoong
TOV SLOYPAUUATOS UE GAAN OVTAY®OVIGTIKA Olaypdppota eAéyyov pe Pdon to ARL.
ITo ovykekpéva, otnv Evomnra 2 mapovsialovpe 1o Max didypappo eAEyyov Kot
peietdpe v pon abpoicpatog o ovtd. Xty Evomta 3, mapovcidlovpe ta
amoteléopata aptOUNTIKNG UEAETNC OYETIKG UE TNV amdd0CT TOL JAYPOULUATOS
eréyyov RSMaxy (aq,as,a3,as). Télog, ot Evomra 4 ocvvoyilovior T
GUUTEPACUOTA TG LEAETNG.

2. POH AGPOIZMATOX XTO MAX ATATPAMMA EAEI'X0OY
2.1 To Max dwaypappa eréyyov

Yrobétovpe OTL M €VIOC EAEYYOV KOTOVOUN TMV TOPUTNPNCEDY EIVOL 1] KOUVOVIKN
KOTOVOUN HE €VTOG €AEYYOL MEON TN Hp Kol Oloemopd o‘c.:. Amd 1 Oepyacio
emAéyovpe toyoio detypoto peyéBovg 1 og TaKTA ypovikd Swwothpota. ‘Eotwm
X, =(X;1 X5, X)) 10 Oglypo mov mpope oty i-ooth  derypatonyio
(i=1,2,..). Otav n diepyooia Aertovpyel vd GLVONKES PLOIKAG HETAPANTOTNTOC
1018 XE-}-NN{}ADJGD:}J i=1.2,., xuj=12..,mn
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Mia ektdg eEAEyyov T Yo To péco Ba exppaletor o¢ py = g+ agy (@ ER)
KOL 1 €KTOG EAEYYXOV T Yo TNV TUTKY omOKAon 0g 0 = bag (b = 0). Ot tiuég
@ = 0 xot &b =1 odnyovv o11¢ evtOg EAEYYOV TIMES TNG WECTG TIUNG KOL TNG TUTTIKNG
AmOKAMONG.

‘Eoto X=(X;, X5, ... X,) éva toyoio deiypo peyébovg n omd TV KOvVOVIKN
katovour N{i, o), kot £6T® 01 GTATIGTIKEG GUVAPTHGELG

(X 4+ Ko+t X 1 o~
X:'[. 1 2 ”}, 52 = Z{X{-—X}I-.
i=1

n n—1

O1 Chen kou Cheng (1998) 6ptoav tig akdAovheg 300 GTATIOTIKEG GLUVAPTHCELS

_(X-w
B CTI.:'(\."E

V= qb-l{hr,!_i(&)}
=

6mov () elvar  GLVAPTNOT KATOVOUNG TNG TUTIKNG KAVOVIKNG Kotovoung Ko H, (-]

i

glval 1 GLVAPTNOT KATAVOUT TNG (I-TETPAY®VO KoTovoung pe 11 Pabuovg ehevbepiog
(ovpP. x3). Ot cratioticég cuvaptioel U, V eivar aveldptnreg S10TL 0L GTOTIOTIKES
GLVOPTICELG X xar 52 givo avelaptnteg oty mepintmon Tuyaiov Jdetypotog amd
KOVOVIKT] KOTOVOLLT).

H ameicovilouevn ototiotikn cuvaptnon oto Max didypappo eAéyyov eivorn
M = max{|Ul, |V]}.

H otatiotikn M Oa moipver peydieg (Betikée) tipég O6tav o pésog g depyaciog
petatonmiotel M/kar 1 petaPfintdémra g depyaciog avénbel n pewwbel. And v
GAAN, n otatiotikn cuvaptnon M Ba maipver pkpés (Betucég) TYEG 0TV 0 PEGOC Kol
N peTafintotnTa Tng d1EPYaciog TAPAUEVOVY KOVTA OTIG EVTOG EAEYYOL TYEG TOVG.

To dve 6pro eléyyov UCL tov Max dwaypauparog eréyyov 0o vroloyiotel pe
TET010 TPOTO £T61 MOTE Vo £ovpe Tpokaboplopévn mhavotnTe oEAALTOC TOTTOL |
{on pe a. Anhodh otav N diepyoocia sivar eviog ehéyxov (X ~N (i, GD:}}, 1oYvEL OTL

1—a=PM=UCL).

Ouwmg, vy v = 0, n evtdg eléyyov cvvdptnon kotovoung Far (V) g M givar ion pe
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Fy () = P(max(1U1, VD) =3) = P(IUl =3, IV = 3)
= P(lUl =PVl = y)

=(e() - o) =[PG] = ¥y~

Yuvenmg, oto Max duypappa gAEyxov £xovpe OTL
~ 5

UcL = ,Jl‘rj?:'v"ﬁ" CL = \‘Il-TI:R

OOV _:{'f:}, elval 10 ¥ m0GooTIH0 GNLELD TNG KOTOVOUNG ;{'f. Orav ypnoiponoovpe to
opwo. mlavotrag, eivar odvnleg vo yPNOYOTOIOVUE TNV OIIUEGO YPOUUN ®OF
KEVIPIKN YPOLLLUN.

2.2 To Run Sum Max dwaypappa gréyyov

e évo Av® HOVOTAELPO JAypappo EAEYYOV, OTTMG givar To Max didypapo eELEYyoL,
N €QUPUOYN TNG TEXVIKNG TG pong abpoicpatog amattel va yopiotel 1 {ovn movo
Ao TNV KEVIPIKT YPOUUY GE TEPLOYES OTIC OTOIEG OVTIGTOLYOVUE dldpopa. okop. Oco
01 J1000YIKES TIEG TNG OTOTIOTIKNG cuvaptnong M méetovy oty TAVO TAELPE TNg
KEVIPIKNG YPOUUNG, TO. Oladoyikd okop abpoilovtal. Qotdéco Otav pio, TUn Tng
OTOTIOTIKNG ouvaptnong M méoel oty KAT® TAELPE TG KEVIPIKNG YPOUHNG TO
afpototicd oxop pndevifetar. Otav to dbpoiopa tov okop Eemepdoet po Kpioun
TN TOTE TO Odypappa EAEYYOL divel oNUa EKTOG EAEYYOV dlepyaciag.

[T ovykekpéva, €0t 0TL 1 {DOVN TAVO OO TNV KEVIPIKN YPOUUY YopileTton o
k+1 mepoyéds mov opoBetovviar omd k  dveo  Opu  gAéyyov, TO
UCL, < UCLy < - < UCL,. Zug k+1 mepoyés [CL,UCL), [UCLy, UCL,), ...,
[UCLy, %) ovTioToyo0pE TO PN GPVNTIKG GKOP @y, @a,..,0xsq. H OTOTIOTIK
GUVAPTNOT TOV ATEKOVILETAL GTO SOy PAULO, EAEYYOV Eival M
CU;—y + aj44, avUCL; = M; = UCLj44

U = {ﬂj avM; < CL

omov M; n TR TG OTOTIGTIKNAG cuvdptnong M yia to i-oot6 detypo (i = 1,2, ...) xat
CUy = 0. To durypappa eAéyyov divel onua ektog eEAEyyov diepyaoiag otav CL; = H,
omov H eivan pio katdAAnAn kprrikny Ty, Ovoudlovpe to didypapuo avtd o¢ Run
Sum Max didrypoppo. eréyyov ko to ovppolriCovpe og RSMaxy (qy, a2, ..., Gps1)-

Eoto pg = P(M < UCLy) ko
p; =P(UCL;_y =M =UCL;), j=12,..,.k+1
omov UCLy=CL wou UCLypsiq =co. Otopovioag OTL Ol TOPATNPNCES HOG

TPopyovtal omd KOVOVIKY Katovoun pe HEoN TN pHy = Hg+ adp Kol TUTKN

54



amoxhon @ = bog, elvolr gokoho va domiotwbel OTL O VTOAOYIGUOG T®V
mOaVOTHTOV P; TPOKHTTEL A TIG GYECELS

po = F(UCLy)
p; = F(UCL;) —F(UCL;—y), j=12,..,k+1,

oMoV

o) = (e G- i) - # (-3 -7p)

.;[':—': [nr X:_.: [ —r
X {Hn—l( - ;f‘}})_hrn—l( - ;;: }})}'

Topo oyetikd pe v emhoynq twv UCLy < UCL, < --- < UCL,, mpoteivovuple,
ovpemva pe tov Khoo et al. (2013), ta napaxdtom opio eAEyyov

UCL; =L x i=12,...k

J.:{" I .I,"-#Tj}’
O1oVL 1 TN TNG mapouéTpov L kabopiletar £To1 dote vo, Egovue to emBountd AR L.
210 mopdv Gpbpo Oo aoyoAnbovpe OTOKAEIGTIKG HE TEGGEPLS TEPLOYEC, TIG

(€L, UCLy), [UCLy, UCL,), [UCL,, UCL3) xon [UCL3,22), ue avtiotorya 6Kop @y, @a,
@3 KOl @4, Kot ovTioToreg mOovOTNTEG Py, P2y Py KOL Psg.

o t otototik)  oyedioon tov  RSMaxy(ay,as,a5,a5)  Slypappotog
TPOTEIVOVTAL TO TOPAUKATM PrpLoTa:

Bipa 1: Emiiéyovpe 10 péyeboc mn tov dstypdtomv, 1o Sédvucpo TV OKOP
(ay, @s,@5,as), ko1 TV Kpiown T H.

Brpa 2: Oétovpe ARLy = c.

Bnpe 3: YrohoyiCovpe v povaduc tiun g L (kon cuvendg ta opra eréyyov UL L;
i=12,...k)écroote ARLy = ¢.

Bipa 4: H diadwaoio eivar ektdg Eléyyov 6to i —oot0 deiypa av CU; = H.

3. ANAAYZH TOY AIATPAMMATOX RSMaxy, (a,, a,, a;, a,)

v mopodco  EVOTNTO TOPOLCLALOVIOL TO OTOTEAECUOTO  UIOG  EKTETOUEVNG
apOUNTIKNG UEAETNG OYETIKO UE TNV OTOTIOTIKY OYedi0oT Kol amddoon dopopmv
RSMaxy (ay,a-,a3,as) Swypoappdtov eléyyov yio d1Geopa GOVOAX OKOp KOl
KPICIHOV TILOV. ZVYKEKPIUEVO LEAETCALE TO EENG DAY PAUUOTA EAEYYXOV:

Cl: RSMaxs(0,1,2,3), C2: RSMax4(0,1,2,4), C3: RSMax1.(0,1,6,12),
C4: RSMax12(0,3,4,12), C5: RSMaxs(0,2,3,8), C6: RSMax14(1,2,7,14),
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C7: RSMaxus(1,3,11,19), C8: RSMaxus(1,3,8,15), C9: RSMax1s(1,2,7,13).

Ta mapamdveo okop mpotddnkav omd tovg Reynolds (1971), Woodall (1990) xat
Davis et al. (1994).

Twég Tov pPéGOL PNAKOVG PONG TMOV EVVEN TOPOTAV® OLOYPOUUATOV EAEYYOV
divovtat otov IMivaka 2. ' Tov vTOAOYIGHO TOV HEGOV PAKOVG POTIG YPNCILOTOLOVUE
™ péBodo g eppvtevong oe Mapkofioviy alveida twv Champ and Rigdon (1997)
(deite emiong Tovg Rakitzis & Anzoulakos (2016)). Xpnowomomdnke evtdg eéyyov
péco punkog pong ARLg = 200, péyebog deiypotog n = 5 ko apywn tyn CUy = 0.
211c 000 TpdTeG oTNAES dtvovtan TiéS TV a Kot b mov kabopilovv v petatdmion
TOV HEGOVL KOl TNG TULMIKNAG OMOKAIONG, OVTIOTOW(O, €v@d otnv Tpitn otnin Max
dtvovror Tipnég ARL tov khaocuwod Max dwaypappatog. Ot évtoves 6To ypodua TIHESG
delyvouv TV KpOHTEPT TN TOV EKTOG EAEYYOL UEGOV pNKoVG pong. Ta opta eAéyyov
KO 1] KEVIPIKN VPO TOV dlarypappdtov eiéyyov dtvovtot otov Hivaxa 1.

E ©0 © © © © © © © ©
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ITivaxag 2. Tués ARL yio to RSMax draypdpuaza eléyyov: ARLy = 200, n =5

o b Max c1 C2 Cc3 c4 C5 cé Cc7 Cc8 c9
0.25 5.09 2.95 2.78 271 3.31 3.06 3.00 2.95 3.06 3.11
0.5 55.23 16.71 1850 27.53 19.49 1899 2040 20.18 19.90 18.80
0.0 1 200 200 200 200 200 200 200 200 200 200
1.2 37.98 3141 29.47 3137 32.27 3098 30.62 30.23 30.89 3045
1.5 7.57 7.39 6.37 6.30 6.96 6.66 6.56 6.51 6.70 6.68
0.25 5.09 2.95 2.78 2.71 331 3.05 3.00 2.95 3.06 3.11
0.5 55.02 9.62 11 17.66 10.72 10.70 11.70 11.82 11.39 10.76
0.5 1 32.42 21.73 21.32 2418 23.65 2259 22.67 22.28 22.69 2214
1.2 14.21 11.71 10.67 1111 11.84 11.27 1118 11.03 11.33 11.19
1.5 5.33 5.59 4.71 4.56 5.10 4.90 4.81 4.79 4.93 4.93
0.25 5.08 2.78 2.63 2.38 3.17 291 2.73 2.73 2.84 2.96
0.5 13.36 3.50 3.46 3.96 4.03 3.76 4.10 3.94 4.08 3.97
1.0 1 4.59 4.14 3.70 3.63 4.08 3.89 3.83 3.81 3.92 3.91
1.2 3.75 4.02 3.95 3.23 3.66 3.52 3.44 3.44 3.53 3.55
1.5 2.74 3.47 2.73 2.54 2.86 2.78 2.71 2.72 2.79 2.82
0.25 3.75 2.59 2.17 1.90 2.77 2.69 2.04 2.08 2.14 2.23
0.5 3.82 2.74 2.53 2.23 3.04 2.81 2.57 2.58 2.67 2.76
1.2 1 2.71 3.07 2.57 2.39 2.76 2.66 2.57 2.58 2.65 2.69
1.2 2.52 3.13 2.50 2.32 2.63 2.56 2.48 2.49 2.55 2.59
1.5 2.15 2.97 2.23 2.06 2.30 2.26 2.19 2.21 2.26 2.29
0.25 1.08 2.00 1.55 1.20 1.37 1.44 1.37 1.42 1.49 1.57
0.5 1.33 2.09 1.59 1.36 1.58 1.61 1.48 1.51 1.55 161
1.5 1 1.59 2.36 1.72 1.56 1.74 1.73 1.66 1.68 1.72 1.76
1.2 1.63 2.46 1.75 1.61 1.77 1.75 1.70 1.72 1.75 1.79
15 1.60 2.49 1.72 1.59 1.72 1.71 1.67 1.69 1.71 1.75

To yevikd cvopmépacpa mov mpokvmtel amd tov Ilivaxa 2 sivor 0Tl Yio peyddeg
avodikég/avEntikég petotonicelc oto uéco (a = 1) ko ave&aptNTeg Tov peyEboug
NG LETATOMIONG TG TUTIKNG ATOKAONG TNV KAADTEPT 0TOS00T] £XEL GYEGOV TAVTIA TO
Suypappa eréyyov C3. Ztig vmolowmeg meputtooelg Kamowo ek tov Cl, C2 kot C3
£YeL TNV KaADTEPT 0IOd00M.

[Mopakdto mapovoidlovpe eVOEIKTIKA OAPOPEG YPUPIKES TAPUCTAGELS TUUDV
ARL tov daypappdtov eréyyov RSMax C2 ka1 C3 kabmg emiong kot tov cuvifovug
Swypappotog eAéyyov Max, yio S1ipopeg UETATOTIOEL 6TO PEGO 1)/KOL GTNV TUTIKN
ATOKALOT).
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Eiwxova 1. Maypeupoza tipov ARL yra ta RSMaxa(0,1,2,4), RSMax12(0,1,6,12)
kou MaXx draypapuoto AEy oL

ARLin=500, a=0.5,n=5 ARLIn=500, a=1,n=5

— [ RSMAX12(0,1,6,12)
RSMAX4(0,1,2.4) I
\ -
I

250 200
L

200
L
a

ARL
ARL

ARLin=500, b=1.2,n=5 ARLin=500, b=0.6,n=5

- PR ———
— RSMAX12(0.16,12) )
MAX MAX

0 0

— T

150 200 250 300
Y

ARL
ARL
AN

0
100

ZUOUMEPAGUOTIKA OO TO. TOPOTAVEO CYNUOTA Y0 T CLYKPIGES TOL KAVOE
npokvmtel 6Tt o, RSMax diaypdppata ehéyyov éxovv mdvto, Kahdtepn anddoon o€
oyxéon pe 1o Max. Qot6c0 Yo aKpoieg UETATOMIOEL TOV HECOV 1)/KOol TNG TUMIKNG
amoKAlong 1 viepoy Tov RSMax diaypdupotoc eEréyyov petpralera.

Mopandve eéetdoape v omotelecuatikdtta tov RSMax dwypauuotog yio
YVOOTEG UETATOTIGES GTO PEGO KOl OTNV TLTIKY amdkAon. Xty mpaén Oumg dev
yvopilovpe TV TPOYUATIK TWH TOV UETATOTWICE®V, ONAMdN TIC TWES TOV
Tapopétpov a, b. Mo mo pealiotikn vedbeon sivorl O6tL o1 petartonioslg a, b givan
TUYoiEG LETUPANTEG. XE aUTAY TNV TMEPIMTMGN 1| GUVOAKTY OTOTEAECUATIKOTNTA TOL
Sypappatog eEléyyov umopei vo amotiun el e to avouevoueEVo oTaBUIGHEVO UKOG
ponc (expected weighted run-length { EWRL)) mov divetat omd tov Tomo

Cmax Pmax ) )
EWRL = j w(a, B)ARL(a, b) f(a,b)dbda
a

min  * Pmin
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(8eite Mukherjee & Sen (2018)), omov fla,b), YO Gppn =0 = Gpge KO
Biin = b = byge, N 07O KOOV GUVAPTIGT TUKVOTNTOG TOV TUYOIOV HETOPANTOV @,
b, w(a,b) sivar katdAAnio Bapog cvvnbwg un apvntikd, kow ARL{a, b) to péco
pAKog pofg Y to. cvykekpyéva a, b. Xvvibog wia,b) = 1, omdte to EWRL
ovopdletar avopevopevo péco pnkog pong (expected average run length 1 EARL),
Ryu et al. (2010).

211 cLVEYELD TOPOVGLALOVLLE TNV ATOTEAEGHATIKOTNTO TV RSMax dwaypappdtov
eléyyov ypnoomoldvtos o¢ pétpo anddoong to EARL. Qg and kowvod cuvéptnon
TUKVOTNTOG TWV TUXaiwV HeTaBANTwV a, b Bempodue T S1UGTOTH OHOWOHOPPN
KaTOvOuUn, ONAaON

1

f{:ﬂ: b} =7 - r Bmin = 0 = Gy, bmiu =b= bmnx-
{-ﬂmn.r - amin}{.bmm - bmin]

[poeavmg 660 pikpdTepn sivar T tov EARL 1660 kaAibtepn amddoon £xel 10
Sudypappo eLEyyov.

Iivarags 3. Tiuéc EARL yia ta RSMax diaypauuota eAéyyov,
a € [0.3,2] kau b € [0.3,2]

ARLgy = 200 ARLgy = 500
n=5% n=10| n=5 n=10
Max 10.8966 3.03307 | 24.7173 5.8567

RSMaxs(0,1,2,3) 5.74659 2.97794 | 8.36368 3.47646
RSMax4(0,1,2,4) 5.56896 2.30526 | 9.06091 2.84361
RSMax1,(0,1,6,12) | 6.36598 2.37598 | 12.5429 3.33545
RSMax1,(0,3,4,12) | 5.57024 2.42394 | 8.93554 3.11908
RSMaxs(0,2,3,8) 5.43125 2.33895 | 8.52398 3.00982
RSMax14(1,2,7,14) 5.6397  2.3491 | 9.05014 3.06656
RSMax19(1,3,11,19) | 5.65234 2.34967 | 9.18396 2.95956
RSMaxis(1,3,8,15) | 5.55136 2.42604 | 9.01893 2.9914
RSMaxi3(1,2,7,13) | 5.76251 2.34419 | 8.86046 3.05815
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Hivaxag 4. Tyés EARL yio ta RSMax draypdpuarta eAéyyov,
a €[0.2,1] kau b € [0.2,1]

ARLg = 200 ARLg = 500
n=5% n=10| n=5 n=10
Max 50.8511 13.4053 | 127.878 29.7315

RSMaxs(0,1,2,3) 21.6464 6.82962 | 43.7367 10.6629
RSMax4(0,1,2,4) 24.3814 6.80852 | 51.4205 10.402
RSMax1,(0,1,6,12) | 32.0523 8.19683 | 73.2454 15.0909
RSMax1,(0,3,4,12) | 24.0734 7.27154 | 50.7586 11.8029
RSMaxs(0,2,3,8) 23.6438 7.1103 | 50.4798 11.326
RSMaxu(1,2,7,14) | 25.1218 7.32586 | 51.1332 11.7975
RSMaxi(1,3,11,19) | 25.234  6.9566 | 52.6417 11.2361
RSMaxis(1,3,8,15) | 24.6878 7.30896 | 48.9352 11.6112
RSMaxi3(1,2,7,13) | 23.4488 6.94337 | 47.3288 11.3598

[Mopoatmpovue omd tovg Tapamdve wivakeg 0Tt To Max didypappo EAEyyov €xetl
YEWPOTEPN OULVOAKN amddoon o€ «kibe mepintwon. Metald 1tov RSMax
daypoppdtev, to RSMaxs(0,1,2,3) éxet oxeddv mavta v KoAOTEPN anddoom, EVD
10 RSMax12(0,1,6,12) ) ye1pdtepn amddoon.

1 ovvéyela cuykpivovpe to RSMaxi2(0,1,6,12) didypappa EAEyyov Tov @aivetot
va €xel v KaAvTepT omddoon og dpovg ARL (deite IMivaxa 2) pe 1o Max-EWMA
Saypappo eréyyov mov mpotewvay ot Chen et al. (2001). Oétovpe 10 €vTog EAEYYOL
péco pnkog pong va givor 250 kot yioo 1o Max-EWMA emiiéyovpe K = 2.785 ko
A =0.10 dote va €yovpe To emBuuntd £viog EAEYYOV LEGO UNKOG POTS. AkoAoVBwG
mapovctdlovpe kdmowo oynuato tiudv ARL yuo didpopec petatomioslg 610 HECO
N/katl ot petafAntoTnra.
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Eiwova 2. Maypaupoza tuov ARL yra ta RSMax, Max kor Max-EWMA
O10YPGUILOTO. EAEYYOD

ARLIn=250, a=1 ARLin=250, a=1.5

& - T — RSMAX12(0,16,12) w o — RSMAX12(0,16,12)
I — MAX — MAX
[\ Max-EWMA Max-EWMA

ARL
10
ARL
i
t
1
{

ARLiN=250, b=1.2 ARLiN=250, b=1.5

b — RSMAX12(0,16,12) = A — RSMAX12(0,16,12)

Max-EWMA Max-EWMA

ARL
ARL

IMopatnpodpe and TIg TOPATAVEO GLYKPIGELG OTL Y10 HIKPESG TPOG PETPLEG AVENTELG
o™ UETOPANTOTNTO KO UEYAAN avénen oo pécso g depyoosiag o RSMax kot to
Max givar KaAOTEPU OTOV €VTIOMIGUO T®V peTatomicemv €vavit tov Max-EWMA
Swypappatog eréyyov. Emiong ywo pikpn adénomn ot petafiAntomro kol peyoin
avénon oto péoco ta RSMax kor Max dwoypaupato eAéyyov eivol KaADTEPA 0O TO
Max-EWMA. Télog ywo peydreg av&Noelg oty HETOPANTOTNTO Kol [ukpn avénon
010 péco 10 RSMax gival kahdtepo 6ToV vtomiopd g petatodniong axd 6t to Max
xat Max-EWMA.
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4. YYMIIEPAXMATA

v mopovoa epyoacio mpoteivetal M ypnon ¢ pong abpoiocuatog oto Max
Sy PO, EAEYYOL YO TV TOPAKOAOVONOT TOL HEGOV Kol TNG UETARANTOTNTOG U0
depyaciog. Avtd o SoypapupoTo EAEYYOL PEATLOVOLY TNV OTOTEAEGUATIKOTITO TOV
Max S10ypaUIOTOC GTOV EVIOTIGUO UIKPOV TPOG LETPIOV UETOTOTICEDY GTO UEGO
W/kat otV UETOPANTOTNTO KOl TPOGPEPOVY TO TAEOVEKTNUA TNG EMAOYNG TOL
embountod evtdg eAéyyov pécov unkovg pong. H amoteAespoTikdTnTO TOL
RSMaxy (ay, a4,a3,a4) Swypaupotog eréyyov a&loloyndnke ypnoipuomoidviog tmy
TEYVIKN TNG eUpUTELONG 68 Mopkoflovi aAvcida yio Tov axpifny VTOAOYICUO TOL
pécov pnkovg pong. Emiong mapovoidcope 10 KOAVTEPO SlAypOLUOTE YlO. TOV
EVIOMICUO  GUYKEKPIUEVOV UETOTOTICEMV GTOV UEGO /KOl GTNV UETAPANTOTNTO.
Avdloya pe to péyebog Ogiyuatog N Kol To €viOg EAEYXOL HECO UNAKOG PONG,
mpoteivovpe ™ ypnon tov RSMaxs(0,1,2,3) 1 RSMaxs(0,1,2,4) Swypoppdrov
gréyyov Y (o) Tov evtomoud pkpav avénocewv oto péco (0 < a = 0.5), (B)
peydhov peiwoemv otn petofintomra (b = 0.5), kot (Y) WKpOV TPOg HETPLOV
avénoov ot petafintomra (1 = b = 1.5). Emnpocbeta npoteivovpe ) xprion tov
RSMax12(0,1,6,12) dwoypaupatog yoo peydheg petatonicels oto péco (a = 1) oe
ovvdvacpo gite pe peydheg peidoeig oy petoPfintomra (b = 0.5), site yio pukpés
mpog  pétpleg  avéfoelg ot petofintotnroa (1 =b = 1.5). EmumAéov, Tt0
TPOTEWVOUEVO S1AYpapLo EAEYYOL Elval KOAVTEPO GTOV EVIOMIGUO UEYOA®V AVENGEDV
otov péoo (@ = 1) wou pkpés mpog pétpleg avénoels ot petaPantotmra
(1=b = 15) andé 1o Max-EWMA. Onwg eniong kot yio. pkpr avénon oto péco
(a = 0.8) ot yio peydin petotomon ot petafintomeo (b = 1.5).

H ovvoliki] omOTEAECUATIKOTNTA TOV TPOTEWOUEVOL OlOYPAUUOTOC EAEYYOL
RSMaxy (ay,a4,a3,a4) anotyunnke kou pe tipég tov EARL y didpopa cevapa
YW TO0 €0PpOg T®V peTOTOTiceE®V. Ot vwoAoyiopol pog £0e1&av OTL TO SOy PALLOTOL
RSMaxs(0,1,2,3) «xor  RSMax4(0,1,2,4) éyovv v KOAOTEPT  GUVOAIKN
OTOTEAECLLOTIKOTITA.

ABSTRACT

In statistical process control for variables the process mean and the variability of a
process are monitored separately. In recent years, it has been a great effort on
developing control charts which monitor simultaneously the process mean and the
variability with a single control chart. The Max chart is such a chart. In this paper, in
order to improve the effectiveness of the Max chart we apply the scoring method in
different areas (zones) of the chart and we calculate the run sum of these scores which
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determines the occurrence of an out of control signal. The statistical design of the
proposed control chart is presented and a detailed study of its properties is performed.
In addition, comparisons are made with other competing control charts using various
performance measures of control charts.
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EXmviko Xratiotiko Ivetitovto
Ipoxticd 33 MaveAlnviov Zvvedpiov Zrotiotikng (2021), oer.65-81

EYOPYH XYXTHMATA I'TA THN ITPOBAEYH
BIOAOTI'IKQN METABAHTQN: EOAPMOTI'H XE
HPQTOI'ENH XTOIXEIA AENTPQN IIEYKHX

Awauavromoviov 1. Mapia
Tuua Aacoroyiog kot Guowov epiBddiovtoc, Epyactipio Aacikng Biopetpiog, A.ILO.,
TK-54124, @eocodovikn, e-mail: mdiamant@for.auth.gr

IHHEPIAHYH

To mpdPAnua edpeons TG KATAAANANG OY€oNs eKTiUNoNG SUCKOAN LETPOVUEV®V PloloyiKmdV
UETAPANTOV TV 0ToiV 01 TIHES SLHOPPMOVOVTAL 0T TOAAOVG Kal 0veEEAEYKTOVG TOPAYOVTEG,
amoteAel TESI0 EVTATIKNG EPEVVAG OTN SOCOAOYIKT| EXIGTNUN. TNV €pYacio ovth diepguvdrtot 1
SuvaTOTNTO TNG EQOPHOYNG EVPVAV GLGTNUATOV, TPOKEWEVOD va ekTiundel to péyebog tmv
SWPETPOV KOPUOV 1OTAUEVOV OEVIPOV G€ 0molodnmote VWog, Aopfdvoviog ®¢ dedopéva
petaPAntég mov pmopovv edkoAa va petpnbovv cto medio. H amotelecpotikotnTa TV
pebodwv depevvatal, cvykpiveral kot agoloyeital, pe okomd v mpodTaon e PEATIOTNG
pebodov péow tng omoiog Ba emtevybel M ektipnon aOTOTNG TANPOPOPIOG, OEIOTOUGILN
GTOV VITOAOYIGUO TOL EVADIOVG OYKOL TV dEvTpmV, KepdilovTag ypdvo, KOGTOG KAl KOO GTIG
petpnoelg mediov.

Aékeic Kieidid: Logistic povtélo, Levenberg-Marquardt Artificial Neural Network
povtéda,Support Vector Machine povtéia.

1. EIXATQOI'H

O moG0TIKOG TPOGOIOPIGUAG TG AVATTLENG TOL KOPHOV TOV 6EVIpOV, amoTerel Tedio
EVTOTIKNG EPEVVAC GTN OUGOAOYIKN EMGTHUN, YIOTL HEGHD AVTOD TOVL TPOGOIOPIGHOD,
dtvetar 1 dvVOTOTNTO €DKOANG Kol KOTA TO OLVOTO 0aKPPOVC OYKOUETPNONG TOV
ICTAUEVOD KOPHOV T®V OEvipov, He HeBOSoLG TunUaTIKAG oykopétpnong. H
avamTuén ToL KOPUOD UTOPEL VO TPOGALoPIoTEl HEG® TOL peYEBovg TV douétpmv
TOoV 6€ daeopa VYN omd to £dapoc. H gbpeon g katdAAning oyéong extiumong
SVOKOAN PETPOVUEVAOV BLOAOYIKDOV UETARANTOV T®V OTOI®V Ol TIES SLULUOPPDVOVTOL
a0 TOAAOVG Kot aVEEEAEYKTOVG TTOPAYOVTEG, OTIMG TO KAIUATESAPIKO TEPIBAAAOV KoL
N Proroyia Tov 310V TOL OpPYUVICUOV, OTOTEAEL KAWL otV axpiPn extiumon g
Euiddovg Popdloc. Ilpog avti tn katevBuveon, M yvoon Tov peyéBovg TmV
SWUETPOV EVOG IGTAUEVOL OEVTPOL GE dLdpopa VY amd To £60(p0g Elvar amapaitnTy,
yioti cuUPAALEL GUEGO KOl OVGLOCTIKG GTNV AKPLBESTEPT OYKOUETPNON TOL KOPLOD,
n onoia e€aptdTor omd Tov apBUd TOV YVOSTOV JUUETP®OV G dAPOP VYN ALTOD
Kol EQUUESO GUUPBAAAOVTOG OTNV TEPLYPAPT| TNG SOUNG TV cvotddnv (Mdtng 2004,
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West 2009). I'evikdtepa, 1 yvdomn g S1doTaong TV SLAUETPOV 6 d1dpopa DYT| TOV
WOTAUEVOY OEVTpmV, Yopic vo eivor amapaitnn 1 VAOTOUNGT TOVG, OmOTEAEL
onuovtikn  mAnpogopic. Yy tnv  opbohoyikny  dwiyeipion TV SUGIKOV
OlIKOGUGTNLATOV.

Nuepa, vmdpyovv oOabéoyueg moAAEg peBodoAoyieg Kol TEXVIKEG KOTAPTIONG
povtéhov extipmong. H  mepiocdtepo  Stodedopévn KOl YPTGULOTOLOVUEV
pebodoroyia eivar avty g maAvdpounong (Draper kot Smith 1998, Ratkowsky
1990) péow g omoiag kataptifovror MOAD KOAQ HOVIEAQ €KTIUNONG UE UIKPE
oyxetikd cpdipato. H duokorio 1 omoio mpémel va avIeTdmoTel ot dtaxeipion TV
Plodoyikav dedopévmv, eivar M TPocEyyion TV TPoLmobEcEDY EQPAPUOYNC NG
Oesopiag g mOAWVIPOUNGONG HE KovoTONTIKN aKkpifelo (AlapovtomodAov Kot
Yropatéddog 2013). Xg dwpopeTikn mepintworn, mpokewévov vo eoybel éva
afomoto  povtéAo  ToAvOpoumone, Oa mwPEMEL Vo avayvoOPLoTOUV Kol Vo
AVTIUETOTIGTOVV TPOPAALOTO TO. 0700, TPOKVITTOVY, GLVNOESTEPH €K TOV OMOIMV
glvar o) n 0oTabng exTiunon TV cuVIEAESTMV ToAvOpounons, PB) Aavlaopéveg
amodoel; eAéyyov vmobécemv, Y) Aavlaouéva TPOCMUO TOV GLVIEAECTMV
TOAVOPOUNOTG, 0) LEPOANTTIKY ETAOYT LETAPANT®V Tov povtédov, kAT (Ratkowsky
1990, Belsley 1991, Draper kot Smith 1998, Chatterjee «k.a. 2000). H mapofiocn tov
TpobmofEécewV aVT®OV amoterel GLYVO PAVOLEVO GE Plodoyikd dedopéva, Onmg sival
To 0EQOUEVOL IOV TPOEPYOVTOL OO UETPNOEIS GE OEVTIPA, GTO OaCIKO TEPIPAALOV,
amoTELMVTAG GoPapd eumOOI0 OGNV €VUPECT €VOC OTOTIOTIKA 0a&LOTIGTOV Kol
TauTOYpOova aKPPods povtédov extipnons. Emmnpocheta, n mtpoondfela evpeong g
KATOAANANG HOPONC HOVTEAOL TOAVOPOUNGCNG TO OTOI0 UTOPEL VO TEPTYPOAYEL TO
TPMTOYEVH ODOUEVE, OTOTELEL 10, SVGKOAT Kot XpovoPopa amaitnor, 1 0moio OUmG
MPENEL VO OVTIHETOTIOTEL emtuydc. [ avtodg tovg Adyovg, Tehevtaio, m
EMOTNUOVIKT] €PEVVA OTO OOCIKO EMOTNUOVIKO Tedio, €xel emkevipmbel otnv
EQupPUOYN VE@V HeBOdV LOVTEAOTTOINGTG, OTOC TOV ELPVOV GLOTNUATOV TEYVITNG
vonuoovvng (Artificial Intelligence, Al) kot Guykpitikng a&loAdyNoNG TOVG UE TIC
eplocoTEPo  KAoowKEG peBddovg povtehomoinong ol omoieg ypnoipomomonKoy
EVPEMG KOl YPNOUOTOI0VVTAL Kol OHEPQ, OTm¢ Y. N Oempio g ToAvOpOUNGNG,
TPOKEWEVOL va dlamiotwbel M xpnodtTd Tovg otV EmiAven TPOPANUATOV TNg
daong épevvag (Youquan k.o. 2013, Awapavtonoviov kot Ztapotédiog 2013, Bayat
k.o, 2020). Meta&d TV TEYVIKOV EVOLOV GUCTNUATOV TOL UTOPOVV Vo
yxpNoLoronfovv yio katdption aélOmeTOV HOVIEA®Y EKTIUNONG Elval Kol aVTh TOV
TEYVNTOV VELPOVIKOV OIKTOV (ANNS) KoOMG KOl TOV HOVIEA®V «VTOGTNPIKTIKNAG
Stovoopotikng ToAwvopounone  (SVMSs). EmmAiéov, oty €£opuén dedopévav, o
aAyopbpog tov tuyaiov ddoovg (Random Forest regression, RFr) (Breiman 2001,
Segal 2003, Prasad «.a. 2006, Cluter k.a. 2011), pmopei va ypnouomombei yio
ADOM TPOPANUATOV EKTIUNGONG TOV TIUMV CLUVEXDOV LETAPANT®V, OT®G eivar 1 Tuyoio
UETOPANTY TNG SOUETPOV TV FEVIPOV.

Ot TeYVIKEG OUTEC ELPELOV CLOTNUATOV JEPELVAOVTAL T TEAELTAIO YPOVIK GE HEYEAO
€0POG JACIKMOV TPOPANUATOV, GYETIKA LE TN OLVOTOTNTA TOVG VO OVOKOADWOLV TIG
oyé0elg Tov Umopel vor cuVOEOLY PLOAOYIKEC HETAPANTEG £TCL MOTE VO OMOTEAEGOVY
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agomot Adon oe daocikd, kot Oxt povo, mpoPinuote (Diamantopoulou 2005,
Diamantopoulou k.. 2009, Youquan «.o. 2012, Aschonitis 2017, Diamantopoulou
K.a. 2018, Ozcelik k.. 2019, Bayat «.a. 2020).

YKOmOG NG epyaciog ovTAG €ivarl OQevOg HEV 1 KOTAPTION HOVIEA®V: o) un-
vpapukng toiwvopounons (NLR), B) vevpovikedv diktowv (ANN), v) vTosTnpikTiKig
dravvopatikng todvépounong (SVMr) ko 8) tuyaiov dacovg (RFr), yio v €dpeon
a&10moTNG GYEONG EKTIUNONG TOV TIL®V TOV SOUETPOV GE dLUPOPO. VYN TOV KOPLOV
tov dévipov Tlevknc, apetépov dg, N GLYKPLITIKN AE0AGYNGN TOVG, TPOKEUEVOD VA
deryBel n KataAnAotepn péB0SOG eKTiUNONG Yo TOL TPWTOYEVY] OEdOUEVA TO. OTTOTOL
avOADOVTaL.

2. MEG®OAOX EPEYNAX
2.1 Agdopéva

Amd 1o mepraotikd ddcog Pessorovikng éktaong 3.018,84 ha, mépbnke cuotnuatikd
detypa peyéBovg n=94 dévtpov IMevkng (Pinus brutia). Exi tov koppod tov dévipmv
avTOV pueTpninkav 1 dduetpog oe Hyog 30 €KOTOGTA OO TO £d0(OG, (TPEUVIKT
duapetpog, doz) ko M dduetpog o€ vyoc 1,3 pétpo amd 10 £00pog (otndnia,
duapetpoc, di3) pe mayvpetpo, ot drdpetpot (di) avéd éva pétpo méve amd ™ otbioia
SapeTpo pEYPL T0 0AMKO Vyog kabe dévTpov pe pehaokomio Kot T0 0Akd VYog (hiotal)
Kké0e 6€vtpov Tov delypatoc, pe to vyouetpo Blume-Leiss (ITapdaptnua, [ivakag A.).
Metd v oloxkApmon Tov petpioemv mpoékvuye delypa peyédovg n=445 ypopucdv
dedopévov. [Ma ) depedvnon Kol KATAPTION TOV KATOAANAOTEPOL HOVTEAOV, OTNV
TEPIMTOGT LOVTEAOTOINGNG HECH TOV TEYVIKDY TOV EVGLVAOV GLUGTNUOTMV, TO dEtylol
TV n=445 ypappmv deS0UEVOV YOPISTIKE KAVOVTAG (pNoT TUYXoimV aplOudv o€ d0o
SLKPITA LEPT: 0) OTO OElyla TV SESOUEVAOV KAUTAPTIONG TOV KOTAAANAOD HOVTEAOV
(fitting data set) to omoio amotelel 0 90% TOV GUVOMKAOV YPAUU®DY OESOUEVOV
(n1=401) «ou P) oto deiyua TV dedopsvov eralnBevong tov povtélov (test data set)
OV KOTAPTIOTNKE, TO omoie omotelovvtol amd Tig vroroweg 10% ypoppés
dedopévov (n2=44). Ta dedopéva emainbevong dev ypnoyomomonkay ce Kavéva
onueio ¢ dadKaciog KATAPTIONG TOV UOVTEADV ELVELAOV GLOTHUATOV. XTnV
MEPIMTOON NG KATAPTIONG TOV HOVIEA®V U1 YPOUMIKAG TOALVOpOUNoNG, Ogv
ypMnolLonomdnke avtdg o Sywplopdc yiati dgv emdpd OTNV  KATAPTION TOL
povtédov maAvdpdunong (Hursch 1991).

2.2 Movtélo pun-ypoppikis taiwvdpopnong (non-linear regression model, NLR)

IIpv v KatdpTIoN TOL KATAAANAOL HOVTELOL TaAWVOPOUNOTS TO omoio Ba £xel ™)
SuvaTOTNTO VO EKTIUA TNV EUPAOLD SIAUETPO GE OMOLOONTOTE VYOG TOV 1GTALEVOD
KOPUOV, EQUPUOCTNKE OIEPELVNTIKY OVAAVOT] TOV TPAOTOYEVOV Oe00UEVOV HE TN
yxpron tov otatiotikov mokétov IBM-SPSS (IBM-SPSS 19, 2016), mpokeipévov va
dtepevvnBovv o1 Pacikdtepeg TPoTOBEGEIS EPAPLOYNG TN TAAVIPOUNONG (KOVOVIKY
Katovoun g e&optnuévng HETOPANTNG kol opoloyéveln dwokvuaveons). Eywve
TPOGUPUOYT] €VOC UEYOIAOL aplBpoy €EI0MOEMV TOAMOTANG KOl  UN-YPOUUIKNG
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moAvdpdunong oto dedopéva, LE TN YPNON TOV OTATIOTIKOV pe e&aptnuévn
petofAnty v (dildis) kou aveEdptnteg petaPintéc v mpepvikn Stdpetpo (dos), To
0Ad VYog (hiotar) KoL TO VoG €KEIVO GTO 0mOi0 YpetdleTal 1 EKTIUNOT TNG ELPAOLOG
Swapétpov (hg). O odydpiBuog tov Levenberg-Marquardt. ypnowponomdnke yo. tnv
KOTOPTION TOV UN-YPOPMKOV eElo®@oemv. MeTa&h TV HOVIEADV UN-YPOLLLIKIG
ToAvdpounong ta onoia depgvuvidnkav, to logistic (1) povtého (Ratkowsky 1990),
£0MGCE TNV KOADTEPT) TPOCAPUOYN GTO dESOUEVQL:
d; 1
= _[El+82'd0-3+53'htﬂIa[+a4'hdf)] (1)

dl.ﬂ 1+ S[
Omov 0i=1,2,34 £V O1 GUVTEAEGTEG TOAVOPOLNGTG.

EEatiog g avopoloyévewng tng Swokdpavong mov gpeavifovv ot ddpeTpot,
¥PNOILOTOM0NKE GTAOUIOT TOV LOVTEA®Y TOAVOPOUNGNG T OOl d1epeuviOnKay.

2.3 Movtého vevpovikod diktvov (Artificial Neural Network model, ANN)

Mo v KatdpTion Tov HOVTELOL VEVP®VIKOD SIKTVOV, dNAAON Yo TNV €OPECT TOV
KOTAAANAQV TILOV TV Bapdv (Wjk) Tov SIKTOOVL, XpnolLomombnke n dopn g
TOAVGTPOUOTIKNG avTidnyms-vonong (Multilayer perceptron, MLP) (Ewova 1).

Eixova 1. Apyitextovikn dour) TS TOADOTPOUATIKNG AVTIANWNG-VOoNG

Eningdo £16660 Eningdo ££060v

TKpUppéYe..
emimedo

‘Evo. poviého  vevpovikod SIKTOOL  EMOMTEVOUEVIC UHAONONG  eKToUdEVETIL
ypnoponoidvtag Koppovg (nodes). Xto eninedo sicaywyng Ppickovol or petaPfAntésg
€10600V Kol oto eminedo €£6dov Ppioketor n petafinti €£600v. Ot petofAntég ot
omoieg ypnowomomdnkay ota 000 avTA emimedo eivon 101eg pe TIC aveEapTnTES
petopAntég kot v e€aptnpévn uetaPfAnTy, ot omoieg ypnoipomomOnKay Yo TV
KOTAPTION TOL HOVTEAOL UN-YPOUUIKNG Talvopounone. Evoidueca avtmv, vrdapyet
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T0 Kpuppévo emimedo, Omov ekel 0 KOTAAANAOg apBudg tev KOuPov oL
ypnowonomnkay, depevvidnke apyiCovrog amd 1 kopPo péxpt 10. To povtéro
VEVPOVIKOD SIKTOOL TO OMOI0 KaTapTioTNKe emMALYONKE vo eivar owtd TO 0Moio
ypnowonotel tov olydpibuo exmaidevong tov Levenberg-Marquardt (LMANN), wg
évag evolapecog aiyopidpog peta&d tov Gauss-Newton, evog ypriiyopov aiyopifpov
kot Tov gradient descent, evog otabepod akyopiBuov, o€ o mTpoomEbeio va
CEKUETOAAELTOVUE» TO. TAEOVEKTAHOTO Kol TV 000 oiyopibumv. To upoviého
KotopTtioTnke kavovtoag ypnon tov software tng Matlab (Beale k.o 2014). H
OTOTELEGUATIKOTNTO KOl 1| oUykAon g ekmaidevong tov LMANN  povtélov
g€optdrar onuovtikd omd v opbf emioyn Tov cvvieAeot p (combination
coefficient, w). T'" owtd 10 Adyo, kotd v Katdption tov LMANN poviélov
dtepguvnOnke N KaTdAANAN Tun Tov p. AnAadn, dokiudotniay Tipég pe Evapén and p
= 0.01 xor ypnowomoldviag &vav cLVTEAESTN] mpocaproyng V = 10, o omoiog
TOAAOTAQGLALOVTOY 1 OloUpPOVVTOY LE TOV OCULVTEAESTN U, UEXPL VO KOTOPTIOTEL
HOVTEAO LE TO LIKPOTEPO AOPOIGLA TETPAYOVIK®Y GPUAULATOV, TO 0mtoio oplofeTovioe
TOV TEPUATIGUO TNG ekmaidevone. Aemtouepng Bewpntikn avamtuén g doung Kot
AELTOVPYIOG TOV HOVTEL®Y VEVPMVIKGOV JIKTO®V umopel vo Ppedel oty moilvminon
debvn Piproypagia (Gurney, 1999, Haykin, 2009)

24  Movtého UVTOGTNPIKTIKIG OlOVUGHOTIKNG moAvopouneng (Support
Vector Machine model, SVMr)

Xe YeVIKEG YPOUUEG, KATA TNV eQapuoyn TG texvikng SVMr apyikd onpovpysiton
évag ympog mAdtoug 2, pe €>0, £1o1 Mote Ta apyikd dedouéva va Ppickovtot evtog
Tov Swomnuatog [-g,1+€]. Zn ovvéyewr ypnopomolovvtar cvvaptioelg kernel
TPOKEWEVOL Vo, TPoPANBovv ta dedopéva og Evav VITEPYDPO M-FUCTACEDY OTTOL Ol
TOAOTAOKEG U1 YPOUUIKEG OYECEIC UETOED TOV TPOTOYEVAOV SEOOUEVOV Vo, gival
duvatd vo avorapactafody amhd pécom ¢ BéATIoTg gubeiog ypauung (Williams
2011) (Ewova 2). O PéAtiotog mpocavatolouds tng evbelag emituyydvetor e
EAOY10TOTOINON TNG AVTIKEEVIKTG CLVAPTNONG TOV TPoPANUaTog BEATicTOTOIMMGNC N
omoia. cvumepthaupaver ™ oSopbotikn petopint (&) n omoia ypnouomolsiton
TPOKEEVOD VO GUUTEPIANPOOVV OA0. Ta oTUEi SEGOUEVOV EVTOC TOV VITEPYMDPOV M-
SloThoEV.

H woavomta Tov GLOTHUNTOS TOV VTOCTNPIKTIKOV OlVUCUATOV To,  omoia
dnuovpyodvtar Tpokeévov to SVMr povtédo va Exet v duvatdtnta, T oKpBovg
ektipmong g e€optnUéVNg LeTaBANTG, EAEYYETOL OO TPEIS LETA-TIAPOUETPOVS, TNV
(C), ¢ omoiog N TR kabopilel TV TOAVTAOKOTNTA TOV GLOTHUOTOS GE OYECT WE
v akpifela wov emttvyydvetal, ™ (y) n omoio kabopilel v EvkAeidia andotaon
HETAED TV VTOGTNPIKTIKAOV dlovucHaToVv (Support vectors) kot v (€), Tng omoiog n
T kobopilel 10 TAGTOG TOL YDPOL O OTOI0G YPNCUOTOLEITUL YO TV EKTTaidELON
tov SVMr povtélov, £€tol dote vo dtuo@oliletarl Tt 1 XAV TG AVTIKEUEVIKNG
ouvaptnong Pertiotonoinong odnyel g yevikd ehdyloto o@dApa. Ot BEATIOTEG TIEG
TOV TPIOV UETA-TOPAUETP®V Tpocdlopiotnkay péocw tng owdikaoiog grid search
(Kavzoglu and Colkesen 2009) kot pe spappoyn g texvikng k-fold diaotavpopévng
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emkvpwong (k-fold cross validation), pue k=10. TéAog, 0 THmog TG cuvaptnong kernel
0 omoiog ypnoomomnke frav owtdg g akTvikng Paong mupnva (Radial Basis
Function, RBF). H exudfnon tov pHoviéAOL VLTOGTNPIKTIKAG OLOVUGUOTIKNAG
TOAVOPOUNCTG TPOYPUUUOTIOTNKE O YAMOGO mpoypouuatiopov Python (Van
Rossum kot Drake 2011, Python Software Foundation), pe yprion tov BifAodnkov
¢ scikit-learn (Pedregosa x.a. 2011). Aentopepng Bempnrtikn avamtoén g doung
KoL AEITOVPYIOG TOV HOVTEA®Y VITOGTIPIKTIKNG SIAVUGUATIKNG TOAVOpOUNONG Urmopel
va. Bpebei oty ToAvrAno1 diebvn Biproypagio (Olson and Delen, 2008).

Eixova 2. Epopuoyn teyvikng SVMr

2.5  Movtého Toyaiov ddcovg (Random Forest regression model, RFr)

ITpoxettal yio Evov £momtevOuevo oAyopiBpo unyovikng uénong. O Random Forest
regression, RFr aAyopiBpog Paciletor kot ypnoiuonolel meptocdtepo. amd éva, dEvIpa
amopaong (decision trees), yi” avtd £yel enikpatioet 1 oporoyia «ddcoc» (Ewova 3).

Ta dévipo amopdoemv ota omoia 1 HETAPANT 6TOYOG Elval GLUVENNG, ATOTEAOVV Ta
dévtpa ToAvopoumong. To tuyaio 8G60¢ amotelel GUVOLO N GLAAOYN TV JEVTIP®V
maAvdpounong tov omoiwv v mAnpogopic. ypnowonotel. Koatd m odwadikacio
EKTAIOEVOTG, Ol TOPATNPNOELG TOV TEPIAAUPAVOVTOL GTO GET SEDOUEVOV EKTTAIOEVOTG
YPNOLOTOOVVTOL  UE  OTOYO TN Onuovpyion  peydiov  mAnOovg  dévipav
maAvdpounong, kabévo omd to, omoio ExEl SUPOPETIKEG TOPAUETPOVS EKTAIOEVONG
K0l GUVETMDG CUUUETEYEL e SLOPOPETIKO TPOTO TN dladikacia Tpofieyne. H telum
TPOPAEYN YO IO TOPUTIPTON TPOEPYETAL OO TO GLVIVAGHO OAOV TV ETUEPOVG
npoPréyewv, Yeyovdg mWOV OE  GUVOLACUO HE TO  OLPOPETIKA E0MTEPIKA
YOPOKTNPIOTIKA TOV KAOE dEVTPOL, eVioyDeL TN duvatoTnta Yevikevong. Amotedlel éva
gldog expdbnong Suipbpmwong amopdoemv, Poacilopevo o€ HOVTELO TPOPAEYNC,
TPOKEEVOD LE OEOOMEVEC TIG TIHEC TOV TOPATNPNOE®V TOV  OVEEAPTNTOV
petafAntav va givar og 0Eom va EKTIUNGEL TI OVTIOTOWEG TWEG TG EQPTNUEVTS
petafintig. O exktunoelg g e&optnuévng petapinmmge eEdyoviar og LEGOG OPOg
TOV OTOTEAECUATOV TOV EMUEPOVS OEvTpmv. Kdbe empépoug dévipo TaAvdpounong
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amoteAeiTon amd £va GUVOESEUEVO SIAYPOLLLLO POTIG. X aVTO, VILAPYEL EVOG LOVAIKOG
apyds kOpUPog amd tov omoio Eekvovv apykd dVo akuég (KAadld) Kot KaTaAnyovv
0 KOUPOVG «TodLd» T OTOio, TPOEPYOVTAL OO TOVG YOVIKOUS KOuPovg. o kdbe
KOpUPo vapyel o cuvnkn Kovomoinone. Epocov awtdg o otdyog dev emtevydet,
mpoywpdel 1 dwdikacio og véo kopPo kot véa tadrd (Ewdva 3).

Eixova 3. AiapBpwon toyaiov daoovg

AeSopéval
Aedopéva Asdopeva
eknaidevonic (90%) aflohoynoncg (10%)
4 .

Asiypa 1

)
L]
1° Aévtpo /\A ° Bg
noAw8popnong |:| naAvdpounong El Ql
P

[]

~

0
N
\ O
]
N

O aAyopiBuog tov Tuyeiov OGc0oVE TAPOLOIALEL £Vo ONUAVTIKO TAEOVEKTNMUOL
amo@evyel v vrepmapouetponoinon (overfitting) tov poviédov. To Pooikd
petovékTuo tng HeBodov ivar 6Tl 0 GYESIOCHOG TOV £)EL Yivel KOTA TETOWO TPOTO
®oTE vo pnv €yel T OSvvaTotnTo Vo TPoPAEmEl TéG mEPOV TV opiev TV
petafAntov pe Tig omoieg £yel ekmodevtel. H exuddnon tov poviélov tuyaiov
G00VC TPOYPOUUOTIOTNKE GE YADGGO TTpoypappaticpod Python (Van Rossum ko
Drake 2011, Python Software Foundation), pe ypnon tov Biprodnkdv g scikit-
learn (Pedregosa «k.o. 2011). Aemtouepric Osmpnrikn avamtuén g Soung Kot
Aertovpyiag TV HovtéAwv tuyaiov ddcovg pmopel va Bpebdel otny moAvmAndn debvn
Biproypaeio (Breiman 2001, Cluter x.a. 2011).
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2.6 Kpuripuo a&lohdynong Tov povtéhov

IIpokewévou va aforoynfodv ta HOVTEAD ELVELAOV GCLGTNUAT®OV T  OmOid
KOTOPTIOTNKAV Y10 TV EKTIUNON TOV SLUUETPOV TOV KOPHOD SEVIPOV GE OTOL0ONTOTE
VYog amd 10 £50(p0G, GAAGL KOl Y0l T1 CLYKPLTIKY 0ELOAGYNON TOV TEYVIKOV Ol OTOIEG
gpopuooTnKav, petad Tovg, yprowomomdnkay To ototoTikd pétpa: 1) o
ocuvtereotg ovoyétions (R) petald tov mpaypatikdv TV Kol TV oavticTolyov
TIUOV TOL MOVTEAOL, 2) TO MEyloto omoilvto oediua (MaxAE) petaéd tov
TPAYULATIKOV TIUOV KOl TOV OVIIGTOY®V TIHOV ToL Hoviédov, 3) 10 Tumkd péco
tetpay@vikd opdipa (RMSE) petagd tov mpaylatikdv TIL®V Kol TOV EKTILOUEVOY
TIUOV 076 To povTéro kat 4) o deiktng FI tov Furnival, mpokeiuévou va eivar @ikt
1N oOYKPIOT TOV LOVTEAWDY EVGLVAOV GLOTNUATOV UE TO KAADTEPA TPOGAPUOLOUEVO GTA
OedopéVO LOVTEAD UN-YPOULIKY ToAvdpounons. Amotedel €vav mOAD OMUOVTIKO
delktn yloti pmopel vo xpnolonombel 6 TEPITTOOELS TOV VIAPYEL AVAYKOOTNTO
GUYKPIONG TNG TPOCOPHOYNS eloMoe®V Ol 0Toieg dgv £xovv TNV 10 EKPPOCT NG
eEapmuévng petaPAnme. Metaoynpatilel To TomKO GEAANLE EKTIUNONG GE LOVAJESG
mg  eCapmmuévng  petafintig. O odeiktmg  FI  vmohoyileton ®g FI =
RMSE:(TTapayovtag), 6mov o [apdyovtag 1600TaAL [LE TOV OVTIAOYAPLOHO TOV UEGOL
NG AVTIGTPOPNG TPDOTNG TAPOYdYOV TG e&opTtnrévng petafintig tng e&lomong, g
po¢ 10 hww. Oco M T tov deiktn avtod givar pukpdTePn, TG00 KAADTEPQ
TPOCUPUOGHEVO EIVAL TO LOVTELO GTO, OEOOUEVQL.

3. AIIOTEAEXMATA KAI XYZHTHXH

H yvoon tov dopétpov evdg 16TANEVOD KOPUOD GE OMOLOONTOTE VYOG OTO TO
£€00.p0g, amotekel pa eminovn dadkacio 61o medio. H yvdon tov Tipdv avtdv tov
Swpétpov pe axpifela, diver tn dvvatdotnTa Oyt UOGVo TG aKPPOVC TUNUOTIKNG
OYKOUETPNOTG TOV KOPHOV, 0ALG Kot TNV SeEaymyn CUUTEPAGUATOV Vi TN SOUT| TV
ovoThdMV pe amotédecpa TNV opBoloywkn Swyeipton tovg. ['ovtd 10 AdYyO,
TPOKEWEVOL va dtepevvnBolv dtdpopes S1adkacieg Lovtehonoinong g SopUETpov
TOV SEVIPOV GE SLAPOPU VYT, TOGO KAUGIKEG OGO KOl EDPLVAOV GLGTNUATOVY, ThPONKe
ovotnuatikd detypo peyéBovg n=94 oSévipwv Iledkng (Pinus brutia), omd 710
eplooTikd 0a00g Beccarovikng, éktaong 3.018,84 ha, Ta meprypapiKd GTATIOTIKA
otoyeia yio v tpepvikn (dos), T otnbuoia didpetpo (dis) kat to oAtkod Hyog (Niotal)
TOV JEVIPOV TOV TPOTOYEVAV dedouévev, divovtot atov [ivaka 1.

Ilivaxag 1. leprypopikd. oToTi0TIKG TTOLYEIO, TV TPWTOYEVAOY FEGOUEVQV
MetofAnt)  Méoog Tomiko Méyiot ELdyiom Awxopavon

oQaALL T T

uécov
do.s, K. 18,93 0,3045 39,0 9,0 41.25
dis, k. 15,02 0,3191 38,5 6,0 45.31
Ntotal, 1. 6,95 0,0848 12,0 3,3 3.20

T v katdption TV eEI6DCEDY TAAVOPOUNCTG, 1| AVOLOLOYEVELD OTT SLOKOLLOVOT
g e&aptnuévng petaPinte aviyetoniomnke pe otdbuion. H depedvnon tov
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KatoAAnAotepov otabukon éywve pe T péBodo g péyiotng mbavopdvewnc. To
otafpKd Tov mpoékuye e Pdon T KOOV TOV TIUOV mg Swopétpov, HETA omd

depevvnon oto ddotnua Tiwodv [-3,3], ava 0,1, ntav w; = 7
'_ 3-

H depguvmtiki avdivon tov TpoToyevady 0ed0UEVEVY E0E1EE LKPN OTOKALOT O TNV

Kavovikotrta. Amd ta Onkoypaupata e Ewdvag 4, eaivetar n d10pbwon g

OVOLLOL0YEVELOG TNG OlaKO VOGS TNG EEQPTNUEVNG LETOPANTNG LET TN oTdOuio.

Eixova 4. Onroypouuoata eCoptnuevns petofintne oe un otauicuéves (o) koi oe
aroBuiouéves (B) tiuég.

1.0
0.8

0.6

o)
04
02

0.0

Twég di/d1.3 Iradpopéveg pég d/d1.3

A6 TV €QUPLOYT TNG TOALUTANG KO UN-YPOUUKAG TOAVOPOUNGNC, TO LOVTELO TTOV
TPOGOPUOGTNKE KaAVTEPO 0T dedopéva Ntav to logistic (€. 1) povtéro. O leyyog
GTOTIOTIKNG ONUAVTIKOTNTOG TOV GUVTEAESTOV TaAVOpoOunong divetat otov Ilivaka 2
Kol €0e1&e OTL OAOL Ol GUVTEAECTEC TOAVOPOUNGONG €ivOl OTATIOTIKG GMUOVTIKG
S1aQopot TOL UNdEVOC.

Ilivaxog 2. Tiuég ovvedeotv motivépounons kai 95% oovURTOTIKG O100THUATO.
sumoroabvig (a=0,05), yia 10 orabuiouévo Aoyiouixd (logistic) poviédo (g€ 1).
Yto0uopuévo HovTELD un-yp(wuu(ng ToAWVSpOUNCoNG,

ue oTadpKod: w; =
d; . 1
E e II:'l + e["~9'-+9='dna+95'hrura:+ﬂ4-h.ﬁ}]}' Wi

'_H-:ID"

2UVTEAEOTEG Acountotikd SO, EUTIGTOGVVG
TOAVOPOUNGONS T Koatotepo 6p1o Avotepo 0plo
01 1,184 0,982 1,387
02 -0,024 -0,035 -0,014
03 0,302 0,262 0,343
04 -0,638 -0,676 -0,599

IIpokewévov va eleyyfel m ocvunepipopd TPOPAEYNG TOV HOVIEA®V ELELOVG
péonong (LMANN, SVMr kar RFr) oe véa dedopéva, ta mpmTOYEVH] OEOOUEVA
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Swpénkav toyaio oe dvo tunpata: oto 90% tov dedopévev TO omoio
YPMNOLOTOONKE Yoo TV KATAPTION TOL HOVIEAOL Kot 6to vroiouwro 10% ywa tnv
doKun Kot eMOANOgVGT TOV EKTOIOEVUEVOL LOVTELOL GE VEN OEJOUEVA, TO OTTOL0 OEV
ypnoonomnkoy oe kapio @AcT TNG KOTAPTIONG TOV HOVIEA®V ELQLGOV
GLGTNUATOV.

I'a mv xatdption oo LMANN povtélov, yio 1o 90% tov dedopévov Katdptiong
OV pOVTELOV, ypnotpomombnke 1 texvikn k-fold dwctavpopévne erkopoong (k-
fold cross validation), pe k=10, mpokeévov vo daopariotel n xpHon Stadoyikd
ooV TV dedouévov katdptiong (1o 90% tov apyikdv dedopévev) apevog o
ekmaidgvon Towv povtélwv (training), agetépov yia enikdpwon (validation).

H amotedleopatikn ekmaidevon tov LMANN povtélov e&aptdtal onuavtikd amd v
TEAIKN T TOV OmOoPecTKoV Tapdyovia (K). Avti 1 TEMKN TN TPOcIopicTNKE
UeTd amd dokiuég, apyilovrag amd v Ty 0,01 Kot ¥pNCIUOTODVTAG TO GUVTEAEGTY|
wpocapuoyng v = 10, péypt vo emttevybel to LKpOTEPO CEAALD DE@PNTIKOV TIUDV
Tov povtédov. H Béltiotn Ty 1ov amocPecticod mopdyovta (1) Ppébnke ion ue
0,00001. To povtédo LMANN «kartaptiotnke petd omd 502 exovainyerg (epochs). O
Bértiotog apBudg tv aplfudg Tov KOUPOV Tov KPUUUEVOL EMITESOL EMAEXONKE e
Baon v texviKn dokipaciog-Adbovg (trial and error), dokwudalovrag and 1 éwg 10
koupovg. O Pértiorog apBudg tov KOUPmV 0 0moilog €AUYICTOTOOVGE TO HEGO
TETPAYOVIKO GQAANO Tov poviélov Wtov icog pe 7. Téhog M ocvvdptnom
gvepyomoinong mov ypnopomombnke Ntav 1 un-ypouutkn e&iocwon UETOQOPAS
tanh(s) (Fausett 1994).

INo v xotdption tov SVMr poviélov, ypnowomombnke m teyxvikny k-fold
dwotavpouévng emtkopmong (k-fold cross validation), ue k=10. Xpnoonoudvrag
ovvaptnon kernel RBF (radial basis function), o kaAvtepog cuVELAGUOS TOV TPLOV
peta-mopopétpmv depeuvinke kot Ppébnie petd omd JOKIUR GLVOVOGUDV TOV
TIUWOV  TOVG, upéo® ¢ TeYvikng grid search. Tw 1t Oigpedvion  avty
¥PNOILOTOONKOV TIHEG TN LETA-TOPAUETPOV (€) oTo gVupog amd 0.001 péypt 0.1 ava
0.01, tipég g (C) oto evpog amd 1 péypt 100 ava 1 kot Tipég g (YY) oTO €VPOG OO
0.1 uéyptr 1 avé 0.01. Kabe cuvdvooudc tov mopamive Tiumy eléyyOnke 66ov apopd
TNV TPOGOPLOYT TOV HOVTELOL GTO, SEGOUEVE, KATAPTIONG, LECH TNG TIUNAG TOV UEGOL
TETPAYOVIKOV GOAAHOTOC. Telkd, 0 KOADTEPOC GLVOLOCUOS TOV TPIOV UETO-
nmapopétpov Nrav C=25, e=0,01 kot y=0,21.

H exmaidevon tov poviéhov toyaiov ddcovg &ywve pe ™ ypnon 100 dévipav
TaAvdpounong tov onoiwv o apludg amoeoacioTnke HETd amd SOKUWEG aplOpmV
dévipav amd 2 £wg kot 150. Alomotddnke 611 petd ™ ypnon tov 100 dévipov dev
vinp&e onuavtikn PeAtioon Tov LEGOL GEAAUATOG EKTIUNOTG OE@PNTIKAOV TIL®Y 0d
t0 povtélo. Emiong, emdéybnie n bootstrap puébodog, doov agopd v emthoyn TV
dedopévov yuo kabe Oévipo maAwvdpounomng, €Tl ®OTE va Tuyotomombel e
enavAEOec TANPOC N EMAOYN TOV SESOUEVAOV KATAPTIONG TOV SEVIPOV OTOPACTG.
Téhog, emhéybnke mopéupacn oto Pdboc tov KAAdwv TV dévipwv, otovg 10
KAAOOVE, TPOKEWEVOL VO UMV LIAPYEL VIEPTOPAUETPOTOINGT TNG EKUAONONG TOL
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SEVTPOL amdPACNG, LETE O EMOVAANTTIKNY S101KAGT0 EKTOIOEVLGNC TOL LOVTEAOV.

Ta otatiotikd kprrpla aEloAdYNoNG Yo T0 GuVoAMKO delypa tov 445 ypappdv, yio
To. povTélo T omoio KatapTiotnkay, divovion otov Ilivaka 3. Eiwdwotepa, yio 1o
OTOOMGUEVO HOVTELD TNG UN-YPOUUIKTG TOALVOPOUNGNG, XPNOOTOONKE 0 deikTng
(D) tov Furnival mpokeiévov va PETOOYNUATIOTEL TO GOAALO TOV CTAOGUEVOV
e€100D0EMV (LETOOYNUATIGUEVEG TILEC GOAALATOG) OTATE VO Elval GLYKPIGIHO UE TO
avTIoTOY(0 GOAALOTO TOV VTOAOIT®MV HLOVIEA®V.

Iivakags 3. Kprtipio alioloynons twv povieAmv

Movtélo E€aptnuévn R MaxAE RMSE Mapayovtag Aegiktng

petafAnti Furnival
NLR d,/dyz-w; 08928 0,3404  0,0611  1,6921 0,1034
LMANN d;/dy 3 0,9328 0,2925  0,0824 1 0,0824
SVMr d;/dy 3 0,9551 0,3169  0,0681 1 0,0643
RFr d;/dy 3 0,9696  0,2790  0,0561 1 0,0561

Onwg oaiveton otov Ilivaka 3, 6Aa to otatiotikd pETpa afloldynong £xovv
KaAvTepeg TIHEG Yo To RFr povtédo.

Tnv ouécmg KoADTEPN TPOGOPUOYT GTO dESOUEVE, TOV OelylaTog Olvel TO UOVTELO
SMVr, akoiovBei 10 poviédo vevpwvikov doiktbov LMANN, kot oty ocvvéyew
akolovBel 1 e&lowon WOV  AvVOPEPETOL  OTN  UN-YPOUUIKT]  TOALVOPOUNGM.
SUyKeKPIUEVA, TO TUTIKO oQALUa exTiumong Bewpnrikov tudv (RMSE) yo to RFr
povtého, givor katd 54,25% pikpotepo omd o avtictoyo cedipa tov logistic (€& 1)
povtédov, 12.75% pkpotepo and to avrtictoryo cedipo tov SVMr povtéiov, kon
31,92% pikpdtepo amod 1o avtiotoryo oedipa tov LMANN povtérov.

AxoAlovOnce oviAlvon VIOAOITOV TOV TECCAPOV UOVIEA®V, amd TNV omnoio
TPOEKLYOV VTTOAOUTO. WOPIG ONUOVIIKEG OTOKAIGEIS Omd TNV KOVOVIKE KOTOVOUN
(Ewova 5), pe pkpn kou oporoyevy dwacmopd (Ewdva 6), yeyovdg mov vrootnpilet
TNV GTATIOTIKA 0pO KATAGKELT TV LOVTEAWV.

Ta mopomdve EXTUOEVUEVO HOVIEAN EVOVAOV GUOTNUATOV OOKIUACTNKAV GE VEO
delyua dedopévav pe Nn=44 ypouués. Ta mePypapikd GTATIGTIKG, Yo, TIC LETUPANTES
€10000V TOL JELYLOTOC KATAPTIONC TOV UOVTEAWDY EVPLMYV GLUGTIUATOV KOl TOV VEOD
delyparog, divovtor atov [livaka 4.
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Ewova 5. loroypauuora vworoinwv (o, f, v, ka1 d) yia ta povréAa NLR, LMANN,
SVMr xai RFr, avtiotoryo.

(a) (B)
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70 wovréda NLR, LMANN, SVMr xa: RFr, avtiotoryo.
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Ilivarag 4. leprypopixd arotiotika otolyeio Tov deiyuotos koraptions Ne=401 kai tov
véov Jelyuarog dedouévav ue Ns =44 ypouuég
Agdopéva delyloTog KaTapTiong Agdopéva, detyloTog SOKIUNG

n.=401 ns=44
Metapint Méoog  Méyiotn  EAdylotm Méooc Méyiot  Eldyiom
i T T T T
do.s, €K. 19,06 39,00 9,00 17,78 39,00 10,00
hdi, ex. 441 9,30 2,30 4,34 7,30 2,30
Ntotal, L. 6,95 12,00 3,30 6,86 11,50 4,30
d;fdyq 0,50 1,00 0,03 0,50 0,86 0,12

Ta kprmpla a&oAdynong yuo Tig TPoPAEYEIS TOV HOVIEA®V EVPLVAOV GLUGTIUATOV Yo
T 6TOLKEL0 TOV detypatog kataptiong n—=401 Kot Tov VEOL JElyLOTOC dEQOUEVOV e
n; =44, divovtol otov mapakdato [Tivaka 5.

Av ywotav gktipnon povo tov dedopévav Tov dgiyuatog tov 44 ypappov omd Ty
KatapTiopévn eEicmon un-ypouknig taivopdunone, o deiktng I tov Furnival 6o
ntav icoc 0,1023. Aniadn, n e&icoon UN-yYPOUUIKNG TOAVOPOUNONG EKTIUG HE
opolpa kotd 21,01% peyoardtepo Tig SpETpovg TV dedopEVEV  SOKLUNG
GUYKPIVOUEVO LE TO CQAAUN TTPOPAEYNC TOV UOVTEAOD TUYOIOL OGGOLG, TO OmOio
KATOPTIOTNKE YOPIC VO YPTOILOTOGEL GE Koo QAT KOTAPTIONG TOV T0, 0Ed0UEVOL
aVTA.

Ilivakag 5. Kpitipio, al10A0ynens twv HovieAmy evpowy cOOTHUATWV YIO. TO, GTOLYELO.
70V OlYUOTOS KOTAPTIoNS Ne=401 K01 TOV VEOD Jelypatog dedouévay ue ns =44

YPOUpES
Aedopéva Selypatog katdptiong n=401
Movtélo E€aptnuévn R MaxAE RMSE Mapdyovta Asiktng
petaBAnTi G Furnival
LMANN d;/d; 5 0,9358 0,1893  0,0813 1 0,0813
SVMr d;/d; 5 0,9585 0,3169  0,0653 1 0,0653
RFr d;/d; 5 09736 0,2790  0,0526 1 0,0526
Aedopéva Selypatog Sokung ns=44
Movtélo E€aptnuévn R MaxAE RMSE Mapdyovta Asiktng
petafAnTi G Furnival
LMANN d;/d; 5 0,9062 0,2925  0,0916 1 0,0916
SVMr d;/d; 5 0,9374 0,235  0,0893 1 0,0893
RFr d;/dy 0,9280 0,1994  0,0808 1 0,0808

A6 T dedopéva tov [Tivaka 5, TporkvTel 6TL OA TO EKTAUOEVUEVO, LOVTELD EYOLV
TN SVVOTOTNTO VO EKTILOVV UE amodekTn akpifeta Tic StapéTpoug Kopuov Ilevkng oe
omotodNTote Ko Tov Kopprov. H kotdraén tov ekmadevpuévov HoviEAmy evpumv
GUOTNUATOV, GOUPOVA LE TO GOAAUN TPOPAEYNG TOV SIOUETPOV KOPUOD GE VEO GET
dedopévav dévipav amd to 1810 ddooc, apyiloviag and To piKpdTEPO COAAUD, Eivol
RFr povtého pe v vyniotepn akpifeta mpodPreymc, SVMr kar LMANN povtéro.
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4. ZYMIIEPAXMATA

v gpyocio autn €Yve EQOPLOYT TOV TEYVIKOV TOV EVOLVAV GUGTNUATOV TEXVNTAG
VOMUOGUVTG, QUTMV 0) TV VELPOVIK®Y SIKTO®V, UE TN XPNON TNG UPYITEKTOVIKNAG TNG
TOAVGTPOUOTIKNG OvVTIANyYMc-vonong (Multilayer perceptron, MLP) xou pe epoppoyn
tov oaAiyopiBupov ekmaidevong tov Levenberg-Marquardt, B) tng TeyviKAg NG
VITOGTNPIKTIKNG OVOCUATIKNG TaAvopounong SVMr kot y) g pebodoroyiog Tov
Toyoiov ddcovg Yoo kaTdpTion UovTéAwV TOmov  moAwdpounong (RFr), g
EVOALOKTIKES O100IKOGIEG LOVTEAOTOINGNG GYETIKA pe TNV KAOGIKY EQOPUOYN TNG

HUeBOS0L TNG UN-YPOUUIKTG TOALVOPOUNONG.

H avaykaidmra g epapuoyng pag pebddov eupuovc GUGTAATOG TPOKVTTEL Old TO
YEYOVOG TV OLCKOAM®MY TOL TPEMEL VO OVIHETOTIOTOVV KOTA TNV €PAPUOYN TNG
uebddov g moAwvdpounong. Baown tpoyomédn omotedel M omaimon Tov
GTOTIOTIKOV TPOoDTOBEGE®Y OGOV aPOpd TO, TPMOTOYEVH dedOUEVA (KOVOVIKOTNTO,
otafepr| dwkdpavon TdV, KAT). [Ipokelévov vo avTIETOTIGTOVY 0l OTOKAIGELS
amod TIg TPoVTOBETELg TG TOAVOPOUNONG Eival avayKaio 1 EPaproyYn dopl®TIKOV
uebddmv, o1 omoiec amartovy xpovo kot Tpoorabeia. H mponyovuevn tpoimodeon, oe
cuvovooud pHe TNV Omaitnon TNg YvAonS TG KOTAAANANG Hopeng g eicmong, 1
omoia Oa €yel T duvatdTNTa va mEPypayeL pe aSlomaotioo To TPOToyeEVY] dedopéva,
kafotobv TNV gpappoyn nebddwv  moAvdpouncong SVGKOAN Kol ypovoPopa.
Ewdwkdtepa, yroo TV €Qopproyn e Un-yPOUUIKNG ToAVOpOUN oG, Elval amapaitnn 1
YVOON OPYIKAOV TV omd TOV EPELVNTY], £TCL MOTE VO £XEL Tr OLVOTOTNTO VO
GUYKAIVEL TO HOVTEAO GE YEVIKG EAYIOTO KOL VO UMV TTOYIOEVETOL GE TOTIKEG AVGELC.
[Moporo avtd, N gpappoyn ™G HeBOSOL TNG TOAVIPOUNGNG KOl OC TPOG TN (AoT
dnpovpyiog Tov HoVTEAOL, OAAG Kol MG TPOG TN XPTOLULOTOINCT] TOV KATUPTIGUEVOD
HOVTEAOVL, €ival YVOOTH KOl KOTovonth Kot Ogv omortel dwitepn  kavotTa
TPOYPOUUATIOUOD amd TO YPNOT. ATO TNV GAAN TAELPE, TO ELEVT] GLGTHLOTO,
amoTobV PoCIKEG TPOYPOUUATIOTIKEG KAVOTNTEG, EVA E£YOLV TN OLVOTOTNTA VO
YPTOULOTOIOVV TO TPMTOYEVY dedopéva ywpig Kol Tpobmdheon kot dev amotovv
Ao TOV EPELVITN Va. Yvopilel T HopPn TOL HovTELOL TO omoio pmopei pe aglomoTtia
va meprypawyet to dedopéva. To 1610 10 cvotnua 1o dnovpyet. Eivar amapoitntn
OUMG M EMAOYN TOV KATAAANA®V TWOV TOV TAPOUETP®V BACT TV 0moimV yivetal 1)
EKTTOLOEVOT EVOC LOVTELOL EVPLOVE UAOMONG TPOKELUEVOL QVTO VO, TPOGUP LOGTEL [UE
axpifela ota dedopéva. Avti mn emhoyn yivetar pe peBOdOVS ETAVOANTTIKNG
Swdkaciog expddnong tov HoviéAov HE OlOQOPETIKEG TOPAUETPOVG KOl TEAIKN
EMAOYN NG OKPIPESTEPNG LAONONC. ZVYKEKPIUEVA, Y10 TNV EKTOIOELGT) TOV HOVTEAOV
VEVPOVIKOD OIKTOOV OonthOnKe apyIkd 1 €TAOYN TG KOTOAANANG OPYLTEKTOVIKNG
Kol Tov oAyopiBuov ekmaidevong kot ot ovvéyxew ywo. to LMANN povtéio
arortnOnke n opbq emroyn tov amocPectikov Tapdyovia (W), TOv apPBPOL TV
KPUUUEVOV KOUP®V TOVL KPLUUEVOD EMITESOV KOl 1 E€TAOY NG GLVAPTNONG
UETOPOPES.  TOL TLYOIOL OAGOVG, AmULTHONKE 1 EMAOYT TOV KATAAANAOL 0plBUoD
SEVIPOV amdPACTC KOl 0 TPOGIOPIOUOS TNG TOAVTAOKOTNTAG TOV KABEVOG 0md auTd
o, dévipa. T'tw v ekmaidevon Tov HOVIEAOL VROGTNPIKTIKNG OVUGLOTIKNG
TOAMVOPOUNONG OmalTONKE apykd 0 TUTOC TG GLVAPTNONG PEATIOTOTOINONC KAl M
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opOf emhoyn Tov GLVLAGHOD TV peta-Tapapstpev (C, € kat v), evd yo TV
KOTAPTION TOL HOVTEAOL TVYOi0L ddoovg amartnOnke n opbr| emroyn Tov apBpov
TOV SEVIPOV amdPacnc KaBdg Kot To PAB0C TV KAAS®V TV dEVTIP®V.

H woavotta tTov poviéAav evpuovg Habnong vo eKTipody pe ueyointepn axpipela,
GUYKPWVOLEVOL LE TO HOVIEAO UN-YPOUUIKTG TOAVOPOUNGONGS, TIS OUETPOVS GE
0T0100MTTOTE VYOG TOV KOPHOV, £J€1EE OTL 0L TEYVIKEG OWTEG EVPLOVS UABNOTG TOV
dlepeuvnnkay otV Tapovco, EPYNcio, LTOPOOV VO EQOPLOCTOOV LE EMTUYIN OF
dooKd dedopéva Kol CLYKEKPUEVA PUIopolv Vo ypnoorotndov Le acedieia yuo
NV eKtipnon SWUETp®mV KOpUOD dEVIPp®Y o€ ddpopa Dy, o€ dévipa [levkng ue
€0POC TDV KOPUDV TUPOUOL0 UE AVTO TOV OEGOUEVOV KOTAPTIONG TOV LOVIEA®V.
Ewdikdtepa 10 povtého toyaiov ddcovg, £dmaoe Ta akpiféotepa amoteréopata. Av Kot
TO GUYKEKPILEVO HOVTEAO OeV €xeL TN HopeN VOGS GLUPATIKOD HOVTELOV, 1) EQAPULOYN
TOV GTO JUCIKA TP®TOYEVT dedopéva dévipav [levkng and 1o mePlaoTikd O4G0C
®eccoAovikng £0woe amoTEAEGUATO TO OToio 0dMyohv GTO GLAAOYIGHO OTL Oa
TPOGEPEPE Ui EVUALOKTIKTY a&lOTIGTY AVOT 610 TPOPANHa akpolc ekTiunong twv
SLOUETPMV GE OTOLOONTTOTE VYOG TOV KOPUOD TMV IGTAUEVMV OEVTPMV YEVIKOTEPO..

ABSTRACT

This paper explores the possibility of applying the Artificial Neural Network, the Support
Vector Machine for regression, and the Random Forest regression methodologies, as possible
alternatives to non-linear regression models, in order to assess as accurately as possible the
size of the diameters of the tree trunks at any height above the ground, taking into account
data that can be easily measured in the field, since the difficulty of locating and measuring the
tree trunk diameters at heights far from the ground is a serious problem in the field
measurements, that need to be addressed. The effectiveness of the intelligence systems’
models, that fitted to the available data, is compared with the results of the best fitted non-
linear regression model to our data in hand and evaluated. This investigation has shown that
each one of the models can be used for the tree trunk diameter estimation. Furthermore, the
RFr model showed superior adaptation to our data in hand as compared with the other
investigated models and can be considered as a reliable alternative methodology in order to
achieve the accuracy of the information provided, saving time and effort in field.
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NAPAPTHMA
IHivarag A. [leprypopn mpwtoyevay dedouévwv

YvuPoropnd  ‘Evvowo petafinme  Movdadeg  "Ywog pétpnong Metpnriko

c péTpnong  mave GToV KOpuo, opyavo
petafAntge a1o TO £30/P0G, GE L.
dos OLIUETPOG (TPEUVIKT])  EKOTOOTA 0,3 TaYOUEPO
dis didpetpoc (otnbaio)  exatootd 1,3 TOYVUETPO
das ddpeTpoc £KATOOTA 2,3 pelackomio?
dss3 SLOUETPOC EKOTOOTA 3,3 pelackomo?
das OLIUETPOC EKOTOOTA 4.3 pelackoOmo?
ds.3 OLIUETPOC €KOTOOTA 53 pelackomo?
ds.3 SLOUETPOC EKOTOOTA 6,3 pelackomo?
d7s ddpeTpog £KATOOTA 7,3 pelackomo?
dss OLOUETPOC €KOTOOTA 8,3 pelaGKOMO!
dos OLIUETPOC €KOTOOTA 9,3 pelacKOmo?
di0.3 OLIUETPOC €KOTOOTA 10,3 pelacKoOmo?
div3 SdpeTpog £KATOOTA 11,3 pelackomo?
Ntotal Vyog pétpo "Yyog kopuong VYOUETPO?

tpedaokomio Tov Bitterlich (Spiegel Relaskop), 2uydpetpo Blume-Leiss
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EXmviko Xratiotiko Ivetitovto
Ipoxticd 33 MaveAlnviov Zvvedpiov Zrotiotikng (2021), cer.82-92

AIATAKTIKH ITAAINAPOMHXH ME TH XPHXH
POQN

X.E. Zdrrogh, X A. Aagvijc*, I' K. Haradémovioct
Tunpa Emotiung ®vtikig Hapayoync, Meowmovikd Havemotiuo Adnvav
{czotos, sdafnis, gpapadop}@aua.gr

HHEPIAHYH

Tig tehevtaieg dekaetieg peydiog aplOpdg TpofANUATOY 0md SAPOPES EPEVVITIKEG TEPLOXES
HOVTEALOTIOLEITOL JLE TNV KOTNYOPLOTOINGT] TV TEWPAUOTIKOV 0E60UEVOVY 6€ OVO KATNYOPIES, T
Osdpnon ditwev dokydv (pe tég 0 M 1) wor ™ pedétn tov akolovdidv Tov
anotelecpdTov. Meto&d TV duvaTdv aKoAoVBidY, Wiaitepo evilapépov mapovstdfovy ot
poég povadov pikovg k (k = 1), Tmv mapovoa epyasio mpoteivetar yia TpdOTN Popd éva
HOVTEAO SATAKTIKNG TAAVOpOUNOoNG Le xp1ion podv. To povtédo epoppoletal og Eva TpEyov
npoPAnpuo.  oyetildpevo pe t Pwroyic Tov eviopov Marchalina hellenica kot
HLEMOGOKOUIO. KOl OMOOEIKVOETOL OTL O GLVOLACUOG TOV POMV KOL TNG OLOTOKTIKNG
TOALVOPOUNCNG UTOPEL VAL TPOGPEPEL GTOVG ELOIKOVG EEALPETIKA YPTOLLO. OTOTEAEGLLOLTOL.

Aéleig Kieidia: Altypeg doxkiuéc, Tpomot pétpnong podv, Oepuoxkpacio, Marchalina hellenica

1. EIZATQrH

Tig televtaieg Oexaetieg peydhog aplBpog mpoPAnudtov  amd  Sibpopeg
EPEVVITIKEG TEPLOYES LOVIEAOTOIEITOL LE TNV KOTNYOPLOTOINGT TOV TEWPOUUTIKMY
dedopévav og dvo Katnyopieg, T Bempnon ditipnwv dokiwmv (ue Tiég 0 i 1) ko ™
UEAETN TOV akoAOVOIDY TV oamotelecudtemv. Meta&d tov akolovdidv, 1daitepo
gvPEPOV TaPOVGIALOVY 01 poég povadmv puikovg k (k = 1).

H Bzwpia tov poodv gpapuoletor ektetapévo, petald dAlov, ommv ASomoTtio
Yvotudtov, otn BloAoyia, otic ['eomovikég Emotueg, otov ‘EAeyyo Ilowottog,
ot Metewporoyia, ota XpMHatookovopkd kot aAlov. o pio avackonnon tov
gpapuoydv g Bempiag tov pomdv mopanéurovue otovg Balakrishnan & Koutras,
2002 xon Dafnis & Makri, 2021.

>m PipMoypoeios cuvavtiovvtal apkeTol, dagopetikol petad Tovg, TPOTOL
Katapétpnong powv. H mowilopopeio avtf ogeiletor  oto  S0POPETIKG
YOPOKTNPIOTIKA TOV EPUPUOYOV TPOG WEAETN. XTNnV TOopovca gpyoacio Bo pog
ATOGYOANGEL 0 TPOTOC KATUUETPNONG podV Tov ovoudletal tomov | (Feller, 1968,
Hirano, 1986, Philippou & Makri, 1986, Balakrishnan & Koutras, 2002). Zopeova ue
Tov TpoOmo Koatapétpnong tomov I, pia pon pnAkovg Kk Kataypdeetor Otov
napotnpndodv k dradoyikd 1 kar 1o (k + 1) —oot6 dodoyikd 1 xataperpdror og To
TpdTO 1 TNC EMOUEVIC PONC.

82



‘Eoto o6t o n=18 enavoiqyelg £€xet mapamnpnbei 1 axoiovbio
011111101110111110. Xt0 Zyaua 1 mopovsialovior ot 4 poég unkovg k = 3, ot
OTOlEC KATOUETPOVVTOL [LE TOV TPOAVAPEPOUEVO TPOTO KATAUETPT|OTG PODV.

2ynua 1. Kotopétpnon powv torov I uproovg 3

(1 1 1(jp 12 1|01 1 1|0|1 1 1|1 1 O

v opodoa ePYAcio M €QUPUOCIUOTNTA T®V podv Bo avadelybel péocwm tov
HOVTEAOL NG STAKTIKNG TaAtvdpounons. [l ocvykekpyéva, givor n mpdTn Popd
ov 0 apBudg poav Bo ypnoomombel wg aveEdptnt HETOPANTN oE €va, TETO10
HOVTEAO KOl e TOV TPOmO avtd Oa avaderydel m epunvevtikny tov kavotto. H
dwdwkacio avt) Bo mpaypatomomBel oe éva Tpéyov TPOPANUO OV aPopd GTN
perccokopia. Duowd, n mpotewoduevn pebodoroyio pmopel va mpocappocHel
KATOAANAQ KoL GTIG EPEVVNTIKEC TTEPLOYEG TTOL eappoletorl 1 Bewpia tov podv. ['a
™mv KaAtepn mapovoioon tov arotelecpudtov (Evomra 3), akolovbei (Evotnta 2)
Qo GUVOTTIKY] TOPOLGINGT)  TOV HOVTEAOL OlOTOKTIKNG ToAOpoOUNcng mov o
YPTCULOTOUGOVLLE, AVTOD T®V AVOAOYIKGOV ZVUTANpOUoTIKOV [TiBavotit@y.

2. MONTEAO TQN ANAAOTIKQN ZYMMNAHPQMATIKQN MIGANOTHTQN
Ta povtélo SLOTOKTIKNAG TOAVOPOUNGNC YPTCILOTOOVVTOL OTAV 1| UETOPANTY
amoOKpIoNG €lvor Sl0TAKTIKY HE TEPLOGOTEPES amd 000 Kortnyopieg/emineda. Xtnv

TapoHoO EPYACIO YPNOULOTOLEITOL TO HOVIEAD TV AVOAOYIK®V ZUUTATPOUOTIKOV
[MOavottwv (Proportional Odds Model — POM, McCullagh, 1980)

V,=Pr(¥ =j|x) =mx) + mx) + -+ m. (%)
=1/(1+e @By ;o1 k-1, (1)

omov, ¥ 1 petafint anoxpiong pe k drotoktikég katnyopieg/enineda (eEapTnpevn
petaPinTy), x Sdvvopa aveEaptntev  petoPintav, m(x), o (x), .., T (%) o
TOAVOTNTEG TOV JATAKTIKOV KOTNYOPI®V TG EapTNUEVNC HETABANTAG YO0 TNV TIUN
X Tov avegapmrtov petafintav, a; o otabepds 0pog yio kabe Kkatmyopia j kot B o
dvoopa Tov cuVTELEGT®V ToAVIpOUNong (1e B ovpfoiilovpe Tov avaoTpoEo TOL
nivaka B).

e popon logit to povtédo yivetat

logit(¥,) = (¥ /(1-¥;)) = In(Pr(¥ < j|x)/Pr(¥ = j|x))
=a;+px%x j=1,..k—1L (2)
¥t0 POM 1o Sudvuopa Tov cuviehest@v ToAvdpounong § oev eEaptdtar omd to j
Kal emopuévag n oxéomn petasd ¥ kon x eivon aveEdptnm tov j. Emiong, o oyetikdg
AOYoG v cvumAnpopotikov tovotitov (Odds Ratio — OR), yio Tipég x = x4 Ko
X = X3 TOVL S0VOGHOTOC TV avEEAPTNTOV HETAPANTOV X,

_Pr(y = jlx)/Pr(Y = jlx4)

OF = Pr(Y = jlx,)/PriY = jlx,)
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— EB":xl—xz:'J (3)
etvon ave&aptntog Tov j kot eEaptdtol povo omd ™ dpopd x4 — X5 (Agresti, 2013).
v mopovoa epyacia, To SVUGUA TV aveEaptnTOV UETAPANTOV X amoteAeiton
amo o povo petafint, v X, n omola exppalel Tov aplBpud Tov pomdv TV KPUOV
nuepodv to pnva Pefpovdpio. ‘Etot, 1o didvocua tov cuvteAestdv Talvopounong B
amoteleitorl amd £va LOVO GLUVTEAEGTN, TO 5 KO TO LOVTELO YiveTol
Yy = Pr(Y = jlx) = 1/ (1 +e~(a%A:)) (1
ko avtiotorya ot logit popen
logit(¥;) = In(¥;/(1 — ) =In(Pr(Y < jlx)/Pr(¥Y > jlx)) = a; + fix. (2"

3. AIATAKTIKH ITAAINAPOMHXH ME XPHXH POQN XTH
MEAIZXOKOMIA

Ot Gounari, et al. (2021) ypnowomoincov &éva HOVIEAO  SILTOKTIKNG
TaAvdpounong yio vo, tpoPrepbei to dekamevinuepo oAokANpmoNg Tov Ploloyikon
KOKAOL TOV pedtoyovov evtopov Marchalina hellenica (M. hellenica) Bdoet tov
apBpod tov kpdwv Muepdv Tov Defpovapiov. g dplo Yo TO YOPAKTNPIGUO TNG
nuépag mg kpva Bewpndnie n puéytotn nuepnota Beppokpacio Twv 7.3°C .

Avt 1 duvatotnta TpoPAEYNS Exet Wtaitepn atla Yo TG LEAMGGOKOLOVS, KaODC
odnyel og opBOTEPOLE YEPIGHOVE Kot ovENuévn mapaywyn peiov (Gounari et al.
(2021)). v mapovca epyocio Bo. SOGOVUE CUUTANPOUATIKG KprThplo. TPOBAEYNC.
I[To ovykekpéva m wpoPreyn Bo otpydel g poéc KpOdV MUEPDOV TOL
®gBpovapiov pikovg k (k = 1). Eivar mpopavég 6t yio k = 1 xotapetpovvron
OUVOAMKG Ol KpUEG MUEPEG, EMOUEVMG TO OMOTEAECUOTO TNG TOPOVCHG EPYUCIOG
avéyovtal, otV €01KN TEPITTOON OVTY, 0T avTioTo o amoteléopata tov Gounari,
et al. (2021). v mopodoa gpyocia Bo TOPOVGIAGOVUE TO OTOTEAEGLOTO Y10 POEG
Kpoov muepdv pnkovg k=2 kou k=3 wxou emmiéov Ba avadeybel Ot 1
EPUNVEVTIKT SLVATOTNTO TOV POOV ¢ OoveEaptntn UeTaPAnT] emTpémel Kol TNV
EMMAEOV  YOAGP®ON TOL OVOTOTOL opiov péylotng Oeppoxpaciog 7y vo
yopaktnplotel pia nuépa tov Defpovapiov wg kpva (to O6pro Bo avénbei oTovg
8°C kaotoug 9°C). To  omoteAéopata ™G, Aowmdv, Oo agopodv Tig €éng 4
nepumtwoelg: [epintoon |, k =2, 0=8°C, I[lepintoon I1, k =2, 6=9°C, I1epintwon I1I, k
=3, 6=8°C, llepintwon 1V, k =3, 6=9°C.

Ytov Ilivaka 1 mapatiBetor 1 cvyvonto (amoOALTY, GYETIKN Kol afpOloTIKY))
oAoKAMPmoN g Tov Proloytkod KOKAOL Tov VIO e&€taoT EvIONOL ava dekamevOnuEPO
avaeopdg otig 600 vd peAéTn Teployég mov Ppickovtar oto vnoi g Podov, otig
Koaiv0iéc kon otov "Epmwva.
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IHivaxag 1. Xoyvotyto (omoivty, oyetikn kol adpoiotikn) 0AOKAPWONS TOD
Sroloyixod kdriov tov M. Hellenica ava. dexomevOnuepo avapopds

KeoS , SUNVOTNTOL IXETIKN ABpoiotikni
wotkomotnon xvotn Zuxvotnta Zuxvotnta
1 = 2° bekamevOnuepo 1 9.1% 9.1%
Maprtiou
2 = 1° SekamevOnuepo
, hep 4 36.3% 45.4%
, Anpiliou
Agkamnevonp ,
3 = 2° bekamnevOnuepo
gpa , 2 18.2% 63.6%
, Ampliiou
Avadopag ,
4 = 1° dekamevOnuepo
2 18.2% 81.8%
Moitou
5 = 2° SekamevOnepo
hep 2 18.2% 100%
Moitou
‘Eykupa 11 100%
EMeinovta 1
Zuvolo 12

Ytov [Tivaka 2 mapovctdletol avoAvTIKA 1 TEPLYpaPT| TG EEAPTNUEVNG LETAPANTAG
(Y) xon g exdotote aveEaptnng petafintng (X) mov Oa ypnoiponombovv 6to POM,
¢to1 Omwg avtd mapovcidotnke omv Evomrta 2. Ev ocuvveyelo, otov Ilivaka 3
TOpOTIOEVTOL 01 AVTICTOLYES TIWES TOV PETAPBANTOV OV TTepieypagprkay oto [Tivaka 2,
YL TIG V0 VIO PeAETN TEPLOYES TG POSov mov apopovv o cuvortd £tn 2014 €wg

2019.

Hivaxag 2. leprypopn petofAntov tov HoviéAov 010TaKTIKING TOLIVOPOUNTHS

, , , Movdada/KAipoko
M A b3 A n .

etafAnti OpBolro epypadn Métpnonc
E§aptnuévn
petaBAnti

AskomevOnuepo AlaTaKTikn

, OAOKANPWGNG TOU peTaBAnTA

Aexamevnuepo Y BlroAoyikoU kUKAou LETPNUEVN O 5

Tou M. hellenica KaTnyopleg
Avegaptntn
peraBAnti
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AplBuog
powv KpUWV
NHEPWV HAKOUG
2

ApBuog
powv KpUWV
NHEPWV HHKOUG
2

AplBuog
powv KpUWV
NHEPWV HAKOUG
3

AplBuog
powv KpLWV
NHEPWV HAKOUG
3

ApLlBOG powv KpLWV
NUEPWV HNKOUG 2 HE
HEyLoTn nueproLa
Bepuokpacia = §°C
KOTA TO pAva
@eBpouaplo
AplBUOG powv KpUWV
NUEPWV UAKOUG 2 UE
HEyLOTN NpepnoL
Bepuokpaocia < 9°C
KOTA TO pAva
@OeBpoudplo
ApLlBuoG powv KpLWV
NUEPWV UAKOUC 3 LE
HEyLoTn nueprola
Bepuokpacia = §°C
KOTA TO pAva
@eBpouaplo
AplBuOG powv KpUWV
NUEPWV UAKOUG 3 LE
HEyLoTn nueprola
Bepuokpacio = 9°C
KOTA TO pAva
@OeBpouadplo

Avaloyikn
petaBAntn

Avaloykn
puetaBAntn

Avaloyikn
petaBAntni

Avaloykn
petaBAnTi

Ilivakags 3. [opovaioon meipouotindy 0e00UEVOY

deBpoudplog X, X, X, X, Y
2014 0 0 0 0 2
2015 3 4 2 2 3
2016 1 1 0 1 4
KoAuOiég
2017 1 2 1 1 2
2018 0 0 0 0 1
2019 0 0 0 0 2
2014 - - - - 4
Eunwvo 2015 7 9 4 5 5
2016 3 4 2 4

86



2017 4 7 3 5 5
2018 1 4 0 2 2
2019 5 7 3 4 3

[pwv mapovciactovv ta véa amoteréopata tov POM pe ) ypfion pomv PiRKovg
k = 1, 0o avapepbei to anotéhespo tov POM yia &k = 1 kot avdToTo 0plo PEYLGTNG
nuepnoog Beppokpaciog tovg 7.3°C (PAénete Gounari, et al., 2021). Zopewva pe 10
TPOAVAPEPOUEVO HOVTEAO Yio KABe emmAéov kpva pépo (pe PEYIOTN mMUEPNOLO
Oeppokpocioa pkpoétepn tov 7.3°C ) 10 unva Defpovdplo, o AdYOC TOV
ocvuminpopatikov mbavomtov (OR) to M. hellenica va odokinpdoet to Proroyikd
TOV KUKAO €VTOC EVOG GUYKEKPLUEVOL dekomevONUEPOL petdvetat katd 52.15%.

> ovvégeln Bo epapuootei o POM v 11 (Té00EPLS) TMEPMTMOGEIS TOV
GLUVOLOCUAOV TOV KPUINPIOV Tov avaeépnkav oty apyn g evOTnNToC. X& OAES TIG
TpoavapepPeiceg TEPITTOGELS EYIVE OMOOEKTH 1| apyIKN VITOOEoT| TEPT TOUPUAANAiNG
TV ypapudv logit g mpog v x (p = 0.557,p = 0.475,p = 0.483,p = 0.766).

INo ke o and Tic Tpoavapepbeiceg mepmTdoelg, mTapatifetal Evog Tivakag Pe
TO. OMOTEAECUATO, TNG OLOTAKTIKNG TOAVOPOUNGNC KOl EVO YPAeNUE 0OpOIGTIKGY
TOGOOTAOV, TO 0Toio pag deiyvel v abpolotiky mhavotnta to M. hellenica va
0AOKANP®OOEL TO Plodoyikd Tov KUKAO £m¢ éva dekomevOnuepo avaeopdc. H kabe
KOUTOAT TOL YPOQNUATOG OVTIOTOWEL o€ évav aplOud podv kpdov Nuepmv (amd
unodév éwg £E1) mov xataypdenkav v to unva Pefpovdpro. Oco mo apieTEPA GTO
ypdonua Bpicketor pia KopmoAn afpoloTik®v ThavoTiTey T000 GE Mo KPO apldpd
pov KpO®V MuepdV agopd, kol avtiotoya M mbavornta to M. hellenica va
oloKkAnpmoel TOo PloAoyikd TOL KOKAO G€ KAWOW Oomd TO WETAYEVEGTEPQ,
dexamevOnuepa avapopds eival o pukpn.

Ta otatiotikd omoteléopata Oomd TNV EQPAPUOYH TOV TPOUvVaQEPHEVTOV
TEPIMTOGEWDV EYOVV ¢ EENG:

Mepintwon 1 (k = 2,threshold: 8°C): Me v mpocOfikn piog porg dvo nuepdv
ue péyiotn Bepuokpacio < B8°C katd o uive Pefpovdpro, 0 OR 1o M. hellenica va
0AOKANP®OOEL TO PLOAOYIKO TOL KOKAO €VTOC €VOG GLYKEKPIUEVOD deKOTEVONUEPOV
pewwveratl katd 65.3% (IMivaxag 4). Emopéveg, ot poéc kpvov nuepdv unkovg 2
ATOTELOVV KPIGIUOTEPO TAPAYOVTO TOV YPOVOL OAOKANP®GNG TOV BloAoyikold KOKAOD
TOV EVIOUOL GE GYECT LLE TO GUVOAO TV KPO®V MUEPDV. XT0 Zynpa 2, TapovctaleTol
N avEnon g mbavotntag ohokAnpmong tov Broroyikod kdkhov Tov M. hellenica oe
KGmolo omd To peTayevéotepa dekamevOnuepa, kabhg avéaveror o aplBuog dvo
GUVEYOLEVOV KPO®V NUEPDV UE UEYIOTN Nuepnota Oepuokpacio < 8°C.
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Iivakag 4. Xratiotikd Amnoreléopara POM (k=2, threshold: 8°C)

Ektipnon Turko

Napapétpwv  Idaipa P
ItaBepa

o AskamevOnuepo = [1] -1.262 1.129 0.264
o AskamevOnuepo = [2] 1.999 1.193 0.094
o3 AskamevOnuepo = [3] 3.363 1.774 0.020
Ol AskamevOnuepo = [4] 4.886 2.513 0.006

Avegd

Mecsine] B, Exp(Ba)
X -1.058 0.477 0.018 0.347

2ynua 2. papnuo mopotnpoduevwy afpolotikwy TocoaTmY T00 OEKOTEVONUEPOD
oloxlnipwaong tov Proloyikod kokiov tov M.hellenica (k=2, threshold: 8°C)

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

ABpoloTikn Zuxvotnta (%)

2nd March 1st April 2nd April 1st May 2nd May
Askameverepo OAokApwonc Tou Blohoyikou KikAou tou M. hellenica

[epintoon 11 (k = 2,threshold: 9°C): Me v mpocOfikn Svo cuvexOpeveV
nuepmv pe uéytot Beppokpacio < 9°C katd to uve Defpovdpio, o avrtictoryog OR
pewwvetar katd 49% (Ilivokag 5). Iopdio mov avéncape 10 avodTaTo OPLO
Oepuokpaociog katd Eva Padud °C, to POM cuveyiletl va eival 6TOTIGTIKG GNUAVTIKO
(p = 0.017). Eivor @avepd (PA. ZyAuo 2 xoi 3) 6tL yioo tov 810 apdud dvo
GUVEYOLEVOV KPOOV NUEPAOV 1| THAVOTNTA OLOKANPOGTG TOV BlOA0YIKOD KOKAOV TOV
EVIOLOL G€ KATO10 Amd TO apyIKA deKamEVOMEP ovapopds etvar peyodvtepn dtav
¢ pEY1oTN Bepuokpacio yio To YopaKTNPIGUO TMV KPOMOV NUEP®Y EMAEYODV o1 9°C.
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Iivakag 5. Xratiouikd Amoreléouara POM (k=2, threshold: 9°C)

Ektipnon Turko

Napapétpwv  Idaipa P
ItaBepa

o AskamevOnuepo = [1] -1.128 1.152 0.327
o AskamevOnuepo = [2] 2.085 1.294 0.095
o3 AskamevOnuepo = [3] 3.223 1.415 0.023
Ol AskamevOnuepo = [4] 4,723 1.794 0.008

Avegd

Mecsine] B, Exp(Ba)
Xa -0.674 0.282 0.017 0.51

2ynua 3. I papnuo mopotnpoduevwy abdpoiotikdy mocooTmY T00 JEKOTEVONUEPOD
oloxlnipwang tov Proloyikod kokiov tov M.hellenica (k=2, threshold: 9°C)

ABpoloTikn Zuxvotnta (%)

2nd March 1st April 2nd April 1st May 2nd May
Askameverepo OAokApwonc Tou Blohoyikou KikAou tou M. hellenica

[epintoon 1 (k = 3,threshold: 8°C): Me v mpocOfiKn TpIdV GUVEXOUEVOV
nuepmv ue péylotn muepnota Oepuokpocio < 8°C katd to uqva defpovdpilo, o
avtiotoryog OR pewdveron xatd 77.5% (Tlivaxag 6). e avt) v vrorepintoon,
a&loonueimto givor g avéavovtag To UNKog TG pong o€ k = 3 kat Bewpmvrog 1610
avatato 6pro OBeppokpaciog tovg 8°C, o avtiotoryoc OR va oAokAnpmdoel 10 VIO
UEAETT €VTONO TO PLOoAOYIKO TOV KOKAO HEGO GE OEO0UEVO dEKATEVONEPO AVOPOPAS
peldvetot mepotEP® Kot 12.2%. Zouminpopatikd, 6to Zynquoe 4, mapotnpeiton mog
0l KOUTOAEG aBPOIOTIKOV THAVOTHTMV TOL OVTIGTOLYOVV GE LEYUADTEPO aplOpd pomv
KpO@V NUEPDV dglyvouy Tmg 1 TOAVOTNTO OAOKAPOGCTG TOL BLOA0YIKOD KOKAOL TOV
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M. hellenica og kamolo amd to apykd dekomevOquUeEPO AvOEOPAS givol oYedOV

UNoEVIK).
ITivaxag 6. Xtanionxd AnoteAéouara POM (k=3, threshold: 8°C)
EKtipnon Turko
Napapétpwv  Idaipa P
ZtaBepa
o AexkamevOnuepo = [1] -1.422 1.115 0.202
(o ) AskamevOnuepo = [2] 1.769 1.154 0.125
o3 AekamevOnuepo = [3] 3.070 1.398 0.028
Ol AskamevOnuepo = [4] 4.597 1.758 0.009
Avegaptntn
. E
MetaBAnti B xp(B1)
X3 -1.493 0.616 0.015 0.225

Zynua 4. Tpapnuo mopotnpodusvwy adpoiotikoy TocooTmY T00 JEKOTEVONUEPOD
olokAipwang tov froloyikod kbxlov rov M.hellenica (k=3, threshold: 8°C)

100%
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ABpoloTikn Zuxvotnta (%)

—— —— e = 2

2nd March 1st April
Askameverepo OAokApwonc Tou Blohoyikou KikAou tou M. hellenica

—
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—— S—
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........

- —

1st May 2nd May

[epintowon IV (k = 3,threshold: 9°C): Me v mpocONKn TPV GUVEXOUEVOV
nuepmv pe péylotn muepnote Begpuokpacio < 9°C katd to uva defpovdpilo, o
avtiotoyyog OR  pewdvetar kotd 72.8% (Ilivakag 7). Xe oOykpion pHE TNV
vronepintwon 11, o avtictoyog OR va olokAnpdoet to M. hellenica to Pioloywd
TOL KOKAO LUEGO GE VA GUYKEKPLUEVO OEKOMEVONLEPO AVAPOPAS LELDVETUL TEPALTEP®
rkatd 23.8%. To avtictoyo ypdenue abpolcTiK®V TOGOGTMOV TaPOoLGLAleTal 6To

Zynpo S.
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Iivakag 7. XZratiotikd Anoreléopara POM (k=3, threshold: 9°C)

Ektipnon Turko
Napapétpwv  Idaipa P
ItaBepa
o AskamevOnuepo = [1] -1.114 1.147 0.331
o AexkamevOnuepo = [2] 2.189 1.213 0.071
o3 AekamevOnuepo = [3] 3.437 1.405 0.014
Ol AskamevOnuepo = [4] 5.289 2.030 0.009
Avea
A B Exp(B:)
Xa -1.303 0.506 0.010 0.272

2ynua 5. I papnuo mopotnpoduevwy adpoiotikwy TocooTmY T00 OEKOTEVONUEPOD
oloxlnipwang tov Proloyikod kokiov tov M.hellenica (k=3, threshold: 9°C)

100%
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10%
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ABpoloTikn Zuxvotnta (%)
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e TR ¢ e e

2nd March 1st April

—

2nd April
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.....
an®

1st May

2nd May

Askameverepo OAokApwonc Tou Blohoyikou KikAou tou M. hellenica

4. XZYMIIEPAXMATA KAI MEAAONTIKH EPEYNA

ZOUTEPAGLOTIKG, GTNV TOPOVCA epyacio E6MyOn 1 xp1on Tov apBpol TV pomv
®¢g oveEaptnn pHeTaPANTn o€ HOVTEAD OlOTOKTIKNG TOAVOPOUNOTG. XTO TPEYOV
npoPfAinua ot pelocokouio, M ypnion poov unkovg K (K > 1) avédeile v
EMOPAGTIKOTNTO TOV PO®V KPOH®V MUEPDV GTO YPOVO OAOKANPMOTNG TOV PLOAOYIKO
KOKAoL Tov M. hellenica wg mo kpicio Tapdyovo e GyEoT e TOV GVVOMKO aplBud
KpOwv Nuep®v. To yeyovdc avtod, vroypappilel ) onupocio TG ¥pHong Twv pomv
uKovg K ®¢ cuUTANPOUOTIKO KPITHPLO OmOQUoNC 6€ Uio TANOMPO EQApUOYDOV Kot
TPOoPANUATOV.
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Melhovtikd dvvator vo ypnoomonBovy Kot vo EPapUoGToVY EMTAEOV TPOTOL
KOTOUETPNONG PODV (Yo TAPASEYHO ETIKOAVTTONEVEG POEG) O TPOPAEmTIKA
HOVTEAD JOTOKTIKNG TolvOpounone. Emiong, umopel va mpaypotomondet n ypnon
avTIoCTOY(OV UOVTEAMV SIOTOKTIKNG TOAVOPOUNGCNG OE GAAEG EPEVVNTIKEG TEPLOYES
7ov gpapuoletar ektetopéva 1 Bewpio podv prikovg K. TéAog, o akopo TpokAnon
amoterel 1 EQOUPUOYY] KOl EMEKTOCT OVAAOY®OV HOVIEA®V TOAMVOPOUNONG UE TNV
¥APNON PODV AEIOTOIDVTAG LEYAADTEPO OYKO OEOOUEV®V Kol LETAPANTDV.

ABSTRACT

During the last decades, a wide range of problems in several research areas has been
modelled by classifying the experimental trials in two exclusive categories,
considering sequences of binary trials (with values 0 or 1) and studying the sequences
of outcomes. This study usually involves searching for great concentration of
outcomes of a specific type. Such a concentration is traditionally measured by the
enumeration of runs of k& (k = 1) ones. In the present work, an ordinal regression
model employing runs is proposed. The proposed model is applied to the case of on-
going research related to the biology of the insect Marchalina hellenica and it is
demonstrated that the combination of runs, and ordinal regression may be proved
beneficial to the field.
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INEPIAHYH

"Evag amd Toug oNpavTIKOTEPOVG TVAMVEG TNG EAANVIKNG OIKOVOLING EIVOl 0 TOVPIGHOG, OTTOTE
N ovAloyn, emefepyacio kol avilvon Oedopévev Omd TOV CULYKEKPUEVO KAGSO eivorl
g&éyovcag onpociag. Xty mapovoa epyacio. HEAET@VTOL Ol pnviaieg a@ifelg diebvav
tovplotdv otig oekatpei (13) meprpépeiec g EAAGdag. To ovykekpyléva dedopéva
OTOTEAOVY YPOVOGELPEG HE Pacikd YapakPIoTIKO TOVG TV €viovr emoywkdtro. o ™
povtelomoinon Tovg ypnoyomombnkav ot moapadootokés péBodot (povtéda SARIMA),
Teyvntd Nevpovikd Alktva (TNA) kot YBpdwd Movtédha oe pio mpoonddeia vo Bpebei to
KaAOTEPO TPOTLTO TO Omoio Ba yproyomomBel Yo TNV TPOPAEYT UEAAOVTIKOV TILAV TOVG.
Epappolovtag tig ovykekpiuéveg peBodovg oe Ppébnke éva eviaio PBéATioTo pOVTEAO
TPOPAEYTNG Y10 OAES TIG TEPLPEPELES, OTOTE TPOTEIVETAUL VUG TPOTOG EMAOYNG KATAAANAITEPOL
povtélov pe PBdon v emoykotnta tov dedopévov. o ) pétpnon g EmoykodTNTOG
ypnowonoteital o ocvvteheotg Gini, evd péom g ROC avdivong kot tov dgiktn Youden
evTomileTon T0 ONUEID OTOKOTNG Y10 TV ETAOYT TOV KATOAANAOTEPOL LOVTEAOV.

Aéleric Klewowg: Toupopog, mpoPAeyn aoiewv, emoykdtnto, Ypovooelpés, Movtéda
SARIMA, Texvnté Nevpovikd Aiktoa, vPplotkd LoviEra.

1. EIZXATQI'H

O tovplopdc amotelel €vo TOADTAOKO KOl OLVOUIKO GUOTNUA OTOL dLIPopa
TEPIOTOUTIKG UITOPOVV VO, EXNPEAGOLY coPapd TNV TOPAY®YN H/KOL TNV KOTAVOAMGN
tov. Eival capéc 0TL Tapdyovieg OmmG PUGIKES KATAGTPOPES, TOALTIGTIKA YEYOVOTA,
KOW®MVIKEG GUUTEPIPOPES, TOMTIKEG HAPKETIVYK K.AT., UTOPOVV VO EXNPEACOVY TNV
TOVLPIOTIKN POY| GE LU0 TePLoyN, €ite pe v avénon, eite pe ™ peioon g Avtd
woydel kol ywoo v EAAGdo, O0mov o Touplopdc amoterel £vav  Omd  TOVG
ONUOVTIKOTEPOVE TVADVEC TG OLKOVOULOG TNG YD,

O tovpiopdg amotehel Lo oNUOVTIKN YN €660mV Yo, TV EALGSa kaBbdg cupfailet
ONUOVTIKA ©T0 eAnvikd akabdpioto eyydpo mpoidv (AEIT) (om6 o 2006
ovppetéyel oto AEIT pe mocootd ave tov 15.8% evod onueidvetan 0Tt Eemépace 1o
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18% ovppetoyng oto AEII 1o 2016, Bdon otoyyeiov and to Ivetitovto Zvvdéouov
EAMnvikev Tovpiotikdv Enyeipnoeov (INXETE)- https://sete.gr/el/stratigiki-gia-ton-
tourismo/vasika-megethi-tou-ellinikoy-tourismoy),  eWdwdtepo TG TEAELTOIEG
OEKOETIEC HECHO TMV €000MV TOV TPOEPYOVIOL OO GPECOVE KOL EUUECOVG
TOVPIOTIKOVG TOPOLS, KOt 0dMyel otV avénon g omacyoAnong oAAd Kot v
avamTLEN EUPEC®V TOVPICTIKAOV OIKOVOUKMV dpacTnploTHTOV. AV Kol To TEAELTOIO,
xpévio, n EAAGdo Pudvel v TayKOGULO. XPTMUOTOTICTMOTIKN KPion UE OAEG TIC
OPVNTIKEG TNG CLVETELEG, VIAPYEL LEYAAN avénon Oebvdv tovplotdv (avénom dvem
tov 37% xatd v mepiodo 2012-2016 cvppova pe v EXinvikn Xtatiotikn Apyn,
www.statistics.gr) .

H peiétn g d1ebvoic tovplotikng (nmong o€ eminedo mepipépelag oty EALGSa
amotelel HEYEAN TPOKANGT, AOY® TOV SLPOPETIKMV YOUPUKTNPIGTIKMOV TOV £(OVV Ol
TEPLOYEC OVTEC (VNOUOTIKEG, OPEWEG, UEYAAES TOAEIS, OTOUOKPLGUEVO, YOPLE,
TOVPLOTIKEG VITOOOUES, APYOLOAOYIKOL Ydpot, abANTIKEC eyKataotdoels KAT.). Eivol
ONUOVTIKO VO TOVIGTEL OTL OTIG TTEPLOYES OOV Ta KLplopye 6000 TPOEPYOVTIAL OO
TOVPLOTIKEG OPACTNPLOTNTES, 1| CLVEICPOPE TovG vrepPaivel To 50% Tng cLVOAKNG
GLVEICQOPAS NG meptoyns oto AEIL Avutd deiyvel 6t1 | avdivon o€ eninedo yopag
adVVOTEL VO EVTOTIGEL KOl VO aVOOEIEEL TIC TPAYLATIKEG OVAYKES TTOL LILAPYOVY GE
eninedo mepupépeloc. BAémovpe Aowmdv 4Tt M pétpmon kKot 1 avdAvon Tov
TOVPIGTIKOV POMV CE EMIMESO TEPLPEPELNG OMOTEAEL éval amapaitnTo Prno yio v
a&loAdynon TG TOVPLGTIKNAG W01UTEPOTNTAG OAAG KOl TNG TOVPLOTIKNG GUVEIGQOPAS
K60 TEPLOYNG KOl EMITPEMEL GTOVG EOIKOVG TOL TOLPICLOV VO, GYESIAGOLV pia
COQEOTEPT EIKOVOL TNG aVATTLENG TOL TOLPICUOD GE OVTEG TIC TEPLOYES, VO
GYE0IAGOVV TO OMOTEAEGUATIKES TTOATIKEG PAGEL TOL TPOPIA KAOe TEPIOYNGC QALY KO
va dnpovpyHoovy éva TAIGIO TOPaKOAOLONONG TNG OMOTEAECUATIKOTNTOS AVTMOV
TOV TOMTIKGV TNV Tépodo Tov ypovov. Kevipkd poro oe avtd mailel n mpdPfreyn
mg avtiotoyng tovpiotikng {Atnong odlaypovikd. Emiong yw ™ Swoyeipion
TOVPLOTIKOV 0piEemv Ppayvmpdbecpo (€181KA yio TNV KOAOKOPVH mepiodo) oAld Kot
TOV GYEOLOGHO TOVPIOTIKIG TOAMTIKNG HoKpompoBeopa, eival amapaitnto KoTdAANAL
povtéha mpoPreync vy Tovg avtictoyovg opilovieg mpoPreymnc. Meyolvtepn
axpifela TV TPOPAETTIKOV HOVTEAWDV 0dNYEL G AENGN TNG OMOTEAECUATIKOTNTOG
TOV Bpayurpdlecumy Kot HoKpompOdecU®Y TOAMTIKMOV TOVPIOTIKNG AVATTLENG.

To epevvnTikd TPOPANUO OYETIKE pe TNV TovploTikr {Ntnon mov €xer peketnOei
TEPLOCOTEPO TO, TEAELTALO YPOVie givor avtd g mpoPreyns. To mpodPAnue ™
TPoOPAeyNg ypovooelpmv Exel peretnBel deEodwkd kot €govv mpotabel TANODpa
TEYVIKAOV Yyl TNV OVTIUETOMON Tov. To wo Onuoeid poviélo eivol ta
povopetoPfAntd poviéha ypovoosipdv (Gunter & Onder, 2015) 6mov 1 ToO €VPEMG
YPNOLOTOOVUEVT] TEYVIKY] G 0vTO TO TAaicto sivar ta (Emoylaxd) povtéla
Avtororivopoung OroxkAnpmwong Kwobdpevov Mécov (poviéha SARIMA) (Box &
Jenkins, 1976). Ta SARIMA povtéha pudiota Bewpodvial 1000 ETITLYNUEVO TOV
OmOTEAODV TN KUPLHL TEYVIKN TPOPAeync g tovpiotikng {ftnong. Emiong, &yovv
yxpNolLononbel evpémg TOALUETAPANTA 17/KOL OLKOVOUETPIKA HOVTEAQ, OTMOC Yo
napdaderypa to. Avtororivépopa Kataveunuéva poviédlo voteprioemy (autoregressive
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distributed lag models (ADLs)) (Dritsakis, & Athanasiadis, 2000), povtéla
Aopbwong oedipatoc (Error Correction models) (Kulendran, & Witt, 2003),
Avtonaiivépopa dtavoopatikd vrodeiypote (VAR) (Shan & Wilson, 2001) «ot
povtéda, Xpovika petaforropevov mopoauétpov (Time-Varying Parameter) (Song, &
Witt, 2006). "Eva amd T0. GNUOVTIKOTEPO TAEOVEKTNLOTA TOV HOVIEA®Y YPOVOAOYIK®DV
celpmv glvar 0Tt eivan oe Béom va divovv mpoPAréyels yvopilovtag povo v 1otopia
™G VIO UEAETN UETOPANTAC, &V omd TNV GAAN TO OUKOVOUETPIKG HOVTEAQ
ocopmepthappdvoov otn pekétn Ko dAleg petapintéc. Tnv televtaio dekaertio,
péBodot TexvnTNG vonuoohivig £xovv Tapovctactel ot Piproypagio pe okomd v
TPOPAEYN TNG TOVPIOTIKNG CNTNONG, OTC HoVTELD VEVP@VIKGOVY dikTtdmv (Koutras et
al., 2016; Olmedo 2016), povtého Mnyavov Awvvoudtov Ymootmpiéng (Support
Vector Machines (SVMs)) (Koutras et al., 2016) 6nw¢ emiong kot gpyacieg mov
apotewvay  vPpdkég  teyxvikég mpoPreyng (Chen, 2011). O «dpiog Adyog
YPNOLOTOINONG AVTAV TV TEYVIKMV £lval OTL UTOPEL VO LITAPYOVY UN-YPOLUIKOTNTESG
(povepég M un) mOL TOL KAACOIKA YPOUUIKE HOVTEAD YPOVOGEIPOV OEV UTOPOVV VoL
€VTOTicoVYV. Mo eEQVTANTIKY 0VOGKOTNGT TOV TOPATAV® TEXVIKOV UITOpEl Kaveic va
Bpeig otovg Song & Li, (2008).

‘Eva amd to facikdtepa CUUTEPAGLOTO TOL TPOKVTTEL OO TNV EPYAGIia TOV Song Kot
Li (2008), eivar 0t dev vmapyel éva eviaio BEATIOTO HOVTEAO TOL VO UTOPEL va
ypnoonon0el 6e OAEC TIC MEPIMTMOGEIS OGOV QPOPA TN MUOVTEAOTOINGT Kol TNV
TpoPreyn g tovplotikng (Rmong. Emouévag, m avdivorn sivar onuoviikd va
yiveton oe eminedo mepipepeldY Kot Oyl eviaio yuo. OAN TN YDOPO, TPOKEWEVOL Va
TPOKVYOLV T10 akPPBEiC TPOPAEWYELS KO GTOXEVUEVO CUUTEPACHOTA, KOL OVTO HTOPEl
va enmttevybel udvo av ot €181kol 6Tov ToVPIGHO Yvopilovy Tota poviéda TpdPAeymc
Ba mpémet va epappooTohV Gg IOl TEPLOYN| Kot Yia Tolov opilovta mpoPreyns dote
va glval o€ BEom va 6YEdIGcoVV PEATIGTES TOVPIOTIKEG GTPATIYIKEG.

2V Topodce EpYOCi, AVOTTUGGOVTOL TPIN SIUPOPETIKA LOVTEAD TPOPAEYNC Yo T
dlepegvvnon g HEALOVTIKNG TovploTikng (nmong otnv EALGSa ce dV0 dlapopeTiég
EPLOdOVG: T PpayumpdBeoun (ypovikodg opiloviag 3 pnvdv, o omoiog GKOTEVEL Va
wpoPréyel ) {Atnon TG MEPLOSOV ALYUNG, TOVG KOAOKULPIVOUC UAVES Yo TNV
EX\Gda) kot ) paxpompodfecun (ypovikog opilovtag 12 unvav). Ot dvo avtoi
ypovikoi opilovteg emAéyOnkov Kupiog YTl avtiotoyobv oty avantuén
GTPOTNYIK®Y TOV GUVETAYOVTOL TNV EQUPUOYT TOMTIKAOV UE SLUPOPETIKOVG GTOHYOVC.
H épevva emkevipavetor ot perétn 1ov agifemv diebvav tovprotdv oty EAAGSa,
oy o €Bviko eminedo, oAAG og KAOe pia and 11 13 meprpépeieg Eeywpiotd. [pata
avamTOocovTol To KAaoWd poviéha SARIMA, ot cuvéyeln epapuolovtol Hoviéda
TEYVITOV VELPOVIKOV OIKTO®V UE OPYLTEKTOVIKY eumpOchiag tpoeoddtnong Kot
TApwc ovvdedepéva (Multi-Layer Fully Connected Feed-Forward) (MLP). Extog
TOV HELOVOUEVOV LOVTEL®V, TpoTEiveTal 1 VEPLdonoinoT Tov cuVILALEL TO LOVTEAL
SARIMA pe ta teyvntd vevpwvikd diktvo MLP. Ta mpoavagepBévto poviéia
ovykpivovtow pe Pdon TNV eVPEMG  YPNOULOTOLOVUEVN UETPIKY  OE0AOYNONG
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2
npoPréyewv, to RMSE (Root Mean Squared Error= J% 2.0 —¥) ) omov Vi m
TPAYLOATIKY TN Kot Yi | TpdPreyn g yio KAOe ypovikn otrypn i.

‘Eva facikd (Ao mov TpokvmTel givol 1 emA0YN KATdAANAOL HOVTEAOL Yol TNV
TpOPAEYN TOV 0iEEmV Y10 TIG dDO SOPOPETIKEG YPOVIKEG TEPLOd0VS (12 Ko 3 urveg
OV AVTIGTOLOUV OTNV KOAOKOIPIV TEPI0d0) Kot Yia Kabe mepipépela Eeympiotd. H
EMAOYN TOL KATOAANAGTEPOL pOVTEAOL yivetow péow NG avaivon ROC.
Xpnowonowdvtag tov dgiktn Youden gvtomileTot 10 onpeio amokomng ®g mpog Eva
deiktn emoykdTNTag TOV debvav apifewv g TEpoyns (to ovvtedeotn Gini) ko pe
Baon avtd to onueio umopode va EMAEEOVUE TO KATOAANAOTEPO UOVTELO GVAAOYQL
HE TNV €VTOoT TG EMOYIKOTNTAS TNG AVTIGTOLYNG TEPLOYNS.

To vrdrowmo tng epyaciog opyavadvetal o¢ eEng. Xty Evotra 2 mapovsialetor n
TEPLYPOUP] TOV OESOUEVOV Kol OPICUEVOL OEIKTEC EMOYIKOTNTOC 7OV €ivol Kol TO
Bacwkd tovg yapaxtmpiotikd. v Evomnta 3 divetor po cOvioun mEPLypapn TV
YPMNOLLOTO0VEV®V TTpoPAEnTIK®V pHeBodoroyidy evd otnv Evotnta 4 avantdcoeton
N mpotewvouevn pebodoloyio €mMAOYNG KOTOAANAOTEPOL HOVTEAOL pE Pdorn TV
gmoyikoTNTa. TEAOC, M epyacio. olokAnpdvetol pe po. oOvioun ov{itnomn Kot
gmonuaivovtog OEpato Yo Tepattépm EPEvvaL.

2. XAPAKTHPIZXTIKATQN AEAOMENQN KAI EITOXIKOTHTA

o «éBe meployn, to odvoro dedopévev mov pelemnbnke amoteieiton amd 132
TapoTNPNOELS, TIG unviaieg debveic agpitelg v ta étn 2006-2016. 1o EZynquo 1,
anekovifovtal evOEIKTIKG Ta dloyphppata Tov xpovooelpmv (time-series plot) twv
neppepetdv Attikng, Kpnmg, loviov Nnoiwov ko Kevrpikrig Makedoviag. Xe OAeg
TIG TEPLPEPEIEG TTAPATNPEITOL EXOYIKOTNTA AV £TOG Kol VYNAOTEPES TIUES KATO TNV
kadokopwvn wepiodo. H Kprrn kot ta Iovia Nnoud £xovv mo €viovn emoykdtnta o€
oyxéon pe v Attikn kot v Kevrpwkn Maxedovia. Xto Zynua 1 avadewvdetor n
SLOQOPETIKN TOVPLOTIKNG CUUTEPLPOPAS GTIG VICLMTIKES KoL NTEPOTIKEG TEPLOYES TNG
EXradac.

Ta Baotkd TEPLYPAPIKA PHETPO TOL GUVOAOL TOV JESOUEVAOV LAG TOPOVGLALOVTOL GTOV
ITivaka 1 6mov ot meproyéc taivopovviar katd eBivovca celpd oe oyéorn pe TO
Mo apitemv diebBvav tovpiotdv tove. Paivetan 6t  Kprtn, to Notwo Atyaio, n
Attikn], n Kevipikn Moxkedovia kot ta [ovie Nnowd sivor o1 mévte meployég pe v
EVTOVOTEPT| TOVPLOTIKT Kivion.

H emoyikomta omotelel évav kpiowo Tovuplotikd mapdyovta, Kabmdg, Ommc
napatipnoe o Butler (2014), ovtyetomiletar ©¢ mpoOPAnua TOv YEVIKG OE
Pektiotomolel Ta eTol0 OWKOVOUIKA OQEAN NG meproyns. Evog xadodg deiktng
gmoykdTog Bo pmopovoe va Bempndel kot o cvvtedeoc petafintomrag (CV) o
omoio amekovileTon yio kdOe mepipépeia oty TeEdevtaia othAn tov Ilivaka 1.
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Zynua 1. Migbveic Apileic Tovpiotav yia to. étn 2006-2016

feBel AdlEew (oe it

—— ATTIKH -—— JONIANHEIA asmasvannas KOMAKES. —— P HTH

Hapatmpovue 611 kdmotleg meployés (dmwc n Kpn, o Entdvnoa, 1o Notwo kot 1o
Bopeto Atyaio) mapovoidlovv vynAr emoykotnTo. ATO TNV GAAN TAELPA, VITCPYOLY
TEPLOYEC e YaUNAES TIHEG TOV deiktn CV oV 0vTIGTOLY0VV GE MO OLOLOUOPPES POEC
apiéewv tovpotdv (my. Attikn, Xteped EAAGda). Ilapdrlo mov m Tty Ttov
ouvtereot petafAntotntag umopel vo vmoloylotel gOkoAd, givol dVGKOAO Va
gpumvevtel (Porhallsdottir, & Olafsson, 2017). Melétec Yo TV €TOYKOTNTO TOV
Tovptopod oty EAAGSe (Www.itep.gr) £3e1&av T GNUOVTIKA 0 VIOV EXOYIKOTNTA
Tov apiemv Tov Olebvdv TOuPIoTOV NG YOPOS HOG OE OCUYKPION UE TIG
AVTOYOVIOTIKEG YDPEG, GAAA KOl TO YEYOVOG OTL 1 EMOYIKOTNTO OTOTEAEL KOO
YOPOKTNPLIOTIKO GE OAEG TIC EMUEPOVS TEPLPEPELES TNG UE TNV EVTACN TG OUOC VO
aAAGEEL amd TTEPLPEPELN GE TEPIPEPELQ.

AOY®D TOV TOPOTAV®, YPNOWOTOLlEiTaL £vag OKOUN TOAD GNUAVTIKOC OgikTNg
EMOYIKOTNTOC OV €ivar o yvwotdg cvvieheotig Gini (GC), o omoiog petpd
SlQOPA NG TPOYUATIKNG KOTOAVOUNG TMV EMICKENTOV HECH OTO €T0G Oamd TNV
OpOOHOPOT KaTavour Toug pésa o€ ovtd. O deiktng GC €yel to mAeovékTna 0T
glvar Aydtepo evaicOntog otic VYNAOTEPES TIUEG EmOYIKOTNTAG, OAAG emnpedleTal
OPKETA OO TIG SLUKVHLAVOELS EKTOC TG TEPLddov avgunc (Porhallsdéttir and Olafsson,
2017). O b¢gixkmg Gini propel vo, opiotel ©¢ pofnpoTikd 16000VARO TG KOUTOANG
Lorenz kot 0 vTOAOYIGHOC TOV TPUYUOTOTOLEITOL YPNCLOTOIDVTOS TOV TUTO:

n n
ZZ|in - ij|

_ im1 =1
G, =

ZnZn: X i
i=1
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Iivaxag]. [eprypagixd oratiotikd o1e0vav tovpiotikdv apicewv (2006-2016)

Hepropépera MT TA Aovp. Kovpr. Ehay. Mgy. Ccv

I(‘é’é‘;)‘ 1974238 = 2012955 0531  -1.145 2003 = 658890  1.0196

Noétwo Avyaio
(SAG)
ATTIKN
(ATT)
Kevtpuiy
Moxkedovia 84186,8 66519,1 0.703 -0.746 12349 249481 0.7901
(CMC)
I6vie Nnowa
(ION)
Tlehomévvnoog
(PEL)
AvTiki)
E)Mada 20288,4 15827,5 0.280 -1.390 1377 49912 0.7801
(WGR)
BOcoourio
(THE)
Kevrpu
E)ado 14752,0 9425,6 -0.011 -1.520 1813 31777 0.6389
(CGR)
AvaTtohkn
Maoaxedovia-
Opdaxn
(EMT)
Bopewo Avyaio
(NAG)
"Hrerpog
(EPR)
AvTukn
Moaxkedovia 1590,8 653,2 0.070 -0.973 312 3099 0.4106
(WMC)
EAAAAA
(ZYNOAO)

183283,4  198685,1 0.617 -1.115 936 606078 1.0840

176295,4 84665,4 0.188 -1.170 55810 370917 0.4802

76330,8 86670,7 0.676 -0.987 388 282154 1.1355

24127,7 17459,4 0.168 -1.377 2779 57347 0.7236

20164,0 14832,8 0.414 -1.159 2842 54979 0.7356

14121,8 13633,5 1.435 1.402 1572 56379 0.9654

14030,6 15351,0 0.812 -0.583 285 56398 1.0941

5543,2 4545,2 1.022 0.205 1103 21072 0.8200

832138,6 = 7141953 0.528 -1.131 98156 2402993 0.8580

omov Xk elvan ot api&elg dieBvav tovprotdv ™G k mEployng Tov i uive Kot N To
N0o¢ TV Sbicumy HETPNoEDY.

Ytov Iivaxa 2 mapovstaloviol ol diebveig api&elg TOVPIOTMOV G€ OAEG TIG TEPLPEPELEC
g EALGSoc o To étog 2016. Edm, @aivetar kabapd 1 acOUUETPT GLYKEVIPOGCT] TOV
tovptopol otnv EAAGSa, agol oyedov to 90% twv emnoiwv debvav aopifemv
TOVPLETOV PrAo&evoivtal oe pHovo 5 mepipépeies. Emiong, oty televtaia onAn Tov
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IMivakag 2. Katavoun cvyvotnrog diefvarv tovpiotikdv apilewy yio 1o 10

2016

Heprpépeara Agiteig % AOporoTiké % Zuvgl)» l\ﬁfTﬁg
CRE 3334850 25.67 25.67 0.50
SAG 2933974 22.58 48.25 0.52
ATT 2530513 19.48 67.73 0.24
CMC 1338542 10.30 78.03 0.39
ION 1295209 9.97 88.00 0.55
PEL 339781 2.62 90.62 0.35
WGR 196720 151 92.13 0.38
THE 267390 2.06 94.19 0.40
CGR 189844 1.46 95.65 0.33
EMT 268807 2.07 97.72 0.44
NAG 187936 1.45 99.17 0.48
EPR 93809 0.72 99.89 0.45
WMC 14510 0.11 100.00 0.25
EAAAAA (ZYNOAO) 12991885 0.43

nivoka, Topovotdletar n T tov cvviedeotn Gini (GC) ya 1o étog 2016 yo kGbe
nepoyn. [apatnpodpe 611 og OAa T EAANVIKA VNGLA O HEGOG OPOG TOL GLVIEAECTN
glvar VYNAGTEPOG GE GUYKPIOT E TIC OVTIGTOLYEG TWEG TOV OTIG VITOAOITEC TTEPLOYEG
g EALGSoc. Me Baon tov péco dpo tov GC yopmidtepn enoykodtnta tapovstiiovy
n Attik) kot 1 Avtikp Mokedovia, 1 onoio. VTOONADVEL O OUOIOUOPPES POLES
TOVPIGTAOV KUTA TN SIAPKELD TOL £TOVG EVA O TEPLOYEC Ue TN peyaAvtepn tun GC
givar 1 Kpn, ta I6vie Nnotd kot to Notio Aryaio, ot onoieg mapovstdlovy vyniég
POEG TOLPLOTAV KATA KOPLo AOYO TOLG KaAokalptvols pnves. [opatnpovue 6t og OA
o eAMVIKG vnotd. O ovvtedeothg Gini eivar vynAOTEPOG G CUYKPIOT UE TIC
AVTIOTOU(EG TILEG TOV OTIC VIOAOUTEG TTEPLOYES TG EAAGSAG.

Emiong, eiéyyovion otr vmobécelg g kavovikdmrog (éleyyog Jarque-Bera), tng
otacyomtog (néom tov eréyyov  Augmented Dickey-Fuller (ADF), g
avtoovoyEtiong (o tov eléyyov Ljung-Box) kot g un ypouukdtrag (€deyyog
White Neural Network (Lee, White, & Granger, 1993) tov dedopévav. Ot undevikég
VTOBECELS Y10 TOVG TaPOUTAvV® eAEYYOLG givat: Yo Tov édeyyo ADF n un ctaciudmmra
£vavTt ¢ eVOAOKTIKNG vTdbeomg 0TL 1) oelpd lvan otdoun 1 trend-otdown, yo tov
éheyyo Ljung-Box n oavefaptmoia, yio tov éheyyo White Neural Network n
YpopkoTTO Kol Yo, Tov EAeyyo Jarque-Bera n kavovikotnta tov dedopévoy. Xtov
IMivoka 3 mopovstdloviol ol TIWES TV OTATIOTIKAV TOV TUPOUTAVED EAEYY®V KOl Ol
avTioToly eg TePLOYES MoV Ppickovtol ot P-TIHEG, 0€ TapEVOEST OTNY TPMTN YPOLLUN
tov 7ivoko (yioo kdBe €heyyo). ETiG MEPMTOGES TOL 1GYVEL KOATL SLOPOPETIKO,
onNUEW®VETOL 1 P-TIUN| o€ Tapévbeon o610 avticToryo keAl. Me Bdon tovg Tapamdved
eléyyoug (PAEme TTivaka 3) pmopovpe va 1IoYuPIeTovUE OTL Ta SEG0UEVO LG LTOPODY
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Mivaxag 3. Xrotiotikoi Eleyyot kai avtiotorya p-values

XraoypdtnTe | AvtocvoyiTion Mn-ypoppikéTnTa Kavovikétnra

Region (ADF test) (Ljung-Box) (White Test) (Jarque-Bera)
(<0.01) (<0.01) (>0.1) (<0.01)

CRE -12.225 92.874 3.0770 13.21
SAG -10.315 91.080 0.6259 15.056
7.9682
ATT -6.563 94.789 1.8571 (0.0186)
CcMC -10.175 94.864 1.3790 13.897
ION -9.148 87.943 0.9935 15.313
PEL -10.467 89.083 1.2413 10.679
WGR -10.142 86.838 3.3044 12.015
THE -8.673 90.930 3.2498. 10.895
CGR -8.392 84.194 1.3034 12.324
EM&T -8.436 90.032 2.925 58.245
4.6816
NAG -8.530 85.840 (0.096) 16.483
EPR -9.989 87.905 3.9354 23.838
4.9875
WMC -5.628 63.326 0.8601 (0.083)
EAAAAA

(ZYNOAO) -10.104 93.711 3.4791 12.966

va BewpnBovv avtocvoyetilopeva. Emmiéov, ya tig diebveig apifelg Toupiotdv dev
umopoe vo vrobécovpe 0Tl akoAovBolv kavovikny kotovoun upe e€oipeon Tig
api&elg g mepupépetog Avtiknig Maxedoviag, evad dev vmhpyel onuavtiky Evoedn
omapéng  pn-ypoppkotroas. Olot ot mopomdve €reyyxolr E€ywvav  oe  emimedo
onupavtikotnrog 5%.

3. MEOQOAOAOTI'IEX TIPOBAEYHX

To Autoregressive Integrated Moving Average Model (ARIMA), siofydn apyikd amd
tovg Box xan Jenkins (1976) kot ypnoiponoleiton evpémg Yo T HOVIELOTOINGT Kot
mv avaivon ypovocelpmv. To poviéha ARIMA eotidlovv ot PBpayvrpddeoun
avalvon (Kantz, & Schreiber, 2004) ka1 cvpporiovtar mg ARIMA(p, d, q), 6mov p
glvar m T4€n Tov avtTocvoyeTILOpEVOL PEPOLG, d glvar 1 TAEN Srapopomoinong Kot pe q
oupPoriletar 10 pépog TOv KWvnNTOO péGOL Opov. [evikd, ta poviélo ARIMA
YPTOULOTOLOVVTOL GE YPOVOGELPEC IOV gV TTaPoLotdlovy enoyikdtnTa. Qotdc0, aVTo
TO HOVTEAO umopel va enektabel o £va TOAATAAGIOOTIKO LOVTELD, TTOL ovoudleTal
SARIMA, SARIMA(p, d, g)x(P, D, Q)s, émov o 6poc (P, D, Q) avtictoyel oto
EMOYIKO LEPOG TV OEOOUEVMVY Kol 0 OEIKTNG S avTIoTOLYEL OTNV TTEPI0d0 EMOYIKOTNTOC.
210 mhoiclo auTiV TG epyaciag, n TaEn tov poviélov amoeacileton pe Pdon to
kprnplo BIC kot n extipnon tov topapétpov Tpoylotonoteital YpnoyLoToumvIos To
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akéto mpoPreyng forecast tov Aoyicpukod R pe ™ pébBodo Méyiotng
IMBavoeavewng. (Hyndman & Khandakar, 2008).

H mpocéyyion tmov Teyvniov Nevpovikov Awktdov (ANN) esivor po teyvikn
UNYOVIKYG nabnong mov ektdg tov dAlmv ypnoipomoteiton Kot yio TpoPAieyn (m.y.
Lippmann, 1987) kot omotedel HETOYEVEGTEPT TEYVIKY, GE GUYKPIOT WE TO KAUGIKA
povtéda ypovooelpmv. Ta povtéra tpofreyng ANN Yo ¥pOVOGEIPES YPNCIUOTOLOVY
éva. obvoro amd K mpdopateg, dwabéoipeg Twég v Ty TpdPAEYn TG ETOUEVNG.
Ymp&av TOAAES OLPOPETIKES apYLTEKTOVIKES Yo Ta Olktvo ANN, aAld otnv
TaPoHGO EPYACIO YPNGIUOTOLOVVTAL TO TTOAVETITESN TATP®G cLVOEdEUEVO Nevpmvikd
Aixtoa (Feed-Forward Neural Networks) (MLP), ta omoio Osmpodvrarl wg pio omd tig
70 ONUOPIAEIG APYITEKTOVIKEG.

Metd v andeacn g apyrtektovikng tov MLP, npénet va. amogacicovpe yuo Tig
peTaPANTEG €16000V, TOV aplBUd TOV KPLEOV ETITEO®V Kol TOV opldpd Tov KOUPpov
o€ Kabe eminedo. Qg €i6000, Bempovpe dH0 TPOYEVESTEPEG TAPATNPIOELS TOL €IVl OL
apiéelg Tov ovtioToryov MNVO. TOL TPONYOVUEVOL £TOVC KOl Ol OQiEElc Tov
TPOTYOVLEVOD UNVO, TOV CLYKEKPIUEVOD £Tovc. H Aoyikn wicw amd avt v emthoyn
glvar M 1010TTA TNG €TNOWG EMOYIKOTNTAG, TNV Omoia yvwpilovpe OTL vdpyEL GTa
dedopéva ToupoTiknig nnong. Atatnpovpe Ty €icodo Emg 600 KopPovg yroo Adyoug
amhomrag. Eumepicn épevva €xet deiel 6T éva Kpued eminedo eivol apkeTd oTIC
neplocotepeg spopuoyéc (Haykin, 2001). ‘Etol, 10 vevpwvikd diktvo MLP mov
YPMNOLoTOEITAL 0D TEPAAUPAVEL £val EMimedo €160d0V pe pio Tipn (votépnon 12) 7
dvo Tég (votépnon 1, 12) g e160d0v¢, Eva kpued eminedo ue 1 kai 10 képpovg 6tav
vrdpyel évag kouPog €1codov M 2, 4, 10 kot 15 kéuPovg dtav vrdpyovy 2 kdupot
€16060V ka1 £va eninedo €£0d0v pe Evav kopPo. Ta dedopéva Tomomolodvran (Z-Score)
YPTOCULOTOIDVTOG T MEGT TIUN KOl T TUTIKY omdKAIoT TOV SElyHaTOg EKTOIOELOTC.
KdaOe eminedo cuvdéetar TANPOG UE TO ETOUEVO KO | GUVAPTIOT| EVEPYOTOINGTG TTOV

xpnoponoteital 6to Kpueod eninedo efvan m oryposdng: S(t) = 1% Emutiéov, ua
+e

YPOUUIKY GUVAPTNGT YPNOLOTOEITAL 0TO €Minedo €5000V Yo Vo HETATPEYEL TIG
TPONYOVUEVEG E1GOO0VG o€ TeEAKEG €£0d0vc. H ekmaidevon tov diktbov €yt yivel pe
Vv mpocopurootikn uébodo backpropagation with momentum, émov to Bdpn TV
OUVOECEMY OTO  VeELPOVIKO  Oiktvo  vroioyifovtor  YpPNOUOTOIOVTOG  TOV
TPOGOPLOCTIKO adyopBuo Bertiotomoinong kiiong (Haykin, 2001). O kvpiog otdyoc
G Tapovoag epyociag gival va ddcel TpoPAEYELS Yo TS apilelg dleBvdv TovploThv
og kabe meprpépeo, g EALddog tpio (3) kan dddeka (12) Prpoto pmpootd mov
AVTIGTOYOVV GTOVG TPOCEYEIS KAAOKALPIVOVG UNVEG KOl OTO EXOUEVO £TOG AVTIGTOTYOL.
H molvPnuotikn wpoPreyn evog ANN eivar opketd O0CKOAN Kol 0ev VIAPYEL
UOVOSIKY TPocéyyion YU avtd. Mio avacKOTNoT TOV TPOGEYYIcEMY OVTMV VITAPYEL
omv gpyacia tov Boné & Crucianu, (2002). Ot 600 kOpieg mpooeyyioelg givar n
dueon péBodog, 6mov katackevalovtal JlPopeTiKd poviéha MLP, éva yuo ke
Brna TpoPreyng Ko M emavainmTiky péBodog, 6mov M TPOPAEYN Yoo TNV EMOUEVN
nepiodo Bempeitor vEo TAPAUTHPNON KOL TO LOVTEAO OVOKOTAOKEVALETOL TPOKEWEVOL
va AneBel m emopevn mpoOPreyn. e ovTAV TNV EPYOCIO YPTOLLOTOOVUE TNV
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EMOVOANTITIKY] TTPOGEYYION Kol Ol TPOPAEYELS TOAAOTAMY TEPLOO®V TPOKVLITOLV
eENOVOMTITIKA ©¢ TpoPréyels evdg Prijnatog pumpootd. H xlooikn emovoAnmrikn
uébodog ypnoyonolel v TpdPreyn yio Ty emxodpevn mepiodo amd to poviélo (MLP)
MG TPOYLOTIKY TOPOTNPTCT, GTI GUVEYELD TO LOVTEAO ETAVEKTIUATOL KO Aapfdvovpe
v TpoPAeyn Yo pa mePiodo umpootd. 2otdc0, Yo Vo PEATUOGOVUE TEPUITEP® TNV
amO00GT] TOV HOVTEAOV, EKTEAOVUE MO TOPOAAOYN TNG EMAVOANTTIKYG peBOSOL.
XpNOLOTOIO0UE MG EKTIUNGELG OYL LOVO TIG TPOPAEYELS TOL VELPOVIKOD OIKTOOV,
AL Kot GAA@V poVTEA®V TPOPAEYNG. L& AT TNV EPYOCia, LETA TV KATOGKELT] TOL
ANN Bewpovpe 3 Tég: t1g TpoPArdyelg Tov, T TpoPAEYELS amd £vo eMOYIKO LOVIELOD
Holt-Winters kot tig mpofAéyeic amd 1o poviého SARIMA o¢ mpaypotikd dedopéva
g emduevng meptodov. ‘Etot dnuovpyovvtal 3 cevapla TpoPAéyewmy Kot yio KiOe
éva omd autd mapdyovue TPoPAEyelg e To Kotaokevacpévo MLP kot emiéyovpe
aTO LE TO PIKPOTEPO COAUALLL.

H vBpidonoinon tov poviédov SARIMA pue ta povtéha MLP enttpénel e kdmolov va,
amoKopiceEl 0PEAT KOl amd TOvg dVO TOTOVG LOVIEAMV, OPOV LECH TMV LOVIEA®V
SARIMA Aaupdvovpe vdym 1t Bpoyvmpoddecun emidpact mApOTNPICEDV KOL TNV
EMOYIKOTNTO eV Héc® TV MLP T1c un ypouuikéc dopéc, omote vmapyovv. H
oTpaTNyIKn €d® eivar 0 cLVOLOGHOG evOg KAaooikoy poviéhov SARIMA pe éva
vevpovikd diktvo mpocappoloviag mpmta €va poviého SARIMA oto apyikd
dedOUEVO KOl GTN GUVEYELD KATUOKELALOVTAG £VOL VELPWOVIKO O1KTVO Y10, TOL VIOAOLTA,
(Zhang, 2003; Chen, 2011). H xotackevn TOL vELPOVIKOD SIKTOOL Yio TO
vroAgippaTa yiveTon akpifmg He TV 1010 AOYIKN TOL TOPOVGIACTNKE TOPUTAVE. 1€
Kké0e Prua, ot TpoPAréyelg TV 600 poviélmv Tpootibevtal o€ pio pdvo tpdPreyn yo
v endpevn mepiodo. Etot, n pofieyn yia ke t divetar and ) oxéon:

& o Res

V. =9+

o Res

OTOV )7{\" P xa Y. ot mpoPremopeveg Tipég and to poviéda SARIMA kot ANN

avTicTolya.

H oxpifela mpoPreyng tov Topamived HOVIEA®V EKTIHATOL YPTCULOTOIOVIONG TO
RMSE. Olo ta mpoavoeepfévta poviéda epopuolovior oTig pnviaies o@ifelg
debvav Tovplotdv o€ OAES TIg TepLpépeleg ¢ EALadag and tov lavovdpio tov 2006
¢w¢ tov Aekéuppro tov 2016. ' v mtpdPAreyn tov €tovg 2016 ypnoyomolovvton
dedopéva and tov lavovdpro tov 2006 g tov Aekéufpio tov 2015, evd yio v
TPOPAEYN TV KOAOKapvav unvav tov 2016, ypnouonotodvial Sedopéve amd Tov
Iavovdpio tov 2006 £wg tov Mdio tov 2016. Xtovg [Tivakeg 4 ko 5, mapovoidlovron
ta Béltiota poviéla yio kdfe pio amd Tic tpelg peboddovg kabmg emiong Kot 1M
axpifela TpoPAeync TV TPOoavVaPEPHEVTOV HOVTEADVY Y10. OAEC TIG TEPLPEPEIEG TNG
EXLGS0c kat yio Tovg dV0 ypovikobg opilovteg, Yio 0AOKANPO TO EXOUEVO £TOG KOL Y0
TOLG KOAOKOLPIVOLG HNVES OVTIGTOLYO.
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Mivaxag 4. Awotiunon apofléwewv yia to étog 2016 (h=12)

. Hybrid
Regions SARIMA MLP SARIMA-MLP
CRE (1,0,0x(1,1,0) (1,10,1) SARIMA-MLP (1,1,1)
RMSE=41081 | RMSE= 26440 RMSE= 36102
SAG (1,0,0)%(1,1,0) (241 SARIMA-MLP (1,1,1)
RMSE=25387 | RMSE= 22904 RMSE= 24119
ATT (0,1,0)x(1,1,0) (1,10,1) SARIMA-MLP (2,2,1)
RMSE=22676  RMSE= 19560 RMSE-= 18384
cMC (1,0,0)x(0,1,0) (241 SARIMA-MLP (1,1,1)
RMSE=9150 RMSE= 8583 RMSE= 8711
ION (1,1,1)x(0,1,0) (2.2,1) SARIMA-MLP (1,1,1)
RMSE=9520 RMSE= 6765 RMSE=8903
PEL (1,0,0)x(1,1,0) (2.2,1) SARIMA-MLP (1,1,1)
RMSE=4874 RMSE= 5165 RMSE=4676
WGR (1,0,0)x(0,1,1) (2,2,1) SARIMA-MLP (1,10,1)
RMSE=4983 RMSE= 3371 RMSE= 4128
THE (1,0,0)%(1,1,0) (2.2,1) SARIMA-MLP (1,1,1)
RMSE=4220 RMSE= 2942 RMSE= 2006
CGR (2,0,1)x(0,0,2) (2.2,1) SARIMA-MLP (1,1,1)
RMSE=3559 RMSE= 2275 RMSE= 3206
EM&T (0,1,1)x(0,1,0) (1,10,1) SARIMA-MLP (1,1,1)
RMSE= 2177 RMSE=3309 RMSE= 2034
NAG (0,1,1)x(0,1,0) (2.2,1) SARIMA-MLP (1,1,1)
RMSE=11729 RMSE= 6668 RMSE= 11678
EPR (1,0,0)x(1,1,0) (1,11 SARIMA-MLP (1,1,1)
RMSE=1794 RMSE= 1748 RMSE= 1595
WMC (1,0,1)x(0,1,1) (2,11 SARIMA-MLP (1,1,1)
RMSE=315 RMSE= 267 RMSE=222
EINNIAOT'H MONTEAOY RMSE: 0 RMSE: 7 RMSE: 6

Hpopreyn oroxinpng g oglov (opilovrag 12 pnveg) H peyodvtepn okpifela
TPOPAEYNG EMTVUYYAVETOL ¥PNOOTOIOVTOG Kupiwg poviéAo MLP xor Hybrid
SARIMA-MLP. Avaivtikotepa, 10 MLP €yel peyardtepn axpifela tpofrieyne oto
Boépeio Aryaio, ™ Avtikn EAXAGdo, ta Iovia Nnowd, v Kpnm, v Kevipikn
Maoxkedovia kot v Kevrpikn EAAGSa kot oto NoTio Atyaio. Amod v GAAN mhevpd,
to Hybrid SARIMA-MLP vmeptepei otnv Attikn, 1 Avtiky Moaokedovio,
®eccaiia, v Avoatolkn Moaokedovia, ™ Opdxn kai v Iehomdvvnoo. Eivau
ONUOVTIKO Vo, onpelmdel 0Tt paivetor n Tpocéyyion MLP va givor mo katdAinin yuo
VNOW®OTIKEG TEPLOYEG OV TAPOVCIALOVY EVIOVOTEPT EMOYIKOTNTO €V TO VPPLOKO
HOVTEAO Y10 TEPLPEPEIEG PE AYOTEPO EVIOVT EXOYIKOTNTA.

Hpopreyn korokopvav pnvav (opilovrog 3 pnveg) o toug xolokopvoig
punveg peyodotepn axpipeia pdPreyne éxovpe pe to poviého Hybrid SARIMA-
MLP, to omoio vreptepel og 11 (Avaroikny Makedovia kot @pdxn, Attikn, Bopeio
Atyaio, Avtikp Moakedovia, Hmewpog, Osocora, [6via Nnowd, Kpnm, Notog
Aryaiov, ITehomovviicov ko teped EAAGOQ) amd Tic 13 meprpépeieg g EALGSOG.
211 vrolouneg mepipépeteg vreptepei 1o MLP (Avtikng EALGSag, Kevipikng
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Mivakag 5. Awotiunon Tpofléwewv yia tovg kotokaipivoovg unves tov 2016

(h=3)
. Hybrid
Regions SARIMA MLP SARIMA-MLP
CRE (1,0,0)%(1,1,0) (2,15,1) SARIMA-MLP (1,1,1)
RMSE=39628 RMSE= 29425 RMSE= 19828
SAG (1,0,0)x(0,1,1) (1,10,1) SARIMA-MLP (2,10,1)
RMSE=23258 RMSE= 18934 RMSE= 10875
ATT (1,0,0)%(2,1,1) (1,1,1) SARIMA-MLP (1,1,1)
RMSE=24361 RMSE= 27974 RMSE= 20940
CMC (1,0,0x(0,1,0) (1,10,1) SARIMA-MLP (1,10,1)
RMSE=10326 RMSE= 9678 RMSE=9988
ION (1,1,1)x(0,1,0) (2,2,1) SARIMA-MLP (2,4,1)
RMSE=5321 RMSE= 4273 RMSE-= 873
PEL (1,0,0x(1,1,0) (4,1,1) SARIMA-MLP (1,1,1)
RMSE=2516 RMSE= 5459 RMSE= 1217
WGR (2,0,1)x(0,0,2) (2,15,1) SARIMA-MLP (2,2,1)
RMSE=8391 RMSE-= 4376 RMSE= 7786
THE (1,0,0)%(1,1,0) (2,4,1) SARIMA-MLP (1,10,1)
RMSE=1746 RMSE= 2016 RMSE-= 473
CGR (2,0,1)%(0,0,2) (2,2,1) SARIMA-MLP (1,10,1)
RMSE=3457 RMSE= 2578 RMSE= 2469
(0,1,1)x(0,1,0) (2,1,1) SARIMA-MLP (2,2,1)
EM&T RMSE= 1539 RMSE= 3719 RMSE= 1490
NAG (1,1,0)x(0,1,1) (1,10,1) SARIMA-MLP (2,10,1)
RMSE=4886 RMSE= 3042 RMSE-= 2798
EPR (1,0,0)%(1,1,0) (2,15,1) SARIMA-MLP (2,4,1)
RMSE=2407 RMSE= 2075 RMSE= 1328
WMC (L0,D)x(0,1,1) (2,1,1) SARIMA-MLP (2,10,1)
RMSE=480 RMSE= 213 RMSE= 194
EITNINOT'H MONTEAOY RMSE:0 RMSE: 2 RMSE: 11

Maoaxkedoviag). Emopévaog, Ba pumopodoape vo modue 6Tl 1 €mhoyn Tov vPpidiko
HOVTEAOL Yiow mPOPAeyn TtV 0eifenv Katd TOvg KoAOKOPVOLG UAVEC &ival
IKOLVOTIONTIKT).

210 Zynua 2 amewkoviCovtor ot mpoPréyelc and ta PérTiota poviéda poli pe Tic
avTIoTO(EG TPUYUOTIKES TIES Yoo To 2016 (aprotepd) oA kot Yoo udvo TOVG TPELS
Kohokotptvovg pnveg tov 2016 (8e€1d) evOEIKTIKA Yo TIC TEPLPEPEIES ATTIKAG KoL
Kpnme.

Me Bdéon to Topamdve £vo EpATILLO TOV TPOKLITEL EIVOL OV Kol LE TOLOV TPOTo Oa
UTOPOVGOUE VO  OOPAGIGOVUE 7010  TPoPAENTIKO poviého Oo  mpémel  va
YPTOLLOTOOVUE Yo TNV TTPOPAEYT TG emduevng oelov (12 Prpate pmpootd) yoti
dev vmapyel Eexabopr EMKPATNON KATOOL HOVTEAOL G€ auT TNV Tepintmon. To
Baocwd yapaktnplotikd mov umopel vo pog Pondnoet dd sivar 1 EMOYIKOTNTO TOL
yopakTNPilel Ta 6£d0UEVH TOVPIOTIKMV aPIEE®V Kat 1) S10pOpOTOiNcT TG EVTAONG
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Zynpa 2. Evieiktixés mpofAéyers tovpiot@v

12unvo pnvo
700000
600000
500000
400000
300000
200000
100000 !

]

ATTIKH2014-2016  ----- ATTIKH-TIPOBAEWEIZ 2016 —— ATTIKH 20142016 ----- ATTIKH-MPOBAEWEIE 2016

KPHTH2014-2016  ----- KPHTR-TIPOBNEWEIZ 2016 KPHTH2014-2006 ~  ----- KPHTH-TIPOBAEWEIE 2016

™G amd TEPUPEPEIL CE TEPUPEPELRL. LTV ENMOUEVI] EVOTNTA TOPOLGLALETOL M
TPOTEWOLEVT eBOdOAOYI.

4. EINIAOT'H MONTEAOY ME BAXH THN EINOXIKOTHTA TQN
AEAOMENQN

Mo v emioyn poviéhov oty zmepintwon e npdPreyng tov agienv dedvav
TOVPOTAOV Yoo TV emouevn oefov (12 Prjuota pmpootd) Bo otnpybodue otnv
EMOYIKOTNTA OV YopoKTnpilel To dedopEVE TOVPIOTIKAOVY apiewy. Me Bdaon v Tiun
tov ovvtereot)) Gini (GC) (avtiotorya gival o OTOTEAECUOATO TOV TPOKVDILTOLY KOl
av ypnowonombei o deiktng CV) «or ypnowomowwvtog avaivon ROC, 6o
vroloyicovpe to onueio anokonng (LEcw Tov cuviedeotn Youden) €161 MOTE av 1
EMOYIKOTNTA EYEL TN KAT® omd ovtd T0 onueio (Younin) va emiéyetol 1 VPPLOtKN
TPocEyylon evad o€ avtifetn mepintoon (VYNAN) vo EMAEYETOL £voL TUTKO TEXYNTO
VEVPOVIKO OlkTVO Yo TPOPAEYT|. XT1 GLYKEKPIUEVT EpYOTia, MG TOAVES KATAGTAGELS
Oewpodue v emhoyn evog amd ta 2 povréha (MLP ko Hybrid SARIMA-MLP) ka1
gmAéyovpe TO  KOTOAANAO poviého pe Pdon Tov ovviekeot Youden (J)

a b , , , , , p
] = b + e 1, 6mov a owoty emhoyn kot b AdBoc emroyn povtélov.

Xpnowonoidvrog Tov dgiktn Youden Bpickovpe mg onpeio amoxomic v tiun 0.529
ywo. tov cuvieheotn) Gini. Avto pag odnyel o pia emhoyn vBpidikod poviélov dtov
GC < 0.529 kot otV emhoyn evog kabapov vevpmvikol diktvov otov GC > 0.529. H
axpifea onv emAoyn pog OTavel 1o 77% pe Adbog emloyn povtédov o udVo TPELS
nepreépeteg (Kevipikn Makeoovia, Avtiky) EAAGoa, Kevipikn EALGSa).
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5. EIITAOI'OX

e ot TV gpyacia peretdnke to TpoPANUa T TPOPAEYNG dEBVAOV TOVPIGTIKMV
apienv ot meppépeleg g EALGdac, pe oxomd ™ axpipéotepn mpoPieyn g
ToupoTIKNG CNmong mov pmopel va odnNynoel otov  o®GTOTEPO  OYESICUO
TOVPIGTIKOV TOATIKAV. Meheth|Onkay Tpia poviéda tpoPieync: ta Emoyuwé ARIMA
(SARIMA), ta Teyvntd Nevpovikd Aiktvo (MLP) adrié kat o vBpidkd poviéia o
omoio TPOKHATOLY ad TOV GLVOVAGUS TV 0V0 TPOTOV Kal a&loAoyHOnKaY MG TPOg
MV TPOPAENTIKY] TOLG KAVOTNTA €ite Yo TO €mOUEVO £T0G gite Yy TNV emduevn
KaAokopwvn wepiodo Qg mpog v TpdPAey Yo TNV EMOUEVN YpOoVId dev vpée Eva
eviaion BEATIOTO MOVTEAO Y100 OAEC TIC TEPLPEPELS KoL Yo, OVTO TPOTEIVETOL Lol
pebodoroyio emAoyNg KaTaAANLOTEPOL HOVTEAOL e Pdon Tov cvviedeotn Youden
610 mhaioto g avaivong ROC, pe daitepa evBappuviikd aroteléopota apol 6To
77% (10/13) tov neplpepeldv EMAEYETOL TO GOOTO HOVTIEAO.

Mo v mepatépo evioyvon g TPOPAENTIKNG KOVOTNTOS TOV TOPOTAVE® LOVTIEAWDY
mpoteivetal 1 €EETOOT  OLOLPOPETIKMV  OPYITEKTOVIKOV KoTtaokevng Teyxvntmv
VELPOVIKAV SIKTO®V, 1] XPNOT] SLPOPETIKDY TEYVIKAOV LPP1doToineng kol 1 avamtuén
OIKOVOUETPIKDOV HOVTEA®V EUTAOVTICUEVOV LE EMMAEOV TANPOQOpPieg amd GALEG
OIKOVOUIKESG LETOPANTEG OE EMIMEDO TEPIPEPELNG.

ABSTRACT

One of the most important pillars of the Greek economy is tourism, so the collection,
processing, and analysis of data from this sector is of utmost importance. In the current work,
the monthly occupancy of accommodation in the thirteen (13) regions of Greece is studied. A
key feature of these time series is the intense seasonality. Traditional methods (SARIMA
models), Artificial Neural Networks (ANNs) and Hybrid Models were used for their modeling
to find the best model that will be used to predict their future prices. Applying these methods,
a single optimal forecast model was not found for all regions, so a way to select a better model
based on the seasonality of the data is proposed. The Gini coefficient is used to measure
seasonality, while through the ROC analysis and the Youden index the cut-off point for the
selection of the most suitable model is identified.
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AANVKCO XtatioTiko Ivotitovto

Tpaktika tov 33%° Haveljviov Zuvedpiov Eratioriknc (2021), pp. 108—120

Yvuvelikelg akolovOL®V VKWV G
O€ XPOVIKX TOAUVILAOTATEG

Moapkofravég avavemwTikég alvoideg

A. KopSadiig', X. TpéPeloag!
I'Tprpo Madnpatikev, EKITA
{Ikordali, strevezas}@math.uoa.gr

Ilepidnyn

Ynv mapovoa epyacio eEetdlovtal oL 18L0TnTeg TwVv ovvelifewv Otav o xpdvog ei-
vol dLorkpLTog Ko ToAudiaoTtatog, eved e T Pondeta ailyefpikodv dopwv e€etaleton
1 Omap€n kot divetatl o akpLPrig TOTOG Tov cuVEALELkOD avTioTpdPov. O televtaiog
Ba Sradpapartioel Wiaitepo poho TNV Kataokevy piag eméktoong g Bewpiag tng
KAGoNG TV MopkoPLavev avovewtik®v alvcidwv 6mov 1) évvola Tov xpovou Do éxel
moAvdiaoTaTn popey. Zvykekpipéva, o ypnotponronBodv cvvehiblakég tpaéelg yio
Vv evpect Abong TV MopkoPloviv avaveTikdv eElo®oewy Kol Wloitepa oTnv
ovolnTNoTN AVOTTAPAOTAGEDY KOAOLOLOV ViKWV oL omoloL eivol opavTLKol yio
™ Bepedinon ko Ty e€EMEN avtng g Bewplag.

Aééeig-KAeidud: Zvvelikeig moAvdidotatov xpovov, ZvveliElokdg Avtiotpopog, Xpovikd mo-
Ao tatn Maprofrovy avavewntikr Bewpio, MaproPLavég avavenTikéc eElodoelg

1. Ewoaywyn

Ot ovvehielg drokpLtod xpovou amotedovv Oepério Aibo oTig eQappoyég Tng Oe-
wplog ThovotTV 0Kg eival 1 Bewpla TOV AvavewTiK®OV kol Tov Maproflovov
ovovenTikdv ddukaoidv. To onpeio ekkivnong avthg tng perétng pmopei va Ppe-
Oei otovg Barbu and Limnios (2009), ot omoiot ypnoiponoinoav cuveAielg daxpl-
00 XpOvou yia akodovbieg Tvakwv piog petaPAnTig yio T ADoT avoveEOTIKOV KoL
Moaprofravav e€lomoewv. Idaitepo pdAo ot cuykekpipévn Bewpia, Exel 0 aplotepdg
ovtioTpoPog piog akoAovbiog mvAK®V Kot 0 LITOAOYLGHOG TOoL Yiveton Pdoel ahyo-
pLOpLKOV TeXVIKOV. 2T Mapkoflavr] avavewtiky Bewpia ypnopomnoteital o Guvel-
ElaKOC avTIoTPOPOG YLt TOV LITOAOYLOHO THG cLvapTnong TlavVoTHTWV peTdfacg
piog nppapkofloviig aAvoidag Kot yior TNV avamTuEn NULLOPKOPLOVEY GUGTNHATWV
o€lomoTiog.

Ztnv topovoa perétn Ba ypnoipomroinBovv cuveliEelg mtoAvdidotatov Siakpltod
XPOVOUL K&vovTOoG oUVOEDT] e GLYKEKPLUEVEG aAYEPpLkég EVVoLeg OTTwG lvat 0 dotkTO-
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ALOG, He 6KOTTO TNV aVATTTUEN VEDV AVOTTOPACTAGEWY KOUL TTLO GUYKEKPLLEVOL TH) HEAETT)
™G VIaPENG, ToL TOTOL KoL TWV LOLOTATWV TOL GLVEALELAKOD aAVTLETPOPOL. AKOpT,
Ba epappootel 1) cvykekpLpévn Bewpia pe okomd TNV avarTuén véwv Mapkofrlovov
OVOVEWMTIK®OV HOVTEL®V, OTT0L 0 XpOvog Ba eivar Stokpitdg aAAd ko ToAvdideTOTog.
EmutAéov, B avadertyBodv 1810Ttnteg kot TOMOL ELOLKOV GLVAPTICEWV OL OTOLEG elval
ONHOVTLKEG YL TNV ovaItTuEn tng Bewpiog mov Paciletor ot véo oty Wéa.

Ot Mapxofravég avavewtikég ahvoideg (a.o) kat ot emayopeveg nui-Maprofrovég
aAvoideg (.o éxovv peletnBel ekTeEVOG 6TO KAOGIKO TOVG TAXIGLO KL QITOTEAOVV
nedio Srpopwv epappoymv (1.x: Pyke and Schaufele (1964), Barbu and Limnios (2009),
Limnios and Oprisan (2012)).

H mbavotikn povtehomoinom oto Stakpltd mhaioto dev eiye AdPel tnv avticToryn
TPOGOXT OTTWG 1) AVTIGTOLYT GTO GLVEXEG, TTOPOAO TTOV OL TTPWTEG EPYOTieg oTO Sat-
KpLTo xpovo Eexvave otd t dexaetioo tov 1960. O Anselone (1960) avéntuEe oplopévo
otouyeia epyodikrg Bewpiog Twv MapkoPlavdv avaventikdv alvoidwv. Xtnv mepi-
TTWOT W1 LKOvoToinong tng epyodikdtntag, piog Mapkoflavrg avovemtiknig aiv-
oidag 1 omola amoppopatal ce pice ocvykekpévn katdotoor, o Gerontidis (1994)
HEAETNOE TNV OPLOKT] CUUTEPLPOPE MapKOPLOVOV AVAVEDTIKGOV AALCIdWV avTLKaTd-
otoong, 6mov ta aveEdptnta deiypoato cvvdéovtal dtav cupPaivel n amoppdPnor).
Egpappoyég twv Mapkoflovidv AvavenTik®v alvoidwy pe éppact otig dtadikacieg
aropdoewv divovton artd tov Howard (1971).

AxOpT, PTOPOVE VO EVTOTTIGOUHE EPUPHOYES 0TI Bewpiot OVPOV AVOHOVNG KOl
otV emdnporoyia kabog kat xprion alyopiBpwv yio tnv epappoyn twv M.o.a ce
nAekTpovikd voloyloth otig epyacieg twv Mode and Pickens (1988) ko Mode and
Sleeman (2000) . To TTPOTO VITOAOYLOTLKO TOKETO TO 0TTOL0 GUVIVALEL TPOGOHOLDGELG
KOUL EKTIUTCELG OPLOHEVOY YVOOTOV TILPOHETPLKDOV OLKOYEVELDV KOTOVOUMV, EVTOTTLLE-
TaL oTnv epyacio Twv Barbu et al. (2018). Ou o mpdo@ateg avapopég ot Bewpio ko
epappoyég (. Oewpio aflomotiog) twv M.a.o kou np.a, evrorilovtal atovg Barbu
and Limnios (2009), and Barbu et al. (2018).

Y& auTr) TNV epyooia, ELGGYOLpE TIG Xpovikd ToAvdidotateg p.a.o. Eivon picr emé-
Ktoon g kAaoikig Maprofiavig avavenTikrg Bewplog, 6ov 1 évvola Tov xpovou
prtopet vau elva moAvdidotarn. Kivitpo yio tn ovykekpipévn peAétn amoteAovy oL
peAéTEG TV HOVTEAWV aVATTTUENG PUTWV, 6T oTtoia o Beppidg Xpovog eival o TAEoV
KOTOAANAOG YLt TNV TTepLypa@n tng katdotoong evog gutod. O cuvdvaopog diopo-
PETIKGOV XPOVLV PItopel v pog doaoel pia mo PoALKH KaTaypa@r) TG OTOXUGTIKTG
eEEMENG plog KaTtdoTaonG.

H nmapovoa epyacia pmopel va Bewpnbei emiong wg pia diakprrr yevikevon twv
SOLAOTATWV AVAVEOTIKOV SLadIKooLOV 0L 0TToleg avapépovtal oTig epyacieg Hunter
(1974a) ko Hunter (1974b), 61mov 0 ovyypogéog OpLoe kot EAVGE aAVaVEWTLKES eELGG-
OELG KO HEAETNOE TNV AGUPIITWTLKY) GUUITEPLPOPA X POVLKA TTOALSLAGTATWY OVAVEW-
Tik®V povtédwv. O Mallor et al. (2007) €de1€e TIG aoLUTTOTIKEG WOLOTNTEG TV XPO-
VIKG& TTOAVOLAOTATWV GTOOULGHEVODVY avavewTik®OV cuvaptrioewy. Eniong, eotidlovv
oe moAvpetaPAntolg petaoynpatiopovg Laplace kol otnv oplokr) cupmepLPopd TV
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OVOVEWDTIKOV SLodLKao IOV Kal ELSIKOTEPX OTI CLGYETLOT HETAED TV YPOVIKOV GLVL-
OTWOMV.

Apxikd, Ba avodvbei To mTAaiclo Twv cuveliewv akoAovBLodV ViKW dlokpLTod
oAV TOTOL Y POVOUL Kot Bar peletnBovV oL LBLOTNTEG CLYKEKPLLEVWV KAXGEWY OKO-
AovBLov pe kbpLo okomd 6TV AvaTTapAoTOCT) TOL GLVEAELKOD AVTLETPOPOV, OTAV
avtdg vpioTaTol. XTo TeAevtaio ke@dAoto Bo yivel 1) epappoyr] TOUG GTIG XPOVIKG
moAvdidotateg MapkoPfLavég avavewtikég alvoideg pe oxomd T Bewpntikn Toug Oe-
pediwon kot Wiaitepa ot PeEAETY XPOViKA TOALILAGTATWV popKkoPLavidv eElodoewy
KOL OTTV KOATOOKEVT] TNG ETAYOHEVNG X POVIKE TTOALSLAGTATNG NpLHapkoPLavig odv-
oidag.

2. Yvuvelikerg draxkpirtod xpovou

Y1V mapovoa Taphypopo Bo peAeTioOUVNE TO GUVEALELOKO YIVOHEVO LLAG CUYKE-
KPLHEVNG KATNYOPLOG TILVOKLKOV GUVopTHoeny kot Ba Sdoovpe ouykekpLuéveg alye-
Bprrég 1dLotnTeg TOL GLVEALELAKOD TeEAeaTh, divovTag Wiaitepn TPOGOYT) GTOV GUVEAL-
Elocd avtiotpogo. I Ty eloaywyn Twv xpovikd ToALdkoTaTwV cLVEAEEWV PeTAED
TLVOKLKOV ackoAovBLdV, Bo xpelaoTobpe kAmoLlovg opLopovg.

Oewpovpe éva emepaopévo ovvoro E = {1,2,... s} xou yp&govpe wg A :=R
70 6OVOAO OA®V TV Mvakwy 610 E X E kot wg .#s(N?) 10 60volo Twv mvakikodv
akohoLOLOY e eSio optopot To N kau medio tipdv to . T kée A € 4(N?), Bt
ypagpovpe A 1= (A(lq;d);k];d € Nd), 6mov Yl k&molo otadepd ki.g € N, maipvoupe
tov mivaka A(ky.y) = (aij(klid))i,jeE' Tpagovpe wg 0y 0 0vdéTepo atoryeio Tov RY.
Eniong, ovppolilovpe pe Iy ko Qg tov Tawtotikd ko o undevikd mivaka tov A
avtioTolyo.

To otouxeio A = (a;j)i, jer propei va eppunvevBei wg mivakag mov mepiLéyel d-Siiotarteg

sXS§

, , A d . . ‘ .
axolovbieg, 6mov a;; € R = RN, Me awtd to okentikd A € RS, k1 étol avTioToLyel
oe évav mivako e ototyeior od karmolov petafeticd doktOAL0. ALTH 1) TOpATH PO
Bo edeyyOel otn ouvéyela.

Opiopodg 1. EotwA,B € #(N?). H mvaxoovvaprnon A+ B € .#(N?), n omoia Siverau
Qro:
[AxB(kia) ==Y, AWDB(I'), kuaeN,
I4+1'=k1.q4

KL €yeL oTolyeio

[A*B]z](kld Z Z azr Br}( )a i,jGE,k]szNd,
reE [+1'=ky.4

kaldeitou d-Sidoraro Siaxpité ovveliblaxo yivouevo twv A kou B.

Ynueiwon 1. Xrov mapardvew opiopod 860nke upacn ornv epunveic Tov A x B wg¢ pic
d-dicorarn axolovlia mivdkwv 1 omoia mpokUnter and ™ cvvéhén axolovBidv mvdkwv
TOAADVY petafAntadv. THap'oda avrd Oa eivar To idio ypriown n eppunveia tov A x B wg mivaka
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TOAVSIGTTATWY aK0AoVOL)Y IOV TTPOEp)OVTaL At TOV ToAAamAaoiaod Twv mvdkwvA Kai

B. Ta tv axpifeia, A* B = ([AxBlij), ;

i icE omov

[A*B]ij = Z air*ﬁrj-

reE

Me autdv Tov Tpéro,  cuvéhién Sto mvdxwv oto ovvoro M (NY) avrictoyel ato cuviify
moAdamdaciaoud mvdkwv atov RS, 6mov we moAdandaciactiky npdén oto R Oewpeita
1 ovvédién petatt axolovbidv d-didkotarov ypovov.

Snpovtikd poAro yux Tnv avamtugn tng Bewpiog Ba maikel ) povadiaia cuvapTnon
(n axoArovBia mov eivon Tavtotikd 1) tnv omoio B cupPorilovpe pe 1. Eniong, opi-
Covpe tnv akorovBio I = diag {1}. T s = 1, maipvouvpe Gpeca 6L I = 1. EmumAéov, n
axoAovBia I avtiotoyei otov mpocbetikd teAeatry, Sniadn:

ki:g
[AxT)(kia) = Y, A(l), kia €N
1=0y
2tnv emdpevn tpotoaot, Oa Sdoovpe pepikég alyePpiég 1dLoTnTEG TOL GUVEALELOKOD
YLVOHEVOU PeTOED akoAoLOLOVY TLVaK®Y, oL oToieg PtopovV va amodetyBolv edkol:

IIpotaon 1. O cvvehiiakds tedeotric d-didotatov SiakpiTov ypovov eival TpoceTaipl-
OTIKGG, ETMIUEPIOTIKOG WG TPog TH ouviidn mpdobeon mvakwy kou mepiéyel To povadiaio
oToLyeio eq, T0 omoio Sivetaun amo:

e (k ) _ IS; (XVkl;d = Od;
ORI 0y, Siapoperind.

Kt eivan petafetixog avv s = 1.

Yovenag, o xopog #(N?), epodiacpévog pe T cuviln Tpdén tng mpdcecng
"+" Kot TOL TOAATTAXGLOGTIKOV TeAeaTr "*" amotelel évar pn-petabeticd dakTOALO pe
povéde. EmumAéov, to Levyog (s (N?), %) eivon éva povoetdég.

[Mopakdtw, elodyovpe TIG SLUVAHELS AKOAOLOLOVY TIVAKWV HECW TNG TPAENG TNG
oLVEAMENG.

Optopog 2. Eortw A € M;(N?) pia mvaxoovvaprnon kawn € N. H n-ootij ovveliéioki
Svvayn A" eiven i axodovbia mvikwv n omoia opiletar and Tov axéAovbo Tiro:

A0 = €o
AW = AxAD D >,

A6 v mapardve éxppacn waipvouye dueca 6Tt yi ke n > 0 kaw kg € N9 :

A g):= Y A --Al). (1)
I,....l,eNd
L+ A=k
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Ztnv akoAovdn mpdtacT, divoupe pic xprioyn SLOTHTA yio TvakLikég akoloubieg
A pe A(0) = Qy, n onoio B xpnoomonOei ko otn cvvéyela Tng epyasiog.

Mpotaon 2. Eotw A € M;(NY) pio axolovbia mvikwv pe A(Og) = Qy. Tore, 1oyver
A(")(klzd) = Oy yra xdbeky,....kgyn e Npeki+---+kg <n.

Amodeitn. Amd ) oyéon (1), Exovpe O6TL

AW (kyg) = Yy A(NA(L)---A(ly).
I, leN?
h+b+...+l=kr.q

Enedn, A(04) = Oy, B éxovpe TovAéyiotov éva I; = 0y ko tOTE TO TAPATAVED
ywopevo mvakwv Ba eivor pndeviid. Hpaypartt, ovtd eivar oAnbég otav ky +- -+ kg <
n xa ouvendg éxovpe 6Tt AW (ki.4) = O. O

Ynpeiwon 2. Mia dueon ovvémeia thG mapamdvew mTpOTaonS eival 0Tt yi KdOe ky.q, 1
axolovBia A" (ki.q) eivan tedikd pundevikn. Emimpoodétwg, n mvakikn akodovbia n omoic
opileran amé ) oepd ¥, A eivan kadd opiopiévy, amo T oTiyu mov kdbe oToiyeio TG
eivau Evar TemEPaoEVO dBpoLoUa TIVAKWV.

Opiopodg 3. Eotw A € #(N?). Av vrdpyer B € #(N?) téroio dore
AxB = ¢,

707e 0 B amoxaldeitan Seé1og ovvelibiaxos avrioTpopog Tov A kou ypdpetan wg Ag_l) . Av
vrdpyer axorovbia C € Ms(N?) dore

C*A:e’o, (2)

16te N akodovbia C kadeitau apiotepdg ovvedibiakds avtioTpopos tov A kai oupPolileta

yeAl(_]).

Emeldn (///s(Nd), *) elva évo Hovoeldég, HTopovjie Vo GUUITEPAVOLHE OTL OL TTLVOL-
KLKkég akoAovbieg Agil) Ko AEil) elte Oa vapyovVy kat oL dvo, eite kapio. TNV mepi-
NTOGT 7oL LIL&PYOLY TOTE Bax TawTilovtal. Emopéveg, vrdpyet povadikd B € . (N?)
WOoTE

A*B=BxA=e¢, 3)

Kkat 0 B amokaeitar cuveMELKOG avTioTpopog Tov A kot supPolileton wg A,

O avtioTpogog piag akorovbiog mvakwv A dev vapyel Tavto. [a Tapdaderypo,
Oewpoipe kémotov A € #(NY), pe A(04) = Qy. Av 0 A eiye avticTpogo, ToTe Ot Pydt-
(ape qpeco OTL:

(O)s = B(Od)A(Od) = [B *A] (Od) = eo(Od) = IS.

Enopévwg, o ouvellElokdg avTioTpoPog TV TIVOKIKOV akoAovBidv opiletal povo
LTtO oLYKeKpLEVeS LITOBETELS, OL 0TTOleG dlvovTol TOPAKATL:
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Oedpnpa 1. O ovvelibiakds avrioTpopog puag mvakikls akolovbiag A € M (Nd) vrdp-
X€L 6tav kau pévo otav o A(0,) eivon avriotpéypos mivakag.

Amodetn. Ta oxOMo k@Tw amd tov OpLopd 3 vodelkvoovy Geca To yeyovog Ot av
A € M;(N) pe A(0y) va eivon pn avrioTpépiog, Tote Sev vdpyel B € (N?) mov
va ikavortotel T oxéon (3). Ard v dAAn, av A(0,) eivon avtiotpéYpog, Tote ebkola
PTAVOUHE OTNV OAVTLOTPEYIHOTN T TOL A. 0

Oeopnua 2. Eotw A € Ms(NY) kaw A(0g) avriorpéynpog. O ovvelifiakds avtioTpopog
ACY Siveran and v axélovdy oyéon

oo

IrﬂzmmMIIZ@koW

m=0

=[i@oAmwbmwnl @)

m=0

ormov,

Ao(ki.q) Alkr.g) [AO0)] ", kg € N9
Ajlkia) = [A(00)] ' Alkra), kg €N

EmizwAéov, xdbe oroiyeio A(_”(kl;d) ¢ (4) pmopei va avamapactabel wg TETEPATLEVO
aBpoiopa

kit kg
AT (k1) = [A(04)] +Z (e0 —Ao)"™ (k1) (5)

m=0
Amodeitn. Oa deikovpe 6T To pecaio pépog g (5) toytet. H iootnta ) omoio mtnydlet
antd to Se€lo pépog pmopel va amoderyBel pe avtiotoryo tpomo. o va Sei€ovpe
{ntovpevn oxéon, Ba Bewprjcovpe xwpig PAaPN g yevikotntag ét A(0) = Iy ko
OLVETOG apKel va arodei€ouvple OTL

oo

ATY =Y (eg—A)™, (6)

m=0

1ot o1n yevikn mepintwon Oa éxovpe A = AgA(0y) xou emerdn) Ag(0y) = I prropoidpe
VoL TTAPOUHE EVKOAC OTL TO ATTOTENEG AL LOYVEL YLOL A(()fl), tote ACY = (A(0,)) ! A(()fl).
T va dei€ovpe tn oxéon (6), apkel v amodeiEovpe 6TL 1) cLVEMEN peTaEd TG A ka-
vomolodv to aplotepd ko pecaio péhog g (3). Opdyparty, enedn [eg — A](04) = Oy
ToTE 1) GLVOTKT) TNG ZNHElWOTC 2 LKAVOTTOELTOL KOl GUVETTHOG TOLPVOULE:

(i(eo—A)(’")) *A = (i(eo—A)('")>*[€o—(€o—A)]

m=0 m=0
= Z (eg—A)™ — Z (eg—A)mHD
m=0 m=0

= (e0—A)" =ey.
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To pecaio pérog g (3) amodetkvoeta pe mapopolo tpomo. Emmiéov, amnd to yeyovog
otL (eg —A) (04) = Oy, 0 £xovpe amd v Ipdtaon 2, 61t (eg —A) ™ (ki.g) = Qy, yrx
K&Oe k1 + ... + kg < m, xou cuvendg 1) (5) woyleL. O

3. Xpovikd modvdidotateg Mapkofravég avavewtikég alvoideg

Oewpoipe Eva TuY o cOOTNHA HE TETEPAGHEVO XMOPO KatooTdoewy E ={1,...,s}.
YmoBétoupe, emiong, 0Tl 10 cVoTpa avtd eelicoeTon pe dApata oto d-Sidotato
xpovo ko pio Sradikasio (J,) 1 omoia katorypdpel TIG EMOKENTOUEVEG KATACTACELG.
2ty mapovoa epyacio Bo emitpéPovpe GAPATR TNV 8Lt KATAGTACT), ETOHEVMG OL
OVOVEWTLKEG aALoideg Bewpolvtal edikr) mepintwon Tov Mapkoflavey avavewTt-
KOV oAvoidov yoe s = 1.

Ovxpdvor twv oMbty Ba katoypdgovto oo pic d-Sieotatn Sadikacic (S,) =
(8“)1<u<a pe Tipég oo N¥ 1) oot avtiotowyel ot d-Sidotatn Siakpir xpoviki me-
proxn. Apxiké, Bewpovpe 6tL So = 0. O xwdpog N epodialeton pe T pepikr Siitakn
k <u, 6tav kot povo otav ki < u; ywo kaBe 1 <i <d, xou Oa yphpovpe k < u dtav 1)
YVHOLoL aVIGOTN TR LEUYEL VIO TOUAGYLOTOV pio atd TIG GUVIOTOOES TOVG. Emtiong, Oew-
povpe 6t dtay paypatomoeiton k&toto dhpa tote 1) (S,) Ba avEdveton yvijola, éTol
Sp < Spt1 e k&b n € N. And v &dAAn, avth 1) avicotnTa dev 1oxVeL amapaitnTo
Yyl TIg VITOAOLTTEG GUVIOTOOESG TNG (Undevikoi ypdvol yeyovotwv). Akdur, opilovpe
Vv axolovbia Twv evdidpecwv xpdvwv yeyovotwv (X,) = (X)1<u<q. Ocwpoipe 6T
Xo=0xar X, =S, — Sy—1, yix k&Be n > 1. Opilovpe tnv amoapbunitpia Sradikcacio
1 omoio katorypael To TANB0G APATOVY TTOL EXOUV GUUPEL Ge XPOVIKEG GTLYHES TTOV
AVIIKOUY GTO KapTesLavd yvopevo Staatnpdrov [14 [0,k

N(kiq) :=sup{n € N: S, <ky.q},

Ko av 1) N* eivon 1 eplBopro amapBpritpia dtadikacior 1) omoior elvo eHOULTEVPEVT)
otnv $*:
N“(k,) :=sup{n e N: S, <k,},

TOTE TPOKVITTEL EDKOAQ 1) TAPAKATW AVATTAPAGTAGT) TNG N

N(kia) = min {N“(ki)} kig € N

Mio toAvdidotatn enékTocT Tov NupopkoPiovod muprva opiletal akolovbwg:

Opopog 4. H axolovbia mvikwv q = (qij(kia)) € M(NY) ovopdleran ypovixd d-
didorarog nupapkofiavos muprivag otav ikavomolel Ti¢ akélovbss dvo ouvOrkeg:
(i) qij(kia) >0, i,j €E, ki.g € N,
(ll) ZZC]ij(kl:d) =1,i€E.
J kia
Av emmimAéov, 10yVeL TO TAPAKATO
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(i) qij(04) =0, i,j €E,
707€ o1 d-Siararor pndevikoi ypovor petafdacewy de Oa emitpémovral.

Enueiwon 3. Av opioovue v akolovbia mvikwv g* = (q" (k))i>0 € As(N), dmov
ql](k ) Z Z qU klu lakmku-&-ld) (7)
kizu—1 kug1:a
t6te maipvovpe dueoa 6ty 1 <u < d, n axodovbBiog" eivou évag nupaproPiavos muprivag

0 orolog mbavov va emiTpémel peTafdoeis PNSEVIKOV Ypovay.

Emtiong, opiloupe Tov adpolotikd nuipapkoPioavd mophva Q € s(N4), pécw tov

Q=1xgq.
Mopokdtw, divetal 0 0pLopog Twv Xpovikd moAvdidotatwv MapkofLlovedy avavewti-
KOV aAvcidwv.
Opopodg 5. Halvoiba (J,S) := (Jy,Sn)nen ovoudletai ypovikd modvdidotarn (d-Sidotarn)
MapkoPiavij avaveotikj advoida (y.mpa.c), 6tav yia kdben € N, i, j € E and ky.q € N¢,
tkavoroLel o.p.

P(Jn-i-l = jvSn-H _Sn - kl:d |J0:n750:n) - ]P)(JI’H-I = j)Sn+1 _Sn = kl:d ‘Jn) (8)
Eriong, av n (8) eivan avekdpnn tov n, e 1 (J,S) ovoudlerar ypovikd opoyevig kau
TOTE:

gij(ki:q) ' =P(Jnst1 = J,Snp1 —Sp = ki.a|Jn =1).
H axorovbia g = (gij(ki:a)) € M(N?) ikavoroiei Tig ovvrikes Tov nuipaproPiavod wu-
priva ko Oor avapépetal g 0 ETAYOUEVOS NUAPKOPLAVOS TUPHVAG.

Amd pio x.mpa.a (J,S), prropodpe va Ppodpe yprioeg Mapkofiavég ahvoidec.
Mpotaon 3. Av n (J,S) eivau pioc y.mpo.o kar o g eivar o exayduevos nuiiapkofiaveg
ruprjvag, téte ot diadikaoics (J,S), (J,8"), (J,X) kau (J,X") eivou Mapkofiavés atvoideg
Ko o1 avtioToiyes mbavotntes petafdoewy, eivar:

]P)(Jn+1 = J,Sn1 = 81:a ki |Jn =i,8, = Sl:d) C]z](kl )
P(Jp1 = jaSZ-t,-l =Sutky|Jn=1,8,=s.) = q;l](ku)

P(Juit = j, Xor1 = kia|Jo = 1.X0 = k1g) = qij(kia),

P = J, Xip1 =k o= i.X0 = k) = qfj(ka),
érov 1 qi;(ku) opilerar oty axéon (7). H advoide (J,S") eivau picc MapxoPiovij avarve-
wtikl advoida pe exaydpevo nuipepkoPfiovo muptiver g*. H Siadikacio J eiveu exiong pice
papkofiavy alvoida, n omoix amokaleitar eupurevuévy paprofiavi alvoida, emayduevy
oty (J, S), énwg kau ot papxofiavy avavewtiky alvoida (J,S*). O exaydueves mbavi-

mTeg petaPoong, divovrar armo:

Ppij = PUni1 = j1Ja = 1) = Y qij(ka)-
k]:d
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INo vo pedetrioovpe to mBovoTLKO TAXUIGLO TV XPOVIKA TOALIIAGTOTOV H.OLQL,
xpetaletor va opioovpe d00 TOTOVG KATAVOU®DV, QUTHG TWV XPOVOV TTAPOHOVIG KOl
TWV AVTIOTOLYWV SEGHEVHEVOV KATAVORMOV OTOV ELVAL YVWOTH 1) ETOHEVT] KATAOTOT).

Opiopog 6. INa pia y.mpoa (1,S),i,j EE, ki.g € N ko k, €N, yia 1 <u < d, etod-

youpe:
(i) v amd kowov cvvdptnon udlas mbavéTnTag Tov Ypévov TaPapoVIG:

hi(ki:a) = P(Xps1 = kia | Jn = 1),
(ii) ™0 ovVdpTHON KATAVOUIS TOV XPOVOL TAPAOVIG:
H;=1xh;,
(iii) 7o ouuTAlpwpA THG CLVAPTNONG KATAVOUNS OTHV KATATAOT) |
H=1-H=1-1xh,,

Ynueiwon 4. H katavour twv ypovwv Tapoiovis o€ pia Kataotaon i Uropel va ypapel
Léow e Q we:
Hi(ki.a) = Y Qij(ki.a)
JEE

211 ovvéxel aLTAG TG EPpYOsing, B TOPOLGLAGOULE pict ETEKTOOT) TNG XPOVIKA
povodidotatng nuipapkofravic advoidag oe pio moAvdidotatn évvola Tov Xpovou
ko O pedetriocovpe pepikd mbavotikd yopoktnplotikd. To tedevtaio, faciletol oe
Hict QUOLKT) ETTEKTAOT] PECH TWV HOPKOPLAVOV AVAVEMTIKOV EELGOGEWV.

Stnv avamtuén g Bewpiog, o maikel onpovtikd poro 1 axorovdia Tvakwy eg —
q Ko otV akdAovdn pdtaon Sivoupe tn pHop@r] ToL GLUVEAELOKOD OVTLETPOPOL TNG.

IIpotaon 4. O cvvehibiakés avtioTpopog tng axodovbiag eg—q vrdpyer kau Sivetai éow
TOU TUTOV

ui=(eg—q)"" =Y q". ©)
n>0
Amddeién. Emerdn) to g(04) eivon o pndevikog mivakag toteleg — q](04) = Iy xou emopé-
VoG 0 oLVEMELOKOG AVTIGTPOPOS TOL ey — g LIIApPYXEL Hécw ToL Bewpripartog 2. Emi-
AoV, amtd TN oxéon (4), maipvoupe Gpeca OTL:

_ l
(o=) " =Y (o= (er=9)" =} 4"
n>0 n>0
O]
H oyéon (9) propel va ypagei tetpypévor u = e+ ¢+ u. H ev Aoyw avamtapdotoot
pog odnyei oe pia e1d1kn mEPINTWOT TOALSLACTATNG ETEKTACTG TNG YVWOTHG KAGONG
TWV HOPKOPLIVOV ovaveTIKOV eElodoewy Stakpltold Xpovou.
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Opiopodg 7. EotwL € M(N) pia dyvwory axolovdia mivikwv ko G € M (NY) kdmowe
yvwory. H ekicwon
L=G+gx*L (10)

ovoud{etar paprofravii avavewtiky eéicwon wolvdidorarov Stakpitov Ypdvou.
Amo 1 oyxéon (9) maipvoupe dpeoa tn AVGT] TG TopoTtdve eElcwaorg.

Iopwopa 1. H papkofiavii avavewtiky eéicwon moAvdidotarov ypovouv (10) éxer povadixi
Abon n omoia Siverou amd
L=uxG.

H noapoamtéve Adon Ba Stevkoldver ) dwadikacia avartuéng tng Bewplog twv
XPOVLK& TOALSIACTATOV NLHopKOPLavedY aAvoidwy avtioTolya e Tn povodikototn
nepintwon. Kamowa amd autd ta xopaktnplotikd opilovrot mopokitw.

Opiopog 8. Eorw (J,S) pia y.mp.o.e. HSwadikacia Z = (Z, , )i, ,cnd 1 070l KaTaypdpet
NV KATACTACH TOU CUOTHUATOS O Lo Sedouévn ypoviktj atiyut ki.4,

Zkl:d = JN(klzd)’

ovopaletau ypovika modvdidorarn ( d-dikorary) nuyapxofiavy alvaida n omoia endyeran
ard m (J,S).

Opiopodg 9. H ovvdprnon petafdocov e Z ypdpetar w¢ P € Ms(N?) kau o timoc tng
Sivetou omo:
Pj(kva) :=P(Zk,, = j| Zo, = i), i,j EE, kg € N

Ynueiwon 5. Nad =1, n Zy,, avriorowyei oty ovviiOn nupapxofiavij aAvoide.

AvticTouya pe tn xpovikd povodidotatr mepintwaor, 1 ouvaptnon petafocewy
NG Z LKVOTTOLEL pict HorpKoPLocvi) avovemTikT €lowot) ToALSLAGTOTOL XPOVOU, 1) 0TTOi0L
prtopei voo AvBel edkola

Mpodtaon 5. H axolovbia mvikwv P € My(N?) vroloyileron wg etiig
P=uxH, (11)

omov

H = diag{H;(ki.a) } € A(N?).
AréSeitn. Oewpoipe To evdexopevo Ay, , = {S1 < kj.q}. Tore,
Fj= P(Zkl:d =J, Ak, | 2y, = i)+P (Zkl:d = ijil:d | 2y, = i) : (12)
IMoapatnpodpe 6TL

P (Zklzd = Alccl:d | 2o, = i) = ]l{i:j} 'Hi(klid)7 (13)
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KAl

P(Zkl;d = j?Aklzd | ZOJ = i) = P(Zkl;d =j,81 <kia | Jo= i)
ki.a

- ZZ]P)(Zklzcl:j7ZS1:r751:l’,]0:i)
reE =0y

ki.a

- ZZ]P)(Zkl:d:j7']1:r7sl:l|J0:i)
reE =0,

ki.q

= Y Y P, =il h=rSi=DPUi=rS=I]J=i
rEEled
ki.a

- Z Z qir(DP (Ziyy = j | i =181 =1).
rek =0,
Tote, amd 0 xpovikn opoyévela g (J,S), maipvouvpe Gpeca otu:

P(Z,=jlJi=rnSi=0)=P(Zy,=j|Jo=r)=PFjlki.a—1)

KO GUVETTOG

kyq
]P)(Zkl;d = jaAklzd ‘ Z()d Z Z QU’ I‘j kl d — l) Z [Qir*Prj] (klzd)- (14)
reE =0, rek

Emopévwg, avtikabiotovrag tig oxéoelg (13) kou (14) otn (12) AopPdvovpe

P (Zi, = jlZo, = i) = Lgejy - Hi(kva) + Y [qir # Prj] (Ki:a),

rek
1 toodVvapa, T Mapkoflovr) avoventikr elocwon:
P=H +gx*P,
oo v omoia TpokvItTEL dpeca ) (11). O

Opilovpe emiong, Tnv amoapdufitpia Sadikacio 1) omoia kataypdpel Tov aplbuod
TV eMOKEPEWV 0€ Pl cuYKeKpPLLEVT KaTdoTaoT i € E yio Tnv epputevpévn Mapko-
Brovn ahvoida J, wg To xpovo k.4

Nk, d) ki+...+kg
kl d Z l{Jn_l} - Z ]]‘{J":i,sngkl:d}‘
n=0

O emdpevog oplopdg emekTeivel TNV évvola TG MopkoPLlovig avavewtikig cuvapT-
OT)G GE HLX XPOVLKA TTOALILAGTATY TTEPLTTWOT).
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Opiopog 10. H akolovbia mvakwv Ue M(NY) Aeyerau papxofiavij avavewtixy ov-
vdpTnon tng xpovikd moAvdidoratng papkofiavic alvoidas (J,S) ke Sivetau andé tov
TUTO

Uij(kia) = E; {ﬁj(klzd)} , LjEE, kg€ N

Aeiyvovtag 6t 1 U kavormotel pio yxpovikd molvdidotorn Maprofrovy avavew-
TiKn e€lowaoT, TalpVOLE Hick CITAOTTOLNUEVT) AVOTTPAOTOCT] THG.

IIpotaon 6. H ypovika roAvdicorary Mapkofiavij avavewtixy ovvaptnon U ikavorotei
™ Mapkofiavyj avavewtiky eéiowon

U=1I+ q * U ,
kot vrodoyiletan péow e axolovdng cvveliiaktic avarapdoracns

U=1Txu.

4. Yopunepaopara

To amoteAéopato LTS TG épevvag avédelEov cuyKeKpLEVEG LOLOTNTEG TTOV LKAL-
VOTTOLOLVTOL ATtd TO GUVEALELOKO YLVOHEVO atkOAOLOLOV TILVAK®OV GTOV TOALSLAGTATO
XPOVo Ko eldLkOTEPXL KL GTO POVOdLoTaTO. AuTéG GLVEPOA QY TNV akpLPT| arvaa-
p&otact) Tov cLVEALELOKOD VTLETPOPOL, OTAY VTOG LITAPYEL, KoL GTHV eokOAovBo
UVTTOAOYLOPO GAAWDV XOPAKTNPLOTIKOV TTOL LioAoyilovtot pe tn PorBeta awtov. Té-
Aog, 1 ev Aoy BewpnTiky perétn xpnotpomowiOnke yu tn Beperioon tng Bewplag
TWV XPOVIKA TOALIACTATWV HOPKOPLAVOV AVOVEDTIKOV XAVGIdWV KL TV ETOyo-
pevev nupopkoProvav advcidwv. To mtAaiclo avtd propel vo avoasttuyBel tepontépw
ylor peAdovtikég epoppoyéc ot Bewpia alomiotiog, aAld kol oe TpofAfpata Pio-
Aoylag.

ABSTRACT
This paper introduces some fundamental algebraic aspects of the discrete time convolution
of sequences of matrices in several variables and examines the existence and form of the
convolutional inverse. The latter will play a fundamental role for a new study of the Markov
renewal theory, where the notion of time can be multidimensional. More specifically, we will
present convolution approaches for solving Markov renewal equations, the construction and
evolution of this new theory.
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EKITAIAEYTIKA AEAOMENA

ABavaoiog K. Koélngl, Kowvoravrivog Hs‘rpo'n'ov);og2
Tunpa Kowovikig kot Exroidevticnc Holtkyg, Hovemotiuo Ilelomovviicov
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2Tunpo Madnuotucdv, Hoavemotipio Hotpdv
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NNEPIAHYH

H epyaciokn e£0vBévmon TV EKTOOELTIKOV ATOTEAEL £VOL 1O1OUTEPO CNUAVTIKO OPYOVAOGCLOKO
@owvoEVo, ennpedlovtag og Leydio Babpd v TodTTo TG TUPEXOUEVNS EKTAIdEVONG OAAY
Kot TV 10ta T Agttovpyio Tov ekmadevTiKod Becpov. H ovppetoyn tov ekmadeutikdv o
dpaoTNPOTNTEG EMAYYEALATIKNG avamTLENG Umopel vo Toug €EomAlcel KATOAAMA®SG 0VTMG
®ote va avtameiépyovial 6Tovg (O0pOTOI0Ng TaPAyYoVTEG MOV 00MYOVV OTASWKA OTNV
gEovbévaon. H mapodoa £pguva otdyevoe 6 dlepedvnom TG EXIOPACNS TG CLUUETOYNG TOV
EKTUOEVTIKAOV O€  JpaAcTNPIOTNTEG EMAYYEAUOTIKNG ovamtuéng kobdg kot  Spdopmv
SMNUOYPOPIKOV YOPOKTNPIOTIKOV ot eninedo e£ovBévaong tovg. Ale&ydn o mTocoTiKn
épevva e ypnon epotnatoloyiov o€ deiypa 366 exmadevtikdv Tov Nopov Ayaiag, to onoio
EMEAEYN LE OTPOUATOTOMUEVT] LOVOOTOIOKY] OEYHOTOANYi0 KOTd GLOTAdEC. ZTO TAGioL TNG
ovdlvong twv dedopévov  aflomomnke TO A0YloTIKO pHOVTEAO ToAwvdpounong. Ta
OTOTELECHOTO TG £PELVOG £0E1EAV OTL 1] CUUUETOYN TOV EKTAULOEVTIKDOV OF EMHOPPOTIKES
dpaotploTTEG KoM Kot dNUOYpaeiKol Tapdyovieg Onmg 1 oyéon epyaciog Kot To @OAO
TPAYLLOTL ETOPOVY GTN SALPOPP®SN TOL Pabol Tng epyastakng Tovg e&ovbévaong.

AéCeric  Klewowa:  Epyacwokn  EfovbBévoorn, Emayyshpotiky  Avamtoén,  Aoyiotikn
TTaAvopounecr, Anpoypagikoi [apdyovreg

1. EIZXATQI'H

[IpdTioTOg 6TOYX0C KAOE EKMAOELTIKOD GUGTAUATOG Elval 1 dATHPNON EVOG TKOVOD
Kol GpTio KOTopTIoHEVOL ekmandentikov duvapkov (Rebore, 2010). Agdouévng g
£VIOVNG PELOTOTNTOG OV YopaKTNPilel T GVYYPOVH Kotvmvia Kot 608€vTog Tov OTL
évog peYdAog aplBudg eKTOUdEVTIK®Y HEVOLV EAMTMG TPOETOLUAGHEVOL OO TIC
APYIKEG TOVG OMOLOES YOl TIC UETEMEITA OVAYKEG TOV emoyyéApatog toug (Darling-
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Hammond and Sykes, 2003), kafictator mepiocdtepo avaykaio ond TOTE 1 avayKn
YlO0L GUUUETOYN TV AELTOVPYDV TNG EKTAIOEVONS GE dPACTNPLOTNTES EMOYYEALATIKNG
avantuéng. Ot dpaoTnploTNTES OWTEG dVVAVTAL VO TOVG EOTAIGOVV e TpOTO TETOL0
wote va givar og Béon va avtoneElBouv oTIC TOKIAEC TPOKANOELS KOl OTOLTOELS
OV OvadVLOVTOL OAOEVO GLYVOTEPO KOl EVTOVOTEPE OTO TMAAICL TNG KoBnuePvg
Goknong tov daktiko emayyélpuatog (Girvan et al., 2016). "Etot givar dvvatd vo
amoevyohV pavoueva OTMG N epyoctakn eEovbévman, Tov dvvavtol va (nuidcovy
70 NOIKO, TV APOcinscn, TNV anddooT TOL EKTOLOEVTIKOD SUVOUIKOD KOl OGQUANDG
Vv ToldTNTa NG TAPEXOUEVNC EKTTAidELONG, e O,TL aVTO cuvendyetal. H diepedvnon
axpifmg g oxéong petald g epyacilokng E0V0EVMONG TOV EKTAOEVTIKAOV OO TN
W0 KOl TG EMAYYEALOTIKNAG TOVG aVOATTUENC KaOMDC Kol TV 1310{TEP®V ONUOYPUPIKDV
YOPOKTNPIOTIKOY TOVG amd TNV GAAN, OT®G M OYECN VT OlOUOPPAOVETAL GTO
EMMVIKO  eKTOOELTIKO TTEPIPAAIOY, OTOTELODY TOVG EPEVVNTIKODS OTOYOVG NG
TaPOVGUG LEAETTG.

2. OEQPHTIKO IMAAIZXIO
2.1 Erayyelpoatiki Avantoln

H emayyehpotikn avamtuén pe pio eophtepn vvola avagEépeTol oTny avamTuén evog
aTOMOL OTO TACIGIO. TOL EMOYYEAMOATIKOD TOL pPOAOL. XTIV TEPITTOON TOV
EKTTOLOEVTIKOD, GULVIGTATOL OTNV EMAYYEAUATIKT TOL Peltimon, v oavamtuén mov
EMTVYYAVETAL OG OMOTELEGUA TNG OTOKOUIOTG OAOEVO KOl TTEPIGGOTEPMV EUTEIPLOV
Kol g e€étaonc, TG avAAVoTG KOl TOL OVOGTOYOCHOD TOL O 1010G GUOTNUATIKA
Kkavelr otn ddackario (Glatthorn, 1995). X¢ éva mapepeepic, aAld Kol cuVAUO TLO
antd mAaicto o Opyavicpodg Owovopkng Tovepyaciog kot Avantuéng (deite OECD
(2009)) opiler ©g emayyehpatiky ovomtvEn TG OPACTNPLOTNTEG EKEIVEG TOV
AVOTTOGOOVVY TIG ATOMKEG OEIOTNTEC TOV EKTOUIOEVTIKOD, TNV €EEIOIKELUEVT] YVAOOT
TOV Y10 TO €MGTNUOVIKO Tov avtikeipevo (Dadds, 2014), Tig SIOUKTIKEG TPAKTIKEG KoL
OTPOTNYIKEG TOL. Apactnplotnteg oav ki avtég dvvavtar vo €xovv  (GAAOTE
MEPIGGOTEPO  €MONUO  YOPOKTAPO  (TPOypAupOTO  €vioyuong  mPoOcOHVI®V,
TaPaKOAOVONOT GLVESPI®V, GLUUETOYT 08 HIKTLO EKTALOEVTIKMV) KI GAAOTE ArydTEpo
(TpOCOMIKY] UEAETN EMGTNUOVIKOV ONUOCIEVCEMY, TOPAKOAOVONCT 16TOTOTMV
ekmoudevTIKOL EpLeyopévov) (Ganser, 2000).

Ye Kabe mepPinT®ON, T GLUUETOYN OE TETOEG OPACTNPLOTNTEG UTOPEL Vo €)el
KaBOPloTIKO OVTIKTUTO OTIC OVIIANYELS KOl Tr YEVIKOTEPT GUUTEPLPOPE T®V
EKTTOAOEVTIKAOV G€ EMIMed0 OWDOKTIKAV, Kot Oyl HOVO, TPOKTIK®V Kot HeEBOSmV
(Supovitz et al., 2000; Griffin et al., 2017), kolepydvog Topdiinio T SIGOKTIKY
Tovg gveMéio Kl EVICYDOVTAG TOV EMAYYEAUATIGUO, TN SOUKTIKT ETOYLOTNTO KOl TNV
avtonenoifnon tovg (Ngala and Odebero, 2010). Ot SpacTnplOTNTEG EMAYYEAUATIKNG
avantuéng cvufdaiiovy emiong oTNV KOAMEPYELD TOV OVAGTOXUCTIKOV OeEI0TATOV
tov eknoudevtikov (Day, 1985; Elliott, 1991) wbdvrog tovg omnv Katevbovvern tov
TPOTOTOL EVOG AVOOTOYALOUEVOD EMOYYEALOTIO KOl 001 Y®DVTOG £TCL TEMKA GE Lol
ovvoAkoTepT Pektioon g mapeyduevng exmoidevong (Avalos, 2011; Girvan et al.,
2016).
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Q¢ amotélecpa g Pedtioons avtig evioyboviol Ta enimeda enitevéng tov padntov
(Darling-Hammond, 1999; Villegas-Reimers, 2003), pe v avayvopion 610 £pyo
TOV EKTOOEVTIKOV €K UEPOVG GUVAOEAPMV, KNOEUOVOV Kol Myeciog vo avEdvetal
actntd. Mo tétown avénuévn avayvapion ocvuPdiiel otn dnuovpyio €vOg
KOAOTEPOL  KAIUOTOG €VTOG TNG OYOAIKNG Hovddag, kATt mov odnyel Tovg
EKTOOEVTIKOVG o€  auénuéva  emimedo  wavomoinong Kot  YounAd  emimeda
gEovbévaong, uetdvovtag tig mbavotnteg epyaciakng euyng (Reynolds et al., 2008;
Ozer and Beycioglu, 2010). Evtog evog Tétolon KAMpotog Aowmdv aivetar va
EMTVYYAVOVTOL ATOTEAEGUATIKOTEPO Ol TOIKIAOL GTOYOL TNG GYOAKNG LOVADAS, LE TN
Bektioon tng 1d10g tng Acttovpyiog TG GAAG KOl GUVOAIKOTEPO TNG EKTOLOEVTIKNG
dwdkaciog va eivor Oeopatikn. IIpokelpévon OIS 1 GLUUETOYN TOV EKTALOEVTIKOV
0 EMUOPPOTIKEG OpAoels vo. €xel OAa Ta TpoavapepBévia opéAn mpémer ot
TEAEVTOIEG VO Elvan GPTIOL OYEOINGUEVESG KOl GTOYEVUEVEC OTIG EKAGTOTE OVAYKEG TMV
EKTTOUOEVTIKDV.

v EAAGSa, ot avaykeg TV EKTOOEVTIKAV O SIEPELVMVTAL GLGTNUATIKA OVTE KOl
cuvvumoAoyifovior 6T SWUOPO®OY],  TOV  EMHOPPAOTIKAOV — TPOYPOUUATOV
(Kacomtdkng xot ABovacomoviov-Bpayaun, 2011). Iapéyoviar mpoypauuato
axodnuaikoy, o¢ ent 1o mieiotov, yopaxtipa (Katcopod kot Agdovin, 2008;
Koaoowtdkng kot ABavacomoviov-Bpaydun, 2011) mov dev avromokpivovtol oTIC
Gueceg kot cuVNOOG enl TOL TPAKTEOL AVAYKES TOV EKTAdEVTIKOV H gkdvo ovth
OV  SLOUOPPMVETOL OTO EMIMEDO NG EVOOVMNPECIOKNG EXUOPPOONG €YEL O
OTOTELEGUO TN UELMUEVT] IKAVOTOINOT) TOV EKTOIOEVTIKMOV OO TO TPOYPAULATO GTO,
omoia &yovv m¢g dpag cvppetdoyetl (Bepyiong k.a., 2010).

2.2 Epyocwoxi E€ovBévaon

O 06pog epyaciaxn eEovbévoon (burnout) diepguviOnke Yo TpmdTn Qopd T dekaetio
tov 1970 pe agopun pio ekteTouévn kpion 610 7TEdi0 TOV OVOPOTIGTIKMOV
EMOYYEAUATOV KOL O1 OVOUESH GTOLG VTEP-QPOPTOUEVOVG OO VTOYPEDGCELS KOl
CUVAMO  OMOYONTELUEVOLG  €PYOLOUEVOLG TOV — OYETIKAV  oVTOV  KAAS®V
(Freudenberger, 1974). Eivar dvckoro va d00el axkpifnig opiopog g e&ovbévaoong
Kabmg mpokettar yio pia vvola mtolveminedn (Jackson at al., 1986; Farber, 1991).

H &fovbévoon ovvnbog meprypdpetor ¢ €vo  GUVOPOUO  GLVOIGHMUOTIKNG
eEAVTANGONG, OTOTPOCMOTOTOINGCTG Kol MEWWUEVIG TPocoTIKNG emitevéng (Maslach
and Jackson, 1981; Maslach et al., 1996). Ov Maslach et al. (1996) avayvopilovv
ocuvaoOnuoatikn e&avtinon og éva KouPukcd {MTnuo Kol Topdyovto onpaivoucog
onuoociag yo T SapOpe®on ¢ emayyeipatikng eEovBévaong, evd ol Pines and
Aronson (1988) cvumeprapupdvovv katl tn @uotkn Edvtinon mov yapoktnpiletan
Ao YOUNAG emimEd O EVEPYELNG KO YPOVIO KODPOOT).

Yrdpyoov opkeTd HOVIEAQ YlO. TNV EVVOLOAOYIKN TPocEyylon e e&ovbévmonc,
KaBéva €K TV omolmVv TEPLYpAPEL VIO £VOL SUPOPETIKO TPIoHO TNV AVATTVEN Kot TV
g€elktikn mopeia tov @awvouévov (Maslach and Jackson, 1984; Farber, 1991).
Anpogiléotepo Ohmv egivan 10 povtédo tov Maslach and Jackson (Maslach and
Jackson, 1981; Maslach et al, 1996), to omoio ovvictatow og 1pia
aAAnAoocvoyetilopeva  otoryeio. Ilpdkeitan yioo ™ ovvoloOnuatiky €EAVTANON
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(emotional exhaustion), v amonpocwnonoinon (depersonalization) kat TNV
npooomikn emitevén (personal accomplishment) (Maslach and Jackson, 1984;
Jackson et al., 1986; Farber, 1991).

H ocvvasOnuotikn e€dvtinon ovagépetor oty aicbnon tov va vimbel koveic
YOYOAOYIKA VIEP-POPTOUEVOS KO TOPAAANAL OTOGTPAYYIGUEVOS MG TTPOG T YVYLKA
tov omoBépata. H omompocwmmomoinon avoeépetol Ge pio apyvnrtikn, okAnpn m
VREPPOMKE OMOGTAGIOTOMUEVT] GUUTEPLPOPE TPOG TOVG YOPW, KOl O1 TPOG TOVG
AmOOEKTES TOL TTapeXOLEVOL épyov. H petopévn tpocomikn enitevén avapépetol 6
P xopumAn oaicbnon mpocwmikng 0E0GUVNG Kol ¢ €K TOUTOL GE  [ud
avtoekhapupdvovca  advvopioc  emitoyodg  dlekmepoinong g epyacioc. O
kafoploTikdég porog mov dwdpapotifovy to Tpid aVTE GOUIKA OTOLKEID TOL
GUYKEKPIUEVOD HOVTEAOL OTN Spdpe®CT NG €PYaciokng egovBévmong &yovv
enoAnbevtel, avoeopikd pe to WESIO TNg EKMAidEVOTNG, TOGO GTO TAMICIO TG
npwtoPaduag 660 kot oe gkeivo g devtepoPddnag (Jackson et al., 1986; Friesen
and Sarros, 1989).

O exkmandevTikol givol avAUESH GTOVG EMAyYEAUATIEG TOV Pudvovv Ta LYMAOTEP
eminedo. gpyootakod dyyovg (Jennet et al., 2003; Stoeber and Rennert, 2008). To
dryxoc avtd dvvatal vo, 001 YNGEL G€ GUYVEG OOVGIES OO TNV €PYACIA, GE WKPOTEP
aPocimon, o€ TOPOdIKES 1 dlapKeic achEveles, 6€ SIAPOPES YLYOCOUATIKES BN OEL
KkaBdg kol o évrova emimeda epyactokng mieong (Nias, 1989). Otav ot ekmoidevtikol
gpyalovior evtoOg €vOg TETOOV ayyoyovou mepPdAloviog, Teivouy va un HEVOLV
TKOVOTIOULEVOL OO TNV EPYACIO TOVS Kol 001 yoUVTaL TPOOSEVTIKE Gty eEovbBévman
(Jennet et al, 2003; Hakanen et al., 2006) ka1 v cvveyeio otV eykatdAsnyn g
gpyooiag 1 16odhvaua Ty TANPN amo&évmaon amd auTh.

H g&ovBévmon éxetl Ppebel va oyetiletal pe T0 pUAO TOV EKTAOEVTIKAOVY, TN Pabuida
gkmaidgvong kot v Tpoimnpecio Tovg (Maslach et al., 1996; Antoniou et al., 2006;
Antoniou et al., 2013). Ot 'EAAnvec exmoidevtikol @aivetar vo Pidvovy Betikd
ovvalcOnuato tpocmnikng enitevéng (Papastylianou et al., 2009) kot étol, poAovott
to eminedo Ayyovg eivor apketd vynmid (Kavrag, 2001; Antoniou et al., 2006),
eaivetol vo, Pidvouy TeMKa Alydtepo Eviova cuvailcnuata e£ovbévaong oe oyxéon
ue ouvadiApovg toug dAlav yopov (Kdvtag, 2001; Koustelios, 2001; Antoniou et
al., 2006).

3. MEOOAOAOTI'TA

To 6VUVoLo TV dEOUEVOV TTOL YPTCILOTOMONKE OTA TANICIO TG TOPOVGUS EPYOTING
npoépyetal amd ™ ddaktoptkn draTptpny Tov Koving (2019), n onoia eotiace, petald
GAA®V, TN UEAETT TNG EPYACLOKNG TKOVOTOINGNG, TG epyactakng eEovBévmang kot
NG EMAYYEAUOTIKNG AVATTUENG TV EKTAOEVTIKAOV. H cuALoy1| TV dedopévav avtmv
glye yivel péow g épevvag epotnuotoroyiov (survey research), 1o deiypo tng
omoiog amoteAoVTOV omd 366 eKTAdELTIKOVG TPWTOR&Ouac Kot devtepofddpog
EKTAIOEVOTG TNG TEPLPEPELNKNG EVOTNTOC Ayaiag ko glye emheyel pe tn péBodo tng
OTPOUOTOTOUNMEVIC  UOVOSTOUOWOKNG  Oglypoatoinyiog  kotd  ovotddeg. H
OTPOUATOTOINCT  TOL  TANOLGHOV TOV  CYOAKAOV HOVAd®MV TG  TEPLOYNG
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evolapépovtog elxe yiver pe Pdon t Pobuide exmaidevong omv omoio avTég
vrdyovior (mpwtofdbuio 1 devtepofddiua) kot to Pabud actikomoinong Tng
TEPLOYNG oTNV omoia edpalovial (AOTIKN 1 NHOGTIKN-0YpOTIKY). Mg ToV TpoOTO 0vTd
TPoEKLY AV 4 GTPOLOTO.

To epoTnuaTOAOYO, TO O0TTOI0 HOPAGTNKE TOGO GE EVILAN OGO Kol GE NAEKTPOVIKN
popon, amaptilotay and técoepa empépovs tunuota. EE avtdv, n mopodsa epyacio
EMKEVTPMONKE GE EKEIVO TV OMNUOYPUPIKADV YOPOUKTNPIOTIKAOV TOV GUUUETEYOVIMV,
o€ gketvo mov glye va KAvel pe T Olepelvnon NG EXAYYEALATIKYG TOVG AVATTLENC,
KOLL 70 GUYKEKPLUEVA TOV LOPPAV EMUOPPDCNG GTLG OTOIES EIYAV LTOL GUUUETAGYEL
og OOTMUO TPUOV ETOV  TPW TN YPOVIK TEPIOG0 GLUTANPWOONG TOV
EPMTNUATOAOYIOD, KOl TEAOC GE E€KEIVO 7OV APOPOVCE TNV EPYACLOKY TOVG
eEovBévmon. Xto mAaiclo Tov TEAELTAIOL VTV TUNHATOG TOV EPOTNHATOAOYIOV TG
£pevvag avagopds £ywve ypron g khipaxag MBI-ES (Maslach Burnout Inventory-
Educators Survey). TIpdkertor yioo ™ ONUOQIAECTEPN KAl Y10 L0 €K TMV 7O
a&OMOTOV Kol £YKVPOV KAUAK®V Yo T LETPNOT TG EPYACLOKNS eEovBévmang ot
debvn Piroypaia, pe ) cvykekpyévn palota ékdoorn (Educators Survey) va
glval €01KG KOTOUGKELOOUEVT] KOl OTOXELUEVN otV a&loAOYNoN TOV ETTESWDV
e&ovBévoong tov Aettovpywv tng eknaidevong (Maslach at al.,1996). A&iCel va
onuewdel 60T TP 10 SWUOPACUO TOL EPMTNUATOAOYIOV GTO emAeyBEV detypa
TpaypoTomolninke TAOTIKY UeAETN og deiypo 20 ekmandenTikdy TpmTofdduiog Kot
devtepofaduiag exmaidevong tov vouov Ayoiog.

2 Bdon g QUoNG KOl TNG HOPPNG TOV OESOUEVOV TO OMOi0, OTOTEAEGOV TO
EMIKEVTPO TOV EVOLOPEPOVTOG TNG TAPOVCHS Epyaciog emeAéyn va ypnoorombdei to
povtéro g Aoylotikng TaAwdpdunong v v avéivon tovg. ‘Eywve yprion tov
TOKETOV O6TATIOTIKOV ovorlvoewv IBM SPSS Statistics v.25. Ot avaAivoeilg kivinkoy
og dvo kHplovg GEoves. O TPOTOG APOPA HOVTEAL TTOV SLEPEVLVOVV TI GLGYETION TIG
gpyootokng eE0VOEVOONG TOV EKTOIOEVTIKMDY LE TIC TOIKIAEG EXUOPPOTIKEG OPAGELS
oTIG omoieg elyav AaPel LEPOG, EVM 0 OEVTEPOG UOVTEAD TTOV UEAETOVV TI GUGYETION
EPYOOLOKNG ££0VOEVOOTNG KOl SMUOYPUPIKDV YOPOKTNPLOTIKMY TV GUUUETEYOVIMV.
X OUQOTEPEC TIG OUAOEG MOVTEAMV, UETAPANTEC OMOKPIONG OMOTELECHV Ol TPEIC
petafAntég mov meptypdpovy TV epyactokn €£ov0ivoon TV EKTOOEVTOV OTA,
mhaiowo g KAlpaxag MBI-ES. TIpékettatl yio t cvvoisOnuatiky eEdvtinon, v
QTOTPOCMITOTOINGCT KOl TNV TPOCMOTIKTY EMITEVET, OAEG TOVG OUTUKTIKEG UETAPANTES
POV Kotnyopudv ékaotn. H koatdption tov ev Adym xotnyopudv eixe Non yivel oto
mAaic1o Tov 6T dedopévav pe Baon tov Iivaxa 1 mov axolovbei.

Oocov apopd Tig aveEdpnteg HeTaPANTEG TOV HLOVIEA®V TG TPAOTNG OUAONG, OVTEG
ouvioTavtal 6€ EKEIVEC TOL APOPOVV TN CLUUETOYN GE TPOYPALUUATO ETUOPOMOT|G,
OAeC TOVG OvopOoTIKEG dtyotopkég petafintés (Now 1 Oxy). And v GAAn, yio to
HOVTEAD TNG de0TEPNG ONaAdag avelaptnteg LETAPANTEG NTav TO £TN TPOVTNPEGIAG,
o Guvexng UETaPAntr, Kot TO AOWTO ONUOYPUPIKE YOPUKTINPIOTIKA, OAX TOLG
OVOUOGTIKEG LETUPANTEC,
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ITivaxag 1. Scoring Table ustafintav ECovbévawong

YovaucOnuatikn | AToTpoommonoinom [Ipocomkn
EEqvtAnon Enitevén
Yynin | 27 N mepiocoTEPO 13 N meprocdtepo | 39 M) mepiocdTEPO
Mértpa 17-26 7-12 32-38
Xopmin 0-16 0-6 0-31

A6 T0 GUVOAD TOV 6 HOVTEA®V OV UeAETHONKOV ETEAEYN VO TOPOVGLUGTOVY GTIV
Tapovoo epyasio To 600 TOL APOPOLV TNV TPOCOTIKN EMITELEN TOV EKTOLOEVTIKMOV.
H emioyn avty éywve apevdg AOym EALEWYTG YDPOL KOL APETEPOV LE TO GKETTIKO OTL
N GUYKEKPIUEVN UETAPANT TG epyootakng e&ovbévoong glvarl veevduvn, cOUEOVA
pe ™ Piproypaeia (Kavroag, 2001; Koustelios, 2001; Antoniou et al., 2006;
Papastylianou et al., 2009), yio Ta youmAotepa eninedo e&ovbévoong tov EAAvev
EKTTOALOEVTIKADV GE GYECT LE TOVG GLUVAGEAPOVG TOVG GAA®V Y®PpdV. ¢ £k TOVTOL M
O1e€001KOTEPT TUPOVGIOCT) TOV LOVTEADMY OVTMV GLYKEVTPMVEL I1AITEPO EVOLOPEPOV.
Téhog, va onuewmBel 6t Yo Kol €K TV 0veEApPTNTOV OVOUACTIKOV UETUPANTOV
TOV  HOVIEAMV TO TMOKETO GTATIOTIKOV OVOAVGE®V dnpovpynoe avtopato dummy
(ewovikég) petafAntéc mov ovamapioTovcay T cOykpion petald kabe kotnyopiog
™G UETOPANTNG EVOLPEPOVTOC UE TNV KOTNYOPID TOL AEITOLPYOVGE KAOE POPA C
KaTnyopio ovapopds.

4. XTATIZTIKH ANAAYXH AEAOMENQN
4.1. E€ov0évoon & Empépooon
[Ipocwmkn Enitevén & Emudpowon

O TIlivakag 2 mapéyer 600 UETPO. OV UTOPOVV Vo, ypnouomombovv yo v
a&loAdynon Tov TG0 KaAG TPOSUPUOLETOL TO TPOTEWVOUEVO HOVTELD GTO OEOUEVO.

Hivaxag 2. Eleyyor Kodng [pooapuoyng

Chi-Square df Sig.
Pearson 199,808 172 ,072
Deviance 184,524 172 ,243

H tiun ¢ ototiotiknig cuvdptnong Pearson chi-square sivot ion pe 199,808 pe p-
tun=0,072>0,05 evd n tiun g otatiotikig cvvaptnong Deviance chi-square eivot
184,524 pe p-tyun=0,243>0,05. Zuvendc apeotepeg Ol OTATICTIKEG GUVOPTHOELS
KOTAOEIKVOOLV KOAT] TPOGAPUOYT TOV LOVTELOD GTO OESOUEV.

"Evo, yevikd uétpo g onuovTikOTnTog ToL Lovtédov Aaufdavovue omd tov Ilivaka 3.
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Iivaxag 3. Znuovuxotyta oo Moviélov

Model Fitting
Criteria Likelihood Ratio Tests
-2 Log
Model Likelihood = Chi-Square df Sig.
Intercept Only 343,850
Final 293,212 50,638 ,000

Iivaxag 4. Eicyyor Aoyov ITiBovopaveiog

H p-tyun<0,001, k&t mov onuaivel 611 10 TANPEG HOVTELD TPOPAETEL GTATIOTIKA
ONUOVTIKA TNV HETAPANTY|] OTOKPLOTG KOADTEPA A0 TO LOVTEAD GTABEPOL OPOV.

[dwaitepa onuavtikd eivan ta amotedéopata mov mapovotdlovrar otov [livaka 4 mov
TopoTifeTon TOPAKAT®.

0€ GYOMKESG LOVAOES

Model Fitting
Criteria Likelihood Ratio Tests
-2 Log
Likelihood of
Reduced
Effect Model Chi-Square df Sig.
Intercept 293,2122 ,000 0 .
[poypdupoza Evioyvong 294,141 ,929 2 ,628
[Ipocévtwv
Exmoidevticd Zovédpla n 294,748 1,536 2 464
Xepvaplo
Ymoypemtikd 295,469 2,257 2 324
Evdotimmpeciokd
[Tpoypappoto
Mn Yroypemtikd 313,900 20,687 2 ,000
Evdotimmpeciakd
[Ipoypappoto
AToukn 1| ZuvepyaTiky 298,103 4,891 2 ,087
‘Epevva
Atktvo Exmondevtikdv 294,094 ,882 2 ,644
[poypaupato AoV 301,985 8,773 2 ,012
OPYOVIGLL®V EKTOC
Anpociov
Emoxéyelc mapotnpnong 297,924 4,711 2 ,095

O ev AMOY® TVaKOG KATAOEIKVOEL TOEG A0 TIC OVEEAPTNTES LETOPANTEG TOL LOVTEALOV
glvol otaTioTikd onuaviikés. Mmopovpe va dtakpivovpe 6Tl amd TIG aveEapTnTES
HEeTAPANTES TOL HOVTELOV, GTATIOTIKE ONUOVTIIKES OE EMIMEDO OMUAVTIKOTNTOS 0=5%,

127



glvan ot petafintég Mn Yroypeotikd Evéobmnpeoiaxd [poypdupoata (p<0,001) ko
[Ipoypaupoto  GAA®V opyaviou®v €ktdg Anpociov (p=0,012). Xe eninedo
onuoavtikotntoag 0=10% otatioTikd onUavTiKéG ivol Kot ot HetafAnTtég AToukn M
Yvvepyoatikn ‘Epevva (p=0,087) kot Emickéyelc mapatnpnong o€ 6YoMKES LOVADES
(p=0,095). O mapandve mivakag givol Waitepo ¥PNOOG Yo TV TEPITTWOT TOV
OVOLOOTIKOV oveEaptnTomv HeTtafAntdv 0Tt mpdKeltol Yy Tov UOVOSIKO Tov
Aoppdvel vTOYN TOL TNV GUVOAIKN EmdpaCT MG TETOWG METOPANTAG OTNV
amOKPLON.

Ilepvivrog ota evpiuata tov mvikeov Extynmtov Ilapapétpov (Parameter
Estimates), ot omoiot mapaieimovtal amd TNV TAPOLGO, EPYAGIO Y10, TO GUVOAO TV
TaPOoVGIULOUEVOV HOVTEAWDV AOGY® EAAELYNG YDPOL, UTOPOVUE VO, GOUTEPAUIVOVUE OTL
0l EKTOUOEVTIKOL 7OV £€YOVV GUUUETAGYEL GE 1] VTOXPEDTIKE EVOOVTNPECIOKA
TPOYPOAUUATO ETUOPOOONG €xouv 3,5 @opéc peyaAbtepn mOUvOTNTO, OO TOVG
GUVOOEAPOVG TOVUG TOV OEV €YOLV GUUUETACKEL GE TETOLOL €IdOLC OPACELS VO
eppavitouv vynid, ce oyéon pe yopnAd, enineda npocomkng enitevéne. Emmiéov,
QaiveTol OTL Ol EKTOOELTIKOL OV £XOVV GULUUETACYEL GE ATOMIKN 1] ZUVEPYUTIKN
‘Epevva oe (nmuato evoloeépovioc £xovv 2,1 @opéc peyardtepn miboavotnto, and
TOVG GLVOOEAPOLS TOVG OV OEV EYOVV GLUUETACYEL GE TETOWOL €100VG OPAGELS VA
eppaviCouv vynmid, oe oyxéon pe younAd, eminedo mpooomikng emitevéng. Ot
EKTTOOEVTIKOL TTOL  £€YOVV  GUUUETACGKEL GE TMPOYPAUUATO ETUOPOOONS ANV
opyovIcU®V €KTOG Anuociov €xovv 2,4 @opég HkpOTEPN TOAVOTNTO OO TOVG
GUVOOEAPOVG TOVG TOV OEV €YOLV GLUUETACYEL Ot TETOWOL €id0Vg OPACELS Vo
gupaviCouv vynAd, og oxéon UeE YOUNAQ, ETITESN TPOCWOTIKNG EMITEVENG, EVD EKEIVOL
OV  &YOVV OCULUUETOCYEL OE U] VLTOYPEDMTIKA EVOOVTNPECIOKA TPOYPALLOTO
EMPOPPOONG Exovv 5,7 popég peyorvtepn mlhavotnto and Tovg GUVASEAPOVS TOVG
ov dgv €Youv ovuuetdoyel oe Té€tolov €ldovg dpdoelc va gpeoavilovv pétpla, oe
oyéon ue younAd, eninedo npocmmikng enitevéne. TElog, o1 ekmatdevTiKol TOL EYOoVV
GUULETACYEL GE TPOYPAUUOTO ETUOPPMOONG GAL®Y OPYOVIGUDOV €KTOG Anpociov
€yovv 2 @opég peyorutepn mOavOTNTA OO TOVG GUVAOEAPOVG TOVG OV OEV EYOLV
GUULETACYEL GE TETOWOV €100V¢ dpdoelc va eupavifovv PETpla, GE GYECT UE VYNAG,
eMineda TPOCHOTIKNG EMITEVENC.

4.2. E¢ovBévoon & Anpoypogikd Xtoyysia

pocwmkn Enitevén & Anuoypaeikd Xtovyeio

Ytov [livoka 5 uropodpe vo dtakpivovps 0Tt OUEOTEPES Ol GTUTIGTIKEG GUVOPTIOELC
Pearson chi-square (tiuf 589,745 kon p-tiun 0,054>0,05) kou Deviance chi-square
(T 456,289 ko p-tipn 0,995) katadeikvdouy KoAT TPOGAPUOYT TOV LOVTEAOL GTA
dedopéva.

Iivaxag 5. Eleyyor Kodng [pooapuoync

Chi-Square df Sig.
Pearson 589,745 536 ,054
Deviance 456,289 536 ,995

O ITivaxog 6 dgiyvel 0Tl TO TANPEG UOVTEAO TPOPAETEL GTATIOTIKA GMUOVTIKA TNV
UETAPANTH 0mOKpLoNG KOADTEPA 06 TO PoVIELO oTabepod 6pov (P-tiun<0,001).
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Ilivakoag 6. Znuaviikotyro, tov Moviédov

Model Fitting
Criteria Likelihood Ratio Tests
-2 Log
Model Likelihood  Chi-Square df Sig.
Intercept Only 578,328
Final 510,885 67,444 20 ,000

Ytov [livaka 7 pmopovue va dtakpivoope 0Tt amd TG aveEapTnTes UETAPANTES TOL
HOVTEALOV, OTOTIOTIKG OUOVTIKEG o€ eminedo onpavtkotnrag a=5% egivar to OvAo
(p=0,006), to Eninedo Exmaidevong (p=0,001), n Babuido Exraidevong (p=0,045), n
Yxéom Epyaciog (p=0,027) kot o Ténog Epyaciog (p=0,004).

IHivaxag 1. Edeyyor Aoyov ITiBovopaverog

Model Fitting
Criteria Likelihood Ratio Tests
-2 Log
Likelihood of
Reduced
Effect Model Chi-Square df Sig.
Intercept 510,885? ,000 0 .
"Etn [potmmpeciog 514,288 3,404 2 ,182
dvro 521,177 10,292 2 ,006
Exnaidevon 530,366 19,482 4 ,001
Babpida Exnaidevong 517,079 6,194 2 ,045
Ewdwkomra 520,759 9,875 6 ,130
Xyéon Epyaciog 518,078 7,193 2 ,027
Toémog Epyaciog 521,793 10,908 2 ,004

Ocov apopd ta evpfjpata tov mvakov Extiuntov Hopapétpov cvprnepaivovpe 6t
ol Gvdpeg exmandevtikoi €yovv 2,7 Qopég peyaAdtepn mOAVOTNTO Amd TIG YUVOIKEG
GUVAOEAPOVG TOVG Vo ep@avifouy LYMAG, oe oxéon UE TO YOUNAQ, Emimeda
Tpoo®TIKNG enttevéng. EmumAéov paivetar 6TL o1 ekmaidevticol Tpotofaduog Exovv
5,6 popég peyohvtepn mOAVOTNTO GO TOVG GVVASEAPOLS TOVG TNG devTEPOPEOLLag
va gpeavifovv vymia, ce oxéon pe T YoUNAQ, Emimeda TPOS®TMIKNG enitevéng. Ot
QO OYOL Exovv 2,8 popég ueyalitep TOAVOTNTA 0T0 TOVG GLVASEAPOLS TOVG TOV
EWVIKOTTOV Kot 7,5 @opéc peyolvtepn mbavomnta omd Tovg OackdAovg va
gupaviCouv vymid, o€ oyEom UE TO YOUNAQ, ETMimedo TPOCMTIKNG EmiTELENC.
EminpooBeta o1 kabnyntég Oetikdv emotnudv &xovv 6,4 @opég HeyOADTEPT
mOovoTNTO ATO TOLG SUCKAAOVS Vo EUPOVICOVV VYNAG, GE OYEom UE TO YOUNAQ,
enineda mpoconikng emitevéng Ot ekmadevTiKol Tov EpYALOVIOL OE UOTIKEG TEPLOYEG
€yovv 3 @opéc peyahbtepn mOBAvOTNTO amd TOLS GLVOUSEAPOLS TOVG oL gpydlovTal
0€ MUOOTIKEG 1 OYPOTIKEG TEPLOYES VO ELPAVILOVY LYNAH, GE GYECT UE T YOUNAGL,
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enineda mpocwmikng emitevéng. Ot ekmadevtikoi mpwtofadag xovv 8,4 @opég
peyodvtepn mhovotnto omd TOVg GLVOOEAPOVS TOLG NG devtepofdbinag va
eupaviCouv pétpla, o€ oxEoN e To YOUNAL, eminedo TpocomIkNg enitevéng. Emiong,
Ol KOTOYOl HETOMTUYIOKOL T/kol SdoKTOplKod OwmAmpatog &xovv 10,2 @opég
peyodvtepn mBavotnta and tovg amogoitovg ¢ Iladaywywng Axadnuiog va
eppaviouv pétpla, oe oyxéomn pHe To yopnAd, eminedo mpocomikig emitevéng. Ot
amoportot  AEL éyovv 5,8 @opég kpotepn mBovOTNTO OO TOLG KATOYOLG
peTamTuylokol 1/kot S18aKTopKoD SUTAMUOTOS Vo eppavifovv PETPLE, GE GYEoN LE
Ta yapnAd, eminedo mPocwmKNG enitevéng. Xvveyilovtog, ol HOVIHOL EKTALOEVTIKOT
&xovv 6,8 Qopég peyaAdtepn TOAVOTNTO GO TOLG OVOTANP®TEG 1N pouicHiovg
GUVOOEAPOVG TOVG Vo eppaviouv pétplo, oe ox€on HE TO XOUMAQ, emimeda
TPOCMOTIKNG EMITEVLENG, EVAD Ol EKTOUOELTIKOL TTOV €PYALOVTAL GE OOTIKEG MEPLOYES
€yovv 5,3 popég peyarvtepn ThavoTnTO, O TOLE GLVASEAPOVE TOVE OV epYalovTal
O€ MNUOOTIKEG M OYPOTIKES TEPLOYES VO EUPAVICOVY HETPLE, GE GYEOT] LE TO YOUNAQ,
enineda mpoowmiKNG enitevéng. TéLog, o1 KaToyol LeTamTL) koD 1)/Kot S180KTOPIKOD
duthodpotog &govv 7,4 @opég peyoAhtepn mOAVOTNTO OTO TOVG OAMOPOITOVS TNG
Mowayoyikng Axadnpiog kot 2,7 @opég UeyaAdTePN MOOVOTNTO OTO TOVG
amopoitovg AEI va gppavifouv pérpia, oe oyéon He To VYNAQ, ENITESN TPOCMITIKNG
emitevéng.

5. EYMIIEPAXMATA

Méoa and ta eupuaTe TOV ovaAVGE®V Tov dteénybnoav, ta omoia Kot wapaTEdnKoy
O1e€001Kd TOPUTAV®, OVUSEIKVOOVTOL OPICUEVO CTIUOVTIKO CUUTEPAGLLOTO, TO OTTOiN
oKlaypa@el n Tapodoa evOTNTa. AVOQOPIKA LE TOV TPOTO EPELVNTIKO GTOYO NG
HEAETNG, ONAadN TN SlepebvNON TNG OYEONG HETOED ££0VOEVMOONG KOt ETOYYEAUOTIKTG
avATTUENG TOV EKTOLOEVTIKAOV, TO EVPAUOTE VTOOEIKVOOLV OTL 1 GLUUETOYN OE
TPOYPOUUATO  EVIOYLONG TPOGOVI®V, OAAG KOl OE VIOYPEMTIKA KOl N
EVOOVTNPESIOKA TPOYpPAUHOTO QOivETOL TPAYUOTL Vo GUUPAAAEL og YounAOTEPO
enmineda amonpocO®TOTOiNoNg Kol o€ avénuéva enineda TPocomKNG emitevéng. H
GUULETOYN OE EKTOUOELTIKO GLVESPLO, | cepvapla Ppédnke emiong va emidpa
EVEPYETIKA GTO GLVOMKOTEPX EMIMEDA ££0VOEVIOOTG TOV EKTALOEVTIKADV.

A& avagopdg, oto onueio avtd, €ivol TO OTL Ol EKTASEVTIKOL TOV GTPEPOVTOL GE
QTOWIKT T CLVEPYOTIKN £pevva og THLOTH EVOLOPEPOVTOS Bpidnkay va eppavilovy
VYNAOTEPQ, ENUTED. ATOTPOCHOTOTOINCTG GE GYECT UE TOLG GUVAIEAPOVS TOVG, EVD,
070 1010 PNKOG KOUATOG, €KEIVOL OV GTPEPOVIOL GE TPOYPULUOTH ETUOPPOOTG
GAA®V OpYaVIGU®V €KTOG Onuociov @aivetal va Pudvovy younAotepo emimeda,
TPOCOTIKNG eMiTEVENG Kot avénpéva emineda cuvalctnuotikng eEdviinong o€ oxéon
HE Toug VIToAOIToVS. MOAOVOTL TO €V AOY® gVupnpa Qaivetol oEOImPO, EVIONTOIS I0mG
avTd oKplPoOg To cuvatcOnuata e£ovBévmonc, ot omoio EVOEYOUEVMG Ol VTOAOUTES
EMPOPOOTIKEG OPACEIS OTIC OTOoieg £YOVV GUUUETACYKEL Ol EKMOIOEVLTIKOL VoL UnV
dvvatal va dOGOVV OAVTNGELS, Vo €ival Tov 0d1yohv Toug ev Adywm e&ovbevopévoug
EKTIOLOEVTIKOVG GTO VO GTPOQOLY € GAAEC dpACTNPLOTNTES, TOL Biyouv SlapopeTiKd
Inmuoto, TEpa amd TIG OPIGUEVES QOPES TETPLULEVEG BEUATIKEG TV VITOYPEDTIKMY
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EVOOVTNPECLOKADY  EMUOPPDCEDY, TPOKEWEVOL va @Bdcovv 6Tl AVoE TOV
emntovv. Towg dnradn oto onueio avtd N eEovbBévmon va etvar 1o aitio kot Oyt T0
aITIOTO MG TPOC TN GLUUETOYN OTIC €V AOY® EMUOPPMTIKEG Opacels. Ilepartépm
£PELVQ, TOL0TIKY 1 TOGOTIKY, SVVATOL VO, EVIGYDGEL AVTHY TNV LTOOEST).

Avapopikd pe to debtepo gpevvnTikd ©TOY0, ONAadN TN dlepedivior G oxéong
petald  epyaciakng  €£ovBévoong Kol ONUOYPUPIKAOV  YOPOKTNPICTIKAOV TOV
EKTTOULOEVTIKAOV, QUIVETOL OTl, MG TPOG TO OVMTATO EMIMESO EKTAIOEVOTG, Ol KATOYOL
petamtuylakod 1 Kot ddaktopikov Telvouv va gupovifouv vynidtepa emineda
cuvausOnpoatikng eEovBévmong Kot pETpla enimeda TPOcOMIKNG emitevéng oe oyéon
HE TOLG GLVOOEAPOVLS TOVG. MEtplo eglval kol To €mimedo  GUVOUGOMUOTIKNG
g€avtinong tov omoeoitov ¢ Iladaywywkng Axadnuiog, o€ oxéon HE TOVG
vroloitovg. Ta ev Adyow cvumepdopato mapovctdlovy 1dwitepo evOlaPEPOV Kot
evdéyetan vo, oyetifovtol Pe TIg amOITNOELS, TIC TPOGOOKIEG KOl TOVG GTOYOLS TOV
0éter koOnuepwvd oAAG Kot pokpompOfecpo Kobed €K TOV GUVOQPOV OUAd®OV
EKTAOEVTIKAV 0T TAAIGIOL TG O0aKTIKNG TTpdéng. [lepartépw épevva Ba pmopovce
vo piEel TEPIGGOTEPO GMG GTOVG UNYAVIGLODS TTOL 0dNyovv oTo mapatnpnfévta
gupnuaTa.

Xe 0,TL apopd TN oYEoM €PYNcing, Ol OVOTANPMOTES EKTOLOELTIKOL TOPOLGLALOLV
vynAdTeEpa entineda e£ovBEvmong Kat eOIKOTEPA VYNAITEPT ATOTPOCOTOMTOINGT Ko
YOUNAOTEPT TPOCOTIKN EMITEVLEN, GE GYEGT UE TOVG LOVILOVG GUVUOEAPOLS TOVG.
[epvavtag oto Pabud actikomoinong e meptoyng otnv onoia dpaletal 1 EKACTOTE
OYOAIKN Hovada, ot epyalOUeEVOL GE GYOMKES LOVAOEG OCTIKAV TEPOYMY EUPAVIiovV
VYNAOTEPQ EMITEDN TPOCHOTIKNG EMITEVENC GE GYEOT] UE TOVG GLVOSEAPOLG TOVG TTOL
gpyaloviol Ge aypoTIKEG 1 MUILOTIKEC TEPLOYEC. AVOQOPIKY e TO QVAO, 1Wdwaitepa
ONUOVTIKN TOPAUETPO GOUPOVA UE TN OYETIKN PiBAoypapia, ot dvdpeg exmardenTikol
oatvetor vo  epeavifovy vYnAOTEPE  EMIMESN OMOMPOCMOTONOINGCNG OAAG KOt
VYNAOTEPQ ETUMEDA TPOOOTIKNG EMITEVENG OO TIG YUVAIKEG GLVOSEAPOVG TOVC.
Yyetika pe v Pabuida exmaidevong, ol ekmandevTikol TpmTORAdUIG eKTOidELONC
eupaviCouv yevikd vynAoTEPQ EMIMESN TPOCOTIKNG EMITEVENG, AAAG KOl VYNAOTEPQ
enineda ocvvareOnuotikng e£AvVTAnoNG, 6€ OGN UE TOVG GULVOIEAPOLG TOVE TNG
devtepofadnoc. TELog OGOV APOPd TNV EOIKOTNTO TOV EKTUSEVTIKOV, 01 GIAOAOYOL
Kot ot KoOnyntég BeTikdv emotnuadv goaivetal va Pidvouv vymAdtepo emimeda
TPOCOTIKNG EMTEVENG GE GYEOT LLE TOVG GLVAOEAPOVS TOVG,.

ABSTRACT

Teachers' burnout consists a very important organizational phenomenon, greatly
affecting the quality of the education provided as well as the general operation of the
educational system. Participation in professional development (PD) activities can
prepare teachers adequately to cope with factors causing burnout feelings. The
present study aimed to investigate the effect of teachers' participation in such
activities as well as of their various demographic characteristics on their burnout
levels, in the Greek context. Survey research was conducted on a sample of 366
primary and secondary education teachers, chosen through stratified single-stage

131



cluster sampling. Logistic Regression Model was used for the data analyses. Results
demonstrated an actual effect of teachers’ participation in PD activities as well as of
demographic factors, such as employment relationship and gender, on their burnout
feelings.
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ATATPAMMATA EAEI'XOY EWMA I'lA THN
IHAPAKOAOYOHXH NOXOXTQN KAI
ANAAOTI'TQN: MIA XYT'KPITIKH MEAETH

Aapatliy A., Paxitéc A. X
Epyoompio Ztatiotikng kot Avaivong Aedopévav, Tuquo XTaTieTikng Kot
AvoroyioTikdv-Xprnpatoowkovok®v Madnpatikov, [Hovemompo Atvyaiov
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HHEPIAHYH

Yy mapovco epyacio. wpoteivovpe Kot peletdpe dimigvpa Staypdppoto eAéyyov THTOL
EWMA yio v mopakoiovdnon tocostdv kot ovaroyidv. Ymobétovpe o1l o€ kdbe 6tad10
™G detypotoAnyiog Aapupdvovial LEPOVOUEVES TOPATNPACELS, He TOUVEG TG 0TO Aot
(0, 1). Tw tn otatiotik poviglomoinon ovtod ToVg €idovg dedopévav, Bewpodue ®g
vIoyNeu. povtéha TG Kotovoués Brta, Simplex ot Unit Gamma kot vroloyilovpe v
anddoon Tov dwypappdtov eAéyyov EWMA yuw kdbe povtédo. H anddoon tovg cuykpiveton
HE TNV ao6d00n TV avtioTorywv doypapupdtov Eléyyov tomov Shewhart amd 6mov mpokidmTeal
n vrepoyn tovg évavtt tov Shewhart. Emmiéov, e€etaletan n emidpacn mov €xer otnv
anddoon tov EWMA Swypoppdtov n yprion opimv eAéyyov To omoio dev £(0VV VTOAOYIOTEL
VO TO TPAYLATIKO (GMOOTO) HOVTIELO.

Aééeic Kieroid: Koatovoun Brta, Katovoun Simplex, Katavoun Unit Gamma, ITocootd,
EWMA Awypdppata EAEyyov

1. EIZATQI'H

O otatiotikdg Eheyyog depyacidv (XEA) givar o GuALOYY epYOAEi®V TOL EMTPETEL
v mopakoAovdnon wog Swdikaciog. Metald avtdv TV gpyaAciov, TO IO
dlodedopévo glvarl To dtaypapue, EAEYXOL TO OToio ¥PMoluomotEital cLVVNBwg o
Brounyavio mpoxepévoy va  aviyvevbel €ykoipo  0TOONTOTE  UN-PLGLOAOYIKY
(ovvnbwg avemBOunt) Katdotoon wov ennpedlel ™ SwdiKacio TOPUY®YNS. XE
MEPIMTOON TOPOVGIOG oVTOV TV  avemlfOUNTOV KOTUCTACE®V, T 7TOLOTNTA
TOPOYOUEVOV TPOIOVI®V EMOEWVMOVETOL KOl £TCL TO TOGOOTO TV EANTTMUATIKMV
TPOTOVTOV AVEAVETAL.

Y€ OpPKETEG MEPWMTMOELS, TASIVOUOVUE v TPOTOV GOV EANTTOMOTIKO 1M UN
ovppoppovuevo (defective, nonconforming) edv tovAdylotov éva  mOLOTIKO
YOPOKTNPIOTIKO OeV IKOVOTOLEL TIC TTpodiaypapég mov €yovv tebel Kotd T @don
oyedloopod Tov. Me 10V Op0 TOGOGTO EAUTTOUATIKOV TPOIOVIWV OVOUQEPOLAGTE
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61OV apliud TOV EANTTOUOTIKOV TPOIOVIMV TPOG TO GLVOAKS apBud mapaydUeEVOV
poiévtav. 'Eotom dtL 10 TOGO0TO TMV EANTTOUATIKMOV TPOIOVI®V TOL amodidel o
TaPOy@YIKN dlepyocia eivar yvootd Kot ico pe P Kot £6tm 0Tl EmAEyovpe aveEdptnta
Toyoio detypoto peyébovg N to kabéva. ZvuPforilovpe pe Xi v toyoio petapfinm
(t.n.) mov maipver Tig TéG 1 M 0 avdAoya av o j-00Td TPOIGV TOL iI-06TOL dElyHATOG
glvan ehottopotikd M Oy Tote, m Xij axolovbel v katavoun Bernoulli pe
mBavotnto emrvyiog p € (0, 1) (dni. X ~ B(1, p)) kou n toyaio petapint Xi mov
MA@VEL TOV 0PIOUO TOV EAATTOUATIKMY TPOIOVTOV 6TO i-00TO deiyua akoAovOel
Stovuk Kotavoun pe mapapétpoug N, p (dnA. Xi ~ Bin(n, p)). Eropévamg, og avtn
mv mepintwon o Swbéoipuo Oedopéva avaPEPOVIOL MG ATOTEAETUOTA OOKIUMDY
Bernoulli, 1 yevikd mg dedopéva yapaktnploTik®dv, kofdeg dev eivor dvvatdv va
ANoedel aplOuntikn TN amd To YOPAKTNPICTIKO TOL TEPLYPAPEL TNV TOLOTNTO TMV
TOPOYOUEVOV TPOIOVI®V: OMAG KATOYPAQPOLUE TNV TOPOLGiD. 1 Omovsio €vOg
YOPAKTNPLOTIKOD GTO OVTIKEILEVO.

Ta mo YV®OOTE Kot EVPEWDS YPTCLOTOIOVUEVO LAY PAULLOTO EAEYYOV Y10 LOOTNTES
givon ta Swypappoto eréyyov tomov Shewhart p xou np (Montgomery, 2013) ta
01010 YPNCUYLOTOLOVVTOL VIO TNV OVIXVELCT] OAALY®DV GTNV avoioyio 1} Tov aplfud tov
U1 COUUOPQOVUEVOV TPOIOVTOV 7oV Topdysl pio. depyocic, avtiotoyyo. XTtnv
TEPIMTOOT TOL SLAYPAUUOTOG P, Ol TIHES TV onpeimv Tov aneikoviovtot etvat TiHéS,
yevika, oto dwdotnua [0, 1]. Qotdco, vrdpyovv TEPMTMGES OMOL Ol TIUES TOV
TOL0TIKOV YopakTnplotikod Ppiokovtal oto [0, 1] aAld dev eivar oamotedéouata
Bernoulli mepapdrov. T mapdderypo 10 NUEPNO10 TOGOGTO GYETIKNG VYPACING GE
pio TOAN i TO0 TOGOGTO AITOVG GTO GMOUO EVOG 0GOEVOVG. XE TETOEG MTEPMTMOCELS, TA
ouvin Slaypdupoto P Kot NP dgv umopohv Vo, EQapUocTody Kot dpa Oa mpémel va
avartuyBoOv evoriakTikd daypdupota eEAEyyov ta omoia Oo Pacilovtal 6e £va o
KATOAANAO HOVTELO TOOVOTNTOC.

Ta tedevtaio ypdvio, mapoatnpeitor ovénpévo evoloeépov yio TV avamTuén
HovTéAV Kot TeXVIK@V LEA, yio dedopéva mov givarl SimAd oplobetnuéva, m.y. 610
[0, 1] 1 ot0 (0, 1). Mio. yvoot Kotovoun yio T poviglonoinon avtod tov €idovg
depyoocidv givon 1 koravoun Bita (Beta distribution), n omoio eivo pior gvéhiktn
oVVEXNG KaTavoun mov umopel va poviehomomoet dedopéva oto (0, 1) kat tng onoiag
N uwopen moikider Pdoel tv TwOv Tov mopauétpev tng (Kieschnick and
McCullough, 2003). Ot Gupta and Nadarajah (2004) mapovciocav apKETEG
EQUPUOYEC TNG Katavoung Brita kot gaiveton 0Tt gival o1 TpdTol mov mopovciacay
o eopuoyn ¢ o dwaypduuata ehéyyov. Ot Sant’Anna and ten Caten (2012)
avértoéay Kol epappocay dwaypdupata eréyyov tomov Shewhart pe PBdon v
Katovoun Bita yio v mapakoiovdnon mocootmv (avti yio To ohvnbeg didrypoppo
gléyyov p). Ot Ho et al. (2019) avéntvEav daypaupata ehéyyov Shewhart coupova
ue tpia otapopetikd poviédo mbavommrag (Bnto, Simplex koaw Unit Gamma) yio
depyacieg dumAng oplobétnong pe Tyég oto ddotnua (0, 1).

Y€ OMEC TIG EPYOOiEC TOV OVOPEPONKAY TAPATAV®, TO TPOTEWVOLEVO OL0YPAULOTO
glvor dwoypdppato eréyyov tomov Shewhart. Eivor yvootd o6t 6tav vadpyovv
mepopiopol 610 péyebog tov detypotog mov AapPdvetar amd Tn diepyoacio ot
S100YIKEG YPOVIKES OTIYUES, Ta Staypappoto Shewhart dev eivon apretd gvaicdnta
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GTNV OVIYVELON WKP®OV 1)/KOl PHECOiDV OAAAYDV GTIS TAPOUUETPOVS TNG SlEPYOTing.
‘Eto1, dev pmopovv va Tig EvIomicouv ypnyopa. Avtd amodidetal 6To yeyovos OTL o€
éva Oraypappe ehéyyov Shewhart n amdpacn eav pio diepyasio eival evioc 1 eKtog
eAéyyov BaoileTor 0mOKAEIGTIKA GTNV 7O TPOCEOTN TapaTpnon. Mia Avon 6 avtd
70 TPOPANUO ATOTELEL 1] YPNION SLAYPOUUATOV EAEYYOL LE VLT, OTI®G TO S1EypOapLLoL
eléyyov tomov EWMA. To dibypoppo avtd mpoc@épel avénpévn gvactncio otnv
aviyveuon WKP®V KOl HECOIOV HETOTOTICEMV OTIC TAPOUETPOVS TNG OlEPYACING
KaBdg ot TIéEG oL amekoviCovVTal EVEOUATMOVOLY TANPOPOPies TOGO 0md TPOGPATES
0G0 Kot oo TaAULOTEPES TAPOTNPY|CELG.

2NV TOPOVGH EPYOCIN, TPOTEIVOVUE Kot LEAETAE SITAELPA OLOYPAUUOTO EAEYYOV
tomov EWMA pepovopévav mapatnpnoenv pe Pdon tpia S10QopeTikd UOVTEAQ
mOovoOTNTOG, PE OKOMO TNV TOPAKOAOLONGN TNG KOTAVOUNG XOPOKTNPIOTIKOV UE
Tipég oo (0, 1). H dibpBpwon g epyaciag éxel og e€ng: Tmv Evotnrta 2 divovtol
GUVOTITIKA Ol 1010TNTEG TV TPLOV Katavoumv, Bnta, Simplex kot Unit Gamma, ot
omoieg ypnoonolovvTol oG mhoavd poviéla yw T depyacia. Xtnv Evomta 3,
nmapovstdfovior ta dwypappata eréyyov EWMA pe Bdon tig tpeg mapamdve
Katovopés, poall e v aikyoplBpikn 610dkacio Yo T0 GTOTIOTIKO GYESIUCUO TOVC
KaBdG Kot TOV VITOAOYIGHO PACIKAOV HETPOV Yo TNV AE0AGYNOT TNG OTOdOGNG TOVG,
Xmv Evomta 4 mapovctdlovior To omOTEAEGUOTO LIOG EKTETOUEVIC HEAETNG
TPOCOLOIOTNG, GYETIKA He TNV amddoon Tov dimicvpov EWMA dwypapudtov. Ta
npotewvopeva daypaupata EWMA cuykpivovtar pe ta avrtiotorya Shewhart tov Ho
et al. (2019), and 6mov TPoKLRTEL OTL N OTOIOCT TOVG Eival KAADTEPT OO OVTN TV
Shewhart Swypoppdtov. v Evomto 5 6idetol pio TPaKkTiKy £OPUOY TOV
TPOTEWOUEVDY  Olaypappdtov. Téhog, oty  Evommra 6, ouvvoyilovior T
GUUTEPACLLOTO TG LEAETNG.

2. KATANOMEX T'TA TH MONTEAOIIOIHXH ITOXOXTON KAI
ANAAOTI'TQN

Axolovbavtog v epyacia tov Ho et al. (2019), efetdlovpe tpio poviéla
mBovotntog pe otprypa to (0, 1) kot mapovstdlovpe ev GUVTOMIA TG 1O1OTNTEG TOVG,.
Aéiler va onuewwbet 6T1 Ta akdAovBa poviédla mBavoTnTag dev gival To. LOVOSIKA Yo
Vv Tapakorlovinon diepyacidv dSmAng oplobétmong oto ddetnuoe (0, 1). Agite w.y.
Lima-Filho et al. (2020).
2.1 Kartavopn Beta
‘Eoto 611 n 1.1 X axoiovbel v katavoun Bita pe napapétpovg a >0, > 0 (coup.
X ~ Beta(a, f)). Tote, n ovvaptmon mokvotntog mibavotntog (o.m.mw) diveton amd
oyéon

xo {1 —x)B1

fBHrﬁ{:xlaJﬁ] = B{:I'-'r'ﬂ ﬁ} JXE {:ﬂ,l},

o6mov B(a, f) =T(a)I'(B)/T(a + p) glvar 1 ocuvaptnon Bito  xon
F(y) = [, w?te™du eiva n cuvdpmon T'appo. Eniong, n afpototiki cuvéptnon
Katovopung g (a.o.x.) divetal and ) oyéon
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B.(a, £)
Bla,f)’

6mov B.la, ) = f; te=1 (1 — £)F1dt eivan  un TAPNG cuvapton Bta. H péon
T kon n doomopd etvon E(X) = al(a + B) ko V(X) = afl[(a + p)*(a + S + 1)]. Ze
aVTN TNV €PYOOia, YPNOIUOTOOVUE TNV TapapeTpormomuévn Brita katavoun (Ferrari
and Cribari-Neto, 2004) n onoia mpoxbdmtel av Oécovpe a = ug ko = (1 —pw)g, yio
€ (0, 1) xau ¢ > 0. Emopévmg, n 6.1.1. maipvel Ty axdAovdn popen

FBarn{:xngﬁ} =

x‘“?f"i{:l _ x}fl—#:‘fi’—l

(x| @) = —— ,x €(0,1),
EVO M PEST T Ko 1) Sloomopd Tdpa givar oG pe
E() = p, V(xX) =22, m

d+1
H mapduetpog ¢ pumopei va epunvevdel og mapdpetpog axpiPeiag apovd otav 10 i
TOPOUUEVEL QUETAPANTO, OGO MEYOADTEPT €lval 1 TN NG TOPAUETPOV @, TOGO
pikpoTePN givon 1 dtoomopd g Beta(y, ¢).
2.2 Katavopn Simplex

‘Eotw 611N .0 X axorovdet tnv kotavopr] Simplex pe nopapétpoug i € (0, 1), 0 2>
0 (oopp. X~S(u, o2). Tote, 1 o.mm diveton og eéfig (Barndorff-Nielsen and
Jorgensen, 1991)

1 (- Zzdiz .'J:'}

f_':z'mp;ax'[.xLU: g?) = me za®

x € (0,1),

6mov 0 6pog d(X; u) eival YvooTog g oVVAPTNON amoKAong kot divetan amd TN oxEon

()
Al 1) =

H péon tyun ko 1 dtacmopd givon icsg He

: {ﬁ 1
EC) =p, V) =—=e e e | 2)

omov T'(r,5) = [ ;ﬂu"'i e~ *du sivon ) TAqpN¢ ovvapon Téppa.
2.3 Katavopn Unit Gamma

‘Eoto 6t N 1.1t X akoiovbel v katavopn Unit Gamma pe mapapétpovg, > 0,7> 0
(ovuf. X ~UuGA(6, 7). Tote,  o.m.7w. divetan o¢ e€ng (Grassia, 1977)

—1

fuca(x16,7) = I.i}x'g‘i (lcg G)) ,x €(0,1),

€V M PO TN KoL 1) dl0oTopd givar {oeg e

£ =) v =GR) -G
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Y& aut ™V gpyacia, ypnowonolodue v mapapetporomuévry Unit Gamma
katavopr] (Mousa et al., 2016) n omoio mpoxvntet Oétovtag O = ¥/ [ (1 — u*’). Tore,
N O.7L.7. TOUPVEL TNV aKOAOVON LopeN|

ﬁ..JGA{:xl.Iu-' T} = JXE {ﬂjl},

it T
(P—”) H'_.-'r —1
{1 —_ I'UJ' T —1 ]_ -
T )
r(r) * log x
omov u € (0,1), T > 0. Emouéveg, yoo v mopopetpormompévny Unit Gamma
KaTOvoun, N LGN TN Kot 1) S106Topa 1GovVToL UE

E(X) = p, V{:X}=}A(ﬁr—#)- ©)
3. ATATPAMMATA EAEI'XOY EWMA T'TA AIEPTAXIEX AIIIAHX
OPIOGETHXHX

Ye avtv v evotnta, Bo avoamtuovpe oimAgvpo dlayplppato EAEYYOL TOTOL
EWMA vy v mapokolobbnon odlepyacidv pe OedopéVo To Omoio OmoTEAODV
pepovouéveg mopatnpnoelg oto (0,1). Apywd, otav n depyacio Ppioketal evtog
eléyyov ocvpPorifovpe 10 péco eminedo TnG OlEPYACING TG WG Hox = Ho, TO OO0
glvar M evtdég eréyyov péon avaroyio. Emiong, ov mapdpetpor  Swuomopdg
ovpPorilovior wg ¢o (Yoo TNV katavour Bita), og oo (Yo v katavoun Simplex)
Kot ¢ 7o (Yo v katavour Unit Gamma). Emopévag, SnAdvovue Ty eviog eAEYy oL
Soomopd g Stepyaciog wg o%.x, N onoia vroloyiletar pe T ypYon TV eEIGHGEMY
(2)-(3) v to V(X), aviikabiotdvtag tig viog eAEYYOU TIHES Y1 TO KAOE povTELO.

Oroav 1 diepyacio givar ektog eAEYYOV, VITOBETOVHE OTL 1| TOPOLGIN AVETIOOUNTOV
artiov emnpedlel udévo to uéco eminedo g depyaciag, To omoio petatomiletal omd
Ho o€ 1 # po, pe € (0,1). Tuykekpéva, Otav g1 > o, T0 HECO €mimedo TNg
depyaciog €yer ovénbel evd Otav p1 < po, T0 HEGO MOGOOTO €)el pewwbel. Ztnv
Tapovoo epyacio vrobétovue OTL M T TNG TOPAUETPOV SLUCTOPAC TOPOUEVEL
QUETAPANTN VIO TNV TOPOVGin EWIKOV auTidv ot dtepyacio. Xtdyog eivor 1
aviyvevon petafordv Oldpopav peyebdv oto €viOg €AEYXOVL WHECO EMIMESD TNG
depyaoiag wox = i, To omoio dev emnpedletol dueoo omd aAlayég ota ¢o , 0o KO To.
[Tiotevovpe TG yioo TNV aviyvevon aAlay®v o€ 600 1) TEPIGCOTEPEG TOPAUETPOVG
npénel va ypnoomoindel avtiotoryog aplBpdc daypoppdtov eiéyyov. Avtd pmopei
va yivel o€ LEAAOVTIKY epyacial.

Ta daypappata eréyyov tomov EWMA mpotabnkov amd tov Roberts (1959) kot
Ta onueia Tov angwkovifoviot 6to Sidypappe cvtd VTOAOYILovTal amd TNV TOPUKAT®
GTATIGTIKT GUVAPTNON

Zo=AX,+(1-A)Z,_,, t=1,2, ...,

omov pe X¢ cupPoAiletor  TUn TG UEUOVOUEVTIC TOPATHPNONG TOL AauPaveTol
ypovikn otiyun t. Emiong, n apywn) T yw 1o Zo = po, ONAadT| 1600TAL PE TNV €VTOC
gAéyyov péon tiun tov X. H otabepd A € (0,1] xaAsiton mopduetpog eEopdAvvong kat
kaBopiler ™ PapdtnTo mov SiveTOol OTIC TPOCPUTES TAPAUTNPNOELS TNG OLEPYACING.
‘Etol, yio pikpég tipég tov A (mAnoiéstepa oto 0) divetonr peyaidtepn Papvtnto oTig
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MyOTEPO TPOCPATES TOPATNPNOELS EVD Yo LEYAAES TIHES TOVL A (TAnciéotepa oto 1)
dtveton peyolotepn PopdmnTa 0TI TO TPOGPATEG TOPATNPNOES. LOUEOVO UE TOV
Montgomery (2013), yia to A gmAéyetar kamola Tt oto ddotnua [0,05, 0,25].
Emiong, yio 4 =1, éva dimhevpo EWMA dudypoappa tavtiletor pe éva dimievpo
Sbypoppo edéyyov tomov Shewhart kobodg Zi = Xi. H Aertovpyia evog EWMA
Sy PAULOTOS Yl TV TOPAKOAOVON O TNG LEGNC TIUNG LG TOPAYDYIKNS dlepyaciog
Baoiletol 6N oTOTIOTIKN CLVAPTNOT Zt, TWEG TIG omolag amekovilovtal 6€ AT, L

oplo. ELEYYOVL T
I a i
LCL:HD,T_LGDEJ;! CL:HD,.H! UCL:HE'.-T-'_LG'}#TJ:_A .

Ta mopandveo Oplo eival eniong yvmoTd o¢ Opla EAEYXOV oTOOEPNC KOTAGTAONG
yw 1o dimhevpo EWMA ddypappa. To didypappo onpotodotel yio KTOG EAEYYOL
diepyacio akpifdg oto t-0016 6TAdI0 TG dErypatoAniog edv Zy & [LCL, UCL]. O
apOpuog TV oneiov mov ancsikovilovtal o Eva SAYPOLLILOL LEYPL VO, ELPAVICTEL Y10,
TPOTN Popa éva, onpeio EKTOG TV opiwv eAEyYOL KoAgital pikog pong (run length)
Kot glvar pia 1.0 H xatovoun tov punkovg pong ypnotponoteitol yio tnv aSlohdynon
gvog draypappatog eréyyov. To mo cvovnOiouévo pétpo amddoong givar  péomn Tun
m¢g Kotovoung Tov ufkovg porg (average run length) 1 ARL =E(RL) &vd
YPNOCLLOTOIOVUE EMTAEOV TNV TLTIKN OMOKAIGN TNG KOTOVOUNG TOV UAKOLG POTG
(standard deviation run-length) 4 SDRL = /V(RL) xot ™ dudpeco g Katovopng
Tov pfKovg porg (median run length) § MRL. T mepiocdtepeg AenTOpEPEIEC OYETIKG.
pe ™ xpnon tov ARL, SDRL ka1t MRL ¢ pétpov amddoong deite Maravelakis et al.
(2005) Ztnv mepintwon &vog dimhevpov daypappatog eréyyov tomov Shewhart, n
KOTOVOUT TOL HIKOLG POTG EIVOL L0 YEWUETPIKT] KATOVOUN LE TOPAUETPO Pout, OTOV
N TOPAUETPOg Pout Elvar M mBavotnTo va mapotnpnbel onpeio ektdg TV opiwv
eléyyov. Eropévamg, ta ARL, SDRL xa1 MRL vroloyilovrtal og e&ng:

1 i1— logl 0.5
y Puur, MRL=[ r:'gl ) 'I’
logi 1-poue)

ARL = , SDRL =

Pout Dt

omov [x] etvon 0 eMdyiotog axépatog o omoiog eivar peyardtepog 1 icog Tov .

O mopapetpol oyedacpov tov dwypappatog EWMA eivar 1o L mov exopdlet
TNV OTOCTOOT TOV OploV EAEYXOV OO TNV KEVIPIKN YPOUUY Kol TO A oL givol m
mapauetpog eEopdriuvons. O oyedlacOg TOL GLYKEKPLUEVOD dtarypaupatog foacileTot
OTNV KATOAANAN ETAOYT QVTOV TOV D0 TOPAUETPOV MOTE TO OLAYPOUUE VAL EYEL TNV
emBuuNTN TN Yo T0 EVTOG EAEYYOL PEGO pnKog pong. Eival yvwotod emiong 6tL oty
TEPIMTOON €VOG OImAEVPOL dlaypaupatog eErEyyov tmov EWMA, 1 kotavour tov
unkovg pong dev givar M yeopetpiky (Crowder, 1987). Xe avtiv v epyacia,
epapudloope ™ péBodo mpooopoimong Monte Carlo yia tov mpocdiopiopd g
mapopétpov L yro o dedopévn tun A, €161 dote 1 anddoon Tov Sty pAUUNTOS VO
givar n emBoun. Zvykekpipéva, to Prota g aAYoplOUIKNAG dladtkociog Yo TovV
npocdopopd tov Tpedv (4, L) divovtar mapaxdte (deite Alevizakos and
Koukouvinos, 2019).
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B1. Em\éyovpe T1g evtog eAEéyyov TYHEG TOV TOPAUETPOV V1o KAOE Katavour|. Avtég
glvan (o, ¢o) Yo v Katavour] Bita, (o, o) yio v katavoun Simplex kot
(o, 70) Y100 TV KoTravoun Unit Gamma.

B2. Emi\éyovpe v emBountr tipn yuo 1o evtdg eAéyyov ARL, éotw avt ARLo, Kot
mpocdopifovpe v TN TG TOPAUETPOL A.

B3. Xpnoponowodpe og apykn tiunq L = 0.001 ko vworoyilovpe ta oplo eA&yyov
otafepn|g KOTAGTAGC.

B4. IIpocopowwvoope 10000 evtog eréyyov depyacieg pe Paon T mopopéTpoug
Tov PApatog 1 kor Yo KaBe TPOGOUOI®ON KOTOYPAPOLUE TOV aplOUd TV
ONUEI®V PEYPL TOV TPMDTO ECPUALEVO GUVAYEPUO.

BS. YmoAloyilovpe to evidg eléyyov ARL wg tov detypatikd péco 6po towv 10000
Twdv RL mov mpoékvyav amd to Pfpa 4. Av ARL & [ARLy — & ARLo + £],
omov ¢ = 5 givar évag aplBudc avoyne, aw&avouvpe v T g mapapétpov L
katd 0.001 kot emotpépovpe oo Prina 4. AlpopeTikd, Tpoympdue oto Prina
6.

B6. Xpnoiponowodpe v ) g mopapétpov L n omoia €xer Ppebel amd T0
mwponyovpuevo Prua kot kKabopilovpe To Oplo. EAEYYOL Yo TO JimAEvpo
Suypappo EWMA kot dnlovoope v dtadikocio og kTG eA&yyov eav Zt &
[LCL, UCL).

4. MEAETH NPOXOMOIQXHX

Ye ootV NV €vOTNTe, TOPOLGIALOVUE TO ONMOTEAECUOTO UG EKTETOUEVNG
apPOUNTIKAG HEAETNG AVOEKTIKOTNTOC OYETIKA LE TO OYXESLOCUO Kol TNV amdd0ooT TV
TPOTEWOUEVDV dlaypappatov eréyyov EWMA. Z10y0¢ givat 11 cOYKPIGN QUTOV TOV
Sy poppdTOV HE To avTioTora dtaypappote e Eyyov tonov Shewhart yio nocootd
Kot avaAoyieg mov perethOnkav omd tovg Ho et al. (2019). ‘Encta, digpgvuvodue 10660
emnpealoviar to. EWMA Saypdppota mov Poaciloviol oTic TPElS KATAVOUEG TOV
OVOQPEPOLE TALPOTAVD OTAV T Opla EAEYYOV LTOAOYI{oVTaL amd S10POPETIKO LOVTELO
Ko Oyt omd TO TPAYUOTIKO.

Onwg &yovue MON ava@éPel, 1M TOPOLGID EWOIKOV OITIOV  UETAPANTOTNTOG
ennpedlel povo 1o péco eminedo g depyaciag, To onoio petatomileton and o o€ L1
# po. Ewdwotepa, Oempovpe OTL 1 €vTOg eAéyyov péom T g depyaciog sivor
po = 0.2 ko 1 extOg EAEyyov péom T eivan p1 = o+ 4, pe 4 € {0.02, 0.04, 0.06,
0.08} vo dniovel To SLdopa eMIMESO PETOTOMIONG. LYETIKG UE TIG TOPUUETPOVS
daomopdg tov kabe poviédov, akorovbohviag v gpyacia tov Ho et al. (2019),
Bewpovue 011 avTéC TapapEVouy apeTdfANTES. Q0TOC0 eMALYOVTAL TECOEPX EMIMESQ
dwomopdg (oeite Ilivaxo 1), ta omoiot SNAGVOLY AVTIGTOLYO TIG TEPIMTMGELS LE TIG
uIKpOTEPEG KO TIC MEYaAVDTEpEg Olacmopés. [lapatnpodue 6Tl Too Tpict poviéda
mapovstdfovy  opoldtnteg HeTaEL Tovg. [ Adyovg owovouiag ympov, 6Oa
TOPOVGIACOVIE ATMOTEAEGILOTO LOVO Y10 TIG TEPITTMGELS 2 Kot 4.

21N ovvéxeld Tapovcslalovtol To, ATOTEAEGHATE OO TN GUYKPLoN TG ATOd0oNG
TV dimhevpov droypappdtov eréyyov EWMA kot Shewhart yio ké6e éva amd ta
tpio povtéda. YmoBétovpe OTL 1 mOOVOTNTO EGPAAUEVOL GLVAYEPUOV 10OVTOL E
0. =0.0027, oot va emtvyovpe evtdg edéyyov ARL 6co to duvatdy mo Kovid oty
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emBopnm Ty ARL = 370.4. Epappolovtag ta fripoto g Topamave oAyoplOKng
dwdkaciog mpocsdopiletan n T Ly kaBe povtéro, yuo kdBe mepintwon tov
TAPOUETP®V SlaoTopdg Kot yia Tpelg TnéG Tov A = 0.05, 0.10 kou 0.20.

‘Emerta, yio dedopéveg tipég tov A kai L, epapuolovpe Eovd tov mponyoduevo
aAyOplOpHo GAAG Y10 TIG HETOTOTIOUEVES TIEG TOV HEGOV AT T QOPa (fi1 = o £ A).
[TAéov, o1 vmoAoylopol a@opPohY TNV €KTOG EAEYYOV OmOOOCT TOV OOYPUUUATOV
EWMA. Ta amoteréopata tng mposouoioons (v to didypappo EWMA) divovton
otovg [livakeg 2-4. Na onuewmfel 6Tt yio to Shewhart didypapio. ¥pNGILOTOGAUE
oplo. eAéyyov mBavoTNTOG io®V ovpdv, dNAadn ot Téc tov opiov UCL, LCL,
TPOKVTTOLY G Aol tov eélomoswv P(X > UCL) = a/2 ko1 P(X £ LCL) = &/2 étov
n depyaoia givar evidg otatiotikov edéyyov. Eniong, otig ypappég ‘UCL’, ‘LCL’ Tov
[Mivako 2 divovtal to 6pla eEAEYYOV KAOE S10ypAUUATOS EVE O TWEG UE EVTOVT YPOON
avTIoTOYOVV otV eAdytot Ty Tov ARL petaéd Tov S10QpopeTik@y HoVIEA®V, Yia
T 6edopUévn UETATOMIOT GTO Ho.

Hivarag 1. MetofAntomyra kabe poviéioo yio po = 0.2, Hepirrawoeig 1-4.

Beta Simplex Unit Gamma
Case do 00X ) 00X 70 00X
1 290 0.02344842 | 0.37 | 0.02355733 | 155 | 0.02582828
2 148 0.03276928 | 0.50 | 0.03170082 | 96 | 0.03279827
3 80 0.04444444 | 0.71 | 0.04460488 51 0.04493217
4 31 0.07071068 | 1.20 | 0.07309293 | 20 | 0.07138937

ZOHQOVE e TO TOPOKAT® OTOTEAECUOTE, TOPATNPOVUE OTL 1 ¥PNOoN TOV
Swypapudtev eréyyov EWMA Beltidvel v tkavotnto, oviyvenong LETUPOADY GTO
péco eminedo g Oepyaciog ovykprtikd pe to Shewhart Swdypappo, xabog
npokvmrovy pikpodtepeg Twég ARL:. T v katavour Bfta mapatnpodpe 6t t0
EWMA b&uypappo yio A=0.05 elvar to PéATiIoTo OTNV QviyveLOTn HKP®V
petatomicemv, dniadn yia g1 € [0.18,0.22] kol 660 M T Tov p1 avEdveTal, o
ueyolvtepn T tov A, 6nwg A = 0.10 1§ 0.20, mapéyet pia o Pertiopuévn amddoo.
Yyetkd pe v katavoun Simplex moapatmpodpe 6t 1o EWMA Sdypappa yio
A =0.05 emroyydvel 1o ehdyioto ARL: Kot Yo TIg dV0 TEPMTMCEIC TOV TOUPUUETPOV
dwomopdg. [apopola amotedécpata Tpokvmtovy kat yio Tnv Unit Gamma kotovoun.

Ytoug Ilivakeg 3-5 Sivovtol to amoTeAECHOTO TNG UEAETNG OYETIKA HE TNV
avlextikotnto Tov drypoppdtov eréyyov EWMA ot yprion ‘AavBacuévav opiov
eéyyov’
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Iivaxag 2. Xoyxpion Aimkevpwv Awaypouudtov Shewhart kou EWMA

Tepimrwon Katavours Bnta

$o u SH 1=0.05 1=0.10 1=0.20| ¢o 1] SH 4=0.05 7=0.10 1=0.20
148 0.12 | 2.36 5.04 4.35 381 | 31 0.2 1568 1015 9.11 9.21
0.14 | 5.72 6.42 5.52 4.94 0.14 | 36.30 13.93 13.28 15.30
0.16 | 20.11  9.46 8.40 8.11 0.16 | 90.21 23.24 24.96 37.61
0.18 | 100.51 21.09 2140 27.07 0.18 | 220.61 64.30 87.98 188.96
0.20 | 370.37 370.14 370.44 370.32 0.20 | 370.37 370.50 370.66  370.16
0.22 | 129.21 21.05 2119 2419 0.22 | 289.82 59.48 66.36 78.97
0.24 | 32.24 9.55 8.47 8.12 0.24 | 155.75 23.13 23.07 26.48
0.26 | 10.61 6.47 5.64 5.09 0.26 | 81.39 14.17 13.30 13.57
0.28 | 4.53 5.09 441 3.88 0.28 | 4463 10.37 9.30 9.02
UCL | 0.3081 0.213 0.220 0.231 UCL | 0.4518 0.228 0.244 0.268
LCL | 0.1133 0.187 0.180 0.169 LCL | 0.0450 0.172 0.156 0.132
Iepimrwon Karavourc Simplex
00 1! SH 1=0.05 1=0.10 1=0.20| a9 1! SH 1=0.05 1=0.10  1=0.20
0.50 0.12 | 1.87 3.34 4.21 366 |1.20 0.12 | 35.02 4.90 9.63 10.69
014 | 572 420 5.37 4.76 0.14 | 80.59 6.17 14.46 21.26
0.16 | 24.83 5.95 8.16 7.83 0.16 | 173.86 9.08 29.74 74.03
0.18 | 128.23 13.34 21.06 28.78 0.18 | 332.35 20.24 12534  546.56
0.20 | 370.48 366.76 375.08 371.43 0.20 | 370.40 373.08 370.88  370.23
0.22 | 90.00 13.19 1951 2154 0.22 | 191.01 20.17 60.46 67.19
0.24 | 21.68 6.08 8.26 7.72 0.24 | 8409 925 2301 24.83
026 | 794 428 5.52 4.94 0.26 | 4159 6.36 13.65 13.68
0.28 | 3.94 3.52 4.38 3.83 0.28 | 23.42 5.01 9.75 9.26
UCL | 03085 0.213 0.220 0.230 UCL | 04743 0.229 0.246 0.271
LCL | 0.1205 0.187 0.180 0.170 LCL 10.0594 0.171 0.154 0.129
Hepirrwon Karavourc Unit Gamma
0 1] SH 1=0.05 1=0.10 1=0.20| o 1] SH 1=0.05 4=0.10 1=0.20
9% 012 | 2.23 5.05 4.35 379 | 20 0.12 | 1482 1022 9.22 9.47
0.14 | 5.36 6.43 558  4.99 0.14 | 3421 1410 1356 15.87
0.16 | 18.84 9.44 8.39 8.22 0.16 | 85.15 23.67 25.25 40.62
0.18 | 95.63 20.95 2159 2755 0.18 | 210.67 65.20 92.48 219.01
0.20 | 370.37 370.50 370.30 370.97 0.20 | 370.37 370.05 370.49 37041
0.22 | 138,59 21.44 20.94 2458 0.22 | 316.76 60.87 67.42 79.77
0.24 | 3574 9.54 8.52 8.21 0.24 | 184.20 23.67 23.59 27.75
0.26 | 11.80 6.50 5.64 5.11 0.26 | 102.06 1431 13.35 14.13
0.28 | 4.97 5.12 4.42 3.92 0.28 | 58.31 1046 9.43 9.34
UCL | 03155 0.213 0.220 0.231 UCL | 0.4878 0.228 0.244 0.269
LCL 101184 0.187 0.180 0.169 LCL 10.0596 0.172 0.156 0.131

[Mopatnpolpe 6TL ad TN YPTON ESPUAUEVOV OpimV ELEYYOL emmpedleTal Kupimg M
EVIOG eAéyyov amodoon Twv OSwypappdtov EWMA. Enuavtikéc  dwapopég
ONUEDVOVTOL Kol OTNV €KTOC eAéyyov omdOOoN, €OKA Yo UETOTOMICE OTO
dwdotnua [0.18, 0.22]. Ocov agopd v &vtdg eAéyyov amddoomn, GALote eivon
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peyodvtepn kot dAlote pikpoteprn g emBountig tipng 370.4. Tevikd, o peydan
TN otV evtog eAEyyoL omddoo givor emBounty, ektoOg Kot av ennpealeton n Ktog
gAéyyov oamodoon. T v mepimtwon ™¢ kotavoung Bnto (IMivaxag 3),
wapatnpovpe Ot n ypnon Simplex opiov eléyyov éxel o¢ amotéhecuo peydAeg
SLPOPOTONGELS GTNV EVTOG EAEYYOL AOd00T Yo TV mepinTmaon 4. ATd v dAAn, ot
eKTOC eAEYYOVL LETPNoELS glvan younAotepes and avTég OTOV YPNGLLOTOOVVTL TO.
TPUYUOTIKA Oplor EAEYYOVL Yo TNV wepinmton 2. Avtd cvuPaivel emeldn kot 1 EVIOC
eMéyyov amddoon oty mepinTmaon avth eivar pukpdtepn g emBountig Tiung 370.4.
Yvvenmg, P avénon oto pulud ecEUAREVOL GuvayepUoD 0dMyel oe pelmon g
eKTOG eMéyyov amddoong. Ta v mepintmon g kotavoung Simplex (IMivaxag 4),
TOPUTNPOVUE OTL M EVTOG EAEYXOV ATOO0GT Elval LeyolvTePn omd TV emfupunt Vo
TN YPNON ECPUAUEVOV OplV EAEYYOV, VD 1 EKTOG EAEYYOL amddooT dev emnpedleTan
onuovtikd. Téhog, yo. v mepintoon g Katavoung Unit Gamma (ITivaxag 5),
TOPUTNPOVUE OTL VIAPYEL CTUOVTIKY OOKAIGN OTNV €VTOg EAEYXOV amddooT| OTOV
ypnowonotovvtor Simplex opia EAEyyov, v GNUAVTIKY AmOKAIGT TOPATHPEITOL Kot
OTNV EKTOC EAEYYOL OTOdOOM.

IHivaxag 3. Awédoon Airkevpwv EWMA Awoypouudrov, Beta Chart, 1=0.05.

Beta - True Simplex Unit Gamma
u ARL SDRL MRL| ARL SDRL MRL| ARL SDRL MRL
Case 2: 0.12 | 5.04 0.77 5 5.01 0.76 5 5.02 0.77 5
¢o =148 0.14 | 6.42 1.23 6 6.40 1.24 6 6.38 1.27 6
00=050 016 | 946 258 9 941 258 9 9.40 255 9
70= 96 0.18 | 21.09 9.89 19 | 20.95 10.01 19 | 2097 984 19
0.20 | 370.14 351.44 265 |363.33 34352 259 |357.90 345.13 253
0.22 | 21.05 10.73 19 21 1059 19 | 21.13 1074 19
024 | 955 3.02 9 951 298 9 9.49 2097 9
0.26 | 6.47 1.56 6 6.45 155 6 6.46 156 6
028 | 5.09 1.02 5 5.08 1 5 510 101 5
LCL 0.187 0.187 0.187
UCL 0.213 0.213 0.213
Case 4: 0.12 | 10.15 2.69 10 | 1045 2.67 10 | 10.07 261 10
¢o=31 0.14 | 1393 4.71 13 | 1452 4.96 14 | 1385 4.66 13
00=1.20 0.16 | 23.24 1101 21 | 2434 1164 22 | 23.09 11.03 21
0=20 0.18 | 6430 46.81 52 | 69.74 5214 55 | 63.25 46,57 50
0.20 | 370.50 360.16 257 |439.72 424.28 312 |351.96 344.37 243
0.22 | 59.48 4465 47 | 6497 50.17 505 | 59.27 4436 47
024 | 2313 1274 20 | 2421 13.02 21 | 2315 1242 20
0.26 | 14.17 5.92 13 | 1465 6.07 13 14.04 5.92 13
0.28 | 10.37 3.62 10 | 1069 3.71 10 10.27 3.61 10
LCL 0.172 0.171 0.172
UCL 0.228 0.229 0.228
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Ilivaxag 4. Anéooon Airlevpwv EWMA Awaypouudzov, Simplex Chart, 1=0.10.

Simplex - True Beta Unit Gamma
4 | ARL SDRL MRL| ARL SDRL MRL| ARL SDRL MRL
Case 2: 012 421 047 4 425 0.48 4 426  0.48 4
$o= 148 0.14| 537 0.90 5 545 092 5 545 093 5
o0 =0.50 0.16| 816 225 8 829 229 8 830 229 8
70= 96 0.18| 21.06 1161 18 | 2191 1249 19 | 21.92 1226 19
0.20 | 375.08 368.08 264 |416.84 410.89 288 |428.18 415.18 304
0.22| 1951 1236 16 | 20.69 1297 17 | 20.20 1266 17
0.24| 826  3.33 8 8.45  3.46 8 842 337 8
0.26| 5.52 1.73 5 563 174 5 564 177 5
0.28| 4.38 1.17 4 441 115 4 443 115 4
LCL 0.180 0.180 0.180
UCL 0.220 0.220 0.220
Case 4: 0.12| 9.63  2.23 9 920 216 9 923 219 9
$o =31 0.14| 1446 5.20 13 | 1364 4.89 13 | 1369 494 13
o0=1.20 0.16| 29.74 1779 25 | 26.85 1551 23 | 26.94 1584 23
70=20 0.18|125.34 11046 91 |10456 8894 77 |103.40 9040 76
0.20|370.88 363.92 261 |310.84 305.53 216 |301.09 294.40 209
0.22| 60.46 5195 45 | 5462 4705 40 | 5543 4755 42
0.24| 23.01 1608 19 | 21.76 1525 18 | 2195 1525 18
0.26| 13.65 7.94 12 | 1297 745 11 | 13.05 7.60 11
0.28| 9.75 484 9 931 459 8 931 466 8
LCL 0.154 0.156 0.156
ucL 0.246 0.244 0.244

A&iler va onuelmdel 6t1 o Opro eAéyyov divovtar pe axpifeia TPLOV dEKOIIKOY
ynoiov. [Mapdro mov ot Tyég gival apketd kovid petad tovug apduntikd, vedpyovv
UIKPEG O10UPOPOTONGELS Ol OTOIEG £YOVV MG AMOTEAEGLLO TIG SLAPOPOTOMGELS KVPImG
otV €vt0g eAEyyoL amddoon. [ mpaktikég epapuroyég Bo mpoteivape T ypron evog
EWMA Swypappatog pe 4 = 0.05 kabong €xel kaivtepn amodoon and to Shewhart
Sypappe, o WKPEG UETOPOAEC, €V 1) €KTOG €AEYYOL OmOSOCT, TOV UTOPEL va,
Beopnbel O6TL elvan M 1O, eite ypnoomomBovy ta dpla EAEYYOL VIO TO KCMGTO»
povtédo eite Oyl TEAOG, Yo TEPIGGOTEPEC TANPOPOPIEG AVOPOPIKE HE OAO TOL
amoteléopata Yoo Tt UEAETN avOekTikOTNTOC (Yoo povOomAgvpa Kot dimigvpa
Slypauuato) 6T miong Kol Yo TIC VAOAOUTEC TMEPUTTMGEI TMV TOPUUETPOV
dwomopdg, dsite Aagatln, (2021).

5. EMIIEIPIKH MEAETH

Xe auTh TV evOTNTa TOPOVGIALETOL L0 TTPAKTIKY] EPOPUOYT TV TPOTEWVOUEV®V
Swypappdtov eréyyov EWMA. Ta dobéoipo dedopéva apopody T0 TOGOGTO TV
poivopévov elotikidv (Sant” Anna and ten Caten, 2012).
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Iivakag 5. Awéooon Airkevpwv EWMA Aroypouudrov, Unit Gamma Chart, 1=0.20.

Unit Gamma - True Beta Simplex
u | ARL SDRL MRL| ARL SDRL MRL| ARL SDRL MRL
Case 2: 0.12| 379 0.74 4 3.76  0.73 4 3.66 0.71 4
$o= 148 014 499 1.36 5 489 129 5 475 123 5
o0=050 0.16| 822 345 7 798 3.35 7 756  3.15 7
70= 96 0.18| 2755 2099 21 | 26.69 20.02 21 | 2399 1746 19
0.20|370.97 369.27 256 |340.51 333.03 237 |262.56 256.87 182
0.22| 2458 1958 19 | 2368 1846 18 | 2143 16.11 17
024 821 394 7 799 3.76 7 765 3.64 7
0.26| 511  1.69 5 499 162 5 483 155 5
0.28| 392 0.98 4 3.87 097 4 3.75 0.92 4

LCL 0.169 0.169 0.170

UCL 0.231 0.231 0.230
Case 4: 0.12| 947  3.98 8 919 382 8 991 421 9
$o =31 0.14| 1587 9.37 13 | 1549 894 13 | 17.23 1051 14
o0=120 0.16| 40.62 3282 31 | 3762 2959 29 | 4798 40.20 36
70=20 0.18 | 219.01 212.44 154 |192.60 187.68 134 |286.12 277.19 200
0.20|370.41 371.31 256 |330.26 326.91 231 |459.47 461.78 317
0.22| 79.77 7421 57 | 7579 70.80 54 | 9158 86.22 65
024 2775 2193 21 | 2658 2118 21 | 3005 2443 23
0.26| 1413 9.25 12 | 13.77 9.03 11 | 15.09 9.85 12
0.28| 9.34 493 8 9.09 473 8 9.75 5.19 8

LCL 0.131 0.132 0.129

ucL 0.269 0.268 0.271

X dudbeon pog Exovpe 34 pepovopéveg PHETPNOELS ol omoieg divouy v avaioyia
HOAVGUEVOV QLOTIKIDV G€ da00yIkéEg detypatoAnyiec. Ol mpoteg 20 mopatnpnoelg
YPTOLOTO0VVTOL MG deiypata Yo TV aviivor @dong I. Ztov [Tivaka 6 divovror ot
EKTIUNOEIS TOV TOPOUETPOV Y10 TAL TP HOVTEAD OM®G EMIONG Kol Ol TIES TV
kpunpiov tinpogopiog AIC kot BIC, and tic omoieg cuumepaivovpe 6TL 1 KOTOVOUN
Simplex givat to povtédo pe TV KAADTEPT TPOGAPLOYN GTA HESOUEVAL.

Ilivaxag 6. Extiunoeic mopouétpwy yio. kabs LoVTELO Kol KPLTHPLO ETLAOYIE HOVTEAOD.

Movrtélo MLEktiuntég AIC BIC
Beta [ =0.9533 -85.455 -83.464
& = 48.9438
Simplex [ =0.9534 -88.653 -86.662
& = 3.5742
Unit Gamma [1=0.9534 -85.455 -83.463
T=2.2798
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1 ovvéyelo kKataokevalovpe daypappata gEAEyyov tomov Shewhart kan EWMA
obupova pe v katavoun Simplex. Apywkd, katackevdlovpe To dimAevpo
Suypappo, eAéyyov tomov Shewhart ®dong I mpoxewévou vo eléyEoope av 1
depyacio NTav evidg eAéyyov Otav cLAAEXONKaY Ta dedopéva. Ola ta dtoypappota,
éxouv ARLo = 370.4. A6 10 Zyqua 1 mapatnpodpe 6Tt OAa o onpeio Ppiokovion
€VTOG TV oplov eAéyyov Kol apa umopovue vo Bemprnoovpe 61l 1 depyoocio HTov
€VTOG EAEYYOL OTav GLALEXONKOY TO dEdOUEVQL.

Zyiua 1. Shewhart diaypauuo aong I yra tyy avoloyio un-pHoAvousvav iotiKiov.

=}
2 +___uclz0993%

LCL=07794

085

0.80

075

‘Enetto, mpoywpdpe 6Ny Kotookevn doypappdtov ehéyyov tomov Shewhart kot
EWMA ®dong I, Osopdvtag TIC EKTUNCELS TOV TOPUUETP®V K, 0 ©OF TIG
TPUYUOTIKEG EVTOC EAEYYOV TIUEG TOV TOPAUETPOV. ATO TO Zyfua 2 TopaTPOVUE OTL
10 ddypappa Shewhart divel £vogiEn yio extdg eElEyyov diepyooio Yoo TpOTH POPE
o710 onpeio 12. Ztn cvvéygela, epapuolovtag to frpato e alyoptOkng dadikaciog
YW TO GTOTIOTIKO oyedlooud Tov dimhevpov dwaypdupoatoc EWMA, npocdiopicapie
T opo edéyyov vy A € {0.05,0.10,0.20}. Iloapatnpodpe OtL 10 SAypopLpQ
oNUaTOd0TEL Y10 TPATN Popd Yio €KTOG EAEYYOL Otepyasio oto delypa 5 (yio 4 = 0.05
kat ywo A = 0.10) 1 oto deiyua 4 (yo. 4 = 0.20). Avtd amoterel Evoeiln emdeivoonc
g depyaciog, KabmG TO TOGOGTO TV LN LOAVCUEVMVY PIOTIKIOV Ueltdvetal. TEAOG,
oe obUykplon pe to Odypappo Shewhart, to dSbypappoa EWMA aviyvever
HeTATOMmIoN oL cvpPaivel mepimov 7-8 onueio vopitepa.

6. XYMIIEPAXMATA

Ymv mopodoo epyocio, peAeTnoaue Olypaupoto eiéyyov todmov EWMA
HELOVOUEVOV LETPNCE®V Y10, TV TALPOKOA0DONGT SmAd oplobetnuévav depyaciov
oto owompa (0,1) ypnowomoidvtag Tpia SPopPeTIKE poviéda mhovotnToc. Me
yxpron mpocouoivong Monte Carlo vroloyicoue v amddoon TV S10ypOUUATOY Yio
TPEIC TIES TNG TAPOUETPOL A Kot yio kdOe éva amd To Tpio povtéha. H amddoor| toug
oLYKPIONKE e TNV AOS0CT) TOV OVTIGTOL®V Sy POUUAT®V EAEYYoL TOToL Shewhart
(Ho et al. (2019)), yopirotd yio kabéva amd To Tpio. LOVTEA.
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Syqpa 2. Awaypouuara @aong I yia v avoloyio un-polvouevov giotikiav.

Simplex-Shewhart chart Simplex-EWMA chart, .= 0.05
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Ta amoteréopata £dei&ay v vaepoyn TtV dwypouudtov eréyyov EWMA oy
aviyvevon ovéNocemv Kol UEIDGE®MY, €OIKE HWKPNC TAENe, 610 HEGO Eemimedo g
depyaciog. H PBektimon oty aviyvevon pikpov petatonicewv kopoiveton and 70%
¢ 90%. Emmiéov, depevvnoape moco emnpedloviar to Stoyplppoto eAEYXOL
EWMA 7o pepovouéveg petpfoeic oto (0, 1) 6tav ta dpia eréyyov vroroyilovron
o 10 «AdBog» povtéro. H extetapévn perétn mpooopoinong £0e1ée 0Tl o€ OAEC
oxeddV TIC mepuTM®oelg emnpedleTor Kuplwg mn evtog eAéyxov amodoon. [a Tig
TEPIMTMOGELG UEYAANG JlaoTOopic emmpealetal Kot 1 €kTOg EAEYXOL  amddooT, E0IKA
YW WKPEC PETATOTIOELS 6T0 HECO emimedo tng depyoosiag. ' v viomoinon tov
npocopoidoewv ypnowonomdnke n R (R Core Team (2021)) kot to oyetikd
TPOYPOUUATE, Y0, TV CVOTAPOY®YH TOV OTOTEAECUATOV ivar dlabéoipo and Toug
GLYYPOAPELG KATOMY GYETIKOD GITNHLOTOC,
ABSTRACT

In this work we propose and study two-sided EWMA type control charts for monitoring
double bounded processes. Specifically, the term double bounded refers to observations in the
interval (0, 1) and thus, these charts are suitable for monitoring rates, proportions and
percentages. There are several models that can be used to describe this kind of data (and the
respective processes, as well) such as the Beta distribution, the Simplex distribution and the
Unit Gamma distribution. For each of these three models, we provide the statistical design and
the performance of the proposed EWMA charts. Also, apart from providing the appropriate
values for the design parameters of each chart, we investigate how much the performance of
the EWMA schemes is affected by using the values of control limits which have not been
calculated under the true model.
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HEPIAHYH

Xmv mopodoa epyocion pelerdror éva kAEwwTo, Swukpitod Xpovov Kpued Opoyevég
Maopkoflovd ZOoTnUe. ©¢ HOVTEAO YMPOL KATACTAGEMV OTOL TO KPLEO HOVTEAO Elvol TO
yvootd om Pproypapic ©g Opoyevég MoapkoPfuavd Zvommpa (OME-HMS). Avti 1
mpocéyyion Oéter Tig Pdaoelg yo v aflomoinon OTUTIOTIKAOV QIATPOV, TPOKEWEVOL Vo
extynBel M katavopn TOV HEA®V OTIS Kataotdoels. H mepinmtoon cvompdtov peydiov
mnbuoudv aviyetoniletal pe eiktpo cvveydv petapintov, o eiktpo copatdiov. H doun
TOV HOVTELOVL YDpov Katootdoemv g&attiag tov vrokeievov OME emtpénel v ektiunon
TV TOUVOTTOV HETAROOTG LLE TN YPNOT TOV COUOTIOIMV.

Aélergc Klewdia: Kheotd dakprtod ypoévov Opoyevég Mapiofiavd Evotnpa; ZTOTIGTIKA
diktpa

1. EIXATQI'H

Ta dwaxprrov ypdvov Opoyeviy Mapkofravé Xvotipata (OME) eivon mbavokpotikd
UOVTEAQ TTOV TTOPEYOVY V0L YEVIKO TANIG10 Y1 Vo, Teptypapel 1 e£EMEN TOAADV TOT®V
mOOVOKPATIKOV HOVTEA®V, GCLUTEPIAGUPOVOUEVOD KOL TOL KAOGLKOL HOVTEALOL
MapkoPloviig aAivoidag. AmotehoOv pio €dkn zmepimtwon tov Mn Opoyevdov
Maprofrovdv cuethudtey mov &xovy Ti¢ pilec tovg oto Gpbpo Bartholomew (1963)
Kot opiomkav mANpwg oty dnpocisvon Vassiliou (1982). Mo avookomnon avtdv
anovtdtol 6to dpbpo Vassiliou (1997). O vdpyovoes perétes ota Sokprrov YpOGvou
OMEX agpopovv petaly dAlmv v e&éMén tov mpocttdv doumv (Tsaklidis (1994)),
v e&éMEN ¢ Katavoung Tov dtevucpdtev katdotoong (Vasiliadis and Tsaklidis
(2008)), v ta&n peyéboug tovg (Kipouridis, 1. and Tsaklidis, G. (2001)), kaBodg Kot
mv e&€Mén tov pormv (Vasiliadis and Tsaklidis (2007)) kot tov xatovoudv
(Vasiliadis and Tsaklidis (2011)) tov ueyebodv 10V KOTOOTAGE®V GE OLUKPLTOD
ypovov OME e TEMEPAGLEVT YOPNTIKOTNTO OTIS KOTAGTAGELS. AKOUN, 1 TPOCEUTN
BBroypapio meprhapfavel evphtepeg TPOSEYYIoEL TV UN opoyevoy MapkoBiovav
Svotuatov mov Biyovv vouovg peydAwov apludv kot Bsopiuata yioo To pubud
GUYKAMONG KOl TNV TEPLOSIKOTNTA TNG OVAPEVOUEVNC TANOLGUIOKNC doung o€ €va,
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veviko yopo kotactdcewv (Vassiliou 20200 ko b) 6mwe, emiong, Kot avtioToryo
ocvotipata cvvorwv (Vassiliou 2021), oArd xor nu-Mapkofiavadv Xvotnudtov
(Vassiliou and Papadopoulou 2014) mov meptropfdvoov ta OME ©¢ €181kn
nepintoo. Ov epoppoyég tovg alomolovviol Kotd Kouplo AOY0o  GTOV
TPOYPOLUATICUO avOpOTIVOL SUVOIKOD (Y10l Lol EIGOYMYN OTLG OTATIOTIKES TEYVIKEG
BA. Bartholomew et al. (1991) kot pa avoockdénnon avtdv oty gpyacio tov Feyter
and Guerry (2011)), oayyiCovtag, peto&d GAov, €dikd (ntapoto Omwg o
ekmadevTikdg oyxedoopog (Osagiede and Ekhosuehi (2006)) ko m Bewpio ovpdv
(Vasiliadis (2016)).

2V mepinTmon 1ov givol S100EGIES TAPATNPNOELS, OVTEG APOPOVY GLYVE LOVO TO
Héyebog TV KATUOTACE®MY TOL HOVIEAOL TOPG EEYMPIoTEG TUPAUTNPNCELS YO TNV
kéOe petaPaon. TEétoleg e@appoyés HOVIEA®V pTOPEL va. apOpovv  ovéAvon
petavactevong mmvav (Sheldon et al. (2007)), mpocoppoyn UOVTEL®V EKAOYIKGV
amoteheoudtov (Flaxman et al. (2015)), povielomoinon motmtikod Kivdvvov (Jones
(2005)) ko yopwd otatiotikd kvntov (Terada and Nagata (2013)). Xto moperBov,
T o@OApaTo mopoTnpenong kot mn  ofePfordmra £yovv mapoPArepfel Kot €xet
vobetnOel n vrdOeon Vmapéng akpPav dedoutvov (yopic Bedpnon cEUALIT®V)
eEartiag Tov avénuévev anaitnoenv Tov Kpuedv Mapkofiavav Movtéiov (KMM)
(Jones (2005), p. 5). Ouwg ta televtaio ypovia, £xst owénbei to gvdlapépov
ava@opikd pe v ekuddnon KMM mapovcioc afpoloTikdv mopotnpioeny e
00pvPo. Ot Bernstein and Sheldon (2016) ypnoiponoincay eKTUNTEG POTOV GTO,
TAaio10 TV GLALOYIKAOV Ypapik®v povtédov (Sheldon and Dietterich (2011)) yia To
okond avtd. Ot Iwata and Shimizu (2019) emiotpdrevcay £va VELPOVIKO dIKTLO Y10l
VO EAQTTIOGOLY TOV OPOUO TOV OTOLTOVUEVOV TOPAUETPOV oTa 1ot mAaicla. Ot
Lyubchyk et al. (2019) mpétewvav pia avadpopikn pébodo ektipnong. Eniong ot Ma et
al. (2020) otpaenkov ot pddnon otoyaotikhg cvumepipopds. O Zheng (2019)
aoyoAnOnKe Ue TG cLVOAKES Tapatnproel; (ensemble observations), evéd ot Singh et
al (2022) cuvébecav oto medio g EKTIUNTIKNG £vay vEo aAydptBuo Meylotomoinong-
ITpoodokiog (Dempster et al. (1977)).

H mapovoo perétn eotialel oty ektiunon tov peyeddv ToV KOTOOTAGEDY €VOC
Kpveob dtakpirod ypovov OME wov gival KAEI0TO, SNANST dEV VTTAPYOLY UEAT TTOV
ATOYWPOVYV 1] TOL EIGEPYOVINL GTO GUGTNLO, LE TAPOVGIa TopatnpioemV pe Bopvfo
Yo To HEYEDM TV KotaoTdoewv. Avtd enttuyydvetal Pe TNV aSlOToiNGCT GTATIGTIKMV
QIATPOV GuveEX®V UETAPANTOV, Kupimg e To Pidtpo Zopatdioy (PX) yuo tn yevikn
nepintoon. v evotnta 2, mopatifevral otolyedoels opicpol kot Bepghmdveron n
wWéa tov Kpuvpod OMIZ Swokpirtod ypoévov. Xtmnv evomto 3, xatookevdletot
KATOAANAN VOTOPACTOGT) TOV GUOTNUATOS HE LOVIELD ydpov-KoTaotdcewny (State
space model) mpokewévov vo umopel va Agrtovpynoer £va QGIATPO  cuveEXDV
petafintav, kot ovvtifetor katdAinio ®X yio to VIO HEAETN HOVTEAO, KOOMDG,
gmiong, mopatifevrol oyOA0 Yi TIG SVVATOTNTEG EKTIUNONG TOPAUETPOV.
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2. TO KAEIXTO KPY®O OMOI'ENEX MAPKOBIANO XYXTHMA
AIAKPITOY XPONOY

Agdopévov tov ypovikov deiktn t=0,1,2,... éva Khewotd, daxpirov ypdvov OME
anoteleiton amd évav TAnBvuoud Ne N peddv to omoia Kotavépovtal og €va GHVOAO
kataotdoewv S={1,2,....k} og kdbe ypovikd Prina. Yrmotibeton Otl 68 KAOE YPOVIKO
onueio t éva pérog tov TANBLGHOD avikel oe pia Kot POVO o amd TIG KATOOTUCELS
1,2,....k. Yrapyoov

o _ (K+N-1 _ (k+N-1)!
k _( N )_ N!(k—1)!
pomol yw va KataveunBoovv ta N péAn otig k koTooTtdoels. ®Ogwpeitor 6Tl TO
ocvotnua Ogv €xel pviun, pe v évvown OtL M petdfaom evog pHEAOLG Omd o
KATAOTOOT 0TV GAAN €£0PTATAL GTOYOOTIKG LOVO amtd TNV TPEXOVGA KATAGTOOT] TOV
pérovg, aveaptnto omd T peTafAcel; o€ Tponyodueva xpovikd Prpota (EAAewym
PvAUNG Vo TN OEGUELOT TOV YEYOVOTOG TNG TEAELTOLNG YPOVIKNG oTiyung). H
mhavotnta yio évo péhoc vo. petaPel og éva Puo omd po katdotaon | €S oe
katdotaon Jj€S ovpPorileton pe pij. To chotua Oewpeitar opoyeveg, dniadn
Oempeiton 6Tt N mOavoéTO peTafaong Pij eivat aveEdptnm Tov ¥POVoL Yo KAE I, j.
O avtiotoryog kxk mivakog mbavoritov petafoaong cvppolriletor pe P=(p;).
H doun tov mAnfucpod too OME dtakpitol ypovov, Tn XPOVIKN CGTIYUN ¢ EKPPAleTaL
a7to TO TUYOIO0 SIUVVGO KOTAGTUGNC

n(t) = (n (1), n, 1),.... n ()"
omov ni(t), ieS, etvar o apBudS TV pPEA®V Tov TANBLGHOY oV Bpickoviol ot Oion i
TN ¥POVIKN otiyun ¢ Kot o ekBEtng T cupPorilel o avaoTpoPo evoc davOGUATOG M
evog mivaka. Avtiotoiywg, Nij(t) eivor o aplBpog tov peddv mov petafaivovy omd v
Katdotaon i€S oty kotdotacn jeS Katd to ypovikd didotua (t-1,t], émov t=1,2,...
Yrotifetar 6Tt To. HEAN TOL TANOBLOUOV dEV UETAKIVOOVTOL KOTE TO GpYIKO YPOVIKO
onueio to. Eoto,

n;. (t) = (nil(t)7 M, (t), e My (t))T

70 Jévuopa Tov TANOOVG TOV PEAMY TTOL UETAKIVOOVIOL OO TNV KATACTOOT | OTIC
KaTaoTAceLS 1,2, ..., K Tov cLOTNUATOC KATd T S1dpKEL TOV ¥PpoviKoD dtaothiuatog (t-
1,t]. Tote mpoavmg (Bartholomew (1982), p.28),

n,. (t)|n; (t —1) ~ Multinomial (n, (t - 1), p;) (1)

oMoV LE piT ovpPoriletar To i-06Td ddvucpa-ypappr tov tivakoe P kot to cdpporo ~
dAdvel 6Tt éva toyaio Stdvvoua/toyaios HETOPANTA aKOAOVLOEL Lo GUYKEKPIUEVN
KOTOVOUT.

Hopatipnon 1

Kobng 1oyvet

ne) =2 n.(t-1) @

ieS
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1N ovvaptnon koravoung g t.p. N(t) |n(t —1) eivon n cLVEMEN TOV KOTAVOU®OV OAmV
tov N, (1-1) dedopévov tov N(t—1) . Zdppova pe ™ oxéon (1), ovty 1 cvvéMén
glval po 101K EPImT®MON NG YeVIKELUEVNS TOAL®VLIIKNG KoTavoung (Beaulieu
(1991)) 1, wodbvapa, pwag Poisson dvmvopukng kotovoung (mov €xet tig pileg ¢
oto ovyypoupe Poisson (1837), §14 ) M evog moivwvoukod ovéroyov g J-
Avovoukng katavoung (Benneyan (2004)). Edv o mivakag P amoteleiton ond iceg
ypauués, tote N(t)~ Multinomial(N,p), 6mov p gival o Kowd Stdvocua ypoun Tov
nivaka P, aveEaptnta and to n(t-1).

Téco m Oepelioon tov OMXE dwokpitod ypoévov, 6co ko 1 [Hapommpnon 1
KATOOEWKVOOUY  OTL 1M OTOYaoTIK|  Owdwkacioc  tng  mAnfuopaxng  Soung
n(t) e N¥ opilel o véo Moaprofravn dadtkacio Tov eEEMOGETOL GOUPOVO LE EVaV
otafepd E) x &) mivaxa mbavoritav petdPaong Aps(PNK)=(0i). Ot Seiktec
YPOUUNG TOV TivoKa Aps OVTIGTOLXOVV OTIS SUVOTEG TPayaTonooels Tov N(t-1), evd
ot deikteg OTAANG TOL oTIg duvaTég mpaypatonotoelg tov N(t). Xtig ypoppuég tov
mivoko Aps avatifevron ot Tipég g karavoung tov N(t) |n(t —1) 6nw¢ oyoMboTnKe
otmv Hapammpnon 1.

v mapovoo, perétn, n mAinbuooxy doun N(t) Bewpeiton kpven. Abéciueg eivor
dakprtég  mapatnprioelg g pe  0opvpo  y(t) e O={o,,0,,..,0,} , Omov
0,eN', deN,iefl,2,..,m} meN, couporilovy Tic SUVOTES TOPOTNPODUEVES
dopég. Q¢ mpog t didotaon d g mapatipnong Y(t) eivon duvatd va ioyvet 6t d<k
otav dev vapyovv dabécyeg TANpoopieg Yo Tov mAnbuoud o€ pio N TePIocOTEPES
Kkotootdoelg. H kotovouny g mapatipnong Y(t) efaptdtar omd to Stdvoopa
Katdotaong N(t) oe KkGbe ypoviké onpsio t. ‘Eoto D={d,,d,,....d .} < N* 10

k
oUVoAo OA®V TOV duvatdv Tpaypatoromoeny tov N(t). Tote, uropei va kabopiotet
éva Kpupd Moprofiavd Movtého (KMM), oyetilopevo pe to mpoavoapepdéy OME,
UE TNV aKOAovON TP1ada TapapéETpmV
}V:(ApSa By po)y
omovB=(b ;)= (p(y() =0, ‘n(t) :dj)), 0;€0,d;eD, sivm o mivaxag mba-

votqtov mapatipnong kar P, =(p,) =(p(n(0) =d,)), d, € D eivar 1 xotavopn
tov davocporog  N(0). H amd wowod mbovoémrto tov Kpueoh SlovOGHOTOg
KOTAGTOOTG KOL TOV SvOCGUATOS TOpOTPNoNG Yo pia akodovbio evoc KMM givar i

t
p(n(0),,-,n(1),y@D),.... y(®) = p(O)] | p(n(k)|n(k 1) p(y (k) |n(k))
k=1
Evaldaxtikd, pmopel vo optotel éva kpupd Mapkofiavo cvomua pe K kataotdoelg

kot péyeboc N, g n teTpdda
u=(N,P, B, po),
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OV AVTITPOCOTEVEL TO Tpoovaeephey KMM. A@pov dwmiot®dnke OtL 10 Kpueod
Mopxofrovd cuotnpa propet va ekppactel og éva 1codvvapo KMM, Bewprpoto Kot
teyvikég tov KMM pmopovv va emotpotevfouy YU avt TNV €01KN TEPImT®ON.
Hopadeiypatog yapwv, o odyopiBupoc Viterbi (Viterbi (1967), Forney (1973)) 6a
pmopel va a&lomomBel yio v ektipmomn tov KpueoH SvOHGHOTOG.

2.1 YroroyroTiKi] TOAVTAOKOTNTA TOV KPLPOoY Mapkofravod cvoTipratog

To mAnBog twv duvatdv minbvouakdv dopdv avEdvetor e Tov aplBpd Tov peAdY
K0l TOV KATAGTACE®V, €101 MoTe T, kKAgotd Kpupd OME drakpitod ypoévov pe N
UEAN Kol k KATOGTAGELS avTioToroUV o€ Kpueéc MapkoPiavég olvoideg n(t) ue
5kN SUVATEG TTPOAYLOTOTOMOELS. AVTO GNUAIVEL OTL 1 VTTOAOYIOTIKY] TOAVTAOKOTNTO
g amhig mpocéyytong sivar O((E)) T), evéd mo ekhentvopéveg TexviKés, 6mmg 1
uébodoc forward-backward (Stratonovich (1965)) kat o akyopiBuoc Viterbi, £youvv
noamhokdmra O((E))’T) . Mapéinia, n Hapatipnon 1 katadsicvist Ot 1
€0PECT TOV TILMV TNG KOTUVOUNS &ivar S1odikacio vToloyloTikd amartntikn. Kabmg
T0 p€yeBog TG dEGUEVOUEVIC LVILNG KOl TO VTTOAOYLIOTIKO KOGTOG €0pTMVTAL OO TO
mA00g Tov kataotdoemv K kot to péyebog tov TAnBuopod N, o TéTolo TPaKTIKY
kafioToTon adUVOTO Vo EPAPUOGTEL 0€ TOALTANON GLGTAUATO. TNV ETOUEVT] EVOTNTA

aflomoobvion TEXVIKEG YL OULVEXELS METOPANTEG Yo TNV OVTIUETOMION TOV
TPOPAIUATOG OV TOV.

3. XTATIETIKA ®IATPA XYNEXQN METABAHTQN
To ovveyég avdroyo twv KMM gumiéketarl ot dodikaoio extipnong tov N(t). o
TO OKOmO 0VTO, KOTUOKEVALETOL KUTAAANAN OVOTOPACTOGT) UOVTEAOL Y(DPOL-
Kotootdoemv oty omoia ta kKpued Swvdcpata N(t) kot ov mapatmpnoelg Y(t)
avtuetonioviol wg cuveyn Toyaio dtovoopota. Katomy, o alyopidpog tov Gidtpov
Youatdiov (Gordon et al. (1993)) npocapudletar 610 SOUNUEVO LOVTELO.
‘Eva kAe1ot6 Kpupd OMX Srokpitov ypovov pmopel vo eKppocTtel amod TG eE1000ELS
n(z) = f(n(r—1))
y(t) = g(n(1)),

6mov f ko g eivar cuvaptioseig oyetilouevec pe tig mboavotmteg p(N(t) |n(t -1)) xat
p(y(t)|n(t)) avtictoyo. Av ko eifioTon To opicpota tov cuvapticeay f kot g va

mepiEyovv petafintég BopvPov Kot ot elodoelg vo eivarl olyePpikéc, ev TPOKEWEVD
0 B0pvPog Ba exppaoctel pe €101KO TeEAESTN, KoL 1) TUYoOTNTA O eKPpaleTan amd TV
0l T ovvdptmon, evd 1o avtioTolyo ovuPforo g petaPAntig Bopvfov Oa
nmapodleinetat. oo v avimpoodnevorn tov wpoavapepféviog KMM, 1 eficmon
Katdotaong prnopel va whpet T Lopen

n(©) =P *n(t-1 = Yp, *n(t-1). 3)
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6mov 10 oOUPOLO * ONADVEL TOV TEAESTN TOAVOVLWIKTG ekAémTuvong (multinomial
thinning operator), 6nwg opiotnke omd tov McKenzie (McKenzie (2003)), dnAadn to
pi=Ni(t-1) eivar éva toyaio S1AVOGHO TOL KOTOVEUETOL COUEOVO UE TNV KOTOVOUY
Multinomial (0, (t —1),p;) . Avti 1 avomapdotacn eivor eVOALOKTIKY TOV GXECEOV

(1) ko (2).

3.1 To @irktpo Topatidiov
To ®idtpo Zopotwdiov (PX) elvar KATGAANAO Yo UN-YPOUUIKE HOVTEAL YDPOL-
Kataotdoewv pe un I'kaovoiavovg Bopvfovc. Elvar éva Mrebliovd ¢iltpo, dniadn
ompileton otic e€lomoelg TpoPreync-o1opbwong
POy 1) = T p(nle)nlo - Dp(at Dy, Janle 1)
_ Yir 1
PYL) = W Wpe @ v,

Y10, THV QIOTIUNON TNG €K TV VOTEPMV cuvapTnong mhavotntag P(N(t) ‘yl;t) , 01OV

={y(1),....y()}. Baocileton oty ohokinpwon Monte Carlo kot avorapiotd
TNV €K TOV VOTEPOV KATOVOUT TOL KPLQOD S1avOGUOTOG p(n(t)‘yl;t) ue M eN

stafpiopéva copotidie N© (t), Bap(bv wl® , &=12,....M, é101 hote
pn()|y1,) = Z W 8(n(r) (1))

omov 4 givar pa Tokvotro Radon- leodym OOoTE Yo SLKPLTEG HETOPANTEG, TaipvEL
v Ty 1 oto 0 ko v 1w 0 wavtod aAloD, eva yio cuveyeic petafAntég ival n
ovvaptnon 6élta Ttov Dirac, kot ta fépn KavovikomolovvTal TPOKEWEVOL VAL 1IGYDEL

Y w =
Yta mhaiow tov BF,  mhavorro. P(N(t) |n(t —1)) pmopei va. Tpocopotwdsi avti yia
va vroioylotel emoakpifog kotd v [Hapampnon 1. Ipoteiveton n koTovop Tov
woygaiov dtavdopatog N, (t) va mpocopoiwlei pe copatidans (), ieS, ¢=1,2,...M,
Y T 0Toia 1oYVEL
n& () |n§), ~Multinomial (n(t-1),p,).

omwg mpokvntel and TN oxéon (1), émov ni“) (t) eivar o apOudS TOV pEADY TTOV

Bpickovtar otnv Kotdotaon i tn ypovikn ottyun t yua tv &-oot mepintwon. Tote, 1
EUTELPIKT] KATAVOUT TOV

e (1),6=1,...M

Ma-

n®) (1) =
i=1
TPOGOUOLDVEL TNV KOTOVOUT TOV n(t)|n(t—1) . Ta Bapn 10V ocopatidiov

vroloyifovtatl avoadpoOUIKE MG

Wi o ') p(y,InE) (1))

010V 10 GVUPOLO < dNA®VEL avaroyio KTl otadepd.
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3.1.1 Avodstypotoinyia

Awmotdveral, Kaddg o xpoévog tepvd, 0Tt oTa copaTidw Tov Ppickovtat yyvTEP
6T0 KpUuPO dldvuoua avotifevtar OAo Kou peyoAdtepa Papn, evaod ta Papn ToV
VIOAOITOV cOUATIOIOV Yivovior apeintéa. Qg ek TovTov, UOVO €va TOAD HIKpo
TUAUO TOV COUOTIOIOV TOPAUEVEL YPNOLULO Yo TNV EKT{UNCN TOL  KPLEOV
dwvocpatoc. Avtd 1o @owvopevo ovopdletor  exkeuiiopds.  Ilpokeévov  va
amopevybel 0 EKPUMOUOG, EVOMUOUTOVETOL oTov  aAyopilBuo  éva  Prua
avaderypatoyiog odnymvtag o€ €vav  aiyopiBuo  Aerypotolnyiog  katd
Inuavtikotnta- Avadetypotornyiog (Sampling Importance Resampling-SIR).  Xeg
avTd 10 Ppa, exteAsital avadelypoTonyia pHe emavatomofétmon cOupova LE To
Bapn. Qotd6c0, 1 dadoyikn avadelypatornyio avaykdlel TPOOSELTIKA TIG AyOTEPO
mBovég Tipég vo aviikataotafobv amd emoavolopfovopeves mboavés. Avtd 1o
TPOPANpa ovopdleton Tyomoinon. e avalftnon oG péong Abong ovapeso oto
dvo mpoPAnuara, Exel Tpotabel Eva KPITHPLO GYETIKO UE TN dl0eTopd TV Papadv yia,
™ ANYM amoQuoNg og Kabe ypovikd Pripa av Tpémel va teAectel avadetypotoinyio
tov dwbéciuov copatdiov 1 oxt. O Liu (Liu (2004), p.35-36) mopoabéter to0
axoAovbo péyebog yio va exkppdoet Tov Pabid EKQUAIGUOV TOV COUATIIOV,

N, (t ) =
I 14 Var ) (w(n(0)))
70 omoio Koleitan anotedeopoTikod péyebog detypotog (effective sample size). Avtin
TOGOTNTO EKTILATOL ©OG
Neg(t) =1/ ): (W; )

d10TL dev umopel va vVToAoYIoTE snomplﬁcog. Otav N o (1) < N;, 6mov Nr=cN , ceR,

glvar éva KaBopiopévo KatdeAl, to P tng avaderypatoAnyiog viomoteitatl. Ta
Prprota tov O mapovsialoviar atov AlyopBuo 1. To koppdtt tng derypatoAnyiog
avtioTolyel ot @don mpoPAeyng g Mmebliovig cuumepacuaTolOYinG, &V 1
avdBeon Papdv kot 1 avaderypatolnyio cuvieToLy TN edor d1dpbwong. Me v id1a
Aoyikn, vAomoloOvTal Kot ot TEXVIKEG Agiavong (smoothing). Qotdco, dev
TOPOLGIALOVTIOL AETTOUEPMG OTNV TOPOVCH EpPyocic, kaODC M ePapuoyy o©T0
TpoavaPepBEy LovTELOD gival amdd avaLloYo NG TEPITTOONG TOL PIATPOVL.

3.1.2 Extipnon nopopéTpmv Kol VITOAOYLGTIKI] TOAVTAOKOTITA.

H pébodog mov meprypdonke mop€yel oL KOvOOPlo, TPOOTTIKY  EKTIUNOMG
mopopétpov. Agdopévov Ot Njj eivol 0 ouvolkdg aplBpog TV HEA®V  TOL
petofaivouy omd ™V Katdotacn I 6TV Katdotaon j 6 £vo xpovikd Pripa Kotd ™
ddpkelo. pog mePLodov  mapariprnong/ekuddnong. Or Anderson kot Goodman
(Anderson and Goodman (1957)) é6ei&av 611 nknocs(')mw

Prij=mnij/ Y nij
=
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glvar ekTipunTg péyot g mbavoeavelag g mlavotntas Pij, 0 omoiog sival cuvenng
KOl LEPOANTTIKOG, e TN pepoinyia va teivel oto undév kabmg to péyebog tov
detypotog avEavetar. Kabog 1o O mpocopoidvet Tig kpueis petafdoetg N, (t) pe
AAyoprBuocg 1. Baoikog odyopiBuog tov gidtpov owuatidimv ue avoderyuatoinyio.
(SIR) y1a 10 Klerot6 Kpvpo OMZE Siaxpitod ypovoo

Require: M, Nyp,T 2. Resampling
Initialize {n(g)([)),wég)} if Noys(t) = Ny then
fort=1,2,...T do foréé—l 2@ M do
I .Importance Sampling né f) ﬁo:
Sample end for
Al (1) ~ Mult(nf“(r ~1),p;) clse
Setﬁ(‘s ( )= Zk ]ﬁ“ (t) for & = 1,2,....7M do .
_(£) Sample with replacement index
Set n {n M (’?)’ Jj(i) according to the discrete
C?‘:lg,uldte(;nport{nac weights weight diqtribution p(ji(&) =
j’:f :W,_lp{y,\n(é)(r)) d)_Wr ,d 1. M
end Ior (5 (J(E) ) _ 1
for & =1,2,....,M do Setmg; = fig, " and w™' = 5
' @ 9 end for
Nomalize weights wlr ﬁ end if
e end for

ta copatide N (L) , ta P umopodv va mpoceyyistovy pe ™ Bofibeln Tov
copotdiny. Q¢ TPog T0 TAPOV HOVTELD TOV KPLPOV JovVUeHATeV Kot To DX, vto
mv wpodmdbeon OTL n“)(t) Gropo petofaivovv omd ™V Kotdotaon | oTny

KOTAoTAON | Kotd TV ¢-00TN TEPinTmon, Tpoteivetat ot Thavotnteg petdpoons i

VO EKTILOVTOL ©OG :
(&)

M n:;
Prij= Z WI(lE) X = &

&=1 Yiin;
Kabbg to n(t) eivor dyvwoto, o tpémog pe tov omoio opileton To ﬁz,ij glvon
16000VOUOG LLE TO YEYOVOG OTL . .

Prij o E[p1,j] pra

GUUPMOVO, IE TO VOO TOV UEYAA®V aplOudV- Tov 0dNYel 6T 6YedoV BERain cvyKhon
KOl KOt EMEKTOOT OTO TPAOTO Oplo, ota mAdiclo Tng dsrypatoAnyiog ympic v
avadslypotoAnyio, pe v apoimdbeon menepoacuévav avapevopsvov Bopmv (Chen
(2003))- ko tovg Anderson kar Goodman (Anderson and Goodman (1957)) vy ta
V0 6P AVTIGTOLYMG.
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Hoepatipnon 2

‘Emterta and to Ppa tng ovaderyLotoAnyiag ol TpoylEg TmV couatidiov dev gival ma
petald tovg aveEdptnteg, YEYOvog TOL OlOTAPACGEL TO GUUTEPAGUN TNG OYESOV
BéPamg ovykhonc. H avtictoyn vmdpyovco amddelEn g oxeddv  PéPaung
GUYKAMONG TNG OEYHOTIKNAG KOTAVOUNG KOTOTY avodelypatoAnyiog ot Bempntikn
npobmofétel petald GAAwv Ty vmopén ovvexohc Kol GPUyUEVNG GLVAPTNONG
petafacng oy e€iowon tov kataotdoemv (Crisan and Doucet (2002)), o
ouvOnKn Tov avaipeital otn oyéon (3), 6NV omoia SLOEAIVETOL CLVAPTNON EPAYLEVT
aALG Oyl cvveyng. Xto apbpo Crisan and Doucet (2002) g@aivetal, ®ot060, OTL O
mpotabeic exTiunTg elvonr  apepdAnmrog Kol HE TG VROBECELS  QPayUEVNG
TOOVOPAVELOG KOL PPOYLEVIG TPOGEYYILOUEVIG GUVEPTNONG EMTVYYXAVETOL GUYKALGON
KATA LEGO TETPAY®VO, Apa Kot Kot Thavotnta.

"Eto1, ot extyuntég péyiong mboavoedvelag pmopovv va fpefodv avaivtikd (ympic
xpnon emmpdcbetov aplBunTikdv pueboddwv). To yeyovog avtd eival onuaviikd yio
TNV VTOAOYIOTIKY] TOAVTAOKOTNTA TOV OAyopiOpov kol emitpémel TNV €OKOAN
ektiunon mopopétpov online- mapdAinio pe T ovlloyn tov dedouévov). Mia
tétoln. mpooéyylon umopel vo aflomomnbel oe évo mAaicio Meyiotomoiiong-
ITpocdokiog (Expectation-Maximization). H vmoloylotikry molvmlokdtnta g
npotevopevng pebddov eivar TovAdyiotov O(MK?T) kot Kvpaivetol avaioyo pe Tig
peBddovg derypatonyiog mov emdéyovion katd mepintwon (Doucet & Johansen
2009, p. 36). E&optatat, £101, 0o 10 TAN00G TV KaTaoTAcE®Y K TOV GLGTAROTOG,
Tov oplipd M 1oV coORITOIOV IOV YPNCHOTO0HVTOL Y10, TNV TPOCOUOINGT), OAAL,
ovppove pe tov AdyopiBuo 1, etvar aveEdptntn tov mAnBovg TV pEADV TOV
GLOTNLOTOG,.

4. EIITIAOT'OX

v mapovoa gpyacio opiletar 1o kAewotd Kpuvpd OMI diakpitod ypovov o€
ovvdeon e éva avtiotoyo KMM. H dwdikacio ektipnong tov kpueodv UeTafANTOV
pe to avtiotoryo KMM omottel VIwoAOYIGTIK TOALTAOKOTNTO 7OV  QLEAVETOL
ouvaptnoel Tov mAnBvopakoy peyébovg N. oo avtd 1o AdYo, Kotaokevdletol
AVOTOPAGTOCT] YDPOV-KOTOAGTACEWDY Y10 TO VIO UEAETN LOVTELO, KO £TGL OTOKTATOL
n duvatdtTa ¥pnong eiltpov coveydv petafintov. Kataokevaletor KatdAiniog
adyoplOuog v v oflomoinon tov Didtpov TZopaTdiV UE VTOAOYIOTIKY|
moAvTAokoTNTO, aveEapTnTn TOv peyéBoug Tov TANBLOoUOV, MGTE M TPOTEWVOUEVN
péBodog Kabiotatol KaTGAANAN Yo T HOVIEAOTOING TOAVUEADY cuoTnudToy. ETot,
avtuetoniletor o TpoPANUa adENong g TOATAOKOTNTAG KOTO TO GLUVVTOAOYIGUO
TOV COOAUATOV TOPATHPNONG OTN LOVTEAOTOINGOT QUTH.

AvoQopikd pE TIG OLVOTOTNTEG UEAAOVTIKNG E£PELVOG, OLOKPIVOVTIOL TPOOTTIKEG
avanTuéng eVoALOKTIKOV HeBOd®V dlayeiplong Tov VIO PEAETN TPOPANLOTOC, OAAG
Kol €Qoproyng ¢ uebddov e mpayuotikd dedouéva. H a&lomoinon tov @iltpov
Kalman (Kalman (1960)) pe ™ Ponbewa g TPOGEYYIONG TOV TOAVMVOMK®OY
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KOTOVOUMV 0Td KAVOVIKEG Y10, leyAAovg TANBuoove, B pmopodce evoeyouEVmS va.
ENUTTAOCEL TEPAUTEP® TO VIOAOYIOTIKO KOGTOG TNG Lo peAétn dwdikaciog. g mpog
TIG OLVOTEC EQPOPUOYEC TNG TPOTEWOUEVNG HEDOOOV, OLTH OVIOTOKPIVETOL GTO
HOVTELD HETAVACTELONG TTNVAVY, OTOG oxedldotnke omd tovg Sheldon et al. (2013),
KaTé TO Omoio KaTAypAPovTal HOVo Ta aBpoloTIKG OedOUEVA, Y10, TNV KOTOVOUN TOV
mnBouopod tov mmvov oe mALypa, kot Aopfdavovtal moapatnpnoelg pe 06pupo.
AvTioTolY®G, KOTA TN UOVTEAOTOINGCT TOV TMIGTMOTIKOV KIVOUVOL GTO TPOTLTO, TNG
perétng Jones (2005), m péBodog mov maPoLGLALETAL GUGTIVETOL TPOKELLEVOL O
606pvPoc tov dwbécipmy enontikdv ototyeimv va Anedel vdoyn. Axoun, To poviého
7ov Bepehmbnke oty Topovoa epyacio Bo pTopovoe va GUUPAAEL GE GEIGUOAOYIKEG
peiéteg pe v e&éMén vrapydviov KMM endveo ota enineda taomng (Votsi et al.
(2013)) kot dA @V, avtictorywv poviédwv Mapkoflavdv dtadikacidv agiEemv mov
amocKomobv ot ek mpoPreyipnotnto. (Bountzis et al. (2019)) oe véa mio
ouvbeta LovTELQ.

ABSTRACT

A closed discrete-time Hidden Homogeneous Markov System is studied as a
state-space model where the hidden model is known in the literature as Homogeneous
Markov System (HMS). This approach lays the foundations for the employment of
statistical filters, in order for the distribution of the members in the states to be
estimated. The case of systems with big populations is handled by means of a
continuous variable filter, the particle filter. The importance of the particularity of the
model for parameter estimation is also highlighted.
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EXmviko Xratiotiko Ivetitovto
Mpoxticd 33 MaveAdnviov Zvvedpiov Zrotiotikng (2021), oeh.163-177

MEAETH THX ANAIITYEHX THXY YHOIAKHX
KOINQNIAY KAI OIKONOMIAYX XTHN
EYPQITAIKH ENQXH

Meimouévy Macobpa’, Zovia Maiepdxn®
1¥xoM Oetikdv Emotnumv kar Texvoloyiag, EAAnvikd Avorytd IMoavemotipo
std138386@eap.agr
2TuRpa Mnyovoloyov & Agpovoumnydv Mnyovikdv, [avemotiuo Motpdv
smalefaki@upatras.gr

IHHEPIAHYH

H poydaio e&EMEN tov Texvoroyudv ITinpogopiag kot Emkowwviag (TIIE) to televtaio
xPOVIa, €xel EMQEPEL ONUAVTIKEG OAAOYEC O TOAAOVG KOW®VIKOVS Topels Omwg otnv
emkowovia, omv owovopio, omv youyaywyio kot dAiove. H Evpornaixkn Eveoon (EE)
avayvopifovtag o facikd poAo mov maifovv ot TIIE oty avartv&lokn tng mopeia, avéntuée
évav obvheto deiktn, to Aeiktn Pnolakng Owovopiog kot Kowvoviag (Digital Economy and
Society Index - DESI) pe ckond v a&loAdynomn Tov ynelokon eXESon TMV KPUTMV-UEADY
™G XtV mapodoo pyacio EMLEPEiTaL Vo YIVEL amoTiUNGT TG aVATTLENG TG YNOLIKNG
owovopiog kot kowvoviag oty EE peletovtag tig mévte daotdoels Tov deiktn DESI yio ta
£tn 2014-2019, ypnoonoidvrog tig avtiotoryeg exbéoeig DESI (DESI 2015 - DESI 2020).
Yromog pag givat vo peretnovv ot mévte dootdoelg Tov dgiktn DESI kot vo opadoroinbodv
o1 yopec-péAn g EE pe Bdon Tig emdOGEIS TOVG GE QUTEG YPNOYLOTOIDVTOS YVOGTES TEXVIKEG
ovotadoroinong (clustering). ‘Etct dnpuovpyovvtol 800 opddes 6TIC 0ToieC KATATAGCOVTAL Ol
xopeg-uéAn g EE, avtég pe Yyniéc kot avtég pe XapnAéc emdooelg oTig mEVIE d100TACELG
tov deiktn DESI. H g&éMén kdbe ydpoag-pérovg Kot ot mihavég PeTantdoelg TG omd v pia
opado ommv GAAn katd ™ Odpkeln tov etdv 2014-2019 omotelel emiong omueio
EVOL0QEPOVTOG. ATO v opadomoinon tov yopodv peddv g EE otig dvo opddeg
TaPATNPNONKE OTL KOWVMVIKO-OIKOVOLUKOL TOpAYOVTEG EVOEXOUEVMG VO Ennpedlovy To deikTn
DESI. Méow poviéhov toyxaiov emdpdoswv (Mixed Effect Models) emPefardverar m
enidpacn Tov KoTd KepaAnv Axabdpiotov Eyydprov Ilpoidvrog (AEID) kot tov pécov
apBpov efdopadwiov mpov epyaciog otov deiktn DESI, kdtt mov opmg dev emainbedeton
Yo TV avepyio.

AéCerc KAeroid: ynowakn owkovopia, ynewkn kowevia, deiktng DESI, k-means, mixed effect
models
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1. EIZATQI'H

Ta tedevtaia xpovia 1 avantuén g TEXVOLOYING Kol TV SIKTO®V eival paydaio Kot
avTtod €xel aueoeg emdpdoeic oty e&éMén g kowawviog. H oloéva kol cuyvotepn
EMOPN TOL AvOPAOTOL pEe TIC VEEG YNOLOKEG TEYVOAOYIES, £XEL EMPEPEL ONUAVTIKES
aArayég o€ TOAAOVG Topelg Tng Lmng Tov Kot 610 emikevTpo OA®V Ppioketal n évvola
m¢ ynotonoinong (Castells, 2010). Mg v ymeonoinon kol v ovdmtoén tov
Teyxvoloyiov IMAnpogopiag kor Emkowaoviov (TIIE) avadwpBpmdvovior moArol
Topelg g Kowovikng (ong tov avBpomov Omwg M epyacio, 1 Owoiknomn TV
EMYEIPNOEDMY, 1 EMKOWOVIO, 1 WYoyoyoyid, 1 EKTOIOELOT Kol T OlKovouio
(Parviainen, Tihinen, Kaaridinen, & Teppola, 2017).

H Evpdnn avayvopilovtag to Pacikd poio mov mailovv ot TIIE oty avantuéiokn
™mg mopeia, ovémtvée tov emolo Aeiktn Wnoewkrg Owovoplag kot Kowwmviog
(Digital Economy and Society Index - DESI) pe okomd v afloldynon tov
YNOWKOV EMOOGEMV TV KpoT®V-peA®V tg. O delktng DESI anotekeiton and névte
Sl00TAGEL; TOL AVTIOTOLOLV GTOLG Tévte Pacwkovg touelg moMrtikng g EE
(Zuvoeowomta, AvBpomwvo  Kepdiao, Xpnon Ymnpeowdv  Awdiktoov,
Evooudtoon Ynoewokng Texvoloylag, ¥Ynelakég Anuocieg Yanpeoieg), ol omoieg
GUYKEVIPMVOLY GUVOALKA 37 HEUOVOUEVOVG EIKTEG KOl OTOTUTAOVOLY TNV Y OLOKN
avartuén tov yopov-peidv ¢ EE (European Commission, Digital Economy and
Society Index 2020: Methodological Note, 2020).

Ot (Bénhidi, Dobos, & Nemeslaki, 2020) pelétnoav T GUGYETICEIS KOl TIG LEPIKES
ovoyetioelg TV mévte dootdoswv Tov deiktn DESI mopatmpdvrag oyéoels artiov-
amoTELECUOATOC HETOED QUTOV TOV dloTdoemy ot dedopévo g ékbeong DESI
2018. Epapuolovtac avaivon kbpuwv cvvictoomv (Principal Component Analysis-
PCA), k peiooav Tig apyikég HETAPANTEG omtd TEVTE 68 6VO KOl TEAOG, OLAOOTOINGOV
TIg yopes-uédn g EE epapudlovtag v TEXVIK NG tepopyikhg opadomoinon
(hierarchical clustering) xafohg kot TeyvViKéG moAvdidotatng khudkwong (Multi
Dimensional Scaling - MDS). Z0pemvo pe 1o omoteAéopota TG HEAETNG TOVG, M
EMOPKNG YVDON TNG oYéomng attiov-amoteréopatog uetaéd tov dtuotdoeny tov DESI
0o Ponbnoet Tovg ekdoToTe VIELOVVOLS BTNV 0PBGTEPN MY amOPAcE®V Kot Xapacn
TOMTIKNG Yo TN PEATIOON NG OVIOYOVICTIKOTNTOG GE TOMIKO, TEPLPEPELOKO KOl
Evponaikd eninedo.

H pelémn g (Huseyin, 2021) ypnowwomoinoe dedouéva g ékbeong DESI 2020 kot
gpapuolovtog tov odyoppo K-means ouadomoince tig yopes-uéAn g EE oe 4
opadec, cOUE®VO PE TIG EMDOCEIS TOLG OTIS TMEVTE OloTAoEl Tov dgiktn DESI.
Emiong e€étace av vadpyovv opotdmteg HETaEd TG OUOdOTOINGNG OV TPOEKLYE
Ko g Ta&vounong tov kafeotdtov sonuepiog (welfare state regimes) tov Esping-
Andersen (Esping-Andersen, 1990), g Notwag (Kammer, Niehues, & Peichl, 2012),
™m¢ Kevipunig kor g Avatolkng Evponng (Lauzadyte-Tutliene, Balezentis, &
Goculenko, 2018). X1n cvykekpiuévn perét ot ydpeg péAn e EE yopilovtatl otovg
TopoKATo €51 TUTOVG KOOECTOT®V gunuepiog To  XOCLHAONUOKPOTIKG, TO
Sovinpntikd, to Oikekevbepa, to kobeotdta Notag, Kevipung kot Avotolkng
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Evpdmng. O xéBe tomog kabeotdtog sunpepiog yopaktnpiletor amd v TOMTIKN
(exAé&un kuPépvnomn M OxL), TV Kowvevikn (oyopd epyaciog, dtapopés HETOED TV
QOA®V oV oyopd epyaciag, ONUOYPOQIKN KATAGTOGM, EKMAidELon TANOBVGLOD,
ovvinkeg dafinong) kot v owovopkn Kotdotacn (mpaypotikd AEIT) pog xopag
OT®G EMIONG KOl OO TO KUPEPVNTIKG TPOYPALUATE TOV TOPEYOVTHL GTOVG TOAITES.
Amd ™ peAETN MPOEKLYE TG Ol YMOPES MOV EPOUPHOLOVV TO GOGLUAOTLOKPATIKO
kafeotg somuepiog (Pavdia, Xoundia, Aavia, OAlhavdio, NopPnyia) eivar mo
TPOETOUACUEVES Y10 TNV YNPLOTOINOT TG OKOVOLING Kol TOV HEAAOVTIKO YNOLoKO
avtayovioud oe cOyKplon pe dides yopes g EE, kabog eppavifouv tic vynidtepeg
TIEG o8 OAEG TIC dlaoTtdoelg Tov Ogiktn DESI. AkolovBobv ol ydpeg @rieienBepmv
kafeotdtov gunuepiog (Hvouévo Bacikelo, IpAavdia), pe pikpn dapopd amd tnv
TPMTN KOTYOPiol KoL GTI GUVEXELD Ol YDPES CLVINPNTIKOV KAOEGTOTOV gunuepiog
(Teppavia, AovEeuPodpyo, Béryo, Avotpia, T'olria). Téhog, ot vEOAOUTES YDPES
(Itaio, Iomavia, EALGSa, Iloptoyaria, Kpooatio, ITohwvia, ZAoPokia, XAofevia,
Boviyapio, EcBovia, Aetovio, ABovavie, Povpavie) mov avikovv oTig TpELS
TeAevTAiEg KATNYOpPlEg £OVV TIg YOUNAOTEPES TIWES o8 OAES TIG Olaotdoelg Tov DESI
Kol gival o mhavoe Vo avTIUETOTIGOVY TPoPANUATE 6TO UEAAOV OGOV aQOpd TOV
TEYVOLOYIKO LETOCYNUOTIGHO KOl TOV YNOLOKO OVTOY®MVIGUO UE TIG AAAEG YDPEG TNG
EE.

O deiktng DESI mapovoidlovrag ta dSuvatd Kot To adbOVITO GNUEIN TOV YOP®V TNG
EE wc¢ mpog tic TIIE cvupetéyel ot Aym omo@acemy yio ™ x0pacn ToAMTIKOV 660
aopd otov ynoelokd petooynpoaticpnd g EE. EmmAéov 1 Aqyn anopdoewv dev
umopei vo eivar aveEdptnt and o KabeoTdTO EVNUEPING TOV YOPOV, KAODS ovTd
enNPealovy GUECH TIG TOATIKES YNPLOUKOD LETACYNUOTIGLOV.

Amd 660 yvopilovpe, dev VILAPYOLY EpYATieg TOL Vo LEAETOOV TNV e&EMEN TOL delkn
DESI oto ypovo xor vo €Eetdlovv KOW®VIKO-OIKOVOUIKOVG TAPAYOVTEG TOV
gvdeyouévmg tov emnpedlovv. H epyacio pag, Epyxetal va GUVOPAEL TPOC OUTH TV
katevbvvon. H Aowmn epyocio éxel opyavmbel g e&nc: Ztn Ogvtepn evotnta
mapovotdleTon n doun tov deiktn DESI kot meprypdpovtol ot mévie d106TAGES TOL.
Ymv tpit evotnto ueretdpe v e&EMEN oto ypovo tov deiktn DESI evd oty
TETAPTN evOTNTA Yivetarl SlEpedlivnon NG EMIOPUCNGC TOV KOW®OVIKO-OIKOVOUIKMV
TOPAYOVTIOV OTOC TO KOTh KeQoAnv Axabdpioto Eyydpro Tpoiov (AEIT), to péco
apBud efdouadioiov opov epyaciog kot v avepyio otov dgiktn DESI. Xy
televtaio evoOTTO TAPOLGLALOVTOL TO CUAVTIKOTEPN GUUTEPACUATO TNG TOPOVGOS
gpyooiag kot emionuoivovtal 0Epato yio Tepattép® Epevval.

2. O AEIKTHZX DESI

0O Acixtng Ynowexkng Kowaoviag kot Owovopiag (Digital Economy and Society Index
- DESI) givai évag ovvBetog deiktng mov cuvoyilel oyeTIKovg OEIKTEC TOV QLPOPOVV
otV ynoewokn enidooon g Evponaikng Evoong (EE) kot mapakoiovbel tnv eEEMEN
TOV KPOTOV HEA®V TNG oT0 medio NG ynowkng oviayoviotwkotnrog. O DESI
amotelel amd 10 2014 éva Pocikd avoAvTiKO pyoreio yio TNV €THCL0 PHETPNON TG
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Tpoddov TV yopdv ¢ EE pe katevBuvon mmv ymeloxn owkovopio Kot Kowvovio
(G20, 2018).

2.1 H dopn tov dcixtn DESI

O d¢eiktng DESI amotekeiton omd mévie SOOGTACELS TOL OVTIGTOL(OVV GTOVG TEVTE
Bacwovg topeig motikng g EE ot omolot pe t ogpd 1006 amotelohvionr GuvoAkd
and 37 deikteg (European Commission, Digital Economy and Society Index 2020:
Methodological Note, 2020). H doun tov odegiktn eivar tpidv emmédov, pe 5
dwotdoels. Kabe dibotaon amotereitor amd VITOSINCTAGES Kol OVTES UE TN GEPA
Tovg amd deikteg. LuvolMkd ot 5 ducTdcelg amoteAovvTol and 12 vITodicTdoelg Kot
aTEG Guvolkd and 37 deiktec.

H 6&idotaon Xovoeowpotnra, eéetalel 1660 ™ (RO 0G0 KOl TNV TPOGEOPA
otafepdv Kot Kvntov gupulovikdv cvvdécewv (European Commission, Digital
Economy and Society Index (DESI) 2020: Connectivity, 2020).

H d16otacn Avlpomve Kepdloo, apopd otic ynotakéc 0el0TNTeS TV TOMTOV
g EE mov xvpoaivovtor omd Poacikég 6eE10TnTEG XPNOTG OV EMITPETOVY GTO. ATOLO
VO GUUUETEYOLY GTNV YNOLOKT KOW®VIN Kol VO KOATAVOADVOLY Yneokd ayodd kot
VANPECIEC, MG TPONYUEVEG OEELOTNTEC TTOV EVOLVOUDVOLY TO EPYUTIKO SLVOUIKO Yo
™mv ovantuén véov ynelokov ayabov kot vanpsowov (European Commission,
Digital Economy and Society Index (DESI) 2020: Human capital, 2020).

H didotaon Xpiion Yanpeoidv Al0diktoov, LETPE TO TOGOGTO TMV OTOU®MV 7TOV
YPTCULOTOLOVV VANPEGIEC OLOOIKTVOL Kol 7OlEC Omd TS Obéciueg vanpecieg
ypnoponoovy. Ot dpactnprotnres meptiapPdvovy v KoTovdAmon SadtkTuaKoy
TEPIEYOUEVOL (TL.Y. WLXAYOYIO OTTMG LOVGIKT, TOVIEC, TNAEOpAOT] 1| TTayvidta, Afyn
TANPOPOPLDY TAOVGLOV GE TOALUESH 1| GUUUETOYN GE€ OLUOIKTLOKY KOWVMOVIKN
aAANAETiOpaCT)), ¥PNON COYXPOVAOV OPUCTNPIOTHTAOV ETKOWVOVING (.. GLUUETOYN
og PwvteokAnoelg) kal dpaotnplotTeg cuvorllaymdv Ommg ot online ayopég kat ot
tpomelikéc cuvarlayéc (European Commission, Digital Economy and Society Index
(DESI) 2020: Use of internet services, 2020).

H dibotaon Eveoopdtoon Ynoewxig Teyxvoloyiog petpd v ynmelomoinon tov
EMYEPNOEOY Kot Tov mAektpovikod eumopiov (European Commission, Digital
Economy and Society Index (DESI) 2020: Integration of digital technology, 2020).

Téhog, n ddotacn Yneraxés Anpocies Yanpeoisg apopd 1000 ot {non 660 Kot
GTNV TPOSPOPH YNPLIK®V SNUOGLOV VINPECIOV, KOOMG KO TIG TOALTUKEG dtoyeipiong

Tov avoytodv dedopéveov (European Commission, Digital Economy and Society
Index (DESI) 2020: Digital public services, 2020).

2.2 vlloyr) 6gdopévarv - TvmoTOIN o

Ta dedopéva mov ypnoonotel 1 Evponaiky Emitponn yia tic etiotleg exbéoeic tov
deiktn DESI apopovv ot ypovikn mepiodo amd 1M defpovapiov Tov PO yovUEVOD
étoug € kot 31 Tavovapiov Tov emduevov.
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Ipokeévoy va vroloylotodv o1 mévte dlaotdoelg tov degiktn DESI oAAd kot o
ovvoAlKog deiktng DESI, o1 apyikoi 37 deikteg tuvmomolobvion kabadg ekppalovron
ApYIKA GE JPOPETIKEG Hovadeg pétpnong. H tumomoinon yivetal ypnoiponotdvog
™ pébodo min-max, n omoio, cuvicTaTAl GE WO YPOUUIKT TPoPoin kdbe deiktn o€
pio kAipoko petado 0 ko 1.

2.3 Amodoon PapdOV - KATAGKEL] OiKTn

O ovvolkog oOciktng DESI mpoxdmter oamd 1 oLVEVEOON TOV OEIKTOV GE
VTOJCTACELS, ETELTO TOV VTOOUGTAGEWDY GE JOTAGELS KOl TEAOG TMV SOGTACEMY
G670 GLVOAKO dglktr, ypnoomoldvtog Bapn. Opiopéves S0GTAGELS, VTOSNGTAGELS
Kol LEQOVMUEVOL OEIKTEG gfval O oNUAVTIKOL 0d GAAOVE Kot YU 0vTd TOVG OlveTal
VYNAGTEPO PApoc oTov VITOAOYIoUO TG TEMKNG TG Tov dgiktn DESI (European
Commission, Digital Economy and Society Index 2020: Methodological Note, 2020).
Ta ocvvolikd Pdpn mov omodidovion ot KVpleg Odwnotdoelg tov DESI
avTIKOTOTTPIOvV TIG TPOTEPUIOTNTEG TNG YNPlakNg moAltiknig ¢ EE. Evdeuctikd
avagépovpe OTL ta. Papn mOL Ypnolpwonovviol oe eminedo didotacng eivol:
Yovoeowpotnta:  25%, AvOpomvoe Keediawo: 25%, Xpijon Yanpeowov
Awdwtoov: 15%, Eveoopdroon Ynowxig Teyvoroyiag: 20% xor ¥nouokég
Anpooieg Yanpeoisg: 15%.

3. EEEAIZH AEIKTH DESI QX ITPOX TO XPONO

2 ovvéyeln Ba peietnoovpe v e&EMEN TV mévie daotdoemv Tov Ogiktn DESI
o010 ypovo. Ilpokepévov vo emheyel KOTAAANAOG OTOTIOTIKOG EAEYXOC, OPYUKEL
EAEYYOLLE TNV KAVOVIKOTNTO TOV 0eS0UEVOV Hac. [a Tov EAeyyo TG KOVOVIKOTNTOG
ypnowonomnke to Shapiro-Wilk normality test (Shapiro & Wilk, 1965) wou
dwmotdbnke mTmg OAeg ot petafintég axoilovBohv Kavoviky] KoTavoun omdte o€
kéOe  Owdotoon  ypnolomolgitor  avdAvon  dwomopdg o€ oyedloud
gmovarapupavopevov uetpnosov (Repeated Measure ANOVA) (Salkind, 2010). Ano
ta amoteléopata Tov Repeated Measure ANOVA zpoxvmtel 0Tt Tpdypott vadpyet
OTUTIOTIKA GTUOVTIKT O10popd 6T péom midooT 68 OAEG TIC SLUOTACELS TOVL OEIKTN
DESI «atd to ypovikd didotnua 2014 -2019, 10 onoio amotvmdveTon oTig ekbioelg
DESI 2015 — DESI 2020 (https://digital-agenda-data.eu/datasets/desi). Xt cvvéyewa
epapudlovpe Eheyyxo Tukey (Tukey test) yio va dodue axkpifog, avipesa og moto £t
TOPOTNPOVVTOL OVTEG Ol OTUTIOTIKA OMUOVTIKEG dtpopéc. Xtig Ewdvee 3.1-3.5
napovctdlovtol to, Inkoypdupato kdbe didotacng avd £Tog Kol ol TVOKEG Ue TIC P-
Tipég (p-values) tov mapandve eréyyov. To ypouLOoKIOGUEVE KEMG TOV TVAK®OY
tov p-values tov eiéyyov Tukey agopodv ota étn petold tov omoimv vmapyst
OTOTIOTIKA oUovTIKY dtapopd (p-value<o=0.05).

3.1 Avgotacn ZvvosoIuoTTO.

[Mopatnpodpe e otabepr] avodikn mopeion NG OSapécov 1Tng  O1doTOONG
Tovdeootnrag pe v mtdpodo tov ypdvov (Ewdva 3.1 apiotepd). And v Ewodva
3.1 (aprotepd), TOPATNPOVUE TOV CLYKEKPIUEVO OgikTn Vo eEelicaeTan TOAD Ypryopa
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670 YPOVo, Tpdypa wov emPefardvetar kKot amd Tovg avtictoyovg Tukey eréyyoug
(Ewova 3.1 de&d) kabbg oe Oleg tig exbéogig DESI omd to 2015 g to 2020
VIAPYEL CTOTIOTIKO CNUOVTIKY Sl0QOpa O PO TIG HECEG EMOOGELS TOV YOPDV
puerav g EE o€ avt T didotacn, and ypovid ce ypovid. Avti 1 didotaot agpopd
OTLG TEYVOAOYIKES VITOOOUES AL Kot TNV TPoc@opd kot {Tnon TV TeXVOAOYIKOV
mapoydv. ITo cvykekpyéva, agopd oTic VIOSOUEG MG TPOS TIG TAYVTNTEG KIVITMOV
Kol otafepdv cvvdécemv OAAG Kot oTn dvvatotnTo ovvdeong 3G, 4G kol oty
grootnta yio 5G. Avt 1 didotoon Ba Aéyape 6TL amoteAel tn Paon Tov Ba ddost
TOV OOPOiTNTO YMOPO Kol TPOTO Yo Vo UTOpEGOLV va eEgAlyBovv kot ot dAleg
Sl00TAGELS.

Eiwxova 3.1. Micotaon Lovoeciuotnro: Onrodypouua (apiotepd. ), Iivaxog p-values twv
eléyyawv Tukey (deéia)

Tukey Pairwise Comparisons (p-values)

Fuvbeopérra | 2015 [ 2016 | 2017 | 2018 | 2019

2016 0.0008

g 2017 <0001 | 0.0315
QE 2018 <.0001 | <.0001 | <.0001

- EEE 2019 <0001 | <.0001 | <.0001 | 0.0208

4 2020 =<.0001 | <0001 | <0001 | <.0001 | <0001

Boxplot diagram

Connectivity
30 40 50 &0

T T T
2015 2016 2017 2018 2012 2020

year

3.2 Avaotaon AvOpomivo Kepdraro

Apywcd Bo Tpémel va emonudvovpe OTL deV LILAPYEL GTATIOTIKE CNUAVTIKY] Sopopd
¢ mpog TiG péoe emdOoel TV yopdv peAdv ™ EE ot didotaon AvBpomivo
KepdAato avdpeoo otig exbéoelg DESI 2015, 2016 won 2017. Ztatiotikd onuovTikny
dopopa eppavifetal yio Tpdtn eopd avaueco otig ekbéceig DESI 2017 - DESI 2018
Kot avapeoo otig ekféogig DESI 2019 - DESI 2020 (Ewova 3.2 dg€ud) yeyovog mov
gvoeyouEVmG opeileTan 6To 0TL 0 TANBLVGNOG eivan TOAVS va ypetdleTal ¥pOVO HOTE
va gfowkeimbel pe ™ véo TEYVOAOYIOL KOl VO KOTAVONGEL MG WTopPel va TNV
EKUETOAAEVTEL.

Eixova 3.2. Micoroon AvOparmivo Kepdiaio: Onkoypouuao (apiotepd. )
ITivaxag p-values twv eAéyyawv Tukey (deéid)

Tukey Pairwise Comparisons (p-values)
Boxplot diagram =
Avlpomvo | 2015 | 2016 | 2017 | 2018 | 2019
-~ - T 7T Kegdhaio
B R T : 2016 0.4031
3 _ 2017 1| 04105
§ © EEEEBE 2018 0.001 | <0001 [ 0.001
2 _ 2019 <0001 | <0001 | <0001 | 0.8341
o 2020 <0001 | <0001 | <0001 | 0.0001 | 0.0106

2015 2016 201? 2018 2019 2020

year
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3.3 Avgotaon Xpron Yanpeoi®dv Aladiktoov

Iopatnpodpe po otabepn avodikn mopein g dwpécov g Xpnong Ymnpesudv
Awdiktoov pe v mhpodo tov xpoévov (Ewdva 3.3 apiotepd). Amd v Ewova 3.3
(0e&14), mopatnpovue 6T Kot 6N dtdotaon Xpnorn Yanpeoidv Aadiktdiov vadpyel
eniong kabvoTépnon otV EUPAVION CTOTIOTIKA OMUOVIIKNAG Spopds HETOED TmV
pécmv emddcev TV Yopav neAdv g EE, kabmhg avt eppaviletor amd v £kbeon
DESI 2018 o petd.

Eiwxova 3.3. Maotaon Xprion Yrnpeoiwv Aiadiktdov: Onioypouua (apiotepd. )
Iivoxog p-values twv eléyywv Tukey (delid)

Tukey Pairwise Comparisons (p-values)
B lot di = =
oxplotdlagram Xpijon Ymnpeowav | 2015 | 2016 | 2017 | 2018 | 2019
— AwdikTion
s 84 ~ T T 2016 0.8109
g el L i QEI 2017 0.1924 | 0.8918
: ] QEE = 5 2018 <0001 | <0001 | 0.0021
g o BEAEEEE T L 2019 <0001 | <0001 | <0001 | 0.0024
gl 4 4 & = -~ 4 2020 <0001 | <.0001 | <.0001 | <.0001 | 0.0138
] T T T L

2015 2016 2017 2018 2019 2020

year

Qo1t660, dmwc Kot ot ddctacn AvOporvo Kepdlalo £tol kot ot didcetacn avty,
VIAPYEL KATOL0 YPOVIKO OLOGTNIO UE UM CTATICTIKE SNUOVTIKEG SL0POPEG OO YPOVIA
oe ypovid. [TBova ko €0 va oyetiCetoan pe 1o yxpdvo mov mbavd yperdleTor o
mnbouopdc dote va efokewwbel pe TIc vanpecieg Tov  ddKTOOL OO Ot
NAEKTPOVIKES EMKOIVMVIES KOl GUVOAAAYEC.

3.4 Aviotoon Eveopdtmon Ynowexnig Teyvoroyiag

Iopatnpodpe por otabepn avodikn mopeion g dwpécov ™ Evooudtwong g

Ynolakng Teyvoroyiog pe v mépodo tov ypovov (Ewdva 3.4 apiotepd).

Eixova 3.4. Micotaon Evowudtwon Pnetaxic Texvoloyiag: Onkdypouua (apiotepa )
ITivaxog p-values twv eléyywv Tukey

(0elid)
Tukey Pairwise Comparisons (p-values)
- Boxplot diagram Evowptr
£ Fneakic | 2015 | 2016 | 2017 | 2018 | 2010
- T Teyvoloyios
E 81 T -~ T i 2016 0.0173
8 o e e E 2017 0.0018 | 0.985
e EEEE 2018 <0001 | 0.0268 | 0.1484
B g R 2019 <0001 | <0001 | <0001 | 0.1115
g " ; T 1 R 2020 <0001 | <0001 | <0001 | <0001 | 0.0445
= 2015 2018 2017 2018 2019 2020
year

Amd tov mivaka ¢ Euwovog 3.4 (3e€1d) mapatnpovie OTATIOTIKG GNUOVTIKY 610(popd
0TO HECO EemMmMEdO TNG OLYKEKPUEVNC OldoToonG oyeddv kdbe oedtepn ypovid.
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E&aipeon amotedrel 10 étoc 2015 6mov en@avileTol GTATICTIKA GNUAVTIKY dlopopd
oo TNV EMOUEVT KIOANG YPOVIA.

To nAekTpovikd emyelpeiv Kol TO NAEKTPOVIKO EUTOPLO €Vl Ol dVO VTOSUCTACELG
OV APOPOVY TN O1ACTACN CLT Kol €lval AOYIKO MG Yo v YIVEL O Ynolokog
LETAGYNUOTIGHOG TOV EMYEPNCEDV G TPOGS TIG TAPOTAVE® VTOONGTAGEL amatteitan
éva e0Aoyo ypovikd didotnua. ‘Etol pmopovpe vo SIKaoAOYGOVUE Kol TN YPOVIKN
UmOCTOOT TV 000 ETMV MOTE VO EUPOVICTEL GTOTIOTIKG OTUAVTIKT dl0popd Yo 1
GUYKEKPIUEVT] O1AGTAON.

3.5 Avaotaon Ynowokég Anpocieg Yanpeoieg

Iopoampovue pio otabepn avodikn mopeia g dapuécov g dtdotoong Pnolakég
Anpodoieg Yrnpeoieg pe v mépodo tov ypdvov (Ewdva 3.5 apiotepd). Eniong, amod
tov mivaka g Ewovag 3.5 (0e€1d), mapatnpeiton 6TATIOTIKA GNUAVTIKY S10(pOPA OTIC
emdOoELg TOV YOpaV uehav g EE 6t cuykekpyiévn didotaon, oe OAEg TIC EKOEGELG
DESI and 10 2017 péxpt xar 1o 2019 evd yio mpd @Qopd mapotnpnonke oTig
ekBéoeig DESI and to 2015 610 2016. Avti 1 ewkdva givon mbBavd va opeiletor oTig
TPOTEPAOTNTES TTOL divel kbbe ydpa, eite 6TIAlEL GTOV EKGLYYPOVIGUO TV EOVIKDV
TVADV TNG EITE GTNV TOMTIKT TOV OVOLYTAOV SEGOUEVOV.

Eixova 3.5. Aidoroon Evowudrtwon Yypiaxns Teyvoioyiag: Onrdypouua (opiotepd. )
Iivaxog p-values twv eléyywv Tukey

(0ec1ar)
Tukey Pairwise Comparisons (p-values)
Boxplot diagram Pnownés
s Anpoores 2015 | 2016 | 2017 | 2018 | 2019
827N == T o T T T Ympeoieg
- S S QE 2016 0.0001
o = BE 2017 <0001 | 0.5168
;- S BE - ' ; : 2018 <.0001 | <0001 | 0.0245
A It B 4. == T 2019 <0001 | <0001 | <0001 | 0.0229
& a | & < 2020 <.0001 | <0001 | <0001 | <0001 | 0.1173
o “ T T T T T T
2015 2016 2017 2018 2019 2020
year

Yvvoyilovtog avtd mov propovue va, Tovue givar 0Tl vdpyel o Eekdbapn eEEMEN
Tov mévie Olnotdoswv tov ogiktn DESI oto ypdvo pe kdmoieg dwootdosig vo
gEeliosovTan ypryopodTepa amd KAmoleg GALEC.

3.6 Avd@ivon KoTa cVeTAOES

21 ovvéyeln, opodomotiooue TIc ympes-pueAn g EE ue Bdon tic emddoelg Toug oTIg
névte dnotdoelg Tov DESI ya to dtdomua 2014-2019, ypnoiponoiwdvrag dedopéva
amo TI¢ avtioToryeg etnoteg ekbéceig DESI 2015 émg DESI 2020.

To v opadonoinon tev yopodv puehdv g EE emAéEape ™ pnébodo k-means kat mg
pétpo amdéotaong v Evkieideln andotaon. o tov mpocdiopiopd tov PEATIGTOL
mnbovg ovotddwv ot omoieg Ba  opodomonbovv  Ta  dedopévo oG,
ypnowonomoope T Pipiodnkn NbClust g R (Charrad, Ghazzali, Boiteau, &
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Niknafs, 2014). H ovykekpipuévn Biprodnkn, mapéyel 30 deikteg kot Tpoteivel to
Béitioro mAB0¢ GLuGTAdWY Yol To. dESOUEVA OV TPOKVTTEL GO TV LVAOTOINGON NG
uebodov k-means pe pétpo andotaong v Evkleideio kot mAnfog cvuetddmv amd
min=2 éwmg max=15. An6 ™v Ewodva 3.5 moapampodue mog ywo kdbe étog m
mAeloymoeio TV JEIKTOV mpoTeivel 2 ovotddeg ¢ PéATioTo aplfud cLGTAd®V.
Qotdéc0 yw 10 €étog 2019 mpotdbnkav 2 kar 3 cvotdoes. ‘Etor dokipdoape vo
KaTOVEIHOVUE T OEdOUEVO oG GE 3 GLOTASEG OAAG OEV TTOPUTNPTCAUE CTOTIOTIKA
OTUOVTIKES S1POPES OTIC EMBOGELG KOl OTIG TEVTE d106TAcELS Tov deiktn DESI tov
YOPOV HETAEL TNG OgvTEPN Kot NG TPitNG ovotddag Yoo OAd To £T1). ZUVETADG
katoAn&ape otic 2 ovotades. Etol mpoékvyav ot opddeg pe Yyniég ko Xapuniég
emdOcELS OTIC TEVTE dlooTdoelg Tov deiktn DESI.

Eiwxova 3.5. Anoteléouaro and v epapuoyn e Pifflionkne NbClust e R

2015 2016 2017

* Among all indices: * among all indices: = Among all indices:

< § proposed 2 as the best number of clusters |* 7 proposed 2 as the best number of clusters | 7 proposed 2 as the best number of clusters
“ 4 proposed 3 as the best number of clusters [
* 3 proposed 4 as the best number of clusters

proposed 3 as the best number of clusters (v & proposed 3 as the best number of clusters
proposed 4 as the best number of clusters (* 1 proposed 4 as the best number of clusters

" * 1 proposed 5 as the best number of clusters |* 1 proposed & as the best number of clusters
. 1 proposed & as the best number °; CIUSTers |, } ooonosed 11 as the best number of clusters|s 1 proposed 7 as the best number of clusters
1 proposed 9 as the best number of clUsters |« 1 proposed 12 as the best number of clusters|* 2 propesed 11 as the best number of clusters
* 3 proposed 13 as the best number of clusters|+ 1 proposed 13 as the best number of clusters|* 1 proposed 13 as the best number of clusters
* 3 proposed 15 as the best number of clusters|* 4 proposed 15 as the best number of clusters|* 4 proposed 15 as the best number of clusters
2018 2019 2020
* Among all indices: * among all indices: = Among all indices:

* 8 propesed 2 as the best number of clusters |« 7 proposed 2 as the best number of clusters proposed 2 as the best number of clusters

proposed 3 as the best number of clusters
proposed 4 as the best number of clusters
proposed 5 as the best number of clusters

“ 4 proposed 3 as the best number of clusters |. 7 proposed 3 as the best number of clusters
© 1 proposed 4 as the best number of clusters

9

7
* 1 proposed 5 ac the best number of clusters |, = pmposeg : as t:E ge“ numg” O; 51"“”5 #1
R £ G B A O S |1 3 e ¢ bt e of et .
* 1 proposed 10 as the best number of clusters| 1 Prop * 2 proposed 9 as the best number of clusters
* 1 proposed 12 as the best number of clusters 1 proposed 12 as the best number of clusters h £ cl
* 3 proposed 14 as the best number of clusters|® 2 proposed 13 as the best nunber of clusters|” 1 proposed 12 as the best number of clusters
* 3 proposed 15 as the best number of clusters|* 3 proposed 14 as the best number of clusters|” 3 proposed 15 as the best number of clusters

v Ewéva 3.6 arneucoviletal, avd ypovid, o xapte g Evpdnng 6mov pe kdkkivn
oKklaypdoenon &yovv emonuaviel ot ydpeg pe vYNAN enidoon otov deiktn DESI kot
He TPAotvn auTéG e YounAn enidoon. Ilapatnpodue Tmg vIdpyovy YMPEG TOL TNV
TAPOd0 TV €TV, £YOVV STNPNCEL TO VYNAO EMIMESO EMOOCE®V KOl CVTEC TOV
Tapopévouy oe otobepd Younlo eminedo emdocewv. Emiong mapatnpovue ympeg
onwg N lomavia, n AtBovavia, 1 Tloptoyoria kot 1 Avotpio va dtatnpovv emdocelg
VYNAOL EMTESOL Yoo HEYOAQ YpoviKd OSlaocthiuata evd to 2020 katoAnyovv og
younAov emmédov TéG. Téhog, mopatnpodue ¢ Kamoleg ydpeg 0nmg n [aAlia, n
Agtovia kai n Tepuavia dgv dtotnpovv otabepn mopeio. otV TAPOSO TOV ETMV KO
gvaALdooovTal LETOED TOV YOUNADY Kol VYNADY ETOOCGEDV.

Oleg o1 yopec e€eliooovtal og mpog to dciktn DESI kot avthy 1 petaxivion mov
TOPOUTNOOUE OO TN io KoTnyopio oty GAAN, OQEIAETOL GTO JLAPOPETIKO puiud pe
Tov omoio eEehicoeTan KGOe ydpa o€ oxéon pe Tig vroAomes. Kanoleg ydpeg paiveton
va ggAiocoovTtal o Ypnyopa evéd kdmoleg dAleg mo apyd. TEAOG, mapatnpovue OTL O
Sly®p1opoc o€ 600 ouddeg TaPlAlEL KOl e TO OIKOVOLUKO TPOPIA TOV YOPDV.

2 ovvéyswe Oo PEAETHCOVUE OV KOl TMG OIKOVOMIKOL KOl KOWMVIKOL OEIKTES
emnpealovv tov deiktn DESI.
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Eiwxova 3.6. Xapres Lvardadwv ywpov- ueiov EE faon tigc 5 daordoeis tov DESI
2015 2016

oA
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4. TAPAT'ONTEX I10Y EITIHPEAZOYN TO AEIKTH DESI

Hopoammpnoape 6Tt VIAPYEL il OPOIOYEVELN OTIG OUAOES TV YOPOV-UeAdV TG EE
7ov dnpovpyRdnkav Paon Twv mévie daotdoemv tov deiktn DESI kot w¢ mpog ta
KOWVMVIKO-0IKOVOUKE YOPOKTPLOTIKA TOVGS, Yo avTo Ba OEhape va SodE av Kot TG
Kémoleg Pocikég OUKOVOLIKES KOl KOWOVIKES PETAPANTES OMMG: TO KATO KEPOANV
Axabdpioto  Eyyopro TIpoiov — AEIl (zRealGDP_PC),(https://ec.europa.eu/
eurostat/databrowser/view/NAMAZ10PC/default/table?lang=en), o pécog apBUdS
gpoopadwiov  wpov  epyaciag  (HOUR_PER_WEEK),(https://ec.europa.eu/
eurostat/databrowser/view/L FSAURGAEDcustom_844619/default/table), w«o1 1
avepyio.  (UNEMPLOYMENT), (https://ec.europa.eu/eurostat/databrowser/view/
LFSAEWHUNZ2custom890938/default/table)  emnpedlovv tov  dgiktn  DESI.
Xpnowonowdvtag oedopéva  and TG etoleg  ekBéoeig DESI  2015-2020,
Kataokevdoope povtélo toyaiov emdpdoswv (Mixed Effect Models), to omoia
UTOpovV VO TEPLYPAWOLV TNV ETIOPUCT] TOV TOUPUTAVE TOPAYOVI®V GTN HETOPANTY
(DESI).

Xpnowonoidvtag to makéto 1med g R (Bates, Bolker, Machler, & Walker, 2014),
KATOOKELAGOLE apykd ovo povtéha. To povtédo 1, pe Toyxaiovg otafepois 6povS MG
TPOG TO XPOVO KOl TN ¥DPO, Kol TO UOVTEAO 2 GTO 0moio Tpochécape emmAEOV Kol
Tuyaieg KAMoEI mg Tpog Tov Ypdvo ava yopa. EmiéEaue to povtéro 2 wg PérTioTo pe
Baon to kpurfplo Akaike (Burnham & Anderson, 2004) (BAéme ITivoxo 4.1). Xto
UOVTELD aTO TTpocbécape apylkd Tov Tapdyovio Tov ¥povov (LovTéLo 3) Kol ot
oVVEYELN TOVG VTTOAOITOVE Tapdyovteg, To AEIT (zZRealGDP_PC), 1o péco apibud tov
gpoopadwiov  wpov  epyaciag (HOUR_PER_WEEK) «xat tv avepyia
(UNEPMPLOYMENT) (povtéro 4). Etov ITivaxa 4.1 Tapovoidletat n ohykpion tmv
TEGGAPOV LOVTEA®V.

Iivaxoag 4.1 X0yxpion poviéiwv 1,2,3,4

Models AIC BIC Chisq Df Pr(>Chisq)
Model 1 683.51 696.00
Model 2 673.71 692.46 | 13.794 0.001011**
Model 3 654.79 676.65 | 20.927 4.77e-06 ***
Model 4 647.58 678.82 | 13.201 0.004222 **

Iivaxag 4.2. Movtédo 4

Model 4 Est S.E. | tval p
Intercept 75.45 | 13.10 | 5.76 | 0.00
aYear 1.72 | 0.15 | 11.42 | 0.00
UNEPMPLOYMENT -0.07 | 0.09 |-0.79 | 0.43
zRealGDP_PC 255 | 098 |261 |0.01
HOUR_PER_WEEK -0.87 | 0.35 |-2.53 | 0.01
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Q61660, 610 LOVTELO 4 TAPATNPOVUE TTMG O TAPdyovTag avepyla Ogv elval GTATIOTIKA
onuavtikog (p-value = 0.43, Tivaxag 4.2) ondte TOV TAPOAEITOVE OO TO HOVTELO
HOG KOl €TGL 0ONYOVUHOGTE OTO TEAKO HovTédo (povtédo 5). H ovykpion tov
povtédov 3 ko 5 mapovoidleton otov Iivaka 4.4.

Ilivaxac 4.3. Movtédo 5

Model 5 Est S.E. | tval. p
Intercept 76.08 | 13.21 | 5.76 | 0.00
aYear 1.76 0.13 | 13.29 | 0.00
zRealGDP_PC 2.63 0.98 2.7 | 0.01
HOUR_PER_WEEK -0.91 | 0.35 | -2.62 | 0.01

IHivarag 4.4. Xoykpion Moviédawv 3 kai 5

Models AlC BIC Chisq Df Pr(>Chisq)
Model 3 654.79 676.65
Model 5 646.08 674.2 12.703 0.001744 **

¥10 povtého 5 (TMivakog 4.3) mapatnpodue 6t o péocog deiktng DESI avédvetar kotd
1.76 avd étog Yo otabepés Tipég Tov petafintov Katd kepoinv AEIT ko apBuo
gpdouadiaiov wpmv epyasiag. Exiong avédvetar katd 2.63 yia kdOe povada advénong
Tov katé keaAny AEIL yio cvykekpiévn ypovid kot tAn0og efdouadioiny opov
gpyooiag, evd pewwvetor katd 0.91 yon kédbe povada avénong twv efdopodiainv
OpOV gPYAciag Yo GLYKEKPIUEV Ypovid kot kaTd KepoAnv AEIL

SOUQOVE UE TO TOPUTAVD HLOVTELD, Ol TEPICGOTEPO OIKOVOULKY OVETTUYUEVEC YDPES
oatvetor vo gmevdhovV TEPIGCOTEPO OTOV YNOUIKO HETOCYNUOATIOHO TOGO 1TNG
owovopiog 660 Kol TNG KOWOVING, TopEXOVING GTOVG TOAMTEG TOVG TIC KOTAAANAEG
TEYVOLOYIKEG VITOOOUEG DOTE VO GUUUETEYOVY eVEPYA 0T VEQ, ynolakn emoyn. Oco
aPOPa 0TI MPEG EPYACIOG, TOPUTNPOVLE EMIONG AVENCT TV TH®V Tov dgiktn DESI
KaOdg avtég peidvovtal. Me v avantuén TV VEOV TEXVOLOYIDV, GUYKEKPIUEVA
£pyo TOPAYOVTOL GE AMYOTEPO YPOVO GLVETMS O YPOVOC Y10 YNPLUKES SPAGTNPLOTITEG
ALEAVETAL OTMG KO O YPOVOG Yol XPTOT) KUPEPVITIKAOV TUAGDV.

5. XYMIIEPAXMATA

H mapovooa epyacio pedétoe v e&EMEN tov mévte dactdoemy Tov dgiktn DESI
v ta £t 2014-2019 ypnowomowwvtag Tig avtictoyes ekbéoelg DESI 2015 éwc
DESI 2020. Eniong o1 yopec-puéin ¢ EE opadomomnkay pe Pdon tic emtdocelc
TOVG OE OVTEG TIG TEVTE OLOOTAGELS KOl LEAETHONKAY TOpAYOVTEG IOV enNpedlovy TOV
veviko ogiktn DESI. T tig avaidoelg pag oyxetikd pe 1o AEIL v avepyio kot Tig
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opeg gpyaciag ypnolpwomomdnikoy dedopévo NG XTOTIOTIKNG YZANPESIOg TG
Evponaikng Evoong (Eurostat). Amd t pehétn g eEEMENG TV méVTE S06TACEDY
tov ociktn DESI mopatnpioape mmg GUVOAIKA LRAPYEL GNUAVTIKY SPOpd TOV
emdoceny Tov yopov ¢ EE ota &t 2014-2019. ITo ovykekpipévo, n péon
Spopd ot S14oTaCT) LVVOEGIROTITA TOV OPOPE OTIC TEYVOAOYIKES VIOOOUES, OO
xpdvo ce YpOVO Elval OTOTIOTIKA ONUOVTIKY KOTL ovopevopevo kafdg ot m
dudotaon Bo Aéyape 0Tl amotehel tn Pdon mov Oa dDGEL TOV AmapaiTNTO YHOPO KoL
TPOTO Yo Vo pmopécovy va eEglyBoldv kat ot dAleg dwotdoels. T Tig dlaoTdoels
AvBpomvo Kepdharo kot Xprion Yanpeoiov Awediktdov SOmICTOGOUE TG
TAPOTL VIAPYOLV Ol TEYVOAOYIKEG LTTOOOUES, Ol YNQlakég 0e&10TNTEG Kal 1 ypNon
VANPESIOY JOSIKTOOV KABLGTEPOVY VO EUPAVIGOVY GTATIGTIKG CMUOVTIKY dlopopd
Kétt Tov mBavd va opeileton oto OTL Ypeldletal ypdvog dote o mAnBvouds vo
efowkeimbel pe ™ véa TEYVOAOYIDL KOL VO KOTOVONOEL TMG WMOPEl vo Tnv
eKpeTolevTeEl. ATO T peAETn uag vy T dwdotoon Eveopdtmon ¥Ynoewoxig
Teyvoroyiag mOV APOPE GTO MAEKTPOVIKO EMXEIPELV KAl GTO MAEKTPOVIKO EUTOPIO,
TOPOTNPYCOUUE CTATICTIKG ONUOVTIKEG SLAPOPEG GYEOGV OV dEVTEPT YPOVIE KATL TTOV
umopel va amodobel oto OTL Yoo Vo YiVEL O YNOUIKOC WUETACYNUOTIOUOS TOV
EMYEPNOEDV amoTeiTOL €va €DA0Y0 YpovikOd dtdotnua. Télog, yw tn didotaon
Ynowokég Anpéoieg Ynpesies mopatnprGoE GTATIOTIKA CUAVTIKES S10.popEg Oyt
petal&d OAMV TOV ETMOV KATL OV TOOVA Vo OQEIAETOL GTIC TPOTEPULOTNTEG TTOV diveEL
KG0e ydpa, ToL gite EGTIALEL GTOV EKGLYYPOVIGUO T®V EOVIKDY TUADV TNg €itE GTNV
TOALTIKY] TV OVOLYTMOV SESOUEVOV.

> ovvéyew, spapudcoue TN pébodo opadomoinong K-means pe oxomd va
opadomomoovpe TG yopeg-puéAn g EE ue Bdon tig emdooelg tovg ot mévie
dwotdoelg Tov deiktn DESI. Xvpnepaivape 61t vapyovv dvo opdadec 6TI Omoieg
Kkatavépovtot ot yopes-puéAn g EE pe Bdon 11g emdoceic toug otig mévie d100TAGELS
tov deiktn DESI. Eyovpe pio opddo mov anotedeiton omd ydpeg e VYnAEC EmOOGELS
KoL ol Opado e YopmAEg emOOcELS avTioTolya o€ OAEG TIg dtaotdoelc tov DESI.

Téhog peletnoape 1 oyéon mov cuvvdéel to oeiktn DESI pe mopdyovteg mov
oyetiCovion pe vV avamruén pog yopog Omwg To KOTd KeEPOAV Axabdpioto
Eyyopio Ipoiov (AEI), o pécog apbudg epdopadiaiov opdv epyaciog kot 1
avepyia. KataAn&ape oto 611 0 deiktng DESI npdypartt ennpedletor onpoviikd and
TOVG dVO TPATOVG TUPAYOVTES.

Evelmiotodue n mapovoa epyocio vo amoteléoetl £pEBioUa YL T CLGTNUOTIKOTEPT
HEAETT TOV YNOLOKOV ETOOGEDV TOV YOpdv-ueAdv g EE ta endpeva étn. T pia
de&oducotepn perétn tov deiktn DESI, 6o propovoav 6to Tpotevopevo LOVTELD Va
evoOUaT®OOUY Kot GALOL KOIVOVIKO-OIKOVOULKOL TTapayovTee Kot vo, ueretnbodv mio
ovvheta povtéda pe aAANAETOPACELS.

H oOyypovn xowvovia kot owkovouio oAAdlovv pilikd Kot 0dnyovvtal oTnv
ymotomoinomn tovg Kabdg 1 avantuén tov TIIE eivorl paydaio ta tehevtoio ypdvia.
Av emumhéov AdPovpe vTdym Kot TIC VEEG OVAYKES TOV TPOEKLYOV OO TNV TOVOnUio
COVID-19 yio epyaocia, yoyoymyia, €TKOWVOViK, €KTOIOELON KOl OyOpéG LECH
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dwdktoov  kotoAofaivoope mOcO emraxTiky etvar M avdykn g EE  va
mapokorlovBel kol va axolovBel Tig e€edifelg. Avopévovpe TNV amotOTOOT TG
YNOLOKNG EIKOVOG TNG KOW®VING Kot Tng owkovouiog yio to 2020 péow tng éxbeong
DESI 2021.

ABSTRACT

The rapid development of Information and Communication Technologies (ICT) in recent
years, has brought about significant changes in many social sectors such as communication,
economy, entertainment and others. The European Union (EU) in order to define the key role
that ICT will play in its development course, has developed a composite indicator, the Digital
Economy and Society Index (DESI), to assess the digital performance of its member states. In
the current work an attempt is made to assess the development of the digital economy and
society in the EU by studying the five dimensions of the index DESI for the years 2014-2019,
using the corresponding DESI reports (DESI 2015-DESI 2020). Our aim is to study the five
dimensions of the DESI index and group the EU member states based on their performance in
the five dimensions using well-known clustering techniques. EU member states are classified
in two groups, one with High and one with Low performance in the five dimensions of the
DESI index. The evolution of each member country and the possible transitions from one
group to another during the years 2014-2019 is also a point of interest. The grouping of EU
member states into the two groups showed that socio-economic factors may affect the overall
DESI index. Mixed effect models confirm the effect of Gross Domestic Product (GDP) per
capita and the average number of weekly working hours on the DESI index, which, however,
is not verified for unemployment.
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NNEPIAHYH

"Evog tumikdg tpdmog eAEYYOL TG OMOTEAEGLOTIKOTITOS KEQOAOLOYOP®V Vol 11 cUYKPION TNG
OmOS00NG TEYVIKOV GUVOAAOKTIKOV KOVOVOV £vavTl NG OTPUTNYIKNAG TNG Oyopds Kot
dwakpdtnong. Xto mapdv TPOTEIVETUL EVOG EVOALOKTIKOG TEXVIKOS Kavovag mov otnpiletat
oToV Kvntd SldpUeco Kot cLYKPIveTal 1 TPOPAERTIKY TOV KAVOTNTO GTO XPNUATICTHPLO
A&idv AOvav pe oot Tov SNUOPIAEGTEPOV TEYVIKOD KOVOVO TOL KIVITOD HEGOV, LE KoL
YOPilg KOOTN cLVAALAYDOV. ATO To EUTEIPIKA EVPNULATA TPOKVTTEL OTL G K(BE mepinmTon N
TPOPAETTIKN KAVOTITA TOV KIVITOV SLAUECOV EVOL VYNAOTEPT OO LTI TOV KWWNTOV HEGOL.
Xopig k6o ocvvaliayd®v Kot ot Vo Kovoves 0modidovv KoAvtepa NG wAONTIKNG
OTPATNYIKNG, CUVETMG 1) VIODECT] TOV OTOTEAECUATIKOV ayopdv omoppintetol. Eicdyovrag
OUMOC GLVOALOKTIKG KOOTN, OGAV T 1GYVOVTO GTNV GLYKEKPIUEVN AyOpd, TPOKVTTEL OTL Yl
éva Beopud emevouTt glval duvotd, £0TM Kol OPLOKE, VO VITEPVIKNOEL TV ayopd, 0AAL KATL
TETO10 OEV 1oYVEL Y10 VOV TUTIKO PIKPOETEVILTT, AOY® LYNAOTEPOV GUVOAALUKTIKOD KOGTOVG
Y. TOV TEAEVLTOI0. XVLVETMG, O€OOUEVOD TOV KOGTOLG GUVOAAOYMV 1 OTOPPIYN N UN TNG
VIOBECNG TOV UMOTEAEGHAUTIKOV KEPAAALOYOPDOV EEAPTATOL OO TNV TOVTOTNTO TOL ETEVOVLTH.

Aéeic Kherowa: Teyvikn Avéivon, Amotelespatikdémnto Ayopav, Kwntog Mécog, Kivntog
Aldpecog, Xpnuotiotiplo Adnvov

1. EIZATQI'H

H dvvoatdémro mpdPreync TV HEAAOVIIKOV TILOV TOV HETOYOV 0ond TIC
mapel0oboec Kol TPEYOVGES TANPOPOPIEG, TO (QOPUOMOTIKA M VLEObeon TV
OTOTELEGUATIKDY OyopmV, €ival €évo OmO To 7O ONUOVIIKE OVTIKEILEVO TG
GOYYPOVIG XPNUUTOOIKOVOLUKNG Bewplag, OG0 Yo T Bewpntiki Tov a&ia, 660 Kal
YW TIG EMATOOEIS TOV OTILG ENEVOVGEIS. AV KOL 1] OTOTEAECUATIKOTNTO TOV OLyOPDV
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opileton dapopetikd amd ddpopovg cvyypagpeic (Black, 1986, Malkiel, 1992,
Milionis, 2007), o opwoudg mov éxel kabiepwbei opeiletoan otov Fama (1970).
SOUQOVE [LE ALTOV TOV OPIGUO, Mo Oyopd &ivol OTOTEAEGUOTIKN €0V «Ol TIUEC
"ovTavakAoov"  TANpog OAeg T Owbéowueg  mAnpopopiecy. H  KAaooikm
KOTNYOPLOTOiNGT), KATATAGGEL TV OMOTEAECUATIKOTNTA ¢ acBevodg popeng, dtav
TO0 GUVOAO T®V TANPOPOPLOV TEPIAAUPAVEL TIG TIHES TOV TapeABOVTOG, PEONS-16Y00G,
OTOV TO OUVOAO T®V TANPOQOPIDV TEPIAQuPhvel Oleg TG OMUOCLO Ol00EGIEG
TANPOPOPIES KOl 1GYLPNG LOPONGS, OTAV TO GUVOAO TV TANPOPOPLOV TEPAUUPAvEL
OLeG TIG OMUOCLe N WOOTIKA SLoBECIIES TANPOPOPIES. LTOVG YVAOGTOVG EAEYYOVGS Yo
v mpoPreyiponta tov omoddcewmv (Fama, 1991) 1o dwbéoipuo mAnpopoplakd
GUVOAO, €KTOC amd TIG mapelbovoec Tuég, umopel emiong vo meptlouPavel edkd
YOPOKTNPIOTIKA TNG EMYEPNONG. X€ U0 OMOTEAEGUATIKY] OYOPd, TO OOTEAEGLOTO
TOV ELEYYOV Yo TNV TPOPAEYIUOTNTO TV am0d0GEmY dev Ba mpémel vo amoppintovy
N undevikn vdOeon, oty omoia o1 amodocelg eivor un TpoPAEyiues.

Méypt 115 apyég g dexoetiog Tov 1990, 10 YEVIKO CUUTEPAGLLA TOV AVEKVTITE OO
T  OWOTEAEGHOTO  TOV — TWEPICCOTEPMV  EUTMEPIKAV  EAEYY®V Yoo TNV
OTOTEAEGUATIKOTNTO TNG ayopdg MoV 0T, pe Alyeg e€apéoelg, n vmdbeon TV
OTOTELEGULOATIKMY KEPOAOLAYOPDV OEV OMOPPINTETAL, TOVALYIOTOV GTNV achevi Kot
péonc-oyxvog popoery tng (Fama, 1970, Fama, 1991, Elton and Gruber, 1995).
Q61660, GTIC TO TPOCPUTEC EPEVVNTIKEG EPYUCIEG 1 VITOOEST TOV OMOTEAECUATIKOV
AYOPMOV OTOPPITTETAL GLYVEH, aKOUN Kot otV aclevi ¢ nopen. o Tov eumelpikod
EAEYY0 TNG AMOTELEGUATIKNG ayopds acBevovg oyvog (Weak-Form Market Efficiency
(WFME) éye1 ypnowomomBel o ogipd omd uebodoroyikég mpooeyyioelg (Fama,
1970, Fama, 1991), o1 onoieg pmopovv va taivounbovv ce 600 KOPLEG KATNYOPiES:
(0) apydg ototiotikoi-otkovopetpikol Edeyyol katr (B) éleyyor mov Paciloviar og
GUVOAAOKTIKOVC KOVOVEG TNG TEYVIKNG OviALGONC.

NV TpOTN Kotnyopio 1 omoTEAECUATIKOTNTO TG oyopdc Ba mpémel amapaitnto
Vo EAEYYETOL GE GUVOVAGUO HE EVOL VTTOOELYLO, OTOTIUNONG TEPIOVOIAKMY GTOLYEI®V,
t0 omoio Bewpodpe OTL mapdysl TIg VIO GLVONKN TPOcdoKieg TV AMOOOCEDY TOV
TEPLOVOIOKDV oTowyginv (mpdfinua Kowng vmobeonc). X dgbtepn Kotnyopio ot
amodOGEC OV  TMPOKOMTOLY  Oamd TNV EQOPUOYT]  GUVOAAOKTIKOV — KOvVOV®V
GLYKPIVOVTOL AUESH LE TIG AVTIOTO(ES AmOOOGELG TG TaNTIKNG oTpaTNYIKNS (ayopd
Kot Stakpdrnon). Me tov tpomo avtd 1 LIOBEST NG OMOTELEGUOTIKNG ayopdg
ac0evoug 1oyvog e€aptdtatl Aydtepo amd £va VIOJEYO amoTiunong, kabdhg n uovn
vo0eon Tov vioBeteitar givar 6TL o1 TIEG axorlovbolv pia dadikacio submartingale
(onAadn E(Ru|®) > 0 omov E eivor o TeEAeoTNG TG OVOUEVOUEVNG TIUNG KoL
E(Ru1|®y) eivar m ovapevopevn amddoon tn ypovikny otiypn t+1 doBéviev tov
draféotuwv TANPoeoptdY uEypt T ypovikn otryun t (@), Av kat ot TpMdTEG EPYOTieg
YL TOV EAEYYO TNG OMOSOTIKOTNTAG UE TN XPNOT| TEYVIKAOV GUVOAAUKTIK®DY KOVOV®V
£dei&av un andppryn e WFME (Cowles, 1934, Fama and Blume, 1966) vrip&e pia
avalomopoon g épevvag petd v onuaivovoa gpyacio tov Brock et al. (1992),
OTNV OTOoil0 TEKUNPIOONKE 1 TPOPAETTIKN KAVOTNTO TOV TEYVIKAOV GUVOUALUKTIKGOV
KOVOVOV.
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Meto&h TV Kavovev g TeVIKNG avaAivomng, ot omoiot gival padnuotikd koald
opwopévol katd v €vvown tov Neftci (1991), avtdg mov ypnoomoteitan cuyvotepa
Ao TOLG EPELVNTEG YO TOV EAEYYO TNG OMOTEAEGLOTIKOTNTOC TNG Ooyopdg €ivar o
kwvntog uécog (Moving Average (MA)). Ilpdypoti, o wovovag MA  éyxel
ypnoononbel extevdg omd TOALOVS PELVNTEG KOl Yo TOAAEG ayopés Ke@oAaiov
Kot cuvalhaypotog (.. Brock et al., 1992, Hudson et al., 1996, Kwon and Kish,
2002, Olson, 2004, Cai et al., 2005).

H ocvwvnBéotepn exdoyn tov ypnotpomnolel 600 Kvntovs PEGOVS Pe SLPOPETIKO
LNKoG, ot omoiot vwoAoyilovtal amd TNV YPOVOCEPE TV TWMV £vOG a&loypdpov 1
evog deiktn):

1 _ "
MAS, = (5215 6:B'P,)
MAL, = (iz?’z‘ﬂl 6,B'P;) peN>M,

omov 0 MAS; avtitpocwnevet tov Ppoyd MA pe unkog M vroloylouevog 6to xpovo
t kor 0 MAL; avtimpocwnevet Tov ektevéstepo MA pe pikog N. Py etvon ) tipun Tov
agloypdpov 1 Tov deiktn oto ypdvo t, B; elvar pun ypovikoi Tapdpetpot ko B givar o
TENEOTAG YPOVIKNG voTépnone. Ta ofpata ayopdc dnpovpyodvor otoug xpdvoug 72,
omov:

tf = inf{t:t > 1%,MAL, — MAS, > DP,_, }

KOl TOL GNUOTO TOATONG ONUIOVPYOVVTAL GTOVG XPOVOLG Ij"-q , OOV

w7 = inf{t:t > 17, MAS; — MAL; > DP,_, }

Ot apykoi ypdvor IE Ko Ig opifovtat icot pe pndév kot 1o D glvar to yvwotd gvpog
{dvng (o mpoxaBopiopévn un pundevikn otabepd).

ZOHQOVE e TNV TEYVIKN aVAALGT, 1 andd00T] TOL GLUVOALAKTIKOV Kovova MA
Beltioveton av ovvdvaotel pe dAlovg deixteg (Murphy, 1999). Qotdco, av
€0TIAGOLE GTOV TLPNVO, TOL Kovovo MA Tng teyviKng avdilvong yivetal eOKoAa
AVTIANTTO OTL YPNOUOTOLEITOL O HECOG MG M0 GTUTIOTIKN TNG KEVIPIKNG TAGTG.
Avoueiofnmro, o HECOg £€YEl GLYKEKPIUEVO, TAEOVEKTAUOTO GUYKPITIKA UE CGAAQ
UETpOL KeVTPIKNG TaonG. o mapddetypo, yioo GLUUETPIKOVE TANBLGUOVS TO0GO O
OEYUOATIKOC UEGOG OGO KOl O OELYHOTIKOC OLAUESOC Eivol GUVETEIS EKTIUNTEG TOV
mnBuvopokod pécov, oAAG O OEIYHOTIKOG HEGOG €ivOl OCVUTTOTIKG 0 PBEATIGTOC
EKTIUNTNAG ToV TANBvoulakoD pécov. Ao tnv aAAn PéPaia, o didpecog emnpedleton
MyOTEPO amd TIG AKPOIES TYWEG CUYKPLTIKG, Le TO HECO. ¢ ek TovTOV, Dempovue OTL
glval  evol0PEPOV VO TPOTMOMOU|GOVHE TOV €V AOY® GUVOAALOKTIKO KOVOVO,
avTIKOO1GTOVTOG TOV Kivntd PEGO HE TOV KvnTd SIIUESO KOl KOOMG 0 TEAEVLTAIOG
emmpedletor Ayotepo omd TIC oakpaieg TEG mBavoloyovpe Ot PeAtuidveral m
TPOPAETTIKY TOL IKOVOTNTOL.
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Avopopwd pe TV emAoyn Tov €Vpovg TV dvo MA TOv KOvova, OTIg
TEPICCOTEPES ONUOCIEVUEVES HEAETEG YPNOLULOTOLOVVTOL GUYKEKPLULEVOL GLVILAGLOT
oV Bpoayémg Kol Tov EKTEVEGTEPOL KivTov pécov (my. Brock et al., 1992, Hudson et
al., 1996, Mills, 1997). Ot cvvdvacuoi mov cuvhbmg emAéyovtal givar avTol O
YPTCLLOTOLOVVTOL TEPIGCOTEPO OO TOVS OVOALTEG TNG OYOPAG KOl 1) ETLAOYT TOLG
glval, TOLAGYIeTOV 08 Kamolo Pabpod, ovbaipern.

Xe auTn TV epyacia, apyikd EI0AYOVUE EVAV EVOALOKTIKO GUVOAAAKTIKO KOVOVOL,
®¢ o Tpomonoinon Tov TEXVIKOV kavove MA, o omoiog vmoloyilel tov Kvntd
dupeco avti Tov KvnTod PEGOL KOl XPNOLUOTOWVUE YU QLTOV TOV OpO “KvnTog
duapecoc” (epeéng MM). Ev cuveyeia, extipdpe Ty mpoPAERTIKN IKOVOTNTO TOGO TOV
KWvNToU SIGUEGOL 0G0 KOl TOL KIVNTOD UEGOL KOl GUYKPIVOVUE TIG 0TOOOCELS TOVG,
vroloyifovtag TovTOYpove OAOVLG TOVG GLVOVOGHOVS TOL €VPOVLS TOLG. TEAOC,
Aoppdvoope vwodYn TO TPOYUOTIKO GULVOALOKTIKGA KOGTH 7OV  1GYVOVV  GTO
Xpnuoatiotypo A&lov AOnvav kKot TopovctdlovUE TIC EXUTTMOELS TTOV EMLPEPOVY,
aQPeVOS OTNV OIAS00T TV VIO £EETACT CUVOAAIKTIKOV KAVOVOV KOl APETEPOV GTOV
€\eyyo ™ VIOHEGNC TNG UMOTEAEGUOTIKNG KEQOANLOYOPAS aicOevoDg 1oy doC.

2. AEAOMENA KAI MEOOAOAOI'TA

2V mopodco, LEAETT ¥PNOIUOTOMONKAY 01 NUEPNGIES TIUEG 0TO KAEIGIo 0md TO
I'eviko Acgikt (epeéng TA) tov Xpnuatiotpiov Alidv AOnvav (speéng XAA) yia
v epiodo 02 Tovviov 2014 émg kot 31 TovAiov 2020. To Xpnpatiotipio ABnvav av
ka1 evtaydnke to 2001 o Yopeia TV avanTuypévav ayopav, otig 21 Maptiov 2016
vroPabuictnke oty KoTyopio TOV TPONYUEVOV GVOTTUGGOUEVOV QYOPDV OO TOV
oixo a&oroynong FTSE. H gv Aoym vroPfdfuion amodddnke 1660 otov emPefinuévo
epoplopd Keparaimv tov 2015 ko onv mawvon Aeitovpyiog tov XAA v méVTE
gPdouddeg 0 Korokaipt TOv 10100 €TOVg, OGO Kol GTNV OdLIKOTN OoTAdEW TNG
EMMVIKNG okovopioag. Xto Zynua 1 eaivetor n mopeio tov ['A 610 cvyKeKpUEVO
YPOVIKO SLUCTNUAL.

> ovvéyeln efetdotnke kol pio vromepiodoc mepimov 4 etdv, amd 24
DdePpovapiov 2016 ¢ kot 16 Maptiov 2020, katd v omoia 1 tiuf tov I'A ékhelce
TOAD KOVTA otV TN ekkiviiong Tov. H emloyn avtig g vmoneptddov amockonel
OGTNV OTOGVVOEST] TV ATOTEAEGUATOV OO cLYKEKPIUEVT TTopeia Tov I'A kot mhovng
uepoAnyiog (return metric bias) oty a&loAdynon g amdOOGNG TV TEYVIKOV
KOVOV@OV. Zovendc, peretninke o tepiodog £EL etmv katd v omoia o I'A ot AHén
ONUEIMCE ONUOVTIKEG OTMAELEG KoL U0 VTOTEPTI0O0G TECCAP®V ETOV KATA TNV ONoio
n T tov I'A ot A\én mapéueve oto apykd g eminedo, mopd TIG EVOLOUETEC
SloKLUAVoELS.
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Zynua 1. Aiaypouua I'evikod Aeixry tov Xpyuatiotypiov A&iwv ABnvaov

FA XAA nepiobou (02/06/2014 - 31/07/2020)

H emhoyn G ovyKekpéVNg
. eptodov TV €L €TV, UIKPOTEPNG
CUYKPITIKOL HE TapOHOlEg HEAETEG,
s00¢ apevog Bempeltor  ©¢ pa PO
TPOCEYYIOT] TOL OAOL  EYYEPNUOTOG
Kot opetépov  efummpetel MV
o aes s e s es e TOPOOOYN OTL KOTE TN SIGPKELN TOV O
TEYVIKOC  Kavovag — EMITAGGEL TNV
TOPOUOVT] TOV PELGTOMOMUEVOL KEPOANIOV E€KTOG ayopdc, avutd eival Gueca
dwbéoo oe évav TpeyovUevo TPOmElIKO Aoyoplacud xwpig mpocsHnkn TOK®V.
Yo0emOnke avt) N Bedpnon 010t 0 dKaLOOUEVOS TOKOC gival aueAnTéOg Kot dgv
emnpedlel To TUPUYOUEVO OTOTEAEGLOTO, AOY® TV GYEOOV UNOEVIKDV EMTOKI®V TOV
EMKPATOVGOV TNV VIO pelétn mepiodo (2014-2020).

Apywcd, viobetdvrag ™ pebodoroyio twv Milionis and Papanagiotou (2011),
vroAoyilovTal o1 amoddGELS TTOL TPOKVITOVY A0 TNV EPAPLOYN TOV TEXVIKOD KAVOVA
MA yw 6A0VG Tovg cVVIVAGHOVS ToL Ppayéws (MAS) Kot Tov EKTEVEGTEPOV KIVNTOD
pécov (MAL), mpokeipévou va Adfovpe vtoyn v gvoicncio TV anotelecudTov
amd TIG UETAPOAEG GTO UNKOC TOL KIVNTOU WEGOV. XTN GLVEXELWN, vIoAoyilovTal ot
amodOGEC TOL GUVOAAOKTIKOD Kovove MM pe v 101 pebodoroyion mwov
YPMNOLOTOONKE OTOV KIVNTO HECO. ZUYKEKPIUEVA, O Ppaydc Kvntdg SdUesog
(MMS) opiletar otabepdc pe unKog ico pe éva, EVO TO PUNKOG TOV EKTEVEGTEPOV
Kwvntov dduecov (MML) petafdrretarl and 5 €mg 100 pe Prna éva. Xtig e€lomoelg
VTOAOYIGLOV TOV KIVITOU HEGOL Kot KIvNToU dtipesov BETovpe OAES TIG TOPAUETPOVG
0i ioec pe ) povéda kat o gbpoc Ldvng D ico pe pndév. Or mocootiaieg omoddcelg
oV avakvTTovy oe kdbe egetalduevn mepiodo, amd TIG €V AOY® TEYVIKEG, Yo KGO
LKOG TOV EKTEVEGTEPOV KIVITOD SIAUEGOL 1] LEGOL dNUOVPYOVV Lo GELPAL.

IIpokeévon va d0bei otnv TOpovGa PEAETN L0 GOOPIKT OAAG KOl TPOKTIKN
TPOGEYYIGT, Ol AT0OOGEL Ad TNV EQUPLOYT TOV &V AOYM TEXVIKOV GUVOAAUKTIKOV
KOVOV@V VIoAOYioTNKaY AOUBAvOVTOC vmdyn Kol TO, TPUYUOTIKG GUVUALOKTIKA
KOOTN| 7OV EVLTAPYOLV OGTINV TPOUYUOTIKT] OIKOVOUIO, KOl GUYKEKPUEVA OTN
OgVTEPOYEVT] EAANVIKY KEQPOAQLOYOPA. X OAEG TIC OIKOVOUIKEG OVTOTNTEG 7OV
ouvaAldocoviot 610 XAA emiaAirovtal otabepd ko petafAntd kéotn eni g a&iog
TOV OLUVOAAOY®DV, KaODG Kot @oporoyia. Ewdikdtepa, ov ev Ady® emPapuveelg
mepthapPavouv ££00a EKTELECT|G CUVOAAAY®DV, OLOKOVOVIGHOD, eKKaBdpIonG, AOTEG
YPEDGES TOV XpNUaTioTPiov Kol GOPo €Ml TOV TOANCE®V, TOV OMOI®V Ol
mocooTaieg Kal otabepég ypemdaoelc eivar id1eg Yoo OAOVG TOVG GUVOAANGGOUEVOLC,
Ouwg, mépav TV avoTEP® YPEDCEDY 0l GLVAALUGGOUEVOL 6T0 XAA emPaphvovtal
Kot pe mpoundeta emi Twv cuvarldaydv, 1o Dyog g onoiog Kupaivetar amd 0% Emg
1% wor egoaptdtar amd TNV WOTNTO TOL EVIOAEN TNG OUVOAAOYNG. XULVETMC,
getdotniov TEVTE GEVAPLO OTIG OMOdOCEIS KAOE GUVOALAKTIKOD KOVOVO. XTO TPATO
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oevaplo amokpuoTOAAOVETAL 1) BepNTiK TPOcEyylon, Omov ot cuvaArayég dev
emPapvvovial pe OmoloONmOTE KOOTOG Kol @opoloyia. Xto dgbtepo oeviplo
vroloyifovtal ol amodocel; Yio Eva péELog Tov XAA, 10 omoio Ba gpapudcel TV ev
AOY® TEYVIKY o€ UEPOg Tov KepoAaiov tov. Ta péAn tov ypnuotiotnpiov, €xovv
undevikn mpounBeta eml T@V cLVAALAYDV KABDG dievepyolv TIg GUVOAALYES Yol (dtov
operog. To 1pito oevdplo aviumpocomedel Tovg BecpkoVs emevOLTEG, Y10 TOVG
omoiovg M wpoundela eni TV cvuvorhaymdv kabopiletar PACGEL IOIOTIKOV GLUPOVIDOY
Kot gKTIpdTon 0Tl Kopoivetat o€ mocootd and 0,1% péypt mepimov 0,2%. Xto té€t0pTO
ceVAPO  QVTIMPOCMOTEVETAL €VOGC  emayyeALaTiog WuDTNG EMEVOLTHG, O Omoiog
avtipetonilel petwpévn tpoundeto cuvoriaydv, frotr evdoektikd 0,5%. To wéumto
Kol TEAEVLTOIO GEVAPLO OVIUTPOCMOTEVEL TOV TUTIKO 1O1MTN UIKPOETEVOVTY, O OTO10C
VIOKELTOL GTN LEYLOTY YPEMON ML TNG TPOUN €S 0ve GLVOALYT], 1] OTTOLlOL AVEPYETOL
puéxpt kot to 1%. Ola ta avopepOUeVa KOGT GUVOAALY®DV TEPLYPAPOVTAL OVOAVTIKG,
otov akoiovbo Ilivaka 1.

Ilivarags 1. [1dons pdoews ovvalloktixa éEoda extelodviwy covatloyés aro
Xpnuaziotipio Acichv AGnvadrv, Pooer tye I104.1056/28.3.2011.

[pounBeta GuvaArayng Méyioto 1,00% emi g cuvailoyng
0,0125% eni g a&iog cuvailaync,
A éov 0,06€ ava evioan

'E€oda extéheong cuvorlaymdV

"E€oda dtokavovicpov, ekkadapiong 0,06% eni tng a&lag cuvorroymg,
KO AOUTEG YPEMCELG mAéov 0,75€ avd kivnt a&io
Dopoc TOANONG 0,20% eni g a&lag cuvarroymg

AxorovBawc, e&etdletonr n mboavy Vmapén povadwiog pilag oTlg TOPAYOUEVES
oelpéc TV amoddcemv kdbe oevapiov, dote va faxpifmbel av ot cepég sivan
OTACIUEG. Xe TepinTmon VTapéng GTAGOTNTOC 1 GEPE Do KupaiveTol £xovTag MG
onueio avapopdg évo péco eminedo, Pdost pog otabepng S10KOUOVONG. ZUVERMDG,
umopei vo, ypnoiponombel o Hyog Tov HECOV Amd TOV EKAGTOTE GUVUAAOKTIKO
KOVOVQ, MG TO VYOS TNG AVAUEVOUEVNC 0dO0CT|G TOV Kol 0T GUVEXELN VO, GLYKPLOET
HE TO VYOG Tng amdOO0CNG OmO TNV OTPATNYIK TNG OYopdag Kot JSaKpdTnong.
IIpokeévou avt 1 cbykpion va KoTaotel aE0TIOT TPAYHOTOTOEITOL EVOC EAEYYOGC
ONUOVTIKOTNTOG 6€ dtdotnpe epmiotoocuvng 95%. Edwodtepa, extipdrol 1o Sidotnpa
EUMIGTOCLVNG YOP® OO TNV OVOUEVOUEVT] OTOS0GT TOV GUVUALOKTIKOD Kavova, Kot
g€etdleton av To Hyog TG amddoong and TV TadNTIKN oTpatnykn PpiokeTon péca N
€€ omd ta OplaL AVTOL TOL SLOGTHUOTOC EUTIGTOGUVNG. OTmg Kol 61N HEAETN TV
Milionis and Papanagiotou (2011) n ev Adyw olOykpion omoAnysl o€ Tpeic duvatég
KOTOOTAGELG, OTIG OTOIEG 1] ATOO0GT] TOL EKAGTOTE GUVOAANKTIKOD KOvove givar gite
VYNAOTEPN EltE YOUNAOTEPM €ite O& Ol0PEPEL GTOTIOTIKG OO TNV 0omdd0oT TNG
TOONTIKNG OTPATNYIKNG. XTIC TEPUITMOEL, 7OV 1 OEPE TOV om0dOCEMY TOV
GUVOAAOKTIKOD Kovovo €xel povadiaio pila, avotnpd dev Kabiotatol QKT Mo
TéTOl0. CUYKPLOT), O10TL 1 OLOKVUAVOT TG oepdG dev givarl otabepn kol daypdpet
UEYOAEC TEPITAOVIOELS, ETOUEVMG 1) GEPA deV £xel 6TabEPO EMIMESO AVAPOPAG.
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Qo61660, Yo Tov Kafopiopd ToL SIUGTHHATOG EUTIGTOCHVIG YOP® OO TNV €V AOY®
avapevOUEVT anddooT, GTIG TEPUTTMGELS OOV 1) GEPA TOV AT0ddcEMVY gival GTAGLUN,
ATOITEITOL 0 VTOAOYIGUOG TNG Olakvpovong. Opmg, otnv mpokeévn mepintmon M
dlakopavon dgv pmopel vo ektiunfel pe to yvootd Bempnpa Tov SEIYUATIKOD HEGOV
v Toyaio detypota, 010tt ol amoddceLS TG oelpds epnpavilovy peta&d Tovg 1GYVPES
ocuoyetioelg kot O0ev amotehobv tuyaio Oeiypa. Ilpokeywévov va Eemepaotel 10
avoTépm TPOPANUO. vioBeTHONKE TO emawénuévo Bempnua TOL SEIYUATIKOD HEGOV
(Augmented Sample Mean Theorem, ASMT) yia tov vroAoyopd TG SrakduavoNG,
610 omolo AopPdavovtar vmoéYN KOl Ol TMEPWITMOES VRWAPENG  YPOLUUK®DV
aAAnAe&optiocv HETOED TV OElylaTIKOV TTapatnpnoeny (Aemtouépeleg divovran
otovg Milionis and Papanagiotou, 2013). Av ot tuyaieg petafintég Xi, Xo, ..., Xn
eppaviCouv ypoppikés aAinie&aptnoslg, TOTE OomotehoLV €va un tuyoio Oelypa
ueyé0oug N, and évo mAndvoud pe péco p kot dokdpaven 6. EmmpdcOeto, av pe pe
k=1, 2, ... copPoAriletl v GUVAPTNON AVTOGVGYETIONS Yo TG X1, X2, ..., XN, TOTE O
derypatikog pécog X eivar évog opepOMTTOC EKTIUNTAS TOL MEGOL [ Kol T
SLKOUAVOT TOL SEIYUATIKOD HEGOV diveTal amd ToV THTO:

(v-1) (N-2)

_ 2 2
VAR(X) = = (1+2—=p; +2——po =+~ py_1).

Avaeopikd pe tov éleyyo vy toxov vmopén povadwicg pilog ot GEPES TV
amodocemv akolovdnonke n pebodoroyio Twv Milionis and Papanagiotou (2008).
Apyikd, xpnooromfnke o o Kowdg Kat SNUOPIANG EAeyyog, owtdg Tov Augmented
Dickey-Fuller (ADF), evd ywo va evduvapmbei 1 aflomiotio tov anoteAeopdtmv
devepyndnke emmpocbeto 1 Tpononoinen Tov avetépm elEyyov and tovg Elliot et al.
(1996), o yvwotog éheyxoc ERS. Na onueiwbei 01t 0 YToAoyIGHOG TOV SLOCTHUATOC
EUMOTOOLVNG o€ KABe GUVAPTNGOT AVTOCLGYETIONG TPOyuatomombnke pe v
npocéyyion tov Bartlett (Bartlett, 1946) yio tv ektiunon tng dtakdpoveng, 1 omoio,
dtvetan amod tov THmO:!

1
VAR (p)==(1+2 X" p?)

omov k > m, N &ivou To mAN00¢ g 6EPAg Ko pk EIVOL 0 GUVTELEGTNG AVTOGVGYETIONG
v votépnon K.

H avotépo pebodoroyio spoapuootke yio kébe oevaplo Kot oTic dV0 TEPLOSOVC,
1060 UE TNV TEYVIKN TOL KIvNToD OGUECGOL OGO KOl HE TNV TEYVIKY TOL KWWNTOV
HEGOVL. ATTAOTEPOC OTOYOG Elval APeEVOC 0 EAEYYOG TNG TPOPAETTIKNG TKOVOTNTOS TOV
KIVNTOU OlGUeEcoV Kol 1] GUYKPIGT TOL HE TOV VPEME O100e00UEVO KOAVOVE TOV
KIvNTov  UEGOL:  OQEETEPOL 1 avAdElEn TuxOV Ol0QOPOTOiNoTG OVANESH OTo
e€etaldpeva oevdplo oty enitevén N Un VLEPVIKNONG TG YOPAS Ao TNV EQOPLOYN
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Iivaxag 2. Amoteléouora Aéyyov povaolaiog piog Kol Ta EKTYULMUEVA OTOYOOTIKG,
uovtéda ARIMA (p, d, ).

Kumrtog Avdpecog Kwnrtoég Mécog
Xevapo "Eleyyog 210Y00TIKO "Eleyyog 2T0Y00TIKO
2TOGYOTNTOG Movtélo 2TOGOTN TG Movtélo
Ilepiodog : 2014 - 2020
Xopig R+L ; 707’§27RL-_1 Trhoun RL=0,39R..1 +
Koo & Ytéoun cepd 0 3’9R "'i_ celpa 0,47R» + 0,80¢L1
DSpov oL (ADF 90%) +eL
povs 0,63eL1 + &
ML RL =-29,08 RL=-27,76 +
X & Ofmm N setown oo | H128Ru- | Etdoum | 17Ri1-0,74Ri-
{gﬂ“ N HNGEPA T 0 38R, 4 - e 0,791 + 0,203
p 0,55¢1 + g +eL
_ RL =-57,49 +
Enayysku * Ztdoun oelpd R.=-82,29 Ytéoun 1,65RL.1- 0,67R.2
rlag e 1d +O37L+ epd | -083e.+ 0,37
Emevdutic METAON 1 g 90R .y +e | O T

, , | R.=-9663 , R =702
Epacitéyvneg | Ztdown oepd + 0350 + 2taouyun 2,2R1-17R > +
Enrevdutig Le Taon 0 87I,? +e oelpd 0,48RL3-1,51e.1

! L1 L +0,86g.2 + g

, RL =-43,68 . _

Oeokodg Stéom oepd +LO 96R, 1 - Ythoun R. =-40,42 +
Enrevdvtig 0 1dRL-7 + 6L celpa 0,96R 1 + g
Hepiodog : 2016 - 2020
Xopig R, = 5165+ Ythoun RL=53,29 +
Koom & Ytaoun celpd 092R ' +e celpd 0,93R.-1 + 0,33¢L8
ddpovg Pt TR | (ADF 90%) +eL
. . RL =26,29 +

)1\2[87”09 | Toxedos g -2775+ | staowm | 1,97Ri1-0,98Ri;-

dlantiaddl TEPIATOS HE | 0 92R 4 + &1 ogpd 1,14g 1 + 0,19¢,3
piov EKTPOTN +e
Emoyyehpo- , I RU=089RL: | ZTEOWM | R = 6219 +1,01L
Tiog Ytdoun cepd re oepa 1UE +0.95RL + &y
Emevévnc téion ' ]

. _ . RL=193R.1 -
Epoouéeme | o oo oeps | R OORL | ETdoum g g4 10 846,
Emevovtc +eL cepd e,
@copiKée Ewlf;ﬂgi‘p“ R.=0,33L + gg%‘:i’l RL = 0,43L +
Emevovtc (ERS 90%) 0,92RL1 + gL o 0,95RL1+ &L
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TOV &V MIYO TEYVIKOV KAVOVOV KOl Ol OTOPPEOVCES EMUMTMGES GTOV EAEYYO TNG
ATOTELEGATIKNG 0yopdg acBevoig 1oybog.

3. AIIOTEAEXEMATA KAI XXOAIAXMOX

Ytov Ilivaka 2 Topovotdloviol To omoTEAEGUATE TMV EAEYXOV Yio TUXOV VTopén
povadwaiog pilag oTig mapayOUEVES GEPES TOV OMOOOGEMY, KOOMG Kol TO aVTIGTOLYO
EKTILDOMEVO oTOY0oTIKO poviého ARIMA (p, d, q). Xe «dmoleg TEPTOGCELS
amotnOnke M TPocONKN YPOUUIKNG TAONG. ZOUE®VOE UE TO OTOTEAEGUOTO OAES Ol
oelpég elval oTAGIUES, TANY NG TEPITTOGNG TOL HEAOVS TOL YPMUATIGTNPIOV UE TOV
Kavove Tov Kivntov didpesov oty vronepiodo 2016-2020. Kabmg sivar yvwotd ot
éleyyot ADF kot ERS éxovv BéBata yaunin 1oy0, Ouwme oty mepintmon mov Ppébnke
povadwaia pia m obykpion G 0mOd0ONG TOV GLVOALOKTIKOD KOVOVO LE TNV
Ntk otpatnywn Olevepyeitor pe  em@OAagn. Xt vIOAOMES, OTAGLUEC,
TEPMTMOGELG 1) €V AOY® GVYKploT devepyeitar o€ ddotnpa epmotoovving 95%.

X ovvéxeln e€etdletor To Hyog NG avoUeEVOUEVNS amOO00NG Kol 1 TLTIKY
ATOKAMON TOV €V AOY® GUVOAAIKTIKOV KAVOVOV 6€ KABE GeVAPLo oTIg dV0 TEPLOSOVG.
Bdocel tov anotelecudtov, ta omoia amotvadvovtal otov [livaka 3, mpoxdntovv
EVOLIPEPOVTO, GLUTEPAGUATO. ATTOvcio Popoloyiag Kol TAoNG @Voemg 500wV emi
TOV GLVOAAOYDV, O KOvOVAG TOV Kvntol OlGUECOV Tapovcotdlel vymAdtepn
AVOUEVOUEVT] amOO00T] GUYKPITIKG HE TOV Kavove, Tov Kivntod uécov. Eidikotepa,
omv mepiodo 2014-2020 m avapevopevn oamddoon Tov KwnTtov Olduecov eival
vynAotepn kotd 2,12%, eved oty mepiodo 2016-2020 1 Swapopd vt apPrvvetol
rat depopemvetor 6to 0,1%. Avtibeto, oto vTOAOO GEVAPLL, OOV VTEIGEPYOVTOL
KOGTI GUVOALOYDV Kol POPOLOYia, 01 VYNAOTEPES ATOOOGELS TOV KIVNTOD SAUEGOV
eEablmvovtal. e autd To GEVAPLO O KAVOVOG TOL KWWNTOD SIAUEGOV dloypaQEL
YOUNAOTEPEG OMOSOCELS GUYKPLTIKG HE TOV Kvntd HECO, evd M &v Ady® Sopopd
av&AveTal avoloyikd pe v avénon g Tpoundetlag ent tov cuvoriayov. H dtapopd
petald TV amoddceV TOV 000 GUVOAAUKTIKOV KOVOVOYV, GTO GUYKEKPLUEVO
oevapia, ivar evtovotepn oty wepiodo 2016-2020.

H abénon oto pvbuod e&acévnong g avopevouevng omddoong tov Kivntoh
Slapuecov, 660 aLEAVOVTOL TO GUVOAAGKTIKG KOOTH, KOOIGTA TIC 0m0dOGELS TOV
KWvNTov HEGOL GLYKPITIKA LYNAOTEPEG. AVLT M aviloTpo®n otov "Mmyétn" g
OVOUEVOUEVNG 0mddooTg opeidetal oTov VYNAOTEPO aplBud cuvoALaYDV OV
EMTAGGEL 0 KOVOVAG TOL KIVITOD O1AUECOV GLYKPLTIKG UE TOV KOVOVE, TOL KV TOD
UEGOL GYESOV Y1 OAOL TOL UNKT] TOV EKTEVEGTEPOV KIVNTOV JAUEGOV. AVTN 1 dLapopd,
glval ELOOVNAG OTO CLYKPLTIKG S10YPALLLLOTO TOV ZYLOTOG 2, GTO 0010 VITOTLITMVETOL
0 ap1Bu6g TV cuvorhaymv Kabe Kavova o€ kibe mepiodo.

Mo GAAN onuavtiky Seopd HETald TV 000 GUVOAAOKTIKOV KOVOVOV
TOPOTNPEITOL GTNV TUTIKT ATOKAIGT TG GEPAG TOV OMOdOCEMY TOVG. ZVYKPIVOVTOG
T1g TipéG Tov Ilivaka 3 kot otig 600 e&gTaldpeveg TEPLOSOVE KoL 6€ OAO TO, GEVAPLA M
TUMIKN ATOKAIGN TOV Kivntol O1dpecov eival aetntd pkpdtepn o€ ox€on HE oV
Tov kvnTov pécov. H dapopd avty kopaivetor amd 24% €wc 55% kou givar mo
&€vtovn v mepiodo 6mov M ayopd mapéueve otabepn (2016-2020). Meyiotomoinon
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g Opopdc TapaTnpeiTal TNV TEPITTOOT TOL TUMIKOV UIKPOENEVOLTH, GTNV 1010
mepiodo, Omov KaTaypapetal 55% vymAidtepn TLUMIKY| OTOKALIGN OTIG ATOOOGELS TOV

KWvNToU LEGOV GLYKPLTIKA e

OVTH TOL KIVNTOV JLAPEGOV.

Iivakag 3. Amoteléouota s avouevOUEVNS ArOd00HS Kol THS TOTIKNG ATOKAIONS
KaBe oLVOALOKTIKOD KavOVa ave 6evaplo kKoBwe Kol i omodooh TS To.oOnTikne
otpatnyikis. (¥ = anotéleouo pe empovlocn)

Kwnrog Avdpecog | Kwvntog Mécog Ayopd kot
E&etalopeva Zevapia E(R) - E(R) - AlaK(po/(:)mcn
Xpovikn [Iepiodog : 2014 - 2020
Xopig Koot & dopovg -10,99 3,78 | -13,11 4,89 -50,40
Méhog Xpnuoatiotnpiov -30,17 3,12 | -29,33 4,25 -50,58
Enayyeipatiog Enrevovtig [ -61,98* 351 | -57,48 5,05 -51,08
Epacitéyvng Emevévtig -78,25* | 3,19 | -73,05 4,76 -51,57
Ocokog Emevovtig -44.,13 3,37 | -41,30 4,81 -50,76
Xpovikn [Iepiodoc: 2016 - 2020
Xwpic Koot & ®Pdpovg 47,63 5,86 47,53 7,30 2,13
Méhog Xpnuatiotnpiov 27,01* 5,20 29,75 7,89 1,77
Enayyeiuatiog Enevovtig -14,15 7,76 | -631* | 1112 0,75
Epacitéyvng Emevovtig -40,17 8,42 [ -29,87 | 13,00 -0,26
®eopog Emeviutg 12,92* 5,82 18,77* 8,81 1,47

2ynua 2. ApiGuoc oovalloymv kivytod d1duecov kai KIVRTOD UEGOD
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Ocov agopd to. amoteAéopato TG cVYKPLoNG HeTad TV 0modoceE®mV TV 600
GUVOALOKTIKOV KAVOVOV £VAVTL TNG GTPOTNYIKNAG TG ayopds Kot dtakpdtnong avtd
mapovctalovor ypaeikd yo. v wepiodo 2014-2020 ota Tynuate 3 kot 5 ko ot
Zyquota 4 kol 6 yio v mepiodo 2016-2020. Edikotepa, o autd To YpoonuoTa
OTOTLTTAOVETOL 1] LETAROAN OTIC 0MOOOGEIS TOV GUVOAAUKTIKOV KOVOVOV TOV KLVIITOV
OLALEGOV KOl TOL KIVITOV WLEGOL, 1 OVOUEVOLEVN OTOS00T TOVG LE TO OVTIGTOL(O
duoue. gpmictoovvng 95% kol 1 amdd0oN NG GTPOUTNYIKNG TNG oyopds Kot
dwkpdnong oe kabe oevaplo. Kot otig dvo mepiddovg givar gudidkprto 0Tl yopig
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KOOTN GLVOALAYDV Kot @opoAoyio M amddoom NG madNTIKNG oTpPATNYIKNG Elval
YOUNAOTEPT OO TO KOTMTEPO OPLO TOV SLOGTNUATOS EUTIGTOGVVNG TNG OVOLLEVOLLEVNG
amOd00NC Kol TV V0 GLVOAAUKTIKOV Kovoveov. H péon amddoon tov MM eivor
VYNAOTEPT amd TNV TUONTIKY oTpatnyky katd 39,4% oty mepiodo 2014-2020 kon
xkatd 45,5% oty mepiodo 2016-2020. Avtictorya m péon amddoon tov MA eivon
vynAdTEPN amd TNV TadNTIKY oTpatnyKy oty mepiodo 2014-2020 katd 37,3% won
omv mepiodo 2016-2020 katd 45,4%. TUVERMG, EMTLYYAVETOL LRAEPVIKNGON TNG
ayopdg tdG0 [E TOV KOvOVO TOL KIvNTol OLAUEGOV OGO KOl UE TOV KOvOVO TOV
KWWNTOU HEGOVL.

Zynua 3. Eleyyoc onuavtxotnrag e nepiodov 2014 — 2020 yia to oevipio ywpic
OVVOALOKTIKG, KOOTH Kol Yio, (iEAog Tov XAA.

G12014-2020 MM G12014-2020 MA
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Ta amoteAéopato o€ S0PEPOVY CNUUVTIKG Kl OTIV TEPITTOGT TOL Eva LEAOG TOV
XAA e@apuocel Tou¢ eV Ady® cLVOAOKTIKOVC Kavoves. H poporoyio kot tor é£00a
VIEP TOL YPNUOTICTNPION UEIDVOVY UEV TO VYOG TNG OVOUEVOUEVNG amdO00NG TOV
Kavovev, oAAG emTuyydveTal Kol TAAL VEpViknon g ayopds. Ewdwdtepa, 1 péon
amo6006n Tov MM G710 GLYKEKPIUEVO oevaplo ektipdtol katd 20,4% vynAdtepn omd
v woONTIKA oTPOINYIKN OTNV TEPITTOON NG KaBOdIKNG ayopds, &vd otnv
mepintoon g otabepng ayopdg M amdO0CT LT OVOUEVETOL LVYNAOTEPT KT
25,2%. Eved oty mepintoon tov MA, 1 ev A0ym dwpopd dtopopemvetat oto 21,2%
otV mepiodo 2014-2020 kot oto 28% oy mepiodo 2016-2020.
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Zynua 4. Eleyyos onuavurxotnrag e mepiodov 2016 — 2020 yia to oevapia ywpic
ovvorLokTiKG KOoTH Kot yio. uédog tov XAA. (* = amotéleouo. ue emipvioln)
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Zynua 5. Eleyyoc onuavrixotnrag e nepiodov 2014 — 2020 twv oevapiwv yio
TOVG 101OTES EMEVOVTEG. (¥ = amotédeoo ue empvioln)
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Ocov apopd to GeEVAPLOL Y10, TIG TEPUTTMCEIS TOV WOIOTAOV ETEVOIVTMOV, GTO OTOi
VIEIGEPYETAL TTPOUNOELD €Tl TOV CUVOALAYDV ETIMPOGHETMG TOV AOITDV YPEDCEMV,
T0, amoTEAEGHOTO Jlo@EpoVY PLlIKd. Xe OVTEC TIC TEPUTMOOEL 1 omddoOon NG
OTPATNYIKNG NG ayopds Kot dtakpdtnong sivor vynidtepn amd v ovoueVOUEVN
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amO000T] Kol T®V dVO GUVOALUKTIKOV Kavovov. Efaipeon ev pépel omoterel M
TePIMTOON TOL emaryyelpatio pkpoenevout oty mepiodo 2016-2020 katd v omoia
EMTUYYAVETAL VIEPVIKNGT TNG ayopdc pe Tov MA yio ufkn > 85, Ady® ¢ dmapéng
YPOUKNG Tdong. Ev yével ota 800 cevapla mov apopodV TOVG WOIMTEG EMEVOVTES M
amodoon TV dV0 Kavoveov Ot Slapépel N glvar xepdtepn amd TV amddocn NG
TAONTIKNG GTPUTIYIKNG.
Zynua 6. Eleyyos onuavnixotnrag e nepiooov 2016 — 2020 tawv oevapiwv yio
100G 1010TEG EMEVOVTEG. (* = amotédeoua e emipvlaln)
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Am6 ta amoteléouata Tov eeTaldpevov TepOd®mV QaiveTal OTL T0 GUVOALUKTIKA
KOOTN  TPOKOAOLV  ONUOVTIKN  UEI®ON OTNV  OVOUEVOLEVH]  amOd0CT  TMV
GUVOALOKTIKGOV Kavovav. Ouwmg, to Kyog g tpoundetag enl tov cuvailaydv ivot
avTod OV dladpouaTilel Tov kaboploTikd POLO GTNV LIEPVIKNON N UM TG EAMANVIKNG
ayopag pe  xpNon Tov eEeTalOUEV®OY GUVIALOKTIKOV KOVOVOV. X OA0 T OVAOTEPM
Soypaupato emaAnfedetal Kol OTTIKG 1 OVOIOOMS WIKPOTEPT] OLKVUOVGT) 7TOV
SmoTdONKe 6TIC GEPES TOV ATOSOGEDMY TOV KIVITOD SLAUECOV CUYKPLTIKG UE OVTEG
Tov Kvntod pécov otov Ilivaka 3 kol akpiPdg to yeyovog avtd amoTeAEl Kol TO
GUYKPITIKO TAEOVEKTNUO TOV GLVOAAOKTIKOD KOVOVO TOL KIvNTOU OlGUECOV EVOVTL
TOL K100 HEGOV.

Téhog, oto e&eTalOueEvo GEVAPLO TTOV OVTITPOCOTEVEL TOVE OEGUIKOVG EMEVOVTEG
viofetfnke o SPOPETIKY] TPOCEYYIoN Yo ToV KODOPIGUO TOL VYOUG TNG
apounfelog eni Twv cvvorlhaywdv. Kabmg 1o ev Aoym mocootd kabopiletar Pdoet
WIOTIKOV GLHPOVIOV avalntonke 10 péyioto HYog, MG TOGOOTO TV GUVOAK®V
GUVOALOKTIKOV €000V, OEOOUEVG TNG TPEXOVCAS POPOAOYIONG €Ml TOV TOANCEWDV
afloypapov oto XAA, OCTE VO ETITVYYAVETOL LAEPVIKNGT NG Oyopds amd Tnv
EQUPLOYT TOV OVOTEP® GUVOALIKTIKMOV KAVOVOV. XVYKEKPIUEVA, aKOoAoOLONONKe Ll
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enovoAnTTiKn Sadikacio SoKipudv mov teppatiletor OTav IKAvomTolovvIaL 0md Kooy
dvo ocvvOnkeg: (1) peylotomoinomn 6To VYOG TOL KOGTOLG GLUVOALAY®V Kot (2) oplakh
VIEPVIKNOTN NG ayopdc o€ ddotnue. epmiotooivig 95%. To evpebév péyioto vyog
GUVOALOKTIKGOV €E60mV kupaivetal and 0,21% £wg 0,264% kot e€aptdtar 1600 omd
TOV GUVOALOKTIKO Kavove 0co Kot amnd tnv e€etalopevn mepiodo (Tynua 7).
Agdopévng g vobeong 0t ot Beopikol emevovTég emPapivovIal Le GUVHALOKTIKA
koot uéxpt 0,2% 10 mOAD, mMpokvmTEL, PACEL TOV gupNUATOV, OTL JLVOTOL VO
KePOIGOLY TNV GLYKEKPLUEVN ayopd pe v yxpnon toso tov MM 660 kot tov MA.
YUVENMG, 6T0 GeVAPLO TV BecKDY enevduTdV dVvaTal va emitevydel vepviknon
NG 0yOpds Kot LLE TOVG dVO GLVOALAKTIKOVG KOVOVEG.

2ynua 1. Xevapio Oeouikav emevovtwv twv mepiodwv 2014-2020 ko 2016-2020
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And v olykplon petaEd TOV  OMOTEAECUAT®V TOV V0 KOvOVeV, OTo
Sy PAUUATO TOV ZYNUOTOG 7, OVOKDTTEL OTL KOl OTIG dVO TEPLOGOVS O KAVOVAS TOV
KIVNTOU  JIAPECOV  EMITVYXAVEL VTIEPVIKNON TNG ayoplc HE VYNAOTEPO KOGTOG
cuvoAlay®v. Qotdco, Pacel tov Ilivaxo 3 kol tov XZynuotog 2, 0 Kavovag Tov
KWNTOU S1AUECOV UEIOVEKTEL £EVAVTL TOL KIVIITOO HEGOL OTOV VIEICEPYOVTAL EGTM KoL
To EAMAYIOTO SVVATH GUVOAAOKTIKG KOGTI, AOY® TOV TEPICCOTEPOV SIEVEPYOVUEV®V
ovvalhayodv. Emopéveog, eivar avapevopevo o kovovag Tov KIViITov HEGOL Vo
EMTUYYAVEL VIEPVIKNOT TNG AYOPOS HE LVYNAOTEPO KOGTOG GuvaAiay®dv. Ouwg, M
EUPAVAC HKPOTEPT] TUTIKT OTOKAION TTOL gUPAVILEL O KIVNTOG SIAUEGOG GLYKPLTIKA
UE TOV KIVNTO HEGO 0dMNYEl GaPMOG GE UIKPOTEPO EDPOC GTO JAGTNIUO EUTIGTOGVVIG
TOL TPAOTOV. AVTH 1 CNUAVTIKY SLPOPE GTO EVPOG TOV SLUGTHHATOS EUTICTOGVVIG
EMOPKEL, DOTE VO VIEPKEPUCTEL TO LEIOVEKTNIO TOV KIVNTOL O1dpuecon (opehopevo
otov aplBud TV oLVOAROY®OV) Kol vo emtevyBel vmepviknon g oyopdc e
VYNAOTEPO KOGTOG CUVOALUY®DV. AAAMOTE, €ival €VOIAKPITO G OAA TOL SLOLYPAULATO
NG TOPOVCOG EPYACIOG TO €LPUTEPO OLACTNHO EUTIOTOCHVNG 7OV epeavilel m
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avOpEVOUEVT amdd00oT TOV KIVTOD HEGOV GE GYEOT| LE QUTO TOV KIVITOD SIALEGOV.
210 onueio avTd Vo GNUEIOCOVUE OTL GTO GEVAPLO TOV BECUKOV EMEVOVTAOV GTNV
nepiodo 2016-2020 aviyvednke 1 dapén acbevoic ypoptkig Téong oTig GE1pEG TV
AmO00CEMYV TMV GUVOAAUKTIKOV KOVOVOV. XUVETMG, EKAMUPAvVOLUE To &V AOY®
AmOTELEG AT [IE ETPVAAEN.

4. XYNOYH KAI ZYMIIEPAXMATA

Boowkog okomdg tng mopovoag HEAETNG MTav Vo TPoteivel €vav eVOALOKTIKO
GUVOAAOKTIKO Kovova, 0 omoiog otnpiletal 6Tov Kvntd S1GNeco Kol Vo, cLYKPOEL 1
TPOPAETTIKY TOV IKAVOTNTO UE VT TOL EVPEWDC YPTOUOTOLOVUEVOD GUVOAAAKTIKOD
Kavovo Tov Kivntoy pEGov pe epaployn oto I'evikd Aeiktn tov Xpnuatiotnpiov
A&wv Abnvov. Alumetddnike 0TL, 0 GUVOALIKTIKOG KOVOVASG TOV KIVITOD SLALEGOV
amodidEl KOAVTEPO GO OVTOV TOV KIVNTOU WEGOV, YEYOVOS TO OMOi0 amodidetal
TPOTIGTOG Oyl TO60 GTO VYOG TNG OVOUEVOUEVNG OTOd00NS, OGO GTNV EUQAVAG
piKpOTEPN  SOKVUOVGT TOV. XZUVENMG, TO ONUAVTIKOTEPO TAEOVEKTNUO TOV
TPOTEWOLUEVOD  GUVOALOKTIKOD  kavove MM elvar M gpuoovdg  pukpotepn
petafAntdtnra mov epueavifovy ol GEPEC TOV ATOOOGEMY TOV TPOKVATOVY 0ond Ta
SlpopeTikd PNAKN TOL peEYAAOL KvnToL dudpecov. Xmpic @opoioyio Kot KOGTN
GUVOAAOYNG Kot Ol 600 cuvarlakTikol kavoveg e£ac@alilovy VYMAOTEPEC ATOOOGELG
GUYKPITIKOL HE TNV OTPOTNYIKN TNG Oyopds Kol OlOKPATNONG, ETITUYYAVOVTOG
vrepviknomn g oyopdc. Emopévme, otn cuykekpylévn mepimtmon omoppintetal M
VO0ECT TG AMOTEAEGLOTIKNG KEQUAaOyopds acevoie 1oyvoc.

Emmpdcbetog otdyog avtg ™ HeAétg Ntov va eEETAGEL TNV TKAVOTNTO TOV
SUVOAAOKTIKOV Kovovey MM kot MA va emdyovv vmepviknon g ayopdc,
Aappdvovtag vdyn TO TPAYUOTIKE GUVOAAOKTIKG KOGTI) TOL eMPOPHVOLY TOLG
GUVOALOGGOUEVOVG OTN OELTEPOYEVH EAANVIKY] KEQOAOLOYOpd. AmO TO, EUTEIPIKA
EUPNUOTO TTPOKLATEL OTL, éva UEAOG TOv XAA dOvatal Vo KEPSIGEL GNUAVTIKA
VYNAOTEPEG OMOOOGES EVOVTL TNG TWOONTIKNAG OTPOTNYIKNG, HE TNV EQAPUOYN
AUQOTEPOV TOV OVOTEP® GLVOAMIKTIKOV kovovav. Emopévmg, kor og autiv v
nepintoon omoppintetal n Voo TG ATOTELEGUATIKNG ayopdc acbevoic 1oyvog.
Ocov agopd tnv mepintoon evog Beopikod emevoutr], €ivar duvotd €vag TETOL0G
EMEVOLTNG, £0TM KOl OPLOK(, VO VIEPVIKNGEL TNV GLYKEKPLUEVN oyopd. Avaykaio
oLVONKN Yo Vo, To emttOyel amotelel N Vapén KOVNG SOTPAYUATEVTIKNG dOVOUNG
amd TAELPAS TOV, MOTE VO CLUVATTEL GUUPBACELS HE GUVOAAOKTIKG KOGTN UEXPL TOV
EKTILMUEVOL UEYIGTOV TOGOGTOV. ZVVENMG, GE OVTH TNV TEPITTOGN 1 AmdPPLYN 1 UN
G VTOOEONG TG AMOTEAEGLOTIKNG ayopag acbevong 1oyvog e&aptdtol 0md T0 VYO
TOV GUVOAAOKTIKOD KOGTOLG 7OV OvTeTonilel M ekdotote Oeoikn ovidmra.
Avtifeta, o1 101DTEG EMEVOVTEG TOCO Ol EMOYYEALOTIEG OGO KOl Ol OAOL, Ol OTOioL
avTIHETOTICOVY oNUavVTIKE LYNAOGTEPT TpounOeta el T@V GLVOALUYDV, O)L LOVO dEV
EMTVYYAVOLV VO VITEPVIKNGOLY TNV CUYKEKPIUEVT] 0yopd, OAAN Ol OTOOOGELS Ao TNV
EQUPLOYN TOV €V AOY® GUVOAAUKTIK®V KOVOVOV €lval YapnAOTEPES OO OVTEG TNG
TAONTIKNAG OTPOUTNYIKNG, emPépoviog CNUIE ©TO KEPAANIO TOVC. XUVETMG, GTA
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ceVApLO TOV 101OTOV EMEVOLTAOV gV AMOPPINTETAL 1] VTOOECT TNG OMOTEAEGLOTIKNG
ayopag acbevoig 1oyHog.

Yvvoyilovtag, oV EAMVIKY KEQoAolayopd 1 PEATIOTN EMEVOVTIKY GTPUTIYIKY,
AVALESH GTNV EQPUPUOYN TNG TEXVIKNG OVAALGNC KOl TNG ayopag Kot SlaKpaTnomng,
e€aptdtor and v W Ta T0L £neVOLTH. To Yeyovdg avtd €xel dueceg EMNTMOGELS
otov éAeyyo TG vmdBeong G OmMOTEAECUATIKOTNTAS KEQOANOYOPDV, KaBDS M
amoppyn M UN ™G v Ady® vrobeong eoptdtol amd Ty 1WOOTNTA TG EKACTOTE
eMeVOLTIKNG ovtotntag. Téhog, a&ilel va onueindei 6t 1N and 115 apyég Tov 2020 10
XAA, O0nmg Kol OAEG Ol KEPOAOLOYOPES TAYKOGUIMS, eMnpedotnke Eviova amd TNV
mavonuio Tov kopovoiov (corona virus covid 19), ki mov givar eavepd Kol oo TV
OTTIKY EMOKOTNON TOV ZyNuatog 1. Acpormg, petd ™ ANén g mavonuiog Oo nToav
EVOLIPEPOV VUL ETMOVAANPOET | LEAETT E1O1KE Y10 TNV YPOVIKT TTEPTIOS0 TNG TOVIN NG,

ABSTRACT

A typical way of checking the market efficiency hypothesis is to compare the performance
of technical trading rules with the buy and hold strategy. In this work, an alternative technical
rule is proposed based on moving median, and its predictive power for the Athens Stock
Exchange is contrasted with that of the most popular technical trading rule of moving average,
with and without transaction costs. In the theoretical case of no transaction costs empirical
findings show that the predictive power of the moving median rule is higher than that of the
moving average rule, while both perform better than the passive strategy. Hence, for both
trading rules the hypothesis of weak-form efficiency is rejected. However, by introducing real
transaction costs, such as those existing in the particular market, it is found that it is still
possible for an institutional investor to beat the market, even marginally, but this is not the
case for a typical small investor, due to higher transaction costs for the latter. Consequently,
the result on the testing of the hypothesis of efficient markets, given transaction costs, depends
on the status of the investor.
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EXmviko Xratiotiko Ivetitovto
Mpoxticd 33 MaveAlnviov Zvvedpiov Zrotiotikng (2021), oei.195-208

Yvoveyeic TeOhaopéveg Katavopés Kot Xovrterleotc
MetapintotnTog

Mratocidka Mapia', Xatinuiyai). Xpiotiva', Papudrns Nikéiooc™
[IMX Tpnpo Madnpoatikov A1LO.
xristina.k.xatzimixail@gmail.com, marmpat@hotmail.com , farmakis@math.auth.gr

IHHEPIAHYH

H Asgtypotolnyio pmopei vo copPdiel otn pEAET TOV KATOVOUDV TOV d0QOP®V TUYOI®V
peTaPANTdV pe ToAD KaAd amoteAécpoto and droyn akpifelog kot Kupimg tayvtntag. Me v
BonBelo. Tov deiypartog vroloyilovpe TIG SAPOPEG TOPAUETPOVS UIOG TUYOHOG HETAPANTAC
(t.1.) X ko péoa and kamoto, Sradikacio Tov TOTO TG CLVAPTNONG TLKVOTNHTAC TOAVOTNTAG
(o.mm) ™mc .. X. H dwdwaocio avt] mov akorlovbovpe sivar cuvinbog Bsopnrtikn kot
Baciletar og pa apytkn vedbeomn yo TNV LOPOT TOV UTOPEL Vo £(EL M| G.T.TT. 1| TOVAGYLIOTOV
pio Tpoc€yylon g Tov Umopel va ival amodoTIKY Kot EDKOAN 0T SloyElpIoTn TG SLYYXPOVMG.
2V Tapovca EPYACIo 0OYOAOVUACTE e GUVEYEIG KOTOVOUEG OTTOV 1) KOUTOAN TNG O.T.7. £lvotl
tebhaopévn ypauun. H xapmdin éxer oyfuo tebloocuévng ypopung ov ot 600 kAddotr g
KopmOANG eivol gubvypappo tTuqpote pe dtopopetikn kiion oe kabe kAddo. H OAn perétn
glvat BepnTikn Tpooéyyion TG KaTavoung. Atvovtot Kot KOTOAANAQ Tapadeiy Lot E XPNoN
AgtypotoAnyiog yioo v KaADTEPN KATAVONGCT TOL TMOG OTO TO OEiypa @TAVOLUE OTNV
EKTIUNTPLO TNG O.T.TT. G EAAYLOTO YPOVO GE OYEON e KAUGOIKEG LEBOOOVE TPOGOIOPIGLOV TG

HOPONG TNG O.T.T.

AgEerg khadwd: Aerypatolnyio, cuvaptnon mwokvotntag mbavotntag, HESN T,
Sl0oTopd, GUVTEAEGTNG LETOPANTOTNTOC, TEOAAGUEVT VPO

MSC: 62D05; 62E17

Ewayoyn

O avoAvTIKOG TPOGOIOPICUOG TG KOTAVOUNG Mo Tuyoiag petofintmc (t.p.) X sivor
whpo TOAD onuovTiK) vwobeon yio T HEAETN NG T.U. Ko givol cuvnBmg ToAD

ypovoPopa mn Swdkacio. [ToAAEG Qopéc avth M TPOGEYYION Y10, ONUOVTIKES T.LL.
Kpatnoe £t 1 Ko dekaetiec. H mpocéyyion avtn ywvotav pe didpopec uebddovg kot
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TEYVIKEG OV OLEPEPAY OO TEPIMTMON GE TEPIMTOOT OVAAOYO KOl E TO EKAGTOTE
OVTIKEIIEVO IOV CVOPEPOVTOV OL T. L. .

And Tg apxég g 3nc u.X. yetiog Gpyloe Vo yPNOUOTOLEITOL Yol TOV
TPOGEYYIGTIKO TOVALYLGTOV TPOGOOPIGUO (EKTIUNGT) TOV GUVAPTHGEDY TUKVOTTOG
mBovomrog (o.m.m.) ¢ T.U. X 1 évvola tov Xvviereot) Metafintotrag (EM),
(Coefficient of Variation (Cv)), Farmakis (2003, 2010), ITomotcodua (2018),
Doppdxkng (2015).

Ot 6.71.7. IOV JivoVTaL OTIC TOPATAV® ONUOCIEVGELS gival povadvouo Babuov v>-1 kot
avaeépovtarl ouvBwg oe cuveyels T.u. X. MeketOnkay Kdmoleg Pacikég LOpQES TV
0.7 Onwg: Xopuetpixég, Farmakis (2003), TToratcodua (2018), Gapudkng (2015),
Avéovoeg, Farmakis (2010), IMaroatcovpa (2018), dbivovoeg, Tomatoovua (2018).
Me 11c peBodovg avtég a&romoteiton 0 XM kot pdAioTa N TapAUETPOS J, TO TETPAY®OVO
TOV QVTIGTPOPOL TOV, dNAAOT TO

g=ICv' =Cv” (1)
omov Cv=c/u, pu=péomn T KOl o=TLTIKN OTOKAIOT TNG T.U. X. ETIC €QOPUOYEG
YPTOCLLOTOLOVVTOL Ol EKTIUNTPLEG TOV TAPAUETPWV i, g, CV, . Ot popeég TV 6.7,
oTlg TPelC Pacikég HOpPEC ovuuetpikn, ovéovoa kot @Bivovoa divovior €0G
GUVOTTIKG:

(A) Zvppetpikn o.m.m., Farmakis (2003)

hxv,x € [0, @}
_ = -5+,/1+8q 2V(w+1)
f{x} = ."r{ﬁ—x] vV x € [g_.ﬁ]’b = . = v (2)
0,x €[0, 5]

(B) Av&ovoa o.m.m., Farmakis (2010), Iamatoovpa (2018)

oy
f(x)= h(ﬁj : XE[O”B], y==2+,1+q, hszZrl (3)
o , x &[0, 5]

(I') ®Bivovoeg Tomov I 6.1.x., [Mamatcovpa (2018)

e
f(x)z h[l_ﬁj , Xe[O,ﬁ]1 v=3;=—1+ 2 ,h=v+1 (@)

- -1
0, xe[0,A] | | s

[EEY
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ka1 OOivovseg Tomov 11, [Tarwatcovpa (2018)

WY
f(X)z h(l—(EJ ],XE[O,ﬁ]’ v=-2+ ’3%, h::j'_-'_ﬂl . (5)

0 , x &[0, A]

H andépaon yia to mowa popen 6.7m.7. Ba ypnoiponomcovpe Baciletatl 6to oy mov
pog 8ivet 1o 16TOYPApI 68 GLVOLACUO LE TO TOAVY®VO GLUYVOTHTMV, TO GYETIKO HE
Ta 6edopéva pag, Tov givat derypoTikd cuvimg.

XovOeTec popeéc TG o.m.m.: TeOhaopévn coveync kKatavoun

H véa 16éa. avtig g epyaciog gival va yivel ektiunon g o.w.m. ue ) Pondeia
detypatog kKot Tov EM Otav 1 KAUTOAN TG 6.T.T. NG cuveyoLs TU X ewdleTon 0T
amoteleitol amd 000 KAddove. Otav m.y. avtol ot kKAadol glvar Tunuato gvubeiog 10T
T0 OA0 oynua sivor to oynuo pog tebhacuévng pe Vo okéAN  (Thevpéq),
(katoypnotikd xpnoorolovue tov 0po TeBlacuévn Kot 0ty ot KAGdoL dev givat
guBVYpapua Tupota). Tote o1 3o KAGSOL £x0vv 6T0 Kpioo onueio (LE TETUNUEVN
TN TG T.WL. X TNV TN Xep) OLOQOPETIKY KAION SNAGON 1 A0 aploTEPH TOPAYDYOS
Kol M and de€ld mapdywyog dev elvar iceg kol Apa 1 KOUTOAN TG O.7T.7. deV )&l
TapAy®yo 6To onpeio awtd, Mavciadng (2000). Avtovonto Kot 6Tovg 600 KAAS0UE I
7.1 X glvon cuveyng kot Taipvel Tipég oto [0, S].

H uébodog epyaciog yet 600 6Td010. KO TEPIYPAPETAL TOPOKATO .

1o) H extipnon ya v T X, 6mov tépvovtot ot dvo kAddor A ko B avtictorya tng
KOUTOANG TNG 6.7.7., dSNAadN To onueio aAloyng KAAOOL TNG KOUTOANG TG O.T.7. .
20) H gbpeon tev 600 e£16MCEMV TOV TEPTYPAPOLY OVTIGTOLYO TOVG dVO KAASOVG.

Taov 600 avtdv ctadiov Tponysitan kot Tpoimotifetar mavTo derypatoAnyio Kot M
GLALOYT KOl KATOYPOQPN TOV OESOUEVOV TOV TPOKVLITOLV Yo TNV T.\L. X amd TO
detyua. H péBodog M m teyvikn g detypatoinyiog pmopel va gival omolodnmote
KkpBel katdAAnAn pe Baon ta mopicpate g debvoide PipAloypapiag, m.x. Cochran
(1977), ®apuaxng (2009, 2015, 2016).

A6 10 Ogiypo eKTIUATAL TO €0POG TIUMV S TNG KOTOVOUNG Kol Ol TIES TNG T.U. X
TaEVOIOVVTOL GE K KAGGELS OTIG OTOIEG OVTIGTOLYOVV Ol K GLYVOTNTESG TILMOV TNG T.LL. .
Koataokevdletor T0 avtioToryo 1GTOYPOUIO GUYVOTHT®OV TG T.U. X o’ 6mov o
exTiunOel ko  popen TG 6.T.7. ONAAST av €ivol GUUUETPIKN, av&ovoa, pbivovoa,
tebhaopévn, kKA. Evolapépel n 1ebhacpévn edd kot paAtota o meploplotode otV
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TEPIMTOON OV £YOVUE dVO KAAGOVE TNG O.T.T. UE LOPPN 0OEOLGO AUPOTEPOL KL LE
SopopeTIKn KAIGN, PUGIKAE. AV Ol GUYVOTNTEG TTOL OVTIGTOLYOVV GTOVG dVO KAGSOVG
glvol Ny kot Np TOTE EKTILOVUE T 000 TOCOGTA Ao

f)A=NA/(NA+NB) &ﬁB=NB/(NA+ NB). (6)

H evpeon tov eélom@oenv tov 600 KAAd®mV aKoAoVOEl Ta 600 TEPLYPAPOVTAL CYETIKA
pe 11g avéovoeg o.m.m. otn Pifloypoeia, Farmakis(2010), Iaratcodpa (2018) kot
dtvovtat edm and T oyxéon (3) xupine. AkolovBodv Tapadeiypota.

Mopoadeiypota gopeong eKTIPNTPLOS TNG O.T.7. o€ TEOhaopévny cvve)
KOTOVOUN

Hapddsrypa 1o: H enilvon gvog mpofAuatoc mov meptlapfave Kot xpror Unyoving
avalnmong dwupkel amd ueptkd Aemtd ¢ mave and 100 Aemtd g dpag. Avto
apoékvye and derypatonyio petald eoumtav AEL To deiypa eixe péyebog N=573.

Xopiocape to €0pog ™G T.U. X=ypovog emilvons o€ k=11 16&e1g, pe 1010 €0pog
w=10min O6leg. Inueidoaue TG oviiotoyeg ovyvotnteg otov Ilivaka 1. Ot
aBpototikég cuyvotnteg epeavifovtal otn 4n oThHAN pe emike@oiida Ni, 1 51 oA
glvar Beopntikd peyédn mov mpoxvITovy 0md T C.7.M. pe Pdon ™ oxéon (3), dmwg
Ba pavel katd TNV Tpdodo NG EMIAVOTG.

Hivakxag 1
Tagerg Kévtpo taéemv Xi | XoyvotnTeg N; N; 0;
[0, 10) 5 6 6 10.11
[10, 20) 15 20 26 22.37
[20, 30) 25 35 61 31.80
[30, 40) 35 50 111 40.06
[40, 50) 45 54 165 47.58
[50,60) 55 59 224 54.59
[60, 70) 65 63 287 61.20
[70, 80) 75 67 354 67.49
[80, 90) 85 70 424 73.52
[90, 100) 95 73 497 79.33
[100, 110] 105 76 573 84.96
XHvola 573=n 573.01

Na gupebei n extypnTplo g 6.7 and 6ho to deiypa. Metd va eggtaotel av pmopet
va Bpebel extynTpia 6.7.7. KAt KAAS0 apov damot®mOel 0Tl umopel vo Bempnbei 611
€yovpe 0Vo KAGdove. TENog va yivel chykpion TV dVo peBOdwV.
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Avon:  Koatackevdlovpe Tp@TO TO 16TOYPUUIO CUYXVOTHT®OV TG T.JU. X HE Pdaon Ta
otoyeio Tov [ivaxa 1:

2ynua 1-Ilodvywvo Zvyvotitwv
80
70
60
50
40
30
20

10

5 15 25 35 45 55 65 75 85 95 105

‘Etot fAémovpe 611 Sapop@dvovtal 600 KAAJO0L Yia To ToADYwvo cuyvotitov: O évog
nepthappavel Tig 4 npoteg TaEelg pe abpospa cuyvotntov Ny4=111 Kot o de0TEPOC
Tig 7 emoueves avtiotoryo abpoopa Nz=462 . To moAdymvo cuyvotitov givar puo
tefloopévn ypapun pe 600 «TAgupEcH-KAAd0LG.

ApyiKd EKTILOVUE TNV O..T. TG T.U. X amd 6Ao To Ogiyuo Bepdviag 0Tl 1 Yovia
petalld tov dvo KAAd®V givar apketd pikpn kot 0Tt 1 péBodog e oyxéong (3) Ba
amodMGEL A&IOMIOTN 0.7.7. £vOG KAAdOL Kat e avovoa tdon. H 6.7.1. mov mpoékuye
givau 1 (7) o émetan Tov TTivoka 2 Tov akolovbel Kat TePLEYEL TIC TAPAUETPOVE TNG:

Iivaxag 2
Hapapetpog Twyn Hopapétpov
w 10
Evpoc katavopng f 110
Méon Tipn 67.39
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AwcTopa. 732.2105
Tomwkn awékiion 27.05
XM=Cv 0.401529
Q=ICv? 6.202501
Ex0étnc=v 0.6837
Yvuvreleotiic=h 0.0153068

0.0153068-| = | , x[0,110]
110

F(x) = ™

0 : x ¢[0,110]

Me ) PBorbeia g o.m.7t. (7) vohoyicape Bewpnticd peyédn 6, i=1,2,...,11 ya 11g
11 1é&eig Tov detyparog kar kévaue ™ Sokiacio X? KaAng Tpocapuoync Tov N ota
npokvyovta & ko Ppédnke cuviedeothc X?=7.6087, evd 1 xpiciun Tipf Tov yio 8
BaBuovg elevbepiag (B.e.) ko otdbun onuavtikomtog (o.0.) a=0.05 eivon
X?2(8;0.05)=15.5073. Apoa. £xovpe koA mpocopuoyr ko n (7) diver pio kokn extipnon
YloL TNV G.7T.7. GYETIKN WE To. dedopéva tov [livaka 1.

E&etdlovpe ot cvvéyela av pmopovue vo fpodpe pio 6.71.7. pe 600 KAAOOUG Kol |UE
onueio topng mov avtictoyel oty TN ™G T.U. X (TETUNUEVN) X, =40 Ommg
mpokLTTEL amd TV cvyKpion Tov Ilivaxa 1 kot Tov Xynpatog 1.

O xradog A Ba poxvyet pe ) Pondeta tov [ivaxa 3 avtictoyn o.mw.m. pe v (7).

Iivaxag 3
Takerg Kévtpo talemv Xi | Zoyvotnreg n; Ni,4 i
[0, 10) 5 6 6 6.11
[10, 20) 15 20 26 19.93
[20, 30) 25 35 61 34.77
[30, 40) 35 50 111 50.19
2OvoAa, 111=N, 111.00

H o.m.7. ov KAGSOL A glvaun

(8)

f (x)= 0.000933x***, x € [0, 40]
“lo x ¢[0,40]
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Avrictoya yio tov KAGS0 B onpeidvoupe to, eENg:

1°) H oxéon (3) mov Bo Paciotovpe DIOJEWVVEL OTL 1] KAUTOAN TNG O.7.T. TEPVAEL
and mv apyn O(0,0). Apa Ba epyactodue pe ta otoryeia Tov 7 televtaiov taEemv
tov [Mivaxa 1 oAAG Bo Kévoupe PHETACYNUATIGHO Kot 6TOVG 800 G&oveg pe T X =X-40
Kot pe ovyvomreg Ni =ni-50 (50 givar  cuyvotta ™¢ 4ng TééNg mov givon apEcmg
mpomnyovpevn g 1ng taéng Tov KAddov B).

2°) H o.7.1. B0 mpoxdyel amd ta otoryeio tov [ivaka 4 kot pe faon ) oyéon (3) ko
petd Bo Taipvetal VIOYN 0 HETOCYNUATIGUOC el TV 2 a&dvmv. AvTo onuaivel 0Tl 1

(3) Ba mhper ™ popen:

Xx—40Y
f(x) = h[ﬂ—40}’ XE[MlﬁL v=—24+ ITq, h= ijbﬂN=10 )
0 ., x[40,]

H oyéon (9) Ba mépet teducd ™ popon:

Xx—40

0.024384-( j . x €[40,110]

(10)

f(x)=

0 , X & [40,110]

Metd o vmoroyicovpe ta Oempntikd peyédn 8i=6; +50 6mov to ;" Ba mpokvTTEL UM
oloxApwon g 6.7.7. ¢ (10) pe uéyebog delypotoc Np'=112 mov mpokdzTel amd 10
B «hddo petd amd v peiowon dhov tov cuxvotntov (mov givar 7) katd 50, 6mov
n; '=n;-50 givar o petacynuotiopos. Ta Bewpntikd peyédn etvar oty tehevtaio GTHAN
tov [livaxa 4.

Iivarxag 4
Tagerg Kévrpa taéemv | Xoyvotnrteg | Xoyvotnteg | Niis 0
Xi Ni n;’

[40, 50) 45 54 4 4 54.04

[50,60) 55 59 9 13 59.16
[60, 70) 65 63 13 26 63.17
[70, 80) 75 67 17 43 66.72
[80, 90) 85 70 20 63 69.98
[90, 100) 95 73 23 86 73.02
[100, 110] 105 76 26 112 75.91
Yovola 462 112=N'3 462.00
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Zuvontikd To amoteAécpata 6tov eviaio [ivaka 5 kot yio Tovg dvo KAGSOVG:

ITivakag 5
Taéerg Kévrpa taéemv Xi | Xoyvétnteg N Ni i
[0, 10) 5 6 6 6.11
[10, 20) 15 20 26 19.93
[20, 30) 25 35 61 34.77
[30, 40) 35 50 111 50.19
[40, 50) 45 54 165 54.04
[50,60) 55 59 224 59.16
[60, 70) 65 63 287 63.17
[70, 80) 75 67 354 66.72
[80, 90) 85 70 424 69.98
[90, 100) 95 73 497 73.02
[100, 110] 105 76 573 75.91
Xivola 573=n 573.00

H Soxipoacia X? édwoe derypatikd otatiotikd X?=0,0066<< X?(8;0.05)=15.5073,
oNAadn €yovpe KOAN TPOCHPUOYN TOV TOPATPOVUEVOV oTo OempnTikd upeyEtn
ovyvottwv. To ZtatioTikd avtd o€ OYECN WHE TO AVIIGTOLXO TPONYOVUEVO TOL
Bprkope yoo TNV eviaiov kAGSov Avom, to X?>=7.6087, eivar mepimov 1153 @opég
HIKpOTEPO.

Hapddsrypa 20: H enilvon evog modd dvckorov TpofAnpatog mov teptAdufove Kot

xpnon unyovng avaltnong oto dtadiktvo 060nke oe éva detypo N=605 atopmv Kot
petpnnke o ypdvog X=Xpovog emirvong (t.u. X). Amd 1o deiypo ektiundnke to dpog
$=132 min tov twodv mg t.u. X. To €dpog awtd ywpiomke og 11 tunpoto ol
uikovg W=12 min. Ot cvyvotnteg eupdviong tov twav g X oto 11 tuquata
dtvovton otov mapokdato [livaka 6.

Na gvupebei n extyumTplo ™m¢ o.7.7. and 6ho to deiyua. Metd va eggtaotel ov pmopei
va Ppebel exTyunTpia 6.7.7. KoTd KAAS0 0pov damictmbel 0TL pmopet vo, Bempnbel 6T
£yovpe dVo KAGdovs. TéLog va yivel cuykpion TV 600 uebddwv.

Ilivakag 6
Taéerg Kévrpa taéemv Xi | Xoyvotnteg N Ni Oi
[0,12) 6 3 3 0.82
[12, 24) 18 9 12 4.70
[24, 36) 30 13 25 11.34
[36, 48) 42 18 43 20.38
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[48, 60) 54 22 65 31.63
[60,72) 66 26 91 44,96
[72, 84) 78 51 142 60.25
[84, 96) 90 77 219 77.44
[96, 108) 102 103 322 96.46
[108, 120) 114 128 450 117.25
[120, 132] 126 155 605 139.77
Tovola 605=n 605.00

Avon: Kataokevdlovpe mpdTo T0 IGTOYPALLE GUXVOTATOV TG T.[U. X pe Pfdon ta
ototeia Tov Iivaxa 6:

2ynuo. 2 — HoAdywvo Xvyvotntwv

180
160 -
140 -~
120 -~
100 -
80 -
60 -
40 -

0 T T T T T T I T T T 1
6 18 30 42 54 66 78 90 102 114 126

Ov 16881 avtmpocomeboviol amd To KEvipa Ttovg. 'Etor PAémovupe  oTt
SLpope®VOVTOL dV0 KAAOOL Y10 To TOADY®VO cuyvotitwv: O évag mepthappdvet Tic 6
npwteg théelg pe abpowopa cvyvotntov N=91 ko1 o dedtepog TIg 5 emdueveg
avtiotoryo dBpoopa Np=514. To moAbywvo ocvyvotitwv eivar pio teblocpévn
YPOUUN UE SO «TAEVPECH-KAGOOVC.

Apyid EKTILOVUE TNV G..T. TNG T.U. X amd 6A0 To deiypo Bewpaviog 0Tl 1 yovia
HETOED TV S0 KAAdmV eivar apkeTd pikpn kot 0Tt 1 péBodog g oxéong (3) Ha
AmOdMGEL A&lOMIOTN 0.7.7. £VOG KAAdoL Kot e avéovoa tdon. H 6.7.7. mov mpoékuye
divetar oo v (11) mov émetar:
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X 1.7561
0.0250557 -| — , xe[0,132
f(x)= (mj =013

(11)
0 , x 2[0,132]

Me ) Bonbeia g o.w.w. (11) vroroyicape Bewpntikd peyédn 6, i=1,2,...,11 1ov 11
t6Eewv Tov defypotog ko M Sokipoacia X2 kaAg TPOSOPUOYRG TGV Ni ot
npoxvyovta 6. O derypatikdc cuvteleotg etvon X?=23.6063 evad 1 kpiciun T tov
v tovg 7 B.g. (ueTd and ovumnTvén TOV 600 TPOTOV KAGcEmV) Kot 6.6.=a=0.05 givon
X?(7,0.05)=14.0671. Apa dev éyovpe koA mposapuoyn kor n (11) dev diver kaiy
EKTIUNON Y10 TNV O.7.7T. GYETIKN Ue Ta dedopéva tov Tlivaka 6.

E&etalovpe tdpa av umopovpe va Ppodue pio o.7w.7. pe 600 KAAS0LE Kol pe GNUEio
TOUNG OV OVTIGTOLXEL otV TN ™G T.1. X (TETUNUEVN) Xp=72 OT®OC TPOKVTTEL OO
ovoyétion tov Ilivaxa 6 Kot Tov Zynpotog 2.

O KAddog A Ba mpoxOyel pe ) Bondewa Tov [ivaxka 7 avtictoyn o.m.m. pe v (11).

Iivaxag 7

TaEerg Kévtpa taéemv Xi | XoyvétnTeg N Ni,4 i

[0,12) 6 3 3 3.3
[12, 24) 18 9 12 8.6
[24, 36) 30 13 25 13.3
[36, 48) 42 18 43 17.7
[48, 60) 54 22 65 22.0
[60, 72] 66 26 91 26.1
YOvoia, 91=N,4 91.0

H o.m.7. ov KAGOOL A glvarn

0.000673x"**, x €[0,72
f(x):{ ¥xelo ] (12)

o x¢[0,72]

Avrictoya yio tov KAGdo B éxovpe to g€ng:

1°) H oyéon (3) mov Bo Paciotovpe DTOJEKVVEL OTL 1] KOUTOAN TNG O.7.7. TEPVAEL
and v apyn 0(0,0) 7 éotw epdmtetan kKokhov (O, p) e oktivo p anelpootd ot
oyéon UE To 6EdOUEVE TOL TPOPANUATOG (GUYVOTNTES, EDPOG KOTOVOUNG KAT.). Apa
0o epyaotovue pe to otoyeio twv S televtainv tdéewv tov Ilivaxko 6 oAAdd Ha
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KAVOUUE PETOGYNMUATIONO KOl 6TOVG 000 GEoveg pe T X =X-72 kol PE GUYVOTNTEG
n;i '=n;-48. To 48 gival avapeca oTig cuyvOTNTEG TNG 6NG Kot TNG 7MG KOl TTLO KOVTIH GTO
51 g g 16ENg dote o vdromo va etvar kovtd oto 0 yio va pmopet va vrotebel
OTL M KOUTOAN TG 6.7.7. epvael amd v apyn O(0,0).

2°) H o.1.1. B wpoxvyel and o otoryeia tov [Mivaxa 8 kot pe Baomn tn oxéon (3) kou
petd Bo Taipvetatl VIOYN O HETOGYNMUATIGUOC el TV 2 a&Ovmv. AvTo onuaivel 0Tl 1

(3) 6o whper ™ popPn:

x=72)
h 72
f(x)= (ﬂ—72j Xl ,ﬁ]1 v=-2+1+q, h=ﬁv+712,w:12 (13)
0 , X [72, 5]
H oyéon (13) 6a mapet Telkd T popoen:

X—72

0.040228 ( (14)

f ()= j  xe[72132]

0 , X e[72,132]

Metd o vmoroyicovpe ta Oempntikd peyédn 8i=6; +48 6mov to 6" Ba mpokvTTEL UM
oloxApwon g 6.7.7. ¢ (14) ne uéyebog detypotoc Np'=274 nov mpokdmTel omd 10
B kb0 petd amd v peioon 0Awv Tov cuyvotntev (Tov gival 5) katd 48, 6mov ni’
=n;-48 eivar o petaoynuotiopos. Ta Oeopntikd peyédn sivoal oty tedlevtaio GTHAN
tov [Mivaxa 8.

Iivaxac 8

Tégeg | X-72 T‘;g:;g‘; Toxvérnres M n o

[72,84) | [0,12) 6 51 3 53.6

[84,96) | [12,24) 18 7 29 725

[96,108) | [24, 36) 30 103 55 97.8
[108, 120) | [36, 48) 42 128 80 128,0
[120, 132] | [48, 60] 54 155 107 162.1
ToHvora 514 274 514.0

ZuvorTikd T amoteAécpata otov [livaka 9 eviaio Kot yio Tovg dVo KAASOLS:
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ITivaxac 9

Tagerg Kévrpa taéemv xi | Xoyvotnteg N; Ni Oi
[0, 12) 6 3 3 3.3
[12, 24) 18 9 12 8.6
[24, 36) 30 13 25 13.3
[36, 48) 42 18 43 17.7
[48, 60) 54 22 65 22.0
[60,72) 66 26 91 26.1
[72, 84) 78 51 142 53.6
[84, 96) 90 77 219 72.5
[96, 108) 102 103 322 97.8
[108, 120) 114 128 450 128.0
[120, 132] 126 155 605 162.1
Yvvoio, 605 605.0

H Soxipacio X? édmoe derypotikd otatiotied X?=1.0510<< X?(8;0.05)=15.5073,
OMAdN €yovue KOAN TPOCOPUOYN TOV TOPATNPOOUEVOV oTo OempnTikd ueyétn
ovyvotNtwv. To Z1atioTikd avtd o€ OYXECT LE TO OVIIGTOLYO TPONYOVUEVO TOV
Bprkope yia v eviaiov kAGdov Avom, to X?=23.6063, civon mepimov 23 @opég
UIKPOTEPO.

YopmePAcpaTa oeETIKA pe Te0Aaopévy oovve g KaTavoun.

Amd 1o mponyobueva TPOKOTTEL OTL UTOPOVUE HECH GO OUOdOTOINCN TV
detypatik®mv dedopévov va €yovpe 6.1 oOvOeTNG popens. H opadomoinon yiveton
HeTd amd JomcTOoT OTL 68 KATO10 ONUEI0 X=Xi, 1] KOUTOAT TNG KOTOVOUNS, C.TT.1.,
aAAGEel «omoTopay KAlom dnhadn ot amd O0efld Kol amd aploTeP TaPAymYOolL devV
£€yovv TNV 1610 TYU ONAAOT OTO X, M KapUmOAN dev givar Aeia Mwovoiadng (2000).

Metd v opadonoinon epyalopacte YoPIoTd 6Tov KAbe £va amd Tovg 6V0 KAASOVG
A xar B tov dsiyuotrog. Ot 600 KAGOOL OVTITPOCHOTEVOVY OV0 OLOPOPETIKEG
Katovoués. H popon avt) g Katavoung meptypaeet (EKTIUAEL) TOAD KOAVTEPD TNV
VOIGTAUEVT] KOTOVOUN KOl OUTO SOMIGTOVETAL OO OAPOPES SOKLUAGIEG OT®G eivat
(my.) M Soxipacio X2 Zto dedtepo maphderypo goivetor kobapd M vrepoy TG
peBdd0L KaTh KAAGOLE EVOVTL TNG EVIOING AVTILETOMONS OAOL TOL OgiyuaTog. AVTO
TPoéKVYE amd TO YeYovog 0Tl ot pev uébodo katd kKAadovg n Sokacio X2 deiyvel
OTL £rovpe (TOAV) KOAN TPOCOPLOYH BE®PNTIKOV KOl TOPATPOVUEVOV GUYVOTHT®V
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oTNV 0€ &vwio, OVIHETOTION TOL Oeiypotog M 10 dokiuacio delyvel pn koAn
Tpooapuoyn, Gpo dev epappoletor oty mepimTmorn ovt M uéBodog eviaiag
OVTILETAOTIONG. XTO TPAOTO Topdderyo Kot ot 6vo dwadkacieg (evioio kot Kotd
KAadovg) €dmoav Y. TO ovtiotowo Ogiypo koAn mpocapuoyn. H koatd xAddovg
Sradcacio dpmg éxet Tun X2 yileg ko mAéov popéc pikpoTEP, 0md TV avticToym
Ty X? mov mapatnpidnke oy eviaia dadicacio, dniadh pmopel va emwdel 6t
€yovpe TePImov YiMeg Kal TAEOV POPEG UIKPOTEPT] ATOKAIGT GO TNV TPAYLOTIKOTNTO
oo TV amdKALGT OV EYOVUE KATO TNV EVicio OVILETMTIOT TOV OelyLaTOG.

Xvlntmon, [lpoontikn

H mpoondBeia va e€etaotobv Katavouég pe TeBhacpévn Lopen g ovTicToryng 6. . m.
amotelel ovvéyelr g mpoomdbelng mov Aapyoe 1o €tog 2000. O1 g TOpa
ONUOGIEVLGELC £YOVV OVTIKEILEVO CUUUETPIKEG KATAVOUES 1 KATUVOUEG EVIOIOV KAAOOV
farmakis(2003, 2010), IManatcovpo (2018), @apudkng(2015). Topa umaivovpe o
dgvTEPO OTAOI0 OMOL €yovue TIC KaTtovopée 2 kAddwv. E&etdooape upe ta
mapodelypata pog 600 TEPIMTAOCEL, VA VIAPYOLV €L TOLAGYIGTOV OLOPOPETIKEG
TEPMTOGELG pe Pdion Tig KAGELG TV 600 KAUSWV.

‘Evag oyedloopog yioo T HEAETN] TOV VTOAOIT®V TECCOHP®V TEPIMTAOCEDV TNG
teblaopévne Kotavoung dvo KAASmVY gival autovonTo KafnKov yio TV Opdde TV
TPUDV VTOPULVOUEVEOV GLV-CUYYPUPEDY TOVALYIGTOV.

ABSTRACT

Sampling can contribute to the study of the distribution of a random variable with very good
results in terms of accuracy and especially speed. From the sample and through a process, we
arrive from various parameters of the random variable X to the estimation of the probability
density function (p.d.f.) of X. This process is usually theoretical and is based on an initial
assumption about the form that p.d.f. can take or on its approach which can be efficient and
easy to manage at the same time. In this paper, we deal with continuous distributions where
the curve of the p.d.f is not a smooth line at one point. If the two branches of the curve are
straight segments, the curve has the shape of a broken line.In general we use the term of
zigzag line, even if the branches are not straight segments.In this case, the two branches have
different slope at the point where the curve is not a smooth line. How we reach to the
estimator of the p.d.f. in minimum time from the sample, compared to classical methods of
determining the form of the p.d.f., is getting understandable with appropriate examples.

Key words: Sampling, probability density function, mean, variance, Coefficient of
Variation, zigzag line

MSC: 62D05; 62E17
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AANVKO XtatioTikod Ivotitovto

Tpaxtika Tov 33°° Havelviov Zuvedpiov Zratioriknc (2021), pp. 209217

Texvikég ITaAvdpopnong ywx tnv IIpoPAeyn twv
INocootiainv Xtadinwv AvantuEng Kaprov

L Owxovopidng', . TpéPeloag!
LEQviko kou Kamodiotpiaxd Mavemotipio ABnvev
{goikon, strevezas}@math.uoa.gr

ITEPIAHYH

Ynv epyacia avtn eéetaletor to TpOPANpa NG TpOPAEYNGg T0c00TOV oTAdIWY AVATTTUENG
0€ KOAALEPYELES, HE EQUPHOYT] O€ TPAYHATIKA dedopéva otd KaAALEpyeELeG KAAXUTTOKLOD OTLG
HITA. Kataokevaleton éva HOVTELO AOYLOTIKTG TTAALVOPOUNONG, TO OO0 XPTOLHOTOLEL TPELG
poPAenTicong TapdryovTeg, Tov Beppikod xpovo, Tov vetd kot éva deiktn PAdotnong. O Bep-
MLKOG X pOVOG KaiL 0 LETOG LITOAOYiLovTa pe dedopéva ad peTewpPoroytkovs otabpovg oe OAn
TNV €KTOOT) EVOLPEPOVTOG, eV 0 detktng PAdotnong petpdron amd Tov dopuvpopikd aicOn-
tpa MODIS. H amndédoor twv povtédwv petpdror pe 1o RMSPE.

Aéteig KAewbia: Aoyrotikr) Hadwdpopnon, Ztaduo Avéamtuéng Kaddiepyeidv, Asiktng BAdotn-
ong, Oeppikdg Xpovog, Yetog

1. Ewoaywyn

H naykdopia ad€nem tov avBpdmivov mAnBucpol mov mopotnpeitol TG TeAev-
taieg dexaetieg Exel avoppioPrtnta dnpovpyroet moAdd Bépata tpog ocvlritnon, To
KUPLOTEPO ATTO T OOl elvaut 1) eEQcPEALOT) ETOPKOVG TOGOTNTAG TPOPHG. ZOHPWVOL
pe tov Opyoviopd Fewpyiog ko Tpogipwv twv HITA, o taykdopiog tAnbuopdg avo-
péveton vor gTéoet ta 9.7 dioekatoppdpia péxpt To 2050 (FAO, 2018). H adénomn avtr
KOAVEL ETLTAKTLKT TNV OVAYKT] YLt QUTOHATOTOLNGT) TOV CtYPOTLKOD TOUER TTPOKELHEVOD
1 TTOPOYWYT] OLTNPOV VO KAADYEL TIG TAYKOOHIEG AVALYKEG,

H ayportikr} avtopatomoinon ko 1 yewpyio akpifeiag propodv va mdpovy moA-
AEC HOPPEG, OTIWG 1) TAPAKOAOVONGT) TV CLOTATIKOV TOL £dXPOVS KAL 1) TTPOGAVAL-
TOMGPEVN KaTomoAéunon twv (Wlavinv. Xe autv TNV epyacio, EpEVVOUHE TNV O~
pakoAovBnon g avATTUENG TV PUTOV oe KOAALEPYELES PeYOANG KAipakag. O ki-
KAog {wng evag gutol ywpiletal oe oTada avamTLENG, EeKlvOdvTag atd T PUTELOT
(planting) ko TeAedvovtag pe T cvAroyn twv kaprev (harvesting). O avaykeg Tov
@LTOU OAAGLOLY oNHAVTIKA atd 0TGSO o€ GTASL0, EMOUEVKOG 1) YVOGCT) TOL GTASLOL
o7to omoio Ppioketon éva euTO eival LwTikNg onpaciag yia tnv opOr) kot £ykopn mo-
pépPoon (AMimovorn, TOTIOHA K.0.K.). Te HeYAAeS KAAALEPYELEG, TA PUTA GUVLITAPYOLV
oe dpopetikd otddio. XTOYX0G NG epyaciog avtng eivat 1 axpPrig tpofredn tov
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TOGOOTOL TWV QUTOV 1oL Ppickovtal oe k&Be 6TAdL0, o€ TPAYHATLKO XPOVO, XPNOL-
HOTTOLOVTOG HETEWPOAOYLKG Sedopéva kol TeXVOLOYleG THAETLOKOTNONG.

1.1 H ®awvoloyia Tov Kadapmwoxiov

To otddior avamTLEng Tov KoAopIToKLoD PITopolV var XwpLloTtovv ae 0o Katnyo-
pieg, Praotikd (vegetative) ko avamopaywyikd (reproductive). Ztnv tapotoa épevva
Ta 6TAdLX TTOL pedetdvTal eivon emtd: planted (pUtevon), emerged (OTpwpa), silking
(petd€wpa), dough (oxAfpuvon kapmdv), dented (koilwpo kapmdv), mature (wpi-
povon) ko harvested (cvAdoyr xapraov). EmutAéov, eicdyovpe éva apyikd otddio
(preseason) dote v cuyypovicovpe dedopéva amtd SLPOPETLKEG XPOVIEG KAL TQL TTO-
cootd va abpoilovv ot povada ce k&be xpoviky oTLypn.

To dedopéva mov pedetpe otnv mopovoa Epevva mpoépyovton ad v EBvikn
Aypotikn Ztatiotikr Apyr) (National Agricultural Statistical Service) Tov Ymovpyeiov
Ayportiknig Avamtugng twv HITA (United States Department of Agriculture). Katé tnv
Kohokoupivr epiodo, Stevepyovvron efdopadiaieg Epevveg oXeTIKA e TOV TTPOOJO Kot
TNV KATAGTHOT) TV aypokoAAiepyetov. H épevva mov apopd T cuyKekpLévn HeAETn
etvor oL Avapopég IIpoddov twv Kapmov (Crop Progress Reports, CPR), o115 omoieg
ot yewpyot alohoyov 1o 10o06Td TwV GULTOV 1oL Pplokovtal oe K&be Patvoloyikd
otddro avdrtuEng. Ta dedopéva Tng épevvag apopoly To PEcO OPo o€ emimedo TOAL-
teiag. Tao CPR meprlopfavouv Sedopéva yia ta entd otddia tov avapépope (USDA,
2020).

To USDA éyet dnpovpyroet évav aypotikd xaptn pe tn 0éon kot Tov kapmd mov
kaAAepyeiton oe ke ko (Cropland Data Layer, CDL). O x&ptng avtog emitpémel
TNV ToPokoAo0ON o TV KAAALEPYELDV HEoO oTTO PETEWPOAOYLKOVG oTaBpovg Kot So-
pupdpovG. ETNV mapoloa Epevva £XoLpe KatePhoel kal emeEepyooTel Ta Sedopéva pe
t0 Aoylopikd R (R Core Team, 2021) kot ovykekpipéva pe to mokéto cdlTools (Chen
and Lisic, 2018; USDA-NASS, 2019).

H napovoa épevva agpopd Tig kahAiépyeleg kaapmokiod otnv Nebraska. To xpo-
VKo SLAOTNHO POPA TIG KAAOKLPLVEG KOAALEPYELES ad TNV 131 éwg TNV 471 ed0-
pado tov ypodvou (Ampidiog - NoépPprog), yir 18 ypdvia (2002 - 2019). To Eyxrjpoe 1

detyvel ta CPR yo to 2002.
1.2 Agixteg BAaotnong

H mAemokonnon éxel emtpéPel tnv €ykopn kal £ykoipn mtopakolotbnon twv
QYPOKOAALEPYELDV G eKTAOELS PeYOANG KA pakag. H texvoloyio avth Pacileton ot
pétpnon tng avakA®UeEVNG akTvoPoriag amd v empdvela g I'ne, n omoix ov-
voyiletou otoug deikteg PAdotnong (Vegetation Indices, VI). Ou deikteg fAdotnong
elvo cLVaPTNOELS TNG 0paTrG KOKKLVNG kol LITéPLOPTNG akTivoPoling, oxedlacpéveg
Vo EKTIHOVY T eTtimeda YAwpopOAANG Twv putev. O kabiepwpévog deiktng PAGGTN-
ong eivat avtdg tng kavovikomolnpévng Stapopdg (Normalized Difference Vegetation
Index, NDVI) (Rouse et al., 1974).

E6T®w pRED KO PNIR TO HEGO TTOCOGTO aVaKADMEVNG akTIVoPoAiog ota pufikn KO-

210



1.00

Legend
Preseason
0.75 Planted
8 Emerged
g
L) i
§ 0.50 Silking
S
g Dough
0.25 Dented
Mature
Harvested
0.00
0 10 20 30

Week

Xxnpa 1: CPR yix tyv moditeic g Nepmpaoka, efdopucdeg 13-47, 2002. To mAtjpeg ovvoro Sedoyé-
vov eptdopfaver ta érn 2002 - 2019. AnuiovpyriOnke pe to wakéto ggplot2 (Wickham, 2016) tng R.

Hotog Tov opatov koKkLvou (620 — 670 nm) ko Tov vitépuBpou (841 — 876 nm) Ppwtdg,
avtiotoryo. Tote, 0 deixtng PAdoTnong kavovikomownpuévng dapopdg (NDVI) diveton
amd TN oxéon:

PNIR — PRED

NDVI := ,
PNIR + PRED

6mov prep, PNIR € [0, 1]. To NDVI ntaipvel typiég o6 to —1 péyprto 1. Xopaktnplotikd
NG YAWPOPOAANG elval 1 avdkAaotn Tov vITEPLOPOL KL 1) ATOPPOPTOT) TOL OPATOD
KOKKLVOU pWTOG, K&TL oL 0d1yel To NDVI va mépet Tipég kovtd ot povada. Avtibeta,
un-kaAAlepynoeg meploxég (XOHo, vepod K.0.K.) Taipvouy moAD YOUNAOTEPES TULEG
NDVL

To peydho pelovékTnpo Twv SopLPOoPLK®OV dedOpEVHV KoL LKA 6TO PAGHO TOV
0patoL PHOTOG eiva 0 BOpLPog oL TpoKaAeital atd Tar GVVVEPQL, To ool EPTTOdilOoVY
Vv mapoakorovBnon tov kaiAepyelodv. I Tov Adyo awtd, ta Sopuvgopikd dedopéva
oLY VA £pYOVTaL e CUPTTAN POHATLKEG eVOEIEELS TWV VEQMOGEWY, BOTE Vo popei va yi-
vel kaBoplopdg Twv dedopévov. Etnv mapovoa épevva, éxovtag dedopéva TOGO Yo
™ 0¢on TV LITO HEAETN KTNUATWYV, OGO Kol TNG VEPEAOTNTAG, eival Suvatd va Ka-
Bapicovpe ta dedopéva KpaATOVTOG TANPOPOPLE HOVO OUITO TAL KTHHOTO YL T OTTola
0 dopupdpog éxetl kabopr etcdva. H enelepyocio twv dopuvpopuccyv dedopévmv Eytve
otnv R xat ovykekpipéva pe ta makéto MODIStsp ko raster (Busetto and Ranghetti,
2016; Hijmans, 2021).

T TNV TopakoAovdnon twv aypokaddlepyeldv xpnotpomouifnie o acOntrpog
MODIS tov dopugpdpov Terra (NASA, 2002). Taw Sopvpopikd dedopévar eivor nuepri-
oo, eved ta dedopéva yior ta oTddia avdTuEng eivon efdopadiaio. Avtd emTpémel
évay akopo Tpomo dopbwong twv dedopévwv, emAéyovtag Tt péyloTn T Tov dei-
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ktn PAdotnong yx kéBe ktipo péca otnv efdopdda. Télog voloyiletal 1 péon
TN TOL delk TN OAWV TV KTNHATOV Yo TNV efdopdda, katadyovtag ce pic ypovo-
oepd efdopadiainv mapatnproewy tov NDVI tnv mtapovoa épevva, ta dedopéva
éxouvv emumtAéov eEopadvvBel yprnopomoidvtag to @idtpo Savitzky-Golay (Savitzky
and Golay, 1964), pe mapapétpovg d = 3 (Babpog morAvwvopov) ko m = 7 (edpog mo-
paBipov e€opdivvong) pe to makéto spatialEco tng R (Evans, 2021). H emdoyn twv
nopopéTpev Paciotnke o olykplon NG amddocTg TOL TEALKOD HOVTEAOL YLOL TOUG
ovvdvaopots Tov Tipdv d = 2,3,4 xouw m = 5,7,9. H npoPrentikr tkavdtnTo TV
9 povTélwv fTav Tapopola, pe Tov ouvdvacpd d = 3 kot m = 7 Vo ToUPAYEL T
KOADTEPA ATOTEAECPATOL.

To Zxnua 2 deiyvel To apykd, akabépioto péoo NDVI kébe nuépag (prhe kdkAot
pe aktivo avédoyn tng ve@eAoTntag) yio to 2002. To teAucd, kabapiopévo kot e€oplo-
Avpévo NDVI cupfoliletan pe pioe cuveyxn Hodpr Ypoppn.

8000
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Zxnpa 2: To apyixd, akabapioro péoo NDVI kdOe nuépag (e kvkAot pe aktiva avdloyn tne ve-
peddtnrag) yie to 2002. To tedikd, kabapiouévo kau eéopadvusvo NDVI cupfoliletan pe pior ovveytj
pavpn ypoppr. Anpiovpyrifnke pe to maxéro ggplot2 (Wickham, 2016) tns R.

1.3 O¢eppuikog Xpovog

H Beppoxpacia eivor o o onpavtikog meptBaAloviikodg mopiyovtog 6TV avi-
TuEn tv gutodv. H e€aptnon auvtr propet va povtedomoinBei edkoda pe Tnv évvolo
TV Beppikov Npepdv avdmtuEng (Growing Degree Days - GDD), éva pétpo tng nue-
priotog Beppikric cvoodpevong (Gilmore and Rogers, 1958).

H évvoia Tov GDD minyddet amtd to yeyovog 0tL o pubpog avamtuéng evog gutol
yivetou BéAtiotog oe pio ovykekpyévn Oeppoxpacio T, (Temperature optimal), eved
undeviletan ekTOG GLYKEKPLEVWV Oplwv oL BéTouv pia kdTe Ko pio dve Bepporpa-
ot Ty, T (Temperature base, ceiling), avtiotoryo. T'ia To kahopmokt ot kabiepwpéveg
Oeppokpaocieg eivoan T, = 10°C, T, = 30°C xou T, = 50°C. Etot, dropfdvovrag
péomn nuepnota Beppokpacio ®ote va Ppicketal eVTog Twv mopartdve opiwy, to GDDy
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piog nuépog t pmopel v vitoloylotel. ABpoilovrtag tig Oeppikég Npépeg avamtuing,
HTTOPOVHE VO TTAPOUHE TO GUVOALKO Beppiid xpovo {wng evog puTOL £wg TNV Npépa t,
AGDD; (Accumulated Growing Degree Days). Zvppolilovtag pe Thin (t) ko Tz (t)
Vv eAdyLoTn Kat péylotr Beppokpocio tng nuépag t, avtiotorya, £Xoupe

(1) 0 Beppikn nuépo avarrTuéng yoe tnv nuépa t, GDDy, mov opileton wg

T (&t T*. (t
GDDt = max( ) ;_ mzn( ) _ Tb,
omov T}, . (1) = min{ T4, (t), To } xou T (t) = max{Tin(t), Tp},

(if) To Beppikd xpodvo Lwng péxpr v nuépa t, AGDDy, mov opileton wg

t
AGDD; := ) GDD;.
i=1
Enpewdveton 6t amd tov oplopd tov T - (1), Oeppokpacieg avatepeg tng féATioTng
(Tov omavioe TapatpovVTAL 6TO TAPOV GUVOAO Sedopévwv) avtioToryilovTal 6Tov
810 Beppiko xpovo pe avt).

1.4 Bpoxomtwon

Evag moAb onpavtikdg mapdyovtag yio tny avamntuEn Tov utdv givor o vetdg.
Axpaieg ovvOnkeg PpoxOTT®ONG KOl XLOVOTTWOTNG eivar duvartdv va PAdfouv 1 ko
Vo KATAOTPEYOLV OAOKATPEG KAAALEPYELEG. XTNV TTAPOVGX EPELVA, O VETOG LOVTEAO-
moteiton akpLPadg 61wg Kot o Beplkdg xpovog. ZvpPoArilovpe pe P tov vetd Tng nué-
pog t, eEKPPooEVO o€ XLAooTd (mm) k&ALYNG ToL ed&poug. O cUVOALKOG LETOG PéXPL
v nuépa t, APy, opileton wg

t
AP, := ZPi.
=1

1.5 IToAvywva Thiessen

Ztv mapovoa épevva, ta dedopéva tng Beppokpaciog kol Tov LeETOL TPOEPYOVTAL
arntd 35 petewporoyikovg otabpots otnv Nepmpdoko. Ipokepévouv va cuvoytotodv
T dedopévar oe pior TIHH AVTIITPOCKOTEVLTIKT Yl OAN TNV TOALTEL, XPNOLLOTOLOVpE
ta ToAbywva Thiessen, mov ywpilovv tnv moAlteio 6e mOADywva pe OpLL TOL LOO-
méxovv artd dvo yertovikovg otabpove. (Exnpa 3). Kabe ktipo avtiotoryiletor otov
oTabPd TOL TOAVY®OVOL 6TO 0T0L0 AVIKEL (GTOV KOVTIVOTEPO HETEWPOAOYLKO GTOONO
ot owt0). Etol, propel v vtohoytotel évag otabpiopévog pécog, OO To KAVOVIKO-
mowmpéva Bépn eivor avaloyo Tov aplBpod Tewv KkTpdTov k&be molvydvou (Eyrpo
4). H av&dvon éywve otnv R pe to mokéto SDraw (McDonald and McDonald, 2020).
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Xxnjua 4: AGDD (kdkkivo) kau AP (umle)

Xxnua 3: Iolitikdg ydptns tng Neumpdoka, , ) . -
Yt 7o érog 2002. Kou o1 8Vo mapdyovres ei-

Swapepiopévos oe moAvywva Thiessen. Ot 35 pete- ° s ;
wpoloyixol arabyol cuppodilovren pe padpe on- VX (,fmeﬂ ton 35 perewpol oyt ffme/l wv,
peic. AniovpyriOnie pie to waxéro leaflet (Graul, H¢ Pépn avddoya rwv kmmpdtey kdbe moAv-

2016) ¢ R yévov. AnuuovpyrOnxe pe to maxéro ggplot2
(Wickham, 2016) tng R.

2. Movtelomoinon

Yxomdg NG mapovoag épevvag eivar 1) TpoPAreYn twv efdopadiainy TocooTOV
otadiov avantuing (CPR) péow tov nueporoylaxot kot Oeppikot xpovov (Week, AGDD),
Tov vetoU (AP) xau tov deiktn PAdotnong kavovikomonpévng dtapopdc (NDVI). Ta
TN povtelomoinaen Tov TpoPAHaTog Kavoupe Xprion Twv Selktdv y € Y yiax To £10g,
w € Wy v efdopdda kot s € S yux 1o otédio. Etot, to mapatnpodpevo CPR yx
70 £€10G Y, TNV efSopdda w koL T0 6TASL0 5 CUPPBONILETOL HE Tyyey ().

T v akoddynon tov povrédov Ba xpnoipomowndel n pilo Tov péoov teTpo-
yovikob o@dipatog tpoPreyng (Root Mean Squared Prediction Error, RMSPE), to
ormoio extipdral pe Monte Carlo cross-validation (Stone, 1974; Geisser, 1975). Zvyke-
Kpéva, 13 oo ta 18 xpovia (2002-2019) enevdvovton oty ekmaidevor (training) tov
povtélov ko T vidAouta 5 oty akloddynon (testing). H Sioadwkaoia awth emova-
AapPaveton K = 500 @opég, pe drapopetikég diapepicelg twv 18 etddv. Qg onpeio
OVOPOPAS, XPTOLHOTOLODHE TO HOVTEAO TOV LoTopLkoV pécov (historic mean) mov ermi-
Aéyer wg mpoPredn yio Ao ta xpdvia to péco efdopadiaio CPR yio kéBe pioe otd
T1G efdopddeg Twv 13 eTwv mov meptiapPdvovtal otnv eknaidevon tov povrédov. To
povtého awtd Ba eivon 1 Pdon yia tnv a€loAdoynon GAAwv povtédov.

o Ty epappoyn awtr, Oewpolpe 1 SelKTPLA €yyy; TOV i-00TOV PUTOD (Eyais = 1,
av To QuTo 7 PplokeTon 610 6TAS0 5 TN deGOUEV) XPOVIKY) GTIYHN KL €yyis = 0
Spopetikd). ToTe, L6 dedopévoug mepLPAALOVTIKOVG TAUPEYOVTEG Ty, OL SElKTPLEG
akoAovBoDV KaTryopLKn katavopr, kat vd v vtdbeor tng decpevpévng aveEaptn-
olog, To GBpolopa Tovg akorovBel ToALWVLHLKTY Katavopr, dSnAadn

n

nﬂ-yw’xyw = Z 6ywi|$yw ~ M(n,wa),
=1

OmOU Ty, eivan Tat CPR yia to étog ¥ xou v eBdopdda w. EmAéyovpe va povrehosmol-
fioovpe k&be otadio Eexwplotd, xpnoporowvrag ta abpoistiké CPR ), to omoio
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dNAGVOLY TO TOGOOTO TV PUTKOV TTOL PpiokovTal o€ Eva 6TAdLO 1) TO éouv Eemepd-
oeL [Ipoximrel Gueco 6TL

* - * —
nﬂ-yws|a’:yws ~ Bln (n,pyws pyws Zpywk;, S = , ey S,

Me Bhon to mopotdve, SULOVPYODHE Vol HOVTEAO AOYLOTIKHG TOALVEPOUNOTG YLo
K&Be 6Tdd10 avamTuEng (mapatnpodpe 6Tt yior s = 1, To povTéAo popel va Tapon)-
@Oei, apov Ta abporotikd CPR eival otobepd ko oo pe Tn povada). Kataokevdlovpe
T0 yevikevpévo ypoppukd povtédo (Nelder and Wedderburn, 1972) tng popeng

prs =F (m;—wsﬁs> , S = 2,...,5,

omov F(z) = 1/(1 4+ ™), n ouvaptnon Aoylotikrg katavopig. Ot eKTIUROELG TV
Bs (ta omoia éxovv Sidotaom d, 6mov d — 1 eivon To TA00¢ Twv TpofAenTikdV Tapa-
YOVT®V TOL HOVTEAOV) TPOKDITTOVV AITO TH CUVAPTNOT HepLkng TTlavopdvelag, Abvo-
vtog TG eElooelg Score

OL(Bs) T .
85 S Z Z yws p;/wS) Lywsj = 0, 1 <5 <d,
57 yeY weW
oL omoieg propovv va emtAvBotv aplBuntikd yioe s = 2,..., 8, YpNOHOTOLOVTOG TN

néBodo Newton-Raphson. EminpdoBeta, vmd cuykekpipéveg ouvOnieg kavovikotntog,
(Wooldridge, 2010), ot ektiprioelg pepikng mibavopdvelog Bs ToL 3, elva cuvemeig kot
QG VU TOTIKA KOVOVLKEC.

H &exwplot povrelomoinon kébe 6tadiov mpoopépel TO TAEOVEKTHOL ETTLAOYTIG
TV TPOPAETTIKOV HETAPANTOV. ZUyKeKpYEVEL, O NHEPOAOYLAKOGS Ko Beppikdg xpovog
ovpmeptropPhvovtol oe OAa Tor 6TAdLL, EVE 0 VETOG PHOVO 0T oTASI TNG PUTELOTG,
NG PUTPWOTNG Ko TNG oLAAOYNG kaprdVv (planted, emerged, harvested), 61ov 1 owén-
pévn PpoxomTwon avapévetal va tpokarécel TpoPANpata oTig kaAAépyeteg. Télog,
o NDVI petpd tnv YAwpo@OAAN, eTOpEVKOG ELGAYETAL GTO OTAdLX HETA TNV YUTPWOT)
Ko Tpwv T ovAAoyT kaprodv (silking, dough, dented, mature). Etot, k&be otddio me-
prhopPhver akplpog Tpelg TpoPfAenTikodg TopPAYOVTES.

3. Aotedécpata

H epappoyn towv poviéAwv AoyloTikng moAvdpopnong movew oto dedopéva twv
18 ety (fitting) £deike T oTATIOTIKY OMHAVTIKOTNTO OAWV TOV TPAYOVTWV, Ge OAaL
ta otddio. Eviiopépov mapovoidlel To yeyovog 0TL 0 GLVTEAEGTHG YLO TOV LETO eivarl
apYNTIKOG YLt To 6TASLL PUTEVLOTIC, POTPWOTNG KOl GUAAOYNG KOPTT®V, emtPefotmdvo-
vTog TV voBeon apvNTIKNG emidpaong Tov veToL oTLIg kKaAAiépyeteg. O mpoPAernti-
Kol maparyovteg eAéyxOnkav yia moAvovyypappikotnto pe tov Generalized Variance
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Inflation Factor (Fox and Monette, 1992), 6mov to kabiepwpévo dpio Tov 10 dev mapa-
Buiotnie. Avapépovpe 6TL 1 Wi peBodoroyia SokpuAoTnKe KoL Yo GAAEG GUVOETIKEG
oLVaPTHOELS, AAA& 1) AoYLOTIKY £dWGE TaL KAADTEPO ATTOTEAECHATAL.

H o0ykpiomn tov RMSPE (Fig. 5) deiyvel 6Tt Tot AoyloTikd povTéAa maplyouv kabo-
AKé YoUnAOTEPOL GOAAPATA OTTO TO HOVTEAO LOTOPLKOD HEGOV. LUYKEKPLUEVCL, TTOPOL-
TNpoovpe 800 mePLOSOLG LYNAGY CPUALATWV, GTNV aPXT Kot TO TEAOG TNG KaAALEPYT)-
TIKNG TEPLOdOU, oL omoieg TNydlovv ot peydho Pobpd amd tn gitevor kot T GLAAOY
KopmdV, otddio Tov kabopilovrol Kupiwg amd avBpomiveg SpaoTnpLOTNTES.

0.09 B

0.03

0.00

Week

Xxnua 5: Xvykpion tov RMPSE avdueoa oto poviélo 10topikov péoov (paivpn SiakeKKopévn
Ypouri) kau to povrédo Aoyiotikiic mativdpdunons (umde ypopun). AnuiovpyriBnke pe to makéro
ggplot2 (Wickham, 2016) tng R.

4. Xovoym

Sty mopovoa Epevva eEETAOTNKE VX HOVTEAO AOYLOTIKNG TTAALVOPOUNGTG e
okoTo TNV TPOPAedn TwV T0606TOV oTAdiWY AVATTUENG G KAAALEPYELEG KOAQWITTO-
kto¥. To povtého avtd éxel v tkavotnto va mopdhyel TpoPAéfelg oe Tpoypatikd
XPOVo, K&TL LOlxiTepa GTHAVTIKO Yo TNV EYKOLPT) TToPaKOAODON O TV KAAALEPYELDOV.

Ye emopevn pelétn Ba BéAope va yprotpomojcovpe dedopéva amd SloupopeTiicég
moltteieg twv HITA xat va ovorttdEoupe évor HOVTEAO HEKTOV emdphoewvy (mixed
effects model), pe oxomd tnv povtelomoinon g peTAPANTOTNTOG TOL TPOEPYETALL
oo Spopetikd €tn kabog Kkal diopopetikég molteiec. TéNog, Wiaitepo evdiopé-
pov Tapovctalel 1) epappoy pe dedopéva AAAWVY SoPLPOP®V KaL GUYKEKPLUEVX TOUG
dopuodpoug Sentinel tov mpoypdyppatog Copernicus tng Evpwmnaikig Evwong.

ABSTRACT
This study concerns the problem of crop stage percentages estimation, presenting a case study
on USA corn cultivations. A logistic regression model is developed, using three predictive
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factors, thermal time, precipitation and one vegetation index. Thermal time and precipitation
are calculated from meteorological stations, while the vegetation index is monitored via the
satellite sensor MODIS. The performance of the model is evaluated with the RMSPE.
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ABSTRACT

In this work, we develop and study one-sided CUSUM control charts for monitoring
correlated counts with finite range. Often in practice, data of that kind can be adequately
described by a first-order binomial integer-valued ARCH model (or BINARCH(1)). The
proposed charts are based on the likelihood ratio and can be used for detecting upward or
downward shifts in process mean level. The general framework for the development and the
practical implementation of the proposed charts is given. Using Monte Carlo simulation, we
compare the performance of the proposed CUSUM charts with the corresponding one-sided
Shewhart and EWMA charts for BINARCH(1) processes. A real-data application of the
proposed charts in epidemiology is also discussed.

Keywords: Average run length, BINARCH(1) model, CUSUM, Statistical process control.

1. INTRODUCTION

Statistical process control (SPC) is a collection of statistical tools that focuses on the
monitoring of a (stochastic) process and aims to detect changes in it. The most
representative tool of this collection is the control chart, originally proposed by
Walter A. Shewhart in the 1920’s. The main area of the application of control charts
is on the monitoring of industrial processes but nowadays, since processes become
more and more complex, their use is not restricted in industry but also on several
other areas of applied science (see, for example, [Bersimis et al. (2018)], [Woodall et
al. (2017)].

There are two main categories of control charts: The variables charts (for
continuous random variables) and the attributes charts (for discrete random variables).
In this work, we focus on attributes control charts and specifically, we are interested
in monitoring the number of nonconforming units, within a sample size n.

The usual control chart in this case is the Shewhart np chart [Montgomery (2009)].
These monitoring schemes are developed under the assumption that the number of
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nonconforming units follows a binomial distribution B(n,z), where n is the sample
size and = is the success probability. Moreover, an assumption when the np charts are
applied in practice is that the successive counts are independent and identically
distributed (i.i.d) binomial random variables (r.v).

However, when the assumption of serially independent counts of nonconforming
items is violated, properly adjusted control charts have to be applied for process
monitoring, instead of the abovementioned ones. According to Kim and Lee (2019)
(see also [Psarakis and Papaleonida (2007)], the automation and advancement of
quality in production processes, has made serially correlated processes of counts (or,
integer-valued time series) very common in the modern manufacturing industry while
the monitoring of these processes has received considerable attention from many
researchers.

In this case, the np chart cannot be used because of the excessive false alarm rate.
A solution to this problem is to select first an appropriate model of integer-valued
time series and then to develop control charts based on this model.

In this category belongs the BAR(1) model, which was proposed by McKenzie in
1985. The BAR(1) model is a simple model and suitable for modelling autocorrelated
binomial counts with structure similar to that of the usual AR(1) model. Moreover, it
is suitable when the possible values of the process are finite, e.g. in the set
{0, 1, ...,n}. Another popular choice is that of the first order beta-binomial
autoregressive model (BBAR(1), Weifl and Kim (2014)). The BBAR(1) model is
suitable for modeling correlated binomial counts with extra binomial variation, i.e.,
when the variation is larger compared to the variation under the binomial model.

Furthermore, the BBAR(1) model is suitable when the sample consists of non-
homogeneous units. In the non-homogeneity case, the probability for a unit in the
sample to be nonconforming is not the same for all the units in it. For example, the
probability for a country to have monthly inflation rate below 2% is not the same
among all the Eurozone members, because of the different socioeconomic structure
and policy across the countries.

An additional model in the same category is the BINARCH(1) model. [Ristic et al.
(2016)], [WeiB and Pollett (2014)]. The BINARCH(1) model has a dependence
structure similar to that of the usual AR(1) model and it is appropriate when extra-
binomial variation is present in the process.

Several control charts for monitoring correlated counts with finite range are
available in the related literature. Wei3 (2009) proposed and studied a moving
average control chart and a runs based chart for monitoring a BAR(1) process.
Rakitzis et al. (2017) studied one-sided (upper- and lower-sided) Shewhart charts and
one-sided CUSUM charts for monitoring a BAR(1) and a BBAR(1) process.
Recently, Anastasopoulou and Rakitzis (2020, 2022) proposed and studied upper and
lower one-sided EWMA type charts for monitoring BAR(1) and BBAR(1) processes.
To the best of our knowledge, CUSUM charts have not been studied in the case of
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BINARCH(1) processes. Moreover, motivated by their well-known optimality
property [Moustakides (1986)], we aim at investigating if this property is preserved in
the case of BINARCH(1) processes, too.

This work is organized as follows: In Section 2, we briefly present the main
properties of the BINARCH(1) model. In Section 3 we present the one-sided CUSUM
charts for monitoring a BINARCH(1) process (Sections 3.1 and 3.2), as well as the
performance measures for each chart (Section 3.3) and their statistical design (Section
3.4). Section 4 consists of the results of an numerical study on the performance of
one-sided Shewhart, s-EWMA and CUSUM charts in the monitoring of
BINARCH(1) processes. In Section 5, we provide an example for the practical
implementation of the proposed charts in epidemiological process. Finally,
conclusions are summarized in Section 6.

2. THE BINARCH(1) MODEL

The BINARCHY(1) is a suitable model for autocorrelated processes of counts with a
finite range. It was first proposed by Weil3 and Pollett (2014) as a limiting case of the
density dependent thinning models and recently, it was studied further by Ristic et al.
(2016).

Let X,, t>1, be a sequence of serially dependent counts which take values in
{O,l,...,n}, nell . In the BINARCH(1) model the conditional distribution of X: | Xi
1, Xe2, ... ~B(n, @), , 1, The «, =a,+(a/n)X,,, where a,>0, a >0 and
a, +a, <1.

For the marginal distribution of X,, the expected value E(X,), the variance V (X,)
and the autocorrelation function p(k) =Corr(X,, X,_,) are, respectively, equal to

u=E(X)=na,/1-a), o’ EV(xt)=%, pk)=af, k=1,

Moreover, the transition probabilities p;; :(Xt =j| Xy = i) are given by

j -
Pji :[Tj(ao +%al'ij (1_3'0_%a1'ij ; @)

for i,je{0,1..,n},while the conditional expected value E(X,|X,;) and the
conditional variance V (X, | X,_;) are, respectively, equal to

E(X 1 Xiy) =ne,, V(X | X 4) =ne, (1-a,). 2

Parameters «, and ¢, of the BINARCH(1) model can be estimated via the method of
Conditional Maximum Likelihood (CML). Let us assume that X,,..., X; is a segment
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from a stationary BINARCH(1) process. Then, by conditioning on x,, the conditional
log-likelihood function equals [see Ristic et al. (2016)]

i n
I(ao,al>=z{log(xt]+xt log +(n—xt)log(1—at)}. ®

The CML estimators &, , a,, of a,, a are obtained by maximizing numerically
the function I(a,,a,) while the corresponding standard errors of the estimates can be

obtained via Fisher’s Information matrix. Other estimation methods of the parameters
of a BINARCH(1) model can be found in Ristic et al. (2016), where the interested
reader is referred to.

3. CONTROL CHARTS
3.1 Method

It is well known that Shewhart charts are control charts without memory since they
make use of only the value of the most recent observation. Consequently, they are not
very sensitive in small and moderate changes in the values of process parameters. On
the other hand, the cumulative sum (CUSUM, [Page (1954)]) and exponentially
weighted moving average (EWMA, [Roberts (1959)]) control charts, as control charts
with memory, detect these types of changes more quickly than the Shewhart charts.
See, for example, the works of [Gan (1990)], [Wu et al. (2008)], [Bourke (2001)],
[Morais and Pacheco (2006)], [Haridy et al. (2020)] and references therein.

In this section, we focus on the development of upper and lower one-sided
CUSUM control charts for monitoring a BINARCH(1) process. The aim is to detect
quickly and accurately a change in the process mean level. When the process is in-
control (IC), we will denote its IC process mean level as uox while in the out of
control state (OOC), it is denoted as wix. In a similar manner, the IC (OOC)
parameter values of the BINARCH(1) model are denoted as ag and ao1 (a0 and au1).

Usually, practitioners focus on changes in the mean level u = E(X;) = nao/(1 — a1)
of the process, mainly in detecting increases in the process mean level, from an IC
value s,y to an OOC value g4 > p4 « . In practice, it is of great importance to

detect an increase in the mean of the process, because it is related to a process
deterioration. However, when a decrease in the mean of the process has occurred, the
process has been improved. In this work we consider both cases.

3.2 CUSUM Control Charts

In the sequel, we propose one-sided CUSUM control charts for monitoring
BINARCH(1) processes, by using the likelihood ratio (LR) statistic (see also [Weif3
and Testik (2012)]). Specifically, using the transition probabilities given by (1), we
form the following LR statistic for a BINARCH(1) process:
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LR(agg, g1+ 849, &41) = = j —
L(2.80;) (N 1. I
-@m+n%fq(Lﬁw_n%fq
j n

+1 1= 1 i
~ Qo na'.l.l Qo nail

Lo il |1-ay,—tay, i
8o n o1 8o n Qo1
Then the one-sided CUSUM chart is defined as C, =max(0,C_, +IR), t>2
and give an OOC sign at sample t if C, > h, where h is the decision interval (control

limit) of the CUSUM chart and IR, is the log-likelihood ratio which equals:

Assume now that a shift to a certain OOC parametrization (aio, ai1) is of
particular interest. Then, by defining (aio, a11) in terms of (a, @01), we can derive the
corresponding LR test statistic and formulate the CUSUM charts for this OOC
situation. This is exemplified in the sequel by considering the following three cases:,
(i) a0 = 6™a00, (0" > 1, for increases or 0 < ¢" < 1 for decreases) and a,, =a,,, i.e., a
change only in a, (ii)an=an +7 (for increasing shifts) or a1 =an —7 (for
decreasing shifts), where " >0, i.e., a change only in a, and (iii) a simultaneous
change in both parameters.

Except for the suggested CUSUM chart defined previously, we also propose the
use of a combined scheme, which consists of two CUSUM charts running
simultaneously. Specifically, we have one CUSUM chart suitable to detect changes
only in a,, and another CUSUM chart suitable to detect changes only in a,, . The

combined scheme gives an OOC sign at sample tif C, >h, or C, >h; where ha and
hg are the decision intervals (control limits) for each chart of the combined CUSUM.

3.3 Performance Measures

In order to evaluate the performance of the proposed charts, it is necessary to
determine their run length (RL) distribution. The RL distribution is the distribution of
the number of points plotted on the chart until it gives for the first time an OOC
signal. Its expected value E(RL), also known as average run length (ARL), is the most
common performance measure of a control chart. The ARL expresses the average
number of points to be plotted on the chart until it gives for the first time an OOC
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signal. Due to the autocorrelation among the successive counts, different performance
measures must be used regarding the 1C and the OOC performance of the charts.

In this work, the IC performance of the proposed schemes is evaluated in terms of
the zero-state ARL (zsARL) which is the expected number of points plotted on the
chart until the first (false) alarm is given.

For an OOC process, the performance of the proposed schemes is evaluated in
terms of the steady-state ARL (ssARL) which gives an approximation of the true mean
delay for detection after a change in the process, from the IC state to the OOC state.
Specifically, we assume that a change in process happens at an (unknown)
changepoint £=1, 2, .... That is, for £ < t, the process is in the IC state while for &> t,
the process has shifted to the OOC state. Therefore, the sSARL expresses the expected
number of points to be plotted on the chart until it gives for the first time an indication
of an OOC process, given that the process has been operated for "sufficient time" in
control. According to Weil and Testik (2011), the zSARL and the ssARL are
substantially different in the case of monitoring processes with correlated counts.

3.4 Statistical Design

The statistical design of the proposed CUSUM chart requires the determination of the
value of h (or h, and hg for the combined CUSUM), such that its IC performance is
the desired one. Next, we provide the steps of the algorithmic procedure that is used
for the determination of the h value for a CUSUM chart with the desired IC ARL
performance.

Step 1. Choose the values for n, ag, @01 and the desired IC ARL value, say ARLo.

Step 2. Choose the shift of interest (e.9. aio = 6@, 6" > 1, ann =an + 7, 7 > 0).

Step 3. Determine h such that the IC zsARL is close enough to the desired ARL,
value.

The above steps apply for any shift (either increasing or decreasing) in process
parameters.

3.5 Numerical Study

In this section, we present the results of a numerical study on the performance of one-
sided Shewhart, s-EWMA and CUSUM charts in the monitoring of BINARCH(1)
processes. The one-sided Shewhart and s-EWMA for BINARCH(1) processes have
been studied by Anastasopoulou and Rakitzis (2020). The s-EWMA control chart has
been proposed and studied by Weiss (2011) and it is a modification of the usual
EWMA statistic. Specifically, the values plotted on a s-EWMA chart are given by

& =s—round(1X, +(1-4)Q).Qf =af?,
where the initial value of” =| s,y |. The s-round(...) function is defined as s-

round(x) =z if-f z-0.5s<x<z+0.5s and it is a generalization of the usual
rounding function since it rounds a number x to the nearest fraction with denominator
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s. Using Monte Carlo simulation, we compare the performance of the proposed
CUSUM charts with the corresponding one-sided Shewhart and s-EWMA charts for
BINARCH(1) processes. The aim is to detect quickly and accurately changes in
process parameters.

For the IC design parameters, we consider various combinations for the values
(0o, a01) such that ago + ac1 < 1. When the process is OOC, both parameters can
change, either simultaneously or not. Therefore, we assume that the parameter ago
changes from ag to ai0 = d-ago, 0 < J < 1, (downward shifts) or ¢ > 1 (upward shifts),
such that ajo + a11 < 1. In a similar manner, the changes in ao; are given as follows: In
the case of upward shifts, we assume that a1 = ao1 + 7, while in the case of downward
shifts, we assume that ai; = ap1 — 7, where >0 and ago + an; < 1.

Table 1 gives the results of a comparative study between the upper one-sided
Shewnhart, s-EWMA and CUSUM charts for BINARCH(1) processes. The IC
parameter values of the process are given in the columns “ag”, “an1”, “uox”and “n”,
while the rows “UCL”, “A”, ha, hg consist of the values of the design parameters of
each chart. The ha line consists of the value of h for the proposed CUSUM charts
whereas, ha and hg are the decision intervals that formulated the combined CUSUM

schemes. Also, the rows d, dg, 7,, 75 consist of the values of the shifts of interest

(or fixed shifts), that is the shifts that we want to detect. It should be also mentioned
that the design parameters for the s-EWMA and CUSUM charts have been
determined so as their IC performance is the closest possible to the IC performance of
the Shewhart chart, in order to have a fair comparison between the different charts.
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Table 1: ARL comparison, one-sided Shewhart, s-EWMA and CUSUM charts for
upward shifts

o N A a1 o v |Shewhart =1 S-E::;AA 1 CUSUM ngg&”&d

3 3000505 1 0 | 398.78 |365.27 403.34 403.14| 398.63 397.67 397.08 | 385.23
1.1 0 | 250.53 |206.28 231.35 209.26| 138.12 171.85 178 142.31
13 0 | 11249 |81.28 91.87 74.81| 46,57 56.35 57.02 47.47
2 0| 1767 |12.83 13.61 12.02| 1396 12.11 11.66 12.49
1 0.05| 191.67 |148.22 164.29 149.49| 127.68 126.29 131.73 | 119.79
1 0.07| 145.19 |108.28 119.63 106.98| 93.51  89.23 93.8 85.33
1 01| 9756 |70.67 77.47 6855| 63.4 57.74 60.54 57.57
1.1 0.05| 126.66 |92.48 101.97 8855 | 67.71 7096  74.93 65.69
1.3 0.05| 62.01 |4341 4794 3994 | 3234 3305 33.03 313
15 0.05| 35.13 |24.42 26,6 22.18| 21.23 20.2 19.73 20.11
1.1 0.07| 97.73 |69.68 77.32 66.75| 54.41 54.88 57.29 52.13
1.3 0.07| 49.8 |3525 38.19 32.04| 28.26 2765 27.98 27.24
12 01| 4884 |34.81 3751 32.07| 30.12 28.56 28.64 28.23
13 01| 3643 |26.17 27.96 24.12| 2413 2224 21.98 22.32

UCL 10 7 7 5.75

A 1 027 035 0.18

ha 2.11 2.05 2.9 2.33

hs 2.26

d, 1.2 1 1.2 1.2

dg 1

h 0 0.1 0.1 0

0.1
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Table 2: ARL comparison, one-sided Shewhart, s-EWMA and CUSUM chart for

downward shifts

Mo N A amn J t |Shewhart =1 S_E::;VIA —a CUSUM C&stbn&d
18.75300.050.92 1 0 | 408.78 |372.98 409.45 405.09|407.41 410.33  408.17 410.53
0.9 0 | 227.67 |202.88 216.65 207.54|179.77 234.32  242.27 197.94
0.8 0 | 137.06 |122.10128.19 123.30|105.08 144.66 149.92 118.77
0.7 0 | 89.06 |79.97 83.05 79.18| 71.79 95.35 98.02 79.06
1 0.05| 7248 |62.90 65.33 59.37| 49.19 69.19 82.44 55.00
1 01| 31.73 |27.85 28.73 27.38| 26.64 27.47 30.26 26.52
1 0.15| 18.78 |17.21 1799 18.45| 1861 17.05 16.42 16.97
0.90.05| 52.68 |46.47 48.21 44.83| 39.85 51.29 57.63 43.74
0.80.05 39.99 [36.10 36.79 35.36| 33.55 39.82 42.88 35.85
0.70.05| 31.84 [29.23 29.63 29.30| 28.34 32.46 33.22 29.90
LCL 3 6 7 9
A 1 026 0.2 011
ha 1.69 4.22 4.34 2.01
hs 4.47
dy, 0.8 1 0.8 0.8
dg 1
Th 0 0.1 0.1 0
T 0.1

The comparison of the ARL profiles between the Shewhart, s-EWMA and the
CUSUM charts for BINARCH(1) processes reveals that the proposed CUSUM charts
are very powerful charts in the detection of small and moderate shifts in the mean
level of the process. This conclusion stems from the fact that the CUSUM control
charts have the lowest value ssARL for each shift.

Similar conclusions are drawn for the one-sided control charts for decreasing shifts
in the process mean level (see Table 2). Again, the CUSUM charts have the minimum
SSARL value for each shift and thus, are the charts with the best performance.

4. A REAL DATA EXAMPLE

In this section we present an application of the proposed CUSUM charts to real data
for monitoring BINARCH(1) processes. These data refer to the regional spread of an
infection in Germany within a year. Specifically, we have the weekly number X; of
regions in Germany, with a new case of hantavirus infection in 2011, for T=52
weeks. The number of regions is n = 38. More details on this dataset can be found in
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[Weill and Pollett (2014)] and [Ristic et al. (2016)]. The time series plot in Figure 1
shows that the values in the sample are between 0 and 11. The sample mean is 4.173
and the sample variance is 7.793.

Figure 1. Weekly number of regions with new cases of hantavirus

10

weeks

Next, we fit the BINARCH(1) model in the data by using the method of
Conditional Maximum Likelihood (CML) where the logarithm of the likelihood
function (conditioned on xi) is given in (3). Thus, the maximum likelihood (ML)
estimates are obtained by maximizing it. Using R [R Core Team (2002)] and the
function optim (), we obtain the ML estimates for ag, ao1 (in the parentheses we
provide the respective standard errors), that is &y, =0.03 (0.011) and
8y = 0.748 (0.108). In the sequel we assume these are the actual values of the IC
process parameters. Moreover, for the development of all the considered control

charts, we choose (for illustrative purposes) an ARLo=100 as the desired IC ARL
value.

Following the steps for determining the chart’s parameters (ha for CUSUM, ha and
hg for Combined CUSUM), we present the following one-sided control charts for
upward shifts in the mean level of the process, with an IC zsARL value as close as
possible to 100 and with the following fixed shifts (lines d,, dg, t,, tg). Figure 2

consists of the CUSUM charts for the hantavirus data, in the case of upward shifts in
the process mean level.

We observe that in the last weeks of the year, there is a strong upward movement
which begins shortly after the 30th week, which is followed by a clear indication of
an upward shift from the 41st week onwards. This shift is perceived by all schemes;
the CUSUM chart with change only in a,, gives an OOC signal at the 49th week.
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Table 3. Design Table for the CUSUM charts for upward shifts in the mean

Charts Shewart CUSUM CUSUM CUSUM  Combined
CUSUM

ZSARL 83.30 99.09 100.78 100.22 99.19

ha 0.91 1.28 1.69 1.37

hs 1.3

d,’; 1.2 1 1.2 1.2

d

T; 0 0.1 0.1 0

T; 0.1

UCL 12

Figure 2. Shewhart and CUSUM charts of Table 3 for the Hantavirus data

Shewhart Upper-Sided CUSUM Upper-Sided CUSUM

8 10 12
R

00 02 04 06 08 10
L f i L

Upper-Sided CUSUM Combined CUSUM

S sosimm

Next, we proceed with the CUSUM charts for detecting downwards shifts in the
process mean level. Specifically, we consider the following schemes while the
respective CUSUM charts for the hantavirus data are given in Figure 3. We notice
that the lower one-sided Shewhart chart gives an OOC signal (Xis = 0), but it should
be interpreted with caution because of its low IC zsARL value. On the contrary, the
proposed CUSUM charts give IC ARL, close to the desired value. The CUSUM chart
optimized for a change only in a; gives an OOC signal for the first time at point 19,
while the combined CUSUM chart signals at the point 25.
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Table 4. Design Table for the CUSUM charts for downward shifts in the mean

Charts Shewhart CUSUM CUSUM CUSUM  Combined
CUSUM
ZSARL 36.91 100.1563 100.2056 100.8044  99.09152
ha 0.91 1.48 1.92 1.09
hg 1.69
d:\ 0.8 1 0.8 0.8
dg
T; 0 0.1 0.1 0
T; 0.1
UCL 0

Figure 3. Shewhart and CUSUM charts of Table 4 for the Hantavirus data
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6. CONCLUSIONS

In this work, we developed and studied one-sided CUSUM control charts for

Lower-Sided CUSUM

monitoring a BINARCH(1) process. The proposed charts are based on a likelihood

ratio statistic and can be used for detecting upward or downward shifts in process

mean level of the process. Our numerical analysis (based on Monte Carlo simulation)

revealed that the proposed charts outperform the respective Shewhart and s-EWMA
charts for small to moderate increasing and decreasing shifts in the parameters of the

process. Finally, they can be effectively used in the monitoring of the epidemiological

data.
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HHEPIAHYH

v mopobca €PYacic, OVOTTUGGOVTIOL LOVOTAELPO Sloypdppato AEYYOL TOTOV
CUSUM v v mopaxorovdnon pog diepyaciog n omoio meptypapetar and £va
HOVTELO YPOVOAOYIKAOV GePp@V pe aképateg Tnég, o BINARCH(1). Ta mpotevoueva,
Swypappato Bacilovral otov Adyo mhovoedvelog Kol LTopovv va xpnoiponomfovv
YL TNV €YKVpT aviyveuon avENcemv N LELOCEMY GTO HECO EMIMEdO TG dlepyaciag.
Mopovoialovior apBuntikd omoTeAECHOTO  UI0G CUYKPITIKNG  UEAETNG HECH
Tpocopoinons. Amd TIG GLYKPIGELS TOL Yivoviol SOMIGTAOVETOL OTL TAL TPOTEVOUEVA
SaypappoTa vIePEXOLY TV avtiotorwv dtaypoppdtov Shewhart kot S-EWMA ya
UIKPEG T/KaL UEGOIEG LETOTOTIGELS OTIC TOPAUETPOVG TG dadikaciog. TéAog, divetal
U0 TPOKTIKT EQPOPUOYN TOV TPOTEWVOUEVOV SYPOUUATOV GTIV TOPAKOoA0VON o™
EMONUOAOYIKADV dESOUEVAV.
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ABSTRACT

Forest inventories provide all the necessary information for the sustainable management of
forest ecosystems. This information includes the estimation of forest biometric variables, such
as the growing stock volume (GSV) which is of the most interest. In the present work, an
attempt was made to define post-strata after grouping homogeneous forest
stands/compartments with cluster analysis. For this purpose, the combination of different
parameters from past forest inventories, such as the total GSV and the tree density per
compartment and hectare, were used as grouping variables. Twenty-eight different clusters
were defined based on different auxiliary variables (observations) and using different
clustering methods, including the proper selection of the number of clusters k and the
aggregation algorithms that grouped the observations. The evaluation of the number of
clusters is based mainly on the silhouette width. Clustering is used as a support tool for the
estimation phase, for enlarging the small areas and correspondingly the sample size. Thus, the
final evaluation of the clusters is based on the direct estimates, aiming at the minimum relative
standard error of the mean (rRMSE%) of GSV.

Keywords: Clustering, past census data, subpopulation estimates, Silhouette, PAM

1. INTRODUCTION

The sustainability of the forests and forest products depends on the proper forest
management plans. Forest inventories (FIs) provide all the basic information
necessary for the sustainable management of forest ecosystems. Forest inventories
can be distinguished in national and management forest inventories (MFIs). Forest
growing stock volume (GSV), one of the most important forest biometric variables,
includes the stem volume (m3/ha) of all living trees from ground level or stump
height up to a minimum diameter of the treetop or branches (FAO, 2004). MFI faces a
big challenge because it aims to provide estimates not only in the whole forest
population but rather for each management unit (forest stand or compartment) that
corresponds to a geographic subpopulation (small area or domain). Recently, there
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has been a growing interest of small area estimations (SAE) both in research; (Rao &
Molina, 2015) and practical applications such as MFIs (Breidenbach, Magnussen,
Rahlf, & Astrup, 2018; Goerndt, 2010; Magnussen, Mauro, Breidenbach, Lanz, &
Kandler, 2017). SAE can be considered a technique that aims to provide estimates in
small areas (geographical areas in forestry) when direct estimates are not feasible due
to the small sample size. The plethora of SAE literature includes model-based and
model-assisted estimations (Hill, Mandallaz, & Langshausen, 2018), using
correspondingly good auxiliary covariates.

An alternative approach in case of unreliable design-based direct estimations and
when auxiliary covariates are not available for model-based or model-assisted SAE is
the post-stratification. With post-stratification or post-stratified sampling, the forest
population is divided into larger homogenous groups, the so-called post-strata or just
strata, under the existing sampling design. We can consider a pre-stratification of the
existing sampling survey that was applied only to the forest area, excluding non-forest
areas.

The problem of SAE remains also in strata estimations. Westfall et al. (2011) detected
a disagreement between researchers relative to the minimum number of sample units
per stratum, which ranges from 10-20, and also some form of ambiguity in the
justification of the findings. Their research (Westfall et al., 2011) recommends at
least 10 sample units as the minimum total sample size within-stratum, for the
stability of the mean and the estimated standard error of the mean. An additional
problem to the small sample size per stratum is the unequal sampling fraction that can
sometimes be extremely small. Generally, stratification yields more efficient
estimators under the consideration that within, the strata are homogeneous and the
overall population heterogeneous (Golder & Yeomans, 1973). Stratification is used as
a sampling variance reduction technique, compared to the simple random sampling
(SRS), when there is smaller within-strata variance (homogeneity) and larger
between-strata variance (heterogeneity) (Golder & Yeomans, 1973).

Cluster analysis was used for post-stratification in this research. With clustering, an
effort has been done for the enlargement of the forest stands (sub-populations of
interest) into larger groups, with the expectation to provide more accurate post-strata
estimates. A prerequisite for conducting post-stratification with cluster analysis is the
availability of auxiliary variables that can describe the heterogeneity across the forest
stands. Such auxiliary variables can be from past census data, remote sensing data
(Potapov et al., 2021), abiotic characteristics such as aspect or/and slope of forest
stands, or data that describe the spatial contiguity between the stands such as
centroids (X, Y coordinates). Generally, we cannot rely on the sample units (plots) for
clustering, assuming that the extremely small sample size cannot describe the status
of the stands. Stratification and clustering can be used interchangeably.

The delineation of the forest ecosystem into sub-populations of forest stands or
compartments has been done based on the natural lines, such as streams, ridges, and
roads. We assume that forest stands are not always necessarily different or there is
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some degree of similarity between them, regarding the variable of interest or another
auxiliary variable that can be used in cluster analysis. This proposed methodology can
be used when there are no available auxiliary covariates at the unit-level (sample
plots) or area-level (aggregated information in the forest stands) that can be linearly
related to the target variable of GSV and for this reason, no other SAE technique can
be used. Keeping in mind that the minimum within-strata sample size should be at
least 10 (Westfall et al., 2011), an expected solution is to cluster around 7 stands
averagely with correspondingly 10 plots per group. The direct estimates of the post-
strata made use of the sample plots from the systematic sampling but were treated as
they came from a simple random sampling from an infinite population.

Cluster analysis or clustering is an unsupervised machine learning technique that
helps to explore the data by partitioning the data observations into meaningful groups
that share similar characteristics amongst each other. Clustering methods can be
distinguished into two broad categories, hierarchical and non-hierarchical methods
(Giordani, Ferraro, & Martella, 2020). Standard clustering methods include the
agglomerative hierarchical clustering of the well-known single linkage method,
average linkage method, complete linkage method, and Ward’s method. From the
non-hierarchical clustering methods, the most famous are the k-Means algorithm and
the k-Medoids (Giordani et al., 2020). Cluster information can be incorporated into
the SAE models (Fay & Herriot, 1979) in the form of dummy/factor variable
(Torkashvand, Jozani, & Torabi, 2017; You & Chapman, 2006; Zulkarnain, Jayanti,
& Listianingrum, 2020) or can improve the linear relation in statum-level with the
variable of interest.

The primary goal of this study was to achieve an acceptable accurate direct estimate
per post-statum with as much as a possible greater number of clusters. Thus, finding
the minimum sample size with acceptable accuracy for forest stands (sub-
populations) in the University Forest of Pertouli, took great effort. Similar to relative
research (Torkashvand et al., 2017), the optimal number of clusters is not the smallest
number of clusters because the aim is to have, as much as possible, similar small
areas inside a cluster. The "best" number of clusters can be considered subjective to a
large extent, but with silhouette analysis (Rousseeuw, 1987) this subjectivity was
minimized. The evaluation of clusters was initially based on the average silhouette
criterium (Rousseeuw, 1987) on the working auxiliary data. The basic components of
the clustering methods are the distance metric (ex. Euclidian), the number of clusters
and the clustering algorithm. The statistical analysis was done with the open-source
statistical software R (R Core Team, 2021) and the cluster analysis based mainly on
the package ‘cluster’ (Maechler, Rousseeuw, Struyf, Hubert, & Hornik, 2014).

Twenty-eight different clusters were defined based on different auxiliary variables
(observations) and using different clustering methods, including the proper selection
of the number of clusters k and the aggregation algorithms that grouped the
observations. Clusters were created with partitioning around medoids (PAM)
(Kaufman & Rousseeuw, 1990), k-means (Giordani et al., 2020) and hierarchical
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algorithms (Ward, 1963), while the number of clusters derived with silhouette
analysis (Rousseeuw, 1987). Clustering is used as a support tool for the estimation
phase, for enlarging the small areas and correspondingly the sample size. Thus, the
final evaluation of the clusters is based on the direct estimates in terms of the
minimum small relative standard error of the mean (rRMSE%) of GSV.

2. MATERIALS AND METHODS
2.1 Case study

This study area of interest is the University forest of Pertouli in Greece with the
dominant species the Abies borisii-regis (Mattf.) (hybrid fir). The population consists
of the total forest with adequate 174 small areas to be the forest stands/compartments.
The variable of interest (target variable) is the GSV m®ha. The clustering will be
conducted in 168 stands removing the unmanaged with no sample plots. From the 168
stands, the 160 stands are considered as planned because they have at least one plot
and 8 non-sampled or unplanned because there are no sample plots. Half of the stands
have only one sample plot and the other half just two, with a few stands to have non
and three plots. Due to the extremely small sample size per stand (1-3 sample plots),
we cannot rely on the survey sample data for clustering, instead, we use auxiliary data
that cover all the small areas.

Auxiliary data that is used in clustering include area-level data from past census
measurements including a complete enumeration of trees per domain, where and
ForestDensity/FirTreeDensity adequate to trees/ha, diameter at breast height (DBH)
and GSV m®ha measured per compartment. Here is the description of the auxiliary
variables used in clustering:
a) Census 1988, GSV mdha (GSV88, FirGSV88), trees/ha (ForestDensity,
FirTreeDensity88) and distribution of DBH/GSV for 174 compartments
b) Census 1997, GSV mdha (GSV97, FirGSV97), trees/ha (ForestDensity97,
FirTreeDensity97) and distribution (fir_dbh_distribution97) of DBH/GSV for 173
compartments
¢) Diameter at breast height was categorized in classes of 4 & 5cm DBH
d) Systematic sampling 2008 (sampling intensity 1%, sample size ~ 250, sample
unit =0,1 ha) and their estimations per stand
e) Systematic sampling 2018 (sampling intensity 1%, sample size ~ 250, sample
unit =0,1 ha) and their estimations per stand
f) Abiotic factor include
i) slope and aspect for each stand.
ii) Site Index (SI) also characterizes the productivity of the stands (average
value)
iii) An estimated optimum density number of trees per stand
g) Forest canopy height data (meanHeight) from Global Ecosystem Dynamics
Investigation (GEDI) lidar instrument integrated with Landsat data (30m pixel
size) (Potapov et al., 2021).
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h) The spatial relation of the stands from the corresponding centroids-coordinates
X, Y).

Sampling design usually is not considered in SAE in advance (Georgakis &
Stamatellos, 2020). The direct estimates derived from the systematic sampling survey
of 2018, having sampling fraction 1%, sample size (plots) 252 and sample unit
(plot)=0,1 ha. Samples are located only in a forested area and every sample plot
includes measures of the variable of interest (GSV).

2.2 Clustering methodology

First, we examine clusterability with the following two tests and optical illustration.
“Multiple modes in the distance distribution suggest the presence of multiple clusters”
(Adolfsson, Ackerman, & Brownstein, 2019). Using the Hartigans’ Dip Test for
Unimodality we proved that we have non-unimodal and have at least bimodal
distribution for example for the auxiliary candidates (ForestDensity97ha,
ForestGSV97ha). In the second test, we use the Hopkins’ (H) statistic (Lawson &
Jurs, 1990; Wright, YiLan, & RuTong, 2021) to test clusterability via spatial
randomness. We test the auxiliary candidates (ForestDensity97ha, ForestGSV97ha)
selecting an integer (n=27) that corresponds to the number of points selected from
sample space which is also the number of points selected from the given
sample(data). Random numbers from two random variables/columns give us H = 0,49
(close to 0,5 which is the uniform distribution — Null Hypothesis), while the H = 0,18
for the real data belong to the Alternative Hypothesis and means that auxiliary data
are not uniformly distributed and therefore there is cluster tendency. If we want to
illustrate the clusterability visually first of many variables first we scale the data and
after we computed the dissimilarity matrix between observations. After we apply the
algorithm of the visual assessment of cluster tendency (VAT) approach (Bezdek and
Hathaway, 2002) (Figure 1) as referred by Giordani et al. Giordani et al. (2020). With
red color, there is high similarity or low dissimilarity and with blue low similarity.

Regarding variable selection for clustering, there is not a clear way to find the
variables that will be used in clustering. The variable selection is based on the relation
to the variable of interest GSV with the auxiliary data. They used both unique and
also two or more variables for clustering the small areas. In the case that we do not
know which auxiliary data is valuable for clustering homogenous small areas, we can
start from the combination of all the variables and can investigate which ones can
partition better the population.
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Figure 1. Visual illustration of clusterability on the left figure compared to random
numbers on the right (Red: high similarity and Blue: low similarity)

Auxiliary data (ForestDensity97ha, ForestGSV97ha) Random data

Before clustering, we have to prepare the data by doing some pre-processing. Pre-
processing includes the scaling of data that are normalized/standardized for avoiding
the influence of some auxiliary data on the distance measure. After we compute the
dissimilarity matrix with euclidean distances (Distance = 1- Similarity), knowing that
two observations are similar if they have a small distance from one to another and less
similar if they have a large distance.

After pre-processing the starts the crucial task is to define the number of clusters k.
The number of clusters is partially subjective and depends also on the research
question. Therefore, in this study, the effort has been placed to find a large number of
clusters using different techniques.

Initially, the elbow method was tested for providing the expected number of clusters.
The elbow method relies on calculating the total within-cluster sum of squares
(Giordani et al., 2020) across every cluster (usually with a k-means algorithm), that is
the sum of Euclidean distances between each observation and the centroid (or medoid
for usually) corresponding to the cluster to which the observation is assigned. k-
means and k-medoids with the same number of clusters (from silhouette) do not
provide substantial differences. As a usual result, k-means or PAM with elbow
method have divided the population into a few clusters (3-4), with different variables
and for this reason, the elbow method (Figure 2) was not used for the definition of the
number of clusters. Therefore, we tried another method like silhouette that gives a
different trend of the k clusters and uses the average silhouette width criterion instead
of the total within-cluster sum of squares.
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Figure 2. Example of elbow method from the auxiliary data. Note the small number
of clusters k
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Silhouettes or silhouette index s; graphically can aid in the interpretation and
validation of clusters (Giordani et al., 2020; Rousseeuw, 1987). Usually, Euclidean
distances are used for proximities between observations. The Silhouette value is
calculated for every single unit i where a; is the average distance between that unit
and all the units belonging to the same cluster and b; denotes the lowest average
distance of i to any other cluster i. In other words, there are two distances, the within-
cluster distance « and the closest neighbor distance b for every observation:

b,‘ — ;
max(b;, a;)’
: 1)
The Silhouette takes values from -1< s; <1. Values close to 1 mean that the unit is
well assigned to the cluster and values close to —1 imply a wrong assignment of the
unit to the cluster. If the s; we can assign the unit to the neighboring cluster. An
overall index of clustering goodness is the average Silhouette values of all the units S:

§— Y1 Si _
n
_ _ ()
If we compute the S index for different values of k we can select the peaks that
correspond to the number of clusters k.

The final step for clustering is the selection of the algorithm which will partition the
data. Hierarchical cluster analysis was tested with Ward's criterion (Ward, 1963) for
minimum variance was applied. This method was not proved so helpful in
determining the number of clusters. From non-hierarchical algorithms k-means and k-
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medoids were explored. The central idea of k-means is to update the cluster-specific
mean values clusters (centroids) and after computational iterations to converge based
some criteria (Giordani et al., 2020; Xu & Tian, 2015). An evolution to k-means is the
k-medoids and the algorithm which is frequently called PAM. While there is no big
difference with normally distributed data, k- medoids represent real data units (on the
contrary with centroids), can handle better outliers than k-means and finally can
discretize better the data in specific clusters (Xu & Tian, 2015), which is desirable.
An additional step in the cluster analysis could be the post-processing of the cluster
results. For instance in the case of the clusters which are not significantly different
between them (Tukey’s test), then they could have been merged. But in this is study,
this is not the case, because we aim for a large number of clusters.

After clustering, we need to do the direct estimates in the formed clusters or post-
strata. Twenty-eight direct estimates have been done in post-strata with at least k=10
clusters (except one with k=4). The selection of k is based mainly on the average
silhouette width. In the case, that the first peak of suggesting k was less than 10
(usually 2-4) the second big number of k was selected for the estimations. The direct
estimates include the estimation of i) the average of the GSV18 for each stratum per
ha for the year 2018 and ii) the relative standard error of the mean rRMSE% of within
each stratum for the evaluation of the performance of the estimator. The variance of
the direct estimator corresponds to the infinite approach (SRS), assuming that are
infinite positions for the center of the sample plot, therefore there is no finite
population correction. The evaluation in the classical stratification is done with one
total error, in our study we have errors for every single cluster. For this reason, the
error of the clusters is described in the form of “distributional” errors such as mean
and percentiles (median, Py and max) in terms of rRMSE% for the post-strata.
PsoorRMSE% is considered to be crucial because evaluates the first 90% of the direct
estimates. Secondly, to the relative standard error, we expect additionally a large
number of k clusters for a given small relative standard error.

3. RESULTS

The clusters were a result of the partitioning of one or two variables. If we use more
variables for the cluster analysis we don't necessarily have better clusters, but on the
contrary, if we incorporate different variables, then the objects tend to be similar, thus
we cannot find clear patterns. The results indicate that a single variable of GSV can
give better average silhouette width that ranges mainly from 0,56-0,67, while two
combined variables for clustering are 0,38-0,41. Our data can be very well clustered,
without this being necessary to also provide good direct estimates. For this reason, we
did not select the final clusters based on the criterion of the best partitioning but on
the ability to predict the target variable accurately in the clusters. It is worth
mentioning that we derive a similar number of clusters with the same variable but
different years, for this reason. The censuses of 1988 and 1997 give us almost the
same number of clusters when using the same variable such as FirTreeDensity or
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FirGSV for clustering. We distinguished five different clusters for their performance.
Tables 1-3 give details of the evaluation of the clusters.

Table 1. Evaluation of clusters with spesific auxiliary data

Cluster Evaluation

General Auxiliary

type of variables Unit of Algorithm  Method  kclusters  average

for defines  (for direct silhouette

C:'f(ig:ﬁ?s/ cIusft% rring measure clustering  clusters  estimates) width S;
Forest

Census  Density97ha, m’ha & .

(8) Forest trees/ha PAM silhouette 27 0,38

GSV97ha

Ce(r;;us Dei!sri-{;g‘;ha trees/ha PAM silhouette 23 0,57
Ce(r;us Derlfsc;:;;tYha trees/ha PAM silhouette 21 0,61
Ce(z‘;'us GES/rg;La mé/ha PAM  silhouette 22 0,60
Abiotic
factors Aspect, degrees PAM silhouette 31 0,41

10 0
(13) MeanSlope & ratio %

From the results we distinguish Cluster 8. The clusters that came from the use of two
variables (ForestDensity97ha and ForestGSV97ha), incorporating both the GSV and
the tree density per stand. The forest population is partitioned into 27 clusters (Figure
3), with an average silhouette width S;=0,38 (Figure 4), an average of 7,95 stands per
cluster and 9,3 plots/cluster. The distribution of direct estimations per cluster/stratum
can be characterized by low relative standard errors, with 9,52 mean rRMSE%, 14,07
P90 rRMSE% and 18,24 max rRMSE%, that are acceptable in forest inventories.
Additionally, all the clusters had more than two sample plots that is desirable for the
estimation of direct estimations for each one. Another great asset of these estimates is
the linear relation of the auxiliary variable GSV97 that was estimated for every single
cluster with the direct estimated of GSV18. This is very useful later on when we have
to use this information in the areal level Fay-Herriot models (Fay & Herriot, 1979).
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Figure 3. k=27 is the optimum number of clusters
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Table 2. Evaluation of direct estimates regarding different types of rRMSE%s

Evaluation of Direct Estimation of GSV18 per
stratum/cluster in rRMSE%

min median mean P90 max Corelation with
Clusters rRMSE rRMSE rRMSE [rRMSE rRMSE GSV18
% % % % %
0,623 GSV
8 4,06 8,24 9,52 14,07 18,24 (removing 2
cluster outliers)
0,4
density(removing
7 5,17 8,78 11,09 17,08 24,31 an outlier), 0,42
GSV (removing
an outlier)
5 5,92 8,45 10,60 17,38 24,31 0,61
4 212 906 972 1743 2521 0,396 (after
removing outliers)
13 1,49 10,55 11,55 17,72 27,85 )
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Table 3. Evaluation of direct estimates with the number of N plots/cluster and the
number of i stands per cluster

N plots/cluster i stands per cluster
Clusters min median  mean max min  median mean max
8 2 8 9,30 20 1 5 6,22 13
7 2 8 10,83 26 1 6 7,22 16
5 2 13 11,90 24 1 5 7,95 16
4 2 12 11,41 22 1 8 7,64 15
13 2 8 8,03 19 1 5 5,35 12

Using the stand centroids for describing spatial and temporal contiguity between the
stands such as centroids (X, Y coordinates) and after applying k-means or k-medoids
(Figure 5).

Figure 4. Silhouette widths (average Si=0,38) for the cluster8 and direct distributions
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Figure 5. k=18 clusters selected for direct estimations from stand centroids (note the
steady trend of rRMSE%)
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4. DISCUSSION

The clusters were created using, mainly one or two sample plots per stand. The
smaller the strata created, the more likely there are groups with only one sample plot.
In the case of one or no sample plot, we cannot have error estimations since the
variance cannot be calculated with one sample plot. One research question in forest
stratification is how are we proving that the clusters/strata are stable through time.
The more stable results can be those that came from unchanged auxiliary variables
like abiotic factors. If we consider that the forest is managed sustainably, we can
consider it “almost” stable through the time the clusters came from census data,
assuming that the forest stands will have a similar treatment and for this reason
similar forest structure. One important advantage of cluster analysis algorithms
comparing some empirical clustering methods that use only one variable is
correspondingly the ability to use more than one variable for clustering in the first
case instead of just one in the second case. We don’t have a substantial problem if we
have clusters with similar direct estimates, these could have been merged but our
initial aim is to preserve as much as possible many clusters or groups that are close to
small areas. Even if the number of clusters is far from the optimum value, using
Tukey’s method, we can always combine clusters that are not significantly different.
It needs to be mentioned that when we use many variables the number of clusters
increases and there is the heterogeneity between clusters is decreasing.
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5. CONCLUSION

This research indicates that the existence of auxiliary variables in small area levels
can be used in cluster analysis and can partition the population into homogenous sub-
populations. The advantage of this proposed methodology relies on the ability to
provide reliable direct estimates, in clusters of small areas (with one, two sample
plots, or even no plots) that are called post-strata as long as the post-strata include at
least two sample plots. Cluster analysis can be used to define new larger sub-
populations for direct estimates. Cluster information can be incorporated into the SAE
models (Fay & Herriot, 1979) in the form of dummy/factor variable or as a covariate
when there is linear relation with the variable of interest (Torkashvand et al., 2017,
You & Chapman, 2006; Zulkarnain et al., 2020). Additionally, we conclude that
silnouette outperformed to indicate a larger number of clusters N than the elbow
method. The elbow method is not suitable for estimating the number of clusters k
because distinguishes around three-four clusters only.

HEPIAHYH

Ot daokég amoypapég mapeyovv OAeg Tig Pactkéc mAnpopopieg ot omoieg eivarl amapaitnTeg
Yoo TV agpopo  dSwieiplion TV SaCIKOV owoocvomnudtev. Ot mAnpogopieg avtég
mepAapPhvouv TNV EKTIUNGT JAGOPOUETPIKMOV UETAPANTOV, OT®G Tov ELAGSOLE GyKoL
(EvhomoBepa) mov eival 1 onpovTikdTePN. TNV TOpodoa epyocio katafAnOnke tpoonddeia
OpIoHOD  OTPOUAT®V HeTd amd opoadomoinon (cvotadomoinor, clustering) opotoyevdv
00KV GLOTASOV/TUNUATOV e TNV avaAvoTn Kot ovotddéc. Eikool oytd Stapopetikég
OHadEG  TPOEKLYAY  YPNCLUOTOIOVTIOG  OlOPOPETIKEG  Pondntikég  mAnpoopieg Kot
APNOOTOLOVTAG JaPOPETIKEG HeBddoVg opadomoinong, mepthappdavovtag v KoTeAANAN
gmloyn tov TAR00¢ TV opddnv K kot tovg kotdAniovg aiyopifuovg opadonoinong. H
aordynon tov mnbovg tov Ouddwv Pacictnke kvpiong oto mAdtog Silhouette. H
OLLOSOTOINGT YPNOUTOMBONKE VTOCTNPIKTNKA MG EPYOAELD YO TN QOO TOV EKTIUACEWDV, Y10l
™V peyEvOnon tov LEYEBOVE TOV HKPDOV EKTACE®MV Kol Tov delypoTog Kot avtictoyo. Kart’
aUTOV TOV TPOMO M TEAKN 0&OAOYNON TOV GUECHOV HETPNOE®Y TOV OpAdmv (peta-
OTPOUATOV) POCIOTNKE OTIG GUECES EKTIUNCEL; CKOTELOVTOG OTNV EAAYLOTY OYETIK TUTIKY
anokhon (rRMSE%) tov pésov dpov tov Euiamodépatoc.
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ABSTRACT

The sustainability of the forests is preserved by the principles of forest management and from
the information derived from the management forest inventories (FIs). One of the most
important target variables of Fls is the growing stock volume. While the reliability of direct
estimates is achievable for the total population, the estimates for small areas (geographic
subpopulations), with very small sample sizes is a challenge. This problem can be overcome
by small area estimation (SAE) models, which "borrow strength" from related areas and
auxiliary covariates. This work explores the effectiveness of the Fay-Herriot (FH) area-level
model to produce small area statistics utilizing past census covariates in the forest strata
subpopulations. The results suggest the effectiveness of the FH model to provide reliable
estimates at the stratum-level, with an average 58% CV reduction in comparison to the direct
estimates.

Keywords: EBLUP area-level model, post-strata, past census covariates, small area estimation

1. INTRODUCTION

Small area estimation (SAE) is a method or set of techniques that aim to produce
reliable small area statistics for subpopulations with small sample sizes (few sample
plots) when design-based direct estimates cannot be obtained (Goerndt, Monleon, &
Temesgen, 2011; Rao & Molina, 2015). In forest inventories (FIs) a sample plot or
sample unit is a portion of forest land, consisting of a group of measured trees. SAE
applications received much attention in the last decades in various scientific fields
such as poverty mapping in the economy, epidemiology mapping, crop yields in
agriculture and forest attributes estimates in forestry (Battese, Harter, & Fuller, 1988;
Breidenbach, Magnussen, Rahlf, & Astrup, 2018; Goerndt et al., 2011; Rao &
Molina, 2015). Growing stock volume (GSV) and aboveground forest biomass are the
most important variables of interest. Fls can be further distinguished in national and
management. Management FIs aim to provide reliable (precise and accurate)
biometrical estimations at small areas (subpopulations, geographical domains) or
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management units (forest stands or compartments). SAE can contribute to that
direction, in the cases that the sample size cannot be increased, due to time and
budgetary constraints, we can “borrow strength” by existing linearly related auxiliary
variables (covariates or predictors) for producing model-based or model-assisted
statistics. SAE does not rely solely on the data of the domain but puts into account the
sample information outside of the specific target domain. Depending on the model,
SAE can provide estimations even in unplanned domains with no sample plots.

Model selection is the most crucial part of the SAE techniques, after the definition of
the variable of interest, the area of interest (small area), and the auxiliary information
that will be used, under (usually) the existing sampling design that generally is not
taken into consideration (Georgakis & Stamatellos, 2020). When direct design-based
small area estimates are not feasible due to the small sample size, the model-based
SAE approach is commonly used (Rao & Molina, 2015). The model-based selection
of SAE techniques is inseparable from the availability and type of auxiliary data at
different levels.

Model-based estimators in SAE literature can be distinguished in two broad
categories, based on the type of auxiliary covariates they use, i) the unit-level models
where covariates are available at the unit-level or the sample/pixel level in forestry
(Mauro, Molina, Garcia-Abril, Valbuena, & Ayuga-Téllez, 2016), and ii) the area-
level models, first described by Fay-Herriot (FH) (1979), that use aggregated area-
level covariates in the small area of interest or at forest stand/stratum level in forestry
(Goerndt et al., 2011; Magnussen, Mauro, Breidenbach, Lanz, & Kéndler, 2017). In
Fls the most common auxiliary variables come from remote sensing data. Unit-level
models usually are applied in Fls with the area-based approach (ABA) by using fine-
resolution 3D remote sensing data such as light detection and ranging (LiDAR) or 3D
point clouds acquired by digital aerial photogrammetry (Breidenbach et al., 2018; Ver
Planck, Finley, Kershaw, Weiskittel, & Kress, 2018).

Unit-level models generally, provide more accurate estimates than area-level models,
but with the condition of precise sample plot positioning that links correctly to the
available auxiliary data (Breidenbach et al., 2018; Mauro, Monleon, Temesgen, &
Ford, 2017). Area-level models, on the other hand, have not been explored
extensively, but there is a recent increment in Fls applications (Chandra & Chandra,
2020; Green, Burkhart, Coulston, & Radtke, 2019), having the advantage to make use
of the variable radius plots (Temesgen et al., 2021) that typically is not used in unit-
level models, and give better estimates than post-stratified estimators (Coulston et al.,
2021).

The aim of this research is the further improvements of the direct GSV estimates at
the stratum-level (Georgakis, to appear), with the application of the FH area-level
model. Past census data that linearly relate to the average means (direct estimates) of
the strata (groups of compartments) were used as covariates for the application of the
FH model.
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2. MATERIALS AND METHODS

2.1 Data
The study area is the University forest of Pertouli in Greece with the dominant
species the Abies borisii-regis (Mattf.) (hybrid fir) that form an uneven-aged forest
ecosystem. The population consists of 27 large post-strata that were constructed after
clustering the smaller forest compartments (Georgakis, to appear). The area of the
sample plots/units were one hectare (ha) and the variable of interest (target variable)
is the GSV m?/ha. There are no out-of-sample domains (unplanned) and all the
domains have at least two sample plots for variance estimates. Every stratum
constitutes on average from 9,3 sample plots, in 6,22 aggregated (clustered) forest
compartments, with an average forest area of 81,83 ha. The direct estimates of GSV
were derived at the stratum-level (cluster-level). Past census forest attributes were
used as covariates in the FH models for deriving area-level (stratum-level) statistics.
We use the following abbreviations for the auxiliary data

e DirectClusterVOI18: estimates of GSV (m? /ha) at post-stratum level

(systematic sampling 2018 with 1% sampling intensity and sample unit =0,1)

e ClusterVOI97: mean GSV /ha (m? /ha) per stratum (census 1997)

o ClusterDensity97: density trees/ha of all the trees per stratum (census 1997)

o ClusterDensity88: density trees/ha of all the trees per stratum (census 1988)

o DirectClusters_2: categorical variable derived from the clustering of

DirectClusterVOI18

The FH model needs covariates that are linearly related. To meet this assumption,
three “outliers” were removed and thus the estimations have been done for 24 strata.
The correlation of the DirectClusterVOI18 and ClusterVOI97 was 0,62. The SAE
statistics were produced with the statistical language R (R Core Team, 2021) and the
emdi package (Kreutzmann et al., 2019). One important reason for the use of emdi
package is the additional feature of model variance estimation in the case of a small
number of domains, compared to other existing packages (Yoshimori & Labhiri,
2014).

2.2 SAE notation

In this section, the SAE notation is described and based on Rao & Molina (2015).
First of all, the direct estimates of domains (post-strata) are described, secondly the
FH model estimates, and third the additional improvement of the FH estimates by
incorporating dummy/categorical auxiliary variables derived from cluster analysis on
direct domain estimates.

2.2.1 Direct estimates

Suppose the population IJ consists of Ii; of i = 1, ..., D subpopulations, the so-called
domains or small areas (strata), and NV; distinct units and sample data s; with sample
size n; = 2 in every domain U;. For each domain only, a small number of sample
units received j = 1,...,n;, where j-th is the population unit in domain i. The variable
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of interest &; (eq. 1) are the means of GSV ¥; per domain, and y;; is the measurement
of the variable of interest for individual j (sample plot) within area i.
- 1 i

6, = TPR =5, = =5, vy (1)
The variance of the direct estimator of the mean (eq. 2), assumed to be equal to that of
simple random sampling with replacement without taking into account the finite
population correction, due to extremely small sample size, or as a more appropriate
approach in FIs (Mandallaz, 2008) and is design-unbiased

p(vPm) = @)

ni

with sample variance )
SE=X0 (= 7) /(1. (3)
2.2.2 Fay-Herriot model

The FH model, firstly described by Fay and Herriot (1979), is a special case of a
linear mixed-effects model. The FH model can be applied when aggregated area-level
auxiliary data related to the direct estimates of the areas of interest (domains). The
basic FH model is a two-stage estimator. Since true values &; are not observable, our
data will be the direct estimates 8" (left-hand side of eq.4). These estimates have an
error (right-hand side of eq.4) and might be different for each area because of
different sample sizes in the areas of interest. In the first stage, the following
“sampling” model represents the sampling error e; of direct estimates, where

sampling variance @Z: of the direct estimator 8% given for #;, assumed to be known
for all i domains.

o o
PR =0, +e, e ~ N(0,02), i=1,..,D (4)
In the second stage, we assume that the true values & = g{¥;), for some specified

g(.), are assumed to be linearly (cross- sectlonally) related with a vector of area-level

auxiliary variables x; = '[xlu... prl} through a linear model (left-hand side of
eq.5). This part is called the linking model because it links all the smalrl areas
(borrows strength) through the common model parameter f§ = '[I3m -+ Bp } which
is a p » 1 vector of regression coefficients (D > p) and the x; area-level covariates.
On the right-hand side of eq. 5 the area-specific random effects v; assumed to be
independent and identically distributed (iid) with model variance V; (v;) = &2 (= 0)
and also independent of the sampling errors e;. The b;’s are known positive constants.
6, =x\+bu, v;% N2, i=1..D, (5)

Combining eg. 4 and 5, we obtain

PR = % B+ b+, (6)
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which involves both design, e;, as well as model errors, v;. The best linear unbiased
predictor (BLUP) of &, is given by

B, =x|B+ }’i'[éfgm_x;ﬁ'}:}’iéfm"‘{:l—h}x;ﬁ (7)

with f is the best linear unbiased estimator of regression coefficients B estimated by
the weighted least squares method. One good property of the BLUP is the
minimization of the MSE. The BLUP is based on known model variance crjbf that is
unknown in practice, with the further estimation of the unknown variance component
&2b7 we obtain the Empirical BLUP (EBLUP)

677 = x{ B+ b;0; = 7,87 H1 -7, ¥i =#T¢[ (8)
with estimations of #; and B= f?fc’%j) for area i. From eq.8 it is visible the weighted
average of the direct estimator 8" and the regression-synthetic estimator x!g ,
depends on the single component §; or shrinkage factor #;(0 = #; = 1. When the
sampling variance is small in an area i, more weight is given to the direct estimator
and ¥; is comparatively high. Conversely, if the sampling variance is large for this
area, the direct estimator is considered to be unreliable, thus more weight is given to
the synthetic part, with comparatively low ¥;.

2.2.3 MSE

The model parameters @ and # are usually estimated by Maximum Likelihood
methods (ML/RELM), based on the normal likelihood. The accuracy or uncertainty of
an EBLUP &, can be assessed in the form of estimation error by estimating the Mean
Square Error (MSE). The MSE of the BLUP for known model variance &> is given
by:

MSE(8,) = E(6; - 6:) = g1:(03) + g2:(03) ©)
where g1;(62) = y;02 is the leading term of MSE(#, ), incorporates the prediction of
the random effect v; and it is of @(1) for large D. If we use the restricted maximum

likelihood (REML) estimator &7 instead of ML, a second-order unbiased
estimator of MSE(8,) is given by

REML’

MEEREML {éi} = g1 {E}SRE.'-'IL:} + g2 {E}SREML :} + EQEE E:_SREMLJ (10)

(Prasad & Rao, 1990), which includes the uncertainty arising from the estimation of
g2, In the case of a few small areas (domains) the adjusted ML or/and adjusted
REML (Li & Lahiri, 2010; Yoshimori & Lahiri, 2014) can be used. In this study, the
adjusted REML of Yoshimori and Lahiri (2014) ("amrl_yI") was used as a new and
improved version of Li and Lahiri (2010), characterized by less bias than the adjusted
ML, in estimating both the model variance of the random effects and the shrinkage
factors. The amrl_yl solve the practical problem of zero estimated ;> compared to the
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maximum likelihood BLUP estimator that cannot be taken into account the
heterogeneity among the areas in this case (Sugasawa & Kubokawa, 2020).

2.3 Clustering the post-strata

Strata (groups of compartments) were created with modern cluster analysis
techniques by the aggregation of homogenous forest compartments which are
characterized by extremely small size with 1-3 sample plots per compartment
(Georgakis, to appear). Clustering analysis aggregated the small areas into larger ones
called (post-)strata, using available auxiliary variables that can describe the
heterogeneity of these small areas. The suggested method for this purpose includes
the following process steps: a) select the auxiliary variable(s), b) preprocess the
auxiliary data, c) select the algorithm for clustering (usually K-medoids or PAM
(Kaufman & Rousseeuw, 1990)), d) find the number of clusters (k) (Rousseeuw,
1987), e) evaluate the direct estimates based on relative standard error, and f) explore
the linear correlation of the aggregated auxiliary variables with direct estimates, if this
is feasible.

The same philosophy of clustering can be applied additionally for deriving auxiliary
information in the stratum-level. A categorical variable (dummy, factor) derived from
the clustered domains (larger homogenous strata) can be incorporated as auxiliary
information in the FH model for further reduction of the MSE (You & Chapman,
2006; Zulkarnain, Jayanti, & Listianingrum, 2020). Further improvements of the FH
model can be achieved by the incorporation of the dummy variable (You & Chapman,
2006), which classifies direct estimates of small areas into larger ones. Herein the 24
small areas were grouped into two large homogenous domains, after clustering the
direct estimates with a k-means (or PAM) algorithm. The number of clusters was
derived visually from the elbow graph that illustrates the total within-cluster sum of
squares (Giordani, Ferraro, & Martella, 2020) across every cluster.

2.4 Model Performance

The Mean Square Error (MSE) = bias? (systematic error) + variance (random error),
is the most common uncertainty measure for area-specific prediction (Tzavidis,
Zhang, Luna, Schmid, & Rojas-Perilla, 2018). The main reason for using indirect
estimators, like FH, is the reduction in MSE (Rao & Molina, 2015). More
interpretable measures of uncertainty reports are the relative square root of MSE

(RRMSE = /MSE/y;), the (percentage) coefficient of variation (CV%) of means
¥; or the relative standard error, that is commonly used in Fls applications. SAE
techniques are based on model assumptions, and therefore evaluation of the violation
of model assumptions is crucial.

The evaluation of the models initially was based on the model variance, the normality
of the standardized residuals, and the normality of random effects by applying the
Shapiro-Wilks test. Additionally, model selection was based on information criteria
such as the Akaike (AIC), the Bayesian (BIC), the biased corrected Kullback
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Information Criterion (KICb2), and on the explanatory measures of Adjusted R?
(Lahiri & Suntornchost, 2015). All the above diagnostics give a picture of the overall
performance but do not provide the whole picture concerning individual forest strata.
The best way to assess the performance of FH-EBLUP estimators is to observe the
bias for each small area (Goerndt et al., 2011). Last, but not least, the FH model was
checked for a potential bias by visual examination of the Brown et al. (2001)
graphical diagnostic. An estimator is considered unbiased when the illustrated
regression line of direct estimates on the X-axis and the model estimates on the Y-axis
are close to the identity line with Y=X (Brown, Chambers, Heady, & Heasman, 2001;
Kreutzmann et al., 2019). All the SAE model-based estimators inherently have some
bias for the sake of a smaller variance of the estimator, but this should be checked to
be as much as unbiased, otherwise, it will lead to misleading estimates.

3. RESULTS

Four different FH-EBLUP estimators (fh1, th2, th3, th4) were the result of different
area-level auxiliary covariates having the following form

fh1: DirectClusterVOI18 ~ ClusterVOI97

fh2: DirectClusterVOI18 ~ ClusterVOI97 + ClusterDensity97

fh3: DirectClusterVOI18 ~ ClusterVOI97 + ClusterDensity97 + ClusterDensity88

fh4: DirectClusterVOI18 ~ ClusterVOI97 + ClusterDensity97 + DirectClusters_2
Interpreting the results of Table 1, we understand that the fhl model, with one
covariate (ClustervVOI97), does not perform well mainly due to large model variance
(62 = 171,03) and the assumption of normality of the random effects are not met. By
adding the second covariate (ClusterDensity97) the fh2 model decreases the model
variance but the problem of not normally distributed random area -effects
(heteroscedasticity) remains. The fh3 has dramatic improvement compared to the
previous models by adding one more covariate (ClusterDensity88). Both fh3 and fh4
have substantially lower model variance compared to fhl and th2. The th3 has the
minimum model variance, &7 =441, additionally the auxiliary variables
ClusterDensity88 and ClusterDensity97 acted positively in "normalizing™ the random
area effects. But still, two negative properties for fh3 are the model bias (explained
below) and the decrease of AdjR2.

Table 1. Model performance
Shapiro-Wilks test

Variance estimation Explanatory measures

p-value
Estimated Standardi
model method MSE model zed Random AIC BIC KICb2 AdjR?
estimation . ] effects
variance residuals
fh1 REML Crasad& o003 034 00001 23274 236,27 239,20 0,782
Rao, 1990
fh2 REML @80 & 10,99 067 00012 23337 23800 240,19 0,734
Rao, 1990
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Prasad &

fth3 amrl_yl Ra0, 1990 4,41 0,73 0,8067 226,91 232,80 236,82 0,674
Prasad &
fha amrl_yl Rao, 1990 6,36 0,68 0,4994 223,81 229,70 233,92 0,998

The best model performance was found in fh4, after the incorporation of the dummy
variable derived from clustering. The fh4 has normally distributed standardized
residuals and random area effects (Figure 1), has a very small model variance,
minimum information criteria (AIC, BIC, KICb2), and best explanatory measure of
AdjR? (Table 1).

Figure 1. Normal distribution of standardized residuals & random area effects of fh4
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P
|
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Figure 2. The fh4 model (right plot) is nearly unbiased with the incorporation of the

dummy variable compared to fh3 without (left plot). Nearly unbiased estimates when

the blue regression line is close to the “intersection” line 1:1 and the points close to
the blue line.
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Further quality assessment was the comparison of the model-based FH estimates with
the direct estimates based on a goodness-of-fit test proposed by Brown et al. (2001)
and the correlation coefficient of the synthetic part and the direct estimator. All the
models passed the Brown test, by not rejecting the null hypothesis that the FH-
EBLUP estimates do not differ significantly from the direct estimates. The scatter plot
in Figure 2 shows the direct and model-based fth3 and fh4 point estimates, the fitted
regression line, and the “intersection” line (¥ = X). The regression line of fh4
estimates (right-side of Figure 2) is closer to the intersection line which is translated
to small deviations from the direct estimates. The correlation coefficient between fh4
model-based and direct estimates is 0,85. The incorporation of a dummy variable
seems to partition the data into two groups in th4 estimates. On the other hand, the th3
model-based estimates (left-side of Figure 2) deviate more from direct estimates. The
vast majority of the model-based values are close to each other with shorter range, are
closer to the average model estimates, and thus model bias can be assumed.
Additionally, the equality between the total (grand) means of the direct estimates and
model estimates was tested. Assuming that the grand mean of direct estimates can be
predicted with high accuracy, due to the large sample size, no significant differences
to model predictions have been found. The mean & median of GSV direct estimates
were 316,78 m? /ha & 319,80m? /ha and respectively the fh4 model-based estimates
were 315,79 m? /ha & 323,90 m? /ha.

Figure 3. Distribution of direct and Fay-Herriot model estimates (fh1, th2, th3, fh4)
on the left side, and the corresponding error in percentage coefficient of variation
(CV%) on the right side (each point represents a domain estimation)
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The results on the right side of Figure 3 illustrate the substantial uncertainty reduction
of estimates, the average direct 9,86 CV% reduced to 4,10 CV% in the FH model
(fh4), which is translated to 58% relative reduction of CV. Figure 4 illustrates the
comparison of the direct and the fh4 model-based estimates and the corresponding
CV. On the left side of Figure 4, we see how the extreme direct estimates are
smoothed with the application of the FH model. Additionally, on the right side of
Figure 3, we see a substantial reduction of uncertainty, having all the domains (strata)
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estimates CV smaller of 10% which is a highly desirable property in Fls, where this
threshold can be up to 15% for stand-level estimates (Mauro et al., 2016).

Figure 4. Line plot of direct and model-based FH point estimates per domain and
scatter plot of the CV% on the right.
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4. DISCUSSION

FH area-level modeling that relates the direct estimates (means, totals) with area-
specific auxiliary variables is a standard SAE technique for obtaining small area
statistics (Rao & Molina, 2015). Unit-level models have been expected to lead to
more accurate estimates, but these require good unit-level auxiliary covariates to link
with the sample plots. In practice, this is not always feasible for the following

reasons, i. auxiliary covariates are not available at unit-level, ii, co-registration
problems exist because coordinates of fixed area plot locations are inaccurate or do
not exist, or iii. linking limits arise from the type of sample plots in the case of

variable radius plots (Magnussen et al., 2017; Mauro et al., 2016; Namazi-Rad &
Steel, 2015; Temesgen et al., 2021). The mentioned problems can be overcome with
the area-level models.

Typically, the FH models can be applied if there are at least two sample plots per
domain necessary for the estimation of the sampling variance o.%.. Basic problems that
arise with the extremely small sample size are a) low accuracy of direct estimates per
domain, b) rough estimation of sampling variance of the mean from the unit level
sample plots, c) bad correlation with area-level auxiliary covariates, d) FH models
cannot be applied, typically, in domains (stands/compartments) with one sample plot
per domain due to lack of sampling error estimation, and e€) FH model cannot give
predictions for non-sample/unplanned areas because direct estimates are necessary. In
the case of unplanned areas with no sample units only regression synthetic estimators
8; = x.f can provide estimates, using only auxiliary covariates x; that assuming that
all the local variation is explained by these (Rao & Molina, 2015, p. 77).
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Most of the above problems can be overcome if the small areas will be increased after
clustering/grouping similar ones to larger ones (post-strata). In parallel work
(Georgakis, to appear) domains with no or extremely small sample size aggregated to
larger homogenous groups or strata via cluster analysis. Further improvements of
GSV estimates at stratum-level with the application of the FH area-level model have
been done. The FH substantially decreases the relative standard error for each stratum
as illustrated on the right side of Figure 3. The model-based approach that was used
strongly depends on the fulfillment of the model assumptions. For this reason, all the
important assumptions were met. First, there is a linear correlation of the target
variable with the auxiliary covariates (Rao & Molina, 2015). Secondly, there is a
small model variance, third, the normality of the standardized residuals and random
effects are met. Fourth, the model selection is based on the minimum information
criteria (AIC, BIC, KICb2) and high AdjR? (Harmening, Kreutzmann, Pannier,
Salvati, & Schmid; Lahiri & Suntornchost, 2015). Fifth, almost unbiased model-based
estimates were achieved (Brown et al., 2001). Sixth, while differences between direct
and model-based estimates exist at the small area level, there are no significant
differences between the grand means of direct and model-based estimates. Lastly, the
incorporation of a categorical variable (fh4), by grouping the direct estimates with
cluster analysis into two larger homogenous groups of strata, gave the best model
performance.

The estimation of sampling variance is based on the average 9 sample units for each
homogenous stratum and is close to 10 minimum within-strata sample size that
suggested in previous research (Westfall, Patterson, & Coulston, 2011). Assuming
that sampling variance estimations were stable no further smoothing sampling
variance was applied such as the generalized variance function approach (Wolter,
2007) or a weighted mean variance based on the size of the domain (Goerndt et al.,
2011).

5. CONCLUSION

Past census data was used successfully in FH-EBLUP estimates, having good linear
relation with direct estimates of sample plots in the stratum-level, and used also to
produce categorical variables that further improved the efficiency of the FH model.
Finally, the prediction of GSV was achieved by decreasing the uncertainties in terms
of CV% for the FH estimates compared to the direct estimates. The results suggest the
effectiveness of the FH model to provide reliable estimates at the stratum-level, with
an average 58% CV reduction in comparison to the direct estimates. The uncertainty
of average direct 9,86 CV% reduced substantially to 4,10 CV% in the FH model
(fh4), which is translated to 58% relative reduction of CV. This threshold of
uncertainty is very good and meets the highest FI demands.

Acknowledgments: The author would like to thank the unknown reviewer for the important
and substantial comments and suggestions that helped to improve this paper.
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HHEPIAHYH

H agwpopia tov dacmdv mpaypatdveral amd TG opyES TG Oayelptons Tav dacmv Kot
amd TIG TANPOPOPIEG MOV TPOEPYXOVIOL OO TIC OMOYPAPEG TV Oloyeplopevev
doomv. Mo, amd TIG ONUAVTIKOTEPES UETAPANTES T®V JACIKOV OTOYPAPOV Eival TO
Evhamofepa (EuAddng 6ykoc). Evd m olomotio tov duecomv ekTipunoemv eivot
emtevéiun Yoo 70 oOVOAO TOL TANBLOUOV, Ol EKTIUNGCELS OE WIKPES TEPLOYEG
(Yemypapikovg vromAnbvopong) e moAd pkpo uéyebog deiypatog eivor TpoKAnon.
Avto 10 TPOPAnua pmopetl va Eemepaotel pe poviéda pukpng éktaong (SAE), ta
omoia «daveilovtar dHvaun» amd oyetikés neploxés Kot fondnticés cuppeTaPAnTéc.
Avt 1 epyacio d1epevvd TNV OTOTEAEGUATIKOTNTO TOV LOVTEAOV OE EMIMESO TEPLOYNG
Fay-Herriot (FH) yio TV Topaymyf 6TATICTIKOV UIKPOV TEPLOYDV, YPTCULOTOIOVTOC
GUUUETOPANTEG TPONYOVUEVOV OTMOYPAPADYV GTOVG VIOTANBLOUOVG TOV SUGIKOV
oTpOUITOV. To amoTeEAEGHOTO VTOSEIKVOOVY TIV OTOTEAEGUOATIKOTITO TOV LOVIEAOD
FH yio v mapoyn a&ldmotov eXTiUNCEDY GE EMINES0 GTPOUATOC, LE LEI®ON KOTA
péso O6po 58% tov TOCOOTIAIOL GULVTIEAECTY| KOHOVONG O GUYKPION HE TIC GUECECS

LETPNGELG.
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ABSTRACT

Considering the surprisingly long-lasting and unprecedented debt crisis in Greece, the purpose
of this paper is to go beyond political and other folklore explanations and suppositions and
focus on official data in search of probable irregularities in their statistical behavior during the
period of almost six decades, 1960-2017. For this purpose we use annual official data of
government debt (DEBT), government deficit (DEF) and of the so called Stock-Flow
Adjustment (SFA) which is theoretically a small residual or accounting item “adjusting”
differences originated from the use of different data types (stock vs. flows). Within our
purpose we first investigate whether our sample period is characterized by structural breaks;
second, by using a recursive econometric model we estimate the relative degree of impact that
SFA and DEF had on DEBT; third, we make an effort to capture other features of our fiscal
variables. Among our findings are the following: (a) Three structural breaks are identified,
1975, 1994 and 2007; (b) only during 2008-2017, the SFA, both had a stronger than DEF
positive effect on DEBT, and it also revealed a remarkable deviation from the best statistical
practice as defined by Eurostat (the European Statistical Agency); (c) both DEBT and SFA
had significant negative effects on GDP only during 2008-2017. Our findings are novel,
thought-provoking and useful by signalling to international statistical agencies the importance
of building legitimate official statistics. Further research on this issue is going on.

Key Words: Time Series and Structural Change, Government Debt and Deficit, SFA,
Recursive (Causal) Models, Greece 1960-2017.

1. INTRODUCTION

The Greek recession started openly in November 2009 as an unexpected shock
following the October announcement by Greek authorities of the revision of the
nation’s projected 2009 public deficit from 6% of GDP to 12.5% of GDP. The news
stunned the financial markets thus triggering a non-stop rise of borrowing costs for
Greece, successive increases of the government bond spread over the German bund,
and a series of ratings’ downgrades of Greek sovereign bonds and banks.
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Consequently, Greece was forced to withdraw from international bonds markets,
while the country was subjected to extraordinary austerity rescue packages and it was
placed under the joint custody of the European Commission, the European Central
Bank and the IMF, the so called Troika.

The increase in spreads, coupled with exceptional austerity programs, brought
about a sharp contraction of GDP, which had a negative effect on debt dynamics,
leading to a vicious cycle of rating downgrades, further rises in spreads and further
worsening of public debt, and, eventually, a deepening of recession, which evolved
into a long depression, comparable only to the US Great Depression of 1929-30,
which, worth-noting, had a much shorter duration. The escalation of the Greek
financial crisis since November 2009 seems to be the result of a dramatic shift in
market expectations for Greece. As Trebesch and Zettelmeyer (2018, Appendix F,
p.61) report in their study, the 10 year Greek bond yields from less than 5% in
October 2009 escalated to 46% two years later. As a consequence, other euro area
countries experienced contagion from Greece (Arghyrou and Kontonikas, 2011).

In view of the above developments, this paper focuses on letting the data give us
some grains of interpretation and understanding of what happened beyond political
and other, usually folklore suppositions. In other words, having in mind the question
“what happened all of a sudden in 2008-09”, this paper follows a directly empirical
approach searching the official data for an answer. Thus, our purpose is to examine
whether the Greek depression must be attributed to official fiscal data deficiencies. In
this sense, this paper is at least thought-provoking.

Within the set framework, we study the evolution of the relationships between
government debt, DEBT, government deficit, DEF1, and the residual accounting item
SFA (Stock-Flow Adjustment), or DDA (Debt-Deficit Adjustment), which is the
observed difference between the two theoretically equivalent concepts of government
deficit in practice. As of its definition as a small accounting item, the SFA should
have on DEBT a much weaker effect than the DEF1. This is econometrically
examined. We also calculate the total (direct and indirect) estimated effects of DEBT
and SFA on Greece’s economic activity as expressed by her GDP. For our purpose,
we use official annual data for the period 1960-2017.

The statistical and econometric examination of our time series for the entire
sample period, 1960-2017 showed three structural break points, 1975, 1994 and 2007
leading to the consideration of the following four sub-periods: 1960-1975, 1976-
1994, 1995-2007 and 2008-2017. Our main findings include the following: (1) in
sharp contrast to the first three sub-periods, during 2008-2017 the SFA was found,
first, to have a much stronger positive effect on DEBT than the DEF1 (a clear
symptom of the SFA illegitimacy), and second, both, the SFA and DEBT had a
significant negative effect on GDP. (2) The SFA as % of GDP exhibited extreme
degrees of variation ranging from -0.6% to +13% and -42.5%, indicating a
remarkable deviation from the best statistical practice of the acceptable limits, which
have been described by Eurostat as below +2% (see for example Eurostat, 2012).

The rest of the paper is structured as follows: the next section presents the
definitional relationship between DEBT, DEF1 and SFA. It also describes our data
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and discusses their structure. Section 3 presents the econometric model used and our
empirical estimates which are also discussed. The last section presents our concluding
remarks and discusses further research.

2. DEFINITIONS AND DATA DESCRIPTION
2.1 Basic Definitions

The European System of Accounts (ESA) gives a basic definition of government or
public debt as the total sum of budget liabilities. This definition is wider than the
Maastricht definition of debt. A concise description of the various accounting
definitions of public debt and deficit is given by the ECB(2011) and Irwin(2012,
2015) among others. Further, according to theory, the relationship between debt and
deficit is given by the equation:

DEBT, — DEBT,, = BB, 1)
Equation (1) means that debt in time t equals the inter-temporally accumulated
deficits. In addition, equation (1) implies the twin, theoretically equivalent definitions
of government deficit: first, as the difference between the outstanding government
debt (DEBT:) and the government debt of the previous period (DEBT:.1); second, as
the difference between government expenditures and government revenue or Budget
Balance (BB:). Apparently, DEBT is a stock variable and BB (Budget Balance, or
expenditures EXPEND — revenues REV) is a flow one. The BB as deficit determines
the borrowing needs of the country. In practice equation (1) becomes the following
equation:

DEBT, — DEBT, ; = BB, + K, @)
or (2

DEBT, — DEBT, , = DEF, + SFA (b)
K in equation (2a) is evidently a residual variable correcting or adjusting small errors
of data happening in practice because of use of different data sources and types (stock

and flow type of data). K has been called “Stock-Flow Adjustment” (SFA) or “Debt
Deficit Adjustment” (DDA). So, equation (2b) can be rewritten as follows:

SFA = (DEBT, — DEBT, ) - DEF, 3)

If we denote DEBT, - DEBT.; = DEF2; and DEF; = DEF1;, equation (3) can be
rewritten as follows:

SFA = DEF2, — DEF], (3a)

Equation (3a) is rather a “fiscal identity” giving the two definitions of BB in practice.

According to the SFA Reviews regarding EU member-states’ (for example, see
Eurostat 2012, pp.1-2), Eurostat reports the following: “A positive SFA means that
the government debt increases more than the annual deficit (or decreases less than
implied by the surplus). On the contrary, a negative SFA means that the government
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debt increases less than the annual deficit (or decreases faster than implied by the
surplus).” Also, “The importance of the SFA has been emphasized many times, as an
efficient statistical monitoring of fiscal performance requires understanding the
coherence between the two key fiscal indicators, government deficit and debt. It has
been argued that since great attention is paid to the deficit under the EU multilateral
fiscal surveillance (EDP Excessive Deficit Procedures and Stability and Growth
Pact), governments may have an incentive in underreporting their deficits by
reporting transactions under the SFA instead under the debt and/or deficit. SFAs
generally have legitimate explanations ... however it is important that they are closely
monitored because they can highlight data quality problems.” (Our own clarifications
in italics)

Thus, the SFA may be an indication of either bad data quality or illegitimate
transfers of economic exchanges from the budget deficit to the SFA so that the
various EU member-states could present low deficits. According to its “legitimate”
definition, SFA should include only minor statistical errors and minor adjustments
due to the use of different data sources. Indeed, a legitimate SFA has been prescribed
by Eurostat as such only if it lies below the limits of +2% of GDP (see Eurostat 2012,
p.2). We have also to emphasize that the SFA is not subjected to ESA or any other
regulation regarding its composition as are the debt and deficit, so facilitating the
above illegitimate transfers.

In the light of the above flexibility regarding the items included in the SFA, a
plethora of research findings have been reported in literature showing that the SFA
has been used as a policy tool to manage debt and deficit so that the various EU
countries could go safe along the requirements of the Maastricht criteria (upper limit
of 60% of GDP for the debt and 3% for the deficit — e.g. EDP Glossary 2021). It has
been found that this has especially happened by almost all EU countries during their
preparations to join the euro-area (among others, see Koen and Noord, 2005; Hagen
and Wolff, 2006; Weber, 2012; Alt et al., 2012, 2014).

2.2 Data and Structural Change

Our data are annual and cover the period 1960-2017. Our sources are the State
Budgets, the National Accounts of Greece, the OECD and the Eurostat Data Base
AMECO. In order to obtain continuously compatible, accurate, objective and reliable
time series we have received valuable advice from the Statisticians at the Ministry of
Finance, as well as from colleagues at the Hellenic Statistics Authority (ELSTAT)
who are experts in debt and deficit measurement according to ESA. Our data refer to
Central Government as it is defined in ESA. Debt and deficit data, where appropriate,
are measured on EDP or Maastricht basis which is different from their ESA
measurement, the difference mainly centred on the exchange items included and on
valuation issues (see Manual on Government Deficit and Debt, ESA95 and
ESA2010).

Regarding GDP data in current market prices, we have used the OECD (2018)
series which is the only one consistently compatible over-time. The OECD series is
based on the system of the UN National Accounts (SNA93 and SNA2008). ESA95
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and ESA2010 are “broadly consistent” with SNA93 and SNA2008 respectively. It is
noted that the differences between ESA95 and ESAL0 are very small (see Eurostat,
2014) especially for Greece. In particular, the most important difference between
ESA95 and ESA2010 is R&D expenditures which are considered as fixed capital
formation in ESA2010, but not in ESA95. For Greece R&D expenditures have been
very low during our sample period. The summary statistics of our variables are
presented in Table 1:

Table 1. Summary Statistics

Variable Obs Mean | Std.Dev Min Max CVv
GDP in hille 58 | 76.894 83.198 0.364 | 233.198 108.2
REV in hille 58 | 19.826 22.458 0.046 60.352 113.3
EXPEND in bille 58 | 24.595 27.629 0.053 86.355 112.3
DEBT in hill€ 58 | 98.351 | 124.985 0.029 | 377.904 127.1
DEBT/GDP in % 58 6.001 9.109 | -17.539 33.760 151.8
DEF1=EXPEND-REV 57 4.769 6.391 0.007 30.872 134.0
DEF2=DEBT;- DEBT; 58 5.766 14.325 | -66.518 60.763 248.4
SFA=DEF2-DEF1 57 0.914 12.370 | -82.206 29.891 | 13534
SFA/GDP in % 57 1.456 7.251 | -42.517 23.327 498.0
DEF1/GDP in % 58 5.307 3.298 1.467 13.360 62.1

According to Table 1, our series exhibit a wide range of values. This is true
mainly for SFA. In the DP1 below we present four diagrams to visually get an idea of
whether our variables exhibit any structural breaks.

Diagramatic Presentations 1(DP1). Time Paths of the Variables of Interest
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According to the four diagrams presented in DP1 we visually discern three
structural breaks, namely 1975, 1994 and 2007. The next step is to test
econometrically whether we have to apply different regression models for the four
different data sets indicated in DP1 or it is preferable to consider one model for the
entire sample period. In literature this problem is usually treated by the Chow test, or
the dummy-variable approach. We adopt the latter because it is more informative in
the sense that it will give us information about differences of both the position and the
slope of the regression equation for our four sets of data (Gujarati, 2004, 306-310).
Thus, we generate three dummies D6075, D6094 and D6007 differentiating their
values as follows:

Table 2. Values of Dummy Variables

Dummy | 1960-1975 | 1976-1994 | 1995-2007 | 2008-2017
D6075 1 0 0 0
D6094 1 1 0 0
D6007 1 1 1 0

Under the Dummy procedure we will estimate the following basic equation:

DepVar =a + S, D, +,IndVar, + 4, (D, x IndVar,) +¢

(4)

D denotes the dummy variable, m is the number of dummy variables and k is the
number of independent variables. If any of the coefficients fn is statistically
significant, then there is a change in the position of the empirical regression equation
at the point indicated by the corresponding dummy variable. Similarly, if any of the
coefficients om is statistically significant, then there is a change in the slope of the
empirical regression equation at the point indicated by the relevant dummy.

Within the purpose of this paper, we first test the regression regarding the relative
strength of the effects of SFA and DEF1 on DEBT, and, second, we test the
regression involving the effect of DEBT, DEF1 and SFA on GDP. The estimated
empirical formulation of equation (4) gives the following regression equations:
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log DEBT, =5.764-3.173D6075 - 4.263D6094 —1.038D6007 + 0.002DEF1, +0.001SFA +

t —value : (22.0) (-12.0) (-7.8) (-1.8) (0. 0.2 (5)
+24.798(D6075x DEF1), —3.911(D6075x SFA), +0.552(D6094 x DEF1), +
t—value : (4.5) (-0.3) (5.9) R?=0.9749
+0.0002(D6094 x SFA), +0.051(D6007 x DEF1), —0.025(D6007 x SFA),
t—value: (0.0) (0.9) (-0.9)

log DEBT, =5.795-3.623D6075 —4.883D6007 +0.00003DEF1, +0.004SFA +
t—value: (14.7)  (-9.6) (-10.9) (0.0) (0.5) (6)

+24.977(D6075x DEF1), —3.914(D6075 x SFA), + -
t—value : (3.0) (-02) R2=0.9749

+0.443(D6007 x DEF1), +0.061(D6007 x SFA),
t—value: (9.4) €7

Iog GDP =5.627-2.812D6075 - 2.260D6094 -1.455D6007 - 0.001DEBT, +0. OllDEF]1 +0. 0007SFA +7.425(D6075% DEBT), -

-value: (5.0) (-14.0) (-6.3) (-12) (-04) (1.0) (02) (25) (7)
-15.022(D6075% DEF1), —4.594(D6075x SFA), —0.008(D6094 x DEBT), +0.436(D6094 x DEF1), -
t-value: (-1.0) (-0.6) (-0.6) (4.4) B
R?=0.9808

—0.005(D6094 x SFA), +0.008(D6007 x DEDT), - 0.036(D6007 x DEFL), ~0.028(D6007 x SFA),
t-value: (-0.1) (2.0) (-0.8) (-13)

GDP  =272.543-6.076D6075-5.468D6094 - 260.750D6007 - 0.309DEBT, +2.130DEFY, +0.154SFA -6.076(D6075x DEBT), +

t-value: (16.2) (-2.0) (-1.0) (-148) (-5.9) (139) (3.0) (-2.0) (8)
+6.183(D6075x DEF1), —5.131(D6075x SFA), —0.039(D6094 x DEBT), +3.666(D6094 x DEF1), -
t-value: (0.03) (-0.04) (-0.2) (25)
2209971

-0.670(D6094 x SFA), +1.218(D6007 x DEDT), - 2.853(D6007 x DEF1), -0.892(D6007 x SFA),
t-value: (-13) (19.8) (-4.4) (-28)

Some Remarks: DEF1 and SFA are linearly independent over the whole sample
period (1960-2017) with a sample correlation coefficient r(DEF1,SFA)=0.0694 and
p-value=0.6080. The same holds for the variables DEBT and SFA: r(DEBT, SFA)=
-0.0647 with p-value=0.6326. However, the correlation coefficient between DEBT
and DEF1 is statistically significant, r(DEBT, DEF1)=0.7450 with p-value=0.0, but
the relationship is of medium strength. Taking into account, first, that equations (5) to
(8) are simply instrumental in the sense that we will not use them for either policy or
forecasting purposes and, second, the highly significant values of both, the adjusted
R? and the coefficients of DEBT, SFA and DEF1 (see equ. 8), we have decided to
ignore the rather low degree of multicollinearity between DEBT and DEF1.

Equations (5) to (8) show that there are indeed three time points of structural
change, 1975, 1994 and 2007, regarding either the position of the regression lines
(statistical significance of the coefficients of dummies), or the slope of the regression
lines (statistical significance of the coefficient of the product: Dm X IndVary), or both,
position and slope. This finding means that the estimation of one regression equation
for the entire sample period will give misleading results. This is also supported by the
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following Table 2, in which we can see the large differences in the mean and standard
deviation of our variables during the different time periods.

Table 2. Mean and Standard Deviation of our Main Variables by Time-period

iod b SFA DEF1 DEBT GDP
perio obs mean std mean std mean std mean std
1960-75 16 0.00007 0.0099 0.0262 0.0241 0.1568 0.1212 1.0327 0.6549

1976-94 19 1.8872 3.9396 2.4287 2.5291 18.1011 24.0857 26.8034 | 24.0663
1995-07 13 4.1615 4.0735 8.0127 2.5414 | 162.0917 | 48.9097 150.0839 | 43.2563
2008-17 10 -3.7869 | 29.2534 12.5865 10.1298 | 325.0747 29.3828 198.2975 23.3005
1960-17 58 0.9140 | 12.3700 4.7690 6.3910 98.3510 124.985 76.8940 83.1980

3. THE ECONOMETRIC MODEL AND ITS EMPIRICAL ESTIMATES
3.1 The Econometric Model
We use the following recursive or causal model:

DEF]1, =, +7,SFA +¢&, (a)
DEBT, = «, + S, DEF1, + 7, SFA +¢&, (b) (9)
GDP  =a, + 3, DEF1, + 8, DEBT, + 7, SFA + &, (C)

Variables DEF1, DEBT and GDP are endogenous and SFA is treated as exogenously
determined. For the error terms the following equalities hold: cov(ex, &2)=CoOV(e1t,
e31)=CoV(ez, £3)=0. Model (9) has been specified within the following macroeconomic
theory: Equation 9(a) is the econometric expression of the fiscal identity (3a)
described in section 2.1: given the value of the sum (DEF1+SFA), a change in the
value of SFA causes DEF1 to change. Thus, SFA determines DEF1 but it is not
determined by it, as this is evident from the discussion in section 2.1, where we have
reported Eurostat’s views, as well as independent research results showing that the
SFA has been used as a policy tool by EU member states, Greece included, in order to
present lower deficits. So, SFA is predetermined by fiscal policy considerations.

Equation 9(b) expresses the widely known thesis that deficits contribute to an
increase in debt levels, while surpluses reduce them. In addition, the SFA’s
predetermined fluctuations affect government debt as it is also explained in section
2.1. Equation 9(c) is the synopsis of one of the basic macroeconomic tenets
postulating that management of government expenditures and revenues may
encourage or discourage economic activity (GDP). For example, increasing
government spending and/or decreasing tax revenue tends to encourage economic
activity by increasing individuals’ disposable income, but this sort of expansionary
fiscal policy may lead to sizable deficits and debts which may have a negative impact
on economic activity. It is evident that we can apply OLS for each equation of the
causal system (9) (Gujarati, 2004, 764-766).

The following Schema 1 presents the causal structure of model (9) in terms of a
path diagram (see Carey, 1998). The estimated paths (1 to 6) are shown in Table 8 of
section 3.2.
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Schema 1. Direct and Indirect Effects between SFA, DEBT, DEF1, GDP

3.2 Empirical Estimates

Before presenting our estimates, we note the following:

(1) Issues of best fit may require our empirical equations being expressed in log-linear
form and also we may need to include additional exogenous variables like the time
trend and/or other variables like government expenditures and revenue.

(2)Some of our models (M) may have better fit if we make use of the partial
adjustment process of Marc Nerlove (Gujarati, 2004, 673-675). We note that the
partial adjustment models can be estimated with OLS (Gujarati, 2004, 677-678).

(3) The autocorrelation problem is detected by using the general test of Breusch-
Godfrey, known also as LM test, denoted by B-G LM (Lagrange Multiplier) test,
which is also appropriate for the partial adjustment model and it seems it is
statistically more powerful than the h test in our small-sample cases (Gujarati, 2004,
472-474, 681). If the error term follows the autoregressive scheme of order one, the
B-G test is known as the Durbin’s M test. Because the number of observations in each
of the four sub-periods is small, we use the B-G test for small samples and we have
also considered lags of second order.

(4) The sample size of the four identified data sets is 16, 19, 13 and 10 observations
corresponding to each sub-period in chronological order. We note the following:
First, in macro-econometrics we usually have much smaller sample sizes than in
micro, financial or sociological fields. OLS Monte Carlo simulations with 6, 10, 20
and 500 sample sizes and six independent variables have shown that the gains are
minute (see MPRA, 2019, Table 1, p.8: “This tends to indicate that the affirmation of
Speed (1994) regarding the relationships found in small (10 oservations) sample size
tend to remain as the size of the sample increases”). We note that in our cases we
have a small number of independent variables, 2 and 3.

(5) In general, the size of the regression coefficients depends partially on the mean
and variance of the independent variables. For comparison purposes we have
estimated the standardized beta coefficients (Gujarati, 2004, 173-175, 215) which are
expressed in standard deviation units. We note that the standardized coefficients are
dependent upon the variations in independent and the dependent variables observed in
the particular data set. Thus, we expect that samples with great variations in one of
the explanatory variables will exhibit large beta coefficients for that variable. We also
report the corresponding short-run elasticities at mean values (n) as well. However
this measure (1)) is dependent on the mean values of the respective variables.
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Our estimates are presented in the following four tables. In all four Tables we use
the following notation: r is the sample Pearson’s linear correlation coefficient. The
parenthesis next to beta coefficients includes its standard error. The last line of the
Tables presents the Pearson’s r and the Variance Inflation Factors (VIF), both for
checking the existence of a probable multicollinearity problem.

Table 3. OLS Estimates of System (9): 1960-1975, 16 obs

Regressant— DEF1t DEBT: logGDP¢ logGDP¢
Regressors 4 M1 M2 M3.1 M3.2
DEF1¢ 2.8993 4.9272
Prob>[t] 0.000 0.000
Short-run elasticity (n) 0.472 0.130
beta (std) 0.640(0.020) 0.198(0.032)

DEBT 4.6623
Prob>t| 0.000
n 0.863
beta (std) 1.056(0.045)
SFA: 0.3875

Prob>|t| 0.004

n 0.001

beta 0.157(0.044)

SFAw-2 8.5456
Prob>[t| 0.010
n -0.005
beta 0.158(0.043)
SFAt3 1.0144

Prob>[t| 0.001

n 0.008

beta 0.050(0.01)

TIME -0.0078 0.012 0.1037

Prob>[t| 0.000 0.000 0.000

beta -1.442(0.223) 0.376(0.029) 0.824(0.032)

TIME? 0.0007

Prob>|t| 0.000

beta 2.365(0.212)

CONS (Prob>[t]) 0.0284 (0.000) | -0.0238 (0.001) | -1.1506 (0.000) | -0.8223(0.000)
B-G LM test small

lag(1) (Prob>F) 0.092 (0.7673) | 2.612(0.1501) | 0.173(0.6852) | 0.093(0.7671)
lag(2) (Prob>F) 0.435 (0.6604) | 1.307 (0.3380) | 1.427 (0.2811) |  3.088(0.1015)
Adj R? 0.9746 0.9990 0.9957 0.9766
r(DEBT, DEF1)=0.9702(0.0000), r(SFAt.3, DEF1;)=0.0769(0.8123),

r(SFAt.2, DEBTY)= -0.4782(0.0984)

VIF M1: 1.04 (SFA), VIF M2: 1.18 (SFA+.3), 5.80 (DEFLt), VIF M3.1: 3.64 (DEFLy)

VIF M3.2: 1.30 (SFAt-2), 1.30 (DEBTY)
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Table 4. OLS Estimates of System (9): 1976-1994, 19 obs

Regressant— DEF1; logDEBT: GDPy
Regressorsy M1 M2 M3
DEF1; 0.0787 5.0386
Prob>[t| 0.004 0.001
n 0.191 0.457
beta 0.124(0.037) 0.529(0.132)
logDEBT; 5.1750
Prob>[t| 0.013
n 0.193
beta 0.345(0.122)
SFA: 0.0172 1.0437
Prob>|t| 0.072 0.028
n 0.032 0.074
beta 0.042(0.022) 0.171(0.070)
SFAL1 0.2133
Prob>[t| 0.004
1 0.142
beta 0.327(0.097)

TIME 0.3228

Prob>t| 0.000

Beta 0.718(0.097)

logTIME 6.1862

Prob>t| 0.000

Beta 0.861(0.033)

CONS -6.3091 -18.3411 2.7930
Prob>[t| 0.000 0.000 0.167
B-G LM test small

lag(1) 2.475 2.813 0.202
Prob>F 0.1365 0.1157 0.6599
lag(2) 1.640 1.412 1.101
Prob>F 0.2291 0.2787 0.3553
Adj R?

Prob>F 0.8907 0.9956 0.9536

r(SFA:, DEF11)=0.6934(0.0010), r(DEF1;, logDEBT)=0.9098(0.0),

r(SFA:, logDEBT})=0.6311(0.0038)
VIF M1: 1.55(SFA¢.1)

VIF M2:5.58(DEFL), 1.94(SFA)

VIF M3: 6.72(DEFLy), 5.8(logDEBTY), 1.93(SFA)
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Table 5. OLS Estimates of System (9):

1995-2007, 13 obs

Regressant— logDEF1¢ logDEBT¢ GDP¢ logGDP¢ GDP¢
Regressorsy M1 M2 M3.1 M3.2 M3.3
logDEF1; 0.0513 9.0249
Prob>t] 0.030 0.020
n 0.051 0.0002
beta 0.052(0.020) | 0.066(0.024)
logDEBT¢ 0.9512
Prob>[t| 0.000
n 0.951
beta 0.997(0.024)

SFA¢ 0.0034

Prob>|t| 0.038

n 0.014

beta 0.045(0.019)

SFA{ 1 -0.2160
Prob>t| 0.038
n -0.006
beta -0.020(0.008)
SFA¢ 3 0.0433

Prob>|t| 0.003

n 0.244

beta 0.706(0.185)

TIME 10.7406 -11.536
Prob>|t| 0.000 0.001
beta 0.967(0.024) -1.039
logTIME 1.7428 3.2219

Prob>|t| 0.019 0.000

beta 0.514(0.185) | 0.971(0.019)

TIME? 0.2693
Prob>[t| 0.000
beta 2.038(0.211)
CONS -4.7127 -7.1034 -319.3859 0.1730 156.7538
Prob>[t| 0.073 0.000 0.000 0.161 0.011
B-G LM test small

lag(1) 0.072 0.398 4.442 0.815 0.611
Prob>F 0.7943 0.5457 0.643 0.3879 0.4569
lag(2) 0.753 3.058 2.535 1.892 3.172
Prob>F 0.5016 0.1110 0.1404 0.2061 0.1046
Adj R? 0.5973

Prob>E 00043 0.9966 0.9945 0.9931 0.9992

r (SFA,, logDEF1;)=-0.3326(0.2669), r(SFA:, logDEBT{)=0.1156(0.7067)
VIF M1: 1.02 (SFA.3)

VIF M2: 1.46 (logDEF1¢), 1.21 (SFAy)

VIF M3.1: 1.24 (logDEF1y)
VIF M3.3:1.04 (SFA¢.1)
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Table 6. OLS Estimates of System (9): 2008-2017, 10 obs

Regressant— logDEF1; logDEBT: logGDP
Regressorsy M1 M2 M3
logDEF1; 0.0352 0.1156
Prob>t| 0.000 0.000
n 0.035 0.116
beta 0.348(0.043) 0.923(0.072)
logDEBT: -0.3831
Prob>[t| 0.005
n -0.383
beta -0.310(0.072)
logDEBT 1 0.9357
Prob>[t| 0.000
beta 1.325(0.056)

SFA: -0.0067 0.0030 0.0012
Prob>[t| 0.012 0.000 0.005
n -0.025 -0.012 -0.005
beta -0.213 0.954(0.055) 0.305(0.072)
EXPENDy 0.0730

Prob>t| 0.000

n 4,922

beta 1.014

CONS -2.7656 0.3354 7.2507
Prob>|t| 0.000 0.193 0.000
B-G LM small

lag(1) 0.157 2.902 1.031
Prob>F 0.7058 0.1492 0.3565
lag(2) 1.183 2.824 0.522
Prob>F 0.3797 0.1719 0.6291
Adj R? 0.9634 0.9845 0.9545
r(SFAt, EXPEND{)=0.2345(0.5143), r(SFA, logDEF1)=0.0253(0.9448),
r(logDEF1;, logDEBT)=0.1149(0.7520), r(SFA:, logDEBT)=0.1062(0.7702)
VIF M1: 1.06 (SFA), 1.06 (EXPENDy)

VIF M2:1.82 (logDEBT.1), 1.75 (SFAy), 1.06 (logDEF1y)

VIF M3: 1.02(DEF1y), 1.01(DEBT}), 1.01(SFAY)

The next Table 7 presents in a compact way the estimated beta coefficients of the
variables SFA and DEF1 as reported in column M2 of the previous Tables 3-6. It also
presents the elasticities () of DEBT with respect to DEF1 and SFA.

Table 7. Relative Strength and % Size of the effects of SFA and DEF1 on DEBT
Beta Coefficients and Elasticities of DEBT with Respect to SFA and DEF1

Model M2 from SFA DEF1 beta:SFA/DEF1 | n:SFA/DEF1
Tables (T.) beta (1) 1(2) beta (3) n(4) 5:(1/3) 6:(2/4)
1960-1975:T.3 0.050 0.008 0.640 0.472 0.078 0.017
1976-1994:T.4 0.042 0.032 0.124 0.191 0.339 0.168
1995-2007:T.5 0.045 0.014 0.052 0.051 0.865 0.275
2008-2017:T.6 0.954 -0.012 0.348 0.035 2.741 -0.343

Table 8 presents the direct and indirect effects of SFA on GDP (see Schema 1).
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Table 8. Estimated Strength of Direct, Indirect and Total Effects by Time-period

Degree of strength of effects based on 1960- | 1976- | 1995- | 2008-
beta coefficients as estimated in Tables 3 | 1975 1994 2007 2017

t0 6

1. Direct Effect of SFA on DEF1 0.157 0.327 0.706 -0.213
2. Direct Effect of DEF1 on GDP 0.198 0.529 0.066 0.923
IIDnI(Ej'l:rlect Effect of SFA on GDP through 0.031 0.173 0.047 -0.197
3. Direct Effect of SFA on DEBT 0.050 0.042 0.045 0.954
4. Direct Effect of DEBT on GDP 1.056 0.345 0.997 -0.310
Indirect Effect of SFA on GDP through 0.053 0.015 0.045 -0.296
DEBT

Total Indirect Effect of SFA on GDP 0.084 0.188 0.092 -0.493
5. Direct Effect of SFA on GDP 0.158 0.171 -0.020 0.305
Total Effect of SFA on GDP 0.242 0.359 0.072 -0.188
6. Direct Effect of DEF1 on DEBT 0.640 0.124 0.052 0.348

3.3 Discussion on Findings

As can easily be seen, all estimated models (columns M) in Tables 3 to 6 have a very
good fit, they do not suffer from the problem of autocorrelation as it is shown by the
Breusch-Godfrey LM test for small samples, and the regression coefficients are
highly significant in their overwhelming majority. M1, M2 and M3 columns in
Tables 3 to 6 correspond to equations 9(a), 9(b) and 9(c) of the recursive system (9).
We note that the three variables, DEF1, DEBT and SFA could not be accurately
estimated together in one regression equation for the sub-periods 1960-1975 and
1995-2007 (Tables 3 and 5 respectively); so, column M3 of Table 3 is split in two
columns (M3.1 and M3.2) and in Table 5, M3 is split into 3 columns (M3.1, M3.2
and M3.3). Regarding multicollinearity, the values of all VIFs are very low in all
equations of all four Tables. Although some r show the existence of linear
relationship between some of our variables, we ignore the probable multicollinearity
issue in such cases on the basis of the low VIFs and the high significance of both, the
corresponding regression coefficients and the adjusted R2 We categorize the
discussion of our findings in the following four groupings:

a) Comparative Effects of SFA and DEF1 on DEBT

In sharp contrast to the sub-periods before 2008, during the period 2008-2017 the
SFA has increased DEBT to a much stronger degree than government deficit, DEF1.
In particular and ceteris paribus, the SFA effect was 2.741(=0.954/0.348) times
stronger during 2008-2017 (Table 7, column 5). According to its definition SFA is a
corrective residual item created because DEF1 and DEF2 are not equal in practice
(see equation 3 and 3a, as well as the discussion in section 2.1). Therefore, a
legitimate SFA is by definition small, thus expecting it to have a weaker than DEF1
effect on DEBT. It follows that if SFA has a stronger than DEF1 effect on DEBT,
then SFA is illegitimate in the sense of including governmental economic exchanges
belonging in fact to DEF1. Consequently, our finding shows that SFA is illegitimately
constructed for the time period after 2007. This result is also corroborated by previous
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empirical studies for other countries for which it was found that the SFA increased
DEBT more than the deficit (DEF1). A well founded econometric analysis is
presented in Campos et al. (2006), who, among other researchers, have found that in
contrast to its definition, SFA is not a small residual but a very important factor
determining the accumulation of public debt, especially during bank crises.

On the other hand, the elasticities of DEBT with respect to SFA and DEF1, at the
mean values, show that the SFA causes lower than the DEF1 % changes in DEBT
during the entire sample period, but they get higher in absolute value in comparison
with the elasticities of DEBT with respect to DEF1 as column 6 of Table 7 shows. Of
course the elasticities at the mean values are heavily influenced by the size of the
mean and, as we can see in Table 2, the mean values of SFA are much lower than the
mean values of DEF1. Quite the opposite happens with the standard deviation (SD).
Of course the SD is a statistical measure reflecting the reliability of our official data.
As we can also see, the negative elasticity of DEBT with respect to SFA during 2008-
2017 is attributed not to the estimate of the regression coefficient, but to a negative
mean value of SFA during this period. The main conclusion from Table 7 is that
during 2008-2017 the SFA has an almost three times stronger than the DEF1 effect on
DEBT, and this is a fact signalling the illegitimacy of SFA during 2008-2017.

b) Effects of SFA on DEBT, DEF1 and GDP

Table 8 has been constructed according to Schema 1 which shows the direct and
indirect effects of SFA on GDP. The calculations are based on the estimated beta
coefficients which are presented in Tables 3 to 6. We can see that in sharp contrast to
the period before 2008, the total indirect effect of SFA on GDP is negative and much
stronger during 2008-2017 compared with the previous period. In particular, it is 2.6
(0.493/0.188) to 5.9 (0.493/0.084) times stronger in 2008-2017 in contrast with the
previous periods. But also, the total effect (including the direct effect) of SFA on
GDP is negative, showing that SFA is responsible for Greece’s depression during
more than a decade now. Table 8 also shows that SFA reduces DEF1 (case no. 1) and
increases DEBT (case no. 3) during 2008-2017 to a much stronger degree compared
with the previous years. So, SFA has proved to be not a small residual, but a very
important factor determining the accumulation of the Greek public debt after 2007,
which is a result in agreement with Campos et al. (2006), among other researchers.

¢) The Unexpected Statistical and Econometric Behaviour of the SFA in Greece. As
we have already mentioned, the SFA has been defined as a variable corrective for the
stock-flow (debt-deficit) data which come from different sources, and may also
include other minor errors, thus essentially being a kind of residual. We remind the
reader that the SFA is legitimate only if it lies below, or at least within the limits of
+2% of GDP (see reference in section 1 “INTRODUCTION”). We can see the time
path of the SFA item as a percentage of GDP during our sample period in the
following Diagrams:
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Diagrammatic Presentations 2 (DP2). Realized Value Limits of SFA/GDP
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As the DP2 shows, during 1960-1975 the SFA was absolutely legitimate. During
the next 33 years, 1976-2008, the SFA as a percentage of GDP exhibits six positive
peaks over the value 6% of GDP, including 1993 (23.3%) and 2001(11.5%). After
2008, and only during nine years, we observe the SFA as % of GDP being wildly
fluctuating, in the range of -0.6% (2014) to 12.9% (2009) and even to -42.5% (2012),
year of the infamous PSI (Private Sector Involvement) or “haircut”, which reduced
Greek government debt only by 11.9 €bill (see Bruegel, 2012). As we have discussed
in section 2.1, according to Eurostat, “A positive SFA means that the government
debt increases more than the annual deficit (or decreases less than implied by the
surplus). On the contrary, a negative SFA means that the government debt increases
less than the annual deficit (or decreases faster than implied by the surplus)”. This
statistical behaviour of SFA in such a short time period raises a number of
illegitimacy issues.

d) The Effect of DEBT on GDP.

There is an extensive literature about the effects of government debt on economic
activity. In general, an increasing public debt, especially as a percentage of GDP, has
been considered responsible for all phenomena which affect economic growth
negatively. Although there is no agreement, older theories and empirical research
have supported that a high public debt will in the long-term result in the reduction of
productive capital and investments. According to Modigliani (1961), the public debt
will increase economic growth only for the present generation. More recently,
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literature on growth models supports that if public borrowing finances productive
investments, public debt will have a positive effect on economic growth (see among
others Checherita and Rother 2012). According to other researchers, if public debt
becomes too large to pay it back, investments and economic growth will be affected
negatively (Krugman, 1988). In fact, empirical research during the decades before the
2007 economic crisis had not reached agreement about the effects of public debt on
economic activity, for example, see Ussher (1998). In our case, according to Table 8,
as illustrated by the data shown, DEBT has a negative effect on GDP during 2008-
2017 in sharp contrast to the three previous sub-periods. It seems that during 1960-
2007 government debt has financed productive investments, which have lead to
increased GDP as the growth rates suggest in the following Table 9.

Table 9. Gross Fixed Capital Formation (INV), Annual Growth rates (%)

1960-70 1970-80 1980-95 | 1995-2007 | 2007-2017 2009-2017
INV 14.0 20.7 9.8 17.7 -4.9 -5.5
GDP 11,8 194 18,9 8,1 -1.6 -3,2
INV/GDP 22,8 27,9 22,4 21,5 14,7 12,9
GDP in current market prices, INV in current prices, not including dwellings.
Source: (a) National Accounts of Greece. (b) [NAIDA 10 GDP] ESA10: selected international annual data

The above momentum of viable debt through viable investment projects seems
broken in 2007-2008 as it is also suggested in diagram (d) of DP1 in section 2.2.

4. CONCLUDING REMARKS AND FURTHER RESEARCH

Considering the long duration, more than a decade, of Greek economic recession, this
paper’s purpose was to let data ‘speak’ during 1960-2017. Traditionally, empirical
economists take official data for granted. This paper has focussed on data themselves,
in particular, on fiscal data, taking notice that the recession started as a fiscal and
financial phenomenon. Our research question was to identify probable issues relating
to the measurement and composition of this data. Thus, we have examined
statistically and econometrically four fiscal variables: government debt, DEBT (stock
variable) and deficit, DEF1 (flow variable), as well as the Stock-Flow adjustment
(SFA) accounting item, which theoretically is a kind of small residual as of its
definition as the difference between two theoretically, but not empirically, equivalent
definitions of government deficit. We have used statistical and econometric
techniques and we have come up with the following novel findings: It was found that
in spite of its definition, SFA is not a small residual, but an important illegitimate
factor, which has hugely contributed to the last decade’s accumulation of Greek
government debt, as previous research has found for other countries (e.g. Campos et
al., 2006). It has also caused the deep recession by reducing GDP through its adverse
effects on government debt and deficit. A second important finding is that
government debt had a significantly positive effect on GDP during 1960-2007; as
data in Table 9 illustrate, debt was financing productive investments. This way, debt
was viable through wealth creation, this process being interrupted in 2008-09.

By showing the importance of official data legitimacy, this research is useful for
contributing to understanding the causes of the Greek crisis beyond political or other,
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mainly folklore explanations. This paper is at least thought-provoking. Further
research is ongoing, by expanding our sample period beyond 2017 for another two
years before the creation of further economic complications because of covid-19, and
second by ‘digging’ deeply into identifying specific illegitimacies in the assembling,
composition, valuation and measurement of the crucial fiscal variables examined
here. Our conclusions are novel for the Greek case and in agreement with the
conclusions of previous similar international research for other European countries as
we have made appropriate references in sections 1, 2.1 and 3.3.

HEPIAHYH

Aopfavovtag v’ oy v Pabeld kot yopig mponyovpevo EAAnvikn kpion mov Eekivnoe
70 2008-09 ®g éva un-ovapevopeva vYNAd TOGOGTO TOV OMHOGIOV EAAEILIOTOC ®G TPOG TO
AEII, o okomdg avtov tov apbpov eivar va digpguvicovpe mhovég Topatumieg 6Gov apopd
™V pétpnon PaciKdv SNUOGIOVOLUK®OY 0E00UEVOV KATA TO KPIGIHO £TOC Kol KATE TNV TTEPI0d0
mov okoloVOnoe, oe ovykplon pe v mepiodo mpw v Kpion. [o tov okomd avtd
APNOWOTOLOVE EMIGN L. ETAGLO. GTOLXELD TOV KVPEPVNTIKOD ¥PEOVC, TOV EALEIUIOTOG KOl TOV
KovdvAiov ov amokaleitar PHOuion Anobépotog-Poric (SFA) katd v didpkelo &1 oyedov
dekoetidov and 10 1960 péxpt to 2017. Meta&d TV OKOVOUETPIKOV KOl GTOTICTIKOV
gupnuatev pog sivon ta e€ng: (o) Katd v mepiodo 2008-2017, ot avtifeon pe v nepiodo
apwv 10 2008, t0 SFA 0a@evog avédvel to ypfog eviovdtepa amd O,TL TO EAASULUA, KOl
aeTépov mapovoldletl eviovatates dukvpdvoels. Kot ta 0o eovopeva amotelodv €vdelén
TAPATUTIOV KATd TNV cvAroyn Kot pétpnon tov SFA. (B) Avtibeta pe v mepiodo 2008-
2017, to qpog €xet BeTIKN Kot GTOTIGTIKA oNPavTKh enidpacn ent Tov AEIT katd v mepiodo
mpwv v kpion. Ta evpnuoatd pog sivor mpotoéTLRA KOl ¥pNoIHa KaBOGOoV punvdovy OTL 1M
VOUOTLTIN KETPNON KOl GUVOEST TOV GTATIOTIKMOV OTOWEIDV &ivol TOAD ONUAVTIKY Yo TNV
SUOPPOOT| UTOTEAEGLOTIKDOY KOWVMVIKOOIKOVOUIK®V TOATIKMY.
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ABSTRACT

The purpose of this empirical study is to investigate the possible effect of the acute systemic
economic crisis that stroke Greece on the estimation of systematic risk coefficients (betas) for
securities traded at the Athens Stock Exchange, emphasizing on the role of securities
capitalization. To this end and amongst others, betas estimated in a business-as-usual before
crisis period, were compared with those in a period under the unusual circumstances caused by
the acute systemic economic crisis. The investigation focuses on the possible effect of
capitalization on the explanatory power of the market model and the comparison of systematic
risk estimates (betas) during crisis and non-crisis periods. In sharp contrast to the existing
stylized facts, beta values are found to be positively related to capitalization. In addition,
capitalization is also positively related to the explanatory power of the market model.
Furthermore, crisis caused a substantial drop in beta values except for some of the larger
capitalization stocks, predominantly banks.

Keywords: Systematic risk (beta coefficient), Market Model, Firm size effect, Systemic crisis,
Beta subsidence, Athens Stock Exchange

1. INTRODUCTION

The connection of return with risk is unquestionable in finance, as is its importance.
The most celebrated quantitative expression of this connection is through the so-
called (standard) Capital Asset Pricing Model (CAPM), according to which:

E(R;) = R + B;[E(R,) — Rp] )
where, E represents the mathematical expectation operator, R; is the return on the
security j, Ry is the risk-free rate of return, R,, is the return on the market and f; is
the systematic risk coefficient for security j, also known as beta coefficient. Beta is a
measure of the risk arising from exposure to general market movements which cannot
be avoided or reduced through diversification.

It is important to note that the standard CAPM not only predicts what should predict
returns, but also what should not. For instance, firm characteristics (other than beta)
should not predict returns. However, intensive analysis of a large amount of historical
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data suggests the existence of several market anomalies (Elton et. al. (2007)).
Indicatively, stocks of small firms do better than stocks of large firms, even with risk-
adjusted returns (the so-called firm size effect); value stocks do better than growth
stocks (the so-called book to market effect).

Furthermore, multifactor models such as the APT, and/or conditional versions of the
CAPM have been proposed by several researchers to incorporate additional risk
premia (see amongst others Fama and French (1992, 1993, 1996), Milionis (2011)).
In sequence, there is a voluminous literature on the ability of CAPM to explain the
observed returns and there are serious specification issues about the explanatory
power of a single — factor model as CAPM to explain expected returns. In practice
however, for several reasons (Jaganathan and Wang (1996), Elton et al. (2007),
Milionis (2010, 2011)) the beta coefficient is still the most widely used measure of
systematic risk.

As far as beta estimation in practice is concerned, it is noted that CAPM, as expressed
in Equation (1) is a general equilibrium model; hence, both the return of the each time
particular asset and the market return are expected future returns, while the relevant
coefficient of systematic risk is the future beta of the each time particular asset. What
is feasible is to perform an ex-post analysis of ex-ante expected returns. In order to
replace ex-ante with ex-post realized returns, it has to be assumed that realized
returns, over a long period of time, are on average equal to the corresponding
expected ones. Hence, the common approach for the estimation of the standard betas
is to use the so-called Market Model (henceforth MM) and OLS estimators. In that
way, a beta is estimated as the slope coefficient in the regression:

Ri=aj+ BiRn + yj 2
where u;is the stochastic disturbance and ¢; is a constant.

It is noticeable that the risk-free rate is not included in this simplified version of MM
as expressed in Equation (2). For realistic changes in the value of the risk-free rate,
there is very little difference in the estimated beta values.

Not taking into consideration phenomena related to market microstructure, one would
expect that beta estimates would be invariant to changes in the length of the
differencing interval over which index and security returns are calculated. However, a
plethora of empirical findings suggest that this is not the case. Indeed, it has been
found that beta estimates change systematically as the differencing interval over
which they are estimated is lengthened (Cohen et al. (1983a)). This phenomenon,
which has been found to exist in both mature and emerging capital markets (Corhay
(1991), Oprea, (2015)) is known as “intervalling effect” and results in a biased beta
estimate and consequently in a false perception of a security’s risk.

The purpose of this work is to examine the possible effect of a systemic economic
crisis on the stylized facts regarding the measurement of systematic risk (beta
coefficients) in conjunction with securities’ capitalization (henceforth cap). In a
market under unusual conditions, such as those during an acute systemic crisis,
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different stocks may react differently to changes in macroeconomic fundamentals and
modify their market risk character. Hence, stylized facts with respect to the
measurement of systematic risk may need revising. The case of Greece during the
period of its acute systemic economic crisis is a good example of such conditions and
its stock market, specifically daily stocks prices traded at the Main Market of the
Athens Stock Exchange, will serve as our dataset for analysis. Some preliminary
results on this investigation were presented in the 31™ Panhellenic Statistics
Conference (Milionis and Karagiota, 2018). Hence, this work may be considered as
both self-contained and a continuation of the work of Milionis and Karagiota (2018).

The structure of the paper is as follows: section 2 provides a skeleton review of the
basic theory and describes the methodological steps to be followed; section 3
describes the market and the data; section 4 presents the results and commenting;
section 5 concludes the paper.

2. BRIEF REVIEW OF THEORY AND METHODOLOGY
2.1 Sampling and smoothing periods

Two time parameters of great importance for the empirical determination of betas are
the following: (a) The sampling period (T) that is the total time span covered by the
data; (b) The smoothing period that is the differencing interval over which returns are
calculated (L). Any price variations within time distance of L time units are ignored in
the estimation of a beta which correspond to differencing interval L and, to emphasize
that, we use the term “smoothing period”. From the statistics point of view, it is
apparent that more accurate estimates of betas are obtained the larger the sampling
period and the smaller the smoothing period. In contrast, from the point of view of
finance it is the other way round. Indeed, large T increases the possibility that
significant changes in firm characteristics may have occurred, which directly affect
the risk associated with this firm (e.g., increased, or decreased gearing, merger,
acquisition, etc.). However, small L entails greater bias in the estimation of beta due
to the possible existence of the intervaling effect, as discussed already. So, there must
be a tradeoff. For the most developed financial markets, in the recent past, common
practice of many financial houses offering beta services (e.g. RMS in the UK, Merrill
Lynch and Salomon Brothers in USA) is to use a sampling period of five years and a
smoothing period of a month.

2.2 Firm size effect

Firm size effect has attracted much attention by researchers (Banz (1981), Reinganum
(1981), Fama and French (1992, 1993, 1996). It is well documented that low
capitalization stocks have on average higher returns than high capitalization stocks
and even with returns adjusted for risk via CAPM the difference is mitigated but does
not disappear. Indeed, Banz (1981), in the probably most often cited work on the
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subject, provided evidence that the size effect was almost as important as did beta.
Several possible explanations have been stated for these excess returns of small cap
stocks. Lower survival probabilities, higher trading costs and misestimated betas due
to non-synchronous trading for low cap stocks are the most dominant explanations
(Elton et. al. (2007)). However, the fact itself that the difference between average
returns of low and high capitalization stocks is reduced after adjustment for risk
entails that low capitalization stocks have higher betas than high capitalization stocks.
Therefore, one might expect low cap stocks to be more sensitive to the economy than
large cap stocks and to do worse than the latter during economic hard times. The main
subject this work is to try to investigate, whether or not, this stylized fact of the betas-
capitalization connection has been affected, and if so in what direction, by the
systemic crisis.

2.3 Intervalling effect

The characteristic of market microstructure responsible for the effect of the
differencing interval on beta estimation is friction in the trading process and the
entailed price adjustment delays (Cohen et al. (1983Db)). Due to friction in the trading
process, true returns, which would be observed in a frictionless market, are not
observable. Changes in true returns are faster than in observed returns, so in each
period only a part of the true returns is incorporated in the observed ones. The
abovementioned can be expressed quantitatively by the following model which
connects the observed returns (R;) with the true returns (R;) and was proposed by

Cohen et al. (1983b): v
Rfr = Z F}',r—:z,:zR}',r—:z
n=0

with E{:E:::D }’_;l',r',n} =1 Hj-' t
Where, y;._,,,. are random variables representing the portion of true returns of
security j at time t — n which is reflected in observed returns at time .
Therefore, the MM for true and observed returns respectively is written as:
Rjy = a;+ iRy + 1,
Ri,=a; + B Ry, +uj,
where f§; and B; express the systematic risk for true and observed returns
respectively. §; and 7 are related through the following equation (Cohen et al.

(1983D)):

ﬁf = ﬁ_;.'{_l + 2 Z;‘::lﬁ;ﬁﬁu} - E;‘:=1{ﬁ;+n + ﬁ}?—?!} (3)
where,
o _ CorRhenRhe oo _ Cor(RieinRine
Bm+n = var(R%,) IEn T yar(RS )

From Equation (3) it is obvious that betas for the observed returns depend on betas for
the true returns, on the autocorrelations of stocks and index observed returns up to
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order N and on the cross-correlations among the observed returns of the security j and
the market index m up to order N. Consequently, the OLS estimator of beta for
observed returns is a biased estimator of the systematic risk. From Equation (3) it is
evident that the bias of the beta estimator will tend to decrease as the differencing
interval is lengthened.

In view of the above, it is necessary to examine the role of capitalization on beta
estimates not only using daily returns, but also taking into account the possible
influence of the differencing interval on beta estimates, i.e., examining the role of
capitalization using returns with larger than one-day smoothing periods.

3. DATA AND THE MARKET
3.1 Data description

The data to be used in this work are daily closing prices of all stocks traded in the
Main Market of the Athens Stock Exchange (ASE). As in most similar studies the
sampling period T will be a five-year period from 25/09/2012 to 22/09/2017. Returns
are expressed as the logarithmic difference of price relatives, using the unit
differencing interval. The smoothing period will vary from one to thirty days. The
Athens General Index (GEN) will be used as the market index. For the given
sampling period, totally there are 122 stocks traded continuously in the Main Market
of ASE.

As mentioned, the period under study was very unusual and, as such, very condensed
in terms of important economic — political events. This is evidenced in Table 1, which
presents the most important of these events.

3.2 The market

ASE started trading in 1876. From May 31, 2001, the ASE joined the Mature
Financial Markets according to the classification of Morgan Stanley Capital
International (MSCI). Until that date ASE belonged to the European Emerging
Markets. In November 2013 the same institution downgraded ASE to the Emerging
Markets status. ASE was also downgraded by FTSE on March 21, 2016, in the
category of Advanced Developing Markets.

It is remarkable that until the late 1980s ASE was a small market with low
capitalization value and a thin volume of trade, while participants were almost
exclusively local investors. However, the changes in the legislative and regulatory
framework, during the 1990s, towards harmonization with the standards of the more
developed financial markets have brought significant changes for ASE (for details,
see for instance Milionis et al. (1998)). As a consequence of these reforms the total
capitalization of ASE increased from 13.6 million USD by the end 1993 to 145
million USD by the end 2005 (source: World Federation of Exchanges). Furthermore,
foreign investors owned less than 10% of the total capitalization in 1993
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(approximate indirect assessment, as no exact official figure exists,) but more than
37% of the total capitalization at end of April 2005, while their share in the average
daily volume of transactions in April 2005 exceed 54% (source: Central Securities
Depository of ASE, Monthly Statistical Bulletin, April 2005).

The capitalization of ASE during the period under consideration, as compared to that
of 2005, had been significantly decreased, as a consequence of the economic crisis, to
approximately 45 billion USD. Since then, the capitalization is gradually recovering
and nowadays, as at end of first half of 2021, has exceeded 60 billion USD, while
about two thirds of total share capital is now owned by foreign investors. Further
details about the ASE and its institutional and operational evolution are given in many
papers (see for instance Milionis and Papanagiotou (2009, 2011)).

Table 1. The most important economic — political events during the sampling

period

Events during the sampling period *
Date Event

Approval of the medium-term rescue program for Greece
7/11/2012 2013-2016

Downgrade of the Athens Stock Exchange by MSCI
11/2013 (Emerging market)
25/5/2014 European elections (win of SYRIZA party)

Greek Parliament failed to elect President of the Republic
17/12/2014 (First time)

Greek Parliament failed to elect President of the Republic
23/12/2014 (Second time)

Greek Parliament failed to elect President of the Republic
29/12/2014 (Third and last time)
25/1/2015 Early national parliamentary elections

First agreement between the new (SYRIZA-ANEL)
20/2/2015 government and the lenders

Imposition of bank holiday and restrictions on capital
29/6/2015 movements

Referendum, Closure of banks and imposition of a take-
5/7/2015 over cash limit. Closure of the Athens Stock Exchange
14/8/2015 Resolution of the third memorandum
20/11/2015 Recapitalization of the banks

Downgrade of the Athens Stock Exchange by FTSE
21/3/2016 (Advanced Developing market)

*The list is indicative not exhaustive.
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4, RESULTS AND DISCUSSION
4.1 MM model

The empirical results of previous studies have shown that the estimates of beta
coefficients resulting for the same smoothing period L, but for a different starting day
of returns calculation, may differ (Corhay (1992), Milionis (2011)). Therefore, to
obtain all estimates of betas of each stock it is necessary to estimate L regressions for
every smoothing period L, with L varying from one to thirty days. For the same L the
data for each regression will start each time one day later. Subsequently, the average
value of beta estimates for every L is calculated. The results show that from the whole
sample of 122 stocks 93 of them have statistically significant beta values, at 5% level
of significance, for returns calculated using L=1. The results, regarding the statistical
significance of betas for L>1 are similar (space limitations do not allow full
presentation of statistical results, further details are available by the author).

4.2 Temporal variation of beta estimates

Temporal variation of beta estimates has attracted much interest in the literature. As
found by Blume (1971, 1975) and Vasicek (1973), who estimated betas over two
adjacent sampling periods, beta estimates far from unity in one sampling period tend
towards unity in the next sampling period. In this study it is important to compare
beta values estimated in a sampling period amidst the economic crisis, with beta
values estimated in a sampling period outside the crisis period. In that way, it may be
possible to identify possible effects of economic crisis on systematic risk estimation.
Methodologically, for such a comparison to be meaningful the following assumptions
should be met: (a) only stocks which were continuously traded in both periods should
be considered; (b) the same statistical estimation procedure should be used for both
sampling periods; (c) the two sampling periods should not be adjacent (in order to
avoid the convergence to one phenomenon).

For ASE published beta values based on OLS estimation and daily smoothing period
for all stocks are available for the period 1999 — 2004 (Milionis (2010)). This period
is obviously not adjacent to the sampling period used thus far, so beta values in both
periods are not affected by the convergence to one effect mentioned previously.
Moreover the 1999-2004 period is a business-as-usual period, as it is well before the
Greek economic crisis. Hence, in view of the fulfilment of the aforementioned
assumptions, it is a period suitable for our purposes.

Figure 1 exhibits the results of this comparison. The 1999-2004 beta values are
presented in descending order in the figure. The horizontal axis shows the
corresponding stocks’ symbols. The arrows show the corresponding 2012-2017 beta
values, as well as, graphically, the deviation from the original values.
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Figure 1. Temporal variation of beta estimates
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From Figure 1 it is immediately apparent that there is a very conspicuous drop in the
2012-2017 betas. Indeed, the values of beta estimates for the second period for the
great majority of securities are much smaller than their values of the first sampling
period. This empirical finding will be called beta “subsidence” henceforth.
Exceptions to this general tendency are the betas of some of the higher capitalization
stocks, the most prominent of which are those for the betas of the securities of the
banking sector, specifically National Bank of Greece (symbol ETE), ALPHA BANK
(symbol ALPHA), Bank of PEIRAEUS (symbol PEIR), EUROBANK (symbol
EUROB), and ATTIKA BANK (symbol ATT). This reflects the fact that the
monetary-financial institutions were most responsive and those affected the most by
the turbulence caused by the crisis. To further support this argument, the next figure
(Figure 2) presents the movement of the Banks Stock Index in conjunction with the
FTSE mid-capitalization Index of ASE, both scaled with common starting value equal
to 100.

As is evident, the two indices share very little in common in terms of their
progression. This is most conspicuous in the latest part of the figure. It is remarkable
that the Banks Index lost almost all its value after the imposed shutdown of the banks
and ASE (July 5, 2015, details in Table 1), while at the same time the movement of
the FTSE mid-capitalization Index was vastly different. This provides further
evidence that stocks did not react in the same manner given the crisis and that a one-
factor model may not be sufficient to acceptably describe securities’ risk for all
stocks. Hence, further investigation is necessary.
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Figure 2. Variation of Banks and Mid-Capitalization Indices (scaled)
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4.3 Further investigation: an insight into the role of capitalization

As will be shown shortly capitalization is very crucial in the behaviour of stocks in
relation to the above findings and examination of its role will provide a further
insight.

Capitalization and MM

Analyses regarding beta estimates are in most cases conducted using portfolios of
securities rather than individual securities. This approach is preferred because
econometrics-wise errors in estimating individual securities’ betas would cancel out
when securities are grouped together, resulting in a smaller error in measuring the
portfolio beta. Indeed, it is easily proved that with a portfolio of securities in equal
proportion the standard error of the portfolio beta is equal to the average beta of
individual stocks divided by their number. In sequence, historical portfolio betas are
better predictors of future betas than are historical betas of individual securities. Thus
far the existing evidence shows that the explanatory power of the market model using
portfolios of securities does not depend on the beta value or the capitalization of the
portfolio (see for instance the very influential work of Black et. al. (1972)). However,
in grouping securities some subtle, yet important information may be missed out.
Therefore, in this work our investigation will be conducted on the individual
securities’ level.

The allegation about the sufficiency of a one factor model such as the Market Model
to capture securities’ risk and the entailed question regarding the credibility of betas,
especially those of the comparatively lower capitalization securities, as stated in
previous sections, will now be examined further. At first, stocks were taxonomized
according to capitalization value. To this end, the FTSE Large Capitalization and Mid
Capitalization Stock Indices of ASE were used to differentiate securities according to
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capitalization (see the official website of ASE: https://www.athexgroup.gr the for
the composition and further details about the FTSE indices of ASE). Securities not
belonging to these two indices are those of smaller capitalization value and were
grouped together as “rest of stocks”. Then, the average value of the Coefficient of
Determination of the MM model for the stocks belonging to each category was
calculated.

Figure 3 presents the variation according to L of the average explanatory power of the
MM model, expressed with the value of the Coefficient of determination (R?), for the
various stock categories. As is immediately seen, there is a very sharp distinction in
the explanatory power of the MM model for the various categories, so there is no
doubt that capitalization is responsible for this distinction. Indeed, MM for stocks
with the higher capitalizations (i.e., those stocks belonging to the Large-Cap Index)
fits much better than in the other two categories, and MM for stocks with the medium
capitalizations fits much better than MM for stocks with the relatively lower
capitalization.

A second conclusion that is derived from Figure 3 is that the mean Coefficient of
Determination (mean R? value) (mildly) increases with L for all categories. This is
consistent with the existing stylized facts regarding the microstructure of MM (Cohen
et al. (1980), Cohen et al. (1983)).

Figure 3. Coefficient of determination of MM versus capitalization and smoothing
period
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Capitalization and beta estimates

From the results presented thus far, especially the beta “subsidence” documented in
subsection 4.2, there is evidence that stock capitalization seems to be related with the
corresponding beta value and it is of interest to search this potential influence further.
Taxonomizing again the securities in the same way as previously, Figure 4 shows the
evolution of average betas for each category as a function of L. From Figure 4 at first
it is evident that there is a sharp discrimination in the average beta among the three
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categories. Indeed, the larger capitalization stocks have clearly the highest beta values
(average beta 1.02), the lowest capitalization stocks clearly the lowest beta values
(average beta only 0.28), while stocks of the Mid-Cap Index have an average beta of
0.87. Further, the characteristics of this discrimination is unaffected by the smoothing
time, in contrast to other studies in which smoothing time affects low capitalization
stocks more than large capitalization stocks (Brzeszczynski et al., 2011).

Figure 4. Average beta versus capitalization and smoothing period
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The results presented previously in section 4.2 clearly show that from the observed
phenomenon of generalized substantial drop in beta values for the majority of stocks
between the two sampling periods there was (inevitably) an exception which refers
exclusively to some of the larger capitalization stocks. Therefore, it makes sense to
examine these empirical findings at a higher measurement level. Figure 5 shows the
scatterplot of the percentage change of beta values between the two sampling periods
(1999-2004 and 2012-2017) and the corresponding logarithm of mean capitalization
of the second period for all stocks traded continuously in both sampling periods. As is
evident, indeed, smaller capitalization stocks have negative percentage change of
betas, while positive percentage changes of betas, which occur to a minority of
stocks, are associated predominantly with larger capitalization stocks.

To express the dependence of percentage change in beta values on capitalization, after
some experimentation we reached to the following parabolic model (in passing, it is
noted that selecting among models with different dependent variable, such as PCB
and Ln(PCB) is not straightforward and the procedure suggested by Gujarati and
Porter (2009) was followed).

PCB = 727.40 — 242.86 In{ cap) + 18.18 In{ cap)* + e R*Z=0.64

where PCB is the percentage change in beta between the two sampling periods,
In(cap) is the (natural) logarithm of mean capitalization for the sampling period 2012-
2017, and e represents the residuals. As the value of the Coefficient of Determination
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implies, again, capitalization plays an important role, as the model can explain almost
two thirds of the variation in the percentage changes of betas.

Figure 5. Percentage change of betas as a function of mean 2012-2017 capitalization
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4.4 Further discussion

From what we know form finance theory thus far, a low beta value for a company’s
stock may be attributed to such factors as the character of capital structure (e.g., low
leverage), the character of company’s activities (e.g., public utility companies, or
companies from the food and beverages sector, have traditionally low betas) etc. In
the present study, given the observed beta “subsidence”, we very much doubt that this
is the main reason for the estimated low beta values in the sampling period under
investigation. Instead, the main mechanism which is responsible for the observed low
betas seems to have a different origin. Indeed, as documented in this work, there are
sharp differences in the explanatory power of the MM for the various stocks for the
particular sampling period. Furthermore, low explanatory power of the MM model is
associated with low betas. Clearly, this association is not unidirectional: low
explanatory power in MM is the cause and low corresponding betas is the response
(outcome). Further, low explanatory power in MM is related with low capitalization.
However, the original cause in this cause-and-effect chain is the systemic economic
crisis, which affected ununiformly the stocks traded in ASE. Banks, and some other
companies, most of which have a large weight on the construction of the General
Index of ASE, were those with the higher explanatory power of the MM, and at the
same time those most affected by the crisis, and attracted most of the volume of trade
(it is noted that during the sampling period approximately 90% of the daily value of
transactions is attributed to the stocks of the FTSE Large Capitalization Index, source:
Statistical Bulletin of Central Securities Depository of ASE). As a result of the crisis
effect, the average explanatory power in the “rest of stocks” category is only 4,3%.
Inevitably, even though this value of average explanatory power is statistically
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significant, this means that MM for such stocks does not seem to adequately
determine a stock’s systematic risk. It must be noted that a significant beta value from
the statistics point of view, as confirmed for the majority of stocks in this work (see
section 4.1), does not necessarily have the same importance from the finance point of
view, especially in view of the fact that the explanatory power of the MM model may
vary substantially among stocks. In the present case, during the crisis, low R? values
in MM caused low betas mainly for low capitalization stocks. For these low beta-low
R? of MM stocks, additional risk premia may exist, which cannot be captured by a
one factor model such as the MM.

The above discussion offers the opportunity to remark that a low explanatory power
of MM as a reason for low betas may not be true exclusively for the circumstances of
this study but have a wider applicability. Nevertheless, a detailed analysis on the
relationship of R? of MM with beta estimates and capitalization has not been given
the required attention thus far, partly because empirical studies on systematic risk
very often use portfolios of stocks (Elton et. al. (2007)).

5. SUMMARY AND CONCLUSIONS

The purpose of this empirical study was to compare betas estimated in a business- as-
usual period, with those in a period under unusual circumstances and identify possible
effects of such circumstances on beta estimation. The Greek acute systemic economic
crisis certainly represents vividly such circumstances. The results provide
counterevidence for some stylized facts about beta estimation.

Specifically, the key role of capitalization in the character of systematic risk
estimation was evident. For low capitalization stocks MM has a much lower
explanatory power than for larger capitalization stocks and further low capitalization
stocks have lower betas. These findings sharply contradict the existing stylized facts
according to which not only the explanatory power of MM model does depend on
capitalization, but also the larger capitalization securities are those associated with
lower betas. As documented, these results have their origin to the fact that the
systemic economic crisis affected ununiformly the stocks traded in ASE. The
economic crisis was also the original cause of what we called beta “subsidence”, i.e.,
the generalized drop in beta values between the sampling periods 1999-2004 and
2012-2017, except for some large capitalization stocks, predominantly banks.

It is also noted that for low capitalization stocks, beta estimates, even though were
found to be significant in the statistical sense, should be seen with caution by the
financial analysts and portfolio managers as they are derived by a MM with very low
explanatory power. It is speculated that over the particular sampling period a single
factor model, as MM, may not sufficiently capture the structure of the security
returns, and a multifactor model, such as the APM, may be more appropriate.
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HHEPIAHYH

YKomog Tov mapdvtog eival vo eggtdost v evdgydpevn emidpacmn g ofeiag kpiong mov
émmée v EAAnvikn) Owovopio oTig EKTYNGES GCLOTNHOTIKOV KIvdOVoL (GuVTEAESTEG fiTa),
wWaitepa de v mhavh avabedpnor Tov poAoL TG kKePaAaakng aglag Tav agoypdewnv o
HETPNON TOL  GUGTHUOTIKOD KWwdOVOL TV  0E0YPAe®Y OV  JOTPOYUATEVOVIOL GTO
Xpnuatwompo A&uwv ABnvav. Tw 10 okomd ovtd ypnoipomodnkay Kol EKTIUNACELS
GLOTNUATIKOD KvdHVOL KOTA TN SLdpKeLn ¥povikng meplddov mpo Kpione. Opopéva and ta
gumelpcd gvpnuota Ppickoviar o ofelo avtiBeon pe ta woydovra ot d1ebvn Piproypapio.
Ipdypart, otoyyewofetibnke o6t M emeEnynuotiky wavotnta tov Movtéhov Ayopdg
oyetiletal Oeticd pe ™V KeQoAalonoinon TV a&loypapoy, EVH ULV LLE TO. LEYPL CHLEPT
toyvovta Tétoln oyéomn dev vpiotatal. [lepartépw, Ppédnie 6TL oL LVYNAEG TIHEG GUVTELEGTOV
cLOTNUATIKOD Kivdhvoy oyetifovtar pe a&ldypapo VYNNG KEPAANLOTOINGONG, EVH COUPOVA
HE Ta UEYPL CNUEPA YVAOOTO EUTEPIKG evpNpata 1oyvel akpPag to avtifeto. Emmiéov ot
EKTIUNGELS GLOTNLOTIKOD KIvOHVOL KOTA TNV TEPIodo TNg KPiong NToV ovctmdMg HKPOTEPEG
amd TIC aVTIOTOLEG TPO Kpiong ywr TN HeYOAn mAcoynoio tov afloypdowv pe egaipeon
pepwcés  petoyés  vymAng  kegaAotomoinong,  kupiwg  petoxés  tpamelov.  Omwmg
eMLyelpMLOTOAOYELTAL, 1 0&El0 GLOTNLIKT OWKOVOLIKT Kpiom gival 1) Yeveslovpydg attio avTdv
TOV POLVOLEVIKA ATPOCUEVOV OTOTELECUATOV.
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SUMMARY

The accurate prediction of mortality rates plays a crucial role in the management of longevity
risk, one of the most important risks in the actuarial industry. In this paper the effect of time
series “linearization™, as well as that of possible transformations of actuarial time series are
examined. The time series we considered are the period indices uncovering the mortality trend
for England-Wales. The results show only a marginal improvement in terms of point forecasts,
but a substantial improvement in terms of confidence interval forecasts. In practice, this
improvement in forecasts confidence intervals can redefine the Solvency Capital
Requirements, and subsequently the Solvency Ratio for pension funds, thus, putting pension
providers at a competitive advantage as they have less capital locked in their liabilities.

Key Words: mortality rates — forecasts, time series “linearization”, time series transformation

1. INTRODUCTION

In recent years, due to the developments in technology and medicine, insurance
companies have to deal with a significant risk, namely the longevity risk, which is
raised due to the uncertainty in the future movement of mortality rates. In this
direction, several regulations have been introduced with the aim of maintaining the
balance of an organization’s reserve funds and control the inherent risks. Solvency Il
(Directive 2009/138/EC) introduces a uniform system of calculating capital
requirements among all EU Members to ensure organizations' solvency and risk
management ability. This capital requirement is called Solvency Capital Requirement
(SCR) and covers all the risks that an insurer faces. Considering the above, Solvency
Il requires that an insurer holds enough reserves to cover 99.5% of scenarios which
might occur over a one-year time horizon. According to the literature, it has been
observed that the risk of longevity unfolds over many years and hence, it does not
naturally fit into the one-year time horizon required by regulators in banking and
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insurance (Kleinow, T. and Richards, SJ, (2017)). Thus, the analysis of longevity risk
requires the projection of longevity related data in a time horizon of several years.

An approach to deal with the aforementioned problem is to model the mortality rates
by using the mortality models reported in the literature and predict the trend of the
mortality in the future. By doing so, an insurance company can reinforce the capital
requirements determination process. The methodical and accurate prediction of
mortality rates plays a crucial role in the management of longevity risk.

To do so, a number of stochastic models have been developed to analyze and model
the mortality improvements (Lee and Carter (1992), Renshaw and Haberman (2006),
Currie (2006), Cairns et al. (2006), Hyndman and Ullah (2007), Plat (2009),
Hatzopoulos and Haberman (2011), Hatzopoulos and Sagianou (2020)). By utilizing
historical mortality data, a stochastic mortality model can uncover the trend of
mortality rates and provide a deeper understanding to the mortality dynamics. The
extracted mortality rates can be used to extrapolate mortality behaviour in the future,
with the aim to uncover the future behaviour of mortality trends.

In this paper, we use the multiple-component stochastic mortality model of
Hatzopoulos-Sagianou (hereafter called HS), as developed in Hatzopoulos and
Sagianou (2020), to model the mortality dynamics. The HS model uses a semi
parametric estimation method. This method adopts Generalized Linear Models
(GLMs) and Sparse Principal Components Analysis (SPCA). The SPCA requires the
definition of a sparsity factor (s value) in order to pinpoint the optimal and most
informative age—period and age—cohort components. To do so, the definition of the
sparsity factor is based on a methodology tailored for the HS model and can measure
the Unexplained Variance (UVR) of each of the age—period and age—cohort
components that are incorporated in the proposed model. For more details about the
novel dynamic structure and estimation method of the HS model see Hatzopoulos and
Sagianou (2020).

In the family of age-period-cohort stochastic mortality models the dynamics of
mortality are driven by the period and the cohort indices. Therefore, the forecasting of
mortality rates requires the modelling of these indices using time series techniques.
For the period indices, we assume the random walk with drift (henceforth RWD)
model, the standard approach in the actuarial literature (Lee and Carter (1992), Cairns
et al. (2006, 2011), Pitacco et al. (2009), Haberman and Renshaw (2011), Lovasz
(2011), Villegas et al. (2018)): Y, =d +Y, , +Uu, where Y,is a stochastic time series,

U, is a white noise process, and d is a constant. However, other stochastic models

have also been employed in order to enhance forecasts (Lee and Miller (2001), Plat
(2009), Villegas et al. (2018), Hatzopoulos and Sagianou (2020)). One strand of such
models are the AutoRegressive Integrated Moving Average (henceforth ARIMA)
models. An ARIMA model is a concise quantitative summary of the internal
dynamics of a time series in a linear framework and it is useful, among several other
reasons, for forecasting. However, time series from the real world need to undergo
some statistical preparation and pre-adjustment as they are not usually “ready” to be
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used for forecasting purposes in the aforementioned context. This is so because in
time series of raw data variance non-stationarity may be present. Furthermore, very
often there exist outliers and other causes (such as calendar effects, etc.) that disrupt
the underlying stochastic process. Their treatment is known as “linearization”.
Variance non-stationarity not only increases time series variance, as does the
existence of outliers, but also affects the character of the ARIMA model and the
selection and character of outliers (Milionis, 2003; Milionis, 2004; Milionis and
Galanopoulos, 2019). Inevitably, both variance non-stationarity and outliers affect
point and interval forecasts. Hence, forecasts are less accurate with increased
confidence intervals. In the actuarial context, this can adversely affect the longevity
risk management process. More specifically, outliers and possible instability in the
variance in longevity data, entail an increase in time series variance which in turn is
expected to affect, amongst others, the uncertainty about the solvency capital
requirements in a pension fund or insurance institution. However, if outliers in the
actuarial time series data reflect events in the real world that occur or repeat
themselves very rarely (e.g. the Spanish influenza of 1917, world wars etc), then it
may be possible to improve the quality of forecasts by properly controlling for their
influence. A similar fact that exists nowadays, could prove to be the Covid-19 with
the increasing number of deaths due to this pandemic. In a possible future study of
mortality rates, we need to consider the existence of the pandemic and its impact on
mortality in order to possibly achieve a more accurate and qualitative prediction.

However, despite the importance of point, as well as of interval forecasts, on actuarial
time series, in particular on mortality rates, the possible existence and character of
variance instability and outliers, their importance and influence on such forecasts, and
the possible implications for actuarial models’ performance have not been
systematically studied thus far. This is indeed the scope of this work. To this end, the
RWD model will be used as a benchmark. Furthermore, stochastic models will be
employed with and without preadjustments in order to assess the effect of the later on
the quality of forecasts. The intention is clearly towards a practical approach.

The manuscript is structured as follows: in section 2 we briefly discuss the statistical
treatment of variance non-stationarity and outliers in conjunction with an ARIMA
model. In section 3 we describe the data and the software to be employed. In section 4
we present and comment upon our results. In section 5 we summarize and conclude.

2. STATSTICAL PREADJUSTMENTS

By and large, statistical preadjustments for time series modelling comprise: (i) data
transformation; (ii) data linearization. When variance is non-stationary the principal
problem is the misspecification of the ARIMA model and, in sequence the possibly
false identification of the various types of outliers. However, if variance is somehow
functionally related to the mean level it is possible to select a transformation to
stabilize the variance. Widely used transformations to tackle this problem belong to
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the class of the power Box and Cox transformation (Box and Cox, 1964). For
example, very often used transformations are given by:

A_.

-1,

L —ifA#0

F(zo) = [ ) } (1)
Inz,if A=10

After the examination for a data transformation of the original data, time series itself

or some variance stabilizing transformation of it, is “linearized” according to the

general framework (Kaiser and Maraval (2001)):
ye =wib+Cin+ Z?:i a;u;(B)I.(t;) + x, (2)

Where: y, = f(z,),f is some transformation of the raw series z;, which may be
necessary to stabilize the variance;

b= (by,..., b,)is avector of regression coefficients;

w! = (wy,, .., w,.) denotes n regression or intervention variables;

€. denotes the matrix with columns possible calendar effect variables (e.g. trading
day) and n the vector of associated coefficients;

I,{tj} is an indicator variable for the possible presence of an outlier at period t;;

u ;(B) captures the transmission of the j-th effect and «; denotes the coefficient of the
outlier in the multiple regression model with m outliers;

x, follows in general a multiplicative seasonal ARIMA(p,d,q) model:

@(B)Vx, = 8(B)e, (3)
where:
e ¢(B)=1—¢,B—...—¢,B" is the so-called autoregressive polynomial of
order p;
e 6(B)=1—8&B—...—6,B7 is the so—called moving average polynomial of
order q;

e 74 =(1- EB)%is the arithmetic difference operator of order d;

e =, isthe stochastic disturbance.

In our case, seasonality is out of context, as annual data will be used. Hence, a non-
seasonal ARIMA model will be sought for. Moreover, b,...,b,, aswell as Clnin
equation (2) will all be set equal to zero.

3. DATA AND SOFTWARE-COMPUTATIONAL DETAILS

In this work, we use the HS multiple-component stochastic mortality model in order
to model the mortality dynamics. By utilizing mortality models, we estimate the death
rates and, in turn, the mortality trends in terms of time series, which reveal the
behaviour of mortality over time. In the family of age-period-cohort stochastic
mortality models the dynamics of mortality are driven by the period and the cohort
indices. The data used, in order to estimate the time series of the period and cohort
indices, consist of the number of deaths, D.., and the corresponding central
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exposures to risk, E, .., which are defined in rectangular arrangement (, x) over a unit
range of individual calendar years t (t4, ..., t,;), and individual ages, x, last birthday
(x4, ..., x,). Thus, we calculate the crude (unsmoothed) central death rate for any age
x and calendar year t as m,, = D,./E.,. E.. is usually approximated by an
estimate of the population aged x last birthday in the middle of the calendar year t or
by an estimate of the average population aged x last birthday of the beginning and the
end of the calendar year t. We model the number of deaths as independent Poisson
realizations; that is, D, . follow Poisson distribution with mean E; , - m, . (Brillinger
(1986), Brouhns et al. (2002)).

Hatzopoulos and Sagianou (2020) proposed a dynamic multiple-component model
that includes &; age-period and &, age-cohort effects. The HS model can be
represented by the following generic formula:

log(mtx) = a, —I—ZI L JE_I} (@) _|_E CU] U] (4)

The term a,, reflects the main age profile of mortality by age, ,GJ[_,"] and ﬁ;m represent
the age effect for each period and cohort component, respectively. The terms x"”

reflect period-related effects and determine the mortality trend. The terms }!U}
represent the cohort-related effects, where ¢ = ¢ — x. The parameters &; (>=1) and d-
(>=0) are indices for the number of period and cohort components included in the
model structure, respectively. The number of period and cohort components vary
depending on the experimental dataset, i.e., the intrinsic mortality peculiarities of the
examined population in a given time frame. For the England and Wales dataset, for
the period 1841-2006, &, =5 and &, = 2 and for the period 1961-2006, &; = 4 and &,
= 1. For full details of the estimation methodology, see Hatzopoulos and Sagianou
(2020).

Therefore, these « values must be projected. These period indices xf” reveal the
mortality trends of unique age clusters and can be used by a time series analysis
technique in order to forecast future mortality trends.

In this spirit, the approach adopted in this paper is the traditional two-stage process:
firstly, we fit the stochastic mortality model in order to estimate k values (see
Hatzopoulos and Sagianou (2020)) and then we fit a projection model to the estimated
k values for forecasting.

Therefore, considering the aforementioned and according to Hatzopoulos and
Sagianou (2020) results, the dataset for the time series analysis consists of nine
annual time series of period indices xi” for England and Wales dataset, of which five
are “long” time series, while four are “short” time series. The long time series data
cover the period from 1841 to 2016 and consist of one hundred and seventy-six (176)
observations. The short time series cover the period from 1961 to 2016 (55
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observations). The graphical representations of the nine time series are shown in the
Appendix.

To assess the effect of statistical preadjustments on forecasts two statistical software
approaches will be employed, namely the AUTOARIMA command and its extensions
of the well-known programming software “R” and the module TRAMO of the TSW
statistical package. TSW stands for TRAMO-SEATS for Windows, a Windows
version of the DOS programmes TRAMO (Time Series Regression with ARIMA
Noise, Missing Observations and Outliers) and SEATS (Signal Extraction in ARIMA
Time Series), and it is a software for applied time series analysis specializing,
amongst others, on time series preadjustments, ARIMA modelling, model-based
seasonal adjustment, and forecasting (Gomez and Maravall, 1996). TSW routines are
also incorporated in other widely used econometric software products such as
EVIEWS.

The AUTOARIMA command of “R” allows for the automatic selection of an
ARIMA model. Moreover, forecasts based on the selected model may be obtained.
On the other hand, TRAMO pre-tests for time series transformation to tackle with
variance non-stationarity. Moreover, it offers several options for the treatment of
outliers within the frames of the more general preadjustment procedure known as
“linearization”. However, transformation-wise, TSW allows for the logarithmic
transformation as the only option. For this reason and for a wider selection of
transformations (e.g., the square root transformation) the statistical approach and
recommendations suggested by Milionis will also be used (Milionis, (2003); Milionis,
2004; Milionis and Galanopoulos, 2019). It is further noted that TSW identifies three
types of outliers utilizing the Chen and Liu (1993) computational approach. These
three types of outliers are discriminated according to their effect in a time series as
follows: 1) Additive Outliers (AO), which affect only a single observation of time
series, ii) Transitory Changes (TC), in which the effect of one observation that is
extremely high or low is not extinguished in the next observations but damps out
gradually over a few periods, iii) Level Shifts (LS), which reflect a major change in
the stochastic process and have a permanent effect as all observations subsequent to
the outlier move to a new level. Outlier parameters are estimated together with the
ARIMA parameters using maximum likelihood estimation. An observation is
considered as an outlier according to the critical value of the appropriate statistic =
(see Gomez and Maravall, 1996, Milionis and Galanopoulos, 2020 for details). As
theory cannot predict the critical value of z, a usual practice is to relate the critical
value of 7 to the length of a time series (Fischer and Planas, 2000). In the present
study the default options of TSW for the identification of outliers will be used.

4. RESULTS AND DISCUSSION
4.1 Data transformation

Firstly, it is important to note that the effect of a transformation is meant both in a
direct and an indirect way. The direct way is self-explanatory and refers to the
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transformation itself. The indirect way refers to the influence of the transformation on
outlier detection. Indeed, regarding the later, it has been shown that data
transformation affects the number and the character of outliers in a time series
(Milionis, 2004; Milionis and Galanopoulos, 2019).

Table 1 presents the results on the decision about, transforming or not, the original
time series data using both TSW and Milionis approaches. From the analysis of the
nine time series examined, both methodologies suggest no transformation of the
original data in seven cases. In two cases time series need to be transformed. Both
methodologies suggest the log transformation.

Table 1. Decision about data transformation

Time series TSW Milionis (2004)
E&W L.KT1 Levels Levels
E&W L.KT2 Levels Levels
E&W L.KT3 Logs Logs
E&W L.KT4 Logs Logs
E&W L.KT5 Levels Levels
E&W S.KT1 Levels Levels
E&W S.KT2 Levels Levels
E&W S.KT3 Levels Levels
E&W S.KT4 Levels Levels

For further analysis on statistical forecasting three different approaches will be
examined. More specifically, these three approaches are the following: (a) Forecasts
based on the random walk with drift model, which, for simplicity, is a widely used
model in relevant actuarial studies, as already mentioned, and will be used as a
benchmark; (b) Forecasts using the automatic selection and forecasting procedure of
the programming software “R”, specifically the “AUTOARIMA” command, as in
Hatzopoulos and Sagianou (2020); (c) Forecasts based on ARIMA models after
statistical preadjustments. The later implies Variance Reduction and will be called
“VR” forecasts henceforth.

Table 2 shows the type of ARIMA models of methodologies (b) and (c). It is noted
that the differences in the ARIMA models for those time series where no
transformation was needed, should be attributed to the existence of outliers adjusted
by linearization, the absence or presence of a drift, and possible differences in the
algorithms of software (R and TSW).

It should be remarked that in the results of Table 2 there are only two cases with
AUTOARIMA and three cases with VP where a statistically significant drift was
found. The absence of a drift, which is atypical for such kind of actuarial series,
obviously weakens the forecasting capacity especially for long term forecasting.
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Table 2. ARIMA models

Time series “Autoarima” VR
E&W L.KT1 (0,1,0) 0,1,1)
WITH MEAN WITH MEAN
E&W L.KT2 0,1,3) (3,1,0)
WITH MEAN WITHOUT MEAN
E&W L.KT3 (3,0,0) (0,1,0)
WITHOUT MEAN | WITHOUT MEAN
E&W L.KT4 (1,0,3) 0,1,1)
WITHOUT MEAN | WITHOUT MEAN
E&W L.KT5 11,4 (1,2,1)
WITHOUT MEAN | WITHOUT MEAN
E&W S.KT1 0,2,2) (1,1,0)
WITHOUT MEAN WITH MEAN
E&W S.KT2 (0,1,0) (0,1,0)
WITHOUT MEAN | WITHOUT MEAN
E&W S.KT3 (0,1,0) (0,1,0)
WITHOUT MEAN | WITHOUT MEAN
E&W S.KT4 (0,1,0) (1,0,0)
WITHOUT MEAN WITH MEAN

4.2 The effect of “Linearization”

Outliers are major changes in values that stand out in time series. Inspecting visually
the time series included in our dataset (E&W L.KT3 and E&W L.KT4 in natural
logarithms), it is obvious that in some cases the increased variance can be attributed
to outliers. TSW was used (in default options) to identify outliers in all time series.

The type of outlier and the order of observation in which they appear are presented in
Table 3. The first number refers to the order of observation followed by the type of
outlier. By way of an example 9 AO in E&W L.KT1 time series (see first row of the
Table 3) shows that the order (9) of the observations (years) of detected outlier is the
year 1849, as the initial observation is the year 1841, and the type of outlier (AO) is
Additive Outlier.

4.3 The combined effect of Data Transformation and Linearization

To evaluate the combined effect of data transformation and linearization on the
quality of point forecasts some typical statistics will be used. Firstly, the Mean Square
Forecast Error (MSFE) which measures the average squared difference between the
forecasting
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Table 3. Detected outliers and their type

Time series Temporal Position and Type of outliers
E&W L.KT1 9AO,74LS,75LS,78 TC, 79 LS, 100 LS, 106 LS
E&W L.KT2 80 LS, 100 AO

74 LS, 79 LS, 80 LS, 89 AO, 100 LS, 102 LS, 106 LS, 111
E&W L.KT3 LS, 113TC, 116 TC, 118 AO, 124 TC, 128 TC, 130 TC, 133
LS

E&W L.KT4 9TC,18 A0, 74 LS, 79 LS, 88 AO, 95 AO, 100 LS, 106 LS
9A0,18 A0,23TC,50TC, 74 TC, 77 TC, 78 AO, 104

E&W L.KT5 AO, 157 AO

E&W S.KT1 NO OUTLIERS DETECTED
E&W S.KT2 NO OUTLIERS DETECTED
E&W S.KT3 37 AO

E&W S.KT4 NO OUTLIERS DETECTED

values (F,) and the actual values (4,), i.e. MSFE = %E?zl(ﬂt — F)?. It is well

known that optimal forecasts are those with the minimum MSFE (Hamilton, 1994).
Auxiliary the following statistics will also be used:
i) the Mean Absolute Percentage Error (MAPE) statistic given by:
100% wy |4t Fp
MAPE = iy [P and
n At
ii) the Mean Absolute Error (MAE) statistic given by:
1
MAE =;Z?=1|At _Ftl-

Furthermore, as far as interval forecasts are concerned, the forecast standard error will
be utilized.

In addition, the Akaike Information Criterion (AIC) will be used as a probabilistic
statistical measure that attempts to quantify the model performance on the training
dataset in conjunction with the complexity of the model.

Best forecast will obviously be perceived the one with the minimum value of the each
time utilized statistic from the ones mentioned above.

Table 4 presents the number of best forecasts, in terms of minimization of the
corresponding statistic, when VR model is compared with the RWD model (Table is
read as follows: for each statistic, in the second and third column the cases with the
minimum value of the statistic (i.e., the best forecasts) out of the total number of
cases (i.e. the nine time series of the dataset) are presented).

From these results it is apparent that forecasts are better in every single case in terms
of the width of the forecast confidence interval with VR methodology. Also, VR
methodology is superior based on the minimum value of the Akaike information
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criterion. Point forecasts with VR methodology are slightly better in terms of all three
statistics (MSFE, MAPE, MAE).

Table 4. Summary table - Number of best forecasts (VR versus RWD)

Point Forecasts RWD VR
MSFE 3/9 6/9
MAPE 4/9 5/9
MAE 3/9 6/9

AIC 1/9 8/9
Interval Forecasts RWD VR
Forecast Standard 0/9 9/9

Error (SE)

The results of the examination of the forecasting performance between VR
methodology and “Autoarima” are presented in Table 5.

Table 5. Summary table - Number of best forecasts (VR versus “Autoarima’)

Point Forecasts “Autoarima” with VR
further analysis in TSW
MSFE 3/9 6/9
MAPE 4/9 5/9
MAE 3/9 6/9
AIC 2.5/9 6.5/9
Interval Forecasts “Autoarima” with VR
analysis further in TSW
Forecast Standard Error 1.5/9 7.5/9
(SE)

Table 5 is read in the same manner as Table 4, explaining further that when the
calculated values of a statistic are found to be equal, then the arithmetic value 0.5 is
assigned in both methodologies. For instance, the AIC values 2.5/9 and 6.5/9 of the
fourth row of the Table 5 indicate that in two out of the nine time series the
corresponding statistic value is minimum with the AUTOARIMA methodology, in
six out of the nine time series the corresponding statistic value is minimum with TSW
methodology, and in one time series the estimated statistic value is equal in both
methodologies.

From the results of Table 5 it is seen that the VR methodology outperforms
“Autoarima” in terms of the interval forecasts and is better in terms of the Akaike
information criterion. However, point forecasts with the VR methodology are only
slightly better in terms of the three statistics (MSFE, MAE and MAPE).
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4.4 An Ad-Hoc Evaluation of the overall Models’ Forecasting Performance

The skill of a forecast can be assessed by comparing the relative proximity of both the
forecast and a benchmark to the observations. The presence of a benchmark makes it
easier to compare approaches and for this reason a benchmark is proposed to establish
a common ground for comparison. In the present case an obvious benchmark is the
Random Walk Model with Drift (RWD) as already mentioned.

A crude, yet very simple and transparent ad-hoc forecasting evaluation for both point
and interval forecasts will be used. More specifically, for the point forecasts for each
time series and for each model an arithmetic value is assigned in ascending order
based on the corresponding value of the MSFE statistic (i.e., 1 for the best (minimum)
MSFE value, 2 for the second best MSFE value, 3 for the worst (maximum) MSFE
value). Then, adding up the arithmetic values for all series for a particular model their
sum will represent the performance of the model. Models will be ranked according to
the value of the corresponding sum. Apparently, the model with the lowest sum will
be considered as the best one. For interval forecasts the same procedure will be
followed replacing the value of the MSFE statistic with the value of the
corresponding standard error around point forecasts. The results are presented in
Tables 6 and 7.

Table 6. Ranking of forecasting performance according to MSFE (points forecasts)

Time series RWD “Autoarima” VR
E&W L.KT1 15 15 3
E&W L.KT2 1 3 2
E&W L.KT3 2 3 1
E&W L.KT4 2 3 1
E&W L.KT5 2 3 1
E&W S.KT1 3 1 2
E&W S.KT2 1 2.5 2.5
E&W S.KT3 3 15 15
E&W S.KT4 2 3 1
Total 175 215 15

From the results of Tables 6 it is evident that the performance of VR methodology for
point forecast is better than that of RWD model and “Autoarima”. It is noteworthy
that the RWD model outperforms the “Autoarima” one.

As far as interval forecasts are concerned, the results of Table 7 show that the VR
methodology has a clearly better performance than RWD model and “Autoarima”. In
this case “Autoarima” clearly outperforms RWD model.

It is worthy to present some representative cases in more detail. This is done with the
aid of Figure 1. More specifically, the left figure refers to the case of series in which
the VR methodology deploys its full strength, as the series not only is log-
transformed
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Table 7. Ranking of forecasting performance according to SE (intervals forecasts)

Time series RWD “Autoarima” VR
E&W L.KT1 2.5 2.5 1
E&W L.KT2 3 2 1
E&W L.KT3 3 2 1
E&W L.KT4 3 2 1
E&W L.KT5 3 2 1
E&W S.KT1 3 1 2
E&W S.KT2 3 15 15
E&W S.KT3 3 2 1
E&W S.KT4 3 2 1
Total 26.5 17 10.5

but also there exist several outliers (see Table 3). As is evident from left figure, with
the method of VR there is a substantial reduction in forecasts confidence interval and
a clear improvement in point forecasts.

Figure 1. Forecasts and Confidence intervals with both methods for the series
E&W L.KT3 and E&W S.KT3

Long term forecasts series
for EE&W L. KT3 series

Long term forecasts for
E&W S. KT3 series

0.6

0.4
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Q
Q N

O 4t od fd 3 o4 o4 ed o4 e o8 L I I I = B R i I B B B ]

VR VR

— Autoarnima — A uto@rima
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VR point estimates — R point forecas ts

— Autoarima point estimates — A utoarima point forecasts
— Real values — Real values

The right figure shows the point, as well as the interval forecasts, for the series E&W
S.KT3. As presented in Table 2 the stochastic model with both methods is a simple
random walk without drift. Therefore, both methods give exactly the same point
forecasts, which are actually trivial, as they are all equal to the last observation.
However, as presented in Table 3, an additive outlier is detected in the 37th
observation with the VR method. Even in this case, forecasts quality is improved with
the VR methodology. It is exactly due to the detected outlier that the forecast
confidence interval is reduced with the VR method. As explained, this reduction is
very important in actuarial science.
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5. SUMMARY AND CONCLUSIONS

In this work we examined the effect of statistical preadjustments (data transformation
and linearization) on the quality of time series forecasts of mortality rate data. It was
found that there is a substantial improvement in interval forecasts which on average
are shortened by approximately 35.4% when comparing VR and RWD and 20.4%
when comparing VR and “Autoarima” (detailed results are not presented but are
available by the authors on request). Moreover, there was a less clear improvement in
point forecasts.

The above statistical findings have important implication for the actuarial science.
More specifically, the improvement in interval forecasts can significantly affect the
Solvency Capital Requirement, and subsequently the Solvency Ratio for a pension
fund. Such an improvement might put some pension providers at a competitive
advantage as they have less capital locked in their liabilities.

As a prospect for further research, we intend to explore the effect of statistical
preadjustments to the financial impact on Solvency Capital Requirement, under
different model structures and forecast methods. As has been noted previously, the
most useful tool for investigating uncertainty over longevity risk is a stochastic
mortality projection model. Since, there is a wide choice of such models in the
literature, the choice of model can lead to material changes in the best-estimate
reserves, while even within a model family there can be major differences (Richards
& Currie 2009). For those models we aim to study the uncertainty over future
mortality rates, which is measured as the variance of the mortality forecast values. In
particular, we will investigate their respective contributions to the capital
requirements for longevity trend risk. Our investigation will be based on the
Hatzopoulos and Sagianou (2020) model, but the basic conclusions will apply to any
model which uses time-series methods to project a mortality index. We will also
quantify the respective contributions to capital requirements using VaR calculations.

HHEPIAHYH

H axpipic mpoPreyn pubudv Bvnopodmrog mailer kabopiotikd poAo otn dloyeipion Tov
KwvoHvou pokpolmiog, eVog €K TOV CNUAVTIKOTEP®V KIVOOV®OV GTOV OVOAOYIOTIKO KAGSO. XT0
POV, LEAETATAL APEVOG M ETIOPACT) TNG «YPUUUIKOTOINGNG XPOVOGEP®Y, OTOV VOICTAVTOL
otieg mov  STOPACooOVY TN GTOYOOTIKY  OdIKOGT0, KOl  OPETEPOV  EVOEXOUEVOV
HETACYNUOTICUOV TOV  OPYIKOV YPOVOGEPDOV, OTNV TOdTNTO TPOPAETOUEVOY  pLOUDY
Ovnowdmrag. O ypovooelpéc mov eEetalovtan givar ot deikteg «mepldodovy (period indices)
OV ATOKOADTTOVV TNV Tdomn BvnodTTog ota dedopéva AyyAlag-Ovariog. Amd To EUTEPIKA
OTOTEAEGOTO. TPOKVTTEL OPlokn) Hev Pedtioon oTlg onpelokés TPoPAEYElS, aALE GOE®OG
onuovTikdtepn Pertimon oto SACTNHO EUTIGTOCHVIG TOV TPOPAEYE®VY. TNV Tpa&n, avti 1
Beltiomon Tov SOCTANATOG EUMIGTOCUVIG TV TPoPAéyenv umopel va emavakabopicel Tig
KEQOAQLOKEG OALTIOELG PEPEYYLOTNTAG, KOTO GUVETELD TO GUVIEAESTH (QEPEYYVOTNTOG EVOG
oLVTaE000TIKOD TaEIOL, SIVOVTOG OVIOYWOVIOTIKO TAEOVEKTNIO OF TOPOYOVS GLVTAEE®YV,
KkaOd¢ amatteitar 1 décpeVoT LIKPOTEP®Y KEPAAAIMV Y10 TO AmOOEUATIKO.
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ABSTRACT

In the analysis of multivariate time series, different methods have been developed for the
estimation of causal relationships among the observed variables. A subcategory of these
methods employs dimension reduction to estimate direct causal effects, used to determine the
connections of the complex network that forms the structure of the underlying dynamical
system or stochastic process. The partial conditional mutual information from mixed
embedding (PMIME) using conditional mutual information (CMI) implements such an
approach and is found to be appropriate for direct causality estimation from continuous-valued
time series. In this study, the interest is in discrete-valued multivariate time series, and we
adapt appropriately the PMIME, called discrete PMIME (DPMIME). Appropriate estimation
of discrete probability distributions and CMI for discrete variables is implemented in
DPMIME. Further, asymptotic distribution of the estimated CMI is derived allowing for a
parametric significance test for CMI in DPMIME, whereas in PMIME there is only
resampling significance test for CMI. The parametric significance test for CMI in the
progressive algorithm of DPMIME is compared favorably to the corresponding resampling
significance test. Monte Carlo simulations on multivariate symbol sequences derived by
discretization of continuous-valued multivariate time series showed that the accuracy of
DPMIME in the estimation of direct causality converges with the time series length to the
accuracy of PMIME.

Keywords: Granger causality, conditional mutual information, mixed embedding, discrete-
valued time series, symbol sequences

1. INTRODUCTION

The estimation of interaction of observed variables in multivariate time series,
termed as Granger causality (Granger 1969), has turned out to a challenging and yet
prominent research topic in many domains of science and engineering. Granger
causality has a dominant role for the identification of directional interactions among
the observed variables on the basis solely on their time series data and it has been in
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the focus in diverse fields ranging from economics (Billio et al 2012) and climatology
(Dijkstra et al 2019) to physiology and neuroscience (Porta and Faes 2016).

Granger causality is related to the study of complex systems (Fieguth 2017,
Thurner et al 2018), where each observable represents a constituent subsystem and
corresponds to a node of the complex network, and the directed connection between
the nodes is given by the estimated Granger causality (Newman 2010, Kirchgassner et
al 2013). To-date the study of Granger causality estimation regards complex systems
observed by multivariate continuous-valued time series. The main contribution of this
work is to extent the study of Granger causality estimation to multivariate discrete-
valued time series. Any type of discrete-valued time series can be considered (e.g.,
binary, categorical, count etc.) because the method relies on information measures on
symbol data, and thus, there is no requirement on scale or order of the data. Further,
we assume that the set of discrete values S has a relatively small cardinality (time
series of few distinct values), so that the underlying Markov chain can be assumed
irreducible, i.e., there is a positive transition probability from any symbol i of S to any
symbol j of S in finite number of steps, and subsequently stationary (Weiss 2018).

Moreover, it extends the setting of bivariate or trivariate time series to
multivariate time series where the curse of dimensionality affects the estimation of
direct Granger causality. By direct Granger causality is meant the direct causal effect
one observed variable (representing possibly a subsystem) has on another variable (or
subsystem) accounting for the presence of the other observed variables (or
subsystems).

In the analysis of discrete-valued multivariate time series, there have been
developed probability distribution models based on strong assumptions about the
structure of the underlying system, typically assumed to be a multivariate Markov
chain. Most prominent are the Poisson distribution (Fokianos et al 2009, Neumann
2011) and negative binomial distribution (Davis and Wu 2009, Christou and Fokianos
2015). In the category of autoregressive models, in analogy to the vector
autoregressive models for continuous-valued time series, there are two prominent
model approximations, the Pegram’s autoregressive models (Song et al 2013, Angers
et al 2017) and the multivariate integer-valued autoregressive models (MINAR)
(Pedeli and Karlis 2013, Scotto et al 2015). These classes of models can only be used
when the dimension K of the multivariate time series, i.e. the number of observed
variables, is relatively small, simply because the probability distribution estimation
requires exponentially larger length of time series N with the increase of K, which
cannot be met in real-world applications. Another important factor that worsens the
effect of curse of dimensionality is the memory of the system, i.e. the order L of the
Markov chain. One approach to reduce the dimension of the parameter space is done
by the mixture transition distribution (MTD) (Raftery, 1985), which restricts the
initially large number of parameters assuming that there is only an effect of each of
the L lag variables separately (Ching eta al 2004, Ching et al 2008, Nicolau 2014,
Zhou 2017, Tank et al 2017).

Here, we follow a model-free approach and instead of attempting to build up a
model for the underlying system from the discrete-valued multivariate time series, we
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estimate the interactions of the lagged variables using information theory measures,
mutual information (MI) and conditional mutual information (CMI), developing a
method for estimating the connectivity structure of the underlying system. Recently,
we have worked this approach for continuous-valued multivariate time series, termed
partial mutual information from mixed embedding (PMIME) (Vlachos and
Kugiumtzis 2010, Kugiumtzis 2013). We name the adaptation of this approach to the
discrete-valued multivariate time series as discrete partial mutual information from
mixed embedding (DPMIME).

The basic idea in PMIME and DPMIME is as follows. In the general setting, we
want to explain the future of an observed variable Y (response) from the presence and
past up to a lag L of all the K observed variables. Even for moderate L and K it is hard
to estimate the direct causal effect of the lag variables, especially when instead of
linear correlation measures, information theory measures are used. The proposed
algorithm, DPMIME in our case of the discrete-valued setting, finds a subset of the
most relevant lag variables to the future of Y with cardinality much lower than LK, the
number of all candidate lag variables. To evaluate whether one variable X Granger
causes Y, we simply compute the (normalized) information of the lag components of
X found in this subset to the future of Y. This constitutes the DPMIME measure of
Granger causality from X to Y. If there are no lag components of X in the subset the
DPMIME is zero.

The structure of the paper is as follows. First, in Section 2, we present the
proposed measure of DPMIME and a parametric and randomization significance test
used as termination criterion in the building of the subset of relevant lag components.
In Section 3, we assess the efficiency of the DPMIME with the randomization and
parametric test and compare them with PMIME for the continuous-valued time series.
Finally, in section 4, the results are discussed, and the main conclusions are drawn.

2. DISCRETE PARTIAL MUTUAL INFORMATION ON MIXED
EMBEDDING

The measure of discrete partial mutual information on mixed embedding
(DPMIME) is similarly defined to the partial mutual information on mixed
embedding (PMIME), but while PMIME is designed for continuous-valued time
series the DPMIME is designed for discrete-valued time series. Thus, DPMIME
inherits the main properties of PMIME. It is an information-based measure, and thus
nonlinear and parameter-free, and by selecting only the most relevant lag variables for
explaining the response it addresses the curse of dimensionality and therefore it can
be reliably applied to time series of many variables (Kugiumtzis, 2013).

2.1 ITERATIVE ALGORITHM FOR THE COMPUTATION OF DPMIME
Let {Xl,t’xz,t""’XK,t}’ t=12,...,n, be the observations of a multivariate

stochastic process {let,Xz,t,...,XK't} and denote the quantity (variable) each

process {Xi’t} refers to as X, for simplicity, whereas when the variable of the
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process is given with respect to time t, it is denoted X, . The stochastic process is

typically a multivariate Markov chain. The discrete variables can be nominal or
ordinal and for convenience hereafter we refer to the data as multivariate symbol
sequence.

We are interested in defining a measure for the direct causality from X to Y,
where X and Y are any of the K observed discrete variables. For a sufficiently large

maximum lag L, we formulate the set W, of candidate lag variables that may have
information explaining the response Y at one time ahead, Y,,;. The set W, has KL
T i1=1...,K, r=0,...,L-1. The algorithrm DPMIME aims to
build up progressively a so-called mixed embedding vector, i.e., a subset w, of W,

components, X

of the most informative lag variables explaining Y,,, .
In the first step, the first lag variable to enter w, is the one that maximizes the
MI with Y,

t+17
w, = arg max I (Y,,; W) @
w, W,
and w, :Wf =[w,] (the superscript denotes the iteration, i.e., the cardinality of the

set). The MI for two variables X and Y (with regard to (1) X is Y,,; and Y is W,)

defined in terms of entropy and probability mass functions (pmfs) as (Cover and
Thomas, 1991)
Pxy (X%, Y)

I(X;Y)=H(X)+H()-H(X,Y)=)> p,,(X,y)log———"—,
XZ,y: . Px () Py (Y)
where H(X) is the entropy of X, the sum is over all values of x and y of X and Y,

Py v (X, y) is the joint pmf of (X, Y) and py (X) is the pmf of X. The pmfs are

estimated by the maximum likelihood estimate of the probabilities of each value or
pair of values given simply by the relative frequency of occurrence in the sample (the
multivariate symbol sequence).

In the subsequent steps, the conditional mutual information (CMI) instead of the

MI is used to find the new component to enter w, , where CMI is defined as MI but
now conditioning on the components already in w,, as explained below. Suppose
that at step j, the j most relevant lag variables to Y, are found and set in w, =Wtj .
The next candidate component in W, \Wtj (the KL components except the j
components already selected) is the one that maximizes the CMI to Y,,,, i.e., the Ml
of the candidate W, and Y,,, conditioned on the components in w/

w;, =argmax (Y, w, [w/). 2

w, €W, \w)
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The CMI for two variables X and Y given a third variable Z (with regard to (2) X is

Y., Yis w, and Z is w/) is defined in terms of entropy and pmfs as (Cover and

Thomas, 1991)
I(X;Y|Z):—H(X,Y,Z)+H(X,Z)+H(Y,Z)—H(Z)

X, Y,Z z
= Z Pxv.z (x,y,2)log pX’Y’Z( 4 )pZ( ) .
X.y.2 Pxz (X,2) Py 2 (Y, 2)
As for the MlI, the pmfs are estimated by the maximum likelihood estimate of the
probabilities of each value, pair of values or triple of values given by the relative
frequency of occurrence in the multivariate symbol sequence. Note, however, that for
the computation of CMI, the relative frequencies of words of length larger than two
have to be computed (the length depends on the size of Z), which complicates the
estimating procedure.

At each step, when the lag variable is selected, using (1) for the first step and (2)
for the subsequent steps, a significance test is run for the Ml in (1) or the CMI in (2).
The significance test is performed assuming a known asymptotic null distribution of
the test statistic (parametric test) and by forming it empirically using resampling
(randomization test), and these two tests are presented in detail later in this Section. If
the null hypothesis is rejected the selected component is added to the mixed

embedding vector W, . For the step j+1, where w,, is found in (2), if the CMI
(Y Wiy |w/) is found statistically significant by the parametric or resampling
test the w, is augmented as Wt:Wtj”:[Wtj,wm].Otherwise, there is no
significant lag variable to add to the mixed embedding vector and the algorithm
terminates giving the mixed embedding vector w, =w/'.

The components of the mixed embedding vector w, obtained upon termination
of the algorithm are grouped in lag variables of the driving variable X, th, the

response variable Y, WtY, and all other K-2 variables, Wtz,

expressed as
w, =[w,w},wi]. If w is empty, i.e. no lag variable X, . has information to
explain Y., in view of the other lag variables, there is no direct causality from X to Y.

Otherwise, we quantify the direct causality from X to Y as the proportion of the
information of Y,,, explained by the lag variables of X. The measure DPMIME is thus
defined as
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0 w =

DPMIME, , =1 I (Yo [w) w7 ) otherwise ©
1 (Yeisw,)

t+17

In the following, we present the resampling test and the parametric test for the
significance of the CMI of the response Y, , and the selected component w;,, given

the components already selected in w/, I(Y,;;W,,; |W/).

2.2 RANDOMIZATION TEST FOR THE SIGNIFICANCE OF CMI
Let us first denote I(.) the theoretical information measure (MI or CMI) and I(.) its
estimate. First, we suppose that there is no asymptotic distribution of the estimate

| (Y,,1;W,,, W) under the null hypothesis Ho: I(Y,,,;W;,, | W) =0. We follow the

procedure for the randomization test for the significance of CMI on univariate symbol
sequences, as proposed in Papapetrou and Kugiumtzis (2013). The empirical

distribution of I(Y,,,;w,,, | w/) is formed by resampling on the initial sample of the

variables ', and Wtj, as follows. The resampling is actually applied only to

t+1? J+l
. To retain both the marginal distribution and intra-dependence (autocorrelation)

ofW

;.2 and destroy any inter-dependence on Y., and w , we shift cyclically the

symbol sequence of w. . by a random step k. Thus, for the original symbol sequence

j+1
W11, W0 5,-0s W,y 3 OF W, one randomized (surrogate) symbol sequence for
the random step k is
1 1 *1
{Wj+1,1’Wj+1,2"‘"Wj+1,n}={Wj+l,k+l"“’Wj+l,n’Wj+1,1""’Wj+1,k}'
We derive a number M of such randomized symbol sequences and compute for each
of them the corresponding CMI 1 (Y,,,;W,,; |W/) under the Ho, denoted

I(t+1’ j+1|W)I(Yt+l’ J+1|W) I(t+1’ j+1|W)
These M values form the empirical null distribution of 1(Y,,,;w;,, |w}). The Ho is

rejected if 1(Y,,;;W,;,, |w/) on the original data is at the right tail of the empirical
null distribution. To assess this we use rank ordering, where r° is the rank of
(Y, Wi, A ) in the ordered list of the M+1 values, assuming ascending order.

The p-value of the one-sided test is 1—(r° —0.326)/(M +1+0.348) (using the
correction in Yu and Huang (2001)). The resampling test is denoted as DPMIMEtrt.
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2.3 PARAMETRIC TEST FOR THE SIGNIFICANCE OF CMI

The randomization test for the significance of CMI is considered to be the most
rigorous test considering the lack of established results for an appropriate parametric
null distribution. However, entropy and MI are well studied quantities and there is
rich literature about the statistical properties and distribution of their estimates. In
Papapetrou and Kugiumtzis (2014), the most prominent of these parametric
distribution approximations are worked out for CMI under Ho, namely the Gaussian
and Gamma distributions. For the Gamma null distribution, following the work in
Goebel et al (2005), it turns out that I{X,¥) follows approximately the Gamma
distribution

[(X,Y)~T (%(D —1)3,— )

ng in2
where ny is the length of future vector of response and D is the number of different
words of it.
Further, it follows that I{X, ¥ |Z) is also approximately Gamma distributed

. Dz, : _t
I(X,Y|Z) F(?{-D — (D - l}’ﬂf ET]E)

where n¢ is the length of future vector of response, D is the number of different words
of it and Dy is the number of different words of the selected lagged symbol sequence.

Replacing X to Y,,, Y to w;, and Z to w;, we derive the parametric

approximation for the distribution of I(Y,,;;w,, | w;/) and use it as null distribution

for the null hypothesis Ho: I(Y,;;W,,,|W/)=0. Given that it always holds

j+
1YWy, | w/) >0, the parametric test is one-sided. We compute the p-value from
the cumulative function of the null Gamma distribution of the
observed I (Y,,,;W,,; |[W/), and we reject Ho if the p-value is less than the nominal

significance level a = 0.05. The parametric test is denoted as DPMIMEpt.

2.4 STATISTICAL EVALUATION OF METHOD ACCURACY

For a system of K variables there are K(K-1) ordered pairs of variables to estimate
causality. In the simulations of known systems, we know the true coupling pairs and
thus we can compute performance indices to rate the causality measures as for their
overall matching of the original connections in the network. Here, we consider the
indices of specificity, sensitivity, Matthews correlation coefficient, F-measure and
Hamming distance.

The sensitivity is the proportion of the true causal effects (true positives, TP)
correctly identified as such, given as sens=TP/(TP+FN), where FN (false negatives)
denotes the number of pairs having true causal effects but have gone undetected. The
specificity is the proportion of the pairs correctly not identified as having causal
effects (true negatives, TN), given as spec=TN/(TN+FP), where FP (false positives)
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denotes the number of pairs found falsely to have causal effects. An ideal causality
measure would give values of sensitivity and specificity at one. To weigh sensitivity
and specificity collectively we consider the Matthews correlation coefficient (MCC)
(Matthews, 1975) which ranges from -1 to 1. If MCC=L1 there is perfect identification
of the pairs of true and no causality, if MCC=-1 there is total disagreement and pairs
of no causality are identified as pairs of causality and vice versa, whereas MCC at the
zero level indicates random assignment of pairs to causal and non-causal effects.

Similarly, we consider the F-measure that combines precision and sensitivity. The
precision, called also positive predictive value, is the number of detected true causal
effects divided by the total number of detected casual effects and the F-measure (FM)
ranges from 0 to 1. If FM=1 there is perfect identification of the pairs of true
causality, whereas if FM=0 no true coupling is detected.

The Hamming distance is the sum of false positives (FP) and false negatives
(FN). Thus, HD gets non-negative integer values bounded below by zero (perfect
identification) and above by K(K-1) if all pairs are misclassified.

3. SIMULATIONS
3.1 THE SIMULATION SETUP
In the simulation study, we compare the two versions of DPMIME to PMIME. We
considered three simulation systems of which two are nonlinear and one is a linear
stochastic process.
S1: The first system is the coupled Hénon map (Politi and Torcini ,1992) for
K=3 and defined as,

X1 =14—X7, +03X ., |
Xoeey = 14— (0.5C(Xy, + X3 ) + (1— C)X2,)2 +0.3X5,4
XE_.?"l'l - 1.4' - XE-'_.E' + G'BXE_.E'—].

The connectivity structure of S1 is shown in Figure 1 a).
S2: The first system is the coupled Hénon map (Politi and Torcini ,1992) for
K=5 and defined as,

Aee1 =14 Xf,r + 03X
Xoes1 = 14— (0.5C(Xy, + X3, )+ (1 — C)Xo,)? + 0.3X5,4
Xaee1 = 14— (0.5C(Xop + Xyp ) + (1 — C)X30)2 + 0.3X5,04
Xaesr = 14— (0.5C(Xa, + X5, ) + (1 — C)Xae)? + 03Xy g
XE,Hi =14- Xé}, + 0-3X5,r—1

The connectivity structure of S2 is shown in Figure 1 b).

In these systems the first and the last variable in the chain of K variable drive
their adjacent variable and the other variables drive the adjacent variable to their left
and right. The coupling strength C is set to 0.2.
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S3: A linear VAR(4) process on K=5 variables (Schelter et al, 2006) defined
as,

Kies1=04X, — 05X, + 04X5, + 81049
Xoes1 = 04X, — 03X, 53 +0.4X5, ) + 85,44
X3e41 =05K3, — 07X, 4 —03X5, o+ 8349
Xaps1 = 08Xy, o +04X, 4 +03X5, 4 +e4,49
Xoes1 =0TXg, —05Xg, ) — 04X, + 85,49

where the input errors &; .14, i=1,...,5, are uncorrelated, have unit variance and follow
the Gaussian distribution. The connectivity structure of S3 is shown in Figure 1 c).

Figure 1. The graphs of the connectivity structure of the simulated systems: (a) S1,

(b) S2 and (c) S3.
() (b) (c)
20 P -
. 3 :,.V/'z\ 3. / ‘%\\\
w1 (i Mg é)( 1
3 4L"\5 4 \_._lé/

We make 100 realizations for each system and for different time series length n.
For the discretization of the continuous-valued multivariate time series derived by the
above systems, we used two and four symbols (ns=2,4). For example, when ns=2, for
each time series the values above median are set to 0 and all other values are set to 1.
The respective procedure is applied when ns=4 but using the quartiles of time series.

3.2 AN ILLUSTRATIVE EXAMPLE FOR DISCRETE PMIME

The performance of DPMIME is first illustrated with a specific example, focusing
on the first two equations of system S1 for n=1024, L=5 and ns=2 using parametric
test for the significance (DPMIMEpt). Table 1 shows the frequency of the inclusion
of any of the 15 candidate lag terms with DPMIMEpt and PMIME in 100 Monte
Carlo realizations.

Table 1. Each cell presents the frequency of occurrence of the lag variable in the
mixed embedding vector for DPMIMEpt and PMIME where the response is the first
variable (columns 2 and 3) and the second variable (columns 4 and 5) of S1. The
frequency is calculated over 100 realizations and for n=1024, L=5 and ns=2.
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DPMIMEpt PMIME DPMIMEpt PMIME

Xy, 100 100 10 1
Xi:-1 100 100 80 99
Xie-1 100 0 8 1
Xy 3 100 0 4 0
Xyos 88 1 1 0
Ao 0 0 100 100
Xzp-1 0 0 98 100
Xat-2 0 0 83 21
Xzr-3 0 0 15 0
) S 1 0 12 0
R EP 0 0 13 5
Xas1 0 0 76 96
X3i-2 0 0 12 4
X33 0 0 5 0
Xz 0 0 3 0

According to the first equation of S1, the X, variable is affected by the terms X111
and Xit> which are found with 100% from both algorithms (DPMIMEpt and
PMIME), with the difference that in DPMIMEpt the terms Xits, X1t4 and Xis are
also selected with percentage, but since these lag terms are of the true causal variable
their detection by DPMIMEpt does not affect the estimation of causality. The lag
terms of the non-causal to X; variables have percentage at zero or one.

The X; variable depends on Xiy, X2, X211 and Xzt Both algorithms do not include
the lag term Xi: in the mixed embedding vector but Xi1 so that the variable X; is
represented in the mixed embedding vector and the correct causal effect from X; to
Xz is established. The lag terms Xp: and X1 are always present in the mixed
embedding vector for both algorithms. The representation of Xs in the mixed
embedding vector is spread to the two first lags for PMIME and to the first four lags
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for DPMIMEpt, and the causal effect from Xs to X; is established. So, the algorithms
have similar performance.

3.3SYSTEM 1

In the example above, we focused on the exact lag terms in the mixed embedding
vector. Here, we report the causal effect as evaluated by DPMIMEpt and PMIME
from each variable to the response. The causal effect for DPMIMEpt (as well as for
DPMIMETrt and PMIME) is given by eq.(3), evaluating the contribution of all the lag
terms of the driving variable in explaining the response. The distribution of
DPMIMEpt and PMIME and the corresponding rate of detection of causality for all
variable pairs are shown in Figure 2.

Figure 2. Boxplots of DPMIMEpt (ns=2) and PMIME for all variable pairs of system
S1 for 100 realizations, L=5 and n=1024. At each panel the number of detections of
causal effect (the measure is non-zero) is displayed below each boxplot. The true
causality effects are: X; — X, and X3 — X,.
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couplings

The boxplots display the distribution of DPMIMEpt and PMIME over the 100
realizations for each ordered pair of variables and the number below each boxplot is
the number of times the measure was found non-zero. Both measures identify almost
perfectly the non-existent causal effects with a percentage of false detection less than
2%. Similarly, the two measures detect almost perfectly the true causal effects at a
percentage 100 (98 for pair X; — X> and DPMIMEpt).

To summarize the performance of DPMIMEpt and PMIME at each realization of
S1, we calculate the performance indices sens, spec, MCC, FM and HD on the totally
six binary directed connections where two of them are true. In Table 2, the average
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indices on the 100 realizations of system S1 for n =1024 are shown for both
measures. For both sensitivity and specificity there are presented very high values and
the rest of the overall indices are following. The performance of DPMIMEpt is close
to the perfect performance of PMIME.

Table 2. Sensitivity (sens), specificity (spec), MCC, F-measure (FM) and Hamming
distance (HD) (average value over 100 realizations) of the causality measures
PMIME and DPMIMEpt (ns=2) for system S1, L=5 and n=1024.

DPMIMEpt PMIME
sens 0.99 1
spec 0.99 1
MCC 0.98 1
FM 0.98 1
HD 0.07 0

In order to compare the DPMIME measures, using parametric and randomization
tests, with PMIME we run simulations for different time series lengths n and number
of symbols ns, and the MCC index that weighs sensitivity and specificity is presented
in Table 3. Focusing on the DPMIMEpt and DPMIMErt measures, we observe a
similar performance for all scenarios. The DPMIMEpt and DPMIMErt score similarly
in MCC and at a lower level than PMIME, converging to the highest level with the
increase of n. For ns=4 symbols, the performance of DPMIMEpt and DPMIMErt is
worse than that of PMIME and the difference decreases with n, indicating that for a
larger number of symbols longer time series is needed.

Table 3. MCC (average value over 100 realizations) for DPMIMEpt, DPMIMErt and
PMIME and system S1, L=5, ns=2,4 and n = 512,1024, 2048, 4096.

ns=2 ns=4
DPMIMEpt | DPMIMErt | DPMIMEpt | DPMIMErt | PMIME
n=512 0.84 0.77 0.24 0.13 1
n=1024 0.98 0.97 0.63 0.63 1
n=2048 1 1 1 0.96 1
n=4096 1 1 1 1 1
3.4 SYSTEM 2

Similar results for coupled Hénon maps with K=5 variables are presented in Table
4. The MCC index is presented again for the DPMIME with parametric and
randomization test as well as PMIME for different n and ns. Here, again the accuracy
in detecting the true causal effects is better for smaller ns and larger length n,
converging to the highest performance level with n, obtained by PMIME. Again the
DPMIME with the parametric test performs equally well as when randomization test
is used instead.
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Table 4. MCC (average value over 100 realizations) for DPMIMEpt, DPMIMErt and
PMIME and system S2, L=5, ns=2,4 and n = 512,1024, 2048, 4096.

ns=2 ns=4
DPMIMEpt | DPMIMErt | DPMIMEpt | DPMIMErt  PMIME
n=512 0.78 0.76 0.49 0.39 0.98
n=1024 0.96 0.95 0.70 0.70 1
n=2048 1 1 0.99 0.99 1
n=4096 1 1 1 1 1
3.5SYSTEM 3

The system S3 is a linear VAR(4) with K=5 variables and it is included to assess
the performance of information measures in the presence of solely linear interactions.
We observe from the MCC in Table 4 that the performance of the DPMIME with the
parametric and randomization test is very close to that of PMIME even for small time
series length. In this system the raise of the number of symbols for the same n affects
positively the performance of the measures.

Table 4. MCC (average value over 100 realizations) for DPMIMEpt, DPMIMErt and
PMIME for system S3, L=4, ns=2,4 and n = 512,1024, 2048, 4096.

ns=2 ns=4
DPMIMEpt | DPMIMErt | DPMIMEpt | DPMIMErt  PMIME
n=512 0.66 0.71 0.83 0.76 0.85
n=1024 0.71 0.76 0.98 0.97 0.87
n=2048 0.70 0.73 0.88 1 0.88
n=4096 0.69 0.72 0.87 0.99 0.88
4. DISCUSSION

In this study, we propose a causality measure for discrete multivariate time series
based on partial mutual information from mixed embedding named DPMIME. The
DPMIME is developed similarly to the PMIME, a causality measure for continuous-
valued time series that uses information measure and dimension reduction, so that it
can be applied for a large number of observed variables. The idea in PMIME and
DPMIME is to search for the most relevant lag variables that can explain the response
evaluated by information measures, i.e. mutual information (for the first step when
the information of the response and a lag variable is evaluated) and the conditional
mutual information (for the subsequent steps when the information of the response
and a lag variable is evaluated accounting from the information on the response from
the subset of lag variables already selected). For the termination of the iterative
algorithm the significance of the conditional mutual information is tested using a
parametric test, denoted DPMIMEpt, and a randomization test, denoted DPMIMErt
(there is only randomization test for PMIME).
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For the simulation study, three systems were used, coupled Hénon maps system
with ring structure on three variables (S1) and five variables (S2) and linear stochastic
process of five variables (S3). The PMIME was computed directly on the continuous-
valued multivariate time series of systems S1, S2 and S3. To test the DPMIME on the
same systems, first each continuous-valued time series was discretized to a predefined
number of symbols ns and the DPMIME was computed on the discrete-valued time
series. The performance of all measures was quantified by five performance indices
(sensitivity, specificity, Matthews correlation coefficient, F-measure and Hamming
distance). In all simulated systems, we observed that DPMIMEpt and DPMIMErt had
similar performance. This is an important finding that allows for the use of the
parametric test in DPIME (DPMIMEpt) and save computation time. In this way
DPMIME is much faster than PMIME and can even be preferred to save time for
investigating direct causality in continuous-valued time series (applying first data
discretization).

Compared to PMIME, DPMIME with both tests were less accurate by their
performance converged to that of PMIME with the increase of time series length n. In
the simulations, we observed that for n=2048 both measures attained good
performance close to that of the PMIME. The increase of number of symbols ns (the
level of discretization) worsened the performance of DPMIME for small time series
length, and in particular for the chaotic systems S1 and S2, implying that the
inadequate estimation of probabilities due to small size increased the variability of the
estimation of the information measures resulting in inaccurate detection of the true
causal effects. For larger time series, however, the opposite observed, i.e. for larger ns
there is a more detailed representation of the relationships and as the estimation of
probabilities and information measures is less variable due to larger n the true causal
effects could be better detected. Overall, the results on systems S1, S2 and S3 showed
that the DPMIME measures (with parametric and randomization tests) attain high
performance and for longer time series close to the high performance of PMIME.

There is an intrinsic issue of high dimensionality in the estimation of the lag
causal relationships by DPMIME. This setting occurs when K is large, not treated in
this study as the largest number of observed time series is K=5, but also when the
maximum lag L is large or in general the product KL is large, as this defined the

number of candidate components for the mixed embedding vector w, . If there are

only few causal lag-relationships so that w, is relatively small, then the entropies can

be estimated and the DPMIME will provide reliable estimation of the direct causal
relationships. Still, if the mixed embedding vector gets large, the estimation of the
entropies from the relative frequencies of large words will be problematic and
DPMIME will not perform well. The latter is a general problem in causality
estimation and no remedy or solution is available to-date, to the best of our
knowledge.
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MNEPIAHYH

Xmy  aviilvon  ToAL-OlIcTOTOV  YPOVOGEPDV  dtdpopes  péBodol  Exouvv
avamtuyfel yioo TNV eKTIUNON OYE0MV QITIOTNTOG OVAUESOH OTIS TOPATNPOVUEVES
petafintés. o Tig vynAng Oudctaong ypovooelpég, mpooeyyioelg oo peioon
dudotaong £ovv avamtuyfel yloo TV eKTIUNGT TOV QUECOV GYECEMV OUTIOTNTOC, LE
GKOTO TOV OPIGHO TV GLVOEGEMV £VOG TOADTAOKOV SIKTOOV TO OTO10 avVaTaploTd T
douUf TOL VTOKEIUEVOL OLVOUIKOD GUOTAUATOG T TNG OTOXOOTIKNG oladikaciog. H
peptkny  deopevpévn  apolfaion  mAnpogopics amd pikt eupvbworn (PMIME)
ypnoonotdvag T deopevpévn apotPaio minpopopia (CMI) epappolel o tétota
TPOCEYYION Kol OlOMICTOVETOL OTL €lvol KOTOAANAN Yo TNV &KTiUnon GUEc®V
oY€GEMV AUTIOTNTOG A0 LYNANG O1AGTAGTC YPOVOGELPES CLUVEXDV TIUMV. X€ QTN TN
HEAETN, TO &evOQEPOV €lval Yo TIG SLOKPITEG TOALOIAGTOTES YPOVOGELPES KOl
apocapuoletor katdAnia to PMIME ywo vo opiotel 10 dakpitdé PMIME
(DPMIME). H katdAinin ektipnon dakpitdv katavoudv milfavotitav kot CMI yuo
Swkprtég petafPaAntég epappoletar oto DPMIME. llgpatépm, 1n acLpRT®OTIKY
Katovoun Tov ekTiudpevov CMI emtpénel Tov TOPOUETPIKO EAEYYO CMULOVTIKOTTOG
tov CMI oto DPMIME, evd oto PMIME vmdpyel povo €heyyog onUOVTIKOTNTOC
pécm tuyatonoinong yw 1o CMIL. O mopapeTpikods Eheyyog oNUAVTIKOTNTAS Yo, TO
CMI otov aryopiBpo tov DPMIME £yet oxeddv tnv 1010 amdd06n LE TOV avTioTOLYO
£\eyyo tuyatomoinong. O1 Monte Carlo mpocopoudoelg oe molvdidotateg okolovdieg
oLUPBOAOV OV TOPAYOVTOL GO TN OLOKPITOTOINGT] YPOVOCEIPOV GUVEYDV TIUDV
detav 6t M okpifeie tov DPMIME omv exktipnon g dueong outidtnrog
ovyKAivel, kKaOdC ovEAvETaL TO UNKOC TOV XPOVOCELPOV, oTnVv akpifelo tov PMIME.
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ABSTRACT

Wildfires affect many different regions of the world having many negative consequences on
humans, wildlife, and the economy. Aerial resources play a crucial role in combating wildfires
and an effective resource location plan is of paramount importance for enhancing their
utilization. To this effect, several factors should be considered such as the fire hazard levels of
each area, the specificities of the aerial firefighting fleet, the availability of airbases (airports
and heliports), etc. In the present study, a decision support model is developed, under realistic
assumptions and driven by practical considerations, to dictate the optimal assignment of aerial
firefighting resources to the available facilities, in order to maximize the expected coverage.
To demonstrate the applicability of the model, Greece is employed as a case study,
considering multi-year wildfire statistics, the Greek aerial firefighting fleet, and the licensed
airbases in Greek territory. Finally, the effectiveness of the model is evaluated through a
comparison between the optimal solution and an existing location plan of Greek aerial
firefighting resources.

Key Words: Wildfires; Aerial firefighting resources; Location model

1. INTRODUCTION

Wildfires are uncontrollable fires that destroy forests, grasslands, savannas, and other
ecosystems, being significant threats to wildlife, human lives, and property (Pausas
and Keeley, 2009). Wildfires occur every year in many regions around the world
necessitating effective wildfire management techniques, whose development requires
more attention, funds, and effective solutions (Xanthopoulos, 2008).
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The process of wildfire management consists of three phases: prevention,
suppression, and restoration (Goldammer et al., 2019). This study is focused on the
suppression aspect of wildfire management, a demanding task that prerequisites
proper coordination of the forest firefighting mechanism, i.e., the aerial and terrestrial
firefighting resources, and the personnel supporting the operations. However, the
suppression aspect of wildfires has not been adequately studied in the existing
research (Finney et al. (2009), Pacheco et al. (2015)).

Aerial firefighting is a vital ally to wildfire suppression. Aerial means started assisting
firefighting at the beginning of the 20" century (Kal’avsky et al., 2019) and till the
present time, their contribution to wildfire suppression is very important. Two key
features of the aerial firefighting resources are the following: a. their ability to access
almost every area, a very crucial advantage, especially whenever a fire is inaccessible
by land; b. their instant response, an important characteristic due to the rapid growth
of fires and the necessity to be confronted as soon as possible. The aerial firefighting
means are often used as an initial attack on wildfires to slow their progression,
thereby facilitating the flame extinguishment for the ground-based operations. Aerial
resources’ allocation policy plays a key role in the fight against wildfires and an
optimal location plan can significantly enhance the effectiveness and efficiency of
firefighting operations.

Nevertheless, despite the crucial role of aerial firefighting resources to combat
wildfires, their management has not received adequate research attention. Martell et
al. (1984) and Maclellan and Martell (1996) were the first to study the aerial
firefighting resources’ location problem through an operational research approach.
Islam et al. (2009) developed a heuristic procedure to dictate optimal operational
decisions associated with the deployment of the aerial means. Zeferino (2020)
developed a combinatorial optimization model for the location of aerial resources to
combat wildfires and demonstrated the methodology in the case study of Portugal.

The key contribution of this study lies in the development of a quantitative and
effective decision-support tool that dictates the optimal location of the aerial
firefighting resources to combat wildfires under a maximal coverage criterion. The
decisions are made based on the statistical analysis of historical data regarding the fire
incidents and the aerial means operations. Furthermore, the proposed tool considers
many realistic parameters that enhance the applicability and result in better
performance. Specifically, the statistical evaluation of historical data to compute the
unavailability of aerial resources adds a stochastic component to the problem that
addresses the impact of multiple fire ignitions on the availability of resources.
Moreover, the required time to take-off and the cruise speed of each type of resource
are considered due to their direct effect on the celerity of each type to reach a fire
incident, and so, to the effectiveness of the resource’s wildfire response. Finally, the
proposed methodology is demonstrated in the case of Greece, and a comparison with
an existing location plan is performed to evaluate the model’s performance.
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2. PROBLEM SETTING

Let us assume a specific region of interest, such as a country or a continent,
potentially affected by wildfires. The exact place and time of a wildfire initiation
cannot be a priori known. However, there are subregions within the area of interest
more prone to wildfires compared to others, due to several reasons (e.g., ground
characteristics, climate conditions). Consequently, the wildfire ignition risk, and so,
the demand for firefighting resources is different for subregions within the specific
area.

The area of interest has an available fleet of aerial firefighting resources to combat
wildfires. These aerial resources have different characteristics, such as their water
capacity, their speed, their operational range, etc., which should be considered to
evaluate the effectiveness of their wildfire response.

Furthermore, the region has a specific number of designated airbases, i.e., airports and
heliports, where the aerial firefighting resources may be located to operate whenever
needed.

The problem lies in the derivation of the optimal assignment of the aerial firefighting
resources to the available airbases at the beginning of the fire season, to maximize the
wildfire risk coverage of the region, while complying with realistic constraints.

3. MODEL FORMULATION
3.1 Notations

In principle, the aerial firefighting allocation problem is formulated as an integer
linear programming problem, whose objective is the maximization of the expected
coverage of the area of interest by the aerial firefighting resources.

To facilitate the model formulation, the area of interest is discretized into equal
square shapes, i.e., nodes. The size of each square/node, or equivalently the level of
how coarse or fine the area discretization is, does not affect the model formulation,
whatsoever. Nevertheless, the area should be discretized into squares with a uniform
wildfire risk to the greatest possible extent. Subsequently, the square size should be
selected on a case-by-case basis, by considering that a coarse area discretization and
so, a larger number of nodes, results in closer to the optimum solution, but at the
expense of heavier computational requirements.

For the model formulation, the following parameters are considered:
a. The set of different types of aerial firefighting resources (T).
b. The available number of each type of aircraft and helicopter t €T , denoted by AV..

c. The key features of each type of aerial firefighting resource:
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(1) cruise speed (cs, );
(2) water capacity (wc, ).
(3) time required to take-off (tot, );

d. The set of nodes representing the wildfire risk in each subregion within the area of
interest (I).

e. The wildfire risk level of each node i< |, denoted by r,. Each level of wildfire

risk is associated with a minimum number of aerial firefighting resources needed to
provide coverage to nodes characterized by the specific level of fire hazard, denoted

by M;.
f. The set of available airbases (J).

g. The maximum capacity of each airbase j to support each type of resource, denoted
by N, .

h. The availability of an aerial resource to cover a node i< |, or equivalently, the
probability of a concurrent operation to another fire incident for a specific aerial
resource, denoted by p.

3.2. Assumptions
1. Both aircrafts and helicopters can be located at airports.

2. Aircrafts cannot be assigned to heliports. This assumption is justified by the lack of
runways in facilities designed only for helicopter operations.

3. Airbases have a limited capacity regarding: a. the total number of aerial firefighting
resources they can support; b. the maximum number of each type of resource. This is
due to several constraints including most likely the available ground handling
equipment, the available number of authorized personnel, and the airbase fuel storage
capacity.

4. A motherbase, i.e., the airbase where pilot training operations and maintenance
actions of a specific type of resource are implemented prior to and following the fire
season, can support all the aerial means of that type. This assumption is justified by
the fact that motherbases are designed for fully supporting this resource type and so,
they are adequately equipped both with the required equipment and personnel to
handle many resources of that type. Nevertheless, this is not a restrictive assumption
since a limited capacity may also be set for motherbases.
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5. THE OPTIMIZATION PROBLEM
5.1 Objective Function

The optimization purpose of the problem is to maximize the coverage of the total set
of nodes I, depending on the values of the fire ignition risk level of each node r; and

by considering the diversion of the available firefighting resources to structure
protection.

To this effect, the cruise speed (cs, ) and the water capacity (wc, ) of each type, are

normalized to the largest value, thus, formulating a cruise speed indicator (CSt) and

CS wC

L WG, =———
Mmax Cs, max wc,

t t

a water capacity indicator (WC, ), as follows: CS, =

Subsequently, the cruise speed and water capacity of the aerial firefighting resources
are evaluated by the objective function through their average values:

T T
D CS,-AV, D WC, - AV,
CS=+_— andWC=1_——
DAY, DAV,
t=1 t=1

Each node i e | is considered as being covered by an aerial resource t €T , based on
the radius of action of the latter (R) In specific, R, represents the distance a
specific type of aerial firefighting resource can cover within a prespecified time
interval (TI ) thus, being the direct analog of the service level in customer service.

Regarding the variable TI , it should be set to a relatively low value (e.g., 20 minutes,
30 minutes), being an immediate response to a fire occurrence crucial for mitigating
its impact. The radius of action of each type of resource depends both on its cruise

speed (cs, ) and its required time to take off (tot, ) and is computed by the following
expression: R, =cs,-(Tl —tot, ).

Consequently, if R, is greater than the distance between the location of the airbase

j € J, where an aerial resource of type t is assigned and the center of a node i, then,

the node is considered as covered by this aerial resource. The two alternatives
regarding the coverage of node i are classified into a nominal variable as follows:

|1, if a resource of type t, located at airbase j, can cover node i
"0, otherwise
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However, to consider a node i as fully covered by aerial firefighting resources, it must
lie within the radius of action of a set of aerial resources, denoted by D.

The full coverage of a node i is introduced as a nominal variable as follows:

s - 1, if node i is covered by D aerial means
0, otherwise

The objective is to find the optimal number of aerial resources of type t that should be
located at each airbase j, denoted by X, to maximize the expected coverage of the
area of interest, formulated as follows:

max » r-WC-CS- > (1-p)-p**-S; (1)

iel deD
5.2 Constraints

As already stated, a node i is considered as covered provided that the number of aerial
means that can cover the node exceeds a minimum number of D means placed at
facility j. To satisfy this presumption, the following constraint is considered:

D Sa<D D s X, Viel )

deD jed teT

A minimum number of aerial means that must provide coverage to a given wildfire
risk level is set, and so:

> Sy=M, Viel 3)

deD

Apparently, the number of aerial resources of type t, located at an airbase jeJ,

cannot be greater than the total number of available resources of this specific type:
SIX, <AV, VteT (4)
jed

Furthermore, to ensure that the number of the aerial firefighting resources assigned to
an airbase j would exceed neither the total capacity of the airbase nor its capacity
regarding each type of resource t, the following constraints are considered:

Xi<N, Vjeld, VteT (5)

jt=
D X, <N; Vjel, vteT (6)
teT

It is often in practice, a specific type of aircraft and/or helicopter to deploy to airbases
and used in firefighting operations, in pairs. This policy is motivated by several
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reasons such as the facilitation of concurrent transportation of personnel and
equipment, thereby, avoiding the use of a cargo plane, the better utilization of the
available resources, and other operational-related reasons. The set of types of aerial

resources which deploy in pairs is denoted by TP, and variable XPjt represents the
number of pairs of type t located at airbase j. Consequently:

X,~2:-XP,=0 Vjel, VteTP ™

Finally, the following constraints (Equations (8)-(10)) set the boundaries of the
decision and nominal variables of the problem:

X €Z" Vjel, VteT 8)
XP,eZ" Vjel, VteTP 9
$1.S¢ =101} Viel,vjeJ vdeD (10)

A computer program developed in MATLAB R2017a dictates the optimum solution
to the optimization problem. Moreover, the open-source Geographic Information
System (GIS) program software QGIS, was used to illustrate the geographical data
and create maps portraying the results of the optimization.

6. CASE STUDY
6.1 Greece’s Case

To demonstrate the applicability and evaluate the proposed model’s performance, the
case study of Greece is employed. Greece is severely affected by wildfires, which,
apart from threatening forests, exurban areas, archeological sites, and world cultural
heritage monuments, lead to the loss of human lives, as well. Specifically, in Greece
on average, six people lose their lives every year due to wildfires, or equivalently
wildfires claim one human life per month of the fire season (Gourbatsis, 2021).

Some recent examples, indicative of the harsh effect of wildfires in Greece, are a. the
wildfires at Evia and Peloponnese, which burnt and damaged almost 670.000 acres of
land and killed 63 people back in 2007; b. the wildfires at Mati and N. Voutzas, being
the second deadliest wildfire worldwide for the 21% century, killing 102 people, and
burning over 14.000 acres in 2018. c. the multiple wildfires in Attica, Peloponnese,
and Evia in 2021 killed 3 people and burnt more than 287.000 acres.

In Greece, the forest area as a share of the land area is estimated approximately equal
to 30%, considered as highly flammable due to the dry climate, undulated
topography, poor soil quality, and flammable vegetation (e.g., pine trees, shrublands).
More factors affecting the high risk of fire occurrence in Greece are related to climate
change, socioeconomic issues, neglection and poor forest management (Koutsias et
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al., 2012a, 2012b; Moreira et al., 2011; Mavrakis and Salvati, 2015). Consequently,
the damages and losses, along with the fact that wildfires are an ongoing concern for
Greece, necessitate an effective wildfire suppression plan (Gourbatsis, 2021,
Kampouris, 2021).

The wildfire risk level in each of the 51 prefectures of Greece is presented in Figure 1
(Goldammer et al. 2019), illustrating a wildfire risk map based on the Greek Geodetic
Reference System GGRS 87, derived from historical data covering a period of 15
years. In specific, the wildfire risk has five possible levels: low, medium, high, very
high, extremely high, each highlighted based on a white to black gradient color
scheme. A 33.3% of the total number of prefectures of Greece are considered as low
risk, a 37.3% medium risk, 17.7% as high risk, 3.9% as very high risk, and 7.8% as
extremely high risk.

To incorporate the wildfire ignition risk data into the mathematical model, the
abovementioned map was converted into a map grid of 10 km squares (Figure 2),
thus, forming a total number of 2048 squares/nodes for the Greek territory.
Subsequently, a value ranging from 1 (low risk) to 5 (extremely high risk) is assigned
at every square, signifying the level of wildfire ignition risk of each node. In case a
square lies on the border of multiple prefectures, the wildfire hazard value is assigned
based on the risk of the prefecture where the largest part of the square belongs.

Figure 1 Wildfire risk map of Greece
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Figure 2 Wildfire risk map of Greece in grid format
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In Greece, a total of 99 airbases (52 airports and 47 heliports) are potentially available
to support aerial firefighting resources. Figure 3 presents the exact location of the
airbases on the map of Greece. The motherbase of each resource type (Elefsis airbase
(LGEL), Thessaloniki airbase (LGTS), and Tatoi airbase (LGTT)) can support all the
available aerial means of that type, but they have a maximum capacity of 4 aircrafts
and 4 helicopters regarding the other types. The largest airbases (Larissa airbase
(LGLR), Volos airbase (LGBL), Tanagra airbase (LGTG), Andravida airbase
(LGAD), Araxos airbase (LGRX), and Souda airbase (LGSA)) can support a
maximum of 4 aircrafts, while the rest airbases a maximum of 2 aircrafts.
Furthermore, heliports can support only 1 helicopter at a time.

The Greek aerial firefighting fleet consists of resources belonging to the Hellenic Fire
Service and the Hellenic Air Force, and additional resources hired on a contract basis
for each fire season, thereby, resulting in a slightly different fleet every year. The
available firefighting fleet and its allocation in airbases is decided annually and is
effective for the respective fire season, i.e., from 1% May to 31 October.

In this study, the Greek aerial firefighting fleet of 2019, consisting of 33 aircrafts and
25 helicopters is used and the types of aerial resources and their characteristics are
presented in Table 2.
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Figure 3 Map of available airports and heliports in Greece
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Table 2 Types of Greek aerial firefighting resources and their characteristics

t AV, cs, CS, R WC, wC,
(Km/h) (Km) (1)
CL-415 | 6 333 1.0 166.5 6137 0.6
CL-215 | 10 291 0.9 145.5 5000 0.5
PZL 17 200 0.6 100 2200 0.2
BK-117 | 3 240 0.7 120 910 0.1
AS332 2 222 0.7 111 3500 0.4
Ka-32 | 12 230 0.7 115 3000 0.3
S-64 8 169 0.5 84.5 10000 1.0
CS=0.71 WC =0.43

To facilitate the comparison between the proposed model and the existing allocation
of aerial firefighting resources in 2019, the radius of action of each type of resource

(R), is computed in accordance with the policy followed by Hellenic Fire Service,
i.e., as the distance covered by each resource within 30 minutes (TI =0.5 h) after its
takeoff (tot, =0).
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Furthermore, the minimum number of aerial firefighting means for each possible
wildfire risk level is presented in Table 3.

Table 3 Minimum Number of Firefighting Resources for each wildfire risk level

Low Medium High Very High Extremely High
M 1 2 3 4 5

Finally, the probability of an aerial resource to be unavailable to combat a wildfire,
i.e., simultaneously involved in another fire incident, is statistically evaluated through
the annual reports published by the Hellenic Fire Service, where the fire occurrences
and the aerial firefighting resources activated, are issued. The value of the above-

mentioned probability is computed equal to 8% (p=0.08), a relatively high

probability, indicative of the large number of parallel fire ignitions that Greece often
confronts.

6.2 Results

The solution of the optimization problem for the case of Greece yielded the following
findings. A 100% expected coverage through the optimal allocation of the available
firefighting resources in Greece, presented in Figure 4, is achieved. The different size
circles represent the radius of action of the assigned aerial firefighting resources.

To evaluate the effectiveness of the proposed model, a comparison with the existing
allocation in the year 2019, illustrated in Figure 5, is made. The year 2019 is selected
as the most recent year with reliable information regarding the available aerial
firefighting fleet and the existing location plan of resources.

The existing expected coverage provided by the existing allocation in 2019 is
computed equal to 85%. Consequently, the expected coverage is significantly lower
compared to the expected coverage by the proposed allocation, thus, indicating a
suboptimal utilization of the available aerial firefighting resources.

Furthermore, through the comparison of the location plans, i.e., the proposed and the
existing, it is concluded that the aerial means were predominately concentrated
around Attica and the Peloponnese in 2019, resulting in rather insufficient coverage
of Northern Greece and the Aegean Sea islands. In particular, the existing allocation
activated 22 airbases, with most of the aerial resources gathered either at the
motherbases (LGEL, LGTS, and LGTT) or at the largest airbases (LGLR, LGBL,
LGTG, LGAD, LGRX, and LGSA). On the other hand, the optimal allocation
proposes a more even spatial distribution of the aerial firefighting fleet, activating 40
airbases (31 airports and 9 heliports). The almost doubled number of airbases
compared to the respective number of 2019 demonstrates that increased expected
coverage of Greece prerequisites a sporadic allocation of the available aerial
firefighting resources.
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Furthermore, the optimal location plan highlights the crucial role of heliports in
achieving high expected coverage. As already stated, 22.5% of the activated airbases
are heliports serving as locating points for the 15.5% of the available aerial
firefighting means. Therefore, heliports provide coverage at areas with a limited
number of surrounding airbases, such as the Greek islands, which were not
sufficiently covered by the existing distribution in 2019.

Finally, another conclusion made by comparing the proposed location plan to the
existing location plan is that, in the latter, the aerial means with relatively large water
capacity were located near the largest cities in Greece, while the aerial means with
relatively low water capacity were deployed to the peripheral airbases. Nevertheless,
the proposed optimal allocation plan does not satisfy this spatial distribution pattern.

Figure 4 Coverage map of Greece based on the optimal aerial resources’ distribution
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Figure 5 Coverage map of Greece based on the 2019 aerial resources ’ distribution
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7. SUMMARY AND CONCLUSIONS

In this study, a decision-making tool on wildfire management is developed, which
determines the aerial firefighting resources’ location plan that maximizes the
expected coverage of a specific area. The model incorporates many important and
realistic factors to dictate the optimal aerial firefighting fleet’s location plan, such as
the characteristics of each type of resource, the capacity of the available airbases, and
the wildfire ignition risk of each region within the area of interest. The model was
evaluated in the case study of Greece, verifying a significant improvement in the
efficiency of the proposed location plan to combat wildfires compared to the existing
location plan and the subsequent coverage of Greece in 20109.

HNEPIAHYH

O1 mupkayiég emnpedlovv ToAEG JOPOPETIKEG TEPLOYXEG TOL TAAVATI e TANOOG apvNTIK®V
EMMTOGEDY 6TOVG avOpodmovg, otV dypra {of kot oty owovopio. I'a to Adyo avtod, M
Vropén evOg AmOTEAESUATIKOD GYESIOV AVTIHETOTIONG TOV TVPKOYIOV ival Kaiplog onpaciog,
WiTEPH KOTA TOVG KPIGULOVG HVES TNG avVTITLPIKNG TTEPLodov. Ta evaépla péoa mopdcsPeong
OTOTELOVV GNUOVTIKO GUUUO)XO GTNV TPOCTADED KATAGTOANG TV Tupkaywwy. H mapodoa
€PYaCio. UEAETA TNV KOTAVOUN TOV KAILOKIOV TOV TUPOSPESTIKOV 0EPOCKAPOV KOl
EMKOTTEPOV  GE  0EPOTOPIKEG PACELS, AVOTTOGOOVTAG €vo. HOVTEAO ANuUNG PéAtiotv
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ATOPACEMV G TOKTIKO EMIMedO, [ 6TOYO0 TN PEATIOT AlEPOTTOPIKT] KAALYN LG TEPLOYNS amd
T1g TOPKOy1EG. To poviého Aapfavel vtoyYn PEOAOTIKEG TOPAUETPOVG Kol dedOEVE, OTMG M
EMKWOLVOTNTA £VALOTG TUPKAYWIG Ove TEPLOYN, TO YOPOUKTNPOTIKA Tov dwdéomv
EVOEPLOV HECOV, TN LEYIOTN SfecLOTTA TV agpOTOoPK®V Pdoemv k.a. H epappoyn ko n
OTOTEAECHOTIKOTITO. TOL HOVTEAOL OvOdEKVOOVTOL HECH TNG MHEAETN mepinmtoong g
EALddag, ywoo tnv omoila e&dyetar m PEATIOTN KATOVOUY EVAEPLOV UECMV Yo TN KEYIOT
KAALYN TG EMKPATELNG. XTO TEAOG, YiveTal 1 aEl0AOYNOT TV OTOTELECULAT®V KOt 1) e&aymyn
YPNOUOV CUUTEPACLUATOV.
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ABSTRACT

The Power-Expected-Posterior (PEP) prior gives us a convenient method to deal with
Bayesian variable selection problems in normal linear regression models. Under the PEP prior
methodology, an initially chosen baseline prior is updated using imaginary data. When dealing
with sparse regression scenarios, the selection of the baseline prior is crucial. Shrinkage priors
share notable theoretical properties and can be used in regression problems when the number
of observations n is smaller than the number of explanatory variables p. By using a shrinkage
prior as a baseline prior under the PEP prior methodology, an objective Bayesian prior is
created, suitable for n < p problems. In this work we briefly set the formation of the proposed
PEP-Shrinkage methodology. In simulated datasets we test the performance of our new class
of priors using different shrinkage priors as baseline priors and comparing their results.
Additionally, comparisons are made between the PEP-Shrinkage priors and the shrinkage
priors without the use of the PEP methodology and we discuss our findings.

keywords: Bayesian variable selection, imaginary training sample, objective priors, shrinkage
priors, sparse datasets.
1. Introduction-Bayesian Variable Selection

In this work we consider the variable selection problem under the normal linear
regression setup. For every model M, in model space S, the sampling distribution is

given by
fﬁ;(lewﬁzaGZ)szn (y;xl{‘Bt{’GZIn)l
where fy (y;n,X) is denoting the d-dimensional normal distribution with mean p

and covariance matrix X . Additionally, y=(yl'...,yn)T denotes the response data,

X, is the nxp,design matrix; with p,denoting the number of explanatory variables
under model M,, B, is a vector of length p, representing the effects of each
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covariate on the response variable, 1 isthe nxn identity matrix and o is the error

variance. We assume that y and the columns of the design matrix of the full model

(including all available explanatory variables) have been centered on zero, so there is
no intercept in our model. Furthermore, we assume that the number of observations n
is smaller than the number of all available explanatory variables p.

Under the Bayesian perspective, we can use posterior odds (Jeffreys, 1961) in
order to compare the models M, and M,:

_ (M, |y) _ m, (y) y (M)

(M, ly) m,(y) TC(Mz),
where n(M, |y) is the posterior probability of model M,, n(M,) is the prior
probability of M, and m,(y) is the marginal likelihood of M, given by

m, (y) =[,(v|B,.5,M,)n(B,.c| M, )dp,do.
In the last expression n(B,,o|M,) denotes the prior distribution of the parameters
(B,,c)of model M,.The ratio of any two marginal likelihoods is called Bayes factor

12

(BFR,). i.e. BF, :ml_((yy)). Then the posterior probability of any model M, is given
2
by
m, (y)r(M,) .

> my)r(M,)
M, eSy
The model with the highest posterior probability (maximum a posteriori model) is
often chosen as the optimal one under the Bayesian model choice problem. For large
model spaces, we often use MCMC methods to estimate w(M, |y). These estimates
have the disadvantage of convergence to the true quantities at a slow rate. As an
alternative strategy we could use the posterior inclusion probabilities (George et. al.,
1993). For each covariate X;, j=1,...,p, the posterior inclusion probability is defined

oM, |y) =

as

n(y;=1ly)= D n(M,|y),

Mgeij
where v;is a binary indicator that takes the value 1 if the covariate X;belongs to a
model and O otherwise. In the above expression SMJ_ ={M, €Sy 1y; =S is
defined as the set containing all models which include X;. The significance of the

posterior inclusion probabilities can be found in Barbieri et. al. (2004), where it is
proven that the median probability model, which is the model containing only the
covariates with posterior inclusion probability above 0.5, has better predictive
properties than the maximum a posteriori model.
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As it is now clear, we must set priors for both the model space and the parameter
space of each model. In this work we will focus on the parameter space. Regarding
the prior on the model space, for sparsity reasons, we consider the uniform prior on
model size which is a special case of the beta-binomial prior (Scott et al., 2010). With
respect to the prior distribution on the coefficients in each model little prior
information on their regression coefficients can be expected since we are not
confident about any given set of regressors as explanatory variables. This argument
alone justifies the need for an objective model choice approach in which vague prior
information is assumed. Furthermore, we need to use a prior capable to deal with the
n < p scenario. Finally, regarding the (common across models) error variance, the

reference prior will be used, i.e. n(c?) oo

2. Power-Expected-Posterior Prior for Sparse Regression

One way to define objective priors is using the Power-Expected-Posterior (PEP)
methodology (Fouskakis et al., 2015 and 2016). The PEP prior manages to diminish
the effects of the use of random imaginary training data of the Expected-Posterior-
Prior (EPP) (Pérez et al., 2002) and simultaneously produces a minimally informative
prior, by combining ideas from the power-prior approach of Ibrahim et al. (2000) and
the unit-information approach of Kass et al. (1995). Under the normal linear model,
the PEP prior is defined as

(B, 10°,8,X)) = [=" (B, 1y",0” 8, XM (y" | %, 8, X)dy” (1)
1% (6?) =" (6?) 1/ 6°
with
TCN(B/I, |y*162161 Xj) oc ft,();k |B/¢162’5’X:)RN (B, |02’X:) (2)

and
fO7 180" XD"
[T,/ 18,.0 X)) dy’

In the above equations, we have set y” to be the imaginary observations of size n"and

f,(y"1,,0%.8,X]) = ©)

X, the imaginary design matrix of model M,. In equation (3) the sampling

distribution of the imaginary observations is raised to the power of 1/6 and
normalized. By doing so, we decrease the effect of the imaginary data. For 6=1 we
have the EPP prior. With the aim of gaining unit information interpretation, we could

set =n" and to avoid any effect of the choice of imaginary design matrices, we set
n“=n. By n"(B,|y ,c°,8,X;) we denote the conditional on c* posterior of B,

using a baseline prior 7V (B, |o*,X}) and data y". In equation (1), m{' (y"|c%,8,X;)

is the marginal likelihood, evaluated at y”, of the reference model M, , given c°.
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For parsimony reasons, we consider as reference the model with only the intercept.
Finally, under model M,, the marginal likelihood using the baseline prior is given by

mY (v 16%,8,X) = [,(y"1B,,6°,8, X))z (B, | 0% X )lB,-

It is distinct that the choice of the baseline prior is crucial, when applying the PEP
methodology. Under our setup, these baseline priors should be capable to deal with
the n < p problem. Under the Bayesian perspective, shrinkage priors are often used
when n < p. The term shrinkage indicates that the non-true effects are going to shrink

towards zero. In Table 1, we mention some often used, shrinkage priors, where T

denotes the j-th’ local shrinkage hyperparameter (j=1,...,p,) of model M, and A
denotes the global shrinkage hyperparameter. The global shrinkage hyperparameter,
determines the overall sparsity in the whole parameter vector, while the local
shrinkage hyperparameter controls the shrinkage of each individual effect. In all cases
except the last (ridge g-prior) independent priors for the coefficients of model M, are
used. Furthermore, C*(0,y) denotes the truncated Cauchy distribution C(0,y), with
support (0,00) and 1G(a.,B) the Inverse-Gamma distribution with parameters a., 3.

By choosing a shrinkage prior, as a baseline prior «"(B,|s?,X}) in the PEP

methodology, a PEP-Shrinkage prior is created. This is an objective prior capable of
dealing with n<p scenario, which has a nice interpretation and could manage to

combine the advantages of both methodologies mentioned. Furthermore, it offers
compatibility across models (Consonni et al., 2008). Finally, impropriety of baseline
priors does not cause indeterminacy of Bayes factors.

Under equation (3) the sampling distribution of the imaginary data is given by

fO71X.B,.0%8) =fy (viXB,.8071,.).

We assume a p, xp, diagonal matrix Q,=Q,(0,), where its ‘i-th’ main diagonal
element is written as an equation of the global shrinkage parameter and the ‘i-th’ local
shrinkage parameter. By 6, we denote the vector containing all shrinkage

hyperparameters of model M, and by =(0,) its prior distribution. From Table 1, it is

obvious that the shrinkage priors, considered in this paper, can be written as a scale
mixture prior of the form:

i 8,19, 152) szp, 8,0, GZQ(/) .

348



Table 1. A list of Shrinkage priors

# | Name Conditional prior of B, Shrinkage
hyperparameters
1 | Lasso B.|t2,6% ~ N(0,5%7%) %
(Park et al., 2008) 1 ) A2~ Exp()
A ~C*(0,1)
2 | Horseshoe B.|t., A 0% ~ N(0,6°1%1?) 1. ~C"(0,1)
(Carvalho et al., o : b
2010) A~C"(0,1)
3 | Ridge B.INc? ~N(0,6% /1) AL~C*(0,1
(Hsiang, 1975) : -
4 | Local Student’s t B. 1%, 6% ~ N(0,6%1%) 2 k k
(Tipping, 2001) o : oA =166 2)
A ~C*(0,)
k fixed
5 | Elastic Net G A2
(Kyung et al., 2010) | Bjl%,.75,0° = N(O,——) | 1} |2, ~Exp(2)
Ay +7j 2
ALk, ~CH(0,2)
’ I(3Betz'71 prirlne2021) BjI7}.0" ~N(0,0] 7} ~ Inv — Beta(a,b)
ai et al.
’ a,b fixed
7 | Ridge g-prior B|1,c? ~N, (0,6°V,) =max{n, p?
(Gupta et al., 2009) i ‘ i fixed{ Pk
V, =g(X7 X, + My, )"

Using equations (1) and (2), we get that the conditional PEP-Shrinkage prior, given
o? and 0, is a multivariate normal distribution

v (B 16%,8,X,,0,) =Ty (B;:0,6°V,),
with
V, =W -87X"Z, X1
Z, =[62 XWX, T +871, T
and

W, =[6XTX + Q.
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Conditionally on the shrinkage hyperparameters 6, the marginal likelihood of model
M, under the PEP-Shrinkage prior is then given by

m/PEP (vl S,XT,X( ,0,)= JTCPEP @, GZ,S,XT,G,)RN (Gz)fzf(y | X, B, GZ)de/dGZ
o (det(l, + X, V,XD) 2y "1, + X,V X[ Ty) ™2

Thus, in cases where the shrinkage hyperparameters of the baseline prior are fixed
(e.g. ridge g-prior), the marginal likelihood can be calculated in closed form. The
unknown normalizing constant, in the above expression, comes from the improper
prior of the error variance, which is common in all compared models and therefore we
do not face any indeterminacy issues when calculating the Bayes factor. In all other
cases the marginal likelihood is given by

i (y) =m= (y[8,X],X,) = [m{= (y]5,X],X,,0,)n(0,)d0,.

If the dimension of 0, is one (e.g. ridge prior) we can easily evaluate the above
integral numerically. If the dimension of 0, is greater than one (e.g. horseshoe prior),

we perform an MC?® procedure (Madigan et al., 1995), conditionally on 0,, as in

Algorithm 3 of the Appendix of Fouskakis et. al. (2021), where each component of
0, is generated from its full conditional posterior distribution using a Metropolis-

Hastings step.

3. Simulation Study

With the intention of testing the PEP-Shrinkage methodology (withd=n=n", X] =

X, and the reference model to be the null one) we perform multiple simulations,

where we use as a baseline prior every shrinkage prior from Table 1 and compare the
results. In addition, we contrast the results for five of the PEP-Shrinkage priors with
the results obtained by using those shrinkage priors without the PEP-Shrinkage
methodology.

We have simulated 100 different samples of length n =25 with p=50 predictors.

The values of the explanatory variables have been generated from N, (0,X), where
the symmetrical matrix X has elements %;;=(0.75)"", i, j=1...,50. For the

predictor effects we have set (Bl,BZ,BlO)T =(2,0.8,1.5)" and for all of the rest, we set
to be equal to 0. For the intercept term we have assumed that 3, =0.6 and finally we

have set y = XB+g, where € ~ N, (0,6°1,5), for 6> =1.5. Finally, we have centered

the values of the response variable, as well as the columns of the design matrix on
zero.

In Figure 1 (left) we present the boxplots of the marginal posterior inclusion
probabilities for the true effects of the 100 different samples for the seven different
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PEP-Shrinkage priors. With respect to the two most influential variables, X, and
X0, for every baseline prior we obtained high median posterior inclusion

probabilities with most of their values to be above 0.5. Furthermore, for these two
effects PEP-ridge seems to outperform every other PEP-Shrinkage prior. On the
contrary, PEP-g-prior (PEP-ridge g-prior) seems to produce the less satisfactory
results. For predictor X, the median marginal posterior inclusion probabilities are
over the desirable value (0.5) in all the cases except once. As before, PEP-ridge
produces the best results, while PEP-g-prior (PEP-ridge g-prior) fails to give posterior
inclusion probabilities above 0.5 for most of the occasions.

Figure 1. Boxplots of posterior inclusion probabilities, across 100 simulated
datasets, for the true effects - variables X ,X,,X,, (left) and for some of the non-true

effects - variables X;, Xq,X;, (right) using the PEP-Shrinkage methodology, for
different baseline prior (X-axis).
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For the non-true effects, for brevity reasons, we present results in Figure 1 (right)
only for a subset of them; specifically only for variables X;, X, and X;,. For every

PEP-Shrinkage prior the median marginal posterior inclusion probabilities are below
0.5. It is distinct that, regardless the PEP-Shrinkage prior we have chosen, the non-
true effects would have been accepted as effects of the true model only in a very
small percentage of occasions. We notice that the PEP-ridge manages to give the
smaller posterior inclusion probabilities for most of the occasions with less
variability. For the rest of non-true effects, that are not presented here, we get similar
results.
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Figure 2. Boxplots of posterior inclusion probabilities, across 100 simulated
datasets, for the true effects - variables X;,X,,X,, and for one non-true effect -

variable X, using five PEP-Shrinkage priors and the shrinkage priors without the
PEP methodology.
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In Figure 2 we present the boxplots of the posterior inclusion probabilities of the
true main effects (X;, X, and X,,) as well as for variable X,. We compare the
performance of five different PEP-Shrinkage priors with the performance of the
shrinkage priors without applying the PEP methodology. For variable X, we get
similar results, among all pairwise comparisons. All methods (with and without
applying the PEP methodology) correctly identify this variable as a true main effect.
For variable X, the performance is again similar. When applying the PEP
methodology we obtain slightly lower posterior inclusion probabilities under the
horseshoe and the local Student’s t prior. It is also evident that when using the PEP-
ridge g-prior (with and without the PEP methodology) the majority of the values of
the posterior inclusion probabilities are below 0.5. Finally, regarding variable X,, all
methods correctly identify it as a true main effect. Under the PEP methodology we
obtain slightly better results under the ridge prior and the ridge g-prior and slightly
worse results under the horseshoe and the local Student’s t prior. Regarding variable
X, (non-true effect), the PEP methodology in all cases outperforms its competitors
producing more parsimonious answers. Marginal posterior inclusion probabilities,
under the PEP-Shrinkage methodology, are in general much lower than the
corresponding ones under the shrinkage priors without the PEP methodology, with
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also much lower variability. The results for the remaining non-true effects are similar
and are omitted for brevity reasons.

5. Discussion

The main goal of the research presented here is to briefly show the model formulation
and offer some preliminary results, on simulated datasets, of an objective prior
capable of dealing with variable selection problems in normal regression models
when the number of observations is smaller than the number of explanatory variables.
The proposed PEP-Shrinkage prior manages to combine two methods that often used:
the PEP priors and the shrinkage priors. The resulting PEP-Shrinkage prior is an
objective Bayesian prior, suitable for n<p problems, that has a nice interpretation,

based on imaginary data, and is compatible across models. From the simulated study,
presented here, it is evident that under the PEP methodology the true model is
correctly identified in the majority of the cases. Furthermore, the PEP methodology
seems to produce more parsimonious answers, a property that is desirable on sparse
regression problems.

There are several directions of future work. The main aim is to create a unified
approach, i.e. a new class of PEP-Shrinkage priors, that includes all of the above
mentioned cases (shrinkage baseline priors) as special ones. To achieve this goal we
will attempt to write the final PEP prior as a scale mixture of normal distribution with
the mixing distribution denoting the different baseline prior. This representation will
offer several advantages; faster evaluation of posterior distributions and Bayes
factors, under all approaches considered, as well as computational tractability. In
addition, mathematical properties of this new class of prior distributions will be
checked. Finally, we will investigate the effect of the size of the imaginary data in the
proposed methodology, as well as, the effect of the parameter 5. A way to deal with
this parameter is by setting a prior distribution on it, as in Fouskakis et al. (2018).
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HHEPIAHYH

H Avvouikd-Metoyevéotepn-Avauevopevn ek tov mpotépav katavourn (Power-Expected-
Posterior (PEP) prior) poc mopéyxst po kotdAnAn upebodoloyia, oto mpdPAnua g
umedloving emAOYNG UETOPANTOV GE HOVIEAD YPOUUIKNG TOAVOPOUNOTNG, HE KOVOVIKG
Kkatavepnpéva cpaipoto. H pebodoroyia tov PEP ek tov mpdTtepv KaTavopdy ¥pnotponotet
SoKTIKA dedopéva Yoo vo ovavedoel pon apyikd emaeypévn mpotepn (baseline prior)
katavopr.. Otav 1o péyeBoc tov Odelypotog N eivar  pkpodtepo Tov  TANBOLS TOV
EMEENYNLOTIKOV LETARANTOV P, 1| EXAOYN TNG APYIKNAG TPOTEPNG KOTAVOUNG VAL OTJLOVTIKY.
O mpdTepeg katavouéc ocvppikvmong (shrinkage priors) éyovv a&loonueimteg Oewpnrikég
W0TNTEG KOl UTOPOLY Vo ypNoomomBodv o€ TETOLEG MEPIMTAOCELS. XPTCYLOTOLDVTOG
TPOTEPES KATAVOUEG GLPPIKVOONG, MG 0pykéG TpdTepeg Katavoués oty PEP nebodoloyia,
dnwovpyeitor pwoe véo kKAGon pmedllavdv  ovTIKEWWEVIKOV mpotepmv  katavoudv (PEP-
Shrinkage), xatdAniov yuo mpopAfuote moAvdpounong pe N < p. v gpyacio avth
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napovoldlovpe ocvvortikd ™ pebodoroyia twv PEP-Shrinkage mpdtepov katavopdv. Xe
TPOGOUOLOUEVE OEGOUEVE GUYKPIVOVUE TO OTOTEAEGLOTO TOV Talipvovpe 6tay eQopprofove
v PEP-Shrinkage pebodoioyio, pe S10popeTiKE TPOTEPEC KATAVOUEG CLPPIKVOCNG MG
apyikég mpotepeg katavopés. Emmpdobeta, yivovtatl cuykpicelg ota amoteiéopata tov PEP-
Shrinkage ek twv TpOTEPOV KATOVOUGDV HE GVTE TTOL AQUPAVOVHE OTO TIC  TPOTEPEG
ocvppikveong yopig v xpron g PEP pebodoroyiag.
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