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ABSTRACT

In literature, the issue of economic and financial crisis is well studied and many
econometric models have been developed for predicting economic or financial crisis
or investigating if a crisis affects significantly the economy and financial markets.
However, only a little work has been done on how crisis affects the way that stock
markets behave. In this work, we take advantage of the recently introduced Visibility
Graph algorithm, a method that maps a time series into a network, and we examine
how stock markets responded to specific events. More specifically, using five minutes
data from January 1996 to March 2016 for the S&P100, S&P500 and S&P1000
indexes, we make a quantitative analysis of the indexes behaviour during this period.
We found that indexes react immediately in almost all events and in some cases there
are even some early warnings. However, the magnitude of the reaction depends on
the size of the index and all indexes do not react in the same way under the same
circumstances. Finally, the time series of the returns of an index do not demonstrate

the same properties as the price time series.

Keywords
Economic Crisis, Visibility Graph, S&P500
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ITEPIAHVH

X Bihoypapia, T0 VEUX TWV OLXOVOULXMY KoL Y RNUATOOXOVOULXWY XPIoEWY EYEL UE-
Aetniel emopxd xou TOAG ouxovoueTeixd Yovtéha €youv avortuyel ue oxond elte
vo. TEOBAEPOUY UEAAOVTINES OXOVOUXES 1) YENUATOOWOVOUXES Xploelc ElTe Vo uehe-
THOOUV v OL XPlOEIC EMOEOVY GNUAVTIXG GTOV TEOTO AEITOUEYIUC TWY OLXOVOULMDY XAl
TV ayopwy YeVxoTepa. flotdoo, Ayn €peuva Eyel avamtuydel mhve oto mwe ot
xploelg emneedlouv Tov TEOTO AELTOURYINS TWV YENUATNO TNELOXOY 0YOp®Y. XE ouU-
T TNV epyaoio expeTolhevdpacte TNy Vewplo I'odpwy Opatdtntac mou avamtuyvnxe
TedoQaTA, Ui LEV0O0G TOU PETAUTEETEL Ulal YPOVOOELRS O Ydpnua, xou eEETALoUNE
TS OL YENUATIO TNELIXES AYORES AVTLOPOLY oo Bidpopa yeyovota. TIo cuyxexpiuéva,
YENOWLOTOLOVTUS OEBOUEVIL UE CUYVOTNTA aval TEVTE AeTTd oo Tov Tavoudipto Tou 1996
uy el Tov Mdptio tou 2016, TeoryUatomolo0UE ULt TOGOTIXT AVEAUGT) TG GUUTERLPORAS
TV YenuatioTnelols bty S&P100, S&P500 xon S&P1000. To arnoteréopota
Oelyvouv 6Tt autol oL BelxTEC avTEdpUcAUY TAYUoTAU O OAA To YEYOVOTA ToU EAafBay
Y WO AUTH TNV TEPIOO0 EVE OE ATOLEG TEPLTTWOELS TO YENUATIOTHPLO AVTEDRPUOE €X
TV TPOTEPWY ONUATOB0THOVTAC ETXElUEv YeYovoTa. 'Emong, gdvnxe 6tL 1o uéyedog
ToU xdie SeixTn Tonlel ONUAVTIXG POAO GTOV TEOTO TOL AVTIOEJEL 0 xdE deixTng %dTw
amo i Bleg ouviixeg xodig Aol oL BelxTeg BEV avTIOpoUV Ue Tov (Blo TPdTOo XL TO
B0 évtova. Télog, oL YpoVOoEIREC TV AMOBOCEWY TWY OEXTOY OV eUpavilouy Tic

(0eC LOLOTNTES UE TIC GEYIXESC YPOVOOELRES TV OELXTMV.

AéCeic Khedid
I'pdpoc OpatdtnTag, owovouxy xelon
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XYNOWVH

‘Onwe avagépinue xar otny tepthndn, o auth TV gpyacia €YOUUE WS OXOTO Vo e€e-
TAOOLUE TKS Ol XPIOELC, OXOVOULXES E(TE YENUATOOLXOVOULXES, EMNEEACOLY TOV TEOTO
Aertovpyiog Twv yenuatiotnelwy. T'a to oxomd authc Tne cpyactag Yo yenoylonol-
fooupe dedopéva Yo 20 yeovia, amo to 1996 péyer to 2016 yia Toug yerUac TNEL-
xoU¢ Oeixtec S&P100, S&P500 xou S&P1000. T'ow 6coug Gev elvor eCoxelwuévol ue
TOL Y ETUOTOOLXOVOULXE. aVaPECOUUE OTL auTol oL OeixTe amupTilovTon amo YETOYES ToU
oamparypoatevovTal 6To yenuatiotieo tne Néag Topxne xou tou Nasdaq.

O S&P500 amotehel yia TOAAOUEC TOV “avTNEOowno” TN AUEQIXAVIXTC OLXOVOULAC
xS oL ueToyéc mou Tov anopTiCouy €youv emAeyel UE TETOLO TPOTO OOTE OAEC Ol
Blounyavieg TNE YWEES VoL EXTROCHTOVTOL avahGYnS. Ot dAloL Buo delxTeg EMAEY UMM
Yoo Aoyoug aUyxpiong. O évag nepthopfBdvel Tic 100 mo onuavtixéc uetoyéc tou delxtn
S&P500 amd dmolm xepoharonoinone, S&P100, eved o dhhog amoptiCeton dno dAloug
000 deixteg, tov S&P400 %o tov S&P600.

Apynd mpéner vor avapépoupe OTL UTdEY0UV BUO EWBWY XPIOELS, OL OLXOVOUIXES
mou oyetilovial e TEPIOBOUE TTWON TN OXOVOULXTC BEUC TNELOTNTOC XUk OL YENUAUTO-
OWOVOULXES XploNE TTOU UTOREL VoL £Y0UV TN Lop)T| VoulouaTixc xplong, xelong yeéoug,
Tpamelic xplong xan andToung Tavong poYic XE@AAoLoU, Ue TNV TeEAuTalo vo oyeTileTon
Gueco e TN TodoT TNG CEPEEVNG X0 AVOLTIONGYIXNG oENONG TWY THIOY TWY PETOY OV
oto yenuotiotieto. H xplon tpolnohoyiopol cuvavtdrtal pévo oe Tpoedpixd GUG THHO-
o omwg twv HILA. xou oyetiCeton ye v aduvapio tne xufépvnong vo mepdoet Tov
TeoUToAOYLoU6 amd To xotvofolhio. Aev Ho evTpuPoOUUE TEPAUTEPW OTO OTNUElo AUTO
xodog LTdEYEL exTEVA avaopd ot xdie eldog xploeg oty BiBMoypagixn emoxoToN
¢ epyaotag.

Auté mou o&ilel ouwe va avagépouue o auTd To oNuelo elvor oL xploelg xou Ta
YEYOVOTO IOV EAAPBAY YWEOL GTO TRV LG TN MOOTE VoL YIVEL XATAVONTO GTO 0-
VoY VOO T TL oxeU30¢ ETBLOXOUKE péoa amd auTh TNV avdhuot). Ot Topatneroelc Tomv
XPOVooERGOY Tou €youue apyilouv otic 2 Tavouapiou 1996, wa tepiodo mou 1 Apepinn
Blowve wa Evtovn tohTixr avtinapdideon ye ta onuddlo Tne vo efval elgpavy| o€ OAn TV
owovopio e yopas. And ta péoa AexeufBplou Tou 1995 elye Leondoel xplon npolno-
Aoyiopol otny Aucpixn pe tov 6T Tpwdunoupyd Kiivtov va unv uropel vo nepdoet
TOV TPOUTOAOYLOUS TNG EMOUEVNG YPOVLAC ATt TO XOWOBoUAO xou TN BOUAT VoL avoxoL-
VOVEL AVIO TOAY| OAWY TV Un-amapatntwy utnpectwy yio 20 pyépeg. Ot Aettoupyleg Tng
Bouhrc dpytoav Eavd ota uéoa lavouapiou 1996 adld 1 avac TEo TeoT ToU TEoXA I NXE
OLAEUNOE VLol AEXETO XUEO.

"Hon amd ta yéoa tou 1995 ol Tiée Twv Yetoydy ota yenuotiothele Twv H.ILA.
nGAmaloy ywelc To HoXEOOOVOUIXd PEYEDT TNG YWEOS VO ALTIOAOYOUY QUTH TN po-

yoolar adEnom, ONUoVEYOVTIS Wi yernuatio Tnetoxr) oloxa. Kai evéy ou petoyéc o
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yenuartiothpo twv HILA. xéodilav ouveyne olia, To xahoxalpt Tou 1997 Eéonace 1
voutopotixr xplon oty Acia n omolo GOVTOUA THRE TNV HOEPY| OIXOVOULXTS XEloTg o
enextdinxe péyet tn Pwola npoxoravtag v Pwow xplon éva yedvo apydtepa. Tlo-
eOTL 1) xplom eV TpE BLUC TUCELS TAYXOOULAG XPIOoNG, Ol TOYXOCUIES oy 0RES Topdy ol
ONUOVTIXG ATO QUTO TO YEYOVOC.

H goloxa mou dpyioe va dnuptovpyeitan oo yernuatio et Tov HILA 10 1995 épta-
o€ 670 anoxoplewuA oTiC dapyés Tou 2000 6Tou xon 1) PoLoKY EoxAcE Xl Lo TER{0OOC
owovouxnc xplon Eexivnoe. Auty| ) xplor éueve Yvwo T ot o topia w¢ dot.com Aoy
™G porydalag avEmTUENG TOU YVWELoOY ETUEEC GTOV XAABO TNG TANPOPOPLXNC XoL TOU
xuplwg Tou BladwTiou. Ot TWES TwV PETOYWY EQTacay Ot TOAD younhd eminedo o
OLAO TN UEQIXWY UNVOY X0 YPEWUCTNXE TAVE amo 600 Yeovia U€YpeL oL deixTeg Vo emo-
vélJouv 610 Qualohoyd Toug entineda. To (Blo cuVERT xan oto Yéoa Tou 2007 dmou
TO YENUOTIO TAPLO EPTUCE GTA AVWOTEQPX ETUTEDN UETH OO EVAL PUAU OYEDOY BUO YEOVWV.
Ané tov Oxtopfeto tou 2007 xon péoa oe entd urvec ol dewteg éneoay xotd 37%. H
xplom cUVTOO UETATEATNUE O OLXOVOUIXT| XpioT) ETNEEALOVTOC TNV TEAYUTIXT] OIXO-
VOULA TNG YORAS EVE 0L BICTACELS EEMEPUOOY Tal GUYORA TNG YWEAS X0l TeoXhinxe
HLOL Ty XOOULOL OXOVOULXY XploT).

Koo Ty Sidpxeta aut| Tng xplong mpoxhfinxe xon tpamelixt| xplom Ue amoxoplpw-
wo To yeyovog tou MenteufBplou 2008. Mio and tig pueyohltepee Tpdmeleg TOU AUEPL-
x8vixou cuc THUNTOC 1) LehmanBrothers 6ev dvtee TIC AMWAEIES TOL TEOXA UMY o
NV %plomn xou GE GUVOLIGUO UE TNV devnoTn TNe XUPBEEVNONG Yol oVIXEQUALOTIONGT),
avaxowvwinxe otig 15 MenteyPen 2008 n ntidycuor tou Teanelxol WEOUATOS TEOXI-
AOVTAC VTOULVO aVTIBEACEWY TG0 0ToV Teamelxd GUGTNUN OG0 X0l OTNY TEAYHATIXN
olxovoula.

H €€oboc tne ywpac amo tnv ouxovouixy| xplon tou 2008-2009 oyeddv cuumintel
Ypovixd pe tnv xplon ypéoug mou Eéomace oty Bupwmnaixy Evewon (EE) ouc opyéc
Tou 2010 xon €mAnge xUPlWE T XPATN TOU GUUPETEYOLY GTO %06 vouloua. Kedtn
onwe 1 Hoptoyoria, 1 Iohavdia, n EAAGDo, n Itaiio, n Iomavia xa 1 Konpog mou
Blwvoy oxovouxéc BUOXOMES UE TO YEEOC TOUC Vo EETEPVAEL TAL OVIOTEQO ETUTPETTY
opta, avaryxdotnxay va {ntcouv owovouxr Bofleta amd TplToug opYavioUols OTwe
n Bupownoixy Ketpur) Tedmelo (EKT) %o to Awedvéc Nowopoatind Topelo (ANT).
H Atétna tou emdde opgioPrtnoe ty otadepdtnra tng Evpwlnvng xaw mpoxdieco
€VaL oY VPO OEOUO TNV ToryxoouLa. oovopio. ‘Onwg elvon puoxd, To YEYOVOS auTod
elye 1oy VUEd AVTIXTUTO GTA YENUATIOTHEL GAOU TOU XOGUOU EVG TUEOALYO amogelyUnxe
XOW Lol VoULoUaTXr) xplom.

H zeheutaior xplon mou éhafe ywoa auty| tnv mepiodo cLVEPn otny Kiva otic op-
Yéc xou tar péoa tou 2015. ‘Onwe cuvéfn otn Aucpixn oto Toapehdov d0o Qopés, €Tot
xou otny Kiva dnuioupyfinxe goloxa 6Tig TYES TV UETOYWY GTO YPNUATIC TARLO TOU

XATEANEE OE XATAPEELGT| TwY ayop®y. Tvac mpdTog Tavixdg dnuoupyinxe ota yen-
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wattotheta Tne Kivag otic apyéc tou 2015 ye Tic ayopéc vor oxohovoly uior TTewTixn
Topela, Vo aVOXGUTTOUY Xa GUVTOHOL VoL EAVOUTOvVOUY OF Ui Blapxr) TTwTixy| Topela
Tepl Tic opyéc AuyoloTou Tou 2015 6mou xaTEANPE UE TOUS YENUATIC TNELXOVS BEiXTES
NS Ywpeag va oy yllouy To yaunAotepa enimeda TNg dexaeTiog xa Vo Topacgpvouy poll
TOUC OTNY TTWTXY Topeio Tor UEYUADTERA YENUATIO THRLY TAYXOOHIKS.

ITpw ouveyloouue otnv clvioun meplypay| TG MEVOBOAOYING %ol TV ATOTEAE-
OUdTLY, Yo avapEPOUUE axoud EVa YEYOVOS TO oTtofo dev cuuminTel pe oo xplon
aAAG elye onuavTixny enidpaon oty ayopd OTws £dellay ta anoteAéopata. H apyr| Tou
2004 Aoy xardoplotin xadde cuunTinTeL ue THY x0pLYWST Tou ToAéuou oTo lpax 6Tou
CUUUETEYOUV Tal APERXEVIXO GTEUTEVUOTA, THY abénon Twv emitoxiwy aro Ty Edvixn
Tednela v HILA., tnv avdpenon tng owovouds yetd tny xpion tou 2000-2001 xou
™V Ty Tou TETEEANO VoL GTAVEL o€ acuVtioTar UYMAL eineda.

Metd and v avagopd oo Yeyovota Tng teptodou 1996-2016 civon e0xoho vou xo-
TOAGBEL XOVELS TNV ONUAVTIXOTNTO QUTAS TNE TepLddou amtd droln elelflewy. 2oT000
xplveTal avoryxofo vor BGCOUUE Xl Uiot TOCOTIXY auTlOAOYLoT 0To Ylotl emiAeloue va
Baoctloouue TNy €pELVE YOG OE AUTO TO YPOVIXO BLAC TN

Koutovrag xavelc v npdogatn wotopla, and to 1950 xan petd, n neplodog 1996-
2016 unopel va yapaxtnelotel w¢ 1 mo acTtadfc TEpLOBOS UE TOOES Xploelg Vo houBdvouy
YW ouctaoTd 1) uiot PETS TNV dAAN. Lo Vo cog BWCOUUE Lol TOGOTIXY DLAGTAOTG
™G aoTddelg O0TO YENUUTIOTARIO aUTH TNV TEEL6d0, o deixtng S&P500 tnv meplodo
1964-1984 elye tumxr) amdxAor 14 povdodeg, eve tny mepiodo 1996-2016 elye tumny
amoxAelon 360 povddes. Avapépoude TNV TUTIX ATOXALCT| WS UETEO oUYXELONG YTl
TV 600 TEPLOBWY BLOTL OTNY VEWElal TWV YENUATOOLXOVOULXMY YENOHLOTOLETAL (OC UECO
TocoTIXOTONoNE TOL ploxou Wwag ETEVOUOTC.

‘Evog and toug Adyoug mou emhéyinxay yenuoatiotneloxol deixteg and tig H.ILA.
oav Bdon yu Ty €peuva pag elvon xuplwe ot To Xpnuatiotiplo g Néag Todpxng
elvon To PeYaAUTERO Toryx0opinG 68 6poug xeQuAnonolnong. Ao TV AN Thevpa,
N Apepudvixn otxovouxd efval avieco oTic U0 THO LoYURES OOVOulES TayXooUiwe
poli pe v Kiva o 6poug Axoddpiotou Edvixod Ipoidvtog (AEID), eCaywydy xTA.
Eniong dev mpénel va E€yvae, OTL exel Eexivnooy ol TEeElC and TIC TECOEPLC PEYIAES
Yenuatiotneloaxée xploelg Tou awwva av cuteptiaBoupe T xplon tou 1928-1930 xou
v Madpn Acutépa tou 1987 6mou xou tar 600 yeyovota ftav enione amotéheoua
Yenuatiotneloxc @ovoxag. 2¢ teheutalo AOYo Vol avVaPEQOUUE TO YEYOVOS OTL ELOLXG
0 S&P500 etvan évog dewtng mou éyel ueAetniel Tol) oTo mopeddov ondte Vo fToy o
€0X0A0 VoL GUYXPIVOUNE TNV BOUAE(0l MaG UE TNV DOUAELS GAAWY EPELYNTAV.

[ot vou umop€coupe Vor avaADGOUNE PE TOV XUAUTERO TEOTO Tl OEQOUEVIL UAC XAl VoL
€YOUUE OGO TO DUVIUTOV XUAUTEQU UTOTEAEGHUAT, OLOYWEICUUE TNV UEYIXT YEOVOGELRY
o€ unto-TepLdBouE (ToEdiupa) xou LodeTRoaue TV PéY0Bo Tou XN ToL Tapadieou 6oy

000 cuveyoueva TaEdtupa €youy EmXdALYN BUO UAVKY EVE TO GUVOAIXO UAXOS TOU
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xdwe mapardioou etvar 3 prvec. H emxdiudn petadd twv dtadoyixoy mapodipny efo-
oQaN{TeL CUVEYELN GTOL AMOTEAECUATOL UG Ol PELWOVEL TNV TavOTNTAL VoL UTdPEEL XATOLo
yeyovog 1o ornolo dev Ya anotunwiel ota anoteréopata. To prxog tou mapadipoou
emAéynxe pe Bdorn to mopddupa Tou €youv yenotwonotflel amd dhhoug epeuvnTég
o€ ovTlOTOLYEC €PEVVEC TIOU APOPOLY YETUUTOOIXOVOUIXES OELOEC GAAG Xon WE [3dom
xdmotoug meptoplopolg Tou emPBARINXaY amd Tov ahybeulUO TOU YENCWOTOLACOE.
Hoapdupo unxedtepou urxoug Yo elwve auoInTd Ty alomo Tio TWV ATOTEAEGUTOV.

O alyobpuduoc mou yenowonoInxe oTny avIAUCT) TV OEGOUEVKDY Bev Vo To-
POUCLUCTEL OE QUTO TO ONUEID, WOTOCO ETLYEUUUATIXG Vol oVAPEPOLUE OTL AUTO TOU
TpoopepeL 1) uevodoyio Tou EQuEUOC TIXE E0W Efvan OTL umopel vor Btaxpivel av UL GeLpd
(1 ypovooepa) mopovatdlel (Bior otoryela Ue Wi Tuyaio oelpa UE auTooLGYETION UN-
O£V, 1) UE OTOYAOTIXY OELRd UE AUTOCUOYETION 1) Lol OELRE TTOU ToPOUGLALEL G TotyEla
XGOS EVE ToEAAANAN UTOREL VoL TOGOTXOTOLAGEL TO Bardiud TNG AUTOCUCYETIONG OE [l
otoyao T oelpd. Amd TNV GAAY TAEURA, LTEEYEL 1) DUVATOTNTOS BIAXELONG YIS ACU-
oyétioTa Tuyalag OELEdg amd Ui OELEE YAOUG oxXOUa XaL oY 1) OEUTERT EYEL “uoAuVIEl
ue YopuPo. To dhho yoapuxTnelc Tnd Tou alyopliuou elvar GTL UTOPEL VoL TOGOTIXOTOL-
HOEL TN UN-YROUUXOTNTA OF Wiot oelpd. AuTd tar 600 ototyela Yo avahicouuE TOG0 OTIC
QPYIHES OELPEC TV OELXTMV TOU TPoavapERdn oy ahhd xaL 0TI OELPES TwY AmoddoE-
ov. Emdudxouye va e€Tdo0UUE Xatd TOCO 0L XPICELS ETNEEGOAUY T YUPUXTNELO TLXA
TWY YPOVOOELPMY, 0L oV XUTE TN OIIEXELL TV OLUPORWY YEYOVOTWY ETNEEACTNXE 1)
UNFY QOUUXOTNTOL TOV Y POVOGELOMY.

To amoteréopata mopouvoidlovtar oTa yeaphuata 5.1 €d¢ 5.8 oto xuplwe Yépog
¢ epyaoioc. O ex¥étn ydupo detyver av o oelpd napovotalel Ti¢ (Beg WOLOTNTES e
Ulat AOUCYETIOTY) TUY o OELRd, UE YL CUCYETIOUEVT OTOYAOTIXY OELRY 1| UE WUid GELR
ydouc. O exdétn yduua .loovton pe — In (3/2) yio aouoy€TioTteg Tuyaieg oelpée, etvar ue
ueyohUtepog and —1In(3/2) yu oepéc mou poialouv Ue ydog xon elvor uxedTEROS omd
—1n (3/2) v otoyacTINéG OEIREC UE AUTOCUOYETION. LNy TeAeuTola TeplnTwoT), 6G0
O Wixet| €lvar 1 T Tou exéTn, dnAadr 600 mo ToAL mAnodlel 6To —1, Téco o
oy Len ebval 1) AUTOGUOYETION HETUEY TWV TMY, YEYOVOS TOU UEWWVEL TNV THavoTnTa
TOEATARNOELS OXEULWY THIMY.

Ané v dhkn TAcupd, 1 amdcTaor Helliger petald Tng xatavouhc TwY €06 Xal TV
€€e Badumy Tov xopueey ot tepintwon Twv I'edpwy Opatdtntog Tocotxonolel
UNFY QOUUXOTNTOL TV UTOTERLODWY o TNV U1 avaoTteehyudtnTa Toug. ‘Oco yeyahibtepn
N om6oTAoN PETOEY TV 000 XUTOUVOUWY TOCO O UN-YEOUUXY eivon Wia CEWRd EVED
oTNV TEPIMTOON Tou 1) 500 XaTavouES TAUTILOVTOL TOTE TPOXELTAL Yiol OTACYIES OELREC.
Puod autéd Tou Eépoupe and TNy Vewpla eivon OTL OL YENUATOOLXOVOUXES CELRES Elvall
un otdoec yeyovog To omolo emBefoncdveton xodidg yiow xavéva mapddupo ot dvo
XATAVOUES OEV ToTIGTNHAY.

Auté mou eivon mpogavég elvon OTL oL xploelg patvovtal vor enEedlouv Ta yopo-
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XTNEIO THE TwV Ypovooelpwy. Kdde xplon emnpedlel pe tov 8xd tne Hovadixd tpdmo
TO YENUATICTARLO, (KOTOGO XATOLYL XOWG. YORUXTNELO TG UTEEY 0LV UETUEY OAWY TGV
xploewvy. Apyixd auTtd TOU YIVETOL AVTIANTTO UE Uil TEMTY LaTld efvon OTL To Ypnuo-
TIOTAPLO avTIdEd SlapopeTixd oe dVo eldn xplocwy, auTtéc Tou AouPdvouy ymed 6To
e€wTepnd TEQIBAANOY NS ayopdc, €lte duEco Elte €UUECO, o AUTEC TOU OTULOVE-
YOUVTOL EYYEVWS OO TNV oyopd. LTny und PEAETY Teplodo oTnv delTepn xatnyopla
avipeouy ot povoxeg tou 2000 xar Tou 2007, evey OAEG oL dAAeS xploElg avrixouy GTNY
TEOTN xoTNYOopEloL.

To yeyovég 6Tt o exdétng yduua dev epgoviCel ueydin cUCYETION AVAUESH OTOUG
oeixteg, 0.43 eivar 1 ouoyétion uetall tou S&P100 xou S&P500, onpaiver 6Tt o (Biat
YeyovoTa Bev ennpedlouv To Blo Toug Belxtec. 20T600, OTWC PaUiVETOL OTIC TEPLOBOUC
TV %ploewy 0 extétng Yduua axoroviel oyeddY ot UEYdAO TOGOGTO x0T TopEla ot
Yoo Toug Teeic detxtec. To (Blo dev ouufaivel OUWS aVAPESH GTIC CELRES TV ATOBOCENY
TWY OETWY XL TIG 0PYIXEC OELREC TV dexTwy. O exdeétng yduua tTng oelpde Tov
amoBOGEWY BEV LOLALEL VoL GUUTIOREUTOL UE TOV avTioTotyo exdétn Tne xdie oeipde. Ko
OTIC TEEWC MEQITTWOT), N CUCYETIOT Tou ex¥ETN Yduua UETo) TwV OmOBOGEDY XL TV
AQYIXWY OELRMV TWV BEXTOV Elvon oyedOY undev. Erlong, 1 oelpéc v amoddcewy dev
pabveTon Vo Taipouotdlouy BLUPORETIXG. YUPUXTNELOTIXG XoTd T1) OLIEXELX TKV XPIOEWY.

O exdétne ydupo detyver 611 ol xploeic emnpedlouv Tic ayopéc. ‘Otav 1 xpion
OnUtovEYElToL EVOOYEVAS, GTNY TEPITTWOT TOU UTHEYEL ONAUGCT| POUCKI GTO YENUTI-
oThpto 1) omolo £o%AOE, Ol BEIXTEC CUUTEQLPEPOVTAL GTOY UG TG ot PE HEYSAO Pordud
QUTOCUCYETIONG EVL TUREAANAL 1) UN-YEUUUIXOTNTO TNV YPOVOCEIQMOY UELOVETOL.  XE
x&de GAAT MERiTTWON oL BEIXTEC CUUTEPLPEPOVTAL Gy YEOG TOU GLUVOBEVETOL PE aOENOT
NG UN-YRUUUIXOTNTOC TWV CELRWY YEYOVOS TOU Efval TAHRMS AVOUEVOUEVO oV AABEL
xavelc uTodmy Tou 6TL To Ydog efval dEENXTA CUVOEDEUEVO UE TA U1 YROUUULXS CUC THATAL.

‘Eva eniong onuavtixd anotélecya eivan 611 10 péyedog Tou BelxTn enneedlel To
TOCO UrFYeouuxy etvor war oglpd. Katd yevixr) oporoyia 660 mo mohhég yetoyég ou-
urepthopfdvovton oe €var BelxTn 1600 To un-yeouuixy| Tivel va elvor 1) ypocooELpd Tou
OEXTY YEYOVWE TOU PELOVEL TNV TEOBAETTIXT XUVOTNTA TV ENEVOUT®Y. Onwe ¢olve-
Tow 07O Ypdpnua 5.7 1 yeovooelpd tou S&P1000 eugavileton vo GUUTEQLPEPETAUL UEXETA
O UMY PUUUIXG OE OYECT) UE TOUG GAAOUC BUOo Oeixteg eved 1) uéom T yia Tov S&P500
Lemepvdel Ty avtioTotyr) Tou S&P100.

Evtinwon npoxahel To yeyovog 6Tl mapdTt o amoteAEouaTo OV Elvor XordOAOU oV TL-
QaTXd PETAED TOUG, WO TOCO GUYXOVOVTAL UE TNV Vewplol AmodOTIXWY oyop®Y OTOU Ot
TWES 0L XAUTA GUVETIELOL XOUL OL OTOBOGELS TWV PETOY OV TRETEL Vo eppaviCouy (Blor yopo-
XTNELO TG UE OCUOYETIO T TUYOUES GELRES XAl VoL UNY UTIAPYEL 1) BuVITOTNTA TEOBAEdYNC
amb TNV TALUEE TwV ETEVOUTWY. 20T600 e Bdon Ta anoteAéopata 00TE Ol ATOBOCELS
TWY OETWY OUTE Ol UPYIXES OELPEC TWV OEIXTOV PUIVETOL VO CUUTEQLPEQOVTOL TUYO-

fo. To ydog emrtpéner v Bpayunpddeone mpoBiedng eve 1 Uupn aUTOCUCYETIONG
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evlapplvel T6co Ty Beayunpddeoun 660 xou TNV paxponpdieoun teoBiedn und TEo-
Onovéoelc.

Auth 1 extevrc mepiindm ohoxinpdveTon €8¢ xaL UETE TNV GUVTOUT| AVOPORd OTA
aroteréopata g épeuva. To undrono tng epyaocio etvar Ypouuévo oto ayyAxd xou
TOEOXATL UTOPEL XATOLOC VoL Beel OAEC TIC TEYVIXEC AETMTOUEPLEC OYETXE UE T1) Uevo-
ooloyla 1) To OEdOPEVAL
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INTRODUTION

Financial markets is the place where people buy and sell financial products such as
currencies, stocks and derivaties. The average daily trading value was approximately
US$169 billion in 2013 for the New York Stock Exchange which is more than the
annual Gross Domestic Product of Algeria, the fourth strongest economy in Africa.
As many people claim, stock markets are a billion dollar bussiness and milllions of
people are invovled in this industry.

Investors try to guess or as they claim to predict future prices of financial prod-
ucts but no one actually can accomplish this consistenly. And this unpredictability
of the market challenges more and more people. Many models have been developed
in order to predict the price of stock in the future by using either quantitative or
qualitative methods. A broad range of tools coming from different fields has been
used so as to predict the market. Quantum finance, financial econometrics, mathe-
matical and quantitative finance, neuro-finance and behavioural finance are different
branches of finance science that represent tools coming from the corresponding field
of research.

Although the main challenge in the field of finance is the forecast and prediction,
in this work we do not try to predict anything but rather to investigate if crises
affect the way that financial markets work and if all crises have the same impact
on the financial markets. We recruite an algorithm who originated from the field of
statistical mechanics in order to analyze financial data. More specifically, by using
data with a frequency of five minutes and by analysing them by mean of Visibility
Graph and Horizontal Visibility Graph, we attempt to find some common patterns
among all crises.

The dataset, that we obtain, contains observations for twenty years for the in-
dexes S&P 500, S&P 100 and S&P1000. For the purpose of our analysis we will use
the first two indexes and the last one will be used only for comparison.

The most common problem that people analysing financial time seires face is
that financial series are characterized as non-stationary series and most models can-
not perform well under these circumstances. As a result, most people study the
bahaviour of return series instead of the original series. The algorithm that we re-
cruite do not underperform even in that case. This work is the first attempt to
analise stock price series and not return series.

The Horizontal Visibility Graph has been developed in a theoritical framework

15

12/05/2016 WnoiaknA BiBAI0BAKN OedppacTog - TuAua MewAoyiag - A.M.0.



Michail Vamvakaris

and has never been actually applied to any real data. The Visibility Graph has
been used for real life data analysis but even in that cases the data was not related
with financial time series. So, this work is original and innovative since we apply for
the first time the Horizontal Visibility Graph in real data and the purpose of our
research deviate from the traditional reseach in the field of finance.

In the following section there is a brief introduction to economic crisis theory,
network theory and existing literature regarding the model applied to data, in section
three we talk about the methodology, section four is dedicated to a brief description
of data used for the purpose of this work. Results are presented in section five and

we close in section six with the conclusions.
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Chapter 1
LITERATURE REVIEW

1.1 Economic & Financial Crisis Review

If someone searched in a dictionary for the Complex Systems definition, he might
come across the following description:

"A Complex System is composed by many diverse and autonomous parts which
are interrelated and inter-depended since they are connected through interconnec-
tions/links. Consequently, behaviour of a complex system arises from the interaction
of its indiwvidual parts and cannot be predicted from the properties of the components."”

In our modern societies examples of complex systems can be found in many
fields, such as sociology, neuroscience, chemistry, artificial intelligence, economy etc.
In this work we only focus on the study of the economy in particular throughout
periods of economic crisis. Yet, before proceeding with the main part of this paper,
we should define what a crisis is, recognize its different types and study how a crisis
can be propagated into the system.

In any system, a crisis is defined as period of very poor performance of the
system, which renders an immediate corrective action imperative. Thereafter, an
economic crisis, generally speaking, is a period of dismal economic performance.
However, since economy is a complex system, a crisis could be triggered by a crisis
having occurred in a component of the economic system which then propagates into
the whole system. The great range of components is responsible for the different
types of possible crises which are analyzed below.

The two major components in the economic system is the real economy and the
financial industry. When a crisis is triggered by a poor performance of the real
economy then we refer to recession or depression, depending on the magnitude of
the crisis, otherwise we refer to a financial crisis. These two major parts can be
partitioned into smaller parts and as a result there is a very rich list with names
describing different crises regarding where the problem originated from. We will
delve into details only for the most common types of crisis which are recession and
depression known also as economic crisis,as well as financial crisis such as currency
crisis, debt crisis, bank crisis and sudden stop.

As the National Bureau of economic research suggests: "A recession is a signifi-

cant decline in economic activity spread across the economy, lasting more than a few
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months;- normally visible in real GDP, real income, employment, industrial produc-
tion, and wholesale-retail sales. A recession begins just after the economy reaches
a peak of activity and ends as the economy reaches its trough. Between trough and
peak, the economy is in an expansion. Ezpansion is the normal state of the economy;
most recessions are brief and they have been rare in recent decades.” Recession is a

part of the business cycle, yet an unpleasant one.

Another description of recession is as "an important drop in the economic activ-
ity for example industrial production, employment, real income and wholesale-retail
trade, usually lasting more than a few months. The prevailing opinion dictates that
a recession is a drop in quarterly gross domestic product (GDP), after being inflation

adjusted, for two consecutive quarters.”

In most cases depression describes an extreme recession which usually lasts more
than two years. A remarkable increase in unemployment rate, a dwindling industrial
output, bankruptcies and sovereign debt defaults, reduced trade, and a volatility in
currency values are some of the symptoms of depression. At such times, the trust
of the consumers and investments in real economy diminishes, causing a severe drop

in the economic activity.

Despite the existence of definitions describing both recession and depression it is
still difficult to pinpoint the exact date at which a crisis initiated. Economists still
disagree partially about the definitions; they are indeed really abstract, and many
statistical models have been developed in order to trace the beginning and the end
of a crisis without being particularly successful. Most of the times we realize that
a crisis has begun by observing either the reaction of financial markets or other

macroeconomic factors but such methods are prone to delays in observtion.

However, before proceeding with defining financial crisis, we have to define a
very special type of crisis that appeared twice in US economy in 1996 and 2013, the
budget crisis. The reason we mention this particular type of crisis is that both events
of budget crisis coincide with the time interval under study. A budget crisis can
happen only in presidential systems and can be described as the situation in which
the government provisionally suspends non-essential services because a government
budget has failed to passing. Politically speaking, a budget crisis may develop in a

situation of disagreement between state and civil society.

On the other hand, as mentioned before, financial crisis can be partitioned into

currency, bank, debt or sudden stop crisis. The definitions of these crises are more
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concrete; However, there is usually an overlap among them since the initiation of
one crisis will cause the initiation of another crisis at the same time. At this point
it is worth mentioning that real economy crisis can trigger a financial crisis and also

a financial crisis can be rapidly transmitted into real economy.

As International Monetary Fund (IMF) claims "While financial crises have com-
mon elements, they do come in many forms". Some of the most common elements
are essential change in assets prices, large scale balance sheet deficit and financial
support of the government either in form of recapitalization of the banking sector
or providing liquidity to the economy. On the other hand, financial crisis does not
come out of the blue but in most cases there is an event that triggers the crisis.
Abrupt bank runs, contagion among financial markets, existence of asset price bub-
bles, credit insolvency and fire sales are on the top of the list with events that drive
the economy out of equilibrium. Events with asset and credit booms that sooner or
later burst are linked with almost all type of crisis in the financial sector. According
to the report with the [3|, published by IMF, "there are two types of financial crisis
those classified using strictly quantitative definitions; and those dependent largely on
qualitative and judgmental analysis. The first group mainly includes currency and

sudden stop crises and the second group contains debt and banking crises.”

A currency crisis emerges when investors believe that there is a lack of foreign
exchange reserves and thus doubt the ability of a central bank to preserve a fixed
exchange. This type of crisis is usually followed by a speculative attack resulting
in a devaluation/depreciation of the local currency in the foreign currency markets
causing the government to respond immediately. The government intervention could
take many forms such as increasing the interest rates sharply , forcing capital controls
or even expending a large amount of the international reserves. A currency crisis is
often correlated with a real economy crisis but it could also be the aftermath of a
prolonged period of payments deficit. A strongly quantitative definition of currency

crisis is given by [5] as a nominal depreciation of a currency of at least 25%.

A sudden stop is a terminology for describing either a large and often sudden
decline in international capital inflows or a dramatically swift reversal in the capital
flows to a country. Sudden stops are commonly associated with decrease in produc-
tion, private spending and consumption as well as a depreciation of the exchange
rate. This type of crisis can be classified by a quantitative definition as follows;

sudden stops are commonly described as periods that contain at least one observa-
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tion where the year-on-year fall in capital flows lies at least two standard deviations
below its sample mean [2].

We refer to a debt crisis in case a country cannot or for political purposes refuses
to service its sovereign or foreign debt obligations. In the case of foreign debt crisis,
the government does not complete a payment to its borrowers while a sovereign
debt default can take two forms. One option is to refuse to service its domestic
fiscal obligations by defaulting explicitly or the other option is to devaluate its
currency triggering inflation in its economy. The problem with this type of crisis is
that, even though we know the exact day that the government defaulted, we can
never be sure when the crisis is over, an issue on which economists still have not
expressed a unanimous solution.

The final form of financial crisis that we may face in this work is the banking
crisis. It is mostly due to abrupt cash withdrawals caused by a sudden decline in
depositor confidence or fear that the bank will be closed by the chartering agency.
Since banks save only a small amount of money it is possible that they will run out
of liquidity or they go bankrupt.

Since the deeper purpose of this paper is to analyze the reaction of stock exchange
markets to different kinds of crisis by means of Visibility Graphs, we thought it would

preferable for the reader to know in advance some details about economic crisis.

1.2 Fundamentals of Graph Theory
1.2.1 Graph Definitions

Many people in their daily life deal with or participate in one or another kind
of networks but only some of them have ever thought about it. From computer
networks, to social networks and from road network to financial markets networks,
all of us are involved in a kind of a network structure. Graph, on the other hand,
is the vehicle for the mathematical modeling of networks. In this work we mostly
work with graphs, and for this reason we start by defining what a graph is and then

citing some properties.

Simple Graph

A simple definition of Graph is: "A graph is a collection of vertices that can be
connected to each other by means of edges. In particular, each edge of graph joins
exactly two vertices [13] or equivalently "A graph is a way of specifying relationships
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amonyg a collection of items. A graph consists of a set of objects, called nodes, with
certain pairs of these objects connected by links called edges” [4].

Translating this abstract description into a mathematical definition we obtain:

Definition 1. A graph G consists of a collection V of vertices and a collection of
edges E, represented by G = (V,E). Each edge e € E is said to join two vertices,
which are called its end points. If e joins u,v € V, we write e = (u,v). Vertex u and
v in this case are said to be adjacent (or neighbours) and degree (x) is the number
of vertices adjacent to any particular vertex v € V. Edge e is said to be incident

with vertices u and v, respectively [13].

This definition corresponds to the simplest form of graphs one can meet. But

here some questions arise:
1. Is it possible for an edge to start and end at the same vertex?
2. Is it possible for two vertices to be connected by more than one edges?

In both case the answer is "Yes". In the first case we say that there is a loop in the
network while in the second case there are multiple-edges. A graph where there is

no loops and any multiple edges is called a simple graph.

Regular & Complete Graph

A special case of a simple graph is when all vertices are connected with each
other and the graph is called complete. If this is not true, yet it is possible for all
vertices to reach any other vertex, the graph is call connected, otherwise it is called
unconnected and consequently there is at least one vertex in the graph with x = 0.
Another special form of graph is one where all vertices has the same x degree and

this graph is usually named x-regular.

Directed Graphs

In a simple graph, an edge e = (u,v) is an unordered set and the graph is called
undirected. However, this is not always the case. Many real life graphs are modeled
as directed graphs, which means that a vertex A can access vertex B but not the
opposite. In this case, an edge connecting two vertices is an ordered set e = (u, v).
Directed networks are common in a transportation networks, for instance the route
map of a shipping company where the direction shows where the destination of each

route it.

23

12/05/2016 WnoiaknA BiBAI0BAKN OedppacTog - TuAua MewAoyiag - A.M.0.



Michail Vamvakaris

Weighted Graph

In addition, in a simple graph an edge indicates that there exists a relation
among two vertices; this type of graphs is called unweighted. When there is a need
for quantifying the relation among vertices then, the most appropriate way of doing
this is by means of weighted graphs where the weight could be, for instance, the
distance among two cities or how many times per month person A and B meet each
other or even the work load that moves from one stage of the production process to
the next one.

By now, we have defined what a graph is and we have referred to some classifi-
cation of graphs based on some properties they have. In the rest of this section, we

will mention some measurements that uncover details regarding network topology.

1.2.2 Properties of Graphs

Degree Distribution

Degree sequence is a list which contains the degree of each vertex of the graph.
By normalizing the frequency of each distinct degree x in the degree sequence, we
obtain the degree distribution. As it is mentioned below, random networks have an
exponential degree distribution while scale free networks have a power law degree
distribution. Degree distribution gives us, indeed, much information regarding the
corresponding graph but in most cases it is not enough when one would like to
compare the structure of two different graphs. For this reason we examine the most

broadly used measures of a network.

Diameter & Radius

Path is an ordered set of edges that connects a sequence of distinct vertices or
equivalently, path is a sequence where there are no repeated vertices. If the path
starts and ends at the same edge then we refer to a cycle. The shortest path between
two nodes is the path among all possible paths with the minimum length and is called
geodesic. The length of the longest shortest path in a graph or otherwise the length
of the maximum geodesic is called diameter of a graph while the shortest geodesic

is the radius.

Clustering Coefficient
Another measure that sheds light into the way that vertices are connected with

each other is the clustering coefficient (cc). Clustering Coefficient measures to which
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degree vertices of a graph intend to cluster together. The basic idea of this mea-
surement 1s to examine whether two vertices, which are incident to the same vertex,
are also incident to each other; in other words if these three vertices form a triangle.
There are two different versions of the index, the local and the global one.

In the case of the local clustering coeflicient (clustering coefficient of a particular
vertex), the index equals the ratio of the number of triangles formed by a particular
vertex i and its neighbours to all possible triangle that could be formed. Of course
the highest value of this index can be achieved in the complete graph where all nodes

are incident with each other. The mathematical definition of this index is given in
[13]:

Definition 2. Consider a simple connected, undirected graph G and a vertex v €
V(G) with neighbor set N(V). Let n, = |[N(v)| and m, be the number of edges in the
subgraph induced by N(v), i.e., my, = |[E(G[N(v)])|. The clustering coefficient cc(v)

for a vertex v with degree k(v) is defined as

CC(U) — (2) ny(ny—1)

Undefined otherwise.

The global clustering coefficient or otherwise known as transitivity, is defined as

na(G)/na(G),

where na(G) is the number of all distinct triples and na(G) the number of all distinct

triangles.

Density of a Graph

The last metric to be cites here is the density of a graph. In fact the density
give us some information regarding how close to the complete graph is the graph
under investigation. The mathematical definition is quite intuitively, the number of
edges existing in a graph over the number of edges of a complete graph with the
same number of vertices m/ (g) where m is the number of edges in a graph and n the

number of vertices.

1.2.3 Common types of Graphs

So far we introduced the most important indicators that can give us an insight

into the topology of the network. In the next few pages, there is a reference to
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some types of networks that always exhibit the same properties: Random networks
introduced by Erdos and Renyi in 1959, Small-world network by Watts and Strogatz
in 1998 and Preferential Attachment networks introduced by Albert-Barabasi in
1999.

Random Graph

A random network (ER) is a simple graph in which all pairs of nodes are con-
nected with a fixed probability p, where 0 < p < 1 and as the probability p increases,
it is more and more probable to observe a denser graph. In other words, given a
set of n vertices and for all (g) potential edges, each edge will appear with the same
probability p. In addition, this means that the total number of edges in a random
network will be approximately (g)p For this reason, there are two different ways to
represent this networks, G, where n is the number of nodes and p the probability
of the existence of an edge between, or otherwise G,, where e is a fixed number of
edges existing in a graph.

Intuitively, all graphs with the same number of nodes and the same number of
edges or the same probability p are equally likely. A G, . graph is selected uniformly
at random from the set of all possible graphs with number of n nodes and e links.
A Gy graph is created by connecting vertices in an arbitrry manner.

Regarding the topological properties of random networks, it is worth mentioning
that the degree distribution follows a binomial distribution. The probability of a

n—-1-k

particular vertex to have a degree x equals with p*(1 —p) and as a result for the

whole network the probability of obtaining a vertex of degree k equals with

-1
P[K(u) =] = (n )p’“(l —p)" .
K
On the other hand, the clustering coefficient of an G, equals the probability p
while the average path length of a random network can be calculated by

s Inn-—y

d(H) =

+ 0.5
Inpn

where y is the Euler constant and d is the average distance among all vertices [13].

Small-world Graph
A small-world network incorporates in fact the properties of ER networks but

the important difference appears in the clustering coefficient. While ER networks
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display small average path length and a small clustering coefficient, the small world
networks exhibit small average path length and a clustering coefficient significantly

higher in comparison with random networks.

This is a type of graphs where, even though most nodes are not connected with
each other directly, most nodes can reach any other node in the graph with only
a few steps or equivalently the average path length is small. Nodes are usually
connected with other nodes by more than one short path. In small- world networks
the distance between any two arbitrary nodes increases pro-rata to the logarithm
of the number of vertices N in a graph, L oc log N, and it can be proven that the
maximum distance among two vertices cannot be larger than (n/k) where n is the

number of vertices and k the mean degree.

In literature, there are some algorithms for constructing a network that exhibits
small-world properties, yet the most broadly used is the Watts—Strogatz mechanism
(WS). At this point, it is worth mentioning the WS mechanism since it is a simple
one and will uncover the underlying similarities between small-world and random

networks.

We can start by assuming that there is a set of n vertices and an even number
k such that n > k > Inn > 1. In the first step, we order all vertices into a ring
and then, link each vertex with the first x/2 nodes on its right side (clockwise)
and the first k/2 nodes on its left side (counterclockwise). In the second step, we
replace each edge (v, h) with an edge (v, u) with probability p, where u is an arbitrary
selected node from V(G) other than h, and such that (v,u) does not belong to E(G)
. Obviously, as p increases from 0 to 1, the network becomes more and more similar

with a random network G, .

It is proven that for any graph G constructed with the algorithm proposed by
Watts-Strogatz such that the clustering coefficient is equal to

cc(G) = Zgz : i;

In addition, it is also proven that the average path length of every Watts-Strogatz
graph can be approximated by

d(u) ~ (n—l)(;:{;—rc—l).

Regularly, small-world networks are characterized by an over-abundance of hubs
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and by hubs we mean nodes with a high degree in comparison to the average degree
of the network. Existence of hubs can facilitate the minimization of the average

path length.

Scale-free network

The last kind of networks that we cite is the scale-free network. A definition of
a scale-free network is that its degree distribution follows a power law P(k) ~ k™%
distribution regardless of any other property the network has. This means that there
are only few nodes with extremely high degree and that the number of nodes with a
high degree decreases exponentially. Commonly, « lies in the interval |2, 3] but this

is not always the case.

In a scale free network it is common for the clustering coefficient to decrease
as the degree of a node increases. This happens because nodes with low degree
form dense sub-graphs and those sub-graphs are linked to each other through hubs.
If hubs are connected to each other depends on the network structures. There
are some networks where hubs tend to be connected to each other, for instance the
world network of airports, while under different circumstances hubs tend to be linked
only with low-degree nodes for instance in biological networks. This phenomenon

discloses a hierarchical structure in the network.

In comparison to other types of network cited above, scale-free ones hve the
most robust network structure against failure and this comes from the hierarchical
structure of the network. Since the majority are low-degree nodes and a failure
occurs randomly, the probability for a hub to be affected is very small. And even in
the case that a hub is affected by a failure, the network will not lose its connectedness
because of the remaining hubs in the network. However, in case that the failure of
nodes is not random but targeted it is much easier to decompose a scale-free network
by targeting its hubs.

Albert and Barabasi have proposed an algorithm for constructing scale free net-
works. Beginning with a network with ng nodes, at each time step we add m new
nodes. Each of these m newly added nodes j will be connected with n < ng existing
nodes with probability p. The probability p for a new node j to be connected with
an already existing node i depends on the number of links that the existing node

has.

Mathematically speaking, the probability p that a new node j will be connected
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with an-existing node i is calculated by:

Kj

25 Kj

y4i

where k; is the number of links of node i and the sum is calculated over all pre-
existing nodes j. The higher the degree of an existing node, the more probable is
for a newly added node to connect with it. This is the reason why highly connected
nodes are tend to be become even more connected while nodes with few are not
appear to be so attracted. This is the well-known preferential attachment principle
described in[1].

Regarding the properties of scale free networks, we know that the average path

length increases almost logarithmically as the size of the network increases. The

In N
Inln N>

average path length is well approximated by [ ~ where N is the number

of nodes in a network. On the other hand, the clustering coefficient cannot be

calculated analytically, but an empirical approximation suggests that cc ~ N70-7,

1.3 Visibility Graph Theory
1.3.1 Natural Visibility Graph

Recently, a novel method has been developed which maps a time series into a

network which inherits some properties of the initial time series. As a result one can
apply network theory analysis on the Network produced by Visibility algorithm in
order to extract useful results regarding the corresponding time series. It has been
found in [8] that periodic time series are converted into a regular network with a
discrete degree distribution which is plotted with a finite number of peaks related to
the period of the initial series, random series are mapped into exponential random
networks and fractal series are converted into scale-free networks, supporting recent
evidence that power law degree distributions are related to fractality.

Every series data from the initial series corresponds to a node in a Visibility
Graph (VG) and two nodes are connected to each other only if visibility exists
between two nodes. Two arbitrary observations (y,, t;) and (yp, tp) have visibility if

for every observation (y., t.) such that t, < t, < t, the following holds:

(tb - tc)
<yp+ Ya—yp)——.
Ye < Yp + (Ya — Up) 1y — 1)
Figure 2.1 is a graphical representation of this mapping algorithm.
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Figure 1.1: A graphical representation of the mapping a time series into a network.
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The main properties of a visibility graph are:

1. It is connected since all series data “sees” at least the previous and the following
data observation. The degree k of each node lies between

2 < k < n—1 where n is the number of series data.

2. The outcome of the visibility algorithm is by default an undirected graph.
However, the graph can easily been transformed into a directed one if the
degree of each node is divided into ingoing-degree (k;,) and outgoing-degree
(kout), which means how many nodes have visibility on a specific node i and

how many nodes can been shown by a specific node i ,respectively.
3. It is invariant under affine transformation of the series data.

4. It is unweighted. Nonetheless, this graph can be transformed into a weighed
one by using the slope of the visibility line that connects two series data heights
as weigths. By applying this method we can achieve reversibility in the process

described above.

A lot of attention has been drawn into fractals and self-similarity, it is interested to

investigate how visibility graph approach can identify fractal time series and whether
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it iis possible to recognize different types of fractality i.e. stochastic and determin-
istic fractality. Actually, the proposed methodology captures the hub repulsion
phenomenon associated with fractal networks and thus distinguishes scale-free visi-
bility graphs evidencing the small-world effect from those showing scale invariance.
As shown in [8], fractal series are transformed into scale-free network that exhibit
power law degree distribution while it is claimed that for fractional Brownian mo-
tions @ = 2.00 £ 0.01 and for Conway series @ = 1.2 + 0.1 where « is the exponent
of the tail of the degree distribution. In particular, it was shown also shown that
the visibility graph obtained from the well-known Brownian motion has got both
the scale-free and the small world properties. In addition, because fractal series are
described by its Hurst exponent it is possible to distinguish different types of fractal
series through VG since Hurst exponent and the exponent of the power law distri-
bution of the associated are linearly related. It is proven in [9] that the relationship

between Hurst exponent and power law distribution exponent is the following:
a(H)=3-2H

or equally:
(B-a)

H(a) = 5

where H is Hurst Exponent and « is the exponent from the power law degree dis-
tribution p(k) ~ k= Hurst exponent, known as the index of long-range dependence,
can take any value in the interval 0 < H < 1. If H = 0.5 the series is completely
uncorrelated, if H > 0.5 the series is strongly correlated meaning that a high value
is probable to be followed by another high value and also values a long time into
the future will also tend to be high. On the contrary, if case of H < 0.5 the series
is anti-correlated which means that a high value probably will be followed by a low

value.

1.3.2 Horizontal Visibility Graph
Horizontal Visibility Graph (HVG) is a methodology for mapping time series

into a network similar to visibility graph approach proposed above, yet the visibility
criterion is much simpler. The HVG is based on the following geometric criterion:
each data series is transformed into a node in the associate network and two arbitrary

data (y,,t,) and (yp, tp) are connected each other if for every data (y,t.) such that
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Figure 1.2: A graphical representation of the mapping a time series into a network with
the Horizontal Visibility Graph methodology.
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Figure 2.2 is a graphical representation of this mapping algorithm

In practice, HVG is a sub-graph of the visibility graph and as a result inherits
all the main property described above. However, it should be noticed that some
information is inevitably lost during this process of mapping a time series into a
network since two periodic time series with the same period with be mapped in the
same network. So, unless we use a weighted network, this process seems irreversible.
One can easily transform this process into a reversible one by weighting all edges

with weight that is equal to the height difference of the associated data.

Before proceeding to show how efficient is HVG in discriminating randomness
and chaos, we should present some important characteristics of the HVG. As proven
in [6] , a graph is a Horizontal Visibility Graph if and only if it is outerplanar and
has a Hamilton path. So, a HVG is a non-crossing graph. It is also implied that if
G is an HVG then minimum x(G) = lor2 and maximum x(G) < n — 1, where k is

the degree of a node and n the number of vertices.
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Discriminating Randomness and Chaos
By means of Horizontal Visibility Graph we can discriminate between random
and chaotic time series. More specifically, as has been shown in [12], the degree

distribution of any random time series converted into a HVG is

-3

regardless of the probability distribution f(x) . It is also proven that there is a close
relationship between the value of the series data and the degree of the corresponding
node in the associated graph.

Since the degree distribution of any random time series has an exponential form
P(x) = % (%)K_2 , it is shown that the HVG can discriminate between both low
and high dimension chaos and randomness in time series. The performance of the
algorithm is undoubtable since even in the extreme case where a chaotic time series
was polluted with 100% noise the algorithm could discriminate chaotic series from a
random one. It is important to notice that this methodology cannot quantify chaos,
instead it discriminates between chaos and uncorrelated randomness effectively.

In figure2.3, it is obvious that the semi-log degree distribution of the noisy chaotic

series diverges from the theoretical one of the random process.

Discriminating Correlated stochastic and Chaotic Processes

Based on findings above, it is easy to show that
1 /2 K—2
=13
) =313

can be rewritten as:

P(x) = exp Vun®

where the power law exponent y of tail of the degree distribution of a uncorrelated
random series is equal to y,, = In % In [11], has been shown that time series related
to correlated stochastic process has a degree distribution which is exponentially
decaying, although with a larger slope than that in case of uncorrelated random
series which means that ysocn > yun. At this point, we have to point out that in
correlated stochastic process the exponent y of the tail of the degree distribution is
in inverse proportion with the correlation strength of a time series.

The explanation is straightforward, the higher the degree of correlation of the
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Figure 1.3: The semilogrithmic plot of the degree distribution of a horizontal visibility
graph associated with (triangles) noisy chaotic series extracted from logistic map (u = 4)
with a measurement noise level of 10% (by amplitude) and (circles) idem but for noise
level of 100%. The solid line corresponds to the theoretical prediction of random series

PG = 4 (2) 12
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correlation function, the less probable is to obtain an extreme value on the data and
as a result the tail of the degree distribution becomes smoother. Consequently, as the
correlation strength of a time series decreases, the degree distribution approaches the
degree distribution of a random series i.e. y,, = In % Generally speaking, correlated
series present lower data variability than uncorrelated ones, and as a result the

possibility of a node to reach far visibility is diminishing.

On the other hand, it is found in [11] that in case of chaotic time series the tails

of the degree distribution can be well approximated by
P(k) = exp ¥

where y < y,n because a chaotic process has an HVG whose degree distribution has
an exponential tail with smaller slope than that of random process. In addition,
there are evidences of a net deviation from the exponential shape for small values

of the degree, which is associated to short-range memory effects.

As proposed, the calculation of y comes straightforwardly from the fitting of the

HVG’s degree distribution (concretely, the tail) to an exponential function.
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Irreversibility of Stationary Time Series

A physical process is time-reversible if the underlying dynamics of the process
are preserved when the coherence of time-states is reversed. More specifically, a
stationary time series is called time-reversible when the reversible time series and
its reversed time series have the same joint probability distribution. If a time series
is irreversible, then there are evidences for non-linear underlying dynamics in the
process. Whether a time series is reversible one or not is an important issue since
irreversibility is also related with entropy production.

For some processes is very important to know if they are reversible one or not
and for this reason have been developed many approaches for tracing irreversibility.
One method recently introduced is concerned about stationary time series and is
based on natural Visibility Graph and Horizontal Visibility Graph.

A directed HVG (DHVQG) is constructed by dividing the degree x(x;),i = 1,2,3. ..
of each node, into an ingoing-degree k;,(x;) and outgoing degree xq,:(x;) such that
K(x;) = Kin(x;) + Kour(xi). As kin(x;) is defined the number of past nodes that have
visibility on a specific node N; while ky,;(x;) is the number of future nodes which
the node N; has visibility on.

Before proceeding, an assumption has to be made. All information related to
the amount of irreversibility time series is stored in the ingoing and outgoing degree
distribution. Consequently, the amount of irreversibility of a series can be approxi-
mated by the distance between the ingoing, P;,(k), and the outgoing, P, (k),degree
distribution.

Kullback-Leibler Divergence (KLD) is tool coming from the realm of information
theory which can measure the distance between two probability distributions f and
q. Usually, probability distribution f is thought as the actual one based on available
data while the other one (q) is thought as the theoretical one. Given a random
variable x and two probability distributions on x, f(x) and g(x) the KLD is defines

as.

_ p(x)
D(pllq) = ZP(X) log )

xex
If two distributions are coincided in all points then the KLD equals zero, otherwise
it’s values is bigger than zero. This means that the higher the value of the KLLD the
more distant the two distributions are. In [10], has been shown that the informa-
tion stored in the outgoing degree distribution is sufficient to distinguish between

reversible and irreversible stochastic stationary series which are real valued but dis-
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Figure 1.4: In this figure it is plotted the P;,(x), and the outgoing, P,,:(x), degree
distribution.of a.chaotic time series, Logistic map where g = 4. We know that this process
is irreversible and it is obvious who the in- and out-degree distribution diverge [10].
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crete in time. By using the KLD, it is possible to quantify the divergent between the
in- and out- degree distribution, as well. In this particular case the KLD is defined

as:
Pout(x)
Pin(x) .

D(Pout (k)| 1Pin(1€)) = ), Pour (x) log

If KLD=0 the P,,;(x) = P;j;(x) and the time series is reversible.

It has also been proven that uncorrelated stochastic, linearly correlated stochas-
tic and both exponentially decaying and power law decaying correlated stochastic
series are reversible. On contrary, dissipative chaotic series, even in the case that
they are polluted with noise, are irreversible while conservative chaotic series are
reversible one. This process not only can effective discriminate between reversible
and irreversible series but can also quantify the level of irreversibility.

Although, the author of HVG has proposed the KLD as an apropriate measure
of the distance between the in- and out degree distribution of a graph, dealing with
real data some times can cause many problems. The KLD requires that there is no
P;n(x) = 0 nd also requires that the domain for both P;,(k) and P,,;(x). In case that
maximum Pj,(x) > maximum P;,(x) then, the distacne cannot be difined.

For the purpose of our work, we exploite the Helliger distance (H) as a measure
for quantifying the distance of the in- and out degree distribution. The H for two
descrete probability distributions P = (p1,p2,p3, ..., pn) and Q = (q1,92,93, ..., qn) is
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defined as

HP.0) = =\ D (VP - va*
i=1

If the value of H is equal to zero then, the series is reversible and there are not
any non-linear dynamics related to this particular process. Otherwise, the higher
the value of the H, the more irreversible a series is and the more non-linear dynamics

underly the process under study.

Irreversibility of non-Stationary Time Series

Non-stationary time series is a stochastic process whose joint probability distri-
bution does change when shifted in time and as a result regularly non-stationary
series are irreversible, with some exceptions. Consequently, parameters such as the
mean and variance, if they are present, also do change over time and follow some
trends. As a result, non-stationary series are irreversible since statistical properties
of a non-stationary process vary over time. However, one could argue that there
should exist different degrees of irreversibility in non-stationary processes if we take
into consideration the source of irreversibility in close relation to directionality (or,
in other words, to underlying sources of memory): for instance, a Markovian random
walk should arguably be “less irreversible” than a non-Markovian one, even if both
are non-stationary [7].

The methodology for quantifying irreversibility in non-stationary time series is
the same the one proposed in the previous section. However, what differs is that for
non-stationary series that are actually reversible, specific examples will be cited be-
low, the KDL(P;,||Pyy:) will have a positive value for finite-size series and approached
zero as the size of the series increases.

It is interested to refer some special cases whether even though the series is

non-stationary, it is actually reversible. Simple random walks in the form of:
X1 =Xi +¢&

where & € [-1,1], are reversible time series and non-stationary at the same time.
There are also some other case where even the series is non-stationary is in practice
reversible but there is no point in delving into more details for the purposes of this
project.

To summarize, the above described process not only can effective discriminate be-
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tween reversible and irreversible series but can also quantify the level of irreversibil-
ity. It is well known that financial times series are non-stationary and irrevesible

process.
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Chapter 2
METHODOLOGY

So far, we have cited all available literature regarding the algorithm recruited for
the purpose of this research. In this section, we describe the whole process from the
data analysis and the algorithm implementation while in the next section there is a

particular reference in data used in the context of this paper.

There are some questions we should answer before proceeding into results, in
order to give an overview of our reasoning to the reader. Why did we choose to
proceed our research with one process out of all proposed methodologies for analysing

financial data? This question will be answered in the remaining of this section.

To begin with, even though in the literature review section we refer to both
Visibility Graph and Horizontal Visibility Graph method, in this work we focus on
the HVG. There are three different reasons why we did select HVG. First of all, since
the HVG is a filtration of the VG it is much less computational expensive and if one
takes into account the enormous amount of data, we could not have completed this
project otherwise. To give you a flavor, to map a time series of 5800 observation
into network trough VG method we need more than twenty hours (without using
any parallel programming method) while to complete the same work with the HVG
it requires on average one minute. Secondly, the VG has been already used in some
papers as method for analyzing real data something that is not true for the HVG.
Finally, as one can realize by studying the literature review, the only thing that VG
offers while HVG does not, is the calculation of the Hurst exponent, an index of
memory in fractal Brownian time series. Although in financial markets it is very
important to quantify the memory of the market under different circumstances and
this is an index of how efficient markets works, this issues has been extensively
studied so, there would be no innovation in our work by studying once again this

issue.

Since we investigate how different types of crisis have affected the US stock
market in the recent history, we have to break the initial data set into smaller
series (windows) and study the behaviour of each particular window. But before
proceeding, we have to decide what should be the length of the window of our study,
if we will use the method of rolling window and if so, what should be the overlap

between two consecutive windows or the method of non-overlapping windows.
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It is generally accepted that stock market time series are characterized by au-
tocorrelation which means that past prices affect future prices. However, the very
long history does not offer any information for the future and so a proper interval
should be specified. Bearing this in mind and after looking for the time interval
that other researchers used in their paper, we concluded that the proper interval is

a window with length three months.

Moreover, looking into historical data of the index S&P 500 for the last two
decades, there were six major market crisis and in three cases the index recovered
into pre-crash levels within 40 to 50 trading days which is close enough with a
window of 71 trading that we selected to use. Because of the aforementioned reasons

we choose to work on time intervals of three months.

Given the fact that the HVG is a filtration, part of information is lost during
the mapping of a time series into a network. For this reason there is approximately
a minimum number of observation that a series should contain in order to obtain
robust results. After some empirical experiments, we found that the best length for
the window is three months or 5800 obsevations and this number almost coincide
with the number of observation that the author of the HVG methodology implicitly
set as minimum required number (6000 observations). More details in the next

section.

Having specified that the length of windows under study is 3 months, we decided
to work with the method of rolling window in order to achieve a continuity in our
results. As it is also mentioned in more details below, what we study with the HVG
method is the average behaviour of the market over a specific period of time. In
case we had selected the method of non-overlapping window, for instance, we would
have missed information in case that something have happened within the second
half of a window and the first half of the next window. This method is also the

prevailing method used by people how make research in the field of finance.

Applying a rolling window to a data set requires to be specified both the length
of the window and the overlap between two consecutive windows. In case that the
overlap between two consecutive windows would be 70 trading days, that would
mean an enormous amount of data that would be difficult to be processed. On
contrary, a small overlap would conceal some events or some interesting facts. We
found empirically that the most appropriate overlap interval is 48 trading days or

equivalently two months.
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In this first papers of the section methodology part we have extensively analyze
the main points of the methodology of this work. But what are we looking for
actually?

For each window with length 3 calendar months or 71 trading days we have
mapped the time series into the corresponding Horizontal Visibility Graphs, the di-
rected and the undirected one. For each window we calculated the distance between
the in-degree and the out-degree distribution by means of Hellinger Distance which
quantifies the degree of irrevesibility of the time series during this period of time
and the exponent y of the tail of the degree distribution.

In this way we can examine how crisis affect the properties of a market series
and whether there is any correlation among the variables that we calculated. In the

next section there will be a detailed description of the data set we used.
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Chapter 3
DATA DESCRIPTION

Data used for the purpose of this research project come from the private data base
Sirca. We possess data from 2" January 1996 to 5" April 2016 for the indexes
Standard & Poor 100 (S&P100) and Standard & Poor 500 (S&P500) while for
the Standard & Poor 1000 (S&P1000) we have data from 31% December 2001 to
5th April 2016.We have data with a frequncy of five minutes and consequently we
obtain 447,709 observation for the first two indexes and 316,467 observation for the
latter one. In the rest of this chapter we explain the importance of these indexes as

well as the role of the US in the global economy.
What these indexes represent?

The S&P500 index is a stock market index grounded on the market capitalization
of 500 largest companies having their common stocks trading either on New York
Stock Exchange (NYSE) or on NASDAQ. On contrary with other indexes such as
Dow Jones Industrial Average or NASDAQ Composite, Standard & Poor indexes

are grounded on a weighting methodology.

For many people working in the field of finance, S&P500 is thought as a rep-
resentative of the US stock market and a predictor of the US economy. According
to National Bureau of Economic Research, S&P500 has been classified as a leading

wndicator of business cycles.

Companies that are included in this index are selected by a committee and every
time that there is a proposal for a new company to be added in the S&P500, the
committee assesses the potential company using the following criteria: market cap-
italization, liquidity, domicile, public float, sector classification, financial viability,
length of time publicly traded and listing exchange. The selection of the index com-
ponents are very restrictive and there is also the provision that companies included
in S&P500 are representative of all industries of the US economy. Throughout last
ten years the composition of the index has been changed dramatically. From 2005

to 2015, 188 components of the index have been substituted by new components.

When professors introduce undergraduate students into modern portfolio theory
and more specifically into single factor model, S&P500 is thought as the “market”
while in many cases S&P500 is used as a benchmark for the whole US stock market,

for instance, many funds manager compare their perfomance with the corresponding
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performance of a passive portfolio based on S&P 500. For these reasons we selected

this particular index.

In order to be sure that the results we extract are robust, in our research we
include two other indexes, a narrower one and a broader one. The S&P100 index
is a proper subset of S&P500, including 100 leading US stocks. Its components
represent almost 57% of the market capitalization of the S&P 500 and about 45% of
the U.S. equity market capitalization. Components the S&P 100 are the largest and
most established companies of the S&P 500. The average market capitalization of
the index is nearly twice that of S&P500 while the correlation among these indexes
is very high.

There are not much to say about the S&P 1000 Index rather than it combines
the S&P MidCap 400 also known as S&P400 and the S&P SmallCap 600, known as
S&P600, to form an investable benchmark for the mid- to small-cap segment of the
U.S. equity market. We have to point out that even S&P100 is a proper subset of
S&P500, none of these indexes are actually a proper subset of S&P1000. These is
the reason why S&P1000 is not closely related with the other indexes.

Usually, in finance we are interested in the behaviour of returns of an investment
instead of the price itself. For this reason, we analyse time series of both prices and
returns for all indexes. By adapting this procedure, we are able to examine if all
indexes respond the same in the same crisis/event or if the size of the index indeed
matter. An interesting issue is to investigate if time series of the index returns
exhibit the same properties with the time series of prices.

Why do we study the period 1996-20167

Now it is about time to answer the most important question and specify why we
did focus on this particular time interval i.e. in the period of 1996-2016. What is
so important and why did not selected, for instance, the time interval between 1973
and 19937

If one have a look in the historical closing prices of S&P500, he will realize that
from 1964 to 1986 the index was almost flat. Between 1986 and 1987 there was an
abrupt increase in points of the index which ended up with the black Monday on
19 October 1987. In the mean period until 1995 nothing interesting have happened
while in 1995-1996 it is estimated that started the dot.com bubble which finally

burst in the beginning of the new millennium.

What we just claimed is also obvious if one check some statistical parameters.
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The mean points of the index during the period 1964-1983 was 99.12 points with
a standard deviation at 14.9 points while in the period 1996-2016 the mean was
1272.9 points and the standard deviation was 339 points. Obviously, it is much
more interesting to investigate what happened in this latter period and examine

which events cause this high volatility of the index.

At the end of 1995 and early in 1996 the US experienced a budget crisis. The
former Democratic president of US, Bill Clinton, conflicted with the Republican
Congress over federal budget of 1996. This event caused a suspension of all non-
essential services from November 14 through November 19 of 1995, and from De-
cember 16 of 1995 to January 6 of 1996, for a total of 27 days. This triggered a
period of high uncertainty in the whole economy and in stock market in particular

lasted for several months.

In 1995 the so called doc.com bubble emerged but it was not that obvious until
1996. Between 1996 and 2000 the US stock market was rallying but the effect of a
crisis happened thousands miles away blocked this upward slope of the index. In the
summer of 1997 the Asian financial crisis started and a year later the Russian crisis
took place. Both crisis originated as a currency crisis which then propagated into
the real economy causing an economic crisis for the country involved. Even though
these crisis did not propagate worldwide, the fear of an upcoming meltdown of the

world economy affected also the US stock market.

The US stock market welcome the new millennium with the worst way. Some
early warnings for the upcoming crisis appeared in the first months of 2000. The
dot.com bubble burst on September 2000 and the S&P500 climb down by 37% within
seven months. This crisis lead the economy into a recession lasting from March 2001
to November 2001. In the meantime, the terrorist attack of 9th September in New
York happened, an event that lead S&P500 to a deep recrudescence. At the same
time Argentina was suffering by its debt crisis which result the default of the country
since 1999. The official default happened in the last week of 2001. However, the
impact of the crisis in Argetntina is not obvious since this event coincide with a
more severe economic crisis in the US economy. The US stock market needed about

1,015 trading days to recover since the initiation of the dot.com crisis.

The next crisis is the well-known global financial crisis of 2007-2008. In fact,
many people still disagree when the crisis originated. Some claim that the crisis

started in July 2007 when the market reached its maximum points while other
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support-that the crisis started in December of 2009 when the recession actually
became obvious. The peak of the crisis was the Lehman Brothers bankruptcy on
September 2008. This event escalated the crisis even more. It took more than two
years for the index to recover. In March of 2009, S&P 500 index reached its minimum
value (629 points) since July 1996. In macroeconomic terms the recession period
ended on July 2009 while the stock market started its upward-sloping trajectory a

month earlier.

In the end of 2009 another crisis appeared in the European continent. The for-
eign debt of countries such as Greece, Portugal, Ireland, Spain and Cyprus was
huge and countries could not repay or refinance their government debt and bail
out over-indebted banks without the intervention of third parties like other Euro-
zone countries, the European Central Bank (ECB), or the International Monetary
Fund (IMF). The S&P500 recovered after 130 trading days after the initial shock.
The debt crisis almost ended up since July 2014 when Ireland and Portugal exit

successfully their bailout programs.

While European Debt crisis was on process, in 2013 US experienced another
budget crisis. The first sixteen days of October 2013, the United States federal
government entered a shutdown and curtailed most routine operations. A problem
created when the two chambers of Congress did not agree to an appropriations
continuing resolution. Political fights over this and other issues between the House
on one side and President Barack Obama and the Senate on the other led to a

budget impasse which threatened massive disruption.

Finally, the Chinese economy that was expanding rapidly last years starting
slowing down and this concerns a lot investor about an upcoming slowdown in the
worldwide economy. The stock markets in china exhibit some early warning after
having experiencing three market crisis within last 9 months, without triggering a
bear market period. These event was propagating all over the world and the world
largest stock markets experienced loses following the trend of Chinese stock market.
In order to boost again its economy, Chinese government devaluated its currency,
yet the investors’ concern about the future of the economy is obvious in the market.
Oil and other commodities are still trading at a very low price, fact that make it

doubtable if the worldwide economy is about to keep expanding for next years.
Why do we choose to study US stock markets?
For all this reason, we believe that is of major interest to examine this period
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and investigate what the reaction of the market was in any of the aforementioned
events. The reason why we did chose to study the US market is still open.

The US economy is ranked as the largest economy in the world in terms of Gross
Domestic Product by IMF, World Bank and United Nations. It is second largest
economy in terms of exports and it was part of G8 group throughout the whole
period under study. Looking through history one can realize that most economic
crisis or market crashes has originated in US and this a particular reason for studying

this market.
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Chapter 4
RESULTS

As we mentioned above, in this section we analyse the results we got after applying
the HVG into the dataset. However, before proceeding in a detailed analysis of the
results, it would be interesting to have an look in the relationship between three
indexes.

The index series of S&P500 and the S&P100 index series have a correlation of
0,689 for the period from 2" January 1996 to 5" April 2016. On the other hand,
for the period from 31% December 2001 to 5" April 2016 the correlation of these
indexes is 0.98 while for the same time span the correlation with S&P1000 is 0.95
and 0.91 for the S&P500 and S&P100 respectively. We can infer that these last two
indexes are more closely related with each other, which is intuitive, since S&P100 is
a proper subset of S&P500, as we mentioned above.

At this point we have to point out that for the rest of the paper, when we make a
comparison analyses between S&P100 and S&P500 we refer to the interval from 2™
January 1996 to 5" April 2016, while when we compare S&P100 or S&P500 with
S&P1000 we refer to the interval from 31 December 2001 to 5" April 2016.

The method of the rolling window resulted in the construction of 233 distinct
periods for the S&P500 and S&P100 and 164 periods for the S&P1000. Each period
consists of 5800 observations which is equal with 71 trading days, almost 3 months.
To make it clear, for instance, the first window of S&P500 contains the observations
of the period 2/1/1996-1/4/1996, the second window contains the period 31/1,/1996-
6/5/1996 and so on. Obviously between these two consecutive windows there is an
overlap of 3900 observations or equally 2 months.

By means of this analysis we try to investigate:
1. If stock markets under study work efficiently.
2. If all crisis affect stock markets in same way.
3. If the size of the index is a factor determining its reaction to crisis

As has already been mentioned, our analysis focuses on the properties of S&P500
index, and we take advantage of the other index for comparison purposes. More
specifically, the index S&P1000 will be used only to answer the question if the size

of the index affect its response into crisis. This happens because the series of this
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index has not the same length with the other two indexes and this might cause
misleading results.

Since the output of computational calculations is an enormous amount of data
which would be meaningless to be presented in form of tables, we base our analysis
on the graphical representation of results.

The shadowed area represents periods of turbulence. The red color shadow
represents periods where the crisis raised internally from the US stock market, for
instance, a stock market bubble of 2007-08, while the gray color represents periods
in which turbulence originated outside of the market, either from another country,
for instance the EU debt crisis or from the economical/political reality of US, for
instance the 1996 budget crisis of US.

Figures 4.1, 4.2 and 4.3 depict the calculated value of —y of the equation P(x) =
exp «»* for both index and returns time series. The horizontally lying red line on
each graph represents the value of —y,, = —In(3/2), which corresponds with the
value of —y for uncorrelated random series. At this point, we have to remind you
that values of —y > —1In(3/2) are related with a stochastic process where the smaller
the value of y, the higher the degree of correlation of the correlation function. On
the contrary, values of —y > —1n(3/2) are related with chaotic process.

In figures 4.4, 4.5 and 4.6, we plot the values of Hellinger Distance for each
distinct period. As was the case in the previous graph, values of Hellinger Distance
for the index price and returns of the index is plotted in each graph. The higher
the value of the Helliger Distance, the more irreversible a series is and the more

non-linear the time series is.

4.1 Stock markets and Efficiency Market Hypothesis

With a glimpse on the figures 4.1, 4.2 and 4.3, it is easy to observe that returns
series tend to behave more close to uncorrelated random process than index series
in all cases, since their values are more concentrated around the red line. For
the return series of S&P500, the average y value is —0.4146 and y lies between
—0.50 < y < —=0.313, while for the original index series, the average y is —0.436 and
y lies between —0.65 < y < —0.043. The same happens with S&P100. The average
value of y for the return series of S&P100 is —0.417 and for the index series is —0.423.

We observe that both returns and index series have a y value that is not coin-
cident with —1In(3/2). Both series behave as an autocorrelated stochastic process

with a low degree of correlation of the correlation function for almost half of win-
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Figure 4.2: Values of exponent y for all windows of the index (green) and returns (blue) series for S&P 100. In the vertical axis it is plotted
the y values and on the horizontal line we plot the first date of each window. The red line represents the value y = In3/2 which correspond
to_an uncorrelated random process. Red shadow represent periods of market crashes as a consequence of market bubble with grey shadow
represents periods of crisis that are not created internally by the market.
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dows,which contradicts the modern financial theory which dictate that price series
of stocks have no memory and as a result returns are random. Based on the Effi-
cient Market Hypothesis (EMH) introduced by Professor Eugene Fama, stock prices
should reflect instantaneously all available information and thus no one can predict
future prices of stocks. Consequently, there is a very close link between EMH and
the random walk hypothesis according to which stock market prices evolve forming
a random walk and thus cannot be predicted. For those who are not familiar with
mathematics, random walk is a path of a successive random steps.

What one should expect is that, returns should behave as a random series. In
fact, for S&P500 index returns series, only 29 out of 233 windows’ behaviour ap-
proaches the one of a random uncorrelated process, 134 windows appear to have the
properties of a correlated stochastic process and 72 windows have properties of a
process similar to chaos.The corresponding frequencies of returns series of S&P100
are 27 windows that behave close to random process, 145 windows of correlated
stochastic behaviour and 61 windows with properties similar to chaos. We know
that in both correlated stochastic and chaos processes there is an opportunity for
predictions, even short term prediction in case of chaos, which contradicts with
EMH.

In addition, we found that there is a strong correlation between the value of y
for the S&P 500 and S&P 100 for the index series. The correlation is 0.82 which
is reasonably expected since the index time series are very high correlated. The
correlation of y for the return series of the aforementioned indexes is 0.43 which is

much lower than that of the index series, yet considerable one.

4.2 Crisis and index response

In this section, we try to examine if all crises affect stock market the same way.
As we already described in section 4, during the period from 1996 to 2016 seven
major events have occurred and we would like to examine their effect on the stock
market. Two of these events have been created internally from the US stock market
i.e. stock market bubble of 2000 and 2007, two events are related with changes in
the economic/political reality of US i.e. the budget crisis, and three crises happened
outside of the boarders of the country, i.e. the Asian crisis, the EU debt crisis and
the Chinese stock market bubble.

What we found is that all crises impact the behaviour of the index even in case

that a crisis has been originated in another country. Even though the behaviour of
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the market is not exactly the same during periods of turbulence, there are many

common elements that we can infer on how market react when a crisis occur.

First of all, if we draw our attention to the red and grey shadowed area in
figures 4.1, 4.2 and 4.3, it is easy to realize that there are two different patterns
in the behaviour of the market series during periods of crises. On the one hand,
the market series behave similarly to a chaotic process when an event takes place
in the outer environment of the market no matter if this event occurs within the
economic/political reality of the country or abroad. On the other hand, when the
crisis has been raised internally from the market such as the bubble of 2000 and
2007, market series behave similarly to a correlated stochastic process with a high

level of correlation in the correlation function.

In case that an event occurred in the outer environment of the market, we observe
that S&P500 appears to behave as a chaotic process. This means that prices become
very sensitive since a small change in the initial conditions can cause a very different
trajectory in the future. This is the symptom of uncertainty that markets exhibit.
Of course, events that take place within the country make prices more sensitive than
crises that take place abroad. Notice that the value of exponent y is much higher
early in 1996 and early in 2004 in comparison with the corresponding value of the

exponent during European or Chinese crisis.

Detouring for a while of the main topic of this work, we can pay attention to
an event that took place in November 2004, the elections in which George Bush
was re-elected as president of US. From 08/11/2004 to 12/04,/2005 the stock market
exhibits a behaviour similar to chaos. This is the period of the first 5 months of the
new government and the prices in the stock market seem really fragile. During this
period the index is very sensitive and even a small change in the initial condition
of the system could trigger a rapid divergence in the system later on. The S&P
500 responded the same early in 2004. At that time, the war in Iraq had just
finished, Federal Reserve raised interest rates and the oil hit its maximum price since
September 1991. With all these factors changing, the market could not do anything

rather than display chaotic dehavior in a very unstable economic environment.

On the other hand, whenever a crisis is created internally by the market, the
stock market behaves as a correlated stochastic process. This sounds reasonable if
we bear in mind that after a price bubble has burst prices follow a downward-sloping

trajectory for a long time. There is no uncertainty during this period because the
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market itself make a correction in the asset evaluation after a period of inertia. All
know that the downward-sloping trajectory will stop as soon as the price of asset

represents the real value of equities.

However, in the beginning of 2007 we can observe that there were months in
which the market behaves similarly to chaos before the bubble burst. Many people
believe that this is related with some early warnings that there was at that time and

herald the upcoming crisis.

Series of returns of S&P500 and S&P 100 do not follow the same path as the
index series. The correlation between exponent y of the return series and index
series in both cases is 0.165 which is negligible. In fact, a small correlation between
return and index series for both indexes arise after the beginning of the EU debt
crisis. In total, none of the events under study appear to affect the behaviour of the

return series over time.

Regarding the Hellinger Distance which is a quantitative assessment of nonlin-
earity of a series, it is widely admitted that financial time series are characterized as
non-stationary. This is verified also by means of HVG, since the Helliger Distance

is higher than zero for all indexes and for the whole period between 1996 and 2016.

In addition, we observe that the original index series tend to be more non-linear
in comparison with series of index returns while the most interesting remark is
that crisis also do affect the nonlinearity of the index series. Throughout periods
of internally created crisis by the market, the nonlinear dynamics of the index se-
ries fluctuate at a low level with lower variance. On the contrary, during a crisis
that takes place in the external environment of the market, the Helliger Distance

fluctuates at higher level than normal while its variance increases considerable.

This outcome is more than expected. The nonlinearities of a correlated stochastic
process is much more less than the corresponding of a process that exhibit properties
of chaos. We calculated the correlation of y exponent and Hellinger Distance for all
windows for the index series. The correlation is 0.36 and 0.303 for S&P 500 and
S&P 100 respectively. The same is not true for returns series where the correlation

is less than 0.076 for both indexes.

Most times it is difficult to isolate particular events and examine their effect on
the stock market. The investors’ behaviour is actually influenced by many different
factors that sometimes it is risky to attribute a particular trend of the market to

one event. This is the reason why we observe frequently that the behaviour of the
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index changes remarkably even between two consecutive windows.

4.3 Size of index

This section emphasizes on how the size of an index can affect the behaviour of
the index. At this section we refer to the period from 31% December 2001 to 5
April 2016 and we include in this part also S&P 1000.

If we draw our attention on Figure 4.8 we can realize that y exponent values for
S&P 500 and S&P 100 are moving almost together, as we also mentioned above.
On the other hand, S&P 1000 is co-moving at a lower degree in comparison with
the other indexes, but it fluctuates more than the other indexes. More specifically,
observing the trajectory of the y exponent for each index series it is possible to
realize that the smaller the size of the index the less the exponent y fluctuates. The
values of y of S&P 500 tend to exceeds the corresponding values of S&P 100 and y
value of S&P 1000 exceeds the corresponding value for the other two indexes. By
"exceed" we mean that when the value of y lies in the chaotic band then its values
tend to be closer to zero, while in the other case its values tend to be closer to -1.

What we mentioned in the previous paragraph for the value of the exponent y
for the index series can be also applied to the returns series. Nevertheless, this is
just a general observation and cannot be formed in the form of a rule. There are
windows where this is not true and the value of y of S&P 100 index series exceed
the corresponding value of the other indexes.

The size of the index does not affect only the behaviour of an index but also
determines the level of the underlying non-linear dynamics. We found that the
higher the size of the index, the higher the nonlinearities on a series for both the

index series and the returns series.
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Figure 4.5: Values of Hellinger distance for all windows of the original index (green) and returns(grey) series for S&P 100. In the vertical axis
it is plotted the Hellinger distance values and on the horizontal line we plot the first date of each window. Red shadow represent periods of
market crashes as a consequence of market bubble with grey shadow represents periods of crisis that are not created internally by the market.
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Figure 4.8: A comparative representation of the value of exponent y for S&P 500 (green), S&P 100 (purple) and S&P 1000 (turqouise) index
series for the whole period.Red shadow represent periods of market crashes as a consequence of market bubble with grey shadow represents
periods of crisis that are not created internally by the market.
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Chapter 5

CONCLUSIONS

In the previous chapters we tried to implement visibility graph methodology in or-
der to analyze how particular periods of crisis affected the US stock markets. More
specifically, using observations with a frequency of five minutes for the period 1996-
2016 for the indexes S&P 100, S&P 500 and S&P 1000 and by using the method of
rolling window, we investigated how the behaviour of the indexes changes over time
and how crisis affect these indexes.

We found that all crises that occurred during this period indeed have affected US
stock market, regardless if the crisis took place within the boarders of US or abroad.
Interesting enough is the fact that all indexes behave as a correlated stochastic pro-
cess with diminishing non-linearities on the index series during the period after a
stock market bubble has burst, while in all other crisis events the behaviour was
similar to a chaotic process with non-linearities increasing. On the other hand, re-
turns series of the indexes do not seem to be particularly affected by the existence of
a crisis and there is no correlation between the bahavior of returns and index series.
The size of the index can explain a different behaviour among all indexes of the
same stock market. The more broad the index is, the more extreme values the y
exponent reaches and the more non-linearities appear in the index series.

However, there are still issues that require deeper research. It would be interesting
to examine if the results found in this paper are statistically significant ad these
issue will be studied in a future paper. An expansion of this research into all US
stock indexes would be also beneficial. This process could disclose how each industry
in the country has been affected by crisis event and help investor develop different
approaches.

Exept for the Visibility Graph theory that introbuced in 2008, all the coding, pro-
gramming, data selection and analysis has been conducted by the author of this

work.
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