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®UHAHCOBBIX PBIHKOB C AITPOBALIMEN HA ®UHAHCOBBIX PBIHKAX CTPAH C

®OPMUPYIOIIENCS PBIHOYHON DKOHOMUKON»

I{enp paboThl - pazpadoTKka U IPUMEHEHHE HOBOM OHJIAMH-CUCTEMBI PAHHETO MpPEeIypPeikKICHUS
(EWS) o ToM, 4TO B MaliMHHOM OOYyYE€HHH HU3BECTHO Kak Jipeii() KOHIENIUN, B SJKOHOMHUKE - KaK
CMEHa PEeKHUMa, a B CTATUCTHKE - KaK TOUKa U3MeHeHHUs. CucTemMa BhIXOJUT 32 paAMKH JINHEHHOCTH,
NpEANoIaracMoii BO MHOTHMX TPaJULMOHHBIX METOJAaX, U yCTOWYMBA K TSIKEJIOXBOCTHOCTU U
3aBUCUMOCTSIM JAHHBIX, YTO JIeJaeT €€ OCOOEHHO MOAXOMSIIEH AJisl pa3BUBAIOIIUXCS PHIHKOB.
KitroueBbIM KOMIIOHEHTOM SIBJISIETCSl A((EKTUBHBIA MEXaHU3M OIpPEICIICHUS] TOUYKA W3MEHEHHSI
JUISL YCJIOBHOM SHTPOINMM JAHHBIX, @ HE JJIi KOHKPETHOIO HMHTEPECYIOUIEro mnokasarens. B
COUETAaHUM C MOCJIETHUMHU JIOCTHIKEHUSMU B OOJIACTH METOJIOB MAIIMHHOTO OOYYEeHHS s
MHOTOMEPHBIX CIIy4alHBIX JIECOB 3TOT MEXaHHU3M CIOCOOEH OOHapyXUBaTh 3HAYMTEIbHBIC
CIBUTH B Mepefadye MHGOpPMAIMM MEXIy B3aUMO3aBUCHMBIMH BPEMEHHBIMU pPSIAaMH, KOT/a
TPaJAMIMOHHBIE METOJbI TEpHAT Heyaaudy. B pabore mpoBOAMTCS HCCIENOBaHUE, KOTJa 3TO
IPOU30MAET, UCIIOJIB3YsI MOJECIMPOBAHKUE, U NIPUBOAUTCS HILTIOCTPALMS MPUMEHEHHS METOJa K
TOBapHOMY U (POHJOBOMY phIHKAM Y30eKucTaHa.

Kiiouegoie cnoga: panHee mpeaynpexieHue, CBsA3Ka, JOKAIbHbIN CIly4ailHbIH Jiec, MallTuHHOE
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1 BBeneunue

QUHAHCOBBIE DPBIHKHM PA3BHBAIOLIMXCS DKOHOMHK XapaKTePH3YIOTCS HEOOBIYaWHO BBICOKOM
BOJIATUJIBHOCTBIO, CTPYKTYPHBIMH pa3pbIBaMH, HEJIMHEHHOH 3aBUCHUMOCTBIO, aCHMMETpPHEH H
CUJIBHOM KOppeJsiLued B KCTPEMYMax, Tak)Ke M3BECTHBIX KaK XBOCTOBas 3aBMCHMOCTH. EcTh
CBHMJIETEILCTBA TOTO, 4YTO 3TH CTUJIM30BaHHbIE (AKThl OCOOCHHO SIPKO MPOSIBISIOTCS Ha
pa3sBHUBalOIIMXCA  pbiHKax (cM., Hampumep, Chaudhuri and Wu,2003; Chen and
Ibragimov, 2019). bonee TOro, coBpeMeHHbIe (UHAHCOBBIE PBIHKH, KaK IIPABHJIO, HMEIOT
CIIOKHYIO CTPYKTYpY HH(GOPMAlMOHHBIX IIOTOKOB, YacTO MPEACTABICHHBIX Pa3IHYHBIMH
rJI00aNbHBIMH U JIOKJIbHBIMHM 0OOUHBIMU 3 dekTaMu 1 pacpocTpaHeHHEM, 3aTparuBalOIIUMK
Pa3BMBAIOUIMECS PBIHKM M IPOSBIISIONIMMUCS 3HAUUTEIBHBIMHU 3a/Iep)KKaMU U 3aTPyIHEHUSIMH B
nepenaye uHGopmanuu (cM., Hanpumep, Zhao et al., 2022; Khalfaoui et al., 2023; Ahmad et
al., 2018). B aTux ycinoBusix 6bIcTpoe U HaZie)KHOE 00HApY)KEHHE H3MEHEHUH B MH(OPMAIIMOHHBIX
KaHajlax, JACHCTBYIOUIMX Ha pPa3BUBAIOIIMXCS DPBIHKAX, SBIAETCS KJIHOYOM K OOECIEUYEHHUIO
CTaOMJIBHOCTH  PBIHKOB, J(QQEKTHUBHOH JKOHOMHMYECKOH WOJMTHKE W MPEAOTBPAIICHHIO
¢unancoBoro 3apaxenus (cM., Hanipumep, Neaime, 2016; Smimou and Khallouli, 2015; Yang et
al., 2023).

C TOYKM 3peHHMs CTAaTHCTMKH 001acTh, pa3pabarhiBatolias MPUHIMIHAILHEIE CIIOCOOBI
IIOCTPOEHHS CHCTEM paHHero npexynpexaeHus (EWS), kotopele pearnpyloT Ha W3MEHEHHS B
CIlyJaHOM TMpOLECCE C HAMMEHbINEH 3aJepXKKOH, H3BECTHA Kak OOHApyXXEHHE TOYKH
W3MEHEeHUs. JTa JuTeparypa BocxoauT K IllupsieBy (1961, 1963) u Roberts (1966), cpenu
OpOoYMX, M K HACTOAIIEMY BPEMEHHM HAKOIUIEH BIEYATIISAIONMNA HA0Op pe3ysbTaroB
onTUMaIbHOCTH (cM., Hanmpumep, Chen, 2019; Chu and Chen, 2019; Pergamenchtchikov and
Tartakovsky, 2018, 2019). BaxxHO OTMETHTb, YTO pa3jM4YHbIE BEPCHU TaK HA3bIBAEMOMH
craructuku Ilupsesa-Pobeprca (SR) oka3anuch onTUMaTBHBIME C TOYKH 3pPEHUS MUHUMH3ALUH
3aJICPXKKK OOHAPYKEHHSI, IOCKOJILKY BEPOSITHOCTD JIOKHOM TPEBOTH MPUOIIMIKAETCS K HYJIO, IS
IIUPOKOTO CIIEKTPa CAy4alHbIX MPOLECCOB, BKIIKOYas aBTOKOPPETMPOBAHHBIE BPEMEHHBIE PSIJIbI
(UHAHCOBBIX JIOXOJIOB C HEHM3BECTHBIM paclpelelieHHeM 10 U TO0Cie W3MEHEHHi. JTo
IOJICTETHYJI0 Pa3paboTKy OHJIAaHH-CHCTeM (HUHAHCOBOTO HAI30pa, OCHOBAHHBIX HA CTATHCTHUKE
SR, rme “onynaliH” 03HAYaeT B PeXHME peabHOro BpeMeHH (cM., Hampumep, Pepelyshev and
Polunchenko, 2017).

Hcnonp3oBaHue 5THX METOJOJOTHI B 9KOHOMHYECKHX IPHIIOKEHHMSIX M, B YACTHOCTH, JUIS
pPa3BHUBAIOIIMXCS PBLIHKOB OTCTaeT. B skoHOMeTpuke Oosbliasi 4YacTh Tak Ha3bIBAEMOM
METOJIOJIOTHH CTPYKTYPHBIX pa3pbiBOB ObLIa “oQQuiaifH”, TO €CTh OHA UCIIOJIB3YET HCTOPUUECKHE
BPEMEHHBIE PA/IbI Ul 0OHApYKeHHs M3MEHEHMH pexuma (cM., HanpuMep, Hamilton, 2016; Bai
and Perron, 1998, 2003). OcHoBHOE BHHMaHHE ObUIO YEIEHO MOJYYEHHIO TOCIE0BATENBHBIX
TECTOB Ui ONPEJCICHHUs KOJHUYECTBA M MECTOINOJIOKEHUSI U3MEHEHHH pEeXHUMa B JOCTYIIHBIX
JaHHBIX, a He [OCIeI0BaTEeIbHOMY MOHHUTOPUHIY TOYCK H3MeHeHWH. TpaaunuoHHas
SKOHOMETpPHYECKasi METOJIOJIOTHSI YaCTO MPETIOJIAraeT, YTO KOJHYECTBO CMEH PEXKHMMOB J0JIKHO
ObITh M3BECTHO MJIM HAXOAMThCA B Mpefenax (UKCHPOBAHHOrO peruoHa. CpaBHEHHE
3G deKkTHBHOCTH OHNAlH- M odIaliH-MeTOq0B TpeGyeT nepecMoTpa OodIaifH-METONOB, YTOOHI
caenaTh MX NPMMEHUMBIMH B OHJIAH-CpeJIe, Ul KOTOpo# oHM He ObutH paszpaboTansl [TosTomy
B JIATEpPAaType Majo pPEeKOMEHJIAlMd 1o BBIOOPY MEX1y OSTHMH MeTogamu. boiee Toro,
TPaMIHOHHO 5KOHOMHKA (POKYCHMpOBAlach Ha JIMHEHHBIX MOJEISX Iepeqau HH(OpPMAIHH,
NPC/ICTABICHHBIX B TAKMX KOHIENIHUAX W MoJensx, kak Granger (1969) Moje MpUYMHHOCTH,
BEKTOpHOH aBTOperpecchi (VAR) u nmuHamudeckoii ycinoBroii kosapuaruu (DCC), koTopsie



MCIIOJIB3YIOT B OCHOBHOM NTapaMeTpUYecKue crielnpUKarii ¥ MOTyT CTPafaTh OT 3HAUUTEIBHBIX
OIIHOOK B ONPEJIEIICHHH.

Mex/ay TeM, B 00JAcTH MAIIMHHOTO OOyu4eHHsi OBUIM JOCTUTHYTHI 3HAIMTCIBHBIC YCNEXH B
0671acTsX, CBA3aHHBIX C 3ajadeil oOHAPYXCHHS TOYEK WU3MEHEHHs. OTa 001acTh MaUIMHHOTO
0GydeHns, u3BeCcTHas KaK "oOHapyxenue japeiida nanHbIx" (data drift detection), npu3HaeT, 4To
YCIIOBHOE pacipesieieHHe IENeBOH NepPeMEHHOM ¢ y4eToM O0OBSACHSIONIUX TIEPEMEHHBIX MOXKET
W3MEHHUTBCS, UYTO KApAWHAIBHO TOBIHMSET HA MPOTHOCTHYECKYIO CIIOCOOHOCTH MEXaHM3Ma
MAIIMHHOTO 00y4eHWs, OO0y4EeHHOro Ha JaHHBIX W3 ITOTO pacHpe/eIeHUs (cM., HaAmpumep,
Hoens, 2012; Chen et al., 2022). DT0 BBIIBUracT Ha MEPBbIH MJIaH HEJABHUC yCIIEXH NEPEIOBBIX
METOOB MAIIMHHOTO 0OYUYEHHS, TAKMX KaK CIIy4aifHbIe J1€Ca K MCKYCCTBCHHBIC HEHPOHHbIE CETH,
B OLICHKE TMOKHX HerapaMeTpHUecKHX YCJIOBHBIX pachpelenenuii ¢ OOIbIMMH pasMepamu
Habopa yciioBuif (cM., Harpumep, Breiman, 2001; Pospisil and Lee, 2018; Friedberg et al., 2021).

B nacrosiee BpeMs POBOAMTCS GOJIbIIas aKTyalbHas padoTa Ha CTHIKE MAIIMHHOTO o0y4eHus
u  craructuku. Hampumep, Barros (2018) paspaboTtan ~ CTaTHCTHYECKYIO  OHEHKY  JUIA
obHapyxkeHus Jpeiida KOHLENIMA Ha OCHOBE KPHUTEpHs CYMMBI DAHIOB Bunkokcona st
MCCIICIOBAHMS  CTAIMOHAPHOCTH KoHienmu. Baidari u  Nagaraj (2021) npuMeHSIOT TeCT
Bhattacharyya (1943) nns onnaiin-o0Hapysxenus npeiipa. Wang (2023) ucrnonp30Ball CABHIHU B
KOBAPHAIIMOHHON MaTpHIe OIEHOK JUls OOHapyXeHHs TOYEK M3MEHCHHS, 4TO OrpaHHIMBacT
BHuManme K JmHeiinbiM casuraM; Ditzler u  Polikar (2011) ucronb3oBanu CIBHIH B
pacnpeieieHHH 1IeNIeBOM MEPEMEHHOM ¢ TEUEHHEM BPEMEHH B 6oiee o6001menHo. Bifet u Gavalda
(2007) paxTudecku caenaid TO JKE caMoe, HO COCPCAOTOYMIMCHL Ha pa3paboTke MeToaa
ajmanTuBHOro ynpapienus okHamu (ADWIN) s MOHHTOpPHMHIA BBICOKOYACTOTHBIX IOTOKOB
nannbix. Raab et al. (2020) pacumpuan ADWIN 1ist MCTIOIb30BaHMs CTATHCTHKH Kommoroposa-
CmuproBa (KSWIN) u npenoctaBunu Gosnee CTaOMIBHYIO W TOYHYIO OLCHKY. Tajeuna et al.
(2023) pa3pabarbBaloT MeTOJ]| OOHApY)XCHHs CIBHUIOB PEXHMa B MHOIOMEPHbIX BPEMEHHBIX
psiIax TIOCPEICTBOM aHAlli3a COBMECTHO Pa3sBHBAOLIETOCS IPE/ICTAB/ICHHS BPEMCHHBIX PAIOB,
HA3BIBAEMOTO KapTorpaduueckoil ceTkodl, B To Bpems kak Guo et al. (2022) u Alangary et
al. (2021) pa3pabarbIBarOIIHE HOBBIE CIIOCOOBI U3MEPEHHUSA W3MEHEHHUH CTAaTHCTHYECKUX CBOMCTB
MHOTOMEPHBIX pacipe/ie/ieHuil. DMINPUYECKOH SKOHOMHKE €Ile NPEJICTOUT H3BJICHL BBIIOLY U3
TUX METOIOJIOTHUECKHX JIOCTHIKEHUM.

[leab MAHHOTO WCCIEAOBAHUS — TNPOJBMHYTH METONOJOTHIO PAHHEro NpeXynpexkICHUs,
0OBEIMHUB 3TH JOCTIKEHHS B 00J1ACTH CTATUCTHKH H MALIMHHOIO 00YYCHHMs C IPUMEHEHHUEM B
SKOHOMHKE M (PMHAHCAX, B YaCTHOCTH, B YCIIOBHAX BBICOKOH BOJNATHJILHOCTH ¥ 3aBHCHMOCTBIO OT
MaHHBIX. B yacTHOCTH, MBI pa3padaTbiBaéM HOBYIO BEPCHIO METOJIOJIOTHHU ONpPEACICHHs TOYKH
W3MEHEHHs, OCHOBAHHOM Ha YCJIIOBHOW »HTponuH. HoBH3HA 3aKJII0YAETCss B TOM, HTO Nepeada
uHQOpMAlMK HE OrPAHMYMBACTCS JIMHEHHOCTBIO M BKJIIOYACT M3MCHCHUS PEXHMMa B mo6o#
XapaKTEePUCTHKE PacrpeieieHus, a HE TOJIBKO B CPE/THEM 3HAUYEHUU HJIH JAUCTICPCHH. Ha camom
iene, cpe/iHee 3HAUEHHE M AMCIEpCHs 6a30BOro psja MOTYT ObITh Jaie HENOCTaTOMHO HeTKO
onpenenensl. PaspabarsiaemMas Hamu EWS dyBcTBHTENIBHA K MO00MY H3MEHEHHIO YCIOBHOM
SHTPONMM Ha OCHOBE JIOKAIBHOM OLEHKH YCIOBHOW IJIOTHOCTH CIyyallHOro Jieca, KoTopas
CBA3BIBACT TEKylllee COCTOSHME IENEBOH IEPeMEHHON ¢ HWHpopManueil B OOBACHSIONIMX
IEPEMEHHBIX, He YIUTBIBAEMOIl 3ana3/(biBaHHAMH 1IE1eBOH nepeMeHHon. B oToi HaCTPOMKE MBI
HANIPSMYIO H3MepseM BEJMYHHY HEONpEe/IeTeHHOCTH, KOTopas He MOXET ObITh oOBsICHEHA HH
3ana3IbIBAHUEM [eJIEBOTO IIOKa3aTessl, HU OOBICHAIOIIMMHU IMEPEMEHHBIMU, HE OTrPaHUYHBAS
B3aHMOCBSI3M JIMHEWHBIMH M TIApaMETPUUECKMMH WM COCPENOTAauMBasCh Ha KOHKPETHOH
0COOEHHOCTH 1IEJIEBOTO paclpee/ICHHUs.




B kauecTBe OTIIPABHOM TOUKH MbI OepeM OOBIYHYIO IMHEHHYIO ClelU(UKAIHIO, KOTOpas 0OBIUHO
MCTIONB3yeTCs Ul TeCTHPOBAHMs HPHYMHHO-CIIENCTBEHHOH CBsis 1o  I'pedHpkepy, |
peobpasyeM ee BO BPEMEHHOH sl YCJIOBHBIX OLICHOK SHTPONHH, OCHOBAHHBIX Ha CKOMB3SAIICM
OKHE OCTAaTKOB OT aBToperpeccuu (AR) meseBoii IepeMEHHOH. ITO MPUBOMHUT K MOSBICHUIO
omuiaiiH-nocaenopareabHoi  cratuctukd  SR. Hackonbko HaM  HM3BECTHO, HCIOJIb30BaHHE
YCIOBHOM SHTPOIMK B CTaTUCTHKE SR SBISETCS HOBBIM M MNPEJCTAaBISCT HHTEPEC Camo I10
cebe. 3aTeM MbI pa3pabaThiBaeM paciUpeHHs 9Toi 0a30BOH HACTPOMKHU, YTOOBI BOCHIOIBE30BATHCS
IPEMMYIIECTBAMH, [PEIOCTABIAEMbIMH OIEHKOH CIIy4aHHOro Jjieca W TeM dakTom, 4YTO
IIpoIte/lypa OCHOBaHA Ha PAHTax JaHHBIX, @ HE HA CaMHX J@HHBIX. ITO JIOMyCKaeT HEJIMHEHHOCTBD,
KOHEYHYIO 3aBUCHMOCTh H OECKOHEUHbIE MOMEHThI BPEMEHH, TIOCKOJIBKY TETEPh Mbl IMEEM JICJI0
CO CTATMCTHYECKOM CBA3KOM, KoTOpasi UKCUPYET HEJIMHEWHYIO 3aBUCUMOCTD, TPUCYTCTBYIOIIYIO
B AHHBIX, J@XKe €CIIM JaHHbIE MMEIOT Ype3BbIYaifHo Oonbmod oObeM. [IpecTaBIeHHbIE HAMH
CHMYJISIUM JIEMOHCTPUPYIOT, YTO HOBBIA MOJXOJ JOMHHUPYET B NIPUMEHEHUH CTATHCTHKH SR
HETOCPEICTBEHHO K TIeJIeBOi IepeMeHHOM HiTH ocTaTkaM npouecca AR. OHH TaKkke ONUCHIBAIOT
cilydad, KOT/Ia MCIOJIb30BAHHE PAHTOB MO3BOJISCT BBIBIIATE M3MEHEHHUS PEKMMA, KOTOPBIC HE
MOTYT OBITH OOHApYXEHbI € HOMOIIBIO OOBMHON CTATHCTHKH SR, M KOTJa JPYrHe METOJBI
ompe/ieIeHHs TOUYKA U3MEHEHHS TEPIAT Hey/lady Hild paboTaroT HEONTUMAIIBHO.

PaboTa OpraHH30BaHa CIEAYIOIUM oOpa3oMm. B pasiene 2 OomuchIBaeTCs dTall, HA KOTOPOM
ONpeNeNstoTess 0003HAUEHHs M TaKWC TMOHATHS, KaK SHTPOIHs, ONCHKA Clly4alfHOro Jjieca
ompesieNieHe TOYKU M3MeHeHus. B pasnene 3 onmcpiBaercs 6asoBas Bepcus npeagaraeMoi
npolenyphbl. B pasziene 4 ONMCHIBAIOTCS paciiMpeHusi 06a30BOro MeToja JUld JIydqliero y4dera
HeJIMHEHHOCTH ¥ PaHroB. B pasiene 5 mpeicTaBieHbl MHOTOYMCIIEHHbIE Mojend. Pasjen 6
COZIEPXKHUT TIpHUIIOKeHHe. Pasien 7 COAEpKUT BHIBOIBL.

2 IlpeaBapuTe/ibHbIE CBeIeHHsI H 0030p JIUTEPaTyPbl

2.1 SHmponus u nepeda4a uHgpopmayuu

[Ipe/noNoXKUM, 4TO y HAC eCTh IEIeBOM BPEMEHHOH psnYed HCTOPHS OOBACHSIOMIMX
NIEPEMEHHBIX, JIOCTYTTHBIX Ha MOMEHT spemend t, Xe={Xt-1,Xt-2,....Xt-1} TI€
Kaxaas Xs IpesicTaBiseT co0oi MaTpHILy, coaepxkainyto d 0ObSCHAIOMMX NEePEMEHHBIX (nmnm ux
narn). [Ipumepom Y: MOXKeT OBITH COCTaBHOM (OHIOBBIA HMHICKC DPasBHBAIOIIEIOCS DPBIHKA
1 X't MOXET COIEeP)aTh HCTOPMIO IIEH HA ChIPHEBBIC TOBApBI, KOTOPLIMH TOpryeT crpana. Haima
neab — OOHAPYXKUTh CIBMTH B mepenade MHOOPMAIMH MEXIy UENEBOH M OOBSCHSIONMECH
IepEMEHHBIMH, BbI3bIBasi PAHHEE PEIYIPEKICHAE O COCTOSHUM PHIHKA, OIIMCHIBAEMOM HIEJICBOU
nepeMeHHoi. OOBIYHO HHTCHCUBHOCTh  Iepelayu uHpopMaLu ot X x Y yenoenoii
sumponuu ¥ oannoeo X (cM., Hampumep,  Orlitsky, 2003),  xoTopylo  MOXHO  3amucCaTh
CJIeIyIOIIHUM 00pa3zoMm:

H=— [ f(x)-logf(y|x)dydx=~[f)[f(y]|x)-logf(y|x) dydx=ExElogf(y|%),
, ¥ Y

Xy

(M

rie f(y|x) - ycnosHas mwioTHOCTb Ye 110 X, f(y.X) — coBMecTHas MIOTHOCTH (Ve,Xe) U f(X¢) —
npezieabHas IIOTHOCTH Xr. [Tocie/iHee paBEHCTBO ClIEYET U3 ONPEIEIICHUs OXKH/IaHNH | 3aKOHA
B3aMMOCBSI3aHHBIX 0XKHJIAHUH.




[1o CyTH, KOHIIEIIHS SHTPOITHU U3MEPSIET HEOTPEIEICHHOCTh B OTHOIICHUH Yt 10 OTHOLIEHHIO K
urdopmarmu Xt B KOHTEKCTE nepeaa4u CUTHAJIOB u 0e3yCII0BHOTO
pacnpenernenus, Hartley (1928) npesnasnaueHa s HaOmonenus, Kakas WHGOpMaIs MOXET
OBITH ITOJTyYeHa W3 N Pe3yJIbTATOB, KaXK/bI M3 KOTOPBIX HMEET Pa3HbIC BEPOSTHOCTH Pi, H MOKET

OBITH OIpEJIETICHA KaK
n
- Z pilogzp;
i=1

Omna usBectHa Kak sHTponus [llennona (Shannon, 1948). Uem Bbime 3TO 3HA4YEHUE, TEM BbIIIC
HEONpeNeNeHHOCTh B OTHOLICHWH N peanusaruil. HanOonpmas CTENEHb HEOMPEACICHHOCTH
COOTBETCTBYET PABHOMEPHOMY PACIIpe/Ie/ieHHIO, Pi COBIAIAIOT JUIs BCEX . Y paBHEHHE (1) moXxHO
paccMaTpuBarh Kak 0000IIEHHE 3TOH KOHUEHIMH Ha HENPEPBIBHBIE YCIOBHBIC paclpeIeIcHus,
TOKa3bpiBasi cpefHuii 00beM HHPOPMAIMHU, KOTOPBIH HEOOXOIUMO MPENOCTABUTD, MPEXKAC HeM
MOHO OyneT nepenarh HHGOpPMaLMIO B Y, yUHTBIBAsL, YTO Jpyras CTOPOHA 3HACT uHGOpPMALIUIO
B X.

2.2 Henapamempuyeckue u cay4aliHble neca

BaskHbIM KOMIIOHEHTOM BhIUHCICHHs H SIBISETCS OllEHKA YCIOBHOM IIOTHOCTH. [ HOKuMi ¢nocod
OLEHKHM f(y|x) 63 TpPHHATHS CIOPHBIX JONYIIEHAH O paclpele/eHnH 3aKIo9acTcs B
HCTIOb30BAHAM WHCTPYMEHTOB HEMapaMeTPUYeCKOi SKOHOMETPHKH (cM., Hampumep, Li u
Racine, 2023). OnHako  OONBIIMHCTBO ~ CTaHAAPTHBIX ~ METOJOB He  paboTaioT, ~ Koraa
pa3sMepHOCTh X't IaXke YMEPEHHO BEJMKa. ITO W3BECTHO KaK IPOKIATHE PasMEPHOCTH. Kpowme
TOro, W3BECTHO, YTO HEMapaMeTpHYEeCKHe METOJbl IUIOXO paboTalT IMpU IKCTpeMyMax
pacrpe/eNeHns, KOTOpbIe TIPEICTABIAOT OCOOBI WHTEpEC IpH pabore C JaHHBIMH
Pa3BHBAIOLIUXCS PHIHKOB.

AJIbTEpHATHBHBIA TOAXO0J, KOTOpbIH HaOMpaeT MOMyIIpHOCTh, HO HE ObUT HCCIIEIOBAaH B
kouTekcre EWS, OCHOBaHHBIX Ha OSHTPOIMH, 3aK/IIOYacTCs B HCIOJB30BAHMHM METOJIOB
MaimmuHoro ooydenus. Hanpumep, Pospisil n Lee (2018) npensararor nenosb308ath CIyqaiHbIH
nec sans  oueHkd yciosHoit miotHoctd (RFCDE). Onenka —yiaydmaer —CTaHA@pTHBIH
HerrapamMeTpuyeckuii mMeroy ompenenenus miotHoctd sapa (KDE) 3a cyer ucnonb30BaHus
aJanTUBHBIX BECOB, MOJTYYEHHBIX c HCIIOJIb30BAHUEM CITy4alHbIX
necoB Breiman (2001). OCHOBHOE NMPEUMYLIECTBO 37€Ch 3aKIIOYAETCS B TOM, YTO CIIyYalHBIC
Jleca CHAMAIOT IIPOKJISITHE PA3MEPHOCTH 3a CYET UCIIONb30BAHMS CITyYalHbIX MOABBIOOPOK BCEro
Habopa 00YyCIOBIMBAIOLUX MepeMeHHBIX. JT0 no3soiser RFCDE nocrurats COrJIaCOBaHHOU
OIICHKH YCJIOBHOM MIOTHOCTH C HU3KHMHM BBIYHCIIMTENILHBIMA 3aTPAaTaMU U BBICOKOH TOUHOCTBIO.

3aTeM MHTYMTHBHO MOHSTHO, 4TO cKa4dok H, oneHeHnsii ¢ nomompio RFCDE B ckonp3siiem
OKHe, JO/DKEH YKa3blBaTh HAa YBEJIWYCHHUE HEONPENEICHHOCTH (YMCHBIICHUE Mepeaadn
nH(popmanuu o X K Y), 1 ocTaeTcs BONPOC, Kak HACHTH(UIMPOBATH 3HAYUTENIBHBIC CKAYKH.

2.3 OnpedeneHue MOMEHMA USMeHEeHUs

B sureparype 10 OOHApYXEHHMIO TOYEK W3MEHEHHMs, HacuuThiBatomed He MeHee 60
net (Shiryaev, 1961, 1963; Roberts, 1966), paccMmaTrpuBaeTcs arperupoBaHHast
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[OCIIEI0BATENHHOCTD KOO((HIMEHTOB NPAaBIONoA00Hs, OCHOBaHHAs Ha BEPOSTHOCTH COOS BO
BPEMEHH t TI0 CPABHEHHUIO C BEPOSTHOCTHIO OTCYTCTBHS COOS 32 HCTOPHIO HaOJII0ICHUH, Koraa
[UIOTHOCTH 1O ¥ TIOCTE W3MEHEHMsl M3BECTHBI, HO TOYKA M3MeHeHus - HeT. Jlomymenus o0
M3BECTHBIX IUIOTHOCTSIX U ONEPALMOHHBIX METO/IaX, KOTOPhIE PACCMATPUBAIOT CKOJIL3AIIEE OKHO
JAHHBIX, @ HE BCIO HCTOPHIO, CYLIECTBEHHO cMsArdeHbl. OIHAKO B OTOH JHMTEpaType HE
paccMaTpUBAIUCh TAPaMeTPhl SHTPONMHHON I PAHTOBOH OLEHKH Iepeain uHpopmanun 6e3
3HaHMS UCTHHHBIX TJIOTHOCTEH.

Crarucruka llInpsesa-Pobeprca onpezensercs CleayromuM o0pasom:

t t
fo(€)
R =z M——-;:-”l
Bt Zluf:ﬁ(éz}
T ()

rie &, i=1....,t, - ODIIHE HE3ABUCHMBIE CITy4aifHBIC BEIIMYMHBI HITH BEKTOPBL, f0 - IIIOTHOCTD §i JIO
M3MEHEHHUS U f - IUIOTHOCTH &i TIOCTIe M3MeHeHHUs.. JIerko NomyauTh PeKyPCHBHYIO BEPCHIO
, fo(§)
2R, = (14 B o).
fel$s)
(3)

MBI HCITOIB3YEM BEPCHIO B3BEIIECHHOH CTATMCTHKH SR, TMPEUIOKEHHYIO Tartakovsky u Spivak
(2021). ITporerypa  J0MycKaeT CIy4aHHOCTh B H3MEHCHHH H B TOM CMBbICIE, YTO IIpH
Ka)I0M t M3MEHEHUH MOXET NPUHHUMATBCS OJHO M3 M 3HAYCHHWH, a B3BEIICHHAs CTaTHCTHKA
UMeeT BUJ

m
, 1
SRy = — E SR.(Au,),
m
i=1
4

rae SR«(Api) — 3uadeHue SR:, Koraa pasHHIA MEXIY CPEIHHM 3HAYEHHUCM fo(§t) u cpeaHum
3HaueHneM foo(€¢) cocTaBisieT Api. ITo obecreunBaeT ropaszio JIydiryro Npou3BOAUTSIBHOCTL B
cilydasix, Korjia apamMeTphbl pacipe/ie/ieHAs HEM3BECTHBL. B 0CTaIbHOM, IIOCTPOCHUE CTATHCTHKH
SR: sSBNISIeTCS CTAHAAPTHBIM (cM., Haripumep, Pepelyshev u Polunchenko, 2017).

CHrHai Npo3BY4MT, Koraa SRt IPEBBICHT IOPOrOBOE 3HAYCHHE, KOHTPOIMPYIOLIEE HacTOTy
JIOKHBIX CpabaThIBAHMI, ¥, OCHOBBIBASICH Ha PSIIE BaXKHBIX PE3YJIbTATOB, pouenypa SR spgercs
ONTHMAIBHOM B CMbICIIE MUHHMH3ALMU CPEIHEN 3aJepXKKH OOHapyXEeHHs (CM., HalpuMep,
Polunchenko u Tartakovsky, 2010).




3 Hosas npoueaypa: 6azoBasi Bepcusi

CyTh HOBOW MPOLENYPHl 3aKIOYACTCs B IPUMEHCHHM CTAaTHCTHKH [HupsieBa-Pobepreca K
[OCJIeI0BATENbHOCTH  OLEHOK ~ DHTPONMM H,  OIICHHBAaGMBIX ~ Ha  CKOJB3SIIEM  OKHE
JutHHBL Ac=t1—to. JITMHA OKHA JIOJDKHA OBITH I0CTATOMHO KOPOTKOM, 4yTOOBI U3MEHEHUE PEKUMA
6BLIO 3aMETHBIM, HO JOCTATOYHO JUIMHHOM, 9YTOOBI HE BO3HMKAN WIYM (HA MPAKTHKE MBI
Wcnoap3yeM OkHa umHOM or 50 no 100 nabmronenuit). Curman  EWS  cpabarsiBaer,
korga SRW: olleHMBaeMasi ¢ TIOMOILBIO Ht mporecca MpeBbIIaeT MOPOroBoe 3Ha4CHUEC A>0, uto
yKa3plBaeT Ha 3HAUMTE/bHBIA CIBHI B IIEpeaaye uapopmaimu ot Ye Kk Xe. B aTOM paszaene
00CyKIaeTCs, KaK MBI CTPOMM MOCIIE0BATEIBHOCTD, CTATHCTHKY U IIOPOrOBOE 3HAYCHHUE.

Mpbl HauHEM ¢ TOJATOHKH aBTOPETPECCHOHHOM MOJENM JUIs  IeNIeBOH nepeMeHHOH Y K
CKOJIB3SIIEMY OKHY JJIMHBI A

kp
Y

*
“

= &o -+ é\ri},t -5
s=1
(5)
i€ Mbl UCITOJIB3YEM BIC I OHpeﬂeHeHI/lﬂ ONTUMAJIBHOI'O ITOPSAAKA AR nopsaxKa k. DT10 acT

4acTh Y¢ OPTOrOHAIBHON HCTOPHUH 1IENIEBOH EPEMEHHOM, KOTOpas ABJIACTCS HempeIcKazyeMon
KOMIIOHEHTOM Y'¢, KOTOPYIO MBI paCCMaTpUBacM B:

6’!5 = yt - s}{.
(6)

Ocrarku e: nporecca AR(K) oTpaxaroT BCIO OCTaBIIYIOCS HOBYIO UHPOPMAITHIO LIENEBOM
miepeMeHHOM Yt, 1 Mbl XOTHM HKCCJIEIOBATh, KaK MEHSETCS pacpe/ieieHne 9TO# TIEpEeMEHHON B
3aBHCUMOCTH OT OOBSCHSIONIMX IepeMeHHbIX X. MBI XOTHM OCTaBaTbCsl HE3aBHCHMBIMH B
OTHOIIEHMN KOHKPETHOrO MOMEHTa PACIpOCTPAHEHHMsl, KOTOPBIH H3MEHHUIICH, WK bopmbl
pacrpoCTpaHEHHMS.

Jlanee MbI IOJTy4aeM OLIEHEHHOE 3HAYEHUE PErPECCHH IS €t C yUETOM 3a/IepHkeK OOBSCHSIOIMHUX
IIepEMEHHBIX, COAEPKAMMUXCS B X UCIOIB3Ysl TO XKE CaMOE CKOJIB3SIIICE OKHO:

d

z F.
do=Bot y D B XL,
s=1

=1 ™

rae Xe-s(j) — OJlHa 13 d JOCTYIHBIX 0OBSACHSIIOIINX MEPEMEHHBIX c
narom s, s=1,...,1,j=1,....d. OnTumanbHbIi Jar [ MOXHO BBIOpATH C NMOMOIIBIO BIC. OueBuno,
YTO HTH /(B [Iara SKBHBAICHTHBI OJJHOITAITHON PErpeccry Y Kak Ha COOCTBEHHYIO HCTOPHIO, TaK
¥ Ha MCTOPHIO KOBapuaroB. JTO COOTBETCTBYET 3HAKOMOM HaM KOHUEHIMA NPUIHHHO-
CIIEICTBEHHOM CBsA3H 110 [ peifHKEpy, KOTOPYIO MOXKHO BBIABUTH C TOMOIIBIO COBMECTHOT'O TECTA
3HAYMMOCTH BAS(] ).

MBI BBIXO/IMM 32 PAMKH IPHYMHHO-CIIEICTBEHHOM CBA3H 10 [ peiH/DKEpY U BBIYUCIIAEM YCIOBHYIO
SHTPOIHIO € TIPY  YCIOBUH é;. DTO TO3BOJIAET Y4eCTh TOT (hakT, 4YTO oOHapy>XeHHE TOYeK
H3MEHEHHs JI0JDKHO OCHOBBIBAThCS Ha YCIOBHOM pacnpeneieHus f(e.|é;) BMeCTO JTHMHEHHOM
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perpeccyy, YTo MO3BOJISIET YYMTBHIBATH OOIee CIOMKHBIE (4eM NHMHEWHBIE B CPEIHEM) MOJEINH
3aBUCHMOCTH.

Ilycts f 0603HagaeT RFCDE yciioBHOM NIIOTHOCTH € TIPH yCJIOBUH € C UCIOJIb30BaHHEM

A A
CKOJB3s1ero okna pasmepom At. ITycrs Elto.t) = (Bt 8t + 14 801} oGosmanaer
MHOKECTBO & 3HAUEHHIA, TIONafalomuX B 0kHO. Tora OleHKy COBOKYIHOM nepeiaiu
uHGOPMALIH B OKHE MOYKHO 3aIACATh KAK CYMMY BKJIAJI0B SHTPOIIMH /ISl 3HAYCHHH
¢ TOMAAIONIUX B OKHO!

ﬁ[to,t;} = Z “ fe18)- log F(] &) df].

R

M
e

B¢

: (8)

Mgbl MOXEM alnMnpoOKCUMHUPOBATD UHTErpajibl cliaracMbIX, HUCIIOJIB3YST CTOXACTUYECKOC HIIHA
JETCPMHUHUPOBAHHOC HHTEIPAJIbHOC HpI/I6J'II/I)K€HI/I€, HanpuMep, MpaBHIIO CuMIICOHA, KOTOpOC
SABJIACTCS A€ TCPMUHHUPOBAHHBIM METOJI0OM. Mgz1 3auHTECPECOBAHbI B pPaHHCM BBISABJICHHUH BCIIJICCKOB

f [to.t:] 110 Mepe npoBHIKeHHs BO BpeMeHH. O003HaYUM MOCIIEI0BATEILHOCTE OLEHOK SHTPOIHH
B CKOJIB3SIIIEM OKHE pasMepa At cleylomumM oopasom

ﬁ[!g,i’@ - Af]»ﬁ[(tg +1).(tg + 1) + 4] -

MBI OTMEYaeM, YTO LIar MeXIAy 3Ha4eHUs MU H B 1IOCIeI0BaTEIbHOCTH MOXKET MPEBBIIATE OIMH
TIEpPHOJI BPEMEHH, HO JTO 3a/IepXKMBAET OOHAPYKEHHE H YCKOPSET BBIYHCIICHU. ITO BpEMEHHbIE
pSiibl, K KOTOPBIM MBI IPHMEHsieM CTaTHCTHKY SR B 6a30B0# BepCuH HALICTrO MOJX0/A.

Aunroput™ 1 onuceiBaer mpouenypy Ilupsesa-Podeprea (Shiryaev-Roberts) s onpezeneHus
TOUKM M3MEHEHHs DHTPOIUH, OIMMCAHHYIO BBIIIE. AJITOPUTM HCIOJB3YET HECKOJIBKO BXOJHBIX
JAHHBIX TIOMEMO [10CTIEI0BaTeNbHOCTH H, a MMeHHO Habop 3Ha4eHni casura M a={Au1,....Aum},
opor A ¥ TapameTps! Criaxupanus @ ¥ . X0oTs HET CTPOroro npasuia BbIOOpa 3HAYCHHUS
ropora A, TPMHATO PacCMaTPUBATH [1BA KPUTEPHsI MEHHMH3AIHH, 2 IMEHHO, CPEHIOI0 3a/IEPXKKY
o6uapyxenus (ADD), onpenensemyto kak Eo[7—6[7>0], 1 BeposTHOCTH noxHoi Tpesoru (PFA),
onpenensemyio kak Po(t<0), rae 6 - pakruueckuii MOMEHT H3MEHEHHS, A t=argmin:{t|SR>A} -
MOMEHT BPEMEHH €ro OOHapyKEHHUS.

Aaropurwm 1. [Tporesypa Illupsepa-Pobeprca mist onpesieieHus TOYKA H3MECHEHHS SHTPOIIHH
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Data: Time series Hy. H,. .. Hy 38t of possivle shifts in mean M threshold
SR, —.O;z —Hié =1
while 2 < t < nde

H—-'B

5
for Ay, € M, do

|
| SR = (1+SRL.) - exp{in(§, -
|

! break

f,=af,_, +{(1-wH,:

8; ~ﬁdr-;+%z-ﬁuﬁ:—fw’
t=t+1

o
“

Result: change-poimt 7

Pergamenchtchikov u Tartakovsky (2018, 2019) BeisiBHIN, 4TO Npoueaypa B3BelIEHHOTo SR
npubaM3uTeIbHO MUHUMU3UPYeT ADD cpeam Beex npoueayp oOHapyKeHHUs TOYCK H3MCHECHHS C
3amaHHEbM PFA B OkHe (DMKCHPOBAHHOM UTMHBI JUIS JTAHHBIX, OTIMYHBIX OT 1.i.d., BKIIOuas
aproperpeccur U monenu tuma GARCH c¢ ycnoBHOH rerepockenacTudHOCTBIO. OHAKO STH
BEJIMYMHBI, KaK [IPAaBUIIO, HEJOCTYITHBI UCCIIEIOBATENIO HA NIPAKTUKE, €CJIM OH HE UMEET JIEIIO C
CHHTETHUYECKMMHU JAHHBIMH W HE CIOCOOEH CreHepHpOBaTh UX JUISL 3aJaHHOrO Habopa JTHX
napameTpoB. HanpuMep, B pasfene 5, rae Mbl pacCMaTpHBaeM MOJICIIMPOBAHUE, MBI MOXEM
yCTaHOBHTh, A BeiOupas 3Hauenuss ADD u PFA ¢ noMompio MHOIOYMCIIEHHBIX COOTHOLICHHH,
BBIBEJICHHBIX B jiuTeparype (cM., Hanpumep, Tartakovsky, 2016).

ITapaMeTpbl CII@XUBAaHUS @ ¥ 3 UCIONB3YIOTCS B KOHIE KaXJOW MTepanuu anropurma 1 s
HOJIyYEHHUS DKCTIOHEHIIHAIBHOTO CKOJIB3SIIEr0 CPEAHEr0, OOHOBIAIOIETO YCIOBHOE OKUIAHUE U
nucnepcuro H, Ganancupys npoluible 3Ha4YeHHs U HOBYIO MHGopManuio. EcrecTBeHHOE 3HAYCHHE
1 @ paHo 0,5, 4TO OTpaXkaeT paBHbIC Beca CTApOro 3HAUCHHs CPEJHETO 1,1 M TeKyuiero He, B
TO BpeMsl Kak JUisi OOHOBJICHHSI AUCTIEPCHH MBI BeIOHpaeM =0.9, mpunasas 60NbIINHA BEC OLCHKE
4 3a npeabUIyIIdi Nepuox M, TakuM o0pa3oM, CHHXKas OOHOBJIEHHE Jucnepcuu. boibinue
3HAYEHHS TIPUBOJIAT K O0Jiee MJIaBHBIM TPACKTOPUSAM MOMEHTOB H.
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4 PacluupeHusi HeJIMHEHHOH OLeHKH HA OCHOBE PAHI 0B

BasoBas mpolLEAypa, ONWCAHHAs B MNPEIBUIYIIEM Pa3lene, HCHONb3YeT OLCHKY yCIIOBHOM
[LIOTHOCTH e 3alaHHbIX &, 0CcTaTKoB mpoiiecca AR, rae €, npeacTaBiseT JMHEHHBIA Juana3oH
3ama3/IbIBAIOIMUX OOBACHSAIONMX TEPEMEHHBIX X' B ypasuenun (7). 910 cormacyercs ¢
TPaJIMIIMOHHBIM IIPEJCTABICHAEM O IPUYHHHO-CIICJCTBEHHOM CBs3u ['peiiHkepa, KoTopas
ompesieNseT nepenady HHGopMaruy MyTeM IPOBEPKHU COBMECTHOM 3HAYMMOCTH 3ara3/bIBAIOIINX
PErpeccopoB B JIMHEHHOH aBTOPErPECCHOHHON MOJIETH. B npenpiayiieM pasJiesie Mbl pacIiipHIII
TPaIMIMOHHBI MOJX0J, HOCTPOMB THOKHIA, OCHOBaHHBIH Ha spe oueHUWK f(e|é,) u

IPUMEHUB CTATUCTHKY SR K CKOJB3SINEMY OKHY OLCHOK SHTPONUH, h [te.t:] mosjydeHHBIX €
ncnonb3osanueM f (eq|é;) . Llenb 31ech — alanTupoBaTh MOAXOM K HauboJsee ruOKOM HEJTMHEWHOU
crierd KAk, [PU3HABas XOPOWIO JOKYMEHTHPOBAHHOC MPUCYTCTBUC HEJIMHEHHOCTEH B
JaHHBIX (PMHAHCOBOI'O PHIHKA (CM., HAIPUMED, Caporale et al., 2020)

4.1 JlokansHsili nuHeliHbIl nec

OnHomepHOe 00yC/IOBIMBAHHE B f(e|é) cymecTBeHHO ynpOIIaeT 3a/iady HemapamMeTpHEecKoi
OLHKH MUIOTHOCTH. AJIbTEPHATHBHBIN BapuaHT ¢ Y4ETOM BCero Habopa KoBapuaruit X¢-sU) 110
OTIENBHOCTH, 6e3 MONydeHus é;, TPUBOINT K HENapameTPHICCKON ONECHKE f(er|X), xoropast
CHJIBHO CTpajiaeT OT «IIPOKJISATHSI Pa3MEPHOCTH» U3-33 BBICOKOH Pa3MEpHOCTH Xt, 9TO Jienaer
OLICHKY OuYeHb HETOUHOM. [Tpobiema ycyrybisieTcst KOMIPOMHUCCOM MEXKITY OBICTPOH 3a/IEPIKKOM
OOHApY)XCHHsI M TOYHOCTBIO OIIEHKH IUIOTHOCTH. B nurteparype 1o 00HApYKEHUIO TOYEK
M3MEHEHHsT XOPOILIO M3BECTHO, YTO €CIM Mbl YBEJIMYHM CKOINb3SIIEE OKHO, CACNaB OLCHKY
[TOTHOCTH GOJIee TOUHOM, TO BpeMs 10 OOHApY)KEHHs TOUKH M3MEHEHHs yBenuutes. Takum
obpa3zoM, MHOrOMepHas HelapamMeTpuyeckas —OlCHKaA abo  cTpagaer OT  «IPOKIIATHS
pa3sMepHOCTH, MO0 0OHApyKUBACT TOUKY H3MEHEHHS C HEONTUMAITbHOU 3a/IEPKKOM.

Yro6bl PeuTh 3Ty NpoOiieMy, HE yBENHYMBAs PasMEPHOCTH OUEHKH IJIOTHOCTH, MCIIOJIB3YCM
HeJ[aBHO pa3pabOTaHHbI METOJI JIOKALHOTO JIMHEHHOTO Jieca (LLF), npemnoxenusii Friedberg
1%} Ip. (2021). LLF co31a€T OIIEHKY YCIIOBHOTO CpeIHero
snauenns &,=E[edXt1=xt-1,....Xt-=X¢-1], obecnieunBas 60nee BBICOKYIO CKOPOCTE CXOAMMOCTH,
YeM TpAJMIMOHHbIE HENapaMETPHYECKHE OLCHKH TOH K€ PasMEPHOCTH, W MNpElOTBparlas
nepeobyuenue. CtannapTHas —(HENOKalbHas) OIEHKa cilydaifHoOro jeca (CM., HampuMmep,
Breiman, 2001; Probst et al., 2019) 4yBcTBHTENIbHA K BBIOOPY TMIEpIApaMeTpoB U CKIOHHA K
nepeoOyUCHHIO.

Takum 0Opa3oM, Hamie [epBOe pacmMpeHue 0a30BOH METONOJNOTHH  3aKJIIOHACTCs B
HCIONB30BAHMH THOKOH omenku LLF &, BMECTO Mmojo0paHHOro 3Ha4YeHHUs €, NPH MOCTPOCHUH

f(e.|é,). Crarncrudecknii mokasarenb SR Temepb OCHOBAH Ha IOCICA0BATEILHOCTH HOBBIX
oneHok H B ckonb3sieM okHe [to,t1]:

ﬁlffc::z] = Z U?(f | ) logf(e | 2) dsl,
& ew{:m;} > (9)
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e -4 oo
e Yiegiey) = {€egi €ro+ 17 €,

) o
' 7 OcrasipHasg 4acTh METOMAOJIOTUHN OCTACTCA HEU3MCHHOM.

4.2 Konynbli

Haie BTopoe pacilipeHHe 3aTparuBaet npodeMy OOJIbIINX XBOCTOB U 3aBUCUMOCTH OT XBOCTOB,
B JIOTIONIHEHHE K IpoOJsieMe HeIMHEHHOCTH. XOpollo 33J0KyMEHTHPOBAHO, YTO (uHAHCOBBIE
PBIHKM Pa3BHBAIOIMXCS SKOHOMHMK XapaKkTepU3yIOTCs aCHMMETPUYHBIM pACIpPE/eICHHEM ¢
GOJILIIMM  XBOCTOM, YTO 3aTpyJHse€T TPUMEHEHHE CTaHJapTHBIX JKOHOMETPHYICCKUX
metos10B (cM., Hanpumep, Chen u Ibragimov, 2019). B kayecTBe anbTEpPHATHBBI MbI CJICIyEM
pacTyuieii JTuTEpaType 10 OIEHKE Ha OCHOBE KOy B (pMHAHCAX (CM., HANpHMED, Ibragimov u
Prokhorov, 2017) u nepedopmyaupyem npodiemMy ONSHKH IIIOTHOCTH € HCIIOJIb30BAaHUEM PaHTOB
BMeCTO (paKTHUYECKHX 3HAYEHHH. B&XXHO OTMETHTB, UTO JUIs OG0T HabOpa CIyqalHbIX BEIHINH
WX KOMYJISTHBHAs (QYHKIMsS COICPKHT BCIO MHOOPMALHMIO O CTPYKTYpE 3aBUCHMOCTH MEXIy
ciTydaifHON BEJMUMHOM, a TaKXKe MEXIY JIOOBIMH peoOpa3oBaHUsMHU CIIyYalHBIX BEITHYHH C
coxpaHenueM panra (cM., Hanpumep, Cherubini et al., 2011, 0030p METOJOB KOIyJbl B
duHancax). Cies0BaTeNIbHO, €CIH MBI MCIIONB3YeM KOIYJy BMECTO HCXOJHOIO pacmpe/eNeHus
JaHHBIX B 6A30BOM METOZE, CTPYKTYpa Iepenadd HWHGOPMAIMKM OCTAHETCs HEH3MEHHOH, B TO
BpeMs Kak OIEHKa Tellepb BBINOJHAETCS MO paHraM W H MCIonb3yeT YCIOBHYIO IIOTHOCTH
KOIYJIBI, KOTOpas YCTOM4¥MBa K OONBIIMM XBOCTaM B MAaprHHAJIBbHBIX PACTIPECTCHUAX M HETKO
olpejielIeHa, aXe KOT/la MOMEHThI HCXOIHBIX PACIPEIEeHHI MOTYT ObITh OEeCKOHEUHBIMH.

B npennaraemoii mogudukanmu 6asosas onenka RFCDE f(ec|é,) 3amenena ouenkoit RFCDE
na ocHose pauroB f (u|l;), rie

ufZ—l—ZZi{e!_gﬁe!}, f :“}Zﬁ{@:—sﬁ@t}’
t t

rae, Kak M paHee, At— JUIMHA CKOJIb3ALIETO OKHA, MO KOTOPOMY Mbl OICHHBACM
[LIOTHOCTH. 3HAYEHMs Ut U i, H3BECTHBI KaK TCEBIOHAOMONCHNS; 3T0 3Hadenus mexay [0,1],
COOTBETCTBYIOIIME paHraM HaOJIOJCHHH €; U é;, COOTBETCTBEHHO, B CKOJIB3AIIEM OKHE,
NleJIeHHbIe Ha KOJIWYecTBO HabmrojeHui B okHe. COOTBETCTBYIOIINE OLUEHKH SHTPOIMU MOKHO
3anucarh CJIeyIoIIM 00pa3om

rank 1
Bgea = ). [[Fov 10 t0gfow 10 aw,
1€ Upyiey)

(10)

Uy p1 = {By; N, L q;.all B pas
e  [toita] {thegi Ueg +1 t:} u f (u|fl) MoryT GBITH TPOUHTEPIPETHPOBAHBI KAK yCIOBHAS
IUIOTHOCTB KOIIYJIBI €t TIO &;.

PaHroBble OLEHKH, TpuBeaeHHble B ypaBHeHuH (10), WHBApPHAHTHBI K IIpeoOpa3oBaHHAM
IIepPEMEHHBIX ¢ COXPAHCHHEM PaHIa M, TAKAM 00pa3oM, JeIaroT OOJIbIINE XBOCTHI B PEICIBHBIX
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pacIpe/le/ieHuAX ~HEyMECTHBIMH. DTO  IO3BOISICT  JIOTIONHUTENBHO  COCPENOTOUMTRCH  Ha
W3MEHEHUSIX B XapaKTEPUCTHKAX DPAcCIpeNEeHUs], KOTOPBIE BBIXOAT 3a PAaMKH TNEPBBIX ABYX
MOMEHTOB BenmuiH. Hampumep, Mbl MOXEM paccMarpuBaTh CHTyallWH, Korja IEpBBIE JBa
MOMEHTa MOTYT OTCYTCTBOBaTh M3-3a UPE3BbIYANHON BONATHILHOCTA Ha PBIHKAX W KOTAd
NTEHEHHbIE KOPPEJIALMH CIIMIIKOM YIPOIIEHbI B KQ4eCTBE MEphbl 3aBUCHMOCTH, HalpUMep, KOr/ad
JTAaHHBIE 3aBHCAT OT XBOCTA.

5 Mopenuposanue meroaom Monre-KapJio

5.1 [poekmuposaHue MooenuposaHus

B 5ToM pasjienie Mbl cpaBHHBaeM d(PPEKTUBHOCTD 0a30BBIX METOJIOB M MCTOOB PACIIMPEHMS C
ANBTEPHATHBHBIMA TIPOLEAYPAMH M MEXAY COOOH, MCMONB3Ysl CHHTCTHHECKHE JAHHBIC. Mei
MCIIOJIb3YEM JIBA PACTIPOCTPAHEHHBIX B JIATEPATYPE CLICHAPHs], @ UIMEHHO MPEKPAILICHUE MEPEAtHn
¥ MHBEPCHUIO Tepenayn. [IpuMephl IBYX HCIOJIB3YEMbIX HAMHU CXCM:

(a) Ilpexpamenue mepenaud HHGOpMAUMK: B TOYKE HW3MCHCHWs Tepeiata uHpopManuu

ot X u Z k Y npexpamaercs. Mpl paccMaTpuBaeM CIEAYIOIHMI IIPOLECC ICHEPAlMH  JIaHHBIX
(DGP):

05InX,_; +0.222_,+03v, t=<500
¢, t>500

Y, =
rjae
Vi o vsoot 5 N0, 1), 01, ., & 5 v (5, 36) Xy, . X i pyp(3)

U

21, .. 27 %413, 1).

(b) UWusepcuss mnepenaud uHbOpMauMM: B TOYKE M3MEHCHHS  IOTOK uHbopManuu

oT X u Z k Y MeHsiercs Ha NpPOTHBOMONOXKHBINA. DGP, KOTOpHIH MBI MCIONL3YEM, BBINIAIUT
clieAyIonmmM o0pa3oM

y.— 105X+ 0.2Z>_, +0.3v,, t <500
‘ ¢, t>500
raec

X Ug, t< 500
t=103Y,_, + 0.1y, t>500

S, t<500

Zt =1 0.6v?_, +0.1¢, t>500
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iid. i.id. ,
Vi, 4 V500, IIJSGI’ _— IIJT, 5501, — (T o~ N(O, l), {501, wny fT e v7\[(5, C))

)51

Vg =aey Usggi‘ l"‘“d El})(3), (51, —_ 65001‘ z;“d‘ f(3, l)

CBojiHasi CTATUCTHKA CMOJIEIIMPOBAHHBIX JAHHBIX C UCIIOJIb30BaHUEM J1ByX DGP'oB
npezcTaBieHa B Tabnuue 1.

Tabmna 1: CBoaHAas cTaTHCTHKA HA CHHTETHYECKHUX JaHHBIX

pexum cpeanee | std acummerpus | skcuece | corr(YeYe—1) | rank corr(YyYe-1)

IIpexpamenue nepesauu nHGpOpMaLHH

nepen

2541 | 2768 | -2.106 5812 -0.062 -0.040
H3IMEHECHUECM
rocae 5126 | 5.968 0.110 0.241 -0.076 -0.080
H3MECHCHUHA

NuBepcus nepenaun uapopmanum

nepes !

2541 | 2768 | -1.527 2.973 0.040 -0.040
HU3MEHECHHEM
froce 5126 | 2.99 -0.192 0.137 0.007 -0.064
HU3IMEHECHHU A

5.2 CpasHeHue c mpaduyuoHHbIM NOOX000OM

Mpl HayHEéM € CpaBHEHMsI HOBOTO MOAXOZa C TPaTUIIMOHHBIMH MeTogamu SR, To ecTh 0e3
UCIIOJIL30BAHUS DHTPONMHU. TpajvIMOHHBIE aJIbTEPHATUBBL, KOTOPHIE MBI paccMaTpHBaEM,
CleyIoIHKe: (a) IPUMEHEHUE CTaTUCTUKK SR 117151 0OOHapy)KeHHsI H3MEHEHHUS CPEAHETO 3HAYECHHS
LENEBOM TEepPEMEHHOM Y Hanpsamyto; (0) mpuMmeHeHue craTUCTHKH SR s oOHapyxeHwus
U3MCHEHHSI CPEIHET0 3HAYEHHUsI OCTATKOB e: 0T Mozaeau AR B ypaBHenuu (6); (B) mpuMeHeHUE
craTucTUKK SR 1 0OHapy KeHUsl U3MEHEHHs CPEIHETO 3HAUCHHUS T0100paHHbIX 3HAYECHHH &, u3
ypaBHeHus (7). MBI cocpeioTOUHMCS Ha MPEKpALeHHH Tepeaadn HHHOPMAaIIKH.

Cnenndukanus DGP, paccmaTpuBaemasi B 3ToM pasjienie, Ceayromasi:

¥ = 05InX,_{+02Z:_,+01v, t<500
t= )¢, t>500
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v o vsool K N0, 1), Egy £, Y (235, 15), Xy, o X L4 £y (3),
u

2y, 27593, 1)

Mpouecc aHanorMyeH npeKpalweHnio WHGOPMALUMOHHOTO noToka B  pasaene 38, (33
HCKJIIOYEHHEM TOTO, 4YTO TENEepPh CpeJHee 3HAueHHWEe CJIBUTaeTCs Ha MEHBUIYIO BEJIHYHMHY,
CIIMIIKOM MAIyIo Ul ydeTa TPajHIMOHHOH mpouenypoil. Bce mapameTphbl Uisi BHIMUCICHUA
craTheTHKE SR OMHAKOBBI JUIs BCEX peau3alyii TPaIMIMOHHOM cTaTucThKH SR. JUiMHA OKHA
cocrasisieT At=50.

Shiryaev-Roberts statistic for target values (Y})

120 4 ; 7
e Shiryaev-Roberts {
-== changepoint i
100 -
i
80 1
: |
@ i
® 60 i
g i
o i
o '
w 1
40 }
]
i
i
20 §
1
i
i
0 1 ¥ Y T 1 T T T
0 200 400 600 800 1000
time
Shiryaev-Roberts statistic for AR residuals (e;)

i
~—— SR stat :

100 1 —.. changepoint
]
. i
80 t
i
o i
= H
2 604 4
‘a';’ i
7 :
o ¥
v 40 4 t
i
i
20 - !
i
]
i
0 i L

0 200 400 600 800 1000
time
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Shiryaev-Roberts statistic for fitted values of AR residuals (&)
175 4 - T

— SR stat

150 -== changepoint

125
100

75

SR statistic

50 -

25

0 200 4(;0 600 800 1000
time

Shiryaev-Roberts statistic for conditional entropy

50000

40000 -

SR statistic

20000 4

10000 -

8
<
<
<
"

i
200 400 600 800 1000
time

Pucynoxk 1: Crarucruxa Illupsesa-PoGeprca mist mpexpaiienus nepeaun HHGOPMALIHH

Ha pucynke 1 noxaszansl 3Ha4eHHsi COOTBETCTBYIONIEH CTATHCTUKH SR ¥ MECTOMONOKEHNE TOUKH
M3MCHCHHS (BEPTHKalbHAs TYHKTHpHas JHHHs). I3 pHCYHKa BMIHO, YTO TpaIMIMOHHBIE
CHocOObl  MpUMEHEHMs  mpouexypsl SR He  MO3BONAIOT  OGHAPYXKHTH TOYKY
uzMeHenus. Ctatuctuka SR s Tpex u3 yeTsIpex mudp pacteT co BpeMeHeM U BHIPaBHHBAETCH
BOJIM3M TOYKH M3MEHEHHUs, HO HHKAKHE BCIUIECKH HE SIBJISAIOTCS JOCTATOYHO GONBUIMMH, YTOOKI
BbI3BaTh TpeBory. C Apyro¥ CTOpoHBI, Npolenypa, OCHOBAHHAs Ha SHTPOINHH, MOKA3aHHAS Ha
HI)KHEH IPaBO¥i MTaHEIH, BbI3Bala HEMEUICHHYIO H CHIIBHYIO TPEBOTY.

OTa pasHHI@ B [POM3BOJUTENHHOCTH OOYCIOBJICHA OTPAHMYEHHOCTBIO TPAXHLHOHHBIX
n0X0/10B. IIpH MPUMEHEHUH K KOHKPETHBIM [EPEMEHHBIM, B OTJIMYHE OT SHTPOIHH, OHH, MO-
BU/IAMOMY, HalleJIeHbl Ha C/IBUTH CIEHU(PUYECKOrO XapakTepa, HAlPUMEp, CIABHUTH B CPEIHEM
3HQYECHWH, JUMCIEPCHH, aBTOKOppENsUMU. B naHHOM cilydae cABAr B CpellHEM CITHINKOM
Mait. Kimio4yeBbIM NPenMyIecTBOM HaIIero MOJAXOAa SBISETCS TO, YTO OH YUMTHIBAET CKAUKH
B nepeoaye ungopmayuu. B 5ToM cMBICIIe BMECTO aHAIN3a Pa3IMUHBIX CABHIOB B CTATHCTHKE SR,
KaKJIbIi M3 KOTOPBIX NPOBEPAET HAJMYMe OMPEICICHHOrO CMELIEHHs, Mepa, OCHOBAHHAS Ha
SHTPOIIUH, HAIPAMYIO YYHTBIBACT CTAOUIIBHOCTD CTPYKTYPhI 3aBUCHMOCTH.
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5.3 HenuHelHocmb u paHau

Terepb MbI TIEPEXOUM K OOHAPYKEHHIO NPEKpaIlCHUs W HHBEPCHH nepefaun HHGoOpMAIUH €
IOMOIIBIO PACIIHPEHUH T10/1X0/1a, OCHOBAHHOTO HA SHTPOIHH, TO €CTh € MOMOIIBIO JIOKAJIbHBIX
JMHEHHBIX JIECOB W PAHTOB. MOJIeNMPOBaHHE TIPOBOAMTCS TaK, Kak OMHCAHO B pasjeiic 3.1
PesynbTaThl MOJCIMPOBAHMS MPEJCTABICHBl HAa PHCYHKax (2)-(3), rae 6 0bo3HAYaET MOMEHT
M3MeHeHus1, T 0003Ha4aeT MOMEHT OOHApY)KCHHs HW3MEHCHMs, a A — moporoBoe 3HauYCHHUE,
UCIIOJIb3YEMOE JUIS CTAaTUCTUKH [lIupsiea-Pobeprca. J[ninHa OKHaA COCTABIIACT At=50.

13 pucyHKOB (2)-(3) ciietyeT, 4T0 BCE paciIipeHUs 6a30BbIX METOI0B, OCHOBAHHBIX Ha QHTPOIINH,
O4YeHb XOopomio paboTaroT BO BCEX YETHIPEX HacTpoiikax. Her deTrkoro mnopsjika B
IPOU3BOIUTEILHOCTH MEXy YEThIPbMS HacTpoiikamu: (a) 6asoBas BepcHsl (JIMHEHHAA MOJICID,
6e3 panroB); (b) pacimpeHHe ¢ IOMOIIBIO LLF (JlokajibHbIH JHHEHHbIHA Jec, Oe3 paHroB); (©)
pacuIMpeHve C paHramu €, et (IMHeHHas MO.ICIb, pauru); (d) pacmmpeHue C paHramu
€, (oKanbHBIH THHEHHBINA JIeC, panru). Kak mis 3aBepiieHns, Tak U JUis HHBCPCHHU BCE UCTHIPE
CIOCOGHBI MMOJABATh CHIHAJT TPEBOTM B TedeHHE 7-15 MEpHONOB BPEMCHH, HCIOJIB3YA
COOTBETCTBYIOMIHE MOPOTOBbIC 3HaYeHHUs. Tabnuua 2 CyMMUPYET 9TOT BBIBOL.

linear model, no ranks
350000 A T
- SR statistic

300000 -
250000 4 ~-- 8
200000 A
150000 -

SR statistic

100000 -

50000 :
0 — : ——

|
?
!
!
!
!
!
!
|

475 479 483 487 491 495 499 503 507 b1l 515 519 523
time

La les local linear forest, no ranks

1.2 4 = SR statistic
1O e g
0.8 1 A

0.6 A

SR statistic

0.4 -

0.2 1

:
!
!
!
!
!
!
!
!
L
i

B i

0.0

475 479 483 487 491 495 499 503 507 511 515 51'9 52;3
time
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SR statistic

SR statistic

linear model, ranks
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time

local linear forest, ranks
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Pucynok 2: Cratucruka Illupsesa-Pobeprcea 10 MpeKpamieHHIO nepeiain uH(pOopMaLMK

SR statistic

linear model, no ranks

1

- SR statistic |
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0 I
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local linear forest, no ranks

1
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linear model, ranks
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local linear forest, ranks
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time
Pucynok 3: Cratuctuka [lupsieBa-PoGepTca a1 HHBEpCHH Nepeiady HHpopMaliu

WHTepecHO, Y4TO CpaBHEHHE MEXJly HH)KHEH M BEPXHEH IaHEJsIMH PHCYHKOB IOKA3bIBAET, 4TO
PFA 171 paHroB BBILIE, YeM JUIs YPOBHEH, O 4eM CBHIETENbCTBYIOT HEHYNIEBble 3HaueHHsi SR
nepe/l pa3pbiBOM Ha HIDKHHX NaHelsiX (M HyneBble SR Ha BepxHux nasensx). OpHako 310 He
HO3BOJISIET HAM YETKO OIpEIEUTh CIydad, KOrJla MEpbl, OCHOBaHHbIE HAa PaHIax, MOIYT ObLITh
IPEANOYTHTEILHBIMH, @ MOTYT M HE OBITh, YTO paCCMaTPHBAETCS B CJIEAYIOLIEM MO/Ipa3ielie.

Tabnuma 2: 3anepxka oOHapyKEHUsI TOUKU U3MEHEHHUs (T—0)
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( Mo)jehb Terminativc)nir InversionT
linear 10 5
LLF 9 10
' linear + ranks 9 5

LLF + ranks 15 7 4\

5.4 Taxcenwvle xa0cmbl U 3a8UCUMOCMb OM X80CIMO8

Jlisi janbHEHIIero W3ydeHWs MPEHMYIIECTB PAHIOBBIX IIOKa3aTeled Mbl paccMaTpHBacM
CHTYALHIO, B KOTOPOH CBOHCTBO C TSDKEJIOXBOCTHOCTH OT/ICJIbHBIX PAaCHpE/Ie/IeHHH NPENSTCTBYCT
[IPOIyKTUBHOMY HCIIOJIb30BAHHIO TAKUX XapAaKTEPHCTHUK, KaK Cpe/IHEe 3HAICHHUE, NUCTICPCHS HITH
KOppeJsiEy. JTOT napaMeTp 0COOSHHO aKTyaleH JUlsl @UHAHCOBBIX JAHHBIX € PA3BHBAIOMIMXCS
PBIHKOB, KOTOPBIE, KaK H3BECTHO, YPE3BBIYAHHO BOJIATHIILHBI.

MbI MOAU(HUIMPYEM ONMKMCAHHYIO CXEMY MOJIETUPOBAHHS, BKIFOYHB KOMIIOHEHT C JIAHHBIMH €
TSKEbIME XBOCTAMH M 3aBMCHMOCTBIO OT XBOCTOB. C 3TOH HeNbio MBI 106aBiseM mtpad A K
YIIPOLICHHOM BEPCHH NPEKpallieHnss HHPOPMALOHHOTO TI0TOKA CJIETyFOLIHM obpazom:

v, = Xe—1+ (A — A1), t =500,
7 109+¢, t>500,

rac
£, 5 N (0,05), Xy, .., Xsoo" & WeibMin(1.5)

Pojib A 3aKiii04aeTcd B KOHTPOJIE YPOBHS IIymMa B 3aBUCHMMOCTH OT TOTrO, HacKOJIbKO OJIU3KO
HaGmoneHne K Memuane BbIGopkd. ITycth di=X—med(Xt) 0603HauuM Takoe paccrosHue. Mpl
onpeessieM A CleayomuM 00pa3om:

d, — min{d
Ry 58— ali O]
max,{d,} — min{d;}

O4eBHJIHO, 9TO yem Onvxe HaOJII0JICHUE K MeJuaHe, TeM Oounplie
nryma Yt oTHocuTenbHO X¢-1. UTO KacaeTcst HaOMO/IeH i, OIM3KHX K OKCTPEMyMaM BBIOOPKH, TO
onu Y: 6Imke K TOMy, 4TOOBI MOJHOCTBIO COBMAAaTh € Xi-1. DTO NPHBOJMT K HEHYJIEBOH
XBOCTOBOHM 3aBHCHMOCTH, TO €CTh K HEHYJEBOH Koppeisiuu Mexay X¢u YeOmoke K
SKCTPEMyMaM JTHX IepeMeHHBIX. KpoMe TOro, Mbl HCIONB3yeM pacrpe/ie/ieHie MUHUMAIbHBIX
SKCTpeMaNbHBIX 3HauYeHHU BeiOyna st Xt, 4To0bI BBI3BATh CBOUCTBO C THAXKETOXBOCHOCTH.

Ha pucyHke 4 moka3aHbl YCIOBHBIE SHTPONMHHbIE MPOLECCHI, H MOTy4YeHHBIE C HCHIOIB30BAHUEM
4eThIpeX PACCMOTPEHHBIX HaMHM MeTOHOB: (a) 6a30BOM JIMHEHHOW MOJENIH, OCHOBAHHOH Ha
ypoBHsX, (6) JOKANbHOH JIMHEHHON MOJENH Jeca, OCHOBAHHOH Ha YpPOBHSX, (B) JIHHEHHOH
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MOJIESTH, OCHOBAaHHOM Ha paHrax, (r) JOKaIBHOM JIMHEHHON MOJe H Jieca, OCHOBAaHHOM Ha
panrax. BepTukajbHasi yHKTHPHAs JIHHUS yKa3bIBacT TOuKy M3MeHeHus ().
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linear model, no ranks

0.475 4

0.450 A

0,425 A

0.400 A

0.375 A

0.350 A

0.325 1

0.300 -

e e e s e e e o

—— H(exie})
—— g

0 200

400

600 800

time

linear model, ranks

0.075
—— Hieder)
0.0504 ==~ 8
0.025 4
0.000
~0.025 A
~3.050

~0.075 A

~0.100 +

¥

400

600 800
time

local linear forest, no ranks

0.475 4

0.450 4

0.425 A

0.400 A

0.375 A

0.350 4

0.325 A

0.300 A

— Hieder)
- 8

22

600 800

time




local linear forest, ranks
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PI/IC}/HOK 4: Ouenku SHTPOIMH JJISI JAHHBIX C TSKEIBIMU XBOCTAMH M 3aBUCHUMOCTBIO OT XBOCTA

W3 pucynka 4 BUHO, YTO axe Oe3 BBIYMCIIEHUS CTATUCTHKH SR, OCHOBaHHOI Ha SHTPOIIUH, ITOT
TNOJIXO/L HE MO3BOJISCT OOHAPYKHUTH CIABUI PEXMMAa HA OCHOBE HCXOJHBIX JAHHBIX (BEPXHSS M
HMXKHSSL JICBBIC TNAHENIM HE TMOKa3bIBaIOT 3aMETHOro m3MmeHeHuss H), B 1o Bpems kak EWS,
OCHOBaHHasl Ha PAaH)XUPOBAHHH, JAET COTNIACOBAHHBIE PE3YIIBTATHI H OBICTPO ONMpPEENAET PEKUM
CABHI (BEXHSI M HWKHSS NPaBble NMAHENH MOKA3bIBAIOT YETKHM NEPEX0] K HOBOMY CpeIHeMy
3Ha4YCHUIO H 110CIIe TOYKH H3MEHEHHST). DTO TOBOPHT O TOM, YTO HOBAsi METOIOJIOTHS, OCHOBAHHAS
Ha PaHXMPOBAaHWHM, MPHUBJIEKATEIbHA B TEX CIIydasX, Korja (MHAHCOBBIE JAHHBIC SBJIAIOTCS
CTaTUCTHUYCCKU 3HAYUMBIMH U 3aBUCSIT OT XBOCTA.

6 Anpobanus moaxoaa Ha SMIIMPUHYECKHUX JAHHBIX

B pasaeiiec HpUBOAUTCA SMITUPpUYECKAs HUITIOCTpanUs TOT0, KakK MOAX0 MOXET OBITh HCIIOJIB30BAH
OpH IIOCTPOCHUH CUCTEMBI PAHHETO MPEAYNPEXKICHUS HA OCHOBE MAaKpO3KOHOMHYCCKUX NAHHBIX.

6.1 Y3bekucmaH: 8n1usHuUe Cbipbesbix PbIHKO8

Wsyuenne nunamuku (OHIOBOTO phIHKA Y30€KHCTaHa, M3MeEpSeMOil ¢ moMmolmsio CBOAHONO
unznexca Ysbexucrana (UCI). UCI - cpenHeB3BelieHHOe 3HAYEHHE LICH aKIHid, TOPryeMbBIX Ha
TamxenTtckoit GpoHmOBOM OUpKE.

MCTOYHNKH NaHHBIX:
The following sources were used to obtain the data for Section 6:

Uzbekistan Composite Index: https://uzse.uz/price indices/

Brent Crude Oil Continuous Contract: https://www.marketwatch.com/investing/future/brn00

Wheat ($/bsh): https://www.macrotrends.net/2534/wheat-prices-historical-chart-data

Gold spot: https://www.gold.org/goldhub/data/gold-prices

Cotton spot: https://tfinance.yahoo.com/quote
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CornacHo oryeTy Beemupsoro Ganka 3a 2022 ron, CBIPHEBOM PBIHOK MIPaeT KIOYEBYIO POJIb B
HKOHOMHMKE JTOM CTpaHbl, HAIIPUMEP, 30J0TO M XJIOTIOK COCTABJIAIOT 30.8% u 11% skenopra
CTpaHbl COOTBETCTBEHHO. CTPYKTypa UMIIOpTa GoJiee OJIHOPOJIHA, TIPU 3TOM HaMOOIBLINE 107U
MMIIOpPTa IIPUXOJUTCS Ha HEPTENPOLYKTHI (2,5% MMIIOpTa CTPaHBI) H MieHuity (2,2% HUMIIOPTA).
ECTECTBEHHO IIPEANOJIONKUTh, YTO (JOHIOBBIA PBHIHOK JTOH OTKPHITON 3KOHOMHUKH TOJBEPIKCH
[IIOKAM CO CTOPOHBI MHPOBBIX TOBAPHBIX PHIHKOB. [I03TOMY MBI H3y4aeM nepeiaty uHbOpMaLUH
oT 11eH Ha chipbenble Toapbl B UCI, TJ1e CUCOK ChIPhEBBIX TOBAPOB BKIIIOYACT 30JI0TO, HIICHHILY,
XJIOTIOK M CHIPYIO He(Th. MBI paccMaTpHBacM €XKETHEBHBIC IAHHBIC C 1 smBaps 2021 roxa no 30
HostOpst 2022 rosia. B tabnuie 4 npejcraBieHa CBOJHAsA CTATHCTHKA 32 BECh MEPUOL.

Ta6muma 4:CBoIHbIC CTATHCTHYECKUE JTAHHBIE 110 Y30€KUCTaHy

cpeanee | std | acuMMeTpHs | IKCIECC corr(Ye;Ye-1) | rank corr(Ye;Ye-1)
UCl 0.000 | 0.047 -0.226 14.259 -0.075 -0.049
Crude oil | 0.000 |0.027 -0.523 3.636 -0.013 0.028
Gold 0.000 | 0.009 -0.238 1.844 -0.023 -0.009
Wheat 0.000 |0.022 0.309 3.413 -0.025 -0.024
Cotton 0.000 |0.023 -2.202 23.497 0.018 -0.012

MBI HCTIONB3YEM CKOJTb3siiee OKHO B 100 mHe# Ui OIIEHKH porecca YCJIOBHOM SHTPOINUHA H xax
onucano B paszene 4.1. Tlopsgok mponecca AR st UCI seioupaercs BIC u ornmyaercs Ui
K@KIOTO CKOJB3SIIEr0 OKHA; HauboJbllee 3amas/ibiBaHde OOBSCHIOMMX MEPEMEHHBIX B
ypasHenn# (7) PaBHO TPeM, HO Mbl MPOBENM aHAIH3 YYBCTBUTEILHOCTH K JTHM IapaMeTpam,
Bappupytommmess ot 1 jgo 10, 6e3 CYIIIECTBEHHOH pasHUIBI B pesyibratax. KonmdecTBo

cauroB m=380, mapameTpbl dKCIOHEHI[HAIBHOTO CITIAKHBAHUS PaBHBI a=0.5u =09, xak u B
CUMYJISLUSX.
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Pucynox 5: JlorapudmMuueckast JOXOJHOCTb U YCIIOBHAs SHTPOMNHMS [Uis (POHTOBOIO PhIHKA
V30ekucrana.

PrcyHOK 5 0TOOpaXkaeT pe3yJbTHPYIOUIYIO YCIOBHYIO SHTPOIHIO BMECTE C JIOrapupMHUYECKO#H
noxoanocteio UCI. Ha pucyHKe mpe/cTaBIeHbI ISTh PAa3IMUHbIX PEKHUMOB, 0OHAPYKEHHBIX STUM
EWS. Oun 0003HaueHbl BEPTHKAIBHBIMM ITYHKTUPHBIMHM JIMHUAMH H 3alITPHXOBAHHBIMU
obnacTaMu Ha pucyHKe. JIaThl U CBOJHAs CTATHUCTHUKA ISl KaXIOr0 peXuUMa IMPHBEICHBI B
tabnuue 5.

Ta6muna 5: CBogHas craructuka UCI o pexxumam

PEXKUM cpeanee | std acummerpus | dkcnece | corr(Ye;Ye1) | rank corr(Ye;Ye-1)
2021.05.28 - | 0.002 0.022 | -3.051 30.794 | 0.229 -0.021
2022.04.25

2022.04.26 - | -0.008 0.077 | -0.346 3.586 -0.165 -0.107
2022.08.29

2022.08.30 - | 0.001 0.073 | 1.010 5.782 -0.273 -0.194
2023.01.07

2023.01.08 - | 0.002 0.050 | -1.404 19.710 | -0.036 -0.0620
2023.06.02

2023.06.03 - | -0.001 0.020 | -1.178 5.380 -0.147 -0.255
2023.11.28

OOHapy)XeHHbIC pe)XMMbI HE BHJIHBI B IEPBOHAYAIBHOM psily mokasareneit noxoxnoctu UCI, 3a
UCKJIFOYECHHEM, BO3MOXHO, MEPBOTO MOMEHTAa W3MEHEHHS, KOTOpBI COBNANaeT C 3aMETHBIM
yBenmdeHueM BosatuibHOCTH UCI. DTO HEeyIMBHUTENBHO, YYMTBIBAsA, YTO yCIIOBHAsi JHTPOIIMS
OTpa)kaeT COBOKYITHBIN YacTUYHBIH 3 (HeKT ToBapHBIX PHIHKOB. CYIIECTBYIOT CIIEAYIOIIUE MATh
PEeXHUMOB: (a) EepHOJI HU3KOK SHTPOMNHUH, (0) Mepruo i MEAJIEHHOTO pOCTa SHTPONUH, (B) MEPUOJL
crabunu3anuu, (r) MepuoJ INOBBIMICHUS 3HTPONHMHM MU (1) MEPHOJ BO3BpaTa K HOPMAIBHOMY
coctosiHuI0. Pexxum (d), BOZBMOXKHO, SIBISI€TCS HEOKUIAHHBIM H, IOJDKHO OBITh, OTpa)kaeT pa3phiB
Mex 1y (POHIOBBIM U TOBAPHBIM PHIHKAMHU B TOT MEPHO/I.
23



7 3akjiroueHue

Msbl  paspaboTai HOBYIO CHCTEMY PpaHHEro NpPEAYNPEeXICHUS Ui  OOHApYKEHHs
KOHLENTYAJIbHOTO JApeida ¢ MOMOIIBIO OLEHKH YCIOBHOH SHTPOIMHUH. ITO OpPHTHHAILHBIMA
MOJXO0/1, KOTOPBIN COYETAET B ceOe NpeuMyIIecTBa TEOPUH HHPOPMAIIMH U MAIIIMHHOTO 00YYEHHS,
94TOOBI IOMOYb OTCJIEXKHBATH YPOBEHBb HEOIPE/IEICHHOCTH, OCTAIOIIUICS TOCIIe yUeTa 3aepiKeK
LEJIEBBIX U OOBACHAIOMIMX NEPEMEHHBIX. DTOT MOJIX0]] 0OCOOEHHO aKTyaJieH IS MOJICITHPOBAHHMS
MH(QOPMAIlMOHHBIX IIOTOKOB HAa Ppa3BUBAIOIIMXCS PBIHKAX, KOTOpbIe XapaKTEPH3YIOTCS
ITOBTOPSIOIIMMHCS CTPYKTYPHBIMH pa3pbIBaMHU U TSXKEIBIMU XBOCTAMH B PACTIpe/ICICHUU IAHHBIX.

Mpel npepioxunu 6a30Bble METObl, OCHOBAaHHBIC Ha HOBOM OIICHKE YCJIOBHOM ILIOTHOCTH C
UCIIOJIb30BAHUEM BECOB CIIyJalHbIX JIECOB, U MBI pa3paldoTay J1Ba paciiupeHus 6a30BOro ypoBHs,
KOTOpBIE JIy4Yllle OTPaKalOT HEJIMHEHHbIE B3aMMOJICHCTBUS M YUHTHIBAIOT paCIpe/ICiCHUs C
OOJNBIIMM  XBOCTOM. Paciivpenusi MCHONB3YIOT JIOKAIBHYIO JUHEHHYIO OIIEHKY YCIIOBHOI'O
CPEHEr0 U PAHTOBYIO OIIEHKY YCJIOBHOM IUIOTHOCTH CBSI3KH COOTBETCTBEHHO.

ITo CyTH, Npeurara€MbIi€ METO/bl ABJIAIOTCA IICPBBIM IHAaroM K HCIIOJB30BAHHUIO IIOCICIHUX
JOCTHXKECHHN B 00JIaCTH MAaIIuHHOTO 06y‘{CHI/IH U CTAaTUCTUKU [JII aBTOMATH3HPOBAHHOI'O
MOHHUTOPHHI'A PbIHKA, KOTOPBIE MOTYT HCIOJIB30BATHCA IJIsI MHOTHX ueneﬁ, HO HMEIOT 0coboe
3HA4YCHHUEC IJId PBIHKOB C Bpra)KeHHOﬁ BOJIaTHJIBHOCTBIO, CTPYKTYPHBIMHU pa3pbIBaMH, TAXCIIBIMH
XBOCTaMH U 3aBUCUMOCTBIO OT XBOCTOB.
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Abstract

Financial markets of emerging economies are particularly vuluerable to extreme and cascading in-
formation spillovers. We develop and apply a new ouline early warming system (EWS) for what is
known in machine learning as concept drift, in economics as a regime shift and in statistics as a
change-point in information transfer. The system is adapted to capturing the specifics of financial
information flows in emerging markets. It goes bevond linearity assumed by many conventional
methods, and it is robust to heavy tails and tail-dependence in the data, making it particulatly
suitable for volatile financial markets. The k

v component is an effective change-point detection
mechanism based on the conditional entropy as a measure of information transmission. rather than
on a particular feature of the data snch as the conditional mean or variance. Combined with re-
cent advances in machine learning techniques for high-dimensional random forests, the mechanism
is capable of finding significant shifts in information transfer between interdependent time series
when traditional methods fail. We explore when this happens using simulations and we provide two
illustrations when the method generates early warnings in emerging tinancial markets.
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obtaining consistent tests for the number and location of regime shifts in the available data. rather than
on sequential monitoring for change points. The conventional econometric methodology often assumes
the number of regime shifts to be known or to be within a fived region. It also imposes restrictions
on the minimum duration of regimes and on distributional characteristics of time series such as finite
higher-order moments. Such restrictions are particularly problematic when applied to volatile indicators
of emerging markets

Moreover, traditionally macroeconomic analysis has focused on linear models of information transfer

represented in such concepts and models as Granger (1969) causality, vector antoregression (VAR) and
dynamic conditional covariance (DCC) models, which use primarily parametric specifications and mav
suffer from large misspecification biases. Combined with the offline nature of such methods, thei ap-
plicability in the setting of emerging economies seems questionable. At the same time, comparisons of
performance between online and offline methods requires re-designing the offine methods to make them
applicable in an online environment for which they were not intended. Therefore, there is little guidance
in the literature on choosing between these methodologies.

Meanwhile. the field of machine learning has scen remarkable advances in arcas related to change-point
detection. Known as concept drift or data shift detection. this field of machine learning recognizes that the
entire conditional distribution of the target variable given explanatory variables may change. drastically
affecting predictive capacity of a machine learning engine trained on data from that distribution (see. e.g..
Hoens et al,, 2012: Chen et al., 2022). This brings to the fore the recent successes of such advanced machine
learning methods as random forests and artificial neural networks in estimating flexible nonparametric
conditional distributions and conditional expectation functions with many variable in the conditioning
set (see. e.g., Breiman, 2001; Pospisil and Lee, 2018 Friedberg et al., 2021).

Much relevant work is now happening in the intersection of machine learning and statistics. For ex-

ample. Barros et al. (2018) develop a statistical estimator for concept drift detection based on Wilcoxon

1 Introduction

Financial markets of emerging economies are characterized by unusually high volatility, structural breaks,
non-linear dependence, asymmetry and strong correlation in extremes also known as tail-dependence (sec,
e.g.. Chaudhuri and Wu, 2003; Chen and Thragimov, 2019; Mamonov et al., 2024). Moreover, modern
financial markets generally have a complicated structure of information flows often represented by various

global and local spillo

and contagion effects, particularly stronglv affecting emerging markets and
manifesting themselves with significant lags and frictions in information transfer (see, e.g., Zhao et al.,
2022; Khalfaoui et al., 2023; Ahmad et al., 2018). In this setting, rapid and reliable detection of shifts
in information channels at work in emerging markets has been found to be crucial for ensuring stability
of the markets, effective economic policy and prevention of financial contagion (see, e.g.. Neaime, 2016;
Smimou and Khallouli, 2015: Yang et al., 2023)

In statistics literature, the area that develops principled ways of constr ucting early warning systems
(EWS) which react to changes in a stochastic process with the shortest delay. is known as change-point
detection. This literature tracks back to Shiryaev (1961, 1963) and Roberts (1966), among others, and
has by now accumulated an impressive set of optimality results (see, e.g., Chen, 2019: Chu and Clen,
2019; Pergamenchtchikov and Tartakovsky. 2018, 2019). Importantly. various versions of the so called

Shiry

-Roberts (SR) statistic have been shown to be optimal in terms of minimizing the detection
delay as the probability of false alarm approaches zero, for a wide range of stochastic processes including
autocorrelated time series of financial returns with unknown pre- and post-change distribution. This has
spurred the development of online financial surveillance systems based on the SR statistic where “online”
means real-time (see, e.g., Pepelyshev and Polunchenko, 2017).

Adapting these methodologies for use in emerging markets has been lagging. In econometrics, most
of what is known as structural breaks methodology has heen “offline.” that is, it uses historical time

series to find regime shifts (see. e.g., Hamilton, 2016; Bai and Perron, 1998, 2003). The focus has heen on

o

rank sum test. Baidari and Nagaraj (2021) apply the Bhattacharvya (19 13) test to online concept drift
detection. Wang et al. (2023) uses shifts in estimated covariance matrices to detect change points, focus-
ing attention on linear dependence; Ditzler and Polikar (2011) use shifts in the target variable distribution
over time. Bifet and Gavalda (2007) do the same but focus on developing a method of adaptive win-
dowing (ADWIN) for high-frequency data stream monitoring. Raab ot al. (2020) extend ADWIN to nse
the Kolmogorov-Smirnov statistic (KSWIN) and provide a more stable and precise estimation method.
Tajeuna et al. (2023) develop methods for finding regime shifts in multivariate time series via analyz-
ing the co-evolving time series representation called mapping grid, while Guo et al. (2022) and Alanqary
et al. (2021) develop new ways of measuring changes in statistical properties of multivariate distributions.
James et al. (2023) develop a distribution-free market surveillance methodology based on dynamic time

warping. In spite of these impressive developments. none of the methodologies have been adapted to the

settings commonly encountered in empirical analysis of emerging markets.

‘The goal of this paper is to advance the early warning methodology by combining advances in statistics

and machine learning with application in economics and finance, in particular in settings with highly
volatile and tail-dependent data. Specifically, we design a new version of the change-point detection
methodology based on conditional entropy. The noveltv here is that information transfer is no longer
assumed (o be linear and it incorporates regime shifts in any feature of the distribution, not only the

conditional mean or variance. In fact, the mean and variance of the underlying seri

: may not even be
well-defined. which is not an uncommon setting in the analysis of extremely heavy-tailed financial time
series, e.g.. during financial crises and contagion periods. The EWS we design is sensitive to any shift in
the conditional entropy estimated using state-of-the-art methods from machine learning. The conditional
entropy relates the present state of the target variable to the information in the explanatory variables
not captured by the lags of the target variable. Therefore, we divectly measure the amount of uncertainty

that cannot be explained either by the lags of the target or by explanatory variables without restricting



the relationships between the variable to be linear and parametric. and without focusing on a specific
feature of the target distribution.

As a starting point we take the conventional linear specification ot the kind commonly used in etnpirical
economics for Granger causality testing, and we convert it into a sequence of conditional entropy estimates,
This permits an online sequential SR test based on entropy. 'To our knowledge. the use of conditional
entropy in the SR statistic is novel and of interest in its own right. We show how this approach helps
model the stylized facts characterizing emerging muarkets data such as intensive information trausmission,
transfer termination and inversion (see, ¢.g., Sahiner, 2024: Hassau el al., 2021).

Then, we develop extensions of this bascline setting that take advantage of local linear foreses and of
rank-based estimation. These exteusions acknowledge the preseuce of non-linearities and tail-dependence
in emerging market data, and they permit infinite moments in the distribution of Hnancial variables. By
using ranks of the data, rather than the data itself. we introduce the concept of statistical copulas in
the study of change-points, which. to our knowledge, has not been dene before. Copulas capture rank-
invariant non-lincar dependence in the data even il the marginal distributions are extrenely heavy tailed
and correlations and covariances are inappropriate dependence measures  a feature that has prompted

the growing popularity of copulas in modeling emerging markets data (. 8., Mamonov et al. 2024;

Tian et al., 2023).

We present simulation results demounstrating how the new approach dominates a direct applicstion
of the SR fest to the target variable or to AR process residuals in settings typical for cmerging market
studies. Specifically, we outline the cases when using ranks allows us to uncover regime shifts that cannot
be detected by the conventional SR statistic and when the other methods of change-point detection fadl
or perform subuptimally. Additionally. the empirical section provides illustrations of how the proposed
EWS could have issued alarms for the Russian equily market ahead of the Ukraine crisis and for che

South African cquity markets ahead of the COVID-19 recession

@

the context of signal transmission and unconditional distributions, Hartley (1928) is credited for observing
that the information to be gained from 1 outcomes each having a different probability p; can be defined

as

=3 plogp

T'his has become known as the Shannon entropy (Shannon, 1948). The higher this value, the higher is
the uncertainty about the o realizations.! ‘The largest awount of uncertainty corresponds to nuiformly
distributed outcomes, i.e., the same p; for all i Eq. {1) can be viewed as a generalization of this cotcept
to continwous conditional distributions, showing the average amount of information to be supplied before
one can corumunicate the information in Y given that the other party knows the information in A" Yang

(2018} provides an intuitive introduction to information theory for econumists with a focus on entropy.

2.2 Nonparametrics and random forests

An Bmportant component. of computing H is estimation of the conditional density. A flexible way ol esti-
mating f(ylx) without muking strong distributional asswnptions is to use the touls frum nonparametyic

ceonometrics (see, o.g., Liand Racine, 2023). However, most of the standard methods will ot work with

conventional sample sizes when the dimeusion of &; is even inoderately large. This is known as the curse
of dimensionality. Additionally, the nonparametric methods are known to perform poorly in the extremes
of the distribution. which arc of particular interest when dealing with data from emerging markets

An alternative approach that has been gaining popularity but has not been explored in the context

of entvopv-based EWS is to use machine learning techiques. As a prominent example, Pospisil and

Lee (2018) recently proposed to use random forests for condirional density ostimation (RFCDE). The

VA famows and straightforsard example is a coin fip: the uncertuinty is limited 10 two outcormes, head or tail. The
information tu Le gained from u fip, knows as a bit, is biuary and can be defined by logy(2) = 1 Then, the information
to bo gained from 7 1lips is log,(2)” = n. Lntuitively. entropy is the level of uncurtainty, or disorder, inherent i randum
DIHCOMCS.

‘The paper is organized as follows. Section 2 sets the stage by defining notation and concepts such
as entropy, randon: forests and change-points, Section 3 describes the bascline version of the proposed
procedure. Section 4 describes exteusions of the baseline method that account for non-linearity and use
ranks.  Simulations are provided in Section 5, and Section 6 contains real data exawples. Section 7
concludes, All the codes and data for this paper are available at https://github. com/kraevskiyAA/

EWS_CondEnt.

2 Preliminaries and related literature

2.1 Entropy and information transfer

Suppuse we have a larget time series ¥, and a history of explanatory variables available at time f,

A= {X 1. X a o X o) where cach X5 = 1 - 1, 6 — L is a matrix containing d explanatory
variables (or their lags). As an example, ¥, can be a composite stock index of an emerging market and &;
can contain histories of commodity prices the country trades in. Our goal is to detect shifts in information
transler between the target and explanatory variables. causing an early warning about. the state of the
warket described by the targel variable.

It is comnon in information theory literature to evalnate the intensity of information transfer from

X 10 Y by conditional entropy of Y given X {see, e.g.. Orlitsky, 2003) which can be writien as follows:

H-- / fly. ) - log flylr)dydr — *//(»‘rl'/f(yl'r)-10&/(!/'1)@(/1?

Ay

where f{y|r) is the conditional density of 3 given X, f(y,2) is the joint density of (Y. X}, and f(x) is
the marginal density of X, L'he last equality follows from the definition of expectations and the law of
interated expectations.

Fundamentally. the concept of entropy ineasures the uncertainty about 3, given the mformation A%, In

estimator improves on a standard nonparametric methud of kernel density estimation (KDE) by em-
ploying adaptive weights obtained using random forests of Breiman (2001). The main advantage here is
that randon forests break the curse of dimensionality by using random subsamples of the entire set of
conditioning variables, Tlis allows RFCDE 10 achivve consistent conditional density estimation with low
computational costs and high acenracy,

We use the RFCDE to obtain cousisten! estimates of f(y|z). It is then intuitive that a spike in
1 evaluated usiog, the RECEE of f(yle) should indicate an increase in uncertaimty (o decrease in the
infortuation transfer from X' to ¥) and the ramaining question is how to identity siguificant spikes. We
note that the RFCDE has not been used 1o obtain conditional entropy estimates before and offers a new

way of evaluating information (ranswission in high-dimensional settings

2.3 Change-point detection

Traditional change-point detection literature. going back more than 60 years (Page, 1954; Shirvaey, 1963
Robetts, 1966), tooks at an aggregated sequence of likelihood rativs bused on the likelihood of a change
at time ¢ versus the likelibood of no chasge, over a history of observations, where the densities before and
after the chiange are known but the change-point is not. A recent semiparametric application to spillovers
in conditional correlations between developed and emerging markets is Barassi et al. (2020). Now there
exist important relaxations of the assumptions of known densities and operational methods that look at a
slicling window of data rather than the entire history. However, this literature has not lovked at entropy-
or rank-hased evabnation of inforration transfer, not Lo mention the settings of emerging markets.
Define the Shirvaev-Roberts statistic as follows
e 1 o

where &0 = 1,1, are generic independent, random variables or vectors, fy is the density ol § before




the change and fx is the density of & after the change. Then, it is easy to derive the recursive version
SRy = (1 + SR \)-—== (3)

We use a version of the weighted SR statistic proposed by Tartakovsky and Spivak (2021). Their
procedure permits randomness in the drift of & in the sense that at cach £ the change may take one of

m values and the weighted statistic has the form
N e
SR} = — Z'-WAW (4)

where SR,(A,) s the value of SR, when the difference between the mean of & before and after the change
is Ag;.? This atfords a much better performance in cases when distribution parameters are unknown
Other than that. the construction of the SR, statistic is standard (see, e.g.. Pepelyshey and Polunchenko,
2017).

An alarm will sound when SR, exceeds a threshold value that controls the false alarm rate and
according to a serics of important results in statistics, the SR procedure is optimal in the sense of

minimizing the average detection delay (see, e.g.. Polunchenko and Tartakovsky, 2010)

3 The new procedure: baseline version

The core of the new procedure is application of the Shirvaev-Roberts statistic to a sequence of entropy
estimates of H assessed on a moving window of length A. The window length needs to be short enough
so that the regime shift is noticeable but long enough not to pick noise (we use window lengths of 50 to
100 ohservations in practice). An EWS signal is triggered when SRY" evalnated using the entropy process
H, surpasses a threshold A > 0, indicating a significant shift in information transmission from &, to Y]

In this section we discuss how we construet the sequence, statistic, and threshold.

2We use m — 6 shifts in the mean with a fixed step Ay equal to the range of data divided by m

by computing the conditional entropy of e, given ¢,. This recognizes the fact that change-point detection

shonld be based on the conditional distribution f(e;|é,) rather than the linear regre:

ion E(cy|éy). thus
accommodating more complex (than linear in mean) patterns of dependence

Let f denote the RFCDE of the conditional density of ¢ given ¢ obtained using the moving window of
size A Lot gy = {F10: faar1e o 01, } clenote the set of ¢'s that fall into the window. Then. the estimator
of aggregate information transfer over the window can be written as a sum of the entropy cont ributions

from the values of ¢ that fall into the window:

A= [}//‘(qfw.g/‘(;‘,:) ()

Woe can approximate the integrals in (8) using stochastic or deterministic integral approximation. c¢.g.,
Simpson’s rule, which is a deterministic method and our preference in simulations and applications We

are interested in early identification of spikes in Hy,, ) as we wove across time. Denote the sequence of

entropy estimates over a sliding window of size A as follows
,["u./u'ﬂ ~”H‘n|)uu'lv‘.)1

We note that the step between consecutive values of 1 in the sequence can be larger than one time
period but this will delay detection while expediting computation. The sequence of H is the time series
1o which we apply the SR statistic in the baseline version of our approach

Algorithm 1 outlines the Shiryacv-Roberts procedure for entropy-based change-point detection de-
seribed above. The algorithm nuses several inputs hesides the sequence of H. namely. the set of shift
values Ma = {Ai.- .-, Min}. the threshold 4 and the smoothing parameters o and 3. Although there
is no strict rule for selecting the value of threshold A, it is customary to consider two minimization
criteria, namely, average detection delay (ADD) defined as Ey[7 - 67 > 0] and probability of false alarm

(PFA) defined as Py(7 < 0), where @ is the actual moment of the change and 7 = arg min {t|SR, > A}

We start by fitting an autoregressive model for the target variable ¥; on a moving window of length

.
Yi=do+ Y @Y (3)

s=1
where we use the Bavesian Information Criterion (BIC) to determine the optimal AR order k. This gives
the part of Y] orthogonal to the history of the target variable. This is the unexpected component of ¥;

we are iuterested in, which we write as follows:

=Y -Y (6)

The AR(k) residuals ¢, capture any remaining news in the target variable ¥; and we wish to explore
how the distribution of this variable changes depending on the explanatory variables . We wish to
remain agnostic about the specific moments of the distribution that change and about the form of the
distribution
As the next step. we obtain the fitted value from the regresion of e, on lags of the explanatory variables
contained in X nsing the same moving window:
4 1
g Byt 3 A, M
=1 =1
where ‘\',(7: is one of the d available explanatory variables, lagged s times. s = 1,... . 1,j = 1,... . d. Again,
the optimal lag [ is selected by BIC'. Clearly, these two steps are equivalent to a one-step regression of ¥}
on both its own history and history of the covariates. This corresponds to the familiar concept of (linear)
Granger causality. which could be detected by a joint significance test of A (sce, c.g., Balcilar ct al.,
2022, for a recent, example of Granger causality analysis for emerging markets).
In empirical finance, it has been noted at least since Hiemstra and Jones (1994), that linear causality
is too restrictive. A standard response was to include nonlincar functions of the explanatory variables.
This limits the nonlinearity to the specific functional forms of X. We go bevond the Granger causality
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is the moment of time it is detected

Pergamenchtchikov and Tartakovsky (2018, 2019) show that the weighted SR procedure approximately
minimizes ADD among all change-point detection procedures with a given PFA within a window of a
fixed length for non-i.i.d. data. including autoregressions and conditional heteroskedasticity GARCH-type
models. However, these quantitics are generally unavailable to the rescarcher in practice, unless one deals
with synthetic data and is able to generate variables using a given constellation of these parameters. For
instance, in Section 5 where we report simulation results, we are able to set A by choosing the values of
ADD and PFA via the numerous relationships derived in the literature (sce, e.g., Tartakovsky, 2017). In
applications, we can use a grid of values for A

Smoothing parameters o and § ave used at the end of each iteration of Algorithm 1 in order to produce
an exponential smoothing update of the conditional expectation and variance of #, balancing the past
values and the new information. The natural value for o is 0.5. reflecting equal weights on the old value
of the mean /i, , and the current ff;, while for the variance update, we choose 4 = 0.9, putting more
weight on the estimate of & from the previous period and thus dampening the variance update. Larger

values of a and 3 result in smoother trajectories of the moments of H




Algorithm 1: Shirvaev-Roberts procedure for change-point detection in entropy
Data: Time scries Hy, I3, ..., Hy,: sot of pussible shifts in mean My ; threshold 4

SRy =0 = Hii6? =15

while 2 <{ < u do

Fi-1

for Ap; € Ma do

SR = (1+SRY) - exp{ Al — 2y
end
SRY _ y—Lés’R}”

if S1) > A then

break

end
f = ofiny 4 (1= a)Hy

of = daf |+ (1= D(H, — ju)*:

t=f+1:

end

Result: change-point 7

4 Extensions to non-linear and rank-based estimation

The baseline procedure described in the previous section uses # conditional density estimator of the AR

proce

residuals ¢, given ¢é,, where ¢, represents the linear span of the lagged explanatory variahles .\’[m

in Eq. (7). This aligns with the traditional view of the Granger causality, which identifies information

transfer by tesling joint significance of the lagged regressors in a4 linear autoregressive model. We went
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new estimates of 4 on a sliding winduw {ty. £,]:
= S| [ eter o o] o
Vel TR

where Wy, 40 = {64,160,415.

1€, }. The rest of the methodology remains unchanged.

We note that both H»,”‘,,] and HII:»H.H permit non-hnearity in the relationship of ¥; on &, becanse both

use RFCDE 1o construct the conditional density of e, The advantage of using the new estimates & is that
it implies & non-linear conditional mean of ¥; in ters of A given lags of Yy, Therefore, it aligns with
the notion of non-linear Granger causality where X, Granger-causes 17 if the nonparametric estimator @,
is indistinguishable from a coustant in each dimension of X,. Unfortunately, powerful statistical tests of

this null hypothesis in a setting with many covariates in X, are not available. Importantly, the procedure

we propose docs not require such a testing.

4.2 Copulas

Qur second extension addresses the problem of heavy tails and tail-dependence, in addition to the prob-
lem of non-linearity. 1t is well documented that financial markets of emerging economies are characterized
by asymmetric heavy-tailed distribution, which make application of standard cconometric: methods prob-
lematic (see, e.g., Chen and Thragimov, 2019}, As an alternative we follow ihe growing literature on
copula-based estimalion in finance (sce. ¢.g., Ibragimov and Proklioroy, 2017) and re-formulate the proh-
lem of density estimation wsing ranks instead of actual values, 1t is important to note that for any
set of random variables, their copula function contains all information about the dependence structure
between the randow variables as well as Letween auy rank-preserving transforimations ol the randow
variables (sce, e.g.. Cherubini et al., 2011, for a survey of copula methods in finance). Therefore, if we use
the copnla instead of the original data distribution in the baseline method. the structure of information

transfer will remain unchanged. Meanwhile, the estimation is now over ranks and ¥ 1ses conditional

beyond the traditional approach by constructing a flexible, kernel-based estimator f (e4é,) and by applying
the SR statistic to a moving window of entropy cstimates [)‘,,, ] obtained using f‘(e'\i',)‘ The goal of this
section is to adapt this vew methaed to an even more flexible non-linear specification, recognizing the well

documented presence of now-linearities in financial market Jata (see, e.g., Caporale et al., 2020).

4.1 Local linear forest

The univariate conditioning in f(cl¢} substantially lificd the task of otric density estima-

tion.  The alternative of conditioning on the entire set of covariates X, without obtaining €, leads
to a nonparametic estimator f(e,)4;) which suffers from a severe curse of dimeunsionality due to the
high dimensionality of ;. naking the estimate very imprecise. 'Ihe problem is further exacerbated by
the trade-ofl between quick detection delav and aceuracy of density estimation. Tt is well known in
the change-point detection literature that if we increase the rolling window, making the density esti-
mxation more precise. the tine before change-point detection increases. Thus, the standard multivariate

nonparametric detection procedures are either inaceurate or slow.

s issne withoul. increasing the dimensionality of density estimation, we use a recently
developed method of local lincar forest (LLF) proposed by Friedberg et al. (2021). LLF constructs an
estimate of the conditional mean & — Efe | Xy — wpy, ... .0 Xit =~ 114 achicving a faster convergence
rate thau traditional nouparametric estimators of the saine dimensionality, and preventing the overfitting,
The standard (non-local) random forest estiuator (see, e.g., Breian, 2001; Probst et al., 2019) is sensitive
to hyperparameter selection and tends to overfit. The use of LLF improves upon the linear Granger
causality regression (7) and is new 1o financial econometrics.

Specitically, our tirst extension of the baseline methodology is to use the Hexible LLF estimator &

instend of Lhe fitted value ¢, in constructing f(t,[(:,), The SR statistic is now based on a sequence of the

copula density. rather than conditional density. This makes the procedure robust to heavy tails in the
marginal distributivns and well-defined even when moments of the original distributions are infinite.

In the proposed modification, 1he baseline RFCDE estimator j(t

} is replaced by the rank-based

RFCDE estitmator f(uli ). where

a
e = %;1(.7 <l = %;ﬂ(&, <
where, as before, A is the kength of the sliding window over which we estimate the densitios. The values
of up and {i are kpown as psenda-observations; they are vahies between [0.1] corresponding to the ranks
of observations ¢, and &, respectively. in the sliding window, divided by the number of observations in

the window. The corresponding entropy estimates can be written as lollows
1

Azt = S | [ dowtar o fatioad, (o)

uEloginy) S

where Uiy, 1 = {Tys et 8y, ) and f(u]@) can be interpreted as the conditivnal copula deusity of ¢,

given ¢, The remaiiing parts of the procedure are unchanged

We note that rank-based estimates such as {10) are invariant to rank-preserving transformations of
variables and thus make heavy tails in marginal distributions irrelevant. This permits additional focus
on shifts in conditional distributions when the first two moments of the data are not even estimable as

would be the case during extreme market conditions sneh as financial crises and contagion episodes.

5 Simulation experiments

5.1 Simulation designs

In this section we compare the performance of the haseline and extension methods with alternative

procedures and among thewselves, using svuthetic dala, representative of real-life market data from

FWe alsu used the LLEF ostimates & instead of & hut du not report this ease for brevity.
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emerging economies. We use two common scenarios for the information transmission literature, namely.

termination of transfer and inversion of transfer. The two scenarios correspond to the situations on
emerging markets known as sudden stops (see, e.g., Hassan et al., 2024) and spillover direction changes
(see, e.g., AuYong et al., 2004). Examples of the two designs we use are as follows:
(a) Termination of information transfer: at a change-point, the information transfer from X and Z
to Y stops. We consider the following data generating process (DGP)
05X, + 0272 | 4+ 03v,. <500
Y=

& 1> 500

where v, .... Usoo o N(0,1), €go1oonr € ' N(5.36) Xy, oo X 5 Eup(3), and Zi. ... Zp "% 1(3,1).

(b) Inversion of information transfer: at a change-point, the information flow from X and Z to ¥ is

reversed. The DGP we use is as follows

050X, | +0.2Z% | + 030, <500

Yi=

& 1> 500
where

vy, t <500

X =
0.3, 1 + 0.1, 1> 500
& L <500

Z =

0.6Y2, +0.1¢, t > 500
and where vy . son. Psor. oo 07 Gson oo Gt 58 N(0,1). Gson. o & R N(5,9) and vy, ise

Exp(3), 81, .0y 8500 = I'(3,1).

The summary statistics of simulated data using the two DGPs are presented in Table 1. The data are

iy Pt AL S o o s O

~ e

Figure 1: Shirvaev-Roberts statistics for termination of information transfer

Figure 1 shows the values of respective SR statistics and the location of the change-point (vertical
dashed line). It is clear from the figure that the traditional wavs of applving the SR procedure fail to
detect the change point. The SR statistics for three of the four figures grows with time and flattens
out near the change-point but no spikes are large enough to trigger an alarm. On the other hand, the
entropy-based procedure shown on the Jower right panel produces an immediate and strong alarm.

This difference in performance is due to the limitation of traditional approaches. When applied to
specific variables, as opposed to the entropy. they seem to target shifts of specific nature, e.g.. shifts in
mean, variance. autocorrelation. In this case. the shift in mean is too small. A kev advantage of our
approach is that it captures jumps in information transfer. In this sense, instead of analyzing various
shifts in SR statistics, each verifying the presence of a specific drift. the entropy-based measure directly

addresses stability of the dependence structure.

5.3 Non-linearity and ranks

We now turn to detection of termination and inversion of information transfer using the extensions of

the entropy-based approach. that is, using local linear forests aud rvanks. The simmulation designs are
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leptokurtic, asymmetric and weakly dependent both in levels and in ranks, which are generally typical

characteristics of financial return data (sce. c.g.. Cont, 2001)

regime | mean  std  skewness  kurtosis corr(Yi:Y; ;) rank corr
Information transfer termination
before change | 2.541  2.768  -2.106 5.812 -0.062 -0.040
after change | 5.126  5.968 0.110 0.241 -0.076 -0.080
Information transfer inversion
“hefore change | 2.541 2768  -1.527 2973 0.040 -0.040
after change | 5.126  2.99 -0.192 0.137 0.007 -0.064

Table 1: Summary statistics of svnthetic data

5.2 Comparison with traditional procedures

We start by benchmarking the new approach against the conventional applications of the SR procedure,
that is, without the use of entropy. The traditional alternatives we consider are as follows: (a) application
of the SR statistic to detect a change in the mean of the target variable Y, directly; (b) application of
the SR statistic to detect a change in the mean of the residnals ¢, from the AR model in Eq. (6): (¢)
application of the SR statistic to detect a change in the mean of the fitted values & from Eq. (7). We
focus on termination of information transfer.

The specific DGP we consider in this section is as follows:

0.5 Xy 4+ 0222, + 0.1y, £ <500
Yi=
&. 1> 500

where 11, ..., vsoa & N(0.1), &or. & = N(235,1.5), Xy, .. X7 % Exp(3), and Z;. .., Zr %¢ 1(3.1).

The process is similar to termination of information flow in Section 5.1 except the mean shifts by a smaller
magnitude. too small for the traditional procedure to capture. All parameters for computing SR statistics

arc the same for all implementations of the traditional SR statistics. The window length is A = 50.

*The inversion of information transfer scenario is available upon request.

as described in Section 5.1, Simulation results are summarized in Figures (2)-(3). where 6 denotes the
moment of change, 7 denotes the moment of change detection and A is the threshold value used for the
Shiryaev-Roberts statistic. The window length is A = 50

It follows from Figures (2)-(3) that all extensions to the baseline entropy-based methods work very
well in all four setnps. There is no clear ordering in performance among the four sctups: (a) baseline
version (linear model, no ranks); (b) extension with LLF (local linear forest, no ranks); (c) extension
with ranks of ¢, (linear model, ranks); (d) extension with ranks of €, (local linear forest, ranks). For
both termination and inversion, all four arc able to trigger an alarm within 7-15 time periods, using the

respective thresholds; Table 2 summarizes this finding

inea medel, oo reaks. e
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Figure 2: Shiryaev-Roberts statistic for termination of information transfer
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Figure 3. Shiryaev-Roberts statistite for inversion of information transfer

Interestingly, a comparison between the lower and upper panels of the tigures suggests that PFA for
ranks is higher than for levels, as can be sven by the non-zero values of SR before the break in the lower
panels (and cero SR iu the upper panels). However, this does not allow s to clearly identify cases when

rank-hased measures may or may not be preferred - something we address in the next subsection

Model 1 Termination Inversion

linear 10 5

LLP 9 10
linear + ranks 9 3
LLF + ranks 15 7

Table 2: Change-point detection delay (v — ¢)

5.4 Heavy tails and tail-dependence

To further investigate the benefits of rank-based nicasures we consider a setting where the heavy-tailed
property of individual distributions prevents a productive use ol such characteristics as the mean, variance

or correlations. This setting is of particular relevance for financial data from emerging markets which are

known to be extremely volatile (see, e.g., Chandhuri and Wit 2003; Chen and Ibragimav, 2019}
We modify the simulation design of the previons sections by including a component with heavy-tailed
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Figure -4: Estimates of entropy for heavy-tailed data with tail dependence

It s evident fromn Figure 4 even without compnting the entropy-hased SR statistic that this approach
fails to detect the regime shift based on the original data {the upper and lower left panels do nol show
a visually signifieant change in H). while the rank-based EWS provides consistent results and rupidly
detects the regime shift (the upper and lower right paneis show a clear jump to a new mean of 7 after
the change-point). This suggests that the new rank-based methiodology is attractive in cases when the
tinancial data are heavily leptokurtic aud tail-dependent - a particulacly relevant setting for cerging

markets,

5.5 Comparison with other detection methods

Finally, we compare the proposed methods with nou-SR approaches to concept, drift detection from

computer scies such as Early Drift Detection Method (EDDM) and Adaptive Windowing Method
(ADWIN) of Bifct and Gavalda (2007), and Kolmogorov-Sriirnov Windowing Method (KSWIN) of Ttaab
et al. (2020) and from economics such as an online version of the structural break detection method of

Bai aud Pervon (1998). We focus on infornuation transfer tenitation from Section 5.1

Since EDDM, ADWIN and KSWIN are designed to operate on univariate time series thev needed
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data and tail dependence. For this purpose we add a penalty A 1o a simplified version of termination of

information flow as follows:
Xeort (0= /A& L <500,
Y=
09 +&, t> 500,

where &,....& " N(0,0.5). X1 ..., Xooo "5& WeibMin(15). The role of A is to control the noise level

tlepending on how close the observation is to the sample median, Let d; = X, — med(X,) denote such a
distance. We define A as follows:

dy - min {d,}

nax {d,} — min{d, } €]

M=

Clearty, the closer an observation is to the median the more noise ¥ has over X,_;. For the observations
closer 1o the sample exiremes, 1; is closer to being perfectly collinear with X7,_,. ‘This produces non-zero
tail dependence, that is, now-zero correlation between X, and ¥, when they get closer to the extremes
of their distributions. Additionally, we use the Weibull minimum extreme value distribution for X, to
induce the heavy-tailed property.

Figure 1 ploty the conditional entropy processes H obtained using the four methods we consider: (a)
the baseline linear model based on levels, {b) the local linear forest model based on levels, (¢) the linear
model based on ranks, (d) the local lincar forest mode! based on ranks. The vertical dashed line indicates

the change point ¢

1o
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to be adapted to be comparable with our methods. Similarly. the Bai-Perron test, being an offfine test,
needed to be turned into an online procedure. A perfectly fair comparison is impossible here. The

cotpromise we use is as follows:

(a) For ADWIN, EDDM, and KSWIN. we split time serics Y, into non-overlapping segments of length
50, e [0.50]. [51, 100]. For cach segment we obtain residuals ¢ — ¢, where e and ¢, are computed
according to Eqs. (6) and {7), respectively. We then concatenate these segments and apply the relevant
algorithms 1w it. We repeat this for 100 replications and compute PEA (probability of false alarm). ADD
(average detection delay) and ND (fraction of non-detections).

(b) For the Bai-Perton test, we apply the test at, the 1% significance level Lo an expanding window
of data starting with {0.400! and expanding it to [0,401].[0.402], .. .. We stop when the test rejects the

null. We repeat this over 100 replications and compute PFA. ADD and ND.

(¢) For our proposed methiods, we apply them as bed in Section 3 (baseline) and 4.1 (LLF),
with window length 50, o = 0.5, 4 = 0.9.m = 1. We repeat this over 100 replications and compuie PFA,

ADUD and ND.

Metric | ADWIN  EDDM  KSWIN  Bai-Perron  baseline  LLF
PFA - - 0.89 0.66 a1 0.09
ADD - - 8.5 23.6 101 10.4
ND 1 L 0.09 0 0.05 0.04

Table 3: Perlormance comparison with non-SR methods

The results are summarized in Table 3. Using this simulation design, both ADWIN and EDDM failed
to detect the break, while KSWIN detected it in 91% of replications and produced a false alarm in 80%
of repheations.  This implics (hat there are only 2% of replications where KSWIN detected the drifi
correctly. The Bai-Perron test detected all drifts, which is perhaps expected given the repeaterd testing
problem implied by algorithm (b). It also produced 66% false positives. The proposed methods strongly

dominate the alternatives in this exercise both in terms of PFA and ADD.




6 Real data examples

In this s

sction we provide two examples of applying our approach to produce early warnings using financial

data

6.1 Russia: market uncertainty and the conflict in Ukraine

Many recent studics have found a significant impact of the Russian-Ukrainian confiict on global financial
markets (see, e.g., Tzzeldin et al., 2023). Less is known about information transmission in the time before
sian stock market

the conflict broke out in February 2022. In this subsection, we explore shether the Rus

showed carly warning signals that could have been detected using our approach. We consider the level of
uncertainty captured by the conditional entropy - and the corresponding SR statistic -~ of RTSI, the main

indicator of the Russian equity market. which is a capitalization-weighted average of the 50 most liquid

Russian stocks traded on the Moscow Stock Exchange. RTSI is an U.S. dollar nominated index, known
to attract forcign investors. The entropy is conditional on the information contained in key indicators of
varions international markets (commodity, equity, fixed-income) as well as key internal indicators. The
list of variables is typical for models studying volatility spillover across financial markets of emerging
cconomices and includes a stock market index of the emerging markets. a stock market index of a mature
economy, an export-oriented exchange rate, a risk free rate and a government bond spread as well as an
oil price and a few key dowmestic stocks dominated by internal investors (see, e.g.. Assaf et al., 2023; Liu
et al., 2024). The list is inevitably incomplete but sufficient to illustrate the main points. We provide
details of the conditioning variables, their sources and summary statistics in the Appendices A.1-A.2
We use a 100-day sliding window to compute the conditional entropy process /1 as described in Section
1.1, that is. we use the local linear forest in the estimation of the conditional mean ¢ to allow for nou-
linearity and to mitigate the curse of dimensionality. The order of the antoregressions in Eq. (7) is picked
using BIC and is allowed to vary for each sliding window. We conducted sensitivity analysis, running
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Figure 5: RTSI-based conditional entropy and log SR statistic

6.2 South Africa: financial spillover during COVID-19 pandemic

Global financial spillovers that happened around the time of the COVID-19 pandemic have heen widely
documented (see, e.g, McKibbin and Roshen. 2023; Gagnon et al., 2023). With regard to the BRICS

economies, Khalfaoui et al. (2023) explore the spillover patterns using a large number of financial indica-

tors, including market indices, exchange rates, cryptocurrencies prices. evaluated at several quantiles of

their distributions. As a result, Khalfaoui et al. (2023) offer a number of guantile- and country-specific
directional networks reflecting the interconnectedness between conventional and Islamic BRICS stock
markets, crvpto markets (Bitcoin, Ethereum. Litecoin) and commodity markets (oil and gold). In this
subsection, we draw on their results to further studv information transfer around the time of the pandemic
affecting the South African financial market.

Specifically, when looking at the middle quantile. Khalfaoui et al. (2023) find evidence of information
transfer between VIX (global volatility index), OVX (oil volatility), GVZ (gold volatility). cryptos (BTC,

27

the procedure for different number of the autoregressive order between 1 and 10 with no significance
difference in the results. The number of shifts m = 100. the exponential smoothing parameters are
o =095 and 3 = 0.95. The period for which we compute His May 27, 2021 to April 12, 2022. Tt
contains 273 daily observations prior to the start of the military conflict on February 24, 2022 and 47
observations thereafter.

Figure 5 plots the estimated conditional entropy and the corresponding SR statistic (on the log scale).

Several observations from the figure are noteworthy. First, the conditional entropy reaches its peak
precisely on February 24. Such precision is perhaps surprising, especially since the entropy measures
the degree of disorder in RTSI after accounting for the information in a fairly rich conditioning set.
Second, there is a rising trend in the SR statistic thronghout the period, indicating a general increase in
uncertainty. Third, the proposed method detects two change-points where the information flow changed
significantly. at three months and at one month before February 24. Given the upward trend in SR in this
example, we can think of the two change-points as specifying two levels of alarm intensity, more and less
conservative. We stress that nothing in the procedure targets the detection of the start of the conflict.
In fact. the period following the second change-point extends to the time of the first waves of sanctions,
the interest rate hikes and capital controls that followed after Febrnary 24. Yet, the RTSI-based entropy
captures the accumulated market uncertainty of a preceding period, with the peak on February 24 and

two warnings, starting more than a quarter earlier.

ETH, LTC). as well as conventional and Islamic indexes; see Appendix A.1 for details and sources of the

data. These connections become stronger at extreme quantiles and may change direction. For example,
they note that MXSAT (MSCI Islamic South Africa). MXSA (MSCT South Africa), and TEU (Twitter
Economic Uncertainty) transmitted stronger shocks to VIX when the markets were bearish or bullish
than when they were normal

We expand on this result by applying the proposed change-point detection method to South Africa’s
MXSA index, an equity index measuring the performance of 32 large and mid-cap South African stocks.
Its behavior conditional on other indicators reflects spillover effects in the period preceding the COVID-19
pandemic. We evaluate the MXSA-based entropy using the methods of Section 4.1, conditional on those
variables from the original list presented in Appendix A.1 that were found to be important transmitters
by Khalfaoui et al. (2023, Figure 7). Summary statistics of the variables used in the conditioning set are
presented in Appendix A.2. The data covers the period June 2, 2019 to May 28, 2021.° The exponential
smoothing parameters are a = 0.75 and 4 = 0.75, the number of shifts m = 100 and the size of sliding

window is 50 observations.

Figure 6 shows the estimated conditional entropy and log SR statistic as well as a change-point
detected on February 23, 2020 and the official start of the pandemic on March 11, 2020. Again, we
observe a strong upward trend in the MXSA-based entropy as more uncertainty spills over into the South
African stock market. The change-point can be detected about a month ahead of the highest entropy
point, which is reached in late March - early April of 2020, and a couple of weeks ahead of the official
start of the pandemic. This detection is a reflection of a concept drift that may have started with the first
news about COVID in the late 2019. The time pattern of the conditional entropy has a rapid increase
right before the crisis and a slow mean reversion after the onset of recession in late 2020. The mean

reversion is noteworthy and it suggests that our approach can be used for impulse response analysis

“We are grateful to Professor Rabeh Khalfaoui for providing their data to us.
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something that we leave for future work.
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Figure 6: MXSA-based conditional entropy and log SR statistic

7 Concluding remarks

We developed a new framework for the construction of early warniug, systenus, desigued to deteet concept
drift via conditional entropy estimation. This is an original approach that combines henefit of inforination
theory and machine learning to help monitor the level of aneortain v, remaining after accounting for lags
of the target and explanatory variables. This approach is particularly relevant for modeling information
flows in emerging markets which are characterized by repeated structural breaks, tail dependence and
heavy tails in the data distribution.

We suggested a haseline method based on a new conditional density estimator using random forest
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weights, and we worked out two extensions to the baseline that better capture non-linear interactions
and accommodate heavy-tailed distributions. The extensions use a local lincar forest cstimator of the
conditional niean and a rank-based estimatar of the conditional copula density, respectively.

We illustinte the use of the new framework on synthetic aud real-life data. The sinnlation results
show when the conventional SR statistic and alternative approaches from wnachine learning and economics

fail while the proposed approach provides robust performance. Fundantent ally, the propused methods

coustitute a first step towards leveraging recent advances in machine learning and statistics for automated
markel imonitoring that has particular relevauce for markets with pronounced volatilily. structural breaks,

heavy tails and tail-dependence. We keave further extensions of the proposed framework, such as impulse

response analysis using conditional entropy, for future work.

References

ABMAD, W., A. V. MisHRA, AND K. J. DALY (2018): “Financial counectedness of BRICS and global
sovercign bond markets,” Emerging Murkets Revicn, 37,116,

ALANQARY, A, A. ALOMAR, AND D. Suan (2021): “Change Point Detection via Multivariate Singu-

" in Advences in Neural Information Processing Systems, ed. by M. Ranzato,

lar Spectrun Analysi

A. Bevgelzimer, Y. Dauphin, P. Liang, and J. W. Vaughan, Churan Associates, Inc., vol. 34, 23218
23230
AssaF, R., G. DEEKsHA, AND R. KuMAL (2023): “The price of war: Effect of the Russia-Ukraine war

on the global financial market.” The Journal of Economic Asymmetries, 23, 00328,

AuYona, H. H.. C. GAN. AND $. TREEPONGKARUNA (2004): “Cointegration und causality in the
Asian and emerging foreign exchange markets: Evidence from the 1990s financial crises,” International
Review of Financial Analysis, 13, 479 515

30

CHatprUrt, K. AND Y. WU (2003): “[andom walk versus breaking trend in stock prices: Evidence

from emerging markets.” Journal of Banking € Finance, 27, 575 592,

CHEN. H. (2019): *Sequential change-puint detection based on nearest ueighbors,” Aunals of Statistics,

47, 1381 - 1107,

CHEN, Z., M. HAN. TI. Wi, M. LI, AND X. ZHANG (2022): A multi-level weighted concept drift

detection method.” Journal of Supercomputing, 79. 5151 51380,

CHEN, Z. AND R. IBRAGIMOV (2019): ~One country, two systems? The heavy-tailedness of Chinese A-

and H- share markets,” Emerging Markets Review. 33. 115 141,

CHerusing, U, S Muninacer, F. Gossl, AND S, ROMAGNOILI {2011): Dynanic (opulu Mcthods in

Finance, Wiloy Finance Series, Johm Wilev and Sons T.td

Cuv, L. ann H. Cuen (2019): “Asywmptotic distiibution-free change-point detection for multivariate

amd won-enctidean data,” Anmals of Statistics, 17, 382 414,

Conr, R.(2001); “Ewpirical properties of asset returns: stylized facts and statistical issues,” Quunti-
tative Finance, 1. 223 236,

Drrzier, G. aAND R. Poukar (2011): “Hellinger Distance Based Drift Detection for Nonstationary

Envirouments.” [EEFE S, on Compulat ! Intedligence w Dynamic and Uncerloain Environ-

ments (CIDUGE).

FRIEDBERG, R.. J. TIBSHIRANI, S. ATHEY, AND S. WAGER (2021): “Local Linear Forests.” Jowrnal

of Computationel and Graphical Statistics, 30, 503 517.

GAGNON, J. 5. S. KAMIN, AND J. KEARN3 (2023): “The impact of the COVID-19 pandemic on global

GDP growth™ Journal of the Japanese and nternational Economics, 68, 101258.

32




GRANGER, C. W. (1969): “Investigating causal relations by econometric models and cross-spectral

methods,” Econometrica, 424138

Guo. Y., M. GAo. AND X. Lu (2022): “Multivariate change point detection for heterogencous series,”

Neurocomputing, 510, 122134

HAMILTON. J. (2016): “Macroeconomic Regimes and Regime Shifts.” Flsevier, vol. 2 of Handbook: of

Macroeconomics, 163 -201

HARTLEY, R. (1928): “Transmission of information.” Bell System Technical Journal, 535-563

H

AN. T. A, J. SCHREGER, M. SCHWEDELER. AND A TAHOUN (2021): “Sources and Transmission

of Country Risk.” Review of Economic Studies. 91. 2307 ~ 2346

HIEMSTRA, C. AND J. D. JONES (1991): “Testing for Linear and Nonlinear Granger Causality in the

Stock Price-Volume Relation.” The Journal of Financc. 19, 1639 1664.

HOENS. R., R. POLIKAR, AND N. V. C'HAWLA (2012): “Learning from Streaming Data with Concept

Drift and Tmbalance: An Overview,” Progress in Artificial Intelligence. 1. 89101

IBRAGIMOV. R. AND A. PROKHOROV (2017): Heavy tails and copulas: Topies in dependence modelling

in economics and finance, World Scientitic Publishing: Singapore

[12ZELDIN, M.. Y. G. MURADOGLU, V. PAPPAS. A. PETROPOULOU, AND S. SIVAPRASAD (2023): “The

impact of the Russian-Ukrainian war on global financial markets,” Inte rnational Review of Financial

Analysis. 18, 102598

JaMES, R., H. LEUNG, AND A. PROKHOROV (2023): “A machine learning attack on illegal trading.”

Jowrnal of Banking € Finance, 148, 106735

(2019):  “Asvmptotically optimal pointwise and minimax change-point detection for general

stochastic models with a composite post-change hypothesis.” Journal of Multivariate Analysis. 174

POLUNCHENKO. A. S. AND A. G. TARTAKOVSKY (2010): “On Optimality of the Shiryaev-Roberts

Procedure for Detecting a Change in Distribution,” The Annals of Statistics, 38, 3415 3157.

PospisiL. T. AND A. B. LEE (2018): “RFCDE: Random Forests for C'onditional Density Estimation,”

arXiv preprint arXiv:1804.05753.

PRrROBST. P.. M. N. WRIGHT, AND A.-L. BOULESTEIX (2019): “Hyperparameters and tuning strategies

for random forest.” WIREs Data Mining and Knowlcdge Discovery. 9. ¢1301

RAAB. C.. M. HEUSINGER., AND F.-M. SCHLEIF (2020): “Reactive soft prototype computing for

concept drift streams.” Neurocomputing. 340 351

ROBERTS. S. (1966): “A Comparison of Some Control Chart Procedures,” Technometrics, 411-430

SAHINER, M. (2024): “Volatility Spillovers and Contagion During Major Crises: An Early Warning

Approach Based on a Deep Learning Model,” Computational Economics, 63. 2435 — 2199

SHANNON. C. (1948): “A mathematical theory of communication,” Bell System Technicallowrnal, 27

379-423.

SHIRYAEY. A. (1963): “On Optimum Methods in Quickest Detection Problems,” Probability Theory

Application, 8, 2216

SHIRYAEV. A. N. (1961): “The problem of the most rapid detection of a disturbance in a stationary

proce; in Sowiet Math. Dokl, vol. 2. 103

Syniou. K. AND W. KHALLOULI (2015): “Does the Furo affect the dynamic relation between stock

market liquidity and the business cycle?” Emerging Markels Review. 25, 125 153

35

KHALFAOUL R., S. HAMMOUDEH, AND M. Z. REHMAN (2023): “Spillovers and connectedness among
BRICS stock markets. cryptocurrencies, and uncertainty: Evidence from the quantile vector autore-

gression network,” Emerging Markels Revicw, 54, 101002.

Li. Q. AND J. S. RACINE (2023): Nonparametric economelrics theory and practice, Princeton University

Press.

LIN. Y., Y. WANG, AND T. S. C. U (2024): “The impact of the Russia-Ukraine war on volatility

spillovers.” International Review of Financial Analysis, 93. 103194

MAaMONOV, M., C. F. PARMETER, AND A. B. PROKHOROV (2024): “Bank Cost Efficiency and Credit

Market Structure Under a Volatile Exchange Rate,” Journal of Banking and Finance, 107285

MCKIBBIN, W. AND F. ROSHEN (2023): “The global economic impacts of the COVID-19 pandemic ¢

Economic Modelling, 129, 106551

NEAIME. S. (2016): “Financial crises and contagion vulnerability of MENA stock markets,” Emerging

Markets Review. 27, 1435

ORLITSKY, A. (2003): “Information Theory,” in Encyclopedia of Physical Science and Technology (Third

Edition), od. by R. A. Mevers, New York: Academic Press, 751769, third edition ed.

PacE, E. S. (1954): “Continuous Inspection Schemes,” Biometrika, 41, 100-115.

PEPELYSHEV, A. AND A. S. POLUNCHENKO (2017): “Real-time financial surveillance via quickest

change-point detection methods.” Statistics and ets Interface, 93 106,

PERGAMENCHTCHIKOV. S. AND A. G, TARTAKOVSKY (2018): “Asymptotically optimal pointwise and
minimax quickest change-point detection for dependent data,” Statistical Inference for Stochastic Pro-

cesses, 21, 217 - 259.

TAJEUNA, E. G., M. BOUGUESSA, AND S. WANG (2023): “Modeling Regime Shifts in Multiple Time

Series,” ACM Transactions on Knowledge Discovery from Data, 17

TARTAKOVSKY, A. AND V. SPIVAK (2021): “Analysis of the Weighted Shirvaev-Roberts Procedure in

the Problem of Changepoint Detection for Models with Unknown Post Change Parameters.” Works of

MIPT. Computer Science and Management, 13

TARTAKOVSKY. A. G. (2017): “On Asvmptotic Optimality in Sequential Changepoint Detection: Non-

iid Case,” TEEE Transactions on Information Theory, 63, 3433-3450

TiAN. M., R. EL KHOURY, AND M. M. ALSHATER (2023): “The nonlincar and negative tail dependence
and risk spillovers between foreign exchange and stock markets in emerging economies,” Journal of

International Financial Markets, Institutions and Money, 82.

WaNG. S.. C. Luo. AND S. Rur (2023): “Unsupervised Coucept Drift Detection for Tiwe Series ou

Riemannian Manifolds.” Jowrnal of the Franklin Institute, 1318613204,

YANG, J. (2018): “Information Theoretic Approaches in Economics,” Journal of Economic Surveys, 32,

940- 960,

YANG, Y.. L. ZHAO, Y. ZHU, L. CHEN, G. WANG, AND C. WANG (2023): “Spillovers from the

Russia-Ukraine conflict.” Research in International Business and Finance, 66, 102006

Z1A0. H.. J. L1, Y. LEI, AND M. Znou (2022): “Risk spillover of banking across regions Svidence

from the belt and road countries,” Emerging Markels Review

100919.

36




A Data description

A.1 Variables and sources

Russia:
® Russian ‘Trading Svstem (RTS) Index: https://www.moex.com/en/index/RTSI/archive
* S&P500: https://www.spglobal.com
® USD/UNY exchange rate: https://fmance.yahoo.com/quote/CNY'/.SDX/history
® Two-year Russian government bonds prices: https://cbonds . ru/ country/Russia_bond/
® Sherbunk shores: https://www.tradingview.com/symbols/ALOR-SBER

* Brent crude oil futures: https://www.investing. com/commodities/

brent-oil-historical-data
® Ruble Overnight Index Average (RUONIA): https://ww,cbr.ru/hd_base/ruoma/dynam)cs/

* MSCI for emerging markets: bttps://www. investing.com/indices/

msci-emerging-markets-historical-data
® MOEX iudex: https://finance4yahoo.com/quote/IMUEX.HE/history/

® Spread between two- and terryear Russian government honds: https://cbonds.ru/country/

Russia_bond/
South Africa (see Ishalfaoui et al., 2023, Table 1):
& FTSE;JSE Africa All Share index [JALSH]: Bloomberg terminal

* MSCT South Africa index [MXSA}: Bloomberg terminal
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A.2 Summary statistics

variable nan
RTS 0.005

corr(Yy Vi 1)

-0.037
SuP50u 0.001  0.082 0.77% 0.026
USD/CNY ] 0.002 0.547 1.142 -0.168
2Y honds 0.003  0.031 4418 53.737 -0.234
Sher shares -0.004 0.041  -6.305 63.399 -0.028
Brent 0.002 0026 -0.858 6655 -0.034
RUONIA 0.005  0.053 9.208 117.301 0.059
MSCI EmMar 0 0.011 0.140 3.627 0.180
MOEX -0.002 0034 -6.759 R 0.252
Spread 2Y-10Y bonds | -0.002  0.322 0.667 15.863 -0.135
South Africa
variable mean  sld  skewness  kuriosis cort(Y,; Y, 1) rank corr
MXSA 0 0015 -0.872 9.831 0.097 0.167
JALSH ¢} 0.013 -0.945 10.972 0.089 0.155
BTC 0.002 0043  -1.164 13.477 0.081 -0.013
LT 0001 0.063 0.706 14844 051 -0.052
GV7 0.002  0.042 0.476 7.363 -0.007 0.093
OvX 0 0.054 0.361 23.076 0.106 (ﬂk

MSCI South Africa Islamic index [MXSAIJ: Bloombery terminal

Coinbase Ethereum, U.S. Dollars {ETH): Federal Reserve Bank of St. Louis

Coinbase Litecoin, U.S. Dollars |ILTC| Federal Reserve Bank of St. Louis

Coinbase Bitcoin, U.S. Dollars [BTC] Federal Reserve Bank of St. Louis

1-Year Treasury Bill Secondary Market Rate ITBIYR]: Federal Reserve Bank of St. Louis

Infectious Disease Fquity Market Volatility [FDEMV]: Ecotomic Policy Uncertainty

Twitter Economic Uncertaiuty {TEU): Econowmic Policy Uncertaiuty

CBOE Volatility Index |VIX|: Bloomberg terminal

CBOE Gold ETF Volatility hudex [GVZ]: Bloonberg terminal

Crude Oil BTF Volatility Index {OVX!: Bloomberg terminal
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