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UcTtopua nosasneHna tepmmHa Big Data

CunTaercq, 4To rnepsble YNOMUHAHUA TepMUHa oTHoCATCA K 2005 rogy B nsgaHusix KOMMnaHum
O’Reilly media B cBs31 ¢ HEOOXOANMOCTBIO XOTb KaK-TO ONpeaenuTb Te AaHHble, C
KOTOPbIMU TPaAULMOHHbIE TEXHOSTOMMM yrpaBreHns n 06paboTkn JaHHbLIX HE CrpaBnsnunch B
CUITYy UX CITOKHOCTW K 60sbLLoro oobema.

B 2008 rogy tepmuH Big Data ncnonbs3soBarcs B cneunansHoM Homepe xypHana Nature,
NOCBSILLLEHHOM TeMe «Kak MOoryT noBnuaTb Ha DyayLluee Haykn TEXHOSOMKU, OTKpbIBatoLLne
BO3MOXXHOCTM paboThbl ¢ bonbwnmm obbemamm gaHHbIX?». B Homepe 6binn cobpaHbl
mMartepuanbl 0 PeHOMEHE B3PbIBHOIO pocta 06beMOB 1 MHOroobpasns obpabarbiBaeMbIx
AaHHbIX. Tam xe obcyxgannucb TEXHOOrMYeCckne NepcnekTmBbl B NnapagurMme BepOsATHOro
CKayka «OT KOSIM4YeCcTBa K Ka4ecTBy»

B 2009 rooy TepMUH LLMPOKO pacrnpocTpaHusicsa B aenosomn rnpecce, a Kk 2010 rogy oTHocAT
nosiBfieHne nepsbiX NPoaykToB U peweHnin. K 2011 rogy 60MbLLIMHCTBO KPYNHENLLINX
NOCTaBLUMKOB NHOOPMALMOHHBIX TEXHOMNOIMMIN UCNOMb3YOT NOHATUE BonbLIMX AaHHbIX, B TOM
yucne IBM, Oracle, Microsoft, Hewlett-Packard, EMC.

B 2011 rogy komnaHuna Gartner gana nporHos, YTo BHegpeHWe TexXHOnornm bosnbLwmx
AaHHbIX OKaXeT BrnsiHMe Ha noaxodbl B 06nactn MHPOPMaUNOHHbBIX TEXHONOMNU B
NPOM3BOACTBE, 34paBOOXPaHEHNN, TOProBfe N rocyaapCTBEHHOM yrpaBneHnu.



YT0 Xe TaKoe Big Data?

Big Data — aT0 rpynna TexHonorum n MetooB nNpon3BoguTenbHoM obpaboTKn o4eHb
BbonbLnx 00 bEMOB JaHHbIX, B TOM YMCI1E€ HECTPYKTYPUPOBAHHbIX, B pacnpeaeneHHbIX
NHOOPMALMOHHBIX CUCTEMaX, obecnevnBaroLLnNX opraHmM3aunio Ka4eCTBEHHO HOBOW
nonesHon nHgopmauyun.

TexHonorum Big Data npegocTtaBnaloT ycnyrn, no3sondaoLLne packpbliTb NOTEHUMan
MeramaccmBOB JaHHbIX 32 CHET BbISIBIEHNA CKPbITbIX 3aKOHOMEPHOCTEN N DAKTOB.

[Mog «o4eHb bonbWwUMn» Habopamun AaHHbIX NogpasyMeBatoTCs AaHHble 06beMOM OT
TepabauTt go coteH netabaunt. Hanpumep, oTto n BUAeo xpaHunuuie Ha Facebook
oueHuBaeTcsa kak MuHMMyM B 100 netabanr.

[Mone3Ho HaNnoOMHUTL, YTO
1 PB = 10715 bytes (neta-), 1 EB = 10218 bytes (akca-), 1 ZB = 10*21 bytes (3eTa-)



YT0 Xe TaKoe Big Data?

Big Data — aT1o Habopbl AaHHbIX Takoro obbema, Korga TpaauLMOHHbIE UHCTPYMEHTLI He
CNOCOBOHbI OCYLLIECTBNATL UX 3axBaT, ynpasreHue n obpaboTky 3a npuemnemoe Angd
NPaKTUKN BPEMS.

Big Data — aT0 rpynna TexHonorum n MetogoB npomn3BoguTenbHoOM ob6paboTKn o4eHb
bonbLwMX 06BEMOB AaHHbIX, B TOM YNCIIE€ HECTPYKTYPUPOBAHHLIX, B pacnpeneneHHbIX
NHOOPMALMOHHBIX cMCTEMaX, obecnednBaloLLnMX opraHmM3aunio Ka4eCTBEHHO HOBOW
nonesHou nHgopmauuen.

TexHonorun Big Data npegocTtaBnaioT ycnyru, No3BondALLINE packpbIiTb NOTEHUMan mera
MaCCMBOB [aHHbIX 3a CYET BbIABIIEHUA CKPbITbIX 3aKOHOMEPHOCTEN U PaKTOB.

[Mog «o4eHb bonbWUMK» Habopamun AaHHbIX NogpasyMeBatoTCs AaHHble 060beMOM OT
TepabaunTt 0o coTeH netabaunt. Hanpumep, xpanunuuie ¢oto 1 Buaeo Ha Facebook
oueHuBaeTcsa kak MuHMMyM B 100 netabaunr.

[Tone3Ho HaNnoOMHUTb, YTO
1 PB = 10715 bytes (neta-), 1 EB = 10218 bytes (akca-), 1 ZB = 10221 bytes (3eTa-)



UcTouHUKKM bonbliunx AaHHbIX
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O6BbemMbl bonblwKnx AgaHHbIX
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O01bLeM gaHHbIX Koprnopauuu no
oTpacrnam

) & Big Data
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[loHaTHe Big Data

OnpeaeneHuii 6onbLUMX AaHHbIX 04eHb MHOTo. OQHO 13 caMbIX pacnpocTpaHEeHHbIX:
Bonbline AaHHble — 3TO AaHHble, KOTOPbIE ONUCHLIBAIOTCS C MOMOLLbIO YeTblpex Vs:

Volume (06bem),
Velocity (ckopocTb),
Variety (pasHoobpasune)
Veracity (0OCTOBEPHOCTD)

Oo6BLeM.

PeanbHoO 6onbline o60beMbl AaHHbBIX B (PU3NYECKOM CMbICie. TOT 06 beM AaHHBbIX,
KOTOPbI paHblLe HaKkannmBarcs rogamn, Tenepb reHEPUPYeTCs Kaxxayr MUHYTY.

HoBble MHCTPYMEHTbI GONbLUMX AaHHbLIX MCMONb3YIOT pacnpeneneHHble CUCTEMBI, Tak
YTO [AaHHbIE MOXHO XPaHUTb U aHanM3npoBaTb B HECKOMbKUX reorpadunyecku
pacnpeneneHHbix 6a3ax AaHHbIX.

CKopoOCThb.

CoobLweHna B coumarnbHbIX CETSX pacxoamTcsi N0 BCEMY MHTEPHETY B CYMTAHHbIE
cekyHabl. COBPEMEHHbIE TEXHOMNOIMN MNO3BONSKOT aHaNM3NPoBaTb AaHHbIE HA NETY,
Aaxe He pasmeluas ux B 6aszax AaHHbIX.



[loHaTHe Big Data

Pa3HooOpasue.

B HegaBHeM NpoLLnoM paccMaTpuBanucb TONbKO CTPYKTYPUPOBaAHHbIE AaHHbIe,
aKKypaTHO BCTPOEHHbIE B Tabnuubl pensaunoHHbIX 6a3 AaHHbIX, Hanpumep,
doumHaHcoBble aaHHble. Ho, dakTuyeckun, 80% MnpoBoro o6bema gaHHbIX SABMSOTCS
HEeCTPYKTYPUPOBaHHbIMM (TEKCT, N306pakeHns, BMAeo, rofioc 1 ap.)

C TexHonorusimum 60nbLUMX AaHHbIX TENEPb eCTb BO3MOXXHOCTb NpoaHann3npoBaTth U
CBECT/ BOEOANHO AaHHble pa3HbIX TUNOB, Takne Kak cooOLLEeHNs, pasroBopb! B
coumanbHbIX ceTax, dotorpadun, gaHHble C 4aTYUKOB, BUAEO UM rOfI0COBbIE
3anvcu.

JOCTOBEPHOCTb.
[Ansa 3HaYNTENbHOrO MHOXECTBA JaHHbIX NX KAY€CTBO U TOYHOCTb SIBMNSOTCS

cnabo KoHTponupyembiMu (coobleHna B TBUTTepe, COKpaLLeHUs N onbKu B
pa3roBOPHOM peyn, HEHaOEXHOCTb N HETOMHOCTU KOHTEHTa). HoBaa TexHonorus
no3BosAeT Tenepb padortatb U C 3TUM TUMOM AAHHBbIX.



[loHaTHe Big Data

HoBble TexHONOrMn, Takne Kak obnayHble BblYUCIIEHUS N pacnpeaeneHHble CUCTEMBI,
BMECTE C NocneaHnmmn paspaboTkamu NporpaMmMHOro 00ecne4YeHmst U CoOBPEMEHHbBIMU
MEeTOo4aMM aHanm3a JaHHbIX NMO3BONST UCMONb30BaTh BCE BUAbI AaHHbIX
OJHOBPEMEHHO, YTOObI Nony4aTh JOMONHUTENbHbIE 3HAHUS.

CoBpeMeHHbIe TEXHONOMMKU AenarT BO3MOXHbIM 00paboTKy 1 aHanmM3 orpoMHOro
KONM4YecTBa AaHHbIX, B HEKOTOPbIX CryYyasx — BCeX AaHHbIX, KacatoLlnecs Toro nunu
MNHOTO AABMEHNS (He nonarasicb Ha crny4arHble BbIOOPKM) B X NEPBO3AAHHOM BMAE —
CTPYKTYPUPOBaHHbIE, HECTPYKTYPUPOBaHHbIE, MOTOKOBLIE.



Big Data Analytics

NMpumeHeHuUsa (No oTpacnam)

OTpacnu 3KOHOMUKH

PUHaHCHI
CTpaxoBaHue

TenekoMMyHuKaLnm
TpaHcnopT
[ToTpebuTtenbckmue ToBapsl
Hay4dHble nccnenosaHus
KoMMmyHanbHble ycnyru
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NMpnmeHeHue (aHanua)

KpeauTHbIE KapTbl
3anpochl, BbISIBNIEHNE
MOLLUEHHNYECTBa
3anncu 3BOHKOB
ynpasreHue NIormcTukomn
NpoaBMXeHNEe TOBapOB
n3obpaxeHus, BUOEO, peyb
9HepronoTpebnexHne



Big Data

NMpuMeHeHuna bonbLlKnx AaHHbIX? NMpumep 1.

ﬂquue NMOHATb U HAUEeJINTb KJIMeHTOB.

UTOObI NyyLle MOHATb U HAUENMUTb KNUEHTOB, KOMMNaHNU OOMNOMHSAOT
ceBon bl oaHHbIMK N3 coumnanbHbIX ceTeN, bpay3epoB, AaHHbIMU
OAaTYMKOB U T.4., YTOObI NONy4YnTb Bonee rnonHy KapTUHY O CBOUX
KrnneHTax. [ maBHOW Lenbio ABNAETCA co3gaHme NPOrHO3HbIX
mogenen. C NnomMoLLbio 60MNbLIMX aHHbIX TENTEKOMMYHUKAUMOHHbIE
KOMMaHUM Tenepb MOryT ny4lle NporHo3nmpoBaTb OTTOK KIMMEHTOB;
PO3HUYHbIE TOProBLbl MOrYT NpeackasblBaTb, KakMe npoayKTebl oyayT
npogaBaTb, @ aBTOMODOUIbHbIE CTPAxXOBble KOMMAaHUU NOHSATb,
HaCKOMbKO XOPOLLO UX KITMEeHTbl HA caMoM Aerne ynpasngaioT
aBTOMOOuMNEM.



Big Data

NMpumeHeHun 6onblKUX AaHHbIX? NMpumep 2.

NMoHnmaTb n onTuMu3anpoBaTb OU3Hec-Npouecchl:

bonblwimne gaHHble BCe LWUMPE UCMNOoMb3YyHTCA ANA onTUuMn3aumnm
busHec-npoueccoB. Putennepbl UMeOT BO3MOXKHOCTb
ONTMMU3NPOBATb CBOM 3anachkl Ha OCHOBaHMK MoAenen nNporHo3a,
CreHepupoBaHHbIX U3 AaHHbIX couuanbHbIX CETEN, TEHOAEHLUNA
MHTEPHET 3anpoCcoB 1 MPOrHo30B norogbl. dpyrum npumepom
SBNSETCA ONTUMM3ALNS OOPOXKHOIO ABUXKEHUSI C UCIMOSTIb30BaHUEM
naHHbIX GPS aano4yacToTHbIX 4ATYNKOB



Big Data

NMpumeHeHun 6onblKUX AaHHbIX? NMpumep 3.

3ApaBooxpaHeHue

BbluncnutenbHble MOLLIHOCTU, CO3AaHHbIE AN aHanv3a 0omnblUNX AaHHbIX,
MO3BONSAT HAXOAUTb HOBbIE MOAX0Abl U METOAbI NeYeHust, nyylle
NoHMMaTb M Npeackasatb 6one3Hn. Tenepb cTano BO3MOXHbIM Ha
OCHOBaHWUW JaHHbIX OT CMapT-4acoB, APYrMX HOCUMbIX YCTPOWUCTB Nydlle
MOHSATb CBSA3b MeXay 006pa3oM XXMU3HU 1 pasnnyHbIMK 3aboneBaHNaMU.

AHanuTuka 6onbLWUX AaHHbIX NO3BOMSAT CeanuTb U MPOrHo3npoBaTh
ANMAEMUN U BCMbILWKN 3aboneBaHnin, NPOCTO NOCyLas, YTo f04AN rOBOPAT,
Hanpumep, “nroxo cebs YyBCTBYO — B NOCTENN C NPOCTYAON” NN ULLYT B
NHTepHeTe, Hanpumep, “‘nekapctea oT rpynna’.



Big Data

NMpumeHeHun 6onblKX AaHHbIX? NMpumep 4.

NMoBbIWeHne 6e30nacHOCTU U YKpenneHue 3aKkoHonopsaaka:

Cnyx6bbl 6e30MacHOCTU UCMOSb3YOT aHann3 6onbLUNX AaHHbIX OS]
CpbiBa TEPPOPUCTUYECKMX 3aroBOPOB U BbISIBNEHUA KnbepaTak.

Cneucny»06bl NCNONb3YT NMHCTPYMEHTbI OONbLUMX AAHHbIX, YTOObI
noimaTb NPECTYNHUKOB U Aaxe npeayraabiBaTb NPEcTynHbIe
HamMepeHus.

baHkn NCNOJb3YKOT aHAlMNTUKY OonbLUNX AAHHbLIX AN BbIIBNEHUSA
MOLUEeHHNYECTBaA C NOMOLLbIO aHalln3a Ol'lepaLl,I/IVI No KapTaMm.



Big Data

NMpnumeHeHun 6onbLKX AaHHbIX? NMpumep 5.

yny‘-l lweHune CNOPTUBHbLIX pPe3yJsibTaTOB.

Haunbonee anutapHble BUAbI CIOPTa B HACTOSILLEE BPEMS YXKE
NCNOMb3YIOT aHanM3 donblUNX AaHHbIX. MHOrMe Ncnonb3yrT BUAOEO-
aHanUTUKy Onst otcrnexmBaHmnsa adPeKTUBHOCTU UrPoKoB B doyTbone
nnn 6encbone, CEHCopHasi TEXHOMNOINMsi BCTPOEHa B CNOPTUBHbLIN
NHBEHTapPb: 6acKeTOOMbHbIE MAYN NN KNIOLWKK ANnsa ronbda, u
MHOrMe 3nnUTHble CNOPTUBHbIE KOMaHAbl KOHTPOSINPYIOT CBOUX
Y4aCTHUKOB BHE CNOPTMBHOU Cpefbl — C UCMNONb30BaHMEM CMapT-
TEXHOMNOINMN AN OTCNeXmnBaHUA NMUTAHUS N CHa, TaKXe Kak U
Pa3roBoOpbI B coumanbHbIX CETAX AN MOHUTOPUHIa
9MOLMOHaNbHOro COCTOAHMUA.



Big Data

NMpnumeHeHun 6onbLKX AaHHbIX? NMpumep 6.

«COBepLIJeHCTBOBaHVIe N oNTUMmM3auunda» ropogoB n CTpaH.

"Bonbwure gaHHbIe" ncnonbayetca ANns yryyleHUsa MHOMMX acrnekToB KU3HU
HaLMX ropogos M cTpaH. Hanpumep, 3T0 NO3BOAEeT ropoay
ONTUMM3NPOBATb TPAHCMOPTHbLIE MOTOKN HA OCHOBE MHpOpMaLnKM O
OOPOXHOM ABWXEHUU, NosflydyaemMomn B peasibHOM BPpeMEHU, JaHHbIX U3
coumarbHbIX CeTEN N JaHHbIX O MOroAHbIX ycroBusx . B HacTosLee Bpems
Lerbin pag ropo4os UCNonb3yrT aHanna 00osbLlmMX AaHHbIX, YTOObI
npeBpaTUTb CebSA B «yMHble ropoday, rae TpaHCnopTHad UHMpacTpyKTypa u
KOMMYHarlbHble npoueccbl 00beanHeHbl. [ ae aBToOycC byaeT XaaTb noesga
B Crlyyae ero ornosgaHus, u rge cBetoqoopbl NpeaBuaaT TPaHCHOPTHbIE
MNOTOKKU 1 paboTaloT B pexmme, KOTOpPbIi MUHUMU3NPYET NPOOKN.



Big Data

VCTOYHUKM

Ol'lepaTMBH blé AdHHbIe

[axe Takme nNpocTble 3aHATUA, Kak NPOCNYyLIMBAHNE MY3bIKW UITN YTEHNE
KHUIM cenyac reHepupytoT gaHHble. LindpoBble My3bikaribHble nreepsl U
9NIEKTPOHHbIE KHUMM coBupaloT MHopMaLUIo O Hawen aesatTenbHoCcTU. Baw
cMapTdOH cobupaeT AaHHbIE O TOM, KaK Bbl €ro Ucnosib3yeTe 1 Ball Be6-
6pay3ep cobupaeT nHdopmMaLno 0 TOM, YTO Bbl ulete. KomnaHus,
BbINyCTMBLUAs Bally KpeOUTHYIO KapTy, coObupaeT aaHHbIe O TOM, rae
Haxo4MTCA Ball MarasuH, a Ball Mmara3mH cobupaeT gaHHble O TOM, YTO Bbl

nokynaete. TpyaHO NpeacTaBuUTb AEATENBHOCTb, KOTOpasi He reHepupyeT
NaHHble.



Big Data

VCTOYHUKM

JaHHble pa3roBopoB

Haluwm pasroBopbl Tenepb 3anucbiBaoTCs B LppoBomM oopmarte. Bee
Ha4yanocCb C 3JIEKTPOHHbIX MMUCEM, HO B Halle BpeMA DOSIbLLUNHCTBO
HalLUWX pa3roBopoOB OCTABMAKT UndpoBon cneq. [Jaxe MHorve Halum
TenedoHHbIE pa3roBopbl Tenepb 3anncaHbl B LMppoBomM doopmare.

doTo u BUAeo AaHHbIe

Tonbko nogymanTe 060 BCeX (POTOCHUMKAX, KOTOpblE Mbl cAaenanu Ha
HaLLM CMapTdOHbI UNu Lndposble kKamepbl. Mbl 3arpyXaem COTHMU
TbiCAY (poTorpapun B CeKyHOY Ha canTbl coumanbHbIX CETEWN.
YBenuuunaaroLleecs KONM4ecTBo kKamep BuageoHabnogeHns cCHAMaeT
BNOEO N300paKeHUsI, U Mbl KaXkayto MUHYTY 3arpykaem Ha YouTube n
Opyrve canTbl COTHU YacoB BUAEO-AaHHbIX.



Big Data

VCTOYHUKM

[laHHbIe gaTyYnKoB

Mbl BCce Yalle nonagaemM B OKpY>XeHue OaTyMKOoB, KOTopble
cobupatoT 1 nepegaroT aaHHble. Baw cmapTdoH cogepXxuT
OaTymK rmodanbHOro no3nLMOHMPOBAHUA, YTODObI OTCIEXNBATD,
rae UMEeHHO Bbl HAXO4UTEeCh B JAHHYK0 CEKYHAY, Y Hero ectb
aKkcenepomMeTp, YTobbl OTCNEXNBATb CKOPOCTb U HaNpaBrieHne
BaLLUMX NyTelecTBMA. Tenepb CeHCOPbl eCTb BO MHOINX
YCTpOMCTBaxX U ToBapax.



Big Data

VCTOYHUKM

UHTepHeT Bewen

Cen4yac y Hac eCTb CMapT-TENEBM30PbI, KOTOPbIE CMOCOOHDI
cobupatb n obpabaTbiBaTh AaHHbIE, Y HAC €CTb YMHbIE Yachl,
YMHbI€ XONOAUITbHUKN, YMHble ByannbHUKN. HTEPHET BeLlen,
nnn sceoobemmownim MHTepHeT, coeanHSaET 3TN YCTPOUCTBA TakK,
YTOObLI, HANPUMEP, AaTUYMKN 3arPy>XEHHOCTWN OOPOr MOryT
OTNpaBuUTb AaHHble Ha Ball OyannbHUK. byannbHuk paséyauTt Bac
paHbLUe, YeM Bbl NaHMpoBanu, No NpUYNHE NEPEKPbLITUSA JOPOru
Ons Toro, Ytodbl Bbl MOIMN YUTU paHbLUE N YCNETb Ha Balle
yTpeHHee 3acenaHue B 9.



Hatundumkauuma

Bonblune gaHHble cNOCOoOHbI obpawaTb B «undpy» TO, YTO HUKOrAA paHbLUe He
OLIEHMBANOCb KONMMYECTBEHHO: ANs 3TO BBeAEH B 060pOT TepMuH AaTudukaums.
Aatndpukauma obecnevnsaeT becnpeueqeHTHbIN NOTOK AaHHbIX B NiaHe o06bema,
CKOPOCTU, padHoobpasunst n 4OCTOBEPHOCTN.

[Tpumepbl:

1) MecTononoxeHune obbekTa Ha NOBEPXHOCTN 3EMIN CTasrio BO3MOXHbIM
aatTudunumpoBaTb C M306pPETEHNEM CNYTHUKOBBLIX CUCTEM rriobanbHOW HaBUrauum
(GPS, MMOHACC).

2) CnoBa npeBpaLlaloTcs B Lnpbl, Korga «KOMNbOTEPLI packanbiBatoT B
CTapPUHHbIX KHUrax HacnoeHNs anox».

3) OpyXecKkune OTHOLIEHUA 1 CUMNATUM JAaTUDULMPYIOTCSA B COLUMarbHbIX CETSX
yepes «Jankuny.



OcobeHHOCTU noaxona Big Data B Hayke

[Mogxopn Big Data 0b6s13aH cBOMM pOXXOeHMEM 3KOHOMUKE 1 BU3Hecy. Tam OH,
npexae Bcero, n ncnonbayetca. lNpuynHa nonynspHOCTH - NOTeHUman ans
pa3BunTua bnsHeca.

[puMeHeHne B Hayke MMeeT MHOMo OOLLEero ¢ NpUMeHEHNEM K OU3HeC-OaHHbIM.
OpHaKko ecTb OTNMYMe, 3aKnioYatoLleecs B TOM, YTO CyLLEeCTBYeT GonbLuoe
KONMYECTBO HaKOMMNEHHbIX 3HaHWI (B OTNNYME OT AaHHbIX) U HAayYHbIX TEOPUNA.
Taknm obpa3om, CyLecTBYET ropasfao MeHbLLE LWAHCOB HAWTWU HOBbIE 3HAHUS
NPSIMO M3 OaHHbIX.

OpaHako, aMnupuyeckne pesynsraTbl MOryT ObiTb LIEHHbLI B HOBbIX 001acTaAX 3HaHUN,
B NpUKNaaHbIX 06nacTsx, rpaHnuyaLlmnx ¢ TEXHUKOW, Nnn npu MmoaennpoBaHun
CIOXXHbIX ABIEHUN.



OcobeHHOCTU noaxona Big Data B Hayke

ElLle oaHO oTnMYKMe 3aknoyaeTcs B TOM, YTO B TOProene, busHece B LIENoMm, npasuna
«MSITKME», COLIMONOrMYecKme, KynbTypHble, OTpaXkatoLme onpeaeneHHble Tpaamumnm
noBeaeHus (B YacTHOCTW, NOKynaTens).

Hanpumep, npaBaonogodHbi Mud o Tom, 4To «30% ntogen, nokynaroLwmx
NOAry3HUKN ANs MnageHueB, 0QHOBPEMEHHO NOKYMNalT NMBO», BPA4 NN oTpaxaeT
Kakne-Hnbyab pyHOamMeHTanbHble MONOXeHUss 1 UMEET XapakTep 3akoHa npupoabl,
HO €ro MOXHO C NOSIb30W NMPUMEHUTL B NPaKTUKE NMpoaax.

C Opyron CTOpoHbI, HAyYHbIE NMpaBuia U 3akoHbI, B NPUHUUNE, NPOBEPSEMbI
00BEKTUBHO.

JTtoOble pesynbraTtbl NpuMeHeHuss metoaos Big Data gormkHbl HaxoguMTbCs B npeaenax
CYLLECTBYIOLLMNX 3HAHNN KOHKPETHOM NpeaMeTHOW obnacTu.

[puBneYeHne akcnepTa NpeamMeTHoON obnacTi UMeeT peluatollee 3Ha4YeHne ans
NpoLecca UHTENeKTyanbHoro aHanusa AaHHbIX.



Big Data B Hay4HbIX obnacrax

1 Astrophysics - acTpodguauka

2 Biology - buonorus

3 Nanoscience - HaHOTEXHONOrMm

4 Power and Communication Networks — anektpnyeckme n KOMMYHUKaALWOHHbIE CETH
5 Climate Systems Modeling — mogenupoBaHue knumara

6 Fusion Physics — TepmosaaepHbI CUHTES

7 Accelerator Physics — dpnauka Ha yckoputensx

8 Cybersecurity - knbepbesonacHOCTb

9 Combustion — npoueccobl ropeHnd

Mathematics for Analysis of Petascale Data. Report on a Department of Energy Workshop. June 3-5, 2008



Big Data, Big Data Analytics and Data Mining

B HacTosaLwmnM MOMEHT HET pasnunynsa B ynotpebneHnn tepmmnHos Big Data n
Big Data Analytics. 3T TepMMHbI ONUCLIBAIOT Kak caMn JaHHble, Tak U
TEXHOrorMm ynpasreHus 1 MeTogbl aHanmaa.

Big Data Analytics aBnaetcsa passutnem koHuenuuu Data Mining. OgHu n Te xe
3agaydun, cgepbl NPUMEHEHNSA, UICTOYHUKN JAHHbIX, METOAbl N TEXHOSTOTUMN.

3a roabl, npolwieawmne ¢ MOMeHTa noseneHna koHuenuun Data Mining ao
HacTynneHns apbl bonbLWMX AaHHLIX, PEBOMOLUMOHHLIM 06pa3oM N3MEHUITNCH
00beMbl aHaNU3npyembiX 4aHHbIX, MOABUINCH CUCTEMbI BbICOKONPOMN3BOAUTENBHbIX
BblYMCNEHUN, HOBbIE TEXHOMNOrMU, B ToM Yncne MapReduce n ee MHOrouyncrieHHble
nporpamMmmMHble peanudaumn. C nosiBNeHNEM couunarbHbIX CETEN NOSIBUITUCH N HOBbIE
3agauu.



Data Mining

Data Mining - 310 Npouecc noaaepXKu NPUHATUA peLleHUNn, OCHOBaHHbIN Ha NOUCKE B
CbIpbIX AaHHbIX CKPbITbIX 3aKOHOMEPHOCTEN, paHee HEU3BECTHbIX, HETPUBUASIbHbIX,
NPaKTUYECKM NOSIE3HbIX N AOCTYMHbIX MHTEPNPETALNN 3HAHUN, HEOBXOAUMBIX ANs
NPUHATUA peLleHN B pasnuyHbIX cpepax YerioBedeckomn 4eATeNbHOCTN.

Data Mining — 370 ocoObIn noaxoa K aHanuay AaHHbIX. AKLUEHT AenaeTcsl He TOSbKO Ha
n3eBnedveHnmn akToB, HO N Ha reHepauunro rmnote3. Co3agaHHbIE B Npouecce rmnoTessbl
cnegyet npoBepsiTb C MOMOLLbIO OBLIYHOrO aHanus3a B pamMkax NpUBbLIYHbLIX CXEM U/UIN C
NpUBNeYeHneM 3KCNepToB NpeaMeTHOM obnacTu.

B naHHOM nogxoae UCnonb3ytTcs TPaaULUMOHHbIE MHCTPYMEHThI aHanuaa, Takme Kak
MaTemaTuyeckas cTaTUCTUKa (PErPECCUOHHbIN, KOPPENSALMOHHBIN, KNnacTepHbIN,
haKTOpHbI aHanu3, aHann3 BPeEMEHHbIX PSO0B, AepeBbsl PELLEHUI U Ap.), a Takke Te,
YTO CBSI3aHbl C UCKYCCTBEHHbIM MHTENNEKTOM (MalLUMHHOE 00y4YeHne, HEMPOHHbIE CETH,
reHeTU4ecKne anropuTMbl, HEYETKME NOTUKN 1 ap.).



Data Mining

Data Mining — 310 «cnnaB» HEeCKOSIbKUX AUCLMUMNINH U TEXHOSOMNU

CTaTnuCcTnyeCKum
TexHonornu
TexHonoruu b4 aHanms BU3yanunsayuu
Data Mining
CKyCcCTBEHHbIN TexHonornu
NHTENNEeKT / \ MaLLNHHOIO 00y4YeHus
TexHonornu

[pyrve TexHonormm

pacrno3HaBaHus
N OAUCUMNIIVHBI

obpasoB



Big Data Analytics

Ecnu cxemy gononHutb TexHonornen MapReduce v TpeboBaHnem 4V, oHa
OTpasuT pyHKUMoHarnbHble cBA3n Big Data Analytics

Cratuctmyeckum
TexHonoruu
TexHonoruu b4 aHanms BU3yanunsayuu
Big Data Analytics —___
NcKycCcTBEHHbIN / TexHonorum

NHTENNEKT \ MaLUWMHHOIo 00y4eHus

TexHonoruu Opyrvue TexHonormm
paCHESHaBaHI/IFI N ONCUUMNTNHBI
obpasos

MapReduce



MapReduce

Simplied Data Processing on Large Clusters

MapReduce - 310 Mogernb nporpaMmmmpoBaHma ans obpaboTku n reHepaumm
bonbLlunx HabopoB AaHHbIX. B HAacToAWMN MOMEHT TUNOBOM NOAXO0A NapannensHon
0b6paboTkun BonbLmMx 06bEMOB ChIpbIX AaHHbLIX. PaspaboTtaHa Google.

MHorune NnpakTn4eckmne 3agaydn MmoryT ObITb pearnin3oBaHbl B OaHHOW Moaenu
nporpamMmmmnpoBaHnA.

Pabota MapReduce coctouT na asyx waros: Map n Reduce.

Ha Map-ware npoucxogut npeasaputensHas obpaboTka BXOAHbIX AaHHbIX. Ansa
9TOro OAMH M3 KOMNbLIOTEPOB (Ha3biBaeMbIN rMaBHbLIM y3rIoM — master node)
nosfiydaeT BXoAHble AaHHble 3a4advn, pasgensaer ux Ha Yactyu u nepegaet apyrum
KoMnbtoTepam (paboumm yanam — worker node) ans npeasaputenbHon o6paboTku.
Ha Reduce-ware nponcxoauT ceBepTka npeaBapuTenibHO 06paboTaHHbIX AaHHbIX.
[MaBHbIM y3en nosly4aeT OTBETbI OT paboumnx y3noB 1 Ha NX OCHoBe hopMupyet
pesynbsraT — pelweHne 3agaym, Kotopasa dopmMynmpoBanacb n3Ha4varsbHo.

[Monb3oBatenu 3agatoT dyHKuMo Map, kotopas obpabaTtbiBaeT napbl Knkov/3HaveHne
Ons reHepaumm Habopa NPOMEXYTOUYHbIX Nap Kntod/3HadyeHune, n gyHkumio Reduce,
KoTopasa o0beanHSIET BCE MPOMEXYTOUYHbIE 3HAYEHNSA, CBA3AaHHbIE C OQHUM U TEM Xe
NPOMEXYTOYHbBIM KINHOYOM.



MapReduce

Ounarpamma

]

Data Mining & Big Data

Input |Big document

MAP: l l l' l

reads input and

produces a set of

key value pairs

v

T

Intermediate | kl:v kl:vk2:v

kl:v | k3:vkd:v | kd:vkS:v

k4:v

kl:v k3:v

Group by key:
Collect all pairs
with same key

Grouped

Reduce:
Collect all values
belonging to the

key and output

kl:v,v,v,v

k5:v




MapReduce

i

noac4yYeT CTatTUCTUKM No CrioBam })
Data Mining & Big Data
Provided bythe  ghuffle and Sort Provided by the
programmer programmer

The crew of the space shuttle
Endeavor recently returned to
Earth as embzssadors,

space exploration. Scientists
at NASA are saying that the
recent assembly of the Dextre

term space-based
man/machine partnership.

"The work we're doing now --

what we're going to need to
do to build any work station
or habitat structure on the
moon or Mars," said Allard
Beutel.

Big document

MAP:
reads input and

produces a set of
key value pairs

Group by key:
Collect all pairs
with same key

(the, 1)
(crew, 1)
(of, 1)
(the, 1)
(space, 1)
(shuttle, 1)
(Endeavor, 1)
(recently, 1)

(crew, 1)
(crew, 1)
(space, 1)
(the, 1)
(the, 1)
(the, 1)
(shuttle, 1)
(recently, 1)

(key, value) (key, value)

Reduce:

Collect all values
belonging to the
key and output

(crew, 2) _
(space, 1) _)E

(the, 3) 3
(shuttle, 1) - : n!
(recently, 1) “

(key, value) Dat
1y o Blg



NMpumMmepsbl 3agaHnu ana MapReduce

PacnpegeneHHbin Grep: Map dyHKUMA BblOAET CTPOKY, ECNU OHa
COBMagaeT ¢ 3agaHHbIM WwabnoHoMm. Reduce dyHKUMSA B 3TOM cry4vae npocTo
KOMMpPYeT NPOMEXYTOYHble AaHHble B BbIXO4AHOW hawnn.

NMoacuet yactotbl goctyna K URL: ®yHkuma Map obpabateiBaeT noru
3anpocos K Beb-cTpaHuue un BbligaeT <URL; 1>. ®yHkums Reduce cymmupyet
Bce 3HadeHust ansa ogHux u tex xe URL v BbiaaeT napbl <URL; obLwee
KONMM4ecTBO>.

UHBepTUpOBaHHLIN nHAeKc: OyHKUnS Map aHanu3npyeT Kaxabl JOKYMEHT
N popMUpPYET NnocriegoBaTenibHOCTL Nap <CroBO; NOAEHTUMUKATOP
aokymeHTa>. dyHkuma Reduce npuHMmMaeT Bce napbl 4ns 4aHHOMo Crosa,
COPTUPYET COOTBETCTBYKOLLME NOEHTUPUKATOPbLI OJOKYMEHTOB 1 (POPMUPYET
napbl <CrioBO; CNUCOK(naeHTUdunkaTop 4oKyMmeHTa)>. MHOXeCTBO BCEX TaKUX
nap obpasyet NPOCTON MHBEPTUPOBAHHbLIN UHOEKC.



[Mpmep oOy4yeHUA c yunternem Ha
MapReduce

Oby4yeHune moaenu Neural Network Ha gaHHbIX aMIMPUYECKON BbIBOPKK

L(w)= k] E L(y.,f, (x;))— min
N i W

Hanpumep peluatb METOAOM rPagneHTHOro cnycka
| .
VL(w)= NE VL(y,, f,(x))

Beca ceTu KOppekTUpYOTCHA B COOTBETCTBUM C
w=—w-—-aVL(w)

N MoXeT 6bITb 04eHb 6onblUMM. Toraa Kaxabin war crnycka éyoet TpeboBaTtb
BbIYNCNEHNSA U CYMMUPOBAHUS 60MbLLIOro Yncna 4YneHos.



[Mpmep oOy4yeHUA ¢ yunternem Ha
MapReduce

Kaykabiv war rpagueHTHOro cnycka MOXHO BbINOMHUTL C MOMOLLbI0O map 1 reduce:

x1 yl dL(y1, f(w, x1))
X2 y2 W dL(y2, f(w, x2)) / dL(w)
V2 y3 dL(y2, f(w, x2))




'padhbl 1 MapReduce

Npad G = (V, E) MOXHO npeactaBuUTb NOCPEACTBOM:

1) MaTtpuubl cmexHocTn (Adjacency matrix)
2) Cnucka cmexHocTtn (Adjacency list)

MaTtpuua cmexXHocTU. [lpeacrasngaeTt rpad Kak n X n KBagpaTHYHo
martpuuy M.
n = |V|, Mij = 1 o3Ha4aeT Hann4yue pebpa oT y3na i K yany j.

S OINN -
Al Al Aol =
OO0 O =~
—_ O Ol W
OO =~ =4I




'Pacdpbl 1 MapReduce

Cnncok cMeXHoCTU. /13 MaTpuLbl CMEXHOCTH. .. «BbITPSIXMBAKOTCS» BCE
HYnu. ...

1

0

I WOIN -

OO0 O —~|N

OO

OO = =i

b=




[MporpammHble peanu3aunn MapReduce

Google peanusosan MapReduce Ha C++ peannsosan MapReduce Ha C++ ¢ nHtepdencamm Ha
Aa3blkax Python peannsoBan MapReduce Ha C++ ¢ nHtepdencamm Ha a3bikax Python n Java.
Greenplum — KoMmepyeckas peanusauus ¢ nogaepxkon a3bikos Python — kommepyeckas
peanusauma c nogaepxkon asbikoB Python, Perl — kommepyeckas peannsauus ¢ nogaepxkou
a3blkoB Python, Perl, SQL n gpyrux.

GridGain — 6ecnnartHas peanunsauma ¢ OTKPbITbIM UCXOAHBLIM KOOOM Ha s3blke Java.

Apache Hadoop — 6ecnnaTtHasa peanusauma MapReduce ¢ OTKpbITbIM MCXOAHBbIM KOAOM Ha
A3blke Java.

Phoenix — peanusaumna MapReduce Ha a3bike Cu ¢ ucnonb3oBaHMEM pa3aensiemMon namsaTu.
Qt Concurrent — ynpoLiéHHas Bepcus dopenmMmBopKka, peanusoBaHHasa cpeacrBamm Qt —
ynpoLEHHaa Bepcna penmBopKka, peannsoBaHHas cpeactesamm Qt Ha C++, KoTopas
ncnonb3yeTcs Ans pacnpeneneHns 3agadm Mexay HeCKoNbkKMMn sapamMm ogHOro KomMnbelotepa.
CouchDB wncnonb3yetr MapReduce ansa onpegeneHna npeacraBneHnin NoBepxX pacnpenenéHHbIX
OOKYMEHTOB

MongoDB nossonsieT ncnonb3osatb MapReduce ans napannensHon 06paboTkm 3anpocoB Ha
HECKONbKNX cepeepax

Skynet — peanunsauma ¢ OTKPbITbIM UCXOAHbIM KOAOM Ha s3blke Ruby

Disco — peanunsauyus, cosgaHHas komnaHmen Nokia — peanunasauyus, co3gaHHasi KOMnaHUeN
Nokia, eé sapo HanncaHo Ha A3bike Erlang, a npunoxeHnsa ans He€ MOXHO NUcaTb Ha A3blke
Python.

Apache Hive — HagcTpoika ¢ OTKpbITbIM UCXOAHBLIM KOAOM OT Facebook — HagcTpownka ¢
OTKPbITbIM UCXOAHbIM KOAOM OT Facebook, nossonstowaa kombuHmposatb Hadoop n goctyn K
JaHHbIM Ha SQL-nogobHOM A3bIKe.




NMoncK NOX0OXNX o0 bLEeKTOB

MHorvne 3agadn MoryT BbITb 03BYYEHDLI, KaK « HAUTWU MOXOXNE OOBbEKTLI»
[Mpumepbi:

— Beb - cTpaHuubl ¢ NoxXoXumu cnosamu (Knaccuukaums,
pacnpegeneHne oybnukatos)

— Mokynatenu ¢ «NOXOXUMU NHTEPECAMM

— N306paxeHnst ¢ «MoXoXXMMn npusHakamm»

— lNonb3oBaTenu, KOTOpbIE NOCELLAIOT OAMNH N TOT Xe Beb-cant

— nT.A.

OueHKa «rnoxoXxecTn o0bEKTOBY nocre ux gatndunkaummm BoO3MoXXHa Ha OCHOBE
CpaBHEHUSA UX KaK MaTteMaTU4eCKNX OOBEKTOB C MOMOLLbIO TaK Ha3biBaEMbIX
METPUK PacCTOSAHMS



[TOUCK NOXOXUNX O0OBHLEKTOB
MeTpukmn pacctosiHUU

L, norm: d(p,q)

(s

d(p.q) = d(q,p) = V(g1 — P1)> + (g2 — P2)> + -+ (ga — Pn)? = J > (g —pi)?

=1
Ll 1O, Cymma abcontoTHbIX pasHuL, Mo KaXOoMy U3MEpeHuio

n
di(p,q) = |lp—all =) _ Ipi — al,

i=1
MaHXeTeHHOBCKOE pacCTOAHME (B HYECTb PeLleTYaToOn CTPYKTYPbl HEKOTOPbIX
panoHoB Hbto-Nopka) (MOXHO ABUraTbCA TOMNbKO BAOSb OCEWN)

UebbILeBCKOe pacCcToSHME

L. norm: d(x,y) l=(Z,9) = max |z; -y,

L, norm: d([z1, 2, ..., Znl, [Y1,¥2,--- 5 Ua]) = O |z — wi|")/”
=—1



MeTpukn paccTosiHMN N
Mpumep D)

Data Mining & Big Data

1) AnunHa 3eneHoro oTpeska (L2) = 8, 435

. . . . . u | 2) CuHen nomaHon (L1) =12
EEEEZE
EEERZEN

o s .Ccmral " )
- ’:_Pat_k_ZoQ

EEZEENR
HZEEEN
ZEEEENR

3 Clearview
a Ziegfold

3) KpacHon = 12
(YebbiweBCckOe paccTosiHME = 6)
4)L4=7,135



Ipyrue mMeTpukun pacctosasHUMU

1. KocuHycHoe pacctosiHue (Cosine Distance) = 310 yron mexay BeKTopamu.

A-B 221:1 4‘11' X B’i

cos(d) = = = T

S ANBIE V0 (A2 x /o, (Bi)?
Hanpumep, A =00111; B = 10011

A-B =2; IAl = IBl = V3 cos(0) = 2/3;

2. Edit distance = yncno BcTaBoK, yaaneHuMn, KOTOPOoe HYXXHO YTObObI Npeobpa3oBaTbh
OAHY CTPOKY B APYrY!IO.

d(x,y) = [x] + [y] - 2|LCS(x,y) |

LCS (longest common subsequence) = Hanbonbwaga obuwas noanocrnenoBaTenNbHOCTb
(nocnegoBaTenbHOCTL CUMBOSOB, CreayLWNX crnesa HanpaBo, HO HeObs3aTENLHO B
nopsake «apyr 3a gpyrom» )

NMpumep, x = abcde; y = bcduve

LCS(x,y) = bcde, d(x,y)=5+6-2*4=3



Edit distance

NMpumep n3 monHhopmaTuUKun

AHanu3 nepBUYHbLIX NocrieaoBaTeribHOCTEMN
A30TucTble ocHoBaHuS, Bxogsawue B AHK:

A — ageHuH, C — unto3nH, G — ryaHuH, T — TUMKUH

S$1=AAACCGTGAGTTATTCGTTCTAGAA (25 cumBonos)
S2 = CACCCCTAAGGTACCTTTGGTTC (23 cumBona)

Boioensem nocnegosatenbHOCTb LSG (KpacHbIM)

S1=AAACCGTGAGTTATTCGTTCTAGAA
S2 =CACCCCTAAGGTACCTTTGGTTC

LSG(S1,S2) = ACCTAGTACTTTG (13 cnmBonoB)

Edit Distance D(S1,S2) =25+ 23 -2*13 =48 — 26 = 22



Ipyrue mMeTpukun pacctosasHUMU

3. PacctoaHme XemmuHra (Hamming Distance) = yincno nosuumin, B KOTOPbIX
COOTBETCTBYHLLME CUMBOJSIbI ABYX CITOB O4MHAKOBOW ONMUHbI Pa3fnNyHbl.

Mpumep, x = 10101, y = 10011

Hamming Distance = d(x,y) = 2

4. Jaccard Distance mexagy aBymsa Habopamu — 310 1 MUHYC «pa3mMep nx
nepeceyeHusi»/ «pasmep nx oobegnHEHN»

d(C, C,)=1-|C,nGC,]|/|CuG,|
Mpumep

pasmMep nepecevyeHuss = 3
pasmvep obbeanHeHust = 8

Jaccard Distance =1 - 3/8 = 5/8



Big Data Analytics

Big data is generally understood to refer to techniques developed to analyse
data sets which are either too big, too complex or too lacking in structure to
be analysed using standard approaches. A common misconception around
big data is the expectation that acquiring powerful computer infrastructure
will immediately provide a business advantage. Instead information
technology, computer science and mathematical science must go hand in
hand. Infrastructure is necessary, but achieving value from big data also
requires more sophisticated data analysis methods.

New approaches to analysing data have to be found and, where
appropriate, existing methods have to be scaled. This is where the
mathematical sciences can make a considerable contribution: building on
the foundations of current statistical methods and identifying new techniques
to augment or replace old ones that are less appropriate, making the
analytics efficient, and most importantly making sure the correct inferences
are drawn from the data available.

«Data Science: Exploring the Mathematical Foundations». Smith Institute. UK. 2014



Big Data Analytics

C To4kn 3peHunst busHeca
IMPLEMENTING BIG DATA: 7 TECHNIQUES TO CONSIDER

Whether your business wants to discover interesting correlations, categorize
people into groups, optimally schedule resources, or set billing rates, a
basic understanding of the seven techniques mentioned above can help Big

Data work for you.

) Association rule learning
) Classification tree analysis
) Genetic algorithms
) Machine learning

) Regression analysis

) Sentiment analysis

7) Social network analysis

1
2
3
4
5
6

«7 Big Data Techniques That Create Business Value» By Debbie Stephenson - Jan 18, 2013
http.//www.firmex.com/thedealroom/



Big Data Analytics

1. ASSOCIATION RULE LEARNING

Are people who purchase tea more or less likely to purchase carbonated
drinks?

Association rule learning is a method for discovering interesting
correlations between variables in large databases. It was first used by
major supermarket chains to discover interesting relations between
products, using data from supermarket point-of-sale (POS) systems.

JTrogn, KoTopble NOKynarT Yan 60sbLUe U MeHbLLE LLAHCOB NpnodpecTu
ra3vpoBaHHbIE HAMUTKN?

O6yyeHne no accoumaTMBHbLIM NpaBUIamM-3To MeTo Ana oOHapyXeHUs
NHTEPECHbIX KOPPENAUNN Mexay nepeMeHHbiMU B 6onblunx 6asax gaHHbIX.
BrnepBble OH Obin UCNOMb30BaH KPYNHbIMU CETSIMU CyNepMapKeToB, YTOObI
OOHapY>XNTb MHTEPECHLIE B3aUMOOTHOLLEHNA MEXAY N3OENUAMU, NCNOSNb3Y4
OaHHble U3 cynepmapketa B Toukax npogax (POS) cuctemsi.



Big Data Analytics

2. CLASSIFICATION TREE ANALYSIS
Which categories does this document belong to?

Statistical classification is a method of identifying categories that a new
observation belongs to. It requires a training set of correctly identified
observations — historical data in other words.

Statistical classification is being used to:

« automatically assign documents to categories

« categorize organisms into groupings

* develop profiles of students who take online courses



Big Data Analytics

3. GENETIC ALGORITHMS

Which TV programs should we broadcast, and in what time slot, to maximize
our ratings?

Genetic algorithms are inspired by the way evolution works — that is, through
mechanisms such as inheritance, mutation and natural selection. These
mechanisms are used to “evolve” useful solutions to problems that require
optimization.

Genetic algorithms are being used to:

» schedule doctors for hospital emergency rooms

* return combinations of the optimal materials and engineering practices
required to develop fuel-efficient cars

* generate “artificially creative” content such as puns and jokes



Big Data Analytics

4. MACHINE LEARNING

Which movies from our catalogue would this customer most likely want to
watch next, based on their viewing history?

Machine learning includes software that can learn from data. It gives
computers the ability to learn without being explicitly programmed, and is
focused on making predictions based on known properties learned from sets
of “training data.”

Machine learning is being used to help:

» distinguish between spam and non-spam email messages

* learn user preferences and make recommendations based on this
information

 determine the best content for engaging prospective customers

* determine the probability of winning a case, and setting legal billing rates




Big Data Analytics

5. REGRESSION ANALYSIS
How does your age affect the kind of car you buy?

At a basic level, regression analysis involves manipulating some independent
variable (i.e. background music) to see how it influences a dependent
variable (i.e. time spent in store). It describes how the value of a dependent
variable changes when the independent variable is varied. It works best with
continuous quantitative data like weight, speed or age.

Regression analysis is being used to determine how:

* levels of customer satisfaction affect customer loyalty

 the number of supports calls received may be influenced by the weather
forecast given the previous day

 neighbourhood and size affect the listing price of houses

» to find the love of your life via online dating sites




Big Data Analytics

6. SENTIMENT ANALYSIS
How well is our new return policy being received?

Sentiment analysis helps researchers determine the sentiments of speakers
or writers with respect to a topic.

Sentiment analysis is being used to help:

 improve service at a hotel chain by analyzing guest comments

* customize incentives and services to address what customers are really
asking for

 determine what consumers really think based on opinions from social media



Big Data Analytics

7. SOCIAL NETWORK ANALYSIS
How many degrees of separation are you from Kevin Bacon?

Social network analysis is a technique that was first used in the
telecommunications industry, and then quickly adopted by sociologists to
study interpersonal relationships. It is now being applied to analyze the
relationships between people in many fields and commercial activities.
Nodes represent individuals within a network, while ties represent the
relationships between the individuals.

Social network analysis is being used to:

 see how people from different populations form ties with outsiders

» find the importance or influence of a particular individual within a group

* find the minimum number of direct ties required to connect two individuals
 understand the social structure of a customer base



Big Data Analytics

Autoencoders

» |n deep learning, multiple In the neural network literature, an
autoencoder generalizes the idea of principal components.
Figure below provides a simple illustration of the idea, which
is based on a reconstruction idea.

Input Hidden Output ‘ - . L‘ . ’.. : " H =
layer layer layer ‘ ‘ ; ‘ . J H [ ‘ ’ l
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FIgU e . Left: Network representation of an autoencoder used for unsupervised learning of nonlinear
principal components. The middle layer of hidden units creates a bottleneck, and learns nonlinear
representations of the inputs. The output layer is the transpose of the input layer, and so the network tries
to reproduce the input data using this restrictive representation. Right: Images representing the estimated
columns of W' in an image modeling task.



Mathematics for Analysis of Petascale Data
needs of various scientific domains

Application Domains
1 Astrophysics

2 Biology

3 Nanoscience

4 Power and Communication Networks

5 Earth and Climate Systems Modeling
6 Fusion Physics

7 Accelerator Physics

8 Cybersecurity

9 Combustion

10 Visualization

Mathematics Research Findings
1 Scalability

2 Distributed Data

3 Architectures

4 Data and Dimension Reduction
5 Models

6 Uncertainty

Mathematics for Analysis of Petascale Data. Report on a Department of Energy Workshop. June 3-5, 2008



Big Data Analytics

* Statistics

» Optimization

» Uncertainty quantification

* Machine learning

* Network and graph analysis

 Analysis of streaming data

 Data reduction (which includes dimension reduction, feature extraction,
and topological

methods).



Big Data Analytics

The analysis of extensive quantities of data and the need to grasp value out of
individual behaviors require processing methods that go beyond the traditional
statistical techniques.

Both Manyika et al. (2011) and Chen (2012) propose a list of Big Data Analytical
Methods, that include (in alphabetical order):

A/B testing, Association rule learning, Classification, Cluster analysis, Data
fusion and data integration, Ensemble learning, Genetic algorithms, Machine
learning, Natural Language Processing, Neural networks, Network analysis,
Pattern recognition, Predictive modelling, Regression, Sentiment Analysis,
Signal Processing, Spatial analysis, Statistics, Supervised and Unsupervised
learning, Simulation, Time series analysis and Visualization.



List of Big Data Analytical Methods
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A/B testing 16) Signal Processing

Association rule learning 17) Spatial analysis

Classification 18) Statistics

Cluster analysis 19) Supervised and Unsupervised learning
Data fusion and data integration 20) Simulation

Ensemble learning 21) Time series analysis

Genetic algorithms 22) Visualization

Machine learning

Natural Language Processing
Neural networks

Network analysis

Pattern recognition

Predictive modelling
Regression

Sentiment Analysis



Big Data Analytics

Being aware of the limitations of Big Data Methods and potential
methodological issues is a fundamental resource for organizations who want
to drive data-based decision making: for example, predictions should always
be accompanied by valid confidence intervals in order to avoid the false sense
of precision that the apparent sophistication of some Big Data applications can
suggest. Analysts should also be capable of avoiding models’ overfitting that
would facilitate apophenia, i.e. the tendency of humans to “see patterns where
none actually exist simply because enormous quantities of data can offer
connections that radiate in all directions”, (Boyd & Crawford 2012).

Andrea De Mauro et al.«What is Big Data? A Consensual Definition and a Review of Key Research Topics». AIP
Proceedings”, 2014.



Big Data Analytics

Small Large Big data (volume, variety,
scale data scale data velocity, incremental,
distributed)

Yes
<_Can handle volume

A 4 Y \ 4 Y Y

( Traditional learning ) ( Big data learning )

Traditional data mining and mining of Big Data




Big Data Analytics
3agaum

» Knaccudukaumns — oTHeceHne BXOOHOro Bektopa (00bekTa, cobbITus,
HabnogeHns) K 0OAHOMY U3 3apaHee U3BECTHbIX KIacCoB.

« KnacTtepusauuss — pasgeneHme MHOXeCTBa BXOOHbIX BEKTOPOB Ha
rpynnbl (KnacTepbl) MO CTENEHN «NMOXOXECTU» APYr Ha Apyra.

» CoKpalleHune onmcaHma — aOng smsyannsaumm gaHHbIX, NakoHn3ma
MoAenen, ynpoLleHnsa cyeTa n MHTepnpeTauumn, cxatms oobemMoB
cobupaemoun n xpaHMMomn MHdopMaL .

» Accouunaums — rnouck noBTopsitoLmMxcs obpasuoB. Hanpumep, nomck
«YCTOMYMBBIX CBA3EN B KOp3nHe nokynartens» (market basket analysis)
— BMECTE C NMMBOM 4acCTO MOKYnarT OPELLKN.

* [lporHosmposaHue

* AHanua OTKNOHEHUN — HanpuMep, BbldBlIEHNE HETUNUYHON CETEBOU
aKTMBHOCTW No3BonaeT 0bHapyXnTb BPe4OHOCHbIE NMporpaMmmel.

* Bwusyanunsauus



Big Data Analytics

MeToAbl n npumMmepbl

« Knaccudmkauma n npeackasaHue (classification and prediction)
lpumep — ueneHaripasrneHHbIU Haum (focused hiring)

« KnactepHbin aHanus (cluster analysis)
[lpumep — ceameHmMupogaHue pbIHKa

« AHanus BbibpocoB (outlier analysis)
[pumep — obHapyxeHUe MoweHHU4Yecmasa

» AHanu3 ckpbITbIX 3aKOHOMEpPHOCTEN (association analysis)
[pumep — aHarnu3 pbIHOYHOU KOP3UHbI

« OBOSOUNOHHBLIE anropuTmMel (evolution analysis, genetic algorithms)

[pumep — rpoeHo3uposaHue UHOeKkca ghoHOOB020 pPbIHKA C
MOMOWbIO aHasiu3a 8peMeHHbIX pPs1008



Data Mining

[MpuMeHeHus

Data Mining ana aHanusa (pMHaHCOBbIX AaHHbIX

[poeKkTUpoBaHME U CTPOUTENBCTBO XPaHUNULL, AaHHbIX ANS
MHOrOMepHOro aHanmaa gaHHbix 1 Data Minig

[TIporHo3upoBaHme nnaTexen no KpeauTy u aHann3 KpegmTHOU
NONMUTUKA

Knaccndpukaumsa n knactepusaums KIMeHToB ANs LEeneBoro
MapKeTMHra

BbisiBneHue Cciny4daeB OTMbIBaHUA OEHET U APYTrnx CbI/IHaHCOBbIX
npecTtynineHnn

MHTeﬂﬂeKTyaﬂbelﬂ dHalln3 OaHHbIX OJ14 p03HI/ILIHOIZ TOProsJin



Data Mining

[MpuMeHeHus

Data Mining B po3HU4YHON TOproBne

[TpoeKkTnpoBaHMe U NOCTPOEHNE XPaHUNULL, JaHHbIX HA OCHOBE
MCNONb30BaHNSA NPEUMYLLIECTB TEXHOSTOMMA NHTENNEKTYanbHoro
aHanusa gaHHbIX

MHoOromepHbili aHanu3 Npoaa, KNMEHTOB, NPOAYKTOB, BPEMEHU U
pernoxHa

AHann3 apdeKkTUBHOCTM CObITOBLIX KaMMNaHUm
YaoepxaHue KNMeHTOB — aHanu3 fosfibHOCTM KITMEHTOB

PekomeHaaumnsa npoayKkToB



Data Mining

[MpuMeHeHus

Data Mining B TenekoMMyHUMKaLmnax

MHOFOMeprIVI aHalin3 TeNTIEKOMMYHUKaALUNOHHbLIX OaHHbIX

BbisiBneHne HeoOblYHbIX NATTEPHOB N onpeaeneHne
MOLLEHHNYeCTBa

CepBuCbl MOBUIBHON CBA3W

cnonb3oBaHune cpencTts Bn3yasindaunmnm B aHasrin3e
TENNEKOMMYHUKAUMNOHHbIX OaHHbIX



Big Data Analytics
NMpumepsbl

MeToabl knaccudmukaumm u NnporHo3mpoBaHus. [lepeBbsA peLueHU M

MeTop aepeBbeB pelwieHUU (decision trees) ssnaercs ogHMM 13 Hanbonee
NONynsPHbIX METOAOB PELLUEHUs 3a4au Krnaccnudukaumm n NporHo3MpoBaHUs!.

[lepeBbs pelleHnn — OOBOSIbHO CTapbi METO, OH NPeasioXXeH B KoHue 50-X rogoB
NPOLUSIOro BEKa.

B Hanbonee npoctom BUAE OepeBO peLLUeHnn — 3TO cnocob npencTaBreHns npasusi B
nepapxmyeckomn, nocnegoBartenbHom cTpyktype. OCHOBa Takom CTPYKTYPbl — OTBETHI
«da» Unn «HEeT» Ha psig BONpOCOB.

ANropuTMbl KOHCTPYMPOBAHNA OEPEBLEB PELUEHUIN COCTOSAT U3 3TANOB «CO34aHNE»
aepe.a (tree building) u «cokpalieHne» gepesa (tree pruning). B xoge co3gaHus
[epeBa pellatoTcs BONpochkl Bbibopa KpUtepus pacLuensnieHns 1 OCTaHOBKN 0ByYeHus
(ecnu aTo NpegycMOTPEHO anropuTMoM). B xoge atana cokpalleHusi AepeBa peluaercs
BOMPOC OTCEYEHNSA HEKOTOPbLIX €ro BETBEW.

MeTtona oepeBbLEB peLLEHNN HYacTO Ha3bIiBaOT «HAMBHbLIMY» MOAXOAO0M.



Data Mining
NMpumepsbl

OepeBbs peweHnn. Urpatb nu B ronbd?

[MycTb peluaetcs 3agadya, B KOTOPOW Hago OTBETUTL Ha Bonpoc: «rpatb nu B ronbd?».
UTobbl pelwnTb 3a4a4y TEKYLLYHO CUTYauUuo K O4HOMY 13 U3BECTHbLIX KIlaccoB (B 4aHHOM
cny4vae — «urpatb» Unn «He urpatby).

[ns atoro TpebyeTcs OTBETUTb Ha PsiAl BONPOCOB, KOTOPbIE HAaX0AATCS B y3rnax 3Toro
[OepeBa, HaunHasi C ero KOpHs.

B pesynerarte npoxoxaeHns oT KOPHS AepeBa 40 ero BepLIMHbI peLllaeTcs 3agaya
Krnaccudounkaumu.

PaccMOTpEHHLIN NpUMeEpP OTHOCUTCS K 3agadvyam buHapHoKM Knaccugukaumu, T.e.
co3faeTcsa AnxoToMmuyeckas knaccndukaumoHHasa Mogerb.

B y3nax GuHapHbIX AepeBbeB BETBIEHNE MOXET BECTUCH TOSNbKO B ABYX HanpasieHUsIX,
T.€. CyLeCTBYET BO3MOXHOCTb TOSTbKO [BYX OTBETOB Ha MOCTaBMNEHHbIN BONPOC («4a»
NN «HET).



Data Mining

NMpumepbl

Data Mining & Big Data

UrpaTtb nu B ronbd?




Big Data Analytics
NMpumepsbl

OepeBba peweHun. 3aga4ya o6 oLleHKe KpeaUuTHOro pucka.

Basza gaHHbIX COAEPXKUT PETPOCNEKTUBHBIE JaHHbIE O KNMeHTax 6aHka, aBnsatoLmecs eé
aTpubyTamu: rogoBoK Aoxon, AONrY, 3aiMbl, KpeauTHast UICTopust U T.A.

Takas 3agaya Knaccuukaumm peliaeTca B ABa aTana: NocTpoeHne
KraccugukaumoHHOM MOLENU N €€ UCTONb30BaHKE.

ATpunOyTbl 6a3bl JaHHbIX ABNAKTCA BHYTPEHHUMW y3namMun OepeBa.

OTn aTpmbyTbl Ha3bIBAlOT NPOrHO3NPYOLWNUMK, Uinn aTpubytammn pacuwenneHus (splitting
attribute).

KoHeu4Hble y3rbl AepeBa, Unu fMCTbl, UMEHYITCA MeTKaMu Knacca, ABnsowmMMncs
3Ha4YeHMAMN 3aBUCUMON KaTeropmanbHON NepeMeHHON «KKpeauTHbIN PUCK»: Low,
Moderate, High.



Big Data Analytics

NMpumepbl

Data

MeToab! knaccudmkaumm n NPorHo3npoBaHus. [lepeBbs pelleHU

[ Taxable income ]

9600-18000 18000¢30000 over 30000

[ Secured loan ] Debts [Crcdit history J

Few Many

Unknow Bad Good

High l High l Higlh 50%
Moderate S0%




Big Data

Bonblune gaHHbIe B pa3HbIX OTPAaCNAX

3KOHOM M KM : Vlining & Big Data
BbligeneHne apxetuna nonb3oBaTtens

BbigeneHne ceasen mexagy rpynnamu nosis3osatenen

BbigeneHne coobulects

AHanuna kpyra obuieHuns

BblaeneHne HETUNNYHBIX NONb30oBaTENEN

[MporHo3upoBaHMe HOBbIX CBA3EN

1)
2)
3)
4)
5)
6)

!
te
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3agaum Krnacrtepusaumnm Ha rpadax
npuMeHeHue anroputMa Girvan and Newman
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The network of friendships in the karate club study

Zachary noctpoun npocTon He
B3BELUEHHbIN rpady, 4Tobbl OTpasnTb
OTHOLLUEHUNS APYKObl MEXAY KaXXaon
napown YneHos knyba. Kaxgbin uneH
knyba npeacrasnseTcs Ha rpade
y3rom, a pebpo noaBnseTcs mexay
y3namu, ecnn 9Tun YneHbl knyda
ABNSAIOTCA APY3bAMM BHE Npeaenos
kny6a.
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CouuanbHas ceTb, U3BeCTHas Kak “kny6
KapaTe”, nocTpoeHHasa Zachary. B Te4eHun 2
neT oH Habntogan 3a 34 uneHamun knyba. B
TeYeHMe 3TOro CpoKa YneHbl knyba pasgenunmcs
L Ha OBe rpynnbl BCeACcTBME CNOPOB MeXay

25 aOMUHUCTPaTOPOM Knyba u TpeHepoM. YneHsbl
s O4HOW M3 rpynn OCHOBasnu cBON COBCTBEHHbIN
SO Knyo.
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[Tpumepbli
3agayum Knacrtepusauumm Ha rpadax

% Big Data

Pe3ynbratbl npumeHeHus metoga MLP
(Markov Cluste
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Metoa Dynamic Quantum Clustering

ABTOpbI MeTOAa CTaBAT 3agady BecbMa napagokcarnbHbiM obpasom: «Kak
NcKaTb UroSiky B MHOTOMEPHOM CTOre CeHa, He 3Hasl, Kak OHa BbIMMSAANT, U,
He 3Hasi, eCTb NI OHa B 3TOM cTorey. /1 oTBevatoT, Yto nogobHasd
nocTaHoBKa TpebyeT CMEHbI NapaanrMbl NOMCKa B CTOPOHY «MYCTb AAHHbIE
rOBOPAT O cebe camuy.

PaspaboTtaHHasa ans aHannsa bonblimx MHOrOMEpPHbIX OAaHHbIX
metogosnorna «Dynamic Quantum Clustering» (DQC) peanusyet
yKasaHHy0 napagurmy.

MeTtoa DQC (kak n MHOorve gpyrne Metoabl aHanuTuUku bonblunx gaHHbIX)
«paboTaeT» 6e3 npeaBapuUTENbHOIO 3HaHMS O TEX «CTPYKTypax», UX TUNe u
TOMOMNOrNKU, KOTOPbIE MOTYT ObITb «CKPbIThbI» B AAHHbLIX U BbISIBIEHbI B
pesynbTate ero npumMmeHeHns. Metoa xopollo paboTaeTr ¢ MHOroOMepPHbLIMU
OAHHBIMW, U, YTO OMEHb BaXXHO, BPEMS aHanusa JIMHENHO 3aBUCUT OT
pa3MepHOCTH



Metoa Dynamic Quantum Clustering

B n-mepHOM npu3HakoBOM NPOCTPaAHCTBE CTPOUTCSA (PYHKUMA @, ABNAKOLWAACA CYMMOU
rayccoBbIX (PYHKLUUI C LeHTpaMn B KaXKOoW ToYke AaHHbIX ([Map3eHoBckas yHKUMS).

o@) = Y, e 220 DE )

Bbluncnsaerca pyHKUMA KBAHTOBOro noteHumana VvV, yooenetsopstowas ypaBHEHUIO
LLpeavHrepa ons ¢.

—ﬁV% + VX))@ =E@ =0

JlokanbHble MUHUMYMbI OYHKLMK V COOTBETCTBYIOT JIOKanbHbIM MakCcumMymam @,
Kpome Toro oyHKums V MoXeT UMeTb MUHUMYMbI TaMm, TOe Y @ HET MakCuMyma.
PyHKUMA V nydlle BbIABNAET CTPYKTYPY AaHHbIX, YeM [Nap3eHoBckas oyHKuus. 3atem
OJ19 Ka)KOoro rayccuaHa, CBA3aHHOro ¢ onpeaeneHHon TOYKOM JaHHbIX, 3a0aeTcH ero
SBOSIOUMA NYyTEM YMHOXEHUSA ero Ha KBaHTOBbIN BPEMSA-3BOSTOLMOHHbLINA oneparop.
BbluncnsaTca HOBble LEHTPbLI rayccuaHoB, 1 npoLlenypa nostopsaercad. [JokasaHo, YTo
HOBblE LIeHTPbI CTPEMATCS K OnmKanwmmMm MUHUMYMaM noTeHunansHon yHKuumn V.



Metoa Dynamic Quantum Clustering

Paren Cissamed paziae Mwnid

[Map3eHoBcKkaa yHKUUS (CUHAS KpUBasi) U COOTBETCTBYHOLLMN €/ KBAHTOBbLIM NOTEHLMar
(kpacHas kpuBas). [Nap3eHoBckas PyHKUNSA SBAFETCA CYMMOMN 5 rayCCUaHOB C LleHTpamu
(-2,-1,0,1,2)



[Tpumepbl

Pe3ynbTrathl npuMmeHeHUsa mMetoaa Quantum Clustering
Ha NpuMepe AaHHbIX (pOHAOBOro pbiHKa

AHanus ueH akumm KomnaHumn, BxoaaLwmx B nUcT nHaekca Standard and Poor’s
S&P500 3a nepuopg 1 aHeaps 2000 roga no 24 gespans 2011 roga (scero 2803
TOproBbiX AHs). bbino BeIOpaHo 440 kKOMNaHWN.

1.3

+ Clusters

121 S&P 500, daily normalized return
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[Tpumepbl
Pe3ynbTrathl npuMmeHeHUsa mMetoaa Quantum Clustering
Ha npumMepe AaHHbIX POHAOBOrO pbIHKA

C maTemaTnyecKon TOYKN 3pEeHUs aHannay noasepranacb matpuua pasmepom 2803 x 440.
Kaxkgaa cTtpoka maTpuubl cogepXut nHgopmaumio o ueHax scex 440 akuuin 3a oOgvH OeHb.

[Mpexae Bcero, aHanM3 NoATBEpPAMIT OMEBUAHBLIN Pe3ynbTaT, YTO LIEHbI akLmin
KOppenmpoBaHHbl B COOTBETCTBUM C NPUHALASIEXXHOCTHLIO K OOQHOMY M3 9 PbIHOYHbBIX CEKTOPOB
(«9HepreTnyeckmmny, « PUHaHCOBbLINY, «MPOMbILLNEHHbIN» U T.4.).

OpgHako rnaBHbIM pe3ynbTaToM cTano, YTo B pesynbraTe aHannaa 6binn BbISIBIIEHDI
«BPEMEHHbIe» KIacTepbl, KOTOpPbIE aBTOPbI HAa3Bann «PbIHOYHBLIMKU aroxamuy. Beero 3a
yKasaHHbIN nepuog Obino BbIABNEHO 17 3rnox pasfMyHon AnnTenbHOCTN.

Pe3yanaTb| AarnbHenLwWero aHanmsaa nokasarnu, 4to
KaXkabln N3 «BpeMEHHbIX» KInaCcTepoB NMeeT CBOU

COOCTBEHHbIE XapaKTEPUCTUKN. DTO XOPOLLO BUOHO -, .

Ha pUCYHKe (LBETOM BblaeneHbl cobbITuS,
npuHagnexawine pasnmnyHbIM «3noxamy), rae ‘S;;

Ka)kgas Touvka npeacraBnsieT cobom BEKTOP U3 - vy
CpeaHuUX AHEBHbLIX LIeH akumMin 3 pbIHOYHbIX \"‘q&\

CEKTOpPOB, npeacraB/ieHHbIX OCAMU KOOPAWUHAT.

01.01.2000 — 24.03.2011



[Tpumepbl
Pe3ynbTrathl npumMmeHeHUs metoaa Dynamic Quantum Clustering (DQC)
Ha NnpuMmepe aCTPOHOMUNYECKUX AAHHbIX

AHanunanpyetcs NnpocTpaHCTBeHHOe pacnpeaernenme 139798
raniakTuK (katanormsnpoBaHHble JaHHble n3 Sloan Digital Sky
Survey (SDSS). [Inga kaxgon ranakTuky N3aBeCTHO TP KoopaMHaThI
— [Ba yrna ¢ n 6 n BennymHa Tak Ha3blBaeMOoro «KpacHoro
CMELLEHNSA» Z, UrparoLLEero posib PacCTOAHUA 40 ranaktuku. To, 4To
raniakTUKn pacnpeneneHsl BO BCENEeHHON HepaBHOMEPHO —
N3BECTHbLIN (PaKT, UX pacnpegeneHme HanoMmMHaeT NosiIoTHO N3

BOJTOKOH M MYCTOT. 3TOT dhakT 1 ObINT NPOBEPEH C NOMOLLBIO MeToAa
DQC.



[Tpumepbl
Pe3ynbTrathl npumMmeHeHUs metoaa Dynamic Quantum Clustering (DQC)
Ha NnpuMmepe aCTPOHOMUNYECKUX AAHHbIX

XOopoLUo BMaHa 3BOsOLUNA HavarnbHOro pacnpeneneHna (cneea) K
CTPYKTYpe, KoTopas AeNCTBUTENBbHO HAanOMMHAET NOSIOTHO U3 BOSTOKOH U
nycToT (cnpaea)



"TyceHuua" - ByayLLIni KINacCcUYeCKUM MeTod aHannsa BpEMEHHbIX PSA0B

- Kakoebl npuHyunuansHbie omnu4usi Memoda "lyceHuya” om Apyaux Memodoe aHasiu3a epeMeHHbIx psidoe? B yem e2o
YHUKanibHOCMb ?

- MepBown naeen, nexallen B OCHOBe MeTOAa, ABMSETCA co3aaHne NOBTOPHOCTU NyTEM Nepexofa OT BPEMEHHOro psiaa
(nocnepoBaTenbHOCTU HEKOTOPbLIX U3MEPEHMIN UMW XapaKTEPUCTUK B PaBHOOTCTOSILLME MOMEHTLI BPEMEHMN) K MOCNea0BaTENbHOCTU
BEKTOPOB, COCTOSLLMX U3 OTPE3KOB BPEMEHHOrO psaa BelOpaHHOW ANUHbLI. Takum o6pa3om, nonyvyaeTcs YTo-To BpO4e MHOrOMEpPHOW
BbIOOPKK, TaK Kak €Cnn MCXOOHbIV pan, UMEr KaKyr-TO CTPYKTYpPY, TO U ero OTPEe3KU HacnenyT 3Ty CTPYKTypy. Bropon naeewn sensaetcs
aHanu3 norny4eHHon MHOromMmepHoOM BbIGOPKM (TPaeKkTOPHOW MaTpuLibl) C MOMOLLLIO €€ CUHIYNAPHOIO pasnoXeHus Unu, NCnonb3ys
CTaTUCTUYECKME aHanorum, aHanmnsa rnaBHbIX KOMMOHEHT. TeM cambIM Nofy4aeTcs pasnoXeHne UCXOLHOro BpEMEHHOro psaa (TodHee,
€ro TpaekTopHOM MaTpuLbl) No Gasucy, NOpoXXaaeMoMy UM CaMUM.

MHe kaxeTcsi, o4HOM U3 OTNNYUTENBHbIX YePT MeToAa SBMNSETCS ero eCTeCTBEHHOCTb. MeTo He HaBA3bIBAET M3HAYanbHO KaKyo-nnmbo
MoAenb nccneayemoro BpeMeHHoro psiga. Ho npu aToM oH NO3BONSIET Tak PasnoXuTb psif Ha areMeHTapHble CoCTaBnslLWwmne, YTo Nno
HUM OKa3blBaeTCsl BO3MOXHbIM BOCCO34aTb CTPYKTYPY psiaa, Hanpumep, BblAennTb TPIHA UK HAWTU Nepuoanyeckme cocTaBnsoLme.
Kpome atoro, MmeTtoq AaeT 3aMeyaTernbHy0 BO3MOXHOCTb OYMLLATL CUFHAaM OT LUYMOBOW COCTaBNSOLLEN.

- "l'yceHuya” ucnonb3yemcsi He MoJIbKO OJisl aHaJlu3a epeMeHHbIX ps10oe, HO euwje u 07151 ux npo2Ho3upoeaHusi. Ecnu
cpasHuUeamb roJjiyyaembie ¢ €20 MOMOWbIO MPO2HO3bI, @ MakKXxe pe3ysibmambl pabombl Opy2ux Memodoe, Mo Kakue u3
moderiell oka3biearomcesi Haubosiee MoYHbIMU?

- Mpo6nema KOppPEKTHOrO CpaBHEHUS PasfMYHbIX METOAOB HE Tak NPOCTa, KaK KaxeTcs Ha nepsbli B3rnsg. OQHUM U3 OCHOBHBIX
NPenATCTBUN ABNAETCA MHTepaKTUBHOCTL MeToaa "lMyceHnua", YTo He NO3BONSAET NPOBOAUTL CpaBHEHWE aBTOMAaTUYECKU, Ha OCHOBE
GOnbLUOro Yncna NPOMOAENMPOBaHHBIX UMW pearbHbIX AaHHbIX. [pyroi acnekT - 3To HEKOPPEKTHOCTb CpaBHEHUS] METOA,0B
6e30THOCUTENBHO K KNaccy BpeMEHHbIX psaaoB. Hanpumep, Ans psaos, yAOBNETBOPSIOWMX 3a4aHHON MOLENU, CKopee BCero, NyYlle
GyneT MeTod, HaCTPOEHHbIN Ha 3Ty MOAESb.

CoBcem gpyroe geno, ecnv Mogernb anpuopun HemsBecTHa. Torga 6yayT, B cpegHem, nyylle nposiBnsaTb ceds MeToabl, HACTPOEHHbIE Ha
Oonee wnpokun knacc pago.. K Takum metogam mMbl 1 OTHOCKMM "lyceHnuy", koTopasi NpUMeHnMa Ansi OCTaTOYHO LUMPOKOro Kriacca
PSAOB, HO MPOUIPbIBAET HE3HAYMTENBHO, ECIIN Ero CPaBHMBATL C PSAOM U3BECTHbIX NapaMeTpruyeckux MeToAoB (TakMMu, Kak, Hanpumep,
NMHEHas perpeccus nunun pasnoxexHme dypoe).



3akKkn4dyeHue

BakHenLnm ycrnosmem ycneLHoro passutnsg MMpoBOM SKOHOMUKN Ha
COBPEMEHHOM 3Tarne CTaHOBUTCHA BO3MOXXHOCTb (PMKCMpOBaThb U
aHanmanpoBaTb OrPOMHbIE MAaCCUBbI N MOTOKN MHdopMaunn. CyLuecTByeT
TOYKa 3PEHUS, YTO CTPaHbIl, KOTOpPble OBNageT Handoree adreKTUBHbLIMU
MeTogamm paboTbl ¢ bonbWNMK JaHHLIMUY, XOET HOBast UHAYCTpuansHasd
pesosnouns. HanpaesneHue «BigData» KOHUEHTpUpYET ycunmsa B
opraHusaummn xpaHeHuns, o6paboTkun, aHanmsa OrpoMHbIX MaCcCUBOB [JaHHbIX.

Y Poccun ¢ ee konoccarnbHbIM Hay4YHbIM 1 06pa3oBaTenbHbIM
noTeHUMarioMm eCcTb BCe LUAHCbl 3aHATb JOCTOMHOE MECTO Cpeau Tex
9KOHOMWK, rae U3BneyYeHne nosies3HbIX 3HaHU U3 BonbLIMX 06bLEMOB
OaHHbIX pasfnMYHON NPUPOabI NOCTABMNEHO Ha CYyX0y nHaycTpuanbHOMY
nporpeccy.



3akKkn4dyeHue

BaxHenwnm ycrnosmem ycrneLwHoro passnutnsg MMpoBON 3KOHOMMKU Ha
COBPEMEHHOM 3Tane CTaHOBUTCHA BO3MOXXHOCTb (PUKCUPOBATH U
aHanmM3anpoBaTb OrPOMHbIE MaCCUBbI N MOTOKN MHGopMaunn. CyLlecTByeT
TOYKa 3PEHUS, YTO CTPaHbIl, KOTOPble OBNageT Hanbosee adpEeKTUBHLIMU
MeTogamm paboTbl ¢ bonblWMMK AaHHBIMK, XOET HOBasi MHAOYCTpUarnbHas
peonouunda. HanpaeneHne «BigData» KOHUEHTpUpYeT ycunums B
opraHusaummn xpaHeHusi, 06paboTKkK, aHanMs3a OrpoOMHbIX MacCUBOB JaHHbIX.
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