denepanbHbIi UccenoBaTenbckuil neHTp «Mudopmaruka u ynpasinenue» PAH
HannoHnanpHBIM Hcclie0BaTEIbCKUM YHUBEPCUTET BhIcas MIKoIa SJKOHOMUKHU
HaumonanbsHbIi nccnenoBaTebCKuil sAepHbI yHUBEepcuTeT « MU DN »
MockoBckast cexkia ACM SIGMOD
Poccwuiickuit oI hyHIaMEHTAIBHBIX UCCIICIOBAHUI

AHAJINTHKA U YHnpaBJdcHUC JaHHbIMHA
B 00J1aCTAX C MHTEHCHUBHBIM HCII0J1b30BaAHUEM HAHHDbIX

XVIII MexayHapoaHass KOH(pepeHI s
DAMDID / RCDL’2016

EpmoBo, MockoBckas o6i., 11-14 oktsa6ps 2016 rona

Federal Research Center “Computer Science and Control” of RAS
National Research University Higher School of Economics
Institute for Nuclear Power Engineering MEPhI

Moscow ACM SIGMOD Chapter
Russian Foundation for Basic Research

Data Analytics and Management
in Data Intensive Domains

XVIII International Conference
DAMDID / RCDL’2016

October 11-14, 2016, Ershovo, Moscow Region, Russia

TOPYC 4% MOCKBA
NMPECC 2016



V]IK [002:004.9] (063)
A 64
BBK [73+32.973.233]1431

A 64 AHAIMTHKA U yTpaBIeHNE JAaHHBIMH B 00JIACTSAX C MHTEHCUBHBIM HCIIOJIB30BaHueM HaHHBIX: X VIII
Mexaynapoanas koadepenust DAMDID / RCDL’2016 (11-14 okts6ps 2016 rona, Epiioso,
MockoBckast 0041., Poccust): Tpyabl kondepennuu — M.: ®UL[ 1Y PAH, 2016. 428 c.

ISBN 978-5-94588-206-5

Kondepenuuss «AHamuTHKa W yIOpaBleHHE JaHHBIMA B 00JacTIX C WHTEHCHBHBIM
ucronp3oBaHueM naHHbIX» (“Data Analytics and Management in Data Intensive Domains”,
DAMDID) npeacrapinsieT co00i MyJIbTHIUCHUATUIMHAPHBIN (opyM UcciaeoBaTeNneil 1 MPakTUKOB U3
pa3HooOpa3HBIX oOJacTell JeATeNbHOCTH JIIOACH, COACHCTBYIOIIMH COTPYAHHUYECTBY U OOMEHY
uaesMH B cdepe aHanuM3a W YNpaBJeHHWS AaHHBIMH B OOJIACTAX MCCIEJOBaHMM, ABHIKUMBIX
WHTEHCUBHEIM HcHoib30BanneM MaHHBIX (OWUI). [logxonmpl K aHAIM3Y JAHHBIX M YIIPABICHUIO
JAHHBIMH, pa3BuBaeMble B KOHKpeTHbIXx OMNJ] X-urdopmarrku (Takux kKak X = acTpo, 6uo, reo,
Helipo, MeaunuHa, (pU3MKa, XUMHSL, W Tp.), COIMHAIBHBIX HayK, a Takxke pasmmuaeix OMUNJ]
WH(GOPMATHKH, TPOMBIIUIEHHOCTH, HOBBIX TEXHOJOTWH, (MHAHCOB W OW3HECa COCTaBISIOT
npeaMeTHylo o6nacte koH(pepenunu. Kondepenmuss DAMDID 6puta obpaszoBana B 2015 T.
B pesynbrare Tpanchopmanuu koHpepermn RCDL («DmekTpoHHbIe OMOINOTEKH: TTEPCTICKTUBHEIS
METOJBI M TEXHOJIOTHH, 3JIEKTPOHHBIC KOJUIEKIMmIy, http://rcdl.ru) ¢ coxpaHeHHEM MPeeMCTBEHHOCTH
no otHouteHuto K RCDL nocne MHOTuX JIeT ee yCemHoro gyHKIMOHUPOBAHUS.

BBK [73+32.973.233|1431

Data Analytics and Management in Data Intensive Domains: 18th International Conference
DAMDID / RCDL’2016 (October 11-14, 2016, Ershovo, Moscow Region, Russia):
Conference Proceedings. — Moscow: FRC CSC RAS, 2016 — 428 p.

ISBN 978-5-94588-206-5

The “Data Analytics and Management in Data Intensive Domains” conference (DAMDID) is planned
traditionally as a multidisciplinary forum of researchers and practitioners from various domains of
science and research, promoting cooperation and exchange of ideas in the area of data analysis and
management in domains driven by data intensive research. Approaches to data analysis and
management being developed in specific data intensive domains (DID) of X-informatics (such as
X = astro, bio, chemo, geo, medicine, neuro, physics, etc.), social sciences, as well as in various
branches of informatics, industry, new technologies, finance, and business constitute the universe of
the conference discourse. DAMDID conference was arranged in 2015 as a result of transformation of
the RCDL conference (“Digital Libraries: Advanced Methods and Technologies, Digital Collections”
http://rcdl.ru) so that the continuity with RCDL has been preserved after many years of its successful
work.

ISBN 978-5-94588-206-5 © OenepanbHBIA UCCIEAOBATEIBLCKUN IIEHTP
«Mudopmarnka u ymnpasneHue» Poccuiickoit
akajeMus Hayk, 2016
© TOPYC IIPECC, 2016



XVIII Mexnynapoanas konpepenust DAMDID / RCDL’2016
AHAJIUTHKA U YIIpaBJICHHUEC JaHHBIMU
B 00J1aCTSX C MHTEHCMBHBIM HCII0JIb30BaAHUEM HAHHbIX

11-14 okrs6ps 2016 rona, Epmoso, Mocksa

http://damdid2016.frccsc.ru/

KoopaunanuoHHbIi KOMUTET

Comnpenacenarean

Komganos Huxounaii Anekcannposud, akagemuk PAH (MIul" CO PAH, HoBocubupck)
CokonoB Urops AnatonseBud, akagemuk PAH (OUL 1Y PAH, Mockga)

3amecTuTeJb NpeACenaTe s

Kanunuuenko Jleonnn Aunpeesuu (OULL 1Y PAH, Mocksa)

YaeHnl KOOPAMHAIMMOHHOI'0 KOMUTETA

ABpamenko Apkanniit Eumosnu (PagnoactpoHomudeckas odcepBaTopusi, [Tymuao)
Bpacnasckuii [TaBen NcaakoBuy (Ypanbckuid penepaibHblii YyHUBEPCUTET, EkaTepuHOyYpT)
Bynakos Bacunuii Dpukosnu (STFC, Xapsemi, Oxchopammp, Benukoopuranus)
Bounsdenraren Bsiuecnas Ipucrosuy (MUOU, Mocksa)

Bopounuos Koncrantun Bauecnasosuy (BMK MI'Y, Mocksa)

EnmzapoB Anexcannp Muxaitnosnd (ITpuBomkckuit GpenepanbHbIi yHUBEpcUTET, Ka3anb)
3axapos Bukrop Hukomaesuu (M1 ®UIL 1Y PAH, Mocksa)

KiumenroB Anekcelr AnatonbeBud (Brookhaven National Laboratory, CILA)
Koranosckuit Muxann Pysumosuu (MUITP PAH, Mocksa)

KopenbkoB Bramumup BacunseBnu (OUAU, [JyOHa)

Kysznenos Cepreii JImutpuesnd (UCIT PAH, Mocksa)

JlutBun Bragumup Argpeesud (Evogh Inc, CalTech, CIIIA)

Maiicypanze Apuun Hsepuesuu (MBK MI'Y, Mocksa)

Mainxos Oner IOpsesnu (MHACAH, Mocksa)

Mapuyk Anekcannap ['ypeeud (MCU CO PAH, HoBocnOupck)

HekpectrsinoB Urops Cepreesuu (Verizon, CIITA)

Hosukos bopuc Acenosuu (CII6I'Y, Cankr [letepOypr)

Ionxomonusiii Hukonait Jleoutsesud (MIul' CO PAH, HoBocubupck)

[MTozanenko Anexceit Crenanosuy (MK PAH, Mocksa)

CepebpsaxoB Biiaqumup Anexceesnd (BIl PAH, Mocksa)

Cwmetanun Opuii 'ennaaneBny (PODU, Mocksa)

CmupaoB Brnagumup Hukonaesuu (ApI'Y, SApocnasns)

CrynuukoB Cepreii Anekcanaposud (OUI] 1Y PAH, Mockga)

®daznues Anekcanap 3apumnosud (MOA CO PAH, Tomck)



I'enepanbHblii npeacenarens koHpepennnun DAMDID/RCDL’2016

Coxonos Urops AnatonseBud, akagemuk PAH (UL 1Y PAH, Mocksa)

Opl"aHl/I?,aIII/IOHHblifI KOMUTET
Comnpenacenarean

Bopuc ITozuan (MMBOM HIY BIID)
Buxkrop 3axapos (OPUL] 1Y PAH)
Anexcanap Heszopos (HUAY MUDN)

YieHbl OpPprKoMuTeTa

Jmurpuii bproxos (PUL 1Y PAH), nonnepsxka Beb caiita

Jmurpuii Kosanes (PULL MY PAH), koHTaKThI, HEpenucka

Huxomnait Cksopuos (PULL Y PAH), nognepxxka CMT, penakrupoBanue MarepualioB KOH(OEpEeHINN
Esrenus ynapesa (PULL 1Y PAH), opranu3aiimoHHO-(QUHAHCOBBIE BOITPOCHI

Anna Hagexnuna (OULL MY PAH), xa3naueit

Omus Tpycosa (PULL 1Y PAH), Bu3oBas nonnepxkka

Tatbsana Jlynapesa (IIPOTDI TPEBDJI), npejceaares IOKAIbHOIO 06yCTpoiicTBa

Cepreit Bepemarnn (MHACAH), cBs3b oprromurera ¢ 1/0 EpriioBo

[Iporeii TpeBen, 1/0 EpiioBo, TpaHCTIOPT TSl y9aCTHUKOB KOH(EPEHINH

MUSM HINY BIIID, n/o EpmioBo, obecrieueHre BOJOHTEPOB, TEXHUIECKAs TIOIICPKKA, BKITFOTAs
KOMIBIOTEPBI, MPOEKTOPBI, Wi-Fi B ayTUTOPUAX M )KHIIBIX TOMEIICHUSIX

MU®U, cuHXpOHHBIN IEPEBOJ

IIporpaMMHBIH KOMUTET
Conpez[cez[aTenn

Jleonnn Kamuauaenko (OUI Y PAH)
Cepreii Kyznenos (HUY BILD)

Sunnc Manosonyinoc (YHuBepcuteT uM. Apucrorens B CaJlOHHKAX)

YsieHbl NnporpaMMHOIo KOMHUTETA

Kapa Abepep (EPFL, Jlozanna, I1IBefinapus)

ITnamen Anrenos (YausepcuteT Jlankactepa, BenmnkoOpuTanus)

Apxamuii ABpamenko (ITymuHckas paguoacTpoHOMHYECKasi 00cepBaTOpHs)

Jlagpen bemmatpem (LIAS/ISAE-ENSMA, Ilyatse, ®@panmms)

[MaBen bpacnasckuii (Ypanbckuit penepanbubiii yausepcurer, CKb Kontyp, EkatepunOypr)
Bacunmii Bynaxos (STFC, Xapsest, Oxkcdopamup, Benkobpuranns)

Haranbs BacunseBa (3AO «Xnwronert-Ilakkapm AO»)

[Murep BurtenOypr (MucTuTyT Makca [lnanka)



Anexceit Bosuenko (OUIL] MY PAH, Mockga)

Bsuecnas Bonbdenraren (HUSY «MUDU», Mocksa)

Konucrantua Boponnos (BMK MI'Y, Mocksa)

Jomaroii Bprou (Llentp uccnenoBannit Cemantuyeckoro Beba)

Esrenuii I'opnos (MMK3C CO PAH)

Onpra IN'opunnckas (POPC, Mockga)

Maxcum ['youn (Google)

Opuecto Jlammanu (Khalifa University, AGy-/labn)

IOpuii Jlemuenko (YHuBepcuter AMcTepaama)

nomu [Jones (DCS, Ben-Gurion University of the Negev, beap-1llesa, 13panin)
Bopuc JToopos (HUBII MI'Y um. M.B. JlomoHOCOBa)

Anexcauap Enmmzapos (Kazauckuii denepaibHbIii YHUBEPCUTET)

Outer XKmxumoB (MHCTUTYT BRIMHCInTENbHBIX TexHOToruii CO PAH)

IOpuii 3aropyneko (MuCcTHTYT cuctem nHdopmaruku uMm. A.I1.Epmosa CO PAH)
Buxkrop 3axapos (U1 ®ULl 1Y PAH)

Cepreit 3namenckuit (MaCTUTYT IpOorpaMMHBIX cucteM M. A. K. Alinama3ssna PAH)
[Tanoc Kpucantuc (Yausepcuret [TutrcOypra)

IMon Kosn (IlIkona uadopmanuu, Y HUBepcuTeT APU30HbI)

Jleonnn Kamnuuyenko (MIIW ®UILT Y PAH )

Jxopmk Kapunuc (YauBepcurer MuHHECOTHI, MUHHEATIONHC)

Hanexna Kucenesa (MMET PAH)

Anexceit Knumentos (Brookhaven National Laboratory, CIIIA)

Muxann Koranosckuii (MucTHTYT podiem priaka PAH)

Bnagumup Kopenskos (OUSIU, yOua)

Edum Kynames (MaCTHTYT KOCMHUYecKknX uccnenoBanuii PAH)

Cepreit O. Ky3nenos (HY BIIID)

Cepreit [I. Kyzneuos (MUCII PAH)

Jmurpwuii Jlanme (MactutyTt npobnem perucrpauuu nadopmannn HAH Ykpaunsr)
Bnagumup JIutsun (Evogh Inc., Kamudopnus, CILIA)

Jxy3enme Jlonro (HeanonbCkuii yHUBEpCUTET)

Haranbs Jlykameswa (HUBL] MI'Y um. M. B. JlomoHOCOBa)

WBan Jlykosuu (HoBu-Canckuii yHuBepcurer)

SAnnnc Manosonoynoc (School of Informatics of the Aristotle University of Thessaloniki)
Anexcanap Mapuyk (A.P. Ershov Institute of Informatics Systems SB RAS)
[Térp Muposcku (Google Deep Mind, London)

Apuun Maiicypanze (BMK MI'Y)

Outer MankoB (Mucturyt acrponomun PAH)

Urops HekpectbsinoB (Verizon Corporation, CIIIA)

Bopuc HoBukos (Cankt-IletepOyprckuit Tocy1apcTBEHHBIN YHUBEPCUTET)
I'eanamuit OcockoB (OOBETMHEHHBIN HHCTUTYT SIEPHBIX UCCIICTIOBAHUI)
Jmutpwii [Taneit (SIpocnaBckuii TOCy1apCTBEHHBIA YHUBEPCUTET)

Crenunoc [Manapuzoc (Google, Can-®paniucko)



Munan [TerkoBud (Technical University of Eindhoven)

Hukomnait [Togkomonusrii (MLul" CO PAH)

Anexceit [Tozanenko (MKW PAH, Mockga)

Bopuc ITo3un (EC-JIuzunr)

Spocnas I[Toxopus! (KapnoB Yuusepcurer, [Ipara)

Haramus [Tornomapesa (Hayunsiii ientp HeBponorun PAMH)

Amnppeac Paybep (Vienna TU)

Anexcauap Poros (Ilerpo3aBoickuii TOCy1apCTBEHHBIH YHUBEPCUTET)

Bnagumup CepeOpsikoB (Beraucnurenshbiid neHTp M. A. A. Jopoxuuisina PAH)
Huxomnait Cxksopuos (PUL 1Y PAH, Mocksa)

Bnaguvmup CmupHOB (SIpocnaBekuii rocyaapcTBeHHBIH yHUBEpcuTeT M. 1. I'. Jlemumosa)
Jleornn Coxommuckuii (FOxHO-Y palibCkuii TOCYIapCTBEHHBIH YHHBEPCUTET, UeIaOMHCK)
Banepuit CokonoB (SIpocnaBckuii rocyaapctBeHHbId yHuBepeuTeT uM. [1. I'. [lemunosa)
Cepreit Crynaukos (OUL] 1Y PAH, Mocksa)

Anexcannp CorueB (BopoHeXCKuii rocy1apCTBEHHBIH YHUBEPCHUTET)

beprapn Tanbxaiim (Kunsckuii yauBepeuteT, ['epManms)

Anexceit YmakoB (Kamudopuuiickuii yausepcuter, Canra- bapbapa, CIIIA)

Anexcannp ®aznues (Mucruryt ontuku armocgepsr CO PAH, Tomck)

Pans¢p Xodmranr (Yuusepcurer bunedensaa, ['epmanus)

Jmutpwii [apskoB (YHuBepcuter Manuectepa, BenmnkoOpuranus)

Conpez[cez[aTenn MNPOrpaMMHOro KOMMTETa JIMCCEPTALIMOHHOI0 CEMUHAapa

Jlagpen bemmatpem (LIAS/ISAE-ENSMA, Ilyatse, ®@panmms)
Unbs Couenkos (OUI Y PAH)



XVIII International Conference DAMDID / RCDL’2016
Data Analytics and Management
in Data Intensive Domains

October 11-14, 2016, Ershovo, Moscow, Russia

http://damdid2016.frccsc.ru/
Coordinating Committee of DAMDID/RCDL Conferences

Co-Chairs

Nikolay Kolchanov, academician RAS, Institute of Cytology and Genetics, SB RAS, Novosibirsk

Igor Sokolov, academician RAS, Federal Research Center “Computer Science and Control” of RAS, Russia

Deputy chair

Leonid Kalinichenko, Federal Research Center “Computer Science and Control” of RAS, Russia

Members of coordinating committee

Arkady Avramenko — Pushchino Radio Astronomy Observatory, RAS, Russia

Pavel Braslavsky — Ural Federal University, SKB Kontur, Russia

Vasily Bunakov — Science and Technology Facilities Council, Harwell, Oxfordshire, UK
Alexander Elizarov — Kazan (Volga Region) Federal University, Russia

Alexander Fazliev — Institute of Atmospheric Optics, RAS, Siberian Branch, Russia
Alexei Klimentov - Brookhaven National Laboratory, USA

Mikhail Kogalovsky — Market Economy Institute, RAS, Russia

Vladimir Korenkov — JINR, Dubna, Russia

Mikhail Kuzminski — Institute of Organic Chemistry, RAS, Russia

Sergey Kuznetsov — Institute for System Programming, RAS, Russia

Vladimir Litvine — Evogh Inc., California, USA

Archil Maysuradze — Moscow State University, Russia

Oleg Malkov — Institute of Astronomy, RAS, Russia

Alexander Marchuk — Institute of Informatics Systems, RAS, Siberian Branch, Russia
Igor Nekrestjanov — Verizon Corporation, USA

Boris Novikov — St.-Petersburg State University, Russia

Nikolay Podkolodny — ICaG, SB RAS, Novosibirsk, Russia

Aleksey Pozanenko — Space Research Institute, RAS, Russia

Vladimir Serebryakov — Computing Center of RAS, Russia

Yury Smetanin — Russian Foundation for Basic Research, Moscow

Vladimir Smirnov — Yaroslavl State University, Russia

Sergey Stupnikov — Federal Research Center “Computer Science and Control” of RAS
Konstantin Vorontsov — Moscow State University, Russia

Viacheslav Wolfengagen — National Research Nuclear University "MEPhI", Russia

Victor Zakharov — Federal Research Center “Computer Science and Control” of RAS, Russia



General Chair of DAMDID/RCDL’2016 Conference

Igor Sokolov, academician RAS, Federal Research Center “Computer Science and Control” of RAS, Russia

Organizing Committee

Co-chairs

Boris Pozin, MIEM NRU HSE
Victor Zakharov, FRC CSC RAS
Alexander Nevzorov, NRNU MEPhI

Members of Organizing Committee

Dmitry Briukhov, FRC CSC RAS, web site support

Dmitry Kovalev, FRC CSC RAS, e-mail, contacts

Nkolay Skvortsov, FRC CSC RAS, CMT management, technical editing of conference materials
Evgenia Dudareva, FRC CSC RAS, financial issues

Anna Nadezhdina, FRC CSC RAS, treasurer

Yulia Trusova, FRC CSC RAS, visa support

Tatjana Dudareva, Protey Travel, local arrangement chair

Sergey Vereshchagin, INASAN, organizing committee relationships with Ershovo Holiday Center
Protey Travel, transportation of the conference participants

MIEM NRU HSE, Ershovo Holiday Center, technical support, including PC, projectors, Wi-Fi in conference
rooms and in lodging

MEPhI, synchronous translation

Program committee

Co-chairs

Leonid Kalinichenko, Federal Research Center “Computer Science and Control” of RAS, Russia
Sergei O. Kuznetsov, National Research University Higher School of Economics

Yannis Manolopoulos, Aristotle University of Thessaloniki, Greece

Members of the Program Committee

Karl Aberer (EPFL, Lausanne, Switzerland)

Plamen Angelov (Lancaster University, UK)

Arkady Avramenko (Pushchino Observatory)

Ladjel Bellatreche (LIAS/ISAE-ENSMA, Poitiers, France)

Pavel Braslavski (Ural Federal University, Yekaterinburg)

Vasily Bunakov (Science and Technology Facilities Council, Harwell, UK)
Panos Chrysanthis (University of Pittsburgh)

Paul Cohen (School of Information, University of Arizona)

Ernesto Damiani (Khalifa University, Abu Dhabi)



Yuri Demchenko (University of Amsterdam)

Boris Dobrov (Research Computing Center of MSU)

Shlomi Dolev (DCS, Ben-Gurion University of the Negev, Beer-Sheva, Israel)
Alexander Elizarov (Kazan Federal University)

Alexander Fazliev (Institute of Atmospheric Optics, SB RAS)
Olga Gorchinskaya (FORS, Moscow)

Evgeny Gordov (Institute of Monitoring of Climatic and Ecological Systems SB RAS)
Maxim Gubin (Google Inc.)

Ralf Hofestadt (University of Bielefeld)

Leonid Kalinichenko (FRC CSC RAS, Moscow)

George Karypis (University of Minnesota, Minneapolis)
Nadezhda Kiselyova (IMET RAS)

Alexei Klimentov (Brookhaven National Laboratory, USA)
Mikhail Kogalovsky (Market Economy Institute, RAS)

Vladimir Korenkov (Joint Institute for Nuclear Research, Dubna)
Efim Kudashev (Space Research Institute, RAS)

Dmitry Lande (Institute for Information Recording, NASU)
Vladimir Litvine (Evogh Inc., California, USA)

Giuseppe Longo (Naples)

Natalia Loukachevitch (Lomonosov MSU)

Ivan Lukovic (University of Novi Sad)

Oleg Malkov (Institute of Astronomy, RAS)

Yannis Manolopoulos (School of Informatics of the Aristotle University of Thessaloniki)
Alexander Marchuk (A.P. Ershov Institute of Informatics Systems SB RAS)
Archil Maysuradze (MSU)

Piotr Mirowski (Google Deep Mind, London)

Igor Nekrestyanov (Verizon Corporation, USA)

Boris Novikov (Saint Petersburg State University)

Gennady Ososkov (Joint Institute for Nuclear Research)

Dmitry Paley (Yaroslav State University)

Stelios Paparizos (Google, San Francisco)

Milan Petkovic (Technical University of Eindhoven)

Nikolay Podkolodny (Institute of Cytology and Genetics SB RAS)
Jaroslav Pokorny (Karlov University in Prague)

Natalia Ponomareva (Scientific Center of Neurology of RAMS)
Alexey Pozanenko (Space Research Institute, RAS)

Boris Pozin (EC-Leasing)

Andreas Rauber (Vienna TU)

Alexander Rogov (Petrozavodsk State University)

Timos Sellis (RMIT, Australia)

Vladimir Serebryakov (Computing Centre of RAS)

Nikolay Skvortsov (FRC CSC RAS)



Vladimir Smirnov (Yaroslavl State University)

Leonid Sokolinskiy (South Ural State University)

Valery Sokolov (Yaroslavl State University)

Sergey Stupnikov (FRC CSC RAS)

Alexander Sychev (Voronezh State University)

Bernhard Thalheim (University of Kiel)

Dmitry Tsarkov (Manchester University)

Alexey Ushakov (University of California, Santa Barbara, USA)
Natalia Vassilieva (Hewlett-Packard)

Konstantin Vorontsov (VMK Faculty, MSU)

Alexey Vovchenko (FRC CSC RAS, Moscow)

Domagoj Vrgoc (Center for Semantic Web Research)

Peter Wittenburg (MPI for Psycholinguistics)

Viacheslav Wolfengagen (MEPhI)

Yury Zagorulko (Institute of Informatics Systems, SB RAS)
Victor Zakharov (FRC CSC RAS)

Oleg Zhizhimov (Institute of computing technologies of SB RAS)
Sergey Znamensky (Institute of Program Systems, RAS)

PhD Workshop Co-Chairs

Ladjel Bellatreche, LIAS/ISAE-ENSMA, Poitier, FRANCE
Ilia Sochenkov, FRC CSC RAS

10



Copnep:xanue / Contents

IlpeaucioBue

Preface

Kuarwuesoii nokiazn 1 / Keynote Talk 1

Andrey Rzhetsky, University of Chicago
The Big Mechanism Program: Changing How Science Is Done

Cemantnueckoe moaenuposanue B DID / Semantic modeling in DID

Vasily Bunakov, Science and Technology Facilities Council, UK
Metadata for nanoscience experiments

Huxoanaii CkBopuos, Jleonua Kaaunnuyenko, Imurpuii Kosanes, ®UIl 1Y PAH
KonrnenrtyansHOE MOICTHPOBAHUS MPEAMETHBIX 00JIACTEH ¢ HHTEHCHBHBIM HCIIOIB30BAHUEM JJAHHBIX
Nikolay Skvortsov, Leonid Kalinichenko, Dmitry Kovalev, FRC CSC RAS

Mikhail Bogatyrev, Tula State University
Conceptual Modeling with Formal Concept Analysis on Natural Language Texts

MeToanbl ananu3a 1anHbix / Data analysis methods

George Chernishev, Vyacheslav Galaktionov, Boris Novikov, Dmitry Grigoriev, Saint-Petersburg State
University
Matrix Clustering Algorithms for Vertical Partitioning Problem: an Initial Performance Study

Bacunuamii Kupees, Ilerp Boukapes, MUDU
PazpaboTka aHcaMOJIs AITOPUTMOB KJIACTEPH3ALIMH HA OCHOBE M3MEHSFOLIMXCS METPUK PACCTOSIHUM
Vasiliy Kireev, Pyotr Bochkaryov, MEPhI

Development of the clustering algorithms ensemble based on varying distances metrics

Dmitriy Malakhov, Olga Krasotkina, MSU
Non-stationary signal analysis with multicollinearity predictors

Hrops Ky3nenos, Bacuauii Kupees, MUDOU

PaspaboTka aHcam0Ist aITOPUTMOB KITACCU(PUKALNK C UCTIOIb30BaHHEM SHTPOIIMIHHOTO ITOKa3aTeNs KauyecTBa
JUTSL PELICHHUS 3a/1a4M MTOBEICHYECKOr0 CKOPUHIa

Igor Kuznetsov, Vasiliy Kireev, MEPhI

Development of an ensemble of classification algorithms using the entropy quality measure for solving the
problem of behavioral scoring

Anexcanap Kykos, Oabra Kpacorkuna, MI'Y; Auton ManennyeB, Banentuna Cyiumona, Tyal'y
BhICTpBIii aropuT™ COBMEIIEHHS YIIbTPa3ByKOBBIX Jie(heKTorpaMM pesibCoBOTO My TH

Aleksandr Zhukov, Olga Krasotkina, MSU; Anton Malenichev, Valentina Sulimova, Tula State
University

Fast algorithm of combining ultrasonic rail defectograms

11



Anexcanap Eamzapos, EBrennii Jlunaues, Anexcanap Kupuiaosnu, K®OY; Oasra Hes3oposa, UTIC
AH PT, Kazaunb

VYnpasneHne MaTeMaTHYeCKUMH 3HAHUSIMH: OHTOJIOTHYECKUE MOJIENTH U IN(POBBIE TEXHOJIOTHH

Alexander Elizarov, Evgeny Lipachev, Alexander Kirilovich, KFU; Olga Nevzorova, IPS TAS, Kazan
Mathematical knowledge management: ontological models and digital technology

JAmutpuii [lonos, Urans Muiasman, Bukrop IMunorun, MU®U; Anexcanap Ilacbko, Bpuranckuii
HAIMOHAJILHBIN HEHTP KOMIIBIOTEPHO! aHMMAlUK NpH YHUBepcuTere BopamyTa

BusyanbHas aHanWTHKAa MHOTOMEPHBIX JUHAMUYECKHX JAaHHBIX

Dmitry Popov, MEPhI; Igal Milman, Victor Pilyugin, Alexander Pasko, NCCA, Bournemouth
University, UK

Auekcanap Enuzapos, EBrennii Jlunaues, lllamuas Xaiinapos, KOY
ABTOMaTHU3MPOBaHHAsI CHCTEMa CEPBUCOB 00PaOOTKHM OOJBIINX KOJUICKIMI HayYHBIX JTOKYMEHTOB
Alexander Elizarov, Eugeny Lipachev, Shamil Haidarov, KFU

Automated system of services for processing of large collections of scientific documents

Cucrembl ynpasienusi o0ydyennem / Learning Management Systems

Bacunauii Kupees, MUOHU

HpI/IMeHeHl/le HEYETKUX KOTHUTHUBHBIX KapT AJid MOACJIMPOBAHUA IMOBEACHUA MMOJIb30BATEICH CUCTEMbI
JUCTAHIITMOHHOT'O 06yqu1/1;1

Vasiliy Kireev, MEPhI

IIérp 3pesioB, Bragumup KopenskoB, Huxonaii Kyrosckuii, Aprem Ilerpocsin, bopuc Pymsanues,
Poman CemenoB, Upuna ®@unozosa, OUSIN, yona

MOoHUTOPHHT TOTPEOHOCTEH PBIHKA TPY/Ia B BRITYCKHHKAX BY30B Ha OCHOBE aHAJMTHUKH C HHTCHCUBHBIM
HCTIOIb30BaHUEM JAHHBIX

Petr Zrelov, Vladimir Korenkov, Nikolay Kutovskiy, Artem Petrosyan, Boris Rumyantsev, Roman
Semenov, Irina Filozova, JINR, Dubna

Monitoring of the labour market needs for university graduates based on data intensive analytics

George Chernishev, Vyacheslav Galaktionov, Valentin Grigorev, Evgeniy Klyuchikov, Kirill Smirnov,
Andrey Terekhov, SPbSU
Database Migration Project: Bridging Industry-Academia Gap

CemanTnyeckuii nouck u Hapurauus / Semantic Search and Navigation

Ouaer Kuxxknumos, UBT CO PAH; Cas CanteeBa, HI'Y
Hagwuranus o Te3aypycam U MOKUCK B pacipe/IeieHHbIX IreTepOreHHbIX HNHPOPMAIIMOHHBIX CHCTEMaX
Oleg Zhizhimov, ICT SB RAS; Saya Santeeva, NGU

Navigation based on thesauruses and search in the distributed heterogeneous information systems

Dmitry Malakhov, FOpuii Cunopenxo, MSU; Oabra AtaeBa, Bnagumup Cepedpsixkos, BIl PAH
CeMaHTHYECKHIA TTOUCK KaK CPEJCTBO B3aMMOACHUCTBHS C IIEKTPOHHOMN OMOIHOTEKON
Dmitry Malakhov, Yury Sidorenko, MSU; Olga Atayeva, Vladimir Serebryakov, CC RAS

Autekcanap Mapuyk, Cepreii Jlemuraes, HUCU CO PAH

DNeKTpOHHBIN apxuB ra3et: Web-mmyOnukanus, acconnarysi nHpopMauy ¢ 6a301 JaHHBIX, CO3IaHHC
ITOJIHOTEKCTOBOI'O IIOMCKA

Alexander Marchuk, Sergey Leshtaev, IIS SB RAS
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AHaJNM3 NATTEPHOB B PEKOMEHIATEJbHBIX CHCTeMaXx /

Pattern Analysis in Recommender Systems 161

Cranuciaas @uiaunnos, Bukrop 3axapos, Cepreii CtynHukos, Imutpuii Kopanes, ®ULl Y PAH
Kiacrepusanus npoduieit nonp3oBaTeneil B peKOMEHIaTeNbHBIX CUCTEMaX HOILAEPKKU KHU3HE00eCIIeUeH s
Ha OCHOBE PEabHbBIX HESIBHBIX JAHHBIX

Stanislav Philippov, Victor Zakharov, Sergey Stupnikov, Dmitriy Kovalev, FRC CSC RAS

Clustering of user profiles based on real implicit data in e-commerce recommender systems_______
CranuciaaB @uiunnos, Bukrop 3axapos, Cepreii CtynHukos, Imutpuii Koanes, ®ULl Y PAH
Meron onpenenenue 1o 1001 NHOOPMALMOHHBIX €JMHUIL IO HESIBHBIM I10JIb30BaTEIbCKUM MPEATIOYTCHUSIM

B PEKOMEH/IATENIbHBIX CHCTEMaX MOJIEP)KKH )KU3HEOOeCTIeUeH S

Stanislav Philippov, Victor Zakharov, Sergey Stupnikov, Dmitriy Kovalev, FRC CSC RAS

Determination of similarity of information items based on implicit user preferences in life-support

recommender systems

HccnenoBarenbckne nHPPacTPyKTYpsl B acTpodusuke /

Research Data Infrastructures in Astrophysics 175

Vladimir Korenkov , Igor Pelevanyuk, Petr Zrelov, Plekhanov Economics University, Moscow; Andrei
Tsaregorodtsev, CPPM, Marseille University

Accessing distributed computing resources by scientific communities using DIRAC services_____________.__.__ ...
Aunna BoabHoBa, Asekceii Ilozanenko, [laBes Munaes, UKW PAH; Baragumup Camonypos,
IIymmuHckas paguoacTpoHOMUYecKas 00cepBaTopust

TTonck KOMIIOHEHTOB UCTOYHUKOB TpaBUTAIIUOHHBIX BOJIH

B JJICKTPOMArHuTHOM AHAIMa3oHe U C TIOMOIIBIO METOJ0B aCTPOHOMUN KOCMUYCCKUX ﬂyqeﬁ

Alina Volnova, Alexey Pozanenko, Pavel Minaev SRI RAS; Vladimir Samodurov, Pushchino Radio
Astronomy Observatory

A search of counterparts of the sources of gravitational waves in different wavelength of electromagnetic
radiation and with methods of cosmic rays astronomy.

HccnenoBarenbckne HHPPACTPYKTYPhl B MATEPHAJIOBEICHUH /

Research Infrastructures in Material Sciences 189

Hape:xxna Kucenesa, Buxtop lynapes, UMET PAH
Hudpactpykrypa obecredeH st JaHHBIMH CIIEIHATUCTOB B HEOPIrAHUYECKON XUMUH U MaTePHATIOBEICHUN
Nadezhda Kiselyova, Victor Dudarev, IMET RAS

Inorganic chemistry and materials science data infrastructure for specialists.________ .
Buxrop dynapes, Hane:xxna Kucenesa, UMET PAH

Wuterpanus noib30BaTeIbCKuX UHTEPHEiicoB HHGOPMALIMOHHBIX CHUCTEM B 00JIACTH HEOPTaHUYECKOM

XUMHUHN

Victor Dudarev, Nadezhda Kiselyova, IMET RAS

User interface integration for the information systems on inorganic chemistry
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HN3Biaeyenne maHHBIX U3 TekcTOB / Data Extraction from Texts 209

Kupnna Bosipcknii, YuuBepcurer U'TMO; Haraabsa ApuakoBa, Esrennii Kanescknii, IMHU PAH,
Cankr-IlerepOypr

W3BneveHne HU3KOYACTOTHBIX TEPMUHOB U3 CICIHAIN3UPOBAHHBIX TCKCTOB

Kirill Boyarsky, ITMO University; Natalya Archakova, Evgeny Kanevsky EMI RAS, Saint-Petersburg
Extraction of low-frequent terms from domain-specific teXts 211
Aunexcanap Beperennnkos, Yp®@Y, Exatepunoypr

O npUMeHEeHHUH JOTIOJHUTENbHBIX HHAEKCOB YaCTO BCTPEUAIOIIUXCS CIIOB IS TIOJTHOTEKCTOBOTO TIOMCKA

Alexander Veretennikov, Ural Federal University, Yekateringurg

Using additional indexes of frequently used words for full-text search._________ . 217
Artem Shelmanov, Dmitriy Deviatkin, ISA FRC CSC

Towards Text Processing System for Emergency Event Detection in the Arctic Zone 225

JlaHHbIe: HHTerpanus, COBMeCTHOE UCI0Ib30BaHUe, MOJIyYeHHe OT JaTYHKOB /
Data Integration, Sharing and Sensing 233

KOpnii Akatkun, Enena flcunosckas, Muxann buu, Angpei Iuaun, Poccuiicknii 3xoHOMHYecKHi
yuuBepcuret um. Ilnexanosa

YnpaBicHAE CEeMaHTHYCCKIMH aKTUBAMH U MX TIOBTOPHOE MCIIOJIB30BAHUE TS PEIICHHS 3a]1a4

WH(GOPMAIIMOHHOTO B3aMMOICHCTBHS

Yuri Akatkin, Elena Yasinovskaya, Mikhail Bich, Andrey Shilin, Plekhanov Russian University of
Economics

Management and (re)use of semantic assets for information sharing, . 235
Vasily Bunakov, Science and Technology Facilities Council, UK

Sharing research facilities data in common data infrastructures________ . 243
Cepreii Ctynuukos, ®PUIl 1Y PAH

q)OpMaﬂ])HaH CCMaHTHKa A3bIKa pa3pCliCHUA CyIJ.[HOCTeﬁ " CJIMAHUA JaHHBIX U €€ IPUMCHCHUC U1

Bepu(HUKAIUK TOTOKOB pabOT MHTErPAIUU JJAHHBIX

Sergey Stupnikov, FRC CSC RAS

Formal semantics and verification of entity resolution and data fusion operations 247

On Crowd Sensing Back-end 256

Cucrembl anaan3a TekctoB / Text Analysis Systems 265

Huna Adpamosa, HUIIW npu MU /] Poccun

CraTtuctudeckas 00paboTKa 0OIIECTBEHHO-TIOIUTUICCKUX TEKCTOB 0 peruonax Poccun

Nina Abramova, NICI of Ministry of Foreign Affairs of Russian Fed.

Statistical processing of the social and political texts about Russian regions___________ . 267
HOaus JleonoBa, Anaroamii ®enoros, UBT CO PAH; Onbra ®@enorosa, 'TTHTHE CO PAH

Temartuueckas knaccudukanus aBropeepaToB JUCCEPTALUIA

Yuliya Leonova, Anatoly Fedotov, ICT SB RAS; Olga Fedotova, State Public Scientific and Technical
Library of RAS

Thematic classification of theses 272
Bukrop 3axapos, Asexcanap XopomuioB, Ajekceid Xopomuios, ®UIl 1Y PAH

MeTOZ[ BBISIBJIEHHUS 3aIMCTBOBAaHHN B TEKCTAX Pa3HOA3BIYHBIX JOKYMCHTOB

Victor Zakharov, Alexcandr Khoroshilov, Alexey Khoroshilov, FRC CSC RAS

A method of automatic plagiarism detection in multilingual documents 277
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Kuarouesoii noxiaan 2 / Keynote Talk 2 283

Dimitrios Tzovaras, CERTH/ITI
Overview of the European Strategy in Research Infrastructures 285

HccnenoBarenbckne nHGPacTpyKTYpbl MOHMTOPUHTa 3eMun /
Research Infrastructures for Earth Monitoring 289

Evgeny Gordov, Igor Okladnikov, Alexander Titov, IMCES SB RAS; Alexander Fazliev, IAO SB RAS

Some Aspects of Development of Virtual Research Environment for Analysis of Climate Change

oM U C S 291
Efim Kudashev, Alexander Belov, Natalya Kalenova SRI RAS

Satellite Data InfrastruCtUreS 298
Esrenuii Bsazuiaos, BHUNT MU-MLJ

Pocrunpomer xak udpoBoe npeanpusTue

Evgenii Viazilov, VNIIGMI MCD

Rushydromet as an electronic enterPIiSe 302
Gennady Ososkov, Marina Frontasyeva, Alexander Uzhinskiy, Nikolay Kutovskiy, B. Rumyantsev,

Andrey Nechaevsky, Sergey Mitsyn, K. Vergel, JINR

Data Management of the Environmental Monitoring Network: UNECE ICP Vegetation Case________.___._ ... ... 309
Ludmila Braginskaya, Andrey Grigoruk, Valery Kovalevsky, ICMMG SB RAS; Galina Zagorulko,

IIS SB RAS

Ontological Approach to the Systematization of Scientific Information on Active Seismology. 315

HNudpacTpykrypsl 1aHHBIX B acTpoHomuu / Data Infrastructures in Astronomy 321

Cepreii Bepemarun, Hatanss Yynuna, Ajexcanap ®uonos, THACAH
3Be3ﬂHble CKOIUICHUSA: pa3BUTUEC 3HAaHUM Ha OCHOBE MHTEHCUBHOI'O HCIIOJIb30BaHMS JaHHBIX
Sergei Vereshchagin, Natalia Chupina, Alexandr Fionov, INASAN

Baagumup Camonypos, Anexcanap Ponun, Imurpnii Jlymcknii, EBrennii Ucaes, Auapeii Kazannes,
Cepreii JlorBunenko, Bacuimii Opeuixo, [IPAO AKIl ®UAH; Anekceii [Tozanenxo, KU PAH;
JAmutpuii Uypaxos, HTHUUMAII; Makcum Tonopos, ABToMmaTu3anust 0usHeca; Mapusi Bonodyesa,
cIory

Kpyrnocyrounstii panno 0630p Heba Ha 110 MI'11: 6a3a naHHBIX HAOIIOACHUHN U CTATUCTUYCCKUNA aHATIN3
WMIYJIBCHBIX siBieHui B 2012-2013 rT.

Vladimir Samodurov, Pushchino Radio Astronomy Observatory; Alexey Pozanenko, Alexandr Rodin,
Dmitry Churakov, Dmitry Dumsky, Evgeny Isaev, Andrey Kazantsev, Sergey Logvinenko, Vasily
Oreshko, Maxim Toropov, Maria Volobueva

The daily radio sky survey at 110 MHz: database and statistical analysis of transient phenomena in 2012-

Huxoaaii CxkBopuos, Jleonua Kamnnunuenxo, ®ULl Y PAH; lana KoBaneBa, Oser Majkos,

HUHACAH

[Tonck nepapXu4eckux 3BE3IHBIX CHCTEM MaKCUMAaJIbHON KPaTHOCTH

Nikolay Skvortsov, Leonid Kalinichenko, FRC CSC RAS; Dana Kovaleva, Oleg Malkov, INASAN

Search for hierarchical stellar systems of maximal multiplicity 334
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CrenpoBsblie u 1emo npesearannu / Posters and Demo

Alexei Myshev, Andrey Dudin, IATE MEPHI, Obninsk
Kornutushas Busyanuzanus rpadpuueckux 00pa3oB HHPOPMAINOHHBIX OOBEKTOB B TEXHOJIOTHSIX
HHTEJUICKTYaJIbHOTO aHAJIN3a JIAHHBIX

Anexceii MbieB, Auapeii Jynun, UATI MUDU, O6HnHCK

Cognitive visualization of graphic patterns of information objects in data mining technologies

Alexey Shigarov, Andrey Mikhailov, Andrey Altaev, ISDCT SB RAS, Irkutsk
Web tool for heuristic table structure recognition in untagged PDF documents

Baagumup Bapaxnun, Oabsra Koxemsakuna, Winbsa Iacrymkos, UBT CO PAH

Pa3paboTka anropuTMOB aBTOMAaTU3UPOBAHHOTO OIIPEEIICHUS XKaHPOBOTO TUIA M CTHIIMCTHYECKOH OKpacKu
TEKCTOB Ha PYCCKOM SI3bIKE

Vladimir Barakhnin, Olga Kozhemyakina, Ilya Pastushkov, ICT SB RAS

The development of algorithms of the automated determination of the type of genre and stylistic coloring of
Russian texts

HUBan Komapos, Hukonaii Knemames, bopuc [lo3un, EC-im3unr

Omnpeznenenne NOTEHINAIA TIPOIaXK POSHUYHBIX Mara3uHOB C HCIOJIB30BaHHEM HH(POPMALIUHU O APYTHX
MaradmHax U reo-aaHHbIX

Ivan Komarov, Nikolay Klemashev, Boris Pozin, EC-leasing

Muccepranuonnsiii cemunap/PhD Workshop

3anaum, Tpedyouue anaau3a q1anibix / Problems for Data Analysis

Grigory Trifonov, MSU
Unevenly Spaced Spatio-Temporal Time Series Analysis in Context of Volcanoes Eruptions

Ouer TpaBkun, MI'Y

HO[[XO[[])I K arperanyu JaHHbIX U U3BJICUCHUIO q)aKTOpOB B 3a71a4€ IMOMCKa MOIICHHHUYCCTBA B 6aHKOBCKI/IX
TpaH3aKLIHAX.

Oleg Travkin, MSU

Cepreii [Ipuiimenko, MI'Y

HUccrnenoBanme METOI0B IOMCKA TEHACPHBIX pazaunduil pyHKIHOHATEHON KOHHEKTUBHOCTH GMPT mokos y
3JI0POBBIX JIFOJIEH CPETHETO BO3pacTa

Sergey Priymenko, MSU

Research methods to search for the gender differences of functional connectivity of rest state fMRI in healthy
middle-aged people

Opranmanus s3xcnepumenToB / Experiment Organization

Auekceii Ilerpos, ApI'Y
HUcnons3oanne CYB]] [Iunamuueckoi Mudopmarmonsoit Mopenu yis aHaau3a 1 00pabOTKU TaHHBIX
Alexey Petrov, YarSU

Data analysis and processing using Dynamic Informational Model DB approaches

EBrennii Tapacos, MI'Y

CoxkparieHne yrcina BUPTyalbHBIX SKCIEPHIMEHTOB C IIOMOIIBIO OIIEHKH KOPPEIALUIA TapaMeTpoB
B3aUMO/ICHCTBYIOIINX THIIOTE3

Evgeny Tarasov, MSU

Reducing the number of virtual experiments by estimating the correlation parameters of interacting
hypotheses
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Cumnosuym «IHTeHCHBHOE HCIIOJIL30BAHNE JAHHBIX B 310POBbecOepeKeHnn» /
Open Workshop “Data-Intensive Healthcare” 391

BsiueciiaB KpyTteko, Anekceii Mosoguenkos, ®UIl 1Y PAH

KonuenTtyasnbHble OCHOBBI M @pXUTEKTypa HHTEPHET-CUCTEMbI TIEPCOHAIN3UPOBAHHOMN MOIEPIKKH
3/I0POBbECOCPEIKECHUS HA OCHOBE MHTEHCUBHOT'O aHAJIM3a JIAHHBIX

Vyacheslav Krutko, Alexey Molodchenkov, FRC CSC RAS

Conceptual foundation and architecture of the Internet system for personalized healthcare support using data
ICNSIVE ANALY SIS 393
BsiueciaB KpyTbko, TaTtbsina CmupHosa, ®UIl 1Y PAH

Hcnonp30BaHe KOMIIBIOTEPHON CHCTEMBI OLIEHKH IICUXUYECKON paboTOCIOCOOHOCTH B PeXXUME JOMalIHei
naboparopun

Vyacheslav Krutko, Tatyana Smirnova, FRC CSC RAS

Utilization of computerized evaluation of mental performance in home lab mode 402

Using the DTW method for estimation of deviation of care processes from a care plan 409

Anexcanap bekmaues, Cepreii CagoBckmii, Onbra Cynnosa, KapanokBapk, MockBa

Omneit co3nanust u npuMenenuss mHealth cucremsl Ha 6a3e nopraTuBHOro KapanoMmonutopa Cardio QVARK
Alexander Beckmachev, Sergey Sadovskiy, Olga Suntsova, CardioQVARK LLC

Development and application experience of mHealth system based on CardioQVARK portable cardiomonitor___ 414

Bsauyecaas Kauymos, FRC CSC RAS
IMocTpoeHre ONTUMU3UPOBAHHBIX MEAUIIMHCKUX KOHBEHEPHBIX TEXHOJIOTHUYECKHUX MTPOLIECCOB
Vyacheslav Khachumov, FRC CSC RAS
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IpeauciaoBue

B 2016 romy MexnyHaponHas KOH(EpEHIMS «AHaTUTHKAa W YMOPaBJICHHE TAaHHBIMU B
00J1aCTAX ¢ MHTEHCUBHBIM UCIIONIb30BaHUeM JaHHbIX» (“Data Analytics and Management in Data
Intensive Domains” — DAMDID/RCDL’2016) npoBoamnace ¢ 11 mo 14 okTsa6ps B 1oMe OTAbIXa
EpmoBo (MockoBckast 0651acth, OIMHIIOBCKUN PaiioH).

TpaguiuonHo koHdepeHUns «AHAIUTUKA M YIOpaBI€HHE JaHHBIMU B O00JacTAX C
WHTEHCUBHBIM UCTIOJH30BAHUEM JTAHHBIX)» MPEJICTABISIET COO0I MYIbTHIUCIUTUTMHAPHBINA (OpyM
ucciaenoBareNied W MPAaKTUKOB W3  Pa3HOOOpa3HBIX 00NacTel  JesATeNbHOCTH  JIIOJEH,
COJICHCTBYIOIIUN COTPYIHUYECTBY M OOMEHY UAeIMH B c(hepe aHanu3a 1 YIPaBICHUS TaHHBIMU B
00JIacTAX HCCIICIOBAaHUM, JBIDKMMBIX WHTCHCHBHBIM HCIONBb30BaHWeM maHHbIX (OUN]).
[Toaxonp!l Kk aHAJIM3Y JaHHBIX U YIIPaBICHUIO JaHHBIMH, pa3BuBaeMble B KOHKpeTHbIx OMN /] X-
nHpopmaTuku (Takux Kak X=acTpo, OWo, Teo, HEWpo, MemuiHa, (PU3NKaA, XUMUSA, U Tp.),
COLIMANFHBIX HAyK, a Takxke pa3nudabix OWN]] uHpOpMATHKH, MPOMBINLICHHOCTH, HOBBIX
TEXHOJIOTHH, (MHAHCOB M OM3HECA COCTABIISIIOT IPEAMETHYIO 001aCTh KOH(GEPEHITUH.

[Iporpamma koHdepenuu 2016 roga oTpaxkaeT HapsAy C TPAIUIMOHHON AJIsL yIPaBICHHS
JAHHBIMU TEMaTHKOH JBM)KCHHE B HalpaBJIeHWW HayKHW O JaHHBIX (data science) u aHaTUTHUKH C
WHTEHCHUBHBIM  HCMOJB30BaHUEM JaHHBIX. TpH MpPUIJIAlIEHHBIX IUICHApHBIX JIOKJIAJa
KOH(EpEeHIIMN aKIEHTUPYIOT KIIIOUEBbIe MPOOJIEeMbl pa3BUTHS METOAOB U CPEJICTB aHAIUTUKH U
ynpasnenus ganabiMu B OMUWJl. B noknane Aunapes Pxenxoro (mpodeccopa reHeTHdecKoi
MeAMLIHMHBI YMKarckoro yHHMBEPCUTETAa), OTKPBIBAIOUIEM KOH(EpEHINI0, paccMaTpuBalOTCS
MOJIXO/IbI K M3YUYEHUIO MEXaHU3MOB paka, pazBuBaemble koHcopimymoM UChicago, paboTaromum
nmoa  pykoBoAcTBOM Amnapess Pxenkoro mo mporpamme DARPA  Big Mechanism
(http://www.darpa.mil/program/big-mechanism). 3T moaxoasl cHOKyCHUpPOBaHBI Ha Pa3BUTHH
COBPEMEHHBIX METOA0B aHanu3a naHHbIX B OM/I, BKIr0Yas KOTHUTUBHBIE METO/IbI, OCHOBAaHHBIE
Ha MOHUMAaHUK €CTECTBEHHOTO S3bIKa, MOA00HBIE MeTo1aM cucTeMbl Barcon IBM, ¢ ymopom Ha
dbopMupOBaHHE TUIOTE3 Ha OCHOBE OOHAPYXMBAEMBIX B TEKCTaX MNPUYMHHBIX OTHOILICHHM,
MOJICJIMPOBAHUE MEXaHU3MOB paka JUisi aBTOMATHUYECKOrO MPEJCKa3aHUsl TEeparneBTUYECKUX
pelieHuid, IpUMEHEHHE METOJO0B OpraHH3alMi SKCIIEPUMEHTOB HAa OCHOBE HMX DPOOOTH3ALIMU.
Bropoit nenp oTtkpeiBaer goknan  Codum  Ananmany (oupekropa HamnmonambHOTO
UcclenoBaTeabckoro neHtpa CoeIMHEHHOTO KOPOJIEBCTBA IO M3BJICYEHHUIO HH(GOpMaluu W3
tekcToB (NaCTeM) mpu MaHuecTepCcKOM YHHMBEPCHTETE, BXOSILIEr0 COCTAaBHOW 4YacThiO B
koHcopruym UChicago, punancupyemoro DARPA), B KoTOpoM paccMaTpUBarOTCS MPOOJIEMBI
ABTOMATUYECKON PEKOHCTPYKIIMU TPAEKTOPHBIX MOJENe Kak pe3ynbrara OOHApYKCHHUS
OTHONICHUN MEXIy MOHATUSAMHU Pa3IU4YHON MPHUPObI B TeKcTax. HakoHen, mporpaMma TpeThero
IHs HaumHaercs JokiaanoMm Jumutpuoca T3oBapaca (mpodeccopa u pykoBogutens MHcTutyra
nHopManmoHHbIX TexHojoruk lleHTtpa wuccnemoBanuii u TexHojoruid Hellas (Dmmama) B
Canonmukax), B KOTOpOM JlaH aHaJUTHYeCKuil 0030p EBpormeiickoii ctparermn B o0nactu
HCCJIEIOBATEIBLCKUX UHPPACTPYKTYD.

[IporpammHBbIif KoMHTET KOH(DEpeHIuH paccMoTpen 57 3asBok. M3 Hux: 27 NPUHATHI Kak
MOJIHBIE CTAaThH, 16 — Kak KpaTkue, 3 — Kak MOCTephl, 2 — Kak JeMO, 9 — OTKIOHEHBI. 43 oKJaaa
(TIOTHBIE W KpaTKHE) MPECTaBICHbI B 13 ceccusiX, TaKMX Kak CEMaHTHUECKOEe MOJICTHUPOBAHUE B
DID, meronsl aHanmu3a NaHHBIX, YIpaBJI€HUE 3HAHUSAMH, CUCTEMBI YIpaBJi€HHUS OOyUEHHUEM,
CEMaHTUYECKUM MOUCK W HaBUTAllMs, aHaJU3 MaTTEPHOB B PEKOMEHAATENbHBIX CHUCTEMAX,
HCCIIeI0BaTENbCKUE UHMPACTPYKTYPHI (B aCTPOHOMHH, acTpodU3UKe, MaTePHUATIOBEACHHUH, IS
MOHHTOPHHTA 3€MJIH), W3BICUYCHHE HHQPOPMAIMM W3 TEKCTOB, HHTETPAIUS W COBMECTHOE
UCIOJIb30BaHUE JAHHBIX, CHCTEMbl aHaJIW3a TEKCTOB. BONBIIMHCTBO [IOKJIAOB MOCBSIIECHbI
pe3yapTaTaM  HMCCIIEIOBAaHWUW,  BBIMOJHAEMBIX B  HCCIIEIOBATENbCKUX  OpraHU3alMIX,
PAacCIOJIOKEHHBIX B Pa3IMYHbIX MecTax Ha Tepputopun Poccun, Bxmouas: Jlyony, ExkatepunoOypr,
3Benuropon, Mpkyrck, Kazans, MockBy, HoBocubupck, O6uuHCK, [lymuno, Tomck, Tymy, CaHkT
[TerepOypr, SApocnasis.
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Kpome TOro, B cocraB KOH(pEpPEHIUH BKIIOYEHbI CJIEAYIONIME ACCOLUUPOBAHHbIC
MEPOTIPUATHS: THIOTOPHAJ, TOATOTOBIEHHBIN Tpodeccopom Bepenoit Kanrtepe u ee acnupanTom
Maxkcumom ®uiiatoBeiM B JKEHEBCKOM YHUBEPCHUTETE M Cojepxamuil aHanu3 3¢dexkruBHOCTH
CPEACTB NOAJEPKKA AHAIMTHKM JIAaHHBIX B MHOTOMAIIMHHBIX Cpefax; JUCCEPTAllMOHHBIN
CEeMMHap, COACPKAIIMA 5 TOKJIAZ0B; a TAKXKE OTKPBITHII CUMIO3UYM «310pOBbecOepeKeHre Ha
OCHOBE MHTEHCUBHOT'O UCIIOJIb30BAHUS JaHHBIX», BKIIOYAIOIINNA TPU KPYIJIBIX CTOJIA, HA KOTOPBIX
oOcyxnatorcsi OuU3HEC-MOJENH, MOOWJIbHBIE TEXHOJOTMH, BONPOCH  TUArHOCTUKUA B
NEPCOHAIM3UPOBAHHON MEIULMHE, a TakKe JBE CECCUHU, TEKCThl JOKIAJO0B Ha KOTOpBIX,
MOCBAILIICHHBIE PACCMOTPEHUIO pPOJIM HH(OPMATHKH B 310pOBbECOCPEKCHHH, BKJIIOUEHBI B
COOpHUK TpyAoB KoH(pepeHUuU. CHUMIO3UYM TOJATOTOBJIEH [0 WHUIMATHBE 4JIEHA-
koppecnongenTa PAH Angpes B. Jlucuuel (HayuHo-mccnenoBaTeNnbCKUT  MHCTUTYT
ounomenuuHckoi xumun (MbMX)).

ITpencenatenu Ilporpammuoro u OpraHu3allMOHHOTO KOMUTETOB KOH(EPEHIIMH BBIPAXKAIOT
Omaromapuocts Hwukomaro CkBOpioBy 3a B3aumojeicTBue mnpu nomontu cucrems CMT c
aBTOpaMM TpUCIaHHBIX pabor u ¢ uineHamu [IK — peneHseHTamMu JOKIAA0B, a TaKkKe 3a
MOJIFOTOBKY BEPCTKU COOpHHUKA TPYAOB KOH(GEPEHLINHU B IIPOLIeCcCe U3/IaHUS €0 eYaTHON BEpCUU.
[Ipencenatenu IIK Taroke BblpaxkaroT OnaromapHocTh wieHam [IporpamMmHOrO KomHTeTa 3a
BBIMIOJTHEHHYI0O MMM PAa0OTy MO PElEeH3UPOBAHUIO U OTOOpY IOKIAmoB, a Takxke [Imutpuio
BpioxoBy 3a HOQIEpKKY aKTyaJbHOT'O COJEp)KaHHWsA caiTa KOH(EepeHIMH Ha BCeX 3Tamax
nmoaroroskd DAMDID/RCDL’2016.

Jom otapixa EpuioBo, B KOTOpOM MpOBOAMIACE KOH(EPEHLUs, PACIIOIOKEH B YHUKATHHOM
ncropuueckom yrosike IlogmockoBes B ycaapbe auHactuu OncydneBbix. Ycaanba EpmoBo
HaxoguTcst B 50 kKM 0T MOCKBBI B OKPECTHOCTSAX 3BEHUIOPOAA, OJHOM M3 KPACHBEMIIUX MECT
[TonMOCKOBBS, TJIe HEMOBTOPUMAs MIPUPOAA, KUBOMKCHBIHM JaHAMA(T U YUCTHIM BO3IyX CO3AAIOT
ocobyro armocepy ans mpoBeaeHHs HayyHbIX  (opymoB. OOmnamas  COBpeMEHHOM
nHDpacTPyKTypOH, yIOOHOW JOTUCTUKOW (TOps/Ka OJHOTO Yaca 10 MOCKBBI MO JKEIE3HOH
aBTOJIOpPOraM), MCTOPUYECKMMU M INPUPOAHBIMU  JIOCTOIIPUMEYATENBbHOCTSIMYU, EpIioBo
CIoco0CTBOBAJIO MIPOBEICHNIO ouepeaHon HaydHoi koHpepenmun DAMDID/RCDL Ha BbicOKOM
YPOBHE.

[Ipenacenarenu OpranuzanmoHHOT0 KomMuTeTa W [IporpaMMHOro KoMHTEeTa KOH(EPECHIIHMH
BBIPAXKAIOT OJIar0IapHOCTh aBTOPaM MOJAHHBIX Ha KOH(EPEHIHUIO 3asBOK, a Takxke Poccuiickomy
®onny OynnameHtanbHbiX MccnenoBanuii 1 HanmonansHOMY MCCIIEIOBATENIBCKOMY SIEPHOMY
yauBepcurety MU®DU 3a puHAHCOBYIO MOAEPKKY KOH(DEpeHIINH.

Conpencenarenn Conpencenarennb
IIporpamMmmHoOro komurera Oprann3anoHHOr0 KOMUTETA
Kanunnuenko Jleonnn Aunpeesuy 3axapoB Bukrtop Huxonaesuu
(OULI Y PAH) (®UL Y PAH)
Kysnenos Cepreit OneroBuu
(HY BIIID)

Manonomnynoc fauc
(Yausepcutet Apucrorens, CaJoOHUKN)
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Preface

In 2016 the International Conference “Data Analytics and Management in Data Intensive
Domains” (DAMDID/RCDL’2016) was held on October 11 — 14 in the Holiday Center, Ershovo
(Moscow region).

By tradition the “Data Analytics and Management in Data Intensive Domains” conference
(DAMDID) is planned as a multidisciplinary forum of researchers and practitioners from various
domains of science and research, promoting cooperation and exchange of ideas in the area of data
analysis and management in domains driven by data intensive research. Approaches to data
analysis and management being developed in specific data intensive domains (DID) of X-
informatics (such as X = astro, bio, chemo, geo, medicine, neuro, physics, etc.), social sciences, as
well as in various branches of informatics, industry, new technologies, finance and business are
expected to contribute to the conference content.

The program of the DAMDID/RCDL’2016 conference alongside with the traditional data
management topics reflects a rapid move into the direction of data science and data intensive
analytics. Three invited plenary talks of the conference emphasize the key problems of methods
and facilities of data analytics and management in DID. In the keynote of Andrey Rzhetsky
(Professor of genetic medicine of the Chicago University) that opens the conference, the
approaches for studying the mechanisms of cancer are presented, which are being developed by
the UChicago consortium in which Andrey Rzhetsky acts as the PI according to the DARPA Big
Mechanism program ((http://www.darpa.mil/program/big-mechanism). These approaches are
focused on the development of the contemporary methods of data analysis in DID including
cognitive methods based on the understanding of the natural language resembling those of IBM
Watson center, but focused on the hypothesis formation based on the causal relationships detected
in the texts, cancer mechanism modeling to automatically predict therapeutic clues, application of
robot scientist methods for the organization of experiments. The invited talk of Sophia Ananiadou
(Director of the National Centre for Text Mining (NaCTeM) at the Manchester University) opens
the second day of the conference. NaCTeM is included as a part of the UChicago consortium
supported by DARPA. In this talk the approaches for automatic reconstruction of the pathway
models are considered. These approaches are based on the discovery of the relationships of various
kinds between the concepts of arbitrary nature in the texts. Finally, the program of the third day is
opened with the keynote of Dimitrios Tzovaras (Director at the Information Technologies Institute
of the Centre for Research and Technology Hellas in Thessaloniki) in which the analytical survey
of the European strategy in the area of research infrastructures is presented.

The conference Program Committee has reviewed 57 submissions and accepted of them 27 as
full papers, 16 as short papers, 3 as posters, 2 as demos, whereas 9 submissions were rejected.
According to the conference program, these 43 oral presentations (of the full and short papers) are
structured into 13 sessions including Semantic Modeling in DID, Data Analysis Methods,
Knowledge Management, Learning Management, Semantic Search and Navigation, Pattern
Analysis in Recommender Systems, Research Data Infrastructures (in Astronomy, Astrophysics,
Material Sciences, Earth Monitoring), Data Extraction from Texts, Data Integration and Sharing,
Text Analysis Systems. Most of the presentations are dedicated to the results of researches
conducted in the research organizations located on the territory of the Russian Federation including
Dubna, Ekaterinburg, Irkutsk, Kazan, Moscow, Novosibirsk, Obninsk, Puschino, Tomsk, Tula,
Saint Petersburg, Yaroslavl, Zvenigorod,

Besides the above, the conference contains also the following satellite events: a tutorial “Data
Analytics in Multi-Engine Environments” prepared by Dr. Verena Kantere and Ph.D. student
Maxim Filatov from the University of Geneve; a Ph.D. Workshop containing 5 presentations; an
open workshop “Data Intensive Healthcare”, including three round tables with the discussions of
business models, mobile technologies, diagnostics and coaching in the personalized medicine, as
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well as two sessions entitled as “Informatics in Healthcare” (the papers reflecting the presentations
at these sessions are included into the conference proceedings). This workshop is prepared
according to the initiative of Andrey Lisitsa (corresponding member of RAS, Research Institute of
the Biomedical Chemistry, Moscow).

The chairs of the Program Committee and Organizing Committee of DAMDID/RCDL’2016
express their gratitude to Nikolay Skvortsov for the effective interactions by the CMT system with
the authors of submissions and with the PC members reviewing the submissions, as well as for
preparing a layout of the conference proceedings during the process of its publishing. The chairs
of PC also express their gratitude to the PC members for carrying out the reviewing of the
submissions and selection of the papers for presentation, as well as to Dmitry Briukhov for keeping
of the up-to-date content of the conference site at all stages of the conference preparation.

The Ershovo Holiday Center in which the conference was held is located in the historic
Ershovo mansion placed at the unique historical corner in the vicinity of Moscow, in the
neighborhood of Zvenigorod. Providing an up-to-date infrastructure, convenient logistics (50 km
from Moscow, about one hour to Moscow by railway or highway), historical and natural
attractions, the venue contributed to the organization of the DAMDID/RCDL conference on a high
standard.

The chairs of the Organizing Committee and Program Committee of DAMDID/RCDL’2016
express their gratitude to the authors of the submissions as well as to the Russian Foundation for
Basic Research and the National Research Nuclear University MEPhI for the financial support to
the Conference.

Co-chairs of the Program committee Co-chair of the Organizing committee
Leonid A. Kalinichenko Victor N. Zakharov
(FRC CSC RAS) (FRC CSC RAS)
Sergey O. Kuznetsov
(NRU HSE)

Yannis Manolopoulos
(Aristotle University, Thessaloniki)
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The Big Mechanism Program:
Changing How Science Is Done

Andrey Rzhetsky
University of Chicago, 900 East 57th Street, Chicago, IL 60637, USA

andrey.rzhetsky(@uchicago.edu

Abstract

The talk will describe details of actively evolving
research conducted by the UChicago consortium of the
Big Mechanism program, funded by the US DARPA
agency. The consortium’s work focuses on:
(1) probabilistic reasoning across cancer claims culled
from literature which uses custom-designed ontologies;
(2) the computational modelling of cancer mechanisms
and pathways to automatically predict therapeutic clues;
(3) automated hypothesis generation to strategically
extend this knowledge, and; (4) developing a ‘Robot
Scientist’ that performs experiments to test hypotheses
probabilistically, then feeding those results back to the
system.

1 Introduction

DARPA is funding the Big Mechanism program
(http://www.darpa.mil/program/big-mechanism) in
order to study large, explanatory models of complicated
systems in which interactions have important causal
effects. The program’s aim is to develop technology used
to read research abstracts and papers and extract pieces
of causal mechanisms, assemble these pieces into more
complete causal models, and reason over these models to
produce explanations. The program’s domain is cancer
biology, with an emphasis on signalling pathways; this is
just one example of causal, explanatory models, that we
are hoping will be extensible across multiple domains,
similar to what IBM Watson’s team [1] is attempting
presently.

2 The overall structure of the Big
Mechanism program

The program is currently organized into three
consortia, all of which take different views of causal
models, different reading technologies, and different use
cases.

The largest consortium, called FRIES, includes
groups at CMU, SRI, University of Arizona, Oregon
Health Sciences University, and others. FRIES’s main
focus is to explain signalling pathway behaviours. For
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instance, why is the expression of a gene ephemeral?
Technologically, FRIES focuses on information
extraction over deep reading, simulation, and even FPGA
acceleration of systems biology simulators.

The second consortium (“UChicago™), in which the
author of this keynote acts as the PI, is composed of
researchers at the University of Chicago, the United
Kingdom’s National Center for Text Mining at the
University of Manchester, along with participants from
the Brunel University in London, all of whom collaborate
on developing robotic platforms for experiment design
and analysis.

The third consortium, called CURE, consists of two
groups from Harvard Medical School, IHMC in Florida,
and SIFT. Their focus is on deep reading, fine-grained
modeling, and simulation of cell signaling’s underlying
biochemistry.

This talk will provide an overview of the objectives
and results related mostly to the work of the second
consortium.

3 UChicago consortium

As the project is ongoing and far from completion,
we will cover the ideas that led the consortium to our
current system design, our biological and medical
motivations, and preliminary results.

Motivation: Today, cancer-related text mining is
performed in linear pipelines (named entity recognition
to event extraction) without explicitly estimating
statement uncertainty or importance relative to a total
model of cancer. Moreover, reading is divorced from
reasoning and experimentation. Probabilistic reasoning
is rarely used. Similarly, the Robot Scientist approach
currently uses non-probabilistic logic and is disconnected
from text mining and not applied to medicine. In
addition, a wealth of panomics data is increasingly
available, but existing methods treat each event
independently and disregard prior knowledge.

Fundamental medical problem: We do not fully
understand how to stop cancer cells from growing faster
than normal tissue, and spreading throughout the body
(metastasizing). Death from cancer typically occurs
when uncontrolled growth occurs in a place where it
cannot be surgically removed. Most traditional anti-
cancer drugs are highly toxic to patients. As a result,
single drug treatment is generally undesirable for the
following reasons: (1) It is generic and not targeted to the
patient and their cancer’s genotype(s); (2) Intervention is



required at multiple points along a cancer pathway, and;
(3) Cancer evolves resistance. The Holy Grail of cancer
therapy is to find highly potent, non-toxic drug
combinations that are tailored to individual patients, and
linked to the readout of gene and protein expression from
their specific cancer(s).

The system developed by the consortium
incorporates three components, called Reading,
Assembly, and Explanation (see Figure 1). These
components integrate machine reading with probabilistic
modelling, the design of custom-made ontologies, and
automated experiments conducted by the Robot Scientist
(a robot that is driven by experiment-designing and
planning programs). For quality control and

benchmarking, an independent set of experiments is
conducted by humans.

Read —ta,
-~ X
LY . L}

v

(Model)
Of Cancer

Experimental
Data

Assemble

Figure 1 The integrated system, see references [2,3] for
related prior work contributing to the components of the
system

To illustrate how all these components come
together, the talk will present a use case: Automated,
optimal drug combination prediction for achieving
activation or silencing of target gene(s) in a breast cancer
cell line. In our initial setup, we are using a text-mined
network of about three hundred genes and proteins,
containing parts of networks in use cases 1 and 2. In the
first pass, we focused on activating the estrogen receptor
gene (ESR1) in a triple-negative breast cancer cell line
by administering a cocktail of two or more FDA-
approved drugs.

The motivation for the use case is to practically apply
growing (through machine reading and experimental
validation) model of cellular machinery to manipulate
the state of the cancer cell, achieving silencing or
activation of target genes/proteins in the absence of drugs
specifically targeting these molecules. If successful,
computationally-derived drug cocktails could at least
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partially reduce the need to develop new drugs, easing
the economic burden of discovering and testing new
medications. (Each new FDA-approved drug has an
estimated price tag of somewhere between 100 million
and 1 billion US dollars.)

The system generates hypotheses of the form
“cocktail of drugs X1, ..., Xn activates gene ESR1” and
each hypothesis is tested experimentally in a triple-
negative breast cancer cell line. Either human biologists
or the Robot Scientist carry out these experiments.

4 “UChicago” team

Reading (NLP and text-mining; ontologies, corpus-
dependent and unsupervised information extraction,
logic): Sophia Ananiadou, Junichi Tsujii, Larisa
Soldatova, Hoifung Poon, Andrey Rzhetsky, Robert
Stevens, James Evans.

Assembling (Models of quality of science, quality of
extraction, consistency, statement provenance, Markov
Logic, crowdsourcing): Jacob Foster, James Evans,
Hoifung Poon, Andrey Rzhetsky.

Explaining (Markov Logic, graphical models,
consistency models, kinetic/dynamic  consistency
models): Hoifung Poon, Jacob Foster, James Evans,
Ishanu Chattopadhyay, Andrey Rzhetsky.

Al and Robotics: Hoifung Poon, Kevin P. White,
Ross D. King. Cancer-specific, wet-lab experiments:
Ross D. King, Kevin P. White.

In prior work, Ross D. King's laboratory has
developed two Robot Scientists, “Adam” and “Eve”,
which are among the most advanced existing laboratory
automation systems.

5 Conclusion

The approach chosen by the team relies on the
assimilation of massive, pre-existing literature (similar to
IBM Watson) combined with iterative model updating
based on empirical data and newly designed experiments
(unlike IBM Watson). The project’s general
methodology is not domain-specific, so it is theoretically
extensible across scientific domains.
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Abstract

Metadata is a key aspect of data management. This paper
describes the work of NFFA project on the design of a
metadata standard for nanoscience community. The
methodology and the resulting high-level metadata model
are presented. The paper explains and illustrates the
principles of metadata design for data-intensive research.
This is value to data management practitioners in all
branches of research and technology that imply a so-
called “visitor science” model where multiple researchers
apply for a share of a certain resource on large facilities
(instruments).

1 Introduction

The Nanostructures Foundries and Fine Analysis (NFFA-
Europe) project www.nffa.eu brings together European
nanoscience research laboratories that aim to provide
researchers with seamless access to equipment and
computation. This will support a single entry point for
research proposals supported by the project, and a
common platform to support the access and integration of
the resulting experimental data. Both physical and
computational experiments are in scope, with a vision
that they complement each other and can be mixed in the
same identifiable piece of research.

The project requires setting up the IT infrastructure
for managing research proposals and substantial amounts
of data resulted from physical and computational
experiments. A common metadata model that supports
different stages of the nanoscience research lifecycle is
essential to unified researchers’ experience across
locations, and also for the design and operation of IT
infrastructure components.

Metadata design is a part of a joint research activity
within NFFA that takes empirical input from the project
participants, also takes into account state-of-the art
standards and practices. Metadata design is an
incremental effort of the project; this work presents the
first stage resulting in a high-level metadata model that is
agnostic to the actual data management situation in
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able to capture
and

participating organizations yet is
significant features of nanoscience physical
computational experiments.

2 Approach and methodology

2.1 General approach

The major purpose of any metadata is satisfying
information needs of a certain community. “Community”
should be understood in broad terms and includes
machine agents, to ensure human-to-human, human-to-
machine and machine-to-machine interoperability.

The information needs may be generic (common
with other communities) or specific for a particular
community. From the project perspective, the
information needs should be expressed as clearly
formulated Use Cases for the existing or proposed
information and data management systems (IT
platforms). A good metadata design should take into
account user requirements and IT architecture, and in turn
should feed considerations for the IT architecture.

The IT architecture, the use cases and practices, and
the metadata design can be considered pillars of
enterprise architecture that includes both technological
and organizational aspects of a loosely coupled virtual
enterprise that the NFFA project is going to deliver for
the European nanoscience community.

The main purpose of metadata design effort in
NFFA project can be formulated then as giving the
adequate support for that widely defined enterprise
architecture for nanoscience. This has an implication of
metadata design from “first principles”, i.e. by pondering
over existing best practices of information management,
use cases for nanoscience and information technology
opportunities (and limitations) rather than adopting any
existent metadata standard.

2.2 Top-down input: relevant information
management frameworks

The case for metadata collection and use can be specific
to nanoscience, yet there are general information needs
that are typical for a wide variety of users and that have
been developed in other branches of science and
information management.

One of the mature information design frameworks is
Functional Requirements for Bibliographic Records [2]



that considers four basic information needs (user tasks) in
regards to information: “Find”, “Identify”, “Select” and
“Obtain”. The ultimate goal is of course getting the
information resource, yet between searching for it and
obtaining it, the resource should be identified as the one
being sought, and selected as being useful for the user [1].
Each task may involve certain subtasks, e.g. selection
may require checks on the resource context and on its
relevance to the actual user’s needs.

Another mature information design framework of
relevance is the Reference Model for an Open Archival
Information System [3], a popular functional model for
long-term digital preservation. If expressed in terms of
information practitioner needs (user tasks) similarly to
FRBR, the OAIS basically deals with three categories of
them: “Ingest (into the archive)”, “Manage (within the
archive)” and “Disseminate (from archive)”. Each of
these tasks may be complex and involve a number of
interrelated subtasks, e.g. managing information in the
archive may imply provenance and integrity checks,
managing access to information, and administration /
reporting.

Overall, the OAIS framework should be able to
provide a good coverage of what NFFA needs to consider
for sensible data collection, archiving and provision
towards the end users (researchers in nanoscience), and
the FRBR framework should be able to cover the end user
needs for information retrieval. The respective areas of
coverage and user categories relevant to NFFA are
illustrated by the following table:

Table 1 Information management frameworks and their
coverage of NFFA scope.

OAIS

Framework (a FRBR
source of best

practices)

General use Data collection, | Data retrieval

case management and
dissemination
User categories | Data archives End users
administrators (nanoscience
IT specialists researchers)
Information Ingest data Find data
needs (user Manage data Identify data
tasks) Disseminate Select data
data Obtain data

Being general in nature, OAIS and FRBR are still able to
provide good recommendations for NFFA practices of
information and data management. In particular, OAIS
emphasizes the need of having a clear agreement between
the data producer and the archive, and a clearly defined
format for data exchange between them — so called
Submission Information Package, whilst FRBR
emphasizes the importance of having a clear identity for
data assets.

2.3 Bottom-up input: questionnaire responses and
common vocabulary

A questionnaire was used to collect the NFFA partners’
responses about their data management practices and
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most popular data management solutions. The
questionnaire inquired on the following aspects of data
management in nano-facilities:
e Intensity of experiments and of resulting data flow
Popular data formats
Data catalogue software
Data catalogue openness
Data management policy
Metadata standards for data catalogue
Persistent identifiers for data
User management platform
Popular third-party databases
systems
In total, seventeen responses out of the 20 project
partners were received and reviewed. They showed very
different levels of data management maturity. From the
responses, the following priorities the metadata design
were identified:
One experiment to many samples and one sample
to many data files relationships should be
supported.
A common set of metadata fields for data
discoverability should be agreed upon, possibly
based on an existing popular standards or
recommendation for data discovery.
User roles with different permissions for access
to metadata should be developed. This means the
metadata model will need to represent users as
well as data.
It is reasonable to develop a common data
management policy for NFFA, or a set of policies
with different flavours of access to data.
Having links to external reference databases is
valuable to ensure the high quality of metadata
yet this will mean additional effort so should be
de-scoped from the initial design of metadata.
In addition to the questionnaire where responses
were collected from research offices or relevant research
programme representatives, a common vocabulary of
terms and definitions relevant to nanoscience data
management was compiled and then refined by the IT
teams of participating NFFA organizations ([5]). The
vocabulary contains about twenty commonly agreed
terms with definitions; it serves as a basis for the design
of information entities (groups of metadata elements) and
contributes to the earlier mentioned NFFA “virtual
enterprise” architecture.

A particularly important use case to be supported by
the metadata model should be the situation when the same
researcher (or a research group) applies for experimental
time on more than one facility — as the nature of
experiment may require this — yet the researcher wants a
seamless experience across nanoscience facilities, with a
single entry point for data management.

Another conclusion based on responses to the
questionnaire is that computational experiments in
nanoscience become common and can be mixed up with
physical experiments, so there should not be an artificial
division between the two.

and information



2.4 Side input: IT architecture considerations

As an additional consideration for principal metadata
design, we used the draft NFFA Data System
Architecture that defines the outline design of the NFFA
portal, which considered the generic use case of the same
user performing a measurement on two different
facilities. Generic use cases when one user wants to
access data produced by another user, or wants to release
data into the public domain are currently not being
considered. These may be considered in future, so should
be taken into account within an extensible metadata
design.

The draft architecture suggests that data should be
harvested from individual facilities in a suitable
“packaged” format, with METS [6] as a potential
candidate as it supports the provision of descriptive,
administrative, structural and file metadata. For the
descriptive part of metadata, the purpose of having the
data assets discoverable is emphasized in the draft
architecture. For the administrative metadata, the
importance of intellectual property information and
information about the data source (provenance) is
emphasized. For the structural metadata, having the
information about the organization, perhaps structured in
a hierarchical way, is suggested. For the file metadata,
having the list of files that constitute a digital object (data
asset) and having pointers to external metadata files are
deemed most important.

After considering the draft architecture, the
conclusion was that we could take METS as “the role
model” metadata standard for data packaging that
corresponds to a specific entity in the NFFA generic
metadata model — Data Asset. As to particular elements
of metadata suggested by the IT architecture draft, the
fields for capturing intellectual property information and
provenance are easily most important ones as they affect
the data assets reusability that should be one of the
important outcomes of the NFFA project.

3 Implementation

3.1 Metadata groups and elements

The top-down, bottom up and side requirements resulted
in the basic structure of the proposed metadata model that
is illustrated by Figure 1.

The suggested metadata elements are presented as a

matrix in Table 2 to make explicit the coverage of
identified information entities (common vocabulary
terms) and of earlier identified information needs
categories of them, see Section 2.2).
Certain elements are in common with the Core Scientific
Metadata Model ([4]) already in use in some of the
facilities. Mandatory and optional metadata fields
(attributes) for each element were defined and shared
amongst project participants for further discussion ([5]).
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3.2 Entity-relationship diagram

Metadata section

Metadata purpose

To satisfy administrative
needs of NFFA archive

NFFA archive record wrapper
Data assets description

Experiment description

To capture details of data
produced in the experiment

To capture details of
experimental environment,
actors and nano-samples

Data acquisition timeline

Figure 1 Metadata groups of elements and their
purpose.

Table 2 Metadata elements and information needs
coverage.

Information Inge | Manag | Diss Find | Iden | Obta
entity st e data emin | data | tify in
data | (within | ate data | data
NFFA data
portal)
Research Y Y Y Y
User
Instrument Y Y
Scientist
Project Y Y Y Y
Proposal Y Y
Facility Y Y Y Y Y Y
Instrument Y Y Y
Experiment Y Y Y
Sample Y Y Y
Y Y Y Y Y Y
Y Y Y Y Y Y
Y Y Y Y Y Y
Y Y Y
Y Y Y
Data Archive Y Y Y
Data Manager Y Y Y
Data Policy Y Y
NFFA Portal Y Y

As a basis for further, more detailed metadata design and
as a contribution to the IT architecture design, the Entity-
Relationship diagram presented by Figure 2 has been
agreed.

3.3 Metadata operational recommendations

The metadata elements suggested are not all we need for
having a successful metadata framework in NFFA. In
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Figure 2 Entity-Relationship diagram for NFFA high-level metadata model.

addition, there should be established metadata
management practices, ideally assisted by clear
recommendations for NFFA partner organizations of how
to assign and curate metadata.

For example, there are choices of how you aggregate
data: let us say all data files for all samples measured in a
particular Experiment can be assembled in one package,
and then the package is given common descriptions like
Facility name, research User name, Data Policy etc.
However, this may not suit actual data management
practices or policies of certain Facilities, e.g. they may
want to make a Sample rather than an Experiment a focal
point of their metadata descriptions.

These operational aspects of NFFA metadata
implementation will require further engagement and
discussions with data practitioners in NFFA.

4 Conclusion

The NFFA metadata development so far has produced an
agreed common approach with its mapping to the existing
metadata frameworks and best practices. It has defined a
common vocabulary, the provisional list of mandatory
and optional attributes, and the ER diagram that can be
used both in metadata design and in IT architecture
design. The high-level metadata model will be further
refined through project work in NFFA and through
discussions in the wider nanoscience community. Also
the  state-of-the-art ~metadata development for
nanoscience that may cover specific entities in our
generic metadata model, e.g. CODATA UDS [7] for
Sample, should be looked into in more detail, to see the
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opportunities for mutual mapping and cross-walks
between different metadata models.
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AHHOTANUA

HccrnenoBanus B pa3MYHBIX MPEIMETHBIX OOJIACTSIX,
0COOCHHO B HANPABICHUAX ECTECTBCHHBIX HAayK,
CBSI3aHBI CETONHSA C 00paboOTKOH OOoNBIHX 0O0BEMOB
JTAHHBIX HabroIeHuA, SKCIIEPUMEHTOB u
mozenupoBanus. [lpu opraHuzanuu HcciaenoBaHUM ¢
WHTCHCUBHBIM HCTIOJIH30BAHUEM JTAaHHBIX
nenecooOpasHo OTIPEIENATh cnenuduKauu
NpeJIMETHBIX 00JacTell, BKIIOYAIONINE OIpEACICHHS
HIOHSTUM MIPEIMETHBIX obnacreit CpeAcTBaMHU
OHTOJIOTHI M a0CTpaKTHOE MpeJCTaBIeHUE JTAaHHBIX 00
00beKTax INpeIMETHBIX o0JlacTei M HX IOBEACHUH
CPeICTBaMHU KOHIIETITYaJbHBIX CXEM, pa3felsieMbIX U
MOJI/IEPKUBACMbIX PAa0OTAIOIIMMH B 3THX IPEIMETHBIX
obuactax COO00IIECTBAMH. HUccnenosarensckue
WHPPACTPYKTYPHl  ONMHPAIOTCA HA  CHENH(DUKAIIAN
MPEIMETHBIX 00JIacTel M MPEeIOCTABIIIOT pean3aliui
METOJIOB, IPUMEHUMBIX HaJ TAKIMH CIICII(PHUKAIAIMH,
HaKalUIMBaeMBIX W  pa3BHBaeMBIX  COOOIIECTBaMHU
HCCIIeZIOBaTeNeH. CpencTBa MIPOBEICHUS
SKCIEPUMEHTOB B HHQPACTPYKTYpax HCCIEI0BaHUI
TaKxKe MOJIAEP KUBAIOTCS KOHIIENITyaIbHbIMU
crenuGUKaIUsIME, KOTOPbIC 00ECIICUNBAIOT OCHOBY IS
IIPOBEJICHUS U3MEPEHUI, U3YUEHHS CBOMCTB CYLIHOCTEN
MIPEeAMETHOW 00JIaCTH, NMPUMEHEHHS METOJIOB JaHHOM
MIPEeAMETHOW 00J1acTH, ONKMCAaHHUS U TPOBEPKH THMIIOTES.
Ha mnpumepe mnpenmerHoi 00macTu acTpOHOMHH
MMOKa3aHbl TMPUHIMITE TTOCTPOCHUS KOHIIENTYaIbHBIX
cnenu(UKaii W WX WCHOJB30BAHUS TIPH AHAIH3E
JTAaHHBIX.
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1 BBenenue

HCCHCHOB&TGHLCKI/IS 3a1a91 KPUTUIECKH 3aBUCAT OT
pacTymx W OOMOJJHAIOIINX OJHA APYI'YI0O MAaCCHUBHBIX

KOJUIGKIMA JaHHBIX, COOMpacMBIX B pe3yibTaTe
HAOMIONCHUH, 3KCIIEPUMEHTOB M MOAEIHPOBAHUS.
OnHOBpEeMEHHO  pacTéT  KayecTBO  JaHHBIX W

COOTBETCTBEHHO ITyOnHa TpeOyeMoro aHajan3a JaHHBIX.
[Toxxopl K KCCIICAOBAHUSM, IIPH KOTOPBIX ISl PEIICHUS
3ama4 MPOM3BOJIMICA BBHIOOD HCTOYHHUKOB IAHHBIX U
dbopMyaMpoBaHHEe 3amad B HMX TEPMHHAX, CTajH
TPYAOEMKUMH TP  MHOXKECTBE  HEOIHOPOJIHBIX
HMCTOYHUKOB JaHHBIX U OOJIBIIOM KOJIMYECTBE CIIOCOO0B
ux aHanuza. Ecnu nporpamMmsl, peanu3yloniie perieHme
3amad aHaiM3a JAaHHBIX, 3aBUCSAT OT KOHKPETHBIX
HCTOYHHKOB JIAHHEBIX, 3TO MPETATCTBYET
MacIITabUpPOBaHUIO [T HEOIHOPOJHBIX M MAaCCHBHBIX
WCTOYHUKOB  JaHHBIX, HAKOIUICHUWIO  pealn3annit
METOJIOB aHAJIH3a JaHHBIX, HX WHTEPOIIEPaOeTFHOCTH U
TTIOBTOPHOMY HCII0JIb30BaHUIO B Ppa3ITUIHBIX
uccienoBanusx [1].

OT noucka ¥ CBSI3BIBAaHUS MCTOYHHUKOB JAHHBIX JIJIS
pEIICHHUs TOCTABICHHBIX 3a7[a4 aKICHT HCCIICIOBaHUN
CMeNIaeTcss B HaNpaBleHUM aHaigu3a JIOCTYIHBIX
MAaCCHBHBLIX KOJUIEKIIMH JAHHBIX JUIS  HaXOKICHHS
HOBBIX 3HAHUH B MPEIMETHOW 00JaCTH HCCIICOBAHUSL
[2]. Pa3pabareiBatoTCs HaydHBIE METOMIBI OIICHKU
XapaKTEPUCTHK 00BEKTOB o Ha0JII0 1aeMbIM
mapaMeTpaM, METOObl OO0OOIICHUS, KIaCCHU(PHUKAIINY,
BBISIBJICHUS " HCCIIENOBAHNS HHTEPECYIOIINX
CYOIHOCTE W SBJICHUH, CpEACTBA TCHEpAIlMH W
MPOBEPKH HAYYHBIX THIIOTE3, CIEHHAIN3NPOBAHHBIE
MPOIEAypEl B OIpPENeNEHHBIX HAIMpPaBICHUAX HAYKH,
obecrieuynBaeTCsl X aBTOMATH3MPOBAHHOE NPHMEHEHHE
HaJ JaHHBIMHA MAaCCHUBHBIX KOJUICKIIMA W JTOCTYHHOCTB
JUIS  COOOIIECTB, paboTaroImuXx B HHOPACTPYKTYpax
HCCICAOBAHUI.

JJist pa3HOCTOPOHHETO U3yUCHHS KOHKPETHBIX TUIIOB
CYIIHOCTEH pEaJbHOTO MHpa OKAa3bIBACTCSA BaKHBIM
COBMECTHOE WCITOJb30BAHUE CPEJICTB HCCICIOBAHUN H
KOHIICTITYaTbHBIX CIICIU(PUKAINN, OMPEICISIIONIX KaK
CEMaHTHKy CYIIHOCTeH M SIBJIEHUN B NpPEeIMETHON
o0iacTH, TaKk W CEMaHTHKY IPUMCHAEMBIX B HeEH



MetonoB. IlosToMy opmHOW w3 3amad  COOOIIECTB,
3aHUMAIOIINXCS HUCCJIEJOBAaHUSIMUA B  ONpPEAeNEHHON
HpeZlMeTHOﬁ O6J'laCTl/I, ABIIACTCA KOHLIeHTya.HI/BaIJ,I/ISI
OpeJMETHOW  00JIaCTH  JJIi  TOCTPOCHHUS  TaKhX
cneuutbnxaunﬁ U CBA3bIBAHHMA C HHMHU JIaHHBIX,
peanu3anuii MeTOI0B U IMPOLIECCOB.

Jis obecnieueHusl HAYKU METOJaMU U CPEACTBAMH,
MPUMEHUMBIMH K OOBEKTaM IMPEIMETHBIX O0JIacTed, B
paboTe mpemymaracTcs MOAXON K KOHIICTITyaJIH3aldd
MPEeIMETHRIX oOnacTed s wx wuccienoBanua. OH
OTIMPAeTCs Ha SIBHOE OMICAHNE CEMAHTUKH CYITHOCTEH U
MPOIECCOB MpH  (HOPMYITHUPOBAHUM TIOCTAaHOBOK U
peanm3anyMii AITOPUTMOB pPEMICHWA HAYYHBIX 3ajad,
obecreurBass UX  CEMAHTHYECKOE  COOTBETCTBHE
crnenuduKanusaM IMpeaMeTHoit obmactu. B cBomo
oqepez[b, pa3n1/1qH1>Ie HCTOYHUKHU JAaHHBIX, B TOM YHUCJIC
HAyYHBIX JIAHHBIX, CCMAHTUYECKH OTOOPaKAIOTCSI B
KOHIICTITyaJbHBIC CHeNU(UKAIIY TIPEAMETHONH 001acTH
HCCIIEIOBAHUS. Amnanurrueckue 3a7a4u
(hopMyIHpYIOTCS TaKXKe B TEPMHUHAX KOHIENTYaTbHBIX
cnennUKauil MpeIMeTHON 00JacTH M PEmIaloTCs C
HCTIIOJh30BAHNEM OTOOpaXEHHBIX B HUX JaHHBIX U
METOO0B.

B Hacrosimeld paboTe moka3aHO, KakuM OOpa3oM
KOHIIETITy aJIbHBIE crienupuKanun MIPEIMETHBIX
obmacteif, TOAMEPKUBACMBIC  3aWHTEPECOBAHHBIMU
coo0IIecTBaMH, MOTYT OBITh HCIOJIB30BaHBI IS
opraHudzauuu ucciegoBaHuil. B cratee s 3TOrO
HCIIOJB3YIOTCS KOHIICTITyaJIbHEIC cnenuuKauu
MPEIMETHBIX O0JIaCTel W3 O0JIACTH aCTPOHOMHH.
Cnenyromuit pasnen MOCBSIIEH MIPUHIUIIAM
oTIpeneNieHus] Crenu(UKANA TMPEIMETHBIX O00IacTel
uccienoBanuil. B pasnene 3 omucaHbl MOAXOABI K
HAaKOIUICHUIO HAYyYHBIX METOJOB U NEPCHEKTHBHI
MOCTPOCHHS MHPPACTPYKTYp HCCIEAOBAHUI HA OCHOBE
KOJUIEKLIUH METO0B. Pasznen 4 HOCBSIIEH
UCIIOJIb30BaHMIO crieuduKauii mpegMeTHbIX 00acTei
JUIA HpOBe[leHI/lﬂ 3KCl'Iepl/IMeHTOB, OIMMCAHUA U HpOBepKI/l
Hay’-IHI)IX TUIIOTE3, opraﬂmaunn IIOTOKOB pa60T B
HHPPACTPYKTYPaxX HCCICIOBATEIBCKUX COOOIIECTB IS
MaHUITYJIMPOBAaHUS  JaHHBIMH ¥  METOJAMH  TIpU
MIPOBEACHUU SKCIIEPUMEHTOB.

2 CpeacrBa cnenpuKAUM MPeAMETHBIX
obJacrei

IIponecc KOHIIENTyaJIu3aluu MIPEAMETHBIX
obylacTeii, B TEpBYIO ouepeab, MpEeAroJiaraer
pa3paboTKy  OHTOJIOTMH B HCCIIEIOBATEILCKUX

coobmecTBax st (OpMaIM3aUKA M CHCTEMaTH3aLUH
3HAHUH O XapaKTepHBIX Ul ITHX 00JIaCTeH CYIIHOCTSAX
n siBIeHUsX. UeHsl cooOLIecTB NEHCTBYIOT B paMKax
OHTOJIOTHYECKOTO  00S3aTeNbCTBA,  OMPEACIEHHOTO
TAKAUMH OHTOJIOTHSIMH, TO €CTh HCIIONB3YIOT MOHSATHS
MPEAMETHBIX 00JIacTel HEMMPOTUBOPEUNUBLIM 00PA30M TIO
OTHOIICHHIO K  TeopusM,  crenuduuupyempiM
oHtonmormsiMu. J[st oOecrmeyeHHMs TakKoro IOAXOJa
Ba)XHa aBTOMaTHU3alUsA KOHTPOJISA HCIPOTUBOPEYNBOCTH
pe3yJbTaToB JEWCTBMH TNPH JIOOBIX MaHUIYJSLHAX
MOHATHUSMU ITPEIMETHON 001acTH.
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Konnenryansabie OTIpeJIeIICHUS MPEAMETHBIX
obnacTeil Il MPOBEACHHUS HCCIEIOBAaHWN BKIIOYAIOT
CJIeIyIONINE OTTUCAHMSI:

®  [IOHATHUS CYIIHOCTEH, QUTypHUpPYIOIIUX B
IpeIMeTHON 001acTH B KaueCTBE UCCIIEeLyeMbIX
WJIH CBSI3aHHBIX C HUMU;

®  [OHATHS, ONPEICISIFOIINE XapAKTEPUCTHKH U
MOBeJICHHE 00BEKTOB MPEIMETHOM 00J1aCTH;

° MOHATHA, COOTBETCTBYIOIUC HAYUYHBIM
METOAaM, KOPPEIAUiaM, CYIIECTBYIOIIHUM B
IpeAMETHON 00JIaCTH UCCIIEJOBAHHUS;

e TIOHATHSA, OIIPENEIAIOLIME ITOIXOAbI K
HaOJII0ICHUI0 00BEKTOB M MOJIEITMPOBAHHIO
CYITHOCTEH MPeAMETHON 00JIACTH, TIPOBEICHHUIO
Hay4YHBIX IKCIIEPUMEHTOB.

SI3BIKOBBIE CpENICTBA IpEICTaBICHUsT (POpMaTIbHBIX
OHTOJIOTHH BKIIFOUAIOT MOHSTHS, OTHOLICHUS MOHATHH U
OTPAaHHWYCHUS, CBS3aHHBIE C TOHATHAMH, OOBIYHO
BBIDAKCHHBIE B MOJMHOXECTBE JIOTUKH IPEANKATOB,
0TOOpaXaeMOM B HEKOTOPYIO IECKPUNTUBHYIO JIOTHUKY
nnmn apyrue GopmanbHbie Monesnu. CKaJsipHBIE THIIBI
JaHHbIX B OHTOJIOTUSAX MpeAnoOYTUTEIILHO HEC
UCIIONIb30BaTh, TaK KaK OHHM OTPa)KalOT HEKOTOpPbIE
OTHOIIEHHS, KOTOpble Ha OHTOJIOTHYECKOM YPOBHE
Jydlle ~ ONMCBIBaTh  SIBHO  JUIA  OJHO3HAYHOH
UHTEpIIpeTanny NoHATHH. Takke B  OHTOJOTHAX
TPaANUIIIOHHO HE UCTIONIB3YIOTCS cpezacTBa
cnenudukamuyn  MetonoB. OmHaKO — OTpaHUYEHUS,
CBSI3aHHBIE C TIOBEJCHHEM OOBEKTOB IPEIMETHOM
obmactd, HeEOOXoauMMO  CcHenu(UIMpPOBaTE © B
OHTOJIOTUH. DTO JENIAeTCsl NMOCPEICTBOM OMPEACIECHHS
TIOHATHH, COOTBETCTBYIOLINX pas3Horo pona
KOPPEISILHSIM XapaKTePUCTHK CYNIHOCTEN M IIPOLIEcCaM.

[Tpouecc KoHIENTYyaM3alUU NpeJAMETHON 00nacTu
HOMHMO ONpe/IeNIeHHs MOHATHI BKJIIOYaeT pa3paboTKy
KOHLENTYaJbHBIX ~ CXEM  HPEJAMETHBIX  00JacTeH,
OTJIMYAIOMINXCS OT OHTOJIOTHH, B TEPBYIO OYepelb,
CBOMM HazHaueHueM [24]. OHu onpenenstoT He NPOCTO
MOHATHA  TPEIMETHOH  00JacTH, a  CTPYKTYpbI
npencTaBiIeHus nHGopMaIm 00 00BEKTaX MPEIMETHBIX
obmacteii W  crmenu(UKANAKA — TOBEACHUS  UIA
MaHUIyIUpoBaHUs  oObekTamu.  OpHako,  eciu
pa3pabOTaHbl OHTOJIOTHH, TO KOHLENTYaJIbHBIE CXEMBI
COCTaBJISIIOTCSL COTJIACHO 3HAHMSAM 00 CYIIHOCTSIX,
3a(l)I/IKCI/lpOBaHHI)IM B 3THX OHTOJIOIUAX. le/IHLll/IHI)I
COCTaBJICHUS KOHLECNTYaJIbHBIX CXEM IPEIAMETHBIX
obJiacTeil Ha OCHOBE OIpEeETICHUI OHTOJIOTHI OIHCAHBI
B [3]. SI3mikoBBIE  cpencTBa  cHenM(HKALUH
KOHLENTYaJbHBIX CXEM  BKIIIOYAIOT  OIpPEAEICHHS
aOCTpakTHBIX  THIIOB  JAaHHBIX, IPEICTaBIIIOIINC
HH(POPMAIIHIO 0 COCTOSIHUT 00BEKTOB u
XapaKTepU3YIOMUXCS Ha0OpaMu aTpUOYTOB, 3HAYCHUS
KOTOPBIX ~ COOTBETCTBYIOT  OMNPEAENEHHBIM  THIIAM
JAHHBIX OT IPOCTBIX CKAISPHBIX 710 OOBEKTHBIX THIIOB U
accormanuii. C TUmaMu M aTpuOyTaMH THIIOB MOTYT
6]>ITI) CBsA3aHBbI MCTaJaHHBIC, OIpeaAC/IAIOIINE ux
COOCTBEHHBIE XapaKTEePUCTUKHU. MHoxecTBa
OIHOTHUIIHBIX O61)€KTOB MOT'YT COCTaBJIATHL KJIACChI.
IToBenenue 00BEKTOB IpeaIMETHON obnactn
BBIPa)KaeTCsl METOJIAMH THIIOB.



JIro6b1e CTPYKTYPHI WM HHPOPMALMOHHBIE OO BEKTHI
1eJecooOpa3Ho  COMpOBOXKIATh MeTanmH(popMmanuen o
TOM, C KaKMMH IIOHATHAMH OHTOJIOTMH OHH CBA3AaHBI,

4TOOBI ¢uKcupoBath ux CEMaHTHUKY u
CHCTEMaTH3UPOBaTh B COOTBETCTBUH C HEH pecypchl,
HMMEIOIINECs B apceHaie HccieoBaTesnen
OIpeeIEHHON IPeAMETHON O0JIACTH.

@dopmanbHOCTE  cHEUM(UKALUM ~ OHTOJIOTHH U
KOHIICTITyaJbHBIX CXEM MPHUHIUIHAAIGHO BaKHA IS
obecrieueHus CEMaHTHYECKOM WHTETpaIiH

WH(POPMAIIMOHHEIX PECYpCOB W BOCIPOU3BOAUMOCTH
[porpamMm HaJi criennpUKanusIMU IPeIMETHOI 00nacTu.
bes  pokasatenpHOro  MOAXOAAa  MCIIOJIB30BAHME
crenuUKaIuil mpeMETHON 00JIACTH MaJI0 OTJIHYACTCS
OT YMO3PUTECJIBHOI'O CBA3BIBAHUA 3JIEMEHTOB CXEM IIpH
UHTErpanuu pecypcoB. DopMaabHOro 00OCHOBAHHUS B
KOHIICTITyaJIbHOM TOAXO/Ie TPEOYIOT TaKue 3aauu, KakK,
HanpuMep:

e  IIPOBEPKAa BHYTPEHHEH HEITPOTHBOPEYMBOCTH
crienuUKaIi OHTOJIOTHH ¥ KOHLIENTYaJ IbHBIX
CXeM MpPEeAMETHON 00JIACTH:

e  KOHTpPOJb HHTEPOIEPaOETEHOCTH
COBMEIIIAEMBIX MJIH 3aMEIaeMbIX
crennUKaIHii;

®  MpOBEpKa COOTBETCTBUS pa3pabaThIBACMBIX
cnenn(UKauii KOHIENTYyaTbHBIX CXeM
3HAHUSAM, OTPaKEHHBIM B OHTOJIOTHH;

e obOHapyxeHHe crienupuKanuit
MH(OPMALMOHHBIX PECYPCOB, CEMAaHTHUECKH
COOTBETCTBYIOUINX CHEUPHUKAIISIM
MPEeIMETHON 00IacTH;

®  TPOBEPKA COOTBETCTBHS UCIIOIb3YEMbIX
MH(OPMALMOHHBIX PECYPCOB crieu(pUKaIIIM
IpeAMETHON 00JIacTH.

Ot BBIOpaHHOTO (hOpMaIM3Ma A3bIKa CIICIIUPUKAIINN
3aBUCHT  BO3MOXKHOCTb MPUMEHEHHS cpencTB
ABTOMAaTHUYECKOI'O BbIBO/IA. B YaCTHOCTH,
JACCKPUIITUBHBIC JIOTUKKW HMCHOJB3YIOTCA B KadY€CTBE
OCHOB JHMAJICKTOB s3bika oHToyiormii OWL. Jlns
creluduKanyii, NPUBOJUMBIX K JECKPUIITHBHBIM
JIOTHKaM, [IEPEYUCIICHHBIE BBIIIE 337a49K PA3PEIUMBbI.

Crenudukanmy B  MOJCNAX, OCHOBAHHBIX Ha
JIOTUKAX, enecoodpasHo MIPEICTABIATh B
VHH(DHUIIUPOBAHHOM BHJIC, B YaCTHOCTH, B IHAJICKTaX
s3pika RIF [17]. Tlomumo mpodero, sizbik RIF moxer
WCIONB30BATECSA  UIA  BBIPDAKCHHS  TPABHI  HaJ
cnenupukamusiva Ha s3pike OWL, d9to mo3Bomser
ompeneniaTs (GopMaibHbIC CHeNU()UKAIIUN TOBEICHHS
00BEKTOB MPEIMETHON 00JIACTH U alITOPUTMBI PEIICHUS
3amad  HampsMylo Hax oHrtonormsimu OWL. B
MyJIBTHIAAIEKTHOW apXUTEKType B 3aBHCHMOCTH OT
ucnoabs3yemelx auanektoB RIF mig paccyxnenuil Hapn
crienupUKaUsIMHU UCTIONIb3YIOTCS COOTBETCTBYOLINE UM
cuCTeMbI BbIBoza [23].

Jig  S3BIKOB, BBIPa3MMBIX B JIOTHKE IIPEIUKATOB
HEepPBOTo MOPsAKA, TE JKE 33/1a4d MOTYT OBITh PEIIEHbI B
MHTEPAKTUBHOM PEXHME NPH MOMOIIN J0Ka3aTelbCTBa
YTOYHEHUS cnenudukanui MporpaMm [18].
YTounstomas cnenuduKanus MOXKET OBITH
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HCIIOJIb30BAHA BMECTO yTOYHsieMOH. B uwacTHocTH, npu
pa3paborke crneunuduKanuii KOHIENTYaJbHBIX CXEM
NpeJIMETHBIX ~ 0o0JacTeld Ha  OCHOBE  OHTOJIOTHH
HeO6XOI[I/lMO, YTOOBI OHTOJIOTUA YTO4YHsAJIACh
cnenupukanusamMu cxeM. i1 000CHOBAaHUS 3TOTO SI3BIK
OHTOJIOTMM M SI3bIK KOHLENTYaIbHBIX CXEM IOJIKHBI
OBITh OTOOpaXEHBI B S3BIK a0CTPAKTHBIX MAIIHH
cHCTeMbI BbIBOJIa B, obecrieunBatoleii 10ka3aTenbCTBO
yrouneHus [19-21]. [Ipu 3TOM MOHATHS, OTIPEACIISIONINE
3aBHCHMOCTH M TPOIIECCHI, 0TOOPaKAIOTCS B OTIEPALINH,
KOTOpBIE IOJDKHBI YTOYHSATHCS OIEpPAllUsIMH THIIOB B
KOHLIENITyalIbHOM  cxeme. JlaHHble O TOM, Kakue
AJIEMEHTBI CXeMbl C(OPMHUPOBAHBI B COOTBETCTBUHU C
IMOHATUAMU OHTOJIOIMH, COXPAHAKOTCA B CXEME B
KauecTBe MeTaJaHHbIX. Takum 00pa3oM, SIBHO
crenuUIUPYETCss CEMaHTHKA 3JICMEHTOB CXEM C TOUKH
3pEeHUS! MOHATHH NPEeIMETHOI 001acTH.

OHTOJIOTHHU M KOHLETITYaIbHBIE CXEMBI TIPEIMETHBIX
obyacteli  pa3pabaThIBAlOTCS W IMOJAEP’KUBAIOTCS
coobmiecTBaMy, pabOTAIOIIUMH B 3THX 00JIaCTAX, TAKIM
o0pa3oM, dYTOOBI OBITH [MOCTATOYHBIMH JJIS HYXKH
Hay4yHbIX rpynn. CpeacTBa U COCTaB KOHIENTYaIbHBIX
crnenuUKauil IpeaMeTHBIX 00JacTell B COOOIIECTBE
HaIpaBJICHbI HA CEMaHTHUYECKYI0 HHTEPOIEepadeTbHOCTh
B3aMMOJICHCTBYIOIINX  KOMIIOHEHTOB,  IIOBTOPHOE
UCIIONIb30BaHHE  HMH(QOPMAIMOHHBIX  PECYpCOB |
BOCIPOM3BOJIMMOCTh IPOTPaMM 32 CYET HPUBSI3KU K
ceMaHTHUKe npeameTrHol obOsactu. [loaTomMy kak Ha
YPOBHE OHTOJIOTHH, TaK M Ha yPOBHE KOHLENTYaIbHBIX
CXEM TPEeIbSBISIFOTCS BBICOKHE TPEOOBaHUS K TIOJIHOTE U
(hopMaTbHOCTH CIICIIH(PUKAIIHAH.

OnennBas HCTIOJIh30BaHUE KOHIIETITY aJIbHBIX
cnenuUKanuii Ha TpUMepe OOJIACTH acTPOHOMUH,
HEOOXOAMMO OTMETHUTh, YTO B paMKax ajbsgHCA
MexnyHapogHOU BUPTYaJIbHOU obcepBaTopun
pa3pabaTbIBalOTCA ~ COOTBETCTBYIOIIHME  CTaHAAPTHI
W3BecTHB! OHTONOTHU [4, 5], OAHAKO OHM CO3JaHBI Ha
OCHOBE Te3aypycoB M HE CoOJepXaT MHOTHX
CYIIECTBECHHBIX MOHATHH WU OTHOmeHMﬁ, KOTOpPbIC
HEOOXOAMMBI sl pabOTBHl  HMCClIeAoBaTeNeil, He
OTPaXKalOT OrPaHMYECHUI COCTOSHHUA M TOBEACHHS
OOBEKTOB, SIBJIEHMH M HAY4YHBIX OKCIIEPUMEHTOB B
mpeaMeTHOH obnactu. Het xopormo ¢popMamn3oBaHHBIX
OHTOJIOTHIA, HAMIPABIIEHHBIX Ha JIOTHYECKUI BEIBOJI.

K koHIenTyansHBIM CIIeII(UKANNAM B aCTPOHOMUH
OTHOCATCS ~ TaKkXke pa3pabaThiBaeMble  CTaHIAPTHI
KOHIIETITyaJIbHBIX CXeM Hambojee oO0mux obiacTei,
KOTOpBIE 3aTparuBalOTCd MPAKTHYECKH B KaXKTOH
ACTPOHOMMYECKOM 3a/1a4e, B YACTHOCTH:

e Space-Time Coordinate Metadata [6] — cxema

CBOMCTB Pa3IMYHBIX CUCTEM KOODP/IHHAT;

e Photometry Data Model [7] — cxema u opmar
cepHaIM3aliy (POTOMETPHUECKOM
HHPOPMALINH, OTIPEACISIONINN Takke (yHKIIHN
KaJHOPOBKH U IIPE0OpPa30BaAHUST MEKIY
pa3HBIMU (POTOMETPUICCKIMHU CHCTEMAMU;

e VOEvent [8] — cxema onncanust HabIIOIa€MBIX
00BEKTOB U aCTPO(UIUUECKHX SIBIICHUIA,
BKJIFOUAOIIAst UACHTU(HKALIUIO 00BEKTOB,
HaOuoateneil, MecTo, BpeMsi U Cpe/ICTBa
HaOJII0ICHUSL.



Cxempl, Kak H OHTOJOTHH MeXayHapoIHOU
BHUPTYaJIbHOW 00CEpBaTOPHH, HE OMUCHIBAIOT OOBEKTH
Hay4dHblE METOABl crHeuupuyeckux obsacreil U, B
OCHOBHOM, HE BKJIIOYAIOT OTPaHMYECHUH 1IEJIOCTHOCTH U
crenuuKaIuil moBeeHust 00BEKTOB.

Konuenryanuzanust HeoOXoaumMa HE TOJNBKO B
Hauboliee o0mImmx olJacTsx, 3aTparuBaeMbIX
ACTPOHOMHEH, TaKUX KaK dhotomerpust u
CIEKTPOCKOMHMS, HO U B OOJIACTSX, MPEICTABIISIONINX
UHTEpeC JUIs 0osiee Y3KMX KPYrOB HCCIIEIOBAaTelNei, a
TAK)KE Ha TPAHHIIE MEXKIY O0JACTSIMH, IJIe Yalle BCEro
BO3HHMKAET COTPYIHHYECTBO HAYYHBIX KOJUICKTHBOB M
MMOBTOPHOE MCIOJIb30BAHUE PE3yIbTATOB UCCIICJOBAHHH.

I[Ipuy o5TOoM BaxHO onmMcaHue Kak OOBEKTOB
UCCIICIOBaHMUA, TaK M METOJOB HCCIENOBaHHUA W
NPOBEACHUS OKCIIEPUMEHTOB B TaKUX O00JacTiX.
Ipororun'  paspaGoTaHHOM  aBTOpaMM  CTarbu
OHTOJIOTUM B OOJIACTH aCTPOHOMHH, OINpPEIeISIOIEH
HEKOTOphle crenuduyeckue 00NacTH Hapsgy C

00MIeyTOTPEeOUMBIMA  TTOHATHUSIMH,
s3pike OWL [9].

MogynbHasi CTPyKTypa OHTOJIOTHH, MO CYTH,
OIMCHIBAET B3aUMO/ICHCTBYIOIME PEIMETHBIE 00IaCTH
B pamkax actpoHomMuu. OHa BKIIO4YaeT 00JacTH,
orpezieisieMble  pa3HbIMU OOBEKTAMH HCCIICAOBAHUS,
MeToJlaM1 HaOJIIOJIEHUS] U MOAEIMPOBAHUS, TTOAX0AaMH
K HCCIIeIOBaTEeNbCKOMY Hpolieccy B nenoMm. [lo mepe
pacuMpeHust 3aTparuBaeMbIx obJjiacTei W Kpyra 3anad,
pernaeMbIx B3aUMO/ICHCTBYIOIINMHU rpynnamMu
nccienoBaTesell, B OHTOJIOT MY Pa3BUBAIOTCS PAa3IIMUHbIC
MOJTYJIH.

IpEACTAaBJICH Ha

Paspabotana oHTOMOTHS mNA  CHEHU(UKAINH
HAYYHBIX IKCIEPUMEHTOB, (hopmupyromast
MEXKIUCIUIINHApHbIE ~ OasucHble  moHsATHsA.  OHa

BKJTFOYAET: 1) OHTOJIOTHIO XapaKTEPUCTHK H3MEPEHHH
00BEKTOB HCCIIEJOBAHUS, BKIFOYAIONTYIO TAKHIE TOHATHS
KakKk C€JIWHUIbI H3MepeHldl>i, MOrpC€IHOCTH, 3aKOHBI
pacmpesneneHus 3HauY€HUM M Apyrue; 2) OHTOJIOTHIO
B3aMMO3aBUCUMOCTEN U3MepeHui 00BEKTOB,
HEOOXOAMMYIO JUIA BBEACHUS IMOHSATUHHOTO arapara
Ui crueuupUKAIlMA  TIOBEIACHUS  OOBEKTOB U
BKJIIOYAIOIYIO MOHSITHE KOPPEJSIUUU U3MEPEHHUM U €ro
MONMOHATHUS, OINpPENEILIIONINe TOHATHA  (YHKIUH,
METOJ1a, 3aKOHA, TUIIOTE3bI U IPYTHE.

PaccmoTpuM HekoTOphIe crielU(PHUKANNN Ha S3BIKE
OWL. B 4yacTu OHTOJIOTHH, OMPEAEISIONIEH MOHATHS,
HCTIOTB3yEeMBbIE JUTS MIPOBEACHUS HaYYIHBIX
SKCIIEPUMEHTOB, OIPENENEeHBl HECKOIBKO MOIYJIEH.
Cpenu HUX MOJYJb, COACPXKAIIMN Oa30BBIC MOHSATHS,
OTHOCAIIUECA K UBMEPCHUAM IMMapaMETPOB UCCIICAYCMBIX

00BEKTOB, BKJIFOYAET TIOHSITHE N3MEpeHust
(Measurement), CBSI3bIBAEMOE c 00BEKTOM
HCCIIEOBAaHUS (AstrObject) OTHOILLEHUEM
isMeasurementOf, TOHATHS 3HAYCHHUH IAapPaMETPOB,
€ IUHUL] HU3MEPEHUH, TOYHOCTH HU3MEpEHUH,

XapaKTepU3yeMOM CTATUCTUUECKON U CUCTEMAaTUYECKOM
OImrOKaMHu.
Class(Measurement

restriction(hasValue

! http://ontology.ipi.ac.ru/ontologies/astront/
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allValuesFrom(Value))
restriction(hasUnit
allValuesFrom(MeasurementUnit))
restriction(hasError
al lValuesFrom(MeasurementError)
maxCardinality(1))
restriction(isMeasurementOf
allValuesFrom(AstrObject)
maxCardinality(1)))
Class(MeasurementUnit
restriction(hasScaleFactor
allValuesFrom(ScaleFactor)
maxCardinality(1))
restriction(hasProjection
allValuesFrom(ScaleProjection)
maxCardinality(1)))
Class(MeasurementError
restriction(isErrorOf
allValuesFrom(Measurement)
maxCardinality(1)))
Class(StatisticalError
partial MeasurementError)
Class(SystematicError
partial MeasurementError)
Class(Vvalue
restriction(isValueOf
allValuesFrom(Measurement)
maxCardinality(1)))
ObjectProperty(isValueOf
domain(Value)

range (Measurement)

inverseOf(hasValue))
ObjectProperty(isMeasurementOf

domain(Measurement)

range(AstrObject)

inverseOf(hasMeasurement))
ObjectProperty(isErrorOf

domain(MeasurementError)

range(Measurement)

inverseOf(hasError))

Monyns acTpOHOMHYECKHX OOBEKTOB OIPEICIACT
TTOHATHS, CBSI3aHHBIE C XapaKTEPUCTUKAMU, OOIIINMHU IS
MIPOU3BOJIBHBIX aCTPOHOMHUYECKHUX 00BEKTOB.
Crienmudukanys MOHATHS aCTPOHOMHYECKOTO OOBEKTa
(AstrObject) BriIIOYaeT CBSI3M C JPYTUMH HOHATHSIMH
OHTOJIOTHH: €r0 KOOpAUHATAMH, U3MEPEHUAMH Pa3HOTO
pona pU3MIECKNX MapaMeTPOB, CBA3BIO C COCTABHBIMH
00bEKTaMH, K KOTOPBIM IaHHBIH OOBEKT IIPHUHA/IJICHKHT B
KayeCTBE KOMIIOHEHTA, U APYIrUMU:

Class(AstrObject
restriction(hasldentifier
allValuesFrom(ldentifier))
restriction(hasCoordinate
allValuesFrom(Coordinate))
restriction(inEpoch
allvValuesFrom(Epoch)
maxCardinality(1))
restriction(hasMeasurement
allValuesFrom(Measurement))
restriction(hasMorphology
al lValuesFrom(Morphology)
maxCardinality(1))
restriction(hasProcess
allValuesFrom(Process))
restriction(isComponentOf
allValuesFrom(CompoundObject)))

OHTOJIOTHYECKHI MOJyJIb, ONUCHIBAIOIINN
MPEIMETHYI0 O00JIACTh 3BE37, BKIIOYACT IOHATHE
3Bé3nHoro o6wekra (StellarObject) kak TouyeyHOM
CYyIIHOCTH B [amakTuke, CaMOCTOSTENBHOIO WU

SABJIAIOIIECTOCA KOMIIOHCHTOM COCTaBHOI'O 06’LCKTa,



MOHATHE 3Be3bl (Star) Kak OJWHOYHOTO 3BE3THOTO
00beKTa, TIOHITHE KpPAaTHOM 3Be3Abl KaK 3BE3THOTO
00BEKTa, COCTOSIIEr0 W3 KOMIIOHEHTOB, a TaKXKe Psi

crienupUIeCKX MOHITHI XapaKTEPUCTHK 3BE3A:
Class(StellarObject
partial AstrObject
restriction(hasMorphology
hasValue(PointObject)))
Class(Star
partial StellarObject)

KoHkpeTrHble BUIBI U3MEPEHUN ONPEIENSIOTCS Kak
TIOJTIOHSTHS MOHATHSA Measurement B
CIELUATN3UPOBAHHBIX MOLYJISIX OHTOJIOTHH, B KOTOPBIX
OHM  HCTIOJB3YIOTCS. Monaynb — acTpodHU3HMUECKUX
HapaMeTpoB AaCTPOHOMHYECKHX OOBEKTOB COJIEPIKUT
o0rme QU3NYECKUEe XapaKTEPUCTUKA OOBEKTOB, TaKHE
KaK TeMIleparypa, Macca, pa3Mephl, CBETHMOCTb. B
YaCTHOCTH, Macca SIBIISIETCSl OOILIeH XapaKTepHCTHKOM
ACTPOHOMHYECKUX OOBEKTOB!

Class(Mass
partial Measurement)
IIpencraBum cebe TIOHATHE  MacChl  3BE3MIBI

(StarMass), siBrsito1IeeCs MOATIOHSATHEM MTOHATHS Macca
(Mass). OHO uCHONIB3yeT TMOHATHS DPa3HBIX MOJIYJIEH,
OorpaHn4uBasd TUIT OITMChIBACMbIX CyIJ.[HOCTeﬁ KakK SBé3IU)I
W OIpezenss B KaueCTBE EAMHHUIBI M3MEpEeHHs Maccy

Connua.
Class(StarMass
partial Mass
restriction(isParameterOf
allvaluesFrom(Star))
restriction(hasUnit
hasValue(SunMass)))

IIpu nepexone OT OHTOJOTMM K KOHLENTYaJbHOU
cxeMe HeoOXoauMo CGhOPMHPOBATH CTPYKTYPHI LIS
npejcTaBicHus HHGopMaru 00 00beKTax MPEIMETHOM
obsactu. B MynbTHIMAIEKTHONH apXUTEKType MOMHUMO
cnemudukanuii OWL wucnonssyercs si3pik CUMHTE3
[10] nnst  peanu3zauMu Ha OCHOBE IPUMEHEHHS
MpeIMETHBIX HocpegHukoB. B To Bpems xak OWL
SIBIIICTCSI Pa3PEITUMBIM S3BIKOM [UIS 321291 BKITFOUCHHUS,
s s3pika  CMHTE3  oTpaboTano oka3aTelhCTBO
YTOYHEHU crienudukanuii. B mpencraBieHne Ha sS3bIKe
CHUHTE3  Takxke  Moryr OBITB  OTOOpa)XECHBI
cnennpukamun B amanekre RIF  BLD. Takxxke
paszpaboraHo otoOpakenue s3bika OWL B  s3BIK
CHUHTE3 [11].

[Mpumep cneuudukau KOHIENTYaIbHONH CXeMBbI Ha
a3pike  CUHTE3, mocTpoeHHOH B COOTBETCTBHH C
OHTOJIOTHYECKOH cneuuduKanuen, omnpenenser
CTPYKTYpY HpezacTaBiieHus: MH(popMmanuu o 3BE3nax c
aTpuOyTOM, XPaHSIIUM MaccCy 3Be3][bl H METaJaHHBIMH,
OTIPEeNIeIAONINMA EAUHUIYY e HM3MEpeHHs B Maccax

CouHna:
{ Star;
in: type;
crd: Coordinate;
mass: Float;
metaslot
in: measurement;
hasUnit: SunMass;
end

}

Crierndukanuy KOHIENTYadbHBIX CXeM TpeOyroT
TaKXKe ONpeAeNieHHs MeTomoB U (¢yHKuuil. Takue
crnenuuKaul  POPMHUPYIOTCS B CXEME Ha OCHOBE

MOHATUH OHTOJIOTHH, ONHCHIBAIOIINX 3aBHCHMOCTH
XapaKTePUCTHK OOBEKTOB, a TAK)KE MIOHATHI MPOLIECCOB.
OHH paccMaTpUBAIOTCS B CIEIYIOLIEM pa3Jielne.

3 Opranuszanus KOJJIEKIIMA HAYYHBIX
JaHHBIX U METOJ0B

CeromHs aKkTUBHO  Pa3BUBAIOTCS  OMOIMOTEKH
METO/IOB B CIeLHATM3UPOBAHHBIX obnacTax
WCCIEeOBaHUH B aCTPOHOMHH, B HH(PACTPYKTypax
COBMECTHBIX HCCHC[{OBaHHﬁ, rage noMuMO JOJaHHBbIX B
JOCTYTI HCCIIEI0BATEIILCKOMY co00ILIeCTBY
MPEIOCTABIISIIOTCS BCEBO3MOXKHBIC CEPBHCHI, a TaKKe
CPeICTBa WX IOWCKA W OIUCAHUSA JUIS TPABHIEHOTO
HCIIOJIH30BAHUS.

OnHOWl W3 TMEPBBIX CHUCTEM, MPEAOCTABIISIONINX
TEXHOJIOTHH sl  paboTel coolmecTB B 00JacTu
actpoHomun Obuta cetb  AstroGrid [12]. Omna
MpeCTaBisuia CO00M HMHPPACTPYKTYPY Ui PELICHUs
3aja4 BUPTYaJIbHOW 00CEpBATOPUM M COCTOSJIA W3
MHOXECTBAa  Y3JIOB, COJCPXKAIIUX BCEBO3MOXKHBIE
CEpPBUCHI U pecypchl. Apxutekrypa AstroGrid Bkirouana
peectp, MPEACTABISAIONIMNA ~ CO0OW  KOJUICKIHIO
METaJaHHbIX, OIUCHIBAIOLINX PECYPCHI, KOTOPLIE MOT'YT
HCIIOJH30BATHCS MPH PEIICHUH 3a7ad. JTO IMO3BOJISIIO
OpPTraHU30BaTh MOUCK JOCTYITHBIX KOJUICKIIUH NaHHBIX H
METOJIOB TI0 MeTaJaHHBIM. [IpOeKT OBUI 3aKpHIT, B
MEPBYI0 OuYepe/ib, 10 MPHUYMHE MEUICHHOTO Pa3BHUTHSI
cetu. OpraHu3anus y3JI0B CETH OKa3alach CIOKHOU JUIst
LIMPOKOTO  PACIPOCTPAHEHHST B  ACTPOHOMHYECKOM
cooO1ecTBe.

IIpoext WF4Ever [13] HampaBieH Ha coXpaHEHHE
pE3yJIbTATOB HAYYHBIX MCCIIEIOBAHUI HaJ AaHHBIMH, C
9TOW MENbI0 pa3paboTaHbl CpPEACTBA KYPHPOBAHUS
00BEKTOB HCCIICIOBAHUSI KaK KOMIUICKCHBIX OOBEKTOBR,
BKITIOYAIOINUX JOKYMEHTHI, JTaHHBIC, CEPBHCHI, MOTOKU
pabor. B pamkax 3TOro e IpPOEKTa pa3BUBACTCS
oubnuoreka cepBucoB [14], KOTOpbIe 00ECICUMBAIOT
JOCTYIl K CYLIECTBYIOIIUM acTPOHOMUYECKUM BeO-
CepBUCaM M K J@HHBIM KaTaJOroB, MpeoOpa3oBaHuUE
MEXy Pa3HbIMH CTAHAAPTHBIMH MPEJCTABICHUAMH H

MaHUIYJIMPOBaHUWE TaOJMIIAMH TPU  COEJAWHECHUH
pa3HbIX MCTOYHUKOB [aHHBIX, M HCIOJB3YIOTCS B
KadecTBE DJJIEMEHTOB IIOTOKOB paboT. bubmmoreka

HOJIy4YunJia IPU3HAHUE HAYYHOTO COOOIIECTBA, B IIEPBYIO
oyepelb, 3a CYET MPOCTOTHI IMOCTPOEHHS IPOLECCOB
00paboTKM JaHHBIX 0€3 MPOrpaMMHUPOBAHHSI.

B mpoexkte EUDAT [22] craBurcsa 3anava
MOCTPOEHU HMH(PACTPYKTYPHl JOCTYHa K HAyYHBIM
naHHbIM. CeMaHTHYECKHE MOIXO0bl K €€ OpraHu3aluu
BKIIIOYAIOT  BEJICHHE  PEIO3UTOPUEB  CIIOBApEH,
BKJIIOYAIOIUX TEPMHUHBI HIMPOKOrO Kpyra Hay4HBIX
obmacreit. IlommMo cnoBapeit oOmiero Ha3HAYEHUS,
OTIPE/ICTISIONINX TAKUE aTPUOYThI KaK HAa3BaHUE, aBTOPBI,
Hay4Has JUCUMIUIMHA, ONPEACNSAIOTCS — UepapXuu
TEPMHHOB, HMMEHYIOIIMX Hay4yHble JUCLHIUIMHBI,
Hay4dHble MeTOAbl U 00beKkThl. Creundpuueckue s
OPEJMETHBIX O00JIaCTe cloBapu pa3pabaThIBAIOTCS

Hay4YHbIMU COO6III€CTBEIMI/I. Ot OIIMCaHuA
HCIOJB3YIOTCA JId  OpraHu3alniun I/IH(I)OpMaL[I/IOHHO-
IIOMCKOBOM CUCTCMBI, O6eCH€‘1HBaIOHI€ﬁ IIOUCK



peneBaHTHBIX 3ajzade cepBucoB. Ilomck  mMoxer
MIPOU3BOANTHECS OJHOBPEMEHHO IO TEPMHHAM Pa3HBIX
clioBapeil Ha MepeceueHHM HCCIeOBaHUN pa3HbIX
Hay4uHbIX cooOuiecTB. EBpormeiickas BupTyanbHas
oOcepBaTopusi IpeACTaBlieHa B MPOEKTE KaK OJHA M3
obJlacTeil ucciae0BaHus, U €€ peleHns] CPaBHUBAIOTCS
c noaxogamu EUDAT.

B Omkaiimeid nepcriekTuBe B 00J1aCTH aCTPOHOMUH
MOSABATCS MCTOYHWKM JIaHHBIX, OOBEMBI KOTOPBIX
HaMHOTO TIPEBBIMIAIOT CErOAHSIIHUE. Takue ITPOEKTHI
KaK MHUPOKOYronsHBIN Teaeckon LSST u kocmuueckas
obcepBatopus Gaia OyoyT T€HEpHPOBaTh MOTOKOBBIE
JNaHHble HaOmoneHud. Jlns wx o0paboTku 3apaHee
TOTOBSITCS ~ KaHANIBl Iepefavyd JaHHBIX Uil HX
JIOKANU3alliM B MecTax MCCIEOBAHUM, PpeIIaloTCs

BOIIPOCBHI AOCTYyIIa K HAJAaHHBIM Pas3jiMdHbIX HAay4YHBIX
YVUPEKICHUH, a TaKKe pa3pabaThIBaIOTCS
OOIIEIOCTYITHBIE CpeACTBA OOpabOTKM JTaHHBIX |

cpeacTBa ux 3¢ dexTuBHOrO Moucka [15].

Hdus  >ddexTnBHOrO  B3aMMOAEWUCTBUS  BHYTPH
cOO0IIeCTBa, MMEIOUIEr0 JOCTYN K JaHHBIM, M BO
n30ex)aHue TOSABICHUS MHOXXECTBO Pa3pO3HEHHBIX
paboT Koomepamusi HCCIAeNoBaTeNed B MOJOOHBIX
MIPOEKTaX MJOJKHA OCHOBBIBATBCS HA O0ECIEYCHUH
JOCTyma K pa3paboTKe IUIaHOB  HCCIIEJOBaHMH,
CIeLMaNTU3UPOBAHHBIM METOAAM U pe3yiIbTaTaM aHalIu3a
JnaHHbIX. Takum 00pa3om, MOMHUMO HaKOIUICHHUS JaHHBIX,
HEOOXOJMMO  HAKOIUIEHHE  JIOCTYIHBIX  METOJOB,
QITOPUTMOB M MHCTPYMEHTOB 00paOOTKH, TOTOBBIX K
MIPUMEHEHHUIO Haj OOJIBIIMMH MAacCHBaMH JaHHBIX.
Konuenryanuzanus npeaMeTHOH o0iacTh B paMKax
cOO0IIecTBa M CEMaHTHYECKHE ITOAXOMABI IO3BOJISIOT
CHCTEMaTH3UpOBaTh METOABI NPEIMETHOH obsiacTu B
uccuenoBaTenbckux HH(pacTpykrypax. W HayuHble
JaHHBIC, ¥ HAyYHBIE METOIBl CBS3BIBAIOTCS  CO
crienu(pUKaUsIMU TPEIMETHBIX 00JIacTel, K KOTOPBIM
OHHU OTHOCSATCH.

Bo Bcsikoil mpenmeTHOW 00JacTH HaKarjIMBaKOTCS

3HAHUS u 3aKOHBI MpeIMETHON obnacry,
crienuduyeckue METO/IBL, HarpaBJIeHHbIE Ha
oIpenenEHHbIe BUJIBI aHanmsa CYILIHOCTEH,

¢urypupyromumx B IpeaMeTHor obmactu. Ilomumo
9TOT0, MJOJDKEH OBITh JIOCTYNEH IIMPOKUH KpyT
AQHAJIUTHYECKUX METOJOB W HWHCTPYMEHTOB OOIIETO
Ha3HAYCHUs], IPUMEHSIEMBIX BHE PaMOK clienn(prIecKoit
npeaMeTHol obOsactu. K TakumM MeTojamM OTHOCSTCA,
HalpuMep, YHCICHHBIC, CTATUCTUYECKHE METOJBI,
METO/Ibl MALIMHHOTO O0YYEHUs U IpyTHE.

B pamkax OHTONOrMYECKHUX MOJEINIEH, TPaAULIUOHHO
HC HUMCHOIIUX CpPEACTB cneumpnxauun METOOOB,
KOHIICIITyaJIn3anus TIOBCACHU O6"beKTOB MOXET
OIIPEETATHCS HOHITUSIMH, OTPAXKAIOIINMH 3aBHCHUMBIE
XapaKTEpPUCTUKH OOBEKTOB M mpouecchl. OmHUM U3
Moxmynell pa3pabaThiBaeéMOW  OHTOJOTHH  SIBISICTCS
MOJYJb, OTIPEICTISTIOLINN B3aMMO3aBUCHMOCTH
mmepernnit. [lon norstaem xoppemsmuu (Correlation)
M0Jpa3yMeBacTCsI KOp ey oTpeenEHHBIX
MapaMeTpoB H3MEPEHHs y OOBEKTOB IPEIMETHOH

obnactu:
Class(Correlation
restriction(isCorrelationOf
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al lValuesFrom(Measurement))
restriction(hasRegression
allValuesFrom(RegressionFunction))
restriction(hasRMSDeviation
al lValuesFrom(RMSDeviation))
restriction(isCausal
allValuesFrom(TruthValue)))
Class(Hypothesis
partial Correlation
restriction(explains
allValuesFrom(Phenomenon))
restriction(derivedFrom
al lValuesFrom(Hypothesis))
restriction(competesWith
allValuesFrom(Hypothesis))
restriction(hasProbability
allValuesFrom(Probability))
restriction(hasPValue
allValuesFrom(Probability))
restriction(hasQuality
allValuesFrom(TruthValue)))
Class(Law
partial Hypothesis
Restriction(hasQuality

hasValue(True)))
IlocpencTBoM TNOHATUH Ha YPOBHE OHTOJIOIMH
JIEKJIapaTUBHO  OIMCBHIBAKOTCS  HAy4yHbIE  METOJBI,

TUIIOTE3bI, 3aKOHbI, MOJIEJIH, IIPOLIECCHI, IKCIIEPUMEHTHI,
CBSI3aHHBIE C XapPaKTEPUCTUKAMU OOBEKTOB MPEIMETHOM
obnactu. IloHsATHE rHMIOTE3BI ONpenensercs Kak
Pa3sHOBHIHOCTb  CTaTUCTHYECKH  MOJTBEPKIAEMbIX
Koppessiiuii. JIsi cTaTMCTHYeCKOro IOJATBEPKACHHS
THIIOTE3, C  OJHOH  CTOPOHBI,  HCIIOJIB3YETCS
MOJIETTMPOBAaHKE, 00ECIICUNBAIOIIECE HX MATEMAaTHYECKOE
OIMCaHME, a C JPYTrod CTOPOHBI, — AKCIIEPUMEHT IUIs
CPaBHEHUS PE3YJIbTaTOB MOJCIUPOBAHUS C JaHHBIMH
HAOIOACHNS 0OBEKTOB HCCIIEYEMBIX OOBEKTOB.

[loHATHA HAy4YHBIX METOJOB, 3aKOHOB M THUIIOTE3
ONPEJICTSIOTCS.  Kak  [MOJNNOHATUS  KOPPEJSLUH
U3MEpPEHUN C YyKa3aHUEM OIPAaHUYECHUN KOHKPETHBIX
3aBUCUMBIX BEJIWYMH. VX MOHATHHHOE ONHCaHUE HE
3aBUCHT OT KOHKPETHBIX peaM3alii U MpeICTaBICHHH,
Oynp TO Tabmui 3HaYeHUH wiIM  KoddduIMeHTOoB,
TOYHBIX  MaTeMaTH4eckux  (opmyl, byHKIMH
pacripeiesieHus, TporpaMM WM JAPYTMX BO3MOJKHBIX
CHIO0COOOB OTIHCAHHS.

Paccmorpum  crienuduKanuu  KOHIENTYalH3aLuH
TUIIOTE3bl HAYaJIbHOM (YHKIMH MacCc B COCTaBe
besanconckoii mozaenu [amaktuku [25] Ha oOCHOBe
OHTOJIOTMYECKHX CIeUPUKAINN TPeIMETHON 00nacTu,
NpUBEACHHBIX BBIIIE. OJTa TUIOTE3a CBA3aHA C
NPEINON0oKEHHEM O  JOCTaTO4YHO  MOCTOSIHHOM
pacnipefieieHuy 3BE3Jl pa3HOM Macchl B HEKOTOPOM
OrpaHHYeHHOM 00BEMe TpocTpaHcTBa [ alaKkTHKH.
Hdpyrumu CJIOBaMH, THIIOTE3a npearosaraer
3aBUCHMOCTh KOJHMYeCTBa 3BE3AN OT HMX MacChl B
(uKCHPOBAaHHOM O0O0BEME TPOCTPAHCTBA, KOTOPOMY

TIPUHAUIEKAT 3TH 3BE3/IBL:
Class(InitialMassFunction
partial Hypothesis
restriction(isCorrelationOf
ObjectSomeValuesFrom(StarMass))
restriction(isCorrelationOf
ObjectSomeValuesFrom(
intersectionOf(
Quantity
restriction(hasElement
allValuesFrom(Star))))))



Ha ocHOBe OHTONOTMH KOJUIEKIMH Ppa3IHYHBIX
peann3anuii METOJIOB MOTYT OBITH CHCTEMAaTH3UPOBAHEI
M0  pasiuYHbBIM  TpPU3HAKaM, COOTBETCTBYIOIIUM
TOHSATUSIM ~ OHTOJIOTHH:  HCCIEAyeMbIM  OOBEKTaM,
XapaKTEePUCTHKAM 00bEKTOB, CBOUCTBAM, 3aBUCUMBIM OT
JMAHHOM XapaKTePUCTUKH, W3BECTHBIM MeETOAaM |
rurnoTe3am U qpyruM. COOTBETCTBEHHO, IO JTH000MY H3
TaKuX MIPU3HAKOB HCCIIeI0BATENSIMU MOXET
MIPOM3BOAUTECS TOWCK CYHICCTBYIOIINX peaNTn3alnit
HAYYHBIX METOZOB JJISI KX TIOBTOPHOTO UCIIOIH30BaHUS.

4 CpeacrTBa npoBeieHUs1 HAY4YHbIX
IKCIIEPUMEHTOB

[IprMeHeHHEe METOIOB, COOpaHHBIX B KOJUICKITUH,
IMpH  HWCCIEAOBAaHMAX B  MpEeOIMETHOW  obxactu
MPOUCXOMUT B COOTBETCTBHH C OIPEHCIEHHBIMHU
cueHapusaMu. Tak, aBTOMAaTHU3UPOBAHHBIA  3aIlyCK
aHaJIM3a JaHHBIX MOXET MPOMCXOJUTH MPH TOSBICHUU
JJaHHBIX ~C  ONpENeNEHHbBIMH  CBOWCTBAMU  WJIU
OTIPEJICNIEHHOTO THIIA JJisi OOoTamieHus] JaHHBIX 00
00BEKTax OTpeIeIEHHBIMU XapaKTepUCTUKAMU,
KOTOpre B CBOHO Oqepem) MOFyT HUCIIOJIB30BAThCA AJIA
JNaJbHENIINX UCCIIEOBAHUM.

Meroguka wucciaeAOoBaHUS OOBIYHO COCTOUT M3
OIPENIEIEHHBIX Iar0B, BKIIIOYAOIIUX OYHCTKY U aHAIIN3

JIaHHBIX, [IOCTPOEHHE Hay4HBIX TUIIOTE3,
MOJICTUPOBAaHNE B COOTBETCTBUU C THIIOTE3aMHA U
MPOBEpPKYy MoOJeNell Ha  JaHHBIX  HAOIOJCHHU.

OKCIIepUMEHTH HaJa JaHHBIMH (OPMYIHUPYIOTCS Ha
OCHOBE CO3[aHHMs HOBBIX METOJOB M IIOBTOPHOIO
HCIIOJIb30BAaHMS CYIIECTBYIOIIMX Pean3alyii METOO0B B
criennUKaIMAX IIOTOKOB PadoT.

WudpactpykTyphl IOIEPIKKU HAYy4YHBIX
UCCIIeZIOBAaHNUH, TOMUMO BO3MOXKHOCTH HCIIOJIb30BAHUS
KOJUIGKIMA JaHHBIX M pealn3aluidi METOJO0B B

OHpe,HCJ'IéHHBIX MPEAMETHBIX O6J'[aCT$IX, JOJIKHBI
COACPKATh CpeacTBa MMpOBEACHUA HAay4HBIX
OKCIIEPUMECHTOB. B YaCTHOCTH, 9TO KacacTcsa

BO3MOXKHOCTH (DOPMYJIUPOBAHMS U POBEPKH HAYYHBIX
THITOTES.

Hcnonb30BaHue KOHIENTYAIbHBIX CHELU(pHUKALUIA
1pH GOPMYJIMPOBAHUH U TECTUPOBAHUH THIIOTE3 aET Te
’KEe [PEeUMyIecTBa, 4YTO W TPH  yNPABICHUH
KOJUJICKIUAMU METOA0B U PCHICHNU HAYYHBIX 3a/1a4 Hall
HHUMH.

Ha ypoBHe KOHUIENTyalbHBIX crHeuuduKanui
MOHATUSAM METOAOB U 3aKOHOB U TCHIIOTE3 IPUBOJATCS B
COOTBETCTBHE MeTOAbl W mpaBwia. Crnenuduranuu
OrpaHUYEHUI MOHATUI 3aBHCHUMBIX BEIUYNH
YTOUHSIOTCSL ~ TPENYCIOBHAMH W  ITOCTYCIOBHSMH
METOJIOB.

Tak Ha OCHOBe 3HAaHWH, CHEIU(PUIUPOBAHHBIX B
MOHATHH,  OINHUCHIBAIOUIEM  THIOTE3y  HAadalbHOU
(YHKIMHM Macc MOTYT OBITh CO31aHbI a0CTPaKTHBIE THIIBI
JaHHBIX KOHHeHTyaJ’leOﬁ CXCEMBI JId MOACTINPOBAHUA U
NpPOBEPKH TUNOTE3. TUIl OyJeT BKIOYATh ONpeaeIeHue

uHTepdeiica dyHKIMH c napaMmeTpamu,
COOTBCTCTBYIOIIUMH  OTHOIICHHSM B TIOHSATHH
3aBHCHMOCTH.
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{ IMF;
in: type;
supertype: Hypothesis;
draw_mass: { in: function;
params: { +mass/Real, —quantity/Real } };

Ecnu B OHTOJIOTUYECKOM cneuduKanyn
OIIPEIETSIIOCH HalpaBJieHne 3aBUCUMOCTH ((yHKIuS), B
COOTBETCTBUM C HUM ONpPENENAIOTCS U BXOAHBIE U
BBIXOZIHBIE TapameTpel. VHade BBIOOp HAaIpaBICHUS

omnpeeNsieTcss Hy)XKIaMu — pelaeMod  3azaud. B
MIPEAYCIOBUH U TIOCTYCIOBHH (DYHKIMU ONPEACISIOTCS
OTPaHWYCHUS, COOTBETCTBYIOIIUE OHTOJOTMYECKUM

OIMPCACIICHUAM. OI’paHI/I‘IeHI/I}I B OHTOJIOTHUH, CBA3aHHBIC
C U3BMCPCHHUAMU, CIAUHULAMH MSMGPCHHﬂ, TOYHOCTBIO

U3MEPEHHUI, TOMOTralT CGHOPMHUPOBATH CTPYKTYPY
METaJIaHHbIX JUIsI COMpPOBOXKJEHUS HW3MEpPEHUil B
KOHLIETITYaJIbHOM cxeme. Taxkum o0pazom,

KOHILIENTYyaJbHbIE CHEUU(PHUKALNN NTPEIMETHOH 00IacTH
HCHOJB3YIOTCS JUISl MOJACIUPOBAHUS 3aKOHOMEPHOCTEHN
["anakTuKK U KCCIIETOBAHUS MOJEIIEH.
[IpencraBneHHBIN aOCTPAKTHBIN THIT JAHHBIX MOXKET
OBITh  peann30BaH  Pa3HBIMH  CIIOCOOAMH LIS
OpraHM3ali TpoBepKu runote3bl. CyliecTByromye
peanuzanyu MOJENEH, COOTBETCTBYIOIIMX THIIOTE3E,
MOTYT OBITb HaWAEHBI B KOJUIEKIMM METOZOB IO

OHTOJIOTMYECKUM  omnucaHusM. sl  KOHKpETHOU
peanuzanuu OIIpeneNsaeTCs MIOJTHIL JIaHHOU
crenuduKauy.

C napyrodl CTOPOHBI, Ta € CIEHU(pHUKAIHS THIIA
WCIOJB3YeTCs JJI TMPOBEPKH THUIOTE3bl HAa JTaHHBIX
SKCIEPUMEHTOB. J[JIs1 3TOTO UCHONB3YIOTCS JaHHBIC W3
MHOXECTBA MCTOYHHMKOB, KOTOPbIE WHTEIPHPOBAHbI B
KOHIIETITyaJIbHYIO CXeMy IpeaMeTHo# obmactu. [Togtun
BBILICTIPUBEIEHHON CreU(UKAIMA CTPOUTCS TaKUM
o0Opa3oMm, dYTOOBI MO BXOJHBIM MaHHBIM IOJy4aTh
JIaHHbIE HAOJIOJICHUS,, COOTBETCTBYIOIINE BBIXOJHBIM
napameTrpaMm. IIpoBepka THIIOTE3bl HPOU3BOIUTCS C
TIOMOIIBI0 CPABHEHHUS PE3yJIbTATOB MOJCIUPOBAHUS C
pe3yibTaTaMu, IOJYYCHHBIMH Ha JAHHBIX PEalbHBIX
HMCTOYHHKOB.

Peanmszanuss Mozpeneid M OKCHCPUMEHTOB MOMKET
HCIIOJIh30BATh IOCTYITHBIC METOIBI O0IIEro Ha3HAYCHUS,
TaKMe KaK METOJbl MAIIUHHOTO OOYYCHUS WM
YKCIIEHHBIC METO/IbI, OJIHAKO CIIeIU(UKAIIMU OHTOJIOTHI
U CXEM, MPUHSITHIX B COOOIECTBE, OT HUX HE 3aBUCSIT.

D¢ddexkTuBHOCTE  HCCICHOBAHHMN,  IMPOBOIMMBIX
CO00IIIeCTBOM MPEAMETHOM 00J1aCTH, 3aBUCUT HE TOJIBKO
OT JOCTYIHOCTH JaHHBIX HaONIOJCHUS, peaau3aluii
METOZOB M MOJENel, HO TakkKe OT IUIAHUPOBAHUS
JKCIIEPUMEHTOB, B KOTOPOM YYHUTBIBAIOTCS
OHTOJIOTMYECKHE 3HaHMs 00 H3y4yaeMbIX OOBEKTaX H
B3aMMO3aBUCHMOCTSAX MX XapaKTCPUCTUK (THIIOTE3aX U
3aKOHAaX).

Konnenryansaple crnenudukamud  MOTyT — OBITH
HCIIOJIb30BAThCS MPH FeHepaly runote3. ['eHepanus Ha
OCHOBE [MOWCKA KOppelsiiuii B JaHHBIX Tpedyer
MIPOBEPKHU CEeMaHTHYECKOI0 COOTBETCTBHS
KOPPEJIHPYIOIIUX MapaMeTpoB 00bekToB. He cBsi3aHHbIe
JPYT C OPYroM XOoTsi Obl OMOCPEOBAaHHO MapaMeTphbl B
cnenuUKaUsIX  MOHATHH C  MEHBIICH  JIOJICH
BEPOSTHOCTH PACCMATPUBAIOTCS KaK KOPPEIUPYIOIIHUE.



Ilpu B3auMoOJEWCTBUM pPa3HbIX THUIOTE3 B OJHOU
MOJIENH  B3aWUMHOE  BIHAHHE WX  I1apaMeTpoB,
YYacCTBYIOIIUX B T'HUIIOTE3aX, MOXKET 6I)ITb YUYTCHO Ha
OCHOBE 3HAaHWUW OHTOJIOTMU O 3aBUCUMOCTH JAPYT OT
Jpyra pasHbIX H3MEpeHud. DT 3aBUCUMOCTH MOTYT

OBITH HCCIICAOBAaHbl W HX pealn3alun HaﬁﬂeHLI
noCpeaACTBOM CEMAHTHUYCCKOT'O IIOUCKa C
HUCII0JIb30BaAHUEM OHTOJIOI'MH. OFpaHI/I‘{CHI/IH

KOHILIENTYaJBbHBIX CXEM IIPH 3TOM MOTYT FapaHTHPOBAThH
COTJIaCOBAHHOCTH MOJIEIH.

Jns MonmenupoBaHMST W TPOBEPKHM THUIOTE3 HaX
KOHLIENTYaJbHBIMU CXEMaMH pa3padaThIBAIOTCS IIOTOKH
paboT, KOTOPBIE PEATU3YIOT MPOLECC MOAEIUPOBAHNUS,
NPOBEPKH THIOTE3, UX KOPPEKTHPOBKM Ul HOAOOpa
napamMeTpoB MoJienel, HaWTyYIINM obpazomM
HOBTOPSIIOLIMX PE3YJIbTATHI, TOJYYEHHBIE HA PEabHBIX
JTaHHBIX.

3akjaueHue

B craThe paccMOTpeHBI BOIPOCH! KOHIIENTYaTH3aI[HH
MPEeIMETHBIX O0O0JacTell A OpraHM3alld HAyYHBIX
UCCleIOBaHUI HaJl JaHHBIMU. Pa3BuTie HHPPacTpyKTyp
MOAACPIKKHN HAYYHBIX HCCJ’IC}IOBaHHﬁ, B OCHOBE KOTOPBIX
JIC)KAT KOHICITYaJIbHBIC CHeHI/l(l)l/IKaLII/II/I MPEAMETHBIX
obylactelf,  pa3BUBaeMble W IOJIEP)KHBAEMbIE
cooOmecTBaMy, pabOTAOMMMH B 3THX OO0JACTSX,
MO3BOJISIET M30€XaTb 3aBUCHMOCTH TIpOTpaMM  OT

CTPYKTYpPbl ~ HCTOYHHKOB  JaHHBIX,  OOECIIeUUTh
HMHTEPONEpadEIbHOCTh  PA3IMYHBIX  METONOB  IPH
COBMECTHOH pabore, TIOBBICUTD Ha&XHOCTD

pe3ynIpTaTOB 3a CUYET WCHONB30BAaHUSA (HOPMAITBHBIX
HETIPOTUBOPEUUBBLIX  crnenudukamuii. PaccMoTpeHs
BO3MOXHOCTHU KOHICITYaJIbHOT'O aHaJInu3a HpeHMeTHOﬁ
obmactu i GopMaiM3aluy HAay4dHBIX THIIOTE3 M HX
TCCTUPOBAHWA HAa OCHOBE JJaHHBIX Ha6ﬂlOI[eHPII>i.
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Conceptual modeling of subject domains
in data intensive research

Nikolay A. Skvortsov, Leonid A. Kalinichenko,
Dmitry Yu. Kovalev

Nowadays research of various scopes especially in
natural sciences requires manipulation of big volumes of
data generated by observation, experiments and
modeling. Organization of data-intensive research
assumes definition of domain specifications including
concepts (specified by ontologies) and formal
representation of data describing domain objects and
their behavior (using conceptual schemes), shared and
maintained by communities working in the respective
domains. Research infrastructures are based on domain
specifications and provide methods applied to such
specifications, collected and developed by research
communities. Tools for organizing experiments in
research infrastructures are also supported by conceptual
specifications of measuring and investigating object
properties, applying of research methods, describing and
testing of hypotheses. Astronomy as a sample data
intensive domain (DID) is chosen to demonstrate
building of conceptual specifications and usage of them
for data analysis.
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Abstract

The paper presents methods to calculate meaningful data
transformation and component dependency paths purely
from the database structure and associated procedures
and queries, using heuristic impact analysis, probabilistic
rules and semantic technologies. The dependencies are
categorized, aggregated and visualized to address
various planning and decision support problems.

1 Introduction

Developers and managers are facing similar data lineage
and impact analysis problems in complex data
integration (DI), business intelligence and Data
Warehouse (DW) environments where the chains of data
transformations are long and the complexity of structural
changes is high. The management of data integration
processes becomes unpredictable and the costs of
changes can be very high due to the lack of information
about data flows and internal relations of system
components. Important contextual relations are coded
into data transformation queries and programs (e.g. SQL
queries, data loading scripts, open or closed DI system
components etc.). Data lineage dependencies are spread
between different systems and frequently exist only in
program code or SQL queries. This leads to
unmanageable complexity, lack of knowledge and a
large amount of technical work with uncomfortable
consequences like unpredictable results, wrong
estimations, rigid administrative and development
processes, high cost, lack of flexibility and lack of trust.
We point out some of the most important and
common questions for large DW environments which
usually become a topic of research for system analysts
and administrators:
e  Where does the data come or go to in/from a specific
column, table, view or report?
When was the data loaded, updated or calculated in a
specific column, table, view or report?
Which components (reports, queries, loadings and
structures) are impacted when other components are
changed?
Which data, structure or report is used by whom and
when?
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What is the cost of making changes?
e  What will break when we change something?

The ability to find ad-hoc answers to many day-to-day
questions determines not only the management
capabilities and the cost of the system, but also the price
and flexibility of making changes.

To address these research questions, we proposed a
data lineage and impact analysis system [15]. We will
build on that foundation and offer a further refinement of
the inference of information based on the data collected
by analysis of the SQL statements.

2 Related Work

Impact analysis, traceability and data lineage issues are
not new. A good overview of the research activities of
the last decade is presented in an article by [11]. We can
find various research approaches and published papers
from the early 1990’s with methodologies for software
traceability [12]. The problem of data lineage tracing in
data warehousing environments has been formally
founded by Cui and Widom [3.,4]. Our recent papers
build background to the theory by introducing the
Abstract Mapping representation of data transformations
and rule-based impact analysis [16].

Other theoretical works for data lineage tracing can
be found in [6] and [7]. Fan and Poulovassilis developed
algorithms for deriving affected data items along the
transformation pathway [6]. These approaches formalize
a way to trace tuples (resp. attribute values) through
rather complex transformations, given that the
transformations are known on a schema level. This
assumption does not often hold in practice.
Transformations may be documented in source-to-target
matrices (specification lineage) and implemented in ETL
tools (implementation lineage). Woodruff and
Stonebraker create solid base for the data-level and the
operators processing based the fine-grained lineage in
contrast to the metadata based lineage calculation in their
research paper [19].

Other practical works that are based on conceptual
models, ontologies and graphs for data quality and data
lineage tracking can be found in [14], [17] and [18]. De
Santana proposes the integrated metadata and the CWM
metamodel based data lineage documentation approach
[S]. Priebe et al. [11] concentrates on proper handling of
specification lineage, a huge problem in large-scale
DWH projects, especially in case different sources have



to be consistently mapped to the same target. They
propose a business information model (or conceptual
business glossary) as the solution and a central mapping
point to overcome those issues.

Scientific workflow provenance tracking is closely
related to data lineage in databases. The distinction is
made between coarse-grained, or schema-level,
provenance tracking [8] and fine-grained or data instance
level tracking [10]. The methods of extracting the lineage
are divided to physical (annotation of data, such as in
[10]) and logical, where the lineage is derived from the
graph of data transformations [9].

In the context of our work, efficiently querying of the
lineage information after the provenance graph has been
captured, is of specific interest. Heinis and Alonso [8]
present an encoding method that allows space-efficient
storage of transitive closure graphs and enables fast
lineage queries over that data. Anand et al. [2] propose a
high level language QLP, together with the evaluation
techniques that allow storing provenance graphs in a
relational database.

3 System Architecture

The inference method of the data flow and the impact
dependencies that presented in this paper is part of a
larger framework of a full impact analysis solution. The
core functions of the system architecture are built upon
the following components presented in the Figure 1 and
described in detail in [15],[16]

—

SQL
Mapping

Rubes

/

DB.ETL.BI
Metadata

Figure 1 Impact Analysis system architecture
components.

The core functions of the system architecture are built
upon the following components in the Figure 1:

1. Scanners collect metadata from different systems
that are part of DW data flows (DI/ETL processes,
data structures, queries, reports etc.).

The SQL parser is based on customized grammars,
GoldParser! parsing engine and the Java-based
XDTL engine.

3. The rule-based parse tree mapper extracts and
collects meaningful expressions from the parsed
text, using declared combinations of grammar rules
and parsed text tokens.

The query resolver applies additional rules to
expand and resolve all the variables, aliases, sub-
query expressions and other SQL syntax structures

! http://goldparser.org
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which encode crucial information for data flow
construction.

5. The expression weight calculator applies rules to
calculate the meaning of data transformation, join
and filter expressions for impact analysis and data
flow construction.

6. The probabilistic rule-based reasoning engine
propagates and aggregates weighted dependencies.
7. The open-schema relational database using

PostgreSQL for storing and sharing scanned,
calculated and derived metadata.

8. The directed and weighted sub-graph calculations,
and visualization web based Ul for data lineage and
impact analysis applications.

3.1 Weight Estimation

In the stages preceding the inference engine, data

structure transformations are parsed, extracted from

queries and stored as formalized, declarative mappings

in the system. The SQL parsing stages store the

following metadata for each mapping:

e  StrlList - String constant list used in each expression;

e NbrList - Number constant list used in each
expression;

e  FnclList - Function list used in each expression;

e |dCount - Column identifiers count in each
expression;

e StrCount - String constant count in each expression;

e NbrCount - Number constant count in each
expression;

e FncCount - Functions count in each expression;

e PrdCount- Predicate operators count in each
expression.

To add additional quantitative measures to each
column transformation or column usage in the join and
filter conditions we evaluate each expression and
calculate transformation and filter weights for those.

Definition 1. Column transformation weight Wt is
based on the similarity of each source column and
column transformation expression: the calculated weight
expresses the source column transfer rate or strength. The
weight is calculated on scale [0,1] where 0 means that the
data is not transformed form source (e.g. constant
assignment in a query) and 1 means that the source is
directly copied to the target (no additional column
transformations).

Definition 2. Column filter weight Wf is based on the
similarity of each filter column in the filter expression
and the calculated weight expresses the column filtering
rate or strength. The weight is calculated on scale [0,1]
where 0 means that the column is not used in the filter
and 1 means that the column is directly used in the filter
predicate (no additional expressions).

The general column weight W algorithm in each
expression for Wt and Wt components is calculated as a
column count ratio over all the expression component



counts (e.g. column count, constant count, function

count, predicate count).
IdCount

W=
IdCount + FncCount + StrCount + NbrCount + PrdCount

The counts are normalized using the FncList
evaluation over a positive function list (e.g. CAST,
ROUND, COALESCE, TRIM etc.). If FncList member
is in a positive function list then the normalization
function reduces the according component count by 1 to
“pay a smaller price” in case the function used does not
have a significant impact to column data.

Definition 3. A primitive data transformation
operation is a data transformation between a source
column X and a target column Y in a transformation set
M (mapping or query) having expression similarity
weight Wt.

Definition 4. The column X is a filter condition in a
transformation set M with the filter weight Wf if the
column is part of a JOIN clause or WHERE clause in the
queries corresponding to M.

3.2 Query Example

Consider the following four SQL queries as an example
of related data transformations from source to target

tables.

SQL query QI parsed to mapping M1:
insert into T4 (t4.1, t4.2, t4.3)
select T1.tl.1, coalesce(T1l.tl.2, ‘10'),
T1.tl1l.3
from Tl join T2 ON T2.t2.1 = T1.tl.2
where T2.t2.2 = ‘10’ and Tl1.tl.2 = 'A/

SQL query Q2 parsed to mapping M2:
insert into T5 (t5.1, t5.2)
select T4.t4.1, coalesce(T1.t4.2, ‘10")
from T4 join T3 on T4.t4.1 = T3.t3.1
where T3.t3.2 = ‘10’ and (Tl1.t4.2 = ‘10’
or Tl.t4.2 is null)

SQL query Q3 parsed to mapping M3:
insert into T4 (t4.1, t4.2, t4.3)
select T6.t6.1, '20’, case when T6.t6.2
= ‘B’ then 20 else 0 end
from T6 join T7 ON T6.t6.3 = T7.t7.1
where 6.t6.2 = ‘B’ and T7.t7.2 = ‘B’

SQL query Q4 parsed to mapping M4:
insert into T9 (t9.1, t9.2)
select T4.t4.2, coalesce(T4.t4.3*100,
100) from T4 join T8 ON T8.t8.1 =
T4.t4.1
where T4.t4.2 = ‘20’
The queries are parsed to abstract mappings (M1 .. M4)
with all the available source and target tables (T1 .. T9).
Each mapping has data transformation elements (m1,1 ..
m4.2),joins (j1.1 .. j4.1) and filter conditions (f1.1 .. f4.1)
according to the query structure and expressions. All the

source and target tables have columns (tl.1 .. t9.2)
according the usage in query expressions. Additional
transformation key-value constraints and conditions (cl1,
c2, c3) are extracted from the query expressions when
possible. The result of the parsed and processed query

text is the directed query graph (Figure 2).
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Based on the queries metadata, stored mappings,

expressions we can calculate the multiple different
graphs for data lineage or impact analysis purposes.

Figure 2 The query transformation graph with all the
source and target data structures at column and table
level, obtained by parsing and resolving the queries
above.

The data lineage graph (Figure 3) illustrates the data
flow dependencies and weights calculated by the defined
formulas and rules (see in section 4.1). The solid lines
stem from the data transformation operations and
weights calculated from the query expressions. The
dashed lines represent transitive and aggregate relations

on the column and the table level.
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4 Rule System and Dependency Calculation

The source dataset for our rule system based on the
database and the queries metadata which capture, parsing
and storing is shorty described in previous chapter (steps

1-5 in Fig. 1). The primitive transformations form a
graph Go with nodes N representing database objects (i.e.
table or view columns) and edges Eo representing
primitive transformations (see Definition 3). We define
relations X: Ey = NandY:Ey = Nconnecting edges to
source nodes and target nodes, respectively. We define
label relations



M:Ey > {{m}| mis a transformation identifier}
and W:E, = [0,1]. Formally, this graph is an edge-
labeled directed multigraph.

In the remainder of the article, we will use the
following intuitive notation: e.X and e.Y to denote source
and target objects of a transformation (formally, X (e)
and Y(e)). eM is the set of source transformations
(M(e)). e.W is the weight assigned to the edge (W (e)).

The knowledge inferred from the primitive
transformations forms a graph G;, = (N, E,) where E_ is
the set of edges e that represent data flow (lineage). We
define relations X, Y, M and W the same way as with the
graph Go and use the €.R notation where R is one of the
relations {X, Y, M, W}.

Additionally, we designate the graph
G, = (N,E; U E}) to represent the impact relations
between database components. It is a superset of G
where E is the set of additional edges inferred from
column usage in filter expressions.

4.1 Rule System

First, we define the rule to map the primitive data
transformations to our knowledge base. The result of the
rule will be abstract and formalized set of column level
dependencies that carry the meaning of data lineage
between pair of the source and the target nodes. This rule
includes aggregation of multiple edges between pairs of
nodes.

LetE,, = {e€Eyle.X = x,e.Y = y}be the set
of edges connecting nodes X, Y in the graph Go.

Vx,y EN{E,, #® = 3e €E.}, (R1)
such that

e X=xANe Y=y (RL.1)
e'.M =Ueer,, €-M (R1.2)
W =max{e.W|e€E,,} (R1.3)

Inference using this rule should be understood as
ensuring that our knowledge base satisfies the rule. From
an algorithmic perspective, we create edges €’ into the
set EL until R1 is satisfied.

Definition 5. The predicate Parent(x, p) is true if node
p is the parent of node X in the database schema.

The Parent predicate express additional structural
dependencies in unified form that we use in next rules
(e.g. column’s parent is table in original database). Filter
conditions are mapped to edges in the impact graph G,.
Let Fyyp = {x |Parent(x,p)A

x isa filter in M }be the set of nodes that are filter
conditions for the mapping M with parent p. Let
Ty, = {x|Parent(x,p) Ax is target in M} be the set
of nodes that represent the target columns of mapping M.
To assign filter weights to columns, we define the
function Wy: N — [0,1].

vp,p' € N{Fyp #OAT,, #0 = 3Je' € E}}(R2),
such that

e X=pAe.Y=p (R2.1)
eM=M (R2.2)
e W = max[Wf(x) | xEFMlp}+max{wf(x) | XET g} (R23)

?
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The primitive transformations mostly represent column-
level (or equivalent) objects that are adjacent in the graph
(meaning, they appear in the same transformation or
query and we have captured the data flow from one to
another). The same applies to impact information
inferred from filter conditions. From this knowledge, the
goal is to additionally:

e propagate information through the database structure
upwards, to view data flows on a more abstract level
(such as, table or schema level)

calculate the dependency closure to answer lineage
queries

Unless otherwise stated, we treat the the graphs G. and
G, similarly from this point and it is implied that the
described computations are performed on both of them.
The set E refers to the edges of either of those graphs.
LetE,, = {e € E |Parent(e.X,p) A

Parent(e.Y,p")} be the set of edges where the source
nodes share a common parent p and the target nodes
share a common parent p’.

Vp,p €N {E,, @ = 3e' € E}, (R3)

such that

eX=phe'Y =p' (R3.1)

e.M=VUe, e.M (R3.2)

oW = <o &Y (R3.3)
|Ep,p'|

4.2 Dependency Closure

Online queries from the dataset require finding the data
lineage or impacted set of a database item without long
computation times. For displaying both the lineage and
impact information, we require that all paths through the
directed graph that include a selected component are
found. These paths form a connected subgraph. Further
manipulation (see Section 4.3) and data display is then
performed on this subgraph.

There are two principal techniques for retrieving
paths through a node [8]
e connect the edges recursively, forming the paths at
query time. This has no additional storage
requirements, but is computationally expensive
store the paths in materialized form. The paths can
then be retrieved without recursion, which speeds up
the queries, but the materialized transitive closure
may be expensive to store.

Several compromise solutions that seek to both
efficiently store and query the data have been published
[8] and [2]. In general, the transitive closure is stored in
a space efficient encoding that can be expanded quickly
at query time.

We have incorporated elements from the pointer
based technique introduced by Anand et al. [2] The paths
are stored in three relations:
Node (N1,P dep, P depc), Dep (P_dep,N2)and
DepC (P_depc, P_dep) . Immediate dependen-cies of
a node are stored in the Dep relation, with the pointer
P_dep in the Node relation referring to the dependency
set. The full transitive dependency closure is stored in the
DepC relation by storing the union of the pointers to all



of the immediate dependency sets of nodes along the
paths leading to a selected node.

We can define the dependency closure recursively as
follows. Let D*¢ be the dependency closure of node k.
Let Dy be the set of immediate dependencies such that
D, ={jle € EeX =jeY =k}

IfDy =@thenD"), = 0.
Elsc if Dy # ¢ then D™, = Dy, U (Ujep, D).

The successors S; (including non-immediate) of a
node j are found as follows: S; = {k | j € D";}

The materialized storage of the dependency closure
allows building the successor set cheaply, so it does not
need to be stored in advance. Together with the
dependency closure they form the connected maximal
subgraph that includes the selected node.

We put the emphasis on fast computation of the
dependency closure with the requirement that the lineage
graph is sparse (|E| ~ |N|). We have omitted the more
time-consuming redundant subset and subsequence
detection techniques of Anand et al. [1]. The subset
reduction has O(|D|?®) time complexity which is
prohibitively expensive if the number of initial unique
dependency sets |D| is on the order of 10° as is the case
in our real world dataset.

The dependency closure is computed by:

1. Creating a partial order L of the nodes in the directed
graph G,. If the graph is cyclic then we need to
transform it to a DAG by deleting an edge from each
cycle. This approach is viable, if the graph contains
relatively few cycles. The information lost by
deleting the edges can be restored at a later stage, but
this process is more expensive than computing the
closure on a DAG.

Creating the immediate dependency sets for each
node using the duplicate-set reduction algorithm of
Anand et al. [1].

Building the dependency closures for each node
using the partial order L, ensuring that the
dependency sets are available when they are needed
for inclusion in the dependency closures of successor
nodes (Algorithm 1)

If needed, restoring deleted cyclic edges and
incrementally adding dependencies that are carried
by those edges using breadth-first search in the
direction of the edges.

Algorithm 1. Building the pointer-encoded dependency
closure
Input: L - partial order on Gi;

{Dk|k EN} - immediate dependency sets
Output: D*y - dependency closures for each
node kEN
for node k in L:

D*y {Dx}
for j in Dg:
D*y D* LlD*j

This algorithm has linear time complexity O(|N| + |E|)
if we disregard the duplicate set reduction. To reduce the
required storage, if D*; = D", for any j # k then we
may replace one of them with a pointer to the other. The
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set comparison increases the worst case time complexity
to O(|N|?).

To extract the nodes along the paths that go through
a selected node N, one would use the following queries:

select Dep.N2 -- all predecessor nodes
from Node, DepC, Dep

where Dep.P dep = DepC.P dep

and DepC.P depc Node.P depc

and Node.N1l = N
select Node.N1 -- all successor nodes
from Node, DepC, Dep

where Node.P depc
and DepC.P dep
and Dep.N2 N

DepC.P depc
Dep.P dep

4.3 Visualization of the Lineage and Impact Graphs

The visualization of the connected subgraph
corresponding to node j is created by fetching the path
nodes P, = D°; U S; and the edges along those paths
Ej={e € E|e.X € P;Ae.Y € P;}from the appropriate
dependency graph (impact or lineage). The graphical
representation allows filtering a subset of nodes (in the
application, by node type, although the filtering
technique discussed here is generic and permits arbitrary
criteria). Any nodes not included in graphical display are
replaced by transitive edges bypassing these nodes to
maintain the connectivity of the dependencies in the
displayed graph.

Let G; = (P}, Ej) be the connected sub graph for the
selected node j. We find the partial transitive graph Gy’
that excludes the filtered nodes Prr as follows
(Algorithm 2):

Algorithm 2. Building the filtered subgraph with
transitive edges

Input: G,, P..
Output: G’ = (P, E/)
E’ = E,
P/ =0
for node n in P.:
if n € P..:
for e in {e € E,| e.Y = n}:
for e’ in {e’ € E/| e’ .X = n}:
create new edge e’’ ( e’'’.X = e.X, e'’.Y
=e"Y, e’ W=eW* e W
E/ = E]I U {ell}
E,/= E’ \ {e}
for e’ in {e’ € E/| e’ .X = n}:

E/ =B/ \ {e')
else:
P’ =P’ U {n}
This algorithm has the time complexity of O(|Pj| + |Ej))
and can be performed on demand when the user changes
the filter settings. This extends to large dependency
graphs with the assumption that |GJ| << |G|.

4.4 Semantic Layer Calculation

The semantic layer is additional visualization and
specific filter set to localize connected subgraph of the
expected data flows for the current selected node. All
connected nodes and edges in the semantic layer share



the overlapping filter predicate conditions or data
production conditions that are extracted during the edge
construction to indicate not only possible data flows
(based on connections in initial query graph), but only
expected and probabilistic data flows. Main idea of the
semantic layer is to narrow down all possible and
expected data flows over all connected graph nodes by
cutting down unlikely of not allowed connections in
graph, which based on additional query filters and
semantic interpretation of filters and calculated
transformation expression weights. Semantic layer of
data lineage graph will hide irrelevant or highlights
relevant graph nodes and edges (depends on user choice
and interaction) that makes huge distinction when
underlying data structures are abstract enough and
independent data flows store and use independent
“horizontal” slices of data. The essence of semantic layer
is to use available query and schema information to
estimate the row level data flows without additional row
level lineage information that is unavailable on schema
level, but also expensive or impossible to collect on row
level.

The visualization of the semantically connected
subgraph corresponding to node j is created by fetching
the path nodes P; = D*; U §; and the edges along those
paths E;={e €E|e.X € P;Ae.Y €P} from the
appropriate dependency graph (impact or lineage). Any
nodes not included in semantic layer are removed or
visually muted (by change color or opacity) and
semantically connected subgraph returned or visualized
in UL

Let G; = (P;, E;) be the connected subgraph for the
selected node j where GD; = (Dj, ED;) is predecessor
subgraph and GS; = (S, ES;) is successor subgraph
according to selected node j. We find the data flow graph
Gy’ that is union of semantically connected predecessors
GD;' = (D;,EDy) and successor subgraphs
GS;' = (S, ES;). The semantic layer calculation based on
selected node filter set F; and calculated separately for
back (predecessor) and forward (successors) direction by
similar recursive algorithm (Algorithm 3):

Algorithm 3. Building the semantic layer subgraph
using predecessors and successor recursive functions

Function: Predecessors

Input: nj, Fy, GDj, GD’'j Wnin

Output: GD3’ = (Dy’, ED;’)

Fn=0

if Dy’ = @ then:

Dy’ = Dy’ U n;

for edge e in {e € ED; | e.Y = nj
Fn =0
if F5 = @:

for filter £ in e.{F}:
for filter f3 in Fj:
if f.Key f;.Key & £.Val N fj.Val:
new filter fn (fn.Key=f.Key,
fn.Val=f.val, f,.Wgt=£f.Wgt*f;.Wgt)
Fo = Fn U fa

else:
Fn
if Fa

Fn U e.{F}
=0 & e.W >= Wnin :

2 http://dlineage.com
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Dy =Dy’ U e.X
ED;’ = ED;’ U e
GD3y’ = Predecessors(e.X,Fa,GDj, GD’ 5, Wnin)

return GDj’

Successors
nj, Fy, GSj,
GS;5' (857,

Function:
Input:
Output:
Fn = 0
if Sy Q:

Sy’ S;" U nj
for edge e in {e € ES;
Fn =0
if F5 != @ then:
for filter f in e.{F}:
for filter f5 in Fj:
if f.Key = f5.Key & f.Val N f5.val:
new filter fa (fn.Key=f.Key,
fn.Val=f.val, f,.Wgt=£f.Wgt*f;.Wgt)
Fn = Fn U fn

GS’, Wnin

ES;")

e.X ny}:

else:
Fo = Fn U e.{F}

if Fo !'= 0@ & e.W >= Wain :
Ss' = S35 U e.Y
ES;’ = ES;' U e
GSy’ = Predecessors(e.Y,Fn ,GS3,GSy" , Wnin)

return GS;5’

The final semantic layer subgraph is union of recursively
constructed predecessors GD;' and successor  GS;'
graphs: G’ = GD,’ U GS//

5 Case Studies

The previously described architecture (see Figure 1 in
Section 3) rule system and and algorithms (in Section 4)
have been used to implement an integrated toolset
dLineage?. The toolset is built as an independent
application or web based service that collect DW
metadata, store and process it in internal PostgreSQL
database, and serve the processed data and calculated
graph results as interactive multilayer map for further
analysis. Both the scanners and web-based tools of
dLineage have been enhanced and tested in real-life
projects and environments to support several popular
DW database platforms (e.g. Oracle, Greenplum,
Teradata, Vertica, PostgreSQL, MsSQL, Sybase), ETL
tools (e.g. Informatica, Pentaho, Oracle Data Integrator,
SSIS, SQL scripts and different data loading utilities) and
BI tools (e.g. SAP Business Objects, Microstrategy,
SSRS). The dLineage dynamic visualization and graph
navigation tools are implemented in Javascript using the
d3.js graphics libraries.

Current implementation has rule system which is
implemented in PostgreSQL database using SQL queries
for graph calculation (rules 1-3 in section 4.1) and
specialized tables for graph storage. The DB and Ul
interaction tested with the specialized pre-calculated
model (see section 4.2) but also with the recursive
queries without special storage and calculations. The
algorithms for interactive transitive calculations (see
sections 4.3) and semantic layer calculation (see section
4.4) are implemented in Javascript and works in browser
for small and local subgraph optimization or



visualization. Due to space limitations we do not stop
here for performance figures and discussion, but just
illustrate the application and algorithms with the
visualizations in next chapter.

5.1 Dataset Visualization

The Enterprise Dependency Graph examples (Figures 4-
6) are illustrations of the complex structure of
dependencies between the DW storage scheme, access
views and user reports. The example is generated using
DW and BI lineage layers and has details at database and
reporting object level (not at column level). At the
column and report level the full data lineage graph would
be about ten times bigger and too complex to visualize in
a single picture. The following graph from DW structures
and user reports presents about 50,000 nodes (tables,
views, scripts, queries, reports) and 200,000 links (data
transformations in views and queries) on a single image
(Figure 4).

The real-life dependency graph examples illustrate

the automated data collection, parsing, resolving, graph
calculation and visualization tasks implemented in our
system. The system requires only the setup and
configuration tasks to be performed manually. The rest
will be done by the scanners, parsers and the calculation
engine.
The end result consists of data flows and system
component dependencies visualized in the navigable and
drillable graph or table form. The result can be viewed as
a local subgraph with fixed focus and suitable filter set to
visualize data lineage path from any sources to single
report with click and zoom navigation features. The big
picture of the dependency network gives the full scale
overview graph of the organization’s data flows. It
allows to see us possible architectural, performance or
security problems.

6 Conclusions and Future Work

We have presented several algorithms and techniques for
quantitative impact analysis, data lineage and change
management. The focus of these methods is on
automated analysis of the semantics of data conversion
systems followed by employing probabilistic rules for
calculating chains and sums of impact estimations. The
algorithms and techniques have been successfully
employed in several large case studies, leading to
practical data lineage and component dependency
visualizations. We continue this research by performance
measurement with the number of different big datasets,
to present practical examples and draw conclusion of our
approach.

We also considering a more abstract, conceptual and
business level approach in addition to the current
physical/technical level of data lineage representation
and automation.
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Figure 4 Data flows (blue,red) and control flows
(green,yellow) between DW tables, views and reports.

Figure 5 Data flows between DW tables, views (blue)
and reports (red).

Figure 6 Control flows in scripts, queries (green) and
reporting queries (yellow) are connecting DW tables,
views and reports.
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Abstract

The paper presents conceptual modelling technique on
natural language texts. This technique combines the
usage of two conceptual modeling paradigms:
conceptual graphs and Formal Concept Analysis.
Conceptual graphs serve as semantic models of text
sentences and the data source for concept lattice — the
basic conceptual model in Formal Concept Analysis.
With the use of conceptual graphs the Text Mining
problems of Named Entity Recognition and Relations
Extraction are solved. Then these solutions are applied
for creating concept lattice. The main problem
investigated in the paper is the problem of creating
formal contexts on a set of conceptual graphs. Its solution
is based on the analysis of semantic roles and conceptual
patterns in conceptual graphs. Concept lattice built on
textual data is applied for knowledge extraction.
Knowledge, sometimes interpreted as facts, can be
extracted by wusing navigation in the lattice and
interpretation its concepts and hierarchical links between
them. Experimental investigation of the proposed
technique is performed on the annotated textual corpus
consisted of descriptions of biotopes of bacteria.

tThe paper concerns the work which is partially

supported by Russian Foundation of Basic Research,
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1 Introduction

Knowledge extraction from textual data requires
more in-depth intensive analysis of this data. In the area
of Text Mining, some variants of knowledge extraction
have been realized by solving such problems as
sentiment analysis, fact extraction and decision making
support. To solve these problems it is necessary to have
models that reflect semantics of textual data. It is
especially urgent when this data is presented as
unstructured natural language texts.
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Conceptual modeling is one of the ways of modeling
semantics in the Natural Language Processing (NLP)
[22]. Conceptual modeling is the process of
conceptualization of real world phenomena and creating
conceptual models as a result of conceptualization.
Conceptual model is a graph which vertices are concepts
and arrows or edges are links between concepts. Every
conceptual model has its own semantics which
represents the meanings of concepts and links.

Conceptual modeling has long been applied for
databases and software modeling [19] and this term is
also used in other fields including NLP. Entity
Relationship Diagram (ERD) [19] is well known
representative of conceptual models. It describes the
structure of database in terms of entities, relationships,
and constraints. These terms of entities, relationships,
and constraints are explicitly or implicitly present at
many other conceptual models including ones discussed
in this paper.

Formal Concept Analysis (FCA) [13] is the paradigm
of conceptual modeling which studies how objects can
be hierarchically grouped together according to their
common attributes. In the FCA, its conceptual model is
the lattice of formal concepts (concept lattice) which is
built on the abstract sets treated as objects and their
attributes. Concept lattices have been applied as an
instrument for information retrieval and knowledge
extraction in many applications. The number of FCA
applications now is growing up including applications in
social science, civil engineering, planning, biology,
psychology and linguistics [21], [22]. Several successful
implementations of FCA methods on fact extraction on
textual data [8] and Web data are known [15]. Although
the high level of abstraction makes FCA suitable for use
with data of any nature, its application to specific data
often requires special investigation. It is fully relevant for
using FCA on textual data.

The main problem in creating concept lattice on
textual data is building so called formal contexts on this
data. Formal context is matrix representation of the
relation on the sets of objects and attributes. So it is
needed to acquire words or word combinations from
texts which are interpreted as objects and attributes. To
restrict all possible combinations of words of such
meanings we need to select from them those ones which
are valued for solving concrete problem or the class of
problems. As a result a concept lattice created on texts



becomes domain specific. This is similar to the design of
ontologies and concept lattice is often considered as
framework of ontology [21].

Another paradigm of conceptual modeling is
Conceptual Graphs (CGs) [24]. Conceptual graph is
bipartite directed graph having two types of vertices:
concepts and conceptual relations. Conceptual terms of
entities and relationships are represented in conceptual
graphs as its concepts and conceptual relations.

Conceptual graphs have been applied for modeling
many real life objects including texts. Acquiring
conceptual graphs from natural language texts is non-
trivial problem but it is quite solvable [3], [5].

The main purpose of this paper is to show how two
paradigms of conceptual modeling - Conceptual Graphs
and Formal Concept Analysis - can be united in one
modeling technique. The idea of joining these two
paradigms seems very attractive but not elaborated much
enough [22], [26].

Proposed technique is used in on-going project of
creating fact extraction system working on biomedical
data. Experimental investigation of it is performed on the
annotated textual corpus consisted of descriptions of
biotopes of bacteria.

2 CGs-FCA modeling

The proposed modeling technique named briefly as CGs-
FCA modeling is based on using conceptual graphs and
concept lattice. It may be applied for knowledge
extraction from textual data. In CGs-FCA modeling
conceptual graphs serve as semantic models of text
sentences and the data source for formal context of
concept lattice. Concept lattice built on textual data is
applied for knowledge extraction. Knowledge,
sometimes interpreted as facts, can be extracted by using
navigation in the lattice and interpretation its concepts
and hierarchical links between them.

To illustrate CGs-FCA modeling, consider some
FCA basics.

2.1 Formal Concept Analysis basics

There are two basic notions FCA deals with: formal
context and concept lattice [13]. Formal context is a
triple K =(G, M, |) where G is a set of objects, M —
set of their attributes, | c Gx M

which represents facts of belonging attributes to objects.
The sets G and M are partially ordered by relations ¢

and P, correspondingly: G=(G,p), M=(M,P).

Formal context may be represented by [0, 1] - matrix

— binary relation

K = {k ;pin  which units mark correspondence

between objects g, €G and attributesm;, e M . The

concepts in the formal context have been determined by
the following way. If for subsets of objects Ac G and

attributes B = M there are exist mappings (which may
be functions also) A':A— BandB’': B— A with
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properties of A':={I3meM|<g,m>el VgeA}
andB':={3g € G|< g,m >e | Vm € B} then the pair
(A, B) that A'=B, B’'=Ais named as formal concept.

The sets A and B are closed by composition of mappings:
A"=A, B"=B; A and B is called the extent and the

intent of a formal context K = (G, M, |)respectively.

By other words, a formal concept is a pair (A, B) of
subsets of objects and attributes which are connected so
that every object in A has every attribute in B, for every
object in G that is not in A, there is an attribute in B that
the object does not have and for every attribute in M that
is not in B, there is an object in A that does not have that
attribute.

The partial orders established by relations ¢ and P
on the set G and M induce a partial order < on the set of
formal concepts. If for formal concepts (A;, Bi) and (A,,

Bz), A1 (I) A2 and B2 P B1 then (Al, Bl) < (Az, Bz) and

formal concept (A1, B1) is less general than (A,, B»). This
order is represented by concept lattice. A lattice consists
of a partially ordered set in which every two elements
have a unique supremum (also called a least upper bound
or join) and a unique infimum (also called a greatest
lower bound or meet).

According to the central theorem of FCA [13], a
collection of all formal concepts in the context
K = (G, M, I) with subconcept-superconcept ordering

< constitutes the concept lattice of K  Its concepts are

subsets of objects and attributes connected each other by

mappings A’, B’and ordered by a subconcept-
superconcept relation.

A B C D E
Membrane |Mucleus Replication |Recombination
DNA
Virus X X
Prokaryotes X X
Eukaryotes X 4 X
Bacterium X X

<
'
(Nucleus|

i

Figure 1 Example of formal context and concept lattice.

To illustrate these abstract definitions consider an
example. Figure 1 shows simple formal context and
concept lattice composed on the sets G = {DNA, Virus,
Prokaryotes, Eukaryotes, Bacterium} and M
{Membrane, Nucleus, Replication, Recombination}. The



set G is ordered according to sizes of its elements: DNA
is smallest and bacterium is biggest ones. The set M has
relative order: one part (Membrane, Nucleus)
characterizes microbiological structure of objects from
G, but another part (Replication, Recombination)
characterizes the way of breeding, and these parts are
incomparable. In the concept lattice the bacterium is
placed in the concept C; = ({Prokaryotes, Eukaryotes,
Bacterium}, {Membrane, Replication}). In this concept,
three objects {Prokaryotes, Eukaryotes, Bacterium}
constitute the extent of the concept; they are united by
their mutual attribute {Membrane, Replication} which
constitute the intent of the concept. The concept C; is
more general concept than the concept C,
({Eukaryotes}, {Nucleus}).

Also on the Fig. 1 there are two different branches of
concepts characterizing two families: the viruses and
DNA and prokaryotes, eukaryotes and bacteria. This
concept demonstrates the fact of separation of objects
from the set G into two important branches. The link
between them is the attribute “Membrane”. It is known
[7] that viruses can have a lipid shell formed from the
membrane of the host cell. Therefore, the membrane is
positioned in the formal context on the Fig. 1 as an
attribute of the virus.

This example demonstrates specific ways
extracting knowledge from conceptual lattice:

e analyzing formal concepts in concept lattice;
analyzing conceptual structures in concept
lattice — its sub lattices in the general case.

of

2.1.1 FCA on textual data

The main problem in applying FCA on textual data is the
problem of building formal context. If textual data is
represented as natural language texts then this problem
becomes acute.

There are several approaches to the construction of
formal contexts on the textual data, presented as separate
documents, as data corpora. One, mostly applied variant
is the context in which the objects are text documents and
the attributes are the terms from these documents.
Another variant is building formal context directly on the
texts and the formal context may represent various
features of textual data:

e semantic relations (synonymy, hyponymy,
hypernymy) in a set of words for semantic
matching [16],

e verb-object dependencies from texts [10],

e words and their lexico-syntactic contexts [20].

These lexical elements must be distinguished in texts as
objects and attributes. There are following approaches
to solve this problem:

e adding special descriptions to texts which mark

objects and attributes and partial order,

! The lightweight online version of CGs Maker for
simple English and Russian texts can be found at
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e using corpus tagging and semantic models of

texts [10].

We apply the second approach and use conceptual
graphs for representing semantics of individual sentences
of a text.

2.2 The modeling process

Consider in general the process of CGs — FCA modeling.
It includes the following steps.

1. Acquiring a set of conceptual graphs from input
texts. As it is mentioned above conceptual graphs can be
acquired from texts by existing information systems. For
example they can be created by our system CGs Maker
!. Some details about it can be found in [3], [5]. We use
verb-centered approach for creating conceptual graphs.
According to this approach, a conceptual graph is
constructed so that there is the central concept in it which
is realized as a verb. If there are no verbs in a sentence
then method also creates conceptual graph. Verb-
centered approach is important for us since it provides
predicate forms in the structures of conceptual graphs.
These forms are mostly used for representing conceptual
graph semantics.

2. Aggregating the set of conceptual graphs.
Aggregation is needed to exclude excessive dimension of
conceptual models, not related to useful information. We
have tested following ways of conceptual graphs
aggregation: conceptual graphs clustering and using
corpus tagging together with support of concept types in
conceptual graphs. Clusters of conceptual graphs need to
be semantically interpreted which may lead to additional
investigations. The second method is more constructive
since it selects those conceptual graphs which concepts
have mappings to certain domain. Such domain of terms
may be presented by corpus tagging or by thesaurus.
Some details of aggregation are below.

3. Creating formal contexts. This is the central point
of CGs — FCA modeling. One or several formal contexts
have been built on the aggregated conceptual graphs. The
number of formal concepts and the method of building
them depend on the problem being solved with CGs —
FCA modeling.

4. Building concept lattice. Having a formal context
as input data, a concept lattice may be created by using
various algorithms. There is a field of research in FCA
devoted to creating and developing algorithms for
concept lattice creation [21]. On the current stage of CGs
— FCA modeling technique we use standard solution of
creating concept lattice realized in the open source tool
[27]. Nevertheless, here there are certain possibilities to
create new algorithms oriented on specific structure of
formal contexts acquired from conceptual graphs. One of
such structure is block-diagonal structure which arises
namely on using textual data as input.

5. Knowledge extraction from concept lattice. In
concept lattice it is possible to identify connections

http://85.142.138.156:8888 .




between its concepts according to the principle of
"common — particular”. Each concept may be interpreted
as the set of potential facts of certain level, which is
associated with other facts. So the knowledge extracted
from concept lattice may be interpreted a s facts.

2.3 Aggregation of conceptual graphs

In the theory of conceptual graphs aggregation means
replacing conceptual graphs by more general graphs [24]
. These general graphs may be created as new graphs or
may be graphs or sub graphs from initial set of graphs.
Aggregation of conceptual graphs has semantic meaning
and general graphs make up the context (not formal
context) of initial set of graphs.

Clustering is a way of aggregation of conceptual
graphs. Graphs which are the nearest ones to the centers
of clusters have been treated as general graphs.

We have studied several approaches for clustering
conceptual graphs [2] using various similarity measures.
There are two known similarity measures proposed in
[17], the conceptual similarity

_ . 2n@r)
¢ n(y,)+n(y,)

M

and relative similarity

__2m@y)
m, (r)+m, (7))

r

2

Here 71> 72 - conceptual graphs, 7c = 717 72 is their
common sub graph, n(y;) - number of concepts of graph
7i, M (7;) - number of relations of graph?i, M, (7;)
is the number of relations of conceptual graph?i, at least

one of which belongs to the common sub graph ¥, .

If two conceptual graphs have identical concepts then
their conceptual similarity has non zero value. Relative
similarity is non-zero when two conceptual graphs have
identical structures of patterns of conceptual relations.

We used conceptual and relative similarities (1), (2)
and their combination in the experiments of conceptual
graphs clustering [2]. Except traditional algorithms of
clustering such as K-means, we used genetic clustering
algorithm with special encoding. The peculiarity of
implementing genetic algorithms for clustering is that
there may be several final solutions i.e. several different
variants of clustering.

All numerical characteristics of conceptual graphs
clustering results (number of clusters, dimensions of
clusters, etc.) are not informative. Clusters of conceptual
graphs need to be semantically interpreted. The way of
that interpretation depends on the nature of the problem
to be solved with conceptual graphs.

Both conceptual and relative similarity measures

share a common sub graphy_ . But two conceptual

graphs may have no common sub graph but may be
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similar “semantically”. That means that their concepts
have the same type. For example different names of
bacteria belong to the type “bacterium” or the type “the
name of bacteria”.

The second way of conceptual graphs aggregation is
based on supporting types of concepts by using external
resources. Thesaurus or corpus tagging may be such
resource. Section 3 contains additional details.

2.4 Creating formal contexts

The crucial step in the described process of CGs — FCA
modeling is creating formal contexts on the set of
conceptual graphs.

At first glance, this problem seems simple: those
concepts of conceptual graphs which are connected by
"attribute" relation have been put into formal context as
its objects and attributes. Actually the solution is much
more complex.

Fig. 2 shows an example of conceptual graph for the
sentence “Burkholderia phytofirmans belongs to the

beta-proteobacteria and was isolated from surface-
sterilized glomus vesiculiferum-infected onion roots.”

( ngelﬂ)

[heta-prmeohnctem ‘ | phytofirman ‘

<ntlr1hm—;-‘> 1lmlmte> (n!n 11\1115-)

SR EEEeaen
burkholdena

< E.-“-Imc.—m;_‘:)

‘ 1solated | roots

.

01101 glomm

3

( ;t_mbu_th-D ( ’;EHI)IE:‘->

| vesiculiferum-mfected surface-sterlized

Figure 2 Conceptual graph for the sentence
“Burkholderia phytofirmans belongs to the beta-
proteobacteria and was isolated from surface-sterilized
glomus vesiculiferum-infected onion roots.”

This graph has five conceptual relations “attribute”
but only four of them indicate the objects and attributes
valid for formal context. Using “phytofirman” as object
and “Burkholderia” as attribute in the formal context is
wrong way because “Burkholderia phytofirmans” is
known full name of this bacterium [6] and full names of
bacteria have to be objects in a formal context devoted to
bacteria. Word combinations denoting the names of
bacteria must be recognized before the building of
conceptual graphs. There is no other way of doing this
than to use an external source of information, for
example, the corpus tagging. So in this example the sub



graph <phytofirman>- (attribute) - < burkholderia > is

useless for bacteria names recognizing.

Remaining elements of conceptual graph on the Fig.
2 are not useless and play significant roles in creating
formal context. Conceptual graph on the Fig. 2 represents
two facts:

1. bacterium Burkholderia phytofirmans belongs to

beta-proteobacteria;

this bacterium infects the onion.

To provide the presence information about those and

other facts in the formal contexts the following rules are

implemented as mostly important when creating formal
contexts.

1. Not only individual concepts and relations, but also

patterns of connections between concepts in
conceptual graphs represented as sub graphs have
been analyzed and processed. These patterns are
predicate forms <object> - <predicate> - <subject>
which in conceptual graphs look as the template
<concept>- (patient) - < verb > - (agent) -
<concept>. Not only agent and patient semantic
roles but also other similar to them (goal on the Fig.
2) roles are allowed in templates.
The hierarchy of conceptual relations in conceptual
graphs is fixed and taken into account when creating
formal context. This hierarchy exists on the Fig.2:
relations “agent”, “goal”, “from”, “modificator” are
on the top level and relations "attribute" belong to
underlying levels. Using this hierarchy of
conceptual relations we can select for formal
contexts more or less details from conceptual
graphs.

These empirical rules are related to the principle of
pattern structures which was introduced in FCA in the
work [12]. A pattern structure is the set of objects with
their descriptions (patterns), not attributes. Patterns also
have similarity operation. The instrument of pattern
structures is for creating concept lattices on the data
being more complicated than sets of objects and
attributes.

Conceptual graph is a pattern for the object it
represents. A sub graph of conceptual graph is projection
of a pattern. Namely projections are often used for
creating formal contexts. Similarity operation on
conceptual graphs is a measure of similarity which is
applied in clustering. The relative similarity (2) is mostly
close to be similarity operation for patterns.

The CGs — FCA modeling technique was tested in
various levels of its realization for classification
messages in technical support services [3], modeling
requirements for information systems [4] and classifying
queries to biomedical systems [5].

2.

3 CGs-FCA modeling on biomedical data

3.1 Biomedical data intensive domain

Bioinformatics is the field where Data Mining and Text
Mining applications are growing up rapidly. New term of
“Biomedical Natural Language Processing” (BioNLP)
has been appeared there [1]. This appearing is stipulated
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by huge amount of scientific publications in
Bioinformatics and organizing them into corpora with
access to full texts of articles via such systems as
PubMed [25]. Information resources of PubMed have
been united in several subsystems presenting databases,
corpora and ontologies.

So called “research community around PubMed” [14]
forms data intensive domain in this area. It not only uses
data from PubMed but also creates new data resources
and data mining tools including specialized languages
for effective biomedical data processing [11].

In our experiments we use PubMed vocabulary thesaurus
MeSH (Medical Subject Headings) as external resource
for supporting types of concepts in conceptual graphs.

3.2 Data structures

Our experiments have been carried out using text corpus
of bacteria biotopes which is used in the innovation
named as BioNLP Shared Task [6]. Biotope is an area of
uniform environmental conditions providing a living
place for plants, animals or any living organism. Biotope
texts form tagged corpus. The tagging includes full
names of bacteria, its abbreviated names and unified key
codes in the database. We can add additional tags and we
do it.

A BioNLP data is always domain-specific. All the
texts in the corpus are about bacteria themselves, their
areal and pathogenicity. Not every text contains these
three topics but if some of them are in the text then they
are presented as separate text fragments. This simplifies
text processing.

The CGs — FCA modeling environment has DBMS
for storing and managing data used in experiments. We
use relational database on the SAP-Sybase platform.
Database stores texts, conceptual graphs, formal contexts
and concept lattices. Special indexing is applied on
textual data.

3.3 BioNLP tasks

According to the BioNLP Shared Task initiative [6] there
are two main tasks solving on biomedical corpora: the
task of Named Entity Recognition (NER) and the task of
Relations Extraction (RE).

The task of Named Entity Recognition on the corpus
of bacteria descriptions is formulated as seeking bacteria
names presented directly in the texts or as co-references
(anaphora).

Relations Extraction means seeking links between
bacteria and their habitat and probably diseases it causes.

3.4 NER and anaphora resolution

The task of Named Entity Recognition has direct solution
with conceptual graphs. The only problem which is here
is anaphora resolution.

Anaphora resolution is the problem of resolving
references to earlier or later items in the text. These items
are usually noun phrases representing objects called
referents but can also be verb phrases, whole sentences



or paragraphs. Anaphora resolution is the standard
problem in NLP.

Biotopes texts we work with contain several types of

anaphora:

e hyperonym definite expressions (‘“bacterium” -
“organism”, “cell” - “bacterium”),

e higher level taxa often preceded by a
demonstrative determinant (“this bacteria”, “this
organism”),

e sortal anaphors (“genus”, “species”, “strain”).

For anaphora detection and resolution we use a
pattern-based approach. It is based on fixing anaphora
items in texts and establishing relations between these
items and bacteria names. We use double-pass algorithm
for anaphora resolution which controls so called isolated
concepts appeared on the first pass of the algorithm.
Isolated concepts are those concepts which are not
connected by relation with any other concepts. As a rule
they appear when a sentence contains abbreviations or
code of bacterium. For example, in the sentence
“Streptococcus thermophilus strain LMG 18311” there is
code of bacterium strain. This code will be presented as
isolated concept in conceptual graph. Later in another
sentence there is text fragment “...two yogurt strains of
S. thermophiles ...” which has abbreviation of the name
of bacterium. Having isolated concept with strain code
we can identify it with bacterium using corpus tagging.
For resolving abbreviations programming triggers which
react to the second word after abbreviation are applied.

To evaluate the quality of this solution of NER the
standard characteristics of recall, precision and F-score
were calculated. To obtain them it was needed to mark
named entities manually in the texts used in experiments.
The table 1 contains values of recall, precision and F-
score compared with corresponding values from the
work [23]. In this work pattern-based approach is also
applied and several external resources were involved in
the NER solution. The Alvis system was explored in [23]
and SemText is the name of our system which explores

CGs — FCA modeling.

Table 1 Recall, precision and F-score for NER

solutions
Recall Precision | F-score
Alvis 0,52 0,46 0,59
SemText | 0,42 0,53 0,47

The ratio of the values of recall and precision is more
informative than their individual ones and is shown on
the Fig. 3. According to the table 1 and Fig. 3 we resume
that there is medium quality of our solution of NER. It is
explained by disability of our algorithm to interpret all
possible isolated concepts in conceptual graph. As a
result approximately half of marked lexical elements
were not recognized as entities.

3.5 Relations extraction with concept lattices

Conceptual graphs represent relations between words.
Therefore they can be applied for relations extraction but
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only in one sentence. For extracting relations between
bacteria on several texts we applied concept lattices.

We had selected 130 mostly known bacteria and have
processed corresponding corpus texts about them. All the
texts were preliminary filtered for excluding stop words
and other non-informative lexical elements.

Three formal contexts of “Entity”, “Areal” and
“Pathogenicity” were built on the texts. They have the
names of bacteria as objects and corresponding concepts
from conceptual graphs as attributes. Table 2 shows
numerical characteristics of created contexts.
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Figure 3 Recall and precision ratio for NER solution on
60 objects

Table 2 Numerical characteristics of created contexts

Context Number | Number Number of
name of of formal
objects attributes | concepts
Entity 130 26 426
Areal 130 18 127
Pathogenicity 130 28 692

Among attributes there are bacteria properties (gram-
negative, rod-shaped, etc.) for “Entity” context, mentions
of water, soil and other environment parameters for

“Areal”

diseases for “Pathogenicity” context
As it is followed from the table there is relatively

context and names and characteristics of

small number of formal concepts in the contexts. This is
due to the sparse form of all contexts generated by
conceptual graphs.

For extracting relations we use visualization on the
current stage of modeling technique. It allows getting
results only for relatively small lattices.

Often relations between concepts in concept lattice
may be treated as facts. Extracting facts from concept
lattices is realized by forming special views constructed
on the lattice and corresponded to certain property (intent
in the lattice) or entity (extent in the lattice) on the set of
bacteria. Every view is a sub lattice. It shows the links
between concrete bacterium and its properties.

An example of such view as the fragment of lattice is
shown on Fig. 4. The lattice on the Fig. 4 contains formal
concepts related to the following bacteria: Borrelia
turicatae,  Frankia, Legionella,  Clamydophila,
Thermoanaerobacter  tengcongensis, Xanthomonas
oryzae. Highlighted view on the figure illustrates gram-
negative property of bacteria. Such bacteria are resistant
to conventional antibiotics.



Using this view, some facts about bacteria can be
extracted:

e only three bacteria  from  the  set,
Thermoanaerobacter tengcongensis,
Clamydophila and Xanthomonas oryzae, are gram-
negative;

e two gram-negative bacteria, Thermoanaerobacter
tengcongensis and Xanthomonas oryzae, have the
shape as rod;

e one of gram-negative bacteria, Clamydophila, is
obligately pathogenic.

Note that attribute obligately pathogenic was formed
directly from the two words in the text according to the
rule of marking words denoting extreme situation.

Figure 4 Example of view of gram-negative property of
bacteria.

Comparing our results of relations extraction with the
known ones from [23] we resume that concept lattice
provides principally another variant of solution of this
task. In [23] results of relations extraction are presented
as marked words in the texts. Visualized concept lattice
is more powerful object for investigating relations.

4 Conclusions and future work

This paper describes the idea of joining two paradigms
of conceptual modeling - conceptual graphs and concept
lattices. Current results of realizing this idea as CGs —
FCA modeling on textual data show its good potential for
knowledge extraction.

In spite of advantage of CGs — FCA modeling there
are some problems which need to be solved for
improving the quality of modeling technique.
Conceptual graphs acquired from texts contain
many noise elements. Noise is constituted by the
text elements that contain no useful information
or cannot be interpreted as facts. Noise elements
significantly decrease efficiency of algorithms of
CGs — FCA modeling. To exclude noise we need
to distinguish textual data that can be excluded
from consideration, for example, information
about when and by whom a bacterium was first
identified.

Empirical rules which we use for creating formal
contexts cannot embrace all configurations of
conceptual graphs. More formal approach to
creating formal contexts on the set of conceptual
graphs will guarantee the completeness of
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solution. We guess that using patterns structures
and their projections is that way of formalizing
CGs — FCA modeling technique.

3. The next stage of developing CGs — FCA
modeling is creating fledged information system
which process user queries and produce
solutions of certain tasks on textual data. Not
only visualization but also special user oriented
interfaces to concept lattice will be created in this

system.
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Abstract

Matrix clustering algorithms are among the oldest
approaches to the vertical partitioning problem. They can
be summarized as follows: (1) given a workload,
construct an Attribute Usage Matrix (AUM), (2) apply
some kind of a row and column permutation algorithm
and (3) extract the resulting clusters which define the
required fragments.

This naive approach holds some promise for a number of
contemporary applications: (1) dynamization of vertical
partitioning (2) big data applications and other cases of
resource constraints (3) tuning of multistores.

In this paper we examine a number of existing matrix
clustering algorithms used for vertical partitioning. We
study these algorithms and assess the quality of the
solutions. The experiments are run on the TPC-H
workload using the PostgreSQL DBMS.

1 Introduction

The vertical partitioning problem [5] is one of the oldest
problems in the database domain. There are dozens or
even hundreds of studies available on the subject. It is a
subproblem of the general database physical structure
selection problem. It can be described as follows [9]:
find a configuration (a set of vertical fragments) which
would satisfy the given constraints and which will
provide the best performance. There are two major
classes of approaches to this problem:

o Cost-based approach [3, 16, 21, 33]. Studies
that follow this approach construct a cost
model, which is used to predict the performance
of a workload for any given configuration.
Next, an algorithm enumerating the
configuration space is used.
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e  Procedural approach [29, 32, 35]. These studies
do not use the notion of configuration cost.
Instead, they propose some kind of a procedure
which will result in a “good” configuration.
Usually, these studies provide some intuitive
explanation why the ensuing configuration
would be “good”.

The abundance of studies is justified by the following
considerations:

e It was proved that the problem of vertical
partitioning is an NP-Hard problem [4, 29, 37],
just like many other physical design problems
[6, 22, 37].

e Estimation errors related to both the system
parameters and workload parameters. System
parameters (hardware and software) in some
cases cannot be measured precisely. Workload
parameters can also be imprecise, e.g. not all
queries are known in advance, or some of the
known queries are not run. All these errors can
cause the performance of the solution to
deteriorate.

The procedural approach was very popular in the *80s
and *90s because of the lack of computational resources.
Nowadays, the interest for it has largely declined, and the
majority of contemporary studies follows the cost-based

one. This approach produces more accurate
recommendations by  incorporating  additional
information into the selection process. However,

procedural approach has a number of promising
applications:

e Dynamization of vertical partitioning [24, 28,

34, 36]. All of the previous vertical partitioning

studies considered the problem in a static

context, i.e. a configuration is selected once. In

case of changes in the workload or the data the

algorithm has to be re-run. In the new

formulation the goal is to adapt the partitioning

scheme to a constantly changing workload. The

straightforward technique of the repeated re-run

of a cost-based algorithm is not applicable due



to its formidable costs of operation. Otherwise,
its application will result in query processing
stalls which should be avoided at all costs in this
formulation. However, the procedural approach
is not so computationally demanding as the
cost-based one. Thus, low-quality solutions are
acceptable as long as they provide improvement
over the previous configuration and help us
avoid queryprocessing stalls.

Big data applications or any other cases
featuring constrained resources.

Tuning of multistores [27] or any other case
when no details or only inaccurate estimates of
physical parameters are known. It was already
noted in the ’80s [31] that the procedural
approach is well-suited for such cases. A
multistore system is a database system which
consists of several distinct data stores, e.g. a
Hadoop’s HDFS and an RDBMS. This kind of
a system is a modern example of the case where
not every physical parameter of underlying data
stores is known.

In this paper we evaluate a particular subclass of
procedural vertical partitioning algorithms — the matrix
clustering algorithms.

To the best of our knowledge, this study is the first
one to evaluate this class of algorithms using a real
DBMS and a real workload [1].

2 Related Work

2.1 Classification

The vertical partitioning problem is one of the oldest
problems in the database domain. There are several
dozens of studies on this topic, and most of them concern
various algorithms. Several surveys can be found in the
references [14, 15]. Vertical partitioning algorithms can
be classified into two major groups: cost-based and
procedural, where the latter employs three types of
approaches:

Attribute affinity and matrix clustering
approaches [10, 11, 13, 19, 23]. In affinity-
based approaches, closeness between every two
attributes is first calculated, and then it is used
to define the borders of the resulting fragments.
This closeness is called attribute affinity. At the
first step a workload is used to create an AUM,
then an Attribute Affinity Matrix (AAM) is
constructed using a paper-specific
transformation procedure. Finally, a row and
column permutation algorithm is applied.
Matrix clustering approaches operate on the
AUM and start with the permutation part.
Graph approaches [12, 17. 29, 32, 39]. Most of
the graph approaches treat the AAM as an
adjacency matrix of an undirected weighted
graph. In this graph nodes denote attributes and
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edges represent a bound’s strength. Then a
template is sought by various means, e.g.
kruskal-like algorithms or hamiltonian way cut.
The resulting templates are used to construct
partitions.
Data mining approaches [8, 20, 35]. This is a
relatively new vertical partitioning technique
that uses association rules to derive vertical
fragments. Most of these works mine a
workload (a transaction set) for rules which use
sets of attributes as items. In these studies
existing algorithms for association rule search
are used to uncover relations between attributes.
In particular, an adapted Apriori [2] algorithm
is a very popular choice.

Let us review the matrix clustering approach in
detail.

2.2 Matrix Clustering Approach

The general scheme of this approach is the following:
Construct an Attribute Usage Matrix (AUM)
from the workload. The matrix is constructed as
follows:

-

Cluster the AUM by permuting its rows and
columns to obtain a block diagonal matrix.
Extract these blocks and use them to define the
resulting partitions.

Some approaches do not operate on a 0-1 matrix.
Instead they modify matrix values to account for
additional information like query frequency, attribute
size and so on.

Let us consider an example. Suppose that we have six
queries accessing six attributes:

ql: SELECT a FROM T WHERE a > 10;

q2: SELECT b, f FROM T;

q3: SELECT a, c FROM T WHERE a =c;

q4: SELECT a FROM T WHERE a < 10;

q5: SELECT ¢ FROM T,

q6: SELECT d, e FROM T WHERE d + ¢ > 0;

The next step is the creation of an AUM using this
workload. The resulting matrix is shown on Figure 1la.
Having applied a matrix clustering algorithm, we acquire
the reordered AUM (Figure 1b). The resulting fragments
are the following: (a, b), (b, f), (d, e).

However, not all matrices are fully decomposable.
Consider the matrix presented on Figure 2. The first
column obstructs the perfect decomposition into several
clusters. In this case, the algorithm should produce a
decomposition which would minimally harm query
processing and would result in an overall performance
improvement. Matrix clustering algorithms employ
different strategies to select such a decomposition.

1, query i uses attribute j
0, otherwise



a b c d e f
ql 1 0 0 0 0 0
q2 0 1 0 0 0 1
q3 1 0 1 0 0 0
q4 1 0 0 0 0 0
qs 0 0 0 0 1 0
qo 0 0 0 1 1 0

(a) AUM

Figure 1 Matrix clustering algorithm

2.3 Matrix Clustering Approach
The first study to introduce matrix clustering to vertical
partitioning was the work of Hoffer [23]. The idea is to
store together (in one file) attributes possessing identical
retrieval patterns. The patterns are expressed through the
notion of attribute cohesion, which shows how attributes
in a pair are related to each other. The author proposes a
pairwise attribute similarity measure to capture this
cohesion.

The proposed measure relies on three parameters: co-
access frequency of a pair of attributes, attribute length
and relative importance of the query. This measure was
designed having the following properties in mind: it is
non-decreasing by co-access frequency, non-decreasing
by both attribute lengths (individually) and the function
is non-increasing in the combined length of attributes.

Finally, having an attribute affinity matrix, an
existing clustering algorithm (Bond Energy Algorithm,
BEA) [30] is used. It permutes rows and columns to
maximize nearest neighbour bond strengths. The author
was motivated in his choice by the following: this
algorithm is insensitive to the order in which items are
presented, it has a low computation time, etc. However,
this algorithm has a disadvantage: it requires human
attention for cluster selection.

a b ¢ d e f
1 1 1 0 0 0
1 1 1 0 0 0
1 1 1 0 0 0
1 0 0 1 1 0
1 0 0 1 1 0
1 0 0 0 0 1

Figure 2 Non-decomposable matrix

BEA is not the only existing matrix clustering
algorithm. Another permutation algorithm was proposed
in the reference [38]. Similarly to BEA, it permutes rows
and columns, but tries to minimize the spanning path of
the graph represented by the original matrix. The
improvement of these two algorithms is presented in the
reference [7]. This algorithm is called the matching
algorithm and it uses Hamming distance to produce
clusters. According to the reference [10], the study [25]
presents the Rank Order algorithm. Its idea is to sort rows
and columns of the original matrix in descending order
of their binary weight. The Cluster Identification (CI)
algorithm by Kusiak and Chow [26] is an algorithm for
clustering 0-1 matrices. The proposed approach is to
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a b c d e f
ql 1 0 0 0 0 0
q3 1 1 0 0 0 0
q4 1 0 0 0 0 0
q2 0 0 1 1 0 0
q6 0 0 0 0 1 1
g5 0 0 0 0 0 1

(b) Reordered AUM

detect clusters one by one using a special procedure. This

procedure resembles the search of a transitive closure for

rows and columns. It is an optimal algorithm that can
solve the problem when the matrix is perfectly separable,

e.g. when clusters do not intersect (there is no attribute

sharing).

All of the aforementioned algorithms (except BEA)
are generic matrix clustering algorithms. They do not
address the vertical partitioning problem and do not even
bear any database specifics. The next studies by Chun-
Hung Cheng [10, 11, 13] attempt to apply matrix
clustering approach to the database domain. Several new
vertical partitioning algorithms were developed in his
works. Let us consider them.

Chun-Hung Cheng criticizes
clustering algorithms [10, 11]:

e They do not always produce a solution matrix in a
diagonal submatrix structure. Thus, these algorithms
may require additional computation to extract them;

e  These algorithms may require decision of database
administrator to identify inter-submatrix attributes
[10].

The first study [10] extends the original CI [26]
algorithm to non-decomposable matrices. The proposed
approach is to remove columns obstructing the
decomposition (inter-submatrix attributes).

The author considered the following problem
formulation P1 [10]: remove columns to decompose a
matrix into separable submatrices with the maximum
number of “1” entries retained in submatrices subject to
the following constraints:

e Cl1: A submatrix must contain at least one row;

e (C2: The number of rows in a submatrix cannot
exceed upper limit, b;

e (C3: A submatrix must contain at least one column.

In order to solve the problem, the branch and bound
approach was used. This approach uses an objective
function which maximizes the number of “1” entries in
the resulting submatrices. During the tree traversal,
upper and lower bounds are calculated and used to guide
the enumeration process.

However, the basic approach required traversal of too
many nodes, so the author augmented it with the
following heuristic. A so-called blocking measure is
calculated for each column. It estimates the likelihood of
a column being an obstacle to the further decomposition
of the matrix. Basically, it is the number of columns that
would be involved in all queries which use the given

existing matrix
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workload » parser » executor [e—|
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» rewriter \
algorithm »| partitioner L

Figure 3 The architecture of our approach

attribute. Next, the columns are ordered by their

respective values and the ones with the highest values are

checked.

The study [11] also extends the original CI algorithm.
The author adopts the same branch and bound approach
as in his previous paper [10]. However, instead of the
blocking measure a new void measure is developed. It
has the same purpose, which is the estimation of the
likelihood of a column being an inter-submatrix column.
Essentially, this measure is the calculated “free space” to
the left and to the right of the candidate cluster.

The next study of the author [13] addresses several
shortcomings of his previous works:

e The problem of the parameter b. While this
parameter helps prevent the formation of the huge
clusters, it does not guarantee any quality of the
resulting clusters. Also, the problem will have to be
reformulated if several clusters of different sizes are
needed.

The dangling transaction problem. Applying the
previous algorithm [11] a transaction not belonging
to any cluster may be acquired: all of its attributes
would be removed. Two examples are presented in
the original paper.

The previous work did not include such an important
parameter as the access frequency of the
transactions.

Thus, a new formulation P3 is proposed [13]: remove

a minimal number of “1” entries to decompose a

transaction-attribute access matrix into separable

submatrices subject to the following constraints:

e (C7: Transactions with all “0” entries in a submatrix
are not allowed.

C8: Attributes with all “0” entries in a submatrix are
not allowed.

C9: The cohesion measure of a submatrix is more
than or equal to a threshold, 6.

Cohesion measure of a submatrix is the ratio of “1”

elements to “0” elements. This new measure is used to

ensure the quality of a cluster.

The problem is also solved with the branch and bound
approach, again, the void measure is used to guide the
order of node traversal.

Furthermore, in this work the author shows why
dangling transactions should be avoided: an example is
provided showing a case where it is possible to lose
information regarding a cluster. Finally, the author
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extended his CI framework to consider query
frequencies. This P4 formulation is the same as P3, but
features a weighted sum of accesses [13]: minimize the
loss of total accesses (3.Y; a; X freq;) due to the removal
of a;; for decomposing a transaction-attribute matrix into
separable submatrices subject to the same constraints
C7-Co.

In this paper we study the approaches described in the
references [10, 11, 13].

3 System Architecture

We have developed a program for experimental
evaluation of the considered algorithms. Its architecture
is presented on Figure 3. It consists of the following
modules:

e The parser reads the workload from a file. It extracts
the queries and passes them to the executor, so that
their execution times can be measured. It also
constructs the AUM, which serves as input for the
selected algorithm.

The algorithm identifies clusters and passes that
information to the partitioner to create
corresponding temporary tables.

The query rewriter also receives this information. It
replaces the name of the original table with the ones
that were generated by the partitioner. It can handle
subqueries; view support is not implemented yet.
The partitioner generates new names and sends
partitioning commands to the database. The exact
commands are SELECT INTO and ALTER
TABLE. The latter lets it transfer primary keys.
The executor accepts queries and sends them to
PostgreSQL to measure the time of execution.

4 Parallelization

Having implemented this system, we noticed
unacceptable run times even for relatively small
matrices. The author of these algorithms states that this
is not a problem because the algorithm finds a good
solution quickly and spends the major portion of its time
just by checking the rest of the tree.

However, we decided to parallelize all of the
algorithms. We managed to achieve this in a generic
fashion, i.e. we applied a generic parallelization scheme
for all of the branch and bound algorithms. In order to



Type Ql Q6 Q14 Q19
Original 11694 1365 1412 1663
partitioned | 31558 1602 1379 1797
Figure 4 Scenario 1 — A09, QS1, 0.7

Type Q6 Ql4 Q19
Original | 1439 1405 1673
Partitioned | 1343 1093 2731

Figure 6 Scenario 2 — A09, QS2, 0.7

1 2 3 4 5 6 7 8 9 10 1 3 9 102 4 5 6 7 8
Qr |0 1 1 1 1 1 1 1 0 0 QL {0 * 0 0 |1 1 1 1 1 1
Q6 [0 1 1 1 0o o0 o 1 0 o0 Qo (0 * 0 0 |1 1 0 0 0 1
Q4|1 0 1 1 0o 0 o 1 0 O Q4 |1 ! o0 o0 (0 * 0 0 0 *
Q19 |1 1 1 1 0 0 0 o0 1 1 Q19 |1 1 1 1 * * 0 0 0 0
(a) Original (b) Result
Figure 5 Scenario 1 — A09, QS1, 0.7
1 2 3 4 5 6 7 1 2 3 4 5 6 7
Q6 |0 1 1 1 1 0 0 Qo6 0 1 1 1 1 0 0
Q14 |1 0 1 1 1 0 0 Q14 |1 0 1 1 1 0 0
Q19 |1 1 1 1 0 1 1 Q19 | * * * * 0 1 1
(a) Original (b) Result
Figure 7 Scenario 2 — A09, QS2, 0.7
type Q6 Q14 type Qo6 Q14 | Q19
original 1555 1395 original 1385 | 1409 | 1648
partitioned | 1421 1062 partitioned | 2201 1377 | 1855
Figure 8 Scenario 3 — A09, QS3, 0.7 Figure 10 Scenario 5 — A09, QS2, 0.9
type Q6 Q14 Q19 Type Ql Q6 Q14 | Q19
original 1438 1360 1685 original 11515 1367 | 1608
partitioned | 1405 1148 1704 partitioned | 31173 | 934 | 1479 | 1989

Figure 9 Scenario 4 — A09, QS2, 0.5

implement it we employed the Threading Building
Blocks (TBB)'.

Using these primitives, our already existing
sequential implementation was parallelized with
minimal effort. We replaced the explicit stack used in
sequential depth-first traversal with TBB constructs?.
Thus, we kept the node inspection code unchanged.

For the detailed information regarding the
parallelization method and the results see the original

paper [18].

5 Experiments

We have implemented three recent matrix clustering
algorithms [10, 11, 13] (A94, A95, A09) and used
PostgreSQL DBMS to evaluate them. Our experiments
were conducted using the standard benchmark — TPC-H
with scale factor 1. We measured the run times for
original and partitioned configurations.

5.1 Hardware and Software Setups

In our experiments the following setup was used:
e PostgreSQL 9.5.2,
e  Gentoo Linux (kernel 4.1.12),
e Intel® Core™ i7-3630QM (4 physical cores,
hyper-threading enabled)

! https://www.threadingbuildingblocks.org/
2 https://www.threadingbuildingblocks.org/
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Figure 12 Scenario 6 — A95, QSI1, 2

o 8GB (DDR3) RAM,

e GCC4.93.

The database was placed in the main memory of the
machine. In order to accomplish this, the PostgreSQL
data directory was put on tmpfs, created with standard
GNU/Linux utilities.

To ensure the reproducibility of our results we used
sequential versions of algorithms for all comparisons. All
of the workloads were executed sequentially.

5.2 Data Setup

For our evaluation we have chosen the LINEITEM and
PART tables. Based on these tables we have formulated
the following query setups:

e Query Setup 1 (QS1): Q1, Q6, Q14, Q19;

e Query Setup 2 (QS2): Q6, Q14, Q19;

e Query Setup 3 (QS3): Q6, Q14.

This is the initial series of experiments, so we tried to
use simple scenarios. In these experiments we assume
uniform distribution of query frequencies.

The author of the studied algorithms indicated that
there are three possible strategies for dealing with inter-
submatrix attributes: forming a separate cluster for all
inter-submatrix attributes, duplicating them to every
subrelation and keeping them in the relation which uses
them more often. He argues that the decision which

docs/help/reference/task scheduler.htm




strategy to apply is usually left to database administrator.
In this study we employ the first strategy.

5.3 Scenario 1

In this experiment we used the most recent algorithm
from the reference [13] (A09). The cohesion parameter

5.7 Scenario 5

Here we evaluate the behavior of A09 with QS2 and
cohesion value of 0.9. Results are presented in Tables 10
and 11. There is also negative overall gain.

5.8 Scenario 6

1 2 3 4 5 6 7 1 2 6 713 4 5
Q6 o 1 1 1 1 0 O Q6 o * o0 o0 |1 1 1
Q14 1 o1 1 1 0 O Q4 |* 0 0 O (|1 1 1
Q19 1 1 1 1 0 1 1 Q9 |1 1 1 1 |* * 0
(a) Original (b) Result
Figure 11 Scenario 5 — A09, QS2, 0.9
1 2 3 4 5 6 7 8 9 10 1 9 105 6 7|2 3 4 8
Ql o 1 1 1 1 1 1 1 0 O Q1 0O o0 o0 |1 1 1|1 1 1 1
Q (0 1.1 1 0 0 0o 1 0 O Qo6 0O 0 0|0 O Of1 1 1 1
Qi4(1 0 1.1 0 0 0 1 0 O Q14 |1 0o 0|0 0 OO0 1 1 1
Qo1 1.1 1 0 0 0o 0 1 1 Q19 |1 1 1. J]0o 0 o1 1 1 0
(a) Original (b) Result

Figure 13 Scenario 6 — A95, QS1, 2

was set to 0.7 and QS1 was used. Table 4 contains the
performance for this scenario.

As we can see, only run time for Q14 improved and
the overall time significantly increased. The query Q1
can be characterized by a large number of aggregates and
read attributes. This is the possible reason for such
performance deterioration. The partitioning scheme is
presented in Table 5.

5.4 Scenario 2

This experiment also addresses the A09 algorithm with
the same cohesion parameter. However, we decided to
discard Q1 from the workload to check whether that
would improve the overall performance. The results are
presented in Table 6. While Q6 and Q14 performance
improved, the Q19 performance has greatly deteriorated.
The net gain is also negative in this case. The
corresponding partitioning scheme is presented in Table
7.

5.5 Scenario 3

In this scenario we examined A09 on the QS3. The
results are shown in Table 8. We do not demonstrate the
original and partitioned matrices due to the space
constraints and due to the fact that the algorithm returned
only one cluster, which was identical to the input one.
Thus, overall improvement was achieved via transfer of
all of untouched attributes to a separate cluster.

5.6 Scenario 4

In this experiment we again considered A09 on QS2, but
lowered the cohesion value to 0.5. Similarly, we
obtained a positive net gain (see Table 9). Unfortunately,
input and output matrices indicate that the reason for this
improvement is the same as in Scenario 3.
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In this experiment we tried a different algorithm — A95
on QS1 with the maximum number of rows being 2. The
outcome is presented in Tables 12, 13.

5.9 Other Scenarios and Results

We have also conducted a number of other experiments,
but unfortunately, we are limited by the space available.
Here is a brief summary of our findings:

o If we select a lot of attributes in one query of the
workload, these algorithms will perform poorly;
These algorithms perform well on workloads which
have several columns consisting of “0” entirely
(containing no accesses in the workload);

It may be beneficial to set a low cohesion value in
order to achieve better performance. This is
accomplished by eliminating additional joins;
Algorithms A95, A94 and Optimal exhibit the
similar behavior during our tests;

There are cases when any of the algorithms
(Optimal, A94, A95) can return no solution;

In order to obtain a non-trivial solution cohesion
parameter should be higher than one of the original
matrix.

6 Conclusions

In this paper we have studied three newer matrix
clustering algorithms [10, 11, 13]. We have implemented
these algorithms and used PostgreSQL with TPC-H
workload to evaluate them. In our experiments we
employed one of several inter-cluster attribute handling
strategies. Preliminary results suggest that all of these
algorithms perform poorly in this environment, often
yielding partitioning schemes worse than the original
one.
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AHHOTANUA

B Hacrosmee BpeMst IPONCXOIUT aKTHBHOE HAKOTICHHE
TAHHBIX OO0JIBIIIOTO 00BEéMa B Pa3THIHBIX
WH(POPMAIMOHHBIX CpelaX, TaKhuX KaK COIMAaJbHEIE,
KOpIIOpaTHBHBIE, HAy4YHbIE W JApyrue. VHTEeHCHBHOE
HCIOJB30BaHNE OONBIIMX HAHHBIX B  Pa3IMYHBIX
o0MacTaX  CTUMYJUpPYEeT  IOBBINICHHBIH  HHTEpEC
UCCIIC/IOBATENCH K pa3BUTHIO METOJOB M CPEICTB
OGpaGOTKI/I 1 aHalin3a MAaCCHUBHBIX IaHHBIX OI'POMHbBIX
00BbEMOB M 3HAYUTEIBHOrO MHOT00Opazus. OnHUM H3
MEPCIIEKTUBHBIX HaTpaBJICHUH B AHAITUTHKE
WHTCHCUBHBIX JAHHBIX SBISICTCS KIACTEPHBIA aHAIH3,
KOTOPBIH TMO3BOJSET pEIIUTh TaKUe 3a7add  Kak,
COKpaIlleHHe Pa3MEPHOCTH MCXOIHOTO Habopa MaHHBIX,
BEISBIICHUE TATTEPHOB U T.1I. B maHHOI1 cTaThe aBTOpamMu
TpeyIaraeTcsi aHcaMOIb AITOPHTMOB KIIACTEPH3AIUH,
cocrosmuii W3 0a3oBBIX anropuTMoB K-means,
OTIMYAIOMINXCS IO OJHOMY IIapameTpy - MeTpHuKe
paccrosHUS MeXAy oObekTamu. [ omeHKm paboTHI
pa3paboTaHHOro aHcaMmOJsl KCIOJb30BAHBI OTKPBITHIC
nannbie apxusa UCI.

1 BBeaenue

JlanHbIC 00JBIIOTO 00BéMma (BigData),
HCHOJB3YIOTCA B PA3IMYHBIX MpoIeccax, TaKUX Kak
n3BIIeYeHNEe HH(OPMAINH U3 BeO-pEeCypCoB, BBISIBICHHUS
00IIMX 3aKOHOMEPHOCTEH B 00JACTSIX C MHTCHCHBHBIM
HUCIIOJIb30BAHUEM JaHHBbIX u T.O. 3TI/I JaHHBbIC
HEOOXOIMMO CTPYKTYpPHPOBaTh, KIaCCU(HUIIUPOBATH,
moJIBEpraTh TIIATEIEHOMY aHanm3y. B 3Tom ciydae
KIACTePHBIN  aHaNW3 sBISICTCS OCHOBOW MHOTHX
Hay4YHbBIX HccenoBanuii [14]. Knacrepuszanus (0T aHrI.
cluster CKOIUICHHE), OSTO CETMEHTalus depe3
BBIJICTICHUE OIPEeNEHHBIX 00BeINHEHUH OTHOPOIHBIX
AJIEMEHTOB, KOTOpBIE paccMaTpUBarOTCs KaK
CaMOCTOSTENIEHBIE €IMHUIIBL, obnanarormme
oTpeIeIEHHBIME CBOMCTBamMU [15].

B  pesymbrare  mpouemypsl
00pa3yroTCs «KJIAcTepbl», TO €CTh
MOX0XHX 00BEKTOB [16].

KJIaCTEPHU3ALUH
IpylIbl OYE€Hb

Tpyast XVIII MesxkayHapoaHoi
DAMDID/RCDL’2016 «AHaJuTHKa
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HCIOJTb30BaHNEM JTaHHBIX», EpmoBo,
2016
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ITox xputeprnem KadecTBa KiacTepU3alUU OOBIYHO
MOHUMAETCS HEKOTOPbI (DYHKIMOHAN, 3aBHUCSIIUA OT
pa3bpoca OOBEKTOB BHYTPH TpPYNIBl W PACCTOSHHHA
Mexay HuMH [9].
Kracrepusauust ominyaercst OT KiiaccupuKalum Tem,
4YTO H3Ha4dYaJlbHO HCHU3BCCTHBI HH KOJIMYCCTBO, HHU
cBoiicTBa KiaccoB (kimactepoB). K ocobeHHOCTSIM
KJIaCTepH3aLlii MOXHO OTHECTH CIIEAYIOIIEe:
®  BO3MOXHOCTb OIpeAeIeHUs 3apaHee
HEHM3BECTHOTO KJ1acca OOBEKTOB 10 HayaJbHBIM
XapaKTEePUCTHKAM;

® BO3MOXHOCTH OOpabOTKH CKOJb  YTOIHO
60JBIIOT0 KOMUIECTBA OOBEKTOB B JOCTATOYHO
KOPOTKHE CPOKH.

YCTOWYMBOCTh pellIEHUH B 3ajjadyax KiacTepu3aluu
MOJKET OBITH TMOBBINICHA OJyiarogaps (OPMHPOBAHUIO
aHcamOist anroputMoB [13] u mocTpoeHHI0O € ero
TIOMOUIBIO KOJUIEKTHBHOTO PELIEHHs HA OCHOBE MHEHUH
YYaCTHUKOB aHCaMOJIs, Tie I0J MHEHHEM alropuTMa
MOJIpa3yMeBaeTCs ero BapuaHT pa3OMeHHsl JAaHHBIX Ha
KJIaCTEpBHI.

JlaHHBIE CBOICTBA KIIACTEPHOTO aHaim3a o0co0o
aKTyaJgbHBI TIPU paboTe B 00JACTAX C WHTCHCHBHBIM
UCTIONIb30BaHUEM JAHHBIX, KOTAA MpeaMeTHas 00acTh
cnmabo ¢dopmanu3oBaHa, Hampumep, MU aHaIM3a
TEKCTOBBIX JIOKYMEHTOB, H300paXEHUH U T.JI.

OcHOBHOE BHUMaHHE B JaHHOW paboTe ynensiercs
MOCTPOEHHIO aHCaMOJIsl AITOPUTMOB KIIaCTEpU3alMU Ha
OCHOBE H3MCEHSIOIIUXCS METPUK PACCTOSHUU I
aHaJIM3a JIaHHBIX 00JBIIOro o0beMa.

2 CoBpeMeHHbIE MOAXO0AbI K PeLICHUIO
npood.JieMbl

Beibop Meroma  KiacTtepu3alMM  3aBUCUT  OT
KOJIMUeCTBAa J@HHBIX M OT TOro, Tpedyercs I
o0pabaThlBaTh W aHANU3UPOBATH HECKOJIBKO THUIIOB
JAaHHBIX OJHOBpeMeHHO [6, 10].

Ha npakTuke 4alie BCero NCIoIb3yOTCS THOPUIHbIE
HOAXOABI, B KOTOPBIX HUIM(OBaHHE KIACTEPOB
BeITIONHSIETCS MeTonmoM K-cpeanmx (cMm. dopm.l), a
HavyajlbHOE  pa30OHeHue omHMM M3 Ooinee
YHUBEPCAJIbHBIX U MOIIIHBIX METOIOB.

_ vk 2
V=2 ijeSi(xj - Hi) ; M
rae K — 4ucino kmactepos, S; — TONydYEHHBIE
Kiactepsl, i=1, 2,..., K 1 {; — LEHTpbI Macc BEKTOPOB.



JlaHHBIE O CPaBHEHHUH alNTOPUTMOB IPEICTaBICHBI B
Tab.1 [7].
Tadanua 1 CpaBHuTeNnbHas Ta0JIUIA AITOPUTMOB

Anaroputm Bxoanbie Pe3yabTaTsl
KJIACTEPU3ANH | TaHHBbIE
uepapxuyeckas | 4HUCIO OuHapHOE IPEBO
KJIacTEpOB KJIacTEpOB
WM IOpOr
paccTosiHus
JUTS
yCeUeHHS
HepapXun
K-cpenanx YHCIIO LEHTPHI
KJIaCTEpPOB KJIaCTEpPOB
C-cpenanx YUCIIO EHTPBI
KJIaCTEPOB, KJIaCTEPOB,
CTETICHb MaTpuIa
HCYCTKOCTHU MPUHAJIC)KHOCTU
BbIJICJICHUEC nopor ApEeBOBUAHAA
CBSA3HBIX paccTosiHuA CTpYKTypa
KOMIIOHEHT R KJIaCTEPOB
st onpeneneHus: pacCTOsHUSL MEXIy 0OBbEKTaMH B
KJIACTEPHOM  aHAIU3€  UCIONB3YIOTCS  Pa3IUyYHBIE

METPUKHA PACCTOSHUN Mexay oObekramMu X u X'.
Haubonee BOCTpeOOBaHHBIMU B KJIACTCPHOM aHAIH3EC
SIBIISTEOTCS CTICIYFOINE METPUKH:

1. EBkinmoBo paccrositHue

p(x,x") = JXMx; — xD% @

2.  MaHXdTTEHCKOE pacCTOsSHUE
"N _ n ’
p(x,x") = Xilx —xil; 0
3. Paccrosuue UeOnlmena

p(x,x") = max(|x; — x;[); @
4. Koapdumuent Kakkapa

I XX
K(x,x") = o ©(5)
e P s
5. Jlunammyeckass TpaHcopMaiysi BpEeMEHHOM
mkainsl (dynamic time wrapping, DTW)
. (yvK
min{Yj;—, d(wg)
DTW (x,x") = { "Kl }, (6)
rae K — mmHa mytn Mexay X U X', KOTOPBIA
BBIYUCIISICTCA 1o CHeLIPIaﬂ]:HOﬁ MaTpuule

tpaHchopmanwmii [11].

BEIOOp METpHKHM CYIIECTBEHHO BIMSAET HA Ka4eCTBO
KJIaCTEPU3ALIUH.

B Hacrosimiee BpeMs B KJIaCTEPHOM aHalIU3e
MPOABIACTCA TEHACHIUA K IPUMECHCHUIO KOJIJICKTUBHBIX
MeToz0B [1]. Panee ObUIO OTMEUYEHO, YTO AITOPUTMBI
KJIACTEPHOT'O aHAllM3a HE SIBISIOTCS YHHBEPCAJIbHBIMH:
KaXIBI alrOpUTM MMEET CBOIO 0co0ylo 00yacTh
npumeHenus (tabmuma 1). B Tom ciywae, ecnm
paccMaTprBaeMast 00J1aCTb COICPKHUT Pa3INIHbIC THIIbI
JOAaHHBIX, IS BBIACICHHS KIACTEPOB HEOOXOIMMO
NPUMEHATH HE OUH ONPEACIEHHBIA alropuT™, a Habop
PA3IMYHBIX aJITOPUTMOB.

AHcaMOneBbIii (KOJUIEKTHBHBIN) MMOAXO] TO3BOJISET
CHU3UTh 3aBUCHMOCTh KOHEYHOTO pElIeHHS OT
BbIGpaHH])lX napaMeTpoB HCXOAHBIX AJI'OPUTMOB U
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MOJy4uTh OOJiee YCTOHYMBOE pEILIeHHE Jaxe Mpu

00JIBIIIOM KOJMYECTBE ITYMOB M BEIOPOCOB B TaHHBIX [9].
CyLIecTBYIOT CJEIyIOIIMe OCHOBHBIE METOIMKU

MOJIyYeHUst aHcaMOJis1 anroputMoB (cm. Puc. 1)[8]:

1. HaxoXJIeHHe KOHCEHCYCHOTrO pa3OHeHwus, T.e.
COTJIACOBAHHOTO Pa30MCHUS TMPH UMCIOIIUXCS
HECKOJIPKUX PCIICHHSX, ONTHMAIbHOTO IIO
HEKOTOPOMY KPHTEPHIO;

2. BBIYHCIICHHE COTJIACOBAHHOM MaTPHIIBI
CXOJCTBa/pa3nmuynii (co-occurrence matrix).
1
AncamOpb
ANTOPUTMOB
|
|
I — }
Haxoxnenne Brruncienue
KOHCEHCYCHOI'O COIJIaCOBAHHOM
pazoueHus MaTpUILbI
CXOJICTBA
|

Pucynok 1 AncamOnu aaropuTMoB KJIaCTEepU3aLMN

ITpn ¢dopmMupoBaHMM OKOHYATENHHOTO PEIICHUS
UCTIONB3YIOTCS PE3yJIbTAThl, TOMYUCHHBIE PA3THIHBIMU
ITOPUTMAaMH, JINOO OTHUM aJITOPUTMOM C Pa3INIHBIMHU
3HAYEHUSAMH I1apaMeTpoOB, IO Pa3HBIM MOACHUCTEMaM
MEPEeMEHHBIX U T.A. B Hacrosiee Bpemsi aHCaMOJIeBbIiA
MOAXOJ, SABISIETCSI OHUM U3 HanbOoJiee MepCIEeKTUBHBIX
HaTpaBJIeHUH B KJIACTEPHOM aHAIIH3E.

[TpumepaMu MCHONB30BaHUS aHCAMOJIsI alNTrOPUTMOB
KJIaCTepU3aLlMd  MOTYT  CIYXHTb  CIEIyIOULIHeE.
Co3/1aHHBIN Ha OCHOBE HETlapaMeTPUYECKOT0 aJITOpUTMa
MeanSC, ancamOJyib MMO3BOJNIMII YIIy4YIINTHh IOKAa3aTeln
KJIacTepH3allii MHOTOKaHAIBHBIX H300paxkeHuit [13]. A
TaKxe, UCTIONB3YS aHcamOIb ITOPUTMOB
KJIacTepu3aluu Ha ocHoBe K-cpemHmx m anropurma
SVM (Support Vector Machines), ynanoch MOBBICHTH
TOYHOCTh OOHApYXKEHUsI CEpAEYHBIX AHOMAIUH, dYTO
MO3BOJIMJIO COKPATUTh BPEMsl YCTAHOBIICHUS JUAarHo3a
[2].

Takum 00pa3oM, MPUMEHsISE aHCAMOJIb C Pa3THYHBIMU
HabOpaMu  aJTOPUTMOB, B COOTBETCTBUM C HX
NpPEeUMYIIECTBAMA U OCOOEHHOCTSIMHM, MOXHO CO37aTh
HanOosee MOIXOMIIYI0O CXEeMY KIIacTepH3aliH IS
omnpenenéHHOW TpeaMeTHOW obOmactu. Panee Takke
YKa3bIBAJIOCh, YTO Ba)XHBIM (DAaKTOPOM, BIIMSIOLINM Ha
pe3ynbTar KJIacTepHU3annH, SBIISIETCSI BBIOOD
KOHKPETHOH METPHKH PACCTOSHUH MEXIy OOBEKTaMH.
OObenuHsAs 3TH [Ba IOAXOAA, MOXHO CYIIECTBEHHO
MOBBICUTH 3P (HEKTUBHOCTH KIIACTEPHOTO aHAIH3A.

3 IlpensiaraemMblii MOAX0/

3.1 AncaMO0/1b AITOPUTMOB KJIacTepH3aluu

[Ipennaraemblii aBTOpamMu aHcamMOJllb aJITOPUTMOB
npejacTaBisier co0OM COYeTaHWe IOCIIeN0BATENbHBIX

anroput™oB  K-cpenHuUX, Kaxabli M3  KOTOPBIX
mpejularaeT CcBoe pa3OWeHHWe, W HEepapXH4ecKOro
arJIOMepaTUBHOTO aNropuTMa, 00BETUHSIONIETO



MOTy4EHHbIE PELICHUsI C IOMOIBIO 0COO0T0 MEXAHU3MA.
B omnmune ot aHcamOns, WCHONB3YIOIIETO AlrOPUTM
MeansSC [13], npeniokeHHbIH aHCaMOJIb OIUPACTCS Ha
pe3yJibTaThl MpeABaAPUTEIILHOIO HUCCIIEIOBAHUSA
UCXOMHBIX JaHHBIX, KOTOPBIC MPEACTABISAIOT COOOMU
HeOOoJIBIION HAOOP pa3MEUEeHHBIX IKCIIEpTaMU 00BEKTOB.
MUHUMaIbHO  HEOOXOAWMMBIM  NIpOLEHT  oObeMa
WUCXOMHOM  BBIOOPKH, TapaHTHPYIOIIUHA  3aTaHHYIO
TOYHOCTb, MOUIEKUT AajbHEHIIeMy u3ydeHuro. [ns
OIIPEZIETICHHOCTH, B ITaHHOW paboTe ncnonszyercs 0.5%,
YTO B CIydYac yBEIMUCHHS 00beMa JaHHBIX, OYEBUIHO,
JOJDKHO TOJUIEKATh IEPECMOTDY.

Ha nepBom miare kaxablii anroputm K-cpeanux,
pa3OuBaeT JaHHbIE Ha KJIACTEphl, HCIIOJIB3YsS CBOIO
METPHUKY PAaCCTOSHU. 3aTeM, pAaCCUUTHIBACTCA TOUHOCTh
U BeC MHCHHUS aJITOpUTMA B aHcamOiie o ¢opmysie 7:

Accy
Y Acey M

rae Acc; — TOYHOCTBH ainroputMa l, T.e. oTHOIICHHE
KOJIMYECTBO TPABUIIBHO KIIACTEPU30BAHHBIX OOBEKTOB K
00BeMy Bcel BRIOOPKH, a L — KoinmdaecTBo anropuTMoB B
aHcamoOue.

Jast KaXJ0Tr0 MOJTy4EHHOTO pa30OueHust
COCTaBIsieTCS IpeABapUTENIbHAsS OWHAapHAas MaTpHuna
pasnuuui pasMepa n X n, re N-KOJUYECTBO 0OBEKTOB,
HeoOXoauMast JJIsl ONIpe/IIICH s, 3aHECEHBI JIN O0BEKTHI
pa3OueHuss B OJMH KJacc. 3aTeM pacCUUTHIBACTCS
COTJIacOBaHHAs MaTpULIA Pa3JIUuUi, KaXIbIH SJIEMEHT
KOTOpOW  IpeacTaBisieT co0Oi  B3BemICHHYIO  (C
WCIIONIb30BaHNEM Beca H3  GopMyasl 7) cymmy
9JIEMEHTOB NpeABapuUTENbHBIX Matpull. [lomydeHHas
MaTpHLa HCIIONb3YeTCs B KadeCTBE BXOJHBIX JAaHHBIX
Ul allfOpUTMa  HMEpapXU4eCKOWd  arjioMepaTuBHOM
KJIACTEePH3AIHHU. 3aTeM C MTOMOIIBI0 OOBIYHBIX MIPUEMOB,
TAaKMX KaK  OMNpEAEJICHHE  CKauyka  pacCTOSHMA
arJioMepaliii, MOKHO BBIOpaTh HanOoJiee TOIXOIIee
knactepHoe pemenue. [Iponenypa cozganust ancamoOus
ITOPUTMOB NPEICTAaBIICHA HA PUCYHKE 2.

w; =

1 1
Anroputm 1 Anroputm 5
Mposepka MpoBepka
TOYHOCTM TOYHOCTU
Pacuét Beca Pacuét Beca
pasbuenuna pasbueHua
CocTaBneHue CocTaBneHue
6uHapHoW 6uHapHoW
MATNALIKI MATNULIRI

v

CocTaBnieHune cornacoBaHHoOM
mMaTpuubl pa3nw4m7l, y4unTbiBaA BeC
nazbueHus

v

MpumeHeHne meToga 6aunKaiiuero
cocefia K cornacoBaHHol maTpuue
naznuuuia

|
Pucynok 2 AHcaMOI1b alTOPUTMOB KIIaCTEPH3ALUN

3.2 AropuT™MBI KJIaCTEPU3ANHHA

B nanHOM aHcamOne aJrOpUTMOB KIIACTEPU3ALNU
ObuTH KcTioNb30BaHbI MsITh K-cpenuux (cMm. dpopm. 1), kak
OJUH u3 Haubolee BOCTPEOOBAHHBIX AITOPUTMOB
KJacTepu3auuu Oonblmx AaHHbIX [12]. [{nsg paHHBIX
ITOPUTMOB OBUTH HCIIOJIB30BAHBI TAKUE METPHKH, KaK:

¢ EBximnnoBo paccrosinue (cM. GpopMm. 2)

e MaHnx3TTeHCKOe paccTostaue (cM. popm. 3)
e Paccrosane Yebrmmesa (cM. hopm. 4)

o  Koaddunuent XKakkapa (cMm. popm. 5)

o DTW paccrostaue (cM. popm. 6)

3.3 Hannyumiee pa3doueHne Ha KJacTepsbl

Jns  monydeHMsT Hawiydllero pasOWeHus Ha
KJIaCTephl HEOOXOAMMO, KaKk ObUIO YHOMSIHYTO BBIIIE,
COCTaBUTHh OWHAPHYIO MATPHUILy CXOACTBa\pa3IW4uii Ha
kaxnaoe L pazouenune B ancamoOie:

Hi = {hl(l!])}: (8)
rae hi(i, j) paBeH HyIr0, €ClTM S7IEMEHT | ¥ 3JIEMEHT |
MOTANK B OJIMH KJIacTep, U | ecii Her.

CrnenyromuM IIaroM B COCTaBJICHHHM aHCAMOJIS
QITOPUTMOB  KJIACTEPU3AIIMU  SIBJISETCS COCTaBJICHUE
COTJIaCOBaHHOM MaTpHIIbl OMHAPHBIX pa30neHu.

H* ={h"(i, N}, )
R (i, ) = Lica wihi (i, )), (10)
rzie W) — BEC alrOpUTMa.

Jns GopMHpOBaHWS HAWIYYIIETO pPa3OHEHHS II0
COTJIACOBAaHHOW MaTpuile OBIT BBIOpaH aAITOPUTM
OJIMKAMIIIETO cOocea.

4 Banupanus npeajiaraeMoro ancamoJis

JInist TECTHPOBaHMUS M OLIEHKH aHCaMOJIsl aJITOPUTMOB
KJIacTepH3aLuH HCII0JIb30BAJIOCH IIPOTrpaMMHOE
cpenctBo RapidMiner [3]. C momomsio RapidMiner
MOJKHO peIlaTh, KaK MCCIeI0BaTeNbCKie (MOACTBHEIC),
TaK u TIPUKIIATHEIC (peasbHBIC) 3amaun
MHTEJUIEKTYaJIbHOTO aHAIN3a JaHHBIX, BKIIIOYAs aHAJIH3
TEKCTa, aHAJIN3 MYyJIbTUME/INA, aHAJIN3 IOTOKOB JaHHBIX,
YTO MOAXOAUT IJIsI TCCTUPOBAHUSA aHCﬁM6J’lH AJIrOPUTMOB
KJIaCTEpHU3aLUH. B Ka4yecTBE JaHHBIX s
KJIaCTepU3allui HCIOJIB30BAJIMCh OTKPBITHIE JTAHHBIE C
web-caiita UCI [4]. JlaHHBIH mpuMep COAEPIKHUT
uHpopManMIio O IUIATeXax KIMEHTOB C IIOMOIIBIO
IUIACTUKOBBIX KapT, Bcero 30 Thic. 3amuceil u 24
atpuOyTa. [laHHBIE OBIIM pa3MEYeHBI SKCIEPTHBIM
crioco0oM Ha 2 KitacTepa, M 3TH pe3yJIbTaThl ObUIA B3STHI
B KaU€CTBE KOPPEKTHOTO PEIICHNUSI.

Huxe MIPEACTABIICHBI JJIEMEHTBI CXEMBI
JKCIIepuMeHTa, paspaboranHoit B RapidMiner. [is
CHWXCHHUSI PAa3MEPHOCTH HCXOAHBIX JAHHBIX OBLI
BbIOpaH MeToa TJiaBHbIX KommoHeHToB (Principal
component analysis, PCA) (cm. Puc. 3). B kauectse
KpHUTEpUsI BBIOOpA KOJIMYECTBA KOMIIOHEHT ObLT BHIOpaH
KpUTEpHii Kaiizepa (cobcTBEeHHOE 3HAYECHUE
KOMITOHEHTBI OO0JIbILIE €ANHHIIBI).
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Pucynok 3 CHmKeHHE pa3MEpPHOCTH TaHHBIX

Ha cnenyromem miare OblUia BbISBIEHa TOYHOCTD
Ka&)XIOr0 JrOpUTMa IyTEM CpaBHEHHS IOJIyYEeHHOT'O
pa3OMeHns Ha JABa KiacTepa KaXIbIM aJrOPUTMOM C
KJIacTepaMu, Pa3MEUEHHBIMH JKCIIEPTHBIM CIIOCOOOM.
[locne monydeHus 3HA4YEHUsT TOYHOCTH Ka)IOIO
ajropuT™Ma, 1o Gopmysie 7 ObUT paccUUTaH BEC MHEHUSI
anroput™a (cM. Puc. 4). Tak, u3 rpaduka BuaHO, 4TO
HauOOJIBIINM BECOM obnanaer ITOPUTM,
HCIIOJIb30BABIINI paccTosiHue YeObImena, a
HaMMEHBLINM BECOM - aJITOPUTM ¢ MeTpuKoi JKakkapa.

Bec MHeHWA anroputma
20,40%

20,50% T

20,00% T+ ,35%

19,50%
19,00% +

18,70
18,50% +

| I PN P NN - S

_____BQ___________

18,00% -

Pucynok 4 /lnarpaMmma Beca arOpuTMOB

[anee Oblma TpoBeAeHa KIIACTEPH3ALMS JAaHHBIX
KaX[bIM aJITopuT™MOM. Ha crienyroriem mare, HCTIONb3ys
Bo3MokHOCcTH RapidMiner, mo ¢opmyne 8 Obum
MOJTy4eHbI OMHAPHBIE MATPHIIBI pa3OUeHuUs

Ha ocHOBE mONy4YEHHBIX pE3yIbTATOB MOXKHO
OIIPEJICTINTh 3HAYEHNE MHAEKCA KadeCTBa IPYNIIMPOBKU
(Bec pasouenus). Mcnonb3ys Bec KaKa0ro pa3oueHus U
CyMMYy 3HaYeHUH OMHaApHBIX MaTpHLL
cxoncrBa\pazmuni (cM. ¢opm. 9), Obuta cocTaBieHa
COrjlacOBaHHas MaTpulla pas3Iuuuid It aHcamOJIs
AITOPUTMOB Kiactepuzarmu (cM. popm. 10).

[Ipumensiss anmroput™m Ommkadimero cocega K
pacCUMTaHHOM MaTpHle, C INOMOLIbIO BO3MOXHOCTEH
Rapidminer, 6pu10 OnpeaeneHo HaMTyIIee pa3oueHue.

Ha pucynke 5 mnpexncraBieHa 4yacThb pe3yJbTAaTOB
paboThl anropuT™Ma — IEHAPOrPaMMBI, MOTyUYECHHOW Ha
TOCJICTHEM 3Talle €T0 paboTHI.
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Pucynok 5 PaGora anropurma nepapXxmaeckon
KJIaCTepH3aLUH

B pesymprate nIpUMEHEHHS  IPEIOKEHHOTO
nozaxojna ObUIO IOJTYyYEHO OKOHYATEIHHOE peEIICHHUE,
COCTOfIleE M3 JABYX KIACTEPOB, XapaKTEePU3YIOIIUX
MOBCACHUC KIIMEHTOB IIPHU OCYIIECTBJICHUU nnaTeX(eﬁ,
obyiajaromiee  JAOCTaTOYHO  BBICOKOW  TOYHOCTHIO,
corylacyromneecsi ¢ 9KCIEepTHbIM MHeHHeM (cM. Puc. 6).
W3 pucyHKka BHAHO, YTO TOYHOCTH IIPEIOKEHHOTO
aHcaMOJsl  TPEBBIIAET  TOYHOCTH  CTaHAAPTHOTO
anroputMma K-cpenHux, ¢ pa3nuyHbIMA METPHKAMH.

ToyHOCTb anropmuTMoB, %

9 90,61
89,31 89,44
90 4 ’
1
88 ! ; i :
1 1 ! 1
86 ! 1 ! ] .
! ! ' ! !
84 ! i . !
1 1 | 1 |
82 A
80 ! : ! : ! !
(] 2 < > Q
Q@‘“ & Q:SI\ &@‘b & S
<O X O 0 &
& X LS &K
¢ L F T S
© F &S
& & & & O ®
< ¥
& @ & E ¥
&

Pucynok 6 CpaBHEeHHE TOYHOCTH aJTOPUTMOB

5 3akia0yenue

3amada WHTEIUIEKTYyallbHOTO aHalnW3a W 00pabOTKH
Boubiinx JIaHHBIX MOCTIEIHUE HECKOJIBKO JIET SBISETCS
MPEMETOM HU3Y4YCHHUS] MHOXKECTBA CICLHUAIUCTOB U
BAKHOM COCTABJIAIOILEH 3TOr0 aHalau3a YKas3blBaeTcs
KJIacTepu3alusi  9THX  J@HHBIX,  [O3BOJISIOIIAS
NPHOJIM3UTECS K PEIICHHUIO MpobiemMbl Tpex V (00bema
JIAHHBIX I XpaHeHus - Volume, ckopocti 00paboTKy -
Velocity 1 pa3HooOpa3usi UCXOJHBIX THUIIOB JTaHHBIX -
Variety) [5]. Takum o00pa3oMm, KIaCTEPHBIH aHAJIN3
CTAHOBHUTCS OJIHUM M3 KJIIOUYEBBIX B cepax oOpaboTKU
WHTEHCHBHBIX JIAHHBIX, TaK KakK JTO OJWH U3



3G (PEKTUBHBIX METOJZIOB, KOTOPBII CYIIECTBYeT Ha
CETONHAIIHUIN AeHb. [IpuMeHsst aHCaMOJIb alrOpUTMOB
KjlacTeépuzanuvu, MOXHO TMOBBICUTL HJOCTOBEPHOCTH
pa3Ouenuss paHHBIX Ha rpynnbl.  CyIIecTBEHHBIM
SABJIACTCA TO, UTO [laHHbIﬁ METOA MOXKCET NPUMECHATHCS B
Ppa3IHYHBIX 00IAcTIX. PaccMOTpEeHHBIN B JaHHOU CTaThe
aHCaMOJIb aNTOPUTMOB KJIACTCPU3AIMH HHUBEIHPYET
HEJOCTaTKU METPUK PAcCTOSIHUU 1jsi anroputmoB K-
CpPEeOHHMX, TEM CaMbIM TIIOBBINIAs JOCTOBEPHOCTH
pa3oueHus. Hanpueimee HCCIIEIOBAHNE
MPEUIOKEHHOTO aHCaMOIIsl allTOPUTMOB HA OCHOBE
MEHSIOILEHCS METPUKU PACCTOSIHUM IUIAHHUPYETCS B
pamkax rpanta POOU Ne 15-07-08742.
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Development of Ensemble of Clustering
Algorithms Based on Varying Distances Metrics

Pyotr V. Bochkaryov, Vasiliy S. Kireev
Currently there is an active accumulation of big data

in various information environments, such as social,
corporate, scientific and other domains. Intensive use of
big data in various fields stimulates the increased interest
of researchers to the development of methods and means
of processing and analyzing massive data volumes with
significant variety. One of the promising areas in data
intensive analytics is cluster analysis, which allows to
solve such problems as: reducing the dimension of the
original dataset, identifying patterns, etc. In this article,
the propose an ensemble of clustering
algorithms, consisting of the basic algorithm K-means,
characterized by one parameter - the distance metric
between objects. For the evaluation of performance of
the designed ensemble the open data archive of UCI was
used.
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Abstract

In this paper we focused on non-stationary signal
analysis in task of hedge fund investment portfolio
management. Information about funds and assets is
updated every day each second, so this area has many
raw data for analysis. We review existing methods and
propose special signal transformation method that fixes
one of main disadvantage of current signal analysis
methods, applied to estimation of investment portfolio
strategy (multicollinearity predictors). In addition, we
described how we planed to apply full steps of data
analysis (such as data extraction, transformation,
analysis, visualization) to considered task.

1 Introduction

There is a wide class of signals analysis problems on
the axis of discrete argument ¥ = (y;,t =1,...,N)
(usually time). In such tasks, smoothly varying
parameter X = (x¢,t=1,..,N) is required to
estimate in all observation points, which takes values
from some set ; € X and forms a hidden process, it is
usually considered as random process. The main
example of the problem is an estimating the investment
portfolio management strategy, which plays a huge role
in the modern investment analysis [7].

The main idea of investment portfolio management
strategy estimation is to determine the percentage of
portfolio at each time point, based on known values of
portfolio return and assets cost in the stock market [1].
This problem is very interesting for shareholders and
investment companies, which want to know how the fund
manages own assets. On the contrary, the fund tries to
hide its strategy, but the information about own
profitability index must be published every day (hedge
fund information is available on finance.yahoo.com).

The hedge fund industry has grown rapidly over the
past decade to almost $1 trillion in assets and over 8,000
funds [5]. In many cases, the available information on a
hedge fund is a time series of daily/monthly/yearly
returns and fund's assets cost during holding period. This
data is used for time series analysis, so this area can be
called data intensive, because data permanently changes
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Domains» (DAMDID/RCDL’2016), Ershovo, Russia,
October 11 - 14, 2016
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over time, and it can be used for real-time data analysis.
Returns are then analysed using a variety of multi-factor
models in order to detect the volatility of the hedge fund
strategy.

One of the most common and effective multi-factor
models for analysis of investment portfolios, called
Returns Based Style Analysis (RBSA), was developed
by Sharpe [3]. In the RBSA model, constrained linear
regression of a relatively small number of single factors,
represented by the periodic returns of generic market
indices, approximates the periodic return of a portfolio.
Each of these factors represents a certain investment
style or sector. In order to account for distribution
changes in portfolios, Sharpe used a moving window of
some predefined length, assuming that the structure of
the portfolio is constant inside the window.

Dynamic model in which portfolio weights change
with time was proposed as a generalization of the
stationary RBSA model [5]. This approach, called
Dynamic Style Analysis (DSA), consists of estimating a
time-varying regression model of the observed time
series of a portfolio's periodic returns and those of assets
market cost. This problem is closely related with the
necessity of choosing the appropriate level of volatility
of results ("smoothness"), ranging from the full
stationarity of instant regression models to their absolute
independence of each other. In selecting the volatility
level, authors used the "leave-one-out" principle [2].

In this paper, we focus on assets volatility problem.
Assume fund has high turnover ratio and also there is a
strong  correlation  between  assets, so-called
multicollinearity assets. If we try to solve this problem
using DSA, and find optimal "smoothness" by standard
"leave-one-out" procedure, we will fail, because we will
get large values of "smoothness" parameters, which
means that assets share distribution is constant at each
time point. But it is incorrect, because fund has high
turnover ratio and it is portfolio tend to change. There
exist methods to solve multicollinearity problem in
stationary regression: a priori information, dropping a
variable(s), transformation and selection of variables,
regularization and additional or new data [4]. However,
it is not known how this methods operate on non-
stationary regression. In this paper, we want to provide a
method for dealing with multicollinearity in the case of
non-stationary (time-varying) regression problem of
recovering the investment portfolio management
strategy.



2 Current methods

Suppose we have 1" time points. At each point, there
are known values y: portfolio returns. It is expected that
the portfolio invested in n assets. Also there is an
assumption, that no resources have been received from
the outside and withdrawn from the portfolio during
holding period. Based on this assumption the portfolio
return is defined as a linear combination of its component
assets return [2]. Share distribution of portfolio assets at
each time point is used as the coefficients of the linear
combination (for hedge funds lincar combination
coefficients may be negative for certain assets, which
indicate that the fund took a specified portion of the
assets in the loan [8]). Finally, we have a non-stationary
regression model:

y,-—a,—i—Zd ] ( +Eg:0'f+,83$f+.:‘g

i=1 (1
where &; = ( AL ) ;r.gn'} ]T - fund assets return at time
pointt, B, = (/ 5(1 55 ”))T - assets share distribution

at time pointt, &; - additive noise with zero mean value
and unknown variance.

In Returns Based Style Analysis (RBSA) model by
William Sharpe [3], it is supposed that the share
distribution of portfolio is constant at each time point, i.e.

Bi=pB= (:-"'5r(|)- -"lfjr(”])r' According to RBSA we
have a standard stationary regression model. In general,
this assumption is incorrect, and investment portfolio
management strategy should be considered as non-
stationary model, because there are funds with large
turnover ratio, which means that fund totally change their
assets during holding period.

Next method, also known as Dynamic Style Analysis
(DSA) [5,9,10], considers assets share distribution
changing at each time point. We want to find regression

coefficients Bt = (-"jngl)-. _._,__,-;’}' }:O';)T in model (1),
that squared residuals ¥t of the approximation of the goal
variable would be as small as possible at each time
moment:

e(Be) = (ye — Bl ae)? — n‘éin

ENG)

The key point of the DSA is that fractional asset
weights are considered as a hidden process assumed a
priori to possess the Markov property:

Be=ViBi_1 +&

3)
where matrices V; determine the assumed hidden
dynamics of the portfolio structure, and ¢ is the vector
white noise, non-stationary in the general case, whose
squared norm is to be minimized. So there exists the
"smoothness" condition, expressed by the criterion:
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Ye(Be—1,B¢) = (Be — Vt;Bt-— IU (ﬁf ViBi1)
Y(Bi—1,B¢) = min . t=1,...T
1—1:P¢ 4)
where U; = (\ii) defines appropriate norm (for
instance, Euclidean norm), A; is a "smoothness"
coefficients.

Equation (3) determines the state-space model of a
dynamic system, while (1) plays the role of its
observation model. Required estimations /[3; can be
determined from criterion, combined (2) and (4) for all
time points:

J(Bys-s Br) = Z:]('Ut — Bl z)*+
,r- -
G VB ) U(B, — ViBiy)
By, ... By = argmin J(By, ..., By)
1By ©)

The positive parameter A = Aii in matrix Ut is
responsible for the level of smoothness of regression
coefficients. Thus, the smoothness parameter A balances
the two conflicting requirements: to provide a close
approximation of portfolio returns and, at the same time,
to control the smoothness of asset weights ¢ over time.

A commonly used measure of regression model fit is
its coefficient of determination 2%, so we use it to select
the best model. The parameter A is being found by the
"leave-one-out" principle [2]:

1. Delete on y¢ from y1, ... YT )
2. Analyze remaining N -1 elements
Y1y oo Yt—15 Yt+1, --+, YT, and find estimation of shared

distribution at deleted point

3. Count 12* for deleted return value

4. Retry step 1-3 for all Y1, -, YT

5. Select A, that maximize summary 2*

3 Problem formulation

The considered DSA method works incorrectly on
some hedge funds, for example, on funds with high
turnover ratio. Turnover ratio is a measure of the fund's
trading activity, which is computed by taking the lower
of purchases or sales (excluding all securities with
maturities of less than one year) and dividing by average
monthly net assets. A low turnover figure (20% to 30%)
would indicate a buy-and-hold strategy. High turnover
(more than 100%) would indicate an investment strategy
involving considerable buying and selling of securities
[6].

If we apply DSA (with "leave-one-out" procedure) to
hedge fund with high turnover ratio, we will get constant
assets shared distribution at each time point. However, it
is incorrect, because high turnover ratio means that
distribution changes over time. So volatility problem
does not solve in that case. Financial analytical company



Markov Processes International (MPI)! faced with this
problem in work practice.

We proposed that DSA method fails because assets
in portfolio are strongly correlated (multicollinearity
problem). Therefore, the main aim of this article is to
develop approach, which copes with correlated
regressors in signal analysis problem on example of the
investment portfolio task.

4 Signal transformation

From existing methods of solving multicollinearity
problem, we chose signal transformation to another
space (with lower dimension). This transformation has
an economic explanation for the investment portfolio
estimation problem. The main contribution to the
portfolio management strategy makes only the most
important part of all assets. Thus, if hedge fund has 7
assets, we transform it to 77 assets in another space based
on special transformation method. Then DSA method is
applied to modified assets with lower dimension. After
estimation of shared distribution for transformed assets,
we will return to original signal space, and will get the
final estimation of assets shared distribution.

We chose special methods of feature transformation,
similar with Principal Component Analysis. Each asset
in portfolio is decomposed into the sum:

X = Z (.‘r'_.j."{"'j._j == 1..T. i' - ]_.T
)= (6)

where &; - eigenvectors of covariance matrix
A= (a.a_j = .-r?:rfj, t,7 =1,...,n), corresponding to m
maximum eigenvalues, and c¢;; = &2,

Then original model (1) is transformed to the new
model:

L

- noo no .
Yy = _;'ﬁ')’," Ty = Biawies =3 Bit >, Ci iy =

i=1 i=1 j=1
T T T

= S AX Biacij)ije = Y Bujiju = BFd
1
J': =1 _]': 1

(7

— 3=
Then we apply DSA to new model ¥t = B Tt and

find out a transformed shared distribution J¢- After that,
it is only needed to recover original shared distribution
based on transformed distribution in _’1ower dimension
,u'{ff‘J' = Z :‘Bf,ici,j

space. From (7) we know that i=1 , where
t=1.1,7 = 1..m. To find desired shared distribution
that try to approximate known turnover ratio, we need to
solve problem, using above equation as constraints:

T n _
(3 > 1Bt — Bi—14] — TO)* — min
t=2i=1 81,5 (8)

where T'O - hedge fund turnover ratio.

! http://www.markovprocesses.com

This task can be solved with subgradient method with
the objective function:

f(B) = f:!(‘:i/'jl,_lg ooy Blms ovos B1s ooy Brim) =
= (X 3 18 — Be-14] — TO)*+

t=2i=1
A1 (X Bri — 1)+
t=1 i=1
T m _ n
+A2 >0 > (B — 2 Bricij) — min
t=15=1 =l B

9)
where Aj, A2 - regularization parameters.

The first regularization summand corresponds to
constraint, that shared assets distribution must have unit
sum. The second corresponds to contraints from formula
(7).

Subgradient method incrementally solve (9) until
method converges:

Brs1 = By — ar 7 f(By) (10)
where & - current iteration, 7 f - subgradient of function,
v, - constant at each iteration, corresponds to the rate of
convergence.

After the convergence of the subgradient method, we
find assets shared distribution 3; at each time point in the
original assets space. This distribution is a final
estimation.

S Experiments

It this section we present our experiments for
applying proposed signal transformation methods to
improve current methods of signal analysis to the
problem of investment portfolio management estimation.

We used data from Markov Processes International to
verify our hypothesis. This dataset consists of about 150
hedge funds and 10 assets during the 60 days, 2 and 5
years. Assets correspond to the main sectors of S&P 500
index: Energy, Materials, Industrial, Consumer Discret,
Consumer Staples, Health Care, Financials, Inf
Technology, Telecomm Svcs, Utilities. In addition, a
turnover ratio is known for each fund in sample, and for
most of them, it is high.

The main characteristic of given data is a strong
correlation between assets. Figure 1 illustrate assets in 60
days, in Figure 2 shows correlation assets heatmap.

Figure 1 10 assets from MPI in 60 days.
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Figure 2 Correlation heatmap for 10 assets from MPI in
60 days.

As shown in Figure 1, Figure 2 considered S&P500
assets are strongly correlated with each other. If we apply
standard DSA method to these funds based on given
assets, we will get constant assets shared distribution at
each time point, but it will be incorrect because
considered hedge funds have high turnover ratios.

So assets first transform using method from previous
section to the lower dimension space and then apply DSA
method to transformed assets. Different values were
applied for dimension, from 2 to all number of assets. We
used for example one of hedge fund, named “AB Core
Opportunities A”. The predicted error of that hedge fund
return shown in Figure 3. This transformation reduce
predicted error with comparison assets in original space.

Figure 3 shows, that best way is to transform assets
to space with dimension 7 =35, We can see the
comparison of given and predicted hedge fund return in
Figure 4.
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Figure 3 Predicted 22° in transformed space for
different values for dimension.

Our main goal is to estimate the assets share
distribution at each time point and solve the hedge fund
volatility problem. Except good predict hedge fund
return at each time point we must estimate assets shared

i o

distribution. With purposed signal transformation
method we find a good estimation of shared distribution
similar with real distribution (based on root mean square
error). It is shown in Figure 5, that estimated distribution
in transformed space changes with time, so it

8 factors
9 factors
10 tactors
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corresponds to a high turnover ratio for hedge fund.
Using this estimation original shared distribution, which
corresponds to real investment portfolio management
strategy, may be recovered.

estimated hedge fund return (green color).

Therefore, using signal transformation before DSA
method help to solve volatility problem of investment
portfolio. This transformation cope with correlated
signal regressors and help to apply original DSA method
to transformed assets.

B

Figure 5 Top shared distribution components in
transformed space.

5 Conclusions

In this paper, we focused on signal analysis with
multicollineartiry regressors based on the investment
portfolio strategy estimation. Original signal analysis
methods work incorrect on hedge funds with high
turnover ratio and predict constant assets shared
distribution, but it must changes during time, because
high turnover ratio.

We applied special signal transformation method
similar with Principal Component Analysis and
transformed original assets to lower dimension space.
Then we applied standard DSA method to transformed
assets and estimated shared distribution in that space.
After we transformed it back and found final estimation
of assets shared distribution at each time point. That



distribution is very similar with original distribution of
assets at each time point, which is known from real data.
Also predicted hedge fund return has low error, which
means that estimated shared distribution successfully
recover hedge fund investment portfolio management
Strategy.

6 Further work

In further work we would like to analyze deeper
signals recovery methods based on investment portfolio
management problem. We also want to apply all steps of
data analysis to time-varying signals on the hedge funds
as example.

Because this area data intensive, we need special
technologies to cope with that task. It is supposed to use
the following architecture to analyze the strategy of
hedge funds, which is shown in Figure 6.

Yahoo Finance API

ETL System

Data Warehouse

Time Series
Visualization System Time Series

Processing System

Figure 6 Architecture of hedge fund analyzing system.

We plan to use Yahoo Finance API as data source of
time series. It includes frequently updated information
about all mutual, hedge funds and all assets, also it
includes historical data about each fund. Yahoo Finance
provides JSON API, which is useful as a data source for
hedge funds.

The next step is extract information from Yahoo
Finance, transform it and load to the Data Warehouse.
ETL System will receive tasks for download data and
then store it to the data warehouse. Data warehouse and
ETL System will be interact using Apache Kafka2 or
Apache Storm3 which allow real-time streaming data.

We suggest to use distributed warehouse, for
example, Hive4 or HBase5. We need distributed
warehouse, because there are big amount of assets and
funds in Yahoo Finance. Funds historical data will be
stored for the last five years, because often time series
analysis methods look at the very long time period.

2 http://kafka.apache.org/
3 http://storm.apache.org/
4 http://hive.apache.org/

In addition, we plan to develop special time series
processing system on proposed data warehouse. It will
be based on Spark6, which can quickly analyze and
process big amount of data, and good integrated with
Hive and HBase. This system will recover investment
portfolio management strategy based on methods
considered in this paper, also it will be used proposed
signal transformation method to strongly correlated
assets.

The final step of proposed architecture is
visualization of recovered investment portfolio strategy.
For it purpose we will use Tableau7, which supports the
ability to visualize large and complex data.
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AHHOTANUA

C yBennuenueM o0bEéMa n(poBoii HHGOPMAIK B MUpE
BO3pacTaeT aKTyaJbHOCTh 3amaud (QWIGTPAUN U
00paboTkn Takmx JgaHHBIX. C IETBI0  BBIABJICHUS
JIEHCTBUTENFHO HEOOXOAMMOM | TTOJIE3HO HH(OpMAITHH
Jinit: [10JIH30BAaTEL, MIPUMEHSIOTCS IIOOXOIbI,
OCHOBaHHbIC Ha MPUHIMNAX KIACCUPHUKALUK OOBEKTOB
Y OTHECEHHS MCXOJTHOTO O0BEKTa K Tpymme Hauboiee
nmoxoxux Ha Hero. OCHOBOW I Kiaccuurarym
BBICTYMAIOT AJITOPUTMbI MAIIMHHOTO O0y4YeHHs1, a cama
KﬂaCCI/I(bI/IKaLll/II/I ycnemﬂo HpI/IMeHHeTCH B pa3ﬂlfl’-IHI)IX
O6ﬂaCTHX WUHTCHCHUBHOI'O HMCIIOJIb30BAHHA JIaHHBIX, B

YaCTHOCTH, B PEKOMEHAATECIIbHBIX CHUCTEMaX.
HpeHCTaBJ'IeHHaSI CTaThAa IIOCBALIICHA OIIMCAHUIO
pa3pa60TaHHOr0 aHcamOJIs AJIrOpUTMOB

KJIaCCU(HKAIIMK TIPH TTOCTPOEHUH PEKOMEHIATENBHBIX
CHCTEM B 00JIACTH HHTEIUIEKTYaJIbHOTO aHAJIM3a JIAHHBIX.
B pabote npencrapieHbl pe3yibTaThl HCCIISIOBAHUS IIPH
(dhopmMupoBaHUN aHcaMOIs aNTOPUTMOB JUTS
CKOPUHIOBBIX CHCTEM c HCIIOJIb30BaHUEM
c1abOCTPYKTYPUPOBAHHBIX JJAHHBIX, 4 HPEUIOKEHHBIN
aHcamOib ObUI TIPOTECTUPOBAH Ha OTKPBITHIX JIAHHBIX
noptana UCIL.

BBenenue

OmHo#t w3 Hamboiee paclIpOCTPaHEHHBIX 33134
aHajM3a JIaHHBIX SIBJSIETCS 3ajada KIacCHU(HKAIMH.
3amaua KimaccH(UKAIMH  OTHOCHUTCA K  pasfeny
MAIlMHHOTO  OOYy4YeHHus,  KOTOPbIii  Ha3bIBaeTCs
«obyuenue c yuutenem» (Supervised learning) [13].
Knaccudukaropom HA3bIBACTCS AJITOPUTM,
ONPENENAIONUA, KakoMy U3  IPEAONpPEACICHHBIX
KJIACCOB TMPUHAUICKUT TMPEIbIBISIEMbIi OOBEKT TI0
BEKTOpy mpu3HakoB. [lomoOHBIH TOAXOM  dYacTo
MPUMEHSIETC B  aBTOMATU3UPOBAHHBIX  CHUCTEMax
MOJUICPXKKK  TPUHATHS ~ PELICHUE  TakuX,  Kak
PEKOMEHATENIbHBIE CHCTEMBbI, 3KCIIEPTHBIC CHCTEMbI U
T.0. [15].

Tpyast XVIII MexayHapoaHoii KoH{epeHUHH
DAMDID/RCDL’2016 «AHaauTHKa W ymnpaBjieHHe
JaHHBIMHA B o01acTaX c HHTEHCHBHBIM

HCMOJIL30BAHUEM JaHHbIX», EpmioBo, 11-14 okTs0pst
2016
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C poctoM 00BEMOB MAHHBIX, CTapble METOIBI U
crocoObl  00pabOTKM OCTaroTcs B mponuioMm. M3-3a
obmnus rdpoBoit HHGOPMAIHH, TIOUCK TEMaTHYECKIX
CTaTell WM WHBIX MCTOYHMKOB OTHHMAeT Bce OoibIie
BPEMEHH U TIpeBpalaeTcsi B PYTHHY. 3adacTylo,
00paboTKa ITaHHBIX JOJDKHA BBITIONHATHCS B PEXHME
OHJIaliH, a TpeOOBaHUsI K IIPOU3BOJUTEILHOCTH U
CKOPOCTHU pabOTHI SBJISIOTCS JTOBOJIBHO BBICOKHMHU.

OauH U3 Ccrmoco0oB OOpPHOBI C TakOW MPOOJIEMOI
SIBIISTIOTCSI PEKOMCHJIATEIIbHBIC U OKCIEPTHBIC CHCTEMBI
[12]. B cBoem exerogHoM 0030pe MOTCHIMANIA HOBBIX
TEXHOJIOTUN U BesiHuM, KoMmmanusi Gartner oTmevaeT
MOTEHLUHAJ TaKWX BEUIEH, KaKk  yMHBIA COBETHUK,
MPOJABUHYTAs aHAJUTHKA C MEPCOHAIBHOM IOCTABKOM
WHPOPMALIUK, OTBETHI HAa ECTECTBEHHOM  SI3BIKE,
BUPTYaJIbHBIN NMEPCOHATBHBIN aCCHCTEHT U Mpodee (CM.

puc.1[2]).
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Pucynox 1 I uxn nepcrneKTUBHBIX TEXHOJIOTHN

Hcnonp3oBaHre OMMCAaHHBIX ITOIXOJO0B HAIILJIO CBOE
MPUMEHCHHE BO MHOTHX OOJIACTSIX, HE WCKIOYas U
¢unaHcOBBIE  cekTop. Poct morpebnenust  Omar
YEIIOBEKOM  BBIHY)KIZA€T B  HEKOTOPBIX  CITydasx
HCTIONB30BaTh 3aeMHEIE cpeacTBa. JIF00OH 3aeMIINK ISt
KPEIUTHOM OpraHu3alyy IPEICTaBIsSIET ONPEAEeIICHHBIH
PHCK, a ee TJIaBHOM 3a/1auel SBIAETCS] CHUKEHUE TaKOTO
pucKa. TlosiBiieHue CHCTEM OLIEHKH
IJIATEKECITOCOOHOCTH, OCHOBAHHOE Ha YHCJIECHHBIX
CTATUCTUYCCKUX METOAAaX U JOIIOJIHCHHOC CpeIlCTBaMI/I 158
HHCprMeHTaMl/I MAIIUHHOTO 06yqu1/m, ABIISACTCA
OJIHUM M3 CIIOCOOOB CHM)KEHUS pHcKa s (HPMHAHCOBOU
opraHuzauuu 1 pocta ee noxonos. Korma peus uuer o
0ONBPIIUX CyMMaX, pPOCT TOYHOCTH IPOTHO3HOTO



3HaveHus jaaxe Ha 1% Moxer mpuHecTH (HUHAHCOBOU
OpraHU3al{ 3HAYUTEIILHBINH JOXO.

HUcrounukamu JaHHBbIX JIIsL TaKuX CHUCTEM
BBICTYIAOT CTATUCTHYCCKUE HNaHHBIC 0aHKOB M HMHBIX
KpE€AUTHBIX OpFaHl/I?:aLII/Iﬁ O BBIIIOJIHECHUU KIIMECHTaAaMU
cBOMX 00s13aTesbCTB. [0 KaXk1oMy KIMEeHTY coOupaercst
n oOpabaTbiBaeTcst HMHGpOpPMAIMsS O €ro 3apruiate,
UMEIOLIMXCS ~ aKTHBaX, OOpa3oBaHWM, KpEIUTHOU
HCTOPHH, IUIATekKaX MO TEKyIIeMy KPEeAUTy U IpoyHe
JIaHHEBIE.

I[loMUMO ONHCAaHHBIX IAPAMETPOB, JUIL OLEHKH
KPEIUTOCIIOCOOHOCTH MOTEHLHAIEHOTO KIHSHTa MOTYT
UCIIOJIb30BAThCS  JAHHBIE, HE HMEIOLIME YeTKOH
CTPYKTYPBI — clIa0OCTPYKTYpHPOBaHHbIE NaHHbIe. Takue
JaHHbIE MOT'YT 6])ITI) NpCACTaBJICHBI B PA3JIMYHBIX
¢dopmartax (Kak TEKCTOBOM, TaKk W rpaduueckoM) U
BXOAAT B OOLIMH IepedeHb JOKYMEHTOB JUIS OLCHKU
IUIATEKECIOCOOHOCTH YesoBeka. K TakuM JTaHHBIM
MOJKHO OTHECTH Pa3IMYHOTO poja PEKOMEH/ATeIbHbIE
NHCbMa, OT3bIBBL, CIIPaBKM M HHBIC JOKYMCHTHl B
cBOOOTHOH (opme.

I[loMuMO ITOKyMEHTOB, KOTOpPBIC MPEIOCTABISACT
KJIIMeHT, CYIIECTBYIOT M 0a3bl KPEAUTHBIX HCTOPU,
KOTOpBIE JOCTYITHBI BCeM (PMHAHCOBBIM OpPTraHM3aLUSIM
IUIsl OLICHKU 3aeMIIMKa. BBUIY pasiIM4HBIX CTaHZAPTOB
KpE€AUTHBIX 0pFaHH3aI.lldl>i, HCKOTOpPBLIC 1MOJII MOTrYyT
3aI0JIHATHCS B CBOOOIHOM (popMme: Ha3HAYEHUE KPEeIUTa
(KaK y’Ke MOJIyuYeHHOTO, TaK U 3arpockl), o0ecredeHue,
MPUYMHA 0TKA3a U UHBIE MOJISL.

Lenpto naHHOM cTaThW SIBISIETCSl ITIPEICTaBIICHHE
aBTOPCKOTO TMOAXOAa K (OPMHUPOBAHHIO aHCAMOJISA
anroputMoB. B kadecTBe mpHKIagHOH  obOmactu
TIPUMEHEHHS 3amaun KI1accu(UKaIim OoynyT
PACCMOTPEHO MPAKTHYECKOE HCIOJIb30BAaHUE aHCaMOIIs
NTOPUTMOB 1 (POPMHUPOBAHUS MPOTHO3a B 00IACTH
KPEIWTHOTO CKOPHHIA, TA€ BaKHYIO pOJIb HIPArOT

UMCHHO aHAJIMTUYECKHUEC U OKCIICPTHBIE CHCTEMbI
IIPUHATHS PELLIECHUN.
1 AnroputMsl KjIaccupurKanuu

OmHMM W3 TOAXOHOB K  pemICHHI0  3amadi
Knaccmbnxauun SABJIICTCA YCHUICHUE IIPOCTBIX
Kiaccu(puKaTopos IyTEM KOMOMHHUPOBaHUS

MPUMHUTUBHBIX CJIAOBIX KJIACCU(HUKATOPOB B  OJHMH
cwibHbd. [lom cuioi kimaccuUKaTopoB B JTaHHOM
ciyyae mnojpaszymenaercst 3(dexkTHBHOCTh (KayecTBO)
pewenust 3agaun kinaccudukanuu [11]. OcHoBHas uaes
HCIIOJIb30BaHUs aHcaMmOuIell KimaccuuKaTop HASHTHYHA
TOMW, KOT/la NPH NPHHATHHA BaKHOT'O PEILICHHS YeJIOBEK
IIBITAETCS] TOJYYUTh HECKOJBKO Pa3lIMuHBIX MHEHHH O
cBOel mpobieme, W Ha OSTOW OCHOBE IIPUHUMATH
pelIeHus.

st onTUMH3aUK pelieHns 3a/1a4 Kiiaccu(uKaium
Y MOBBILICHUSI TOYHOCTH PabOThI AITOPUTMOB BBIACISIOT
HECKOJIbKO o0JyiacTelt st uccienoBanus (CM. puc.2).

IlepBbIM mOIXOAOM Ui YIydIIEHHs pe3yjibTaTa
Ki1accu(UKaMu SBISETCS HMCHOJIB30BAHUE PA3IMYHBIX
QITOPUTMOB, OTJIMYHBIX IO CBOEH mpupoie U
npoucxoxaeHuto [14]. CymecTByer 3HaYUTENbHOE
O0JIbIIOE KOJMYECTBO aITOPUTMOB KiaccH(UKaIuy,
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HCIIOJIB30BAHUE KOTOPBIX MOIYT OaBaTb COBEPHICHHO
Pa3sInYIHbIC PE3YIIbTATHI.
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MoaroToBKa AaHHbIX
napameTpoB BHYTpU

O4HOro aaropuUtma

MprmeHe HMe KOMBUHALMIA BCEX METOA0B

. J
Pucynok 2 MeTozibl ONTUMHU3ALUH AJITOPUTMOB

BropeiM  momxomom  SIBISIETCST  ONTHMH3AIUSL
pa3IMYHBIX [apaMeTPOB  W3BECTHBIX  AITOPHTMOB,
KOTOpbIE MOTYT CYIIECTBEHHO BIHSTH Ha pE3yJbTar.
Hanpumep, B amropurme RandomForest, Takumu
napameTpamu SBIsIFoTcs [16]:

o KOJIMYECTBO ACPEBLEB BXOAANINX B aJITOPUTM;

® MHHHMAJIBHOE YHCJIO JINCTOB B JIEPEBE;

* MHUHHMMAJIBHOE PAacUIECNICHUE B Y3II€;

® MUHHMMAaJbHas U MaKCHMaJlbHas ITyOnHa;
® I Jpyrue.

B [IPOrpaMMHOMI peanuzanuu ajaropurMa
RandomForest unciio Takux napaMeTpoB 3HAYUTEIHLHO
YBEJIMYMBACTCA 33 CUET TEXHHYECKUX OCOOEHHOCTEH
peanu3anuy U MOXeT JOXOAUTH BILIOTh 10 15.

Tperbeil moaxomom sBIsieTcss paboTa ¢ CaMHUMHU
JAHHBIMM, KOTOpBIE MOJAIOTCA HAa BXOJ alropuTMa
knaccuukamuu. I[loaroroBka MaHHBIX — OTAEIbHAsS
o0acTe, KOTOpas MoApazyMeBaeT 00pabOTKy, OUHUCTKY
W TIpUBEACHHE AAHHBIX K MAIIMHOYNTAEMOMY BHIY.
[lomy4eHHble [aHHBIE MOTYT OBITh H3MEHEHBI IO
KaKOMY-TO HPHU3HAKY, MOTYT ObITb J0OaBIEHBI HOBBIE
3HAYeHMs, paHee HE COJAEP)KaBIIMECS B HCXOIHOM
HaOope naHHbIX [8]. B HEKOTOPBIX Cilydasx, JdaHHBIC
MOTYT OBITh yJaJieHbl, T.K. HE HECyT B ce0e I0JIe3HOH
uHpopmanuu [4]. Ha 0CHOBE UCXOHBIX JaHHBIX MOTYT
OBITB MMOJTyYEHBI TPOU3BOAHBIE 3HaUeHHsI. OCOOEHHO 3TO
KacaeTcd TeX ClIydaeB, KOT[a JaHHble aHOHUMHBIL, T.€.
NpPEACTaBICHBl B BHUAE IU(POBBIX 3HAYCHUI WU
LEITMKOM B 3alIM(POBAHHOM BUJIE.

Takxum 00pa3om, 3a1ada pa3padOTKA OPUTHHAIHHOTO
JITOPUTMa, KOTOPBIM MOMKET SBILITHCS aHCaMOleM H3
HECKOJIPKUX W3BECTHBIX alTOPUTMOB, C Pa3IMIHBIMU
BECaMH M  TapaMeTpaMu, U  paboTaloImux co
c1a00CTPYKTYPUPOBAHHBIMU JJAHHBIMH, SIBJISIETCS 0CO00
akTyasbHOU. IIpu MCHONB30BaHUM [IaHHOIO IOAXOAA
CTOMT oOpaiiaTh BHUMaHHE Ha TO, YTOOBI B UTOrOBOM

aHcambie  Ki1accu(UKATOpOB  OBUIM  alTOPHTMBI,
UMEIOIUE Ppa3HyK NpuUpony mpoucxoxiaeHus [l].
WNnaye, HaOOp ONMHAKOBHIX AJITOPUTMOB Oyner
BBIJABaTh CXOXXHE OTBETHl M 0OIIee KadecTBO

KJIaCCI/I(i)I/IKa].[I/II/I SHAYUTEIIbHO YJIYyYIINUTh HE ITOJTYUNUTCA.



Beigensitor HECKOJIBKO Croco0oB
(dhopMupoBaHUs aHCAaMOJIS ArOpUTMOB [6]:
® T0JIOCOBaHHE OOJBIINHCTBOM;

ISt

e Beca IMPOMOPIMOHATBEHO TOYHOCTH;
®  JCIIOJIb30BaHKE YCIOBHOW BEPOSITHOCTH;

e cepositHocTHas opmysia Baiteca;

e yMEHbIIECHUE AUCTIEPCUH;

®  HE3aBUCUMOCTH ApaMeTPOB JAPYT OT JIPYra;
e  B3BCUIMBAHUE SHTPOIIHU;

® [JIOTHOCTHOE B3BEIIMBaHUE;

® U JIpyTHe.

Ha ceropnsHmii IEHb CYIIECTBYET JOBOJIBHO MHOTO
paboT NOCBAIICHHBIX CO3/IAHUIO CKOPUHIOBBIX CHCTEM H
Pa3IMYHBIX KOMOWHAIMH aJrOpUTMOB, ITO3BOJIIOLIMX
CHHU3UTH PHCK HEBO3BpaTa KpeHuTa Ha OCHOBE JaHHBIX O
wiveHTe. IloMMMO IIMPOKO pacnpoCTpaHEHHBIX U
W3BECTHBIX AJTOPUTMOB KIacCH(UKALMK, TaKHX Kak
Bagging u Boosting, co3natoTcst pasinuHbie aHcaMOIn
QITOPUTMOB  KJIACCU(QHKAIMM C  INPEIBApUTEILHON
Knactepuzanmein  [3], HEUYETKOW  JIOTMCTUYECKOM
perpeccueit [9], a Takxke HCHOIB30BaHUE HeWpoceTel
[7]. HpencraBnennsle paboThl MOAPOOHO ONHUCHIBAIOT
MIPOIIECC, TPEIIISCTBYIONIMI TPHUHSATHIO PEIICHHUS O
BblJlaue KpeauTa. B aTOM ciydae, wHCHONB3yeMble
Ha0OpPHI JaHHBIX B CBOCH CTPYKType COIepKaT TOJIBKO

KOJINYECTBEHHbIE, KaTeropuajibHble ¥  OWMHapHBIC
TIepEeMEHHBIE.
OpHako  cpeag  AOKYMEHTOB ~ MOTYT  OBITh
MIPEACTaBICHBI U IPYTUE THUIIBI — TEKCTOBBIE JaHHBIE. K
T
v
Ha6op

HeCTPYKTYPUPOBaHHbIX]

— |

HUM MOTYT OTHOCHTBCA pPa3NWYHOTO pOJAA CHPAaBKH,
AHKETEI, PEKOMEeH/TaITNH u poyne
HECTPYKTYPUPOBAHHBIE TEKCTOBbIEC JaHHbIE. TEKCTOBBIE
JaHHbIE HMEIOT HWHYI0 IPUPOAY IPOUCXOXKIACHUA H
TpeOyrOT ocoboro moaxoma K  00paboTke
KJIaCCU(PHKAIHH.

CKOpUHIOBBIE CHUCTEMBI HallpaBiIeHbl Ha PaboTy C
KJIMEHTOM HENOCPEACTBEHHO JI0 MOANMCAHUS IOTOBOPA,
a 3areM paboTa CKOPUHTOBOH CHCTEMBI (HaKTHICCKU
3aKaHYMBacTCsA. B TakoM BHIlE ONHMCAaHHBIE CHUCTEMBI
HUKaK HE 3aTparuBalOT IIPOLECC COMPOBOXKICHHS
KIMEHTOB W OTCJIC)KMBAHMS DPHCKOB HEBO3BpaTa yiKe
mocie monmydeHus Kpeaunta. OmHAKO BBIACHSIOT THIT
KPEIUTHOTO CKOPHUHTA, KOTOPBIH HAlpaBJIeH Ha pelleHNue
JaHHOW TmpoOsnembl. TakoiW THUO MOXHO Ha3BaTh
«TIOBEJIEHYECKIM», 2 OCHOBHOM 3aJlaueil — peryyisipHoe
OTCIIC)KMBaHME KIMECHTa B TEYEHHE BCETO BPEMEHHU
JIeUCTBUSL KpeauTHoro jporoBopa [5]. B kauectBe
pasBuTHSL KOHLICTILIUH 0 «TTOBEJICHYECKON»
COCTABIIONICH KIMEHTA MOXXHO WCIONB30BaTh HE
TONBKO (PUHAHCOBYIO WH(POPMALIHIO, HO U ONEPHUPOBATH
CUTYaIllMOHHBIMH JTaHHBIMH O KIIMCHTE, YYHUTHIBAThH
SMOLIMOHAJTBHOE COCTOSIHWE KJIMEHTa W Ipodee.
McTOYHUKOM JaHHBIX MOTYT IOCIY)KHTh COIIMATBbHBIC
CETH Y MHBIE OTKPHITHIC HHTEPHET HCTOYHHUKH.

Takum 06pa3om, paboTa ¢ HECTPYKTYpHUPOBAHHBIMHU
TEKCTOBbBIMU JaHHBIMHA MOXKET CIOCOOCTBOBATH

CHUXCHHUIO ITOTCHIIMAJIBHOI'O pI/ICKa BbIJa4YHn erﬂI/ITa, a
TAK)KE€ YYHUTBIBATH B OMNEPAUOHHON JESITEILHOCTH
KPEIUTHOW OpraHU3aldi U BEPOSTHOCTH HEBO3BpaTa
JICHE)KHBIX CPEJICTB B TEUCHUE BCEr0 BPEMEHH JICUCTBUS
JIOTOBOPA.

AAHHbIX

N

[aHHble ana

3arpysKa AaHHbIX

06paboTku

4[ YpaneHue cton-cnos ]L(

A J

YaaneHvie cMmBonos
NyHKTyaumm

MpuseaeHne cumeoios
K HWKHEeMy perncrpy

)

EMHEPMBDBEHHbIe

MNpuseaeHne cnos K
HopmanbHoW hopme

BuHapusauyma

AaHHble

AAHHbIX

KoHew,

Pucynok 3 [TpenoO6paboTKa TEKCTOBBIX JAHHBIX

2 AHcam0JIb roJIOCYIOIIMX AJITOPUTMOB

B naHHON craTthe mpennaraeTcs HMCHOJb30BaTh
CIIeIyIOIe KOMOWHALIMK METOJOB: KCIOJIb30BaHUE
YCJIOBHOM BEPOSITHOCTH U B3BELIMBAHUE SHTPOITHH.

B kauectBe OCHOBHOTO KO3((HUIMEHTa BHICTYNAeT
SHTPOINHS, T.€. HEKask Mepa OJHOPOAHOCTH Pe3yJIbTaTOB
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MpeacKa3aHus KaXJOro ajJropuTMa IO OTHOLICHHIO K
MpaBUIBHOMY pe3ynbTary. JlaHHas Mepa IO03BOJISIET
OLICHUTh KauecTBO paboTsl KOHKPETHOTO
KiaccudukaTopa Ut KaXI0To Kiacca.

Mepa OZHOPOTHOCTH PaCcCUUTHIBACTCS 1O (HopMmyIie
(cm. dhopmyny 1):



H(x) = ¥iL, p(i) log, p() ()

B  kxawectBe  0a30BBIX  QJITOPHUTMOB  MOTYT
paccMaTpuBaThCs ~ JFOOBIE  TPOCTBIC  AJNTOPUTMEL,
KOTOpBIE UMEIOT Pa3IMUHYI0 HPUPOTY HPOUCXOKICHHS.
Oto  MOXeT OBITh  KOMOWHAIUS  alrOPUTMOB
«Ciryqaitaerii 1ec» (RandomForest - RF), «HauHbrit
Baitec» (Naivebayes — NB), k-Ommkaiimmx coceneit
(kNearestNeighbors — kNN) u npyrux.

Takke MOXKHO BBIACIHUTH KIaCCHYECKUE aHCcamOuu,
KOTOpbIE  3apEeKOMEHJOBaIM  ceOsi  KayecTBOM U
CKOpPOCThIO CBOeW paboThl. K HUM MOXKHO OTHECTH
knaccupukatopsl  AdaBoost, Bagging u Boosting.
Kaxnmprit w3 ykazaHHBIX aHCAMOJCH TaKKe MOXKHO
BCTPOUTH U HCIIOIB30BATh B IPYTHX aHCAMOJISX.

VYuuteiBas TOT (akT, YTO IUIAHHPYEMBIH Habop
JAHHBIX IS KITacCU(PHUKAINY Ogpa3yMeBaeT padoTy co
C1ab0CTPYKTYPUPOBAHHBIMU JIAHHBIMH, TO
JOTMOJHUTEIBHBIM ~ [IArOM  Mepel  NPUMEHEHHEM
aHcamOJIsI aJlrOpUTMOB SBJSIETCS TNpeaoOpaboTka
BBIJIETICHUE CMBICIIOBOH COCTAaBIISIIOLIIEH u3
CI1a00CTPYKTYPUPOBAHHBIX JITAHHBIX.

Ha iare npenoOpadboTku 3arpyKaroTcs
HECTPYKTYpHUPOBAHHBIE JTaHHBIC, UMEIOIINE TEKCTOBBIM
BHU. Bany)KeHHble JaHHBIC OYHIAKTCA,
HOPMAITU3YIOTCS U MPUBOIATCS K MATPUYHOMY BHIY.
Anroput™ ¢ npenoOpaboTKoil M300pakeH Ha PHCYHKE
BEIIIIE (CM. puc.3).

Oran KIacCH(UKAIUK COCTOMT W3 TpPeX IIaroB:

o0ydeHwWe,  TECTUpOBaHHWE, BBIOOp  pe3ynbTara
(cm. puc. 4).
Ha wnavampHOM OSTame mnpoBOAMTCS OOydYeHHUe

BBHIOPAHHBIX QJTOPUTMOB HAa OCHOBE OOydaloIIero
Habopa JaHHBIX. BBIXOAHBIMH mHapamerpamu OyIyT
SABJISATBCS o6yquHb1e MO/JeIn 10 KaXJI0My
Kiaccu(puKaTopy.

3areM, Ha TECTOBOI BHIOOPKE IMPOBOIMTCS MPOBEPKA
O00y4YeHHBIX  KJIacCH(UKATOpOB W  OLCHUBACTCS
MIPaBWIILHOCTD TTOJyYEeHHBIX pe3yibTaToB. [1o kaxaomy
KJIacCH(HUKATOPY CUUTACTCS KOJIMYECTBO NPABUIBHBIX H
HEMpaBWIBHBIX OTBETOB. /[l KaXIOro aJropurma
CTPOHTCSI COOTBETCTBYIOIIAs MaTpHUIla OIMHOOK (CM.
Matpury 1):

nyjp Npg g
Ny; N Ny

(1)
Nyp Ny1 Ny Nym

I'ne njj — Konn4ecTBo 0OBEKTOB, OTHOCAIIMXCS K i-
OMY KJIacCy, HO KIacCH(UIIMPOBAHHBIX KaK KJIACC j.

Ha OCHOBE MpeACTaBIEHHON MaTpHLbI
PacCUNTHIBACTCS] TIOKAa3aTeNb SHTPONHHU IS KaXKI0To
ITOPUTMA ] M0 KOKAOMY Kilaccy i (cM. marpuiyy 2):

H11 H12 I-IlN
Hao Hp o Hon o
I-IMl HMl HMN
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rne  Hij— suTponust, M — yucio knaccos, N — umcio
aJITOPUTMOB.

Ha crmemyromeM 1mare BBITIOJHSETCS — pacyeT
UTOTOBOTO KJIacCa Ha OCHOBE MOJTYYCHHBIX 3HaUeHui. Ha
TECTOBBIX JaHHBIX CUUTAETCS BEPOSTHOCTD MO KAXKIOMY
ITOPUTMY TSI KaXIIOrO KJlacca, 3aTeM IOJyYCHHbIS
3HAYCHUS MOOYEPETHO YMHOKAKOTCS Ha
COOTBETCTBYIOIIYIO DHTPOIIUIO ATOT0 Kjacca (IIpu 3TOM
SHTPOINHS BBIYUTACTCS U3 eAUHUILIBI) (cM. hopmyity 2).

Havano

3arpysKka AaHHbIX U
pa3bueHue Ha
obyuatoLLyto

TECTOBYHO BbI6OPKU

McxoaH as BbiGopka

TecTosas BbI6OPKa

Obyuyatowan
Bbl6OpKa
ObyuyeHne

anroputmos kNN,

NB, RF, AdaBoost,

Bagging Ha AaHHbIX
O6yueHHble mogenmn

TecTupoBaHue
anroputmos kNN,
NB, RF, AdaBoost,
Bagging Ha AaHHbIX
PesynbTtaThbl
Knaccudukaumm
OnpegeneHuve gna
KaX40ro anroputma
KO/ZINYecTBo
NpPaBUAbHbIX N
HenpaBUbHbIX
oTBETOB

Konwnyectso
NpaBUbHbIX U
HenpaBu/bHbIX

OTBETOB MO

KaXJOMy anroputmy

PacyeT aHTpOMMM

SHTponua ana
Ka/oro knacca no

TecTupoBaHue
Ka’>k4oMy anroputmy

anroputmos kNN,
NB, RF, AdaBoost,
Bagging Ha AaHHbIX

PesynbTaThbl

Knaccudukaumm
Bbibop pesynbrara

Ha ocHoBe
MaKCMMaJsibHoOro
3HaueHun
npoussegeHus
BEPOATHOCTM K/acca
Ha 3HTpONUIO No

WTorosbii pesynbTaTt AaHHOMY Knaccy

KoHeuy,
Pucynok 4 Anroputm o0yueHHs
= *
rae p — BepositHocTs, H — snTponus, K — knace.
3areM BbIOMpaeTcs Kjacc C  MaKCHMalbHbIM

3HAaUYCHHEM II0Ka3arelss KkadectBa K cpean BCEX
AJITOPUTMOB. Hpoue,uypa MIPOACIIbIBACTCA I KaXXA0T'O



oObekTa BBIOOPKH, 10 TeX IIop, MOKa He Oyzaer
MIPOCMOTPEH BECh CITHCOK.

3 TecrupoBaHue aJIropuT™Ma

B kauectBe mpenMeTHOH 00JacTH I TPOBEPKU
pe3ynpTaToB pabOTHl anropuTMa OBUT BEIOpaH HaOOP
JAHHBIX, COICPKAIINX MEepevYeHb KPEOUTHBIX IUIATeXKeH
M0 KIWEHTy B TEYCHHE OMNPEACICHHOTO IepHoaa
BpeMeHH (mopTanm OTKphITHIX naHHeix UCI [10]).
IIpencraBneHHBIN Habop COJIEPIKUT 6a30ByI0
UH(POPMALIUIO O KJIIUEHTE, OIYYHBIIEM KPEIUT: CyMMa,
noi, oOpa3oBaHWE, CEMEWHBIH CTaTyC W BO3pacT.
[loMumo 3TOro mpeACTaBICHHBI HAOOp JAaHHBIX
COZIEP>KUT HCTOPHIO I10 TIaTeXaM M CyMMaM 3a IOJIr0/1a,
YTO MOJKET IIO3BOJINTH B JalibHEHIEM c(hOpMHUpOBaTh
HEKOTOpbIE TATTEPHBI IS «IIOBEIECHYECKOTO» THIIA
CKOPUHTOBBIX CHCTEM.

3amada: oOyuuTh KiIaccH()UKATOp W PACCUUTATh
TOYHOCTh €ro paboThl Ha TECTOBOW BhIOOpKe. Paszmep
BbIOOpKH cocTaBisseT 30 ThICSY pa3IMYHBIX 3aMUCCH.
KonnuecTBo KJ1accoB B BBIOOpKE PaBHO ABYM: (aKT
OIlJIaThI u q)aKT HEOIlJIaThI 1o KpE€AUTHBIM
obOs3arenscTBaM. KonuyecTBo mpusHakoB paBHo 23. B
KauecTBe 0a30BBIX AJITOPUTMOB 6]>IJ'II/I HUCIIOJIb30BAHBI:
RandomForest, NaiveBayes, kNearestNeighbors,
AdaBoost u Bagging.

[Tocne oOyuenust 6azoBbix anroputmoB Ha 70%
3amucef OT HWCXOXHOTO O00beMa, ¥ IIPOBEICHHS
TecTHpoBaHUS Ha ocTaBmuxcs 30% maHHBIX, ObLIA
MPOBEACHA CEpHs JIKCIIEPHIMEHTOB M OBUIM ITONYYEHBI
CIIEIyIOIINe pe3ynbTaTsl (cM. Tad. 1-4):

Tab6auna 1 CpaBHEeHHE TOUHOCTH aJITOPUTMOB
(mepBas ureparus)

Aaroputm IMapameTpbl TouyHoCTh
kNearestNeighb | Kou-Bo coceneii: 5 74,62%
ors
RandomForest Kon-Bo nepeBbe: 81,27%

50
NaiveBayes Pacnpenenenue: 76,73%
bepnynnu
AdaBoost Kon-Bo 81,21%
KJaccu(pUKaTOpOB:
50
Bagging Kon-Bo 80,18%
KI1accu(hUKaTOpPOB:
10
[pemmaraemsrit 83,03%
aHcaMOJIb

Tadauna 2 CpaBHEHHE TOYHOCTH aITOPUTMOB
(BTOpAas uTeparus)

Aaroputm IMapameTpbl TouyHoCTh
kNearestNeighb | Komn-Bo coceneii: 15 76,58%
ors
RandomForest Kon-Bo nepeBbe: 81,46%

100
NaiveBayes Pacnpenenenue: 76,73%
Bbepnynmu
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AJsroputm IMapameTpsl TouHoCTB
AdaBoost Kon-so 81,33%
KJ1acCU(UKATOPOB:
100
Bagging Kosn-Bo 81,42%
KJ1acCU(UKATOPOB:
50
[Ipennaraemsrii 83,12%
ancamOIb

Tadauua 3 CpaBHEHHE TOYHOCTH AJITOPUTMOB
(TpeThst nTepanus)

Ajaroputm ITapameTpsl TouHOoCTH
kNearestNeighb | Kon-Bo coceneii: 40 77,47%
ors
RandomForest Kon-Bo nepeBbes: 81,48%

200
NaiveBayes Pacnpenenenue: 76,73%
bepuynnu
AdaBoost Kom-Bo 81,30%
KJIacCU(UKATOPOB:
200
Bagging Koin-Bo 81,22%
KJ1acCU(UKATOPOB:
75
[Ipennaraemsrii 83,25%
ancamOIb

Tabéuuua 4 CpaBHEeHHE TOYHOCTH aJITOPUTMOB
(ueTBepras urepauus)

AJIropuT™ IIapameTpbl TouHoCTh
kNearestNeighb | Kon-Bo coceneit: 75 77,36%
ors
RandomForest Kon-Bo nepeBbes: 81,44%

300
NaiveBayes Pacnpenenenue: 76,73%
bepuynnu
AdaBoost Kom-Bo 81,30%
KJ1acCHU()UKAaTOPOB:
300
Bagging Kosn-Bo 81,27%
KJIacCU(UKATOPOB:
100
IIpennaraemprit 83,07%
ancamOIb

U3 Ta6J'II/IIILI BHUAHO, 4YTO Hpe,HJ'IO)KCHHHﬁ AJIrOPpUTM

MOKa3bIBA€T  CPABHUTEIBHO  BBICOKYID  TOYHOCTb,
MPEBOCXOAIIYI0 TOYHOCTb METOJAa CIIydailHOro Jeca
RF, a Taxke  amroputmoB  AdaBoost m
Bagging.BuzyansHoe MIpeACTaBICHUE JIaHHBIX
pE3yJbTaTOB IPEACTaBICHHE MOXXHO YBHAETh Ha
rpaduke (cM. puc.5).

B KauecTBe HallpaBJICHUH YIIy4ILEHUS

pa3paboTaHHOrO aHcaMOJIsl TUIAHUPYIOTCSl AajbHeHIe
IKCIIEPUMEHTBI c Pa3IUUHBIMU crocodamu
npenoOpaboTku JaHHBIX. Kpome TOro, miaHupyercs
UCCIIeIOBaHWE MPHUMEHUMOCTH JAHHOTO ATOPHTMa Ha
TEKCTOBBIX JJaHHBIX B 001acT Web Mining n 00pabotku
COOOIIEHNH U3 COLMATILHBIX CEeTEeH C LEeNbI0 U3BIICUCHUS



nHpOpMANK, CHOCOOCTBYIOIIEH OLEHKH PHCKOB
MMOTEHIINAIFHOTO 3aEMIIIHKA.
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Pucynok 5 CpaBHeHHE TOUHOCTH MPEJIOKEHHOTO
aHcaMOJIs M KIIACCHUYECKHX ITOIXO010B

4 Jaxkiaroyenue

Pemenne 3amaun kiaccuduKayyu BOCTpeOOBAHO BO
MHOTHX 00JacTsAX, CBA3aHHBIX C 00pabOTKON OOIBIINX
00BEMOB TAaHHBIX, JUTS TIOAICPKKH MPOIecca MPHHATHS
pemennii.  CymecTByeT MHOXXECTBO  aJTOPUTMOB
kinaccuukanuy, 3((EKTUBHOCTH pPadOThI  KOTOPBIX
orpaHu4eHa 00bEMOM M CTPYKTYPOH IaHHBIX, TIOATOMY
COBPEMEHHBIH M0/IX0/1 K TAHHOW PO0JIeMe 3aKITF0YaeTCst
B KOHCTPYUPOBaHMM aHcaMOlell MM KOMUTETOB Ooiee
ciabblx anropuTMoB. B naHHO# paboTte mnpeanoxeH
HOBBIN BapuaHT aHcamoJIs, UCTIOJNB3YIOIINH
SHTPONMHHYIO MEpy B KayeCcTBE MEpHI OJHOPOIHOCTH.
[IpoBenéH OKCIIEPUMEHT HA OTKPHITBIX  JaHHBIX,
KOTOPBI  TO3BOJSIET ~ CAeNaTh  3aKIIOYEHHE O
MIEPCIIEKTUBHOCTH MIPEUIOKEHHOTO MeToaa
knaccuukanmu.  JlanpHeimune — McclIemoBaHUSA IO
n0paboTKe pa3pabOTaHHOIO aHCAaMOJIs AJTOPUTMOB H
€ro TEeCTUPOBAaHMIO Ha CcIa0OCTPYKTYypHUPOBAHHBIX
JAHHBIX TOAJAEpKaHbl (MHAHCHPOBAHWEM B paMKax
npoekta Ne 57614X068 ®DenepansHoit Ilenesoit
[porpammber  «MccienoBanust u  pa3paboOTKH 1O
MPUOPUTECTHBIM HalpaBJICHHUAM  Pa3BUTHUA Hay4HO-
TeXHoJoruueckoro komiviekca Poccun na 2014-2020
TOJBI».
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Development of an ensemble of
classification algorithms using the entropy
quality measure for solving the problem of

behavioral scoring

Igor A. Kuznetsov, Vasiliy S. Kireev

With increase of the amount of digital information the
importance of a task of filtering and handling of such data
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increases in the world. For the purpose of identification
of really required useful information for the user, the
approaches based on the principles of classification of
objects and rating of initial object to a group of the most
similar to it are applied. Algorithms of machine learning
act as a basis for classification, and classification itself is
successfully applied in various data intensive areas, in
particular, in the recommender systems. This article is
devoted to the description of development of an
ensemble of classification algorithms in case of creation
of recommender systems in the field of data mining. In
this article, the results of research for the case of forming
ensemble of algorithms for scoring systems with use of
semistructured data are presented, and the offered
ensemble has been tested on open data of the UCI portal.
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AHHOTANUA

Pabora nocesmena pa3paboTke ObICTPOrO aJrOpUTMAa

COBMEUICHHUS YIBTPa3BYKOBBIX nedexrorpamm
PeNbCOBOro MyTH O HECKOJIBKUM KaHaiaM. AKTyalbHOU
mpoOiemMoii B mpolecce aHanu3a JedexkTorpamMm

SIBIISIETCS BOCCTAHOBJICHUE TPOMYIIEHHBIX MAHHBIX II0
MpensIaymuM TpoxonaMm. JlaHHas 3amada yxe Obpuia
pemreHa paHee [6], ogHaKO pa3paOOTaHHBIA aITOPUTM
OTJIMYAETCS BHICOKOM BBIYMCIUTEIIBHOM CII0KHOCTBIO. B
HacTrosimeld pabote pa3paboTaH OBICTPBIA AITOPUTM
BOCCTAHOBIICHHS TPOIYIICHHBIX MaHHBIX, B paMKax
KOTOpPOTO CO3[[aHa IapajulelbHasi pealu3anusi MeTona
JUHaMu4eckoro nporpammupoBanus Ha GPU. Ananus
pe3yJbTaToOB IOKa3al, YTO JOCTHTHYTa JO0CTaTOYHO
Xopo1ast MPOM3BOAUTEIBLHOCT IS OBICTPO 00paboTKN
JIAHHBIX CIIEHAINCTaMU-IE()EKTOCKOITUCTaMH.

1 BBenenue

IIpuunHOM aBapuil Ha KEJIE3HBIX AOPOrax 3a4acTyro
SIBIISIIOTCS JIeDEKTHI JKeNe3HOAOpOXKHOro nosnotHa. OHK
MOI'YT MOABJATBCA H3-3a INUIOXHX IMOTOAHBIX yCJ'lOBPIﬂ,
HeraBHﬂbHOﬁ OKCIUTyaTallud, a TakKXeE 10 JApYyIrum
npuurHaM. C  [eNbl0  CHIDKGHUS  BEPOSTHOCTH
00pa3oBaHMs M3JIOMOB U CXOJla IIOE3/I0B C PEIIbCOB,
HEOOXOJMM CBOEBPEMEHHBIH PEMOHT ITPOOJIEMHBIX
YYaCTKOB.

Hnst  moucka  HEMCNIPAaBHOCTEH  MPUMEHSIOTCS
pasiamyHbIe cpencTBa KOHTPOs. [Ipu oOpraHOM OCMOTpE
CHENHAINCTOM pelbca BO3MOXKHO BBIIBICHHE JIHIIb
MaJIOTO YHMCJIa THIIOB JIe(eKTOB, TaK KaK OOJBIIMHCTBO
U3 HUX pacIojiaraloTcsi BO BHYTPEHHEH 4acTH pelibca.
IToaToMy, B HacToslee BpeMs A JAETEKTHPOBAHMS

Tpyast XVIII MexnayHnapoaHoii koHgepeHnuu
DAMDID/RCDL’2016 «AHaJiuTHKAa W yHpaBJIeHHE
AAaHHBIMH B olacTsix c HHTEHCHBHBIM

HCMOJIb30BaHNEM AAaHHBIX», EpmioBo, 11-14 okTsa0psn
2016
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HEHCIPaBHOCTEH B  JKEIE3HOJOPOKHOM  TOJIOTHE
Hanbonee MIMPOKO TPHUMEHSIOTCS —YJIbTPa3ByKOBBIE
nedexrockonsl [9]. B maHHOM paboTe paccMaTpuBarOTCS
JeheKTorpaMmBl, MOJTy4EHHbIE c MOMOIIIBIO
yibTpasBykoBoro aepexrockona ABUKOH-11 YIC2-
114 (manee mo TeKcTy — 1e(EKTOCKO).

JlaHHbIE, MOy4YeHHbIe ¢ Ne(eKTOCKOoa XpaHsITCs B
CIIeLUaJIbBHOM thopmare. VY bpTpazByKkoBoi
30HAMPYIOLINH UMIYJbC MOckuTaeTcs ¢ yactotoit 1000
't mo 7 He3aBHCHMMBIM KaHajaM B  pa3HbIX
HalpaBJCHUsX, IPOCMATPUBasi pPEIbC B Pa3IMUHBIX
CEUCHUSIX. Perucrpanns YIIBTPa3BYKOBOM
nedexkrorpaMMbl TTPOM3BOANTCS TTOCPEACTBOM 3aITUCH
OTpPaXEHHBIX CHTHAIOB. [IpM 3TOM perucTpupyrorcs
aMIUITYIBl M BPEMEHA 3aJEpKKH  OTPAKEHHBIX
UMITyJIbCOB B AWANa30HE, 00ECIEYNBAIOIIEM IPOCMOTP
penbca Ha BCIO ero rimyOmHy. Tak Kak CKOpOCTb
nedekrockona  HEMOCTOSHHA, TO  pe3yJbTaThl
30HIMPOBAaHMS PACIOJIATAIOTCS Ha IIKaJe BPEMEHU
00bIYHO HepaBHOMepHO [6]. Kak mpaBuiio B KaKIbId
MOMEHT BPEMEHH JUIS KaXJI0T0 KaHala Mbl IMEEM OJIMH
UMITyJIbC, ~ XapaKTepH3YIOIIMicS  aMIUIMTYOH U
3ajepkkoii  curHana. OJHaKo, WHOTAA BO3HUKAIOT
Cilydad, KOT/a YJIbTPa3ByKOBOW CHTHall HE yCIIEBAaeT
3aTyXHYTb NPH OTPAXEHUH OT Ae(EeKTa M BO3HUKAET
CHUTYalysl MHOXXECTBEHHOT'O IEPEOTPAKEHUS, ITOITOMY
PETHCTPUPYETCSI HECKONBbKO HMITYyJIbCOB C Pa3HOU
3a1epKKOM M aMIIUTYJOU B OJHOW TOYKE KOHTpOJs. B

HACTOSIICE BpEMs BCE [aHHBIC, IIOJIy4YCHHBIE C
yCTpOIiCTBa, 00pabaTbIBarOTCS BPYUHYIO
neeKTOCKOMUCTAMH € TMOMOIIBI0  MPOrPaMMbI

«ABHUKOH 11».
I'maBHO! 3ajgauell npu aHaIU3€ YJIBTPa3BYKOBBIX
nedexrorpaMM SBIISieTCS  paclio3HaBaHUE Je(eKTOB.

IIpy »3TOM HEOOXOMUMO TIPEACTABNIATH  yYACTKH
JIepeKTorpaMMbl B BHIE, YOOOHOM U MPUMEHEHHS
ANTOPUTMOB ~ MAamIMHHOTO  oOyueHms. Tak  Kak

(parMeHTHl e(eKTOrpaMMBl, TMOAJISKAIINE aHAIH3Y,
coJIepiKaT pa3iIMyHOE YKCIIO OTCYETOB U UMEIOT Pa3Hylo
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Pucynoxk 1 ITpumep nedexrorpammel, pa3BepTka Tuma B (2 kaHama — KpacHBIH U CHHUI).

JUIMHY,  TIpEICTaBUTh  HMX  HEMOCPEICTBEHHO B
MPOCTPAHCTBE  JCUCTBUTEIHHO3HAYHBIX  IPH3HAKOB
HEBO3MOXHO. B 3amagax mogo0GHOTO poma 3a4acTyro
mpome W yaoOHee BBECTH Ha OOBEKTaX IOHATHA
paccTossHHE ¥ TOTPY3UTh MHOXXECTBO OOBEKTOB B
MTOIXOSIIEe METPUIECKOE IPOCTPAHCTRO.

Hannas npobiema yxke Oblla pemeHa paHee B
pabotax [6, 10]. JIns moacuera paccTosHUS B paboTax
UCIIONIb3YEeTCsl IPOLEIYpa COBMEIICHHS Pa3IMYHBIX
NPOXOJOB PENbCcOBOro IMojioTHa. Ha mepBom stame
MIPOLEAYPHI CTPOUTCSI MaTpPUIIA MOMAPHBIX PACCTOSHUN
(MaTpHIIa HECXOZCTBA) BCEX TOUEK y4acTKoB. Ha Bropom
JTarle ¢ IOMOIIBI0  METOAa  JAMHAMHUYECKOTro
MIPOTPaMMHPOBAHUS HAXOIUTCS ONTHUMAbHOE MapHOE
COOTBETCTBHE IIBYX JTUCKPETHBIX CUTHAJIOB,
MONMyYeHHBIX ¢ pAedekrockoma. OmHako, mpobdiema
JAHHOTO IIOJXOAa COCTOUT B IOCTATOYHO MAaJIEHBKOM
CKOPOCTH 00pabOTKH JaHHBIX HAa HEKOTOPBIX CTAIIUAX, &
TaKXe BCTaeT MpobiieMa OrpaHMYEHHOCTH OTIEPAaTHBHON
namsiTi. TakuM 00pa3oM OBUTO perieHO pa3padoTarh
OBICTPBI  aITOPUTM COBMEILEHUS  YJIBTPAa3BYKOBBIX
nedexrorpamm.

OcHOBHOW  TpoONeMON  sBIsIeTCs  OOJbIIas
pa3sMEpHOCTh JaHHBIX: Ha 2 MeTpa PelbCOBOrO IyTH
TeHEepHPYeTCs MaTpHUIla HECXOACTBA pa3MepOM TOPSIKa
1 miH >nemenToB (Ha | penbc), a 0O6paboTka MPsAMOTO
X0Ja MeTo/la JUHAMHUYECKOTO MpPOTrpaMMHUpPOBAHHS
3aHMMaeT oKkoJio 11 cekyHA. YUuTHIBas MPOTIKECHHOCTD
JKENEe3HOJOPOKHOTO  mojotHa B P®, HerpynHo
MPEACTaBUTh, KaK J0JIT0 OyeT MPOUCXOAUTH 00paboTKa
JNaHHBIX.

B Hacrosimeii cratbe gaHHas mpobiieMa YCIEIIHO
pemieHa: pa3paboTaH NapajuleNIbHBII aJrOPUTM  JUIs
MpoLEAypsl JAMHAMHYECKOTo mporpamMmmupoBanus. C
LIEJIBI0  YCKOPEHHs BBIYHMCIEHUH ObLIa HCIOJIb30BaHA
texHonorust CUDA, koTopass HoCTynHa KaxaoOMy
BIIAJICIBIy COBPEMEHHBIX BHIICOKAPT IIPOMU3BOICTBA
NVIDIA.

CraThs IMeeT CIIeAYIOMIYIO CTPYKTYpy. B pazmene 2
OMHCBHIBAETCS TPOLEAypa MApHOTO BHIPAaBHUBAHWSA,
peaNM30BaHHAs B paMKax cTaThH [6]. B TpeTbeM paznene
NPOU3BOJUTCS aHAIN3 CKOPOCTH pPabOThl alropurMa
(0OpaboOTKU MaHHBIX), & TAKXKE OIHCHIBACTCS CXEeMa
pacriapajuieiBaHusl aIrOPUTMa, OIIMCAHHOTO BO BTOPOM
yacTH. B dYeTBepToM paznene NpOW3BOAMTCS aHAIU3
MIPOM3BOANTEIHHOCTH TPEUIOKEHHOTO pemeHus. B
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pasmene 5 nenaroTcs obobmraromiye

MOJTyYeHHBIE PE3yIIbTaThI.

BbIBO/JIbI,

2 IToucK onTHMAJILHBIX MapHbIX

COOTBETCTBH ABYX JAedeKkTorpamm
2.1 CpaBHeHUe 3JIeMEHTOB JABYX AedeKTorpaMm
CymecTByeT MHOXXECTBO METOJOB  CPaBHEHUS
JIUCKPETHBIX CUTHAJIOB, OMUCAHHBIX B CTaThsX [4, 3] u
ap. OpHako, MOCKOJBKY Me(EeKTOCKON ABHMIKETCS I10
penbcaM HepaBHOMEPHO (C pa3sIMuHON CKOPOCTHIO), TO
Je(peKTOrpaMMBbI, ITOJYYSHHBIE C OJTHOTO y4acTKa MOTYT
uMeTh pasHyro JuuHy. IlostomMy, B mpeaslaymux
paborax [6, 10] s ycTaHOBIEHHS ONTHMAJIBHBIX
MapHBIX ~ COOTBETCTBMH  HCIIOJB30BAICS  METOJ
JUHAMMYECKOW TpaHC(HOpPMAllMM BPEMEHHOW IIIKaJIbl
(Dynamic time warping) ¢ HecTaHIApTHOW Mepon
HECXOJICTBA, KOTOPBIH MOXKET paboTaTh C yIETOM ITOTO
(haxTopa. BrepBeie 3TOT moaxom ObLI MPUMEHEH IS
pacro3HaBaHHWA  peYH, TIN€  HWCHOJB30BAaH  JUIA
COINOCTAaBJIEHUs IBYX Pa3HbIX CUTHAJIOB C OJHOW U TOM
JKe pou3HeceHHo (pa3oil. B kimaccuyeckom noxxone B
JAHHOM METOJIe HCIIOJIb3yeTCs EBKIIMJI0BA METPHKA.
Merton cocTouT B cleayroiieM [2]: Ha MepBOM JTare
CTPOMTCS MaTpHLa IIONAPHBIX PACCTOSHUH MEXIY
9JIEMEHTaMU CUTHAJIOB, Ha BTOPOM 3Talle C HOMOIIBIO
MeToJla JMHAMHUYECKOTO IPOrpaMMHUPOBAHMSI CTPOHUTCS
MaTpulla TpaHchopMmanuii (cKaThe ¥ pacTsHKCHHE
CUTHANa), Ha TPEThEM dTale CTPOUTCS ONTHMAIIbHBIN
MyTh TpaHCHOPMALIIH.
Jledhekrorpamma

€CTh Z[ByXKOMHOHCHTHBIfI

IUCKPETHBIH CUTHAJI, COCTAaBICHHBIN 13 11ap (7,8 ) € R?,
i=L..,n,roe r; —3amepxkkKa, a @ — aMIUIUTyzxa, N —
YHCIIO OTPAKEHUH 30HIUPYIOLIEr0 UMITYJIbca B TaHHBIH
MOMEHT BpeMeHH. OObMHO, Tpadudeckdu OHa
NpelcTaBisieTcss B BUIE pa3BepTKH THHa «B»: «Bpems
pacmpocTpaHeHHs yIbTPa3BYKOBBIX KOJIEOaHHH B pelbce
— KkoopauHata mytm» (puc. 1) [8]. Kaxnapri smement

JIepeKTorpaMMBbl TIPEACTABIsIeT CO00M HMITYJIBCHBIH
curHai [10], B KOTOPOM MOT'YT COAEP>KaThCSI HECKOJIBKO

HUMITYJIbCOB, IIOJIYYCHHBIX U3 Pas3jiMdHbIX KaHaJIOB.
Takum 06pa30M, BBUAY OUCKPETHOCTHU HOﬂO6HLIX
CHUT'HAJIOB CpaBHUBATDH ux HanpsMyro HEC

MPEOCTABIIICTCS BO3MOXKHEIM. PaHee B padore [6] ObuT
TIPEJUIOKEH METO/] IPEICTABIICHHS CUTHAIIOB B yI0OHOM
BUJE Ul JanbHedmero — cpaBHeHus.  JlaHHas
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COBOKYIHOCTH HOPMAJIbHBIX pacnpeneneHI/If/'I

MaTeMaTH4ecKasi MOIEb OCHOBAHA Ha TOM, UYTO KaX bl
HMITYJIBC CUTHAJIA 110 OTEJIbHOMY KaHaTy OIHCBIBACTCS
CyMMOH HOPMAaJIbHBIX pacipenencHun c
MaTeMaTU4YeCKUM OXKHMIAaHHEM, PaBHBIM T7; (3a€piKKa i-

T'O UMITYJIbCa) ¥ HEKOTOPOU AWUCHIEpCUEH O .

n
fc10=Ya— Ly
i=1 O \/g (o}
Hcnonp3oBaHne TakoW  MaTeMaTHYECKOHM  MOJEIH
00yCITIOBJICHO TE€M, YTO OHA MO3BOJIICT MOIYYUTH MEPY
HECXOJCTBA Ha yJacTKax neeKTorpaMMEl,
YIOBJIETBOPSIONIYIO BCEM aKCHOMaM METPHU