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1. ]_Ie.]'lb U IIJIAHUPYEMBIE PE3YJIbTATbI OCBOCHUSA TUCHUIIINHBI

[enbr0 OCBOEHUS TUCIMIUIMHBI ABIISIETCS (POPMUPOBAHUE CIICAYIOIINX KOMIETSHIIUH:

— YK-1 — ciocoGHOCTh OCYIIECTBIIAThH KPUTUYECKUN aHAN3 MPOOIEMHBIX CUTYyalluil Ha
OCHOBE CUCTEMHOTO I0JIX0/a, BRIpabaThIBaTh CTPATETUIO JICHCTBUH;

— OIIK-1 — cmocoOHOCTh pemaTh akTyalbHbIC 33/1a4i (yHAaMEHTATbHOW U TPUKIATHON
MaTeMaTHKU.

Pe3ynbpraramMy OCBOEHUS AUCUUIUIMHBI SIBJISIOTCS CIEIYIOIINE UHAUKATOPBI JOCTHXKEHUS
KOMIIETEHIIUH:

NYK-1.1 BeisiBiser mnpoOJieMHYI0 CHTYallMl0, Ha OCHOBE CHCTEMHOTO TMOJX0Ja
OCYILECTBISIET €€ MHOTO()AKTOPHBIN aHAJIU3 U IUarHOCTUKY.

NYK-1.2 OcymecTBiseT TMOWCK, OTOOp ¥ CHCTEMaTH3aluio WH(QOpMAIUu  Uis
OTIpe/IeNIeHUs AIbTEPHATUBHBIX BAPUAHTOB CTPATErMUYECKUX PELICHUI B MPOOIEMHON CUTYaIUH.

NVYK-1.3 Ilpennaraer 1 00OCHOBBIBAET CTPATETUIO JEMCTBHI C y4e€TOM OrpaHUYEHMH,
PHUCKOB ¥ BO3MOYHBIX IOCJIEICTBUN.

NOIIK-1.1 Amnanusupyer npobiembl B 001acTH (PyHJaMEHTAlIbHOW M MHPUKIATHOU
MaTeMaTHKH.

2. 3azlaqn O0CBOCHMUSA NUCHUIIIUHBI

— U3YUYUTHb OCHOBHBLIC MOACIIN U MCTOABI pa3pa60T1<1/1 JaHHBbIX,

— HAYUUTBCA TMPUMCHATH YKa3aHHBIC MOJACIM HW MCTOABI, a TaKXE€ IMIPOrpaMMHBIC
CpencTBa, B KOTOPHIX OHU PEaIN30BaHbI;

- HpI/IO6peCTI/I OIBIT aHaJIM3a PCAJIbHBIX JAHHBIX C ITIOMOIIBIO U3YYCHHBIX METOI0B.

3. MecTo THCHUIJIMHBI B CTPYKTYpe 00pa3oBaTe/ibHOI MPorpaMmbl

JlucuumanHa OTHOCUTCS K 0053aTeIbHOM YacTH 00pa30BaTEIbHOM MPOTPAMMEI.

4. Cemectp(bl) ocBoeHusi U popMa(bl) MPOMEKYTOUYHON aTTeCTANMH MO TUCHMUILIHHE

ITepBrIit cemecTp, IK3aMeEH.

5. BxogHble TpeOOBaHMS JUIS OCBOEHHUSI AN CIUIIJIHHBI

JIJIs yCIIenTHOTO OCBOCHHMSI TUCIMILIMHBI TPEOYOTCS KOMIICTCHIIMH, CPOPMUPOBAHHBIC B
X0JIC OCBOCHUS 00pa30BaTEIbHBIX MPOrPaMM MPEANISCTBYIONMIEIO YPOBHSI 00pa30BaHMS.

6. SI3bIK peasu3zanuun

AHTTTUACKUHA.

7. O0beM TUCHHUILINHBI

OO61ast TpyA0EeMKOCTh AUCHUIUINHBI COCTaBIseT 6 3.¢., 216 yacoB, U3 KOTOPBIX:
-nexuuu: 20 a.

-naboparopHsie: 44 u.

B TOM YHCJIE TPaKTHYecKas MoArotoBka: 0 4.

O06beM caMOCTOSATENBHON PadOTHI CTYIEHTA ONpPEAeIeH YIeOHBIM IIIAHOM.



8. Coz[epmalme AUCHUIIJIMHBI, CTPYKTYPUPOBAHHOE€ IO TEMaM

Tema 1. OcHOBHBIE TPOOIEMBI TOCTPOCHHSI CUCTEM

Kparkoe coxmepxanue TeMbl. AKTyadbHOCTb, 0a30Basi TEPMUHOJOTHS M TEHICHLUU
pa3Butus. OCHOBHBIE 3a/Ja4M, O3Tanmbl M KIacCU(UKAIMS METOJOB aHAIW3a JIaHHBIX.
[IpenBaputenbHas  obOpaboTka  nmaHHbIX. Kiaccudukanumsa.  Perpeccus.  Accommanus,
mocleoBaTeNbHass acCoLUMaMs, AHOMAJIMM W BU3yaldu3alus. BBICOKOIPOU3BOIUTEIbHAS
o0paboTka ganHbIX. [IporpaMMHBIE Cpebl AUl HHTEIUIEKTYaIbHOTO aHAIN3a JaHHBIX.

Tema 2. IlpensapurensHas o0padoTka naHHBIX. Kitaccudukanus

Kpartkoe conepxanne TeMbl. OCHOBHBIE METO/IbI M IPEBapUTENIbHAS 00paboTKa TaHHBIX.
OntuMu3aiys MPU3HAKOBOTO MPOCTpaHCTBA 0Oe3 TpaHcpopManuu MPOCTPAHCTBA IMPU3HAKOB.
Kontponupyemass Henmapamerpuueckas HelpocereBas kinaccudukanusa. Kiaccudukanus mo
METOJIy MalluHbI OMIOPHBIX BEKTOpOB. JlepeBbs pemennii. Pazaen 3. Perpeccus. Accorumarnius,
MocJieIoBaTebHasl accoluanus, aHoMalauu U Busyanuzauus. [lonstue perpeccun. OCHOBHbIE
3Tanbl PErpecCUOHHOr0 aHayin3a. OnucaHue alropuTMa accouuanuu. AJITOpUTMBI ceMelcTBa
«Anpuopu». AnroputMm GSP. O6HapyxeHne aHOMalIui U METOIbl BU3YyaJIU3alliH.

Tema 3. Perpeccusa. Accoumanusi, NOCJIEAOBATEIbHAs AacCOUWALMS, AHOMAIUU U
BHU3yaJTU3aITUs

Kpatkoe conepxxanue tembl. [lonsitue perpeccun. OCHOBHBIE ATallbl PErPECCHOHHOTO
aHanu3a. OnMcaHue AJITOPUTMA ACCOLMALMH. AJTOPUTMBI CEMENUCTBA «ANPUHOPH». AITOPUTM
GSP. ObnapyxeHre aHOMJIUK U METObl BU3yaTU3aIlHH.

Tewma 4. BeicokonpousBouTeabHas 00paboTKa JaHHBIX

Kpatkoe conmepxanue Tembl. [IpuHIHMIBI OpraHu3alMyd  BBICOKOMIPOU3BOIAUTEIIBHBIX
BelunciieHMH. SMP-cuctembl. Moaenu napawienbHbiX BblunciaeHud MPMD, SPMD.
[IporpaMmMHBIe Cpenbl AT UHTEUIEKTYaJIbHOTO aHaIN3a JaHHBIX.

9. Tekymumii KOHTPOJIb 1O TUCUUILIMHE

Tekymuil KOHTPOJIb MO AMCLUIUIMHE IPOBOJUTCS HA OCHOBE KOHTPOJIS MMOCEHAEMOCTH,
COCTaBJICHUS U 3aIIUTHI pedepaTtoB, pabOThl Hal TPYIIIOBLIM MPOEKTOM U (puKcupyercs B hopme
KOHTPOJIbHOW TOYKH HE MEHEE OJIHOTO pa3a B CEMECTP.

Tunosele 3aaHus AJis1 IPOBEACHUS TEKYILIETO KOHTPOJISI YCIEBAEMOCTH 0 AUCLMUILIMHE:

Pedepar (Ha cornacoBannyro temy). K pedepary Heo6xoaumo caenaTh Mpe3eHTaIUIO.

IIpumepsl Tem:

CoBpemMeHHbIE HEMpPOHHBIE CeTH B 00paboOTKe MJaHHBIX (M300pakeHWid, BUJIEO,
TEXHOJIOTUYECKUX CUTHAJIOB, MY3BIKH H T.I1.);

CoBpemeHHbIE ATOPUTMBI KlTacCUpUKAIUU (M300paKeHU, TEKCTOB U T.I1.);

NuTtennexryanpHas 00paboTKa MaHHBIX B ... (MPOMBIIUIEHHOCTH, MEAULIMHE, OU3HECe,
WHYCTPUHU Pa3BICUYCHUN, OCYyTa U JIp.);

N3BrieueHne 3HaHUH U3 TEKCTOB;

JleTekTrpoBaHUE aHOMAJIHIA;

Pa3HOBUIHOCTH CBEPTOYHBIX HEUPOHHBIX CETEM;

NuTennexTyanpHble aTOPUTMBI B paHHEH IUarHOCTUKE 3a00JIeBaHMUI;

HNHTennexTyanbHble aITOPUTMBI B IEPCOHATU3UPOBAHHON MEIUIIMHE;

NHuTennexkryanpHbie arOPUTMBI B pPOOOTOTEXHHUKE, TPAHCTIOPTHBIX CUCTEMAX U T.IL.;

WHTennexTyanpHbie aJrOPUTMBI B 0aHKOBCKOM JIeJie/CTPaxOBaHHH/ ... ;



IIpoekr (Ha coryacoBaHHyl0 TeMmy). Peamn3oBarh HEOOJBIION TMPOEKT IO
MHTEIJUIEKTYyaJIbHOH 00paboTKe NaHHBIX C HCIOJIb30BaHKWEM cpeabl RapidMiner wim omHoro us
A3BIKOB IIporpaMMmupoBaHus (Hanmpumep, Python, R), ¢ BO3MOXHBIM HCIOJIB30BaHHEM
o0me0CcTyHBIX 0a3 TaHHBIX (MJIM JaHHBIX 3 UHBIX HCTOUHUKOB).

Oransl peannu3aluy MpoeKTa:

[Touck u moaroToBKa Habopa NaHHBIX;

PazpaboTka TeXHUYECKOTO 3a/1aHMS,;

[MunotHas peanuzanus oJHON MOJENU, BBIOOP METPUKHM M OLIEHKA TOYHOCTHU ((uKcanus
[IOJIyY€HHOM TOYHOCTH HA 3TOM JTarle);

Peanusanus Bcex IYHKTOB TEXHUYECKOI'O 3a/laHUsI, HACTPOMKA IapaMeTpOB MOJEIEH,
OIICHKa TOYHOCTH (TOYHOCTb, INOJYYE€HHas Ha 3TOM 3Tale JoJDKHa ObITh OOJbllle 4YeM Ha
MIPEABITYIIEM):

[ToarotoBka otyera (C OMMCAaHMEM NPEIMETHOM 00JACTH, BHIOPAHHBIX AITOPUTMOB U
apaMeTpoB MOJIeNEN ), TPe3eHTAIlH, TyOIMYHas 3allliTa IPOEKTa;

Kaxnapi  CcTymeHT peanmsyeT WHAWBUAYAIbHBIA WM TPYIIIOBOM IPOEKT Kak
MIOCJIEIOBATEIBHOCTD J1a00PATOPHBIX padOT:

Jlabopatopnast padotra Nel. UHnuBHayallbHOE 3a/laHuE TIO TeMe «AHaIU3 MPEAMETHOU
obnactu, GopMyIUpOBKa LIeNei U 3a7au uccieqoBanus. 3Bnedyenrne u nepBUYHOE COXpaHEHUE
TAHHBIX).

ens paGoThl — HAYYUTH CTYJAEHTOB pEIIaTh 3a7aud aHAIM3a MPEIMETHON o0macth, ee
alanTaldyd s METOJOB aHajiW3a JaHHBIX C YYeTOM MPHHIMIHAIBHBIX OCOOCHHOCTEH
MpeAMETHOM 001acTH.

Jlabopatopnast pabotra Ne2. NumuBumyanmpHoe 3amanue mo teme «lIpeaBaputenpHas
00paboTKa JaHHBIX: OYUCTKA, HHTETpAIUs, TPeoOpa3oBaHUE).

lens paboThl — HAy4YuTh CTYACHTOB peEIIaTh 3a7add TMPEIBAPUTEIBLHON 00pabOTKH
JAHHBIX, MpEANoaraueil TPyJoeMKyI0 HPOLEAYpY OUYMCTKU (HMCKIIOYEHHE MpPOTHUBOPEUUH,
CIIyJaliHBIX BBIOPOCOB W TIOMEX, IPONMYCKOB), HHTErpanuu (0ObeAWHEHUE [aHHBIX W3
HECKOJIbKUX BO3MOJKHBIX HMCTOYHMKOB B OJHOM XpaHWIulle), mpeoOpa3oBaHust (MOXKET
BKJIIOUATh arperupoBaHUE U CXKAaTHUE JaHHBIX, IUCKPETH3AIMI0 aTpUOYTOB U COKpallleHue
Pa3MepHOCTH U T.I1.).

JlaGopatopnast pabora Ne3. MumuBuayanbHoe 3amaHue 1o Teme «CoaepikaTenbHbIN
aHaJInu3 TaHHBIX MeTofamu Data Miningy.

Lenp pa®oThl — HAY4YUTh CTYAEHTOB OOOCHOBAaHHO NPUMEHSATH Oa30Bble METO/IbI
MHTEJUIEKTYaJIbHOTO aHalIn3a JaHHbBIX, YYUTHIBasi OCOOEHHOCTH KaK TEOPETHUUYECKOT0 MOCTPOCHUS
MIPUMEHSIEMbIX METOI0B, TaK U BHIOpaHHOM MpeaMeTHOM 001acTu.

JlaboparopHas pabora Ned. NuauBuayanbHoe 3amaHue mo Teme «Busyanuzanus u
MHTEPIIPETAIHS MOJTYYCHHBIX PE3YIbTaTOBY.

Lenp pa®oThl — HAY4YUTh CTYIACHTOB BBIMOJHITH BU3YadU3allMI0 M HHTEPIPETALUS
MOJIy4YE€HHBIX PE3Yy/IbTaTOB B BUJIE, IPUTOJHOM I IPUHSTUS YIPABICHYECKUX PEIICHUM.

HpI/IMepLI TEM HJIsI CAMOCTOATCIIBHOTO N3YUCHUS:

. HeiipocereBble MeTO/Ibl aHANM3a JTaHHBIX, CBEPTOUHBIE ceTH (convolution neural
networks). riryounHoe o6ydenue (deep learning).

. MeTo/bl HHTEIUIEKTYaIbHOTO aHamu3a Meaua (social media data mining).

. MeToab! MallTMHHOTO 00y4YeHMs B 3aja4ax (PMHAHCOBOM aHAJIUTHKH.

. MeToap! MalTMHHOTO 00y4eHMs B 3a/1a4ax paHHEH METUIIMHCKON THarHOCTUKY.

. KombOunupoBanue Mojieneil B aHannu3e JaHHbIX, OyCTHHT.

. Merton aHanu3a He3aBUCHUMBIX KOMITIOHEHT (independent component analysis).

® Metoasl BU3YyAJIU3allUN JAHHBIX BBICOKOH Pa3sSMCPHOCTH.



10. HOpﬂ)IOK NMPOBECACHUA U KPUTEPUH OLHCHUBAHUS l'lpOMe)KyTO‘lHOﬁ arrecranmuu

DK3aMeH B MEPBOM CEMECTpEe MPOBOJUTCSA B MHUCHMEHHOU (opme mo Ouneram. buer
COJIEPKHUT JiBa TEOPETUUYECKUX Bomnpoca. [IponokuTenbHOCTh SKk3aMeHa 1,5 daca.
[IpuMepHBIi IepeYeHb TEOPETUYECKUX BOIIPOCOB:
OCHOBHBIC TIOHATHUS, TSPMUHOJIOTHS;
Data Mining / Data Science;
Big Data (ocHOBHBIE TIOHSTHUS U CBOWCTBA);
JlenyKius 1 MHAYKIUS ;
WHTenmexTyansHbIii aHaTN3 JaHHBIX B OM3HECEe TPUMEPhI IPUMCHCHUS;
WHTenmekTyansHbIi aHAIN3 JAHHBIX B PEIICHUU CIIOKHBIX MTPUKIIATHBIX 3a71a4;
WNHTennexTyanbHbIA aHaTU3 TaHHBIX B paHHEW TUAarHOCTUKE OTACHBIX 3a00JIEBaHUIA;
NHTennexTyanbHbIN aHAIU3 TaHHBIX B MHAYCTPUAIBHOMN IIPEIUKTUBHON aHAIIMTHUKE;
OcHoOBHBIE 3371a4H U KIacCU(UKAIKSI METO/IOB aHAIHN3a JaHHBIX;
. [IpuHIMIHATEHBIE OCHOBBI MAITUHHOTO O0yUCHUS;
. [IpenBaputenpHas o0pabOTKa JAHHBIX;
. OnTUMU3aNUs TPU3HAKOBOTO MPOCTPAHCTBA,;
. [locranoBka 3a1aun Ki1accu(puKaluu;
. Kortponupyemas nHenapameTrpudeckas KiacCuUKaIus,
. Kortponupyemas HenapameTpudeckas HelipoceTeBas KiacCupuKarus;
. Kimaccudukanus mo MeTo1y MauHbI OTIOPHBIX BEKTOPOB;
. JlepeBps penieHui;
. HekonTponupyemas knaccuduxanus (Kiactepusarms);
. Perpeccust (moHsiTue perpeccuu, OCHOBHBIE 3TAIbl PETPECCHOHHOTO aHATN3a, METO b
BOCCTaHOBJICHUS PETPECCHUH);
20. Accoumanus;
21. TlocnenoBarenpHas accoranus (aTOPUTMBI CEMEUCTBA «ATpuopu», anroput™m GSP);
22. MHOTOYpOBHEBOE MAIIMHHOE 00ydeHHEe (OyTCTPANIIUAT, O3TTHHT, CTEKHHT, OYCTHHT);
23. O6HapyXxeHUE aHOMAJIHH;
24. Buzyanuzanus B Data Mining;
25. OyHKIIMY aKTHBAIIWH;
26. OCHOBHBIE THITBI UCKYCCTBECHHBIX HEHPOHHBIX CETCH;
27. CBepTOUYHBbIC HCUPOHHBIC CETH;
28. Cpenpl u ppeitMBOPKH ITyOMHHOTO OOyUYEeHHS;
29. OcHoBHBIE 337124 00paOOTKH TEKCTa,
30. DTansl mpenBapuUTeNbHON 00pabOTKU TEKCTA,
31. MeTpuku KauecTBa KIacCH(PHUKALINH;
32. I'mnotesa A/B, Kanma-unaekc cornacus, ROC-kpuBas;
33. MeTpuka KauecTBa MPOTrHO3a BPEMEHHOTO PAJIa;
34. MeTpuKu KadecTBa KJIaCTepU3AIIHH;
35. TIpuHIUIIBI BEICOKOTIPOU3BOIUTENBHBIX BEIYUCIICHHI;
36. OcoGeHHOCTH OCTPOCHUS BEIUUCIUTEIBLHOTO KIIACTEPA;
37. Cpenpl 1 HHCTPYMEHTHI BEICOKOIIPOU3BOIUTENILHBIX BBIUMCICHHUIA;
38. Unctpymentsr data mining.
Pesynpratel  3K3aMeHa ~ ONPEAETSAIOTCS  OIEHKAMH  «OTIUYHO»,  «XOPOIIO»,
«YIOBIETBOPUTEITHHOY», «HEYAOBIECTBOPUTEITHHOY.
Jlis OllEeHKH STaroB OCBOCHHSI KOMIIETCHIIMH HCIONb3YeTCs OaTbHO-PEUTUHTOBAS
CUCTeMa OI[CHUBAHMUS:
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. MaxkcuMaibHbII OuenuBaemast
OneMeHTHl yueOHOU
OaJi ¢ Havana KOMIETCHIUS
JESITEITLHOCTH
cemecrtpa
Pedepar mo Teme ¢ 20 YK-1, OlIK-1
Mpe3eHTauuen
Peanuszanus npoekra 40 YK-1, OIIK-1
Ormpoc Ha 3aHATHSIX 10 VK-1, OIK-1
DK3aMeH 30 VK-1, OIIK-1

CymmMma GaitoB, HaOpaHHasi CTYJICHTOM B TE€UEHHE CEMECTPA U HA DK3aMEHe, MePEBOJIUTCS B
OLCHKY HpOMe)KYTOHHOﬁ aTrTeCTali YCIICBACMOCTHU CTYyJICHTA I10 HpHBe}IeHHOﬁ HUXKEC IIKaJIC.

Ilepecyer 0a/1710B B OLIEHKH /151 IPOMEKYTOYHOM aTTecTaluu

bannel Ha 1aTy KOHTPOJIBHOW TOUYKH Onenka

> 90% OoT MakcHUMaJIbHOU CyMMBI OalsIOB 5

Ot 70% 10 89% oT MakcUMaJIbHON CyMMBbI OaJlIOB

4
Ot 60% 10 69% OT MakCUMaILHOM CYMMBI OAJIIIOB 3
2

< 60% oT MakcUMaJIbHOW CyMMBbI OasJIOB

11. YuyeOHO-MeTOOAUYECKOE O0ecIIeUeHe

a) DJEKTPOHHBIA YYEOHBIH KypC MO JUCHHMIUIMHE B JJICKTPOHHOM YHUBEPCUTETE
«Moodle» - https://moodle.tsu.ru/course/view.php?id=22102

0) OLeHOUHBIE MaTepHallbl TEKYIIEro KOHTPOJSI M MPOMEXKYTOYHOM arrectanuu o
JTUCLUILTAHE.

12. Ilepeyennb yueOHOIi JJuTEpaTyphI U pecypcoB cetu UHTepHeT

a) OCHOBHas JIuTepaTypa:

— 3amsatuH A.B. BBenenue B MHTEIEKTYyalbHBIN aHAIU3 JaHHBIX | yueOHOe mocobue /A.
B. 3amsarun. - Tomck : U3aarensckuit Jlom ToMckoro rocyaapcTBeHHOro yHuBepcurera , 2016. -
118 c. — URL: http://vital.lib.tsu.ru/vital/access/manager/Repository/vtls:000529594.-1

— Pocket Data Mining electronic resource : Big Data on Small Devices / by Mohamed
Medhat Gaber, Frederic Stahl, Jodo Bartolo Gomes. - Cham : : Springer International Publishing
.. Imprint: Springer, , 2014. - 108 p. — URL.: http://dx.doi.org/10.1007/978-3-319-02711.-1

- Principles of Data Mining electronic resource /by Max Bramer. - London : Springer
London : Imprint: Springer, 2013. - 440 p. — URL.: http://dx.doi.org/10.1007/978-1-4471-4884-5

0) IOMOJHUTENBHAS TUTEPATYpA:

— Principles of Data Mining electronic resource /by Max Bramer.Bramer, Max. London :
: Springer London :: Imprint: Springer, 2013, X1V, 440 p. [Dnektponusiii pecypc]. — Pexum
nocryna: http://dx.doi.org/10.1007/978-1-4471-4884-5.

— Pocket Data Mining electronic resource : Big Data on Small Devices / /by Mohamed
Medhat Gaber, Frederic Stahl, Jodo Bartolo Gomes.Gaber, Mohamed Medhat. Cham : : Springer
International Publishing : : Imprint: Springer, , 2014. IX, 108 p. [DnekTpoHHsIii pecypc]. —
Pexum nocryna: http://dx.doi.org/10.1007/978-3-319-02711-1.


https://moodle.tsu.ru/course/view.php?id=22102

— Mupkus b. I'. BBenenue B aHanmu3 JaHHBIX | YI€OHMK M MPAKTUKYM JJIs1 OakajaBpuaTa
U MarucTpaTypbl : [/UIf CTYIACHTOB BY30B, OOYYAIOLIIUXCS MO HWHXKEHEPHO-TEXHHUYECKHUM,
€CTECTBEHHO-HAYYHBIM M SKOHOMHYECKUM HaIpaBieHHUsIM U crienuansHocTsM| /b. I'. MupkuH ;
"Bricmias mkona skoHoMukH" HannoHanbHBIN Hccaen0BaTeNIbCKuil yHUBepcuTeT. — MockBa :
Opaiir , 2015. — 173 c.

— Kynanues A.Il. Meroasl M cpeacTBa KOMIUIEKCHOIO aHajiu3a JAaHHBIX @ ydueOHOe
noco6ue. — Mocksa : @opym [u ap.], 2014. — 511 c.

13. llepeyensb UHGOPMAIMOHHBIX TEXHOJIOT Wit

a) JIMIEH3MOHHOE ¥ CBOOOJIHO pacIpOCTpaHsIeMOe MTPOrPaMMHOE 00eCIIeueHHE:
— C, C++, C#, Python, R-Studio, Rapid Miner, MS Azure.;

0) HHGOPMAIIMOHHBIE CITPABOYHBIC CHCTEMBI:

— Data Mining for Service electronic. Berlin, Heidelberg, Imprint: Springer, Springer
eBooks VIII, 291 p. 2014 (edited by Katsutoshi Yada) [Onekrponssiii pecypc]. — Pexum
noctyna: http://dx.doi.org/10.1007/978-3-642-45252-9

— Data Mining for Geoinformatics electronic resource : Methods and Applications /
/edited by Guido Cervone, Jessica Lin, Nigel Waters. New York, NY : : Springer New York : :
Imprint:  Springer, , 2014, 166 p. [Daekrponusiii pecypc]. — Pexum gocryma:
http://dx.doi.org/10.1007/978-1-4614-7669-6

B) npodeccuoHanbHbIe 0a3bl JAHHBIX (MPU HATUYUU)'

— YuuBepcurerckas uapopmanrontas cucrema POCCUS — https://uisrussia.msu.ru/

— Envnas mexBenoMcTBeHHas MHGopManmoHHo-cratuctudeckas cucrema (EMUCC) —
https://www.fedstat.ru/

14. MaTepuajibHO-TeXHUYECKOe o0ecrieyeHne

Jlis  MarepualbHO-TEXHHUYECKOro oOecredeHus] AMCLUUIUIMHBI TpeOyeTcs Hajaudue
KOMITbIOTEPHOU TEXHUKH C YCTAHOBJIEHHBIM COOTBETCTBYIOIIMM MPOTPaMMHBIM 00eCriedeHUEM U
JIpyroro 060pynoBaHus, MOAIEPKUBAIOLIETO TPOBECHHE MPE3eHTAlUM, TOCTPOSHUE MPOSKTHON
JOKYMEHTAIH, BBIXO] B ceTh VIHTEpHET.

15. Uudopmanusi o pazpadoTunkax

3amsatuH Anekcanap BraaumupoBud, A-p TEXH. HayK, mpodeccop, 3aBeayronuii kageapou
TeopeTudeckux ocHoB uHpopmatuku TT'Y, nupekrop UTIMKH.
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