


1. lesab 1 ni1aHUpPyeMble Pe3yJbTAThl 0CBOCHHS M CHHIJIHHBI

[lenpro OCBOEHUS TUCIUTUINHBI SBISETCS (POPMUPOBAHUE CISAYIOMINX KOMITCTSHITUH:

— YK-1 — cnocoOHOCTh OCYIIECTBIATh KPUTUUECKUN aHAINU3 MPOOJIEMHBIX CUTyalllil Ha
OCHOBE CHCTEMHOTO MTOJIX0/1a, BEIpaOaThIBaTh CTPATErHIO JCHCTBUH;

— OIIK-1 — crnocoOGHOCTh HAXOIUTh, GOPMYJIUPOBATH U PEIIATh AKTYyalbHbIE POOIIEMBI
MIPUKIIATHOW MaTeMaTHKH, QyHIaMEHTATbHON HH)OPMATUKY U MH(DOPMAIIMOHHBIX TEXHOJIOTHH.

Pe3ynpraramu 0CBOEHUS NMCLUIUIMHBI SBISIOTCS CIAEAYIOIINE UHIUKATOPBI JOCTHKEHUS
KOMIIETEHLIH:

NYK-1.1 BeisBasger mnpoOJeMHYIO CHUTyalldio, Ha OCHOBE CHCTEMHOTO IOAXO0/a
OCYIIECTBIISICT €€ MHOTO(AKTOPHBIN aHAIIN3 U JUATHOCTHUKY.

NYK-1.2 OcymectBiasger mOUCK, OTOOp H cHUCTeMaTH3anuilo HHPOpMaUM IS
oTpe/ieNieHUs] ATbTEPHATUBHBIX BAPUAHTOB CTPATETUYECCKUX PEIICHUH B IPOOJIEMHON CUTYAIIHH.

NYK-1.3 Tlpennaraet 1 00OCHOBBIBACT CTPATETHUIO JCUCTBUN C y4eTOM OTpaHUUYCHUH,
PHUCKOB U BO3MOKHBIX MOCTEACTBUH.

NOIIK-1.1 Anamu3upyer 1npobieMbl B 00JacTH MNPUKIAJAHON  MaTeMaTUKH,
dbyHIaMeHTAIBHON HHPOPMATHKU ¥ HH()OPMAIIMOHHBIX TEXHOJIOTHH.

2. 3aga4uy oCBOCHHS TUCIUIIINHDI

— U3YYUTH OCHOBHBLIC MOACIIN U MCTOAbI pa3pa60TKH JaHHBbIX;

— HAyUUTbCA IMNPUMCHATH YKA3aHHbIEC MOACINM HW MCTOAbI, a TaK¥XE IMPOrpaMMHBIC
CpCaACTBA, B KOTOPBIX OHU PCAJIM30BAHLI;

— HpI/IO6pCCTI/I OIIBIT aHAJIN3a PCAJIbHBIX JAaHHBIX C IOMOMIIBIO U3YUYCHHBIX METOOB.

3. MecTo AMCUMIIMHBI B CTPYKTYpe 00pa30BaTe/IbHOM MPOrpaMMbl

JlucuuiuinHa OTHOCUTCS K 00s3aTelIbHOM 4YacTH 00pa30BaTEeNIbHOW IMPOrpaMMBbl.
Jucuummaa BXoauT B Moayib O0menpodeccuonanbHble JUCIUTUINHBL.

4. Cemectp(bl) ocBoeHHs M opMa(bl) IPOMEKYTOUHONH aTTECTALUM M0 JMCIUIINHE

IIepBe1it cemecTp, 3K3aMEH

5. Bxoanble TpeOoOBaHMS 1JIs1 OCBOCHHS THCUHMIIIMHBI

Jljis ycTienHoro OCBOGHUS JUCIHUILIMHBI TPEOYIOTCSl KOMIIETEHIIMH, c(hOpMUpPOBaHHBIE B
XO0JIe OCBOEHHs 00pa30BaTeIbHBIX IPOrpaMM MPE/IIECTBYIOLIET0 YPOBHs 00pa30BaHuUs.

6. SI3bIK peaau3anuu

Pycckuii

7. O0beM INCUMILIHHBI

OO61mas TpyA0eMKOCTh TUCHUIUTHHBI cOCcTaBsieT 3 3.e., 108 yacoB, U3 KOTOPBIX:
— neknun: 16 4.;
— cemuHapckue 3ansaTus: 0 4.
— npakTuyeckue 3aHaTus: 0 4.;
— nabopaTtopHble paboThl: 16 u.
B TOM YHCJIE TTpaKTUUecKas moaroroBka: 0 4.
O0beM caMOCTOSATENLHON padOThI CTYICHTA ONpeAeNieH Y4eOHBIM IIIaHOM.



8. Conep:xaHue NMCUUILVIMHBI, CTPYKTYPUPOBaHHOE 110 TeMaM

Tema 1. OcHOBHBIE TPOGIEMBI TOCTPOCHHS CUCTEM

Kparkoe conepxaHue TeMbl. AKTyalbHOCTb, 0a30Basi TEPMHUHOJIOIMS M TEHICHLUHU
pasBuTHs. OCHOBHBIE 3ajaud, OdTanbl M KiIacCU(UKALMsA METOJIOB aHAJIM3a JIaHHBIX.
[IpenBaputenvHas  oOpaborka  naHHbIX. Knaccudukaumsa.  Perpeccus.  Accouumanus,
[OCJE0BATENbHAS  acCOLUAlMsA, AaHOMAJIUUM M BU3yalnusalus. BBICOKONpPOU3BOAUTEIbHAS
0o0paboTka gaHHbIX. [IporpamMMHbIe cpeibl A/ MHTEUIEKTYaIbHOIO aHaIM3a JaHHBIX.

Tewma 2. [IpeaBaputenpHas oOpaboTka naHHbIX. Kimaccudukarus

Kpartkoe conepkanue TeMbl. OCHOBHBIE METO/IbI U TIPEBapUTENbHAs 00paboTKa TaHHBIX.
OnTumuszanus MNPU3HAKOBOTO NPOCTpaHCTBa 0e3 TpaHChOpMaluu MPOCTPAHCTBA IMPHU3HAKOB.
Kontponupyemass HemapameTpuueckas HeiipocereBas kiaccupukanus. Krmaccudukanms mo
METOJly MalluHbI OMOPHBIX BEKTOPOB. JlepeBbsa pemenuii. Paznen 3. Perpeccus. Accounanus,
nocjeioBaTelbHasl accouuanus, aHoManuu U Busyanusauus. llonarue perpeccun. OCHOBHbIE
3Tanbl PErpecCUOHHOro aHanuia. OnucaHue alropuTMa accouuanuu. AJITOPUTMBI CeMENCTBa
«Anpuopmn». Anroputm GSP. OGHapy keHHe aHOMAJIUK ¥ METO/Ibl BU3YaJTH3aIHH.

Tema 3. Perpeccus. Accoumanusi, MOCieI0OBaTeIbHAs acCOLMAIUs, AaHOMAaJUU W
BU3YyaJIN3aIUS

Kpatkoe conmepxanue tembl. llonstue perpeccuu. OCHOBHBIC 3Tallbl PErpPeCCHOHHOTO
aHanuza. OnucaHue alropuTMa accoluali. AJTOPUTMBI CeMEMCTBa «ATpUOPH». AJITOPUTM
GSP. ObnapyxeHre aHOMAJIMKA U METO/Ibl BU3YyaJIU3aIl1H.

Tema 4. Bricokonpoun3BoauTeapHas 00padoTKa JaHHBIX

Kpatkoe copnepxxanue Ttembl. lIpuHOMIBI OpraHu3anuy  BBICOKOIIPOU3BOJIUTENBHBIX
BblunciaeHuii. SMP-cuctembl. Mogenun mnapamnensHblx — BbeluucieHuid MPMD, SPMD.
[TporpaMMHBIE cpenbl 11 MHTEIUIEKTYaJIbHOTO aHAIN3a JIaHHBIX.

9. Tekyuiuii KOHTPOJIb MO AUCHUILINHE

Texkymuil KOHTPOJIb MO JUCHMIUIMHE IIPOBOJUTCS HA OCHOBE KOHTPOJIS IOCEHIAEMOCTH,
COCTaBJICHUS U 3alIUTHI pedepaToB, padOTHI HAJ1 IPYNIOBBIM IPOEKTOM U (pukcupyercs B popme
KOHTPOJIbHOM TOYKU HE MEHEE OJTHOTO pasza B CEMECTD.

Tunossle 3a1aHus U1l TPOBEIEHUS TEKYILErO KOHTPOJIS YCIIEBAEMOCTH 10 JUCLMILINHE:

Pedepar (na cornacoBannyto temy). K pedepary HeoOxonumo caenath npe3eHTaIuio.

IIpumepsl TeM:

CoBpeMeHHbIE HEWpPOHHbIE Ce€TH B 00paboTKe JaHHBIX (M300paKeHWi, BUIEO,
TE€XHOJIOTMYECKUX CUTHAJIOB, MY3bIKH U T.I1.);

CoBpeMeHHbIE aNTrOpUTMbI KJIacCuPUKauu (U300paXxeHui, TEKCTOB U T.I1.);

WuTennektyanpHas 00paboTka JaHHBIX B ... (IIPOMBILIUICHHOCTH, MEIUIUHE, OU3HECE,
MHAYCTPHUU pa3BICUEHUH, 1ocyra U 1p.);

N3Bnedenue 3HaHUN U3 TEKCTOB;

JleTekTHpOBaHKE aHOMAJIUI;

Pa3sHoBUIHOCTH CBEPTOYHBIX HEMPOHHBIX CETEH;

WHTennexTyalibHble aITOPUTMbI B paHHEH THarHOCTUKE 3a00JIeBaHU;

WHTennexTyalbHbIe aIrOPUTMbI B IEPCOHATTM3UPOBAHHON MEIULINHE;

WHuTennextyalbHble aITOPUTMBI B pOOOTOTEXHHUKE, TPAHCIIOPTHBIX CHUCTEMaX U T.I1.;

WHTennekTyanpHble alTOPUTMBI B OAHKOBCKOM JIeJie/CTpaXxOBaHUM/ . . .;

[Ipoekt (Ha corymacoBaHHyl0 TeMy). Peanu3oBarb HeOOJBIION MPOEKT IO
MHTEJUIEKTyalIbHOH 00paboTKe MaHHBIX ¢ UCHOJb30BaHHWEM cpeabl RapidMiner win oxHoro us
A3BIKOB MporpammupoBaHusi (Hanpumep, Python, R), ¢ BO3MOXHBIM HCHOJIB30BaHHEM
00I1e10CTYMHBIX 0a3 JaHHBIX (WM JAHHBIX U3 UHBIX HCTOUHUKOB).

Dransl peaqn3alinuy MpoeKTa:



[Touck u moaroToBka Habopa AaHHBIX;

Pa3paboTka TEXHUYECKOTO 3a/1aHMS;

[MunotHas peanuzaius OHOM MOJeNd, BEIOOp METPUKH M OLEHKa TOYHOCTHU ((uKcanus
[I0JIy4E€HHOM TOYHOCTH Ha 3TOM JTarle);

Peanu3anus Bcex NMyHKTOB TEXHUYECKOTO 3aJaHuUs, HACTpPOWKa IapaMeTpoB MOJENEH,
OLIEHKAa TOYHOCTU (TOYHOCTh, MOJYYEHHAss Ha 3TOM JTame JODKHA OBITh OOJNbIIE 4YeM Ha
MIPEABITYIIEM):

[TonroroBka ordera (C ONMMCAaHHEM IMPEAMETHOM 00JacTH, BHIOPAHHBIX AITOPUTMOB U
napaMeTpoB MojieNiet), pe3eHTal|H, TyOIuYHas 3aluTa MPOeKTa;

Kaxnapli CTymeHT pealM3yeT WHAMBUAYAIbHBI WIM TPYNIIOBOM IIPOEKT Kak
MOCIIE0BATEIbHOCTD JIA0OPATOPHBIX pabOT:

JlaboparopHast pabora Nel. MHnuBHIyansHOE 3aJlaHUE MO TeMe «AHAIU3 MPEeIMETHOM
obnactu, popMyJIMpOBKa LIeTei U 3a7a4d uccieqoBanus. V3pieyeHne u nepBUYHOE COXpaHEHUE
JAHHBIX.

Lenbp paboThl — Hay4yUuTh CTYACHTOB pelIaTh 33/a4d aHalIM3a MpeIMETHOU olnacTu, ee
ajanTauyMyd JUis METOJOB aHalMu3a JAaHHBIX C YYETOM [PUHUUIHAIBHBIX OCOOEHHOCTEH
peIMETHOM 00JIacTH.

JlaboparopHast pabora Ne2. MumuBuayanpHOe 3amanuwe mo Teme «lIpenBapurenbHas
00paboTKa JaHHBIX: OYMCTKA, HHTETpaIys, IPEOOPa30BaAHUEY.

Lenp paboThl — HAy4WTh CTYACHTOB pEIIaTh 3aJadyd IpeABapUTENbHOH 00paboTKU
JTAHHBIX, MPEANOJararwel TPyI0eMKY0 MPOLUEAYPY OYHUCTKH (HMCKIIIOUEHUE IPOTHUBOPEUHIA,
CIly4ailHbIX BBIODOCOB M TIIOMEX, IIPOIYCKOB), HHTErpauuu (OObEIMHEHUE JaHHBIX W3
HECKOJIbKUX BO3MOXKHBIX MCTOYHHMKOB B OJHOM XpaHHWIHUIIE), mpeoOpa3oBaHus (MOKET
BKJIIOUATh arperupoBaHUE U CXKAaTHE JaHHbBIX, JWCKPETH3alUI0 aTpuOyTOB U COKpallleHUE
pPa3MEpHOCTH U T.I1.).

JlabopatopHas pabora Ne3. UunuBuayanpHoe 3amaHue mo teme «CopeprkarenbHbIi
aHaJIM3 JaHHBIX MeTogamu Data Mining.

ens paboThl — HAy4YUTh CTYACHTOB OOOCHOBAaHHO TMPUMEHSTH 0a30BbIE METOJIbI
MHTEJUIEKTYaJIbHOT'O aHaJIN3a JIAaHHBIX, YUYUTHIBAsi OCOOCHHOCTH KaK TEOPETUYECKOTO MOCTPOCHHUS
IPUMEHSIEMbIX METOJI0B, TaK U BHIOPAHHOM MPEeIMETHOM 00s1acTH.

JIaGoparopHas pabora Ne4. MuauBuayanbHOe 3ajaHue mo teMme «Busyanuszauus u
MHTEPIIPETALNS TOJTYYEHHBIX PE3YJIbTAaTOBY.

Ilens pa®oTbl — HAyuyuTh CTYAEHTOB BBINOJHATH BHU3YAJIM3ALUI0 W HWHTEPIpETALUs
MOJTyYE€HHBIX PE3YJbTaTOB B BUJIE, IPUTOJHOM I IPUHSATHSI YIPABIEHYECKUX PEILICHUH.

HpI/IMepBI TEM JJId CaMOCTOATCIIBHOTO U3YUCHUS:

. HeiipoceTreBble MeTO/BI aHAM3a JaHHBIX, CBEPTOUYHBIE ceTH (convolution neural
networks). rimyounnoe o0ydenune (deep learning).

. MeToap1 HHTEIIEKTyalIbHOTO aHanu3a Meana (social media data mining).

. MeToapl MaTMHHOTO 00y4YeHUs B 3a/1a4ax (PMHAHCOBOM aHAIUTHKH.

. MeTo/1bI MalTUHHOTO 00YYEHHUS B 3a/la4aX paHHEH MEIUIIMHCKON JUATHOCTUKH.

. Komb6unupoBanue Mozeneit B aHau3e JaHHBIX, OYCTUHT.

. Merton aHanu3a He3aBUCHMBIX KoMITOHEHT (independent component analysis).

. Mertonbl BU3yanu3aiuu JaHHBIX BBICOKOW pa3MEPHOCTH.

10. Mopsiok MpoBeaeHUsI U KPUTEPUH OIlEHUBAHUS NMPOMEKYTOUYHOM aTTeCTAIUH

DK3aMeH B MEPBOM CEMECTpe MPOBOAUTCS B MHUCbMEHHOH (opme mo Ouneram. bumer
COAEPKUT JIBa TEOPETUUYECKUX Bompoca. [IpomomkuTensHOCTh 3k3ameHa 1,5 Jaca.
[IpuMepHBIil TepeyeHb TEOPETUYECKUX BOITPOCOB:
1. OcHOBHBIE OHATHS, TEPMUHOJIOTHS;
Data Mining / Data Science;
3. Big Data (ocHOBHBIE TOHATHS ¥ CBOICTBA);

no



4. Jlenykuus U MHAYKIMS,
5. HuTennektyanbHbIi aHAIU3 TaHHBIX B OM3HECE MPUMEPHI TIPUMEHEHHUS;
6. WuTemnekTyanbHBIN aHAIU3 TAHHBIX B PEHICHUHU CIOXKHBIX MPHUKIIAIHBIX 33/1a4;
7. VHTemeKTyanbHbIN aHAIU3 JaHHBIX B pAHHEHN TMAarHOCTUKE ONAaCHBIX 3a00JI€BaHUl;
8. HutennekryanpHbIN aHAIU3 TAHHBIX B UHAYCTPHAIHHON MPEINKTUBHON aHAINTHKE;
9. OcHOBHBIC 32/1a4M U KJIACCU(PUKAIIUS METOJIOB aHAIIN3a JJaHHBIX;
10. IpuHnMnUanbHbIE OCHOBBI MAIIUHHOTO O0YYCHUS,
11. IlpenBaputensHas 06paboTKa JaHHBIX;
12. OntuMu3anus NpU3HAKOBOTO MPOCTPAHCTBA,;
13. IlocTaHoBKa 3a7a4u KJIaCCU(PUKALIH;
14. Kontponupyemas HerapaMmeTpuieckas Kiaccuukanus,
15. Kontposnupyemas HenapameTpuieckas HelipoceTeBast KilacCu(pUKaLus;
16. Knaccugukanus no MeToy MallliHbl OIOPHBIX BEKTOPOB;
17. JlepeBbs penieHui;
18. HekouTponupyemast kinaccupukanus (KiacTepusanus);
19. Perpeccus (moHsiTHE perpeccur, OCHOBHBIE TAIlbl PETPECCUOHHOIO aHAJIN3a, METO/IbI
BOCCTaHOBJIEHUS PETPECCHUH);
20. Accoumnanus;
21. IlocnenoBarenbHas accoluanys (aIropuTMsl ceMencTBa « Anpuopu», anroputm GSP);
22. MHOrOypoBHEBOE MAalIMHHOE 00yueHue (OyTCTPANIUHT, O3TTUHT, CTEKUHT, OYCTHHT);
23. O0OHapyXeHHe aHOMAaIUH;
24. Buzyanuzaius B Data Mining;
25. OyHKIIMY aKTHBALIUH,
26. OCHOBHBIE THITBI HCKYCCTBEHHBIX HEHPOHHBIX CETEH;
27. CBepTOYHbIC HEHPOHHBIE CETH;
28. Cpenbl 1 GpeiMBOPKH TITyOMHHOTO O0Y4EHUS;
29. OcHOBHBIC 33/1a9M 00PaOOTKH TEKCTA;
30. Dramnsl mpeaBapuTeNEHON 00pPadOTKN TEKCTA,
31. Metpuku KauecTBa Kiaccupukamm,
32. T'unoresza A/B, Kanma-unnekc cornmacus, ROC-kpuBas;
33. MeTpuka KauecTBa MPOrHO3a BPEMEHHOTO Ps/Ia;
34. MeTpuKkH Ka4ecTBa KJIaCTepU3allnH,
35. [IpyHLIUIIBI BEICOKOTIPOU3BOAUTENBHBIX BHIYMCICHUH;
36. OcoOEHHOCTH MTOCTPOEHHSI BEIUUCIUTEIBHOTO KIIacTepa;
37. Cpenbl U MHCTPYMEHTBI BBICOKOIIPOU3BOIUTENIBHBIX BHIYHCIICHUH;
38. Uuctpymentsr data mining.
PesynbraThl ~ 9K3aMe€Ha  ONPEAETSAIOTCS  OLEHKAMU  «OTIMYHO»,  «XOPOIIO»,
«YIOBJIETBOPUTEILHOY, «HEYIOBICTBOPUTEIHLHOY.
JUisi OLIEHKM 3TamoB OCBOEHHUS KOMIIETEHIIMM HCIIONb3yeTcs OaulbHO-peHTUHTOBas
crcTeMa OI[CHUBAHUS:

o MaxkcuMaJILHBIN OuenuBaeMas
OnemMeHThl yueOHO
OaJu1 ¢ Havasia KOMITETEHIIUS
JIeATETbHOCTH
ceMecTtpa
Pedepar o Teme ¢ 20 YK-1, OIIK-1
Mpe3EHTaUEN
Peanu3anus npoekra 40 YK-1, OIK-1
Ornpoc Ha 3aHATUAX 10 VK-1, OIK-1




OK3aMeH 30 VK-1, OIIK-1

Cymma 6amioB, HabpaHHast CTYJJICHTOM B TEYEHUE CEMECTpa M Ha IK3aMeHe, IEPEBOIUTCS B
OIICHKY ITPOMEKYTOUHOM aTTeCTAllMH YCIIEBAEMOCTH CTYJICHTA IO MPUBEICHHON HUXKE IIIKaJe.

Hepec'{eT 0aJL10B B OICHKH IJIs1 HpOMe)KyTO‘lHOﬁ aTreCcTallumn

basel Ha 1aTy KOHTPOJIBHOM TOUYKHU Onenka

>90% oT MakcUMaJIbHON CYMMBI OaJlsIOB 5

Ot 70% 10 89% OT MakCMMaIbHON CyMMBI OaJJIOB

4
Ot 60% 110 69% OT MaKCUMaJIBLHON CYMMBI OQJIJTOB 3
2

< 60% OT MakCUMaJIbHOW CyMMBI OAJIIOB

11. YyeOHO-MeTOAMYECKOE 00ecIIeueHue

a) DNEeKTPOHHBIN y4eOHBI Kypc MO JUCIUIUIMHE B OJCKTPOHHOM YHUBEPCHTETE
«Moodley - https://moodle.tsu.ru/course/view.php?id=22102

6) OI_IeHO‘lHBIe MaTepHrajibl TCKYHICIO KOHTPOJIA H HpOMe)KYTOHHOﬁ arrecraguu 110
JUCIIMIIIIMHE.

12. llepeuenn y4eOHOIi 1uTEpPaTyphl U pecypcoB cetu UHTepHeT

a) OCHOBHas JUTEparypa:

— 3amatuH A.B. BBenenue B HHTEIUIEKTyalIbHBIN aHAIM3 IaHHBIX : ydyeOHoe mocobue /A.
B. 3amsarus. - Tomck : U3parensckuit Jlom Tomckoro rocyaapcTBeHHOTO yHUBEpcuTeTa , 2016. -
118 ¢. — 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) OTIOTHHUTENbHAS JIUTEPATypa:

— Principles of Data Mining electronic resource /by Max Bramer.Bramer, Max. London :
: Springer London :: Imprint: Springer, 2013, X1V, 440 p. [DnektpouHslii pecypc]. — Pexum
nocryma: 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. [DnekrponHsiii pecypc]. —
Pesxxum moctyna: http://dx.doi.org/10.1007/978-3-319-02711-1.

— Mupkun b. I'. Beenenne B aHanu3 JaHHBIX | Y4eOHHK U MIPAKTUKYM I OakajiaBpuara
W MarucTparypel : [[JIsI CTYJIEHTOB BY30B, OOYYarOIIUXCS MO HWHXEHEPHO-TEXHUYECKUM,
C€CTCCTBCHHO-HAYUYHbIM WU 3KOHOMHWYCCKUM HAIIPABJICHUAM U CHCLII/IaJ'ILHOCTSIM] /B. T. MI/IpKI/IH )
"Beiciiast mikona 3KkoHOMHUKH" HalMoHaNbHBIN HCCIEA0BAaTENLCKUNA YHUBEPCUTET. — MOCKBA :
FOpaiit , 2015. - 173 c.

— Kynanue A.Il. Meroasl M cpeacTBa KOMIUIEKCHOTO aHalM3a JI@HHBIX :@ ydeOHOe
nocobue. — Mocksa : @opywm [u 1p.], 2014. - 511 c.


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

13. Ilepeyenb HHPOPMALMOHHBIX TEXHOJIOTHIA

a) TUIICH3MOHHOE ¥ CBOOOTHO PACIIPOCTPaHsIEMOE MPOTrPaMMHOE 00ECTICUCHNE:
— C, C++, C#, Python, R-Studio, Rapid Miner, MS Azure.;

0) uHPOPMAIIHOHHBIE CIIPABOYHBIC CHCTEMBI:

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

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

B) npodeCCHOHANIbHBIC 0a3bl TaAHHBIX (NpU HATUYUL)'

— YHuBepcuterckas uHpopmanronnas cuctema POCCHUS — https://uisrussia.msu.ru/

— Enunas mexBenoMcTBeHHas: uHGopMalmoHHo-cratuctudeckas cucrema (EMUCC) —
https://www.fedstat.ru/

14. MaTepuaJbHO-TeXHHYECKOE 00ecneueHue

I[JI?I MaTCpHUAIIBHO-TCXHUYCCKOTI'O olecrieueHus JUCHUITIINHBI Tpe6y€TC$I HaJIM4YHUC
KOMITHFOTEPHON TEXHHKH C YCTAaHOBJICHHBIM COOTBETCTBYIOIIMM IPOTPAMMHBIM 00€CTICUCHHEM 1
JPyroro 000pyA0BaHMs, OJAECP>KUBAIOLIETO TPOBEACHUE PE3EHTALNHN, IIOCTPOSHUE TPOEKTHON
JIOKYMEHTAIIUH, BBIXO B ceTh MIHTEpHET.

15. Uudopmanusi o pazpadboTunkax

3amstiH Anekcanap BraauMupoBud, I-p TeXH. HayK, mpodeccop, 3aBeayonmil kadeapoi
TeopeTrdeckux ocHoB uHpopmaTuku TT'Y, nupexkrop UTIMKH.


https://uisrussia.msu.ru/

