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HEJM OCBOEHUA JUCHUIIJIMHBI

eab ocBOeHMSI JUCUMIIIUHBI:

1. M3ydyenne mMareMaTHYeCKMX METOAOB U IMOAXOJOB, UCIOJIb3YEMBIX B NMPOTrPAMMHBIX CH-
cTtemMax o0pabOTKH 1 aHaIM3a OOJIBIITNX JAHHBIX.

2. PaszButne nmpodecCHOHAIBHBIX HABBIKOB O0YYAIOIIMXCS 32 CYET MOTYyYSHHS MPAKTHIECKO-
ro omnbiTa padotsl ¢ IT pemennsMu B 9acTu 00pabOTKHU M aHaIM3a OONBIINX JAHHBIX.

3ajgaum. yCBOEHUE 3HAHUU O CYIIHOCTU, CTPYKTYPE U BUIAX MATEMATHYECKUX MOJIENeH
MPHUHSITHS PEIICHUI;, Pa3BUTUE HABBIKOB CO3/aHUS M PEUICHUS MOJeJei, He0OXoauMbIX B chepe

YIIPABJICHUS.

1. MECTO JUCHOUIIJIMHBI B CTPYKTYPE OITIOII BO
Hucuuumna «Benenue B Big Datay otHocuTcst kK 6a30Boit wacTu. [IpepekBU3UTHI TuC-

murunHbl: «MHbopMatukay, «L{udpoBas sSKOHOMUKAY.



2. IIVIAHUPYEMBIE PE3YJIBTATBI OBYUYEHMUS 110 JUCHHUIIVIMHE

HJ'IaHI/IpyeMBIe PE3YyJIbTAaThbl 06y‘IeHI/I5[ o JUCHUIIIIMHE, COOTHECCHHBIC C INNIAHUPYEMBIMHU PE-

syabtatamu ocBoenus OITOII

Koxa dopmupyembix kom- YpoBeHb ocBo-| [lmaHupyemblie pe3yabTaThl 00yUCHHUS MO JUCIUILUTNHE XapaKTe-
METEHIUHA €HHS KOMIIe- pU3YIOIIHE 3Tabl HGOPMUPOBAHUS KOMIICTCHIIUH (ITOKa3aTeH
TEHIUHA OCBOEHHUSI KOMITETCHITHH)
1 2 3

TIK-17 - crtocoOHOCTE HC- Yactuurelid | 3HaTh: METOIBI HMCCIICOBAHUS CHCTEM W IIOCTPOSHHS MOIETICH;

[10JIb30BaTh OCHOBHEIE MéE- MaTeMaTUYeCKHe MOJIENU ONTHMAIBLHOTO YIIPABICHUS ISl HeTIpe-

TOJIbl €CTECTBEHHOHAY - PBIBHBIX M IMCKPETHBIX MPOIECCOB; OCHOBHBICE MAaTEMaTHYECKHE

HBIX TUCIMIUIAH B ipodec- METO/bI B KOHTEKCTE aHaIu3a JAHHBIX.

CHOHAJILHOM JI€ATEIbHOCTH

JUTS. TECOPETUYECKOTO U YMeTh: NPUMEHITH OCHOBHBIC MAaTEMAaTUYECKUC METOIbI W WH-

9KCIEPUMECHTAILHOTO UC- CTPYMEHTAIIbHBIC CPEJCTBa B MPO(ECCHOHATBHON JESITEIBHOCTH

cJIeIOBaHUSI JUIA pCIICHHS TPHUKIAIHBIX 33aJa4 W HUCCICIOBaHUA OOBCKTOB
npoeCCUOHATIBHON JIEATSIILHOCTH, CTPOMTh MAaTeMaTUYCCKHE
MOZENIHN

OO0BEKTOB HpO(beCCI/IOHaJ'ILHOI\/’I JACATCIbHOCTHU, HUCIIOJIB30BATh Ma-
TEMATUYCCKUC HHCTPYMCHTAJIbHBIC CpPCACTBA JIA O6pa60TKI/I,
aHaJIn3a U CUCTEMaTHU3alnunu I/IH(bOpMaLII/II/I 10 TEME UCCIICJOBAHUA.

Brnanets: MeTomaMH CHCTEMHOTO aHAINW3a; HABBIKAMH PEIICHHUS
ONTUMH3AIMOHHBIX 33724 C OTPAHHYEHUSIMM; HaBBIKAMU IpUMe-
HEHHMS HMHCTPYMEHTOB MaTeMaTHYECKOI'0 MOJEIUPOBaHMS,; METO-
JJaMH CTaTHCTHUYECKOTO aHaJIM3a U MPOTHO3MPOBAHUS CITydailHbIX

IIPOLIECCOB.

ITK-18 - cmocoOHOCTH UC- YactuuHelii | 3HaTh: ONpeAeTeHUs OCHOBHBIX MOHATHH MaTeMaTH4YeCKOIo aHa-
MI0JIb30BATh COOTBETCTBY- nu3a, GOPMYNIHUPOBKU M JI0KA3aTeNbCTBA TEOPEM TEOPHU Ipene-
IOIIMHA MaTeMaTHYECKUI 70B, nuddepeHnnarsHOr0 W HMHTETPAIBLHOTO HCYUCICHUH U1
anmnapar ¥ HHCTPyMEH- (yHKIMI OHON W MHOTHX NEPEMEHHBIX; HanOosee BaXKHbIC IIPH-
TanbHbIE CPEICTBA AJIS JIOKEHUS JTMHEHHON anreOphl ¥ aHATUTHYECKOM T€OMETPHUH B pas-
00paboTKH, aHaNU3a U CH- JIMYHBIX 00JaCTSIX SKOHOMETPHKH.

cTeMarn3anuu uHpopma-

LUH 110 TEME UCCIICAOBAHUS YMeTs: pemars 3aadd, COMPOBOKAAIOUIMECS NMPENEIbHBIMH Ie-

pexoxamu, auddepeHInpoBaTh ¥ HMHTETPUPOBATH  CJIOXKHBIE
(yHKIMH, TpUMEHATh IuddepeHaIbHoe U UHTETPAIbHOE HC-
YHCIIeHHe K UccieloBaHuio (GyHkumu, pemars nuddepeHimans-
HBIE ypaBHEHHS IMPOCTEHIIMX THIIOB, MCCIIEJOBAaTh Ha YCTONYH-
BOCTh pellleHHne cUCTeMbl Aud(epeHInanbHbIX ypaBHEHUH MpO-
CTEHIIero THUIA; NMPOU3BOAUTH OCHOBHBIE ONEPAllMH HAJ MaTpH-
I[aMH, BBIYUCIISTH ONPENENTUTENH, UCCIEA0BaTh U PEIIaTh CHUCTE-
MBI JIMHEMHBIX YpaBHEHHH.

Bnagers: MeTogamu pemieHus 3a1ad ¢ MOMOILBIO anmapara MaTe-
MaTHYECKOTO aHaJl3a, METOJaM1 MaTPUYHOH anreOpel, MeToaaMu
anreOpsl CBOOOJHBIX BEKTOPOB, METOAAMH DEIICHHS CHUCTEM JIH-
HEHHBIX ypaBHEHMH, KOOPIMHATHBIM METOJIOM H3y4eHHsS (QHUTYp
HAa IUIOCKOCTH U B IIPOCTPAHCTBE, TEOPUEH JIMHEHHBIX OIIEPATOPOB
1 UX MaTPUYHBIX NPEJCTABJICHUN.




3. OBBEM U CTPYKTYPA JUCHUIIJINHBbI

TpynoeMKOCTh TUCIUILTAHBI COCTABIISET 4 3aUeTHBIX eUHUIIBI, 144 yacoB
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paboTy cTyeHTOB
. Dopmbl
© H TPYNIOCMKOCTD O0beM yueOHOU op
= (B Hacax) TEKYIIEero KOH-
) paboThl,
a, o TPOJISL yCIIeBaeMO-
Ne = S = C IPUMEHEHHEM
HaumeHoBaHue TeM w/unu pa3-| $ 5 5| CTH,
n/ g o £ & HUHTEPAKTUBHBIX
JIEJIOB/TEM JTHCITUILTIHEI ] = 2| o ¢dopma mpomexy-
1 © 5 S| 'S METOJIOB TOYHOM
5 E| o = (B wacax / %)
T 52| 2 8 aTTeCTaluU
s g | = @) (no cemecmpam)
= SRS
A
©
2| a
e 8
= | 8
=
1 | Meroapl MHOTOMEPHOTO
CTaTUCTHUYECKOTO aHAIM3a U PetiTunr-
N 4 1-7 9 9 - 9 9/50
aHaM3a HeYHUCIOBOM KOHTpOJIb Nel
nHpOpPMAUH
2 | TexHoxorun Pei
CUTUHT-
XpaHEHUS U 00paboTKH 4 | 812 | 9 9 - 9 9/50 Ne2
o
Bonpmmx gaHHbIX KOHTPOJIb N2
3 | [IporpammupoBanue oopa-
60TKH U 3arpy3Ku bosbImx 4 1315 9| 9 - 9 9/50
JIAHHBIX
4 | Ananuruka Peiitunr-
16-18 | 9 9 - 9 9/50
B OOJIBIIMX JaHHBIX 4 KOHTPOJIb Ne3
Bcero 3a 4 cemecTp: 36 | 36 36 36(50%) Ix3amen (36)
Hamnune B qucoumumue KIT/KP |
WToro no AUCHUILIHHE 36 | 36 36 36(50%) Ix3amen (36)

Coz[epma}me JIEeKIIMOHHBIX 3aAHATHH 10 AMCUNILIHHE

Tema 1. MeToaAbl MHOTOMEPHOI'0 CTATUCTHYECKOI0 AHAIN3a M AHAJIU32 HEYUCJIO0BOM
uHopmanuu

@daxTopHBIM aHanu3. JMCKpUMUHAHTHBIA aHanu3. KnacrepHelii aHanu3. MHoromepHoe

HIKaIupoBaHue. MeTo1bl KOHTPOJIS Ka4ecTBa.

Tema 2. TexHnoJsioruu xpaHeHusi 1 00padoTku bobIUX JAHHBIX

OCHOBHBIC HaIpaBJICHHUS Pa3BUTHS METOIOB 00paOOTKM W XpaHeHHs JaHHbIX. Volume.
3akon Mypa. Velocity. Variety. ®peiimBopk Hadoop. [Ipo0iema xpaHeHHs] HECTPYKTYPHUPOBaH-
HbIX JaHHbIX. [IpobGiema mpeoOpazoBanus naHHbIX. CemaHTHYeckue aHanu3aTopbl. CamooOly-
Yarolrecs: aBTOMaThl.

Tema 3. [IporpammupoBaHue 00padoTKH M 3arpy3ku boabmmx 1aHHBIX

9 s3pikoB uia Big Data (R, Python, Julia, Java, Scala, MATLAB, Go, Kafka, Hadoop).
OpeitmBopku (Hadoop, Spark, Storm). baser qannbix (Hive, Impala, Presto, Drill). Ananutuue-
ckue matdopmsl (Rapid Miner, IBM SPSS Modeler, KNIME, Qlik Analytics Platform, STA-



http://ru.datasides.com/big-data-analytic-tools/#i
http://ru.datasides.com/big-data-analytic-tools/#Hadoop
http://ru.datasides.com/big-data-analytic-tools/#Spark
http://ru.datasides.com/big-data-analytic-tools/#Storm
http://ru.datasides.com/big-data-analytic-tools/#i-2
http://ru.datasides.com/big-data-analytic-tools/#Hive
http://ru.datasides.com/big-data-analytic-tools/#Impala
http://ru.datasides.com/big-data-analytic-tools/#Presto
http://ru.datasides.com/big-data-analytic-tools/#Drill
http://ru.datasides.com/big-data-analytic-tools/#i-3
http://ru.datasides.com/big-data-analytic-tools/#i-3
http://ru.datasides.com/big-data-analytic-tools/#RapidMiner
http://ru.datasides.com/big-data-analytic-tools/#IBM_SPSS_Modeler
http://ru.datasides.com/big-data-analytic-tools/#KNIME
http://ru.datasides.com/big-data-analytic-tools/#Qlik_Analytics_Platform
http://ru.datasides.com/big-data-analytic-tools/#STATISTICA_Data_Miner

TISTICA Data Miner, Informatica Intelligent Data Platform, World Programming System, De-
ductor, SAS Enterprise Miner). [Tpoune uncrpymentsr (Zookeeper, Flume, IBM Watson Analyt-
ics, Dell EMC Analytic Insights Module, Windows Azure HDInsight, Microsoft Azure Machine
Learning, Pentaho Data Integration, Teradata Aster Analytics, SAP BusinessObjects Predictive
Analytics, Oracle Big Data Preparation).

Tema 4. AHAJINTHKA B 00JILIINX JaHHBIX

Amnanmutika Big Data — peanuu u nepcnextuBsl B Poccun u Mupe. TexHomoruu u Meto-
JIbl aHAJIM3a, KOTOPBIE UCIOJB3YIOTCA I aHaiau3a Big Data( Data Mining; kpayacopcusr; cMe-
MCHUC W MHTCTPALHA OAHHBIX; MAIlIMHHOC 06yquI/Ie; HCKYCCTBCHHBLIC HeﬁpOHHBIe CCTH; pacIio-
3HABAHUEC O6pa3OB; IMPOrHo3Hasd aHAJIMTHKA, UMHUTAIIUOHHOC MOJICIUPOBAHHUC,; MPOCTPAHCTBCH-
HBII aHAJIN3; CTAaTHCTHUYECKUI aHAIN3; BU3yaJH3allusl aHAIMTHYCCKUX JaHHbIX). Big data: mpu-
MEHEHHe U BO3MOKHOCTH. Pemenus Ha ocHoBe Big data. Peinok Big data B Poccun. Big data B

Oankax. Big data B 6usnece. Big data B MapkeTunre.

CoaeprxaHnue IPAKTHYECKHMX/JIA00PATOPHBIX 3aHATHI 10 TUCHUILIMHE

Tema 1. MeToAbl MHOTOMEPHOI'0 CTATHCTUYECKOI0 AHAJIN3a M AHAJIN32 HEYUCJI0BOI
uHpoOpMAIUH.

1. @akTOpHBIN aHATH3.

2. INCKpUMHHAHTHBIN aHaIU3.

3. KnacrepHblii aHAIIN3.

4. MHOroMepHOE HIKaJTuPOBAHUE.

5. MeToabl KOHTPOJIA Ka4eCTBA.

Tema 2. TexHnoJioruu xpaHenusi 1 00padoTku BoabIIKMX TaHHBIX.

1. OcHOBHBIE HaNIpaBICHUS PA3BUTHS METOJIOB 00OPaOOTKHU M XpaHEHUs JTaHHBIX.

2. [IpoGnema xpaHeHus: HECTPYKTYPUPOBAHHBIX JAHHBIX.

3. [IpobGiiema peobpazoBaHus JaHHBIX.

4. CeMaHTHYECKUE aHAJIN3ATOPBI.

5. CamooO0yuaroluecs: aBTOMAThI.

Tema 3. IIporpammupoBanue 00padoTKH U 3arpy3KH 00JIBIIHUX JAHHBIX.

1. S3eixu st Big Data.

2. ®peitMBOPKH.

3. ba3sl JaHHEBIX.

4. Ananutnueckue niaat(opMsl.

Tema 4. AHaauTHKa B 00JIbIIMX JAHHBIX.

1. Ananutuka Big Data — peanuu u nepcriektuBbsl B Poccuu u mupe.

2. TexHOJIOTHH ¥ METOJIbI aHAJIN3a, KOTOPBIEC UCTIONB3YIOTCS s aHanm3a Big Data.
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3. Ilpumenenue u Bo3mokHocTH Big data:

4. Pemenus Ha ocHoBe Big data.

4. OBPA3OBATEJIBHBIE TEXHOJIOI'NA
B npenogaBanun nucuuiuinabl «Beenaenue B Big Data»» ucmnons3yrorest pazHooOpasHbie
o0Opa3oBaTesibHble TEXHOJIOTMH KaK TPaJUIMOHHbIC, TaK U C IPUMEHEHUEM aKTUBHBIX U HHTEp-
AKTUBHBIX METOJIOB OOyUYCHHUSI.
AKTHBHBIC U HHTEPAKTUBHBIC METOJIbI OOYICHHSI:
— MWurepakTuBHas jekius (TeMbr Ne 1);
— TI'pynnosas muckyccust (tembl Ne 3);
— Pounesbie urpsl (Tembr Ne 4)
— Tpenunr (temsr Ne 2);
— Amnanu3 curyanuii (Tembl Ne 4);
— TlpumeHeHHE UMHUTAITMOHHBIX Mojiesel (TeMbl Ne 2-3);

— Pa30op koHKpeTHBIX cuTyarmii (Tembl Ne 1).

5. O EHOYHBIE CPEJACTBA JIsA TEKYIIEI'O KOHTPOJIAA YCIIEBAEMOCTMN,
MMPOMEXYTOYHOM ATTECTALIAU 11O U'TOI'AM OCBOEHMUSI TUCIIU-
IVIMHBI 1 YYEBHO-METOANYECKOE OBECIIEYEHUE CAMOCTOSATEJIb-
HOM PABOTHI CTYJIEHTOB

Tekymunii KOHTPOJIb 3HAHUU CTYIEHTOB IPOU3BOAUTCS B IUCKPETHBIE BPEMEHHBIE UHTED-
BaJIbl MpernojaBaTesieM, BeAyIUM MPaKTHUYeCKUe paboThl MO JUCIHIUIMHE, B CIEAYIOMUX (Hop-
Max:

- TECTUPOBAHUE;

- BBINOJIHEHUE PA3HOT0 pOJa MPAKTUYECKUX 3aJaHU;

- JIUCKYCCHHU;

- PEUTHHI-KOHTPOJIb.

[TpomexxyTouHasi arTecTanusi 3HaHUN CTYAEHTOB MPOU3BOJUTCS IO Pe3ysibTaTaMm paboThI
B 4 cemectpe, B (hopMme dK3aMeHa, KOTOPBI BKIIIOYaeT B ce0s OTBETHI Ha TEOPETHUYECKHE
BOIIPOCHI.

@DOH/BI OLIEHOYHBIX CPEJCTB, BKIIOYAOIIME TUIIOBBIC 3a/IaHUSI M1 METO/IbI KOHTPOJIS MO3-
BOJISIFOIIME OIEHWTh 3HAHWS 10 JAaHHOM JUCIUIUIMHE, BKIOYeHbI B coctaB YMKI]I.

TumnoBkle TECTOBBIC 3aJaHUS JJIS OpOBCACHUA TCKYHICTO KOHTPOJIA MPHUBCACHBI HHUKC.

PeiiTuHr-KoHTpOJIBL Nel

1. ®aKkTOpHBIN aHAIN3.



2. JINCKpUMUHAHTHBIA aHAJIH3.
3. KimactepHblii aHanus.
4. MHOroMepHO€ IIKAJTUPOBAHUE.

5. MeToJibl KOHTPOJISI KaueCTBa.

TecToBBIC 3aHaHNA

1. IIpuHATHII ciocod npeacTaBIeHUs JAHHBIX: MOKA3aTeJH J0JKHBI ObITh:
1) mo cTpokawm;

3) o s4eiKam;

2) 1o cToJoIam;

4) o quaroHanu.

2. UuTepBaJibHbIE IaHHBbIE — 3TO (MOIYEPKHUTE MPABUJIbHbIE OTBETHI):
1) naHHbBIE C HUHTEPBAJIOM;

2) nanHble 00 MHTEPBAJIAX;

3) KOJIMYECTBO U3MEPEHUI B KaX/10M UHTEPBAJIE;

4) KOTMYECTBO MHTEPBAJIOB B KAKJIOM U3MEPEHUHU.

3. Cpean HUKe MPUBEIEHHBIX HEYNCJIOBbIC IaHHbIE CJIeYIIIHe:
1) Gambr;

2) TUXOTOMUYECKHE;

3) panru;

4) pedTHHrH.

4. IMpocTeiimue cTATUCTHYECKHE XaPAKTEPUCTUKH — ITO:

1) cpennee;

3) c.k.0.;

2) MaTeMaTHUYECKOE OKUJAHUE;

4) nucriepcus.

5. [IpuBeneHue K HOPpMAJILHOI (hopMe - ITO:

1) nenenue Ha C.K.0.;

2) OKpyTJIEHHE;

3) neneHue Ha CpeaHee;

4) neneHne Ha KOHCTAHTY UHTETPUPOBAHMUSL.

6. Kakue ¢pynxkuuu Excel nmMeroT oTHOIIEeHHE K onM(ppoBKe:

1) PAHT;

3) CYUETECJIH;

2) KOPPEJI;

4) CYMMECIJIN.



7. MHOTOMEepHOCTDH B CTATHCTHKE - ITO:

1) mepeMeHHBIX OOJIBIIIE OTHOM;

3) u3mepenwii 6omnbiie 10;

2) nmepeMeHHbIX OOJIBIIE IBYX;

4) uzmepeHuit 6oJbIe 5

8. Crenywuiue nmporpaMmsl SIBJISIOTCH CHENHAJTU3HPOBAHHBIMHM CTATHCTHYECKHUMH TaKe-
TaMu:

1) EXCEL;

3) GRAPHER;

2) SPSS;

4) STATISTICA.

9. IIpoBepka cTaTHCTHYECKOM THIIOTE3bI BKJIIOYAET B ce0si:
1) pamxxupoBaHue;

2) npuHSTHE YPOBHS 3HAYMMOCTH;

3) BBIYHMCIICHHE SMITUPUUECKOTO 3HAUCHUS;

4) BBIYHUCJICHHUC KPUTUYCCKOT'O 3HAUYCHHA.

PeiiTuHr-koHTpOIBL Ne2
. OCHOBHBIE HalpaBJIeHUs pa3BUTHs METOJJ0B 00paOOTKH U XpaHEHUS JAHHBIX.
. Volume.
. 3akoH Mypa.
. Velocity. Variety.
. ®peitmBopk Hadoop.
. IIlpobGnema xpaHeHUsI HECTPYKTYPHUPOBAHHBIX TaHHBIX.
. [Ipo6iema npeobpazoBaHus JaHHbBIX.

. CeMaHTHUYEeCKHE aHATU3aTOPBI.

©O© 00 N O »n M WO N B

. CaMoo6yqa}0mHec>1 aBTOMATHI.

TecToBbIC 3a1aHuA

1. KiacTepHblil aHAIU3 NPeIHA3HAYEH J1JIs:
1) rpynnupoBKu 00BEKTOB;

3) pamxupoBaHus OOBEKTOB;

2) rpynnupoOBKHU MOKAa3aTeNEH;

4) paw>xupoBaHMs IOKa3aTeNei.

2 Onuuyu KJIaACTEPHOr0 aHAJIM3a:

1) paccrosiHrEe MeXY IpylIamu;

3) paccTtosiHEE MEXY 00BEKTaMU;



2) paccTosiHHE MEXY MOKa3aTesiMu;

4) paccTosiHuE MEXIY TEIaMH.

3. KnacrepHblii aHAJIN3 peajin30BaH B IPOrpaMmax:
1) EXCEL;

3) SPSS;

2) AGRAPHER,;

4) STATISTICA.

4. CHUKeHMe Pa3MEPHOCTH ITO:

1) yMeHbIIIEHHE YK CIIa U3MEPECHHI;

3) yMEHbIIEHUE YUCIIa [TI0Ka3aTesel;

2) yMeHbIIIEHUE YHciia 00bEKTOB;

4) yMeHbIlIEHUE YHcTIa 3HAKOB.

5. KoMnoHeHTHBI aHAJIU3 Peain30BaH B IporpaMmmax:
1) EXCEL;

2) SPSS;

3) AGRAPHER;

4) STATISTICA.

6. MeToabl, OTHOCAIIMECH K CHUKEHHIO PA3MEPHOCTH:
1) dhakTopHBIii aHATH3;

2) perpeccus;

3) KOMIIOHEHTHBIH aHATN3;

4) xoppensus.

7. KOMIIOHEHTHBIH aHAJINM3 O3BOJIsSIeT:
1) copTupoBaTth;

3) paHXupOBaTh;

2) rpynnupoBaTh;

4) ynopsa04nBaTh.

8. luxoTomMuuecKas mKajaa 3To:

1) coctosimas u3 “ma” u “Her”;

3) cocTosmas u3 AByX YUCET,

2) cocTosimmast u3 “UcTuHa” U “JIOKB’;

4) cocrosimias U3 JByX PaHTOB.

9. K HeuHC/I0BbIM HIKAJIAM OTHOCSTCS:
1) HoMHHAaNBHAS;

3) abcomoTHas;

2) UHTEPBAJIOB;



4) panroBasi.

10. CymecTByeT HIKaJ JJI ONUCAHUS JAHHBIX:

1) 4,
2) 6;
3) 5;
4) 7.
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PeiiTuHr-KOHTpOIB Ne3

. SI3eiku ms Big Data: R.

. SI3eiku ms Big Data: Python.

. SI3pikm st Big Data: Julia.

. SI3pikm st Big Data: Java.

. SI3eiku mas Big Data: Scala.

. SI3eiku ms Big Data: MATLAB.
. SI3eiku s Big Data: Kafka,.

. SI3eiku s Big Data: Hadoop.

. SI3eiku s Big Data: Go.

. ®peitmBopku st Big Data: Hadoop.
. ®perimBopku s Big Data: Spark.

. ®peiimBopku i Big Data: Storm.

. baser nannbeix qus Big Data: Hive.

. Baswr mannbeix qsa Big Data: Impala.
. baser nannbix aus Big Data: Presto.

. baser nannbix as Big Data: Drill.

. Ananutuueckue miatdopmsl 1 Big Data:
. Ananmutuueckue miatdopmsl s Big Data:
. Ananmutnueckue riatdopmsl st Big Data:
. Ananmutnueckue riatdopmsl st Big Data:
. Ananutuueckue miatdopmsl s Big Data:
. Ananutuueckue miatdopmsl s Big Data:
. Ananutnueckue iatdopmsl st Big Data:
. Ananutuueckue riatdopmsl st Big Data:

. Aranmutnueckue ratdopmsl st Big Data:

. Zookeeper.

. Flume.

. IBM Watson Analytics.

. Dell EMC Analytic Insights Module.

Rapid Miner.

IBM SPSS Modeler.

KNIME.

Qlik Analytics Platform.
STATISTICA Data Miner.
Informatica Intelligent Data Platform.
World Programming System.
Deductor.

SAS Enterprise Miner.
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28. Windows Azure HDInsight.
29. Microsoft Azure Machine Learning.
30. Pentaho Data Integration.
31. Teradata Aster Analytics.
32. SAP BusinessObijects Predictive Analytics.
33. Oracle Big Data Preparation.
34. Ananutuka Big Data — peanuu u nepcriektuBsl B Poccuun u Mupe.
35. Data Mining.
36. KpayncopcuHr.
37. CMmelieHne U UHTETpaLUsl JaHHBIX.
38. MamunHoe oOyueHue.
39. UckyccTBeHHBIE HEHPOHHBIE CETH.
40. PacrioznaBanue oOpazoB.
41. [IporHo3Has aHaJIUTHKA.
42. ImuTaninoOHHOE MOJIETTMPOBAHUE.
43. IIpocTpaHCTBEHHBIN aHAIH3.
44. CTaTUCTUYECKUI aHAJIN3.
45. Buzyanuzanus aHaTuTHYECKUX JaHHBIX.
46. Big data: npumMeHeHrEe 1 BO3MOKHOCTH.
47. Pemienus Ha ocHOBe Big data.
48. Poinok Big data B Poccun.
49. Big data B GaHKax.
50. Big data B 6u3Hece.
51. Big data B MapkeTHHre.
TecroBble 3a1aHus (00pa3en)
1. KosimuecTBO HA0/II0/1€HUI - ITO:
1) pa3smMepHOCTB;
3) mupuHa;
2) 00bEM BBIOOPKH;
4) MOBEpPXHOCTH BHIOOPKHU.
2. DJjieMeHThI TA0 MBI CONPSKEHHOCTH HA3bIBAIOTCS:
1) koopAUHATHI;
3) ckopocTy;
2) NJIHBI,
4) 4acTOTBHI.

3. MeToabl aHaIM3a TA0JIUI CONPSKEHHOCTH:
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1) Kpurepuii Pozenbayma;

3) Xxu-KBajpar;

2) Kpurepuii Konmoroposa-CMupHoBa;

4) kputepuit Gumepa.

4. B xone ananu3a Ta0JuIbl CONPSKEHHOCTH BbITIOJIHACTCS:
1) npoBepka Ha COOTBETCTBHUE;

2) IpoBEpKa Ha HEITPOTUBOPECUNBOCTE;

3) nmpoBepKa Ha MOHOTOHHOCTb;

4) npoBepka Ha 3HAYUMOCTb.

5. MakcumajibHasi pa3MepPHOCTb TAGJIHIBI CONMPSIKEHHOCTH MOKET ObITh:
1) 3;

2) 5;

3) 10;

4) Kakasi yroJiHo.

6. BoruucisieMoe 3HaUYeHHE KPUTEPHsi XU-KBAJPAT HA3bIBAETCH:
1) YucnenHoe 3Ha4Y€HUE;

2) peaJIbHOE 3HAYCHHC;

3) SKCTIEpUMEHTAIBHOE 3HAYCHNUE;

4) sMIUpUUECKOE 3HAUCHHE.

7. Berumncisiemoe 3Ha4eHue XU-KBaJpaT CPABHUBAETCH C:

1) KpUTHYECKUM 3HAUCHUEM;

3) mpeaenbHBIM 3HAYCHUEM;

2) 5TaJOHHBIM 3HAUYCHUEM;

4) rpaHUYHBIM 3HAYECHUEM.

8. To, ¢ yem cpaBHMBaeTcs BbIYMC/IsAeMOe 3HaYeHNEe XHU-KBAApaT, Bbruuciasierca B EXCEL
(pynkuuei:

1) XN2PACITI;

3) XU2TECT;

2) XU20BbP;

4) XN2.

9. K ko3¢ duumeHTam CBSA3M OTHOCATCS:

1) k03pdUIUEHT KOHTUHTCHIINY;

3) K03 PUITUEHT acCOIMALINY;

2) Koadpdunment Yynposa-Kpamepa;

4) k03¢ (PUIHEHT KOJTUTALIUH.

10. K pasHOBMIHOCTH KPUTEPHUS XH-KBAAPAT OTHOCATCS:



1) kputepuii Bunkokcona,

2) uH(pOpMaIMOHHBIN KPUTEPUH;

3) kpurepuii J[>KOHKHpA;

4) KpUTEpH MAaKCUMAJILHOTO TIPaBIOTIOI00MSI.
11. BrisiBJIeHH e BKJIAJ0B, BHOCHUMBIX KaKI0#i KJeTKO#i Ta0JauIbl, HA3bIBAeTCA:
1) pa3buenue xu-kBaapar;

2) JIoKanu3aIus Xu-KBaJIpar;

3) aHaU3 XU-KBaJApaT;

4) cOpTUpOBKa XH-KBaJpar.

12 Jlor-JIuHeHHBIH aHAJIN3 - 3TO:

1) aHanu3 cuHTE3a TA0JINII,

2) aHaJIM3 JOCTOBEPHOCTH TAOJIHII,

3) CTaTUCTUYECKHUI aHAJIU3 CBS3HM TAOJIUII;

4) ananu3 pazdpoca TabuI.

CamocrosiTesibHas padoTa CTYAeHTOB

CamocrosrenbHas paboTa CTYIEHTOB SIBJISETCS HEOTHEMJIEMOH YacThIO Mpoliecca u3yye-
HUS JUcIMIUIMHBEL. OHa HalpaBiieHa Ha YCBOEHUE CUCTEMbI HayYHBIX U IPO(ECCHOHATIBHBIX 3HA-
HUH, (GOPMUPOBAHHS YMEHUI U HABBIKOB, IPHOOPETEHUE OMBITA CAMOCTOSTEILHON TBOPUYECKON
nesrenbHocTH. CPC nomoraer GpopMupoBaTh KyJIbTYpy MBIIUICHUS CTYAEHTOB, PACIIUPSTH I10-
3HABATEJIbHYIO JACATCIBHOCTD.

Buapl camocTosiTenbHON paboThI MO KypCy:

a) M0 LIEeJISIM: TOJATOTOBKA K JIEKIUSAM, K TPAKTUYECKUM 3aHATHUSAM, pEHTHHIaM.

0) mo xapakrepy pabOThl: U3yuyeHHE KOHCIIEKTA JICKIMH, BHIIOJHEHNE MPAKTHUECKUX 3a-

JaHUH U TECTOB, OpraHu3anus KpyrjibIX CTOJIOB, IOATOTOBKA JOKJIAO0B, HpeBeHTaL{Hﬁ.

IIpumepHasi TeMaTHKa CaMOCTOSITEIbHOM Pa0d0ThI

Tema 1. MeToabl MHOTOMEPHOI'0 CTATHCTHYECKOI0 aHAIN3Aa U AHAJIU32 HEYUCJIOBOMH
uHpopmManuu.

Bonpocs! 1J1s1 caMOCTOATEIBLHOT0 H3YYCHHS.

1. dakropHBIi aHATHN3.

2. JInCKpUMUHAHTHBIN aHATIN3.

3. KnacrepHblii aHAIIN3.

Tema 2. TexnoJsioruu xpanenusi 1 00padoTku Bob KX JaHHBIX.

Bonpocs! 1J1s1 caMOCTOATEIBLHOT0 H3YYCHHS.

1. OcHOBHBIE HaNIpaBJIEHUs PA3BUTHS METOJIOB OOPa0OTKHU U XPAHEHUS JTaHHBIX.



2.
3.
4.

[Tpobnema XpaHeHHS HECTPYKTYPUPOBAHHBIX JaHHBIX.
[TpoGema mpeoOpazoBaHus JTaHHBIX.

Cemanrtnyeckue aHanu3aTopbl. CaMoo0yJaromuecs: aBTOMATHI.

Tema 3. IlporpammupoBanne 00padOTKHU U 3arpy3Kku boJibIIuX JaHHBIX.

BOHpOCLI AJIA CAMOCTOATECIBHOIO H3YYCHUA.

1.
2.
3.
4.

S3wiku i Big Data.
OperiMBOPKHU.
ba3bl na”HHEbIX.

AHanutuyeckue miaropmal.

Tema 4. AHAJINTHKA B 00JILIINX JAHHDBIX.

BOHpOCLI AJIA CAMOCTOATECIIBHOI'O U3YUYCHUA.

1.
2.
3.

—
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Ananutuka Big Data — peanuu u nepcriekTuBsl B Poccun u mupe.
Big data: mpumeHeH#e U BO3MOKHOCTH.

Peinok Big data B Poccum.

Bonpocs! Kk 3k3ameny.

. GaKTOpHBIN aHATH3.

. JJMCKpUMHUHAHTHBIA aHAJIN3.

. Knacrepnspiit ananus.

. MHOroMepHO€ IIKaIUpOBaHHUE.

. MeToibl KOHTPOJISI KauecTBa.

. OCHOBHbBIE HalNpaBJIEHUs pa3BUTH METOJJ0B 00paOOTKH U XpaHEHUS JaHHBIX.
. Volume.

. 3akoH Mypa.

. Velocity. Variety.

. ®peitmBopk Hadoop.

. IIpobnema xpaHeHUsT HECTPYKTYPHPOBAHHBIX TaHHBIX.
. [Ipo6iema npeobpazoBaHus JaHHbBIX.

. CeMaHTHYECKUE aHATTU3aTOPHI.

. Camoo0yuaroiuecs: aBTOMAThI.

10. S3wiku as Big Data: R.
11. Szeixu aus Big Data: Python.

12. s3piku aus Big Data: Julia.

13. sA3wiku aus Big Data: Java.

14. sI3eikm aus Big Data: Scala.
15. S3wixu aus Big Data: MATLAB.
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16.
17.
18.
19.
20.
21.
22.
23.
24,
25.
26.
217.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.
40.
41.
42.
43.
44,

S3eikm a1 Big Data: Kafka,.

S3wiku 11 Big Data: Hadoop.

S3wixu i Big Data: Go.

dpeitmBopku st Big Data: Hadoop.

dpeiimBopku st Big Data: Spark.

DpeitmBopku utst Big Data: Storm.

baser nannbix s Big Data: Hive.

basb1 mannbeix s Big Data: Impala.

basbl nannsix s Big Data: Presto.

bazer nannbix s Big Data: Drill.

Amnanmutudeckue miargopmsl s Big Data: Rapid Miner.
Amnanmutnueckue miatdopmsl s Big Data: IBM SPSS Modeler.
Amnanmutrueckue miardopmer s Big Data: KNIME.

Ananutndeckue rathopmsr 1 Big Data: Qlik Analytics Platform.
Ananurndeckue ratgopmsr s Big Data: STATISTICA Data Miner.
Amnamutrueckue miardopmsr s Big Data: Informatica Intelligent Data Platform.
Amnanmutrueckue miardopmsr s Big Data: World Programming System.
Ananutndeckue ratgopmsr 1 Big Data: Deductor.
Ananutndeckue rathopmsr 1 Big Data: SAS Enterprise Miner.
Zookeeper.

Flume.

IBM Watson Analytics.

Dell EMC Analytic Insights Module.

Windows Azure HDInsight.

Microsoft Azure Machine Learning.

Pentaho Data Integration.

Teradata Aster Analytics.

SAP BusinessObjects Predictive Analytics.

Oracle Big Data Preparation.

45 Ananutuka Big Data — peanuu u nepcrnektuBsl B Poccun u mupe.

46.
47.
48.
49.
50.
51.

Data Mining.

KpayncopcuHr.

CMmenieHue 1 MHTETpalys 1aHHBIX.
MammHHoe o0y4eHue.
HckyccTBeHHBIE HEUPOHHBIE CETH.

Pacmo3naBanue 06pa3os.
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52. [Iporno3Has aHaJIMTHKA.

53. IMUTaIMOHHOE MOJICTTPOBAHUE.

54. IIpocTpaHCTBEHHBIN aHAIIN3.

55. CraTucTUyeCKUil aHau3.

56. Buzyanuzanusi aHaTUTUYECKHUX JTaHHBIX.
57. Big data: npumMeHeHUE U BO3MOXKHOCTH.
58. Pemenus Ha ocHOBe Big data.

59. Peiok Big data B Poccum.

60. Big data B 6ankax.

61. Big data B Gu3Hece.

62. Big data B MapkeTHHre.

IIpuMepHBIi NepedyeHb NPAKTHYECKUX 3aJaHUIT HA IK3aMeHe

1. Jlan Habop JaHHBIX 33JJaHHOM CTPYKTYpbI U IIporpamma SAS Data step, mpousBoasiast
OIpe/ieNIeHHYI0 00pabOTKy M BBIYMCIIEHUSI C MCIOJIb30BaHHMEM JaHHOro Habopa. [lepenuinre
3Ty nnporpammy Ha SAS DS2 ¢ ucnosnb30BaHNEM NapajlieNbHbIX HUTEH U CO3JJaHUEM I0JIb30Ba-
TEJIbCKOTO MaKeTa, YTOObI pe3yabTaT 0OpabOTKM COXPAHWICSA TEM e, HO KO/ MOT BBIIOJIHATHCSA
B [IapAJUIEIILHOM cpeze.

2. Jlan HaOop 3aJaHHOW CTPYKTYPHI, IOCTPOHTE MOJENb MPOTHO3UPOBAHHS OTKIIMKA C
MCIIOJIb30BaHUEM MPOIEAYPHI impstat ¢ anropurMoM random forest ¢ 3aJaHHBIM YUCIIOM JCPEBb-
eB. [IpuMeHuTe NMOJYy4EeHHYIO MOJIENb K TECTOBOMY HAabOpPY JIaHHBIX TOU )K€ CTPYKTYpBI, BU3ya-
ausupyiTe nonydeHHsld rpaguk Lift. Iloctpoiite Ha TOM ke Habope MoJieNb C UCHOIb30BaHNE
BBICOKOTIpOU3BOANTENbHON Bepcun Meroaa GLM. Ilpumennte k TectoBomy Habopy. CpaBHUTE
pesyasTatel GLM u Random Forest mo AUC.

3. JlaH TeKCTOBBIN KOPITyC JOKYMEHTOB, JeKaIlUX B yKa3aHHOU aupekTopuu. Co3pmaiite B
SAS Tex Miner npoekT, KOTOpbIii: BeIOepeT (aiiibl ¢ pacmupenueM pdf; ocyiiecTBUT napcuHr
Habopa ¢ OIpeAeseHUeM YacTel peuyd M COXpPaHEHHEM B IPU3HAKOBOM IPOCTPAHCTBE TOJIBKO
CYILIECTBUTENIbHBIX U IJIarojoB; OCYIIECTBUT (QUIbTPALIUIO TOKYMEHTOB M MIPU3HAKOB C UCIOJIb-
30BaHUEM 33JJaHHOI cxeMoil onpeseneHus BecoB JiekceM (Hampumep, Ha ocHoge tf-idf); Beraenur
3a/laHHO€ KOJIMYECTBO KIHOYEBBIX TEMATUK 110 MeToay SVD. B oTBeTe ykaxuTe TOn 5 KIIFOUEBBIX
CJIOB BO BTOPOH BBISIBIEHHOH TeMaTuke. Kakoil TOKyMeHT uMeeT HauOoJbIINi BeC B 3TO TeMa-

THKE?



7. YYEBHO-METOANYECKOE U THOOPMAIIMOHHOE
OBECIIEYHEHHUE JUCHUIIVINHbI

7.1. Knuroooecne4eHHOCTh

HaunmenoBanue nureparypsl: Ton KHUTI'OOBECITEUEHHOCTD
ABTOP, HASBAMHC, BHUJL H3/ATHA, Hsaa- KonunuecTBo 3Kx3eMILISIpOB Hanmawe B snexTpoHHOM 010-
MBAATEIRCTRO s n3gaHni B Ondmmorexe Bnl'yY motexke Bial'Y
B cootBercTBIH ¢ PI'OC BO
1 2 3 4
OcHoBHas muTeparypa®
1. Muoro uugp. Auanus 2016 http://znanium.com/catalog/produ
00JIbIIUX JAHHBIX IIPH OMOIIH ct/551044
Excel / ®opman [1.; ITep. ¢ anri.
CoxkonoBoit A. - M.:AnbniuHa
[Ta6m., 2016. - 461 c.: 84x108
1/16 (O6noxka) ISBN 978-5-
9614-5032-3
2. Anaau3 6oibuX HAG0pPOB 2016 http://znanium.com/catalog/produ
nannabIx / FOpe Jleckogerr, /1027845
Amnann Pamxapaman, xeddpu
J. YnpmaH ; mep. ¢ aHrI.
A.A.Cmuakuna. - Mocksa : JIMK
TIpecc, 2016. - 498 c. - ISBN
978-5-97060-190-7
3. JlaHHbBIE: XpaHeHHe U 00pa- 2019 http://znanium.com/catalog/produ

0otka : yaeonuk / O.I'. JlansH.
— M. : UHOPA-M, 2019. —
205 ¢. — (Bsicmiee o0pa3zoBaHue:
bakanaspuar). —
www.dx.doi.org/10.12737/textbo
ok_5cf8c7f2b8cdb8.06963680.

/989190

JlonoynHuTenpHas nurepaTypa

1 ba3bl JaHHBIX: Y4eOHUK /
[ycrosa JI.U., Tapakanos O.B. -
M.:HULl UH®PA-M, 2016. -
304 c.: 60x90 1/16. - (Boicmiee
oOpasoBanme: bakanaBpuar)
(ITepernér) ISBN 978-5-16-
010485-0

2016

http://znanium.com/catalog/produ
ct/491069

2. ConaabHO-I)KOHOMHYECKOoe
pailioHMpoBaHHE B AMOXY
00JIbIIHNX JAHHBIX:MOHOTpadusI-
M.:HUILI UTH®PA-M,2018.-196
c

2018

http://znanium.com/catalog/produ
/923729

3. Hazapoga, O.b. Pa3pa6orka
PeISIHOHHBIX 023 TAHHBIX €
ucnoan3opannem CASE-
cpeacrBa ALL Fusion Data
Modeler : yue6.- meto, noco-
6ue / O.b. Hazapoga, O.E. Mac-
JICHHUKOBa. — 3-€ U31., CTep. —
Mocksa : ®JIMHTA, 2019. — 73
c. - ISBN 978-5-9765-1601-4

2019

http://znanium.com/catalog/produ
ct/1034975

7.2. llepuoauyeckne U3IaHus
BIG DATA AND ADVANCED ANALYTICS. http://bigdataminsk.by

7.3. NHTepHeT-pecypchl



http://znanium.com/catalog/product/989190
http://znanium.com/catalog/product/989190
http://bigdataminsk.by/

1. http://www.spssbase.com/ MumrocTpupoBaHHbIi camoyuuTenb o SPSS

2. http://www.spss.ru OdurmansHbIii caiT poccuiickoro oguca kommnanuu SPSS

8. MATEPUAJIBHO-TEXHUYECKOE OBECIIEYEHUE JUCHUITJIUHBI

JInst peau3anuy JaHHOW JUCIUIUIMHBI MMEIOTCS CIICIHAIbHbIC TIOMEIICHHUS TS IPOBe-
JICHUS 3aHATUI JICKIIMOHHOTO THIIA, 3aHATHU MPAKTHYECKOT0/1abopaTopHOro TUMA, TPYIIIOBBIX
Y MHIIMBHYaJIbHBIX KOHCYJIbTAIMH, TEKYIIET0 KOHTPOJISI ¥ IIPOMEKYTOYHOM aTTecTaluu, a Tak-
e MMOMEIICHHSI I CAMOCTOSITEIbHOM pabOoThl: ayJAUTOPHH, OCHAICHHBIC MYJIbTH-MEIHa 000-
py/ZIOBaHHEM, KOMIIBIOTEPHBIC KJIACCHI C JOCTYIIOM B MHTEPHET, ayIUTOPUHU Oe3 crell. 00opyao-
BaHMSI.

KommbloTepHasi TeXHUKA, HCIOJb3yeMas B y4eOHOM IpoIlecce, MMEET JUIICH3MOHHOE
porpaMMHOE 00ecIieueHue:

e Omnepannonnas cucrema cemeiicrea MicrosoftWindows.

e [laker oducHbIx nporpamm MicrosoftOffice.

e KoHcynbTanT+.



Pa6ouyro nporpamMMmy COCTaBHII

Penensenr:

['eHepalibHEIA AUPEKTOP

000 «XpycransHoe He60»

ITporpamMmMa paccMOTpeHa ¥ 0100peHa Ha 3acen;i;ﬁ;1 Kadenpsi Bi/IS

npotoxkon Ne 7 or d 2L g 2019 roza.

3asenyroumii kapeapoi Z:( 4 / A.3.4., npodeccop Tecnenxo WU.b.

¥

Kossipes B.H.

PaGouas 1iporpamMmMa pacCMOTpeHa 1 0100peHa Ha 3aceiaHuy y4eGHO-MeTOJUIECKOH KOMUCCUH
narnpasienns 38.03.05 busnec-undpopmaruka

npoTokon Ne /_ords Litrd

[Ipencenaresb KOMUCCHH

2019 ropa.

A

JIMCT NEPEYTBEPKAEHUSA
PABOYEM IMPOI'PAMMBI TUCIHUATLIIMHBI (MOIYJIST)

Pabouas nporpamma onobpena Ha

IIpoToxon 3acenanus Kahenps: Ne

y4eOHBIH TOI

3apenyrommit kKapenpoii

A.3.H., npodeccop Tecaenko U.B,

Pa6ouwas nporpamma onobpena va

Ipotoxon 3acenanus Kapeapsr Ne

3apenyrommit kadeapoit

PaGouas mporpamma oo0pena Ha

ITpoToxoin 3acenanus kapeapsr No

oT rojaa
yueOHBIH Toa

or roga
___y4eGHBIH rox
oT roja

3asenyrommii kadempoit




JUCT PETUCTPAIIMA U3SMEHEHU

B pabouyIo MporpaMMy JTUCHUTLIMHBI

BBEJIEHMUE B BIG DATA

o0Opa3oBaTenbHOI mporpamMmbl HampasieHus noarotrosku 38.03.05 busHec-uHpopmaTka, mpo-

¢wuib noaroroBku «MHGOpMAIMOHHO — aHATUTHYECKOE 00ecTIeYeHNe TTPEAIPHHUMATETECKOM

JACATCIIBHOCTH»

Howmep Buecens! n3mMeHeHus B yacTu/pasiensl | Mcenonnurens OcHoBaHue
W3MEHEHUS paboueit mporpamMmbl ®UO (HOMep U JaTa MpoToKoJIa
3acenanus Kadeapo)
1
2

3asenytouuii kapeapoit BUD

1.9.H., ipodeccop Tecnenko M1.b.




