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JIner akryaauszanuu padoueil mporpaMmbl

Pabouas mporpamma nepecMoTpeHa, oocyxaeHa u ogodpena st peanmsanuu B 2022 - 2023
y4eOHOM rojy Ha 3aceqaHnu Kadeapbl BeMUCIUTETFHON TEXHUKH U TIPOTPAMMHUPOBAHHS

[Ipotokom o 20 r. Ne
3aB. kadenpoii O.C. Jlorynosa

Pabouast mporpamMmma repecMoTpeHa, 00CyKaeHa u 0100peHa s peanusarnuu B 2023 - 2024
yueOHOM oy Ha 3aceaHuu Kadeapbl BEIMUCIUTENEHON TEXHUKU U IPOTPAMMHPOBAHUS

[IpoTokom o 20 r. Ne
3aB. kadeapoii O.C. Jlorynosa

Pabouas nporpamma nepecmotpena, o0cyxaeHa u ogoopena s peanuzauuu B 2024 - 2025
yueOHOM oy Ha 3aceaHuH Kadeapbl BBMUCIUTENEHON TEXHUKU U IPOTPAMMHPOBAHUS

[Iporokon or 20 1. Ne
3aB. kadeapoii O.C. JlorynoBa

Pabouas mporpamma nepecMoTpeHa, 00cyxaeHa u ogoopena uist peamszanuu B 2025 - 2026
y4eOHOM roy Ha 3aceaHuu Kapeapbl BIYUCINTEIBHON TEXHUKH U TPOrPAMMHPOBAHHSI

[Iporokon ot 20 1. Ne
3aB. kadeapoii O.C. JlorynoBa




1 Iles1u ocBOEHUS TN CHMILTHHBI (MOYJI51)

Llens ocBoenus aucimuinabl "Texnonoruu Data Mining u Big Data™:

- popMHpOBaHUE y CTYJCHTOB MPEJCTABICHUS O THITAX 33J1a4, BOSHUKAIOIINX B 00JIaCTH
MHTEIUICKTya bHOro aHanm3a nanubix (Texnonoruu Data Mining u Big Data);

- OCBOCHHE OCHOBHBIX TOX0/I0B, IPUMEHAEMbIX NpHU pereHun 3amad Data Minig u Big
Data;

- OCBOCHHE COBPEMEHHBIX IPOTPAMMHBIX CPEJICTB, IPUMEHSIEMBIX NIPU PEIICHUH 33]a4
Data Minig u Big Data;

- IOJy4YeHHE HaBBIKOB IpuMeHeHus mapaaurm Data Minig u Big Data mpu pemennn
3a7a4 B Pa3IUYHBIX TPEIMETHBIX 00IaCTX.

2 MecTo TMCHHMIIMHBI (MO1YJIsI) B CTPYKTYpe 00pa3oBaTe/bHOil POrpaMMbl

Juctummna Texunomoruu Data Mining u Big Data BxoauT B 4acTh y4eOHOrO IiaHa
dopmMEpyeMyr0 ydaCTHUKaMHU 00pa30BaTEIbHBIX OTHOIIEHUH 00pa30BaTebHON IPOrPaMMBI.

Jisa  u3ydeHus  AMCUMIUIMHBI  HEOOXOAMMBI  3HAHUS  (YMEHHMs,  BJIaJCHUSA),
c(OpMHUPOBAHHBIC B PE3YIIbTATE U3YUCHHSI JUCITUTUTUH/ IPAKTUK:

MeTop! yripaBiieHUs 3HAHUSIMH

O06paboTka 3KCIepUMEHTANbHBIX JaHHBIX Ha DOBM

Baser mauseix OLTP-cucrem

ba3bl u XpaHWIMIIa TaHHBIX

[IporpaMMHBbIe peieHus it Ou3Heca

MoaenupoBanue

@OyHKIIMOHAIBHOE TIPOTPAMMHUPOBAHHE

OOBEeKTHO-OPUEHTUPOBAHHOE MPOTPAMMHPOBAHUE

dunocodus

[IpuknanHas MmareMaTuka

ITporpammupoBanue

YucneHHble METOAEI

DneMeHTH! TMHEHHON anreOpsl

3HaHus (YMEHUs, BaJIeHus), MOJTYYeHHbIE IPU U3yYEHUHU JAaHHON AUCLUILIMHBI OyayT
HEOOXOUMBI JUIsl U3yYeHUS UCHUIUTIH/TIPAKTHK:

BeinonHenue u 3anura BoITYCKHONW KBaNU(DUKAMOHHON paboThI

3 Komnerenuuu ody4aromerocs, popMupyemsbie B pe3yJibTaTe 0CBOCHHUSI

AUCHUTIIMHBI (MOLYJIsI) ¥ INIAHUPYeMble Pe3yJIbTaThl 00y4eHHsI

B pesynbrare ocBoenust qucuuruiuabl (Moaysst) « Texnonorun Data Mining u Big Data»
00yJaroUIMICS JOKEH 001a1aTh CIEAYIOIUMH KOMIETEHIIUSIMHU:

KO,Z[ HHJUKATOpa I/IH,I[I/IKaTOp JOCTHIXKCHHA KOMIICTCHIIMH

ITK-6 CniocoOHOCTH K (I)OpMaJ'II/BaLH/II/I " AJITOPpUTMHU3ALIUN TTOCTABJICHHBIX 3a/a4, K HAIITMCAHUTIO
nporpaMMHOro KojJga ¢ HCIOJb30BAHUEM A3BIKOB MPOrpaMMHUpPOBaHUsA, OINPCACICHUA U
MAaHUITYJIUPOBAaHUA HAHHBIMU U Oq)OpMJ'IeHI/IIO NporpaMMHOrO KOJa B COOTBCTCTBHUU
YCTAaHOBJICHHBIMHA Tpe6OBaHI/I5IMI/I

[1K-6.1 O1neHrBaeT KauecTBO MaTeMaTHUECKOM MOIENH MpH (hopManu3anuy 3a1a4u
NpeIMETHOM 00J1acTH

[1K-6.2 OneHrBaeT KauecTBO pPa3pabOTaHHBIX AaJTOPUTMOB Ui MOCIETYIOLIETO
KOJMPOBaHUs

[1K-6.3 OneHuBaeT BHIOOP MPOrPaMMHBIX CPEACTB Uil IPOrpaMMHUPOBAHUA U
MaHUIyJUPOBaHUS  JAaHHBIMU B COOTBETCTBUM  YCTaHOBJIEHHBIMU
TPeOOBAHUIMU




4. CTpyKTypa, 00bEéM U coep:KkaHue TUCHUIIMHBI (MOAYJISA)
OO0mmast TpyTI0eMKOCTh AUCIHILTUHBI cocTaBiseT 3 3aueTHbIX eauHuin 108 akan. gacos, B TOM
qHUCIIe:
— KOHTaKTHas pabora — 57,3 akaJl. 4acoB:
— ayauTopHas — 56 akaJ. 4acos;
— BHeayauTopHas — 1,3 akaj. 4acos;
— camocrosTenapHas padora — 50,7 akaz. 4acos;
— B (hopMe nmpakTudeckoit moaroroBku — 0 akaj. 4yac;

dopma aTTecTaluy - 3a4ET C OUECHKOMN

AynutopHast ) =
o | xonrakTHas pabora E Z DopMma TeKyILEro
= g X Bu KOHTPOJISI
Pasnen/ Tema 3 (B akan. vacax) S A . P Kon
g & © | caMOCTOATENbHOH | yCIeBaeMOCTH H
JCIUTUTAHB 3 [ . | xoMnerenn
O 2 £ paboThI POMEXXYTOYHOH
Tex. mab. | mpakT. zZ'9 aTTecTalyu
3aH. 3aH. | O &
1. KonnenrtyaiabHble OCHOBEIL.
IIporpamMMHBIit
CamocrosTensHoe Becena —
1.1 Mannsle, unpopmanus, u3ydeHue yueOHon A I1K-6.1, IIK-
2 2 2 . 00CyX/ICHHE.
3HAHUSL. U Hay4HOUH L 6.2
YcTHbIi onpoc
JUTEPATypBI.
CamocToATeNnbHOE
M3y4eHHe yueOHOH
8 U HAYYHOMN becena —
1.2 OcHoBbel s3bika R. TUTEePaTYpPHI. obcyxeHue.
Cpena RStudio (RStudio 4 40U 6 IToaroroBka K Ananus T1K-6.1, TIK-
Cloud). XpaHumine 1abopaTopHOMY POTrPaMMHOTO 6.2
CRAN u pabora ¢ HUM. 3aHATHIO. Koza.
Brimonxenue YerHblit onpoc.
71a00paTOpHOI
paboTHI.
HWroro no pazaeny 6 6/21 8
2. IlpenBapurensHas 00paboTka
naHHbIX. [IpoBepka THIOTE3.
Knacrepuzanus.
CamocTosTenbHOe
u3yueHue y4eOHOH
Y HAy9HOH becena —
2.1 [IpensapurensHas YHHO A
JUTEPaTypBI. oOcyxaeHue.
o0OpaboTka JTaHHBIX. HoaroTosKa K Ananms
IIpeobpazoBanue Raw| 8 4 6/21 10 na6§ ATODHOM HDOEDAMMHOLO TK-6.1
Data B Tidy Data. PATOPHOMY porp
3aHSTHIO. KoJa.
AHanu3 BEIOPOCOB. M
Brimonnenue VYerHbli onpoc.
nabopaTtopHOH
paboTHI.




CaMOoCTOSITEIbHOE

2.2 IIposepka o
. u3ydyeHue yueOHoU
CTaTUCTHYECKOH TUIOTE3bI .
Y HAYIHOH becena —
0 napaMmeTpax
N JUTEPATYPBI. o0cykaeHHE.
TEHEPAILHON IToxroroBka k Amnanus
COBOKYITHOCTH. 4 6/21 10 TK-6.1
nabopaTopHOMY MIPOTPaMMHOTO
IIpoBepka
. 3aHATHIO. KOJa.
CTaTHCTHYECKOH THUIOTE3BI N
Brinmonnenue VYeTHBIl onpoc.
0 3aKOHE paclpeesIeHHs. 9
nabopatopHoOn
Krnacrepuszarnusi.
paboThL.
Hroro no paszuerny 8 12/41 20
3. TTocTpoeHHe CTaTHCTHYECKUX
3aBUCUMOCTEH. AHanu3 u
MPOTHO3MPOBAaHUE BPEMEHHBIX
psnoB. OO6paboTka TEKCTOBOM
UH)OPMAITHH.
CamocrosTensHoe
u3ydeHue yueOHon
U Hay4HOH becena —
3.1 TToctpoenue i
JUTEPATypBI. oOcyxaeHuHe.
CTATHCTHACCKHX ITogroroBka k Ananus
3aBHCHMOCTCH.  AHanu3 4 8/411 10 I1K-6.3
nabopaTopHOMY MIPOTPaMMHOTO
BPEMEHHBIX PSIOB.
3aHATHIO. KoJa.
Haxoxnenune tpenna. 9
Brinonnenue VYeTHBIl onpoc
7Ta00paTOPHO#
paboThI.
8
CaMmocrosTensHoe
3.2 O6pabotka "ceiporo" U3ydeHHEe y4eOHOM
Tekcta. Pasmerka  mo 1 HAy4IHOH becena —
qacTsIM peun. JUTEPATYPEI. oOcyxaeHue.
Jlemmatuzanus u IloaroroBka k Ananus
. 6 | 6121 12,7 A TK-6.3
CTEMMHpPOBaHHE. 1ab0paTOpPHOMY POTPaMMHOTO
TToctpoenue KOPITyCOB 3aHATHIO. KoJa.
TEKCTOB. Brissnenue Brinonxenue YerHblit onpoc.
HMMEHOBAHHBIX CYIHOCTEH. nabopaTtopHOn
paboTHI.
HWroro no pazneny 10 | 14/61 22,7
4. 3akpemneHue HM3Y4E€HHOTO
Marepuaia
Kpurnueckoe
ACCMOTpEHHE
I/IqueHHe pH I/IMCHI;HI/ISI
4.1 3akperuieHHe COBPEMEHHBIX P TIK-6.1, TTK-
M3y4eHHOTO MaTepuala 8 MPOTPaMMHBIX merozos Data 6.2, [IK-6.3
v P ) porp . Mining u Big Data - '
peanu3anui.
B PEaTbHBIX
3agayax.
Wroro no pazneny
Hroro 3a cemectp 24 |32/121 50,7 320
Hrtoro nmo aucruminHe 24 132/121 50,7 3a4eT ¢ OIICHKOM




5 O0pa3oBaTte/ibHbIE TEXHOJIOTHH

1. TpaaunuonHsie 0O0pa30BaTEIbHBIE TEXHOJOTHU OPUEHTHPYIOTCS Ha OpPraHU3ALMIO
00pa30BaTeNbHOTO Mpoliecca, IPEANOoaraiollyo IpsMyI0 TPAHCISUIO 3HAHUN OT MpernojaBa-
TeNsl K CTYIEHTY (MPEUMYIECTBEHHO HA OCHOBE OOBSCHUTEIBHO-HIUTFOCTPATUBHBIX METOJ/IOB
oOyueHus). YueOHasi JeSATENbHOCTh CTYACHTa HOCUT B TaKUX YCIOBHUSX, Kak IpaBuUio,
PENPONYKTUBHBIN XapaKTep.

@®opmbl y4eOHBIX 3aHSATHI C UCIIOJI30BAHUEM TPAJAUIIMOHHBIX TEXHOIOTHIA:

NudopmanmonHas Jiekmust —  [OCIEAOBATEIbHOE H3JIOKEHHWE MaTrepuaia B
JTUCIUIUIMHAPHON JIOTHKE, OCYIIECTBISIEMOE MPEUMYIIECTBEHHO BepOaIbHBIMU CpEICTBAMU
(MOHOJIOT MpernoaaBaTes).

CemuHap — Oecezia rpenojjaBaTelis U CTYACHTOB, OOCYXKACHHE 3apaHee MOATOTOBICHHBIX
COOOIIEHUN M0 KaXKJIOMY BOINPOCY IUIaHA 3aHATHUA C C€AMHBIM [UJII BCEX IEPEYHEM
pEKOMEH1yeMoi 0053aTeIbHON U TOMOTHUTEIBHOM JTUTEpaTyphl.

[IpakTrueckoe 3aHsATHE, MMOCBSIIIEHHOE OCBOCHUIO KOHKPETHBIX YMEHUM M HABBIKOB I10
MPEJIOKEHHOMY aIrOPUTMY.

JlabopaTopHas paboTa — opranu3zainusi yaeOHOM paboThl C peaIbHBIMU MaTePUATBLHBIMU U
nH(OPMALIMOHHBIMU O0BEKTAMU, SKCIIEPUMEHTAlIbHAsg paboTa C aHaJOrOBBIMHU MOJIEISIMHU pe-
aJIbHBIX OOBEKTOB.

2. Texnonmoruu mpobIEeMHOr0 OOyUYEHHUS] — OpraHu3alus o0pa3oBaTEeNBLHOrO Mpolecca,
KOTOpasi PEANojaraeT moCTaHOBKY MPOOJIEMHBIX BOIPOCOB, CO3AaHUE yUYEOHBIX MPOOJIEMHBIX
CUTYalUi JIJIsl CTUMYJIMPOBAHUS aKTUBHOW MO3HABATEIBLHON AEITETbHOCTH CTYICHTOB.

3. HTEepaKkTUBHBIC TEXHOJOTUU — OpPTraHU3alus 00pa30BaTEIBHOIO MPOIecca, KOTopas
IpeJnoiaraeT akTUBHOE U HETMHEIHOE B3aUMO/ICHCTBUE BCEX YYACTHUKOB, JIOCTI)KEHUE HA ATON
OCHOBE JIMYHOCTHO 3HAYMMOIO JUIi HHUX oOpa3oBaTelbHOTO pe3ynbrara. Hapsny co
CHEIUAM3UPOBAaHHBIMU  TEXHOJOTHUSMH  TaKOro  pojJa  MPUHIUIN  HWHTEPAKTUBHOCTH
MPOCIICKUBACTCA B OOJBIIMHCTBE  COBPEMEHHBIX  OOpa3oBaTENbHBIX  TEXHOJOTHUH.
HHTepakTUBHOCTH MOpa3yMeBaeT CYObEKT - CyObEKTHBIE OTHOIIEHUS B X0/1e 00pa30BaTeIbHOTO
npolecca , Kak cieicTBue, (GopMUpoBaHHE caMOpa3BUBaloLIEiics HHPOPMAIMOHHO-PECYPCHOM
CpeJBl.

®opMbI y4eOHBIX 3aHATHH C MCMOJIB30BAaHUEM CIEIUATU3UPOBAHHBIX MHTEPAKTUBHBIX
TEXHOJIOTHUM:

Jlexuus «oOpaTHOM CBSA3M» — JIEKIUSA—TIPOBOKAIMS (M3JI0’)KEHUE MaTepHralla ¢ 3apaHee 3a-
IUIAHUPOBAaHHBIMU ~ OLIMOKaMH),  JIeKIHsI-Oecena,  JIKIUSA-IUCKYCCHUs,  JIEeKIUs—IIpecc-
KOH(epeHIIUsL.

4.  HuadopManmoOHHO-KOMMYHUKAIIMOHHBIE  OOpa3oBaTeibHble  TEXHOJNOTUU  —
opraHu3alys 00pa30BaTEeILHOrO MPOIlecca, OCHOBAHHAS HA TPUMEHEHUH CIICIIMATU3UPOBAHHBIX
MPOrPaMMHBIX CpeJl U TEXHUUECKUX CPEJICTB paboThI ¢ MH(OpMaLIHEH.

6 YueOHO-MeTOqHUECKOE 00ecedeH e CAMOCTOSITeJIbHOW PadoThI 00y4aKIINXCS
[Ipencrasneno B mpuioxxkeHuu 1.

7 OuneHoYHbIe cpeIcTBA A5 POBeAeHUsI IPOMEKYTOYHOM aTTecTaluu
[IpencraBneHbl B IPUIIOKEHUH 2.

8 YueOHo-MeTOAMYeCcKOe H HH(POPMAIMOHHOE 00ecnedeHrue TUCIUIITHHBI (MOTYJIs1)

a) OcHoBHasi TUTEpaTypa:

1. Paguenko M.A. Texnonorum u wuHppacTpykrypa Big Data: YueGHoe mocoOwue.
[DnexTponnsit pecypce]. / U.A. Paguenko, N.H. Hukomnaes — CII6.: Yuusepcuter UTMO, 2018.
- 55 c. Pexum JocTyna
http://books.ifmo.ru/book/2138/tehnologii_i_infrastructura_Big_Data:_uchebnoe_posobie.htm



2. llwutukoB B.K. Kinaccudpukamms, perpeccus u apyrue anropurmbel Data Mining c
ucrnonbp3oBanueM R [Dnextponnsii pecypc]./ B.K. Illutukos, C.O. Mactunkuii - TonbsrTH,
Jlonpow, -2017, 351 c. Pexxum noctyna: https://ranalytics.github.io/data-mining

0) lonoJiHMTEIbHASA JIUTEpaTypa:

1. blu A Teopernueckuit muaumym o Big Data. Bee, uro HyXHO 3HaTh O OOJBIIMX
nanubix. / A. blua, K. Cy. - CII6.: ITutep, 2019. - 208 c.

2. MuTtuenn P. Ckpanunr B30-caiiToB ¢ momoiisio Python / P. Murtuen. M.: JIMK Ilpecc,
2016 - 280 c.

B) MeTonuyeckue ykazaHus:
I'opronos 10.B. IlpakTrkym 1o MammmHHOMY 00y4eHuto [DnekTpoHHslit pecypce]. / 10.B.
I'opronos, A.H. ITonosunkux, H.1O. 3o10TeIX. Peskxum goctyna: http://www.uic.unn.ru/~zny/ml/

r) [Iporpammuoe obecneuenue u UaTepHer-pecypcebi:

IIporpammHoe o0ecnieueHue

Haumenoanue [10 Ne norosopa Cpox 1eicTBus IULICH3UU
MS Windows 7

Professional(ums  |[-1227-18 ot 08.10.2018 11.10.2021
KJIACCOB)

Deductor Studio  [Coramienne 0  COTPYAHHYECTBE 56CChOMHO
Academic Ne06-2901\08 ot 29.01.2008 P
Anaconda Python |cBo6oHO pactipoctpansiemoe I10 0eCcCpOYHO
Sel '?b Computation cB0OOTHO pacmpoctpansiemoe [10 OeccpovHO
Engine

MathWorks

MathLab v.2014  |K-89-14 01 08.12.2014 O6eccpouHo
Classroom License

NotePad++ cB000HO pacnpoctpansiemoe 110 0OeccpoyHO

IIpodeccnonanbubie 0a3bl JaHHBIX M HH(POPMAIMOHHBIEC CIPABOYHbIC CHCTEMbI

HazBanue kypca CchplIKa
HannonanbsHas MH(pOpPMallMOHHO-aHAJIUTUYECKast URL:
cuctema — Pocculickuii MHAEKC Hay9HOTO IIUTUPOBAHHUS )

(PVIHL) https://elibrary.ru/project_risc.asp

[Touckosas cucrema Axkagemus Google (Google Scholar) [URL: https://scholar.google.ru/

9 MaTtepuaJIbHO-TEXHHYECKOE o0ecTedeHne TUCIUTIHHBI (MOLYJIs1)

MaTCpI/IaJ'IBHO-TCXHI/IquKOC obecrneucHUe JUCIUIIIIMHBI BKIIFOYACT:



JlekunoHHas ayauTopus ayn. 282 — MynbTUMEUIHbIE CPEICTBA XPAHEHUs, TepeJadn U
npecTaBiIeHus HHpopMaIuuy;

Komnbrotepnsie kiacesl Llentpa napopmannonnsix rexuonoruit ®I'bOY BIIO «MI'TY
um. I'.1. Hocosa» — IlepcoHanbHble KOMIBbIOTEPHI, 00bETUHEHHBIE B JIOKAIbHbIE CETU C BBIXOA0M
B Internet, ocHamieHHble COBPEMEHHBIMH IPOrPAMMHO-METOJHMUYECKUMHU KOMIUIEKCAMH ISt
peleHys 3a1a4 B 006JacTi UHOOPMATUKK M BEIYUCIUTEIbHON TEXHUKH;

AyIUTOpHH JUISI CAMOCTOSITEILHON paOOThl: KOMIIBIOTEPHBIE KIACCHI, YUTAIBHBIC 3aJIbI
ouomoteku — ayn. 282 u kimaccel YUT u ACY;

[Tomemenuss A CaMOCTOSTENBHOW — pabOThl  OOyYarOMIMXCs,  OCHAIIEHHBIX
KOMITbIOTEPHOM TEXHMKOH C BO3MOYKHOCTBIO NOJKIIOUEHUs K ceTu «/HTepHeT» M Hamuuuem
JOCTyIa B 3JIEKTPOHHYIO HH(OPMAIMOHHO-00pAa30BaTEIbHYIO Cpely OpPraHU3allid — KJIACChI
YUT u ACY;

[Tomemenuss [yis  XpaHeHUST W NPOPHIAKTUYECKOTO OOCIYKMBaHHUS  y4eOHOTro
ob6opynoBanus — LlenTp nHHOpMaLIMOHHBIX TEXHOJIOTHI — aya. 372

[Mpwioxxkenne 1. YdeOHO-METOIWYECKOE OOECICUCHHE CaMOCTOSITEIIBHOH paboThI
o0y4aromuxcs
3apaHue K nabopatopHoii pabote no Teme:

[aHHble MHPopMaLKA, 3HAHUA.

MpoaHanM3npoBaTb COBOKYMHOCTb TEKCTOBbIX, FPAdUUECKUX U ayANOBU3YaNbHbIX AAHHbIX,
pa3meLLeHHbIX Ha 04HOM 13 cTpaHuu, WEB-pecypcos:

www.yandex.ru;
www.mail.ru;
www.rambler.ru;
www.gazeta.ru;
WWW.ura.ru;
www.znak.com;
www.mk.ru;

NouhwnNpeE

3apaHue K nabopatopHoii pabote no Teme:
OcHoBbl a3biKa R. Cpepga RStudio (RStudio Cloud). XpaHuauwe CRAN n pabota c HUm.

YcTtaHoBuTb oanH naket u3 CRAN B RStudio.

3arpy3utb ¢ann B RStudio c noKanbHOro HocuTens.

CKkauatb ¢aiin ns RStudio Ha noKanbHbI HOCUTEND.

HanucaTb GyHKUMIO ANA CYMMUPOBAHUA 3/1eMEHTOB YMCI0BOrO MaccmBa B R.

HanucaTb GyHKUUIO ANA HAaXOXKAEHUA CpefHEro apndmeTMyeckoro YNCNI0BOro MaccmBa.
Hamucates ¢yHKIHIO 715 HAXO0XKIEHUS CTAaHIAPTHO OTKJIOHEHHSI YUCIIOBOTO MacCHBa.
Hanwucate 17151 HaX0XKAEHUS CYMMbI YACIIOBBIX JIEMEHTOB JIBYX MacCHUBOB.

NoukwhNE

3apaHue K nabopatopHoii pabote no teme:
MpeaBapuTenbHan 06paboTka AaHHbIX. MpeobpasoBaHue Raw Data B Tidy Data. AHanus Bbi6pocos.
YcTaHOBUTbL HEOOXOAMMbIE MAKEeTbI.

1. Beimonuuts B cpene R:
library(tibble)
tibble(



a=1:3,

b=1,

c=-11
)

MpoaHanM3npoBaTb pesybTar.

2. BbinonHutb B cpese R:
dfr = data.frame(a=1:3,b =1, ¢ =-1:1)
as_tibble(dfr)

MpoaHanM3npoBaTb pesybTar.

3. Bbinonnutb B cpeae R.
tribble(

~a, ~b, ~c,

1, 1,-1,
2, 1, 0,
3, 1,1

)

MpoaHanM3npoBaTtb pesybTar.

4. BbinonHutb B cpeae R.

library(readr)

(okruga = read_csv('data/okruga.csv'))
MpoaHannsanposaTb pesysbTart.

5. Bbinonnutb B cpege R.
library(ISLR)

str(Carseats)
MNpoaHann3nposaTb pesysbTart.

6. BbinonHuTb B cpeae R.

library(ISLR)

income <- imputate_na(carseats, Income, US, method = "rpart")
income

MpoaHanusnposaTtb pe3yabTar.

7. BbinonHutb B cpese R.

library(mice)

urban <- imputate_na(carseats, Urban, US, method = "mice")
MpoaHanusnposaTtb pe3yabTar.

3apaHue K naboparopHoii pabote no Teme:

MpoBepKa CTaTUCTUUECKON rMnoTesbl 0 NapameTpax reHepasibHOM COBOKYNHOCTU. poBepKa
CTaTUCTMYECKOI rMnoTesbl 0 3aKoHe pacnpeaenenus. Knacrepmusauua.

[na 3agaHHOMN BbIBOPKM NPOBEPUTL rMNOoTe3y (YPOBEHb 3HAYMMOCTU NPUHATL paBHbIM 0,95):

1. O paBeHCTBE MaTEMaTUYECKOTO OKHIAHUS JTAHHOU BEJIMYUHE.

2. O ToMm, 4TO TeHepalIbHasE COBOKYITHOCTh MMOJYUHEHA HOPMAIBHOMY 3aKOHY
pacnpeneneHusl.

3. O Tom, uTo reHepanbHasi COBOKYITHOCTh MIOJYMHEHA 3aKOHY pacnpezenenus [Tyaccona.



o

7.

O TOM, 4TO reHepangbHasi COBOKYITHOCTb TOJAYMHEHA JJOTHOPMAIBHOMY 3aKOHY
pacnpeneneHus.

O TOM, 4TO reHepagbHasi COBOKYITHOCTb IOJYMHEHA FaMMa 3aKOHY pacIlpeieIeHUs.
O ToM, 4TO reHepanbHasi COBOKYITHOCTb ITOJUYMHEHA SKCIIOHEHIUAIBbHOMY 3aKOHY
pacnpezeseHusl.

Jls naHHOM BBIOOPKHU MOCTPOUTH KIACTEPU3ALUIO IO 2 KPUTEPHSIM.

3apaHue K naboparopHoii pabote no Teme:

MocTpoeHue cTaTUCTUYECKUX 3aBMcuMmocTeil. AHanus un NPOrHo3nposaHue BpeMeHHbIX PpAAOoB.

HaxoxaeHue TpeHAaa.

1.

2.

Jlist nByX 3aJaHHBIX BBIOOPOK MOCTPOUTH BHIOOPOUHBIN KO3()PUIIMEHT KOPPENALIUH.
IIpoBepuTh €10 3HAYUMOCTD.

Jlist nByX 3aJaHHBIX BBIOOPOK MOCTPOUTH PAHTOBBIN BEIOOPOUHBII KOIPPHUIIEHT
Koppemsiiuu. [IpoBepuTh €ro 3HaYUNMOCTb.

Jlist IByX 3aJaHHBIX BRIOOPOK MOCTPOUTH JTMHEHHYIO PErPECCUOHHYIO 3aBUCUMOCTD.
[Tpoananu3upoBaTh OCTATKH, OLIEHUTH 3HAYUMOCTH KKIOTO U3 KO3 (HUIIEHTOB U
BCEro ypaBHEHUs (3aBUCHMOM CUUTAeM MEPBYIO BBIOOPKY).

Jlis 1ByX 3aJJaHHBIX BBIOOPOK IOCTPOUTH HEJIMHEHHYIO PETPECCHOHHYIO 3aBUCUMOCTb.
[Tpoananu3upoBaTh OCTATKU, OLIEHUTH 3HAYMMOCTh KaX10Tr0 U3 KO3 (HUIIUEHTOB U
BCET0 YpaBHEHHUs (3aBUCUMOM CUMTAEM TIEPBYIO BHIOOPKY).

J171s1 HECKOJIBKUX 3a/1aHHBIX BEIOOPOK MOCTPOUTD JTMHEHHYIO PErPECCUOHHYIO
3aBUCUMOCTb. [Ipoananu3upoBaTh OCTaTKH, OLEHUTh 3HAUUMOCTb Ka)KJI0Tr0 U3

K03 (UIIMEHTOB U BCETO ypaBHEHUs (3aBUCUMOI CUMTAEM MEPBYIO BBIOOPKY).

JlJ1sl HeCKONbKUX 3a/1aHHBIX BEIOOPOK MOCTPOUTH HEMHEWHYIO PErPECCUOHHYIO
3aBHCUMOCTb. [IpoaHanm3npoBaTh OCTaTKH, OLIEHUTh 3HAYUMOCTh KaXKIOTO U3
KO?((UIIMEHTOB U BCErO ypaBHEHUS (3aBUCUMOM CUMTAEM NEPBYIO BBIOOPKY).

Jl1s 3a1aHHOTO0 BPEMEHHOTO Psijia ONpeaesuTh K03 (UIIMEHT aBTOKOBapUaIiH,
MOCTPOUTDH YPAaBHEHUE TPEHA .

3apaHue K nabopatopHoii pabote no teme:

OGPBGOTKE\ «cblporo» TeKcra. PasmeTtka no yactam peuu. Jlemmartmsauuma u ctTeMMUHUPOBaHUe.

MocTpoeHne KOpnycoB TEKCTOB. BbiABIeHWEe MMeHOBaHHbIX CYI.IJ,HOCTeVI.

PaccmoTpeTb npeanoxKeHHbIn Npumep Ha s3bike Python, npegHasHayeHHbIM gna paboTbl € CoblpbiM

TEKCTOM U TEKCTOBbIMU KOpnyCamu.

1.

from nltk.corpus import gutenberg

from nltk import FreqDist

def Ling_01():

print(gutenberg.fileids())

def Ling_02():

fd = FregDist()

for word in gutenberg.words('austen-persuasion.txt'):



fd.inc(word)
print(fd.N())

print(fd.B())

2.
from nltk.corpus import gutenberg

from nltk import FreqDist
def Ling_01():

print(gutenberg.fileids())

def Ling_02():
fd = FregDist()
for word in gutenberg.words('austen-persuasion.txt'):
fd[word]+=1
print(fd.N())

print(fd.B())

3.
from nltk.book import *

def Sample_01():
print(textl)
print(text2)

print(text3)

def Sample_02():
C1 = textl.concordance('monstrous')
C2 = text3.concordance('God')
print(C1)

print(C2)



4,
from nltk.book import *

def Sample_02():
print(‘For monstrous')
textl.concordance('monstrous')
print('For great')
text2.concordance('great’)
print('For God')

text3.concordance('God')

5.
from nltk.book import *

def Sample_03():
textl.similar('monstrous')
text2.similar('little")

text3.similar('God')

6.
from nltk.book import *

def Sample_04():
textl.common_contexts(['monstrous’, 'very'])
text2.common_contexts(['little', 'great'])

text3.common_contexts(['God', 'devil'])

7.
import nltk

def corp_01():
ff = nltk.corpus.gutenberg.fileids()
print(ff)

def corp_02():



emma = nltk.corpus.gutenberg.words(‘'austen-emma.txt')
Il = len(emma)

print(qq)

8.
import nltk

def corp_01():
ff = nltk.corpus.gutenberg.fileids()
print(ff)
def corp_02():
emma = nltk.corpus.gutenberg.words('austen-emma.txt')
Il = len(emma)
print(ll)
def corp_03():
emma = nltk.Text(nltk.corpus.gutenberg.words('austen-emma.txt'))

emma.concordance('surprise')

9
def WEB_02():

url = "http://gutenberg.spiegel.de/buch/belagerung-von-mainz-3641/1"
# url = "http://gutenberg.spiegel.de/buch/achilleis-7287/1"

html=request.urlopen(url).read().decode('utf8')

print(html[:60])

raw=BeautifulSoup(html, 'html.parser').get_text()

print(raw)

tokenizer = TreebankWordTokenizer()

tokens = tokenizer.tokenize(raw)

tokens = tokens[110:390]

print(tokens)

text = nltk.Text(tokens)



print(text)
conc = text.concordance('gene')

print(conc)

10.
def Disk_01():

f = open('C:/Python_Prog/Deutsch/Goethe_02.txt','r',encoding="utf-8')
raw = f.read()
print(raw)
f.close()
german_tokenizer = nltk.data.load(
'tokenizers/punkt/german.pickle')
tokens = german_tokenizer.tokenize(raw)
tokens = tokens[:500]
print(tokens)
text = nltk.Text(tokens)
print(text)
conc = text.concordance('das',lines=100)
print(conc)
UHamBuayanbHble 3aaaHUA K pasgeny 1.
CamocTosTe/IbHO NOAKNYNTL HeobXxoaAnMble BUbANOTEKM
library (xts)
library (lubridate)
library (plm)
library (forecast)

library (corrplot)

flu <- read.csv('http://www.google.org/flutrends/about/data/flu/ru/data.txt"’,
skip = 10)

1.
plot (flu$Russia, type='l")

MpoaHannM3nposaTb pesynbTaT

2.



plot (flu$Date, flu$Russia, type='l")

MpoaHanu3nposaTb pesynbtaT

3.

TS <- ts(fluSRussia, frequency = 52, start = c(2004,10,3))
str (TS)

MpoaHanu3nposaTb pesynbtaT

4.
w <- chickwts$weight # Coxpansiem secma 6 nepemenmyio w'
hist(w, breaks = 20) # Cmpoum eucmoepammy ¢ 20 konronkamu
hist (w, breaks = 20, freq = FALSE)
points <- seg(min(w), max(w), length.out = 100)

lines (points, dnorm(points, mean = mean(w), sd = sd(w)), col=2)

MpoaHanM3nposaTb pesynbtaT

5.

w <- chickwtsSweight

plot (ecdf (w), do.points=FALSE, verticals = TRUE)
mean (w)

## [1] 261.3099

median (w)

## [1] 258

var (w)

## [1] 6095.503
sd (w)

MpoaHanusnposaTtb pesyabTaT

6.

set.seed (my.seed)

train <- sample(c(T, F), nrow(Hitters), rep = T)

test <- !train

# obyuyaeM MOIeJIr

regfit.best <- regsubsets(Salary ~ ., data = Hitters([train, ],
nvmax = 19)

MpoaHanu3nposaTb pesynbraT

7.

k <= 10

set.seed (my.seed)

folds <- sample(l:k, nrow(Hitters), replace = T)
cv.errors <- matrix(NA, k, 19, dimnames = list (NULL,
paste(1:19)))

MpoaHanuM3npoBaTb pesynbTaT



UHauBupyanbHble 3aaaHUA K paspeny 2.

1.

x <- model.matrix (Salary ~ ., Hitters) [, -1]

y <- Hitters$Salary
grid <- 107seqg (10, -2, length = 100)

ridge.mod <- glmnet(x, y, alpha = 0, lambda = grid)

MpoaHannM3npoBaTb pesynbTaT

2.
set.seed (my.seed)
train <- sample(l:nrow(x), nrow(x)/2)
test <- -train
y.test <- yl[test]

ridge.mod <- glmnet (x[train, ], yltrain], alpha = 0, lambda =
grid,

thresh = le-12)

plot (ridge.mod)

MpoaHann3nposaTb pesynbtaT

3.
set.seed (my.seed)
cv.out <- cv.glmnet (x[train, ], yltrain], alpha = 0)

plot (cv.out)

MpoaHanusnposaTtb pe3yabTaT

4.
set.seed (my.seed)
cv.out <- cv.glmnet (x[train, ], yltrain], alpha = 1)

plot (cv.out)

MpoaHanuM3nposaTb pesynbTaT

5.
set.seed (2) a

pcr.fit <- pcr(Salary ~ ., data = Hitters, scale = T, validation
= 'CV")

summary (pcr.fit)

MpoaHanuM3nposaTb pesynbTaT

6.



set.seed (my.seed)

pcr.fit <- pcr(Salary ~ ., data = Hitters, subset = train, scale
validation = 'CV'")
validationplot (pcr.fit, val.type = 'MSEP')

MpoaHannM3npoBaTb pesynbTaT

7.
set.seed (my.seed)

pls.fit <- plsr(Salary ~ ., data = Hitters, subset = train,
scale = T,

validation = 'CV'")

summary (pls.fit)

MpoaHannM3nposaTb pesynbraT

MHauBuayanbHble 3aaaHua K pasaeny 3.

1.
my.seed <- 12345
train.percent <- 0.85

fileURL <- 'https://sites.google.com/a/kiber-guu.ru/msep/mag-
econ/salary data.csv?attredirects=0&d=1"

wages.ru <- read.csv(fileURL, row.names = 1, sep = ';', as.is =
T)

wages.ruSmale <- as.factor (wages.ruSmale)
wages.ruSeduc <- as.factor (wages.ruSeduc)

wages.rus$forlang <- as.factor (wages.ru$Sforlang)

MpoaHanuM3nposaTb pesynbtaT

2.
my.seed <- 12345
n <- 100
train.percent <- 0.85
set.seed (my.seed)
x1 <= rnorm (20, 3.7, n = n)
set.seed (my.seed + 1)

x2 <- rnorm (50, 3.3, n = n)



rules <- function (xl, x2) {

ifelse((xl > 20 & x2 < 50) | (x1 < 18 & x2 > 52),

MpoaHanu3nposaTb pesynbTaT

3.

set.seed (my.seed)

inTrain <- sample (seq along(x1l), train.percent*n

xl.train <- x1[inTrain]
x2.train <- x2[1inTrain]
xl.test <- x1[-inTrain]
x2.test <- x2[-inTrain]
y.train <- rules(xl.train, x2.train)

y.test <- rules(xl.test, x2.test)

)

df.train.1l <- data.frame(xl = xl.train, x2 = x2.train,

df.test.l <- data.frame(x1l = xl.test, x2 = x2.test)

MpoaHanusnpoeaTtb pesyabtat

4.

<- 100 # HabJIIeHM BCEeI'o

train.percent <- 0.85 # gmoss obyuawmmer BEIOOPKMU

set.seed (my.seed)

class.0 <- mvrnorm (45, mu = c(23, 49),

Sigma = matrix(c(3.5"2, O,

byrow
set.seed (my.seed + 1)
class.l <- mvrnorm (55, mu = c(15, 51),
Sigma = matrix(c (2”2,
byrow
x1l <- c(class.O[, 1], class.1[, 11)

x2 <- c(class.O[, 2], class.l[, 21)

T))

0, O,
T))

1,

y = y.train)

0, 3.472),

2.5%2),

y <- c(rep (0, nrow(class.0)), rep(l, nrow(class.1l)))

MpoaHanusnposaTtb pesyabTaT

5.
set.seed (my.seed)

X <- matrix(rnorm(20*2), ncol = 2)

2,y

0)

2,

2,y

2,



plot(x, pch = 19, col = (3 - vy))

MpoaHannM3npoBaTb pesynbTaT

6.
Xtest <- matrix (rnorm(20*2), ncol = 2)

ytest <- sample(c(-1,1), 20, rep = TRUE)

xtest[ytest == 1, ] <- xtest[ytest == 1, ] + 1

testdat <- data.frame(x = xtest, y = as.factor (ytest))
ypred <- predict (bestmod, testdat)
table (predict = ypred, truth = testdat$y)

MpoaHanu3nposaTb pesynbraT

7.
set.seed (my.seed)
X <- matrix (rnorm(200*2), ncol = 2)
x[1:100, ] <- x[1:100, ] + 2
x[101:150, ] <- x[101:150, ] - 2
y <- c(rep(l, 150), rep(2, 50))
dat <- data.frame(x = x, y = as.factor (y))

plot(x, col = vy, pch = 19)

MpoaHannM3nposaTb pesynbtaT

MHausugyanbHble 3aaaHua K pasaeny 4.

1.
from nltk.corpus import gutenberg

from nltk import FreqDist
def Ling_01():

print(gutenberg.fileids())

def Ling_02():
fd = FregDist()
for word in gutenberg.words('austen-persuasion.txt'):

fd.inc(word)



print(fd.N())
print(fd.B())
MpoaHanM3npoBaTb pesynbrat

2.
from nltk.corpus import gutenberg

from nltk import FreqDist
def Ling_01():

print(gutenberg.fileids())

def Ling_02():
fd = FregDist()
for word in gutenberg.words('austen-persuasion.txt'):
fd[word]+=1
print(fd.N())
print(fd.B())
MpoaHanusnposaTtb pesyabTaT

3.
from nltk.book import *

def Sample_01():
print(textl)
print(text2)

print(text3)

def Sample_02():
C1 = textl.concordance('monstrous')
C2 = text3.concordance('God')
print(C1)
print(C2)
MpoaHann3npoBaTb pesynbTaT

4,
from nltk.book import *



def Sample_02():

print('For monstrous')

textl.concordance('monstrous')

print('For great')

text2.concordance('great’)

print('For God')

text3.concordance('God')
MpoaHanusnpoBsaTtb pe3ynbraT

5.
from nltk.book import *

def Sample_03():
textl.similar('monstrous')
text2.similar('little')
text3.similar('God')
MpoaHanusnposaTtb pe3ynbTaT

6.
from nltk.book import *

def Sample_04():
textl.common_contexts(['monstrous’, 'very'])
text2.common_contexts(['little', 'great'])
text3.common_contexts(['God', 'devil'])
MpoaHanusnposaTtb pe3yabTaT

7.
import nltk

def corp_01():
ff = nltk.corpus.gutenberg.fileids()
print(ff)
def corp_02():
emma = nltk.corpus.gutenberg.words('austen-emma.txt')
Il =len(emma)

print(qq)



MpoaHanusnposaTb pe3ynbTaT
[Ipunoxenue 2. OieHOYHBIE CPEJCTBA JIsI POBECHUS IPOMEXKYTOUHON aTTECTAIUH.

ITporepsiemast komrereHIHAIIK-6: CrtocoOHOCTh K hopManu3aiiy u alrOpuTMUA3AIUN
MOCTaBJICHHBIX 33724, K HAIMCAHUIO MPOTPAMMHOI0 KOJ[a C UCIIOJIb30BAHUEM SI3bIKOB
MIPOrPaMMHUPOBAHUS, OTIPEACIICHUS M MAHUITYJIMPOBAHMSI TAHHBIMUA U 0(DOPMIICHUIO
MPOrPaMMHOTO KOJIa B COOTBETCTBUH YCTAHOBICHHBIMU TPEOOBAHUSMU

I1K-6.1. OnieHrBaeT KaueCcTBO MaTEMaTUYECKOW MOCIN ITPH (hOpMaTU3aAIUHU 33]1a91
peIMETHOM 00JIacTH.

3amanus:

1. KonndecTBo 3asgBOK Ha IMPpEAOCTaBJIICHUEC YCIIYT COTOBOM CBSI3U B Ol'IpCI[CJ'ICHHLIﬁ MOMCHT
BPCMCHU ABJIACTCA CHy‘I&ﬁHOﬁ BEJIMYMHOM. YKaKUTE 3aKOH pacnpeaciicHust, KOTOpoMy JaHHasA
cnyqaﬁHaﬂ BEJIMYMHA MOAYNHSACTCA:

a) HOpMaJIbHBIN 3aKOH paclpeleIeHus;

0) 3akoH pacnpenenenus Ilyaccona;

B) 3aKOH pacnpeneneHus bepuymnu.
2. [Ipennpusitie BblTycKaeT pacacOBaHHOE B MMAUKH CIMBOYHOE Macio. HomuHanpHas macca
HeTTO (Macca ToBapa 0e3 ymakoBkH) nmayku — 180 rpamMmMoB. B ycioBusix peaabHOTO
IIPOM3BO/JICTBA peabHasi Macca BCEria OTINYAETCs OT HOMUHAJIBHOM. DTO OTKJIOHEHUE SIBIISETCS
CIIy4allHOM BEIMYMHON. Y KAKUTE 3aKOH PACIPEICIICHNS, KOTOPOMY JaHHAas ClydanHas
BCIIMYMHA MTOAUYNHSICTCA .

a) HOpMaJIbHBIN 3aKOH pacipeieeHus;

0) 3akoH pacnpenenenus [lyaccona;

B) 3aKOH pacripenenenus bepuymmu.
3. TpancnopTHOE MpeAnpHUATHE KYITHUIO MOIUHAKOBBIX aBToMOOmIeH. OHM OyayT €3UTh IO
OJIHUM U TeM ke JloporaMm. Boauts ux OynyT BOJUTENN OIMHAKOBOM KBATH(PUKAIIUH.
BeposTHOCTH TOTO, UTO B T€UEHHE MEPBOTO Io/ia HKCILTyaTaI[uH JII00OMY U3 ATHX aBTOMOOMIIEH
notpedyeTcsl rapaHTUIHBIN peMOHT, paBHa P. KonmndyecTBo aBTOMOOMIIEH, 17151 KOTOPBIX
NMOTpeOOBaJICS TAPAHTUWHBINA PEMOHT SBJISIETCS CIIy9aifHOW BEIMYMHOMN. YKaXUTE 3aKOH
pacnpeneneHus, KOTOpoMy JIaHHask CydailHas BEJIUYMHA MO JUYMHSAETCS:

a) HOpMaJIbHBIN 3aKOH pacTpeieTICHuUs;
0) 3akoH pacnpenenenus [lyaccona;
B) 3aKOH pacrtipeneienus bepuyim.
[1K-6.2. OniernBaeT KauecTBO pa3paboTaHHBIX AITOPUTMOB IS MOCIIEAYIOMIETO KOJTUPOBAHUS.

Samanus:

1. HeoOxoauMo 10 BBIOOPKE OIIEHUTh MAaTEMaTHUECKOEe OKUTAHUE TeHEPATbHONH COBOKYITHOCTH.
YKa)KI/ITe, KaKas OLICHKAa MaTEMAaTUYCCKOI'O OKUIAaHUS ABJISICTCS YCTOﬁqHBOﬁ K BI)I6pOC3M
(pobacTHOI OIEHKOM):

a) cpenHee apuPpMEeTHUIECKOE;
0) MenuaHa;
B) MOJyCyMMa MHHHMAJIbHOTO M MaKCHMAJIbHOTO 3HAYCHUH.



2. Heo6xomuMo 1o BIOOPKE OLIEHUTH BapraOeTbHOCTh TeHEPATbHON COBOKYITHOCTH. Y KaKUTE,
Kakas OlleHKa BapuabeIbHOCTH ABISETCA YCTOMYMBON K BRIOpocaM (poOacTHOM OIeHKOM):

a) cpeaHee abCOMOTHOE OTKIIOHEHHE;

0) MearanHOE a0COIFOTHOE OTKIIOHCHHUE OT METUAHBI;

B) CTaHJApPTHOE OTKJIOHEHHUE.
3. Kakoe rpaduueckoe mpeacTaBIeHHe JAHHBIX 1ACT BO3MOKHOCTh OLEHUTh MEKKBAPTHIIbHBIN
pasmax BBIOOPKH:

a) TUCTOIpPaMMa;

0) rpadMK MIOTHOCTH;

B) KopoOuaTasi AuarpaMmma.
[TK-6.3. OuenuBaet BEIOOP MPOrPaMMHBIX CPEJICTB JJIs IPOrPaMMHUPOBAHUS U
MaHUNYJIUPOBAHUS JAHHBIMU B COOTBETCTBHH YCTAHOBJICHHBIMU TPEOOBAHUSIMU

3anaHus:
1. YkaxxuTe, B 4eM COCTOUT METOJIOJIOTHS IIOBTOPHOTO O0TOOpa (PECeMIUINHTA):

a) OJJHOBPEMEHHO UCTIOIB3YIOTCSI HECKOJILKO HECBS3aHHBIX BEIOOPOK;
0) MHOTOKpaTHO OepyTCcs BRIOOPKHU C BO3BPATOM M3 HAOIIOJaEMBIX JIAHHBIX;
B) JIONIOJTHUTEIIEHO TCHEPUPYIOTCS JTaHHBIC, TI0JOOHBIC HMEFOIIIUMCH.

2. YkaxuTe, Kakoi u3 Kod(h(PUIIMEHTOB KOPPEIISAIIUN HE SIBJISICTCS PAHTOBBIM

a) ko pumment koppensimun Kennamia;

0) koapdunment koppensiunu CriupmeHa;

B) K03 puimeHT koppemnsanuu [lupcona.
3. Ilpu npoBepke CTaTUCTUYECKON THIOTE3bl MOXKET OBITh JOMYIIEHA OIMOKa NEPBOTO poja.
VYkaxure, B 4eM OHa COCTOMT:

a) HyJIEBYIO THIIOTE3Y HE OTBEPraroT, KOI/la OHA JIOKHA;
0) oTBepraro aJbTepHATUBHYIO TMIIOTE3Y, KOTJ]a OHA UCTHHHA;
B) HYJIEBYIO TUIIOTE3y OTBEPraroT, KOT/1a OHA UCTUHHA.



