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PED®EPAT
[TosicHroBasibHA 3amucKa: 75 c., 28 puc., 6 Tadm., 3 gomarka, 12 mxepen.

[IpoGnema micHMX TmTOXKEeX HAOyBae BEIMKHAX MACIITa0iB BHACIIIOK

3MIHEHHS KJIIIMaTUYHUX YMOB.

[IpoGiema 37M0YMHHOCTI y MicTax HaOyBae Bce OLIBIIMX MaciiTaliB 3a
paxyHOK TIIepeHaceJIeHHs, Ta HEPIBHOMIPHOTO po3moaiay HaceneHHs. CydacHi
METOM OOpOOKM Ta aHamily JaHWX, a TaKoX MOJENi MAIIMHHOTO HaBYaHHS

3aKJIMKaH1 BUPIIIUTHU TTOCTABJICHI MPOOIIEMHU.

O0’ekTOM JOCHIDKEHHS € TmpoOjieMa JICHUX TMOXKeX, Ta Mnpodiiema

M1JIBUIIICHHS 3JIOYMHHOCTI Y MICTax.

Hpe,Z[MCTOM ,ZIOCJIiII)KGHHSI € aJIrOpuT™MH Ta MCTOAH, IO 3aCTOCOBYIOTLCA

JUISL TIATOTOBKU Ta 0OPOOKH JaHUX, MOJIEI1 MAIIMHHOTO HABYaHHSI.

Mertoto kBamidikaiiHoi poOOTH € pO3B'sI3aHHS MPOOIEMH JIICHUX MOXKEX
Ta 3JI0YMHHOCTI y MICTaxX 3a JOMOMOTOI0 Cy4YaCHUX METOJIB MONEePeIHhOI 00OPOOKH

TaHUX.

Meroau AOCTIIKEHHS: perpeciiHui aHaii3, AepeBO PillleHb, BUITAIKOBHIMA

JIiC, JIOTICTUYHA PErpecis.

VY indopmarliiiiHo- aHaJITUYHOMY pO3JUII HABEAEHO BIJIOMOCTI MpO
npeaMeT JOCHTIKeHHS, MOCTaBJICH] 3ajayl JOCHIIHKEHHS Ta oO0paHi MeToau ix

pPO3B’sI3aHHS.

VY cnemianbHOMY pO31iJi BUKOHAHO pPO3B'SI3aHHA 3aJlad KOHTPOJIIO 3a

JICHUMHU MacHUBaMH, KOHTPOJIIO 32 PIBHEM 3JIOYMHHOCTI.

[IpakTyHa WIHHICTH OTPUMAHUX pE3YyJbTATIB — 1€ B MEpUly 4Yepry
MO>KJIUBICTh MAacIITa0yBaTH Ta TMOIIUPUTH OTPUMAaH1 aJITOPUTMU MOMEPETHBOT

00pOOKHM JJaHUX Ta MOJEIII MAaIlTMHHOTO HABYaHHS.



Kirouosi cnoa: PEI'PECIS, KITACTEPIZALSA, CTPATUDIKALIA,
BUIIAIKOBUI JIIC, KPUTEPIT 3YTIMHKY, ®AKTOPHUI AHAJII3.



ABSTRACT
Explanatory note: 75 p., 28 pictures, 6 tables, 3 annexs, 12 sources.

The problem of forest fires is becoming larger due to changes in climate
conditions. Modern methods of data collection using various sensors allow solving

this problem by means of data analysis and machine learning.

The problem of crime in cities is becoming increasingly large due to
overpopulation and uneven distribution of the population. Machine learning
models are designed to solve this problem. Modern methods of data processing and
analysis are the tools that will allow you to prepare data for machine learning

models.

The object of the study is the problem of forest fires and the problem of

increasing crime in cities.

The subject of research are algorithms and methods used for data

preparation and processing, machine learning models.

The goal of the qualification work is to solve the problem of forest fires

and crime in cities using modern data preprocessing methods.

Research methods: regression analysis, decision tree, random forest,

logistic regression.

The informational and analytical section provides information on the

subject of the study, set research tasks and selected methods of solving them.

In a special section, the tasks of controlling forest areas and controlling the

level of crime have been solved.

The practical value of the obtained results is, first of all, the possibility to

scale and spread the obtained data preprocessing algorithms and models.

Key words: REGRESSION, CLUSTERIZATION, STRATIFICATION,
RANDOM FOREST, STOPPING CRITERIA, FACTOR ANALYSIS.
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BCTYII

VY CBIiTI BelMKa KUIBKICTh JaHUX 30€pIra€ThCsi y CUPOMY BUTIIAIL, TOOTO
BUTJISIAL, Y IKOMY 1X HE MOXHA TIepe/laBaTh B MOJIEIb HAaBYaHHS.

Taki gaHi OTPUMYIOTh 3 PI3HUX JDKEpEJ, HAPUKIIA, TATYNKHA Ha TOJX,
JIaHl pI3HUX THTEPHET-0NEPaATOPIB, JaH1 BETUKUX MPOTYKTOBUX MEPEK.

Tax camo cmig 3ragaTu mpo Te, IO OUIBINICTh JAHUX TPHUAATHA TS
JOCIIJIKEHHS TUIbKKA B KOHTEKCTI MIAXOIAIIUX Ul [IMX JaHUX 3aBJaHb, TOMY Tak
3BaHa "QiabTpaiis" JaHUX, a TakoX BUOIp (iHATBPHUX Ta MPOMDKHUX OIIIHOK
PSMO 3JICKUTH BiJl CTPYKTYPH Ta TUIy JaHUX, IO OTPUMYIOTBCS 3 JDKEPEII,
BUOIP SKUX, Y CBOIO YEPTy 3aJICKUTh BiJ IOCTABJICHUX 3aB/IaHb.

['oloBHOIO  METOIO  JITaHOi  JOCIHIJHMUIIBKOI  POOOTH €  BHUBYCHHS
ONTUMAJbHUX, 3 TOYKH 30py MATEMATUYHOTO OOTPYHTYBaHHS, MIiAXOJIB JIs
MIJTOTOBKHM JaHUX J0 3aBJIaHb HABUAHHA 3 yuuTeJieM (HaBYAHHS Ha PO3MIYEHHX
JlaHUX) Ta HaB4YaHHS Oe3 BumTenss. OCHOBHY yBary B poOoOTH Oyjae OpHUAIICHO
PO3BIlyBaJIbHOMY aHaTI3y JaHuX. byae oOroBOpeHO HHM3KY MiIXOIIB O BHOODPY
MOJIeNiel, a TaKOX IOPIBHSHHS OIIIHIOBAHHS Ta MOJEJei, HABYCHHX pEealbHUX

JTAHUX, HABEJIEHUX y pOoOOTI.



1 ITHOOPMAIIMHO-AHAJIITUYHWUHI PO3LI

1.1 TlepenoOpobka maHux

1.1.1 Po3miTKa Ta OYHIIEHHS JAaHUX

Mopeni HaBuaHHS HE MOXYTh MpAIlOBaTH 13 cUpUMH AaHumMu. llicns
dbopmyBaHHs BUOIpKM, Hampukiaa, 300py AaHux y ¢ain ¢opmary csv i
NEPETBOPEHHA IIMX JaHuX Yy CcTpykTypy DataSet B Python 3a mgomomororo
010mioTexu Pandas gani HeoOX1AHO OUUCTUTH (TEPETBOPUTH).

OuuieHHs JaHUX — L€ NPOLEC BUSABICHHS HEY3rOJKEHUX JlaHUX,
HETUIIOBUX JIaHUX (BUKHUIIB), MPOMYIICHUX JAaHUX ab0 3aliBUX JaHUX y BUOIPII 3
NOJIajbIIUM MEPETBOPEHHSAM a00 BUIAJICHHSIM LUX JaHUX 3aJI€KHO BIJl TOTO, K
BOHM BIUIMBAIOTh HA KIHLIEBY MOJIENb.

BianoBigHo, aHamITUKOM Mae OyTU MPOBEIEHA poOOTa Yy 3B'A3KY 3 SIKOIO
Oyne NpuUWHATO pilIeHHS BUAANATA a00 TMepeTBOproBaTH naHi. [IpupogHumu
TOYKaMH, Ha sIKI Mae OyTH 3BEpHEHA yBara € Taki: po3Mip JaHMX, SIKI TIOBEAEThCS
npuOparty, BIUIMB IMX JAaHUX HA OIIHKH, HANPHUKJIAJA, BUKUAM BIUIMBAIOTH Ha
poOacTHI OIIIHKK, TaK CaMmoO CIiJ 3rajaTv, 10 JaHl 3aBXAU HECyThb y co0i1
1H(opMallito, 3BUYaiiHO, 1HOII LSl 1H(GOpMAaIllisl HEe MPUHECEe KOPUCTI KOHKPETHIN
moneni. Hanpuknaa, B 1aHuUX 0 3aBlaHb 3 MONIYKY CHAJaxiB Ha MOJISAX 4YacTo
icHye 1H(opmalliss mpo opeHaaps 3eMii, fKa, NPUPOJAHO HISK HE BIUIMBAE Ha
pe3ynbTarT, 1O IKaBUTh aHaIITUKA (Oy/e MmoXxexka 4 Hi).

OxkpeMor0 TEMOIO MOXHA Ha3BaTH MPOMYIIEHI JaHi, po0oTa 3 SIKUMH Mae

0e3J11Y MIIXO0/1B.
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1.1.2 3aranpHuil OIS JaHUX

Ornsg ganux BinOyBaeThbes y Kulbka eTamiB. IlepmmM 3 SKMX MOXKHa
BUJUINTA BU3HAYCHHS KOPEKTHOTO BHAY CTPYKTYpPH [aHUX, y SKOMY iX
IMIIOPTYBAJH.

SKI1110 BOHHM IMIIOPTOBaHI KOPEKTHO, MOXKHA MEPEUTH 10 OLIBII JIETAIBHOTO
OTJISINTY.

SIki 03HaKM € y Haomy Habopi naHux?

O3Haku MOXYTh OyTH PEYOBHUMH, KATETOpiaJIbHUMH, OIHAPHUMH,
HOMIHAJIBPHUMH, TOPSIKOBUMHU, TaKOXX B CKJIaJl HECTPYKTYpOBAaHHUX Ta MeTa-
TaHuX. 3 yciMa THUIIAMH O3HAK TPH HAJIEKHOMY TEPETBOPEHHI MH MOYKEMO
MPAaIlOBATH AK 3 PEYOBUMH.

Sk mpukIaa moaaro OTJIsAl JaHUX 3 MPOKATy MOTOITUKIIIB.

O3Haku, MoJ1aHl y TaHHX:

* season: 1 — BecHa, 2 — 11T0, 3 — OCIHB, 4 — 3UMa

eyr: 0-2011, 1 - 2012

» mnth: Big 1 g0 12

* holiday: 0 — Hemae cBaTa, 1 — € CBATO

» weekday: Big 0 10 6

» workingday: O - Hepobouuii nenpb, 1 - pobouHii 1eHb

* weathersit: oIiHKa CIIPUATIUBOCTI OTOU BiA 1 (YMCTUA, SICHUN IEHB) 110
4 (3nuBa, TyMaH)

* temp: Temneparypa B Llenbcisx

* atemp: Temrepatypa BiguyTTs B Llenbcisx

* hum: BoJsoTiCTH

 windspeed(mph): WBUAKICTH BITPY B MWJISIX HA TOAUHY

* windspeed(ms): MBUIKICTh BITPY B METPax 3a CEKYHIY

* cnt: KUIBKICTh OPEHJOBAHMX BEJIOCHIIEAIB UM MOTOIMKIIB (II¢ IiJIhOBa

O3HaKa, IKy MU nepe10adyaTiMeMo)
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1.1.3 BizyanbHUl OTJISA TAHUX

VY nHamomy HaOopi MaHWX MpEJCTaBICHA IUJIbOBA O3HAKA, a 3HAYUTH IIC
3aBJaHHS HaBuYaHHsA 3 yuuTelneM. LliTboBa oO3HaKa JEMOHCTPYE KUIBKICTh
OpEHJ0BaHUX MOTOLMKIIB. BizyanbHuii orjisig naHuX Moke OyTH MpeacTaBlICHUI
y pI3HMX BUJax Ha puc. 1.1 BiH mpeacTaBieHU K TOYKOBUN Tpadik BIAHOIIECHHS
IJIbOBOT O3HAKH Ta BCiX iHIHMX [8].

Skuif BACHOBOK MU MOKE€MO 3pooutn?

Harnpukiaz, BUCHOBOK PO HASIBHICTH JIIHIMHOT 3aJIEKHOCTI M1 O3HAKaMH.

Od4eBUHO, IO 3JICKHICTH JIHIMHA y TAaKWX O3HAK SK TEMIEparypa,
TEeMITepaTypa 3a BiIUyTTSIMH, IIBUIKICTh BITPY B MIUIIX HA TOAWHY Ta 32 METPH 3a
cekyHay puc. 1.1.

Takox y Orsial TaHWX HAa HASBHICTH JIHIMHUX 3aJIEKHOCTEH OYEBHIHOIO
Oyne moOyoBa KOPENSIIHHOT MaTPHIll, BOHA SBHO BKa)K€ Ha CHJIbHI 3aJIC)KHOCTI
MDK oO3Hakamu puc. 1.2, a HasIBHICTh

TaKOXK  MOIXKC CBiI[‘-II/ITI/I IIpo

MYJIBTUKOTIHEAPHOCTI.
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Puc. 1.1 — rpadiku 3amexHOCTI GaKTOPiB BITHOCHO IIJTOBOTO 3HAYCHHS
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Puc.1.2 — kopensiiina MaTpuIs

Jlyist HaBYaHHST O€3 BUMTENS ICHYIOTh CBOI METOJM Bi3yaslizallii K KOMXHOI
KOHKPETHO1 3ajadi, Tak 1 3arajgbHi METOAM, IO MiAXOAATH 1 JUIsl HAaBYAHHS 3
BUUTEJIEM, HAMpPUKIAJd, SACpHA OIHKA IIIJILHOCTI YU MOOYJOBU TICTOTpaM,

JIOTIOMArarTh 3pO3yMITH XapakTep po3noairy gakropa (o3Haku) puc. 1.3.
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Puc. 1.3 — SinepHa omiHKa MITFHOCTI Ta TicTorpama

1.1.4 BusaBieHHSI HETUIIOBUX JAHUX

Bukuau - wacra mpobiiema s poOACTHUX OLIHOK, BUKHUIU TIOTAHO
BIUIMBAIOTh Ha TOYHICTh MOJICJICH, a caMe Ha (PYHKIIIOHAJ, SIKUI MU MIHIMI3Y€EMO,
HaANpUKIaJ, y 3agadi perpecii. Herunosi nani OyqyTh KaMEHEM CHOTUKAaHHS AJIS

TaKuX OIIIHOK SIK CepeIHhOKBAJApAaTHUYHA MOMUIIKA a00 aOCOJIIOTHA MOMUIIKA, TOMY
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[0 Hallla MOJENh Oy/le Ha HUX MPAIIOBATH HEKOPEKTHO, a 3HAYUTh MU BHOCHUMO
€JIEMEHT HETOYHOCTI /IO CaMOi MOJIEII.

Y 1poMy BHUNAAKy € KUIbKA MOXOIB, SIKI 3aCTOCOBYIOTH JJI TOTO, 1100
BUSIBUTU BUKUJM Ha paHHIX eTamax, eramax OrJsAy Ta MiJATOTOBKU JIaHHUX,
HaIpUKIaa, HAUMPUBIIBHIIIUM X04a 1 HETOUHUM Oyjle BUKOPUCTAHHS TiCTOTpaM
BU3HAYCHHS BUKHIIB (HETOYHUM 3 TOYKH 30PY Bi3yaJIbHOTO OTJISTY ).

HalinonynspHimmM ke HA0YHUM 3 TOYKH 30py CTaTUCTUYHUX OLIIHOK OyJe
BUKOPUCTAHHS KopoOuacTux miarpam [3].

Kopo6uacTi giarpamu BKa3yrTh Ha MaKCUMaJlbHE Ta MiHIMaJIbHE 3HAYCHHS
y BHOIpIIl I10JI0 MEJ1aJIbHOI OLIIHKH, PO3UISIOYN 00J1aCTh KOPOOKH 100 MEIAiaHu
Ha BEPXHIN Ta HIXKHIN KBAPTUIIh, BIJIIOBIIHO.

VY pasi BUKOpUCTaHHS MOAIOHUX JiarpaM MOXKHa SBHO ITOOQYUTH HETHUIIOBI

TOYKHU puc. 1.4.

Interquartile Range

(IQR)
Outliers } { Outliers
"Minimum" "Maximum"
(Q1 - 1.5%IQR) Q1 Median Q3 (Q3 + 1.5*%IQR)

(25th Percentile) (75th Percentile)

-4 <3 =3 -1 0 1 2 3 4

Puc. 1.4 — KopoOuacra niarpama

1.1.5 IlponyuieHi gaHi

[IpomymieHi naHi - 1e AaHl BIICYTHI B HAIIOMy Ha0oOpi 3 pi3HUX MPUYUH,

HAIMPUKJIAJ], 1€ MOXEe OyTH HEKOpeKTHa poOoTa JaT4MKiB ab0 CUCTEMHU 300py
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JaHUX, TOIIKO/KEHHS JaHuX, 3001 uepe3 pi3HI KoayBaHHS ab0 MEPBHHHOI
00poOKHM JJaHUX Ha PiBHI 3ajli3a «PHUC. D».

IcHye YoTHpU criocobu MOsSBY MPOMYIIEHUX 3HaYEHb HA0O0PY JTaHUX.

* CTpYKTYpHO BIACYTHI JiaHi,

* MCAR (BiacyTHs 30BCIM BUIIQJIKOBO),

* MAR (BiacyTHS BUTIAJIKOBO),

* NMAR (He BUITaaKOBO).

HacnpaBni  TparuisieTscsi, 10 JaHi 3aHAaATO BHUCOKOTO  TOPSAKY
3aMIHIOIOTBCS. HE3HAYHOI BEIMYMHOIO, 1€ BiJAOYBa€eTbCAd 4Yepe3 CHUCTEMHI
HaJaITyBaHHs po00Ta, 110 BUpoOIIsie opMyBaHHS HAOOPY.

VY pe3yapTaTi MM OTPUMYEMO [aHI BXE 3 MPOMyCKaMu 1 3MYyLIEHI
BUPIIITYBATH MOCTABIICHE 3aBJAaHHS OJIHUM 13 METO/IIB 3aIIOBHEHHSI ITPOITYCKIB.

VY nopanpmux posauviax Oyae pPO3TISHYTO JedKl MOMYyJISpHI METOAU

3aIIOBHEHHS POITYCKIB.

0 Douglas Male  97308.0 6.945 True Marlketing
1 Thomas Male  61933.0 NaM True NaN
2 Jerry Mala NaN 9.340 True Finance
3 Dennis na. 115163.0 10.125 False Legal
4 MNaN Female 0.0 11.598 NalN Finance
5 Angela Nal Nahl 18.523 True Engineering
6 Shawn Male 111737.0 6.414 False na
7 Rachel Female 142032.0 12.599 False Business Development
8 Linda Female 57427.0 9557 True Client Services
9 Stephanie  Female 368440 5574 True Business Development
10 NaN NaMN NaN NaN NaN NaN

Puc. 1.5 — BincytHi gani
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1.1.4.1 3amoBHEHHS TaHUX AJI1 YACOBUX PSAIB HACTYITHUMHU a00

HOHCpCIIHiMH 3HAa4YCHHAMMU

OnuH 13 HaAWYacTIIUX CIOCOOIB 3allOBHEHHS MPOMYIIEHUX JIaHUX Y
KOHTEKCTI YacOBUX PSAOIB — II€¢ 3alOBHEHHS TIOMEPEIHIM YH HACTYITHUM
3HAYEHHSIM.

Ha rpadiky, HaBeneHOMy HIKYe «puc O» TpeACTaBICHHM Tpadik 3ajeKHOCTI

MaKCUMaJIbHOT IITBUIKOCTI (MaxSpeed) BiJl qacy.

pcapend

\ »/L/ ‘\/\,v y ﬂ | \\ 2 )ﬂf—w/ [ /\ I | UJ/ !,V 7

e

Puc. 1.6 — rpadik 3a1eHOCTI MaKCUMaJIbHOI IIBUAKOCTI BiJl 4acy 3 BiICYTHIMH TaHUMHU

JlaH1 3aTTOBHEH1 HACTYITHUM 3HAYCHHSM «PHUC 7».

Waasjunsd

143 watiore

Puc. 1.7 — I'padik 3aneXHOCTI MAaKCUMAIBHOI IIBUAKOCTI BiJl 4acy 3 3alIOBHEHUMH 32

HAaCTYITHUM 3HAYCHHIM.

JlaHi 3amIOBHEHI MTOTIEpEAHIM 3HaUeHHsM puc. 1.8
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Puc. 1.8 — I'padix 3a51e:KHOCTI MaKCUMaJIbHOT IIBUJIKOCTI BiJl 4acy 3 3alIOBHEHUMH 3a

nonepeleiM 3HAYCHHIM.

Takox MOXXHa 3allOBHIOBATH JIaH1 JIIHIMHO, MOJIHOMIAIbHO, KBaJAPATUUHO,

ITHOPYIOYH 1HJ/ICKC.

1.1.4.2 3anoBHEHHS JaHUX 3 JJOTIOMOTOIO0 CEPEIHHOT0, MOJIO0, Me/TiaHa.

HalinonynapHimuMuy 1 TUMH, 1[0 HaltyacTiie oOUparoThCs JOCIITHUKOM €
METO/IM 3aITOBHEHHS MPOIMYIICHUX JaHUX MOJIOI0, MEIiaHOk0, cepeHiM [7].

3anoBHEHHS KOHCTAHTHUMHU 3HAYCHHSIMH UM TO MOJIa, UM Me/iaHa pOOHTH
JlaHl MPUJIATHUMHU IS TIOJIANIBIINAX JOCIIIIKEHb.

OpHak, 3aOBHEHHSI MOJIOI0 XOpOILIi, SKIIO HE TakK 0arato MpOMyCKIB y
TAHUX.

VsBIMO, IO JaHWX BIJICYTHI OUIbIIE COpPOKa M'STH BIJICOTKIB JaHUX,
3alI0BHEHHSI MOJIOIO0 y pa3l MOXKE€ MPU3BECTH 10 3HAYHOTO 3MIIIECHHS PO3MOALTY
O3HAKH.

Meniana ta cepenHs mo30aBieH1 TaKOTO HEIOJIKY, a BHOIp MK METOTaMH

3aMlOBHEHHSI MPOBOJIUTHCS HA OCHOBI MOJAIBIINX OLIHOK Y TOCIIKEHHI.
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1.1.4.3 3anoBHEHHSI METOAAMH MPOTHO3YBAHHS

Meton k-Haitbnmuk4nx CyciAiB — 4yJJOBHI METO/1 3aIIOBHEHHS 3HAYCHb.

Merton k-HalOmmk4ux CycCiJliB BUKOPUCTOBYETBCS TaM, J€ IPOMYIIEHI
3HAYEHHSI CTABJISITHCS 3allOBHIOIOTHCS 32 JIOMIOMOTOIO0 cepeAHboro 3HadeHHs 3 K
HaHOMIKYUX CYCIJIiB, 3HAMICHUX Yy HaBUYAJILHOMY Ha0O0DI.

Meron Mae KijbKa mepeBar, TakuX SIK MPOCTOTa peajizallii Ta MOKIUBICTb
MpaIffoBaTH SK 3 YHCIOBUMH, TaK 1 3 KAaTerOpiaJIbHUMH TUIIaMu JaHuX. [Ipote
BU3HAYUTH KUIBKICTh CyCiliB — K MoOke OyTH HEmpOCTO, OCKIIBKH 1€ TPU3BOJUTH
JI0 KOMIIPOMICY MK HaAIHMHICTIO Ta IMIBUIKICTIO. SIKIII0 MU BUOEpeMO MaJieHbKe Kk,
TO MU MaTUMEMO IBHJKI OOYMCIEHHs, ajle MEHII HaAliiHl pe3yiabratu. HaBmakwy,
SKIIIO MU BUOEpPEMO BeJIMKe 3Ha4YeHHs k, oTprMaeMo O1IbIN HaJIHHE, ajie TTOBUIbHE
O0YHCIICHHS.

Mu MOXKeMO BHKOPHCTOBYBAaTH MeTONl Kk-HalOmmxuux cCyciaiB, e
MPOIYIICH] 3HAYEHHS CTaBJSITHCS 3a JIOMOMOTOI cepeAHboro 3HaueHHs 3 K
HaWOMMKYMX CYCi/IB, 3HANICHUX Y HABUYAJIbLHOMY Ha0OoPi.

Hwxye HaBeneno rpadik Bizyamizaiii poOOTH METOMY, 3€JICHUM KOJIHOPOM

[MOKa3aHO BIJHOBJICHI JaHI.

KNN Imputation
140

135 > %4 .4" ‘
° . . $ e $

g ek
@ 130 et At t, R
@ e a}.“o' ‘. Ll
% . - o . : - '*o ] e
i} = - "‘ -
2 LI . °

120 "

115

4 S0 60 70 80 9% 100 110
AvgSpeed

Puc. 1.9 - Meton k-HaitOmmkaux cycimiB
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1.1.4.4 baraToBuMipHe 3alIOBHEHHS 3a JIOMIOMOT'OI0 JIAHIFOTOBOT'O PIBHSIHHS

IaTepmonsris 3a momomororo manmioropux piBHsIHE (MICE) no3Bomse
nepeadayaTd 3HAYEHHS JJIA TPOMYIICHUX JIaHUX 3a MOB'A3aHUMHU PIBHSIHHSIMU
perpecii, siki ToOy/10BaH1 Ha O3HAKaX 13 3alIOBHEHUMH JTAaHUMHU.

MICE nepenbavae, 1m0 BifICyTHI AaHl € BUNaaKoBoto BTparoro (MAR), mo
O3HayYae, M0 WMOBIPHICTh BTPATH 3HAYEHHS 3QJICKUTh TUIBKU BiJ] 3HaYEHHS, 1110

CTHIOCTEPIra€ThCsl 3HAUEHHS 1 MOKE€ BUKOPUCTOBYBATHUCS JIJIs1 IOTO MPOTHO3YBaHHS.

MICE Imputation
140 °

,.
W
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-
-
S5y
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.

MaxSpeed
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w
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« N .
A
4
'. »

120 .

115

40 50 60 70 B0 9 100 110
AvgSpeed

Puc. 1.10 — 3anoBHeHHs mpomnyckiB 3a gonomoror MICE
1.1.4.5 3anoBHEeHHS JaHUX Yacy 3a JOMOMOTOI0 BUIIAJIKOBOTO JIICY

BumankoBuii mic uis 3alOBHIOBAHHS MPOIMYIICHUX JaHUX — OJWH 13
Halle(DeKTUBHIILMX aJITOPUTMIB BIJHOBJICHHS MPOMYILIEHUX OaHUX. IcHye Oe3miu
Moau(iKkalii CcTaHIapTHOrO MeToay. He Baawumch 10 TOHKOIIMIB TEXHIYHHUX

peaitizalliii, MO’KHa HABECTH 3Pa3KOBHIA TICEBI0-aITOpUTM BUKOHaHH: [10].

Kpox 1: Cnowatky mpomyiieHi 3HA4Y€HHs 3alOBHIOIOTHCS CEPEIHIM
3HAQYCHHSM BIJMOBIIHUX CTOBIMIIIB JJIsI HEMIEPEPBHUX Ta HAWYACTIIUX JTAHUX JJIS

KaTeropiaJIbHUX JaHUX.
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Kpox 2: Habip maHux po3naiieHuil Ha ABl YaCTUHU: HaBYaJbHI JaHi, II0
CKJIQJIAlOTBCA 3 3MIHHHMX, III0 CIIOCTEpIraloThCs, Ta 1HIN BIACYTHI JdaHi, IO
BUKOPHUCTOBYIOThCSL NIl mporHo3yBaHHs. [loTiM 1i Habopu aJis HaBYaHHS Ta
IPOTHO3yBaHHs TepenaroThess B Random Forest, a moTiM mporHo3oBaHi gaHi
CTaBJIATHCS y BIAMOBIAHUX Miclisx. [Ticiist BUSHAUEHHS BCIX 3HAUYCHB 3aBEPIIYETHCS

OJTHA ITepaItis.

Kpoxk 3: Onucanuidi BUlie KpOK MOBTOPIOETHCS, JOKH HE OyZe TOCSTHYTO
yMoBHM 3ynuHKU. [Iponec iTepamii rapaHtye, 10 aarOpuTM MPALIOE 13 JTaHUMU
BUIIOI SIKOCT1 Y HaCTYNHUX iTepauisx. [Ipouec TpuBae 10TH, 10KM cyma KBaJIpariB
PI3HHIL MK TIOTOYHHUM 1 MONEPEIHIM HACTAHOBOK HE 30UIBIINTHCS abo He Oyne
JOCSITHYTO TIEBHOI MeKi i1Tepariiil. 3a3Budaii, moTpidbHo mo 10 itepariii, mod 106pe

aTpuOyTyBaTH JIaHi.

[TepeBaru Missing Forest.

Buxopucranns Missing Forest 11t mocTaBieHHs! Ma€ K1JIbKa MepeBar.

* Mosxe mpaiitoBaTH sk YMCJIOBUMH, TaK 1 KaTeropialbHUMU JaHUMH.

* Missing Forest Moxxe 0OpOOJSATH BHKHAMW, TOMY HEMae€ MOTpeOH B
MacmTabyBaHHI PyHKI1H, IPOTE Kpalle 0OpOOUTH 1X 3a37aeri/b.

* Bumnagkosi jicu MmaroTh BOyAOBaHMiI BUOIp O3HAK, IO POOHUTH iX
CTIMKMMHU /10 3alTyMJICHUX JaHUX.

* Bin Moxxe 00poOIISITH HENIHIMHICTD TaHUX.

Henoniku Missing Forest

* OCHOBHHMM HEJOJIIKOM € HOr0 TeXHIYHA BUTPATHICTh

1.1.6 TIpobrema MyIbTHKOIIHEAPHOCTI

[IpobnemMa MyJIBTUKOJUTIHEAPHOCTI MOXXE BHHHKATH HA PI3HUX eTarax

aHaji3y JaHUX, ToMy O0poThOa 13 11€0 MPOOJIEMOI0 MAa€ MOYWHATHUCS 3 PAHHBOTO

anHami3y. llpupomaHo, 1m0 AN perpeciiHOro aHamizy JaHUX HaM MOTpPiOHI
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HE3aJIe)KHI MEePEeTUKTOPHI 3MiHHI, TOOTO CTOBMII HAIOI MATPUIll aHUX MAIOTh
OyTH JIIHINHO HE3aJIC)KHUMHU.

B ocHOBHOMY, MyJIbTHKOJUTIHEAPHICTh 3aBaka€ TMPaBUJIBHINA OIIHII
3HauymocTi GaktopiB. I T mpuitHaTo mo30aBisATHCA. HEMOXIHMBO TMOBHICTIO
M030aBUTHCA 3aJICKHOCTI JaHUX, OJIHAK, ICHYIOTh METOJIM 3MEHIIECHHS TaKoi
3aJIeKHOCTI.

JlocmiTHUKHA HEe OOSIThCS BUIAJICHHS JCSIKUX BEKTOPIB CTOBIIIIIB 3 MATPHIII 1
SK CIIJCTBO MBOTO — BTpary miHHOI iH(opmMmarii. Bece me Tomy, mo mpobiema
MYJIbTUKOJJIIHEAPHOCT]I TICHO TMOB'SI3aHAa 3 MOHATTAM JIIHIMHOI 3aJIeKHOCTI Ta
IHTepHpeTallii mpaBuia JiHIHHOT 3aJI€XKHOCTI B anreOpaiyHOMY BUTJISIII.

1.1.6.1 BusiBieHHs Ta yCyHEHHS! MYJbTUKOJIHEAPHOCTI

HaliepexkTuBHIIIMM 3 TOIUIAAY Bi3yaJIbHOTO aHami3y € KOpelsliiiHa
MaTpuilsl. MaTpuils mokaxe, siki (hakTopu MarOTh MIXK COOOI0 TICHUH 3B'A30K, a SIKi
— Hi. BapTo mam'arartu, 1o Kopessiis MiXk YUHHUKaMU (0O3HaKaMu) HE 3aBXKIU Mae
CIIpaBXHE 3HAYCHHS 3aJIC)KHOCTI.

[HOM1 mani OyBarOTh MOMMHJIKOBO KOPEJIHOBAHUMH, 1 OOPOTHOA BXKE 3 IIMM
SIBUIIIEM B1I0YBAa€ThCS HA €Tarax JOT1YHOIO OIVISIAY JaHUX aHAJIITUKOM.

OnnuM 3 HalepeKTUBHIMIKNX METOIB BUSIBJICHHS 1 OIIIHKU JTaHMX IIICIs
YCYHEHHSI MYJBTUKOJIIHEAPHOCTI B JAHUX € 3HAXOJKEHHSA KoedirieHTta 1HOIAIIT

nucnepcii (1.1):

1
1—R?

VIF = (1.1)

ne R*— Koe(iIieHT JeTepMiHaIli.

Po3paxyHOKk € pekypcMBHUM, y TOMYy IUIaHI 10, O3HAaKa, HaBITH 3a
BIJICYTHOCT1 SIBHOTO JIIHIMHOTO 3B'SI3Ky 3 OyAb-SIKMM IHIIMM YUHHUKOM TpHU
BI3yaJIbHOMY OIJISAJll, BUOMPAETHCS SIK BIATYK cUCTeMU. BiH Oyay€eThCs SIK pIBHAHHSA
perpecii (HaBYaeTbCsA perpeciiHa MoOJeNb) MO MNPEIUKTOPHBIM 3MIHHUM, IO

S3AJINITUIINCA.
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OOuncrieHe 3HA4YeHHS TIOPIBHIOETHCS 3 TMOPOTOBUM, IS TOMY, 00
NPUMHATA pIlIEHHA Tpo BUAaleHHS 3MiHHOI. lloporoBe 3HavYeHHA -
rineprnapameTrp, [0  HAJAIITOBYETbCS  JOCTHIAHMKOM.  3a3BHYaili  BOHHU
HAJTAIITOBYIOTHCS 32 JJOTIOMOTOI0 MAIIMHHUX METOJIIB IO CITIIi.

OJHAK, OCKLIPKH MH BHKOPHCTOBYEMO OLiHKY R'2 B pO3paxyHKax, CIi
nam'siTaTH, 110 1 BOHa MOXKe OyTH MOMUJIKOBOIO 1 HE 3aBXKIHU B1IOOpaxaTH SKICTh
MOJIEII.

HaliedekTUBHIIUM 3 TOMIISIAY PECypciB € METOIM Perysspu3alii.
Haiinonynsipuimmmu Metogamu perynspuzamnii € L1 (lasso) (1.2) ta L2 (ridge)

(1.3) perynsipu3ariisi.

min || Xw —y |7+ z[| w || (1.2)

min || Xw —y || + z[| w ||? (1.3)

A€ W — BEKTOp Bar, X - BCKTOp O3HAK, Y — TapreTtHa 3MIHHA.

Biaminnocti mixk L1 ta L2 perynsapuzariiero:

L1 e HermagxkuMm — mepeBaror0 € BHYTpIMIHIA BinOip o3HaK. DaKTUYHO,
MO’KHA Ha3BaTH, 110 PETYyJSpU3aIus — 1€ OOMEKEHHs, HaKJIaJeHl Ha Bark O3HAK Y
perpeciiinomy piBHsiHHI. Uepes L1 perynsipu3zaiiii Baru npy Majo 3Ha4HUX O3HaKax
oOnyssitoTcs. Le 1 103BoJIsl€ 3SMEHIIMTH PO3MIPHICTh MATPULIL JaHUX 1 TO30aBUTHCS
MYJIbTUKOJIJIIHEAPHOCTI.

Ha dopmyni (1.3) BugHO KBajmpaT npu Ipyromy 4wieHi — QyHKINS TIajaKa,
OTXE, Baru TNpH MaJO3HAUYMMHUX O3HAaKaX — 3MEHINAbCs, ane He OOTyIAThCA,

Bi/I0y1€ThCSI KOPUTYBAHHS iX 3HAYUMOCTI.
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1.1.7 TIpobnema nepeHaBYaHHS

dopmyaoBaHHA MPOOJIEeMH MEpEeHaBYaHHS MPOCTa — oOpaHa Ta HaBYEHA
MoJIeNb ToOpe nepeadavyae 3HaYCHHS HAa HABUAIBHUX JIaHUX, aJie TIOTaHO PAITIoE 3
HOBHUMU JIaHUMH.

Kopotko mpobnemy MokHa Bi3yami3yBaTH 3 MPUKIATY IMPOCTOi 3amadi
perpecii.

Y mepmomy BHUMNAAKy MOJENb 1/€ajbHO OIKCY€E JaHli Ta mnepeadadae
3HA4YCHHS HAa HUX. AJIe TOMUISETHCSA HA HOBUX.

VY npyromy BUMAAKY BXHTO 3aXOJiB IIOJ0 YHUKHEHHS TEpEHAaBUaHHSI, a
camMe BUKOPHUCTaHHsS MojJiny BUOIpkH y cmiBBigHOmEHHI 80% Ha 20%, ToOTO Ha

HaBYaJbHY Ta TECTOBY, BIAMOBIAHO «puc. 10».

Puc. 1.10 - Pi3HUILA MK MOAEISIMHA

1.1.7.1 Criocobu BupimieHHs MpoOeMu IepeHaBUYaHHs Ta 3HAXOKEHHS

IICPCHAaBYaHHA B MOJCIIAX

Sk 3p0o3yMiTH, III0 MOJIETTb TIepEeHaBUYCHA?

3a3Buuail Ha 1€ BKA3yIOTh 3aHAATO BEJIMKI Baru Mpy 3MIHHUX Y PIBHSHHI
perpecii.

Bbopothba 3 mepeHaBUaHHSM MOYMHAECTHCS paHHIX eTamax. BuOip meTtomy
OOpOTHOM MOYMHAETHCS 3 OIIHKK OOCATY HaJlaHOi BUOIPKM JaHUX, SIKIIO OOCST
JTAaHUX JIOCUTH BEJIMKUI Ha AYMKY aHaJITUKA (OILIHKA TPOBOUTHCSA 3 ypaxyBaHHIM

MOCTABJICHOI 3ajadi), MOXHAa pPO3AUINTA BHUOIPKY Ha HaBUYaJIbHY 1 TECTOBY.
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3a3Buyail cmiBBiAHOIIEHHS BuOUpaeTbes 80% Ha 20%, HaBUambHy Ta TECTOBY
BUOIPKY BiamoBiaHo [4].

Ile#t meTom moOpe mparroe sl BEIUKOi BUOIPKU JTaHWX, ajie MOTaHO IS
CEepeaHIX Ta MaJIuX BUOIPOK.

PimennsiM i1 moaiOHUX BUMAAKIB € Kpoc-Bajijaris. Ines kpoc-Bamigarii
npocTa:

1. HapyanpHa BuOIpka po30MBaEThCSA HA K OHAKOBUX 3a 00CATOM YacTHH,
10 HE TIePETUHAIOTHCS,

2. llpucyTHiii iTepariitamii migxin. Ha xoxxHil iTepaiii BiiOyBaeThCs Take:

2.1. Monens HaBYa€eThCs Ha k-1 4acTHM HaBYANIbHOT BUOIPKY;

2.2. Mojaenb TecTyeTbCsl Ha 4aCTHMHI HaBYaJIbHOI BHOIpKH, sika HE Opasia
y4acTi y HaBYaHHI.

3. KoxHa 3 yacTuH k o711H pa3 BUKOPUCTOBYETHCA ISl TECTYBAHHS.

Kpoc-Baniaaiis — e noTy>KHUN IHCTPYMEHT OOpOTHOM 3 IepeHaBYaAHHSIM.

3aHanTo MajeHbKI BHOIPKM HE PEKOMEHJIOBAHO BUKOPUCTOBYBATH IS
HaBYaHHSI MOJCIEH, OCKUJIBKM aJeKBAaTHICTh Ta TOYHICTh TaKHUX MOJCICH
3aJMIIATHCS T TUTaHHSAM. | BUHHKHE mTpo0siemMa HeI0OHABUaHHS.

YacTo y TeXHIUYHUX peaizallisix Kpoc-BalliJiallisi BUKOPUCTOBYETLCS Pa3oM
13 HaB4YaHHsAM Mojenel. [licas nporo 3 Mojenelt BUOUpaeTbCcsi HallKkpaila 3riJHO 3

3aJaHOIO0 3a3/1aJIET1 b OL[IHKOK MOIEIL.

1.1.8 Tumnu 3aBgaHb MaIIMHHOTO HABYAHHS, TOHKOIIl HAJIAIUTYBaHHS

Moenen

HaBuanHs 3 yuuTeneMm — OJuH 13 METOJIIB MalIMHHOTO HaBuaHHs. [Iporec
HaBYaHHS € KOHTPOJHOBAHMM, MPOIEC HABYAHHS BHUKOHYETHCS TiJ BHIUMOIO
PO3MITKOIO 3MIHHUX CIIOCTEPEKEHHS YU BIATYKY, Y HaBUaHHI 0€3 BUUTENs BIATYK
HEJOCTYITHUMU.

HaBuaHHS 3 yuuTenem 3BOJUTHCS JO ABOX OCHOBHHX 3aBIaHb. 3aBJaHHS

kiacuikarii Ta 3aBIaHHS perpecii, M0 BU3HAYAIOTHCS MO0 TAPTETHUX 3MIHHUX.
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TapreTHumu 3MiHHEMH 371241 KjIacu@ikaii (K mapHoOi, TaK 1 MHOKHHHOI1) €

KaTeropiajabHi 3MiHHI. A TapreTHI 3Ha4YeHHs 3aj1aul perpecii — 0e3nepepBHi 3MIHHI
1.1.8.1 3aBnanns perpecii. BusHaueHHsI TOYHOCTI 3a/1a4l perpecii

HaliBaxnuBiliMM €TanoM BHU3HAYEHHS TOTO, HACKUIBKKM MOJIEIb TOYHA €
BUOIp LUJILOBOTO (YHKIIOHATY MOJieNi. 3a3Buuail (yHKIIOHAT MIHIMI3YIOTb, TOMY
BiH Mae OyTH IIagkuM (TIaaKor0 QyHKIiEw) [2].

3BUYaiiHO, MOXHa BHOpaTH 1 HE TJAAKUi (DYHKI[IOHAN, HaAIPUKIA
noporoBa (yHKIis B 3adadl kiacuikamii. OgHak Takuid (yHKLIOHAT CKIIAIHO
MIHIMI3yBaTU. /[l 1pOro 3a3BMYail 3aCTOCOBYIOTHCSI METOIM alpOKCHUMAIli
GyHKIT 10 TOro BHUAY, 3 SKHMM MOXYTh MpAIOBaTH CIOCOOM MiHIMIi3amil
(GyHKLIOHATY TOMWIKH, OAUH 3 TaKMX CHOCOOIB — CTOXACTHYHHUWA Tpajl€HTHUUN
CITYCK.

PiBHsiHHSA perpecii

a(x) = (w,x) (1.4)

A€ W — BEKTOp Bar, X — BEeKTOp O3HaK.

30BHIIIHIN BUTIISA QYHKITIOHATY:

Qa,X) =13 (alx) - y)? (1.5)

7€ 8 — MOJIeJib, X — BEKTOp O3HaK.
MiHimi3aliist 3 BAKOPUCTAHHSIM CTOXaCTUYHOTO TPAJIEHTHOTO CITYCKY:
wt =wit — 9, 7owt 1X) (1.6)

ne W — BekTop Bar, Q — yHKIrionarn, wt MonepeAHI BEKTOP Bar.

1.1.8.2 Ilepexin y cipssiMoByrouunii mpoctip. HanamryBanus Mozeni.



25

[lepexin y cnpsMOBYOUM MPOCTIp — MO CYTI 1€ HaJalITyBaHHS MOl
1010 HEJTHIMHUX 3aJICKHOCTEH, TOMIYEHUX Y JIaHUX.

Hanpuxnan, momiHOMianbHAa perpecis SCKpaBUW NPUKIAA TEPEXoay B
MPOCTIp, 1110 COPSIMOBYE, 32 paXyHOK J0OyAyBaHHS MOJIIHOMA CTYTICHS n.

[Ile omHMM TIpUKIAJAOM MOXKe OyTH Jsorapudmizamis MoJeal Yu
BUKOPHUCTAaHHA (DYHKIIIT CUTMOIIH.

VY TakoMmy MmiAXoAl HaJalITyBaHHS MOJEJNl perpecii BaXKJIIMBO PO3YyMITH
KOHIICTIIIFO TICPCHABYAHHS MOJIEJICH, a TAKOXK YITKO OAYMTH 3B'S3KH MK JaHUMH,
JOTIOMOTOI0 IILOTO MOKYTh OYTHM METOAM PO3BIAYBaJbHOTO aHami3zy, po3iOpaHi

paHiie.

1.1.8.3 3apnanns kinacudikarlii, rpaHudHa QyHKIisS BTpaT. BusHaueHHs

METPHK Yy 3a7a4i Kiacudikaiii

3aBmgaHHs perpecii 3BOAUTHCA A0 3aBAaHHS Kiacudikaiii, komu (y pasi
O1HapHOI Ki1acu(ikallii) TOYKH MOAUIAIOTECS TEPIUIOIMHO0, TAKUM YUHOM, 11100
y pa3i mojauly 3'SBUJIOCS JIBI XMapu TOYOK. Y TakoMy pasi BIJACTaHb BiJl TOUKHU
(o0'exTa) A0 TIMEPIUIONIMHN — BIEBHEHICTh MOJIENI Y TPUHAIEKHOCTI 00'€KTa TOMY
YM IHIIOMY KJiacy. SIK 3ragyBajocs paHillie - 3aBJaHHs Kiacudikauii mpeacTaBiisie
BIITYK CHUCTEMHM SK KaTeropiajbHi AaHi, 3a3Buyail 1e 3Hadends 0,1 ado -1,1.
Buxonsum 3 kaTeropiii, mo3Haue€HUX y NaHWX, 10 HAAXOAATHh Y MOJENb JaHHUX -
GyHKUIT po3MOALTY 37€rKa 3MIHIOIOTh CB1M BUTJIS.

OrniHo4yHMi (PyHKITIOHAN, METPUKH — OIIIHKA SIKOCTI MOJel Kiacudikaiii
BIJIOYBAETHCS 32 TPAHUYHOIO (PYHKIIIE€IO BTPAT, Taka (PYHKIIS € HETJIaJKOI0, TOMY
CKJIQJIHO TTOAAE€THCS OIIIHIII.

Crioci0 BupiteHHs 1€l TpoOIeMH € 3aMiHa TOPOTOBOI (DYHKIIIT BTpAT:

[M <0] => L(M), ne L — 3amina ¢yHKIii BTpar.



—Hinge
4.5 — Logistic
Exponential
-—Zero-One

Puc. 1.11 — ®ynkuis BTpar
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[Ticnsa 3amiHM QYyHKLIT BTpaT MIHIMI3ZYEThCA HE caM (YHKILIOHAN, a HOTO

BepxHs oIiHKa. CIiJIbHO 3 MIHIMI3aIll€l0 BUKOPUCTOBYIOTH 1 PETryJISipU3AIII0 JJIs

mrpadiB Bar.

JIJist OLIHKY pe3ynbTaTiB MOJeNl Kiacudikallli 3arpoBaIKyeThCsl TOHSITTS

METpPHK, 1100 MOSICHUTH peali3allilo METPUK 3alPOBAKYETHCS TOHATTS MaTPHIl

ITIOMUJIOK.
FP - xubHo-no3utuBHUM pe3yaprart
FN - xuOHo-HeraTuBHUIA
TP — mpaBa-1mmo3uTUBHHM

TN — mpaBna-HeraTuBHUN

Tabauusa no kaacudikaropa

Taomung 1.1

y=1 y=-

ax) =1 TP FP

a(x) = -1 FN TN
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[lepma i HaiimomynspHilIa MeTpHKa — TOYHICTH (precision) (1.7), BoHa

MOKa3y€e Ui MOXKHA JIOBIPITH Kiacu(ikaTopy, SIKIIO BiH CIPAIIbOBYE.

Precision (a, X) = TP/(TP+FP) (1.7)

Jpyra merpuka — TouHicTh (accuracy) (1.8), He nUBISYKCH HA OTHAKOBHIA
nepeKsaj Ha3BH Il€1 METPUKH, TIOKa3ye BOHA iHIIE. BoHAa 1eMOHCTpY€E KiJIbKICTh
MPaBUIBLHO TPOCTABICHUX MITOK Kiacy (ICTHHHO TIO3UTUBHHUX Ta ICTUHHO

HETaTUBHUX ) BiJ 3arajbHO1 KIJIBKOCTI JaHUX.

Accuracy = TP+TP/(TP+TN+FP+FN) (1.8)

Hactynna metpuka — moBHota (recall) (1.9), MmeTpuka BHU3HAYa€e KiIBbKICTH

ICTUHHO MO3UTUBHUX CEPEJ] YCIX MITOK KJIaCy, BA3BHAUYEHUX SIK «IIO3UTUBHUID.

Recall = TP/FP+FN (1.9)

MoskHa BUKOPHCTOBYBATH 3MillIaHy OIIHKY, TaKy sik F-mepa.

Po3paxoByeTbcs BOHA Tak:

FB = (1 + B2) +((precision * recall)/(B2 * precision + recall)) (1.10)
ne B2 — koedirmienT 6anmancy.

[lepeBaroro 1i€i METpUKH 1 Te, IO MU 3 JOIMOMOIOIO TimeprapaMerpa
MOXEMO TPOBOJMUTH ‘‘BaXKJIUBICTH’ OIIIHKH, Hampukiang B = 2 — Baxiubimie
TOYHICTh, B = 0.5 — BakJIMBIIlIE TOBHOTA.

ROC ta AUC kpusi

I'padiuni METOIM OIIHKU SKOCT1 Kiaacudikarii

ROC-kpuBa 1e rpadik, MmO TOKa3ye 3aJCKHICTh IMPABHIBHO
KJacu(ikoBaHUX  O0'€KTIB  MO3UTUBHOTO Kjiacy BiJl XHMOHO TMO3UTHUBHO

kiacudikoBaHux 00'€KTIB HEraTMBHOTO Kiacy. 3a momomororo ROC — kpuBoi,
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MOJKHA TMOPIBHATH MOJENI, a TaKOX iX MapaMeTpu IJs MOIIYyKYy ONTHMAaJIbHOT
KOMOI1HaII.

SIk yncenbHy OLIHKY KpHUBOi npuitHATo Opatu miomy mig Heto AUC. Bona
MoKa3ye HMOBIPHICTh TOTO, IO BUMAJAKOBO OOpaHUN EK3EMIUISp HETaTHBHOTO
KJIacy, MaTUM€ MEHIIY MWMOBIpHICT, OyTH PpO3MI3HAHUM SK EK3EeMIUIIp
MO3UTUBHOTO KJIacy, HIXK BHUIIaJKOBO OOpaHMl MO3UTHBHHM Kiac. Jyxke cxoxe 3
METPUKOI0 accuracy, MpoTe Mae MEHIIe MepeBar, HiXK y accuracy, OCKiIBKH

accuracy mpaioe 3 HMOBIPHOCTSIMHU.

ROC Curve

03

06

04 Area Under Curve (AUC)

True Positive Rate (Sensitivity)

02

0 0.2 0.4 0.6 08 1
False Positive Rate (1 - Specificity)

Puc. 1.12 - ROC-xpuBa

MuoxunHa kiacudikaiis mnependadae HasSBHICTh MITOK Kjacy O1LbIie
JIBOX, BIJMOBITHO BXE ICHYIOUl METPUKH JJisi OiHapHOi Kiacuikailii 3a3HaIOTh

3MIH.
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K

Z Accuracy,
Average Accuracy= " K

K
Z Precision,
Average Precision= "~ K

K
Z Recall,
Average Recall= = K -

K
Z F1- Sore
Average F1- Score= © K

Puc. 1.13 — metpuku no GinapHoi knacudikarii, K — kinpkicTs Ki1aciB

1.1.8.4 CtpaTtudikariis Ta 6ajlaHC KJaciB

Crparudikamis — 1€ mpouec, SKUW J03BOJSE MIATOTYBATH JaHl 10
pPO30UTTS Ha TECTOBY Ta HABYAJIbHY BUOIPKY 13 30€peKEHHSIM BiIHOIICHHS KJIaCiB.

bananc knaciB mpejcTaBisie cepilo3Hy mpoOsieMy 3aBaaHHs Kiacudikarii,
0CO0JIMBO, KOJIU BUKOPUCTOBYIOTHCSI IMOBIPHICHI OIIIHKH.

Opnak, HE 3aBX/]IU JOBOJUTHCS OOpOTHUCS 3 0aTaHCOM KJIAaciB, OCKIIBKU Psifl
EMITIPUYHUX JOCHIIKEHb T[IOKa3aB, III0 BHUIIQJKOBI JIICH CHPaBISIOThCA 13
3aBJAaHHSM 1 IpU ArCcOAIaHC] KJIACIB 13 TOCUTh BUCOKOIO TOYHICTIO OIIHKH.

Icaye 6e3mi4 MeToiB 60pOoTHOM 3 ArcOaTaHCOM KiaciB, 6arato XTo 3 HUX
nepeadayae CKOPOYEHHS TMPUCYTHOCTI JOMIHYIOUOTO KJlacy B JaHuxX, abo
JIOTIOBHEHHSI MEHIIT IIMPOKO MPEACTABICHOTO KJacy, 3a PaxyHOK BHUIIaJKOBOTO
nyOIOBaHHS KJIACIB.

€ Tak camMo 1 MalIMHHI METOJM, TaKl K HeHUpoMepexi, skl JO3BOJISIOThH
JI0/1aBaTH €K3EMILIIPH KJIacy, BOHM MpecTaBieHi B 6i6mioTerti keras.

[lepenik momyasipHUX METOIB 13 3arAJIbHUMH 11€SIMU ONMCAHUMHU BUIIIE:
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* Random Under-Sampling

» Random Over-Sampling

* Under-sampling: Tomek links

* Synthetic Minority Oversampling Technique (SMOTE),
* NearMiss

 Change the performance metric

* Penalize Algorithms (Cost-Sensitive Training)

* Change the algorithm

1.1.9 JlepeBa Ta BUMaKOBUM JIiC

1.1.9.1 Hepena

JlepeBa € 1€epapXi4HOIO0 CTPYKTYPOIO JTaHUX, MOOYTOBaHY y THUX JIOTTYHUX

omepariii (TmpaBwiI), KOKEH OKPEMHH IIJCYMOK ONeparii Ha3WUBAETHCSA JIMCTOM

JepeBa.

Bik koHHKaA
> 8

Micue

nepedyBaHH

[HoguBuTHCH 3aJTAIITATH IHomuBuTHCH SaUIIMTH

Puc. 1.14 — JlepeBo pimeHb
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JlepeBa - 11e¢ Ta CTPYKTypa, SKYy MOXHAa BUKOPHCTOBYBATH 3 PI3HUMH
3aBJaHHSMU MAlIMHHOTO HABYaHHSA, a CaM€ 3aBJAaHHS 3 PO3MIYCHUMHU JTaHUMH,

TaKi sK Kjaacudikarlis Ta perpecis.

CJ'IiI[ CKasaTu, mo ACpCBa JICTKO IEPCHABYAIOTHCA, aKE 3PCIITOO MOKHA

PO3MOIUINTH JaH1 TAKUM YMHOM, 00 KOKEH OKpeMHUii 00'€KT OYB y CBOEMY JIUCTI.

5

Puc. 1.16 — mopiBHSHHS aJIeKBaTHOI MOJIENE 3 IEPECHABYCHOIO
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JlepeBa MarOTh MIAXOAU 10 POOOTH 3 KaTeropiaibHUMHU JaHUMH, 1 HaBITh
migxoau OoOpoThOM 3 TEpeHaBUaHHSM, MPUKIAN - CTPUXKKA JepeB, KOJU

BUOUPAETHCS YITKUM KPUTEPIN 3YTTUHKHU.

VY po6oTi He Oyzae po3ibpaHo HIOAHCIB POOOTH OE3MOCEPEAHBO 3 JEPEBAMH,
TOMY IO Cy4YacHi JOCHIJHUKH JaHUX IIEPEBAKHO TMPAIIOTh 3 JIiCAMH —
KOJIeKITIsSIMHM, 310paHumu 3 JgepeB. OpHI€0 3 TPUYMH LBOTO € 3MEHIICHHS

MOJKJIMBOCTI ITepeHaBUUTHUCH [D].

1.1.9.2 BunagkoBui nic

YCEpEHIOITh, y 3adaul Kiacudikaiii nMpuiMaeTbcs PIlICHHS TOJOCYBAaHHSIM Y

OimpIocTi. Yci aepeBa OyayroThCs HE3aIEKHO Ta 3a TaKOI0 cXxeMoro[6]:

* BubOupaerbcs BuOipKa HaBYAJIBbHOI MIABUOIPKH PO3MIpY N — MO HIH

OyIyeThCS IEPEBO, KOKHE OKPEME JIEPEBO KEPYETHCSI CBOEIO BUOIPKOIO.

e Jlns moOya0oBH KOXKHOTO HOBOTO TOJAUTY B JEPeBl OOMPAIOTHCS CBOL

BUIMAJIKOB1 O3HAKU.

* Bubupaemo Haiikpaiii 03HaKH Ta pO3IIETUICHHS IO HhOMY (3a 3a3/1aJeriIb
3alaHuM KputepieM). JlepeBo OynyeThCs, SIK MPaBWIO, A0 BUYEPHAHHS BUOIPKU
(MOKM B JHCTI HE 3aJMIIAThCS MPEACTABHUKH JIMINE OJHOTO Kjacy), aje B
CydyacCHUX peai3allisix € MmapaMeTpu, siki 0OMEXYIOTh BUCOTY J€peBa, KUIbKICTh
00'€KTIB y JUCTI Ta KITBKICTh 00'€KTIB y MIABUOIPII, MPH SKOMY MPOBOAUTHCS

PO3IICIIIICHHS.

['onoBHa BIAMIHHICTH BUIAJAKOBOTO JIICY BiJl JE€PEB, KPiM TOTO, LIO MEpIIe

11€ KOMITO3HIIIS IPYTOTO, € BIACYTHICTh NMepEHABYAHHSI.

,HJIH 3HAaXO/KCHHA OIITHUMAJIBHOI'O p036I/ITT$I Yy By3Jiax BI/IpiH_IaJ'IBHI/IX ACPCB

BUKOPUCTOBYIOTh KpUTEPii 1HHOPMATUBHOCTI.
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Hnst perpecii me MAE ta MSE, cepenns aOconroTHa Ta CepemHs

KBaJpaTUYHA TTIOMIJIKH.
Jlist kmacudikarii:
[Tomuka kmacudikarrii

I(pi...pc) =1 — maxp;

i (1.11)
YacToTa mOMUIOK IIpH Kiacudikarlii HAUIMOTYKHIIIKUM KJIaCOM.
EnTpomis
Iipi...pc) —Zp,]n'pr
i (1.12)
[HTepniperartis: Mipa HEBU3HAYEHOCT1 BUMAIKOBOI BEJIMUMHHU.
Kpurepiit Ixini
I(pr...pc) = Y papw = 3 _pill—pi)

k#k' i (113)

[aTepnperanis:  BIPOTIAHICTh  NPABWIBHOI  Kiacu@ikamii,  sIKIIO
nepeadayaTH KjIacu 3 HMOBIPHOCTSIMH IXHBOI MOSIBU B IIbOMY BY3JIi.

1.1.10 3aBmanHs Kiactepu3arii
3aBmaHHs KiacTepus3aiii — 1€ 3aBJaHHA PO30UTTSA JaHUX Ha TPYNH

(k1acTepu) 3a CXOXKICTIO IaHUX, @ 00'€KTH PI3HUX TPy MAIOTh OYTH MaKCUMAIILHO
pizaumu. Kiractepmsaniss — 1me 3aBmgaHHS HaBYaHHS O€3 BYMTENS, OCHOBHUMU
NUTaHHAMU 711 (OpPMYBaHHSI 3aBJAHHS €: BUOIP MIpH CXOXOCTI Ta KUIBKOCTI

KJIaCTEPIB.

3arajioM KJIaCTEpHHI aHaJi3 MOKHA BUBHAUUTH TaKUMH €TallaMH.
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* Bi0ip 00'exTIB AJ1s KiacTepu3arii

* Bin0ip o3nak Ta ix HOpMaui3allisi, BEKTOpU3allis, KOAyBaHHS, CTBOPEHHS

HOBHX O3HAaK.

e O0OuncieHHs 3HadyeHHsS OJIM3bKOCTI a00 CXOXKOCTI MK O0'€KTaMHU IO

METPHUKHU, 33JIaHOT B QJITOPUTMI.

* 3acTocyBaHHS METOJIB KIJIACTEPHOTO aHali3y MJii CTBOPEHHSA TPyl

KJIaCTEepiB.

» GopmyBaHHS BUCHOBKY, B1JIOOpa’KE€HHS PE3YJIbTATIB aHATI3Y.

1.1.10.1 3axoau BiacTaHel JuIs 3a/1a4 Ki1acTepu3arii

O4eBUIHUM Ta YHIBEPCAIbHUM BUPIIIEHHSAM MPOOJIEMH MIATOTOBKH JAHUX
JI0 3aCTOCYBaHHsS (OOYMCIIEHHSI) 3aXOJiB BIJICTAHEW € MPUBEIECHHS BCIX O3HAK Y
YHUCIOBUM BUIMISAL, a TaKOXK IX HOpMamizalis JUIsl KOPEKTHOTO OOYHCIIEHHS
BijicTaHeld MDK oO'ektamu. Tak, 3pemToro, 1 BUHUKAE ijied 30Mpatd OIM3bKI

00'€KTH B KJIaCTEPH 1 11l KJIACTEPH MK COOOI0 BITOKPEMITIOBATH.

Metpuku 1151 OLIIHKM BIJCTaHI MalOTh IIUPOKE 3aCTOCYBAaHHS 1 IYyKe

YHUCJICHHUMH 1 IO PCHUMMU.

EBKkizioBa BijicTaHb, a TAKOX HOTO KBaJparT:

(1.14)

p(r.x) =3 (5, -x)’
: (1.15)
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MaHreTTeHChbKa MCTpHKaA:

p(rx)=3|x -
T (1.16)

MoskHa cka3aTH, 110 BIUITMB BUKHJIIB HA 1[I0 METPUKY 3HAYHO MEHIIHMA, HIXK

y EBKIIITOBIH, OCKIJIBKY BiJICYTHS OIlepallisi 3BeICHHS y KBaJIpar.

Bincrans YUeOumesa

p(x,x") = max(| x; —x; |) (1.17)

CryniHHa BiJICTaHb

(1.18)

Je r Ta p — mapaMeTpu, LI0 BH3HAYalOThcs KopucTyBaueM. [lapamerp p
BIJINOBIJIa€ 3a TIOCTYNOBE 3Ba)XKyBaHHsS PIZHUIL 32 OKPEMHUMHU KOOpPJIHWHATAMH,
napameTp r BIAIOBIJAIBHUI 32 MPOrPECUBHE 3BaKYBAHHS BEJTMKHUX BIACTAHEH M1k
o0'ektamu. SIKI0 oOMBa MapaMeTpy — I 1 p — JOPIBHIOIOTH JBOM, TO IIsl BiJICTaHb

301raerscs 3 BiACTaHHIO EBKIIIIA.

Ocrarounuii BUOIp METPHUKHU JICKHUTh HA TOCTITHUKY JaHUX.

1.1.10.2 Anroput™u KilacTepu3aiii

[epapxiuHi aJirOpUTMHU - 1€ AITOPUTMH, MO CYTI, MPEACTABICHI y BUIIISAIL

JIEPEBOMOIIOHUX CTPYKTYp, caMe JEPEeBO - JEPEBO KIIACTEPIB MICTUTHh Y CBOEMY
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KOpEeH1 BUOIPKY, y JUCTI HaWOLIbII ApiOHI KIacTepH, MICHsl KIACTepU IPYMyIOThCs

y BEJIMKI TPYIIH.

[1ocki anropuT™Mu, OKpeMUM BUMAJOK JIEPEB'SHUX — OYAYIOTh JIUIIE OJTHE

pO30UTTS 00'€KTIB Ha KJIACTEPH.

YiTKi anTOpUTMH — BITHOCSTH O0'€KT 7O SKOTOCh KOHKPETHOTO KiIacTtepa

(KO’KEeH 00'€EKT HAICKUTH OJHOMY KIIACTEPY)

Heuitki anroputMu - Ha BiAMIHY BiJ] YITKHX CTaBJSATh y BIANOBIIHICTH
00'€eKTy HE KOHKPETHMM KJIacTep, a CTyHiHb CTaBJEHHS O0O0'€KTa N0 SIKOTOCh
Kiactepa (KOXeH O00'€KT BIJHOCHUTBCS JO KOXHOIO KjacTtepa 3 IEBHOIO

HMOBIPHICTIO)

Bunukae apoGiema moeqHaHHS 1€papXiYHUX aJTOPUTMIB KiacTepu3allii,

TOMY ICHY€ K1JIbKa METPUK:

* Bijgcranp HalOmMk4oro cycifa. ¥ 1mboMy METOJ1 BIJICTaHb MIX JBOMA
KJIaCTEpaMU BH3HAYAETHCS BIACTAHHIO MDK JBOMa HalOMMKYUMHU 0O0'€KTaMu
(HAOMMKYMMU CyCiIaMH) Y PI3HUX KiacTepax. Y pe3yJibTaTu KIacTepu MOXKYTh

MMOE€AHYBATHUCA B JIAHIIOKKH.

* Bincranp HaiiBiImaleHIIIMX CyciaiB. Meroa 3a3BuUYail Mpairoe Iyxe
no0pe, Koimu O00'€eKTH MOXOJATh 13 OKpeMHX Tpym. SIKIIO XK KiIacTepu MaroTh
noIoBXkeHy ¢opMmy abo iX TPUPOTHUN THUI € <(IAHIFOKKOBUMY», 1€ METOJ

HENPUIATHAMN.

* Hespakenuit nieHTpoigHuil MeToa. Y 1IbOMy METOJI BiACTaHb MK JBOMA

KJIaCTepaMH BU3HAYAETHCS K BIICTAaHb MK IXHIMH [ICHTPaMH TSKIHHS.

* BuBaxeHuil LEHTpOinHUM MeToa (MeaiaHa). BpaxoByroTbCsl Baru Jjist

BpaxyBaHHS PI3HULII MIXK PO3MIpaMH KJIACTEPIB.
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AJIFOpI/ITMI/I KBa,ZIpaTI/I"IHOT IIOMUIJIKH

K 7 " -
X, 0)=>YIx? -¢, |
= (1.19)

ne c¢j - "Llentp mac" kmactepa j (TOYKa 13 CEpeAHIMH 3HAYECHHAMU

XapaKTEPUCTHK JJI JAHOTO KJIacTepa).

3aBoaHHs KJIacTepu3allil MOXKHA SIK MOOYyJI0Ba ONTUMAJIBHOTO PO3OUTTA
00'exTiB Ha rpymnu. [Ipu 11bOMy ONTUMAaNBHICTh MOKE OyTH BU3HAU€HA SIK BUMOI'a

710 MiHIMI3allil CepeTHbOKBAAPATUYHOI TIOMUIIKH PO3OUTTS.

ANropuTMH KBaApaTUYHOI TOMHJIKH HaJeXaTh JO THUIY IIOCKUX
anroputMmiB. HalimommupeHimmuM alropuTMoM i€l kareropii € meton k-cepenHix.
[e#t anroput™m Oyaye 3aaHy KUIbKICTh KJIACTEPiB, PO3TAIIOBAHUX SKHAAal OJUH

B1J1 oHOTO. POG0OTa alropuT™My MOAUISIETHCS Ha KiJIbKA €TaIliB:

1. BumankoBo BuOpatu k TOYOK, $IKi € TOYATKOBHUMH IIEHTpaMH Mac

KJIaCTEPIB.
2. BinHecTtu KoxeH 00'€KT 70 KiacTepa 3 HauOJMKYUM LIEHTPOM Mac.

3. IlepepaxyBaTu «IIEHTpH Mac» KIJIAcTepiB BIAMOBIAHO 0 IXHHOTO

IIOTOYHOT'O CKIIAdy.

4. Slkmo kputepiid 3ynUHEHHS aIrOPUTMY HE 3aJ0BOJICHUMN, MOBEPHYTHUCH

o 1. 2.

AJNTOPUTM MIHIMAJIBHOTO AEPEBA, 110 MOKPUBAE.

AJTOpPUTM MIHIMAJIBHOTO MIOKPUBAIOYOTO JIEpeBa cioyaTKy Oyye Ha rpadi

MiHIMaJbHE TIOKpHBaIOue JAEpeBO, a TMOTIM TMOCIIIOBHO BUJalsie pebdpa 3
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HalO1IBIIO Baror. Ha MamoHKy 300pakeHO MiHIMaJIbHE JIEPEBO, IO TTOKPUBAE,

OTpUMaHE TSI IeB'SITH 00'€KTIB.

3aBAaHHs KiacTepu3allii MOKHA SIK MOOYJI0Ba ONTUMAJIBHOTO PO3OUTTA
00'exTiB Ha TpynH. [Ipu 1IbOMY ONTUMATBHICTH MOKE OyTH BH3HAUYCHA SIK BUMOTA

710 MiHIMi3aIlii cepeAHbOKBAAPATHUHOT TOMUIKU PO3OUTTSL.

ANTOpUTMH  KBaJpaTHYHOI TOMWIKH HaleXaTb /0 THUIY IUIOCKHX
anropuTMiB. HalimomupeHimmM aaroputMoMm Iii€i kareropii € meton k-cepemHix.
[e#t anroput™m Oyaye 3a1aHy KUTBKICTh KJIACTEPiB, PO3TANIOBAHNUX SKHAMIAI OJUH

B1J1 0IHOTO0. POOOTa anroputMy noAUISIETbCS HAa K1JIbKa €TaIllB:

1. BunaakoBo BuOpatu k TOUYOK, fKIi € TMOYATKOBUMH IIEHTPAMHU Mac

KJIaCTEPIB.
2. BimHecTtn koxeH 00'€KT 70 KiacTepa 3 HaWOJMKIUM IIEHTPOM Mac.

3. IlepepaxyBaTu «IEHTPU Mac» KIJIACTEPiB BIAMOBIAHO [0 IXHHOTO

IMOTOYHOTI'O CKJIaay.

4. Slkmio kputepid 3yNmUHEHHS alrOPUTMY HE 3aJJ0BOJICHUM, MOBEPHYTUCH

o . 2.

Puc. 1.17 — Aaroputm MiHIMaJIBHOTO JiepeBa, 1110 TOKPUBAE

byctunru
Byctunr — ne nHabip mepenbadeHb, sIKi pa3oM JArOTh BIATOBiAb, BOHH

OyIyIOThCS TTOCITIIOBHO, TOOTO HaBYAIOTHCS HA TIOMUIJIKAX MOTIEPETHBOT MOJIEIII.

[lepenbaueHHs MoxyTh OyTH PI3HOMAHITHUMHM, BIJ MPOCTOI perpecii 1o

nepeB (kiacudikaTopiB).
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BycTuHr — 116 TexHiKa B AKili MOKJIMBO MEPEHABUUTHCH, TOMY Tpeba myxke

YYTIMBO OOMPATH KPUTEPIi 3yUHKH.
OpHUM 3 HAUMIOMYJISIPHIIUX OYCTUHTIB € TPaliEHTHUI OyCTHHT.

['panienTHU OyCTHHT — TEXHIKa JJI 3a/1a4 perpecii Ta kinacudikarii, ska

Oynye ciabki rnepeadadeHHs, YacTillle 3a BCe 1€ JIepeBa pillieHb.

Minimizamist QyHKIII BTpaT MOKe BiIOYBaTHUCA 3 JOMOMOTOIO JEKITBKOX
GbyHKII0OHATIB, YacTillle 3a BCE 1€ CepeIHs KBaJpaTU4yHa nmoMuika, To0oto MSE —
e ¢yskirionan. MiniMizarist GyHKIIIOHANA CTaHJapTHA — rpalieHTHUH ciyck. [Ipu

BUKOPHCTOBYBaHHI T'Pa/IlEHTHOTO CITYCKY Iepea0ayeHHs] OOHOBISIOTHCA.
VY minomy anroputM OyCTHHTY MOKHA YSBHUTH K HaOlp TaKUX MyHKTIB:

e CrioyaTky OyIYyIOThCS IMPOCTI MOJIEI Ta aHATI3YEMO TTOMUJIIKH;

e BusHauaeMo TOYKH, K1 HE BOUCYIOTHCS y MIPOCTY MOJIEIb;

e Jlomaemo Mojeni, 10 OOPOONSAIOTH CKJIAIHI BUMAAKH, SIKI OyiH
BUSIBJICHI Ha MOYATKOBIN MOJIEIII;

e 30upaemMo Bcl MOOyJOBaHI MOJEJI, BHU3HAUAIOYM Bary KOXKHOTO

MpeauKaTopa.

['padiuHe ysSBICHHS MEPEHABYCHOTO TPAAIEHTHOTO OYCTIHTY Ta aJeKBaTHOTO.

Puc. 18 — [TopiBHsAHHS OyCTHHTIB.
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BukopucTanHsa anropuTMmiB OyCTHHTY:
e 3apnanHs kinacudikaiii 00'eKTiB!

Sxmo maHi 300paKeHHS, IO MICTATH PI3HI BiIOMI y CBITI 00'€KTH,
kiacudikaTop Moke OyTH HaBYCHHH Ha OCHOBI HHUX JUIS aBTOMAaTHYHOI
kinacudikamii 00'ekTiB  y MaiOyTHIX HeBiZOMUX 300paxeHHsX. [Ipocti
kiacudikaTopu, moOyI0BaHI 3 ypaxXyBaHHIM JESKHX O3HAK 300pakeHHS 00'€KTa,
3a3BUYAl BUSBISAIOTECA ManoeeKTUBHUMH Yy Kiacudikamii. Bukopucranus
METOMIB OyCTHHTY i Kiacudikamii 00'€KTIB — TNUIAX TOETHAHHS CIIa0KHX
KiIacu(ikaTopiB  CHeIlialbHUM YUHOM TOJIMIICHHS 3araibHOi MOKJIUBOCTI

KJacudikari.
e 3apjaHHs paHXXKyBaHHS BUJayl MMONTYKOBUX CUCTEM:

3aBlaHHs paH)XMUpPYBaHHS BHUJA4l TMOLIYKOBHUX 3alMTIB PO3MVISHYIH 3
norasiay (yHKLII BTpaT, AKa MITpadye 3a NOMWIKH MOPSIAKY BHIayi, TOMYy OyJo

3pyuHO BnpoBaautu GBM B paH:XKyBaHHS.

1.2 BucHoBOK

VY indopmariiitHo-aHATII THYHOMY PO31TI MHOO OyJIM OIpariboBaHi MiAX0AH
JUTSl IONIEPEAHBOI OOPOOKH TaHUX, Ta METOAM MOOYI0BU MPOCTUX MPEIUKATHUX
mozeneld. OCHOBHUMMU T1IX0IaMU, SIK1 3apa3 3aCTOCOBYIOTh Y MPOBITHOMY aHaJI3y
JTAaHUX € Ti, SIK1 OMUPAIOTHCS Ha 00YUCITIOBANIbHI MOTY>KHOCTI KOMIT FOTEPHUX

CHCTCM.
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2 CTIEIIAJIbHUI PO3ILI

2.1 [locTaHOBKa 3a/1a4i 32 KOHTPOJIEM JIICHUX MacHBIB

[Ipuponnuii mapk MOHTE31HBO CTpaXAa€ BiI JICHUX TMOXEXK. 3ais

3arnmo0iraHHsl TMOXKEX OyJI0 MPUUHATO PIMIEHHS CTBOPUTH MOJENb MAIIMHHOTO

HaBYaHHS, sika O BM1JIa MPOTHO3YBATH HE TUIBKU (DAKTOP BUHUKHEHHS MOXKEXI, aje

1 10111y, SIKY IOYKEXKa 3anuMe.

3aBI[aHHHZ IIPOBCCTHU aHami3 3araJiIbHOAOCTYITHHUX MGTOI[iB aHaﬂiI’)y JaHUX

II0JI0 JTICOBUX MOKEXK. 3pOOUTH MOPIBHAHHSA METO/IIB IPOTrHO3yBaHHS B KOHTEKCTI

MIPOTHO3YBAHHS IO JTICOBOT MOMKEXI.

2.1.2 Onic Habopy MaHMX:

1. Title: Forest Fires

2. Sources

Created by: Cortez and Morais (Univ. Minho) @ 2007
. Past Usage:

P. Cortez and A. Morais. A Data Mining Approach to Predict Forest Fires
using Meteorological Data.

In Proceedings of the 13th EPIA 2007 - Portuguese Conference on
Artificial Intelligence,

December, 2007. (http://www.dsi.uminho.pt/~pcortez/fires.pdf)

In the above reference, the output "area™ was first transformed with a
In(x+1) function.

Then, several Data Mining methods were applied. After fitting the models,
the outputs were

post-processed with the inverse of the In(x+1) transform. Four different


http://www.dsi.uminho.pt/~pcortez/fires.pdf
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input setups were

used. The experiments were conducted using a 10-fold (cross-validation) x
30 runs. Two

regression metrics were measured: MAD and RMSE. A Gaussian support
vector machine (SVM) fed

with only 4 direct weather conditions (temp, RH, wind and rain) obtained
the best MAD value:

12.71 +- 0.01 (mean and confidence interval within 95% using a t-student
distribution). The

best RMSE was attained by the naive mean predictor. An analysis to the
regression error curve

(REC) shows that the SVM model predicts more examples within a lower
admitted error. In effect,

the SVM model predicts better small fires, which are the majority.

. Relevant Information:

This is a very difficult regression task. It can be used to test regression
methods. Also,

it could be used to test outlier detection methods, since it is not clear how
many outliers

are there. Yet, the number of examples of fires with a large burned area is
very small.

. Number of Instances: 517

. Number of Attributes: 12 + output attribute

Note: several of the attributes may be correlated, thus it makes sense to
apply some sort of
feature selection.

. Attribute information:

For more information, read [Cortez and Morais, 2007].
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X - x-axis spatial coordinate within the Montesinho park map: 1to 9
Y - y-axis spatial coordinate within the Montesinho park map: 2 to 9
month - month of the year: "jan" to "dec"

day - day of the week: "mon" to "sun"

FFMC - FFMC index from the FWI system: 18.7 to 96.20

DMC - DMC index from the FWI system: 1.1 to 291.3

DC - DC index from the FWI system: 7.9 to 860.6

ISI - ISI index from the FWI system: 0.0 to 56.10

temp - temperature in Celsius degrees: 2.2 to 33.30

RH - relative humidity in %: 15.0 to 100

wind - wind speed in km/h: 0.40 to 9.40

rain - outside rain in mm/m2 : 0.0 to 6.4

area - the burned area of the forest (in ha): 0.00 to 1090.84

(this output variable is very skewed towards 0.0, thus it may make

sense to model with the logarithm transform).

2.1.3 BuxkoHaHHS MOIepeIHbOI 00OPOOKH TaHUX

1.

IMnopt HE0OX17HUX O10T10TEK.

Import seaborn as sns

from scipy import stats

from sklearn.ensemble import IsolationForest

from sklearn import preprocessing

from scipy.special import logit, expit

from sklearn.model_selection import StratifiedShuffleSplit

from sklearn.preprocessing import PolynomialFeatures

from sklearn.metrics import r2_score
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2. 3a nonomoroto 6i0mioreku Pandas imoptyemo naHi 70 CTPYKTYPH AaHUX

tuny “DataSet”

start_data = pd.read_csv("forestfires.csv")

AHaJ3yeMO HasBHICTh NMPOMYIICHUX JTAHUX:
start_data.info()

<class 'pandas.core.frame.DataFrame'>
Rangelndex: 517 entries, 0 to 516
Data columns (total 13 columns):

# Column Non-Null Count Dtype
X 517 non-null int64

Y 517 non-null int64
month 517 non-null object
day 517 non-null object
FFMC 517 non-null float64
DMC 517 non-null float64
DC 517 non-null float64

ISI 517 non-null float64
temp 517 non-null float64
RH 517 non-null int64

10 wind 517 non-null float64
11 rain 517 non-null float64

12 area 517 non-null float64
dtypes: float64(8), int64(3), object(2)
memory usage: 52.6+ KB

©ooo~Noolh, WNEFE O

BucHoBok: npomymienux gaHux Hemae. Sk 1 0yso cka3aHo B OMKCI BUIIIE.



3. [lepeBipka HasIBHOCTI KaTeropiaabHUX JTaHUX.
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Taomurg 2.1
IlepeBipka HAABHOCTI KaTeropiaabHUX JAHUX
Y | month |day | FFMC |DMC |DC ISI temp |RH | wind | rain | area
S5 | mar fri 86.2 26.2 94.3 5.1 8.2 ol 6.7 0.0 0.0
4 | oct tue 90.6 35.4 669.1 | 6.7 18.0 33 0.9 0.0 0.0
4 | oct sat 90.6 43.7 686.9 | 6.7 14.6 33 1.3 0.0 0.0
6 | mar fri 91.7 33.3 77.5 9.0 8.3 97 4.0 0.2 0.0
6 | mar sun 89.3 51.3 102.2 | 9.6 114 99 1.8 0.0 0.0
6 | aug sun 92.3 85.3 488.0 | 14.7 | 22.2 29 5.4 0.0 0.0
6 | aug mon | 92.3 88.9 495.6 | 85 24.1 27 3.1 0.0 0.0
6 | aug mon | 915 1454 | 608.2 | 10.7 | 8.0 86 2.2 0.0 0.0
6 |sep tue 91.0 1295 | 6926 | 7.0 13.1 63 5.4 0.0 0.0
S5 | sep sat 92.5 88.0 698.6 | 7.1 22.8 40 4.0 0.0 0.0

BucnoBok: IcHye kisibka KaTeropiaJbHUX CTOBMIIIB, a came "month", "day".

4. BizyanbHu# orisii 1aHUX, BACYHEHHS T1I10TE3.

sorted_by area value = start_data.groupby(by="month").sum()

sorted_by area value

sorted_by area value.rename(columns= {"area":

dead _area"}, inplace=True)
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Taomurg 2.2

Ilnoma, sika MOCTPakKAaIa BiJl MOKEXK Y KOKHOMY MicsALi

X Y FFMC | DMC DC ISI temp | RH | wind | rain | dead_area
apr |52 |38 |7721 143.2 437.0 48.4 108.4 | 422 | 420 |0.0 | 80.02
aug | 825 | 788 | 16990.0 | 28286.8 | 117958.3 | 2037.3 | 3980.2 | 8370 | 751.9 | 10.8 | 2297.99
dec |41 |45 |764.7 235.1 3161.2 31.2 40.7 346 | 68.8 |00 |119.97
feb | 103 | 88 | 1658.1 | 189.5 1093.4 67.0 192.7 | 1114 | 75.1 | 0.0 | 12550
jan |6 9 100.8 4.8 180.7 2.9 10.5 178 | 4.0 0.0 |0.00
jul 167 | 147 | 29225 | 3532.4 | 144193 |300.6 | 7075 | 1444 | 1195 | 0.2 | 459.83
jun | 107 | 82 | 1520.3 | 1587.5 | 5061.0 200.2 | 3484 |767 |703 |0.0 |99.30
mar | 255 | 242 | 4830.0 | 1865.3 | 4100.9 383.8 | 706.5 | 2160 | 268.3 | 0.2 | 235.26
may |10 |8 174.7 53.4 187.5 9.2 29.3 134 | 8.9 0.0 | 3848
nov |6 3 79.5 3.0 106.7 1.1 11.8 31 4.5 0.0 |0.00
oct |88 |65 |1356.8 |621.3 10225.1 107.2 | 2564 |562 |519 |00 |99.57
sep | 754 | 708 | 15693.8 | 20798.7 | 126353.9 | 1475.3 | 3373.3 | 7369 | 611.9 | 0.0 | 3086.13

Tabnuisg mokasye KUIBKICTh TUIONI TOCTPAXAAIOl BiJ TMOXKEXK KOXHOTO

Mmicsig. OdeBuaHO, 1m0 B Jan 1 Nov moxexx He Oyjo, 1€ Ja€ HaM MOJKJIUBICTb

MPUITYCTUTH, IO 111 MICAI HE HECYTh KOPUCHOI 1HhOpMAITiT TSI MOJEINI, TOMY IO

MPOTATOM HUX HE OyJ0 3a(hiKCOBAHO >KOAHOTO 3arOPSTHHS.

Bupanenns "jan™, "'nov".
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forest_fires_data = pd.DataFrame()

forest_fires_data = start_data.loc[(start_data["month"] != "nov") &
(start_data["month"] != "jan")].copy(deep=True)

forest_fires_data.groupby(by="month").sum()

forest_fires_data.reset_index(inplace=True)

Bigyanizyemo wmicsii, 1m0 3ajddIIAINCS, 1 IJIOMIA TOXEX HAa TOYKOBOMY
rpadiky.

scat = sns.scatterplot(forest fires data.month, forest fires data.area, $=15**2,
c=["red"])

scat.set(title = "Scatter Plot of Area and Month",
xlabel = "Month", ylabel = "Area");
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Puc. 2.1 — IToma 3aiiMaHHA 3a KOKHUM MICSIIEM, KUIBKICTh 3aiiMaHb

Le#t rpadik 103BOAUTH 3pOOUTH OJIpa3y KIJIbKa MPUIYIIECHb.

Bunno, mo naxi npo, a came IIoNIy 3aropsiHHS, 3HAXOAUTHCS OJIU3BKO 10
HYJIS.
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Takox MOXHa TIOMITUTH SIBHI BUKUAW y aug, sep, jul. Ha rpadiky nHe
3pO3yMLJI0, UM OFHA TOYKa ab0 KUIbKa TOYOK MPOCTO HAKJIAIKCS pa3oM, ToMy Oynie
3p00JIeHO 00EpeKHE MPUMYIIEHHS PO TE, 10 BUKUIW 3HAXOMATHCS B paiioHI aug
(700-800), sep (>1000), jun (320-350), ockiTbKH TOYHI 3HAYCHHS HAM HEBIJIOMI.

[lepeBipuTH 1110 TIMOTE3y TOYHO MOXHA Oyl 32 JOTIOMOT'OIO TCTOTPaM.

I'padix gemoHCTpy€E TemnepaTypy HOBITPS 32 MICSIISIMU.
plt.rcParams['figure.figsize'] = [20, 10]
sns.set(style = "darkgrid", font_scale = 1.3)
month_temp = sns.barplot(x = 'month’, y = 'temp’, data = forest_fires_data,
order = ['jan’, 'feb’, 'mar’, ‘apr’, 'may’, 'jun’,
jul’, 'aug’, 'sep’, 'oct’, 'nov', ‘dec'],
palette = "rocket"));
month_temp.set(title = "Month Vs Temp Barplot",

xlabel = "Months", ylabel = "Temperature",);

Maonth Vs Temp Barplot
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Puc. 2.2 — Temriepatypa moBiTps 3a MIiCAISIMHU
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Micsiti, B sK1 HEe Oyr10 3a()iKCOBAHO TOXKEXK, BUSBUIUCS HANXOJIOIHIIIINMH,
TEeMIIepaTypa B HUX B PalOHi Hy/Is a00 HUXKYE, 11 J0IaTKOBA MPUYNHA BUKITFOYUTH

ix 3 poO6ou0i BUOIpKH.

Tak sk 1€ cCKIaaHa 3a/1a49a perpecii 3 SBHUM HEAOIIKOM JaHUX.

[TutaHHS PO HECTady JAHUX BBOJMUTHCS MHOIO SIK IIPHITYIIICHHS, ITiJICTaBH
JUISL IbOTO TIPUIYIIEHHS Takl: 0€3/114 IIJIb0OBOT 3MIHHOI TaHUX MICTUTBCS B 00J1aCTI
HyJS, 0 YCKJIAIHIOE POOOTY 3 HUMH, TaK SIK PO3MOJLIM BUXOIATH 3aHAATO

3MiHI€HI/IMI/I Ic 6YI[C IIOKAa3aHO B IIOAAJIBIIIOMY Ha FiCTOFpaMaX.

5. Orasan qaHuX PO HASIBHICTH JIHIHHOTO 3B'S3KY 3 ITHOBOIO 03HAKOIO.

SIBHOTO MIHIMHOTO 3B'S3KYy MIDK 3MIHHUMH Ta IUJIbOBOIO 3MIHHOIO HE
MTOMIYEHO.

O4eBuHO, MO ICHYIOTh CKJIAJIHIII 3B'SI3KH, TOOTO Yy MailOyTHROMY BUOODI
MOJIel MpIiopUTeT OyJe BIAJAHUN JEPEB'SHUM MOJEISAM, a caMe perpecopy Ha

OCHOBI BUMAJKOBOTIO JIICY.
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Puc. 2.3 - Ornsan naHux npo HasiBHICTH JIHIHHOTO 3B'SI3KY 3 HIJILOBOIO 03HAKOIO
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6. BizyanbHuii ornsn naHux, nepeBipka Ha HasIBHICTh BUKUIB, HETUIIOBUX
3HAYCHBb, HCpGBipKa Ha 3MiH1€HH51 JaHUuX.
fig, axes = plt.subplots(nrows=2, ncols=5, figsize=(30,10))
colors = ["DarkOrange", "RebeccaPurple™, "BlueViolet", "DarkViolet",
"DarkOrchid", "DarkMagenta™, "Purple",
"Indigo™, "SlateBlue", "Black", "Blue", "Green", "Red"]
merged_axes = list(itertools.chain(*axes))

for ax, column_name, random_color in zip(merged_axes,
forest_fires_data.columns, colors):

ax.grid(color="gray’, fillstyle="bottom", linestyle="dashed")
ax.hist(forest fires_data[column_name], density=True,

color=random_color, bins=10, alpha=0.8, linewidth=0.5,
edgecolor="white™)

ax.set_title(column_name)

fig.tight_layout()
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Puc. 2.4 — T'icrorpaMu OCHOBHHX O3HaK
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Puc. 2.5 — T'icrorpamMu OCHOBHUX O3HAaK

BunHo cunbHy 3MIILIEHICTh BIBO, y 01K HYJIA, SIK 0yJI0 3a3HAYEHO paHilIe.

Jlesski po3MoJiii MaroTh Ba)KKl XBOCTH, TaK CaMO BHJJHO 1 BUKUIU, Y
BUMAJAKY IJIbOBOI 3MIHHOI HE TakK 4YITKO, aj€ MH B)XE 3pOOWIIM BHCHOBOK, IO
WMOBIPHICTh iX BeNMWKa 1 Hajall OyayTh BHKOPHUCTAaHI METOIW BH3HAYCHHS Ta
BUIQJICHHS TaKUX 00'€KTIB.

KopensuiiiHa MaTpuisi 103BOJIUTHh YIEBHUTUCS Y BIJCYTHOCTI JIIHIHHOTO
3B'I3Ky MDK O3HaKaMH, a TakKOoX 3pOOUTH TPUMYIIEHHS TPO HASBHICTh

MYJIbTUKOJIIHEAPHOCTI.

corr_matrix = forest_fires_data.loc[0:, :].corr()

corr_matrix.style.background_gradient(cmap="coolwarm")
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Tabmus 2.3
Kopensiniiitna matpuus
FFMC DMC DC ISI temp RH wind area
FFMC 0.407270 | 0.346815 | 0.585603 | 0.449357
DMC | 0.407270 0.676566 | 0.293383 | 0.459527 | 0.091509
DC 0.346815 | 0.676566 0.215565 | 0.485846 | -0.023785
1S 0.585603 | 0.293383 | 0.215565 0.382868 | -0.119653 | 0.100879
temp 0.449357 | 0.459527 | 0.485846 | 0.382868
RH 0.085090
wind 0.085090
area 0.041440 0.096714 | -0.074909

TicHUX JIHIHHKUX 3B'SI3K1B HEMA€E, OCKIIBKH BIJICYTHS CUJIbHA KOPEJISIIis.

HpI/IHYHIeHHﬂi MYJ'II)TI/IKOJ'IiHeapHOCTi HCMac.

Y upoMmy aHaii3i HE MPOBOAATHCS CTATUCTUYHI TECTU CIPSIMOBAHI Ha

3HaXOPKCHHS MYJIbTHUKOJIJIIHEAPHOCT1, TOMY IO BOHH TPYJOMICTKI 1 MU MaEMO

MO>KJIMBICTh BUKOPUCTOBYBATH PETYJIAPU3AIIIIO, sIKA T03BOJISIE SIK 1 30€perTu Jaeski

3MiHHI, CHJIBHO IITpadyrouu iX 3a Baru, Tak 1 OOHYJIUTH JIEsKi 3 HUX.

Bin6ip anomManpbHUX 3HAYCHb.

plt.figure(figsize = (15,8))

ax = sns.boxplot(data=forest_fires_data, order=list(forest_fires_data.loc[:,

"FFMC":"wind"].columns),

orient = "h")
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Puc. 2.6 — KopoGuacTi mgiarpamu

isolation_forest_model = IsolationForest(n_estimators=100,
max_samples="auto’, contamination=float(0.1),max_features=1.0)
names = forest_fires_data.columns[4:]
print(forest_fires_data.columns[4:])
outliers_fires _data_encoer = pd.DataFrame()
for name in names:
isolation_forest_model.fit(forest_fires data[[name]])
outliers_fires_data_encoer[f'anomaly score_{name}']

isolation_forest_model.predict(forest_fires data[[name]])

BukopucroByeMo Mojenb 130JI0OYOTO JIICY JUJISI 3HAXOJDKEHHS Ta
BUJIAJICHHS BUKUIIB.

indexes =[]

for index in list(forest_fires_data.index):
if (int(outliers_fires_data_encoer["anomaly_score_area"].iloc[index]) == -1) &\
(int(forest_fires_data["area"].iloc[index]) >= 200):

indexes.append(index)
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Bunansatumythcs 3HadeHnHs Buimie BiaMiTku 200 moao Iiar0BOI 3MIHHOI,
Takui mopir OyB 0OpaHuil BUXOSYH 3 aHAJII3Y Bi3yasi3allii.

[Tincymoxk: Bumyueno 6 3nauenn. HoBe BepxHe 3HaUeHHA y BHOIPII.

forest_fires_data["area™].max()
196.48

8. KonyBaHHs KaTeropiaJibHMX JJaHUX Ta HOpMaJi3allis.

encoder = ce.OneHotEncoder(cols=['day’, "month"],return_df=True)
fires_data_encoder = encoder.fit_transform(forest_fires_data)

fires_data_encoder.head()

Hopmanizarris.
data = preprocessing.normalize(fires_data_encoder.iloc[:, :-1])
scaled_fires_data = pd.DataFrame(
data, columns=fires_data_encoder.columns][:-1])
scaled fires_data["area"] = forest_fires_data["area"].replace(0, 1)
scaled_fires_data.dropna(inplace=True)

scaled fires_data

plt.figure(figsize = (15,8))
ax = sns.boxplot(data=scaled fires data,
order=list(scaled_fires_data.loc[:, "FFMC":"wind"].columns),

orient ="h")
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Puc. 2.7 — Kopo6uacri miarpamu micist Tpanchopmarii

Hopmamnizariis qaHux 3a JIoOmoMororo Jorapudmy.

log_transform = np.log(scaled_fires_data.loc[:, "FFMC":"wind"].replace(0, 1))
simple_regression_data = pd.concat([scaled_fires_data.loc[:, :"day_7"1],
log_transform, np.log(scaled fires_data["area"])], axis=1)

simple_regression_data.head()

I'padiku rictorpam miciist Tpanchopmariii.
Tig, axes = pIt.sSubpIotS(NFOWS=Z, NCOIS=4, Tigsize=(3U,10))
colors = ["DarkOrange™, "RebeccaPurple”, "BlueViolet", "DarkViolet",
"DarkOrchid", "DarkMagenta", "Purple",
"Indigo”, "SlateBlue", "Black", "Blue", "Green", "Red"]
merged_axes = list(itertools.chain(*axes))
for ax, column_name, random_color in zip(merged_axes, log_transform.columns, colors):
ax.set_axisbelow(True)
ax.grid(color="gray', fillstyle="bottom", linestyle="dashed")
ax.hist(log_transform[column_name], bins=10, alpha=0.8, density=True,
color=random_color, linewidth=0.5, edgecolor="white")

ax.set_title(column_name)

fig.tight_layout()
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2.1.4 TloGynoBa HAMMPOCTIIIUX PETPECIIHUX MOJIETe

2.1.4.1 [ToGynoBa perpeciiiHoi Mojiesl 6e3 perysspizaliii aie 3

3aCTOCYBAaHHSAM KpOC-BaJligarii

target = simple_regression_data['area’]

features = simple_regression_data.drop(columns = "area’)

X_train, X _test, y train, y test = train_test split(features, target, test size = 0.15
random_state = 196)

regressor = Ir()

scores = cross_Vvalidate(regressor, X _train, y_train, cv=5,
scoring="neg_mean_squared_error",
return_train_score=True)

np.abs(scores["test_score"].max())
1.441080592713257

2.1.4.2 IToGynoBa Mojieli 3 3aCTOCYBaHHAM peryJispizaitii Lasso

regressor = LassoCV(cv=7, random_state=0).fit(X _train, y_train)
print(regressor.score(X_train, y_train))

mean_squared_error(regressor.predict(X_test), y_test)
0.0

1.9438163213182733

poly = PolynomialFeatures(4)
poly X train = poly.fit_transform(X_train)
poly X test = poly.fit_transform(X_test)
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model_2 = LinearRegression()

model_2.fit(poly_X train, y_train)

predictions_poly = model_2.predict(poly X test)

print ("Mean Squared Error : ", mean_squared_error(y_test, predictions_poly))

print ("r2 Score : ", r2_score(y_test, predictions_poly))

Mean Squared Error : 1151206.9928188494
r2 Score : -601376.9346801438

2.1.4.3 [ToGymoBa Moiel 3 3aCTOCYBaHHSAM peryiispizaiii Ridge

regressor = RidgeCV/(cv=7).fit(training_X, training_Y)
print(regressor.score(training_X, training_Y))

mean_squared_error(tasting_Y, regressor.predict(tasting_X))

r2 Score: 0.015827096459/779755
Mean Squared Error : 2.1171549383915496

B sixocTi ckopinry (ouinkau moneni) BukopuctoByBaBcs NMSE ta MSE.

2.1.4.4 TloGynoBa perpeccopy BUOaIKOBUH JiC.

regr = RandomkorestrRegressor(max_depth=10, random_state=0,
min_samples_split=2, min_samples_leaf=1, bootstrap=True)

model = regr.fit(training_X, training_Y)

print(mean_squared_error(tasting_Y, regr.predict(tasting_X)))

print(regr.score(training_X, training_Y))

model.get_params

2.1947063479523163
0.5718321801785462



59

2.1.5 3Benenns 3amadi JiHINHOL perpecii 10 3aaa4i Kiacudikaiii.

34UTyBaHHS JTAHUX.

fires_data = pd.read_csv("forestfires.csv")

KOI[YBE[HHH K&TCFOpiaHBHI/IX JaHUX.

encoder = ce.OneHotEncoder(cols=['day’, "month"],return_df=True)
fires_data_encoder = encoder.fit_transform(fires_data)

fires_data_encoder.head()

BcraHoBiieHHs MITOK Ji1s1 KJlacu(ikanii, TOOTO CUHTE3 HOBO1 3MIHHOI.
fires_data_encoder["area"].replace(0, 1)
replace val ={

O:(fires_data_encoder["area'] >= 0) & (fires_data_encoder["area"] <=
2),

1:(fires_data_encoder["area"] > 2) & (fires_data_encoder['area"] <=
400),

3:(fires_data_encoder["area"] > 400),

¥

for key in replace_val.keys():

fires_data_encoder["area"].loc[replace_val[key]] = key

fiers_data_simple_cla = fires_data_encoder.loc[fires_data_encoder["area™] != 3]

JlemoHcTpaliist 0aJaHCy KIaciB.

fiers_data_simple_cla["area"].hist()



60

300

250

200 1

150 -

100 A

I
EEEN

02 04 0o 0.8 10

Puc. 2.10 - /lemoHcTpaiis 6anaHcy KiaciB

Knacu marote neskuii qucbanaHc, ajie KOJIM MU 3BEJM 3aJady perpecii, sika
Oyrna CKJIaJHOIO, TO MM OTPUMAJIM MPOCTy 3ajauyy OiHapHOI Kiachikalii, TaK K
OaslaHC KJ1aciB HE3HAYHUU, MPU poOOTI KIacu(piKaliHOTO JIicy BiH HE OyJe rpaTtu

BEJIUKOI POJIL.

Crpatudikarris.
X =data_for_tree_classifier_model.drop("area”, axis=1)
y = data_for_tree_classifier_model["area"]
sss = StratifiedShuffleSplit(n_splits=1, test size=0.2, random_state=0)
sss.get_n_splits(X, y)
SsS

StratifiedShuffleSplit(n_splits=1, random_state=0, test_size=0.2,
train_size=None)

Po36uTTS Ha TECTOBY Ta TpeHYBaJbHY BUOIPKY.
for train_index, test_index in sss.split(X, y):

X_train, X_test = X.loc[train_index], X.loc[test_index]

y_train, y_test = y.loc[train_index], y.loc[test_index]



2.1.5.1 [loOynoBa perpeciitHOro Jicy ajs 3afadi 6iHapHOT Kiacudikari.

model = DecisionTreeClassifier(max_depth = 10)
dtree_model = model.fit(X_train, y_train)
dtree_predictions = dtree_model.predict(X_test)
# creating a confusion matrix

cm = confusion_matrix(y_test, dtree_ predictions)
model.score(X_train, y_train)

model.score(X_test, y_test)
Tounicts Ha Tectl 0.6019417475728155

MaJtroHOK KOMIIO3HUIII].

dotfile = open(“tree.dot", "w")

tree.export_graphviz(model, out_file = dotfile,

feature_names = data_for_tree classifier_model.columns[:-1])

dotfile.close()

dot_data = StringlO()

tree.export_graphviz(model, out_file=dot_data, filled=True, rounded=True,

special_characters=True,

feature_names = data_for_tree_classifier_model.columns[:-1])

graph = pydotplus.graph_from_dot_data(dot_data.getvalue())

graph.write_png(“tree.png")
graph.write_pdf(“tree.pdf")

img = mpimg.imread("tree.png")
plt.figure(figsize=(15,15))

plt.imshow(img)
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Puc. 2.11 — perpecitiniii Jic

2.2 3aigada OaraTtoksiacoBoi Kiacudikarii

2.2.1 Onuc natacery

Lle#i Habip nmaHux BigOOpa)ka€ 3apeecTpOBaHI BUIAJKU 3JI0YMHIB (32
BUHSITKOM BOMBCTB, 32 IKUMH ICHYIOTh JaH1 MO KOXHIM KepTBi), M0 BiAOyIUCS B
micti Yukaro 3 2001 poky A0 TENepilIHbOIO yYacy, 3a BUHATKOM OCTAaHHIX CEMHU
nHiB. Jlani BuTaryrorbes 13 cuctemu CLEAR Jlemapramenty mnomiuii Ywukaro
(aHayi3 Ta 3BITHICTh IIOAO MPAaBO3aCTOCYBAaHHS TPOMAJSH). 3 METOIO 3aXHUCTYy
KOH(D1ICHIIIITHOCTI KePTB 3JIOUYMHIB aJpPECH BiIOOPAKAIOTHCS JIMILIE HA PIBHI
0JIOKIB, @ KOHKPETHI pO3TalllyBaHHS HE BKa3yHOThCH.

[ine: migroTyBatu qaHH1 10 3aaa4i MynbTHKIacudikaiii. [Ipopobutu pizHi
Mo, oOpaTy HalKpaIry.

[IpoGnema 3anaui:

[lepenbauntn B  sgxuii  Community Area BigOynmeThCsl  KpHMiHaJbHE

IIPABOITOPYILICHHS.
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[TinroToBKa MaHUX Ta pO3pOOKA MOEIICH.
ImmopT 610710TEK

iImport pandas as pd

import category_encoders as ce

import seaborn as sns

import numpy as np

import matplotlib.pyplot as plt

import itertools

import matplotlib

from sklearn.feature_extraction.text import CountVectorizer
from sklearn.model_selection import train_test split

from sklearn.preprocessing import normalize

from sklearn.tree import DecisionTreeClassifier

from sklearn.model_selection import StratifiedShuffleSplit
from matplotlib.pyplot import figure

34nTyBaHHS MIATOTOBICHOTO (ailiy.

sity_crimes_data = pd.read_csv("start_data")

TapreTHe 3HaYEHHA NEPEHECEMO Y KIHEIb AaTappenm.
columns_names = list(sity_crimes_data.columns)

columns_names.append(columns_names.pop(columns_names.index("Community
Area")))

columns names

['Primary Type',
‘Description’,
‘Location Description’,
‘Arrest’,

'‘Domestic’,

'District’,

"Year',

‘Community Area']

sity_crimes_data = sity_crimes_data[columns_names]
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Primary Type Description Location Description Arrest Domestic District Year Community Area

0 BATTERY DOMESTIC BATTERY SIMPLE RESIDENCE se True 9.0 2015 61.(

1 THEFT POCKET-PICKING CTA BUS alse False 150 201 25.

2 THEFT OVER $500 RESIDENCE se True 60 2018 440

3 NARCOTICS POSS: HEROIN{BRN/TAN) SIDEWALK  True False 140 2015 214

4 ASSAULT SIMPLE APARTMENT se True 150 2015 25.(
7580880 BATTERY SIMPLE APARTMENT se False 250 2022 18.0
7580881 ASSAULT SIMPLE APARTMENT alse True 180 2022 7.0
7580882 MOTOR VEHICLE THEFT AUTOMOBILE STREET alse False 30 2022 69.0
7580883 WEAPONS VIOLATION UNLAWFUL POSSESSION - HANDGUN STREET  True False 11.0 2022 281
7580884 BATTERY SIMPLE SIDEWALK  False False 19.0 2022 0

Puc. 2.12 — gaui 3agaqi

BI/II[aJIeHHH HE3aIIOBHCHUX 3HAYCHDb

crimes_data =

False)&\
(pd.isnull(sity_crimes_data['District']) == False) &\
(pd.isnull(sity_crimes_data['Primary Type']) == False)&\
(pd.isnull(sity_crimes_data['Location Description']) == False)&\
(pd.isnull(sity_crimes_data['Arrest']) == False)&\
(pd.isnull(sity_crimes_data['Domestic'])== False)&\
(pd.isnull(sity_crimes_data['Community Area']) == False)&\
(pd.isnull(sity_crimes_data['Year']) == False)]

sity_crimes_data[(pd.isnull(sity_crimes_data['Description'])

crimes_data.reset_index(inplace=True)
crimes_data = crimes_data.loc[:, "Primary Type":]

crimes_data.loc[:,["Arrest",
"Domestic"]].astype(int)

"Domestic"]] = crimes_data[["Arrest”,

Po3paxyHOK KiTbKOCTI 3aapelITOBAHUX JIOCH 3a PI3HOMaHITHUMU
MPaBONOPYIICHHSIMH

pd.set_option(*"display.max_rows", None)
print(crimes_data.loc[:,["Community Area", "Location Description”, "Arrest".
"Domestic"]].groupby(by=[

"Community Area", "Location Description"]).sum().loc[25, "Arrest"])
pd.set_option("display.max_rows", 20)
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HatinomynsipHimni micis B IKuX 0yJ10 CKOPEHO MPABOMOPYIICHHS.

STREET 49337
SIDEWALK 51470
APARTMENT 10936
RESIDENCE 10229
ALLEY 8610
DEPARTMENT STORE 3539

must_popular_comm_area = (crimes_data.groupby("'Year")["Arrest", "Community
Area"].value_counts()

rename(‘counts_Arrest').reset_index()

.drop_duplicates("Year"))
must_popular_comm_area

Tabmuus 2.4
KinbKicTh CKOpEeHHX IPABONOPYIICHDb 32 POKAMH
Year Arrest Community Area counts_Arrest

0 2001 0 76.0 1373

147 2002 0 25.0 12402
302 2003 0 25.0 17342
457 2004 0 25.0 16908
613 2005 0 25.0 15971
2781 2019 0 25.0 11001
2935 2020 0 25.0 10369
3243 2022 0 25.0 4706

KinbkicTh 3aapemroBanux Jioje y pisHoManiTHux Community Area.
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count_arrest_in_comm_area = pd.DataFrame(crimes_data.loc[:,["Community
Area", "Arrest"]].groupby(by=[

"Community Area"]).sum().sort_values(by="Arrest", na_position="first"))
count_arrest_in_comm_area

Tadomur 2.5
KubkicTh 32apemiToBaHux e y pisHomaditnux Community Area
Arrest
0.0 8
9.0 789
12.0 1373
47.0 2199
180 2390
67.0 58726
8.0 62562
29.0 76463
23.0 82997
25.0 166685
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Posnomisienss o3Hak

fig, axes = plt.subplots(nrows=2, ncols=2, figsize=(15,20))

#n _bins =10

colors = ["DarkOrange", "RebeccaPurple™, "BlueViolet", "DarkViolet",
"DarkOrchid", "DarkMagenta™, "Purple",
"Indigo™, "SlateBlue", "Black", "Blue", "Green", "Red"]
merged_axes = list(itertools.chain(*axes))

for ax, column_name, random_color in zip(merged_axes,
crimes_data.columns[3:], colors):
ax.hist(crimes_data[column_name], density=True, histtype="bar’,

color=random_color)

ax.set_title(column_name)

fig.tight_layout()
plt.show()

[T 1

. | g - . .
E 3 £ WAk kA Ee0S MO MODE BaSS  mLRE mia

Puc. 2.13 — I'padix po3moiiay o3HaK
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HaiikpuMinanbHiIMH paiton

sns.histplot(crimes data["Community Area"])
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Puc. 2.14 — I'padik KpUMIHaIBHOCTI 3a palioHaMu

KonyBanHs kaTeropiaJbHUX O3HAK.

enc = ce.OneHotEncoder(cols=["Primary Type", "Location Description”, "Year",
"District"”, "Arrest", "Domestic"], return_df=True)

crimes_data_encoder = enc.fit_transform(crimes_data)

Bunanenns onucy npaBonopyIieHHs AJis MOAAbII0T BEKTOPI3allii.

crimes_data_encoder.drop(«Descriptiony, axis=1, inplace = True)

[TouaTok BekTopizailii o3Haku Description.

vectorizer = CountVectorizer(min_df=0, lowercase=False)
X = vectorizer.fit_transform(crimes_data.Description)

vectorizer.get_feature_names_out()[:5]

array([‘10’, 10GM’, “18”, <30°, “300°], dtype=object)

x_array_vector = X.toarray()
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JeT Creaté_teature_name():
for word_index in range(0, len(x_array_vector[0])):
yield f"word{word_index}”

vectorize sentenses=pd.DataFrame(x_array vector,
columns=create_feature_name())

37UTTA JaTaceTIB y KIHUEBHM.

ToOTo, BEKTOpI30OBaHWI OMHC ILIIOC KaTeropiajdbHI Ta YHCIOBI JaHi
BIJIIUIEHI J0 TIpoIeca BeKTopi3allii.

end _encoder data = pd.concat([vectorize sentenses, crimes_data _encoder],
axis=1)

Bupinenns tapretHoi 3MiHHOT

X =end_encoder_data.loc[:,:"Year_20"]
y = crimes_data["Community Area"]

y.info()

Crpartidikanis, po3NOATIEHHS Ha TECTOBY Ta HaBUYajlbHY BHOIpKY 3
ypaxyBaHHSIM KJIaciB

sss = StratifiedShuffleSplit(n_splits=2, test_size=0.25, random_state=0)
sss.get_n_splits(X, y)
for train_index, test_index in sss.split(X, y):

print("“TRAIN:", train_index, "TEST:", test_index)

X_train, X _test = X.loc[train_index], X.loc[test_index]

y_train, y_test = y.loc[train_index], y.loc[test_index]

IRAIN: |1141505 0690929 bb4sol ... 1316115 54/421 5/6060| IESI: | 1/6620
1328122 1154987 ... 1115127 581886 170596]

TRAIN: [1226823 1302829 583073 ... 686129 636121 1445654] TEST: [ 65542
9 315432 1321719 ... 991778 883837 1275786]

30epexeHHs CTpaTu(iKOBaHUX JTaHUX

X_train.to_csv("X_train", index=False)
X _test.to_csv("X test", index=False)
y_train.to_csv("Y_train", index=False)
y_test.to_csv("Y_test", index=False)
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2.2.3 TlobynoBa Mmoaeneit 1ist kiaacudikarii

cls = DecisionTreeClassifier(max_depth=19)

model = cls.fit(X_train, y_train)
cls.score(X _train, y_train)

0.660296

cls.score(X test, y test)

0.65606545049213204
knn = KNeighborsClassifier(n_neighbors = 7).fit(X_train, y_train)

accuracy = knn.score(X_test, y_test)
print (accuracy)

model = VWMultiClassifier()
model.fit(X_train, y_train)

y_pred = model.predict(X_test)

print(model.score(X _train, y_train))
model.score(X_test, y_test)

2.3 BucHOBOK

VY TexHiuHOMY PO3AUIl OyJI0 BHUPIIIEHO JBI 3a/1ayl 3 MPUHIIMIIOBO Pi3HUX
oOnacTeil corianbHOI 3HaYUMOCTI. B nepiiii 3agayl Oyna npoaHanizoBaHi 001acTh
JICHUX MOXEX Ta KOHTPOJIO 3a BorHeM. [loOynoBana nmpuankaTHa MOJIeNb, sSKa 3
BHCOKOIO TOYHICTIO BUpIIIYE 33Jauy KiIacu]ikaiii MoKex 3a CTYNEeHEM PHU3UKY
JUUIS. HABKOJIMIITHBOTO cepeioBuilia. B apyriit 3agaui Oysia npoaHalizoBaHa 00JacTh
MPUCTYITHOCTI Ta BUpIIICHA 3a7a4a Kiacu(ikaiii paiioHIB 3a CTYIIEHEM CKOPEHUX

MPaBOMNOPYIICHb.
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BUCHOBKU

VY kBamidikariitHiii poOoTi Oyia po3risHyTa mpodiaemMa KOHTPOIIO JICHUX
MIOKEX Ta MPOoOJIeMa KOHTPOJTIO 3JIOYMHHOCTI y MicTaX. BUSBIEHO KITFOUOBI KPOKU
JUIS  TIoTiepeHboi  00poOku maHux. Po3poOieni Ta HajamToBaHi MO
MAIIMHHOTO HABYAHHS I BUPIMIEHHS mpoOsieM. [HCTpyMEHTOM pillleHHS IS
npoOJieMH KOHTPOJIIO TOKEXK Oynau oOpaHi: 3amadya perpecii Ta KiacTepu3arlii.
[HCTpyMEHTOM pIlIEHHS A TpoOJieMH KOHTPOJIO 3JI0YMHHOCTI Oyna oOpaHa

3a/1ada KjiacTepu3allii.

Jna mepmioi 3amgadi  mepenOaveHHS MOXKIMBOI IUIONII ITOXKEXi, OyB
pO3pOOJICHUI aJrOPUTM TONEPEeAHLOT OOpOOKM JaHUX Ta MOOYAOBU MOJEINIEH

MAalllMHHOI'O HaBYaHH:I.

AnropuTMm nornepeaHboi 00OpoOKM JaHMX: OTpUMaH1 JaHl 3a/1a4l, BUBEJIEHA
3arajbHa CTAaTUCTHUKA 3a JAHUMHU 3ajadi, MOOyJO0BaHI TiCTOrpamu, MoOya0BaHI
rpadiky 3aneXHOCTEN, AOCTIIKEHI B3a€MO3B A3KA MK (pakTopamu, 3HailJeH] Ta

BIJIKOPUTOBaH1 aHOMaJIli Ta MPOIYCKH B IaHUX, HOPMaIi30BaHI JaHl.

AnropuT™M 1OOYIOBM MOJIeNIe MAIIMHHOTO HAaBYaHHA. MOOYyJ0BaH1
perpecopu i MOJIEEeH MaIllMHHOTO HaBYaHHS, HAJAIITOBaHI MOJIEJi MAIlIMHHOTO

HaB4YaHHA, OTpUMaHa OI_IiHKa TOYHOCTI MOﬂeHeﬁ MallIMHHOI'O HaBYaHH:.

OkpemuM Tig3aBAaHHAM OyJIO BHUJUICHO: 3BEACHHS 3ajadi nepeadadeHHs

MOJIMBOI TLJIOIII MOXKEXK1 /10 3a/1aul Kiacu(ikallii MoXKex 3a CTyreHeM HeOe3IeKu.

ANTOpUTM  BUpIIIEHHS  IMJ3aBJaHHSA.  BCTAHOBJCHI  MITKH  JUIS
kiacudikaTopa, crpatudikoBaHi gaHi, MOOyI0BaHUI KiacudikaTop, HaJalITOBaHI

MOJIEJ 1 MAllTMHHOTO HaBYaHHS, OTPUMaHI1 OLIIHKA TOYHOCTI Moje Kiacudikarii.
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[TincymkoM pimeHHs MpooJieMu NepIIoi 3a7a4i € Taki TBEPKCHHS:

JUTSL 3a/adi KOHTPOJIIO HaJ JICHHUMH TOXKEKaMH, a came, NependadeHHs
IJIONI TIOKEXK1, MOTpiOHA BEJIMKAa KIIBKICTh JaHUX, SKOK HEMae y

BIIKpUTOMY JIOCTYII1 310paHa 3a JOTIOMOT0I0 PI3HOMAaHITHUX JAaTYUKIB.

y pamkKax poOOTH 3 JNaHUMHU Mepuioi 3agadi Oyno MPUHATE PIIICHHS B
HECTIIPOMOKHOCTI MOJIeNi TepeadadeHHsl IUION[ MOXKeX, Ta BigMideHa
XOopoIa TOYHICTh MojeNl Kiacudikaiii JICHUX TI0XeX 3a CTYIICHEM

HeOE3IIEKH.

JUIs 337124l Kiacu@ikaiii moexX 3a CTyIeHeM HeOe3IeKH, BeIrKa KiIbKICTh
JAHUX HE MOTPIOHA, 1 BAAETHCS MOOYIyBaTH JOCTaTHBO TOYHY MOJEINb Ha

MaJliX Ta cepeAHiX 00’eMax JaHUX.

I Apyroi 3amadi Oynma HeoOXijHa poOoTa 3 TEKCTOBUMH JIaHMMH, iX

0o0poOka, TeMaTtu3ailisi Ta BEKTOpHU3aLis, o 0yyo 3po0JeHo y poOoTi.

noOy0BaHO MOJIeNb Kiacu(dikallli CKOEHOTO MPaBOMOPYIICHHS 3a palilOHOM

MICTa, sIKa Ma€ JOCTATHIO TOYHICTh Ta € MacIITaOOBaHOIO.
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Honatok A. Bigomicts maTepiauaiB kBaaipiuiiiHoi podoTn
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Biaryk
Ha KBamidikaiiifHy poboTy MaricTpa
cryaeHTa rpynu 124m-23-1 Maptupocsna ['ennanis BrnagucinaBoBuda

cruemianbHocTl 124 CucteMHMI aHATI3

Tema xBamidikamiitnoi pobotu marictpa: «CydacHi METOAM MOMEPEAHbOT
00pOoOKH Ta CHCTEMHOTO aHAJII3y JaHUX JIJISl BUPIIIICHHS COIIAIBHIX 3a]1a4»

OOcar xpamidikamiitnoi poGotu marictpa: 75 c., 28 puc., 6 Tabdn., 3
nonatka, 12 mkepen.

Meta xBamidikaiiitHoi poOOTH MaricTpa: po3B'si3aHHS MPOOJIEMH JIICHUX
MOXKEXK Ta 3JIOYMHHOCTI Y MICTax 3a JIOMOMOIOI0 CyYaCHHUX METOJIB MOMNEePEeTHbOT
00pOOKH JTaHHUX.

AKTyaJbHICTh TeMU 00YMOBJICHA THM, 1110 HA CHOTOJHIINIHIA JIEHb Y CBITI
BEJIMKA KUIBKICTh JIAaHUX 30€pIiraeThCs y CUPOMY BUTJIAIL, TOOTO BUTJISL, Y IKOMY
iX HE MO)XHa TEepelaBaTH B MOJENb HaBuaHHs. Takl JaHl OTPUMYIOTh 3 PIZHHX
JUKEpeJl, HallpuKJIaJ, JaTYMKU Ha MOJSAX, AaHl PI3HUX 1HTEPHET-ONEepaTopiB, JaHl
BEJIUKUX TPOAYKTOBUX MepeX. TOMy TOJOBHOIO METOIO JAaHOI JOCTITHHUIIBKOT
poOOTH € BUBUCHHS ONTUMAJIBHUX, 3 TOYKH 30py MaTEeMAaTHYHOTO OOIPYHTYBaHHS,
MIJXOMIB JJIsl MIATOTOBKU JaHUX JI0 3aBJaHb HaBYaHHS 3 yyuTejaeM (HaBUaHHS Ha
PO3MIUYECHHUX JIAaHUX ) Ta HABUAHHS O€3 BUUTEIIS.

Tema xBamdikamiiiHoi poOoTM MaricTpa Oe3mocepeHbO TMOB’A3aHa 3
00’€KTOM JisUIBHOCTI Marictpa cremianbHocTi 124 Cucremuuit a”ams 1
YIpaBJIiHHS, OCKUIBKHM BKJIIIOYA€ BCl HEOOXIJHI €Talmy CHUCTEMHOIO JOCHTIIKCHHS,
Taki SK aHam3 00’€KTa JOCTIKEHHS, MoOyJAOBY BIAMOBIAHUX MOACIEH 1 ix
3aCTOCYBaHHS JI0 MPAKTUYHUX JTAHUX.

Bukonani B kBamidikaliiifHii poOOTI Marictpa 3aBAaHHS BiANOBiIAIOTH
BUMOTaM JI0 TipodeciitHoi AisiIbHOCTI (haxiBIsl OCBITHBO-KBAMI(PIKAIIHOTO PiBHS
Maricrpa.

IIpakTHYHe 3HAYEHHS 1€ B TIEPIITY YEPTry MOXKIMBICTh MacIITaOyBaTH Ta
NOIIUPUTH OTPUMAHI AITOPUTMHM TONEepeaHbOI OOpOOKM JaHUX Ta MOJENl
MaITUHHOTO HaBYaHHS.

OdopmiteHHs TOSACHIOBAJIBHOT 3aITMCKHU Ta AEMOHCTPAIIMHOTO MaTepially 10
Hei BUKOHAHO 3T1IHO 3 BUMoramu. PoOOTy BUKOHaHO CaMOCTIHHO, BIJIMOBIAHO 10
3aBJaHHS Ta Y TOBHOMY 0OCsI31.

KBamidikarmiitna poOota MaricTpa B IIUJIOMY 3acIyroBy€ Ha OIIHKY:
BIIMIHHO, a i aBTOop Maptupocsu ['.B. 3aciayroBye Ha mpucBoeHHS KBamidikarrii
«MaricTp 3 CUCTEMHOTO aHATI3y».

KepiBauk kBamdikaiiitHoi pobotu
Marictpa, K.T.H., JOIICHT AnexceeB O.M.
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Penensis
Ha KBamidikaiiifHy poboTy MaricTpa
cryaeHTa rpynu 124m-23-1 Maptupocsna ['ennanis BrnagucinaBoBuda

cruemianbHocTl 124 CucteMHMI aHATI3

Tema xBamidikamiitnoi pobotu marictpa: «CydacHi METOAM MOMEPEAHbOT
0OpOOKHM Ta CUCTEMHOTO aHaJI3y JaHUX JUIsl BUPIIICHHS COIIaTbHUX 3a7a9»

O6car xBamidikamiitaoi pobotu Marictpa: 75 c., 28 puc., 6 Tabm., 3
nonatka, 12 mxepern.

BucHoBOK mpo BiANOBIAHICTH PoOOOTH 3aBIAaHHI0 Ta OCBITHBHO-
npodeciiiHiii mporpami cneniajabHOCTI — TeMa Ta 3MICT KBaJi(iKaliiHOT poOOTH
BIAMOBIAa€ BUMOraMm A0 npodeciiiHoi  OisubHOCTI  (paxiBUsg  OCBITHBO-
KBamQikamiitHoro piBHA Marictpa cneuiaabHocTi 124 CucrteMHuid aHams3 1
yIpaBIiHHS.

3aranbHa  xapakrepucTukKa KBajdidgikauniiiHol podoTH, CTYHiHb
BUKOPUCTAHHSI HOPMATHBHO-METOANYHOI JIITEPATYPH Ta NMeperoBOro A0CBiny.
KBamidikariitna po6ota MicTUTh J1Ba po3auid. B iHbopmailiiiHO-aHATITUYHOMY
pPO3IUIl MPOBEACHO JOCTIIHKEHHS METOIB Cy4YacHOI MOIepeaHboi oOpoOku Ta
aHaji3y JaHuX. Bu3HaueHo OCHOBHI 3aja4i JOCTIKCHHS TaHUX.. Y CHEliaIbHOMY
pO3A1Il BUKOHAHO BUPIIICHHS 3a/ayl, Kl € BaXJIUBUMU ISl COLIYMY: TOXKEXKI Y
JICHUX MacuBax, BUJUIICHHS palloHIB MicTa 3a 37M04MHHICTIO. IliqroroBano naxi 3
nux obOnacted 1 MoOyAOBM MoOJeNed MallMHHOTO HaB4yaHHA. OOpaHo Ta
MOPIBHSHO MOJIEJ1 MAIIMHHOTO HaBYAHHSI.

IMo3uTuBHI croponn kBagidikauiiiHoi po6oTu: OCHOBHY yBary B poooTH
OyJ0 TPUAUICHO PO3BIAYBAJLHOMY aHai3y AaHUX. Bylno poO3risHyTO HU3KY
MIIXOMIB 0 BHOOPY MoOJesel, a TakoXX IMOPIBHSAHHS OIIIHIOBAaHHS Ta MOJIETIeH,
HAaBYCHHUX peaJIbHUX JaHUX, HABEJICHUX Y POOOTI.
OcHoBHI HenoJikn KBadidikaniiiHol podoTH:

1) € meBHi 3ayBakeHHs J0 OGOPMIJICHHS, SKIi HE BIUIMBAIOTh Ha
MPAKTUYHY [IHHICTh OTPUMAHUX PE3YJIbTaTIB;

He3Baxatoun Ha BUIIIEBKa3aHi HEMOIIKU, KBamidikaliitHa podoTa Marictpa B
LIJIOMY 3aclIyTOBY€ OLUHKHU: gidminno, a ii aBTop Maptupocsu I'.B. 3acimyroBye
MIPUCBOEHHS KBaJTl(PiKaIlii «MaricTp 3 CHICTEMHOTO aHAITI3Y».

Pernensenr,




