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AHOTALIS

Keamiikamiitna podora Ha TeMy «IHTENEKTYaIbHUA MOIYIb PEKOMEH AL TSt
nepcoHami3alli KOpUCTYBAIlbKOTO JOCBIYy B €IEKTPOHHINA KOMepUii» Ha 3100yTTs
OCBITHBOTO CTyHeHs «OakanaBpy 31 cnemianbHOCTi 122 «Komm roTepHi Haykm»
OCBITHBOI mporpamMu «KoMI'HOTEpHI HayKW» HamucaHa oOcaroM B 45 CTOPIHOK 1
MICTUTH 18 UTrocTpartiid, 6 Tadiauilb, 10AaTOKU Ta 7 BAKOPUCTAHUX JKEPEIL.

Metoro poboth € po3poOKa IHTEAEKTYAIbHOTO MOMAYJS PEKOMEHAIN,
COPSIMOBAHOTO HAa TNEPCOHATIZALIK KOPUCTYBAUBKOTO JOCBIAY B EIEKTPOHHIN
KOMEPIIIi.

MeTtonamu po3poOsieHHS 00paHO METOJ aHamI3y (JUisl TOCIIKSHHS 1ICHYFOUMX
MIIXOMIB 0 PEKOMEHAAIIMHUX CUCTEM), METOJ CHUHTE3Y (IUlsl MOEJHAHHS TEpeBar
ICHYFOUMX METOAIB), METOAM MOJEIIOBAHHS (AJI1 MPEACTABICHHS Ta JOCIIIKCHHS
OPOLECIB  PEKOMEHAALINA), METOA TNOPIBHAIBHOIO aHamizy (A OLIHIOBAHHS
a7ICKBaTHOCT1 MOJIENT PeKOMEH A1 ).

BrHacnmiaok BUKOHAaHHS poOOTH OOIPYHTOBAHO PALIOHABHUA MIAXIA 10
PO3pOOSIEHHS MOJIENECH PEKOMEHAIId Ta PO3pOoOJEHO MpOorpamMHUil 3acid, sSKuid
JI03BOJISIE CTBOPIOBATH 1 AOCIIKYBATA MOJIE1 PEKOMEHAAITIH.

Pesynmbrarn AOCHIKEHHS MOXYTh OyTH BUKOPHCTAaHI B HAyKOBO-IOCIIITHUX
YCTaHOBax 1 MIAPO3AUIAX MIAMPUEMCTB, L0 3aMMArOTBCA PO3POOICHHIM MOJACICH
PEKOMEHTAITIHA.

Kmouosi crosa: PEKOMEHJJALIIMHI CUCTEMM, TTEPCOHAJII3AILIIS,
MAIIIMHHE HABUYAHHS, EJJEKTPOHHA KOMEPIIS, THTEJIEKT YAJIbHAM
MO VJIIb.



ANNOTATION

Qualification work on the topic «Intelligent recommendation module for
personalizing user experience in e-commerce» for Bachelor’s degree on speciality 122
«Computer Science» educational and professional program «Computer Science» is
written on 45 pages and it contains 18 figures, 6 tables, an annex, and 7 sources.

The purpose of the work is to develop an intelligent recommendation module
aimed at personalizing the user experience in e-commerce.

Research methods include analysis (to study existing approaches to
recommendation systems), synthesis (to combine the advantages of existing methods),
modeling (to represent and study recommendation processes), and comparative
analysis (to evaluate the adequacy of the recommendation model).

As a result of the work, a rational approach to the development of
recommendation models was substantiated, and a software tool was developed that
allows creating and researching recommendation models.

The research results can be used in research institutions and enterprise
departments involved in the development of recommendation models.

Keywords: RECOMMENDATION SYSTEMS, PERSONALIZATION,
MACHINE LEARNING, E-COMMERCE, INTELLIGENT MODULE.
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BCTVII

AKTYaIbHICTh JOCHIPKEHHS TOJSAra€ B TOMY, IO B CY4YaCHOMY CBITI
€JICKTPOHHA KOMEPIIIS CTa€ BCE OLIbII BAKIUBOIO CKJIAJOBOK EKOHOMIKH, a OTXKE,
NIABUIIYETHCS 3HAUYECHHS NEPCOHAII30BAHUX PEKOMEHAALIA Ui KOPUCTYBAYiB.
3aBAsKM [MUPOKOMY JOCTYIY 0 [HTEpPHETY Ta 3pOCTAKOUYOMY MONUTY HA OHJIAIH-
NOKYIKH, MiJMPHUEMCTBA EJIEKTPOHHOI KOMEpLIi AKTUBHO IIYKalTh CIOCOOH
NOKPALIEHHS! KOPUCTYBALBKOIO JOCBIAY. Y IbOMY KOHTEKCTI PEKOMEHJIALIHH1
CUCTEMH, 3/1aTH1 aIanTyBaTHCS JI0 1HIMBIAYAJIbHUX MOTPEO KO’KHOTO KOPUCTYBAya,
CTAOTh KJIFOYOBHM 1HCTPYMEHTOM [Uisl 30UTbLIEHHS MPOJAXIB Ta BIATPUMAHHS
JOSTIBHOCTI KITIEHTIB.

JloCHIDKEHHST aKTyalbHE 1 3 MPAKTHYHOI TOYKH 30pYy, OCKUIBKHM YCIIIIHA
peatizanisi IHTEJICKTY aJIbHUX MOJTYJIIB PEKOMEHAAIII MOKE MPU3BECTH O 3HAYHOTO
3pOCTaHHS KOHKYPEHTOCIPOMOKHOCTI KOMMAaHIi B €1eKTPOHHIN komepuii. Taki
MOAYJl JO3BOJISATH MIANPUEMCTBAM 3a0€3MEUYATH KJIIEHTAM MEPCOHAII30BaH1
MPONO3UILLIi, IO BIAMOBIJAKOTH iXHIM 1HAWBIIYyAJTbHUM NOTpedam Ta BIOJ0OAHHSIM.

KpiM TOro, akTyaqbHICTH JOCHIIKEHHS MIATBEPHKYETHCS 3POCTAIOUUM
IHTEPECOM 10 PpO3pOoOKM Ta BIPOBAKCHHS 1HHOBALIMHUX TEXHOJIOTIH B
eNeKTPOoHHIN koMmepiii. [IITydHuii IHTENIEKT Ta MAlIMHHE HABYAHHS BXKE 3HAXOSTh
HIMPOKE 3aCTOCYBAHHS B PI3HUX TaIy3sX, 1 iXHE BUKOPUCTAHHS B PEKOMEHJALIIHHIX
CUCTEMAX € JIOTIYHUM KPOKOM JUIsl ONTHMI3alli mpouecy miadopy TOBapiB Uis
KOPHCTYBaYIB.

[TparHeHHs 10 MiABUINEHHS €(PEKTUBHOCTI Ta NMEPCOHAI3aLli B €NEKTPOHHIN
KOMEpIi BIIOOPAKAETHCS B 3pOCTAOUOMY 00CS31 JOCIIKEHD Ta PO3pO0OK y 11
ramy3l. [IIupokuii CEeKTp METOMIB Ta MIAXOAIB, MPEACTABICHUX Y JITEpaTypl,
CBIAYHTH MPO AKTUBHUI THTEPEC 10 MOLIYKY ONTHUMAJIBHUX CTPATErii MiABHILEHHS

e(PEKTUBHOCTI PEKOMEHAALIHHAX CHCTEM B EJICKTPOHHIM KOMEpILii.
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Mertoro poboTH € po3po0Ka  IHTEIEKTYaJbHOTO MOJYJISl PEKOMEHMAIIIH,
COPSIMOBAHOTO Ha MEPCOHANIZALIKD KOPUCTYBALIBKOTO AOCBIAY B EJICKTPOHHIM
KoMepiii. JlJis TOCATHEHHS 111€i METH HEOOX1THO BUPIIIMTH HACTYITHI 3aBJaHHS:

1. TIpoBecTr rMMOOKHIA aHANI3 EJIEKTPOHHOI KOMEPLI K MPEAMETHOT 001acTi.
2. BuBYMTH NPUHLKINK Ta METOAOJOrIT Cy4YaCHUX PEKOMEHALINHNX CUCTEM.

3. IlpoananizyBaTH iICHYHOUl PILICHHS Y Taly31 PEKOMEHAALIHHAX CHCTEM.

4. Po3pobutu ITOPUTMIYHE Ta 1H(popMarLiiiHe 3a0e3neueHHs

PEKOMEHAAIIITHOTO MOTYJIS.

5. IlpoBecTn aeTanbHUWA aHal3 Ta MOJEIIOBAHHS BUKOPHUCTOBYHOUM HAOIp

JaHHX.

6. BizyanizyBaru pe3ynbTary KiacTepu3allli Ta aHajli3y rOJIOBHUX KOMITOHEHT.

OO0'eKTOM DOCHIIKEHHS € MPOLEC NEPCOHATIZALT KOPUCTYBALbKOTO JOCBILY
B EJICKTPOHHIM KOMEpILii.

[TpeaMeTom TOCTIKEHHS € METOAM PEKOMEHIALIHHUX CUCTEM B KOHTEKCTI
nepcoHalTi3alii KOpUCTYBALBKOTO TOCBIAY B €JICKTPOHHIM KOMEPIIi.

MeTtonn MOCHIKEHHS BKJTFOYAKOTh AHAI3 ICHYIOUMX PEKOMEHAAIHUX
cucTeM y cdepl €IEKTPOHHOI KOMEPIli 3 METOK BUOOPY HAHOUIbII €()DEKTUBHUX
M1XO/1B JUIsl MEPCOHANI3allii KOPUCTYBalbKOro A0CBiay. le OXOmmtoe K KiTbKICH1
METOJM, TaKl K aHa3 JaHWX Ta CTATUCTHYHI METOMH, TakK 1 SKICH1 IIJIXOJH,
HANPUKIIAJ, OTJISA JITEPATYPU Ta EKCIEPTHI OLIHKA. BUKOPUCTaHHS LUX METO/IB
J03BOJISIE  3AIMCHUTA  KOMIUIEKCHMM  aHaii3  PI3HOMAHITHHX  aCIEKTiB
PEKOMEHAIIAHUX CHCTEM 1 BHOpAaTH ONTUMAJbHWI WUIAX [JIs MOAATBIIOTO
JOOCHIKEHHS.

[TpakTiyHe 3HAYCHHS AOCHIIKEHHS MOJIATaE B PO3pOOLl 1 BIPOBAIKEHHI
e(PEKTUBHUX IHTEIEKTYAIbHUX MOJYJIIB PEKOMEHAAI Jans mnepcoHam3arii
KOPHUCTYBAIIbKOTO JOCBIAY B €IEKTPOHH1M KoMepitii. [{e 103BOMTE MiANPUEMCTBAM
3aiydaty OUIbII€ KITIEHTIB, MIABUILYBATH KOHBEPCIO Ta 301UIbLIyBaTH OOCATH
OPOA@KIB 32 PaXyHOK TOYHMX Ta PEJICBAHTHUX PEKOMEHJAIll MpoaykTiB alo

nocnyr. KpiM TOro, BIOCKOHAJIEHHS PEKOMEHAALIMHMX CUCTEM CIPUSATHUME
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MIJBUIIEHHIO 3aI0BOJICHHS KJIIEHTIB Ta 30€PEKEHHIO IXHBOI JIOSUTBHOCTI, 10 Mae
KJIFOUOBE 3HAYEHHS [T YCIIIITHOI AISUTBHOCTI B CY4aCHOMY HU(POBOMY PUHKOBOMY
CEPEIOBUIIII.

Crpyktypa Ta po3mip pobotu. KsamidikaiiitHa poOoTta CKIamaeTbes 13
BCTYNY, TPhOX PO3/UTIB, BUCHOBKIB 1 CIIUCKY BUKOPUCTAHMX JIKEPEN. 3arajibHuit
o0csar pobotn cknangae 45 CTOPIHOK KOMITKOTEPHOTO TEKCTY, BKIIFOUarouu 18
PUCYHKIB 1 6 Tabmuip. Y CNKMCKY BUKOPHCTAHMX JKEPEN 3a3HAYEHO 7 HAa3B, sKi
3aiMarOTh 2 CTOPIHKH.

Anpo0aitisi pe3yJibTariB AOCHKeHHS. OCHOBHI TEOPETUYHI TMOJIOKCHHS
poOOTH i MpaKTHYH1 PE3YyJAbTATH TOCHIKEHHS AOMOBIIANKCS i oOroBoproBamcs V
BceeykpaiHChkoi MYyJTbTHAMCHMILIIHAPHOT CTYJEHTCHKOI HAyKOBOI KOHQepeHuii
«PO3BUTOK Cy4acHOT HAyKH: aKTyalbHI MUTaHHS TEOpli Ta MNPAKTUKH», sKa

BinOynacs 19 kBiTHs 2024 poky y micTi TepHonisb, YKpaiHa.
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1 AHAJII3 [MTPEAMETHOI OBJIACTI I TIOCTAHOBKA 3ATAUI
JOCJIIJDKEHHA

1.1 Ornsa enekTpoHHOI KOMEpLIi IK TPeaMETHOT 00acTl

EnexTpoHHa KOMEpIIis, 3HAHA TAKOXK K €-KOMEPLIsl, TOYaia CB1i PO3BUTOK Y
1970-x pokax 3 mosiBu nepmmx KoM 'rotepHux Mepex. ARPANET, npenreua
cyuacHoro [atepHery, Ta EDI (Electronic Data Interchange) Gynu cepen mioHepiB
M PpoBOT  €MOXM, JO3BOJISIFOYM KOMIMAHISIM OOMIHIOBATHUCS JOKYMEHTaAMHM Ta
OPOBOAMTH KOMEPIIIIHI TPaH3aKI[li B €IEKTPOHHOMY BUIIIsiAl. Lli panH1 TexHOonorii
3aKJIaTd  OCHOBY Ul TNOJANBIIOTO  PO3BUTKY  €-KOMEpLIi, sKa 3HAYHO
TpaHcopMyBajiacs 3 PO3BUTKOM I[HTEpHETY Ta BEO-TEXHOJIOTIH y KiHII XX
CTOJITTSL.

[TpoTsiroMm HACTYMHUX ACCATHIIITH EIEKTPOHHA KOMEPLSl €BOJIOLIIOHYBaa y
BKJIMBHI CETMEHT CBITOBOI EKOHOMIKH. L{el po3BUTOK OyB MiACUICHHWI 3HAYHUM
3pPOCTAHHSIM  IHTEPHET-TEXHOJIOTIH, [0 JO3BOJWJIO  JOCAITA  TJIOOABbHOI
JOCTYIHOCTI Ta 3PYYHOCTI y TOprieil. CydacHWil CTaH €JIEKTPOHHOI KOMEpIi
XapaKTEPU3YEThCsl  IHTCHCUBHOK  KOHKYPEHLIEH MDK  IiargopmamMu  Ta
MarazuHamu, 010 CHOHYKAE iX 10 MOCTIMHUX 1HHOBALINA Ta BAOCKOHAICHHS.

OmHMM 13 KIIFOYOBHMX AacCMEKTIB CYYacCHOi €-KOMEpLii € BUKOPUCTaHHS
MOOITBHUX TEXHOJOTIH. 31 301JIbLIEHHSIM KIJIbKOCTI KOPUCTYBadiB cMapT(OHIB Ta
MOOUIBHOTO IHTEPHETY, Mara3uHu CTUKAKTHCS 3 HEOOXIJTHICTIO ONTUMI3YBaTH CBOi
OHJIAH-TIaTGOPMU U1 MOOUTBHAX TPUCTPOIB, 3a0€3NEUy0UN 3pyUHUI 1 LIBUIAKUH
JOCTYII IO CBOiX TOBAPIB TA MOCIYT.

[HTErpamis mMTy4YHOro iHTENEKTY BIAKPHIIA HOBI MOKJIMBOCTI IJIsl ONTUMI3ali
KoMepuiHux mnpoueciB. [IITy4HHUHA 1HTENEKT BHKOPUCTOBYETBCS JUIS AHAI3Y
BEIIMKUX OOCSTIB JAHWX MPO MOBEIIHKY KOPHCTYBAaYiB, IXHI NMEPEBATUA Ta 1CTOPIKO
NOKYIIOK, 110 O3BOJIAE€ HE TIJIbKKA MOKPALIMTH NPOLEC BUOOPY Ta MOKYIKH, aje i

3HAQYHO MEPCOHAIZYBATH KOPUCTYBALIbKUA TOCBII. 1€ CTBOPHOE MOKIIMBOCTI JJIst
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BUCOKOAQIANTUBHUX PEKOMEHAALINHUX CHCTEM, SIKI MOXKYTh TPOMIOHYBATH TOBapH
Ta TOCIAYrd, LI0 HaWKpalle BIANOBIIAKOTh IHAWBIAYATbHUM 3alMuTaM Ta
OUIKYBAHHSIM KJTIEHTIB,

Taka mnepcoHamizamis HE TUIBKM CIPUSiE€ 3POCTAHHIO MPOJAXIB, ane i
OIABUIIYE JIOSUTBHICTh KJIIEHTIB, POONSAYM iXHIA JOCBI MOKYNKHA OUIBII
3aI0BIJIBHUM Ta KOM()OPTHUM.

EnexTpoHHa KOMeEpIis, sKa 3a CBOEK CYTTIO € HU(POBUM MPOBEICHHSM
TOPTIBJ1, OXOIUIIOE MUPOKHA CIEKTP O13HEC-MOAETIEH, KOXKHA 3 IKMX BIAIIPAE CBOKO
posib y (popMyBaHHI Cy4acHOro puHKy. Cepell OCHOBHUX O13HEC-MOJCNICH MOXKHA
Buaiuti  B2B  (business-to-business), B2C (business-to-consumer) 1 C2C
(consumer-to-consumer), KOXHa 3 KX 3a3Hajia BIUIMBY TEXHOJIOTTYHUX 1HHOBAIIIH
1 3MIHWJIA CBOi OMEpPATHBHI CTPATETIi BIAMOBIAHO A0 NOTPed nuppoBoi enoxu.

1. B2B moxeni cranu OuIbII €PEKTUBHUMU 3aBASKA aBTOMATH3ALlIi TPOLECIB Ta
BUKOPHCTAHHIO CHCTEM EJICKTPOHHHMX 3aKyIIBENb, SKI JO3BOJSAIOTH
KOMIAaH1sM €(PEKTHUBHO B3aEMOJIATH MK COOOI0, MIHIMI3YIOUM TPAAMLIKAHI
Oap'epu.

2. B2C komepuiss BUKOPUCTOBYE MPSMHUNA 3B'SI30K 3 KIHUEBUM CHOKHBAYEM
yepe3 OHNaiH marGopMu, 1€ KIKYOBE 3HAUYEHHS Ma€ 34aTHICTh CHCTEMHU
pEKOMEHAIlI aganTyBaTy TOBApHI MPONo3uilli 10 nmoTped 1 BNOA0OAHb
KOPHCTYBaYIB.

3. C2C mogens cnpusiia 3pocTaHHio miargopM, Takux sk eBay abo Etsy, ne
KOPHCTYBa4l MOXKYyTh O€3MOCEPEIHBO MPOAABATH TOBAPW OJUH OJHOMY,
CTBOPIOKOYM ACLICHTPATI30BaH1 PUHKOB1 MAaliJaHYHKH.

ConianpHl Meaia TpaHc(OpMyBaliM NEH3aK €-KOMEPIIi, CTaBIIM MOTY>KHAM
THCTPYMEHTOM JUISl OPSIMUX MNpPOJaxiB. bpeHam Ta wMam OANPUEMCTBA
BUKOPHCTOBYIOTh MIAT(POPMHU COLIATBHAX MEJia Il HEMPAMOTO0 MapKETHHIY Ta
0€3MOCEPEIHBOr0 3AYUYEHHS CIOXUBAYIB, MO J03BOJIIE M OUIbII €(PEKTUBHO

B3a€EMOJISTH 3 KIIIEHTYPOIO 1, BIATOBIHO, 3011bIIYBATH KOHBEPCIi TPOJAXKIB.
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TexHosorist OJJOKYEHH MPOMOHYE PEBOIOMIMHMEI MiAXia 10 3a0€3MeUCHHS
Oe3neKn TPaH3aKUIH, JO3BOJISIOUN 3I1HCHIOBATA OOMIH JAaHHUMH 1 BAPTOCTSIMHU B
HAA1MHANA Ta HE3MIHHUI CMOCIO, IO MA€ BEJIMKE 3HAUCHHS [T 30€PEKEHHS JOBIPU
CHOYKMBAYIB.

MamvHHEe HaBYaHHS 1 AHANITHUKA BEIMKUX JAHUX CTaJld OCHOBOK MJIs
PO3pOOKH ~ QJITOPUTMIB, $IKI MOXKYTh HPOTHO3YBATH MOBEAIHKY MOKYIILIB,
ONTUMI3YBATH 3allaCh Ta NMEPCOHANI3YBATH PEKJIAMHI KaMIlaHii, BAKOPUCTOBYOUH
BEJIMYE3HI 00CITH 310paHuX JaHWX JJIsl BUSIBICHHS 3aKOHOMIPHOCTEH 1 TEHACHIIINA
MOKYTIOK.

[HHOBaWIMHI TEXHOJOrIi, TakKl $K PO3LWIMPEHA PEATBHICTH 1 TOJOCOBI
NOMIYHUKH, PO3IIMPIOIOTE MOXKJIMBOCTI B3a€EMOJIi 3 TOBApOM, AO3BOJISIOUA
CHOXKMBAYaM BIPTYaJTbHO "MPUMIPATH" TOBapU a00 BHKOPUCTOBYBATH TOJIOC JUIS
YOPaBIiHHS TOKYNKaMHW, IO poOuTh mnpouec Oilpll IHTEPAKTUBHUM 1
MEPCOHAII30BAHKM.

[[i Ta iHOI TPEHAM HE TUIBKK CHPUSAIOTH 30UIBIICHHIO €(PEKTUBHOCTI
EJICKTPOHHOI KOMEpIL1i, ajie i aKTMBHO BIUIMBAKOTh HA CTPYKTYPY CHOKMBYOTO
PHHKY, 3MYIIYIOUYM MIIOIPHEMCTBA aJaNTyBaTH HOBI CTPATErii Ta TEXHOJOTI s
BWOKMBAaHHS 1 YCHIXy B yMOBaxX MOCTIHHOT KOHKYPEHLIi 1 3MIHHUX BHMOT

CITOKMBAYIB.

1.2 IlpuHOMnu Ta METOAOJIOTTT PEKOMEHAALIHHAX CHCTEM

[TpuHIMIH Ta METOAONOTIT PEKOMEHJAIHHIUX CUCTEM CKITAat0Th OCHOBY IS
CTBOPEHHSI IHTENECKTYaJIbHUX I1HCTPYMEHTIB, IO MOKJIMKAHI MEPCOHANI3yBaTH
JOCBIJl KOPHCTYBayiB B €JICKTPOHHINA Komepuli. PexkomeHpaauiiiHi cucTeMu
AQHATI3YIOTh BEIMYE3HI OOCATH JaHWUX MPO MOBEAIHKY KOPHCTYBadyiB, iXH1
BIIOJAOOAHHS Ta ICTOPIKO B3aeMOMIA, 100 BHOYIOBYBaTH IEPCOHATI30BaH1
MPOMNO3UIli MpoaykTiB ado mnocayr. Lled miaxigx Moke 3HAYHO MIABUIIUTH

e(PEKTUBHICTh MAPKETHHIOBUX CTPATETIH Ta COPUSTH MIABULICHHIO POJAXIB.



13
Kiro4oB1 NpUHIMITY PEKOMEHAALTHHAX CUCTEM:

1. Tlepconamizamis: PexomeHpmamiiiHi  cucTeMHM  MarwTh  3a0e3medyBaTH
1HAMBIAyTI30BaHl MPOMO3MLIT Uil KOKHOTO KOPHCTyBada, BHXOISYM 3
aHaJTIi3y HOro MUHYJIMX M1, IEpEBar Ta IHTEPaKUii Ha MIaTdopmi.

2. MacmraboBaHiCTh: 3 OISy Ha BEIMKI OOCATH KOPHUCTYBAYiB Ta JaHUX Y
CUCTEMAX €-KOMEPIII, PEKOMEHAAIIMHI CUCTEMU MarOTh OYyTH 37AaTHI
MacmTaOyBaTucs Juisi 0OpOoOKH 30UIBIICHOTO HABAaHTAKCHHS O€3 BTpaTh
OPOAYKTHBHOCTI.

3. ApantuBHICTE: CHCTEMHM NOBHHHI IIBHJKO pearyBaTH Ha 3MIHW y TTOBEIIHI
KOPHCTYBA4iB T4 PUHKOBUX YMOB, aJalTyIOUd PEKOMEHMALli B PEATIbHOMY
qaci.

PexoMeHaliitHi CMCTEMH MOKYTh BUKOPHCTOBYBATH JCKUIbKA MIAXOMIB Ta
AIITOPUTMIB, CEPEN SIKUX:

1. KomaboparupHa (pinpTpariis: Lieit meTon 0a3yeTbes Ha T1NOTE31, IO JIFOIHU, K1
OJTHAKOBO OLIIHMJIM OJuH Halip 00'€KTiB, IMOBIPHO OJHAKOBO OL(IHATH 1HII
00'ekTH. ANropuT™Mu KoaabopaTuBHOI (PiTbTpalii MOKyTh OyTH MOALIEH] HA
NIIXOAW 3aCHOBAHI Ha MaM'aTi (KOPUCTYBAd-KOPHUCTyBad ab0 €IEMEHT-
€JIEMEHT) Ta MOJEbHI (BUKOPUCTAHHS METOJIB MATMHHOTO HABYAHHS st
MPOrHO3YBAHHS OLIHOK).

2. KonrenT-0azoBana ¢inbrpanis: el maxia peKoMeHaye 00'€KTH, CXO0KI Ha
Ti, SIKI KOPUCTyBauy OLIIHWB IO3WTUBHO B MHHYJIOMY, BUKOPHCTOBYIOUH
MeTaaaHi 00'€KTIB, TaKl K >KaHPH PuUIbMIB a00 KaTeropii TOBapiB..

3. I'iOpuani cucremu: KomOiHamis kogabOpaTHMBHOI Ta KOHTEHT-0A30BaHOI
¢GinbTpamii s NOA0JaHHS OOMEKEHb, 1HEPEHTHUX KOXKHOMY MIAXONY,
30KpeMa MHUTAHHS MOYATKOBOTO XOJIOJAHOIO CTapTy Ta OOMEKEHOi o0nacti
OXOILJICHHSI.

BukopuctanHs nHMX METOAOJOrI T03BOJIIE CTBOPIOBATH OUIBII TOYHI Ta
e(PEKTUBHI PEKOMCHJALIHI CHCTEMH, SIKI MOXYThb CYTTE€BO TMOKPALIUTH

KOPHUCTYBAallbKAA JOCBIA Yy c(depl €NEeKTpPOHHOI KOMepiii, 3abe3nedyroun
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KOPHCTYBa4aM TOBAPH Ta MOCIYTH, sIKI HAOUTbIIE BIANOBIIAOTh IXHIM IHTEpECaM

Ta noTpedam.

1.3 Ornsia iCHYrOUMX PILIEHB

[Tepconanizaliiss KOPUCTYBABKOIO JOCBIAY B cpepi €IEKTPOHHOI KOMEPLi €
KPUTUYHO BaKJIMBUM ACMEKTOM, 110 CHPUSIE MIJBALIEHHIO 3aI0BOJICHHS KJIIEHTIB 1
3pPOCTaHHIO MPOJaXKiB. PO3yMIHHS 1HAWBIAYAJIbHUX MEPEBAr CIOXKUBAYIB Ta iXHIX
MOBEATHKOBUAX MOJICTICH O3BOJISIE KOMIAHIAM €(PEKTUBHIIIE 3BEPTATUCS A0 MOTPEO
KOKHOTO  KOpUCTyBaya.  [HTENEKTyajbHI  MOMYJI  PEKOMEHAAIlli,  sKi
BUKOPUCTOBYIOTh MEPEIOBI TEXHOJIOTIi MAIIMHHOTO HABYaHHS Ta MITY4YHOrO
THTEJIEKTY, BIAICPAIOTh KIKOYOBY poJib Y Ppeam3amii [UX NepCOHATI30BaHUX
cTparerid. Jlns UmrocTpaiii  bOro, PO3MJASHEMO M'STh  JOCHIKEHb, SKi
JEMOHCTPYIOTh PI3HI MIAXOAM Ta METOAUKKA Yy CTBOPEHHI Ta BJIOCKOHAJIECHHI
THTEJIEKTYAJIBHAX CHCTEM PEKOMEHAL B KOHTEKCTI €EKTPOHHOT KOMEPIIi.

Tabmuns 1.1 BimoOpakae Ha3BM BHOpaHUX JOCHIDKEHb, 4 TAKOX iXHI
NepeBark Ta HEJIOJIKK HAa OCHOBI IOCTYIMHUX JaHUX.

Tabmung 1.1 - O iCHyrOUMX pillieHb

Ha3zBa pocuigxeHHst IlepeBaru Henoaiku
"PCFinder: An Intelligent | EfextuBHe inTerpyBansst | OOMeKeHHS NOCTIIKEHHS Y
Product Recommendation | MogysiB ~ MOIIYKYy — Ta | pO3IIUPEHHI
Agent for E-=Commerce" [1] | ynpaBniaas 6a3aMu aHuX. | QyHKIIOHAJIBHOCTI areHTiB.
"Personalized recommender | ITopiBHsIBHNI aHasi3 | 30cepeKeHHs JINIIE Ha ABOX
systems in e-commerce and | mokasye KJIFOYOBI | THMAaX KOMEpIi, MOXKe He
m-commerce: a comparative | BiAMIHHOCTI Ta | BpaxOBYBaTH 1HII
study" [2] e(peKTUBHICTb CHCTEM Yy | IOTEHIIHI obacrti
PI3HUX KOHTEKCTaX. 3aCTOCYBaHH;I.
"Improving the usability of | [Tokparenns MoskirBa BUCOKa CKJIQTHICTh
an e-commerce web site | KOpUCTYBAIbKOTO iHTerpauii Ta  yIpaBJiHHSI
through personalization" [3] | inTepdeiicy [IJISIXOM | IEPCOHAII30BAHUMHU
nepcoHai3arii, IO | KOMITIOHEHTAMHU.
301NIbIIye  3aIOBOJICHICTh
KOPHUCTYBaya.
"Personalizing similar | InHoBamifinuit miaxig g0 | CnenudiyHicTs [0  OmHIEL
product recommendations in | nepconamizanii rajgysi Moxe OOMeXyBaTH
fashion e-commerce" [4] peKoMeHpaliii y MOMHIH | yHIBEPCAIbHICTD METOUKH.
IHOyCTpii, INO TiJBHIIYE
PEJIEBAHTHICTb POAYKTIB.




"OntoCommerce: an
ontology focused semantic
framework for personalised
product recommendation for
user targeted e-commerce"

[5]

BukopucranHs oHTONOTIH
st CEMaHTHYHOTO
PO3YMiHHS
KOPUCTYBaLbKUX MOTped i
1 ABULIEHHS TOYHOCTI
PEKOMEH AL .

[TotpeOye rmubOOKNX 3HAHDL B
obuacrti CEMaHTHUYHHAX
TEXHOJIOT# Ta OHTOJIOTIH, 1110
MOXKE YCKJ'IaI[HI/ITI/I
BHpOBaH}KeHHﬂ.
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Hame pocnimkeHHst BiAPI3HAETBCA BiJ MPEACTABICHUX BULIE POOIT 3a
KUTbKOMa KJIIOYOBMMHM MapameTpamu. [lo-mepiie, Mu  30Ccepe/rKyemMocs Ha
rTMOOKOMY 1HTETPYBaHHI MOBEIIHKOBMX JAaHWUX Ta KOHTEKCTHOI 1H(opmari s
CTBOPEHHS IMHAMIYHOI MOJEI PEKOMEH IAL(IH, 110 34aTHA aJanTyBaTUCS 10 3MIH Y
NOBEIHII CIIOKMBAYIB B PeajibHOMY 4aci. Ha BiAMiHY BiJ CTATUYHHUX METOJIB, SKi
YacTO BUKOPUCTOBYIOTHCS B TPAAMLIMHAX CHCTEMAax, HAll MiIX1J BHUKOPUCTOBYE
MalIMHHE HABYaHHS I aHAIi3y Ta NPOrHO3YBaHHS MOTCHLIMHUX 1HTEPECIB
KOPHCTYyBa4a Ha OCHOBI MO0 OCTaHHIX aKTUBHOCTEH Ta B3a€MOJIH 3 MPOAYKTAMH.
Lle no3Bonsie 3a0€3neUnTH BUCOKY TOUHICTh Ta PEJIEBAHTHICTH PEKOMEHIALLTHA.

[To-apyre, naHe MOCHPKEHHS BKJIIOYAE PO3POOKY aJIrOPUTMIB  JUIs
BU3HAUEHHS BIUIMBY 30BHIMIHIX YAHHUKIB, TAKAX SIK CE30HHICTh, PEKJIAMHI aKIli Ta
COLIAJIbH1 BIUIMBH, HA MOBEAIHKY MOKYMIIB. MU pO3poOuiN IHTErPOBaHY CHCTEMY,
10 BPaxOBY€ HE TUIbKH ICTOPWYHI JaHI MOKYIOK, aji¢ i aKTyajbHI TPEHAH B
COLIAJIbHUX Me/ia Ta BeO-aHamTull. Lleit koMmieKCHu miaxia J03BOJISE HE TUIBKH
aJanTyBaTH MPOMO3MIII A0 OCOOMCTHX ynoao0aHb KOPUCTyBauiB, ane i
BPaxOBYBATH 3arajlsHy PUHKOBY CUTYaIllt0, 110 30UTbIIY€E 3arajibHy €(EKTUBHICTh

PEKOMEHAAIIITHOT CUCTEMU B €JICKTPOHH1A KOMEPILIi.

1.4 BuOlip nepcneKTUBHOIO HUISAXY 1 MOCTAHOBKA 3a/1a4l AOCTIIXKCHHS

AKTYyaJIbHICTh HAIIOTO AOCIIKEHHS MOJISIrae y BAKIIMBOCTI MEPCOHAMi3ali
KOPHUCTYBALbKOTO JOCBIy B YMOBAaxX CTPIMKO 3POCTArOUOr0 PUHKY EJIEKTPOHHOI
komepuii. CydacHWH CHOXKHMBA4 3HAXOAUTBCS B ILEHTPl O€3/mul PeKIaMHHUX
OPONO3ULii, TOMY 3JATHICTE TOYHO 1 €(PEKTHMBHO PEKOMEHAYBATH TOBApH, SKI

BIINOBIIAOTE HOro moTpedaM 1 mepeBaram, MOKE 3HaYHO 30LUTBIIATH JOSIBHICTh
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KJIIEHTIB Ta 3arajibHUi oOcAr mpoaaxiB. [liBUINEHHS TOYHOCTI PEKOMEHJAIIIH,
3aCHOBAHMX Ha TMMOOKOMY aHalli3l MOBEAIHKOBHMX MATEPHIB Ta 1HAMBIAYATBHHUX
XapaKTEPUCTHK KOPUCTYBAYIB, € KJIFOYOBMM YHMHHUKOM KOHKYPEHTOCIPOMOXKHOCTI
HA PUHKY.

3aBasgKkM IHTErpalli MepeOBUX TEXHOJIONH aHATITUKA BEJIMKUX JAHMX 1
MAIIMHHOTO HABYAHHS, HAaIa poO0Ta COPSIMOBAHA HA CTBOPEHHS 1HTEJIEKTYAIBbHOI
PEKOMEHJAIIHOI CHCTEMH, KA MOXKE a[anTyBaTUCS 10 3MIH y CHOKMBaLbKHX
ynoao0aHHsAX Ta AMHAMIYHO PearyBaTH HA PUHKOBI TeHACHII. Lle He TUIbKuM cripusie
NIABUIICHHIO €()EKTUBHOCTI PEKIAMHUX KammaHid, ane W 3abe3neuye Ouiblly
3a/I0BOJIEHICTh KOPUCTYBAYIB, 1110, Y CBOK YEPry, 3MIIHIOE MO3MUIIII KOMITaHIi Ha
pPUHKY. Takum 4MHOM, Halle TOCIIPKEHHS BHOCUTh BOKIMBUI BKJIAJ y PO3BUTOK
TEXHOJOTI AN €JNEKTPOHHOI KOMEPIi, AaKUEHTYHUM Ha MEepCcoHA3alii sK
CTPaTEriuyHOMY PeCypci Iuisl JOCSITHEHHS O13HEC-LIIEH.

Meroro 0GakanaBpchbkoi poOOTH € PO3poOKa  IHTEICKTYAJIbHOIO MOJYJIsS
PEKOMEHANli, COPSIMOBAHOTO HA MEPCOHATI3ALIKD KOPHCTYBALBKOIO IOCBIAY B
EJICKTPOHHIN KoMepuii. [l OCATHEHHS 11€] METH HEOOX1JHO BUPIIIMTH HACTYTHI
3aB/JIAHHS:

1. IlpoBectn rmuOOKMiA aHAali3 €1EKTPOHHOI KOMEPLIT K MpeaMeTHOI 00acTi,
BKJIFOUYHO 3 ii ICTOPHYHUM PO3BUTKOM, CyYaCHUM CTAHOM Ta OCHOBHHUMH
TPEHIAMHU.

2. BuBYHMTH NPUHOMOM Ta METOAOJIOT] Cy4aCHUX PEKOMEHIALIIHIX CUCTEM, 3
AKIIEHTOM Ha iXH€ 3aCTOCYBaHHS B EJICKTPOHHIM KOMEpILii.

3. IlpoanamidyBaTH IiCHYIOYl PILIEHHS y Taly3l PEKOMEHIALIIMHMX CHUCTEM,
BU3HAUUTH iXHI IEPEBArU Ta HEAOJIKH.

4. Po3pobutu ITOPUTMIYHE Ta 1H(popMaLiiHe 3a0e3MneueHHs
PEKOMEHJAIHOTO MOJYJIs, 30CEPEAMBIIMCH HA APXITEKTYpl CUCTEMH,

BHOOPI Ta ONTUMI3ALlIi METO/IIB MAIIMHHOTO HABYAHHSI.
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5. IlpoBecTn aeTanbHUWA aHaMl3 Ta MOJEIIOBAHHS BUKOPHUCTOBYHOUM HAOIp
JAHUX, 30KpeMa 3a JOMOMOTOK TEXHIK HOpMali3aili JaHuX, aHaii3y
rOJIOBHUX KOMIIOHEHT Ta ONTUMI3AIll] KJacTepu3arlli.

6. BizyanizyBaru pe3yJibTaTh KjaacTepu3allli Ta aHaidi3y roJIOBHUX KOMIOHEHT,
aHATI3YIOUM iXHIO €(DEKTUBHICTh TA NOTCHIUIHHI BIUIMBY HA KOPUCTYBALIbKUH
JOCBIJl Y KOHTEKCTI EJICKTPOHHOI KOMEPII].
3aBaaHHs 1-3 MarOTh OyTH PO3MIISIHYTI B TEOPETUYHKMX PO3AUIAX poOOTH, a

3aBJaHHs 4-6 — y MPaKTUYHMX PO31LIaX, 10 OXOIUIOKTH PO3pOOKY, OLIHKY Ta

TECTYBAHHS AJITOPUTMY .
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2 AJITOPUTMIYHE TA THOOPMAIIUHE 3ABE3NEYEHHS
[HTEJIEKTYAJILHOTO MOTYJISI PEKOMEHJIALHM

2.1 ApxiTekTypa peKOMEHJAIIHOTO MOTYJIst

Po3BUTOK 1MQPOBUX TEXHOJOTIM Ta 3pOoCTarodya KOHKYPEHLISI HA PHUHKY
€JICKTPOHHOT KOMEPI[li BUMAraroTh BlJ KOMOAHIA 3HAXOMKCHHS HOBUX CIOCOOIB
3aJTy4YEHHs] Ta YTPUMAHHS KITi€HTIB. OJHUAM 13 KIIFOUOBUX THCTPYMEHTIB y IBOMY
Npolect € TNepcoHami3allis KOPUCTYBAIlbKOIO  JOCBIAY 34  JOMOMOTOIO
THTENICKTYAJIbBHUX CUCTEM peKoMeHaamii. [l cucTtemu M03BONSIOTH MiABUIIMTH
3aI0BOJICHICTh KOPUCTYBAU1B, 3a0€3MeUy0un iM 1HAWBIAyali30BaHi TPOMO3ULli Ta
ONTUMI3YIOUM KOPUCTYBALbKMIl 1HTEpPQEC HA OCHOBI aHami3y NOBEAIHKH Ta
nepesar. ApxiTekTypa (pUcyHOK 2.1) TakMX CHCTEM BKIJIHOYAE KIJIbKa KITFOUOBHX
KOMIIOHEHTIB, SIKI 3a0€3ne4ytoTh 301p, 00poOKy Ta aHali3 BEIMKUAX 00CATIB JAHUX
JUTsl pOpMYyBaHHS TOYHHUX Ta aKTyaJIbHUX PEKOMEHIAITIHA.

s miarpama (pucyHOK 2.1) KOMIOHEHTIB UIKOCTPYE APXITEKTYpY
THTEJIEKTYAJIBHOTO MOJYJISI PEKOMEHAALINA Ul MepcoHAMI3aNii KOPUCTYBALBKOTO
JIOCBIAY B €JICKTPOHHINA KoMepitii. MOyJb CKIIaaeThCs 3 TPhOX OCHOBHUX OJIOKIB:
iHTep(elic kKopucTyBava, cepBepHUil OekeH 1 Ta 0a3a JaHuX.

1. Inrepdeiic kopucTyBaya:

o OOpoOHMK 3amWTIB KOPHCTYyBaya: BIANOBIAAE 32 MPUIAOM BXIJIHUX
3aMWTIB Bl KOPUCTYBAUiB Ta Mepeaavy iX 10 CEPBEPHOTO OEKEHAY AIst
00poOKH.

2. CepBepHHii OCKEHI:

o OOpoOka naHux: ILel KOMIOHEHT NpuiiMae AaHi Bix iHTEpdeicy
KOPHUCTYBaya Ta roTye ix 10 moAajibiioi 00poOku. BiH MOKe BKIHOUATH
3aBJAaHHSA, Takli SK Bajljalis JAaHWX, X HOpMaji3alis 4u BHOIpKa

HEOOXITHUX JTaHUX JJIsl aHAI3Y.
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3. ba3a nanux:
« IIpodim kopuctyBauiB: 30epirae iHPOpPMAILIIIO TPO KOPUCTYBAUIB, iXH1

nepeBar, iICTOPiro NOKYMOK Ta 1HIN1 NEPCOHATIbHI JaHI.

o baza pgaHMx mOPOAYKTIB: MICTUTh 1H(OPMAI MPO BCl TOBApH,
JOCTYIIHI B €JICKTPOHHIHM KOMEPIIi, BKIIFOUAKOUH OMKCH, I[IHU, KaTEropii

TOLLO.
o IcTopis B3aeMomiii: BiACTEXKY€E BCl A1l KOPUCTYBAYiB Ha IMiaTopmi,
BKJIFOUAKOYW TMEPETNISAA CTOPIHOK, MOKYNKKA Ta 1HIN B3aeMOJl, Kl
MO>KyTh OyTH BUKOPUCTAaHI JUIs MOKPALICHHS TOYHOCTI PEKOMEHIALlIH.
B3aemogis MK MMM KOMIIOHEHTAMH BIAOYBAETHCS YEPE3 YITKO BHU3HAYCHI
iHTep(delicn, Ae KOKEH KOMIIOHEHT NpuiiMae BXIAHI JaHi Bl MOMNEPEAHbOTO Ta
nepeaac pe3ynabTaTh 10 HACTYIMHOro, 3a0€3NeUy0YH IJIaBHUA MOTIK 1H(OopMAaIlii Ta

BUCOKY 1HTEIPOBAHICTh CUCTEMHU.

2.2 Meroau MalIMHHOTO HaBYaHHS ISl PEKOMEH Ialliif

2.2.1 Tlpwuunan BHOOPY KiacTepu3nanli it TPOEKTY

Krnacrepusaiisi € o1HUM 3 OCHOBHMX METO/IB HABYAHHS O€3 YUUTEls, IO
J03BOJISIE CUCTEMATU3YBATH BEJIMKI 00CATH HEPO3MIYEHHMX JAHWX 34 JOMOMOTOK)
rpynyBaHHs O0'€KTIB HAa OCHOBI MOAIOHOCTI iXHIX arpuOyTiB. B KOHTEKCTI
PEKOMEHJAIHHMUX CUCTEM, LEH METOJ BHKOPUCTOBYETHCS Il BUSBICHHS
OPUPOJHUX TPynyBaHb ad0 KJIACTEPIB CEPEN TOBAPIB YA KOPUCTYBAYiB, IO MOXKE
3HAYHO MIABULIUTH €()EKTHUBHICTH Ta TOYHICTh PEKOMEHAAIIIH.

3HAUEHHS KJIacTepu3alli y peKOMEHIAMIHHUX CUCTEMAX :
1. IligBumieHHss  TOYHOCTI  pekoMeHpariil:  Kiacrepusamis  103BOJIsIE
1ACHTU(IKYBATH TPYNHA KOPUCTYBAUIB 31 CXO>)KUMHA CMAaKaMU Ta MEPEBaraMu,

110 JT03BOJISIE PEKOMEHTyBAaTH TOBAPH, SIKI CIOA00AIUCh 1HIIAM YJI€HAM [UX
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rpyn. Lle npu3BoauTs A0 OLbII NEPCOHATI30BAHOTO TA BIYYHOIO MiAXO1Y 10

(opMyBaHHS PEKOMEH AALIHA.

2. EdektuBnicts 06poOku ganux: Knmacrepusaiis 3MeHIIye 00CAT JAHUX, IO
00pOOIIIETHCS, 34 PAXYHOK arperyBaHHs KOPHCTYBayiB Ta TOBApIB y MEHIII
rpynu. lle copourye Monenb, 3MEHIIYE BUMOTM J0 OOYHMCIIOBAJIBHUX
PECYPCIB 1 MOKPANLy€ MBUAKICTh BIATYKY CUCTEMHU.

3. 3MeHuIeHHs MpoOaeMu PO3PIIKEHOCT TaHuX: BUTbIIICTh pEKOMEH Talll HTHUX
CUCTEM CTHKAKOTBCS 3 BHUKIMKOM BEJIMKOi PO3PLIKEHOCTI  MaTpPHLb
KopucTyBad-ToBap. Kiacrepusaiist JonoMarae ynpasisiTH 1€ NPOOIEMOLO,
00'€IHYI0YM KOPUCTYBA4lB Ta TOBAPH 3 CXOKHMH XAPAKTCPUCTHKAMH, LIO
30UTBIIY€E MIIBHICTh JAHUX B KOXKHOMY KJIaCTEPI.

4. BusBieHHs HOBMX 3B's3KIB Ta iHcaiTiB: Kiactepusamiss MOXe BHSIBUTH
HEOUEBUJHI B3a€EMO3B'SI3KM  MDK MPOAYKTaMHM Ta KOPHCTYBAaUbKAMHU
NOBENIHKOBAMH TMATEPHAMHU, BIJKPUBAIOYM HOBI MOKJIMBOCTI JUIsl KpPOC-
NPOAAXKY Ta YHEPEIHKEHOTO MAPKETHHTY.

5. AJANTUBHICTH A0 3MiH Yy MOBEIIHII KOPUCTYyBauiB: MeToam Kiacrepusanii
MOXKYyTh JWHAMIYHO aJanTyBaTHCS 10 3MIH y TOBEIIHI[l KOPUCTYBAUiB,
HIBUAKO PEaryruy Ha HOBl TPEHAM Ta MEpeBaru 0€3 HeoOXiTHOCTI TOBHOIO
nepeyYyBaHHs MOJAETI.

JIJIsl 1aHOrO MPOEKTY BUOIP MEBHOTO METOMY KilacTepu3allii, Takoro sk K-
cepeaHix abo aHai3 FOJJOBHUX KOMITIOHEHT, 0a3y€ThCs HA crienu(pIYHUX BUMOTAX JI0
IIBUIKOCTI 00OpOOKH, TOYHOCTI Ta MOKJIMBOCTEH IHTEpIpeTallii pe3yibrariB. KoxeH
3 OUX METOJIB Ma€ CBOI MepeBaru Ta OOMEXKEHHS, SKi BPaXOBYIOTHCS IMiJl 4Yac
PILIEHHS PO IXHE 3aCTOCYBaHHS B KOHTEKCTI 3a4a4i.

BpaxoByroun HaBeACHI apryMEHTH, KJIACTEPU3ALlisl € CTPATErTYHUM BUOOPOM
JUIS TOKPAICHHSI MepcoHami3anii Ta €(PEeKTUBHOCTI PEKOMEHIAIAHUX CHCTEM Y

cepi €NeKTPOHHOT KOMEPIIIi.
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2.2.2 AHaI3 TOJIOBHUX KOMIIOHEHT

AHaniz rosoBHUX KOMHOHEHT (PCA) € CcTaruCTUYHUM METOJOM, IO
BUKOPHCTOBYETHCS [Tl 3MECHIIEHHST PO3MIPHOCTI JaHHUX 31 30€PEKEHHAM SIKOMOTa
OUTbIOi KiTbKOCT1 IH(opManii. L{eit MeTox IMPOKO 3aCTOCOBYETHCS B O0JIACTAX, A€
HEOOX1/IHO aHaII3yBaTH BEJIMKI HAOOPH NaHWX, 00O BUSBUTH KITFOUOBI CTPYKTYPHI
B3a€MO3B'SI3KH M1>K 3MIHHAMMU.

OcHoBHOW 11e€t0 PCA € mepeTBOpeHHsT BUXITHOTO HAOOPY KOPETHOHYUX
3MIHHMX B HOBHW Ha0Ip HEKOPETIOUYMX 3MIHHHX, SIKI HA3WBAKOTHCS T'OJOBHUMU
KOMIOHEHTaMU. [{i KOMITIOHEHTH BIOPSAKOBAaHI TAKUM YMHOM, IO MEPINA FOJIOBHA
KOMITOHEHTA MAa€ MaKCUMaJbHY AUCHEPCIIO (TOOTO, BOHA 3a0e3meuye HalOuIbIie
"tH(opmanii” y Burnsal aucnepcii). KoskHa HacTyrmHa KOMITIOHEHTA, B CBOKO YEPTY,
Ma€ MaKCUMAJIbHY [UCHEPCIFO MPU YMOBI OPTOTOHAIBHOCTI [0 MOMEPEAHIX
KOMIIOHEHT.

1. BuzHaueHHs KoBapialiitHoi Mmarpuii: Hexali X € nxp matpuuero ne n BKkazye
KUTBbKICTh CIIOCTEPEIKEHD, @ p - KIIbKICTh 3MIHHUX. [lepimii Kpok monsrae B
o04MCNIeHH1 KoBapiauiiHOT Marpuil X, sKa BUMIPIOE B3a€EMO3B'SI3KM MIXK
3MIHHUMHU.

2. OOuMCnEHHs BJIACHUX 3HAYEHB 1 BIACHUX BeKTOPiB. KoBapianiiina marpuis
NOJAEThCS A0 MPOLEAYPH BH3HAUEHHS BIACHUX 3HAYEHb Ta BIIACHUX
BEKTOPIB. BllacHI BEKTOpPH BKa3ylOTh HANPSIMKHA HOBUX OCEH, a BIIACHI
3HAUEHHS BIIOOPAXKAOTh IUCNIEPCIIO, IKY KOKEH BIACHUN BEKTOP 3aXOILIIOE.

3. CopryBaHHsl BIaCHUX 3HAYEHb. BllacH1 3HAYEHHS COPTYIOTHCS B MOPSAKY
3MEHIICHHS, 1 BUOMpAETbCd k& HaObmMX i (OPMYyBaHHS HOBOIO
IPOCTOPY 3MEHILIEHOT PO3MIPHOCTI.

4. ®opmyBaHHs HOBOro Habopy nanux: HoBuii HaOlp manux (opMmyeTbes
[UISIXOM MHO>KE€HHS BUXIJTHUX JTaHWX HA BJIACHI BEKTOPH, IO BIAMOBIIAKOTH
HANOUTBIIMM BJTACHUM 3HAYCHHSM. L€ mepeTBOPEHHS pe3ysbTaTye B HOBUX

OCSX, fK1 € JIIHIMHO HE3aJICKHUMH OHA Bl OJIHOI.
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« BuxopucroByiite ¢opmu s peectparii, aHKeTH ab0 CoUiaibHI
MEPEKI U1l OTpUMaHHs 1H(popMariii mpo Bnoao0aHHs Ta AeMorpadivsi
JlaH1 KOPUCTYBAYlB.

2. OOpoOka Ta aHaJTi3 JAHHX:

o AHam3ylTe MOBEIIHKOBI Ta jAeMorpapiyHi JaHl i BUSBICHHS
mabIOHIB Ta EPEBAr KOPUCTYBAYIB.

o Kinacudikylite kopucTyBauiB 3a rpynamu Ha OCHOBI iX 1HTEPECIB Ta
MOBEATHKH.

3. Po3poOka mozeni peKkoMeH AL

o BukopucToByiiTEe METOAM  MAIIMHHOTO  HABYAHHS, Taki K
KoabopaTuBHa (IbTpaLis, KOHTEHT-OpIEHTOBaHA (inpTpaiis ado
riOpuaHI MOJAET1 AJIk CTBOPEHHS MEPCOHANII30BAHUX PEKOMEH AALIIHA.

« HapuiTh MOZIENL HA OCHOBI ICTOPHYHUX JaHUX MOKYIOK Ta B3a€MO/IIiA
KOPHCTYBaYIB.

4. IMIUIEMEHTAIlisl CHCTEMH PEKOMEH TN

o IHTErpyiiTe cHucreMy pekOMEHAaUii Ha Ball CaHT EIEKTPOHHOI
KoMepIii, mo0 BOHA aBTOMATU4YHO BiAOOpakajia MEPCOHATI30BAHI
IPONO3ULIi Ta MPOIYKTH.

o BukopucToByiite pexkoMeHaamli Ui TIABULIEHHS 3aJ0BOJICHOCTI
KOPHCTYBa4iB, 30UIBIICHHS Yacy nepeOyBaHHs HA CAiTi Ta 3pOCTaHHS
MPOJIAXKIB.

5. OuiHka Ta OnTUMI3aLis:

o AHanizyiite €()EKTUBHICTh PEKOMECHIAINHNX CUCTEM YEPE3 METPUKHU
Taki sIK KOHBEPCIs, BAPYYKa Ta 3a10BOJICHICTh KITIEHTIB.

o [loCTIfHO yJOCKOHANIOMTE MOJEN, BHUKOPUCTOBYKOUM 3BOPOTHHUI
3B’SI30K KOPUCTYBAYiB Ta OHOBJICHHS TAHUX.

6. ApanTaris 10 HOBUX TPEH/IIB:
« DBpaxoByiiTe 3MiHM Ha pPUHKY Ta HOBI TPEHAHM Yy BHOJOOAHHSIX

KOPHCTYBAYIB JIJIs BHECEHHSI KOPEKTUBIB Y CUCTEMY PEKOMEHIALLIHA.
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o PerynspHo oHOBIW0OTE cHUCTeMY Ui BIANOBIAHOCTI MOTOYHUM
BUMOT'aM PHHKY T4 TEXHOJIOTISIM.

Taknii miaxia T03BOJIATH CTBOPUTH €(PEKTUBHY CUCTEMY PEKOMEHAALIN, sKa

3a0€e3MeunTh MNEPCOHAMIZAII B3aeMOMIl 3 KOPUCTyBauamH, 30UIBIINATH iX

3aI0BOJICHICTh Ta JOSUTbHICTh, & TAKOXK MiABUILUTL KOHBEPCIKO TA 3araibHUid 00ir B

EJICKTPOHHIA KOMEPII.
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3 TTPOI'PAMHO-TEXHOJIOI'TYHE 3ABE3ITEYEHHA

3.1 Amnam3 Habopy JaHuX

[Tepen peanizaiiero 3anponOHOBAHOTO AITOPUTMY 3AIMCHEHO aHaTI3 Habopy
JAHUX, SKUI BHKOPUCTOBYETBCS JJII PO3POOKH 1HTEIEKTYAIBHOTO MOMIYJIsS
pekoMeHaniii y cdepi enektpoHHoi komepuii. Halip naHux, 3amyudeHuil 10
JOOCHI/DKEHHSI,  BKJIKOYAE€  CKOHOMIYHI  TMOKAa3HWKM  TEPBUHHOI  XapyoBOi
IPOMUCIIOBOCTI 3a KpaiHaMHM Ta perioHaMu 3a nepioa Big 1995 no 2015 pokis.

JlaTaceT MICTUTh Taki OCHOBH1 aTpuOyTH (B, TaOnuIo 1y 101aTKy ):

o Pik (Year): pik, 3a sikuii NpOBEACHO 3aMIpH.
« Kpaina (Country) ta ISO3: Ha3Ba kpainu Ta ii TppoxOykBeHMit Ko [SO.
o Konrunentr (Continent) ta Periom 1 (Region 1). KOHTMHEHT Ta

J€Ta130BaHUi PETIOH KPaiHU.

o« Mapxxka GME (markup GME): uucioBuii iHauKarop, mo BiooOpaxkae

HAI[IHKY B POMMCIIOBOCTI.

o Alpha, Q,II, VA, LAB, K: ¢koHOMI4HI NOKa3HUKH, SIK1 BKJIFOYAOTh BapTICTh

AKTUBIB, THBECTUILIi, BaJIOBY JI0JaHy BApTICTh, POOOUY CHIIy Ta KariTajl.

o CyoOcunaii (Subsidies) Ta Ilogatku (Taxes): BapTICHI TOKa3HUKH, MOB'sI3aHI 3
€KOHOMIYHUMH CTUMYJIaMHA a00 000B'I3KOBHMH IJIATEKAMHU.

[Tix 9ac aHamidy BHUSBICHO BIACYTHI 3HAQUEHHS Y KUIBKOX KIIFOUOBHX
aTpulyTax, no noTpeOyrTh YBaru nepe NoJaIbIor 0OpoOKOK0 faHuX. 30Kpema,
1€ CTOCYETHCS TAKUX aTPUOYTIB, IK [ISO3, KOHTUHEHT, PETIOH, a TAKOK EKOHOMIYH1
IHAMKATOPH (IUB. pUCYHOK 3.1).

JIJist KOKHOT KpaiHu Ta perioHy Oyio 0OpaxoBaHO CTAaTUCTUYHI MOKa3HUKU
TaKl, IK CEPEIHE 3HAYEHHS, ME/llaHa Ta CTaHJAPTHE BiAxuieHHs i Mapxki GME,
[0 J03BOJIIE 3PO3YMITH PO3MOJALI 1 BApIaTUBHICTh JAHUX B MEkKax KOXKHOTO

reorpa)iyHoro CErMeHTy (uB. TaOnuIo 3.1).
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Lle#i xOMIUICKCHUI aHAJI3 JaHMX HE JIMIIC BUSBIAEC KIHOUYOBI €KOHOMIUHI
IHAMKATOPU Ta iXHI TPEHOW, aje i JomoMarae 3pOo3yMITH CTPYKTYPY PHHKY
NEPBUHHMAX XaPUYOBUX MPOAYKTIB, IO € HE3AMIHHUAM AJ1s1 (POPMYJIFOBaHHS CTpaTerii

PO3BUTKY Ta BIPOBAIKCHHS €()EKTUBHUX MOJITHYHUX PILICHb.

3.2 MopaemroBaHHsa

3.2.1 Hopmamizaiiis qaHux

VY mporeci MArOTOBKM AAHWX IS MOAATBLIOTO aHAMI3y Ta MOJCIIOBAHHS
ocoOnMBE Miclle 3aiiMae HopMmamizaiis aaHux. Hopmamizamis maHuxX — 1€
KPUTUYHUI KPOK y MiATOTOBIII JAHKUX, SKUH 3a0e3nedye €JuH1 MacIITaOu JUIsl BCIX
3MIHHUX, THM CaMHM 3MCHIINYIOYM PU3UK 3MIIMIEHUX PE3YJIbTATIB Y MOJENNX
MAIIMHHOTO HABYAHHS, 110 3aJI€5KaATh BiJl BEJIMYMHU 3MIHHUX.

[Tepm 3a Bce, 3 maracetry Oy BUOpaH1 YMCIIOBI 3MIHHI (O3HAKM), TaKi sIK
€KOHOMIYH1 1HIMKATOPH Ta 1HUI1 KUIbKICHI mapameTpu. HeoOX1AHO 3a3HaYnTH, 110
HEKaTeropiajibHi 3M1HHI, Taki sk 'year', 'country’, 'ISO3', 'continent’, 'Region 1', Oynu
BUKITIOUEH1 3 aHATI3Y Yepe3 iX HEKIIbKICHUH XapakTep.

Buxopucranns monyns Simplelmputer 31 crpareriero 'mean’ (cepeaHe
3HAUEHHS) JO3BOJMIIO 3AIHCHUTH IMOYTaLl0 MPOMYyUICHUX JAaHWX Y YHCIOBUX
KonoHkax. Llel migxin € craHgapTHUM JAJis BUPIMICHHS NPOOJIEMH BIACYTHIX
3HAUEHb Ta O3BOJIIE€ YHUKHYTH BTPATH LIHHOI 1H(pOpMALii.

[Ticns imnyTamii, nani Oynu HOpMalTli30BaHi 3a ronoMororo StandardScaler,
KW TpaHcPopMye KOXKEH aTpuOyT B JaraceTi Tak, M0 HOro CEpeHE 3HAUYCHHS
Oyne piBHe 0, a crangaptHe BiaxwieHHs — 1. el Meron € e€pEeKTUBHUM st
BUPIBHIOBAHHS MAacCIUTa01B PI3HUX 3MIHHHMX, OCOOJIMBO KOJM BOHM MAarOTh Pi3HI
OJIMHULI BUMIPIOBaHHS a00 BapiaOe/IbHICTb.

3aBeplIAIbHANA KPOK TMOJISTaE y PO3AIIEHHI HOPMAaJlI30BaHUX JaHUX Ha

TPEHYBAJbHY Ta TECTOBY BHUOIPKM 3 BHUKOPUCTaHHSAM (QyHKIIi train_test split 13
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OUTBIII CXOKUMHM OJIHA HA OJIHY, HDK Ha Ti, M0 3HAXOAATHCS B THIIMX KJIacTepax.
Takuii maxia copusie BUSBICHHIO 3aKOHOMIPHOCTEH, CTPYKTYp ab0 MPUPOJHUX
IPyNyBaHb y JAHUX, MOJETHIYIOUM Kpalle PO3YMIHHS Ta aHAJI3 CKJIAJHUX HAOOPIB
JaHUX. BUKOPUCTOBYIOTHCS PI3HI &ITOPUTMH KiacTepusanii, Taki sk k-cepenHix,
lepapxiuna kinacrepusanis Ta DBSCAN, nnsi DOCATHEHHS L[bOrO T'PYNYyBaHHS Ha
OCHOBI PI3HUX KPUTEPIIB.
3acTocyBaHHs METOAY royioBHMX KOMMOHEHT (PCA) no Habopy naHuMX 13
TPbOMa KOMIIOHEHTAMH MTPU3BOAUTH 10 TpaHCcPopMariii Habopy AAHUX 13 03HAKAMH,
no3HaueHuMmu sk "featurel", "feature2" Ta "feature3". Crarucrtrika HaOboOpy AaHHMX
BKa3y€ HA XapaKTEPUCTUKH TpaHCPOpPMOBAHUX O3HaK (1uB. Tabnuio 1).

Tabmuis 3.2 - Craructuka HaOOPy JaHuX Mmiciis 3acTocyBaHHs PCA

count | mean | std | min |25% | 50% | 75% | max

featurel | 2812.0 | 0.00 |2.17 |-0.83 |-0.48 | -0.39 | -0.18 | 51.38

feature2 | 2812.0 | 0.00 | 1.06 | -2.16 | -0.75 | -0.07 | 0.62 | 5.86
feature3 | 2812.0 | 0.00 | 1.03 | -3.95|-0.66 | -0.05|0.66 |3.96

JIJIsl BUBHAYCHHS ONTUMAIbHOI KUTBKOCTI KJacTepiB OyJjla CTBOpPEHA cepis
OLIHOK Pe3yJbTaTIB KiacTepu3auii A KUIbKOCTEH KimactepiB Bix 3 mo 19,
[TincymkoBa TaOauis omiHOK (auB. Tabmuiro 3.3) Hamae i1HGOpMAIL0 PO

NOKa3HWKH, W0 OLIHIOTh KIACTEPU HA OCHOBI KOre3li, PpO3JUICHHS Ta

KOMITaKTHOCTI.
Tabmuis 3.3 - OniHka pe3yJbTariB KiacTepu3ariii
metric mean std min 25% 50% 75% max
Silhouette | 0.353 0.143 0.289 0.299 0.310 0.314 0.734

score
Calinski 2119.259 | 75.315 | 2035.050 |2088.014 | 2100.828 |2141.340 | 2280.909
Harabasz
score

Davies 0.794 0.103 0.528 0.802 0.820 0.841 0.877
Bouldin

Ha ocHOBI aHamizy 1ux METPUK OyJI0 BU3HAYEHO, II0 ONTHUMAJIbHUM

BapIaHTOM € KJIacTepu3ailis 3 3 kiactepamu. [[1ATBEPKEHHS [IbOMY HAla€ BUCOKHUIA
piBeHb nokazHuka Silhouette (0.734), Calinski Harabasz (2100.044) ta Davies

Bouldin (0.528), mo Bka3zye Ha rapHy sKicTb knactepusauii (aquB. Pucynok 3.10).
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BUCHOBKH

Y pamkax aHamizy NOpeAMETHOI 007acTl €IEKTPOHHOI KOMepIli Ta
PEKOMEHJAIMHMUX  CHCTEM  CTQl0  OYEBMAHMM, [0  MNEPCOHATI3ALSA
KOPHUCTYBALbKOTO JOCBIAY BIAIFPAa€ KIOUOBY POJIb Yy CydacHid wm@poBii
€KOHOMILI. 3pOCTaHHS KOHKYPEHLIi Ta 3MIHM Y CHOXXKMBYMX YHOJ0OaHHSX
BUMAraroTh Bl1J KOMIIaHIi MOCTIHHOTO YJOCKOHAJIEHHS Ta BIPOBAIKEHHS HOBHX
TEXHOJOTIH 7151 3a0€3NEYCHHS BUCOKOSIKICHOTO OOCIIyrOBYBaHHS K€HTIB. Oriisiza
ICHYFOUMX JIOCIIUKEHb MIJKPECIMB PI3HOMAHITHICTh MIAXOAIB Ta METOMIB Y
PO3POOII PEKOMEHIALIAHUX CUCTEM, BIIMIYAKOUU SIK IXHI MEPEBArk, TaK 1 HEIOJIKH.

OTXe, HE3BAKAKOUM HA 3HAYHWIA MPOrpec y Wi raiysi, € NeBHUA NOTEHIIAN
JUTS TOJAJIBLIOTO BAOCKOHAJIICHHS Ta IHHOBALH. 30KpeMa, BKJTMBUMU HATPIMKaMU
€ PO3BUTOK TOPUIHHUX CUCTEM, SIKI MOEAHYIOTh B COO1 IEPEBArk Pi3HUX METOIIB, a
TAKOX AOCTIIKEHHS MO>KIIMBOCTEH BUKOPUCTAHHS HOBITHIX TEXHOJIOTIH, TAKUX SIK
WITYYHUIA 1HTENEKT Ta AHANI3 BEIMKUX JaHWX, A TMOKPAIIEHHS TOYHOCTI Ta
e(PEKTUBHOCTI PEKOMEHJALITHUX CUCTEM. B1anoBinHO, mojaibia podoTa y HboMy
HANPSAMKY MOYKE 3HAYHO MiJABMIIMTH KOHKYPEHTOCIPOMOKHICTh MIANPUEMCTB Y
cepi eNEKTPOHHOT KOMEPIIi Ta 3a0€3MEUNTH 3aJJOBOJICHHS Ta JIOSUTBHICTD KJIIEHTIB.

VY naniii poOOTI PO3MISIHYTO apXITEKTYPy PEKOMEHIAIAHOTO MOAYJS IS
NEPCOHANI3AIT  KOPUCTYBAllbKOTO JIOCBIY B  €JIECKTPOHHIA komepini. ILls
apXITEKTypa BKJIKOYAE THTEPPEC KoprcTyBaya, cepBepHuii OekeH 1 Ta 0a3y NaHuX,
KOXCEH 3 SKMX BIIINPAE BAXKIIMBY POJib Y 3a0€3MeUeHH] €EKTUBHOCTI Ta TOYHOCTI
PEKOMEHAIHMX cUcTeM. B3aeMomis Mi>k KOMIOOHEHTaMH 3a0e3nedye IMIaBHUiMA
NOTIK JAHUX Ta iX 0OpOOKY 3 METOK HAJAHHS KOPUCTYBavyaM 1HJAWBI Ty JTI30BAHAX
MPOMO3HUIIIH, 0 CHPHSIE MIBUIIEHHIO 33I0BOJICHHS KOPUCTYBAY1B Ta MOKPAIICHHIO
PE3YJABTATUBHOCTI EJIEKTPOHHOI KOMEPIII.

Po3risiHyTO  OBa  OCHOBHMX METOAM  MAUIMHHOIO  HABYAHHSA  AJIs
PEKOMEHJAIIHMX CHCTEM: aHami3 rojioBHuX KomMnoHeHT (PCA) Tta airoputm

knacrepusanii k-cepeanix. O0uasa i MeToau € €PEKTUBHUMU IHCTPYMEHTAMU JIJIs



46
N1ABUIICHHS ¢(PEKTUBHOCTI Ta TOYHOCTI PEKOMEHAALIIM, a TAKOXK JJIsl MOKPAILEHHS
KOPHCTYBALbKOTO TOCBIY B €JICKTPOHHIA komepuii. Bukopucrtanus PCA no3Bosise
3MCHILIUTH PO3MIPHICTh JAHWUX TA BUSIBUTH KJIFOYOBI (DAKTOPH, IO BILUTMBAKOTH HA
NOBENIHKY KOPUCTYBAulB, TOAl K aJTOPUTM Kiactepu3aiii k-cepeanix I03BOJIsIE
IpymnyBaTy KOPUCTYBaviB a00 TOBapH 3a MOAIOHICTIO, IO CIPUSE MEPCOHAITI3ALI Ta
MIJBUIIEHHIO 3aJI0BOJICHHS KJIIEHTIB. BpaxoByrouu yHIKaJIbHI OCOOJMBOCTI
KOXKHOTO METOJy, IXHE BUKOPHCTAHHS y TOEAHAHHI MOXE 3a0€3MeYUTH OUIbIIY
€(PEKTUBHICTh Ta TOYHICTh PEKOMEHAALIMHUX CHUCTEM Yy CQeEpl ENEKTPOHHOI
KOMEPpIi.

Po3pobneno anroput™ pekoMeHaauli At NepcoHai3anii KOPUCTYBALbKOTO
JIOCBIAY B €JEKTPOHHIN KoMmepitii. Llei anropuTm BKITIOYa€E KpOKH 31 300py, aHaI3y
Ta 00pOOKH JaHWX, PO3POOKU MOJIENEN peKkOMEHAIl, iX IMIJIEMEHTAIlli Ha CaiTi
€JICKTPOHHOT KOMEPIIIi, a TAKOX OIIHKKM Ta ONTUMI3allli iX €()eKTUBHOCTI. 3aBIsIKH
TAKOMY MIAXOAY KOMOAHIi MOXKYyTh MOKPAIIMTH B3aEMOMAIN0 3 KOPHCTYBAaYaMH,
3a0e3meunT  iM  TNEPCOHANI30BaHI  PEKOMEHAAUIi, 10 MIABHIOUTL IXHIO
3aI0BOJICHICTh Ta JIOSJIBHICTh, & TAKOX CIPUATUME 30UTBIICHHKO OOOpOTY Ta
KOHBEPCIi y cepl ENEKTPOHHOT KOMEPIIi.

AHani3 knactepu3auii HA OCHOBI METOAY TOJOBHHX KOMIIOHEHT Ta
BUKOpHCTaHHd PCA BHSBHMB BHCOKI NOKA3HWKH OLIIHKHM SIKOCTI KJjacTepu3amii Ha
HaBYAJIbHOMY HaOop1 nanux. CuinyeTHHA koediuieHT crtaHoBuTh 0.9592, mio
CBITYMTH MPO XOPOIILy KOMIAKTHICTh KJIACTEPIB, T BEJUKHUNA BIJCTaHI MIK HUMMU.
[Toxaznuk Calinski-Harabasz cknas 791.97, mo Bka3dye Ha 4YITKY PO3JAUIBHY
3IATHICTh MK KJIACTEPAMHM Ta iXHIKO OJHOPIAHICTB. [HAekc Davies-Bouldin HaGyB
3HaueHHs 0.0238, mo CBIUUTH MPO MIHIMAIIBHY B3a€EMHY CXOXICTh KJlacTepiB. Taki
BUCOKI TOKA3HWKH MIATBEPIKYIOTh €(QEKTUBHICTh BHKOpUCTaHHsS PCA ams
3HUKCHHS PO3MIPHOCTI AaHUX Ta KPamioro po3moAuly O0'€KTIB 3a Ipynamu, Lo
BIJIKDUBAE HOBI MOKIIMBOCTI JJIs JIOCHIDKEHHS Ta aHaMI3y BEIMKUX OOCSTIB

1HpopMmartli.
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Kpim Toro, kopensiuiiinnii aHami3 noKa3aB pi3HOMAHITHI CTYTIEH]1 3B'I3K1B MIXK
YHCJIIOBUMH 3MIHHUMH B Ha0Op1 AaHWX. BHCOKa MO3WTHUBHA KOPENLIs MOKa3HUKA
'Q" 3 nokazHukamu '[I' Ta 'VA' miaTBEpIKY€E B3aEMO3AICKHICTE MK IUMH
€KOHOMIYHUMH TOKa3HUKaMU. 3B'SI30K MK POKOM Ta KJIACTEPOM, SIKWH BHSBHBCS
NO3UTHUBHUM, MOKE BKa3yBaTH HAa TEHACHLIIO 3MIHHA XaPAKTEPUCTUK JTaHUX Y Yacl.
L{i BUCHOBKM CTBOPIOKOTH 0a3y JUIsl MOAAJIBIIOTO BUBYEHHS TA PO3YMIHHS TUHAMIKA

€KOHOMIYHMX IPOILIECIB, IO JIKATh B OCHOBI PO3MOILTY 00'EKTIB 3a KIaCTEPAMH.





https://www.researchgate.net/publication/4021831_PCFinder_An_intelligent_product_recommendation_agent_for_e-commerce
https://www.researchgate.net/publication/4021831_PCFinder_An_intelligent_product_recommendation_agent_for_e-commerce
https://www.researchgate.net/publication/228364913_Personalized_recommender_systems_in_e-commerce_and_m-commerce_A_comparative_study
https://www.researchgate.net/publication/228364913_Personalized_recommender_systems_in_e-commerce_and_m-commerce_A_comparative_study
https://arxiv.org/abs/1806.11371
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# %% [ code] {"execution":{"iopub.status.busy":"2024-02-28T06:03:00.457636Z", "iopub.execute_input":"2024-02-28706:03:00.4580362","iopub.status.idle":"2024-02-
28706:03:17.0029212","shell.execute reply.started":"2024-02-28706:03:00.4580052","shell.execute_reply":"2024-02-28706:03:17.0015872"{}

!pip install knee

#P%%[code] {"execution":{"iopub.status.busy":"2024-02-28T06:03:20.731242", "lopub.execute input":"2024-03-28106:03:20.7316932", "lopub.status.idle":"2024-02-
'28TC')6:03H: 7.508112","shell.execute reply.started":"2024-02-28T06:03:20.7316552","shell.exécute reply":"2024-02-28T06:03:37.5067332"}

Ipip install basemap

#P%% code] {"execution":{"iopub.status.busy":"2024-02-28706:03:37.510369Z", "iopub.execute \'nput”:"2024/02/28"(06:03:37,510757Z”,”\'Oé)ub.status,\'d\e”:”2024/02/
28700:03:53.2109872","shell.execute reply.started":"2024-02-28706:03:37.5107232","shell.execute _reply":"2024-02-28166:03:53.5099092 "}

!pip install pycountr
#P%BA[code%”execu%on”:E‘\'opub.status,busy”:”2024/02/28T06:o4:25.8223622”,”\'opub,execute input":"2024-02-28T06:04:25.8228912","iopub.status.idle":"2024-02-
28706:04:42.7475392", "shell.execute reply.started":"2024-02-28T06:04:25.8228532","shell.exécute reply":"2024-02-28T06:04:42.7464752" 1}
;P\'p install pycountry_convert - -

%% [code E”execut?on”: ”\'opub.status.busy”:”2024/02/28T06:o4: 1.9385252","iopub.execute input":"2024-02-28T06:04:51.9390547", "iopub.status.idle":"2024-02-
’28To :05“:0‘,?3‘815092”,”5 ell.execute reply.started":"2024-02-28T06:04:51.939013Z","shell.exgcute_reply":"2024-02-28T06:05:06.880300Z "1}
!pip install plotl - -
#P%BA [mark%ow%]
# # <djv style="color:yellow;display:inline-block;border-radius:5px;background-color:#007BA7;font-family:Nexa;overflow:hidden"><p
Stg/\e:”pa dmgm5px;co\or:yeHow;overﬂow:h\'dden;font/sizezggé;\etter/spadn%o.ﬁpx;margm:o”><b> </b>Import Libraries</p></div>
# %% [ code] {"exécution™: iopub.status.busy":"2024-02-28706:05:12.9063362", "lopub.execute mEut”:”2024/02/28T06:o :12.90680§Z”,”\'o ub.status.idle":"2024-02-
28T06:05:75.0842447","shell.execute_reply.started":"2024-02-28T06:05:12.9067652","shell.exétute reply":"2024-02-28T06:05:15.0 3072”?}
# Import nécessary libraries -
import numpy as np
import pandas as pd
from sklearn.model_selectionimport train test split
from sklearn.linear Todelimport LinearRégression
from sklearn.metrics import mean_squared_error
import matplotlib.pyplotasplt  — -
import seaborn as sns
import pycountry convert as pc
import p countrf\/’
from mpl_toolkits.basemap import Basemap
from %eo@y.geocoders import Nominatim
Impor Wammgs
from warnings import filterwarnings
warnings.filterwarnings(ignore')

# %% [ markdown

## <Ej\'v st \e:”co\or:ye\\ow;d\'sp\ay:\'nh’nezb\ock;border/rad\'us:g@x;background/co\or:#oo7BA7;font/famHy:Nexa;overﬂow:h\'dden”><p

stg/\e:”pa ding:15px;color: eHow;overﬂow:h\'dden;font/sizezggé;\ettepspadn%:o.gpx;margm:o”><b> </b>Load Dataset</p></div>

# %% [ code] {"exécution":{ \'opub,status.busy”:”2024/02/28T06:05r:21.938325 " ”\'Oé:)ub.execute mput”:”2024/02/28T06:015:21.9389842”,”\'opub.status.id\e”:”2024/02/

;}S‘Tod :é>5:23,9183542”,”she\\,executejep\y,started”:”2024/02/28 06:05:21,93894 2" "shell.exgcute reply":"2024-02-28T06:05:23.9171252" 11
oad dataset

Ef :dpd‘,rea)d excel('/kagglefinput/global-markup-estimates-primary-foods-ndustry/Clobal Markup Estimates for the Primary Foods Industry/Global Markups Primary
ood.xlsx') ~

# %% [ code] {”execut\'on”:{g\oPub,status.busy”:”2024/02/28T06:o :27.6842267","igpub.execute mput”:”2024/02/28T06:ogr:27.68553 Z”,”iogub.status,id\e”:”zozzyozz
28T06:05:27.8006487","shell.execute reply.started":"2024-02-28T706:05:27.6854882","shell.execute rep\y”:”zozzy 2-28106:05:27.8086827"}}
gfkl}e[ad i<s(gy\e.set properties(**{"background-color": "#457B9D","color":"#ASDADC", "border": "1.5px sofid Yellow"})

%% | markdown] —
# # <div st \e:”co\or:ye\\ow;d\'sp\ay:\'nh’nezb\ock;border/rad\'us:g@x;background/co\or:#oo7BA7;font/famHy:Nexa;overﬂow:h\'dden”><p
style="padding:15px;color:yellow;overflow:hidden;font-size:95%;letter-Spacing:o.5px;margin:o"><b> </b>Summary Table</p></div>

# The summary table provides information on the percenta%e of missing values, unigue values, as well as the minimum and maximum values for each variable. Additionally,
examining thefirst three values in each column can offer initial insights into the dataset as a whole.
# %% [ code] {"execution": ”iopub.status,busy”:”2024/02/28T06:085:4 .5214032","iopub.execute mEut”:”zoz -02-28700:05:44.5220877", "iopub.status.idle":"2024-02-
28T06:05:44. ?15092”,”5 ell.execute reply.started":"2024-02-28T06:05:44.5220512","shell.exécute reply":"2024-02-28T06:05:44.5303262"1}
# summary taplefunction - -
def summary(df):

print{f'data shape: {df.shape}")
summ :#Pd_,D_ataFrame_(df,dt pes, columns=]'data type'])
summ['#missing'] = df.isnull().sum().values * 100
summ['%missing'] = df.isnull().sum().values / len(df)
summ['#unique’’= df,num’que(%,va ues

desc = pd.DataFrame(df.describe(include="al").transpose())

summ(['min'] = desc['min'].values

summ['max"] = desc['max'].values

summ('first va\ue"] =dflocfo]values

summl'second value'] = dfloc[1).values

summ('third value'] ="df.loc[2].values

return summ
# %% | code] {”execut\'on”:{”ioFub,status.busy”:”2024/02/28T06:o :49.8245197","iopub.execute input":"2024-02-28T06:05:49.8249962", "iopub.status.idle":"2024-02-
28T06:05:§ .9640022","shell.execute reply.started":"2024-02-28T06:05:49.8249632","shell.execute_reply":"2024-02-28706:05:49.9625022" 1}
summary(df).style.background_gradient{cmap="v0rBr") -
# %% | code] {"execution :E‘iop@b,status,busy‘:”2024/02/28T06:0856546;,350292”,”\'opub.execute mput”:”2024/02/28T06:o%:54,3512062”,”\'o ub.status.idle":"2024-02-
éé?go :‘05:5%5671842”,”5 ell.execute reply.started":"2024-02-28106:05:54.3511662", "shell.execute reply":"2024-02-28106:65:54.3656172"1}

.duplicated().sum: - -
# %% [Fc)ode] {”execut\on”:E‘\'opub.status.busy”:”2024}/02/28T06:05:57.772404Z”,”\'opub,execute input":"2024-02-28T06:05:57.7739472", "iopub.status.idle":"2024-02-
\2'858\@:0 :57.78)1058Z”,”5 ell.execute reply.started":"2024-02-28106:05:57.7738642","shell.exécute reply":"2024-02-28T06:05:57.7798992 "1
ist{df.columns
# %gé [markdown
# # <div style="color:yellow;display:inline-block;border-radius:5px;background-color:#007BA7;font-family:Nexa;overflow:hidden"><p
st(\s/\e:”paddmgn5px;co\or:y\(eHow;overﬂow:h\'dden;font/sizezgg%;\etter/spadn :o.ﬁpx;margm:o”><b> </b>Descriptive Statistics</p></div>
# %% [ code] {"exécution":{"iopub.status.busy":"2024-02-28106:06:03.4783342", "iopub.execute mput”:”2024/02/28To6:06:03.46;787232”,”\'o ub.status.idle":"2024-02-
28706:06:0 ,52?2132”,”sheH,execute reply.started":"2024-02-28106:00:03.4786962"," shell.ex&cute reply":"2024-02-28T06:06:03.527985/"1
df,descm’beﬂ@,sty e.background_gradiént(cmap="inferno") -
# %% [markdown) -
§ <font size="+2" color="#059c99'><b> # Missing Data </b></font>

# Objective: Check for missing values and decide on appropriate handling strategies.
# ### Explanation:
#

#* The code prints the number of missing values for each columnin the dataset.
#* Depending on the extent of missing data, you may need to decide whether to impute missing values, remove rows, or apply other strategies.

# %% [ code] {"execution":{"iopub.status.busy":"2024-02-28T06:06:08.85426 42", "iopub.execute \'nput”:”2024/02/28T06:06:08.8546%92”,”\'o ub.status.idle":"2024-02-
28700:00:08.9003652" "shell.execute reply.started":"2024-02-28106:66:08.8546212","shell.exgcute reply":"2024-02-28706:06:08.3991352"}}
# Calculate markup_CME statistics by country N

country_markup_stats = df,groupbé%country')['markup CME'].agg(['mean’, 'median’, 'std']).reset_index()

# Calculate marklp GME statistics ére ion - -

region_markup_stats = df.grou byg egion 1)['markup_GME'].agg(['mean’, 'median’, 'std']).reset_index()

# Calcdlate markup_CME statistics by continent - -

continent_markup “stats = df.groupby(‘continent')['markup_GME'].agg(['mean’, 'median’, 'std']).reset_index()

# Display the results - -

print"Markup CME Statistics by Country:")

print{country Tharkup stats

print("\nMarkup CME Statistics by Region:")

print{region_markup_stats

print("\nMarkup CME Statistics by Continent:")

print{continent Tnarkup_stats)

# %% [ code] {”execut\'on”:{”iopub.status.busy”:”2024/02/28T06:06:23,4276542”,”\'o? b.execute_input":"2024-02-28T06:06:23.4281042","iopub.status.idle":"2024-02-
287006:00:23.455432","shell.execute reply.started":"2024-02-28706:00:23.428073.2","shell.execUte reply":"2024-02-28T06:06:23.4540422" 1}

# Check for m\'ssind%va\ues and decid@ on appropriate handling strategjes. -

missing values = dt.isnull().sum()

print(*Missing Values:\n", missing_values)

# Handle missing values -
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# Finally, show the procéssed dataframe

print("{nProcessed DataFrame:"

print(df.head())

# %% [ markdown

# # <div st \e:”co\or:ye\\ow;d\'Sp\ay:\'nh’ne/b\ock;border/rad\'US:SE)X;baCkground{o\or:#oo7BA7;font/famHy:Nexa;overﬂow:h\'dden”x
style="padding:15px;color:yellow;overflow:hidden;font-size:95%;letter-Spacing:o.5px;margin:o"><b> </b>Exploratory Data Analysis</p></div>

# %% [markdown)
# «font size="+1" color="#059c99'><b> 4 Distribution of Countries by Continent</b><ffont>

# %% [ code] {”execut\'on”:{”iopub.status.busy”:”2024/02/28T06:o6:35,08241Z”,”\'opub.execute input":"2024-02-28T06:06:35.0820412", "iopub.status.idle":"2024-02-

28706:00:35.4201762","shell.execute_reply.started":"2024-02-28106:06:35.0828997","shell.eXecute _reply":"2024-02-28106:06:35.4192342"}}

# Set a color palette for the countplot™ -

palette = "mako"

# Countplot of population distribution by continent

plt.figure(figsize={12, ©

ax = sns.countplot{x="continent', data=df, order=df['continent'].value_counts().index, palette=palette)

# Display values on top of the bars -

for pin ax.patches:

p Ta_@.anngt‘att;e(‘f'{p.getiheight()}', (p.get x()+p.get width()/ 2., p.get_height(})), ha='center', va='center', xytext=(0, 10), textcoords="offset points')
Itle and labels

plt.title('Distribution of Countries by Continent', fontsize=16)

plt.xlabel('Continent’, fontsize=14)

plt.ylabel{’ Count', fontsize=14)

# Rotate x-axis labels for better readability

plt.xticks(rotation=45, ha="right")

# Remove grid lines

ax.yaxis.grid(False)

# Show the plot

p\t,showd()

# %% [ code] {"execution"{"jopub.status.busy":"2024-02-28T06:40:54.32682", "iopub.execute \'nput”:”2024/02/28To6:§o:54,327338z”,”\'opub.status,\'d\e”:”2024/02/

28700:40:54.873632" "shell.execute reply.started":"2024-02-28160:40:54.3273012","shell.execute_reply":"2024-02-28166:40:54.8724667"}}

# Set a color palette for the countplot -

palette = "mako"

# Countplot of population distribution by continent

p\t.ﬂgure(ﬂgsizezaz, 6))

ax = sns.countplot{x='Regjon 1", data=df, order=df{'Region 1'].value_counts().index, palette=palette)

# Display values on'top of'the bars -

for pin ax.patches:

#Tax‘,anngt‘atg(‘f'{p.get heightOF, (p.get x()+ p.get width()/2., p.get_height()), ha='center', va='center', xytext=(0, 10), textcoords='offset points')
itle and labels B B B -

plt.title(" Distribution of Countries by Region', fontsize=16)

plt.xlabel('Region’, fontsize=14)

plt.ylabel{'Count', fontsize=14)

# Rotate x-axis labels for bettér readability

plt.xticks(rotation=45, ha="right")

# Remove grid lines

ax. axis,%ﬂd(Fa\se)

# Show the plot

plt.show

# %% [markdown)

§ <font size="+1" color="#059c99'><b> 4 Temporal Trends</b></font>

# Objective: Check how economic indicators (Q, 11, VA, LAB, K) and markup change over the years for each country. Identify any patterns or trends in the data over time.
# ### Explanation:
#

#*The code generates line plots for each economic indicator over the years, with a separate line for each country.
# * These visualizations help identify trends, patterns, and variations in economic indicators across different countries.

#
# %% [ code] {"execution":{"iopub.status.bus ”:”2024/02/28T06:4r1:20,6852 WZ”,"\'Ogub,execute input":"2024-02-28T06:41:20.685742","iopub.status.idle":"2024-02-
28700:41:42.656162","shel.execute reply.started":"2024-02-28106:41:20.6857067","shell.exetute reply":"2024-02-28106:41:43.6544512" }}
# Check how economic indicators (G 11, VA, LAB, K) and markup change over the years for each counitry.
# Create aline plot for economic indicators overthé years
economic indicators=['Q’, "I, 'VA', 'LAB', 'K']
for indicator in economic_indicators:

plt.figure(figsize=(10, 6))

sns.lneplot x:‘year‘,g:mdicator, hue='country', data=df)

plt.title(f'{indicator} Over Time for Each Country")

plt.xlabel("vear")
p\t,}/\abe\ indicator)
plt.legend(bbox_té_anchor=(1.05, 1), loc="upper left")

It.shOw( -

# %% [mark own]
# «font size="+1" color="#059c99'><b> 4 Regional and Continental Comparison</b></font>
# Objective: Explore and compare economic indicators between countries, regions, and continents. Look for variations and similarities in economic performance.
i ### Explanation:

#* The code creates boxplots to compare economic indicators by region. Each box represents the distribution of values for an economic indicator in a specific region.
#* This analysis allows you to observe how economic indicators vary across regions and continents.
# %% [ code] {”execut\'on”:{”\'opub,status.bus ”:”2024/02/28T06:4r1:51.7081832 ,”\'Ofub.execute input":"2024-02-28T06:41:51.7086442", "iopub.status.idle":"2024-02-
28T00:41:54.753782","shel.execute reply.started":"2024-02-28106:41:51.7086072","shel.exedute reply":"2024-02-28106:41:54.7524672"}}
# BoxplotTor economic indicators by region -
for indicator in economic_indicators:

plt-figure(figsize=(12, 8)

sns.boxplof x="Région’f', y=indicator, data=df)

plt.title(f' \'nd\'cato% Comparison by Region")

plt.xlabel{'Region’

plt.ylabel(indicator

plt.xticks{rotation=45)

t.show

# %% [ markdown)
# <font size="+1" color="#059c99'><b> {4 Markup Analysis</b></font>

# Objective: Analyze the markup_GME variable to understand how markup changes over time and across countries. Identify any outliers or patterns in markup values.
# ### Explanation:
#

#*The code generates line plots for markup_ GME over the years, with a separate line for each country.

#* Additionally, boxplots are created to corripare markup values by region.

#* This analysis helps in understanding how markup values evolve and if there are any countries or re%\'ons with significantly different markup patterns.

# %% [ code] {"execution":{"iopub.status.busy":"2024-02-28To6: 2:02.6487282”,”\'opub,execute input":"2024-02-28T06:42:05.6492257","iopub.status.idle":"2024-02-
28T06:42:10.7962742"," shell.execute rep\c}/.started”:”2024/02/2 106:42:05.649192","shell.execlte reply":"2024-02-28T06:42:10.7950092" 1}

# Analyze the markup_CME variable t© understand how markup changes over time and across couritries.

# Line plot for markup over the years

plt.figure(figsize=(10, 6))

sns.lineplot{x="year', y="markup CME', hue='country', data=df)

plt.title('Markup Over Time for Each Country")

plt.xlabel('Year')

p\t.}/\abe\ 'Markup GME")
plt.legend(bbox_to_anchor=(1.05, 1), loc="upper left")
plt.showi -

# Boxplot for markup by region
plt.figure(figsize=(12, 8%
sns.boxplot{x="Region1", y="markup GME', data=df)
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plt.xlabel('Region')
plt.ylabel(' Markup” GME")
plt.xticks{rotation=45)
plt.show()

# %% [markdown)
§ <font size="+1" color="#059c99'><b> 4 Subsidies and Taxes</b></font>

# Objective: Analyze the relationship between subsidies, taxes, and other economic indicators. Evaluate how these financial aspects impact economic variables.
# ### Explanation:
#

#*The code creates a pairplot for subsidies, taxes, and economic indicators.
#* Pairplots visually represent relationships between variables, helping to identify patterns and correlations.

# %% [ code] {"execution": "iopub.status.busy":"2024-02-28706:42:26.2892047", "iopub.execute mput”:”2024/02/28T06:4(2:26,2897072”,”\'opub,status.\'d\e”:”2024/02/
2870 :45:26.2030912”,”5 ell.execute_reply.started":"2024-02-28T06:42:26.2896612","shell.exécute_reply":"2024-02-28T06:45:76.2077592"}
# Pairplot for subsidies, taxes, and economic indicators -

subset_cols = economic_indicators + ['Subsidies', Taxes'])

sns.pairplot(df] subset_cols])

plt.show( -
# %% [mar down]
# <font size="+1" color='#059c99'><b>  Correlation Analysis</b></font>

# Objective: Check for correlations between different economic indicators and markup. Identify which factors are strongly correlated or inversely correlated.
i ### Explanation:

#*The code generates a heatmap of the carrelation matrix between economic indicators and markup GME.
# * Strong correlations (positive or negative) are visually represented, providing insights into how variables are related.

# %% [ code] {”execution”:%’\'opub,status.busy”:”2024}/02/28T06:4 :37.6082652" "iopub.execute input":"2024-02-28T06:45:37.6088252", "iopub.status.idle":"2024-02-
28T06:45:38.0405422" "shell.execute reply.started":"2024-02-28T06:45:37.6087862","shell.execute reply":"2024-02-28T06:45:38.0392132"}}

# Check for correlations between diffefent économic indicators and markdp. -

# Heatmap for correlatjion matrix

correlation_matrix = df{ economic_indicators +['markup_GME']].corr()

plt.figure(figsjize=(10, 8 - -

sns.heatmap{correlation_matrix, annot=True, cmap='coolwarm', fmt=".2f")

plt.title("Correlation Matrix')

plt.show

# %% [mar down]
# <font size="+1" color='#059c99'><b> 4 Outlier Detection</b></font>

# Objective: Look for any outliers in economic indicators or markup values. Investigate potential reasons for outliers.
i ### Explanation:

#* The code creates boxplots to identify outliers in economic indicators and markup GME.

#* Qutliers may indicate anomalies or extreme values that may require further invesfigation.

# %% [ code] {"execution":{"jopub.status.bus ”:”2024/02/28To :@:ég.4813o8z”,”\'o ub.execute input":"2024-02-28T06:45:45.4817882" ”\'opub.status.\'d\e”:”2024/02/
28T06:45:46.001012","shell.execute reply.started":"2024-02-28706:45:45.4817562", "shell.execute rep\y”:”2024/02/28T06:45:46.0000872' 1

# Look for any outliers in economic indicators or markup values. -

# Boxplot for'economic indicators

plt.figure(figsize=(12, 8

sns.box \o%data:df[economic \'nd\'cators;j)

plt.title('Qutlier Detection for EConomic Indicators')

plt.xlabel('Economic Indicators')

plt.ylabel{"values')
plt.show()

# Boxplotfor markup
plt.figure(figsize=(8, 6))
sns.5ox \otix:‘markug CME', data=df)
plt.title(’ Outlier Detection for Markup'y
plt.xlabel('Markup CME")

plt.show -

# %% [mar down]
# <font size="+1" color='#059c99'><b> 4 Country-Specific Analysis</b></font>

# Objective: Conduct an analysis for specific countries or regions of interest. Identify factors that contribute to economic performance.
i ### Explanation:

#* The code selects a specific country (in this case, Afghanistan) and generates line plots for economic indicators over the years.

#* This analysis allows for a focused éxamination of a particular'country's economic trends.

# %% [ code] ”execut\'on”:{”\'opub,status.busy”:”2024/02/28T06:%5F:54,284139Z”,”\'opub,execute input":"2024/02/28T06: :54.2847122","iopub.status.idle":"2024-02-
28100:45:54.6492212","shell.execute _reply.started":"2024-02-28166:45:54.2846652", " shell.ex&cute reply":"2024-02-28T06:45:54.6476712" 1

# Conduct an analysis for specific coufitries or regjons of interest. -

# Choose a country for analysis

selected_country = 'Afghanistan’

selected”df = dff/df ‘country'] == selected_country]

# Line plot for economic indicators over the years for the selected country

plt.figure(figsize=(10, 6))
sns.lineplot{x="year', y=économic_indicators[o], label=economic_indicators[q], data=selected df)
sns.lineplot{x='year', y=economic_indicators[1], label=economic Tndicators|1]; data=selected df)
# ReEeat for other economic indicators N -
plt.title(f'Economic Indicators Over Time for {selected_country}")

plt.xlabel("Year') -

p\t.}/\abe\ "values')

plt.legend()

p\t,show(&

# %% [markdown)

# <«font size="+1" color="#059c99"><b> 4 Economic Growth Trend Comparison</b><ffont>

# Objective: Compare the economic growth trend {measured by the variable Q) across continents.

# %% [ code] {"execution":{"iopub.status.busy":"2024-02-28T06:46:08.2006452", "iopub.execute input":"2024-02-28T06:46:08.2011362","iopub.status.idle":"2024-02-
28T06:46:12.5301882","shell.execute_reply.started":"2024-02-28T06:46:08.2011042","shell.execute reply":"2024-02-28706:46:12.5348252"

# Create a lineplot for economic growth EB/) over the years for each continent -

plt.figure(figsize=(12, 8))
sns.line \ot%x:‘year‘, y="0", hue='continent', data=df, palette='"viridis")
p\t.t\'t\egEconom\'c Crowth Trend Comparison Across Continents')
plt.xlabel('Year"

plt.ylabel{’Economic Growth (Q)")

plt.legend(title='Continent’, bbdx_to_anchor=(1.05, 1), loc="upper left")
plt.shiow() -

# %% [markdown)
i## Explanation:

#* This analysis visualizes the economic growth trend (variable Q) over the years for each continent using a line plot.
#* The plot allows for a quick comparison of economic growth trajectories across continents.

# %% [ markdown

# «font size="+1" color="#059c99'><b> 4 Markup vs. Subsidies and Taxes</b></font>

i Objective: Explore the relationship between markup GME and subsidies/taxes using a scatter plot.
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28T06:46:32.35300912","shell.execute reply.started":"2024-02-28T06:46:31.6751932","shell.exécute reply":"2024-02-28106:46:32.3517792"}}
#‘C:Ceate ?fscatter<p\ot6to explore the relationship between markup and subsidies/taxes -
t.figure(figsize=(10,
Eﬂs,sgcatterg\ot(x:‘SubS\'d\'es', y="Taxes', hue='"markup_CME', data=df, palette='coolwarm', size='markup CME")
plt.title{"Markup vs. Subsidies and Taxes' - -
plt.xlabel('Subsidies")
p\t.}/\abe\ 'Ta><es'R/l
plt.legend(title="Markup_GME', bbox_to_anchor=(1.05, 1), loc="upper left")
plt.show() - -

# %% [ markdown)
# ### Explanation:

#* This analysis visualizes the relationship between markup GME and Subsidies/Taxes using a scatter plot.
#* The size and color of the markers indicate the intensity of markup, providing a comprehénsive view of the relationships.
# %% | code] {”execut\'on”:{”\'opub.status.busy”:”2024;/02/28T06:46:47,476564 ', "opub.execute_input":"2024-02-28T06:46:47.4769792", "iopub.status idle":"2024-02-
28700:46:50.408122","shell.execute_reply.started":"2024-02-28100:46:47.4769482","shell.exeCute reply":"2024-02-28106:46:50.4069012"}
import p\ot\%,express as px - -
# Choropleth map for a specific year (let's say 1995)
fig = px.choropleth(df,
locations="1SO3",
color="Q", # Choose the column you want to visualize
hover name="country",
title="Economic Growth (Q) Distribution in 199&”,
£z <h )co\orﬁcontmuousisca\e:px,co\ors.sequent\'a\, asma)
ig.show
#%A% [coée] ”execut\'on”:E‘\'opub.status.busy”:”2024/02/28T06:47:o8.7695092”,”\'o ub.execute \'nput”:”2024/02/28T06:47:08.7700482”,”\'opub.status.\'d\e”:”zozzyoz/
28700:47:08.8756172","shell.execute reply.started":"2024-02-28T06:47:08.7700082","shell.exécute reply":"2024-02-28106:47:08.8739752"}
# Choropleth map for a specific year (I6t's say 1995) -
fig = px.choropleth(df,
locations="1SO3",
color="11", # Choose the column you want to visualize
hover name="country",
title="Economic Crowth (II) Distribution in 1995",
fia <h color_continuous_scale=px.colors.sequential Viridis)
ig.show
#%A% coée] {"execution": ”\'opub.status.busy”:”2024/02/28T06:4 :20.7862072","iopub.execute \'nput”:”2024/02/28To6:4(7:20,7867682”,”\'o ub.status.idle":"2024-02-
28T06:47:20.8944267","shell.execute reply.started":"2024-02-28T06:47:20.7867252","shell.exécute_reply":"2024-02-28 06:47:20.89332”}f
# Choropleth map for a specific year (I6t's say 1995) -
fig = px.choropleth(df,
locations="1S0O3"
color="LAB", Choose the column youwant to visualize
hover name="country",
title="Economic Crowth (LAB) Distribution in 1995",
fia <h )co\orﬁcontmuousisca\e:px,co\ors,sequent\'a\,Magma)
ig.show
#57/ coée] {"execution": "iopub.status.busy":"2024-02-28T06: 7:29,1879352”,”\@? b.execute input":"2024-02-28706:47:29.1884037","iopub.status.idle":"2024-02-
28100:47:79.2802957","shell.execute reply.started":"2024-02-28106:47:267188372","shell.execute reply":"2024-02-28T06:47:29.28737."}}
# Choropleth map Tor a specific year (I6t's say 1995) -
fig = px.choropleth(df,
locations="1SO3",
color="VA", # Choose the column you want to visualize
hover name="country",
title="Economic Growth (VA) Distribution in 19?5”
£z <h )co\orﬁcontmuousisca\e:px,co\ors.sequent\'a\, 'vid\'s)
ig.show
#g// [code] {"execution":{"iopub.status.busy":"202 /02/28T06:47:4z,9251662”,”\'023ub.execute input":"2024-02-28T06:47:42.9256542", "igpub.status.idle":"2024-02-
28T06:47:4%031432”,”sheH.execute reply.started":"2024-02-28106:47:42.9256232","shell.execute_reply":"2024-02-28106:47:43.029927"}}
# Choropleth mapfor a specific year (let's say 1995 -
fig = px.choropleth(df,
locations="1SO3",
color="K", # Choose the column you want to visualize
hover name="country",
title="Economic Crowth (K) Distribution in 1995",
color_continuous_scale=px.colors.sequentiallnferno)
fig.show( " -
#7% [ mar down]
# <font size="+1" color='#059c99'><b> 4 Markup Outliers Bubble Chart</b></font>
# Objective: Identify and visualize outliers in markup_ GME using a bubble chart.

# %% [ code] {"execution":{"iopub.status.busy":"202 /02/28T06:4§: 7.9277632""iopub.execute mput”:”2024/02/28T06:4r
2870 :4%8:05,9703922”,”5 ell.execute reply.started":"2024-02-2 06:47:57.9282782”,”sheH.ex@cute reply":"2024-02-28106:43:05.96888
# |dentify and visdalize outliers in markup using a bubble chart -
plt.figure(figsize=(12, 8
sns.scatterplot(x='year', y="markup GME', hue='country', size="markup_CME', data=df, palette='Set2")
plt.title("Markup Odtliers Bubble Chart’) -
plt.xlabel("Year')
p\t.}/\abe\ 'Markup GME')
p}% %gend(t\'t\e:(@untry, bbox_to_anchor=(1.05, 1), loc="upper left")
.show
E#‘)%% markdown]
# ### Explanation:

7:57.9283172”,”\'05% status.idle":"2024-02-

v}'

#

# * This analysis creates a bubble chart to identify outliers in markup CME over the years.

#* The size of the bubbles represents the intensity of markup, and the color distinguishes different countries.

# %% [ markdown

# <«font size="+1" color="#059c99'><b> 4 Visualized the countries with the highest and lowest values for each feature using both pie charts</b><ffont>

# %% [ code] {”execut\'on”:{g\'opub,status,busy”:”202 -02-28T06:48:17.7635152" "iopub.execute input":"2024-02-28T06:48:17.7642732","iopub.status.idle":"2024-02-
§8LT_oté: %:2?,8639022”,”5 ell.execute reply.started":"2024-02-28T06:48:17.7642192","shell.ex&cute reply":"2024-02-28T06:48:20.8626367"1}
ISt ot Teatures

features=['Q',"II', 'LAB', 'K']
# Iterate over features
for feature in features:

# Find countries with the highest and lowest values for the chosen feature

highest_countries = df.nlargest(4, feature)| ‘country']

lowest tountries = df.nsmallest(4, featuré)['country']

# Plot pie charts for the highest values

p\t,ﬂgtgre(ﬂ size=(12, 5))

plt.su p\oté,z 1

df_high = dff df['Countr q,\'sm(h\' hest_countries)

plEpie(df_high[feature], labels=df h\'ﬁ?country' , autopct="%1.1f%%', startangle=00)

plt.titlé(fTop 5 Countries with Highest {
# Plot ple charts for the lowest values
plt.subplot(1, 2, 2)

df low = dffdf['count q.\'sm(\owest countries)

plEpie(df_low|feature], labels=df low|'country"], autopct="%1.1f%%', startangle=90)
plt.title(f'Top 5 Countries with Lowest {feature}'

plt.tight_layout()

plt.show()

# %% [markdown]
# <font size="+1"

eature}’)

color='#059c99'><b> 4 Exploring Variation in Multiple Features </b><ffont>

# %% [ code] {”execut\'on”:{”\'opub,status,busy”:”2024/02/28T06:§%:22,523224Z”,”\'o ub.execute input":"2024-02-28T06:49:22.523772","iopub.status.idle":"2024-02-
28700:49:32.9339112","shell.execute reply.started":"2024-02-28706:49722.5237282","shell.execute reply":"2024-02-28106:45:72.9327122" 1
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features =['Q, 'lI', VA, 'LAB", 'K', 'Subsidies', 'Taxes']
# Set up a multi-feature box plot
plt.figure(figsize=(14, 8
sns.boxplot{data=df] features), pa\ette:”Sets”?
plt.title("Variation in Multiple Features by Box Plots')
plt.xlabel('Features')
plt.ylabel{"values')
plt.show
# %% [mar down]
# «font size="+1" color="#059c99'><b> 4 Assessing Feature Importance: Quantifying Variability through Variance and Standard Deviation</b></font>
# %% [ code] {"execution": ”\'opub.status,busy”:”2024}/02/28T06: 9(:31.6406472”,”\'opub.execute input":"2024-02-28706:49:31.6412742", "iopub.status.idle":"2024-02-
28To :??:32,2037632”,”5 ell.lexecute reply.started":"2024-02-28106:49:31.641242","shell.execUte_reply":"2024-02-28106:49:32.2028867"}}
# List of Teatures to assess B -
features=['Q', 'II', VA", 'LAB', 'K, 'Subsidies’ 'Ta><es']f
# Calculate variance and standard deviation for each feature
variance values = df[featureslvar(
std_deviation_values = dff features’.std()
# Print variance and standard deviation values
print("variance values:")
print{variance values)
print{"\nStandard Deviation values:")
print(std_deviation_values)
e figsize—(12, 6))
figure(figsize=(12,
JB Barg lot fngam'ance
plt.subplot(1, 2, 1)
variance va\ues,p\ot’gk\'ndz'bar‘, color="skyblue")
plt.titte("Variance of Features')
plt.ylabel('Variance'
# Bar B\ot for Standard Deviation
plt.subplot(1, 2, 2
std_deviation_values.plot(kind="bar', color="lightcoral")
plt.fitle('Standard Deviation of Features')
p\t,y\abe\?'Standard Deviation')
p\t,t\'éht ayout()
plt.sHowl
# %% [ markdown)
# ### Explanation

#
# This data represents the feature importance assessment using variance and standard deviation. For the feature "Q," the variance is approximately 6.43e+15, and the
standard deviation is around 8.02e+07. Similarly, for features "IT" "VA," "LAB," "K," "Subsidies," and "Taxes," the corresponding variance and standard deviation values
arE))rovided, These statistics quantify the variability in each feature, offerin insights into their importance in the analysis.
%% [ code] {”execut\'on”:i;”\'opub,status.busy”:”2024}/02/28T06: 9(:42.0674 12" "iopub.execute \nput”:”2024/02/28T06:419:42.0680462”,”\'o ub.status.idle":"2024-02-
28T06:49:42.0872732","shell.execute_reply.started":"2024-02-2 06:49:42,0680092”,”she\\.exécute reply":"2024-02-28106:49:42.086033/ "1
# Exclude non-numeric columns from Correlation calculation -
numeric_columps = df.select_dtypes(include=["float64', 'int64']).columns
df_numeric = dff numeric_coltmns]
# Calculate the correlatjon matrix
corr=df_numeric.corr()
# Print the correlation rhatrix
print("Correlation Matrix:")
print{ corr
# %% [markdown)
i ### Explanation

# This correlation matrix reveals the relationships between different variables. Each cell represents the correlation coefficient between two variables, ranging from -1
;perfect negative correlation) to 1{perfect positive correlation). A coefficient close to o suggests aweak correlation.

# For example, there is a strong positive correlation (0.966) between variables Q and Il, while there is a strong negative correlation (-0.902) between LAB and Subsidies.
Understanding these correlations helps to identify pattérns and dependencies among the variables in the analysis.

# %% [ code] {”execution”:%’\'opub,sta us.busy":"2024-02-28106:49:48.2776692", "lopUb.execute_input":"2024-02-28T06:49:48.278172", "iopub.status.idle":"2024-02-
%8T06:4‘?:4 .wc‘>o3 ]Zz”_,”s (eH.exe)Sute replystarted":"2024-02-28106:49:482781382", "shell.exécute reply":"2024-02-28106:49:49.0992242"}}

, ax = plt.subpl ots?\ size=(15, 15

plt.title("\n  Corre atg\ons between Features', pad=20, size=30)

ax = Sns,l\geatmaggcorr, annot=True,

mt=".2f",

vmin=-1, vimax=1,

center=0, squarezTrue, linewidths=.5,cmap="crest",

cbar kws={"shrink": 0.8})
# %% [markdown
# # <div st \e:”co\or:ye\\ow;d\'sp\ay:\'nh’nezb\ock;border/rad\'us:g@x;background/co\or:#oo7BA7;font/famHy:Nexa;overﬂow:h\'dden”><p
style="padding:15px;color:yellow;overflow:hidden;font-size:g5%;letter-Spacing:o.5px;margin:o"><b> </b>Modeling </p></div>

# %% [markdown)

# <font size="+1" color='#059c90'><b> 4 We normalize the data using StandardScaler:</b></ffont>

# %% [ code] {"execution":{"iopUb.status.busy":"2024-02-28T06:50:31.4076332", "iopub.execute mEut”:”zoz /02/28T06:5ro:
28T06:50:31.4932362","shell.execute_reply.started":"2024-02-28706:50:37.4080227","shell.exécute_reply":"2024-02-28T0!
import pandasas p -

from sklearn.model_selectionimport train_test split
from sklearn.preprocessing import StandardScafer
from sklearn.decomposition import PCA

from sklearn.impute import Simplelmputer

import matplotlib.pyplot as plt

import seaborn as sns

# %% | code] {"execution":{"iopub.status.busy":"2024-02-28T06:50:42.4784782","iopub.execute \'nput”:”2024/02/28To6:50:42.478982”,”\'ogub.status.\'d\e”:”2024/02/
28706:50:42.4972172","shell.execute reply.started":"2024-02-28T06:50:42.4789472" "shel.execute reply":"2024-02-28T06:50:4274956892"1}

# Assummg%/ourfeatures are all colurins except non-numeric ones like 'year', 'country', '1SO3', 'contifient’; 'Region 1'

features = df.select_dtypes(include=['float64', 'int64']).columns

X=df[features]

# Impute missing values

imputer = Simplélmputer(strategy='mean') # You can use other strategies like 'median', 'most_frequent'

X imputed = imputer.fit_transform(x -

#MNormalize the data using StandardScaler

scaler = StandardScaler()

X_normalized = scaler.fit_transform(X_imputed)

#75plit the data into training and testing sets

X _train, X_test=train_test split{X normalized, test size=0.2, random_state=42)

# %% [ markdown
## <Lj\'v sty\e:”cg)\or:ye\\ow;d\'sp\ay:\'n\mezb\ock;border/rad\'us:gpx;background/co\or:#oo7BA7;font/famHy:Nexa;overﬂow:h\'dden”><
;ty\e:”paddmgm5px;co\or:yeHow;overﬂow:h\'dden;font/sizezgg%;\etter/spadng:o.gpx;marg\'n:o”><b> </b>Principal Component Analysis</p></div>

#
# «font size="+1" color="#059c99"><b> 4 Perform dimensionality reduction using PCA{Principal Component Analysis)</b><ffont>

1.4080527","iopub.status.idle":"2024-02-
3:31,45919182‘%} 4

# Utilize PCA(Principal Component Anal S\'S% for dimensionality reduction. PCA identifies key patterns and reduces the dataset's complexity by transforming variables into
a smaller set of uncorrelated components. This aids in retaining essential information while simplifying the data for more efficient analysis and visualization.

# %% | code] {"execution":{"iopub.status.busy":"2024-02-28T06:50:53.9329142", "iopub.execute_inpat":"2024-02-28106:50:53.9334772", "iopub,.status.idie":"2024-02-
28T06:50:53.9698847","shell.execute re[g)é/,started”:”2024/02/28T06:50:53,9334362”,”sheH.ex’ecute reply":"2024-02-28766:50:53.9679832 "1}

# Perform dimerisionality reduction usifig PCA -

ca=PCA()

Pca =pcafit_transform(X train)
#7%% | code] {"execution": '\'Epub,status,busy”:”2024/02/28T06:%o:5 .6903367","iopub.execute input":"202. /02/28T06:5rog
2870 :%1:00,0128282”,”sheH.execute reply.started":"2024-02-28T06:50:59.6907882", "shell.exécute_reply":"2024-02-28T06:51:60.0116067
# Calculate explained variance ratio -
explained ratio = pca.explained variance ratio

9.6908212", "iopub.status.idle":"2024-02-

H
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?\t.ﬂgure figsize=(10, 8))
ontT=1{" am\'\g‘: 'serif!, "Color': 'black’, 'weight': 'normal', 'size": 16&
plt.title(' Number of components & Explained variance ratio', backgroundcolor='grey', color="white', fontdict=font1)
ax = sns.lineplot{x=np.arange(1, \engexp\amed ratio) + 1), y=np.cumsum{explained ratio
ax = sns.scatterplot(x=np.arange(1, len{explaified_ratio}+1), y=np.cumsum(explaified_ratio))
ax.set_xlabel('"Number of components', fontdict=fontn, \abeTpad:wé -
aﬁ.s%t:y\abe\ '‘Cumulative Explained variance ratio', fontdict=font1, labelpad=16)
.shaw
E#‘)%% markdown]
# ### Explanation

#
# Assess the number of components and their cumulative explained variance ratio using PCA. This grth\'ca\ representation illustrates how much of the dataset's variance
[sfretamsd as the number of components increases. The plot helps in determining an optimal balance between dimensionality reduction and retaining significant
ntormation.

# %% [ code] {"execution":{"iopub.status.busy":"2024-02-28T06:51:10.620792", "iopub.execute mput”:”2024/02/28T06:85r1:10,6215062”,”\'opub,status.\'d\e”:”2024/02/
28T00:51:10.6264952", "shell.execute_reply.started":"2024-02-28106:51:10.6214712","shell.exécute reply":"2024-02-28106:51:16.6251672" 1}

explained _ratio = np.cumsum(np.roufd{pca.explained variance ratio_,2)) -

# %% | code] {"execution":{"iopub.status.busy": 2024/0’2/28T06:§’1:14.2Z3 667", "iopub.execute_input":"2024-02-28T06:51:14.2441242", "iopub.status.idle":"2024-02-
28T006:51:14,6256342","shel.execute_reply.started":"2024-02-28T06:51:14.2440932","shell.exeCute reply":"2024-02-28T06:51:14.6242982"1}

#Number of components & Explainedvariance ratio for dataset without potential outliers -

p\t.ﬂ%ure(ﬂgsize:(wo,wo

plt.t7 e?Number of components & Explained variance ratio',backgroundcolor='grey',color='white' fontdict=font1)

ax=sns. \'neE\ot( x=np.arange(o,len(explained_ratio)), y=explained_ratio).

ax=sns.sca terﬂot(x:np,arange{o,\en&xp\am@d rat\o%,yzexp\a\@d ratio)

ax.set_xlabel("Number of components' fontdict=font1,labelpad=16) ~

ax.set”ylabel("Explained variance ratio',fontdict=font1,labelpad=16

# %% [ markdown

# <«font size="+1" color="#059c99'><b> 4 Based on the variance ratio deviations, PCA was performed with 3 and 4 components and 5.</b></font>

#
# ### Explanation
#

# PCAwas applied with different component configurations, specifically with 3, 4, and 5 components. This exploration aims to assess how the variance ratio deviates
across these configurations, providing insights into the trade-off betwéen dimensionality reduction and preserving data variability.

#
# %% [ code] {”execut\'on”:{”\'opub,status,busy”:”2024/02/28T06:§1:30,44905Z”,”\'opub,execute mput”:”2024/02/28T06:851:30.4495062”,”iopub.status.id\e”:”2024/02/
$8T_96:51:30, 23722”,”sheH.executejep\y,started”:”2024/02/2 T06:51:30.4494592","shell.execute reply":"2024-02-28T06:51:30.5225132" }}
oriinrange(3,0):
pca= P Agw components=i)
pea.fit(X_trdin)
explained Variance = pca.explained_variance ratio
Pprint(f"For fit as n_coinponents, Explained Variance equals to {explained_Variance}")
# %% | code] {”execuﬁon”:ﬁ'\'opub,status.busy”:”2024/02/28T06%51: 4.6293382","iopub.execute \'nput”:”2024/02/28T06:51:34.62279 7" "iopub.status.idle":"2024-02-
28T06:51:34.65652","shell.execute_reply.started":"2024-02-28To 54 332”}f
pca = PCA(n_components=3) -
pa.fit(x_tram)
ex/p\amea Variance = pca.explained_variance ratio
# %% [ markdown - -
§ <font size="+1" color="#059c99'><b> 4 Scree Plot for entire dataset</b></font>

:51:34.6297587", "shell.execdte_reply":"2024-02-28T06:51:34.

# The Scree Plot visualizes the eigenvalues of principal components in the entire dataset. It helps identify the point at which adding more components provides diminishing
returps in explaining the variance. This aids in determining an appropriate number of principal components to retain for efficient dimensionality reduction.
# %% | code] ”execut\'on”:E‘\'opub,status.busy”:”2024/02/28To :51:41.7304092", "iopub.execute_input":"2024-02-28T06:51:41.7309532", "iopub.status.idle":"2024-02-
2é‘3tch_>6:51: _2.9820082”,”)5 ell.execute reply.started":"2024-02-28T06:51:41.7309112","shell.exeCute_reply":"2024-02-28T06:51:42.0306192"1}
figure(figsize=(10,10

B\t.t\%e 'gcrgee Plo ',baclgroundco\or:‘grey‘,co\or:‘white‘,fontd\'ctzfontw)
plt.plot{pca.explained_variance , marker='o"
plt.xlabel("Eigenvalue Tumber" fontdict=fonti,labelpad=16)
plt.ylabel(" Eigenvalue size" fontdict=font1,labelpad=16)
plt.xticks{fontsize=15
plt.yticks(fontsize=15

It.5how
# %% [ markdown)
# ### Explanation

#
# Eigenvalue number refers to the order or position of an ei%enva\ue in a set. Eigenvalues represent the magnitude of variability captured by each principal componentin a
dataset. Eigenvalue size indicates the magnitude or strength of the variability eXplained by a specific eigenvalue. Larger eigenvalues correspond to principal components
that capture more significant portions of the overall variarice in the data.

# %% [markdown)

# # <div st \e:”co\or:ye\\ow;d\'sp\ay:\'nh’nezb\ock;border/rad\'us:g@x;background/co\or:#oo7BA7;font/famHy:Nexa;overﬂow:h\'dden”><p
style="padding:15px;color:yellow;overflow:hidden;font-size:g5%;letter-Spacing:o.5px;margin:o"><b> </b>Clustering</p></div>

# **(Justering** is a technique in machine learning and data analysis that involves grouping similar data points together based on certain features or characteristics. The
goal of clustefing is to partition a dataset into subsets, or clusters, so that data points within the same cluster are more similar to each other than to those in other
clusters. This process helps identify patterns, structures, or natural %rou ings within the data, facilitating better understanding and analysis of complex datasets. Various
clustering algorithms, such as k-means, hierarchical clustering, and DBSCAN, are used to achieve this grouping based on different criteria.
# %% | code] %‘execut\'on”:%”\'opub,status,busy”:”202 -02-28706:51:49.6898187", "lopub.execute_input":"2024-02-28106:51:49.6913322", "iopub.status.idle":"2024-02-
287006:51:49.6084847"  "shell.execute reply.started":"2024-02-28706:51:49.691282","shell.execUte reply":"2024-02-28T06:51:49.6970522" 1}
def Clustering "AfterDmR(k,data): =~ -

kmeans = KMeans(n_clusters=k ,**kmeans_set)

kmeans fit(data) =~ ~ -

dict={'n dusters': k, 'Silhouette score' : silhouette score(data kmeans.labels ),

Calinski Harabasz score': calinski_harabasz_score{data, kmeans.labels_);
'Davies Bouldin' : davies_bouldin “score(data, kmeans.labels_)} -

return {djct - - -
# %% [ code] {" execut\'on”:{”iopub.status.busy”:”2024/02/28T06:§1:5é.1891642”,”\'0 ub.execute input":"2024-02-28T06:51:54.1906372","iopub.status.idle":"2024-02-
28T06:51:54.1973837", "shell.execute rep\y,started”:”2024/02/2 100:5154.1905082" "shell.exécute reply":"2024-02-28106:51754.706028 2"
kmeans set ={"Init":"k-means++", " init" : 10, "max _iter" : 300, "random state" :222} -
# %% [ code] {"execution™:{"iopub.statds.busy":"2024-03-28To :51:58.8201867”,”\'05
28T06:51:59.3316897", "shell.execute_reply.started":"2024-02-28T06:51:58.820667"
from yellowbrick.clUster import KElbowVisualizer
from sklearn.decomposition import PCA
from sklearn.preprocessing import StandardScaler
from sklearn.cluster import Kieans
from sklearn.metrics import silhouette score, calinski_harabasz_score, davies_bouldin_score
from kneed impart KneelLocator - - - - -
# %% [markdown)
# Principal Component Analysis (PCA) is applied to the dataset with three components, resulting in a transformed dataset with features labeled as "feature1," "feature2,"
and "feature3." The dataset statistics indicate the characteristics of the transformed features:
# %% [ code] { execut\'on”:{”\'opub.status.busy”:”2024/02/28T06:§8:2 -4654582", "iopub.execute_input":"2024-02-28T06:58:29.4660562", "iopub.status.idle":"2024-02-
28T006:58:39.5917227","shell .execute_reply.started":"2024-02-28T06:58:29.4660162","shell.execute reply":"2024-02-28T06:58:29.5899372"11
pca = PCA(r_components=3) - -
pea fit(X_tram)
explained_Varlance = pca.explained variance ratio
PCA_ds=pd.DataFrame(pca.transfarm(X_tram), calumns=(["feature1","feature2", "feature3"]))
PCA ds.describe().T -
# %k {rmarkdown
# These statistics provide insights into the distribution and variation of the transformed features after applying PCA, helping to understand the impact of dimensionality
reduction ¢n the dataset.
# %% | code] {"execution":{"iopub.status.busy":"2024-02-28T07:00:08.0801712", "iopub.execute_input":"2024-02-28107:00:08.0808122","igpub.status.idle":"2024-02-
28107:00:11.2342262","shell.execute reply.started":"2024-02-28T07:00:08.0807612","shell.execute reply":"2024-02-28107:00:11.2327722"}
scores_df list=[] # List to store DataFrames -
for kirrange(3, 21, 2):

clustering result ="Clustering AfterDmR(k, PCA _ds)

df result=pd.DataFrame.from_dict{clustering Fesuilt, orient="index").T

scores_df listappend(df result) -
# Concatenate the list of DataFrames into a single DataFrame
scores df =pd.concat{scores df list, ignore index=True)

b.éxecute_input":"2024-02-28T06:51:58.8206962","iopub.status.idle":"2024-02-
" "shell.exeCute reply":"2024-02-28T06:51:59.330362"
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scorés_df.describe().T
# % [ Markdown
# These metrics provide insights into the performance and characteristics of the clustering algorithm, \'ndudm% the number of dlusters formed, silhouette scores indicating
cluster cohesion, Calinski Harabasz scores measuring cluster separation, and Davies Bouldin scores assessing Cluster compactness.
# %% | code] {”execut\'on”:{”\'opub.status,busy”:”2024/02/28To7:o0:20.0989732”,"iog b.execute input":"2024-02-28T707:00:20.099411Z","iopub.status.idle":"2024-02-
28To7:oo:21.03415>]§z”,”sheH,execute reply.started":"2024-02-28107:00:26.0993722", "shell.exeCute_reply":"2024-02-28707:00:717032833Z"}}
for colinscorés_df.drop(columns=["ri_clusters']): -

p\t.ﬂ%ure(ﬂgsie:(wo,wo 2 -

plt.title('Number of Clusters and '+col,backgroundcolor="black’,color="white' fontsize=15 )

plt.xticks(fontsize=12

plt.yticks(fontsize=12

plt.xlabel{"Number of clusters' fontdict=font1,labelpad=16)

plt.ylabel(col fontdict=font1,labelpad=16

p}t'pl‘th range(3,21,2),scores_df{col),marker='o",markerfacecolor="red")

t.show

# %% [ markdown)
# After evaluating clustering performance metrics, | decided that 3 clusters would be the optimal choice. This decision is based on the obtained scores, suggesting that a
division into three distinct groups provides a balance between capturing meaningful patterns in the data and avoiding unnecessary complexity

#
# %% [ code] {"execution":{"iopub.status.busy":"2024-02-28T07:00:32.5010282", "iopub.execute input":"2024-03-28707:00:32.5014552", "iopub.status.idle":"2024-02-
28T07:00:32.7910217","shell.execute reply.started":"2024-02-28T07:00:32.5014242","shell.execute_reply":"2024-02-28T07:00:32.789345Z

kmeans3 = KMeans(n_clusters=3 , **kmeans_set) -

kmeans3 fit(PCA ds) ™ -

rint(f'Slhouette score; {silhouette score(PCA_ds kmeans3.labels_)},\nCalinski Harabasz score: {calinski_harabasz_score(PCA_ds, kmeans3.labels_)},\nDavies Bouldin:
idavies bouldin_score(PCA ds, kmeans3.labels )} - - - -

%% [ code] ”ex’ecut\'on”:{”@pub,status.busy”:'2024/02/28To7:oo:36.7549182","io%ub.execute in ut”:”2024/02/28To7:oo:36,75%3252”,”\'opub.status,\'d\e”:”2024/02/
28707:00:38.6257132","shiell.execute reply.started":"2024-02-28767:00:30.7553572", "shell.execute_reply":"2024-02-28T07:00:38.6346112" 1

o | A

List=
for kirirange(1,21):

kmeans = KMeans(n_clusters=k,**kmeans_set)

kmeans. fit(PCA ds) ™~ -

List.append(kmeans.inertia )
# %% | code] {"execution":{"iopub.status.busy":"2024-02-28T07:00:42.8860022", "iopub.execute input":"2024-02-28107:00:42.8864667","iopub.status.idle":"2024-02-
28T07:00:42.8932612","shell.execute reply.started":"2024-02-28T07:00:42.88643Z","shell.execute reply":"2024-02-2 To7:oo:42.891473z”}f
fontz = {'family": 'serif', 'calor': 'darkred’, 'we\'ght‘: ‘normal', 'size'": 14 -
# %% | code] {"execution":{"iopub.status.busy ':”2024}/02/28To7:oo:46.018786Z”,”\'opub.execute mput”:”2024/02/28To7:00:46.0204022”,”\'opub.status.\'d\e”:”2024/02/
2%2@7:00@6.3932(232”),)”she\\.executejep\y,started' :"2024-02-28107:00:46.0203352","shell.exécute reply":"2024-02-28T07:00:46.3919952" 1

figure(figsize=(10,7
B\t.t\' e 'Nugmber of Clusters and Inertia',backgroundcolor='gray',color="white' fontsize=15 )
plt.plot(range(1,21),List
plt.xticks(range(1,21),fontsize=12)
plt.yticks(fon S\'ze:u?
plt.xlabel{'Number of clusters' fontdict=fontz labelpad=16)
p}t.y\habe\ '\nem’a‘,fontdict:fontz,\abe\pad:wéj

. show
g%% [codé] {"execution":{"iopub.status.busy":"2024-02-28T07:01:32.665842", "iopub.execute_input":"2024-02-28T07:01:32.666392", "iopub.status.idle":"2024-02-
28T07:01:32.678522" "shell.execute reply.started":"2024-02-28107:01:32.6663352","shell.exeCute reply":"2024-02-28T07:01:32.6773092"}}
E :‘Enee ocator(range(1,21), List,cufve="convex',direction="decreasing -

1.elbow
# %% | code] {”execut\'on”:{”\'opub.status,busy”:”2024/02/28TO7:OW:36.530734Z”,”\'Oé) b.execute_input":"2024-02-28707:01:36.5311362", "iopub.status.idle":"2024-02-
28T07:01:36.8152272","shell.execute reply.started":"2024-02-28T07:01:30.5311092","shell.execuUte reply":"2024-02-28T07:01:30.8139962" 1}
kmeans = KMeans(n_clusters=5, **kimeans _set) -
kmeans.fit(PCA ds) -

rint(f'Silhouette sCore; {silhouette score(PCA_ds kmeans.labels_)},\nCalinski Harabasz score: {calinski_harabasz_score(PCA_ds, kmeans.labels_)},\nDavies Bouldin:
idavies bouldin_score(PCA_ds, kmeans.labels T)}') - - - -

%% [markdown - -
# In Contrast to the 5-cluster solution sufg%ested by the k-elbow method, the performance scores for the 3-cluster solution demonstrate superiority. This indicates that,
destp_\'te considering a smaller number of clusters, the quality of the clusteringis higher, making the 3-cluster solution a more favorable choice based on the evaluation
metrics.

#
# %% [ code] {"execution":{"iopub.status.busy":"2024-02-28T07:01:42.3330912", "iopub.execute_input":"2024-02-28707:01:42.3338082","iopub.status.idle":"2024-02-
%%TAWG:OW: %zzmdoowz”,”she\\.executejep\y,started”:”2024/02/28To7:ow:42.333761 " "shell.execUte reply":"2024-02-28107:01:42.339651Z"}}

s= S.COpY!
# %] code] {”@xecutwpon': "iopub.status.busy":"2024-02-28107:01:46.2761522", "iopub.execute_input":"2024-02-28T07:01:46.2766912","iopub.status.idle":"2024-02-
28707:01:46.2006827", "shell.execute_reply.started":"2024-02-28107:01:46.2766572","shell.ex8cute reply":"2024-02-28107:01:46.2976427" 1}
Egﬁigs[tabe =kmeans3.labels -

S
# %] code] {"execution": ”\'opub,status,busy”:”2024}/02/28To7:01: 0.8608022","iopub.execute in| ut”:”2024/02/28To7:ow:50.8616422”,”\'Ofub,status,id\e”:”zozzyoz/
28707:01:50.8700967","shel.execute _reply.started":"2024-02-28T07:01:50.8615952", "shell.exécute reply":"2024-02-28T07:01:50.8691962"1}
centroids = kmeans3.cluster_centers — -
centroids - -
# %% [ code] {"execution":{"jopub.status.busy":"2024-02-28T07:01:54.697237" "iopub.execute input":"2024-02-28707:01:54.6978182","iopub.status.idle":"2024-02-
2é‘3Tfo7:owzf5,3143 2Z”,”§he\\.execute reply.started":"2024-02-28167:01:54.6977792","shel.execute reply":"2024-02-281G7:01755.3132562"}}

t.figure(tigsize=(10, 7 - -
B\t.t\' e egturewand eature 2", backgroundcolor='gray', color="white', fontsize=15)
sns.scatterplot(data=PCA _ds, x="feature1', y="feature2', hue='Label')
plt.xticks{fontsize=12 -
plt.yticks(fontsize=12
plt.scatter(centroids[: o]r, centroids[:, 1], c="red', s=50)
plt.xlabel('Feature 1, foritdict=font2, fabe\pad:wé
p}%.y\habe\ 'Feature 2', fontdict=font2, labelpad=16

.SNOW|
g%%[co e] {"execution":{"iopub.status.busy":"2024-02-28T07:02:01.546146Z","iopub.execute input":"2024-03-28707:02:01.546 882", "iopub.status.idle":"2024-02-
2%2@7:02:]92.1_989(872” ”)she\\,executejep\y,started”:”2024/02/28To7:02:ow.5468292”,”she\\.exe’cutejep\y”:‘2024/02/28To7:02:oz.197237 "1

figure(figsize=(10, 7
B\t.t\' e(‘éegturewand eature 3', backgroundcolor='gray', color="white', fontsize=15)
sns.scatterplot{data=PCA_ds, X='featuret', y="feature3', hue="'Label")
plt.xticks{fontsize=12 -
plt.yticks(fontsize=12
plt.scatter(centroids;, o], centroids[:, 2], c="red', s=50)
plt.xlabel('Feature 1, foritdict=font2, fabe\pad:wé
p}%.y\habe\ 'Feature 3', fontdict=fontz, labelpad=16

.SNOW|
g%% code] {"execution":{"iopub.status.busy":"2024-02-28707:02:15.920728Z","iopub.execute_input":"2024-02-28707:02:15.921212","iopub.status.idle":"2024-02-
28T07:02:1 .6339{4 " "shell.execute reply.started":"2024-02-28107:02:15.921176 2", "shell.exeute reply":"2024-02-28T07:02:16.6298712" 1

=(10,

p\t.ﬂ%ure’_(ﬂgsize J
plt.title('Feature 2and Feature 3, backgroundcolor='gray', color="white', fontsize=15)
sns.scatterplot{data=PCA_ds, x="feature2’, y="feature3', hue="Label")

plt.xticks(fontsize=12
plt.yticks(fontsize=12
p\t.scatter&centroids[: 1], centroids[:, 2% c="red', 5=50)
plt.xlabel('Feature 2!, fontd\'ctzfontz, labelpad=16
plt.ylabel("Feature 3", fontdict=fontz, labelpad=16
plt.show!
# %% [markdown)
# Now, let's implement clustering and Principal Component Analysis (PCA) on the X_test dataset. This involves grouping similar data points together and reducing
dimensionality for efficient analysis and visualization. -
# %% | code] {"execution":{"iopub.status.busy":"2024-02-28T07:02:29.001418Z", "iopub. execute input":"202 -02-28707:02:29.0018762", "iopub.status.idle":"2024-02-
28707:02:29.0175652","shell.execute reply.started":"2024-02-28107:02:29.001844Z2","shell.exétute_reply":"2024-02-28707702:29.0158232"}}
pca_test=PCA(N_Components=3) -
pca test fit(X test)
# %% code] {"execution": ”\'opub,status,busy”:”2024/02/28To7:02: 2.4661552","iopub.execute input":"2024-02-28T07:02:32.4669647","iopub.status.idle":"2024-02-
28107:02:32.4968432","shell.execute reply.started":"2024-02-28107:02:32.4669262","shell.execute reply":"2024-02-28107:02:37.495669/ "1}
explained” Varlance = pca_test.explaired variance ratio ~
PCA test = pd.DataFramé{pca_test.transform(X_t&st), columns=(["feature1","feature2", "feature3"]))
?/%tesé'd]e{mbeoj { b b y 8T, 6 7 b 8T, 6.4456577 b di

%% code] {"execution":{"iopub.status.busy":"2024-02-28T07:02:36. o07Z","iopub.execute input":"2024-02-28T07:02:36. 72", "iopub.status.idle":"2024-02-
28To7:02:36,502192Z”,”She\\,gxecute rep\y,sytarted”%”2024/02/28T(3>7:§§§6.445607 ”,”sheH.eerut% rep\y”:”42024/02/28TO73:024:}§g.550067Z”ﬁ 4
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kmeans T.fit(PCA_test) )

Bm’nt(f‘STThouette Score: {silhouette_score(PCA_test kmeans T.labels )},\nCalinski Harabasz score: {calinski_harabasz_score(PCA_test, kmeans_T.labels_)},\nDavies
ouldin: {davies bouldin score{PCA test, kmeans T.abels ' - - - - -

# %% | code] {"execution" "iopub.status.busy":"2074-02-28T67:02:40.0756392", "iopub.execute input":"2024-02-28T07:02:40.076043Z","iopub.status.idle":"2024-02-

28To7:oz:49,082187z”,”sheH.execute reply.started":"2024-02-28707:02:140.0760132","shell.execute_reply":"2024-02-28T07:02:40.0 10132”?}

centroids_T =kmeans T.cluster centers -

PCA test['Label'| =kmeans T.labels

# %é{code] {"execution":{"opub.status.busy":"2024

-02-28707:02:44.3084942","iopub.execute mput”:”2024/02/28To7:02:44,3090132”,”\'opub.status,id\e”:”2024/02/
28TO71021?\4,762907Z” "shell.execute_reply.started":"2024-02-28T07:02:44.3089792","shell.exécute_reply":' '
g

2024-02-28107:02:44.7616532"}}

plt.fi ure’g size=(10, 7))
plt.title('Feature 1and Feature 2', back roundcolor='gray’, color="white', fontsize=15)
sns.scatterplot{data=PCA_test, x="feature?', y="feature2', hue="Label')

plt.xticks{fontsize=12

plt.yticks(fontsize=12

plt.scatter(centroids “T[:, o], centroids 1[:, 1], c="red", s=50)
plt.xlabel('Feature 1',Tontdict=font2, 1abelpad=16
plt.ylabel(’Feature 2', fontdict=font, labelpad=16
plt.show()

# %% [ code] {"execution":{"iopub.status.busy":"2024-02-28T07:02:52.4286152", "iopub.execute input":"2024-03-28T07:02:52.4391552", "iopub.status.idle":"2024-02-
28To7:oz:?_2.916043z”,”she\\.executejep\y,started”:”2024/02/28To7:02:52,429116 " "shell.exeCute reply":"2024-02-28T07:02:52.9147492"1}
igsi

plt.fi ure’g ze=(10, 7))
plt.title('Feature 1 and Feature 3', backgroundcolor='gray', color="white', fontsize=15)
sns.scatterplot{data=PCA_test; x='featUre?', y="feature3', hue='Label")

plt.xticks{fontsize=12

plt.yticks(fontsize=12

p\t.scatter%entroids T[:, 0], centroids_T[:, 2], c="red", s=50)
plt.xlabel('Feature 1", Tontdict=font2, |abelpad=16
plt.ylabel("Feature 3", fontdict=fontz, labelpad=16
plt.show()

# %% [ code] {"execution":{"jopub.status.busy":"2024-02-28T07:02:58.7472497", "iopub.execute_input":"2024-02-28707:02:58.747672Z","iopub.status.idle":"2024-02-
2%&@7:02:;_9.2_177{52”,”sheH,execute reply.started":"2024-02-28T107:02:58.7476422","shell.exeCute rep\y”:”2024/02/28To7:02:59.216641Z”E}

plt.figure(figsize=(10, 7

plt.title(" Fgegture 2and Feature 3', backgroundcolor='gray', color="white', fontsize=15)

sns.scatterplot{data=PCA_test, x="featlre2', y="features’, hue="Label")

plt.xticks{fontsize=12 -

plt.yticks(fontsize=12

plt.scatter(centroids T[:, 1], centroids 1[:, 2], c="red", s=50)

plt.xlabel('Feature 2'7fontdict=font2, \Ebefpad:wé

plt.ylabel(’Feature 3", fontdict=fontz, labelpad=16

plt.show

# %% [markdown)

# The entire dataset is eligible for dusterm% analysis. Applying clustering to the entire dataset involves grouping data points based on similarities or patterns, providing
insights into the overall structure of the data.

# %% code] {”execut\'on”:%’\'opub,status,busy”:”2024}/02/28To7:o :06.5326857","iopub.execute input":"2024-02-28T07:03:06.5331162", "iopub.status.idle":"2024-02-
28707:03:00.5468322","shell.execute reply.started":"2024-02-28107:03:06.5330832","shell.ex&cute reply":"2024-02-28707:03:06.5456487"1}

from sklearn.preprocessing import StandardScaler -

# Select only numeric columns

numeric_columns = df.select_dtypes(include=["float64', 'int64']).columns

# Createa DataFrame with ofly numeric columins

numeric_df = dff numeric_columns]

# Apply StandardScaler £& numeric'columns

scaler = StandardScaler(

scaled_features =scalerfit_transform(numeric_df)

# %% [ code] {"execution":{"iopub.status.busy":"2024-02-28T07:03:10.5565322", "iopub.execute \'nput”:”2024/02/28To7:03:10.5579§Z”,”\'opub,status,\'d\e”:”2024/02/
28707:03:11.7864912","shell.execute reply.started":"2024-02-28107:03:10.557937.2","shell.execute_reply":"2024-02-28767:03:11.7846472"1}
from sklearn.impute import Simplelrmiputer -

from sklearn.cluster import KMeans

from sklearn.preprocessing import StandardScaler

# Assuming scaled features is your data with NaN values

# Create an imputér instance

imputer = Simplelmputer(strategy='mean")

# Impute missing values

scaled_features_imputed = imputer.fit_transform(scaled_features)

# Now/, you can apply KMeans - -

kmeans = KMeans(n_clusters=3, **kmeans_set)

kmeans.fit(scaled features imputed) -

# %% [ code] {"execution":{"iopub.status.busy":"2024-02-28T07:03:15.84161Z", "iopub.execute input":"2024-02-28707:03:15.8420082","iopub.status.idle":"2024-02-
28707:03:15.8502672","shell.execute_reply.started":"2024-02-28167:03:15.8419782","shel.execute reply":"2024-02-28107:03:15.8491312"}
centroids = kmeans.cluster centers — -
centroids - -
# %% [ code] {”execut\'on”:L”\'opub.status,busy”:”2024/02/28To7:o :20.33558Z","iopub.execute_input":"2024-02-28707:03:20.3361392","iopub.status.idle":"2024-02-
é?TE%o?:]zo.E@éséS%” ”s‘ ell.execute reply.started":"2024-02-28T07:03:20.336004Z2","shell.eXecute reply":"2024-02-28T07:03:20.3423712"}}
'Label'] = kmeans.|abels - -
#%%[code] {”execut\'on”:L"‘\opub,status,busy”:”202 -02-28T07:03:23.9217912","iopub.execute input":"2024-02-28T07:03:23.9222552", "iopub.status.idle":"2024-02-
é§T07:03:23.955067Z”,”s ell.execute_reply.started":"2024-02-28707:03:23.9222147","shell.exécute_reply":"2024-02-28707:03:23.9535347"
# %% [ code] {”execut\'on”:{”\'opub.status,busy”:”2024/02/28To7:o3r:28.6021 87", "iopub.execute in ut”:”2024/02/28To7:cT>3:28,6026 9Z","iopub.status.idle":"2024-02-
28107:03:28.6224157","shell.execute reply.started":"2024-02-28707:03:28.6026247","shell.execute_reply":"2024-02-28107:03:28.6200312"}}
# Select only numeric columns - -
numeric_columns = df.select_dtypes(include="number")
# Calculate correlation matrix_
corr = numeric_columns.corr()
# Display the correlation matrix
print{corr)

# %% [ markdown
# Furthermore, \]created scatter plots to visualize relationships between some features based on their correlation. The clusters can also be observed on the scatter plots
based on the 'Label' column.
# %% | code] {”execut\'on”:%’\'opub,status,busy”:”2024}/02/28To7:o :33.3582562”,”io?ub.execute input":"2034-02-28707:03:33.3587777" "iopub.status.idle":"2024-02-
é?TO 103:33.3687962","shel.execute reply.started":"2024-02-28707:03:33.358742", "shell.exeCute reply":"2024-02-28T07:03:33.3668822"}1
.columns
# %% [ code] {"execution":{"jopub.status.bus ”:”2024/02/28To7:013:42,0013362”,”\'Of b.execute input":"2024-02-28T07:03:42.0017922", "iopub.status.idle":"2024-02-
2%207:03:?4.3724?2”,”)s)he\\,execute reply.started":"2024-02-28707:03:42.0017592","shell.execute_reply":"2024-02-2 To7:o3:44.370822”}§)
t.figure(figsize=(10, 7 - -
B\t.ti%e(‘ %ﬂ%nd II', backgroundcolor="gray', color="white', fontsize=15)
# Extract the numeric calumns for thescatterplot
x_col =df.columns.get_loc('country') # Choose the column for the x-axis
y_col = df.columns.get Toc{'Q") # Choose the column for the y-axis
#Plot the scatterplot ~
sns.scatterplot{data=df, x=df.iloc[:, x_col], y=df.iloc[:, y_col], hue=df['Label'])
plt.xticks(fontsize=12 - -
plt.yticks(fontsize=12
plt.xlabel{'Country', fontsize=14)
plt.ylabel(’'Q', fontsize=14)
plt.show()

# %% [ code] {”execut\'on”:L”\'opub.status,busy”:”2024/02/28To7:o :49.7824097", "iopub.execute_input":"2024-02-28T07:03:49.7828447","iopub.status.idle":"2024-02-

2%2@7:03:150,4583(292” 35 ell.execute reply.started":"2024-02-28707:03:49.7828112","shell.exeCute _reply":"2024-02-28107:03:50.4569322"}
figure(figsize=(10, 7

B\t.ti%e(‘ %nd II', backgroundcolor="gray', color="white', fontsize=15)

# Extract the numeric calumns for the scatterplot

x_col =df.columns.get_loc{'year') # Choose the column for the x-axis

y_col = df.columns.get Toc{'Q") # Choose the column for the y-axis

#Plot the scatterplot —
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plt.xticks{fontsize=12 T o - N
plt.yticks(fontsize=12

plt.xlabel{'vear', fontsize=14)

plt.ylabel ‘é‘, fontsize=14)

plt.showi

# %% [ code] {”execut\'on”:{”\'opub.status,busy”:”2024/02/28To7:083:57,116642”,”\'0 ub.execute_input":"2024-02-281707:03:57.1170692", "iopub.status.idle":"2024-02-

2?3207:03:?7,7724 87" "shell.execute reply.started":"2024-02-28107:03:57.117042","shell.exetute reply":"2024-02-28107:03:57.7712532" }}
t.figure(figsize=(10, 7 - -

B\t.t\' e %nd II', backgroundcolor="gray', color="white', fontsize=15)

# Extract the numeric clumns for the scatterplot

x_col =df.columns.get_loc('markup_GME') # Choose the column for the x-axis

y_col = df.columns.get Toc{'Q") # Choose the column for the y-axis

#Plot the scatterplot

sns.scatterplot{data=df, x=df.iloc[:, x_col], y=df.iloc[:, y_col], hue=df['Label'])

plt.xticks{fontsize=12 - -

plt.yticks(fontsize=12

plt.xlabel{'markup CME', fontsize=14)

plt.ylabel(’Q', fontsize=14)

plt.showi

# %% [ code] {"execution": ”iopub.status.busy”:”2024/02/28To7:04:r06,5963422”,”\'opub.execute input":"2024-02-28707:04:06.5069682","iopub.status.idle":"2024-02-
28707:04:06.8236322","shell.execute_reply.started":"2024-02-28 o7:o4:06,d596?3zz”,”she\\.ex@cute reply":"2024-02-28707:0470678224027 11

colors = ['lightsKyblue' , 'lightpink', 'cadetblue','lightskyblue' , 'lightpink', ‘cadétblie’ lightskyblue']  —

pl =sns.countplot(x=df{ "Label"], palette= co\ors?

pl.set t\'t\eg‘D\'stm'but\'on Of The Clusters")

plt.xlabel('Cluster' fontdict=font2,labelpad=16

plt.ylabel('Count' ,fontdict=fontz,labelpad=16



























67



	‎D:\DOKYMENT\дипломні_курсові\бакалаврат\2024\Місюра\Місюра.pdf‎
	‎D:\DOKYMENT\дипломні_курсові\бакалаврат\2024\Місюра\зав.docx‎
	‎D:\DOKYMENT\дипломні_курсові\бакалаврат\2024\Місюра\Misura_KN-42.docx‎

