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W UHCTPYMEHTAJIbHbIE METO1bl B 3KOHOMWKE

CpaBHuTeNbHbIl aHanu3 6uénuotek Pandas
u Dask: 06paboTka gaHHbIX U3 6a3bl gaHHbIX OOH
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Bynrakos AHgpei JleoHngoBuy

K.3.H., AOLUEHT
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Mpocdeccop MOCKOBCKOro MHCTUTYTA
COBPEMEHHOr0 akaeMU4YecKoro o6pasoBaHus
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CTYneHT, 3KOHOMUYECKUI daKynbTeT
MI'Y umenn M. B. JTomoHocOBa
E-mail: maks.milyutin2005@yandex.ru

CoBpeMeHHbIN aHanu3 AaHHbIX TpebyeT 3PGHEKTUBHBIX WH-
CTPYMEHTOB ANl 06paboTKM 06bEMHbIX U PasHOO6Pa3HbIX
naraceTtoB. B gaHHOM cTaTbe NpoOBOAUTCS CPaBHUTENbHbIN
aHanu3 npov3BOAMTENIbHOCTU ABYX Befywmx 6u6ImMoTek
ANA aHanu3a AaHHbIX B A3blke NporpamMmmupoBaHus Python:
Pandas n Dask. cnonbaysi faHHble 13 6asbl faHHbix OOH,
Mbl PaCCMOTPWUM MPOLIEeCC NOATOTOBKU M 06PaboTKU AaHHbIX
B 0b6enx 6ubnMoTeKax, a Takxe NpoBeaeM CpaBHEHWUE Bpe-
MEHU BbINOJIHEHUSI onepauuit U UCMOSIb30BAHUA MaMSATU.
PesynbTaTbl MccnepoBaHMsA NPefOCTaBAT NPaKTUYECKOE py-
KOBOACTBO AJ151 Bbl6Opa HauyyLlero MHCTPyMeHTa B 3aBu-
CMMOCTM OT KOHKPETHbIX 3a/4a4 aHannsa AaHHblIX.
KnioueBble cnoBa: Python, Pandas, Dask, aHanus gaHHblX,
Npon3BoOAMTENbHOCTb, 6a3a AaHHbIXx OOH, BpeMeHHble
3aMepbl, MHOr03a1a4HOCTb, NapasnsiefibHble BblYUCIIEHUS.

BeepeHue

B apy coBpeMeHHbIX TEXHONOMMN U OOBEMHbIX
AaHHbIX 3addekTuBHOE ynpaBneHne uHpopma-
LUMen CTaHOBMUTCA KIHOYEBbIM (akTopoM Ans
yCMNELLHbIX HAay4YHbIX U BU3Hec-NpoeKkToB. Orpom-
Hble MacCuBbl JaHHbIX, FeHepUpyeMble pasnuny-
HbIMW UCTOYHUKAMMU, TPEBYIOT BbICOKONPOU3BO-
ANTENbHbIX MHCTPYMEHTOB aHanunsa, CnoCo6HbIX
obecneymBaTb ObICTPbIA U TOYHbLIN BbIBOA, WH-
dopmaumn. B KOHTeKCTe fidblka NporpaMmMumnpo-
BaHus Python, Pandas u Dask asnstwoTca asyms
N3 caMblIX NONYyNApHbIX 6U6ANOTEK AN1s1 06PaA6OT-
KW AaHHbIX, NpefocTaBnsas yaobHble cpeacTBa
ANS aHanuMsa u MaHuNynMpoBaHusa MHhopmMaum-
en.

Llenb faHHOM cTaTbM 3aK/toyaeTcs B npose-
AEHUUN CpaBHUTENbHOrNO aHann3a npou3BoAM-
TenbHocTM Pandas u Dask Ha npumepe AaHHbIX
13 6a3bl gaHHbIx OOH.

0630p 6ubNMOTEK

B coBpeMeHHOM o06nacTu aHanuMsa [aHHbIX
Pandas u Dask saBnsatotca dyHAaMeHTanbHbIMU
WHCTPYMeHTaMu Ana o6paboTKu U MaHUNynu-
pOBaHWA [aHHbIMU B fi3blke MpPOrpamMMupoBa-
Husa Python. O6e 61M6nMOTEKM NpenocTaBnstoT
yA06HbIe BbICOKOYPOBHEBbIE CTPYKTYPbl AaHHbIX
1 MOLLHble onepauuun Ansa aHanusa, GunbTpaumm,
arperauuvm v Busyanusauuum uHbopmauuu. Og-
HaKO Y HUX eCTb psf OT/IMYUIA, KOTOPble crieayeT
yunTbiBaTb Mpu BblGOpe MOAXOASLLEr0 WHCTPY-
MeHTa A1 KOHKPETHOW 3ajauu.
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Pandas

Pandas aBnsieTcs WMPOKO MCMNONb3yeMon 6u-
6/1MOTEKON ANA aHanM3a AaHHbIX U MaHUMNyns-
umm ¢ HMMu. OHa npepocTaBnfaAeT gBe OCHOB-
Hble CTPYKTYpbl AaHHbIX: Series n DataFrame.
DataFrame — 5710 Taébnuua c AaHHbIMMW, aHa-
nornyHas SQL-tabnuue unm 3neKTPOHHOW Ta-
6nuue Excel. Pandas o6nagaet MHOXeCTBOM
OYyHKUKMI ansa paboTbl C BPEMEHHbIMU psagamMu,
06paboTKN MPONYLLEHHbIX 3HAYEHWR, Tpynnu-
pPOBKM faHHbIX, U MHOrOe gpyroe. BaxHO oTMe-
TUTb, YTO Pandas pa6boTaeT B OCHOBHOM B Na-
MATKU, U 6oNbluMe aaTaceTbl MOTyT NOTPe6NATb
3HaYNTENbHOE KOJIMYECTBO OMepaTUBHOM nNa-
MATH.

KnroyeBble acnekTbl:

CTpyKTYypbl AaHHbIX: [lpegocTtaBnser ypoo-
Hble BbICOKOYPOBHEBbIE CTPYKTYPbl AaHHbIX —
Series n DataFrame

dyHKUMoHanbHocTb: O6LMPHbIE CcpeacTBa
AN aHanuaa, dunbTpauum, rpynnmMpoBKK, arpera-
LMW JaHHbIX.

MpumeHeHnune: OTANMYHO NOAXOAUT ANSI HEOOb-
LUMX U CPedHMX faTaceToB, rae AaHHble NoMella-
FOTCA B ONepaTUBHOM NaMATW.

Mouwb: ONTMMKU3NpPOBaH A4S19 NPOU3BOAMUTESb-
HbIX Onepaunin ¢ AaHHbIMUY B NaMATH

Dask

Dask, ¢ ppyroi CTOpOHbI, paspabaTbiBasncs
C y4YyeTOM MacwTabupyemMocTu u napannenb-
HbiX BbluncneHnn. Dask npepoctasnsaet Dask
DataFrame, KoTopas no cyTu siBNsieTcs pac-
npeneneHHbiM DataFrame, cnocob6HbiM 06pa-
6aTbiBaTb AaHHble, KOTOPble HEe NomMellatoTcs
B onepaTUBHOM NaMATU OAHOrO KOMMNblOTEpa.
Dask aBTOMaTnyeckn pasbumBaeT paHHble Ha
6/10KM W BbINOMIHAET onepauuu napannenb-
HO, YTO AenaeT ero naeanbHbIM ANna o6paboT-
KW 60NblUNX JaTaceToB W pacnpepeneHHbIX
BblyncneHmn. OpgHaAKo, CTOMMOCTb JaHHOWM
MaclwTabupyeMoCcTn 3aKr4yaeTca B TOM, YTO
Dask Mo)xeT 6bITb HECKONIbKO MeHee Mpous-
BOAUTENbHbIM ANA He6O0NblUMX [aTaceToB
B cpaBHeHuu ¢ Pandas.

KntouyeBble acnekTbl:

MacwTabupyemocTtb. PaspaboTaH ansa ad-
(heKTMBHOW paboTbl C 60MbLIMMMK AaTaceTamu,
pacnpefeneHHbIMU  BblYMCNIEHMAMU W napan-
nenbHON 06paboTKON.

Dask DataFrame: [NpegocTaBnseTr aHanoruy-
Hbln Pandas API, HO cnocobeH o6pabaTbiBaTb
[laHHble, He MoMeLLaloLLnecs B onepaTuBHOM Na-
MATW O4HOr0 KOMIMbIOTEPA.

BbluncnutenbHasa Moub: o3sonseT addek-
TMBHO paboTaTb C AaHHbIMM, KOTOPble MOTyT
6bITb pasgeneHbl Ha 610KK ANA napannienbHoro
BbINOJIHEHMS OMNepaLni.

MpumeHeHne: PekomeHayeTca Ans o6paboT-
KM 60NblUMX JaTaceToB M 3agay, Tpebyrowmx
MacLTabupyemocTH.

Cdepbl npumeHeHuUs:

Pandas oTnuyHO noaxoguT AN aHanusa
N 06paboTKM OTHOCUTENbHO HEGONbLUMX AaTace-
TOB, re BCe AaHHble MOryT MOMECTUTbCA B one-
patuBHon namATuU. Dask pekomeHpyeTcs Ans
paboTbl C KpyNHbIMK faTaceTamu, rae Tpebyer-
CA MaclTabupyemMocCTb, U flaHHble MOryT 6bITb
pasgeneHbl Ha 6510KK AN napannenbHon obpa-
60TKMW.

0O6a MHCTPYMeHTa UMEIOT CBOU Npeumyle-
CTBa W OrpaHUWYEHusi, N BbIOGOP MEXAY HUMU
3aBUCUT OT KOHKPETHbIX TpeboBaHMM 3ajauu
N 06bemMa faHHbIX, C KOTOPbIMU NPUXOAUTCA pa-
60TaTb. B faHHOM cTaTbe Mbl pacCCMOTPUM, Kak
Pandas u Dask nposiBnatoT cebss B 06paboTke
AaHHbIX M3 6a3bl gaHHbix OOH, a Takxe npo-
BeJeM CpaBHUTENbHbIN aHann3 ux NPoM3BOAM-
TENbHOCTH.

HacTpoiika cpegbl

Mpexxae 4YyeM NPUCTYNUTb K CpPaBHUTENIbHOMY
aHanunay Pandas n Dask, Heo6xoanuMo HacTpouTb
cpeny pa3paboTKu, yCTaHOBMB HEO6X0AMMble 6U-
61M0TeKM M UMMNOPTUPOBAB MX B paboyee OKpy-
»XeHune. [1na aToro notpebyeTcs BbINONHUTL Che-
AytoLipe warm:

!'pip install pandas dask requests
scikit-learn memory-profiler

$load ext memory profiler
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Requirement already satisfied: pandas in /usr/local/lib/python3.10/dist-packages (1.5.3)
Requirement already satisfied: dask in /usr/local/lib/python3.10/dist-packages (2023.8.1)
Requirement already satisfied: requests in /usr/local/lib/python3.10/dist-packages (2.31.0)
Requirement already satisfied: scikit-learn in /fusr/local/lib/python3.108/dist-packages (1.2.2)

Collecting memory-profiler
Downloading memory_profiler-@.61.0-py3-none-any.whl (31 kB)

Requirement already satisfied: python-dateutil>=2.8.1 in /usr/local/lib/python3.10/dist-packages (from pandas) (2.8.2)
Requirement already satisfied: pytz>=2020.1 in /usr/local/lib/python3.10/dist-packages (from pandas) (2023.3.postl)
Requirement already satisfied: numpy>=1.21.0 in /usr/local/lib/python3.10/dist-packages (from pandas) (1.23.5)

Requirement already satisfied: click>=8.@ in fusr/local/lib/python3.1@/dist-packages (from dask) (8.1.7)

Requirement already satisfied: cloudpickle>=1.5.8 in /usr/local/lib/python3.10/dist-packages (from dask) (2.2.1)
Requirement already satisfied: fsspec>=2021.09.@ in /usr/local/lib/python3.10/dist-packages (from dask) (2023.6.0)
Requirement already satisfied: packaging>=20.@ in /usr/local/lib/python3.10/dist-packages (from dask) (23.2)

Requirement already satisfied: partd>=1.2.@ in /usr/local/lib/python3.10/dist-packages (from dask) (1.4.1)

Requirement already satisfied: pyyaml>=5.3.1 in /usr/local/lib/python3.18/dist-packages (from dask) (6.0.1)

Requirement already satisfied: toolz>=0.10.0 in /usr/local/lib/python3.10/dist-packages (from dask) (@.12.0)

Requirement already satisfied: importlib-metadata>=4.13.@ in /usr/local/lib/python3.1@/dist-packages (from dask) (7.0.1)
Requirement already satisfied: charset-normalizer<4,>=2 in /usr/local/lib/python3.10/dist-packages (from requests) (3.3.2)
Requirement already satisfied: idna<4,>=2.5 in /usr/local/lib/python3,10/dist-packages (from requests) (3.6)

Requirement already satisfied: urllib3<3,>=1.21.1 in /usr/local/lib/python3.1@/dist-packages (from requests) (2.0.7)
Requirement already satisfied: certifi>=2017.4.17 in /usr/local/lib/python3.10/dist-packages (from requests) (2023.11.17)
Requirement already satisfied: scipy>=1.3.2 in /usr/local/lib/python3.10@/dist-packages (from scikit-learn) (1.11.4)
Requirement already satisfied: joblib>=1.1.1 in /usr/local/lib/python3.10/dist-packages (from scikit-learn) (1.3.2)
Requirement already satisfied: threadpoolct1>=2.8.0 in /usr/local/lib/python3.1@/dist-packages (from scikit-learn) (3.2.0)
Requirement already satisfied: psutil in /usr/local/lib/python3.1@/dist-packages (from memory-profiler) (5.9.5)
Requirement already satisfied: zipp>=0.5 in /usr/local/lib/python3.10/dist—packages (from importlib-metadata>=4.13.0->dask) (3.17.0)
Requirement already satisfied: locket in /usr/local/lib/python3.l1@/dist-packages (from partd>=1.2.0->dask) (1.0.0)
Requirement already satisfied: six>=1.5 in /usr/local/lib/python3.10/dist-packages (from python-dateutil>=2.8.1->pandas) (1.16.0)

Installing collected packages: memory-profiler
Successfully installed memory-profiler-0.61.0

# bubnuoteka nna ob6paboTku M aHanu3a paHHbiX. [penocTaBnAer BbICOKOYPOBHEBbIE CTPYKTYpbl A@HHbIX M onepauuu Ans 3GpPeKTUBHOro aHanm3i

# Cant: https://pandas.pydata.org
import pandas as pd

# Dask — 6ubnuoTeka pns napannenbHbiX BbMUCNEHWA U 3pdeKTMBHOW paboTel C AaHHLMWA, MacwTabupysacs oT Hebonbwux po Gonbwux paTtaceto

# NoppepxuBaeT CTPYKTYpbl AaHHbIX, aHanoruyHele Pandas u NumPy.
# Cant: https://www.dask.org/
import dask.dataframe as dd

# bubnuoteka ana otnpasku HTTP-3anpocoB. Mcnonb3yeTca ANs 3arpyskW OaHHbLIX M3 BHEWHWX WCTOYHWKOB, TakuxX Kak Beb-cepeepbi.

# Cadt: https://docs.python-requests.org/
import requests

# Bubnuoteka pnAa paboTe C YMCNOBBIMM A@HHEIMW, NPENOCTaBNAET MacCHBbl, MAaTpUubl W QYHKUWW ANA BLINONHEHUA ONEpauui Hajl HWUMM.

# Cant: https://numpy.org/
import numpy as np

# Mopynb Ons W3MEPEHWA BPEMEHW BLINONMHEHWMA onepauwWii. Wcnonb3yeTcs ANA OUEHKW NMPOW3BOAWTENBLHOCTW KOAA.

# Caint: https://docs.python.org/3/library/timeit.html
import timeit

# bubnuoTeka ONA KOOMPOBKW KaTeropualbHbiX NepeMeHHbx. Mcnonb3yeTcs Ona npeobGpa3oBaHuA TEKCTOBBIX AaHHLIX B YMCIOBble.
# CaidT: https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.LabelEncoder.html

from sklearn.preprocessing import LabelEncoder

# WHCTpyMEHT ONnA OUEHKM WCNonb30BaHuA NamaTh. Mcnonb3yeTtcA ANA NpogMNMpoBaHWA NamMATH BO BPEMA BLIMONIHEHUA KOLa.

# Cait: https://pypi.org/project/memory-profiler/
from memory_profiler import profile

#BCTpPOEHHLIA MoOynb OnA paboTel C perynspHLMU BbipAXKEHUAMU
#re - https://docs.python.org/3/library/re.html
import re

UMnopT AaHHbIX

B npouecce cpaBHuTenbHoro aHanusa Pandas
n Dask Mbl ncnonbsoBanu faHHble, NpefocTaB-
neHHble cantoM OOH. [aHHble, MNONyYeHHble
B ¢dopmaTte CSV, cTaHyT OCHOBOW 4191 HALLEero uc-
cnepoBaHuA.

Ha Be6-pecypce OOH (http://data.un.org/)
npeacTaBfieHbl AaHHble, AOCTYMNHblE ANSA CKayu-
BaHWs B ABYX OCHOBHbIX popmatax: PDF n CSV.
B PDF-hopmaTe faHHble CTPYKTYpUpOBaHbI B BUAE
Tabnuu, pasbuTbix NO CTpaHUUaM. 3T Tabnuubl

npeacTaBnsaoT cobon yao6HbI cnocob BU3yanb-
HOro npegctaBneHua uHdopmaumn. C apyrom
CTOPOHbI, CSV-opmaT coaepXXuT faHHble B BUAE
TEKCTOBbIX (annoB, rge Kaxgas CTpoKa, 3a uUc-
K/lOYEHMEM MepBOW, NpeacTaBnseTr cobon 3a-
NUCb, a 3Ha4YeHUs pasgeneHbl 3anaTbiMU.

Hacenenue, Mnowaab v MNoTHOCTb HaceneHus:

Ccbinka Ha pataceT: Population, Surface Area,
and Density



https://www.google.com/url?q=http%3A%2F%2Fdata.un.org%2F
https://www.google.com/url?q=https%3A%2F%2Fdata.un.org%2F_Docs%2FSYB%2FCSV%2FSYB66_1_202310_Population%2C%2520Surface%2520Area%2520and%2520Density.csv
https://www.google.com/url?q=https%3A%2F%2Fdata.un.org%2F_Docs%2FSYB%2FCSV%2FSYB66_1_202310_Population%2C%2520Surface%2520Area%2520and%2520Density.csv

9KCI19PVIMEHTaanaﬂ 9KOHOMMKa u (IWIHaHCbI

Konunuectso HabntoaeHuii: Mo rogam u ctpaHam
aToTt AataceTt npenocrtaBndeT VIHd)OpMaLWII-O
O HaceneHuun, nnowagn  NJIOTHOCTU HaceneHusa
Ona pas3sZindHbiX CTpaH. ﬂ,aHHbIe BK/TFOYaAKOT WUH-
(hopmMaumto 3a pasHble rofbl, YTO NO3BOMSAET MPO-
BeCTW aHalIn3 AUHaAMUKA N3MEHEeHUN HaceneHuns
N ero pacrnpeneneHuns rno TeppuTopun.
url population=»http://data.
un.org/ Docs/SYB/CSV/SYB65 1 202209
Population, $20Surface%20Areas20
and%20Density.csv»

BBI1 n BBI1 Ha pywy HaceneHus

Ccbinka Ha gatacet: GDP and GDP Per Capita
KonuyectBo HabntoaeHun: Mo rogam u cTpa-
Ham
ATOT AaraceT coaepXxut nHdopmauuto o BBI1
(anoBoM BHYTpeHHeM npogykTe) 1 BBl Ha ayuwly
HaceneHus AN pasnuyHbIX cTpaH. AHanNn3 aTux
JaHHbIX MNO3BOJIAET OLEHUTb 9KOHOMMYECcKoe
pasBuUTME CTpPaH M CpaBHUBATb UX YPOBEHb 6na-
rOCOCTOSAHUA.
url gdp=»https://daeta.un.org/ Docs/
SYB/CSV/SYB65 230 202209 GDP%20
and%20GDP%20Per%20Capita.csv»

MpoAONXKNTENbHOCTb XXU3HU
Ccbilka Ha jJartacerT: and
Population Statistics

KonuyectBo HabnogeHuii: Mo rogam u cTpa-
HaMm

[aTtaceT npeaocTtaBnisieT UHhOopMaLMIo O NMpo-
OOJDKUTENBbHOCTU XU3HU B pPa3/INYHbIX CTpaHax.
9TV AaHHble Ba)KHbl A/151 OLEHKM 310POBbS HaL MK
n 3G PEKTUBHOCTM CUCTEMbI 34 paBOOXPAHEHUS.
url life expectancy=»https://data.
un.org/ Docs/SYB/CSV/
SYB65 246 202209 Population%20
Growth, $20Fertility%$20and%20
Mortality%20Indicators.csv»

Health, Nutrition,

TpynoBas cuna n bespaboruua

Ccbinka Ha patacetr: Labour Force and

Unemployment

KonuyectBo HabntogeHwuit: Mo rogam u cTpa-
HaMm

[aTaceT npepocTaBnseTr MHGOpPMaUMIO O TpYy-
[IOBOW cune 1 ypoBHe 6e3paboTuLibl B pasfivyHbIX
CTpaHax. AHanna aTux AaHHbIX MNOMOraeT MOHATb
AVHAMUKY 3aHATOCTM M NPO6/IEMbI Ha PbIHKE TPyAa.
url unemployment=»https://data.
un.org/ Docs/SYB/CSV/
SYB65 329 202209 Labour%20Force$20
and%20Unemployment.csv»

O6pa3oBaHue

Ccbinka Ha gaTaceT: Education

KonuyectBo HabntoaeHuit: Mo rogam u cTpa-
Ham

[aHHble 0 06pa3oBaHUM BK/OYAOT MHPOP-
Mauuio O YPOBHE rpaMOTHOCTK, YPOBHE 06pas3o-
BaHWA HaceneHus n gpyrue nokasartenu. AHanus
3TMX AaHHbIX NO3BONSAET OLEHUTb 06pa3oBaTesib-
HbI YPOBEHb HaLMM U €ro BAUSHME Ha pasfny-
Hble aCreKTbl XXU3HMW.
url education=»https://data.un.org/
Docs/SYB/CSV/SYB65 309 202209

Education.csv»

Co3paHue HOBOW NIOrMYECKOM CTPYKTYpbI
AaHHbIX B Pandas

Ons npoBefeHUss cCpaBHUTENIbHOrO aHanuaa
Mexay énbnmnotekamm Pandas n Dask Heobxoau-
MO CO34aTb HOBYH JIOTUYECKYHO CTPYKTYpPY AaH-
HbIX Ha OCHOBe UMelLLUXCa aaTtaceToB. B pan-
HOM pa3sfesie Mbl OnpefesiMM OCHOBHble 3Tarbl
co3faHua 3TOM CTPYKTYpPbl U pPacCMOTPUM, Kak
Kaxxaass 6ubnuoteka obpabaTbiBaeT 3TOT MNpPO-
Lecc.

Hactpoiika pataceta Hacenenue, lNMnowagb
n MnoTHOCTb HaceneHus

dataPopulation = pd.read

csv (url population, header = 1,
thousands=',")


https://www.google.com/url?q=https%3A%2F%2Fdata.un.org%2F_Docs%2FSYB%2FCSV%2FSYB66_230_202310_GDP%2520and%2520GDP%2520Per%2520Capita.csv
https://www.google.com/url?q=https%3A%2F%2Fdata.un.org%2F_Docs%2FSYB%2FCSV%2FSYB66_246_202310_Population%2520Growth%2C%2520Fertility%2520and%2520Mortality%2520Indicators.csv
https://www.google.com/url?q=https%3A%2F%2Fdata.un.org%2F_Docs%2FSYB%2FCSV%2FSYB66_246_202310_Population%2520Growth%2C%2520Fertility%2520and%2520Mortality%2520Indicators.csv
https://www.google.com/url?q=https%3A%2F%2Fdata.un.org%2F_Docs%2FSYB%2FCSV%2FSYB66_329_202310_Labour%2520Force%2520and%2520Unemployment.csv
https://www.google.com/url?q=https%3A%2F%2Fdata.un.org%2F_Docs%2FSYB%2FCSV%2FSYB66_329_202310_Labour%2520Force%2520and%2520Unemployment.csv
https://www.google.com/url?q=https%3A%2F%2Fdata.un.org%2F_Docs%2FSYB%2FCSV%2FSYB66_309_202310_Education.csv

dataPo
pulation[dataPopulation[«Series»]

dataPopulationProcessing =

== «Population mid-year estimates
(millions) »]

data
PopulationProcessing[dataPopul

dataPopulationProcessing =

ationProcessing[«Series»].str.
contains (« (millions)», flags=re.I)]
data
PopulationProcessing[ [«Region/

dataPopulationProcessing =

Country/Area», «Unnamed: 1», «Year»,
«Value»]]
dataPopulationProcessing.columns

= [‘Id’,

‘Population’]

‘Region’, ‘Year’,

<ipython-input-8-4709c36db3c7>:4:
UserWarning: This pattern
is interpreted as a reqgular

expression, and has match groups.

To actually get the groups, use
Str.extract.
dataPopulationProcessing = da

taPopulationProcessing[dataPo
pulationProcessing[«Series»].
str.contains (« (millions)»,
flags=re.I)]

NToroBblit Habop AaHHbIX BbIFNSAUT CReayto-
LM 06pa3oM:

1d Region Year Population

0 1 Toftal, all countries or areas 2010 6985.60
7 1 Toftal, all countries or areas 2015 7426.60
15 1 Total, all countries or areas 2020 7840.95
23 1 Total, all countries or areas 2022 7975.11
30 2 Africa 2010 1055.23
7836 894 Zambia 2022 20.02
7843 716 Zimbabwe 2010 12.84
7850 716 Zimbabwe 2015 14.15
7858 716 Zimbabwe 2020 15.67
7866 716 Zimbabwe 2022 16.32

1050 rows x 4 columns

NbHas 3KOHOMMKA 1 PpuHaHcbl N°3 2023

Hactpoiika garacera BBl 1 BBIHa aywy Hacenexus

dataGDP =
header = 1,

pd.read csv(url gdp,
thousands=",")

dataGDPProcessing =
dataGDP[dataGDP [«Series»] == «GDP
in current prices (millions of US
dollars) »]
dataGDPProcessing = dataGDPProcessi
ng[dataGDPProcessing[«Series»] .str.
contains (« (millions)», flags=re.I)]
dataGDPProcessing =
dataGDPProcessing[ [«Region/Country/
Area», «Unnamed: 1», «Year»,
«Value»]]
dataGDPProcessing.columns =

‘GDP' ]

[‘Id’",

‘Region’, ‘Year’,

<ipython-input-10-df359d8ab845>:4:

UserWarning: This pattern is

interpreted as a regular expression,

and has match groups. To actually

get the groups, use str.extract.

dataGDPProcessing = dataGDPProcessi

ng[dataGDPProcessing[«Series»] .str.

contains («(millions)», flags=re.I)]

NToroBbIit Habop AaHHbIX BbIFNAAUT cneayto-
LM 06pa3oM:

Id Region Year GDP

Total, all countries or areas 1995 31247262.0

Total, all countries or areas 2005 47730924.0

Total, all countries or areas 2010 66461443.0

Total, all countries or areas 2015 75133208.0

Total, all countries or areas 2018 86357998.0

6760 716 Zimbabwe 2010 12042.0

6761 716 Zimbabwe 2015 19963.0

6762 716 Zimbabwe 2018 24312.0

6763 716 Zimbabwe 2019 21935.0

6764 716 Zimbabwe 2020 21787.0

1700 rows x 4 columns
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HacTpoiika gatacera [pofo/mKUTENbHOCTD XHU3HN

datalifeExpectancy = pd.read csv(url life

expectancy, header = 1, thousands=’,’)

datal
ifeExpectancy[datalifeExpectancy[«Se

datalifeExpectancyProcessing =
ries»] == «Life expectancy at birth
for both sexes (years)»]

data

LifeExpectancyProcessing[datalifeE

datalifeExpectancyProcessing =

xpectancyProcessing[«Series»] .str.
contains (« (years)», flags=re.I)]
datalifeExpectancyProcessing = datalife
ExpectancyProcessing[ [«Region/Country/
Area», «Unnamed: 1», «Year», «Value»]]
datalifeExpectancyProcessing.columns =
[‘Id’, ‘Region’, ‘Year’, ‘LifeExpectancy’]
<ipython-input-12-b8771551c000>:4:
UserWarning: This pattern is interpreted as
a regular expression, and has match groups.
To actually get the groups, use str.extract.
datalifeExpectancyProcessing = datalifekx
pectancyProcessing[datali feExpectancyProc
essing[«Series»] .str.contains (« (years)»,

flags=re.I)]

NToroBbI HAabop AaHHbIX BbIFSAUT Cleayto-
LM 06pa3oM:
datalifeExpectancyProcessing

Id Region Year LifeExpectancy

4 1 Total, all countries or areas 2010 70.1
1 1 Total, all countries or areas 2015 71.8
18 1 Total, all countries or areas 2017 72.3
24 1 Total, all countries or areas 2022 7
30 2 Africa 2010 58.6
6624 894 Zambia 2022 61.8
6631 716 Zimbabwe 2010 50.7
6638 716 Zimbabwe 2015 59.6
6645 716 Zimbabwe 2017 60.7
6651 716 Zimbabwe 2022 59.4

1002 rows x 4 columns

HacTtpoiika gataceta TpypoBas cuna
u be3spaboTuua

dataUnemployment = pd.read
csv (url unemployment, header = 1,

thousands=',")

# Cospmaem DataFrame Ojd MyX4MH
dataUnemploymentProcessing =
dataUnemployment [ [«Region/Country/
Area», «Unnamed: 1», «Year»,»Series»,
«Value»]]

dataUnemploymentProcessing.

[*Id,

‘Series’,’"Value’]

columns = ‘Region’, ‘Year’,
# Cospmaem DataFrame Ojd MyX4MH
df male =

gldataUnemploymentProcessing|[ ‘Seri

dataUnemploymentProcessin

es’].str.contains (‘Male’) ]

df male = df male.groupby ([‘Id’,
‘Region’, ‘Year’]) .agg({
“Walue’: [(‘Unemployment rate’,
‘sum’ ),

(‘Labour force participation’,
‘sum’ ) ]
}) .reset index()

# Coszmaem DataFrame mjg XeHMUH
df female =
ng[dataUnemploymentProcessing|[ ‘Seri

dataUnemploymentProcessi

es’].str.contains (‘Female’) ]
df female =
‘Region’,
‘“VWalue’ :

‘sum’ ),

df female.groupby ([‘'Id",
‘Year’]) .agg ({
[ (‘Unemployment rate’,

(‘Labour force participation’,
‘sum’ ) ]
}) .reset index()

# ObBbermmHaeM IaHHBE

dataUnemploymentProcessing =
df female,
‘Year’])

pd.merge (df male,
on=[‘Id’, ‘Region’,
# TleperMeHOBHIBAEM CTOJIOLE U OOBEenuM-—
HAeM CyMMapHble 3HaudeHUd
dataUnemploymentProcessing.

columns = [‘Id’,

‘Region’, ‘Year’,



‘Labour

‘Unemployment rate

(Male)’,
(Male) ',

(Female)’,
(Female) ']

dataUnemploymentProcessing[ ‘Unemplo

force participation
‘Unemployment rate ‘Labour
force participation
yment rate’] = dataUnemploymentProc
(Male) '] +
dataUnemploymentProcessing[ ‘Unemploy
(Female) ']
dataUnemploymentProcessing[ ‘Labo
dataUne
mploymentProcessing|[ ‘Labour force
(Male)’”] + dataUne
mploymentProcessing|[ ‘Labour force
(Female) "]

essing[ ‘Unemployment rate
ment rate
ur force participation’] =
participation
participation
# YmasigeM HeHYXHEE CTOJIOLIEL

dataUnemploymentProcessing =
dataUnemploymentProcessing.

Id Region
0 1 Total, all countries or areas 2005
1 1 Total, all countries or areas 2010
2 1 Total, all countries or areas 2015
3 1 Total, all countries or areas 2022
4 2 Africa 2005
917 887 Yemen 2022
918 894 Zambia 2005
919 894 Zambia 2010
920 894 Zambia 2015
921 894 Zambia 2022

922 rows x 5 columns

Hactpoiika patacera O6pa3oBanue
dataEducation = pd.read csv(url

education, header = 1, thousands=’,’)
# Cozpmaem DataFrame s MyX4uH

dataEducationProcessing =

Hasi 3KOHOMMKaA M puHaHebl N°3 2023

drop ([ ‘Unemployment rate (Male)’,
(Female)’,

(Male) ',

‘Unemployment rate
‘Labour force participation
‘Labour force participation
(Female)’], axis=1)
<ipython-input-14-b370c877cbcf>:21:
PerformanceWarning: dropping on
a non-lexsorted multi-index without
a level parameter may impact
performance.
dataUnemploymentProcessing =
pd.merge (df male, df female,
on=[‘Id’, ‘Region’, ‘Year’])
UToroBbIn Habop AaHHbIX BbIrNSAUT cnepyto-
LM 06pa3oM:
dataUnemploymentProcessing

Year Unemployment rate Labour force participation

139.4 139.4
136.2 136.2
133.5 133.5
130.4 130.4
144.5 144.5
111.9 111.9
191.2 191.2
178.8 178.8
169.4 169.4
173.4 173.4

datakEducation[ [«Region/Country/Area»,

«Unnamed: 1», «Year»,»Series», «Value»]]

dataEducationProcessing.columns =
[‘Id’, ‘Region’, ‘Year’, ‘Series’,’Value’]
# Cospmaem DataFrame Ojd MyX4MH

df male =

taEducationProcessing|[ ‘'Series’].str.

dataEducationProcessing[da




3K0ﬂepMMEHTaanaﬂ3KOHOMMKaH

contains (‘male’) ] ratio — Secondary (Female)’]

df male = df male.groupby([‘Id’, ‘Region’, dataEducationProcessing[ ‘Gross
YWear’]) .agg ({ enrollment ratio — Primary’] =
Walue’ : [ (‘Gross enrollment ratio — dataEducationProcessing[ ‘Gross
Primary’, ‘sum’), enrollment ratio — Primary (Male)’]
(‘Gross enrollment ratio — Secondary’, ‘sum’)] + dataEducationProcessing[ ‘Gross

}) .reset index() enrollment ratio — Primary (Female)’]

dataEducationProcessing[ ‘Gross

# Cospmaem DataFrame mjs XeHUUH enrollment ratio — Secondary’] =
df female = dataEducationProcessing[d dataEducationProcessing[ ‘Gross
atakEducationProcessing|[ ‘Series’].str. enrollment ratio — Secondary (Male)’]
contains (‘female’) ] + dataEducationProcessing[ ‘Gross
df female = df female.groupby([‘Id’, enrollment ratio — Secondary (Female)’]
‘Region’, ‘Year’]) .agg({
“Walue’: [('Gross enrollment ratio — # YomangeM HEHYXHBEE CTOJIOLE
Primary’, ‘sum’), dataEducationProcessing =
(‘Gross enrollment ratio — Secondary’, dataEducationProcessing.drop ([ ‘Gross
‘sum’ ) ] enrollment ratio — Primary (Male)’,
}) .reset index() ‘Gross enrollment ratio — Secondary
(Male)’, ‘Gross enrollment ratio —
# OBbemmHgeM IJaHHBEe Primary (Female)’, ‘Gross enrollment
dataEducationProcessing = ratio — Secondary (Female)’], axis=1)
pd.merge (df male, df female, <ipython-input-16-c6382672a38a>:21:
on=['Id’, ‘Region’, ‘Year’]) PerformanceWarning: dropping on a non-
lexsorted multi-index without a level
# IlepemMeHOBEIBAEM CTOJIOLE M OO0BEenn— parameter may impact performance.
HseM CyMMapHble 3HaudeHUSd dataEducationProcessing =
dataEducationProcessing.columns = pd.merge (df male, df female,
[‘Id", ‘Region’, ‘Year’, ‘Gross on=[‘Id’, ‘Region’, ‘Year’])
enrollment ratio — Primary (Male)’,
‘Gross enrollment ratio — Secondary NToroBbi HAabop AaHHbIX BbIFSAUT Crieayto-
(Male)’, ‘Gross enrollment ratio — luMNIO6pa3OM:
Primary (Female)’, ‘Gross enrollment dataEducationProcessing
1d Region Year Gross enrollment ratio - Primary Gross enrollment ratio - Secondary
0 1 Total, all countries or areas 2005 642.1 642.1
1 1 Total, all countries or areas 2010 696.8 696.8
2 1 Total, all countries or areas 2015 7323 732.3
3 1 Total, all countries or areas 2020 740.9 740.9
4 4 Afghanistan 2005 339.6 339.6
889 887 Yemen 2016 538.8 538.8
890 894 Zambia 2005 333.0 333.0
891 894 Zambia 2010 3212 321.2
892 894 Zambia 2015 304.5 304.5
893 894 Zambia 2017 297.3 297.3

894 rows x 5 columns
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06beaUHEHHE NONYYEHHbIX HABOPOB AaHHbIX
Pandas

MocKonbKy AaHHble UMEKT Pa3HOPOAHbIN Xapak-
Tep, MX Heo6XoAMMO NPUBECTM K obLiemy Bugy.
B cnegytowen dyHKUUM NMPOUCXOANT OO6beAMHe-
HUe 06LUMX CTONBLOB N3 06paboTaHHbIX gaTace-
TOB.

#O0BrenmuHeHmue Tabiuil

anbHas 9KOHOMMKa U puHaHcbl N°3 2023

index ([‘Id’,’Region’, ‘Year’]),
dataGDPProcessing.set
index ([‘Id’,’Region’, ‘Year’]),

datalLifeExpectancyProcessing.set
index ([‘Id’,’Region’, ‘Year’]),
dataUnemploymentProcessing.set
index ([‘Id’,’Region’, ‘Year’]),
dataEducationProcessing.set

index ([ ‘Id’,’Region’, ‘Year’])]

#06benyHeHMEe CTPOK C oBOpa30BaHUEM logichata = pd.concat (dfs, axis=1).
B CTOJIOLE IO CTPAaHEe ¥ Tony reset index()
dfs = [dataPopulationProcessing.set logicDhata
Gross Gross
Id Region Year Population GDP LifeExpectancy Unemploy:z:: pz::::zp::;z: enr::ir;znf anr:illi:znf
Primary Secondary
Total, all
0 1 countries or 2010 6985.60 66461443.0 701 136.2 136.2 696.8 696.8
areas
Total, all
1 1 countries or 2015 7426.60 75133208.0 71.8 1335 1335 7323 7323
areas
Total, all
2 1 countries or 2020 7840.95 85328323.0 NaN NaN NaN 740.9 7409
areas
Total, all
3 1 countries or 2022 7975.11 NaN 717 130.4 130.4 NaN NaN
areas
4 2 Africa 2010 1055.23  1979101.0 58.6 142.3 1423 NaN NaN
2445 818 Egypt 2004 NaN NaN NaN NaN NaN 742.8 7428
2446 818 Egypt 2014 NaN NaN NaN NaN NaN 754.6 7546
2447 882 Samoa 2016 NaN NaN NaN NaN NaN 871.4 871.4
2448 887 Yemen 2013 NaN NaN NaN NaN NaN 534.0 534.0
2449 887 Yemen 2016 NaN NaN NaN NaN NaN 538.8 538.8
2450 rows x 10 columns
ﬂ,ﬂﬂ co3gaHunda Moaenn MawnmHHOTIo o6y- GDP O
YeHMSA BaXXHO M36aBUTbCSA OT HeonpeaeneH- LifeExpectancy 0
HblX 3HayeHWin B faHHbiXx. Metop dropna() Unemployment rate 0
ncnonb3yetTca ANA yaaleHna CTpoK, copaep- Labour force participation 0
Xawmx nycTble 3HayeHua (NaN), o6ecneyn- Gross enrollment ratio — Primary O
Bafd 4UYUCTOTY [JaHHbIX nepen pJasbHENWWM Gross enrollment ratio — Secondary 0

aHann3oMm.
logicData

logicData.dropna ()

#llpoBepka HYJIEBHX 3HAUESHUNA
logicData.isnull () .sum{()
Id 0

Region 0

Year O

Population 0

dtype: int64

MonyyeH normyeckuit hopmat AaHHbIX, B KO-
TOpbI cobpaHbl pasHOPOAHble CTAaTUCTUYECKUNE
AaHHble. Ero MoxHo npeagctaBnuTb B BUAE Tabnu-
ubl:
logicDhata

11
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1027
1038
1042
1043
1047

1d

15

15

202

704
887
894
894

716

Region

Total, all
countries or
areas

Total, all
countries or
areas

Northern Africa
Northern Africa

Sub-Saharan
Africa

Viet Nam
Yemen
Zambia
Zambia

Zimbabwe

Year Population

2010

2015

2010

2015

2010

2015
2010
2010
2015

2015

6985.60

7426.60

207.11

228.36

848.12

92,19
24.74
13.79
16.25

14.15

GDP LifeExpectancy

66461443.0

75133208.0

643263.0

760531.0

1335838.0

193241.0
30907.0
20265.0
20859.0

19963.0

Gross

Gross

ployment Lab force enrollment enrollment

rate participation ratio - ratio -

Primary Secondary

70.1 136.2 136.2 696.8 696.8
718 133.5 133.5 732.3 732.3
69.6 123.4 123.4 657.0 657.0
70.9 125.2 125.2 717.5 717.5
56.3 150.2 150.2 495.3 495.3
73.9 158.2 158.2 329.9 329.9
67.3 109.4 109.4 477.9 477.9
56.8 178.8 178.8 321.2 321.2
61.2 169.4 169.4 304.5 304.5
59.6 179.5 179.5 310.5 310.5

330 rows x 10 columns

Co3paHue HOBOI 1IOrMYECKO CTPYKTYpbl
AaHHbIx B Dask

[na cpaBHEHMA CNOXXHOCTU UCMONb30BaHUS Bbli-
MOTHUM aHanorMyHble AENUCTBUS C MOMOLLbIO
6ubnuotekn Dask. ByayT wncnonbsoBaTb Texe
Habopbl AaHHbIX, KOTOpble 6bI/IM UCMONb30BaHbI
c 6ubnuotekon Pandas, a Takxe aHanormyHble
npeobpa3oBaHusa 1 06paboTKMK.

Hactpoiika Dask DataFrame gns pgaracera
Hacenenue, Mnowapab u MNnoTHoCTH
HaceneHus

# Hacrporkxa Dask DataFrame mnsa nmaTa-

ceTa Hacenenwme, Ilnmomanb U [IJIOTHOCTB

HaceJieHusd
dataPopulation = dd.read csv(url
population, header=1, thousands=’,’,

dtype={ ‘Footnotes’: ‘object’})

dataPo
pulation[dataPopulation[«Series»]

dataPopulationProcessing =

== «Population mid-year estimates
(millions)»]

data
PopulationProcessing[dataPopul

dataPopulationProcessing =

ationProcessing[«Series»].str.

contains(«(millions)», case=False,

flags=re.I)]

data
PopulationProcessing[ [«Region/

dataPopulationProcessing =

Country/Area», «Unnamed: 1», «Year»,
«Value»]]
dataPopulationProcessing.columns

= [‘1d’,

‘Population’]

‘Region’, ‘Year’,

# BriBOI MHOOPMALMM O IAHHBIX
dataPopulationProcessing.compute () .
head ()
/usr/local/lib/python3.10/dist-
packages/dask/dataframe/accessor.
py:96:
interpreted as a regular expression,

UserWarning: This pattern is

and has match groups. To actually get
the groups, use str.extract.

out = getattr(getattr (obj, accessor,
obj), attr) (*args, **kwargs)
/usr/local/lib/python3.10/dist-
packages/dask/dataframe/accessor.
py:96:

interpreted as a regular expression,

UserWarning: This pattern is

and has match groups. To actually get

the groups, use str.extract.

out = getattr(getattr (obj, accessor,

obj), attr) (*args, **kwargs)



Id Region Year Population
0 1 Total, all countries or areas 2010 6985.60
7 1 Total, all countries or areas 2015 7426.60
15 1 Total, all countries or areas 2020 7840.95
23 1 Total, all countries or areas 2022 7975.11
30 2 Africa 2010 1055.23

Hactpoiika Dask DataFrame gns pgaracera
GDP

# Hacrporka Dask DataFrame mma mara-
cera GDP
dataGDP =
gdp,
dtype={ ‘Footnotes’:
“Walue’: ‘float64d’})

dd.read csv(url
header=1, thousands=’,’,

‘object’,

dataGDPProcessing =
dataGDP[dataGDP [«Series»] «GDP
(millions of US

in current prices
dollars) »]

dataGDPProcessing = dataGDPProcessi
ng[dataGDPProcessing[«Series»].str.
contains («(millions)», case=False,

flags=re.I)]

dataGDPProcessing =
dataGDPProcessing[ [«Region/Country/
Area», «Unnamed: 1», «Year»,
«Value»]]

dataGDPProcessing.columns =

‘GDP' ]

[*Id’,
‘Region’, ‘Year’,
# BoBOm mMHOOPMALMM O IAHHEIX
dataGDPProcessing.compute () .head ()
/usr/local/lib/python3.10/dist-
packages/dask/dataframe/accessor.
py:96:
interpreted as a regular expression,

UserWarning: This pattern is
and has match groups. To actually
get the groups, use str.extract.

out = getattr (getattr (obj, accessor,
obj), attr) (*args, **kwargs)
/usr/local/lib/python3.10/dist-

packages/dask/dataframe/accessor.

‘aNnbHas 3KOHOMMKaA M puHaHebl N°3 2023

py:96: UserWarning: This pattern is

interpreted as a regular expression,
and has match groups. To actually

get the groups, use str.extract.

out = getattr(getattr (obj, accessor,
obj), attr) (*args, **kwargs)

Id Region Year GDP

0 1 Total, all countries or areas 1995 31247262.0

1 1 Total, all countries or areas 2005 47730924.0

2 1 Total, all countries or areas 2010 66461443.0

3 1 Total, all countries or areas 2015 75133208.0

4 1 Total, all countries or areas 2018 86357998.0

Hactpoiika Dask DataFrame pns paracera
0 NPOAOCMIKUTENIbHOCTH N3HU

# Hacrporka Dask DataFrame myisa nmara-
ceTa O MNPONOJIXUTEIBbHOCTU XMU3HU
dd.read
csv(url life expectancy, header=1,

datalifeExpectancy =

thousands=’, "',
‘object’})

dtype={ ‘Footnotes’:

datal
ifeExpectancy[datalifeExpectancy[«Se

datalifeExpectancyProcessing =
ries»] == «Life expectancy at birth
for both sexes (years)»]

da

talifeExpectancyProcessing[datali

datalifeExpectancyProcessing =

feExpectancyProcessing[«Series»].
str.contains («(years)», case=False,

flags=re.I)]

data
LifeExpectancyProcessing[ [«Region/

datalifeExpectancyProcessing =

Country/Area», «Unnamed: 1», «Yeary,
«Value»]]
datalifeExpectancyProcessing.

[*Id",

‘LifeExpectancy’ ]

columns = ‘Region’, ‘Year’,

# BuBOn mMHOOPMALIMM O IAHHEIX
datalifeExpectancyProcessing.
compute () .head ()
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dKcnepuMeHTanbHas IKOHOMMKA 1 GuH

/usr/local/lib/python3.10/dist-

packages/dask/dataframe/accessor.
Py:96:
interpreted as a regular expression,

UserWarning: This pattern is
and has match groups. To actually
get the groups, use str.extract.

out = getattr (getattr (obj, accessor,
obj), attr) (*args, **kwargs)
/usr/local/lib/python3.10/dist-
packages/dask/dataframe/accessor.
Py:96:
interpreted as a regular expression,

UserWarning: This pattern is

and has match groups. To actually
get the groups, use str.extract.
out = getattr (getattr (obj, accessor,
obj), attr) (*args, **kwargs)
Id Region Year LifeExpectancy
4 1 Total, all countries or areas 2010 70.1
1 1 Total, all countries or areas 2015 71.8
18 1 Total, all countries or areas 2017 72.3
24 1 Total, all countries or areas 2022 71.7
30 2 Africa 2010 58.6

Hactpoiika Dask DataFrame pns paracera no
6espaboTuue

# Hacrporka Dask DataFrame mnma mara-
ceTa no 6OezpaboTulie

dataUnemployment = dd.read csv(url
unemployment, header=1, thousands=’,’)
# Cospmaem Dask DataFrame miad MyXuMH
df male =

Country/Area»,

dataUnemployment [ [«Region/

«Unnamed: 1», «Year»,
«Value»]]

[‘Id", ‘Region’,
‘Year’, ‘Series’, ‘Value’]

df male = df male[df male[‘Series’].
str.contains (‘Male’) ]

df male =
‘Region’,
‘“Walue’:

}) .reset index()

«Series»,
df male.columns =

df male.groupby ([ ‘Id’,
‘Year’]) .agg ({

‘sum’

# CospmaeMm Dask DataFrame mjis XeHIMH

df female =
dataUnemployment [ [«Region/Country/
Area», «Unnamed: 1», «Year»,
«Series», «Valuex»]]

df female.columns = [‘Id’, ‘Region’,
‘Year’, ‘Series’, ‘Value’]

df female = df female[df

female[ ‘Series’].str.
contains (‘Female’) ]

df female = df female.groupby([‘'Id’,
‘Region’, ‘Year’]) .agg({
‘Value’: ‘sum’

}) .reset index()

# ObbemmHAeM OaHHLHE
dataUnemploymentProcessing =
dd.merge (df male, df female,
on=[‘'Id’, ‘Region’, ‘Year’])
# [eperMeHOBEIBAEM CTOJIOUH M OOBEeIV-
HAeM CYyMMapPHBIE 3HaAYEHUA
dataUnemploymentProcessing.

(‘Id",
‘Unemployment rate’,

columns = ‘Region’, ‘Year’,
‘Labour force

participation’]

# BuBOI mMHOOPMALUM O ITaHHBEIX
dataUnemploymentProcessing.
compute () .head ()

Region Year Unemployment rate Labour f
3s orareas 2005 82.7
ssorareas 2010 81.3
ssorareas 2015 79.8
gs orareas 2022 7.7
Africa 2005 81.4

HacTpoitka Dask DataFrame gns paracera no
obpasoBaHuio

# Hacrporika Dask DataFrame mis nmara-
ceTa 11O 0OOpa30BaHMI
dataEducation = dd.read csv(url

education, header=1, thousands=',’)



# Cosmaem Dask DataFrame g MyXuMH
df male =
Country/Areay,

dataEducation[ [«Region/

«Unnamed: 1», «Year»,
«Value»]]

[‘Id", ‘Region’,
Walue'’ ]

df male[df male[‘Series’].

«Series»,
df male.columns =
‘Year’, ‘Series’,
df male =
str.contains (‘male’) ]
df male =
‘Region’,
‘Walue’:

}) .reset index()

df male.groupby ([ ‘Id’,
‘Year’]) .agg ({

Ysum’

# CospmaeM Dask DataFrame g XeHIMH

df female = dataEducation[[«Region/

Country/Area», «Unnamed: 1», «Year»,
«Series», «Valuex»]]

df female.columns = [‘Id’, ‘Region’,
‘Year’, ‘Series’, ‘Value’]

df female = df female[df

female[ ‘Series’].str.contains (‘female’) ]
df female =
‘Region’,
‘Value’:

}) .reset index()

df female.groupby([‘Id’,
‘Year’]) .agg ({
‘sum’

# OBbemmHAeM IOaHHLHE
dataEducationProcessing =
df female,
‘Year’])

dd.merge (df male,
on=['Id’, ‘Region’,
# IleperMeHOBEHIBAEM CTOJOLE M OOBEemm-—
HAeM CYMMaApPHBIE 3HaAYEHUA

dataEducationProcessing.columns =

[‘Id", ‘Region’, ‘Year’, ‘Gross
enrollment ratio — Primary’, ‘Gross
enrollment ratio — Secondary’]

# BoBOm mMHOOPMALMM O IAHHEIX
dataEducationProcessing.compute () .head ()

ion Year Gross enrollment ratio - Primary Gross enro

eas 2005 431.8
eas 2010 467.0
eas 2015 488.9
eas 2020 495.3
rica 2005 436.4

NbHas 3KOHOMMKA 1 PpuHaHcbl N°3 2023

06beAUHEeHHEe NONYYEHHbIX HA6OPOB AaHHbIX
Dask

Kak u B npumepe c¢ Pandas ¢puHanbHbiMU
Wwaramum 6yaet o6beAMHEHNA U OYUTCKA AaH-
HbIX.

# Vcnonb3yem merge mnjs oObenuHe-—

Hua Dask DataFrames no crTonbuam Id,
Region m Year

logicData = dd.merge (dataPopulati
onProcessing,
on=[‘Id’,
logicData =

dataGDPProcessing,
‘Year’])

dd.merge (logicDhata,

‘Region’,

datalifeExpectancyProcessing,
on=[‘Id’, ‘Year’])

logicDhata = dd.merge (logicData,

‘Region’,

dataUnemploymentProcessing,
on=[‘Id’, ‘Year’])
logichata = dd.merge(logicData,
on=[‘Id’,

‘Region’,

dataEducationProcessing,
‘Region’, ‘Year’])

# BuBOI mMHOOPMALUM O IMaHHBIX
logicData.compute () .head ()
/usr/local/lib/python3.10/dist-
packages/dask/dataframe/accessor.
py:96:
interpreted as a regular expression,

UserWarning: This pattern is

and has match groups. To actually
get the groups, use str.extract.
out =
obj), attr) (*args, **kwargs)
/usr/local/lib/python3.10/dist-
packages/dask/dataframe/accessor.
py:96:
interpreted as a regular expression,

getattr (getattr (obj, accessor,

UserWarning: This pattern is

and has match groups. To actually
get the groups, use str.extract.
out =
obj), attr) (*args, **kwargs)
/usr/local/lib/python3.10/dist-
packages/dask/dataframe/accessor.
py:96:
interpreted as a regular expression,

getattr (getattr (obj, accessor,

UserWarning: This pattern is

and has match groups. To actually
get the groups, use str.extract.
out =

obj),

getattr (getattr (obj, accessor,

attr) (*args, **kwargs)
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9KCI19PVIMEHT31'IbHaiI 9KOHOMMKa u (IWIHaHCbI

Labour force
participation

Unemployment

ulation
P rate

GDP LifeExpectancy

6985.60 66461443.0 70.1 81.3 54.9

7426.60 75133208.0 71.8

207.11 643263.0 69.6 80.2 43.2

228.36 760531.0 70.9 80.0 45.2

848.12  1335838.0 56.3 798 70.4

# YBupaemM CTPOKM C OTCYTCTBYOIVMU
3HAUEHUAMU
logicData = logicData.dropna ()
# IlpoBepsgeM HYyJIEBbHE 3HAUEHUM

null counts = logicData.isnull().

sum ()

# BeIBOOMM MHOOPMALMIO O HYJIEBEIX 3Ha-—
UeHUMAX

null counts.compute ()
/usr/local/lib/python3.10/dist-
packages/dask/dataframe/accessor.
py:96:
interpreted as a regular expression,

UserWarning: This pattern is
and has match groups. To actually
get the groups, use str.extract.

out = getattr (getattr (obj, accessor,
obj), attr) (*args, **kwargs)
/usr/local/lib/python3.10/dist-
packages/dask/dataframe/accessor.
py:96:
interpreted as a regular expression,

UserWarning: This pattern is
and has match groups. To actually
get the groups, use str.extract.

out = getattr (getattr (obj, accessor,
obj), attr) (*args, **kwargs)
/usr/local/lib/python3.10/dist-
packages/dask/dataframe/accessor.
py:96:
interpreted as a regular expression,

UserWarning: This pattern is
and has match groups. To actually

get the groups, use str.extract.

out = getattr (getattr (obj, accessor,
obj), attr) (*args, **kwargs)

Id 0

Region 0

Year O

Population 0

GDP O

LifeExpectancy 0
Unemployment rate 0

Labour force participation 0

Gross enrollment ratio — Primary O
Gross enrollment ratio — Secondary 0
dtype: int64

06e 6ubnmnotekn Pandas n Dask npegoctas-
natoT addeKTUBHbIE CpeACcTBa A/l CO34aHuUsA HO-
BbIX JTOTUYECKUX CTPYKTYP AAHHbBIX U3 UCXOAHbIX
fAaTtacetoB. OHM o6a NoafepXunBatoT OCHOBHbIE
onepauun punbTpaunn, Bbibopa 1 nepenMeHoBa-
HWS1 CTONBLOB, YTO AenaeT NpoLecc NoAroToBKM
[aHHbIX K aHanusy 6onee yaobHbiM. O6patum
BHUMaHwUe, YTo Dask TpebyeT CTporon TMnMsaLmm
JAaHHbIX NPW BbIMOJIHEHWUM ONepaLuii, B TO BpeMsi
kak Pandas 6onee ru60k B 3TOM OTHOLUEHUN.

O6e 6M6NNOTEKMN NPEAOCTaBNAAKT UHCTPYMEH-
Tbl ANS1 06beAMHEHUs HABOPOB AaHHbIX, HO NOA-
XOAbl MOTYT pasnuyaTtbes. B Pandas Mbl ucnonb-
3yeM merge, B To BpeMsl Kak B Dask npuxogutcs
06X0A4MTb OrpaHMyeHMEe Ha MYNIbTUMHAEKCDI C MNO-
MOLLbIO MOBTOPHbIX onepauuin merge. Pandas no-
3BonsieT 6onee rM6KO ynpaBnATb MNPOLLECCOM
ob6beanHeHus, Ho Dask MoXxeT okasaTbcs 6onee
OrpaHMYEHHbIM B 3TOM acnekTe.

BaXHO OTMeTUTb, YTO MpWU UCMNONb30BaHUMU
Dask Mbl cTankuBaemMcs C HEKOTOPbIMWU OrpaHu-
YeHMAMU, TaKUMU KaK OTCYTCTBME MOALEPXKKM
MYNbTUMHAEKCOB U 6onee cTporne TpeboBaHus
K TUNM3auuMm faHHbIX. TeM He MeHee, Dask npega-
naraeT napannenbHble BblYMCEHUS M MacliTa-
6UPYEMOCTb, YTO MOXET ObITb K/1t04YEBbIM (haKTo-
POM Mpu 06paboTKe 60MNbLLIMX 06 HEMOB AaHHbIX.

OcHoBHble Mpeumywectea Dask no
CpaBHenuio ¢ Pandas

1. MapannenbHble Bbluncnenua: Dask npepo-
CTaBnsieT MeXxaHu3Mbl [Ans  BbINOSIHEHUS
onepaunin Hapg AaHHbIMW MapaniesibHo, 4To
nossonseT 3ahPekTBHO 0bpabaTbiBaTb 60/b-
Wwre obbeMbl faHHbIX. B oTnnume ot Pandas,



KOTOPbIA OrpaHNU4eH OAHOMOTOYHbIMU Onepa-
umamu, Dask MoXeT mcnosnib3oBaTb MHOXe-
CTBO Aflep W paxke KnacTepbl AN YCKOPEeHUs
BbIYNCNEHUN.

2. MacwTtabupyemocTtb. Dask cnpoekTupoBaH
ANsi paboTbl C AaHHbIMU, HE YMELLAOLLNMUCSA
B ornepaTUBHOM MNaMATU OAHOW MalluHbl. ITO
nossonsieT obpabaTbiBaTb U aHaANM3NpPoBaTb
ropasfo 6onbluMe aartaceTbl, YeM 3TO MOXET
coenatb Pandas. Dask moxeT addhekTuBHO
MaclTabupoBaTbCsa Ha KnacTtepax, obecneyun-
Bas 06pabOTKy AaHHbIX B pacrnpefeneHHbIX
BbIYMCNINTENbHbIX Cpeaax.

3. OTnoXxXeHHble Bbluncnenusa: Dask wncnonbay-
€T JIEHMBbIE BbIYWUCIIEHUS, YTO NO3BONSAET OT-
KnagbiBaTb BbINOSIHEHNE onepauui O Heob-
XOAMMOCTU. JTO yny4dwaetT 3PEPEKTUBHOCTb
MCMNOJSIb30BaHUA PecypcoB, MOCKOJIbKY BblYMC-
NeHNA NPOU3BOAATCHA TONbKO Mpu Heobxoau-
MocTu. B Pandas Bce onepauuu BbINOMHAOTCA
cpasy, 4TO MOXeT NpUBECTU K He3(PEKTUBHO-
MY UCMOJIb30BaHUIO NaMSATH.

4. Noppepxxka bonbwmnx [OaHHbix: Dask npego-
CTaBNSAET BO3MOXHOCTb paboTaTh C JAHHbIMMU,
KOTOpble He NoMeLLaloTCs B onepaTUBHOM Na-
MATK, 6narofgaps Yemy Bbl MOXKeTe obpabaTbl-
BaTb Aa)ke TepabanTbl faHHbIX. 3TO OCOBEHHO
Ba)HO NMpu paboTte ¢ 6a3oi aaHHbix OOH, Ko-
TOpas COAEepPXMUT O6LINPHbIe 06beMbl MHPOP-
Mauuu.

5. MHoro3agauyHocTb: Dask nos3Bonsetr Bbl-
NONHATbL HECKONbKO 3ajay OAHOBPEMEHHO,
YyTO yNyyllaeT MpPOU3BOAUTENBbHOCTb B Chy-
yae 6O0MbLUNX M CNOXHbIX HAOOPOB AaHHbIX.
Pandas, B cBOtO o4yepefb, BbIMOSIHAET onepa-
LMK nocnefoBaTeibHO, YTO MOXKET 3aMeAIUTb
06paboTKy AAHHbIX.

6. CoBmectuMocTb ¢ Pandas: Dask paspa6oTaH
C y4yeToM coBMecTumMocTu ¢ Pandas, 4to no-
3BOJIAIET JIErKO MEPEKIYaTbCA MeXay HUMM.
970 nossonseTr mucnonb3oBatb Pandas pns
ObICTPOM NpenobpaboTKM UM aHanM3a 4YacTtu
JaHHbIX, @ 3aTeM nepekntounTbea Ha Dask ans

MMeHTaNbHas 3KOHOMMKa U puHaHcbl N3 2023

paboTbl C NO/IHbIM 06BEMOM AaHHbIX.

WUTak, Dask npegocTaBnsieT MoLLHbIe UHCTPY-
MEHTbI A1 06pabOTKM 6ONbLUMX AaHHbIX, YTO Ae-
NaeT ero npeanoyYTUTeNbHbIM BbIGOPOM MNMpU pa-
60Te ¢ 6a3oi gaHHbix OOH, rae 06beMbl AaHHbIX
MOTYT 6bITb OFPOMHbIMMW.

CpaBHeHue npoussoauTenbHocTH Pandas
u Dask B acneKkTax BpeMeHH BbINONHEHHS
W 3aTpaT NaMATH

[na petanbHOro CpaBHEHWUSI NMPOU3BOAUTENBHO-
ctn 6nbnunotek Pandas n Dask B pamkax 3agav
06paboTKM N aHanu3a AaHHbIX, NpoOBeAeM U3Me-
peHne BpeMeHW BbINOJIHEHUS U o6bemMa 3aTpa-
YeHHON MaMATU Ha MpUMepe paHee MnpeacTas-
neHHoro kopa. OueHmBaTb 6yaem Tpuy KIHOYEBbIX
acnekra:

7. BpeMs BbINonHeHus onepauuii: Mbl nsmepum
BpeMsi, 3aTpayeHHOe Ha BbINOMHEHNE aHa-
NIMTUYECKMX OMepauuin ¢ WUCNonb3oBaHUEM
Pandas u Dask. 3To no3BonuT oueHUTb 3@d-
(EeKTMBHOCTb Kakon 6MbnnoTekn B pasnuu-
HbIX CLeHapusax 06paboTKN faHHbIX.

8. Ucnonb3oBaHue pecypcoB namsaTu: Mbl npoa-
HanMsnpyem o6beM NaMATH, KOTOPbIN KaXkaas
6nbnmuoTeka nNoTpednsieT B npolecce BbINON-
HeHMA onepaunn. 3TO BaXHbI KPUTEPUNA,
0C06€eHHO npu paboTe ¢ 60NbLLIMMM HabopamMu
JaHHbIX.

Mpouecc cpaBHeHUA 6yAeT CTPYKTYpUMpOBaH,
YyTO6bl NPEefOCTaBUTb MOHATHOE NpeAcTaB/ieHne
O MNPOU3BOAUTENBHOCTU KaXaon 6ubnmoTekn
B Pa3/IMYHbIX acneKTax paboTbl C AaHHbIMMU.
import io
from IPython.display import clear out-
put
from contextlib import redirect stdout

# Barpyska u npenobpaboTka ITaHHBIX C
MCIIOJIb30BaHMeM Pandas
def pandas processing() :

# Hacrpovika maTaceTa HacemenHwue,
[mowane m IIJIOTHOCTE HAaCEJIEHUA

dataPopulation = pd.read csv(url
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KcnepuMeHTanbHasi 3KOHOMUKA U ¢

population, header = 1, thousands=’,’)
data-

Population[dataPopulation[“Series”] ==

dataPopulationProcessing =

“Population mid-year estimates (mil-
lions)”]
dataPopulationProcessing = data-

PopulationProcessing[dataPopulation-—
Processing[“Series”].str.contains (“ (-
millions)”, flags=re.Il)]
dataPopulationProcessing = data-
PopulationProcessing[ [“Region/Country/
1, “Walue”]]
dataPopulationProcessing.columns =

[‘Id’",

Area’”, “Unnamed: “Year”,

‘Region’, ‘Year’, ‘Population’]
# HacTpoiika maracera BBII u BBI Ha
Oyly HacCeJIeHUS
dataGDP =

header = 1,

pd.read csv(url gdp,
thousands=",")

dataGDPProcessing =
dataGDP[“Series”]
(millions of US dollars)”]
dataGDPPro-

cessing[dataGDPProcessing[“Series”].

dataGDP[-
== “GDP in current

prices

dataGDPProcessing =

str.contains (Y (millions)”,

flags=re.I)]

dataGDPPro-
“Un-

dataGDPProcessing =
cessing[[“Region/Country/Area”,
17, “Walue”]]
dataGDPProcessing.columns =
‘GDP' ]

named: “Year”,
[*Id,
‘Region’, ‘Year’,
# HactTpoiika nmaraceTa
[IPOOOIXUTENILHOCTE XU3HU
dataLifeExpectancy = pd.read
csv(url life expectancy, header = 1,

thousands=",")

datalifeExpectancyProcessing =
datalifeExpectancy[datalifeExpectan-
cy[“Series”]
birth for both sexes

== “Life expectancy at
(years)”]
datalifeExpectancyProcessing =

datalifeExpectancyProcessing[datalLi-

feExpectancyProcessing[“Series”].str.

contains (“ (years)”, flags=re.I)]

da-
talifeExpectancyProcessing[ [“Region/
1//,

datalifeExpectancyProcessing =

Country/Area”, “Unnamed:
“Walue”]]

datalifeExpectancyProcessing.col-

“Year",

umns = [‘Id’, ‘Region’, ‘Year’, ‘Life-
Expectancy’ ]

dataUnemployment = pd.read
csv (url unemployment, header = 1,

thousands=',")

# HactTporika martaceTta TpynoBas cuja
n Bespaboruua

dataUnemploymentProcessing =
dataUnemployment [ [“"Region/Country/
Area”, “Unnamed: 1”, “Year”,”Series”,
“Walue”]]

dataUnemploymentProcessing.col-

umns = [‘'Id’, ‘Region’, ‘Year’, ‘Se-
ries’,’"Value’]
df male = dataUnemploymentProcess-

ing[dataUnemploymentProcessing|[ ‘Se-
ries’].str.contains (‘Male’) ]

df male = df male.groupby([‘'Id’,

‘Region’, ‘Year’]) .agg ({
‘Walue’: [(‘Unemployment
rate’, ‘sum’),

(‘Labour force par-
ticipation’, ‘sum’)]

}) .reset index()

df female = dataUnemployment-
Processing[dataUnemploymentProcess—
ing[‘Series’].str.contains (‘Female’) ]
df female = df female.group-
by ([‘Id’, ‘Region’, ‘Year’]).agg({
‘Value’: [(‘Unemployment
rate’, ‘sum’),

(‘Labour force par-

ticipation’, ‘sum’)]

}) .reset index()

dataUnemploymentProcessing =

pd.merge (df male, df female, on=[‘Id’,



‘Region’,

‘Year’])

dataUnemploymentProcessing.columns
= [‘Id’,

ment rate

‘Region’,
(Male)’,
(Male) ',
‘Labour force participation

‘Year’, ‘Unemploy-
‘Labour force par-
ticipation ‘Unemployment rate
(Female)’,
(Female) "]

dataUnemploymentProcessing[ ‘Unem-
ployment rate’] = dataUnemploymentPro-
(Male) '] +
dataUnemploymentProcessing[ ‘Unemploy-
(Female) ']

dataUnemploymentProcessing|[ ‘Labour

cessing[ ‘Unemployment rate
ment rate
force participation’] = dataUnemploy-
mentProcessing|[ ‘Labour force partic-
(Male) ']

Processing|[ ‘Labour force participation
(Female) ']

ipation + dataUnemployment-

dataUnemploymentProcessing =
dataUnemploymentProcessing.drop ([ ‘Un-
(Male) ',

employment rate ‘Unemployment

rate (Female)’, ‘Labour force partici-
pation (Male)’, ‘Labour force partici-
pation (Female)’], axis=1)

# Hacrporka nartacera OfOpas3oBaHue
dataEducation = pd.read csv(url
thousands=",")

education, header = 1,

dataEducationProcessing = dataEd-

ucation[[“Region/Country/Area”, “Un-

named: 1”7, “Year”,”Series”, “WValue”]]
dataEducationProcessing.col-

umns = [‘Id’, ‘Region’, ‘Year’, ‘Se-

ries’,’Value’]

df male = dataEducationProcess-
ing[dataEducationProcessing[ ‘Series’].
str.contains (‘male’) ]

df male = df male.groupby ([‘'Id’,

‘Region’, ‘Year’]) .agg ({
“Walue’: [(‘'Gross enrollment
ratio - Primary’, ‘sum’),
(‘Gross enrollment
ratio - Secondary’, ‘sum’)]

}) .reset index()

|
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df female = dataEducationProcess-
ing[dataEducationProcessing]|[ ‘Series’].
str.contains (‘female’)]

df female = df female.group-

by ([‘Id’, ‘Region’, ‘Year’]) .agg({
“WWalue’: [(‘Gross enrollment
ratio - Primary’, ‘sum’),
(YGross enrollment
ratio - Secondary’, ‘sum’)]

}) .reset index()

dataEducationProcessing =

pd.merge (df male, df female, on=[‘Id’,

‘Region’, ‘Year’])
dataEducationProcessing.columns =
(‘Id’,

rollment ratio - Primary

‘Gross en-
(Male) ",

‘Gross enrollment ratio - Secondary
(Male)’,

Primary

‘Region’, ‘Year’,

‘Gross enrollment ratio -
‘Gross enrollment
(Female) ']

dataEducationProcessing|[ ‘Gross

(Female) ',

ratio - Secondary

enrollment ratio - Primary’] = datakEd-
ucationProcessing[ ‘Gross enrollment
(Male)’] + dataEduca-
tionProcessing[ ‘Gross enrollment ratio
(Female) "]
dataEducationProcessing[ ‘Gross en-—
= datakEd-
ucationProcessing[ ‘Gross enrollment
(Male)’] + dataEd-
ucationProcessing[ ‘Gross enrollment

(Female) "]

ratio - Primary
- Primary
rollment ratio - Secondary’]
ratio - Secondary
ratio - Secondary
dataEducationProcessing = dataEdu-
cationProcessing.drop ([ ‘Gross enroll-

(Male) ",
enrollment ratio - Secondary

‘Gross
(Male) ',
(Fe-
‘Gross enrollment ratio - Sec-—

ment ratio - Primary

‘Gross enrollment ratio - Primary
male)’,
ondary (Female)’], axis=1)
# Barpyska u npenobpaboTKa HOaHHEX C
ucnojyib3o0BaHueM Dask
def dask processing():

# HacTpomka Dask DataFrame nng ma-

TaceTa Hacemenwme, Ilnomane M IIJIOTHOCTB
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HaceJieHus
dataPopulation = dd.read csv(url
population, header=1, thousands=’,’,

dtype={ ‘Footnotes’: ‘object’})

dataPopulationProcessing = dataPop-

ulation[dataPopulation[“Series”] ==

“Population mid-year estimates (mil-
lions) ”]
dataPopulationProcessing = dataPop-

ulationProcessing[dataPopulationPro-
cessing[“Series”].str.contains (™ (mil-
lions)”,

case=False, flags=re.I)]

dataPopulationProcessing = dataPop-
ulationProcessing[[“Region/Country/
17, “WValue”]]
dataPopulationProcessing.columns =
[*Id",

Area”, “Unnamed: “Year”,

‘Region’, ‘Year’, ‘Population’]
# Hacrporka Dask DataFrame mnng maTa-

ceTa GDP
dataGDP =

header=1,

dd.read csv(url gdp,

thousands=’",’, dtype={‘Foot-

notes’: ‘object’,
‘Walue’: ‘floatod’})
dataGDPProcessing = dataGDP[dataGD-

P[“Series”]
(millions of US dollars)”]
dataGDPProcess—

ing[dataGDPProcessing[“Series”].str.

== “GDP in current prices

dataGDPProcessing =

contains (Y (millions)”, case=False,
flags=re.I)]
dataGDPProcessing = dataGDPProcess-
ing[[“Region/Country/Area”, “Unnamed:
1”7, “Year”, “Value”]]
dataGDPProcessing.columns = [‘Id’,
‘Region’, ‘Year’, ‘GDP’]

# Hactporixa Dask DataFrame mna nmaTa-
ceTa O MNPONOJIXUTEJIBHOCTM XMU3HU
dd.read
csv(url life expectancy, header=1,

datalifeExpectancy =

thousands=","’,
‘object’})

dtype={ ‘Footnotes’:

da-
talifeExpectancy[datalifeExpectan-

datalifeExpectancyProcessing =

cy[“Series”] == “Life expectancy at

birth for both sexes (years)”]
da-

talifeExpectancyProcessing[datali-

datalifeExpectancyProcessing =

feExpectancyProcessing[“Series”].
str.contains (“ (years)”, case=False,

flags=re.I)]

da-
talifeExpectancyProcessing[ [“Region/
lll,

datalifeExpectancyProcessing =

Country/Area”, “Unnamed: “Year”,

“Walue”]]
datalLifeExpectancyProcessing.columns

= [‘Id',

tancy’ ]

‘Region’, ‘Year’, ‘LifeExpec-

# Hacrpomka Dask DataFrame nnga maTa-
ceTa no bezpaboTule
dataUnemployment = dd.read csv(url
unemployment, header=1, thousands=’,’)
# Cosmaem Dask DataFrame mnjasg MyXumMH
df male =
Country/Area”,
“Walue”]]

df male.columns =

dataUnemployment [ [“Region/
“Unnamed: 1”7, “Year”,
“Series”,
[‘Id",
‘Year’, ‘Series’, ‘Value’]

df male = df male[df male[‘Series’].
str.contains (‘Male’) ]

df male =

‘Region’,

‘Region’,

df male.groupby ([‘'Id",
‘Year’]) .agg ({
“Walue’ :

}) .reset index()
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# Cosnmaem Dask DataFrame njs XeHMH
df female =
gion/Country/Area”,
“WValue”]]
df female.columns = [‘Id’,
‘Year’, ‘Series’, ‘Value’]
df female = df female[df female[‘'Se-

ries’].str.contains (‘Female’) ]

dataUnemployment [ [“Re-
“Unnamed: 17,
“Year”, “Series”,

‘Region’,

df female = df female.groupby ([ ‘Id’,
‘Region’, ‘Year’]) .agg ({
‘Value’: ‘sum’

}) .reset index()



# Ob6bemmHAEeM IOaHHBE

dataUnemploymentProcessing =
dd.merge (df male, df female, on=[‘Id’,
‘Region’, ‘Year’])

# TlepevMeHOBHIBAEM CTOJOLUH ¥ OOBEeIV—
HIeM CyMMapHBE B3HaUYeHUS

dataUnemploymentProcessing.columns =
[‘Id",

rate’,

‘Region’, ‘Year’, ‘Unemployment

‘Labour force participation’]

# Hactpoiika Dask DataFrame mnsa maTa-
ceTa o oBpasz0BaHUD
dataEducation = dd.read csv(url

education, header=1, thousands=',’)

# Cosmaem Dask DataFrame mniasg MyXumMH

df male = dataEducation[[“Region/

Country/Area”, “Unnamed: 1”7, “Year”,
“Series”, “Walue”]]

df male.columns = [‘Id’, ‘Region’,
‘Year’, ‘Series’, ‘Value’]

df male = df male[df male[‘Series’].
str.contains (‘male’) ]

df male = df male.groupby ([‘Id’,
‘Region’, ‘Year’]) .agg ({

“Value'’ :

}) .reset index()

‘sum’

# CosmaeMm Dask DataFrame g XeHIMH

df female = dataEducation[ [“Region/

Country/Area”, “Unnamed: 1”, “Year”,
“Series”, “Walue”]]

df female.columns = [‘Id’, ‘Region’,
‘Year’, ‘Series’, ‘Value’]

df female = df female[df female[‘Se-
ries’].str.contains (‘female’) ]

df female = df female.groupby ([‘Id’,
‘Region’, ‘Year’]) .agg ({

‘Value’: ‘sum’

}) .reset index()

# OObenmmHseM IaHHHE

dataEducationProcessing =
dd.merge (df male, df female,
‘Year’])

on=[‘I1d’,
‘Region’,

9KOHOMMKa 1 uHaHcbl N°3 2023

# IleperMeHOBLHIBAEM CTOJIOULE ¥ OOBEeIn—
HSeM CyMMapHBE BHaUYeHUS

datakEducationProcessing.columns =

[‘Id’", ‘Region’, ‘Year’, ‘Gross en-
rollment ratio - Primary’, ‘Gross en-
rollment ratio - Secondary’]

# JVcnonbsyeM merge njs OOBEeOMHEHMUS
Dask DataFrames no cronbuam Id, Region
n Year

logicDhata = dd.merge (dataPopulat
ionProcessing,
on=[‘Id’,

logicDhata =

dataGDPProcessing,
‘Year’])

dd.merge (logicData, da-
on=[‘Id’,

‘Region’,

talifeExpectancyProcessing,
‘Year’])

logicData =

‘Region’,
dd.merge (logicbhata,
dataUnemploymentProcessing, on=[‘Id’,
‘Year’])

logicDhata =

‘Region’,
da-
‘Re-

dd.merge (logicDhata,
taEducationProcessing, on=[‘Id’,
gion’, ‘Year’])

# YOupaeM CTPOKM C OTCYTCTBYOUMMHA
3HAYEHUAMU

logicDhata = logicData.dropna ()
# I[poBepseM HYyJIEBHE SBHAUYEHUS
null counts = logicData.isnull().

sum ()

# IloncueT BpPeMeHU BHIIOJIHEHMA IJId
Pandas

# CozpaHmMe INepeMeHHOM IJIS COXPaHeHUd
BEIBOZA

result timeit = io0.StringIO()

# lcnomp3opaHue redirect stdout nms
nepeHanpaBJIeHVa BEBOJa B INEPEMEHHY
with redirect stdout (result timeit):
-r 1 -n 1 result =

Stimeit pandas__

processing()
# TonmyueHre pesybTaTa U3 IepPEeMEeHHON

pandas_time = result timeit.getvalue ()

pandas_time

time.find (“s”) ]

pandas_time[:pandas_
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# I[omcueT BpeMeHM BHIOJHEeHMS nJsa Dask
# CosmaHMe INepeMeHHOM IJIsg COXPaHeHUd

BEIBOZA

result timeit = i0.StringIO()

# lVcnonez3oBaHue redirect stdout mms

epeHanpaBJIeHMA BEIBOJA B [NEPEMEHHYD
with redirect stdout (result timeit):
-n 1 result = dask

Stimeit -r 1

processing ()
# TonyueHMe pesysbTaTa U3 IepeMeHHOM’
dask time = result timeit.getvalue()
dask time =

(\\SH) ]

dask time[:dask time.find-

pattern = r”peak memory: (\d+\.\d+)

MiB”

# Homcuer 3aTpaT namaTu njsg Pandas

# CosnmaHmMe MepeMeHHOM IJiS COXPaHeHMUS

BEIBOIIA

result timeit = i0.StringIO()

# Vicnomesosanme redirect stdout mnsa

rlepeHanpaBJIeHUs BEBOIA B IIE€PEMEHHYIO

with redirect stdout (result timeit):
Smemit result =

ing ()

pandas processe

# lonmyueHye pesysbTaTa M3 IepeMeHHOM
pandas memory = result timeit.getval-
ue ()

pandas _memory =

re.search (pattern,

pandas _memory) .group (1)

# [onmcueTr 3aTpaTr namaTy njs Dask

# CospaHMe NepeMeHHOM NOJig COXPaHEeHUS

BHIBOIIA

result timeit = io0.StringIO()

# lVcnonezsoBaHue redirect stdout mmns

[IepeHalpaBJIeHNs BEBOLA B IE€PEMEHHYI

with redirect stdout (result timeit):
gmemit result = dask processing()

# IomyueHue pesyJibTaTa M3 [IEePEeMeHHOM

dask memory =

result timeit.getvalue ()

dask

dask memory = re.search(pattern,

memory) .group (1)

def convert to seconds (input string):

pattern = r” (\d+)min (\d+)”

match = re.search(pattern, input
string)

if match:

# U3BJekaeM MMHYTH M CEeKYHIE
Y3 HaAMOeHHOTO COOTBETCTBULI

minutes = float (match.
group (1))

seconds =

group (2))

float (match.

# KoHBepTupyeM B CEKYHIE
total seconds = minutes * 60 +
seconds
return total seconds
else:
# Ecyim CTpOKa HE COOTBETCTBYeET
bopMaTy, BEepHEM MCXOOHYK CTPOKY

return float (input string)

clear output ()
pandas time = convert to seconds (pan-
das_ time)
dask time = convert to seconds (dask
time)

pandas memory = float (pandas memory)
dask memory = float (dask memory)
print (£”Bpemsa BrmnosiHeHMs C Pandas:
{pandas_time} cexyHO"”)

print (£»Bpemsa BrmnosiHeHUs c Dask:
{dask time} cexyHIO»)

print (f»Pas3Huila BO BPEMEHM BHIIOJIHEHUSI
Pandas c Dask:

* 100}

{ (dask time / pandas_
time) S»)

print (f”3arpaTe namaTu ¢ Pandas: {pan-
das memory} MiB”)

print (£”Bpemsa BrmnosiHeHUsa C Dask:

{dask memory} MiB”)

print (f”Pas3Huila BO BPEMEHM BEHIIOJIHEHUSI
Pandas c Dask:

* 100}

{ (dask_memory / pandas__

o
]

memory)



Bpemsa BHINOJHeHMA C Pandas:

16.5 cekyHIn
BpeMmsa BunojiHeHus ¢ Dask: 15.2 cexkyHI

Pas3Huila BO BPEMEeHM BHIIOJIHEHMA Pandas

c Dask: 92.12121212121211 %
BarpaTe namMsaTu ¢ Pandas: 265.22 MiB
Bpems BunosiHeHMs ¢ Dask: 258.58 MiB

Pas3Hulla BO BPEMeHM BHIIOJIHEHMA Pandas
97.49641806801898 %

\

c Dask:

Ha ocHoBe npefocTaBNEHHbIX METPUK Mbl MO-
YXEM caenaTtb cnefyolwme BblBOAbI:

BpeMs BbINoNHEHUS:

C Dask Mbl HabntogaeM ynydlieHne nponssoaun-
TeNbHOCTM MO cpaBHeHUto ¢ Pandas. Bpems BbI-
nonHeHus ¢ Dask okasanocb HEMHOrO MeHblUe
(15.2 cekyHp npoTuB 16.5 cekyHp), YTO yKa3blBa-
eT Ha 3 PEeKTMBHOCTb pacnpefeneHHbIX BblYUC-
nenun B Dask.

3aTpaTbl naMATH:

Dask ncnonb3oBan Y4yTb MeHbLUe NaMaTh (258.58
MiB npoTuB 265.22 MiB) no cpaBHeHuto ¢ Pandas.
9T0 MOXeT 6bITb CBA3aHO ¢ TeM, YTo Dask pabo-
TaeT C JaHHbIMK B BUAe YacTen (partitions), 4to
nossonsieT 6onee adheKTUBHO MCMNONb30OBaTb
pecypcbl.

Dask npepoctaBnset ad@PeKTUBHbIE UHCTPY-
MeHTbl AN 06paboTKN AAHHbBIX, OCOBEHHO B Chy-
Yyae 60MblIMX 06BEMOB AaHHbIX. XOTS pasHuUua
BO BPEMEHWU BbIMNOMIHEHUA WM 3aTpaTax MNamsTy
He CMULWKOM BENMKN B AaHHOM NpuUMepe, B pe-
aNnbHbIX CLeHapusix paboTbl ¢ 60/bLIMMU AAHHbI-
MU 3TW npeumyuwiectea Dask MoryT nposiBUTbCS
6oniee ApKO, fAenasi ero 6onee npeanoyvTUTENb-
HbIM BbIGOPOM A1 NOA06HbIX 3ajau.

3aknioueHue

B xome cpaBHUTENbHOro aHanmMsa 6u6ANOTEK
Pandas u Dask gns o6pa6oTku gaHHbIX 6blan
BbISIBJIEHbl HECKOJIbKO KJIHOYEBbIX aCMneKToB.
B Hauyane pa6oTbl ¢ gaHHbIMK Ha cainTe OOH Mbl

KcnepuMMeHTasnbHas IKOHOMMKa U puHaHcbl N°3 2023

CTONKHY/IUCb C pa3niMyHbiMu popmaTamu aah-
HbiX, TakuMKn kKak PDF n CSV. Pandas okasancs
YOOOHbIM MHCTPYMEHTOM AN paboTbl C 3TUMMU
ZAaHHbIMK, NO3BONAS NErKo YuTaTb U Npepodbpa-
6aTbiBaTb MHPoOpMaLmto n3 CSV-hannos, a Takxe
cnpaBnaTbes ¢ Tabnuuamu B PDF-hopmare.

Mpu cospaHnm HOBOW NTOrMYECKON CTPYKTYpPbI
[AaHHbIX U UX 06beAMHEHUU Mbl UCMONb30BaN
Pandas u Dask. Pandas nposiBun cebsi kak ag-
$EeKTUBHBIA MHCTPYMEHT C YETKUM U YAO6HbIM
CMHTaKCUCOM, HO €ro orpaHuMyeHusi CTaHOBATCSA
6onee 3aMeTHbIMU NMpu paboTe ¢ 60bINMKN 06b-
eMaMu AaHHbiXx. B To Bpems kak Dask, ¢ 6onee
rMO6KMM 1 pacnpepeneHHbIM NoaxoA0M, N03BOSS-
€T CNpaBfATbCA C 3aa4yamMm 06paboTKM AaHHbIX
B pacnpefeneHHbiX BbIYUCAUTENbHbIX cpefax,
OfHaKO ero TpeboBaHUA K TUMM3aLMK AaHHbIX
MOryT noTpeboBaTb AOMNOSIHUTENBHOrO BHUMa-
HWUS1 NPWU MOATOTOBKE AaHHbIX.

MNpw cpaBHeHWUM NponaBoauTenbHoCcTU Pandas
n Dask Ha HalIMX KOHKPETHbIX AaHHbIX Mbl O6Ha-
py>xunu, yto Dask npepgocTtaBnsieT HebonbllOe
yny4yLleHne No BPEMEHW BbINOSIHEHMSA MO CPaBHe-
Huto ¢ Pandas. OgHOBpeMeHHO pa3HuLa B 3aTpa-
Tax NamMsaTK OKasanacb MUHUMANbHON, YTO yKa-
3blBaeT Ha XopoLyto onTuMnuaauuto Dask B aTom
acnekTe. BakHO OTMETUTb, YTO 3TW pesynbTaTbl
3aBUCAT OT KOHKPETHOMN 3afa4u 1 XapaKTepucTuK
AaHHbIX. Bbibop mexay Pandas n Dask cneanyet
OCYLLEeCTBNATb C YY4E€TOM TpeboBaHWUM MpoeKTa
N BO3MOXHOW BbIroAbl OT pacnpefeneHHbIX Bbl-
yncnexHun B Dask.

Takum obpasom, 06e 6GU6NINOTEKN NPefoCcTaB-
NAKT MOLUHbIE MHCTPYMEHTbI AN 06paboTKm
[AaHHbIX, Ka)xAasa cO CBOMMM MNpeuMyLLecTBaMm
N orpaHuyeHnsamu. NoHUMaHnme ocobeHHoCTeMn
KaXkaon 6M6INMOTEKM MOMOXET BbiGpaTb Hauyuy-
LUIMNA UHCTPYMEHT B 3aBUCUMOCTU OT KOHKPETHOM
3a[,a4M U KOHTEKCTa MCMOJIb30BaHMS.
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Comparative Analysis of Pandas and Dask
Libraries: Processing Data from the UN Database

Gorbas D. A., Bulgakov A. L., Milyutin M. A.

Lomonosov Moscow State University; Plekhanov Russian
University of Economics,

Moscow Institute of Modern Academic Education

Modern data analysis requires efficient tools to handle large
and diverse datasets. This article compares the performance
of two leading Python data analysis libraries: Pandas and
Dask. Using data from the UN database, we will look at the
data preparation and processing process in both libraries,
as well as compare the execution time and memory usage.
The results of the study will provide practical guidance for
choosing the best tool depending on specific data analysis
tasks.
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AkTMBHOe pasBuTue UMbPOBbIX (HUHAHCOBbBIX TEXHOMOIMN
cTano TpeHAoM nocnefHux net. 2022 rog ctan nepuoaom
pa3MeLLeHns Ae6IOTHbIX BbIMYCKOB LMdPOBbIX GMHAHCOBbIX
akTuBoB (LIdA) B Poccuy, 061umin 06beM KOTOpbIX COCTaBuII
nopsigka 2 Mapg py6. 3To NoaTBepXAaeT ycnex peanunsye-
MOI cTpaTernv no coénmxenHuto perynstopos LIGA un Tpa-
OVLMOHHbIX (PUHAHCOBbIX MHCTPYMEHTOB. B panbHelwem
JaHHbIN anroput™M B3aMMOAENCTBUA NPU3BaH NOBUATb Ha
nepcrneKTUBHYKO MPOAYKTOBYIO KOHbBIOHKTYPY pbIHKa U €ro
puck-noptdenb. MHBecTupoBaTh B LndpoBble GUHAHCOBbIE
aKTUBbI B YC/TIOBUAX COBPEMEHHON reonoMTUYECKOn 1 KO-
HOMWYECKOW O6CTaHOBKWM KpalHe PUCKOBaHHO, B NeEpPBYHO
oyepefb cama MJOLWaAKa NULLEHA XXECTKOro pernameHTa.
970 KacaeTcs orpaHMYyeHui, BAMSAIOWMX Ha COBMECTUMOCTb
TEXHOJIOTMI PasnnYHbIX ornepaTopoB. Ho pJaxe C yyeTom
umerowmxcs npobnem pbiHOK LDA obnapgaet xopowwwmmu
JONrocpoYHbIMK NepcrnekTnBamm, ocobeHHo B chepe aBTo-
MaTU3MpPyeMbIX U KOHTPOSIMPYEMbIX Onepauuini Ha OCHOBe
CMapT-KOHTPAaKTOB. B cTaTbe 3aTpoHyTa TeMa TOKeHU3aLun
ropHoA06bIBaoLWMX NpeanpuaTHuin Poccun.

KnioueBble cnoBa: uudposble hrHaHCOBble akTuBbl, LIDA,
MHBECTULMWN, UCTOYHMKM (UHAHCMPOBAHUS, MPOMbILLIIEH-
Hble NpeanpuATHSA.

BeepeHue

MocTuHaycTpmnanbHasa 3skoHoMMKa XXI cTone-
TMA o6nagaeT MHHOBALMOHHBIM XapaKTepowm,
flaHHasi 0CO6eHHOCTb — 6osblle He OfAHO M3
KOHKYPEHTHbIX MPeuMyLLecTB, a obsi3aTesibHoe
ycnosue (UHAHCOBOW HE3aBUCUMOCTU WU CTa-
6unbHoctM [1,c. 15]. BbICOKOTEXHOMOIMMYHbIN
NMPOMBbILUJIEHHbIN CeKTop ABNseTcA drarMaHoMm
HaLWOHANbHON 3KOHOMMKM, MO3TOMY BOMPOCHI
MCNonb3oBaHMA BCEro apceHana CyLecTByto-
WMX (PUHAHCOBbIX WMHCTPYMEHTOB COXpaHSAeT
CBOO aKTyasIbHOCTb.

«NICTOYHUKN (MHAHCMPOBAHUST MPOMBILLIEH-
HbIX NPeAnpuSATUIA AOJKHbI OTBeYaTb Clegyto-
MM TpeboBaHMAM:

—NpUBEYEHNE AEHEXHbIX CPeACTB LOMMKHO
OCYLLECTBMATLCA HA ANIMTENbHbBIA CPOK MNn 6ec-
CPOYHO;

—cornacme UHBECTOPOB WM KPeAUTOPOB Ha
BbICOKMI PUCK BIIOXXEHUSA CPEACTB, T. K. UHHOBA-
LMOHHan feATeNIbHOCTb He BCerga 3akaH4yMBaeT-
CA BHeAPEeHWeM TeXHONIOrMM Unn 3anyckom npo-
“3BOACTBa HOBOIo NpoayKTa» [2].

PacwwnpeHue accopTumeHTa (QUHaHCoO-
BblX WHCTPYMEHTOB MNO3BONSAET NpPeAnpuUsTU-
SIM MPOMbILI/IEHHOIO CeKTopa OCYLEeCTBAATb
WHHOBaUWOHHOe pa3BuTue. WccnepoBaHue
BOMpPOCOB MHHOBALMOHHOWN aKTUBHOCTM
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NPOMBILEHHbIX NpPeanpuaTUn  NO3BOJINIIO
M. B. BnacoBy BbiaennTb crnepgytouwime caep-
Xupatowmne paktopbl:

«  aeduumnTt cobCTBEHHbIX DMHAHCOBbLIX pe-
CYpCOB;

*  BbICOKWI YPOBEHb PUCKOB;

*  MOBbILWEHHbIE TPAH3aKLUNOHHbIE U3LEPXKKY;

*  HepoCTaTOK [MpUBJ/IEKAEMOrO 3aeMHOro
KanuTtana;

*  HepoCTaTOYHbIA yrnpaBiieHYeCKU OnbIT
[3, c. 1432].

«B 3apybexHOM Hay4yHOM coobuiecTBe
nogobHble Bonpocbl uccnegosanucb H. Py-
6uHn n K. Cana-u-MaptuHom, C. Kugyannom,
P. 1. NeTepcoHoM, Y. bnakyannomMm n gpyrumu.
O6wmnm BbIBOAOM 0630pa 3anafHblX Hay4YHbIX
OOCTUXEHUIN NO paccMaTpuMBaeMoOMy BOMpPOCY
ABNAETCA [OKasaHHas B3auMOCBA3b MexXnay
pasBuTMeM GUHAHCOBOIO pblHKA U MHBECTULU-
OHHOMI (B TOM YMCNe U UHHOBALMOHHOW) aKTUB-
HOCTbO XO3SINCTBYHOLIMX CY6BHEKTOB — YacT-
HbIX KoMnaHui» [2]. UudpoBble dpuHaHCOBbIE

akTuBbl (LDA) sBnstoTca adPeKTUBHbIMU UH-
CTpyMeHTamu, obecrneyvBarOWNMK ynpaBne-
Hue cdepbl ynpaBneHUss MIHHOBaLMAMU B Npo-
MbILLIEHHOCTMU.

06w,me noHATUA 0 LLOA 1 ux BUAHKUKN Ha
pa3BUTHE NPOMbILLIEHHbIX NPeANPUATHI

MpoMbIWNEHHbIM NpeanpusaTUAM B COBpe-
MEHHbIX peanusax KpanHe Ba)XHO MpuobpecTu
HOBble W yAepXaTb CyWecTBYyHOLWMUE KOHKY-
PEHTHble MpenMyLLecTBa. 9TO He TONbKO obe-
CNeyYynT cTerneHb UX PbIHOYHOW YCTOMYMBOCTW,
HO W MOBbLICUT MPUBEKaATENbHOCTb B rnasax
noTeHUManbHbIX WHBECTOPOB. AKTyasIbHOCTb
TeMbl NnpuMeHeHusa LUJOA B AeATeNnbHOCTU Npo-
MbILWAEHHbIX NPeanpuATUA 06ycnoBneHa Ao-
CTaTOYHO 6bICTPbIM pacnpoCcTPaHEHNEM AaHHO-
ro GUHaHCOBOro MHCTPYMEHTA Ha BHYTPEHHEM
pblHKe PO.

Ta6nuya 1. TeXHOIOTMM U MHCTPYMEHTbI PUHAHCUPOBAHUS MHHOBALMIA [2)].

TexHONOrMMU Y UHCTPYMEHTbI (PUHAHCUPOBAHUS MHHOBALUIA

Tpap,M LUNWOHHbIEe TeEXHONOIrMn

COBpeMeHHbIe TexHonormm

HoBble TexHonormm

Co6CTBEHHbIE MCTOYHUKMK: MpUObINb,
dboHabl npegnpusTus. Llenesoe 6toa-
)XeTHoe (PUuHaHcMpoBaHMe. AKuUMK,
JONrOCpOYHble obnurauun, MHBECTYU-
LUMOHHbIW KpeauT.

6ymar (IPO).

Kak BMOHO M3 nNpuMBEAEHHOr0 pPUCYHKa, Npu-
CYTCTBYET clefytoLiasn Knaccudpumkaums TEXHONo-
M U UHCTPYMEHTOB pMHAHCUPOBAHUA MHHOBALIN-
OHHOW AeATeNbHOCTH:

—TpaAuULMOHHbIE TexHonorum (Mcnonb3osa-
HWe cO6CTBEHHOro KanuTana, LeneBbix 61oaxKeT-
HbIX aCCUrHOBaHMWW, LIeHHbIX 6ymar, UHBECTULN-
OHHbIX KpeauToB);

—COBpEMEHHble TexHonornu (npvBnedYeHune
CpeacTB crneunann3npoBaHHbIX UHBECTULIMOHHbBIX
(oHA0B, BEHYYPHbIX GMHAHCOBbIX MHCTPYMEHTOB,
nepBUYHOE My6/MYHOE pasMeELLEHNE LEHHbIX 6y-
Mar npeanpusaTusi Ha GUHAHCOBOM PbIHKE);

BquypHoe WHBECTMPOBaHKUE, cneynannsun-
poBaHHble NHBECTULIMOHHbIE CbOH,D,bI; I'Iep-
BUYHOE I'Iy6J'IVNHOE pasMeleHne UeHHbIX

LindpoBble LeHHble 6ymary,
KpayadaHauHr.

—HOBble TexHONoruu, obveauHsowme und-
POBbI€ LieHHble 6yMaru u KpayadaHauHT.

MHBeCcTMUMM B NPOMbILWNEHHOCTb 6naronpu-
ATHO CKa3blBatOTCH HA HaUMOHaIbHOM PasBUTUM
9KOHOMWKW, Beb BHeApeHWe HOBbIX TEXHOJ10-
rMin nosBonsAeT ¢ O4HON CTOPOHblI CHU3UTbL Ce-
6eCTOMMOCTb BbIMyCKaeMon NpoayKuuu, ¢ apy-
ron — crnoco6cTByeT pas3BuTuio IT-nHaycTpuw.
[lOCTYNHOCTb COBPEMEHHbIX (UHAHCOBbIX WH-
CTPYMEHTOB 4151 NPOMbILUNEHHbIX NPeanpusaTuin
NoO3BOMUT HapawmBaTb 06bEMbI NPOU3BOACTBA,
obecneymBasi TeM caMbiM CTabunbHOe MNonyye-
Hue Npunbbinu.



LA oTHOCATCA K KaTeropuMum LeHHbIX 6y-
Mar, HapaBHe C «TpagULMOHHbIMWY nognexart
BbIMYCKY, pasMelleHuto n obpaweHuto. 0pa-
HaKo, Y UMPpPOBbIX UHCTPYMEHTOB €CTb psAfg
0CO6eHHOCTEN, KOTOopble WM o06ycnaBnvMBarT
NepcneKTUBHOCTb HOBbIX TEXHOMOMMN ynpas-
NIEHUA  MHHOBALMOHHOW  [eATeNIbHOCTbIO.
KntoyeBoe otnnuyme LA oT TpagMUMOHHBIX
LeHHbIX 6ymar (akuuin, obnuraunin u 1. 4.) —
BbIMYyCK, pa3MelleHne u obpalieHne nepBbiX
He npegycMaTpuBaeT HanUyusa [OMNONHUTENb-
HbiX Cy6beKkToB B BMAe NpodeccuoHanbHbIX
y4YaCTHUKOB pblHKa. KpomMe Toro, otnmyaeTtcs
M NOpPAAOK y4yeTa nNpaB Ha UMPpPOBble aKTu-
Bbl. PernctpupoBatb Bbinyck LIOA B Poccum
MOXeT JNuwWb onepatop WHbOpPMALMOHHOWN
cucTteMbl. CTOUT OTMETUTb, YTO LEeHTpan3a-
LnA BCeX NpoLEeCCOB, CBSA3aHHbLIX C AMUCCUER,
obpaweHneM u pasmeueHmem LIOA — dak-
TOP COKpalLeHUs TpaH3aKLUMOHHbIX U34epXeK
NPOMbBILLSIEHHbIX NPegNpUATUA U Nepuopa UH-
BECTUPOBaHUSA.

BHeppeHue LLOA B npombILneHHOCTD
Poccuiickoi ®epepauum

B TeueHne 2022 r. 6b1n NpoBeAeH NepBbln ge-
6t0THbIN Bbinyck LIGA Ha poccuiickoM duHaH-
COBOM pblHKe. K KOHUy 3Toro nepuopa Cym-
MapHbIi 06bEM pasMeLlleHnn ucumucnsanics
2 mnpa pyb6., cbopMmupoBaH OH 6bin1 19 Bbiny-
cKkamu. 3aKkoHopaTeNnbHOE perynMpoBaHue cae-
NOK 6a3MpoBanocb Ha NOJSIOXKEHUAX NPUHATOrO
B 2020 r. ®epepanbHoro 3akoHa N2 259-03.
JaHHbI HOpPMaTUBHO-NPaABOBOW aKT onpeje-
nseT 6a3oBble npaBuia BbiMycka UNGPOBbIX
aKTUBOB, UX TOProB/AM U NepevyeHb TPeboBaHUN,
npeabaABAaeMblX K MHOPACTPYKTYPHbIM y4yacT-
Hukam. lMepBbiMK NnaThopmMamMu, BKIKOYEHHbI-
Mn baHkoMm P® B peecTp onepaTopoB MHbOpMa-
LIMOHHbIX CUCTEM, CTanu:

—000 «JlanTtxaycy;

—MAO «C6epbaHK»;

—000 «ATomain3»;

—AO «Anbda-baHk» [5].

K Hauany 2023 roga B PeecTp 6bis10 BKItOYe-
HO 10 PMHAHCOBO-KPEAUTHbIX N UHbIX OpraHn3a-

KcnepuMMeHTasnbHas IKOHOMMKa U puHaHcbl N°3 2023

LMK, KoTopble o6nagaroT NnpaBaMu onepaTopos.
«B OTCyTCTBME 3aperncTpmpoBaHHbIX orneparto-
poB O6MeHa, KOTopble AO0MKHblI obecnevynBaTb
BTOpU4Hyto Toproento LIPA, noka ocyuiecTens-
FOTCSl TOJIbKO MepBUYHbIE afipeCHble pa3melle-
HUA NN NpPeanoXeHna nNo nyoénmyHon odepte
BCEM 3aperncTpmpoBaHHbIM y4acTHMKAM nnat-
$hopM, YMCNO KOTOPbIX HA TEKYLWWMA MOMEHT
HeBesNnKo» [6].

Ona npuBnevyeHna ¢GUHAHCOBbLIX pecypcoB
KOMMaHMM ULLYT HOBble BapuaHTbl. N ogHUM 13
HUX ABNAETCH UHCTPYMEHT, COYeTaloLLnin B cede
TPAAWUUMOHHbIA M anbTepHaTUBHbIA WUCTOYHU-
KW MHBECTUPOBaHUA NpounsBoacTBa. Peub naer
O POSINTU, MOTOKOBOM U (MNX) YAaCTHOM Jonre.
Ocob6eHHO aKTyaneH aKTUB AN NpeanpuaTun,
OCYLLEeCTBASAIOWMNX A06bIYY NOMNE3HbIX MCKoNa-
embix. og poAnTM NOHMMaeTCcsA «nNpaBoO Ha Mo-
Ny4YyeHune nnaTexka, OCHOBAHHOIO Ha MPOLEHTE OT
A06bIYM NONE3HbIX UCKOMAEMbIX UK Ha BbIpyY-
Ke, UNn NpuobINM OT MPOAAXKMU ITUX MONE3HbIX
MCKOMaeMbIX Ha pyaHuKe» [7]. B posinTu 06bi4HO
BXOAUT aBaHC, MOJIyYEHHbIN TFOPHOAO0ObLIBAlO-
e KoMMnaHuen oT MHBecTopa (aepykaTensa po-
ANTU) B 06MeH Ha 06513aTeNbCTBO MoJiydaTens
BbINNaTUTb OFOBOPEHHbIN B AOroBOpe MpOLEHT
c 6yaywmx poxomoB. lNepcnekTuBHblE Bbinna-
Tbl BCerga npuBsA3aHbl K YNCTOM NpUOBLINK Me-
TanNypruyeckoro MamM WUHOro MpOMBbILIIEHHOIO
npeanpuaTus.

MNpuBnekaTenbHOCTb POANTU NS NonyyaTens
9TOro UM@PPOBOro akTMBa 3aKk/4aeTcs B TOM,
YTO Ha pasHbIX 3Tanax XXW3HEHHOro LuKia npu
OCYLLECTB/IEHUM TeKyLlen AeATeNbHOCTU npea-
npusiTUe nony4yaet npegpapuTenibHoe GUHaHCK-
poBaHME U He UCMONb3YeT 3aeMHble UCTOYHUKMU
kanuTana (cm. puc. 1).

NHHOBaLMOHHaA 060n104Kka GUHaAHCUMpOBa-
HUS NPeaAnpUATUA C NMOMOLLbK TOKEHOB, YXe
MHOroKpaTHO onpo6oBaHHasa B e€BPOMENnCcKux
CTpaHax, MOXeT MCNOosb30BaTbCA B MpaKTu-
K& POCCUNCKUX KOMMNaHuK. [MpuBnevYeHHbIN
C NOMOLWbI PpPOANTU KanuTan no3Bonser
npousBecTU NOTeHUManbHy ausepcuduka-
LI UCTOYHMKOB PMHAHCUPOBAHMUS NPOMDbILL-
NIEHHbIX NPeanpuUATUA B LESIOM U KOMMaHUM
n3 cdepbl f06bIYM NONE3HbIX UCKOMAEMbIX,
B YaCTHOCTM.
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Puc. 1. TokeHM3aLMA aKTMBOB ropHOA06bIBatoLLEN U METANNYPrMyeckoi NPoMbILLNeHHOCTH [7]

B 3akntoyeHne CTOUT OCTaHOBUTHLCA Ha BO-
npoce [AOMNOSIHUTENIBHOMO PUCKa, CBA3@HHOro
C MCNoNb30BaHMEM MWHBECTOPOM nnaTGopMbl
LDA. depepanbHbii 3akoH N2 259-P3 ycTaHas-
NMBAET «cnegyowme TpeboBaHNs K onepaTopam
MHPOPMALIMOHHbIX CUCTEM ANSA BKIOYEHUS UX
B PeecTp:

— CTOMMOCTb YNCTbIX aKTUBOB N KanuTasnoB —
cBbiwe 50 MNH.py6.;

—co3aHHaa BHYTPEHHAs cny>k6a KOHTpons
N ynpaB/ieHUs puckamu,

—Yy pyKkoBoauTesien opraHusauum YpoBeHb
KBanvdukauum n enoBon penyTauumnm COOTBET-
CTBYeT yCTaHOBJIEHHbIM 3aKoHoAaTeNnbCcTBOM PP
Tpe6oBaHUAM» [4].

Mpu Kaxywemcsi HEBbICOKOM ropore Bxoga
Ha PbIHOK 3aKOHOM He onpegeneHbl Tpe6oBaHuS,
KOTOpble MO3BONAT AeTann3npoBaTb rapaHTun
MasioBepoATHOCTU  AedonTa, OnepauuoHHbIX
c6oeB 1 T. 4. [leno B TOM, YTO MHBECTOP B COBpe-
MEHHbIX YCNOBUSIX CTaJIKUBAETCH C BbICOKMMM
onepaunoHHbIMWU pUcKamMu BcnegcTene gedonta
onepaTtopa MHOOPMALMOHHON CUCTEMBI. B aTOM
cllyyae CyLeTCBYeT PUCK «MCHE3HOBEHUSA» BCEX
BbinyweHHbIX LIGA. B cnyyae, ecnv ogHa U3 nnar-
dbopM «napaeT», 3aKoHofaTenu He nponucanu
anropuTMm nepeHoca LM@poBbIX aKTUBOB Ha ApY-
ryto. OTCYTCTBYeT pernameHT u Ha nepeHoc LIGA

¢ nnathopmMbl onepaTopa Ha BHELIHWI HOCUTETb.
9TM Bonpocbl TPebyroT AOMOMHUTENBHOMO pe-
ryMpoBaHMs Mo Mepe AalibHEeWLero pasBuTUA
pblHKa LMbpPOBbIX akTMBOB B Poccum.

BbiBOAbI

CoBpeMEHHbIe MPOMbILAEHHbIE NpeanpuaTUA
GOYHKUMOHUPYIOT B 3MOXYy MacLUTabHOW 3KOHO-
Muyeckonm uudposusaumn. BHeapsiTb MHHOBa-
LUK cerogHa HeobxoaMmMo, MOMUMO Ob6peTeHus
AOMOSIHUTENIBHOrO  KOHKYPEHTHOMO  Mpeumylle-
CTBa CYObEeKT XO3AMCTBOBaHUA MOBbIWAET CO6-
CTBEHHYIO 3KOHOMMYECKYIO 6e30nacHoCTb. Yem
WwMpe MacwTabbl HOBAaTOPCKUX MPOEKTOB, TeM
60nbwNX PUHAHCOB OHM TPebytT. POCT NoTpeod-
HOCTU B AONONIHUTENBHOM (pUHAHCMpPOBaHMUMK 06-
ycnaBnuBaeT aKTyallbHOCTb UCMONb30BaHUsA ANs
npuBnevyeHns buMHaHCMpPOBaHUA pasnu4YHbIX Gu-
HaAHCOBbIX NHCTPYMEHTOB: aKLUMI, AOrOCPOYHbIX
obnuraunin, AONrOCPOYHbIX KpeauToB 6aHKOB,
NPSAMbIX U BEHYYPHbIX MHBECTUUMI. Hapsagy ¢ ne-
peyYncneHHbIM1 TPaaANLNOHHBIMU PUHAHCOBbLIMU
WHCTPYMEHTaMWN MNPOMBILLIIEHHOCTb MOXET a@-
bekTMBHO (PUHAHCUpPOBATLCA C NPUBIEYEHUEM
HOBbIX TexHonorun — LIGA v kpayadaHamHra.
BaxHenwmne nntocbl ucnonb3oBaHua LIOA



NPOMBbILUNEHHBIMU NPEANPUATUAMU: CHUKEHUE
onepaLMOHHbIX U3JEPXKEK U PUCKOB, COKpaLLeHMe
CPOKOB nNpuBfieYeHNss (PUHAHCOBbLIX PECYpCOB.
Kak BapuaHT [OMNOMHUTENbHOrO MHBECTUMPOBA-
HWS1 B TOPHOA,00bIBAIOLLYIO U METalypruyeckyro
NPOMBbILLNEHHOCTb B CTaTbe NpUBEAEH anropuTm
MCnonb3oBaHMA TOKeHOB. Mcnonb3oBaHue uung-
poBbIX PUHAHCOBbIX aKTUBOB AN NPUBEYEHUS
dbMHaHCMPOBaHNS KOMMAHWUAM MO3BOJIUT KOM-
naHWAM MNONYYMTb NpefBapuTeNlbHOe aBaHCUPO-
BaHMe N He 0o6pallaTbCa 3a KpeauTtamu B GaHK.
B 2022 r. cymmapHbIn 06\eM Bbinycka LUOA co-
CTaBUN OKOMO 2 MApA pyb, 4TO NoKasbiBaeT Ao-
CTaTOYHO cepbesHyto ponb LIGA B HacTosLee
BpeMs B cdepe npueneyeHns hpuHaHCMPOBaHUSA
B KOMMaHWIO, YTO onpeaenseT BbICOKNE Nepcrek-
TMBbI PasBUTUS JAHHOMO CeKTopa.

Jlutepatypa

1.3010oB B. M., A6paukeeB H. M. HoBble TexHo-
norun ynpaBneHuss (GUHaAHCUMPOBAHWEM WH-
HOBaLUM/A B MNPOMbIWAEHHOCTU. (DUHAHCHI:
Teopusi U npakTuka; 25(6). DOI: 10.26794/25
87-5671-2021-25-6-112-12. 9NeKTPOHHbIN pe-
cypc (2021): https://cyberleninka.ru/article/n/
novye-tehnologii-upravleniya-finansirovaniem-
innovatsiy-v-promyshlennosti (gata o6patye-
Hua 31.07.2023)

2. Bnacos M. B. [lonutuka MHHOBALMOHHOIO MNO-
BeAEHUS MasbIX U CPefHUX NpeanpusTui cTa-
POMPOMBbILLNEHHOIO pernoHa. SKOHOMUKa pe-
rmoHa; 16(4):1335-1347. DOI: 10.17059/ekon.
reg.2020-4-22. 9nekTpoHHbI pecypc (2020):
https://cyberleninka.ru/article/n/politika-
innovatsionnogo-povedeniya-malyh-i-srednih-
predpriyatiy-staropromyshlennogo-regiona
(naTa o6paweHus 31.07.2023)

3. ®epepanbHbii3akoHoT 31 utons 2020 r. N2 259-03
«O undpoBbIX GMHAHCOBLIX aKTUBaX, LMPPOBOH
BasIlOTE U O BHECEHWUM U3MEHEHWU B OTAENbHbIE
3aKoHoaaTesNbHble akTbl Poccuiickon @epe-
pauum» (C U3MEHEHUAMU U [OMNOSIHEHUAMM). —
CnpaBoyHo-NpaBoBas cuctema «APAHT». —
OneKTpoHHbIM  pecypc:  https://base.garant.
ru/74451466/ (nata obpaiuenus: 31.07.2023)

KcnepuMMeHTasnbHas IKOHOMMKa U puHaHcbl N°3 2023

4. A. BeponariHeH, [1. KawunuybiH «Cneundurye-
CKMe CBOMNCTBa POCCUNCKUX LudpoBbIX K-
HaAHCOBbIX aKTUBOB». OduuManbHbIn CcanT
PA «3kcnept». 24.03.2023 — OneKTPOHHbIN
pecypc: https://raexpert.ru/researches/digital
fin_2023/ (nata obpalyeHus: 31.07.2023)

5.busHec nepexogut B undpy. Kommep-
CaHTb. OneKTPOHHbIK pecypc: 02.03.2021
https:// www.kommersant.ru/doc/4710180
(naTa obpaueHus: 31.07.2023).

6. Anekcein lMoropenbin. TokeHM3aLUA aKTUBOB
ropHofo6biBalOWEen U MeTannypruyeckon
npombilwneHHocTn. —  12.06.2020.  3nek-
TPOHHbIN  pecypc: https://hub.forklog.com/
tokenizatsiya-aktivov-gornodobyvayushhej-i-
metallurgicheskoj-promyshlennosti/ (gata 06-
pauieHus: 31.07.2023)

Application of digital financial assets in the
activities of industrial companies

Aleshina A. V., Demidov A. D.,
Plekhanov Russian Economic University, Lomonosov
Moscow State University

The active development of digital financial technologies
has become a trend in recent years. 2022 was the period of
placement of debut issues of digital financial assets (DFA)
in Russia, the total volume of which amounted to about 2
billion rubles. This confirms the success of the implemented
strategy to bring together regulators of DFA and traditional
financial instruments. In the future, this interaction algorithm
is designed to influence the promising product situation on
the market and its risk portfolio. Investing in digital financial
assets in the current geopolitical and economic environment
is extremely risky, first of all, the platform itself does not have
strict regulations. This concerns restrictions affecting the
compatibility of technologies of various operators. But even
taking into account the existing problems, the DFA market has
good long-term prospects, especially in the field of automated
and controlled transactions based on smart contracts.
The article touches on the topic of tokenization of mining
enterprises in Russia.

Keywords: digital financial assets, DFA, investments, sources

of financing, industrial enterprises.
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PazBuTtne Takon obnactu duHTEXa KaK AeLeHTpann3oBaH-
Hble ¢uHaHcbl (DeFi) npoucxoauT BecbMa WHTEHCUBHO,
W JaHHas aKocucTema 6pocaeT BbI30B TPagULMOHHOMY
¢bvHaHcoBo-6aHKOBCKOMY cekTopy. OcHoBoW DeFi siBnsietcs
6110KYelH TexHonoruu. MNotpebuTento npeanaraeTcs WUPO-
K11 BbI6Op PUHAHCOBbLIX ycnyr Ha 6a3e DeFi: 3aiimMbl, HBe-
CTUUUK, KpeanuToBaHue, GpuHaAHCUpOBaHWE TOProBAW U Ae-
HeXHble pacyeTbl no cgenke. OTANYUTENBHOM YepTOn BCEX
JeueHTpannM3oBaHHbIX MNPOAYKTOB ABNAETCS OTCYTCTBUE
nocpefHuKa B imue 6aHka M MHOro hMHaHCOBOIO yYpeX-
neHus. 3a nocnegHue 3—4 roga DeFi npusnekaeT BHMMaHue
MHOIMMX 3KCMNepToB, Beab K 2021 r. cyMMapHbIil 06beM che-
oK, npoxoadawmx Yyepes npotokonbl DeFi goctur 100 mnpg,
JonnapoB. lNonb3oBaTenu 3aMHTepecoBaHbl B TaKuUX CAen-
Kax, a TpaHsaKkuuu, npoBogumble B pamkax DeFi, nosuuymo-
HUPYIOTCSE KaK MaKCWUMasnbHO Mpo3payHble U HafeXHble.
[JeLeHTpann3oBaHHbIN JOCTYN K PUHAHCOBBLIM ycyram 6e3
y4yacTusi NOCPeAHVUKOB MO3BOJIAET CYLECTBEHHO CHU3UTb
3aTpaTtbl Ha npoBefeHne GUHAHCOBbIX Onepauui, YTo siB-
nAeTcst AOMNONHUTENBHBIM MAKOCOM BHEAPsieMbIX NnaTthopm
DeFi.

KnioueBble cnoBa: JeLeHTpasn3oBaHHble (PUHAHChI, 6710K-
yeviH, DeFi, uudpoBble BantoTbl LEHTPaNbHbIX 6aHKOB
(CBDC).

BeepeHue

TpaAnuNOHHbIE (MHAHCOBbLIE MHCTUTYTbl (YHK-
LMOHUPYIOT MHOIO CTONETUI U KNKOYEBAs UX OCO-
6eHHOCTb — MpPUCYTCTBME MOCPeAHMKa B BUAE
6aHKoB. CyTb (PYHKLMOHMPOBaHMA BCe GaHKOB-
CKOW CUCTEMbI CTPOUTCA Ha aKKyMy/IMpOBaHWUM
CBOGOAHbIX CPeACTB BKaAYMKOB Ha Aeno3uTax
n cbeperaTenibHbIX CYETaAX C NOCNEAYHOLWMM Npe-
[AOCTaB/IEHNEM KPeAUTOB NMLaM, HyXaaroLwmumes
B cBO60AHOM KanuTane. PasHuua B npoueHTax
MeXAy NPOUEHTHOM CTaBKOW No BKagam v npo-
LIEHTOM, KOTOpPbI 6aHK Nony4yaeT no KpeauTy, 0b-
pasyeT NpubbiNb PUHAHCOBO-KPEAUTHDBIX yUpeXX-
AeHuin. Ho p1cku cylecTByHOT B N06bix chepax,
N 6aHK MOXET B 060 MOMEHT 06aHKPOTUTLCS,
NpuBOAA K PUHAHCOBOWN HECOCTOATENTbHOCTM CBO-
nX BKNag4ymkoB. B nonbiTkax co3gaHus 6onee co-
BepLUEHHOro GMHaAHCOBOro MHCTUTYTa 3aKOHOAa-
TeNu pasHbIX CTPaH MbiTasnCb Cy3UTb AManasoH
OKasblBaeMbIx 6aHKOBCKUX YCNyT C O4HOBPEMEH-
HbIM YBENTMYEHNEM HAAEXHOCTUN M 6€30NacHOCTH
aKTMBOB.

Mop BoO3gencTBMEM cneunduyeckoro pery-
nMpoBaHus (PUHAHCOBbLIX Onepauuin NosSBUINCH
HOBble TUMbl UHCTPYMEHTOB U HOBble TuUMbl Gu-
HaHCOBbIX MOCPEeAHMKOB, Hanpwumep, rnob6anb-
Hble WHBECTULMOHHblE (oHAbI JlrokceMbypra
NOSIBU/IUCb KaK MoMbITKa u36exaTb CepbesHo-
ro 6aHKkoBcKoro perynvpoBaHusa B CLLUA n B Be-
NIMKOGPUTAHUN, aMepuKaHCKMe aeno3uTapHble
pacnuckn (American depository receipts (ADR))
NOSIBU/IUCb KakK MornbiTKa 06xof4a aMepuKaHCKO-
ro 3akoHOAaTeNbCTBa, KOTOpPOe 3arnpellaeTt pas-
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MellaTb Ha aMepUKaHCKUX BupxKax akuum MHO-
CTpaHHbIX KoMNaHui. ADR npeacTaBnstoT coO60M
aMmepuKaHcKue JenosuTapHble (6aHKOBCKMeE)
pacnucku, fatowme npaBoO Ha onpeaeneHHoe
KONMMYECTBO MHOCTPAHHbIX akuuin. MnobasnbHble
fenosuTapHble pacnucku (GDR) nosasunucb ans
pasMeLleHUa MHOCTPaHHbIX akUunW Ha aHrnuin-
CKMX U FTOHKOHICKUX 6Up>keBbIX nnowagkax. Ho-
Bble KOMMNaHUM U3 061acTn PUHTEXa NOCTENEHHO
BbITECHAIOT TPagMLMOHHbIE HUHAHCOBbIE UHCTU-
TYTbl C PbIHKQ, HEOGXOANMMOCTb B HaNIMYHbIX Ae-
HeXHbIX CpeacTBax W MAacTUKOBbIX KapTax
CHWXaeTCcsl B CBA3KN C 60M1ee akTUBHbIM pacrnpo-
cTpaHeHueM DeFi [1] n nossneHnem undposbix
BasItOT LeHTpanbHbIx 6aHkoB (CBDC). deueHTpa-
nusoBaHHble duHaHcbl DeFi ctanu Hanbonee sp-
KUM NPUMEPOM HOBbIX TEXHOOMNNA.

DeFi: aguana3oH Bo3MOXXHOCTeN 1 0630p
pucKoB

9KcnepTbl CYMTalOT AelLeHTpann3oBaHHble ¢u-
HaHcbl (Decentralized finance — DeFi) HoBbIM
HanpaBneHMeM pasBUTUA UHPPACTPYKTYypbl Pu-
HaHCOBOrO pblHKa. HoBble TEXHONOrMKW, NpeAcTaB-
neHHble DeFi, o6ecneumBatoT yxke 60/IbLUIMHCTBO
aHanoroB Knaccuyecknx hMHaHCOBbIX onepaLum,

KOTOpble cOoBepLlaoT TpaguUMOHHble (UHAHCO-
Bble UHCTUTYTbI, B TOM YMCIle XpaHeHne BK1aJoB
noA, NpoLeHT, NpefocTaBfeHne KpeauTos, cTpa-
XOBaHue, GpuUHaAHCMpoOBaHWE TOProBAK, NAATEXM
N pacyeTbl MeXAy PU3NYECKUMU U OPULNYECKU-
MW nTMLamMu, B TOM YUCIe U3 pasHbIX CTPaH.

Mpn aToM nepeyeHb cepsucoB U ycnyr DeFi
NMOCTOAHHO paclIMpsaeTcs, MNOABNAKTCA HOBblE
unHaHCOBbIE NMPOAYKTbI, KOTOpPble KOHKYPUPYIOT
C KJlaCCMYeCKMMU 6aHKOBCKMMU oOrepauusiMu.
MNMoTpebutenn GuMHaAHCOBbIX YCNYr, B NEPBYIO OYe-
peAb, 3aNHTEPeCcOBaHbl B HAAEXHOCTU U CTabuib-
HOCTWU (PUHAHCOBbIX UHCTUTYTOB M OpraHn3auuin,
NO3TOMY BbICOKOPUCKOBas, Ha MnepBbIX Mopax,
nHayctpusa DeFi MHTEHCMBHO nepecTpavBaeTcs,
npegnarasg noTpebuTento aHanoru Knaccuye-
CKUX OUHAHCOBbIX YCNYT, B TOM YUcne Aeno3nToB
n obnuraumm ¢ GUKCUpOBaAHHBIMU MPOLEHTHBIMM
cTaBkamu.

Bo MHOromMm nosiBneHne HOBbIX anbTepHaTUB-
HbIX PUHAHCOBbIX MHCTPYMEHTOB CBA3a@HO C «po-
CTOM rocyapCTBEHHOro AoJira pasBuTbIX CTpaH,
YCKOPEHMEM MMUPOBbLIX (PUHAHCOBbLIX KPU3UCOB
N MUpOBOW MHDNALMER, a TaKKe NoNb3oBaTeslb-
CKNM MOUCKOM UCTOYHUKOB anbTepHaTUBHON [0-
xogHocTu» [2]. ®duHaHcoBasA [AeueHTpanusauus
obnafjaetr psAAOM MOTeHUMaNbHbIX BO3MOXHO-
CTeW, KOTOpble NpeAcTaBneHbl B Tabnuue 1.

Ta6nuya 1. [MoTeHUMaIbHbie BOZMOXHOCTY AeLieHTpamn3aLmm puHaHCcoBbIX ornepaLimi

dakTop

JlOCTOMHCTBA AeLeHTPaIu30BaHHbIX dJVIHaHCOBbIX onepau,uﬁ

Cdepa nHHoBauui

MHHOBaUMOHHas cpeaa Anst HOBbIX BUAOB PUHAHCOBbLIX yCnyr

McnbiTaTeNbHbIA NOAUIOH Afsi TECTUPOBAHUSI KIACCUMYECKUX (PUHAHCOBBIX
ycnyr B undposor popme

NcTouHMK onepaumoHHOn addhekTnB-
HOCTM

CHWXeHWNe TpaHCaKLMOHHbIX 3EPXKEK
MoBbiLeHMe NPO3payYHOCTN HGUHAHCOBbLIX CAENOK
ABTOMaTM3aLMA TpaH3aKLUUiA U POCT CKOPOCTY COBEPLUEHNA CAENOK

CHWMXeHwne puUckKa NIMKBMAHOCTU NocpeaHUKa

BoamoxHocTn ans pa3BUTUA SKOHO-
MUKH

JOoCTynHOCTb AN15 LWWMPOKOIO Kpyra L, B TOM YKUCe B TeX CUTyauumsx, korga
JOCTYN K KJTaCCUYECKMM 6aHKOBCKMM NPOAYKTaM 3aTpyAHEH

Pa3BunTue KOHKYpeHLUN cpean GUHaHCOBbIX OpraHM3aLmil U3 pa3HbiX CTPaH




DeFi npeacrtaBnser co6on noteHuman Ans
WHHOBaLUMA. HOBbIN WMHCTPYMEHT (dUHTEXaA Bbl-
CTynaeT ucnbiTaTeslbHbIM MOSIMFOHOM Af1F Tpa-
ANUMOHHOro dmHaHcoBoro pbiHKa. DeFi Takxe
o6ecneymBaroT poCcT onepaumoHHon apdekTus-
HOCTM hMHaHCOBOro 6u3Heca [3] B cBA3K C CoKpa-
LWEeHneM M3OEpXXeK Ha npoBedeHue nnartexen
N coBepLlUeHME WHbIX (PMHAHCOBbLIX Onepauun,
poCT aBTOMaTM3aUuMn NpoBeAeHNSA TpaH3aKLUUN,
yBesIn4eHMe CKOpPOCTU npoBeaeHuss dUHaAHCO-
BbIX orepawuit, NoBbIlWEHUE NPO3PayYHOCTN chae-
JOK.

CMapT-KOHTPaKTbl MNO3BOAAKT MNOBbICUTb
CKOPOCTb COBeplIeHUs (GUHAHCOBbIX onepa-
LW, CHMXAKOT TpaH3aKUMOHHbIE U3OEPXKKMU
Ha coBepLlUeHME CAEeNKN, TaK KaK npakTU4yecKku
MWUHUMU3UPYIOT HEOBXOAUMOCTb «YesioBeYe-
CKOro» BMellaTeNbCTBa B MpoOLEecC 3aKrto4e-
HMA M ucnonHeHua duHaHcoBon caenku. Uc-
nofib3oBaHMe CMapT-KOHTPKTOB MO3BONSAET
aBTOMaTU3MpoBaTb MPOLECCHI, YTO NPUBOAUT
K CHM)XEHUIO 3aTpaT BpeMeHU Ha odopMiieHne
CAEenKW MU OTCNEeXMBaHMA NO CAeNKe nnatexa,
YTO NPUBOJUT K CHMXXEHWUID pUCKa HeUcnon-
HeHus caenku. Tak Kak DeFi no3BonAOT OTKa-
3aTbCs OT UCMONb30BaHUA LLEeHTPaNN30BaHHbIX
[OBEPEHHbIX MOoCpeaHUKOB, U 6naropaps as-
ToMaTusauum npunoxeHun, DeFi nosbiwatoT
UTOrOBYKO CKOPOCTb MPOBEAEHUA cAefikn oT
MOMEHTa ee 3aK/IloYeHUss 0 OKOHYaTesNIbHOro
€e NUCMONHEHUSA.
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[eueHTpanusoBaHHblie HUHAHCbI MO3BOMSAOT
obecneyntb obesnuynsaHne GUHAHCOBLIX Ore-
paunin. C ogHOM CTOpPOHbI onepauun 6narogaps
DeFi ocywiecTBnsaOTCA AOCTAaTOYHO MPO3payHo,
C APYron CTOPOHbI, MOXHO rapaHTUpoOBaTb BbICO-
KYHO CTeneHb aHOHUMHOCTM onepawmi Npu coxpa-
HEHNWN UX OTHOCUTESNIbHOM Npo3payvyHoOCTU. Mexa-
HM3M NPOBEAEHNSA TPaH3aKLUKM C UCMONb30BaHuUSA
nHcTpymMeHTOB DeFi o6ecneynBaeT, YTo: «AaHHble
O NMPOTOKOJIE U COBEpPLUAEMbIX BHYTPU Hero nna-
TeXxax AOCTYMHbl AN Ny6/AMYHOro aHanmu3a, Ho
NULLb Ha NCeBAOHUMHO ocHoBe» [1]. He TpebyeT-
CS BMellaTe/IbCTBO Yel0BeKa B peanusaumio Me-
XaHU3Ma «smart-KkOHTpakT — smart-KoOHTpaKT».
970 obecneymBaeT TexHOMOrM4yeckoe nposepfe-
HWe NObbIX TPaH3aKLUN.

«3anyck onepauuin npoucxoaut Ha 6ase Ka-
HanoOB AaHHbIX, KOTOpble NPefoCTaBNAOT BHELU-
HWe y3nbl (opaKysbl) Uan NpoTokon. OYeBUAHbIN
nntoc DeFi — nonbsoBaTtenM CamMoCTOATENbHO
XPaHAT CBOW aKTUBbI, YTO MUHUMU3UPYET PUCKMU
yTpaTbl UX NocpegHMKamMu B cny4dae pUHaHCOBO-
ro Kpusuca, onepaumoHHbIX c6oeB unu aedon-
Ta» [1]. lononHWUTEeNbHO B CUIY TOFO, YTO eaAnHas
TOYKa OTKasa Un BO3L4ENCTBUA OTCYTCTBYET Mpu
JeueHTpanusaumn, ypoBeHb TEXHONOMM4YeCcKon
YCTOMYMBOCTM BCEM CUCTEMDI NEpes, Knbeppucka-
MW NOTeHUMWanbHO NOBbIWAETCS, YTO MOBbIWAET
NpuBfiEKATENIbHOCTb AELeHTPann3oBaHHbIX ¢u-
HaHCOB M NPUBOLMUT K POCTY onepauui ¢ KpMnTo-
akTuBamu (cMm. puc. 1).
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Puc. 1. InHaMmnKa oLieHKM KanuTanmaaumm pbiHka KpUnToakTMBoB 1 obLueit ctoumocTtu B DeFi (ETH) [3, c. 7].
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TpeTbMM NYHKTOM B JIMHEWNKE MNOTEHLMNANbHbIX
BO3MOXHocTew DeFi cTont goctynHocTb Ans ob-
LecTBa, NPoABNAOLWAACA B NONyYeHUM focTtyna
K pMHaAHCOBbIM ycnyram U3 ntoboro yroaka Mupa,
He3aBMCUMO OT cTaTyca (KOMMaHusa Uan YacTHoe
N1LO) 1 reorpaduryeckoro MecTonosioxenus. Oa-
HaKo, CTOUT 3aMeTUTb, YTO NONIb30BaTesb JOMXKEH
obnafaTtb He TONbKO TOYKOW BXOAA B MHTEPHET,
OH anpuopu 06s3aH obnagaTb onpeaeneHHbIMU
komneTeHumsimm B chepe DeFi. MHaye roBops, oH
JO/MKEH UMETb AOCTaTOYHbIN YPOBEHb (PUHAHCO-
BOW rPamMOTHOCTU W MEHTaNbHYKO MOTPEeBbHOCTb
(roToBHOCTb) B MCMONIb30BaHMM AaHHOrO popa
WHCTPYMEHTOB.

HecmoTpsa Ha nosuuyuoHupoBaHue DeFi kak
cnocoba nonyyeHmsa GUHaAHCOBLIX YCNyr BCEMM
CNOSAMW HaceneHusl, BK/o4Yasi He OXBayeHHbIX
6aHKOBCKUM O6CNY>XMBaHMEM, Ha NPaKTUKe AaH-
Hble GUHAHCOBbIE TEXHONOMMW NOSTYYUIN pacnpo-
CTpaHeHue MNoKa TOJIbKO B CTpaHax C BbICOKUM
YPOBHEM [0XOA0B rpaxkaaH. [1na nonb3oBartenen
(UHAHCOBbLIX YCNYr U3 3TUX CTpaH npobnema ¢u-
HaHCOBOM AOCTYMHOCTU He CTOUT CTOMb OCTPO,
KaK Ans cTpaH c 6051ee HU3KNUM 0XBaTOM (PUHaH-
COBbIX UHCTUTYTOB.

12 000

Bnarogaps cozgaHnio BO3MOXHOCTEN ANA UC-
Nofb30BaHUA CaMblX pa3HbiX NPOAYKTOB 0becne-
YMBaAETCA BHELIHAS KOHKYPEHUMSA feleHTpanu-
30BaHHbIX U TPaAULMOHHbBIX PUHAHCOBbLIX YCAYT.
Hanpumep, cyuwiectByeT BO3MOXHOCTb WCMOJIb-
30BaHNS KPYMHbIX AeLeHTpann3oBaHHbIX GUPX
(decentralized exchange — DEX) ana KoHBepTa-
UMM CPeacTB B CTEMONKOWHbI, ob6ecrneyvyeHHble
Aonnapamu u npegHasHayeHHbIMU AA TpaHC-
rPaHUYHbIX AEHEXHbIX TpaH3aKuui unu GuHaH-
cupoBaHus npoTokonos DeFi-kpegutoBaHus.

[JeueHTpanusoBaHHble 6upxun (decentralized
exchange — DEX) oTnuyatoTcsi OT TpaguuUMOH-
HbIX NJOWaAoK C OpraHM3oBaHHbIMKU Topra-
MU UM LEHTpanM3oBaHHbIX 6upx (centralized
exchange — CEX) TeM, YTO XpaHeHWe aKTUBOB,
KIMPWUHI U COMOCTaB/iEHNE 3asBOK OCYLLLECTBASA-
FOTCA MO anropuTMy, 3a50XXEHHOMY B Koge smart-
KOHTpakTa. lNpoucxogswme B pexxmme peanbHO-
ro BPEMEHW U 6e3 NpuBEYEHUA MOCPEefHUKOB
oriepaumm rapaHTUpytoT nonb3oBatenaMm DEX
4YaCTUYHOE CHWMXEHME U3AEPXEK U PUCKOB. ToT
haKT, 4To Takom TUN GMHAHCOBbIX YCNYr BOCTpe-
60BaH, NOATBEPXAAETCA HEYKSIOHHbIM POCTOM
o6bemoB ToproB Ha DEX rog ot roga (cMm. puc. 2).
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Herounnrn: CoinGecko, The Slock.

Puc. 2. 06beMbl TOProBAM Ha KPYMHENLIMX AeLeHTpanM3oBaHHbIX 6upxkax (DEX) [3, c. 24].

YcuneHne KOHKYpeHUMM Mexay pbIHKOM Tpa-
OVLMOHHbBIX W JeuleHTpanvM3oBaHHbIX UHaHCo-
BbIX yCNyr 06yCNnoB/IEHO MOCTOSIHHbIM Hapallu-
BaHWeM ceTeBbiX 3DPEKTOB W, KaK CNefcTBue,

nepeToKOM KJIMEHTOB 13 NEPBOro BO BTOPOIA cer-
MeHT. MOMMMO BHelUHel KOHKYpeHUun, B chepe
AeLeHTpannM3oBaHHbIX (pUHAHCOB MpUCYTCTBYeT
BHyTpUceTeBas KOHKypeHuusi. OHa ycunmBaeTcs



n3-3a peueHTpannsoBaHHoro dopmara u 60sb-
LOro paccpefoToyeHuUss MOCTaBLUMKOB YCNyr.
MocnenHee o06CTOATENbCTBO UM obecneyvymBaeT
pasHoobpasue npu OgHOBPEMEHHOM CHUXEHUU
YPOBHSI KOHLEHTPaLUN AaHHbIX NOCTaBLLMKOB.

PaccmaTtpuBasa puckn, cBsizaHHble ¢ DeFi,
MOXXHO OTMETUTb HECKONIbKO AOCTaTOYHO BaX-
HbIX acrneKToB:

*  OTCYTCTBME KJlaCCUYECKUX MeXaHW3MOB
Hag3opa W perynupoBaHus, 4TO YBeNu-
YMBaeT PUCK MOLUEHHWYECKMX onepauumn
N cosgaHus cneumanbHbIX MOLUEHHUYe-
CKUX KOMMaHWUM;

*  HejoCTaTOMHO npopaboTaHHble Ha 3a-
KOHOAATENbHOM  YpPOBHE  TpeboBaHuUs
K cuUCTeMaM ynpaB/ieHUs puckamu, 4To
yBeMYMBaET PUCK 6aHKPOTCTBA TaKUX Op-
raHusauum;

* oTcyTCcTBME obecrneyeHuss Heobxoaumo-
r0 PUCK-KOHTPOJSA CO CTOPOHbI TEKYLUUX
(YHKLUUI caMmoperynnpoBaHus,

*  Mpu pocTe aBTOMaTU3NPOBaHHbIX NPOAYK-
ToB DeFi MOXeT 3HauynTeNnbHO yCUINTbLCA
NOJSIMLMKITNYHOCTb;

* 3@ CyYyeT noTeHUManbHOW Koppenauuu
MeXJy WHTEHCUBHO pacTyWwMMU KpUMTo-
aKTMBaMu U feueHTpann3oBaHHbIMU u-
HaHCaMW MOXeT [MOBbICUTbCA YPOBEHb
neBepuaXxa;

*  HEKOHTPOJIMpYeMbI NepeToK y4aCTHUKOB
N3 cerMeHTa TpaauLMOHHbIX PUHAHCOBbIX
ycnyr B Heperynupyembln DeFi cermeHT
MOXEeT crnpoBounpoBaTtb «3pdeKkT fOMU-
HO» AN MHOMUX KPYMHbIX MeXAyHapoa-
HbIX MHBECTOPOB, Korga 6aHKPOTCTBO Of-
HOrO0 KPYMHOro (PUHAHCOBOrO MHCTUTYTa
MOXeT MoBfeyb 3a cobor Lenoyky 6aH-
KpPOTCTB crneayrowmnx GUHaHCOBbIX UHCTU-
TyTOB [4].

Ecnu notpebuTtenu notepsitoT YacTb aKTUBOB

B pesynbTaTe HeraTMBHOrO OMbiTa B MpOeKTax
C AeueHTpanu3oBaHHbIMU UHAHCaMU, YPOBEHb
nx posepust K LMppoBbiIM HGUHAHCOBLIM UHCTPY-
MeHTaM MOXEeT 3aMeTHO CHU3UTbCA. [loaTomy
MOJSIHbIN Nnepexos Ha anbTepHaTUBHYIO U Hepery-
nMpyemyto nnaTexxHyto MHbpacTpyKTypy B cpefe
DeFi cerogHsaLWHUI feHb NpeacTaBNseTCs KpanHe
PUCKOBaHHbIM LLAroMm.

KcnepuMMeHTasnbHas IKOHOMMKa U puHaHcbl N°3 2023

byayuiee DeFi, unn kakue usmeHenus
B 6aHKOBCKOiA cpepe CKOpPO CTaHyT
peanbHOCTbIO

HecMOTpa Ha wuMeloWMECA PUCKKM, AeueHTpa-
NM30BaHHble (GUHaAHCbl CNOCO6HbI NPOU3BECTM
B 6@HKOBCKOM CEKTOPE HACTOALLYHO PEBOJIIOLMIO.
B yacTHOCTH, peyb naet o TpaHchopmayumn popm
N HanpasneHUN UCNOMb30BaHUSA NPUBbIYHbBIX Ye-
noseyecTBy ¢MHaAHCOBbIX Yycnyr. BoNbLIMHCTBO
akcnepToB passuTue DeFi B nepcnekTnBe CBA3bI-
BalOT CO cneyrowmmMmn TeHAeHUNSAMMU:

+ JanbHenwee paclmpeHne cektopa DeFi.
06Lasa ctoumocTb NnaTthopMm € AeleHTpa-
NM30BaHHbIMKU  (MHAHCaAMK cocTaBnseT
y>xe 6onee 100 Mnpg AonnapoB v 3a cyeT
WHTerpaummn ¢ TpaguuMOHHbIM (UHAHCO-
BbIM CEKTOPOM pPOCT 6yAeT NpoAonXKaTbes
[S];

*  OXuAaHue B OGnuxanwem 6yayuwiem co-
BMecTuMocTu nnatdopm DeFi mexnay co-
601, a TaK)Ke ¢ 06LWEeMNPOBbIMU BAHKOB-
CKMMU cUCTEMaMK;

* paboTa pa3paboOTUMKOB Hag yny4ylleHnem
Nnonb3oBaTeNIbCKOro nHTepdernca n ynpo-
LeHns PUHaHCOBbLIX MHCTPYMEHTOB cphe-
natoT DeFi pocTynHbIMK 6051€€e LWMPOKOMY
Kpyry nonb3oBaTtenen undposbiMu ¢u-
HaHCOBbIMUW yCyramu;

*  Heo6XxoAMMOCTb 6onee TWATENbHOrO 3a-
KOHOAaTeNbHOrO perynMpoBaHus, cKkopee
BCero, nNpuBnevyeT BHUMaHWE perynunpyto-
LMX OPraHOB U MUPOBbLIM HOPUCAUKLMUAM
npuaeTca BBOAUTb AOMOSIHUTENbHbIE Npa-
BUNa M pasyMHble OrpaHUYeHUss N ycTa-
HaBNMBaTb 30HY OTBETCTBEHHOCTM,;

* Ha pblHKE CKOpO MOSAIBATCA HOBble MNpw-
noxeHusa DeFi, koTopble 6yayT npeacras-
NATb COO0M KOHKYPEHLMIO K/TaCCUYECKUM
¢nHaHCOBbIM oOnepauuaM 4epes 6aHKM
n apyrue duvHaHCOBbIE MOCPEAHUKN KaK
B chepe XxpaHeHus feHer, B chepe nepeso-
[I0B [leHer 3a pybex u B chepe geueHTpa-
NIM30BaAHHOrO CTpaxoBaHuA. B 6nwxkan-
Wwen nepcnektuBe Ha nnatdopmax DeFi
6yayT BHeApeHbl MHHOBALMOHHbIE TEXHO-
NIOrnK, KOTOpble NSArYT B OCHOBY NPUIoXe-
HWUI 1 BapuaHToB Ucnonb3oBaHus (NFT);

37




38

dKcnepuMeHTanbHas 3KOHOMMKA 1 PpuHaHcbl N°3 202

* oXwupaetcs uHTerpaums nnatpopm DeFi
C ApPYrMMWn repenoBbIMU TEXHONOrMAMU
BpOAe UCKYCCTBEHHOIO MHTENNIEKTa U UH-
TepHeTa Beluei (loT).

Ecnn paccmaTtpuBaTb BOMpPOC BAUAHUA fe-
LeHTpann3oBaHHbIX (UHAHCOB Ha 6aHKOBCKMM
CEeKTop, TO 3[4eCb CTOUT OTMETUTb HECKOJSIbKO
K/THOYEBbIX HanpaB/ieHUI:

1) ycTpaHeHWe nocpeAHuUKoB. bnarogapsa cHuxe-
HWIO TPaH3aKLUMOHHbIX U3AepXXeK Ha nnaTtdop-
Max DeFi pacTteT He Tonbko 3¢hPEKTUBHOCTb
coBepllaeMbIiX onepauuvi, HO U nponagaet
NoTpebHOCTb B 6aHKax U MHbIX (MHAHCOBO-
KPeaUTHbIX yUpeXaeHusXx;

2) manoobecneyeHHble U HE6GaHKOBCKME MOJIb30-
BaTeNM MosyyarT AOCTYN K TakKMM PUHAHCO-
BbIM ycnyram, KOTopble UM B TpaaAULWNOHHOM
(UHAHCOBOM CerMeHTe HEAOCTYMHbI;

3) Npo3payYyHOCTb NepeBOA OB NOBbILIAET fOBEPUE
nonb3oBaTenen, OQHAKO, cnyyan 6aHKpPOTCTB
(PUHAHCOBbIX KOMMaHWI, OKa3blBaKOLLMX yCNy-
rn B cekTope DeFi, y)xe npoucxogmnu, nosaTomy
yTBEp)XAaTb, YTO NPO3PaYyHOCTb paBHa 6e30-
NMacHOCTU TOXE Herb3s,;

4) 3a cYeT BbICOKOW CTeneHn nporpaMmMupyemMo-
ctn nnatdopmbl DeFi MoryT nepeHacTpawu-
BaTbCH, YTO NOBbILWAET afanTUBHOCTb AaHHbIX
WMHCTPYMeHTOB B chepe HUHaHCOBbIX YCAYT;

5) rno6anbHbIii 0XBaT OTKPbIBaeT JOCTYN K fe-
LeHTpann3oBaHHbIM (PUHAHCaAM nOAAM U3
pasHbIX CTpaH, eANHCTBEHHbIM YCIOBMEM MO-
NYyYEeHUA YCnyr CTaHOBUTCA Haluune TOUKM
NOAKIFOYEHUSA K UHTEPHETY.

PacwunpeHne akocuctembl DeFi rapaHTupyeT
BbICOKMI MOTEHLMa U CNOCOBHOCTb NpeobpasoBa-
HMA BCero 6aHKOBCKOro cekTopa ycnyr. HecmoTps
Ha To, YTo cuctema DeFi Haxoautca B Havane pas-
BUTUS, HGMHAHCOBbIE UHCTUTYTbI U YaCTHble UHBE-
CTOpbI YK€ MHBECTMPOBANU B HEE OrPOMHbIE Cpea-
CTBA, YTO rOBOPUT O BbICOKUX NepCneKkTnBax pocTa.

BbiBoAbI:

[eueHTpanusoBaHHble (UHAHCbI CMOCOGHbI
npeo6pa3oBaTb (GUHAHCOBbIA CEKTOP, KOTOPbIW
MHOrMe CToneTus obecrnedynBasn nosb3oBaTenein
pa3Hoo6pa3HbiMK ycriyramu u npogyktamu. DeFi

obnagatot rnob6asnibHbIM 0XBaTOM, 3@ CYET OTCYT-
CTBMA NOCPEAHNKOB obecneuynBatoT Mpo3pauv-
HOCTb TpaH3akuumin. [Ona macwTabupyemocTy
undpoBoro cerMmeHta ¢GUHAHCOB HEOHXOAUMO
COXpaHeHuMe Nosib30BaTeNbCKOro AOBEPUS U WUH-
Tepeca, obecneyeHne (QyHKUMOHANbHOW COBMe-
CTMMOCTM nnathopM U BBEAEHME Pa3yMHOro
anroputMa npaBoBOro perynumposaHus. CTouT
OTMEeTUTb, YTO 6aHKOBCKas cdepa He nepecTaHeT
CyLlecTBOBaTb B OANH MOMEHT, A1 Hee nosiee-
HWe anbTeEPHATUBHOWM S3KOCUCTEMbI [OIKHO CTaTb
BbI30BOM, CTUMY/IOM K Pa3BUTUIO U TONYKOM
K MOMCKY BapMaHTOB MHTErpaumm ¢ UHHOBaLMOH-
HbIMU TEXHONOTUAMM.
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Decentralized Finance and Changes in the
Banking System

Dmitrieva L. V., Aleshina A. V.
Ivanovo State University, Lomonosov Moscow State
University

The development of such a fintech area as decentralized
finance (DeFi) is very intensive, and this ecosystem
challenges the traditional financial and banking sector. DeFi
is based on blockchain technology. The consumer is offered
a wide range of financial services based on DeFi: loans,
investments, lending, trade financing and cash settlements
for transactions. A distinctive feature of all decentralized
products is the absence of an intermediary in the person of
a bank or other financial institution. Over the past 3-4 years,
DeFi has attracted the attention of many experts, because by
2021 the total volume of transactions through DeFi protocols
reached $100 billion. Users are interested in such transactions,
and transactions carried out within DeFi are positioned as
the most transparent and reliable. Decentralized access to
financial services without the participation of intermediaries
can significantly reduce the cost of financial transactions,
which is an additional advantage of the implemented DeFi
platforms.

Keywords: decentralized finance, blockchain, DeFi, central
bank digital currencies (CBDC).
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®UHAHCbI

MeToabl aHanu3a AaHHbIX U NOATOTOBKA
K MOAeNIUPOBaHUIO B KpeAUTHOM cepe

HOemupoB Anekceit iMUTpreBnY

MarucTp, dpakynbTeT Bbiclias wkona KWbepTexHonorum,
MaTeMaTUKKN U CTaTUCTUKN

P3Y umenu I B. NnexaHoBa

E-mail: demidov.ad@bk.ru

BynrakoB AHgpeii JleoHnpoBuY
K.9.H., npocdeccop MUCAO

noueHT P3Y nmenn I B. NnexaHoBa
E-mail: bulgakoval@my.msu.ru

B craTbe paccmaTpuBaeTCsi MpoUECC aHanuMsa JAaHHbIX
M NOArOTOBKM K MOAENMPOBaHWIO AN MPOrHO3MpOBaHMWS
KPeAMTOCMOCOBHOCTU KIIMEHTOB 6AHKOBCKUX YUYPEXAEHWNA.
MpeacTtaBneH 0630p COBPEMEHHbIX NMOAXOAOB K 06paboT-
Ke AaHHbIX, BKJIHOYasi BbISIBNIEHUE U YCTPaHEHUE aHOMaui,
6anaHCMPOBKY K/TaCCOB M BMU3yanun3aLuio KHYeBbIX Xapak-
TepucTuk. MNMpoBeaeH NogpobHbIA aHanns Habopa AaHHbIX,
BKJ/IHOYasi UCCnefoBaHUe KaTeropmanbHbIX U YUCIIOBbIX Mpu-
3HAKOB, @ TaKXe UX BUSIHWE Ha BEPOATHOCTb MOJyYeHus
KpeauTa. OnncaHbl OCHOBHble 3Tarnbl NOArOTOBKW AaHHbIX
ANA MaLWWHHOrO 06ydeHus, Takme Kak O4MCcTKa, TpaHchop-
Mauma 1 co3paHue HOBbIX NMPU3HakoB. B paboTe nogyepku-
BaeTCA Ba)XHOCTb KauyeCTBEHHOW Npefo6paboTKM AaHHbIX
ONA NOBbIWEHUSI TOYHOCTU MPOrHO30B U 3 (EeKTUBHOCTH
NoCTPOeHUst Mogenein. Pe3ynbTaTbl UCCNIe[0BaHNA COCTaB-
NAT OCHOBY AN NOC/eAyoLWwero NpUMEHEeHUs anropuTMoB
MaLUUHHOIO 06YYEHUSI U aHanu3a Ux NpPoU3BOAUTENBHOCTH
B 3ajia4yax KpeauToBaHus.

KnioueBble cno.a: CKOpUuHroBble CUCTEMbI KpeauToBaHUA,
aHaNn3 AaHHbIX, KpeanToBaHUe.

BeepeHune

CoBpeMeHHble pMHAHCOBbIE UHCTUTYTbI CTaNKK-
BalOTCA C HEOOXOAMMOCTbLIO NPUHATUA BbICTPbIX
1 060CHOBAHHbIX PELUEHWI B YCIOBUSAX KECTKOM
KOHKYPEHLMN N HECTABUNBbHOCTU pbiHKa. O4HUM
N3 K/OYEBbIX acnekToB WX [EeATeSIbHOCTU fB-
naetca addeKTUBHOE ynpaBfieHMe MpoLEeCCOM
KpeauToBaHUA, 4YTO MO3BONSET MWHUMU3NPO-
BaTb PUCKM U MaKCUMU3UPOBaTb [OXOAHOCTb.
CornacHo nocnegHum wuccnepgoBaHuam Muwiu-
Hoit M. 0., 3BepeBa A. B. (2021) [4] n OanuHre-
pa K. E., AiirpawweBoit A. A. (2021) [1], nnoTeuHoe
KpeauToBaHue rMpofo/HKaeT urpatb KIKOYEBYHO
poNb B pa3BMTMM GAHKOBCKOrO cekTopa. B aToi
CBA3M OCOOYHO aKTyanbHOCTb npuobpeTaeT uc-
nosib3oBaHMe METOAOB aHanusa [aHHbIX U Ma-
LUMHHOro 06yYeHns Ana NpOrHo3MpoBaHUs nose-
OEHUA KIIMEHTOB.

Ocoboe 3HauyeHWe B npouecce KpeauTosa-
HUA UMET UHAMBUAYasbHble XapaKTepuCcTUKu
KNMEHTOB, Takne Kak ux huHaHCOBOE MOSoXe-
Hue, noBefeH4Yeckne GakTopbl U NpeablayLLni
OonbIT B3aumogencTensa ¢ 6aHkoM. Hanpumep,
ONUTENbHOCTb MOCNefHero KOHTaKTa, Konnye-
CTBO MpeablAyLmnx 3arnpocoB U OCTaTOK Ha cye-
Te MOryT CNY)XWTb BaXHbIMU MHAMUKaTOpamu
FOTOBHOCTM KJIMEHTA MNPUHATb NpeasioXeHune.


mailto:demidov.ad@bk.ru
mailto:bulgakoval@my.msu.ru

BakHO noHumaTtb, 4TO 9hGHEKTUBHbLIN aHanNus
3TMX HaKTOpOB He TONIbKO MOBbIWAET TOYHOCTb
NPOrHO30B, HO U No3BonseT GUHAHCOBbIM Op-
raHmsauusaM paspabaTbiBaTb 60fiee ueneBble
MapKeTUHroBble cTpaTerunu, ONTUMU3MPOBATb
B3aMMOAENCTBNE C KIMEHTaMM WU cOKpaliaTb
N3OEPXKKMU.

Takum o6pa3oMm, Ucnonb3oBaHME METOAOB
MalMHHOTroO 06Yy4YeHMs Ans aHanusa [aHHbIX
O KpeauToBaHUM OTKpbiBaeT LIMPOKME BO3-
MOXHOCTM ANA GUHAHCOBbIX OpraHu3auum, 4To
nogyepknBaeT BaXKHOCTb AafibHENLWNX Uccre-
[OBaHUM B obnactu KpeauTtoBaHus [anuHre-
pa K. E. n Aitrpawesoit A. A. (2021) [1], a Tak-
e Mbiubik U. B. n KyaHeuosoii E. B. (2023) [2].
9T MeToAabl NO3BOMAKT aBTOMaTM3UMpOBaTb
npouecc MPUHATUA peLueHUn, NOBbICUTb €ero
060CHOBAHHOCTb M YCKOpPUTb peanusauuto
6u3Hec-3agay. M3yyeHue d¢akTopoB, BAUALO-
WKUX Ha NPUHATUE KPEAUTHOro NpeanoXeHus,
N NOCTpOeHne Moaenen Ans NporHo3mpoBaHus
Takoro noBeAeHUA — BaXXHasa 3ajadva, Tpeoy-
folwan AeTanbHOro aHanMsa AaHHbIX U OLEHKM
NPOM3BOAUTENBHOCTU  pPasfiMYHbIX anropuT-
MOB.

AHanus Habopa faHHbIX

[na Hayana uMnopTupyem 6ubnmoTeKkun.
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

import seaborn as sns

import warnings
warnings.filterwarnings(‘ignore’)

Mocne 3Toro UMNOpPTUPYEM HA6op AaHHbIX.

df = pd.read_csv(«../content/bank2.csv»)
df

age job marital education default
balance housing loan \

@ 59 admin. married secondary no 2343
yes no

1 56 admin. married secondary no 45 no
no

_cnepumeu'ranbuaa 9KOHOMMKa U puHaHcbl N°3 2023

2 41 technician married secondary no
1270 yes no

3 55 services married secondary no 2476
yes no

4 54 admin. married tertiary no 184 no
no

11157 33 blue-collar single primary no 1
yes no

11158 39 services married secondary no
733 no no

11159 32 technician single secondary no
29 no no

11160 43 technician married secondary no
@ no yes

11161 34 technician married secondary no
© no no

contact day month duration
pdays previous poutcome \
@ unknown 5 may 1042 1-1 ©
unknown 5 may 1467 1-1 © unknown
unknown 5 may 1389 1-1 © unknown
unknown 5 may 579 1-1 © unknown
unknown 5 may 673 2-1 © unknown

campaign

unknown

A wWN PR
vi vl vl un

11157 cellular 20 apr 257 1-1 © unknown
11158 unknown 16 jun 83 4-1 © unknown
11159 cellular 19 aug 156 2-1 @ unknown
11160 cellular 8 may 9 2 172 5 failure
11161 cellular 9 jul 628 1-1 © unknown
deposit

0 yes

1 yes

2 yes

3 yes

4 yes

no

no

no

no

11161 no

[11162 rows x 17 columns]

MpoBepsieM 3HauyeHUs Habopa [AaHHbIX Ha
Null.
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JKCnepuMeNTanbHaR KoHOMMK  GukaHcs! NE3 _

df.isnull().sum() month object

age © duration int64

job © campaign inte4

marital © pdays inté64

education © previous int64

default o poutcome object

balance © deposit object

housing © dtype: object

loan © df.describe()

contact o age balance day duration campaign \
day © count 11162.000000 11162.000000 11162.00
month © 0000 11162.000000 11162.000000
duration © mean 41.231948 1528.538524

campaign © 15.658036 371.993818 2.508421

pdays © std 11.913369 3225.413326

previous © 8.420740 347.128386 2.722077
poutcome © min 18.000000-6847.000000 1.000000
deposit @ 2.000000 1.000000

dtype: inte64 25% 32.000000 122.000000

8.000000 138.000000 1.000000
B pesynbTaTe He MONy4nnu HyneBbiX 3Ha- 50% 39.000000 550.000000
YeHWI, KoTopble MOrnn 6bl BHECTU WUCKaXKEHUS 15.000000 255.000000 2.000000

B pacyeThbil. 75% 49.000000 1708.000000

MpoBepsieM 3HayeHUst Habopa AaHHbIX Ha y- 22.000000 496.000000 3.000000
6nMpytoLLMecs 3anucu. max 95.000000 81204 .000000
df.duplicated().sum() 31.000000 3881.000000 63.000000
0

pdays previous
Het py6nupyrowmincs 3HadeHun, noatoMy count 11162.000000 11162 .000000

He HYXXHO X UCK/toYaTb U3 Habopa AaHHbIX. mean 51.330407 ©.832557
std 108.758282 2.292007
min-1.000000 ©.000000

AHanu3 Tunos AaHHbIX 25%-1.000000 ©.000000
50%-1.000000 ©.000000

MNonyyaeM Tunbl AaHHbIX Halwero Habopa AaH- 75% 20.750000 1.000000

HbIX. max 854.000000 58.000000

df.dtypes

age inté4 banaHc gaHHbIX

job object

marital object MpoBepsieM c6anaHCUPOBaAHHbI NN faHHble. [ns
education object 3TOro He0b6X0AMMO pasfenuTb Ux obuiee Konu-
default object YeCcTBO Ha TO, AaNu NI KPeguT YesloBEKY UITN HeT.
balance int64

housing object df[ ‘deposit’].value_counts()/df.shape[9]
loan object no 0.52616

contact object yes 0.47384

day inté64 Name: deposit, dtype: float64



plt.figure(figsize=(12,5))
plt.subplot(1,2,1)
sns.countplot(x="deposit’, data=df)
plt.title(«Ckonbko 4YenoBek MOAyYUIU Kpe-
ANT»)

plt.subplot(1,2,2)

labels =df[ ‘deposit’].value counts(sort
= True).index

CKONbKO YenoBek nony4yunnu genosnTbl

6000 1

5000 -

4000 A

3000

2000 -

1000 -

count

deposit

sizes =
= True)
plt.pie(sizes, labels=1labels,
autopct="%1.1f%%’, shadow=True,
startangle=270,)

plt.title( ‘MpoueHTHOE cOOTHOWeHue’, size
= 12)

plt.show()

df[ ‘deposit’].value counts(sort

MNpoueHTHOe COOTHOLLEeHKWE

Puc. 1. lpoueHTHOE COOTHOLLEHME NULL, MONYYUBLUUX KpeauT
(cocTaBneHo aBTOpamm)

Kak Mbl MOXeM yBuUeTb (CM. puc. 1), laHHble
cb6anaHcupoBaHHble. B npoTMBHOM cnyyae wux
MOXHO 6b110 6b1 c6anaHcMpoBaTb NyTEM Cyyau-
HOW NepeAnCKpeTM3aLuu.

MpoBefeM BU3yanu3aLmio AaHHbIX U UX NpU-
BeZleHMe K Hy>XHOMY dopmary.

PaccMoTpMM AaHHble ¢ Tunom Object (cm.
puc. 2 n 3).

df _cat = df.select_
dtypes(include="object’).columns.
drop([«deposit»,»job»])

df_cat

Index([ ‘marital’, €‘education’,
‘default’, ‘housing’, ‘loan’,
‘month’, ‘poutcome’],

‘contact’,

dtype=’object”’)
plt.figure(figsize=(13,15))

for i, cat fea in enumerate(df cat):
plt.subplot(4,2, i+l1)
sns.countplot(x=cat_fea, hue=’deposit’,
data=df, edgecolor=»black»)
plt.title(«Ctatuctuka no {}».format(cat_
fea))

plt.tight_layout()

plt.show()

plt.figure(figsize=[14,5])
sns.countplot(x=’job’, hue=’deposit”’,
edgecolor=»black», data=df)
plt.title(«CTaTucTka no 3aHUMaeMbiM Ba-
KaHcua»)

plt.show()
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count

count

count

count

JKcnepuMeHTanbHas 3K0

Cratuctvka no marital CrartncTrka no education
daposit
I yes
B m

3500 J

3000

2500

2000

1500

1000

500
0- ' : 0- s ,
married single divorced secondary tertiary primary unknown
marital education
Cratuctuka no default CratucTtuka no housing
6000 :
deposit
] B yes
5000 —
4000 7
] £
3000 g
2000
1000
N no ;re's yes no
default housing
Cratuctuka no loan Cratnctuka no contact
deposit
E yes
== o
2
=
8
o
™o yes unknawn cellular telephone
loan cantact
Craructuka no month CraTtuctuka no poutcome
— deposit PO
- il yes
1500 B3 no 4000

1250

3000 1
1000

count

750 2000 1

1000
250

may jun  jul aug oct nov dec jan  feb mar apr sep ' unknown other failure success

menth poutcome

Puc. 2. PacnpegeneHune kaTeropmasbHbIX MPU3HAKOB
no napamertpy «llonyyeHue kpeguta»
(cocTaBneHo aBTOpamMm)



CraTucTMKa No 3aHUMMaeMbiM BaKaHCHAM

1200 4

1000 -

count

200

admin.  technician

Services management

deposit
E yes
Bl no

retired  blue-collar unemployed entrepreneur housemaid unknown self-employed student

job

Puc. 3. CtaTucTuka no pacnpepeneHuio npodgeccui
cpeawm nonyvarenen Kpeguta
(cocTaBneHo aBTOpamm)

BbiBoabl

1) OAVHOKUIA YenoBeK C 6ONblUel BeposiT-
HOCTbIO BO3bMET KPEeAMUT, HEXENN YEM YenoBeK
B 6pake.

2) Nioan 6e3 MnoTekn ¢ 6onblueit BEPOATHO-
CTbO BO3bMYT KpeauT

3) Mo cotoBoMy TenedoHy YenoBek ¢ 60b-
e BepoOATHOCTbIO BO3bMET KpPeauT, HexXenu
4yeM Mo cTalMOoHapHOMY

4) B Mae 6bIn0 caenaHo 605blie BCEro 3BOH-
KoB, a MMeHHOo 2500. B gekabpe MeHblue BCero,
a nMmeHHo 200

5) CTymeHTbl M MeHCUMOHepbl Yalle 6panw
CpOYHble KpeauTbl.

PaccMOTpuM AaHHble ¢ Tunom Num.
B 9TOM HaM NOMOXET ToyeyHast guarpamma
(c™m. puc. 4).

df_num = df[[‘age’, ‘balance’, ‘day’,
‘duration’, €‘campaign’, ‘pdays’,
‘previous’,’deposit’]]

col = [‘age’, ‘balance’, f‘day’,

‘duration’, ‘campaign’,
‘previous’,’deposit’ ]
plt.figure(figsize=(15,18))

for i, v in enumerate(col):
print(i, v)

plt.subplot(4,2, i+1)
sns.scatterplot(x=v, y=’deposit’,
data=df_num, color="blue’)
plt.title(«[narpaMmma pacceHuBaHus Mo
{} k kpeauty».format(v), size=20,
color=»red»)
plt.xlabel(«{}».format(v), size=15)
plt.ylabel(«Deposit», size=15)
plt.tight_layout()

plt.show()

0 age

balance

day

duration

campaign

pdays

previous

deposit

‘pdays’,

N o ubdwn R
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KcnepuMeHTaNbHasi 3KOHOMUKa U (U

Ouarpamma pacceHMBaHWUSA Mo age K AenosnTy

Ouarpamma pacceHmBaHuna no balance k genozuty
e ] vam S eiats @ b 3
'E g
(=1 [-%
& a
cxi —— Fii] 1 e ———— TV 7 e .
2 0 # 50 i 7 a0 u o 20000 40000 60000 80000
age balance
JnarpaMma pacceHWBaHws no day K genosuTty [uarpamma pacceHuWeaHusa no duration K genoswTy
yEﬁ- & 8 & 8 8 88 S S E S S S S E S yES' LU L L L mas -
g 2
=N o
(=1 a
] (]
m{ = s s s s sss e s sssssssnsssnssnnnss no e W -

0 5 10 i3 Pl % an

[ 00 mah 15A0 R0 o500 40 AmAn Aot
aay duration
[unarpaMmma pacceHVBaHUA Mo campaign K feno3uTy [uarpamma pacCceHMBaHWs ro pdays K AenosvTy
e = G (R aeanae
g %
[=R {=9
[1F) Lot
o a
no A LN . no we e e - L] -e - L]
0 10 i n n 0 fi0 [ 200 10 600 )
campaign paays
OwnarpamMMa pacceHVMBaHWA MO previous K Aeno3uTy [uarpaMma pacceHuWBaHwWA no deposit kK oenosuTy
ye5 | esssesssssssssss s seses = s P yes .
g %
(=9 [=H
[=1] @
[ [a]
N0 | sssssssssssssssssssss & es . s no .
0 10 1 0 i 5 i yes . e
previous deposit
Puc. 4 JJ,uarpaMMbl paccedaHUd Kno4YeBbiX YUC/TIOBbIX NePEeMEHHDbIX,
BJ/IUAIOLWLUX Ha BEPOATHOCTDb NoJly4yeHUd Kpeauta
Dunarpamma «Box plot»

‘duration’,
Ecnu Habop AaHHbIX HEOObLUOK, Mbl MOXXEM 06-  ‘previous’]]

Hapy>XUTb OTKJIOHEHUE, MPOCTO B3rNisiHyB Ha Hero. col = [ “age’
Ho ecnun Habop AaHHbIX 60MbLWOW, TO HaM ‘duration’,
HY>XHO MCNONb30BaTb BM3yansaunio u matematn- “previous’ ]
yeckune MeTofbl.
Huxxe npuBogATCA HEKOTOPble MeToAbl O6Ha- for i, v in
PY>XXEHUs1 OTKNOHEHUI (CM. puc. 5). print(i, v)

df _num = df[[‘age’, ‘balance’, ¢‘day’,

‘campaign’, ‘pdays’,

, f‘balance’, ‘day’,

‘campaign’, €pdays’,

plt.figure(figsize=(15,18))

enumerate(col):



Hasi 3KOHOMMKaA M puHaHebl N°3 2023

plt.subplot(4,2, i+1) 0 age
sns.boxplot(x=v, data=df_num, 1 balance
color="green’) 2 day
plt.title(«Boxplot gna {}».format(v), 3 duration
size=20, color=»red») 4 campaign
plt.xlabel(«{}».format(v), size=15) 5 pdays
plt.tight_ layout() 6 previous
plt.show()
Boxplot ansa age Boxplot ansa balance
I (LN + LI XL ] L LA L] L
5 60 ] 80 % 0 20000 &m0 60000 000
age balance
Boxplot pna day Boxplot pna duration
I H A L RL *
i 5 10 5 PO 2 o0 AW ol 1s00 w0 e o0 ashn 0o
day . duration
Boxplot gna campaign Boxplot ona pdays
0 1 20 - 4 0 &0 ] 00 40 0 00
campaign pdays

Boxplot gns previous

FEERRFORRRRRRR IR RRRERE e LI 1

0 10 0 2 10 50

Puc. 5. BOXp|Ot-,D,VIanaMMbI ANnsa BU3yanusaummn pacnpegeneHnsa sHayeHMm YNC0BbIX NePEMEHHbIX
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dKcnepuMeHTanbHas 3KOHOMMKA M PpuHaHCbl N°3 2_

BbiBoabl

1) YeMm Bblle NPOAOCSXUTENIbHOCTb Pa3roBo-
pa, TeM BEPOATHEE, YTO YENIOBEK BO3bMET KpeauT.

2) YeM MeHbLUEe 3BOHKOB NMOCTYMUO K KJTUEH-
TY, TEM HUXE LUAHCbl TOrO, YTO OH BO3bMET Kpe-
auT.

3) Moawn, B3siBWME KPEAuUT, UMEKT 6osblie
JeHer Ha cyery.

06paboTKa AaHHbIX

B npouecce 06paboTKM faHHbIX 0C060€e BHU-
MaHue OblI0 yAeneHO OYUCTKE MepeMEHHbIX
C aHOMasnbHbIMM 3HAYEHUSIMU U BblBpOCaMu, Ta-
Knmu Kak balance, duration, campaign u previous.
9T0 CBA3AHO C TEM, YTO HanMymne aKCTpeManbHbIX
3HaYeHMI MOXKET 3HAYUTENBHO UCKaXKaTb paboTy
anropyuTMOB MaLUMHHOIO OOYYEHUS U CHMXKaTb
KayecTBO npepckasaHum.

banaHc

OTpuuaTenbHbI 6anaHC B KOHTEKCTE Kpeau-
TOBaHWA BbI3blBAa€T COMHEHUS C TOYKU 3peHUSA
WHTepnpeTauun. Takue paHHble MOryT 6biTb
pesynbTaTtoM ownboK cbopa MHPopMauun unm
BbIGpPOCOB, KOTOpPble HE COOTBETCTBYHOT NIOTMKe
3apayn. AHoManbHO BbICOKUE 3HaYeHUA CMelLLa-
0T cpefdHue nokasaTesnn nepeMeHHon, YTo BNn-
feT Ha MaclTabupoBaHWe AaHHbIX U yXyallaeT
paboTy Mofenen, OCOBEHHO YYBCTBUTENbHbIX
K paccTosiHusaM (Hanpumep, KNN 1 SVM). Han6o-
Jlee 3HauyMMble NapaMeTpbl, Takne Kak npoaon-
XXUTENbHOCTb MocnefHero KoOHTakTa u ocTaTok
Ha cyeTe, MOATBEPXAAOT pesynbraTbl UCcneno-
BaHW Mblubik U. B. n KysHeuoBoii E. B. (2023)
[2].
len(df[df[ ‘balance’ ]<0])/len(df)
0.061637699337036375
df[ (df[ ‘balance’ ]>40000) | (df[ ‘balan
ce’]<0)]
age job marital education default
balance housing loan \

17 49 services married secondary no-8
yes no

23 43 blue-collar married primary no-192
yes no

30 32 blue-collar married secondary
yes-1 yes no

42 45 entrepreneur divorced tertiary
no-395 yes no

59 57 technician married tertiary no-1
no no

11119 39 management married tertiary
no-974 no yes

11120 50 management married tertiary
no-516 yes no

11132 32 blue-collar married secondary
no-325 yes yes

11145 60 retired divorced tertiary
no-134 no no

11156 34 blue-collar single secondary
no-72 yes no

contact day month duration campaign
pdays previous poutcome \

17 unknown 8 may 1119 1-1 © unknown

23 unknown 8 may 1120 2-1 © unknown

30 unknown 9 may 653 1-1 @ unknown

42 unknown 13 may 470 1-1 @ unknown

59 unknown 14 may 850 2-1 © unknown
11119 cellular 13 aug 130 4-1 © unknown
11120 unknown 15 may 226 2-1 @ unknown
11132 unknown 21 may 171 1-1 © unknown
11145 cellular 12 may 243 1 271 4
failure

11156 cellular 7 jul 273 5-1 @ unknown

deposit
17 yes
23 yes
30 yes
42 yes
59 yes
no
no
no
no
11156 no
[696 rows x 17 columns]
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Kak okasanocsb, y 6% ntofen otpuuatefibHbIn
6anaHc. Hy>xHO yaanuTb AaHHble 3anucu 13 Ha-
60pa AaHHbIX.

Tak)ke eCTb MHOIO 3anncem C 04eHb BbICOKUM
6anaHcoM. Mx HeobxoauMo yaanuTb, YTobbl U3-
6aBUTCA OT BbIOPOCOB.
df.drop(df[(df[ ‘balance’ ]>40000) | (df[ ‘ba
lance’ ]<0@)].index, inplace=True, axis=9)

duration (nNpogomKUTeNnbHOCTb NOCNefHero
KOHTaKTa B CEKYHAaxX)

NMepemeHHan duration nokasbiBaeT Anu-
TeNbHOCTb pa3roBopa B CeKyHAaxXx U AeMOH-
CTpUpyeT CUJIbHOEe BJIMAHWE Ha LeNneByto
nepemMeHHyto deposit. OgHako 6bian o6Hapy-
)XeHbl aHOMallbHO BbICOKME 3HayeHus, npe-
Bblwatowme 3000 cekyHa (npumep: 3anuchb
C AnutenbHocTbio 3881 cekyHAy, UM OKONoO
65 MUHYT).
df[df[ ‘duration’ ]>3000]
age job marital education default
balance housing loan \

153 44 services divorced secondary no 51

yes yes
271 59 management married secondary no
1321 no no

1351 47 blue-collar married secondary no
238 yes yes

4364 53 admin. married secondary no 849
yes no

7198 30 admin. married secondary no 1310
no no

contact day month duration campaign

pdays previous poutcome \

153 unknown 27 may 3094 2-1 @ unknown
271 unknown 9 jun 3881 3-1 © unknown
1351 cellular 13 mar 3076 1-1 @ unknown
4364 cellular 6 feb 3102 3-1 @ unknown
7198 telephone 27 oct 3284 1-1 © unknown

deposit
153 yes
271 yes
1351 yes
4364 yes
7198 no

OT6pocum 3anucu ¢ duration 6onee 3000 T. K.
OHW AENCTBYIOT, KAK OCHOBHbIE BbIOPOCHI.
df.drop(df[df[ ‘duration’]>3000].index,
inplace=True, axis=0)

campaign (KONMYecTBO KOHTAKTOB B paMKax
3TOW KaMnaHuK)

lNepeMeHHass campaign oTpaxaeT Kosunye-
CTBO KOHTAKTOB C KJ/IMEHTOM B TeKyLlen Mapke-
TUHIOBOW KaMnaHwu. Bbinn BbisiBNeHbl 3Haye-
HMA, npeBblwatowme 40 KOHTaKTOB (Hanpumep,
3anucb ¢ 63 KOHTaKTaMu).
df[df[ ‘campaign’ ]>40]

age job marital education default
balance housing loan \

6927 51 blue-collar married unknown no
41 yes no

7139 42 blue-collar married primary no
170 yes no

7240 33 blue-collar married secondary no
@ yes yes

7635 45 management married unknown no
9051 yes no

contact day month duration campaign
pdays previous poutcome \

6927 telephone 9 jul 16 43-1 @ unknown
7139 unknown 19 may 51 41-1 © unknown
7240 cellular 31 jul 16 43-1 © unknown
7635 unknown 19 may 124 63-1 © unknown

deposit
6927 no
7139 no
7240 no
7635 no

Ypanum oCHOBHble BbIGPOCHI MO peKlaMHbIM
KamMnaHuAM.
df.drop(df[df[ ‘campaign’]>30].index,
axis=0, inplace=True)

pdays (KonuuecTBo AHeil ¢ nocnegHero KoH-
TaKTa)
df[df[ ‘pdays’ ]==-1]
age job marital education default
balance housing loan \
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@ 59 admin. married secondary no 2343
yes no

1 56 admin. married secondary no 45 no
no

2 41 technician married secondary no
1270 yes no

3 55 services married secondary no 2476
yes no

4 54 admin. married tertiary no 184 no
no

11154 52 technician married tertiary no
523 yes yes

11157 33 blue-collar single primary no 1
yes no

11158 39 services married secondary no
733 no no

11159 32 technician single secondary no
29 no no

11161 34 technician married secondary no
@ no no

contact day month duration campaign
pdays previous poutcome \
@ unknown 5 may 1042 1-1 © unknown

1 unknown 5 may 1467 1-1 @ unknown
2 unknown 5 may 1389 1-1 @ unknown
3 unknown 5 may 579 1-1 @ unknown
4 unknown 5 may 673 2-1 © unknown

11154 cellular 8 jul 113 1-1 © unknown
11157 cellular 20 apr 257 1-1 @ unknown
11158 unknown 16 jun 83 4-1 © unknown

11159 cellular 19 aug 156 2-1 @ unknown
11161 cellular 9 jul 628 1-1 © unknown

deposit
0 yes

1 yes

2 yes

3 yes

4 yes

no
no
no
no
no

[7705 rows x 17 columns]
df[df[ “poutcome’ ]=="unknown” ]

age job marital education default
balance housing loan \

@ 59 admin. married secondary no 2343
yes no

1 56 admin. married secondary no 45 no
no

2 41 technician married secondary no
1270 yes no

3 55 services married secondary no 2476
yes no

4 54 admin. married tertiary no 184 no
no

11154 52 technician married tertiary no
523 yes yes

11157 33 blue-collar single primary no 1
yes no

11158 39 services married secondary no
733 no no

11159 32 technician single secondary no
29 no no

11161 34 technician married secondary no
© no no

contact day month duration
pdays previous poutcome \
@ unknown 5 may 1042 1-1 ©
1 unknown 5 may 1467 1-1 @ unknown
2 unknown 5 may 1389 1-1 @ unknown
3 unknown 5 may 579 1-1 © unknown
4 unknown 5 may 673 2-1 © unknown

campaign

unknown

Ul U1 U1 Un

11154 cellular 8 jul 113 1-1 © unknown
11157 cellular 20 apr 257 1-1 © unknown
11158 unknown 16 jun 83 4-1 © unknown

11159 cellular 19 aug 156 2-1 @ unknown
11161 cellular 9 jul 628 1-1 @ unknown

deposit
0 yes
1 yes
2 yes
3 yes
4 yes



I
_nepumeu'ranbuaa 3KOHOMMKa M PuHaHcbl N°3 2023

11154 no

11157 no

11158 no

11159 no

11161 no

[7707 rows x 17 columns]
df[df[ ‘previous’ ]==0]

age job marital education default
balance housing loan \

@ 59 admin. married secondary no 2343
yes no

1 56 admin. married secondary no 45 no
no

2 41 technician married secondary no
1270 yes no

3 55 services married secondary no 2476
yes no

4 54 admin. married tertiary no 184 no
no

11154 52 technician married tertiary no
523 yes yes

11157 33 blue-collar single primary no 1
yes no

11158 39 services married secondary no
733 no no

11159 32 technician single secondary no
29 no no

11161 34 technician married secondary no
@ no no

contact day month duration campaign
pdays previous poutcome \
@ unknown 5 may 1042 1-1 © unknown

1 unknown 5 may 1467 1-1 @ unknown
2 unknown 5 may 1389 1-1 © unknown
3 unknown 5 may 579 1-1 @ unknown
4 unknown 5 may 673 2-1 © unknown

11154 cellular 8 jul 113 1-1 © unknown

11157 cellular 20 apr 257 1-1 @ unknown
11158 unknown 16 jun 83 4-1 © unknown
11159 cellular 19 aug 156 2-1 @ unknown
11161 cellular 9 jul 628 1-1 © unknown
deposit

0 yes

1 yes

2 yes

3 yes

4 yes

11154 no

11157 no

11158 no

11159 no

11161 no

rows X 17 columns]

BoiBOg

Kak MOXXHO 3aMeTuTb Bblwwe, pdays = —1 o3Hava-
eT, YTO JIF0AM BrnepBble y4aBCTBYHOT B KaMnaHuu
Nno BblAaye KpPeaAUTOB U Y HUX HET npeabiayLero
KOHTaKTa, No3ToMy npeabiaywmm KoHTakT == 0.
Ypanum aTuM 3anucu.

previous (KonuuecTBo KOoHTakToB [10 3ToM
KaMnaHum)
df[df[ ‘previous’ ]>30]
age job marital education default
balance housing loan \
2013 46 blue-collar married primary no
1085 yes yes

3677 37 technician married secondary no
432 yes no
6274 27 blue-collar married secondary no

821 yes yes

8713 35 technician single secondary no
4645 yes no

10121 27 student single secondary no 91
no no

contact day month duration campaign
pdays previous poutcome \

2013 cellular 15 may 523 2 353 58 other
3677 cellular 6 jul 386 3 776 55 failure
6274 unknown 16 sep 23 1 778 41 other
8713 cellular 11 jan 502 3 270 40 other
10121 telephone 4 dec 157 6 95 37 other

deposit
2013 yes
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3677 yes
6274 no
8713 no
10121 no

Yaanum Bce BbIGpOCbl B 3TOW GYHKUMM (CM.

puc. 6).

df.drop(df[df[ ‘previous’ ]>30].index,
axis=0, inplace=True)
plt.hist(x=»campaign», data=df,
color="green’)

plt.show()
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Puc. 6. lnctorpamma pacnpegeneHnsa Konndectsa KOHTaKTOB B MapKETMHIOBOW KaMMnaHum
(cocTaBneHo aBTOpamM)

dfl = df.copy()

BbiBog

Mpofo/MKNTENbHOCTb NOCNEAHEro KOHTaKTa —
3TO, TO, YTO 6OJIbLLE BCEro BAUAET Ha TO, BO3bMET
11 YerioBeK KpeauT Uin HeT.

Cama KaMnaHus Ao/mkKHa 6biTb KaK MOXHO
MeHbLUe AHEN n Yy 4yenoeseka AO0JKHO OblTb Kak
MOXXHO 60sblue AeHer Ha CcyerTy.

Kapra koppensauum

KapTa Koppensiuuu npeactaBnsieT Co60M MHCTPY-
MEHT A1 aHann3a B3anMOoCBA3EN MeXay YMCNo-

BbIMW NepeMeHHbIMU Habopa AaHHbIX. B aaHHOM
cTaTbe 6blna Mcnonb3oBaHa koppensauus Mupco-
Ha, KoTopas NO3BOMSAET OLEHUTb CTENEHb NIMHEN-
HOM 3aBMCUMOCTM MeXay napamMu Nnp1MsHakoB. Ha
TEMNJOBON KapTe BM3yanunsumpoBaHbl Koadhduum-
EHTbl KOppensauuu, rae 3HavyeHus BapbupyoTCA
oT—1 0 1: NON0XUTENbHOE 3HAYEHNE YKa3blBaeT
Ha NPSIMYIO 3aBUCUMOCTb MeXAy nepeMeHHbIMY,
a oTpuuaTtesibHoe — Ha 06paTHYHO.

PesynbTaTbl nokasanu, 4YTo Haubonee 3Ha-
ynmas Koppensiuua Habnofaetca Mexay nepe-
MeHHbIMK duration (AnMTeNnbHOCTb pasroBopa)
N ueneebiM npusHakomMm deposit. 3To 03Hayaer,
4YTO MPOAO/MKUTENIBHOCTb MOC/EAHEro KOHTaKTa
HanNpsMYo BAUAET Ha BEPOSATHOCTb MPUHATUSA
KpeaAuTHOro NpeanoXxeHus. Yem gonblue anutcs
pasroBop, TEM Bbllle BEPOATHOCTb MOMOXUTENb-



Horo otBeTa. OcTasibHble MPU3HaKKU, Takue Kak
balance (6anaHc Ha cyeTy) U campaign (konuye-
CTBO KOHTAKTOB B TeKyllel KamnaHuu), nokasa-
N1 cNabyro UM YMEPEHHYHO KOPPENSALUIO C Lene-
BbIM NPU3HAKOM.

BaxHO oTMeTuTb, 4YTO cnabas Koppensuus
60NbLUMHCTBA NEPEMEHHbIX He 03HaYaeT ux bec-
nofie3aHoOCTM Ans Moaenun. Baanmopencteune npu-
3HAKOB W HeNIHeWHble 3aBUCUMOCTM MOTYT 6bITb
YyYTeHbl C MOMOLLbO 60Jiee CNOXHbIX METOAO0B
MaLLUMHHOrO 06y4YeHus, TaKnUx Kak aHcambneBble
Mogenun. Takum o6pa3oM, KapTa KOppenauuu

-0.0007

age
|

0.021

balance

-0.0007 0.021

day

0.00073 0.025 -0.017

duration

-0.0073 -0.011

campaign

0.027 0.033 -0.055

previous

age balance day

0.00073

-0.017

-0.035

-0.027

duration

dKcnepuMeHTanbHas 3KOHOMMKa M PpuHaHcbl N°3 2023

NO3BONSAET BbIABUTb CUJIbHblE JIMHEWHbIE CBA3U
N CNY>XUT OTNPaBHON TOYKOM ANSA AanbHenLwero
aHanMsa AaHHbIX U Bbl6Opa KKOYEBbIX NPU3Ha-
KOB A/1s1 MOCTPOeHna Mogenei (cM. puc. 7).
#cnone3yem koppenayuto lupcoHa, komopol
usmepsaiom cuay nAuHeltHol 3aBucumocmu.

df num = df[[‘age’, ‘balance’, ¢‘day’,
‘duration’, fcampaign’, €‘previous’]]
plt.figure(figsize=(10,7))
sns.heatmap(data=df_num.corr(),
annot=True)

plt.show()

-10

-0.0073 0.027

-0.8

-0.011 0.033

-0.035

-0.027

-0.057

-0.057

campaign previous

Puc. 7. KoppenaunoHHasi KapTa Mexay Y4CnoBbIMU NpU3HaKaMu, BAUAIOWMMM Ha Bblgady Kpeauta
(cocTaBneHo aBTOpamM)

KogupoBaHnue kateropuii

MpoBeaemM koaupoBaHuMWM KaTteropun. Kateropu-
anbHas nepeMeHHas — 3TO Ta, KOTopas umeet
ABa Unun 6osee 3Ha4YeHUs.

CywiecTByeT ABa TuMa KaTeropnanbHbIX nepe-
MEHHbIX:

1) HOMUHanNbHble

2) nopsifKoBble

HoMuMHanbHble NnepeMeHHble He UMEIOT BHY-
TpeHHero nopsiika. Hanpumep, non — aTo KaTero-
pnanbHasa nepeMeHHas, UMeroLLas aBe KaTteropum
6e3 BHYTpeHHen ynopsagodyeHHocTu. MopsagkoBas
KaTeropus xe UMeeT YeTKY0 CTPYKTYpY.
#cospgaem crnoBapb [4/151 6GUHAPHOIO KOAUPOBaHUS
dic = {«yes»:1,»no»:0}
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from sklearn.preprocessing import
LabelEncoder

dic = {«yes»:1,»no»:0}

1st = [«deposit»,»loan»,»default»,»hous
ing»]

for i in 1st:

df[i] = df[i].map(dic)

# IopsmxoBOe KOAMPOBAHME

1=[ “‘month’,»contact»,»poutcome»]
for i in 1:

le=LabelEncoder()
df[i]=1le.fit_transform(df[i].values)

df = pd.get_dummies(df, columns =
[“job’,’marital’,’education’])
df

age default balance housing loan contact
day month duration \

© 59 0 2343 10 2 5 8 1042

15604500 25 8 1467

241 0 1270 1 @ 2 5 8 1389

35502476 10 25 8 579

4 54 0 184 00 25 8 673

11157 33 61 1 0 0 20 @ 257

11158 39 @ 733 © © 2 16 6 83

11159 32 0 29 9 @ © 19 1 156

11160 43 06 6 061 0 8 8 9
11161 34 0 9 0 © © 9 5 628

campaign .. job_technician job_unemployed
job_unknown \

01..000
11..000
21.100
31..000
42 .000
11157 1 .. 9 @ ©
11158 4 .. 9 @ ©
11159 2 .. 1 0 ©
11160 2 .. 1 0 ©
11161 1 .. 1 0 ©

marital divorced marital married
marital_single education_primary \
00100

10100

20100
301
401

(O]
oo

011
100
010
100
100

11157
11158
11159
11160
11161

O 0O 0O 0O

education_secondary education_tertiary
education_unknown

0100

110
210
310
401

o 0O ® 0

11157 © @ ©
11158 1 @ ©
11159 1 @ ©
11160 1 @ ©
11161 1 @ ©

[10449 rows x 33 columns]

Janee Heo6X0AMMO BHECTWU NOMNpPaBKY B WH-
Aecbl.
df=df.reset_index()
df.drop(‘index’, axis=1, inplace=True)
df

age default balance housing loan contact
day month duration \

0 59 02343 1 0 2 5 8 1042

15604500 25 8 1467

241 0 1270 1 © 2 5 8 1389

35502476 1 6 25 8 579
45401840025 8 673

10444 33 611 0 0 20 0 257
10445 39 0 733 0 0 2 16 6 83
10446 32 0 29 0 0 © 19 1 156
10447 43 0 6 061 0 8 8 9
10448 34 0 0 6 0 © 9 5 628

campaign .. job_technician job_unemployed
job_unknown \
01.000
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10444

10445

10447
10448

marital_divorced marital_married
marital single education_primary \

00160
1010
2010
3010
4010
10444
10445
10446
10447
10448

O 0O 0O OO 0O

education_secondary education_tertiary
education_unknown

0100
1160
2160
3160
401

O 000

10444 o
10445 1
10446 1
10447 1
10448 1

[16449 rows x 33 columns]

MpepBapuTenbHas 06paboTKa AaHHbIX

CHayana uMnopTmpyem 61M6MOTEKMN.
from sklearn.pipeline import make_

pipeline

from sklearn.model_selection import
StratifiedShuffleSplit, StratifiedKFold

1

4 ..
10446 2 ..

2

1

O 000

00
00
00
00
00

PR R OO

0

O O 00

11
00
10
00
00

R RO R O

00
00
00
00
00

from sklearn.model selection import
cross_val_score

from sklearn.model selection import
GridSearchCV

3aTeM pasgenvMm BXOAHble U UCXoAasLume
0CO6EHHOCTU: X — He3aBUCUMble NepeMeHHble
(BxogHble dyHKUMM) Y — 3aBUCUMbIE MepeMeH-
Hble (LeneBast UMM UCXOAsLLAsi MePeEMEHHas).
= df.drop(‘deposit’, axis=1)
= df[ ‘deposit’]

A W NP O < < X

R R R R R

10444 o

10445 o

10446 ©

10447 o

10448 ©

Name: deposit, Length: 10449, dtype:
int64

StratifiedShuffleSplit — 4T06bI CchenaTb paB-
HbIM COOTHOLLUEHME KaTeropun Ans obyvaroLiero
N TECTOBOro Habopa AaHHbIX.

StratifiedShuffleSplit npeactaBnser co6on
kombuHaumto ShuffleSplit u StratifiedKFold. Uc-
nonb3ysa StratifledShuffleSplit, nponopuns pac-
npeaeneHna MeTOK K/1acCoB MOYTU OAMHAKOBA
MeXxay o6y4yatowmMM M TeCTOBbIM HaboOpOM AaH-
HbIX.

OcHoBHoepasnuumne mexxay StratifiedShuffleSplit
n StratifiedKFold (shuffle = True) 3akntouyaetcs
B ToMm, yTo B StratifliedKFold Ha6op paHHbIX nepe-
MeLUMBaeTCs TONIbKO OAMH pas B Hayase, a 3aTeM
pa3buBaeTCA Ha yKasaHHOe KONM4YecTBO Crnbos.
9T0 0TOGpacbIBaAET NHOObIE LLAHCHI MEPEKPLITUS Ha-
60pOB 06YyYatoOLLMX TECTOB.

OpHako B StratifiedShuffleSplit gaHHbIe nepe-
MeLUMBAaKOTCA KaXkAbl pas nepes BbINOSIHEHWEM
pasfeneHns, n N03TOMY CyLLLECTBYET 60/bLUas Be-
POATHOCTbTOr0,4TOMEXAY HabopaMmnoby4atoLmx
TECTOB MOXXET BO3HUKHYTb NepeKpbITHE.
sss = StratifiedShuffleSplit(n_splits=1,
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dKcnepuMeHTanbHas 3IKOHOMMKA N PUHAHCDI N‘-’3_

test size=0.3, random_state=1)

for train_index, test_index in sss.
split(X, Y):

train_df = df.loc[train_index]

test df = df.loc[test_index]

CooTHOWeHMe KaTeropuin gna Habopa pAaH-
HbIX 06Y4YEeHUA N TECTUPOBAHMUS:
print(«CooTHOWeHUs ANA TPEHUPOBOYHbIX
LaHHbIe»)
print(train_df[ ‘deposit’].value_
counts()/train_df.shape[0])
print()
print(«CooTHOwWeHWe ANA TeCTOBbIX AAHHbIX»)
print(test df[ ‘deposit’].value counts()/
test_df.shape[0])

COOTHOWEHNUA ANA TPEHUPOBOYHLIX AAHHblE
0 0.51504
1 0.48496
Name: deposit, dtype: float64

CoOoTHoOWeHWe ANA TeCTOBbIX AaHHbIX
@ 0.515152
1 0.484848
Name: deposit, dtype: float64

Co3paHue Habopa faHHbIX Ans 0byyeHus
W TeCTUPOBaHMA

X_train = train_df.drop(«deposit»,
axis=1)

Y_train = train_df[ ‘deposit”’]

X _test = test df.drop(«deposit», axis=1)
Y_test = test_df[ ‘deposit’]

X_train

age default balance housing loan contact
day month duration \

5461 28 © 674 1 0 1 14 8 921

4220 36 © 324 1 1 0 16 5 830
5530 56 0 1480 1 1 0 5 3 576
4249 31 © 26965 0 @ 0 21 0 654
9514 30 © 177 1 0 © 9 © 62

425 1 0 0 16 5 1389
11862 © @ @ 25 9 285

34 0
27 0

8100
4223

343 26 0 551 0 @ © 8 5 531
4449 41 © 5517 1 0 90 10 5 584
2983 76 © 2223 0 0 1 4 3 429

campaign .. job_technician job_unemployed
job_unknown \

5461 4 .. 0 0 ©

42201 .. 90 0

55301 ..1 0 0

4249 2 .. 00 0

9514 2 .. 0 0 @

8100 7 .. 0 0 ©

4223 2 .10 0

343 1 .. 00 0
4449 1 .. 0 0 ©
2983 1 ... 0 0 0

marital divorced marital married
marital_single education_primary \
5461 © 01

4220 ©
5530 1
4249 o
9514 o

R ® ® K k|
®Or o
O r o

Ll

8100 0 1 ©
4223 06 01 0
343 0010
4449 0 1 0 0
2983 0101

=

education_secondary education_tertiary
education_unknown

5461 0 ©
4220 1
5530
4249
9514

=

()
© ® 00
© 0 0 0 O

=

8100 0 0
4223 0 1
343 1 0 0
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OcobeHHOCTH MaclUTabUpoBaHuA

MacwTabvpoBaHne MpuM3HakKoB — 3TO MeETO4
HopManusauuu/ctaHgapTnsaumm Hes3aBUCUMbIX
NPW3HaKOB, MPUCYTCTBYHOLWMX B HabOpe AaHHbIX,
B GUKCUPOBaAHHOM [ManasoHe.

EcTb HekoTOpble anropuTMbl, Takme Kak no-
ructndeckas perpeccusi, KNN, SVM, koTopble
TpebyoT MacTabupoBaHMA AaHHbIX A1 MaKCu-
MasibHOM TOYHOCTW.

3ayeM MacwTabupoBaTtb (yHKLMM? HekoTo-
pble anropMTMbl MaWIMHHOIO 06Yy4YEeHUSA YyBCTBU-
TENbHbl K BXOAAWMM [aHHbIM, OHM paboTatoT
¢ ¢dopMynamun pacCTosiHUA U UCMNONb3YIOT rpagu-
€HTHbIN CNYCK B Ka4yecTBe onTuMu3saTopa.

Hanunune 3HayeHuUn B OOHUX M Tex Xe mac-
wTabax NnoMoraeT rpagUeHTHOMY CMyCKy niaaBHO
JocTuraTb rnobanbHbIX MUHUMYMOB. Harnpumep,
NOrncTnYeckasa perpeccusi, MeTos onopHbIX Bek-
TOpoB, K- 6nmxanwmnx cocepen, K-cpegHue n Tak
nanee.
from sklearn.preprocessing import
StandardScaler
StandardScaler()

X_train_s = ss.fit_transform(X_train)
X_test s = ss.transform(X_test)

SS =

3aknioueHue

B pesynbTate uccnepoBaHua O6bln NpoBeAeH
JeTanbHbi aHanna ¢akTopoB, BAUAKOLWMX Ha
npouecc MPUHATUA peLleHna O BblAadve Kpe-
ANTOB C MCMNONb30BaHWEM METOAO0B MaLUNMHHO-
ro obyyeHus. Ha ocCHOBe MMeEKLUXCA AaHHbIX
6b1710 BbISIB/IEHO, 4YTO Haubosiee 3HaAYMMbIMU
nepeMeHHbIMU ABNAKOTCA AJINTENIbHOCTb MO-
criefHero KOHTaKTa, CMoco6 KOMMYHUKaLuUu
n GUHaAHCOBOE MONOXEHNe KNneHTa. Anutenb-
HOCTb pasroBopa oKasanacb KJt4yeBbiM dak-
TOPOM, HanNpPAMYIO BAUAIOWWM Ha BEPOATHOCTb
MOSIOXKUTENbHOrO OTBETA, NPU 3TOM MO6UNbHASsA
CBA3b MNPOAEMOHCTpPUpPOBasa MnpenmMyLecTBo
nepeg ApyrmMun KaHanamum KOMMyHuKaumu. Bol-
COKMI 6anaHC cyeTa M yCrnelHblA OnbIT npe-
AblAyLWMX KaMnaHui TakxXe crnocob6cTBoBanu
MOBbILLEHNIO BEPOATHOCTM 0A406pEHMA Npeasno-
XeHus.

KcnepuMMeHTasnbHas IKOHOMMKa U puHaHcbl N°3 2023

OfHMM K3 Haubosiee 3HaYMMbIX (PAKTOPOB,
onpeaensroLLnX ycneLwHoe NpUHATE KPeAUTHOro
NpeanoXeHus, ABNAETCS AJIMTENbHOCTb Nocnes-
Hero KOHTaKTa C K/MeHTOM. AHanu3 nokasan,
YyTO YeM f[onblue ANWUACA pas3roBop, TEM Bbille
BEPOATHOCTb NOSIOXKUTENBHOIO OTBETA. TO MOX-
HO OOBACHUTb TEM, YTO ASUTENbHbIE PasroBOpbI
Nno3BONISAOT COTPyAHUKaM 6aHKa NpefocTaBUTb
K/IMEeHTy 60J1ee NONHYH MHPOPMaLMIO O NpoayK-
Te, YCTPaHUTb BO3PaXKeHUs n y6eauTb ero B npe-
nMyLlecTBax npepnoXeHusa. Takum o6pasom,
ANUTENBbHOCTb KOHTaKTa CTaHOBUTCA He NPOCTO
nokasaTesieM aKTMBHOCTM B3aUMOLENCTBUSA, HO
N BaXKHbIM haKTOpoM, oTpaxkarowmm apdheKTuB-
HOCTb KOMMYHUKaLMW.

Ewe ogHMM 3HauyMMbIM GaKToOpoM cTan cno-
Cc06 KOHTaKTa. KnneHTbl, C KOTOPbIMWU CBA3bIBa-
MCb MO MO6UNbHOMY TenedoHy, 3HaAYUTENbHO
yalle NMpUHUManuM KpeguTHoe MpepJsioXeHue no
CPaBHEHMIO C TEMU, C KEM CBSI3blBaNnCb MO Apy-
MM KaHanam CBfi3W, TaKMM Kak CTauMOHapHble
TenedoHbl UNU HEU3BECTHble CMOCO6bl CBA3MW.
970 yKasbIBaET HAa BAXXHOCTb MOBUITIbHOCTU U [0-
CTYMHOCTW K/IMEHTOB, YTO AeNnaeT KaHan KOMMy-
HUKaLMN KPUTUYECKUN BaXKHbIM 3/1IEMEHTOM Map-
KETUHIOBbIX KaMMaHUi.

Takum o6pa3oMm, coyeTaHne 3aTux ¢GaKTopoB
No3BONISIET HaM CTPOUTb 6onee ToYHble U 3P dek-
TUBHbIE MOAENN Ans NPOrHO3NpPOBaHUS nosee-
HUS1 KNIMEHTOB U ONTUMMU3ALMU KPEAUTHbIX KaM-
NnaHWM, YTO B KOHEYHOM MTOre MOXET MOBbICUTb
NPUBbLINbHOCTb N YCNELHOCTb 6aHKOBCKUX Npea-
NOXXEHUN.
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Methods of data analysis and preparation for
modeling in the credit sphere

Demidov A. D., Bulgakov A. L.,

Lomonosov Moscow State University; Plekhanov Russian
University of Economics,

Moscow Institute of Modern Academic Education

The article considers the process of data analysis and
preparation for modeling for forecasting the creditworthiness
of clients of banking institutions. An overview of modern
approaches to data processing is presented, including
identifying and eliminating anomalies, class balancing and
visualization of key characteristics. A detailed analysis of the
data set is conducted, including the study of categorical and
numerical features, as well as their impact on the probability
of obtaining a loan. The main stages of data preparation
for machine learning are described, such as cleaning,
transformation and creation of new features. The paper
emphasizes theimportance of high-quality data preprocessing
to improve the accuracy of forecasts and the efficiency of
model building. The results of the study form the basis for the
subsequent application of machine learning algorithms and
analysis of their performance in lending problems.

Keywords: credit scoring systems, data analysis, lending.
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