BbIlMYCKHAA KBAJTMOUNKALUMNOHHAA
PABOTA
«PASPABOTKA MOLOEJN OJ1A
KITACCNONKALUWUN KITMEHTOB BAHKA HA
OCHOBE BOJIbWMX OAHHDBIX»
Nno nporpamme npodgeccmoHarnobHou

nepenoaroToBkn « AHann3 gaHHbIX Ha A3blKe

Python»

BeinonHuna: Anbutosa [JuaHa CepreeBHa
Hay4yHbin pykoBoauTenb: K.T.H. CemeHasaes PoanoH HOpbesuny

CaHkT-lleTepbypr, 2023




BBeaeHue

Lenblo gaHHon paboTbl siBngeTca paspabotka Hambonee addekTMBHOM Moaenu

MaLLWMHHOIoO 0by4eHMa AOns kKnaccudukaumm KrnmeHToB DaHKka Ha OCHoBe OOnbLUMX

AaHHbIX.

B naHHoOM paboTe nocTaBneHbl cneaylwme 3agadum:

1. BusyanunampoBaTb AaHHble C NOMOLLbIO 6Bubnuotek Matplotlib n Seaborn;

2. BbisiBUTb Hanbonee BaXkHble NMPU3HaKM ONst Knaccnugukaunm KImMeHToB;

3. MNMpoBecTn oTHOp runepnapamMeTpoB M UccrnegoBaTb IPAPEKTUBHOCTL Pa3NNYHBIX
Moaenen knaccudukauum, Takux kak meton K-onwkanmwmx cocegen (KNN),
JNlornctnueckasa perpeccuss (Logistic Regression), MeTog OMNOPHLIX BEKTOPOB
(SVC), knaccudpukatop pepeBa peweHnn (Decision Tree Classifier), metopn
cny4vanHoro neca (Random Forest Classifier);

4. BoisiButb  Haunbonee agdEKTUBHYIO MoAerfb MalUMHHOIO OobyyeHus  ans

Knaccudukaumm KnneHToB 6aHka B 00nacTy Bo3BpalllaemMoCcTy KpeauToB.
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OnbIT pacyeTa KpeAUTHOro peEUTHUHTra

FICO SCORE vV Hanbornee pacnpocTpaHeHHble CKOPUHIoBble

The score lenders use. VantageScore CUCTEMBI
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dopMMpoBaHUE CKOPUHIOBOM MOJENM

MpoLuecc NOCTPOEHUS CKOPUHIOBOWM MoAEen

Raw Operational Data

< Cblpble JaHHble

Joins and Aggregation < CoeZMHEHVE U arpermpoBaHue
Feature
Engineering “ KoHCTpynpoBaHue npusHakoB
Feature P
Selection AN OT160p npmsHakoB

?conn Anroputm CKOpUHra
Algorith

NHTepnpeTaums pe3ynbtaToB

BcemupHbin baHk, 2019 6




(Probability)

CyLlecTByloLme MeTOAbl KpeAMTHOrO CKOPUHra

« PykoBoacTtBo BcemupHoro baHka roBopuT O LUMPOKOM UCMOSb30BaHUN anropnuTMOB MaLLMHHOIO 0By4YeHnsi B CKOpU
B naHHon paboTe GyayT MCnonb3oBaHbl anropuTMbl 06y4YeHUs ¢ yunTenem Ansi NOCTPOeHNs Moaenu,

Knaccudpuumpyrowen KnmeHTos 6aHka Ha bnaroHageXxHbIX U HebnaroHageXxHbIX

sigmoid(X)
° °
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OOGy4yeHure ¢ yuntenem

Logistic Regression

O6yyeHune be3 yuntens
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PaboTa ¢ AaHHbIMM

application_{train |test}.csv

Main tables — our train and test
samples

Target (binary)
Info about loan and loan
applicant at application time

$K_ID_CURR—————————— = - =« = - = - = SK_ID_CURR - = - —.

bureau.csv

Application data from previous
loans that client got from other
institutions and that were
reported to Credit Bureau

0One row per client’s loan in
Credit Bureau

SK_ID_BUREAU

bureau_balance.csv

Monthly balance of
credits in Credit
Bureau

Behavioral data

SK_ID_CURR

previous_application.csv

»  Application data of client’s

previous loans in Home Credit
» Info about the previous loan

| parameters and client info at
SK_ID CURR time of previous application

i *  One row per previous
application

SK_ID| PREV

""""""""""""" T | !

POS_CASH_balance.csv instalments_payments.csv credit_card_balance.csv

Past payment data for each .
installments of previous credits

in Home Credit related to loans

in our sample

e Behavioral data .

*  Monthly balance of .
client’s previous
loans in Home Credit

s Behavioral data

Monthly balance of
client’s previous
credit card loans in
Home Credit
Behavioral data

>

1.

2.

3.

>

CnunaHmne pataceTtoB
Home Credit Bank un3
TpPeX NCTOYHUKOB:

Ctapble gaHHbIe DaHKka

[laHHble KpeaUTHbIX
6ropo

[aHHble 0 HOBbIX
3anpocax KIMeHTOB C
TapreTom

[MpoBegeHme One hot
encoding



C6anaHCUPOBAHHOCTb JaHHbIX

WN3HauarnbHble JaHHble Mo TapreTy CbanaHcupoBaHHble AaHHble (MeTon

HecOanaHCUpoBaHsbl yBeNM4eHust Yncna npumepon
MUHOpPUTapHoro knacca - SMOTE)

PerynapHeie BbinNaThl

PerynspHble BbiNaaThl

Mpocpouka

MNpocpouka




OT60p NpM3HAKOB

CNT_CHILDREN

AMT_CREDIT X -

AMT_ANNUITY -

AMT_GOODS_PRICE -

DAYS_BIRTH -

DAYS_EMPLOYED -

FLAG_EMP_PHONE -
CNT_FAM_MEMBERS

REGION_ RATING_CLIENT -

REGION_RATING CLIENT W_CITY -

REG_REGION_NOT_WORK_REGION -

LVE_REGION_NOT WORK_REGION -

REG_CITY_NOT_WORK_CITY -

UVE_CITY_NOT_WORK_CITY -

0BS_30_CNT_SOCIAL_CIRCLE -

DEF_30_CNT_SOCIAL_CIRCLE -

0BS_60_CNT_SOCIAL_CIRCLE -

DEF_60_CNT_SOCIAL_CIRCLE -

FLAG_DOCUMENT_6 -

Approved -

Canceled -

Refused -

Unused offer -

CLIENT -

HC ~

UMIT -

XAP ~

CNT_INSTALMENT_FUTURE -

NAME_CONTRACT_TYPE_Cash loans -

NAME_CONTRACT_TYPE_Revolving loans -

NAME_TYPE_SUITE_Family -

NAME_TYPE_SUITE_Unaccompanied -

NAME_INCOME_TYPE_Pensioner - N |
NAME_EDUCATION_TYPE_Higher education -
NAME_EDUCATION TYPE_Secondary / secondary special -
OCCUPATION_TYPE Medicine staff -
OCCUPATION_TYPE_Security staff -
ORGANIZATION TYPE_Medicine -
ORGANIZATION_TYPE_Security -

ORGANIZATION TYPE_XNA - N ]

FONDKAPREMONT_MODE_reg oper account -

HOUSETYPE_MODE _block of flats -

WALLSMATERIAL_MODE_Panel -

EMERGENCYSTATE_MODE_No -

ty -

y -
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OT160p NpU3HAKOB

Refused

HOUSETYPE_MODE_block of flats

EXT_SOURCE_2

NAME_EDUCATION_TYPE_Higher education
NAME_EDUCATION_TYPE_Secondary / secondary special
FLAG_OWN_CAR
NAME_FAMILY_STATUS_Married
NAME_FAMILY_STATUS_Civil marriage
NAME_EDUCATION_TYPE_Incomplete higher
NAME_FAMILY_STATUS_Single / not married
FLAG_PHONE

OBS 30 CNT SOCIAL CIRCLE
NAME_FAMILY_STATUS_Widow
WALLSMATERIAL_MODE_Stone, brick
WALLSMATERIAL_MODE_Panel
NAME_FAMILY_STATUS_Separated
NAME_EDUCATION_TYPE_Lower secondary
SK_DPD

FONDKAPREMONT_MODE_reg oper account
WEEKDAY _APPR_PROCESS_START_MONDAY

/ C nomoubio criydanHoro neca 6binm \

oTobpaHbl 20 NyyLwnx Npn3HaKoB.
KBest: 20 npu3HakoB, TOYHOCTb —
0.844.

CambIM BaXKHbIM NPU3HaKOM oKasancs
npusHak «Refused» («OTka3») 13
cTapblX AaHHbIX 6aHKa.

NToroBbin pa3amep gaHHbLIX COCTaBun
526466 cTpok 1 21 npusHak (BKroyas

\ Taprer). /
11




Busyanmsauma AaHHbIX
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Busyanmsauyma OMHOMMHAJIbHbIX

HOUSETYPE_MODE_block of flatslAME_EDUCATION_TYPE_Higharssiicdsmat ATION_TYPE_Secondary [ secondary special FLAG_OWN_CAR
350000 T T T T 3sno00 1 400000
00000 1 “annao 4 300000
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200000 Frren,
ORI
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100000 100000
100000 L
50000 50000
0 b —v—.- 0 o-
000 025 050 075 100 00D 025 050 075 Log 0ob 025 050 @75 L00 LoD 025 0SD 075 LO0
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Busyanmsauymsa 6MHOMUHAIbHbIX AAaHHbIX
B pa3pe3e TapreTa
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y_true

MeTopa k-6auKamwmnx coceaen

y_pred

MaTtpuua ownmbok

- 50000

40000

30000

20000

10000

precision recall fl-score  support

e 0.86 ©.97 2.91 52567

1 8.96 0.84 8.90 52727

accuracy 0.91 105294
macro avg 8.91 0.91 2.91 105294
weighted avg .91 8.91 0.91 185294

OTyeT o knaccudukauum

trom sklearn.model selection import GridSearchCV #co
knn2 = KNeighborsClassifier() #cozpgaem cnoeapb BCex
param _grid = {"n_neighbors": np.arange(1l, 18)} # wcn
knn_gscv = GridSearchCV{knn2, param grid, cv=5)
knn_gscv.fit(X train, y train)

knn_gscv.best params_,knn_gscv.best score_
{{'n_neighbors': 2}, 8.9828235518825)

Moabop runepnapameTpoB

15




JlorMcTnyecKkaa perpeccma

precision recall fl-score  support
@ .82 8.92 ©.87 52567
-45000 1 9.91 0.80 .85 52727
- 40000 accuracy .86 1895294
macro avg .87 .86 0.86 185294
weighted avg 0.87 B.86 0.86 185294
35000
OTyeT o knaccudukauum
@ 30000 # Grid search
c from sklearn.model selection import GridSearchCW
o 25000

#0nNpefeneHMe TUNEpPnapaMeTpoE ANA NOFMCTHHECKOW PEerpecHu
20000 hyperparameters = {"C": [1, 2, 3, 4],
"penalt}f‘l : [ " 11 " B lllzll] .
"solver": ["sag", “saga"]}# L1 w L2

15000

[ ] logreg best = LogisticRegression(penalty="'12", C= 1, solver = 'saga')
10000 logreg best.fit(X train, y _train)
5000 MonGop rmnepnapameTpoB

y_pred
MaTtpuua owmbok 1 6




CnyyYamHbIn nec

precision recall fl-score  support

- 50000 e .95 e.9e 0.92 55962
1 ©.89 0.95 0.92 49332

accuracy ©.92 105294
macro avg ©.92 0.92 ©.92 185294
40000 weighted avg 0.92 .92 8.92 185294

OT4eT 0 Knaccudurkauum

30000 param_grid = {
'n_estimators': [8@, 98, 1@, 11e, 120],
'max_features': ['sgrt', 'log2’', None],
'max_depth’: [None,3, 6, 9],
20000 'max_leaft nodes': [None,3, 6, 9],
¥

y_true

grid_search.best _params_

10000 {"max_depth': None,
"max_features': None,
'max_leaft nodes': None,
'n_estimators': 88}

y_pred MoaGop rynepnapameTpoB
MaTpuua owmn6ok 1 7




/lepeBo pelueHum

precision recall fl-score  support
e 8.89 8.94 8.92 52567
1 0.94 e.89 0.91 52727
40000 accuracy 9.91 185294
macro avg 9.92 0.91 9.91 185294
weighted avg 8.92 8.91 8.91 185294
30000 OTtyerT o knaccudukauum

from sklearn.model selection import GridSearchCV
params = {

"max_depth': [None, 1, 2],

‘min_samples leaf': [1, 2, 5],

"criterion’: ["gini", "entropy™]

y _true

20000

10000

dt_best = grid_search.best_estimator_
print(dt_best)

DecisionTreeClassifier(criterion="entropy', min_samples leaf=5, random_state=42)

Moabop runepnapameTpoB

y_pred
MaTtpuua ownmbok
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MeToa onopHbIX BEKTOPOB

precision recall fl-score support

- 45000 ) .83 0.93 0.88 52567

1 ©.92 9.82 0.86 52727

40000 accuracy 0.87 105294

macro avg ©.88 0.87 0.87 185294

35000 weighted avg .88 0.87 9.87 185294
30000 OTyeT 0 Knnaccugukauum

# Beibupaem napamempel dna nodbopa zunepnapamempob
25000 param_grid = {'C':[@.1,1], ‘gamma’:[1,08.1], 'kernel':['linear','rbf']}

y true

grid = GridSearchCV(SVC(),param_grid, scoring = 'f1',n_jobs=4, return_train_score=True, refit = True, verbose=2, cv=3)

20000
grid.fit(X_train, y train)
_ _ Fitting 3 folds for each of 8 candidates, totalling 24 fits
9700 15000
GridSearchCV(cv=3, estimator=SVC(), n_jobs=4,
param_grid={'C': [©.1, 1], 'gamma': [1, ©.1],
‘kernel': ['linear’, 'rbf']},
return_train_score=True, scoring='fl', verbose=2
i i 'f1' b )
grid.best_params_
5000 {'C': 1, 'gamma': 1, 'kernel': 'rbf'}
red
P Moa6op rmnepnapameTpoB

MaTpuua owmbok

19
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10000 -
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I
0 1 .
y_pred banxafimue coceqn i i
- _ i 0 1 .
y pred ,Z[el]f'BO pPEeII¢eHAA
- 45000 - 45000
| 40000 - 40000
o 48384
- 35000 35000
30000 30000
u
c
25000 o 25000
20000 20000
15000 — 42392 15000
10000 10000
5000 5000
0 |
y._pred OnopHbIe BEKTOPa 0 JloraéTHYecKAs perpeccHs

y_pred

20



1.0 A
0.8 -
oz J” ] e
[ ’
= 0.6 s & 0.6 &
w - o 2%
= i > 4
= - =] X
n P 7 4
& -~ g
E 0.4 4 R o 0.4 o
- ’
= ’,»’ g P
- . ,/’
rd
0.2 ,,’ 0.2 ’//
e 3 P4 Cryuaiiablii Jec 1.0
e bianxaiimuae coceqn ”
007 ” 004 *°
T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 Lo 0.0 0.2 0.4 0.6 0.8 1.0 087
False Positive Rate False Positive Rate
[
T
2 0.6
1.0 | 1.0 - g
=
%]
&
o 0.4
0.8 1 0.8 2
2 = 0.2
e 0.6 = 0.6
v y
= =
5 § 0.0 1 JloracTHUYecKAsd perpeccuan
v 0.4 v 0.4 1 T T T T T T
g = 0.0 0.2 0.4 0.6 0.8 10
False Positive Rate
0.2 1 0.2
e s
-~ HAepeso pemeHni - OmopHEIe BEKTOPA
007 ~ O
T T T T T T
0.0 0.2 0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate False Positive Rate

21



BbiBOAbl

1. B pamkax paHHoM paboTbl ObiNM BU3yanunanMpoBaHbl OaHHble C MOMOLLLHO
onbnuotek Matplotlib n Seaborn,

2. bbInu BbIABEHbI HANDONEE BaXXHble MPU3HaAKM ONS Knaccuukaunm KnmeHToB

3. bbin npoBegeH oTOop runepnapamMeTpoB M uccrnegoBaHa 3PGEKTUBHOCTb
pasfnun4YHbIX Mogenen knaccmukaummn, Takmx Kak metoa K-6nmxanwmx cocegen
(KNN), meton onopHbix BekTopoB (SVC), knaccudpmkaTop AepeBa peLleHnu
(Decision Tree Classifier), meTog cnyyanHoro neca (Random Forest Classifier)

4. Hanbonee  adbpekTMBHbIMM  MOAENAMW  MalUMHHOrO  obyyeHnss  Oons

Knaccndukauum KnneHtoB OaHka Ha 6naroHageXHblX UM HebnaroHageXHblX
okaszanucb Meton k-onmxauwmx cocegeum n mMmeton CrnyyamHoro neca.

Hauxyawue meTpuku nokasana Jlormctmyeckas perpeccus.
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