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A Study of the Credit Risk Analysis Based on XGBoost
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Abstract:How to use data mining to process massive data to predict and analyze credit risks has become a very

important issue in the era of big data.This paper adopts the XGBoost algorithm to establish a credit risk analysis model,and

uses grid search and other methods to tune the XGBoost parameters based on AUC.The evaluation indicators such as

accuracy rates,ROC curves,etc.are compared with the models such as decision tree, GBDT,and support vector machine.The

validity and efficiency of the model are verified based on the German credit data set.
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A3 8] AXGBoost(eXtreme Gradient Boosting) V& :
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2 XGBoost4145(Introduction to XGBoost)
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Obj(0) = L(0)+Q(0) (2)

LES MR, RO A HR R, Q%R E

R, S EMULTR AR, AT A, X

BRI AL, P BIEH Fladditive training

U, XTI A B R F L, A TE 5
QU=+ 200 st rticn.

0Bj())= 37 (%, &, +3 (%, b+ w17

HA iy fMagXGBoost HE X, WAy, MK, Rrf
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3 EFXGBoostHyTi il /7% (The prediction method
based on XGBoost)
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3.2 XGBoostiySEt ik

AT XGBoost# XALAL K Z%0F : max_depth,
min_child_weight, gamma, seed, objective,
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AE3-10; min_child_weightfi & & /N7 s EEARBUE R,
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M. MTAE=MSYUEE N EEE, BEEMEEED,
BT AT M 18 R B AT R B SRR S HUE, R RE
R—MBEERRINE, ERESHE, A5 ENSHTRE
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B A BB E A S HUE,

objective® X E /ML K K%L, W HEF -
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Hp, SUES R S EEIT
A FEALRL, 4EfZd

G2, gl <2, h
2)for k=1 to d do

(
(
(3)GL<—0,HL<—0
(4)for j in sorted(I,by x,;) do

(5)G. <G +g,;,H < H, +h,

(6)Gy < G-G,,Hy < H-H_

G ., G G’
H +A Hy+A H +2A

)

(7)score < max(score,
(8)end for
(9)end for
4 SLI§4r#r(Experimental analysis)
ARSI AR E S SRR R
1 EEEHABES

Tab.1 German credit data set

JE k2P JEPEA A el Ca )

Status of existing
AP RES ALL, A12, Al3, Al4

checking account

Duration in month HHHRR numerical
o A30. A3L, A32, A33,
Credit history {5 gk
A34
A40, A4l A42,
Purpose H
A43. ..
Credit amount 15 H % numerical
A61, A62. A63, A64,
Savings account,/bonds HEMF/ i 0 6s
Present employment . AT7L, A72, A73, A74,
. ER:IEINATRITA
since A75
foreign worker ANE TN Yes, No

i fipythonif 5 MPycharm 4k L AR, 5
Tpandas, itertools, numpy%, 25l o skm .
GBDT. SVM K XGBoostBEAT 70 #7 H A, R AT K 22 X5
TER R GHr. 109738 SLIHIE) 43 5l AL FEHR 4, X L LA
BYEWKS % B Precision(Precision=TP/(TP+FP)). #H
#Recall(Recall=TP/(TP+FN)). #EMEAUCH. FI{H
(F1 Score=P*R/2(P+R). Accuracy(Accuracy=(TP+TN)/
(TP+FP+TN+FN)). EiRPHIEZRFalse Positive Rate—True
Positive RateifrZi[&E; PHIR4> 5 APrecisionlfliRecal)Z:1E
b, HARTPREMEME, FPRMEMENME, TNRIEAM, FNARE
[

o EEEAREE DAERHMEMAUCEMNITHEBIER(%)
Tab.2 The evaluation effect of accuracy and AUC value

on German credit data set(%)

eSS DT GBDT SVM XGBoost fifLJiiXGBoost

Accuracy 82.67 86  85.07 87.33 89.6
59T

AUC Score  89.56 91.84 91.50 92.98 95.45

Accuracy 83.07 87 85.6  89.33 90.67
1047

AUC Score  90.96 91.9 92.16  95.20 95.97

Accuracy 82.87 86.5 85.34  88.33 90.14
Ty

AUC Score  90.26 91.87 91.83 94.09 95.17

=3 EEEE RS LREHE . BIUNCRFIRME AT ERIER(%)
Tab.3 Evaluation of accuracy,recovery rate and F1 value

on German credit data sets(%)

PR DT GBDT SVM  XGBoost {ifb)iXGBoost

Precision 82 86 85 87 90

SHr Recall 83 86 85 87 90
['1—score 82 85 84 87 90
Precision 83 87 86 89 91

1047 Recall 83 87 86 89 91
Fl—score 82 87 85 89 90
Precision  82.5 86.5 85.5 88 90.5

1y Recall 83 86.5 85.5 88 90.5
Fl-score 82 86 84.5 88 90

MFE2FNFEI A LAK ), XGBoost gt 5#f . GBDT, SVM
TEA Wb B ES A AR ERN SRS R, RGN
XGBoost#E & Wi fatn L # A Frig st b5 X GBoost ) F-
¥ Accuracy FIAU CH L3t . GBDT. ZFrl&AHL4 51
H4.19%. 3.3%. 3.34%; PiAb/EHIXGBoost*FF 1H LL sk
B, GBDT, R &bl 5EHT.5%, 3.5%, 5%; HHHLE
HAJUM RS, W, BRRYERE,

Receiver operating characteristic example

-
-
-

True Positive Rate

= DT ROCcurve (area = 0.90)
—— SVM ROCcurve (area = 0.92)
= GBDT ROC curve (area = 0.92)

~ XGBoostROC curve (area = 0.95)

00 02 04 05 08 10
False Poskive Rate

H2 ROCH & L& B
Fig.2 ROC curve comparison graph
K2/ XGBoost, #%FH. GBDT., SVMAJROCHZ A
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(32183 TARRRAE M £0), M T RmBIRINAUC, $HAUC
AR LY, 7»RAMsESR; hIERTH, XGBoostHJROCH £k
A, X BEBIXGBoosti 4 FBOR BL

5 #it(Couclusion)

AT 2T XGBoost IR 5 H M ZEAT 2047, PATE

FE 5 AT EAR A R BAE IR, R AKX, @i

R, KREWSEIIENSHTHE, BTAUC,

H& ., ROCHIZ SO g, SUM. GBDT, XZfimi

PR BEAT X HE AT . SRR B (0 J5 A9 X GBoost 34 B

TS LS RITES T HS A B, FXGBoost

B TR AR . GBD TR R ®ALE T, ik

T R R E 2 7 FERCR 07 A E B R %, Sk 1
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