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Abstract

The research on the loan default risk of enterprises not only has important practical significance
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for financial institutions to solve the problem of “reluctant to lend” and prevent credit risks, but
also can put forward targeted suggestions and measures for enterprises to standardize their own
operation and improve their financial situation. This paper, based on the enterprise loan default
data of an organization studies the default risk of the enterprise, first of all to the original data
missing value processing, feature selection and unbalanced data processing, and then uses four
machine learning methods of logistic regression, random forests, XGBoost and LightGBM for data
modeling and analysis model, and advantages and disadvantage are compared. Finally, GBDT
model is used to calculate the importance of features. The results show that: 1) The prediction effect of
the three integrated models is significantly better than that of the single model; 2) LightGBM model
shows the best prediction performance among the integrated models; 3) The tax payment and the
credit obtained by the enterprise can be used as an important reference to judge whether the en-
terprise will have the loan overdue phenomenon.
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2. XHRGRIR

BEE N TR BREIR RN KR, A2 AR R THLAR 5 0 SIS B RS PPl 7 v B IS T =F A
WHICRER . BN, s sCL BT A\ (7B 29 RS R 0 &, UEBE T @t itk BIE AL BP M4
W 248 B0 A A ] A3 240 JRURG VP A N P o R v A P [ 1] R SRS AL BT 5 AL 4515 P XU P e
RS A WIS F = k45 A S 2 ST 7T [2] . 25 45 B4 SMOTE Hik SEEbLA
MRAHSE G ER T ELER I il 20 71 (1 0 55 RS PR B Y, P T R AP I TSR [3] . i 7k BHAERI T 51N
5 R A SVM BV E AR S N A AT RS 2 S TIOR8, 45 SR R R A B L B — SVM B K
FEHE S 8.97% [4]. AEEEEH PCA. SMOTE i it WK RiEHAT S H TR SYM BLBUARZS & %) 4
WAF AR HEAT W 7T, 45 SR BT A A i A AL B T v ) A e ME AN TN R 77 [5] . AR AR SRS XA S0 BP
PR X 25 75 S B N FH R 2 ST NS L 55 B N Jm i A DA K I8 B 46 R 2 B KA R P, $R H — P T O
BURLE K HU(IDGSO) S 1) BP A IS B il vk, FF AL EENT T /N A Il AS P XU VP Al B, A AT
RhE T TR 6] -

3. BEEFE

AR BT T2 A9 | BEHLAR AL . XGBoost (Extreme Gradient Boosting) 1 LightGBM (Light Gradient
Boosting Machine) P4 % 7L % 1 b D¥ 5 i 240 B4 EAT GERERIE 70, AR BIF 70 25 SR 3dk th Tl 14 e me PR P A5
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B, NAERHUAEHT R E Bt 2% Horh, @ EIARA R — P — B8, A T e 5 (0 B0 R
BRI NS, HAazR B0 THM . @SR, A0 2N BN S —Fh
KESr K EARH R, N0 ®RiE, ERER 2 . Bl S8R Bl g - R R 4
XGBoost #&—Fh3E T GBDT (Gradient Boosting Decision Tree) (4 K%, B AU 2% o6 B 4T —Fr 2
RIE, i HA IE AU B O R o, A ks ) TR ) R 2R R IR OO i T AR A T 5
LightGBM & —F 5T GBDT MU RS, FEM TAOEAEARZS K HARRE4E RS 5, HHA

ISR NAF G RAG HER R & LR SR AT T A 2.

4, SCHEST AR
4.1. BIEFKIE

AR SCEEF BN I A B OB L B AT SE R 7S o BB TAR FE . @O Ll RRHE A AT i
BIFE AT Python3.8 S8, {4 FH 1) 423540y pandas. numpy. matplotlib. sklearn. xgboost. lightghm %,

4.2. BiEREAR

ARSI A 8 MR, il Mk 1D (k). UFR S AEE NI LB GRS A
MAE R, MERBBUSE. SEMER N R, HEFRERE R, YECHBRE L. 28
£ BRI 1 Ars.

Table 1. Basic information of variables

=1 LEERERL

B ESit] N
4k 1D int64 00010426
AR A A A DY int64 1
AR IO B AR A0 float 76,959.7
LIEHE float 20,758
4 [H BN B float 32,400
EES R AVEA)SY float 40,487.53
ARSI AT LA float 45,000,000
LAE CHEAE S float 15,000,000
Table 2. Statistical description of variables
= 2. TENG iR
A AR PN /ME B bRz HHALEL
H AN A 2,040,000,000 -540 22,296,550.39 122,608,799.27 432,583.65
L 45,000,000 0 783,581.21 2,701,843.58 176,223
| B 4l B A A0 12,800,000 —243,798.8 656,452.05 1,544,412.93 87,458.04
SRR SE 19,100,000 0 372,694.25 1,537,349.98 8305.58
RAFIZ AT LA 3,590,000,000 0 119,289,179.91 330,324,069.82 16,500,000
EL IR AR A 1,650,000,000 0 71,390,498.14 179,437,531.86 11,750,000

MWRIEE 2 Mg rT g, BRE A& b B TR e

BUAC R R A, B aE
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4.3. HIETMALE

WRIGASCHIBE TE N I R AEVFE” AR, KA =0k AITFREm s,
1 0 %) AV HEII(ESE, i 1 3oR)MBA SERAE 2o BUOAASTIE 78 3 U8 Ak ST K 249 AU
I LRI FE A BEAT N AT SR 5, AR 2 ZOR G AR SRR« R BRI AR A
NZEERIER, %A R B E AL AT BRI B 5 2R 4R Rl Ax 1215 Zemfokic . 558, MEJR
SR HSCHE B TT LUK DUAFAE B sk SR S 0, BB LS 48 N R AIE 1) s R SR A DL EAT e vh (S5 R n 1 1), MR sk
RAELEHIR T 40%F4FAE, BUMHER 2 4F ik 4R B B AN B AU 2 E S (R B LA BV =R 285
XTERRAL AT AL B, SEROR RRARL SR P S A O AE NG FRR RS ID SR PSR MR T35 2 MY
TCRMIBR, S B b b A BN B BT A SRR, AT I (EEAT S Ab
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Figure 1. The proportion of missing values for each feature

B 1 B EFER SRS E LB

23 AL LG (B ARIE A 3 MRFE, 552 Jkidsk, AT H@Iric A 534 %, AR
BOYIAICRA 18 5%, BRI NP EdatE. Bk, AR SMOTE | RAE 7RG I 7 R4
Hos, ENRENLE S| A B A EREAE O AR SR B 534 A, WIS HCHE SR 3 P a2 .

44, BIIER

1) BRI . 12 7:3 B LR s SR AR HE BE AL U K23 B e I SR An a4, Horh i)l ik
A 747 sk, MRS 321 Kl

2) BRI, K7 AR DRI HL #5247 U1 25, Hrh XGBoost £ A1 LightGBM A5 Y
TS RATEEA A DBk TR BRI S E, PO RIS S . FE A, & — MR sk
ML, JFH ROC-AUC 1H(ROC M4 T IHIA)IE Ny HARBREL, 12 bR 5 (8 8 i 2 AR A 7 SR AR B
Uf. WMZERI, X XGBoost AL, WA ISR EL, HIEHEIASE: X T LightGBM
B, S EREES T AR, B RS R sl 25 .

XGBoost B AL 24

Booster = gbtree, objective = binary:logistic, learning_rate = 0.3, max_depth = 6, min_child_weight = 1,
n_estimators = 100, n_jobs = 16, reg_lambda = 1, subsample = 1.

LightGBM H M [ fe . 24«

bagging_fraction = 0.97, feature_fraction = 0.94, learning_rate = 0.03, min_data_in_leaf = 10,
num_boost_round = 1500, num_leaves = 60, max_depth = 7, num_threads = 8, bagging_freq = 5, num_class = 2.
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3) MERITI o R HE AN N SRl AR A5 BUAR L TIUAEL, AR PP A Fi Ao DU AR A g Tt
RRHEAT Pl -
4.5. {REGFE

AR SRR TR I HE B [7]F4) 4% T o oxok DY A 2R R T SR AT VA, S5 R A0 2 o

precision recall fl-score  support

0.0 0.6727 0.2242 0.3364 165

1.0 0.5188 0.8846 0.6540 156

accuracy 0.5452 321

macro avg 0.5958 0.5544 0.4952 321

weighted avg 0.5979 0.5452 0.4907 321
@)

precision recall fl-score  support

0.0 0.8701 0.9333 0.9006 165

1.0 0.9236 0.8526 0.8867 156

accuracy 0.8941 321

macro avg 0.8968 0.8929 0.8936 321

weighted avg 0.8961 0.8941 0.8938 321
(b)

precision recall fl-score  support

0.0 0.8800 0.9333 0.9059 165

1.0 0.9247 0.8654 0.8940 156

accuracy 0.9003 321

macro avg 0.9023 0.899%4 0.9000 321

weighted avg 0.9017 0.9003 0.9001 321
©

precision recall fl-score  support

0.9 0.8869 0.9030 0.8949 165

1.0 0.8954 0.8782 0.8867 156

accuracy 0.8910 321

macro avg 0.8912 0.8906 0.8908 321

weighted avg 0.8910 0.8910 0.8909 321

(d)

Figure 2. Comparison of evaluation indexes of each model. (a) Logistic model; (b) Random forest model; (c) XGBoost
model; (d) LightGBM model
2. HIEENTMEFRATEE . (a) BEMEYIREY; (b) FEHNARMAREL; () XGBoost #22!; (d) LightGBM %!

K2 1, “accuracy” FNBLALAMERGA, RITRIIEMIIFEA SRR LG, DR e 2R
53179 05452, 0.8941. 0.9003. 0.8910, wJLAF Hii8 4 [l A5 AY frvHE i 22 I, XGBoost 454 FrIHERf 2 i
1, {H XGBoost 5FEHLARMA LightGBM FIHERfRAHZE RN “precision” RoskEffZ, BEITIIZEA N IES
() HIREA rh SEBRRAY o IE 2R () LR, “recall” Fom A Ial3, B SZRRRA N IER (5728 HIkEA T
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TR AR IE SR (AR IR LU, 1T “fl-score” AE [R5 i 1 BB ARG ff e A0 A Bl 2, AL T 1
RPN E A ERGERIT . SR IERFEARCE Sk B, A 1.0 RoR) fl-score {E IR MK BN
45579 0.9059 > 0.9006 > 0.8949 > 0.3364, X W] DU AL XS 1IR3 B8 71N 5E 255 7371 4 XGBoost. B
UMK, LightGBM. ##[aIH, HAT =FEARAIRe AT . SRS, B — Rk R AR 17328
ROR AR, KA TR SR TR SEIE(FE LR XGBoost F1 LightGBM), 1% @It 4 i Sk BT
BA Rk RE . WEARHERR R N7 251 fl-score IEKE, = MEREEAENIEE L T FAe 2
AR, EE AU A FIMAREE R, XGBoost AL [ 70 R s A F-BEH LAR AR A LightGBM.

Kl 3 NVUF AL ROC 4k, ROC 2k 2 i B i o FME A 2T HE, B2 )R B Sensitivity
(RIE)FI Specificity (¢ 5 M) E LA B MLE A fabr, I mm T4 A, BPihZ T 75 B R i (AUC
)RR, TSR IR (R T R Rk . T RLE H, BEHLARAR. XGBoost 1 LightGBM [f] ROC HfiZk ¥ &
R T AR E R A L, AR AUC {E43 508 0.94, 0.94. 0.95, B3E KT ZHEEIAHAK AUC H
0.74. XTI = AR EVE TN R B2 0 T B — MY, X855 2 A HARPEM 8 AR 1S I 45 18—
s HA AUC HRFE , LightGBM 7Y (1) Tl R4 S ZEWE A T-BEHLAR MR AT XGBoost, X5 Z i 145 18 A [
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Figure 3. ROC curve of each model. (a) Logistic model; (b) Random forest model; (c) XGBoost model; (d) LightGBM

model
3. BIEAIH ROC fhizk. (a) IZ4EMEYIMERY; (b) FENLARMIESR!; (c) XGBoost #£8!; (d) LightGBM 1Y
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N BRI AN L TR AN S AR, (RTINS 2B R B 2 AR AR A A B R R — I A
MR, BT CARRATITE A B4 B AT DAy 2 R N R 5 758 UIRUE T SES8, DMER A FIH OH
MRS RBUR T RE 2 A BUE B, FETHE =P8 sl BUEAS SUIRIE T [ FLIR fl-score {F I3 {E AT F IR HE
WhRME, 4R WNE 3 Pron. AJLEH, = EMIER T LightGBM Y f1-score B AITHE A # # ik
K, XK LightGBM A58 [ T 14 e ZE s P T HAR T AMSERY, (A2 7E Al B 39 249 JRURS: T ) 8 -
AR E M . BRSO AR SC 1 B AR = AR A [ TSR AR ZE AN K, AEIX 32 B PR AR SO S
TR FEAR HFE AR B /N o FERFIEAERUR =1 BFE A EIR KIHEHL T, LightGBM HEAY A Bedl K3 AT 5
AR R I I e PRAIE T 5 2 [8]

Table 3. The five-fold cross-validation mean of the three integrated models
= 3. ZHERIREM AT NEIESE

BEALAR PR XGBoost LightGBM
f1-score {8 0.8873 0.8814 0.8932
WA % 0.8839 0.8783 0.8895

4.6. FHEEEM

FELE Y S AR Y 5, A SCHAE (] GBDT ARV = AMRFIE I 2k . £ Ef3H] Python B4
plot_importance PR ECK IR N A, HU(EBOCRBIZ R DR E 2, 855 WA 4 s,

DS S50 0.1818

RIGIRAE BB 0.4039

HRL A S 0.4143

1 1 1 Il 1 Il

0 005 01 015 02 025 03 035 04 045

Figure 4. Characteristic importance
B 4. FHEEZM

LERERN], =ANRRAEA AR KB MR YO BB AT SRR S AU SRS 2, Horh
AR BURIRAGF RS B A EENEAZ AR, #N 0.4 ih. pHrizg REATT SR W N JE7R:
FH IR S RIATL R L2 X ik AR DK B R EAT o s B 7 ORIE AR A U . Anlk A NS S B4
AT DLEE i RVE Al I 25 LA A OB DU AT B e OB TG DL o AL D00 AT LA TR 2 s iz Al (42 B IR
Dly BUTROL. EETTIE . AFBEEER, A BT MASE A BB 73 A — > olk (3 ST RE AN H IR
i B A VU A W 2R AR 1 O T DAS R ELAR LA 0 2% Al (A5 AR R BE DA R iz Al )3 s i B A A
RERL, A BT A R e R U B 58 2 75 SO DS DL R R 2 D AT R L 2 2%

5. &g

BERS A4 A2 A DR IE 2 [ R, ASOMI AT Python B2 T-HL a8 5 21 U5 VA i3 240 RS DA
BB, JF AN UL (0 Al B ods L0 Bl N B EAT SR T AT o 1 S R B R AT G R B AL ] L R IR
A5 A B8, SRR B AR 2 IR AN it 4, JE AN Z AR . BEFLARAR . XGBoost
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A LightGBM DU R BEAT YIZRA TN . S5 5R ] SR G TRIBHEFEM ROC LI Z My, W UAIUS
R AT (BEHLAR MR . XGBoost A LightGBM )X 433 fia 71 0 Tl R R I AL T B — 5 R (B2 4 [l VT A
M), I BAESR AR LightGBM ALY e i (R B, FL T T3 A8 SIS AR SME 3 KT 0 AR AN SR
A, X EHEHAER . WAAHFR. SCROHMT I SR R DIAOG . I, 25T LightGBM 1
T2 (KPP Ak BRI X SR ST 44 il AR AT BT SR T — A W IS, e REHE B SR B i st e £
FEL AR IR, e, ASCRIFH GBDT BRSNS #d A b (K RFAE B ZEME AT IPAS, Ik
HIZN LG DURT B 22 3RS IO 3R A5 1 DU Bk 55K, 73 %5008 0.414 A1 0.403, I AMRFAE A AH AR DL 124
NFIWTZ A 2 R B DI R N E 2%

ARSI R ZACAE T BEHR R BN, Ba R FRF AR AN SR D, Tk 78 70 A D R AN TR S AR
A ZE 5 . RIS, LightGBM M7 AN MR A AT BE 2D (22 8], W] DA5 8 A e AHAR R ki s 2 —
AR T TR P A Tf 2 R AR SE 1%

E&WE

AR 76 B AR R 5L 4 (2018 GXNSFBA281185) B .
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