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Abstract

In today’s era of big data and artificial intelligence, the application of machine learning in the field of
enterprise financial early warning is a hot topic, and the XGBoost algorithm is one of the most im-
portant machine learning methods. Based on a review of relevant research on financial distress pre-
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diction for listed companies, this paper proposes the establishment of a financial distress prediction
model for Chinese listed companies using the XGBoost algorithm, which is rooted in machine learning.
This proposal arises due to the shortcomings of traditional statistical methods, neural networks, de-
cision trees, and the GBDT algorithm in financial distress prediction, such as low operational effi-
ciency, slow computation speeds, poor learning efficiency, lack of cross-validation, overfitting, ab-
sence of automatic feature selection, and low prediction accuracy. The result shows that: XGBoost al-
gorithm has a good identification of the financial warning of Chinese listed companies and has a wide
applicability and promotion value. The paper enriches the traditional company financial warning
method and provides the new idea of company financial warning.
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1 MIRERSEX

AR, A PUE R T ARG Rl 55 SOl ARBUR ST T2 0% . MRt —
ANEEGUE, PATISERER R TIE =4, BEE. 6i0F. e, MERSESMERR T A Ca B Wi
RS, HRATHHIAMEN G A3 E, Al ssidEf. EmkEd. SFEembliam
e B 2 RO 1 DL PR EEAN I, 1T 24 ) DRI 55 UK 00 55 T 2 3 AL B P B B PR AN o DRI, o 7 P 5
B BRI LT FATI ST, CEIE A TR TR, AN R AL I 55 R
RAPRE AT AR IE. £REIRNERT, LRNYSEENSTHS BP #hL M aE7K
THEAMECMR USAT RCRAR, TS . 2 RRIR. SR XIRAE. A 5 A WG T AShIFE. B
DUHE PEAR S5 T A 1), 03 2% (R B AT 37 U i LR R B (U 55 U8 U i——2& T XGBoost S92 (911
S5 VUE JTER O LRV T T R, AR U 55 T A A . (R, ASCRIRT U AMERT BLE S
TG R 55 TS B 5073, T HOW T KRR . b2 E F . BURFE BEESTIAN B3 AT 370 ) R Jee
AEBEINR S, W55 TUE A5 ok BN RSB v 55 A 9 42 M) 5%, o i o 1] r Ik eR
v BBHRAT REAF]. RISA R SEERIA . BT AR AL R ™ A B .

2. HERERIR

AT BT A FIA S TR R T, KEE DT T LRI (1) A TE: (2) Gtk (3) #f
ML (4) FETHIZMMER KMV J5i%. (1) E@tkatrik, 22 5C ZR AN LAPP JRII, 5C
BR Mk E N Character fi#%. Capacity fit /7. Capital %4<. Collateral 48§, Condition ¥f1%%% 5 4
J7THRAATIE 55K LAPP JE I = 2L\ Liquidity %3l Activity 7&3)). Profitability % %], Potentialities
W15 4 ANTTTHA ISR BRI Z ANEA AL 55 73 Mk RANIROR LG E A ik &, I 75V AR
fe: EUMMERGE, ZAMEUEWA, AT wiREEDIITREZ, S BAARHE, E2 i A 2 55 N,
E4M A 20 tHhad 60 SEARFFUR, WK T4t irik. (2) giitsrtik, Beaver (1966) LAkt 29 ANt
F AR SLAR R R, B Z AR AR R R W B LR, I 55 i b A 5 M i b £ 1 B R R (1]
2, ety B k™A, W BURERNZ CIES oA BREAFEZ BRI, B
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7 ZE B A R S A 17 TSI R A K DA R X AR R . (R, SR 2R R Logistic 25 77 V2 ST A5
A1, Ohlson (1980)FI H Logit [Al VAR M A VB2 MR, RITEREAR SR LU 2 1), A 55 Fa bmon) T
A EMIEER2]. (3) M&EMLL, 20 thad 80 AR 90 FARY], MHEEEHARNIKE, WAL
FTFERBINTAERWS, eI RS oA AELRPERE 2R, 5 e DR /N AR SO
SRR A AR BRI SRR NS RSN . (4) THME KMV %, 20 4 90
ERE IR T 2B 5 KA, R BARERMNE: KMV AFFFA K KMV #% 5 JPMorgen 4R
1T 1997 4F7E VaR FA [ AE F 2537 1 CreditMetrics #4751, {H CreditMetrics #7445 1R 2 2807 EHfi €,
WEEGGERAERE . B 2 M PSS R 5. IR A 4, XS HOk A KIS SRR R, BarhE
KD A Geit Bkt . B E 2 F 00 45 T e, &M 20 e 90 AR G TP LG . ARINR
(2009) )37 A E W J7vE T 11T 23 7l W 5% 43 SR 1) BRgEAT T WP AR 9T [3] . FIVPR(2022) 55 T-— M5 o AT A,
IR RN AP RA AT RN S TF RIS DL iR B A M . S5 25T 2014~2020 R
T8 7 W 45 B ) = L AR B A Y, RIS AT AR K 2 oo B ATk 22 S S5 e b o Al i 35
AV RAFERE LW, SALA A2 e 8 SRS 2 AN [F)FR 2 M 55 KAt Mk 281 55 5e 5+ 0 25 401
FNHIR[4]. fEIZ2H Logistic BiR 5T, F252(2020): -l Py A58 JRUBE B2 M K1 28, g 2 XU TR 45 A A
%, 1#H Logistic SRR FRIE LM G, ROREHF[5]. #E Z-score BRIz 710, A 250 (2022)i# it 4%
AR R FD Z A IAIE B T 580 B 8 % A 3 20 il E A 1R = IR 5t 25 1 20 UK [6] - 75 0H(2018) 4%
IR IR 300 AR HITE 1 438 S Ai A FE R, T SVML XGBoost FilAi £ [ 26 A58 84 1) i 14
e, WEFL4E FR W], XGBoost HATE T HER 2 LRI H [ 7] i —18(2021) PLGEHOR TS 8] f3i %%
WONLE A DR B R0 20 BT R & S R 3 AR VPN 4R b, IERIH AUC ELAE PN T b g AT X L 23 #7
Eb A T XGBoost A1 LightGBM Ly 7E Sr sl £ T o (1 808 o BFF T R B, 76 TR0 #ERf M 75 T, XGBoost
NG —E[8]. BERURI 22725 (2021) JEAE T S bk Hvak B A4 70, R XGBoost % HEAT RFAEM
b, 5 LSTM HykHHT TXE[9]. A7 (2021) ¥ i A ARt Fe vt %, HAH L5 R: SR 17E
XGBoost 2 T A fe AL H B s ) HER FE[10]

gE LR, XSS I T, SRR LEGR G 2T GoiT o BT RN X 48 5 ik sE K
X LG T M DLR OB AT BRI THER NS . 22 )RR, 2 A8 XRE L& TEE IR T
FEEARCEE T THI FRD 100 R, 0T 5 4% 1) 4 ik 77 3 ) 75 B4R 20T () 0 55 T8 5 1R i e [l i, 7 2 T e 2
SJERIR ¥ XGBoosts 2k fE L0 % W H A, Ref A AU IS AT R AR, THEDE NS, 22 )RR, B
ZANIGUE WA AL TR ARSI A, Bk, ARSCEGRRRIZE & E A 2 LA B
TR R b, B L Wind T2 F S5 PR AR EOE P A BUERE AR, K% XGBoosts B2 T BT A
(II0F 55 T A, AT B FH A 2

3. XGBoosts &R M B T
3.1. XGBoost &%

XGBoost /& eXtreme Gradient Boosting [ f&#%, BI4 fEshEIEF 5%, /& GBDT (Gradient Boosting
Decision Tree) I3 EAIBGHE, M2 M RAAE 2014 4E kIR . JEALFE /2 Gradient Boosting #i%Y,
XGBoost &L IEACHS ™ 4 — AN FGTRMAEAL, SR E AL SIS AERL SR 54— 25 55 TN AR 2 A= i 1)
PR #2155 bR B SRR RE 7 ), IXREE 20 DA 3t mT LAIK I T 451 2% bR BUR S e MELIG H AR . B IR
FOARER T AT DU IR R, R DUR AN K de . X L B LSRR R ) SR AT T

ERMPSRBIEERR: § =T, f (%), U RofU =1 (x) =y, |, f REH TR et
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B, U BT B s SR A w O — U SR LT, o A BB, AR R S S5 7
5k obj= Y 1(y,, §i)+ 2 Q(f,), SR, e | R TIL § B FRRE S y iR, B
43 R A L SRR 1) 24 P R, 3% A S SR 8 e 1) 4 R BTG PR BB B F e GSD 246407
iEtRAL, FTLLRAT boosting 77 2%, BV — VCHSYE (% B JEUBERL L VR I — AN BT R B 1, (%) o JEHRAERT—
SEINHT R EUR I TR AT AL FARER MR AR O/ o T f, AT LM (LA EAR B, 21 2 B8
| RTIRER, DR FARREG 2R AT R M3 AAT AL, 00T DU 2880 IR 34Tk
P BRIH B B B AP 7 R ZE I B H AR 8 g —, Bl C(t) = z:‘zl[gi fo(x)+1/2h £ (%, )J+Q( f)e

3.2. XGBoost B3k o4

RIS ik MM, MR GBDT Sk tL, LEWiE bk, HHHEEE &R
1%, XGBoost titidk 1532, FHHMH CPU JTHATIZ LT, SIAT IEMMEI, 7Em 7 SHd
(1 [ B P AR RS BE o LU, XGBoost A W1 FHIR AL (1) HATZLFRIME: JATRITE, f£5uksk
PRI 120 BB S A AE AR AT HE . B8R Boosting 52 ER 2 i AL FE Y, {5 XGBoost fEEAZ /T, 46
171 block G BT TIHE T, SR 5 TE 2 a5 WA POk AR i B A0 X 250, BRI T AL 14 &, XGBoost
(34T AL FEAT b GBDT AR K KR & TIZ A f1. (2) JFct:: P Al LLZE(#E ] XGBoost 5 BN [ 4T &
SARAEARAERT H bR, 8> T i AR 2 B B IR . (3) BRICMEALIE. 4REALEAE BN, XGBoost fE
H Bh2 31 5 3405 1), TR FE A R AR BB B IR AT B AR B i o (4) #5023 T2 . XGBoost 1E 4 1Ki%
RZJG, 2RNTFE RIS Tl AR s, BRI R T BCGE, S TR
e S PR T A ) 2% 8] o (B) IE AL 7F GBDT R rh, A IE AL, 3 ORI ()i 004 FE M =1 » 177 XGBoost
MELE AL 22 5] NIEMII, $&T+50E45 R ENL, W80 T8RRI IAE IS . (6) 28 XIRIE: J7 ik
BRIFMSE, LRI 30 BTN &R T, ARz T, BatFib@R: (7) Fl
Ff: XGBoost 2 BENLARMMIMIE, SCREFIMAE, XFEARERT 1L LA, EREFRR T
4. BRERSEBREE

7E WIND W 5% 2t debn, MR 71(30) Wi i (5). BEARLEMI(17) #2fihRe 1(31). HighE
(13)« IAIE (L) ANANYERE T TR R T 107 MY S FEFR AL & . AEAS F AL 45 (10038 $8 [ A 75 24 e I 2% T
BRI, WmRATERE, AFHHEAAMNEZEIMANB I R TEA ISR, TR e AR EES
BT, PRk — A IE M HAR RN, — Bl DU LR R TR RN TEE. TR
(& P (R AR S Ao 1 Robust, BB R (R FFAE ST AR SE) . AR B (A 147 Btk (B TR A A ) . R 5
HfEMESE . XGBoost HyEEA HZNMIE AR EMIIGE, AFEATEBGIEAE, SaNERAHNE
Apg, JEIE{d ] XGBoost HEHIIZ4E B A HL: XGBoost Hik BAEH] 7 KT 5 IKIEHEA X tedebr: +
B LR BN AT 7R EBITDA HELERA LR 1# P~ IE R (k). CRGS (L
N B E | KR SOE A 2R 1 B2 IS 2R (IR I8) B8 BEAR 7 M = L BRI Lk %6 . NOCF
AR AT B BRI IR E RS R, U X SeRRAE B B L (71X L EBITDA 2
B Bl JrIH B A TR, NOCF 248 i shr=E I &M B9 41, CRGS &4 i ity S U sl
o4

4 WIND W 25040 i vp AR B ST HIMEEESE 2028 5% &fifikid J5 1 ST &3k 127 %, &t 2155 /M
ABEHLITEL, ARG 7:3 M LLEI R ZREEAIREE, I 254k 1508 4, 4R 647 4.

WSk O 2 SR R AR 55 TR SR IR 5 SR T 4F, B4 ST A w] I T-3 I 4515 BAE NI AL HIRE A,
RI% 2018 -4 ST HA ], Wik#E 2015 FFEH W 5515 B8R E v X £dli . 4 ST A mlik$¢ 2015 4F (1)1 5%
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BHRAE N X . Y 19X, ST N1, dEST N0,
5. XGBoost BB IER G S ¥

ARSI, AR B]—DICRCBIFMEEE ) XGBoost B, AZAE M i) HARSE U T

model = XGBClassifier (learning_rate = 0.05, n_estimators=42, max_depth = 3, min_child_weight = 1,
gamma = 0, subsample = 0.6, colsample_bytree = 0.9, objective = 'binary: logistic', nthread = 4, scale_pos_weight
=1)

model.fit (train. iloc [:, 1:], train ['y"], eval_metric = "auc", eval_set = eval_set, verbose = True)

learning_rate: “#>J &, HARIGEAREAER P, BUA 0.3, (EBVN, JIZ0kig. sRE N
0.01~0.2;

n_estimators: LA PIREL, RIS BN WSO T 42 BRI

max_depth: B HIVRIE, (8K, BE S E: EBN, A 5 RIGE . XS HIUE & EF7E 3~10
Z [ ARICEIUE R 3

min_child_weight: 715 sl /MU, (HBR, B85 5 RIWE: EB, BRE S G (EEORI,
T G B 2 5] 3| R A I RF IR FEAR) o ARSI T —ANHUBUINIE 1, PROAIR 2 — N ARAN-T- 1) 23 25 ) i
U, BEELrH Y SR I E 2 EERUD

gamma: A& S5 RN RTS8 A A R AT DU S EEBUN R, AN 0

subsample: 0.6, BEALIZLHE 60% 4 A 37 IR HE M s

colsample_bytree: 0.9, BEALILHE Q0VHRFAIE E AL IR M 5

objective: 'binary: logistic', & X% JE5% RAHRL S > HbR, ASCEEU E br ek 8050 K108 A
VAT, At DR

nthread: X NZHAPKRIAT 2 AR EH], N SN RGNIZE, WRAEMH cpu &FHZ, A
FANRZANSH, Fiks skl

scale_pos_weight: £ ZAIAEA+ 73 AP, XA S8 E v — N IEAE, P RUSE S 5 PRy sk

HeZ MBS

6. T XGBoost #REp)_F AR S HESL
6.1. AUC I BT 4Eie
WLAs > Se gk rh 20 2588 5 FH FIBE 8 bn 2 AUC, AUC HRIE X2 i —AN s beim 1150
score, VAR MRIE, FEXMA SEE R E, ERMIX L roc, BIZR N T AUC,
B0 AUC fE 2 —MERAE, MBENLEEE — N IEFEAR DL — N EEAR, LaTa o R B R i 5 a )
] score R X AN IEFEASHELE UREAS U TH AR 5 /& AUC 1B, 24 AUC {ElCK, 24ATH 28Rt v
AN IEREARHETE ORI, BIREAS BE4FHh 72k,
T I AR R A 352 45 (1] V5 DL & XGBoost #7173 i AUC 18, &5 3ans 1.

Table 1. AUC values of the training and test sets of T-3 data via logistic regression and XGBoost

= 1. T-3 BRI EFNR £ 2 RiZ 4R Y351 XGBoost Y AUC &

AUC Z [R5 XGBoost
train 0.888 0.958
test 0.899 0.94

i
;é
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MFE 1 ATBUE Hh: (1) XGBoost (1) AUC {5 BJVE 7E 25 S8 22 I AR B =78 94%, X 3 W H XGBoost
PR EAT T ] DL AR U (s (2) XGBoost 7 [ AUC LIl A2 Il ke A IS & MAFEAS, #iziz K
TR ) AUC 18 (3) XGBoost FYIZRATINARE A ) AUC AHZEA K, IR IRFa e, WAL
AL
6.2. IHHEMBERITNHAENMRLEL

IRV R R ORI AUC, B RSB 2R [m] 2 55 0] SR PP B () B3R o JRATT 7 S
TP: FEANIE, TSR AIE: FP: FEA NG, TS FoNIE: TN: BEAC NG, TS R 5 FN: Ff
AIE, FHISE B 6. NS 2 (precision): TP/(TP + FP), IEBHTRINAIE & 4 # B N E Mt 7 [El
#(recall): TP/(TP + FN), IEAATUNNIE & 480 EFE AR B b .

PP ST I, A5 2 (precision) s 7E T A ST IFEAH, FIER ST MFEART S ELfl . 1 [1=R
(recall) KR AT B IEZ ST MIFEAH, TN ST Fr o5 1 Lb il

MPEMAE ST B, K2 (precision) R E T AE ST BIFEAH, HIEZIE ST BIREAET & i
B (recall) &R T A BIEZIE ST REAH, FAEE ST AT & i EL i

DATRNAEZE 0.4 Sy BME, ik 0.4 W ST AF], HARKITM AIE ST A,

AR I JAA XGBoost IFE#A % 5 H [ 2 45 R4l a3k 2 ML 3 Fim .

Table 2. Accuracy and recall of logistic regression results for T-3 data
= 2. T-3 BB A A REHEMBEE

T L S 4k ST ST recall

4k ST 2016 30 0.99

ST 84 43 0.34
precision 0.96 0.59

Table 3. Accuracy and recall of the XGBoost model results for the T-3 data
7= 3. T-3 ¥4 XGBoost 1R BULERHIETHERFNE B

T 3 5k JE ST ST recall

4k ST 2016 12 0.99

ST 69 58 0.46
precision 0.97 0.83

M 2 Fe 3 AL (1) MR FeRR KRG, XGBoost #AIN T REAK IR AUC. KR, H
6] 3 = N PEAN PR bR B0 B T2 AR B VA (K 45 51, AR TR 45 B 5 KSR (2) XGBoost BRI ST
IS 0.83 1 K T2 4R MRS 2 0.59; (3) XGBoost AT ST 7 A1 0.46 it K T2 4 [[ 1
FIAE2 0.34.

6.3. BURMTEIHEEX T HEREMOARE L

MIZHE, B b 55 F R, N ZEAELE AT I, Bl 5 Rrs, thkae
S Ak A B IR DU T AL, T 25 Aol I TR SR A, AP AE AT IR B IR B E RO
HRERIABE AL, TUE SRR AN RE R R, BT AR DAERA T-3 0K Ui 2 2 20+ T-4 Bl
B S -
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LA T-4 Hi A, o3 R H 2 R [l A A A T XGBoost FEAL 45 SR I PEAN TR bR 1% L U1 4 4~6.

Table 4. AUC values for the T-4 data using logistic regression and XGBoost-model results
7 4. T-4 BEAIZEEY3F XGBoost AL R A AUC &

AUC ¥ A XGBoost
train 0.822 0.915
test 0.789 0.864

Table 5. Accuracy and recall of logistic regression results for T-4 data
5. T-4 BB EEFEREHEMBEE

TR E 5k kST ST recall

JE ST 2018 10 0.995

ST 100 27 0.21
precision 0.95 0.73

Table 6. Accuracy and recall of the XGBoost model results for the T-4 data
%= 6. T-4 3 XGBoost {2 B LERAIBHREMB EZE

TR E 5k ST ST recall

JE ST 2014 14 0.99

ST 79 48 0.38
precision 0.96 0.77

M BT EE 7 s Rk E, 72 AUC, ASHf AN B =MP fabr 7 1, T-4 8 1A e Al
BEMELE T T-3 BdE, T-4 Lelatitl T-3 Kol B &6 RA 2 DAl T 48 [0 55 KUSRIR DL, - 4%
MR TE 25 T SE A T Al T 4840 BV 45 fe LI P Re A2

E&WE

A TN HRAB E BRI R RE 320 H (B %5 2024ZDJS113); | JHAERS =B b FH AL s
WEN - SRR E W I H HS2024SFZY08; | N5 22 Bt 4 Rl B B MU AZ o IR FE Ot = 23 % T H
HS2024ZLGC43 Z5 [ Btk B R .
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