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Abstract

Manufacturing enterprises typically require high R&D investment and supply chain coordination.
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However, due to the increasingly complex external environment and intense market competition
in the domestic industry, the financial risks they face are becoming more severe. Therefore, it is
crucial to develop a financial risk warning model suitable for manufacturing enterprises in China.
Given the significant disparity in the number of ST and non-ST enterprises in the domestic manu-
facturing sector, most studies utilize imbalanced data. In response, this paper matches selected ST
enterprises with non-ST enterprises of the same asset size in a 1:3 ratio and employs the SMOTE
oversampling method to address the imbalanced dataset. The study uses data from 168 Chinese
manufacturing listed companies from 2020 to 2023 and compares the performance of 12 machine
learning models for risk prediction. The results indicate that the Extra Trees model performs the
best, with an 18% improvement in prediction accuracy after balancing the dataset. This research
aims to provide practical reference and application value for financial risk warning and prevention
in domestic manufacturing enterprises, contributing to the stable development of the industry and
economy.
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1. 5|

IAESR, BEE N TARE. REWEM =T H SR AR GEED, RERFE G E AT ARG
ERNRIE, BN SR G AU R OIS /7, (RIIE A S AV PR B A GO . R 2020
W AERHE G R, Iz flE A R BN E = A L PR IR AR A R B A RS E, &
SR T 410385 by i b 4D IV 45 DR ) o i) 3 M A ST A 0 V5 v JR e R P DR AU, T v o o B e AT
B S BRI E RS BEAT S . Nse i hligl Al 45 RS Bk R, 70 A 8 & e R
V] )32 b 7 A PR A 55 IR P AR R, T R I M AT M A R R R . B ) B R T v Tl i A
FOREEL,

SoF T P T A 45 UK T T T, AL SER BP AR 4% BL N, T Bk (2008) [1iE 5 1:1 B
SRR, AT S5 ¢ ST 53k ST AR S 58I, TE0F 7000 o A 7 iR B AR I B A o
K KRB, 42H9(2015) 2] HL 2012 2013 4FE4E IR i 4 i AL BE B Tl Ak, ¥ ST Al 5
9k ST {kd% 1:2 (LB EAT REAMAREC L, FESI N KB R br, R FH SIS LA T D 45 IR T e 2
HATHEFC . e RN (2023) [31HEER 2018~2022 £ [F A I LT i B FIREA, P e AR S0 45
KHT SMOTE i SREE 7, #9727 TOPSIS-FCM-CNN I 4% KUK T R R B AT 0 90 . 75 50 ST
55(2024) [4]3EHL T 2018~2022 Fr [ A JEAE SRl LT AR, B TA P EERE IR A HE, R KA
AN SE B B U At v R A A R BRSOV Febr . FAETT . BESFIREE(2025) [B]IEHL T 40 K
ST k4% 8 1:1 S EeBIVCECAT b 557 AR A ST Al JFAE 7 s %2 Logistic BALEEAT T 5%
RIS T AT 55

Zx b, IA 1) 2 B DS T iR AN e R IRE AR SR S A R AN IR, 2805 LT R i)
SRR« AH DG E R R E AN A B2 Rk A A3 0F SO AR AT, HREXTII FERE AR HEAT 11 5K 102 X FRAE AR DT
fite ASCAEXTIEHU) ST b AEAL IR 1:3 Lh@IVCECAE ST Ak 3t -, FIFH SMOTE i RFE 7 V5 A
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PHETEE SR HEAT AL BE,  JRSE A LA 2 ST T E M A AV R U 55 RS TR R R AT B L . ARSI AL
FERNTIAEE R A W 55 RUS: 22 TCAL T IR ALl I 55 DAL PO ik e 4 e By, oSl LA RE . T
FREERR e, B ISRt e i et b o R SR AL ORb .

2. M5 MR XS

WA 25 TR AR AR TR AN 2 WA AN TR 550K 10 A T 5 ORI 26 6 6 7 a2 ) R o
ST S W45 RS AR S IR BRI Al 1 ok, AR L B 2. BRI G Ff 84
FHEAAGRIRE, Aol S8 S 8. T 5 SR 2 . I 45 B FEARIE IR L s e ST 1
G YR LG R A G AN A

[ 42330 o A I A5 DA 7= (R 55 RS R, 3 R0 SCRRM R o R TG 7 3R
U OV RN — A Y SRR 1, I ARG 45 MK . 3T — bR, WF 18
3 R R A T (ST BRI 27 (RS T Al A o SR O SR A T A %, SR (ol 15 TE
BT R E o ML A R A AR F SRR, T LUK 55 K ) 2 A . 4R K
Moy 512 XS R 28 4 IR, A SCTF 9 th 0 A B8 S 38 10 45 vk R
3. HlEEIJRR

DL A TR B0 S, BT TRA TR . G ASCE AL 2 £ 22 R 120
R HAZ WU o R MR R R 2 ST A SR, AR R . 4 T 1
NI, RGNS IET O BRI AT B A0, FR I R ST R WA B e, R eI 5]
fE .

3.1. R RRE IR

(1) ZFEmEML:

SCFE I AL(Support Vector Machine, SVM) (4% 0 Jif B 7R RFAE 25 (8] HH A48 — A I AL 20 B ~F 1, 1%
T T R B KA AS (5] 28 T 080 7 22 TR O 20 2R IR o A6 AL FR LR TT 0 SR sy, SVML G I R % LA R LAk 1)
R 7 Fo LA ST 1 -

min m¥+c23; 1)
sty (wai+b)21—§i, £>0 )

Forw RHCPEGEAR R, b MBS, & RMIAR, CRENKSE. WTREHETHEdE, SVM
SR 546 A R 25 1 A G AL R AIE 25 0, 3% 5 1] o R e 230 T
(2) HhZR I
AR DU (Naive Bayes) IR Lo T FRRAE 1 28 PR HAEAT 2K 0 B HE380 40 S 2 DU
P(Y1X)=P(X1Y)-P(v)/P(X) ©)

Forf, P(Y | X) SRR, FORFERIERE X (0% TR Y OB, P(X|Y) RORER, &5
FEI Y MO FREE X HBLIOER: PONRERMEER, FomRkal Y My POORIERE T, 1F
AL

(3) K AT

K AT 3% (K-Nearest Neighbor, KNN)II % 0 5385t 545 T RE 4 15 91 258 57 45 RE AR T4
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(4) ZHEEH:

% [A] )5 (Logistic Regression, LR)X FI H#2 i (I E R AHXS Ta ks, Tomsil 2 A 5 5 AR s 2 A 2t
KRABE, IRAERIRZETRMNIES DA B EEA R LR

P
LR(Ej:ﬂo+:81X1+ﬁzxz+"'+ﬂnxn (4)

Hob, X, BRE0AEER, B, (n=12n) WERRSHAE
(5) st

We s i (Decision Tree, D)t % W\ ELAT 52 4 55 Mo 2 70 7 P OV 6000 o, 0 H 2 AL O T
B, H T 33 R DR AT SO R4 S SR, AT S B B A 1

o

4ok
%

&

32. EmEIRE

(1) BEHLARM:

BEHLAR R (Random Forest, RF) i i #4222 A 22 S 1 80 3 IR R SRR, IR P 3 (IR AT 45) sk 2 H ke
W5 FATSS) S AT RS, X W HR T T BB R A R ST A& Rk

(2) WRPEBENLI

1% P BE AL (Extremely Randomized Trees, ExtraTrees) fI4% 0 B ARLE Tl it 2 2 AR BENL U S, FExT
FLT &5 AT TR A R A BRI T . X P OVEAUE TR R v, IR T Iz AR

(3) Z 2RI

T W R AE AL, 5 22 2 BN 2% (Multi-Layer Perceptron, MLP)IE ¥ 4 NS AT 22 2 IR I 2k
FEAEL AR e, BDRIMMASGEE, RAERE NS R &R MLP BB A XERIE MW T

§=w[0]-w[1]+w[1]-x[1]+---+w[p]-x[ p] +b

Horb, x[p] AREARHE(E, w[p] WFHEEME, b NmES, §ALMEAGTHL.

(4) XGBoost:

XGBoost (Extreme Gradient Boosting)7E4%4: GBDT (I FERt 51 N T 1E WAL I DL 2 il 45 700 &5 2 BF
[FIT SR T B2 8 X 40 R R B AT AL, FESCR AT T S R AR AL B . ELAR IR E AR ek 3L
LIS

®)

Obj (t) =31, (% 917 + £ (%)) + (1, tant
j(t) Z.:1(Y. Vi T (X))+ (f,)+constan ©

(5) LightGBM (LGBM):
LightGBM (Light Gradient Boosting Machine) &K FH 1 2k T B 7 B e S 505, R e SERF AR AE 59 1
BT bins, MRS THHE S A ERPNAE G . 38 LightGBM HEAY (1 th 45 R T LARR A :

y=214(%) "
X FoRENEIE, TRENEE, v R mHsR.
(6) HfBEHETH#4 (GBT):

1 FE 2 TP (Gradient Boosting Trees, GBT) % 0 JBAR i@ I iBAC H i 28 2 AN W S b, FRK B4
FEIn, Mz IR TR B RE . R 5B, GBT S in— /NHT ISR, 120 1 B brs
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W bR IR ZE . XA T, A BT R AR  B IR BT R AR R R, B D
B ARG A 1 T 5% 2

(7) AdaBoost:

AdaBoost (Adaptive Boosting, [ i& V3 5if) /& i ik 2 A 2 AN 55 70 AR (U0 SR . ERIHLAE ) SRA i —
AR IEAE, FOO BRI & N B AR, (A 7R R — R0 IR A B I DG AR e e DL 4y S
FEAS, B2 A 2 2R e i 7 0K I AT 95 70 R G N — N7y Kk
3.3. HLERFESIHITEMNIRAE

AR 5 R IR e bR REMESR . FHER. F1L 08 HERFRM AUC H, 4 PP i i
thbEfE . RN T, ST AkoNIES, HE ST Motk i iRisH M B IEK(TP). B ik
(TN)« B IEZE(FP)FIE 51 2 (FN) SR EIR VA Fa s o TRIEFE RT3 FIRFR bR FEAEL, Habimm & 1
Fizs.

Table 1. Confusion matrix

=1 ORBEMER

SEBRAr 2 T A ST 4k A AE ST 4k
ST Ml TP FN
4k ST /il FP TN

(1) KEHESR
Hs 11 % (Precision) i & (1) /2 455 AL Tl g IE SR FOREAS FR SEBRoN IESR A beg],  BRA STy ST BIFEA A
SEBRA ST HIFEA R . HArFH AR N:
TP
P=
TP+ FP (8)

(2) AmE*x
A 7] 2 (Recal l) 7 & 119 /2 S bR o IE 28 AR A Hr i Y TE R TN A IE 2R el B ST IkEARH o 20
B ER T . HAFE AN
R TP
TP+FN (9)

(3) F1 7%

F1 (F1-Score) 4y #ii K 5 A A 0] 22 (KR A1~ 5050, & 206 S 1 ARL R FotIuDes 52 AN 78 o 2%, Rionlid
TP, HitE AR F:
_ 2xPxR
~ P+R (10)

F1

(4) HERH
HETH R (Accuracy ) i &2 )2 B G IR A AOREAS (L S REAS RO LB, e e 1 B2 P AR T RE 0 -
HHEARWT:
TP+TN
TP+FP+FN+TN (12)

ACC =
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(5) AUC 14
AUC {82 ROC ik FITHIAR, T SRR 7EA FBRME T X4 ERKIRE ). AUC (HBHEE 1,
BRI 43 e BEBR AT ;s AUC {2 0.5 I, SRS 4 T-BEHLAE I .

4. PARHEEARRIIEER
4.1, BARKIR

ARG R R P B Yk T B (RESSET) S 2, 7EZI IR DA BBk (IREAS S, AHTFAT
R AIRI T 2020 24 2023 4R [E Y A BT 42 FOE IRBRE R AL EE (ST) il 3 bk B 4k PA K% 126 5
EH 28 R HE L E A TR .

4.2. TEAEER

SO FREAR LR AP IR 58—, Jiikth A i3 2020 & 2023 4F [A] B Vw4 il b 3
AN BT, WIEEEA 61 K A BHE b ApRs BALEE, 7EHERR T 18 5% IR HAth J5 IRl 1k
B, OPrs Eg ST. REgEdEs R LG, fREE T 42 K ST ks 5500, RIEUEIE & 2012 £ AT

oy ehrife, %R 1:3 LB, DURC 7 AHFAT W AR R 2t 3 1R S 5% = RS AR I (¥ 126 27 4E ST il
AR R . g5 b, ARSCHLERET 168 Sk BT AR NI AR AR

4.3. BJEHEEL
EME &M By eV E SRR N U R < HA RS ZoR” & tE2 —, ANDIFFR Skt

R, R R Al ST RS TR] 5 A A 25 80, R A A o e e bl v . DRI, AR SCade B3 Ak 1 vk
G —ECEE T E)ENSPIR T S BL 2023 SE/E AR TNAEAE], 54 2020 8% T 4, 2021
FRNET+1E, 2022FRNFT + 2 F. ACEE 2020 FCGE T F)RIEIR KM 2023 F£EE T + 3 F)H
A 55 SRS T o
5. FEEFREIEEL
5.1. W55384RIERN

RIS o 55 ARG TR AH S ATk P o o e SCR R, M T — MNMEE I SRR R, SRR EE
BIE T BRI ). Refibe )i, KRS 1. Bighe 1. MeMBMEAREN . T8 2 ¥R 74568 —.
TRARbR, SEREAVER DR R IR R R E vk e R T

Table 2. Financial indicators and calculation formulas

=2 MBERETEAR

— i fET — itk AR
ol VR RIS AL + WA BL25)
J%! HB
: BT BRI RO A + A )
) FE G RS LR TG RIR AR S
WAL o .
A 2 e HPEE TR G At

BRI 5B O TE AR 2 —, e T Al 2 B S SR BRI I RE 1. BEiREJ102
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TR G LT 2 7] RE S BRI 61 S5 K SR AR, XTI AL RE SRR E KR B R B, K
RE 12 b P S AR (A B EA L, SRR K BE /I A DU b RRE R R IR B0 7, 2 HLI
ST TE S IO E R — . BB RN AL BN H 5877 0 RBOR I R Fa bR, ek 1 4
WAERIRACE . 88L& AT R ER G K. Bl R A 55 IR OL A SEmE Sk, B REg4E
AR B R IRE 1. TEASGE R INZ LT A R BRI R AL LU B S, R KO B A AR
WG R, DA G UL LA i Al AW 55 AU«

5.2. JEMS54EHRIEE

SINAR S5 4545 5 W 55 TR bR AH 25 5 K 3 20 248 FEE R0 55 XIS, oS8 A 1 e 0\ 28 1 s B TR PO P B
ROH S DA RS AE R Al U 55 R o A SC e T S MR A S5 ) ZEL 2P0 BRLAE K ANBIE R BN = AN T T
fIfEbR, UL SSHRIRRERS A FIIAEE . QT RE ) b sms R S 4 b 78 M S5 TR IO 2, DI 55
JRURS: TOUEE S B Dy T (K 0 AT AR A o BB AR S5 A AR B E SR AR 3 o, VR TR R L R T 5E
EJETT

Table 3. Non-financial indicators and calculation formulas

=3 EMSERLTELR

— AR AR by HHAK
AR 1 RPN R ETive sy ive it
JBAL S 4
AL 5 I TLR B AR RR B AN e
HYUR LR M ST o LA AL R ANBE RS B

AL S Ky R A R SRS . B R Ve R R RE T ISR BE R 3R WE AR R il i b Al e
JEMIRAE KB 1o SRR ZL T A5 4, WHARCRIHI AR A B v, s b I6AK, 4K
SN B 2 51 R 55 AR Il R B ) 28 WA BREE K RENS A AR IRARBE A . SRTHRFCEWIRE, JFH%
SN T (E R SRS IEF SR ATNA LG, MO EH I TINAG BT R 2 o 5
SFRLAE

5.3. BuETAbE

ASCAEREAR SR bR UGN BlR R #EAT 1 SR B AR, 25 18 2K £ o A 5V 2 AUE BOR 1 e
RFBOHEE RGN, BRAES WS Bk, ASOTEHREET 7 IH AR, R B R R T (O,
DYERIN, MET 5807 TAEREAT .

5.4. FHEEEM S

AR XGBoost A58 o Htfe A b U RFAEHEAT B AR 0 M, DABRAE PR r & Btk . TR
SRR AR XA R BEAT I K, RS 79 NRFEFUE F AR I B ZLE IR HE R, A R AT AL R in i 1 P
o

K 1R T 79 NTIEEFRE XGBoost AL rp (¥ B ZNEAG 3 HE e, IR L4570 2 3t i ) A 2 Pk
ATINBCT Bt A, B EEAG p Re TAEMRFE G A R T € 0 A o iikoR b o sl g aT UK BT
W8 HIFRAR A RN ) T —E R E 2, ATESE T IX SR PR S A BUE B . RIS 805
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Figure 1. Feature importance analysis
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6. LIRS
6.1. MEEREBIE

A EHRMET —DMEE 12 FARENLES IR A 2588, BB ETIE 70%1I1 24 30%i
LR BT RIS, LB AT R RS OE DI AN 7 B TR U k. R SRS RS, R A
WAL AT T, R SR MR PR . AR FL 8. #ERIRA AUC {8, &)afHix i
BFRU0ER 4 B, FH&HIME R R ROC FZkan & 2 Arm .

Table 4. Comparison of test results for different models
4. TEMEEIMNINEE Rt

Model Precision Recall F1-score Accuracy
Support Vector Machine 0.45 0.33 0.38 0.69
Random Forest 0.56 0.60 0.58 0.75
Extra Trees 0.50 0.40 0.44 0.71
Naive Bayes 0.50 0.53 0.52 0.71
K Nearest Neighbors 0.57 0.27 0.36 0.73
Logistic Regression 0.41 0.47 0.44 0.65
Decision Tree 0.50 0.60 0.55 0.71
XGBoost 0.58 0.47 0.52 0.75
LGBM 0.50 0.47 0.48 0.71
Multilayer Perceptron 0.40 0.53 0.46 0.63
Gradient Boosting Trees 0.53 0.53 0.53 0.73
AdaBoost 0.46 0.40 0.43 0.69

Characteristic (RoC) Curve

1.0 1 17 —7
AL | 1 4=,
—Fr [

A -
—— Support Vector Machine (AUC = 0.76)
—— Random Forest (AUC =0.81)
— Extra Trees (AUC = 0.80)
— Naive Bayes (AUC =0.69)
— K Nearest Neighbors (AUC = 0.68)
» —— Logistic Regression (AUC = 0.66)
¥ J 7 —— Decision Tree (AUC=0.71)
7 —— XGBoost (AUC = 0.80)
LGBM (AUC=0.76)
/A — Multilayer Perceptron (AUc =0.69)
Z',/ —— Gradient Boosting Trees (AUC = 0.72)
3 —— AdaBoost (AUC=0.62)

o
oo
1

<
[o)}
1

(=]
-9
1

True Positive Rate

e
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1
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0.0 1

0.0 02 04 0.6 08 1.0
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Figure 2. Comparison of ROC curves for different models
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6.2. SMOTE E::RIEBEAR L EEFELE

FRBIFRET b ST N 53E ST B E AR R R, IXFAS T4 BB 5 A1 mT B 2> Lk Fi0
i 250, NI m AR PR . SN T FR PRI AN A8, — T 9 I8 2 SR T 3l DL A AR B
S5 10 77 SR 2 A o3 R85 Rz . ASCiE S T SMOTE (Synthetic Minority Over-Sam-
pling Technique) i {E KA 75 124 Ab B ANy () 40, e 38t ) 2 /D B0 R AR 2 1) () R L FEL A P 2 ke i o
FENFEA) K AT, AR 508 A4 1002 B2 BE AL 35— & B X S SR A, 5 A /b ek
FEARGE G, Qs B “DBERFEAR” o XA A B 78 7R AL, s B 42 5 0 P-4l
KR TEAMU RS R B A D HEREARNE I, AR I AR OB A BURE AR IR S A0 T /D BER IR
MRS, MR I EEE AT SRR . R 3 28 SMOTE Sk mRIER, i T 2 b5
RFEAR, BETLLANZEREAR, EETFREENNERTY “DEEFEAR” .

®
e ° *a *
" ®
. Vel B R

' | s R A

Figure 3. Diagram of the SMOTE algorithm principle
3. SMOTE &% [RIE[E

6.3. FERBBEKMAERS AUC AT HR

FETE X T AL 12 FASRINLE 7 SR 3 2R 88 2 5, RSO 4 SMOTE 5 SR b B ) i dhs e 3k 47
TEERI, IIZREEANIR AR (1 Lo B 58 A 7:3 0 P LB AT R AR 4 T80 [ AN 43 2R 8 AT AL 25,
MR FHEAT IR, it TSR RS AR . HEI2R . FL 2p 3. HERRRE A AUC 1E, FE4H T ROC
M2k A3, ik 5 514 3 for.

RN 5 PR, NP HRFRER ARG, K= ZMIEY: Extra Trees. Random Forest. K Nearest Neigh-
bors. Multilayer Perceptron. LGBM. Support Vector Machine. Gradient Boosting Trees. Logistic Regression.
Decision Tree. AdaBoost. Naive Bayes. 1Bl & b, Horbor 80 i (142 Extra Trees £, Hok
o AR, FL %0519 0.86. 0.95. 0.90, K HIZARALBENS 5 71 N F 0 45 IXURG T30«

XFECIE 2 515 4 aTRUR L, Zid SMOTE AL 3 5 1 K dhs £ 1A R Tl i) B4R 80U R B 2 i A i Kt
ERBRA BERT. 4G5 EIERKE, ExtraTrees B AUC HIAR] [ 0.97, X—HELETA AT
st ), F U Extra Trees BALREWEA 2R m tH ST Ak, Bon AR AE g b i ko 55 KU
T 7 AT RO . FECT RX SR P R SR A AT, SIS ExtraTrees BRI HHGHESR . H
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M, F1 430, MRS DIRE T 36%. 55%. 46%F1 18%, HEIE 1 A 30 H i JE - i S b 45 db 2 5
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Table 5. Comparison of test results for different models on the balanced dataset

5. FEEBIBRERTRIEEIMIALE RITEL

Model Precision Recall F1-score Accuracy
Extra Trees 0.86 0.95 0.90 0.89
Random Forest 0.82 0.97 0.89 0.88
K Nearest Neighbors 0.87 0.87 0.87 0.87
Multilayer Perceptron 0.80 0.97 0.88 0.87
LGBM 0.80 0.95 0.87 0.86
Support Vector Machine 0.78 0.95 0.86 0.84
Gradient Boosting Trees 0.77 0.95 0.85 0.83
Logistic Regression 0.76 0.89 0.82 0.80
Decision Tree 0.77 0.87 0.81 0.80
AdaBoost 0.72 0.95 0.82 0.79
XGBoost 0.76 0.82 0.78 0.78
Naive Bayes 0.80 0.53 0.63 0.70
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Figure 4. Comparison of ROC curves for different models on the balanced dataset
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Table 6. Comparison of model performance with different data processing methods
7 6. TEIHIBALIEF EMRBIRITEL

Method Precision Recall F1-score Accuracy
SMOTE 0.86 0.95 0.90 0.89
Undersampling 0.72 0.73 0.72 0.73
Data Augmentation 0.79 0.83 0.82 0.80
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