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Abstract
In the process of building a “financial powerhouse”, the collapse of corporate stock prices has become
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an important influencing factor that shakes the stability of a country’s financial market. This article
combines Logit regression model with cutting-edge machine learning methods such as LightGBM
model and XGboost model to explore the role of systematic risk indicators in predicting the stock
price collapse crisis of Chinese enterprises. The results show that systemic risk has a significant
effect on predicting stock price collapse crises in various industries. At the same time, midstream,
downstream, and service and support enterprises with lower total asset returns are more suscep-
tible to the impact of systemic risk and thus face stock price collapse crises. Downstream enter-
prises with lower total asset growth rates are more likely to experience stock price collapse crises
in market fluctuations. In addition, this article further found that the systematic risk indicators con-
structed based on principal component analysis combined with LightGBM model or XGboost model
can achieve good predictive performance. On this basis, this article emphasizes the importance of
macro prudential perspective in the micro enterprise stock price collapse warning mechanism, sug-
gests differentiated regulation of enterprises in various industries, introduces machine learning
methods, and provides certain reference for maintaining financial system stability.
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Table 1. Main explanatory variables
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Table 2. The impact of the collapse of corporate stock prices (based on principal components)
7 2. BN BREMFmMET E/K)

@ 2 3 4 (5) (6) (7 8
PCA 0.0143™  0.0143™  0.0144"  0.0144™"
(46.0595)  (46.0838)  (46.2440)  (46.2299)
PCA_RANK 0.0078™  0.0078"™  0.0078"*  0.0078™"
(42.4258)  (42.4347)  (42.3042)  (42.4141)
ROA -0.0030"  -0.0029° -0.0030™ -0.0029°  -0.0008  -0.0008  —0.0008  —0.0008
(-1.9466) (-1.8883) (-1.9602) (~1.8945) (-0.8517) (-0.8525) (-0.8807) (-0.8567)
TLTA -0.0002  -0.0001  -0.0001  -0.0001  —0.0001  -0.0001  -0.0001  —0.0001

(-0.3072)  (-0.1299) (-0.0789) (-0.1339) (-0.3024) (-0.3037) (-0.3193) (-0.3073)
GROWTH  —0.0011"* -0.0011"" -0.0011" -0.0011"* -0.0016™" -0.0016™ -0.0016"" —0.0016™"
(-2.6257) (-2.6610) (-2.5709) (-2.6620) (-3.8857) (-3.8859) (-3.8074) (-3.8877)

SIZE -0.0003°  -0.0003"  -0.0003°  —0.0003" -0.0012"* -0.0012"* -0.0012"* —0.0012""
(-1.8919)  (-2.0465) (~1.6788) (-2.0330) (-7.4461) (-7.4554) (-7.0933) (~7.4201)
TUR -0.0015™*  -0.0015™ -0.0015"* —0.0015"* —0.0019* -0.0019™* -0.0019™* -0.0019"*

(-4.4563) (-4.6117) (-4.4399) (-4.6214) (-5.6222) (-5.6330) (-5.3954) (-5.5873)
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Table 3. The impact of stock price crashes in different industries
= 3. AEATAL AN AR B RS20
iE i T MR 5304 U i T MR 5304
PCA 0.0173""  0.0156™" 0.0159"" 0.0112™* 0.0168"  0.0155™" 0.0158™" 0.0111™

(7.6038)  (33.1991)  (28.4407)  (17.2509)  (7.2272)  (33.0090) (28.2077)  (17.0179)
ROA -0.0079  -0.0070™  -0.0010  -0.0073°  -0.0069  -0.0070"  -0.0009  —0.0070"
(-0.5364) (-2.5323) (-0.4669) (-1.7573) (-0.4658) (-2.5269) (-0.4118)  (~1.6770)

TLTA 0.0096°  —0.0008  0.0006 —0.0017  0.0096°  —0.0007  0.0007 ~0.0009
(1.7257)  (-0.6464)  (0.4960)  (-1.0025)  (1.7206)  (-0.5560)  (0.5912)  (-0.4904)
GROWTH 00021  -0.0012  -0.0017"  —0.0008 00022  -0.0012  -0.0016°  —0.0008

(0.5483)  (-1.4833) (-1.9928) (-1.3400) (0.5838) (-1.4758) (-1.8571) (~1.3792)

Controls Y Y Y Y Y Y Y Y
ATk N N N N Y Y Y Y
P 1) [ 7 N N N N Y Y Y Y
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Table 4. The impact channels of systemic risks on enterprises

=4 RGN Al FYS N ZRE

Al a4 k555 34
PCA 0.0176™" 0.0172* 0.0129"*
(35.0448) (29.1828) (18.6184)
PCA"ROA -0.0459"" -0.0218™" -0.0391""
(~12.3796) (-6.7558) (~7.4453)
PCA"GROWTH —0.0001 —0.0020" —0.0008
(-0.0597) (-1.8707) (-1.0154)
Controls Y Y Y
b E Y Y Y
I [ ] 5 Y Y Y
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Table 5. Relative importance of predictor variables
5. TUNTERETEEM

T LightGBM # Y R T RENLAR AR
AE XS FRX EZE ARR FRR E Z
PCA 20.91% 1 36.82% 1
ROA 9.89% 6 4.66% 7
TLTA 11.21% 4 5.40% 5
GROWTH 8.88% 8 4.34% 8
SIZE 9.04% 7 5.21% 6
TUR 10.16% 5 5.68% 4
SZCORR 12.20% 3 6.66% 3
RETURN 17.71% 2 31.23% 2
a1t 100% 100%
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Figure 1. Partial dependency graph based on LightGBM model
B 1. EF LightGBM #EEIFI IR Kk #1E
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Figure 2. ROC curve of prediction model
B 2. FUNREYE) ROC BhZkE

AT AER DT A SR B T RCR, A SCEH R T AN I HER 2 . AUC TR AR S BUSRE, 45
BN 6 Fim. 6 45 EW, BHREEASN AUC (H £ R G0 KUK PCA 845 N T A BT 14 ,
XA R RGN RS R AR TT ARG S A R O i B T Y (R e . S UEIRIEE,  BEATAR PR AL Y MR
N 98%fIL T Logit B2 (1) 97.98%, LightGBM #A!. BEALARMBIALLE AUC fata i B AT Logit f A

DOI: 10.12677/ecl.2025.141126 1009 TR 4TS


https://doi.org/10.12677/ecl.2025.141126

XN, FREE

R, FEAS AUC FEFRI1ILE] 0.85, i SIS SRR LE A AN A 8 PUEASEAY (O BR 2 v B i
Lo BEAN s AR SCAE X IR 15 2 S AR AT TN, 821 BB 4 b gl A oy 2 282 . 56 L R B, LightGBM 1 XGboost
R B T BTN BE 17, BEiE 20 IR 61.28%F1 68.52% ) A i A AEAS, TR Logit 5 A) 25.63% () 15
VERE, X AR — 25 St E A A7 A 25 T HE 42 Hp 5N AL 88 2 > S92 1) 3 2B vk

Table 6. Out-of-sample predictive performance (based on principal components)

= 6. BEARSMIUNIMERE(ET ERSY)

Accuracy Sensitivity AUC FRIDN RS FEFR 7) AUC
LightGBM 0.8998 0.6128 0.8511 0.7500
XGhoost 0.8230 0.6852 0.7794 0.7423
RandomForest 0.9800 0.2911 0.8624 0.7726
Logit 0.9798 0.2563 0.8467 0.7585

UEAh, RERTEIIAAS R RGP AR FE b Jo 15 8 B S BRI 8RS8 K PCA Fa b5 B #:9 FACTOR
fabr 5 MEAN fEkr, 25004 7 s, @ik 5% 6 MXTELRIL, RS PCA FabnAE T Ak B4
B fENL RILE Nk, RN, RGN PCA fabr5 LightGBM %L Fil XGBoost 2 744E A f5, HoAt
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Table 7. Out-of-sample predictive performance (replacing risk indicators)

7. BEARSMIN M BE (B R KL IEAR)

Panel A: J&T-[5 770 Hr (Tt 45 2R

Accuracy Sensitivity AUC RN R T F5 1 AUC
LightGBM 0.8996 0.5487 0.8258 0.7500
XGboost 0.8322 0.6518 0.7749 0.7423
RandomForest 0.9823 0.2326 0.8349 0.7726
Logit 0.9790 0.2242 0.7959 0.7585

Panel B: ik T ARl A0 35 {F ¥ T 5 2R

Accuracy Sensitivity AUC IR FEFRE) AUC
LightGBM 0.8973 0.6031 0.8479 0.7500
XGhoost 0.8365 0.6713 0.7766 0.7423
RandomForest 0.9826 0.2618 0.8593 0.7726
Logit 0.9785 0.2702 0.8450 0.7585
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Table 8. Predictive performance over time (based on principal components)

7 8. BHEISMIUNE RE(E T ERT)

Accuracy Sensitivity AUC RIMA RS A7) AUC
LightGBM 0.9297 0.6322 0.8820 0.8046
XGhoost 0.8800 0.6976 0.8078 0.8083
RandomForest 0.9819 0.3446 0.8945 0.8284
Logit 0.9824 0.3340 0.8785 0.8124
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