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Performance Optimization of Bankruptcy Prediction Boosting Model
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Abstract

Most classification models adopt the minimization of a loss function as the objective function in their learning
algorithms. However, such models often exhibit imbalanced learning in the presence of class imbalance, focusing
solely on the specificity of majority classes while neglecting the sensitivity of minority classes. This results in
degraded classification performance for minority classes. The proposed GMOPT in this study addresses this issue by
setting the maximization of the Geometric Mean(GM) as the objective function of the learning algorithm and
performing optimization tailored for GM maximization. To validate the performance of GMOPT, bankruptcy prediction
datasets from three countries—South Korea, Russia, and Poland—were utilized. Performance comparisons were
conducted using traditional boosting models as benchmark models. The results demonstrated that GMOPT effectively
performs balanced learning for both majority and minority classes in class imbalance scenarios and significantly
improves performance in terms of GM and Area Under Receiver Ope-rating Characteristic Curve(AUROC) metrics.
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Table 1. Performance Metrics for binary classification models

Predicted class

True False

Trie True Positive False Negative

class False False Positive True Negative
(FP) (TN)

Sensitivity (Recall, TPR):: 7P / (TP + FN)
Specificity (TNR): TN / (FP + TN)
Type 1 Emor (FPR): FP / (FP + TN)
Type 2 Emor (FNR): FN / (TP + FN)
Precision: 7P/ (TP + FP)

Accuracy:

(TP + TN) /| (TP + FN + FP + TN)
GM: (Sensitivity * Specificity)"?

AURQOC:

(1+ TPR—FPR)/2 = (TPR+ TNR) /2
F1-Score: 2x((precisionxRecall)/(precision+Recall)
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Table 2. AUROC of variables in Korea bankruptcy

Group Variable AUROC

Profitabilty Ordinary income to total 513
assets

Debt coverage EBITDA to interest 531

expenses

Leverage Total debt to total assets 51.7

Capital Retained earnings to total 513
structure assets

Liquidity Cash ratio 484

Activity Inventory turnover ratio 334

Size Total asset 23.7

4.12 Ao} 7149 H= HlolH

gAlop B ElolEe AdPFAT{16]o04 AR
Ho]E| 2 https://github.com/yzelenkov/classification with
_feature_selection® A FHEAT. FRHE FES
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Table 3. AUROC of variables in Russia bankruptcy

Group Variable AUROC
Leverage Total debt / Total assets 75.3
Liquidity Current asset / Total asset 63.2
Siﬁgﬁ'e Equity / Total debt 607

L Operating income
Profitability / Total assets 535

Activity Sales / Total assets 476
Cash flow Cash flow / Equity 419
Investment |\ 1ncome / CAPEX %9
profitability

Debt EBITDA / Interest expense 333
coverage

Size Equity 269

Herfindahl-Hirschman Index 493

claims to other companies 62.5

L sanctions of foreign States 514
Qualitative ; -

aroup unreliable supplier 50.6

Government control 497

level of overdue 359

coefficient of autonomy 35.7
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Table 4. AUROC of variables in Poland bankruptcy
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Table 5. Model performance results

g A SH=E7|Y BEoE (E4Y HIE T
Group Variable AURGC PlneIAA Kje;n c;r—poreﬂe b(afkruptoy E 112(())))
Leverage Total debt / Total asset 4 i
Profitability Total expense / Sales 712 Metrics Training set Test set
Debt turnover Borrowings / Sales 70.3 Ada |GBM| XGB | GM | Ada |GBM| XGB | GM
Activity Sales / Receivables 56.4 boost OPT | boost OPT
. Current asset SPE {099]099|099|080|099|099 099|080
quidity / Current liability M7 SEN | 005|007 | 007 | 0.80| 004 | 0.05| 006 | 0.73
Size Total assets 338 ACC [ 095{09|096|080|095|09|09]|0.79
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Panel C. Polish corporate bankruptcy (IR 1:13)
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Table 6. Repeated measure ANOVA results
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Panel A. Korean corporate bankruptcy (IR 1:20)

Classification model
Metrics | Ada | GBM | XGB | GM |F-valu| P-Value
boost OPTt| e
oM 018 | 021 | 022 | 0.76 4712 | 00001
a a a b
AURCC 052 | 053 | 08 | 076 1289.2| 0.0001
a a a b

e B. {Alop7 | EE0E (EFY HIE 1:4)
Panel B. Russian corporate bankruptcy (IR 1:4)

Classification model

Metrics | Ada GM
boost GBM | XGB OPT F

oM 063 | 054 | 062 | 0.73 65 | 0,001
b a b c
069 | 064 | 068 | 0.73

AUROC —; - 336 | 0.0001
b a b C

g C. EUEIY FEoZF (20 HIE 1013

Panel C. Polish corporate bankruptcy (IR 1:13)

P-Value

Classification model
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boost GBM | XGB OPTt F | P-Value
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b a b c

AUROC 00 | 064 | 069 | 082 166.4 | 0.0001
b a b C
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