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A Study on Classification Models for Predicting Bankruptcy Based on XAI

Jihong Kim" - Nammee Moon'

ABSTRACT

Efficient prediction of corporate bankruptcy is an important part of making appropriate lending decisions for financial institutions
and reducing loan default rates. In many studies, classification models using artificial intelligence technology have been used. In the
financial industry, even if the performance of the new predictive models is excellent, it should be accompanied by an intuitive explanation
of the basis on which the result was determined. Recently, the US, EU, and South Korea have commonly presented the right to request
explanations of algorithms, so transparency in the use of Al in the financial sector must be secured. In this paper, an artificial
intelligence-based interpretable classification prediction model was proposed using corporate bankruptcy data that was open to the outside
world. First, data preprocessing, 5-fold cross-validation, etc. were performed, and classification performance was compared through
optimization of 10 supervised learning classification models such as logistic regression, SVM, XGBoost, and LightGBM. As a result, LightGBM
was confirmed as the best performance model, and SHAP, an explainable artificial intelligence technique, was applied to provide a

post-explanation of the bankruptcy prediction process.
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Table 1. Summary of Studies Using Gradient Boosting
in Bankruptcy Prediction

Ref. Training Models Data B
model
U.S. public
[14] LR, GBMst company GBM
bankruptcies
LR, SVM, NN, RF, GBM, | financial data of
[15] XGBoost, CatBoost French firms CatBoost
SVM, HACT, XGBoost, | financial data of
[16] DBN Taiwanese firms XGBoost
[171| LR, RE, XGBoost US. national | yp, 0
commercial banks
Danish
18] LR, NN, GBM stock-based firms NN
[19] LR, RF, XGBoost, financial data of | XGBoost,
LightGBM, ANN Korean companies | LightGBM

* 21 : NN(Neural network), HACT(Hybrid associative classifier
with translation), DBN(Deep Belief Network), ANN(Artificial
neural network)
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3.6 Decision Tree
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Fig. 1. Complex Sampling

Table 2. Data Configuration

Normal Bankrupt Total

Raw Data 6,599 220 6,819

Complex Train 4,355 4,990 9,345

Sampling Test 1,071 1,266 2,337

Data Sum 5,426 6,256 11,682
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Fig. 2. 5-Fold Cross Validation
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Table 3. The Parameters of Classification Models

Model Parameters
LR max_iter=5000
SVM Kernel=linear
KNN n_neighbors=5, metric=minkowski
NB var_smoothing=0.14796880626863962
DT criterion=entropy
RF criterion=entropy, n_estimators=10
n_estimators=500, colsample_bytree=0.5,
XGBoost max_depth=7, min_child_weight=1
. boosting=ghdt, max_bin=512,
LightGBM num_leaves=30, learning_rate=0.03
CatBoost learning_rate=0.1
NGBoost n_estimators=1000, learning_rate=0.03,

Base=default_tree learner, Score=MLE
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Table 4. Comparison of Test Set Performance
by Classification Models

Model Accuracy | Fl-score AUC Execu(tsion Time

ec)

LR 0.9247 0.9316 0.9227 0.3
SVM 0.9285 0.9351 0.9265 4.2
KNN 0.9521 0.9576 0.9477 0.5
NB 0.8716 0.8881 0.8653 0.1
DT 0.9581 0.9617 0.9568 0.8
RF 0.9799 0.9817 0.9784 4.1
XGBoost 0.9863 0.9875 0.9851 5.2
LightGBM 0.9914 0.9922 0.9907 12.4
CatBoost 0.9876 0.9887 0.9865 7.1

NGBoost 0.9576 0.9617 0.9555 744.5
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Fig. 3. Prediction of Classification Models
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