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Recently, not only traditional statistical techniques but also machine learning algorithms have been used to make more accurate
bankruptey predictions. But the insolvency rate of companies dealing with financial institutions is very low, resulting in a data
imbalance problem. In particular, since data imbalance negatively affects the performance of artificial intelligence models, it
is necessary to first perform the data imbalance process. In additional, as artificial intelligence algorithms are advanced for precise
decision-making, regulatory pressure related to securing transparency of Artificial Intelligence models is gradually increasing,
such as mandating the installation of explanation functions for Artificial Intelligence models. Therefore, this study aims to present
guidelines for eXplainable Artificial Intelligence-based corporate bankruptcy prediction methodology applying SMOTE techniques
and LIME algorithms to solve a data imbalance problem and model transparency problem in predicting corporate bankruptcy.

The implications of this study are as follows. First, it was confirmed that SMOTE can effectively solve the data imbalance issue,
a problem that can be easily overlooked in predicting corporate bankruptcy. Second, through the LIME algorithm, the basis for
predicting bankruptcy of the machine learning model was visualized, and derive improvement priorities of financial variables
that increase the possibility of bankruptcy of companies. Third, the scope of application of the algorithm in future research was
expanded by confirming the possibility of using SMOTE and LIME through case application.
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<Table 1> Preliminary Studies on Bankruptcy Predictions
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1. Data preprocessing 1. Data normalization

2. Missing values processing

1. Feature selection using Boruta-Shap

3. Model and Hyper-
parameter candidate
selection 2. Hyper-parameter candidate selection by models

1. Model candidate selection

4. Optimal model 1
selection considering

. Hyper—parameter tunning considering imbalanced dataset

imbalanced dataset 2. Optimal model selection

5. Deriving

improvement priorities 1. Deriving improvement priorities using LIME

<Figure 4> XAl Methodology for Bankruptcy Prediction in
Imbalanced Datasets
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<Table 3> Boruta-Shap Algorithm
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set and name them shadow + feature name, shuffle these newly
added features to remove their correlations with the response
variable.

Step 1

Run a random forest classifier on the extended data with the
random shadow features included. Then rank the features using
a feature importance metric the original algorithm used
permutation importance as it’s metric of choice.

Step 2

Create a threshold using the maximum importance score from
the shadow features. Then assign a hit to any feature that had
exceeded this threshold.

Step 3

For every unassigned feature preform a two sided T-test of

Step 4 equality

Attributes which have an importance significantly lower than
the threshold are deemed ‘unimportant’ and are removed them
from process. Deem the attributes which have importance
significantly higher than than the threshold as ‘important’.

Step §
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an importance has been assigned for each feature, or the algorithm
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<Table 4> Example of Model Evaluation

RF SVM XGB ANN

Max 0.961 0.962 0.962 0.952
Median 0.944 0.943 0.943 0.924
Mean 0.945 0.944 0.943 0.923
Min 0.922 0.924 0918 0.801

)
——

madel

<Figure 5> Example of Model Evaluation(Boxplot)
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<Figure 6> Example of Variable Sensitivity
<Table 5> Example of Variable Sensitivity
Sensitivity .
Feature(r - -
ture(r,) (Contribution) weight | Z-score
DCR-1 <= -0.10 -0.2106 2.1611 -0.0974
0 < DIR-1 <= 0.02 -0.1022 -4.9916 0.0205
-0.07 < L1-1 <= -0.06 0.0541 -0.7759 -0.0697
-04 < BL-1 <= 0.6 -0.0387 -0.3507 0.1105
-0.05 < DCR-2 <= -0.04 -0.0365 0.7886 -0.0462
-0.04 < L1-2 <= -0.04 0.0141 -0.3486 -0.0404
-0.02 < ATD-1 <= -0.02 0.0112 -0.5723 -0.0196
-0.02 < DTR-2 <= -0.02 -0.0053 0.3214 -0.0164
-0.04 < L1-3 <= -0.04 -0.0027 0.0658 -0.0408
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<Table 7> Missing Ratio in Financial Variables

Financial Missing ratio(n = 6,635)
variables -1Y -2Y -3Y MEAN
TAT 3.30% 4.64% 7.91% 5.29%
ATD 9.51% 11.15% 15.30% 11.99%
DTR 3.95% 5.50% 9.31% 6.25%
ITD 44.10% 42.65% 42.65% 43.13%
L1 2.17% 3.20% 6.41% 3.92%
L2 1.99% 3.07% 6.24% 3.77%
L3 2.06% 3.15% 6.35% 3.85%
ROA 0.69% 0.78% 0.80% 0.76%
ROE 0.71% 0.86% 0.84% 0.80%
ROS 23.48% 15.64% 8.82% 15.98%
ROI 0.69% 0.78% 0.80% 0.76%
LRR 3.29% 4.55% 7.73% 5.19%
WAR 1.91% 2.70% 3.87% 2.83%
LP 70.66% 64.40% 59.47% 64.84%
DA 1.67% 2.52% 4.58% 2.92%
DE 1.67% 2.56% 4.58% 2.94%
FL 0.71% 0.86% 0.84% 0.80%
DIR 0.75% 0.83% 0.81% 0.80%
DCR 1.81% 2.91% 5.83% 3.52%
ACR 24.17% 26.72% 30.60% 27.16%
BL 0.75% 0.84% 1.06% 0.88%
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{Table 6> Financial Variables
Financial Indicators Financial Variables Abbr.
Total Asset Turnover TAT
Activity Asset Turnover Days ATD
Days Total Receivables Outstanding | DTR
Inventory Turnover Days ITD
Cash Ratio L1
Liquidity Quick Ratio L2
Current Ratio L3
Return on Assets ROA
Return on Equity ROE
Return on Sales ROS
Profitablity Return on Investment ROI
Labor-to-Revenue Ratio LRR
Wages to Added Value Ratio WAR
Labor Productivity LP
Debt-to-Assets Ratio DA
Debt-to-Equity Ratio DE
Financial Leverage FL
Solvency Debt to Income Ratio DIR
Debt Service Coverage Ratio DCR
Asset Coverage Ratio ACR
Bank Liabilities to Debt Ratio BL
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ZIAA7LY A7) o whel FATY] A3E 2 ujSAo] W <Table 9> Machine Learning Models in Bankruptcy
Fahe Aaote] S40z noAt ST T Prediction
ALe] e ol A Wsd 27} 9low, o]d mE & Abbr. Model Frequency
TEE 222 ox7} &A%} wab, TA v$EE LR Logistic Regression 38
2o v)gel Bhd AFH 59 A4S sk A | NB Naive Bayes 1
- - - - LDA Li Discriminant Analysi 5
AR Y WE7h FAAERG o FasHl 48T | inear Diseriminant Avalys :
AKel A
AL R ST DT Decision Tree 23
ELM Extreme Learning Machine 2
<Table 8> Selected Variables k-NN k-Nearest Neighbor 10
= = = SVM Support Vector Machine 43
inancial variables ANN Artificial Neural Network 31
Activit Asset Turnover Days-1 BA Bagging 13
ctivi
Y Days Total Receivables Outstanding-2 BO Boosting 16
Cash Ratio-1 RF Random Forest 13
Liquidity Cash Ratio-2 RBM Restricted Boltzmann Machine 4
Cash Ratio-3 DBN Deep Belief Network 6
Debt Service Coverage Ratio-1 DMLP Deep Multi-Layer Perceptron 4
Solvenc Debt Service Coverage Ratio-2 CNN Convolutional Neural Network 3
Y Bank Liabilities to Debt Ratio-1
Debt to Income Ratio-1 <Table 10> The Range of hyper-parameter by model
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Model Hyper-parameter Range
kernel function rbf
SVM C 0.0001 ~ 1000
n_estimators 50 ~ 200
RT min_sample leaf 50 ~ 200
min_samples_split 50 ~ 200
n_estimators 50 ~ 200
XGB min_sample_leaf 50 ~ 200
min_samples_split 50 ~ 200
activation function relu
optimizer adam
ANN number of neurons 16, 32
number of hidden layers 3
batch_size 64, 128, 256
epochs 100, 200, 300
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<Table 12> Model Performance(ROC-AUC)

Model Hyper-parameter Selected value
kernel function rbf
SVM
C 989
n_estimators 186
RT min_sample_leaf 176
min_samples_split 158
n_estimators 62
XGB min_sample_leaf 71
min_samples_split 108
activation function relu
optimizer adam
ANN number 01'“ neurons 32
number of hidden layers 3
batch_size 256
epochs 100

wdy Fo|HulalnE AA o= HHo Fro=
o ARG 93 <Table 11>014 A4H sho] 7 sehn] e
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A% g7 et 8} ] 915kl SMOTES} slo|# ofefnl g =
BT AEsA g Rl FAsHA 30082 A
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210, A FEAE 5008 FAF] HWEAS 85t
E}. *é AxE dHolE B9y dAFolA T2 &=
ROC-AUCE AH&&tg] ovi[12], ¥l #4243} <Table

12>, <Figure 8>= H 3T
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o e QT RE Aleletd SMOTE v 4§ 2}
Hlsle] Aol AA MRS Eelstdt 53 dHE
d2EQ SVM O] A5 $9 @S 7T H5ol= 05

MAX MEDIAN MEAN MIN
SMOTE_RF 0.9654 0.8888 0.8881 0.7814
SMOTE_SVM 0.9712 0.8849 0.8845 0.7294
SMOTE_XGB 0.97 0.8852 0.8855 0.7124
SMOTE_ANN 0.9589 0.8392 0.836 0.6926
RF 0.6852 0.583 0.5863 0.5137
SVM 0.5 0.5 0.4999 0.4997
XGB 0.7477 0.6194 0.6195 0.5207
ANN 0.9339 0.8495 0.8469 0.7198
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<Figure 8> Model Performance(ROC-AUC)
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<Figure 9> Variable Sensitivity
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<Table 13> LIME &112|& ME &1}
Feature(r,) (C%?\rt]rsiltt)n/tlitgn) weight | Z-score
DCR-1 <= -0.10 -0.2106 21611 | -0.0974
0 < DIR-1 <= 0.02 -0.1022 4.9916 0.0205
-0.07 < LI-1 <= -0.06 0.0541 07759 | -0.0697
0.4 < BL-1 <= 0.6 -0.0387 0.3507 0.1105
-0.05 < DCR-2 <= -0.04 -0.0365 07886 | -0.0462
-0.04 < L1-2 <= -0.04 0.0141 0.3486 | -0.0404
-0.02 < ATD-1 <= -0.02 0.0112 0.5723 | -0.0196
-0.02 < DTR-2 <= -0.02 -0.0053 03214 | -0.0164
-0.04 < LI-3 <= -0.04 -0.0027 0.0658 | -0.0408
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