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The Proposed Model

1. Setup:
-Partition Data Set: Ty, T,, V
-Define the chromosome
-Determine parameters of GA

2. Generate the initial population

3. Select k parameters and the feature subsets for each chromosome

4. Generate base classifiers using the k parameters and the feature subsets generated in step 3
(Different classifiers are generated = {C,, .., C,}

5. Apply the base classifiers to T, = {O;, ..., Oy}

6. Combine the output data by a combining method and Calculate the fitness  values

7. Perform GA operations and create a new generation

8. Repeat from step 3 to 7 until the termination criteria are satisfied

9. Select the optimal k and optimal feature subsets

10. Generate base classifiers using the optimal values = Optimal Classifiers Set: {C*;, ..., C*,}

11. Apply the base classifiers to the validation data set(V) = Output Set :{O*,

12. Combine the output data by a combining method

ey OF)

(Figure 2) Steps of the Proposed Model
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(Table 1) Input Variables

Category

Description

EBITDA to Sales

Financial Expenses to Sales

Financial Expenses to Debt

Ordinary Income Rate

Profitability

Ordinary Income to Sales

Net Income to Sales

Interest Expenses to Net income

Ordinary Income to Capital

Ordinary Income to Total Asset

Fixed Asset to Owner’s Equity

Quick Asset to Current Liability

Debt Ratio

Current Liability to Total Asset

Stability

Current Asset to Current Liability

(Capital Surplus + Retained Earnings- Dividend)/Total Assets

Borrowings to EBITDA

Borrowings to Sales

Cash Ratio

Growth

Coefficient of Variation of Sales

Cash Flow after Interest Payment to Sales

Cash Flow

Cash Flow to Financial Expenses

Sales to Net Change in Working Capital

Activity

Total Assets Turnover Period

Sales to Net Change in Account Receivable
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Classification Accuracy(%)
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(Figure 4) Classification Accuracy of Single KNN Model at Different k values (%)
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(Figure 5) Box plots of the classification accuracy of KNN ensemble model (%)
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(Table 2 ) Final Experimental Results

Model (%) Base Classifiers (%) Q-Statistic

Single 72.43 - -

RS(S) 73.77 69.39 0.73

RS(B) 74.23 68.00 0.64

SORS 76.43 68.07 0.61

(Table 3 ) Wilcoxon Signed-Rank Test (p-value)
RS(S) RS(B) SORS

Single 0.007 0.005 0.005

RS(S) 0.093 0.005

RS(B) 0.005
=2 9= 2Aghs Bl k=9¢ o] KNN & (Wilcoxon Signed-Rank Test)2 A5l o 2
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Abstract

Investigating Dynamic Mutation Process of
Issues Using Unstructured Text Analysis

Sung-Hwan Min*

Bankruptcy involves considerable costs, so it can have significant effects on a country's economy.
Thus, bankruptcy prediction is an important issue. Over the past several decades, many researchers have
addressed topics associated with bankruptcy prediction. Early research on bankruptcy prediction employed
conventional statistical methods such as univariate analysis, discriminant analysis, multiple regression, and
logistic regression. Later on, many studies began utilizing artificial intelligence techniques such as inductive
learning, neural networks, and case-based reasoning. Currently, ensemble models are being utilized to
enhance the accuracy of bankruptcy prediction. Ensemble classification involves combining multiple
classifiers to obtain more accurate predictions than those obtained using individual models. Ensemble
learning techniques are known to be very useful for improving the generalization ability of the classifier.

Base classifiers in the ensemble must be as accurate and diverse as possible in order to enhance the
generalization ability of an ensemble model. Commonly used methods for constructing ensemble classifiers
include bagging, boosting, and random subspace. The random subspace method selects a random feature
subset for each classifier from the original feature space to diversify the base classifiers of an ensemble.
Each ensemble member is trained by a randomly chosen feature subspace from the original feature set,
and predictions from each ensemble member are combined by an aggregation method.

The k-nearest neighbors (KNN) classifier is robust with respect to variations in the dataset but is
very sensitive to changes in the feature space. For this reason, KNN is a good classifier for the random
subspace method. The KNN random subspace ensemble model has been shown to be very effective for
improving an individual KNN model. The k parameter of KNN base classifiers and selected feature subsets
for base classifiers play an important role in determining the performance of the KNN ensemble model.
However, few studies have focused on optimizing the k parameter and feature subsets of base classifiers
in the ensemble. This study proposed a new ensemble method that improves upon the performance KNN
ensemble model by optimizing both k parameters and feature subsets of base classifiers. A genetic

algorithm was used to optimize the KNN ensemble model and improve the prediction accuracy of the
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ensemble model.

The proposed model was applied to a bankruptcy prediction problem by using a real dataset from
Korean companies. The research data included 1800 externally non-audited firms that filed for bankruptcy
(900 cases) or non-bankruptcy (900 cases). Initially, the dataset consisted of 134 financial ratios. Prior to
the experiments, 75 financial ratios were selected based on an independent sample t-test of each financial
ratio as an input variable and bankruptcy or non-bankruptcy as an output variable. Of these, 24 financial
ratios were selected by using a logistic regression backward feature selection method. The complete dataset
was separated into two parts: training and validation. The training dataset was further divided into two
portions: one for the training model and the other to avoid overfitting. The prediction accuracy against this
dataset was used to determine the fitness value in order to avoid overfitting. The validation dataset was
used to evaluate the effectiveness of the final model. A 10-fold cross-validation was implemented to
compare the performances of the proposed model and other models.

To evaluate the effectiveness of the proposed model, the classification accuracy of the proposed
model was compared with that of other models. The Q-statistic values and average classification accuracies
of base classifiers were investigated. The experimental results showed that the proposed model
outperformed other models, such as the single model and random subspace ensemble model.

Key Words : Random Subspace, Bankruptcy Prediction, Ensemble, Genetic Algorithms
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