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Optimization of Random Subspace Ensemble

for Bankruptcy Prediction®
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B Abstract =

Ensemble classification is to utilize multiple classifiers instead of using a single classifier. Recently ensemble
classifiers have attracted much attention in data mining community. Ensemble learning techniques has been proved
to be very useful for improving the prediction accuracy. Bagging, boosting and random subspace are the most popular
ensemble methods. In random subspace, each base classifier is trained on a randomly chosen feature subspace of
the original feature space. The outputs of different base classifiers are aggregated together usually by a simple majority
vote. In this study, we applied the random subspace method to the bankruptcy problem. Moreover, we proposed a
method for optimizing the random subspace ensemble. The genetic algorithm was used to optimize classifier subset
of random subspace ensemble for bankruptcy prediction. This paper applied the proposed genetic algorithm based
random subspace ensemble model to the bankruptcy prediction problem using a real data set and compared it with

other models. Experimental results showed the proposed model outperformed the other models.
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(Table 1) Steps of Random Subspace Method

Random Subspace Ensemble

1.
2.

3.

Partition Data Set(Training Data Set(T}), Validation Data Set(V))
Generate a new training data set with randomly selected f features from T
(f < F(total number of features in Ty))
Repeat step 2 to generate n new training data sets ==> T1(RS);, Ti(RS)y, -, Ti(RS),
. Train a classifier for each new training set
(Different classifiers are generated) ==> Cj, -+, Cy
. Apply the classifiers generated in step 4 to the validation data set
(n different output data) ==> Oy, -+, O,
. Combine the output data(Oy, -+, On) by a combining method
(In this paper, we use majority voting scheme as a combining method)
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(Table 2> Steps of the Proposed Model

GA based Random Subspace Ensemble

1. Partition Data Set(Training Data Set(T)), Test Data Set(Ts), Validation Data Set(V))
2. Generate a new training data set with randomly selected f features from T
(f" < F(total number of features in T))
3. Repeat step 2 to generate n new training data sets ==> Ti(RS);, Ti(RS), -+, Ti(RS),
4. Train a classifier for each new training set
(Different classifiers are generated) ==> Cy, -+, Cy
5. Define the chromosome
(The chromosome for the classifiers pool is encoded as a form of binary string)
6. Determine parameters of GA
7. Generate the initial population
8. Select the classifiers pool for each chromosome
9. Apply the classifiers pool generated in step 8 to the test data set(Ts)
10. Combine the output data by a combining method ==> Calculate the fitness values
11. Perform GA operations and create a new generation
12. Repeat from 8 to 10 until the termination criteria are satisfied
13. Select the optimal classifiers pool
14. Apply the optimal classifiers pool to the validation data set(V)
15. Combine the output data(Oy, ---, O,) by a combining method
(In this paper, we use majority voting scheme as a combining method)
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{Table 3> Input Variables

Category

Description

Profitability

EBITDA to Sales

Financial Expenses to Sales

Financial Expenses to Debt

Ordinary Income Rate

Ordinary Income to Sales

Net income to sales

Interest Expenses to Net income

Ordinary Income to Capital

Ordinary Income to Total Asset

Stability

Fixed Asset to Owener’s Equity

Quick Asset to Current Liability

Debt Ratio

Current Liabiltiy to Total Asset

Current Asset to Current Liabiltity

Capital suplustretained
(earnings—divdend)/total assets

Borrowings to EBITDA

Borrowings to Sales

Cash Ratio

Growth

Coefficient of variation of sales

Cash Flow

Cash flow after interest payment to
sales

Cash Flow to Financial Expenses

Activity

Sales to net change in working capital

Total assets turnover period

Sales to net change in account
receivable
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(Table 4> Experimental Results of the Random Subspace Ensemble Model

f o |f=1|f=2{f=3|f=4|f=5|f=6{f=7|f=8|f=9|f=10|f=11|f=12|f=13|f=14|f=15|{f=16|f=17|f=18|f=19|f =20|f = 21 |f = 22|f=23|f =24
RS |63.74(68.73]69.77(70.30|71.41|72.59|73.01|72.66|73.58| 73.59 | 73.42 | 73.77 | 73.34 | 74.14 | 73.52 | 73.65 | 73.53 | 73.20 | 73.17 | 72.68 | 72.26 | 72.07 | 72.00 | 72.44
BC {56.17]60.66|63.10|64.5065.53|66.47(67.30(67.44|68.30| 68.71 | 69.04 | 69.39| 69.52 | 69.92 | 70.12 | 70.46 | 70.61 | 70.83 | 71.00 | 71.11 | 71.27 | 71.44 | 71.64 | 72.44
Q [0.22]032(041]0.48|0.51(055[058[0.62|0.64| 067 [ 070 | 0.73 | 0.75 | 0.77 | 0.80 | 0.82 | 0.84 | 0.86 | 0.83 | 091 | 093 | 0.95 | 0.98 | 1.00
KNN 2.4
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