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Ensemble classification involves combining individually trained classifiers to yield more accurate prediction, compared with
individual models. Ensemble techniques are very useful for improving the generalization ability of classifiers. The random subspace
ensemble technique is a simple but effective method for constructing ensemble classifiers; it involves randomly drawing some
of the features from each classifier in the ensemble. The instance selection technique involves selecting critical instances while
deleting and removing irrelevant and noisy instances from the original dataset. The instance selection and random subspace methods
are both well known in the field of data mining and have proven to be very effective in many applications. However, few
studies have focused on integrating the instance selection and random subspace methods. Therefore, this study proposed a new
hybrid ensemble model that integrates instance selection and random subspace techniques using genetic algorithms (GAs) to improve
the performance of a random subspace ensemble model. GAs are used to select optimal (or near optimal) instances, which are
used as input data for the random subspace ensemble model. The proposed model was applied to both Kaggle credit data and
corporate credit data, and the results were compared with those of other models to investigate performance in terms of classification
accuracy, levels of diversity, and average classification rates of base classifiers in the ensemble. The experimental results demon-
strated that the proposed model outperformed other models including the single model, the instance selection model, and the

original random subspace ensemble model.
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<Table 1> Input Variables(Kaggle Data)

Variable Name

Description

Revolving Utilization Of Unsecured Lines

Total balance on credit cards and personal lines of credit except real estate and no installment
debt like car loans divided by the sum of credit limits

Age Age of borrower in years

Number Of Time 30~59 Days Past Due Not Worse | Number of times borrower has been 30~59 days past due but no worse in the last 2 years.

Debt Ratio

Monthly debt payments, alimony, living costs divided by monthy gross income

Monthly Income Monthly income

Number Of Open Credit Lines And Loans

Number of Open loans(installment like car loan or mortgage) and Lines of credit(e.g. credit cards)

Number Of Times 90 Days Late

Number of times borrower has been 90 days or more past due.

Number Real Estate Loans Or Lines

Number of mortgage and real estate loans including home equity lines of credit

Number Of Time 60~89 Days Past Due Not Worse | Number of times borrower has been 60-89 days past due but no worse in the last 2 years.

Number Of Dependents

Number of dependents in family excluding themselves(spouse, children etc.)
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<Table 2> Input Variables(Corporate data)
Category Description
. Sales to net change in working capital
Activity :
Total assets turnover period
Cash flow | Cash flow after interest payment to sales
Growth Coefficient of variation of sales
Net income to sales
Profitability | Ordinary Income to Capital
EBITDA to Sales
Current Asset to Current Liability
Current Liability to Total Asset
(Capital surplus+retained earnings-dividend)/total assets
Stability Borrowings to Sales

Cash ratio

Fixed Asset to Owner’s Equity

Fixed Liability to Owner’s Equity

Borrowings to EBITDA

{Table 3> Classification Performance of Each Model(%)-

Kaggle Data
f RS Proposed_M DT ISDT
1 68.82 67.20
2 73.37 72.97
3 74.85 75.15
4 74.92 75.51
5 74.79 75.81
6 75.16 75.85 73.05 7412
7 74.71 76.12
8 74.23 75.68
9 73.83 75.03
10 73.05 74.12
Average 73.77 74.34 73.05 74.12

<Table 4> Classification Performance of Each Model(%)-

Corporate Data

f RS Proposed_M DT ISDT
1 61.20 65.51
2 67.66 69.24
3 69.47 70.05
4 70.41 71.24
5 71.22 71.85
6 70.76 72.06
7 71.23 72.16
8 70.65 72.57 65.41 68.11
9 70.58 71.70
10 70.12 70.84
11 70.03 70.62
12 68.82 69.24
13 67.72 68.35
14 65.78 68.11
15 65.41 68.11
Average 68.74 70.11 65.41 68.11
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<Table 6> Performances of base Classifiers—Kaggle Data

f Averi\iiucr;m‘;a‘"’” Q-Statistic
RS Proposed_M RS Proposed_M
1 59.96 59.53 0.342 0.395
2 63.06 62.92 0.382 0.414
3 65.82 65.92 0.444 0.452
4 67.48 67.95 0.536 0.531
5 69.09 70.14 0.628 0.615
6 70.07 70.94 0.699 0.691
7 71.33 72.07 0.785 0.793
8 72.21 73.12 0.866 0.871
9 72.87 73.45 0.925 0.938
10 73.05 73.72 1.000 1.000
Average 68.50 68.98 0.661 0.670

<Table 7> Performances of base Classifiers-Corporate Data

f Ave”}_\@'ciu?;fys('f/'f)a"‘)” Q-Statistic
RS Proposed_M RS Proposed_M
1 55.68 57.98 0.220 0.267
2 59.51 60.87 0.292 0.345
3 61.68 62.35 0.386 0.382
4 62.72 64.27 0.435 0.436
5 63.72 65.01 0.471 0.475
6 63.98 65.60 0.507 0.512
7 64.59 66.17 0.554 0.536
8 64.57 66.21 0.566 0.570
9 65.24 66.79 0.625 0.627
10 65.66 66.48 0.680 0.683
11 65.73 67.03 0.717 0.698
12 65.79 67.03 0.761 0.756
13 65.89 67.29 0.811 0.823
14 65.75 67.61 0.886 0.883
15 65.41 68.11 1.000 1.000
Average 63.73 65.25 0.594 0.599
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