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1. INTRODUCTION

Bankruptcy is a fatal phenomenon that every agency avoids. The effort to minimize bankruptcy is to
predict bankruptcy based on agency financial reports [1]bankr. Machine learning algorithms can help with
the bankruptcy prediction process [2], [3]. Machine learning algorithms that can be used to predict
bankruptcy are k-nearest neighbors [4]-{6], naive Bayes [7], [8], decision trees [9], [10], gradient boosting
decision trees [11], [12], light gradient boosting machines [13], [14]. The type of method used in predicting
bankruptcy is classification. Classify agencies labeled as bankrupt and agencies labeled as not bankrupt [15].

There are different categories in the use of algorithms in machine learning [16]. There are two different
categories regarding algorithms, namely weak learners and strong learners. The weak concept in machine
learning makes the naive method a reference, besides that random guessing in the formation of predictions is
a special characteristic of machine learning algorithms called a weak learner [16], [17]. Examples of weak
learner algorithms are naive Bayes, decision trees, and k-nearest neighbors [18].

Strong learner algorithms have arbitrary performance characteristics [19]. The authority possessed by
algorithms with strong learner characteristics can be regulated through hyperparameters which can directly
improve prediction accuracy [20]. Strong learner algorithms can also be built through weak learner
algorithms. Examples of strong learner algorithms are gradient boosting decision trees, light gradient
boosting machines, and extreme gradient boosting [18].

Increasing the results of accuracy in making predictions can be built through a combination of weak
learner algorithms and strong learner algorithms [21]. The stacking method is a solution in combining the
two categories. The mechanism used by the stacking method will carry out learning through two stages [1],
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[22]. The first stage of the process is grouped in the base learner container, using the original dataset and then
trained through the algorithm stacked in the base learner container to produce a new dataset. In the second
stage of the process, the newly formed dataset will be retrained through the meta learner container [23]. The
end result of the meta learner will result in the performance of the dataset that has been trained [24].

Lin [8] in his research used a Taiwanese dataset using decision trees, naive Bayes, and k-nearest
neighbors to find error values. It was found that the decision tree has a lower error rate than naive Bayes and
k-nearest neighbors. Wyrobek [25] uses the tree that has been formed to improve the next tree in the learning
process using a gradient boosting decision tree on the polish dataset. Muslim [23] uses the light gradient
boosting machine algorithm in the stacking method as a meta learner on the polish dataset. In this research,
we try to combine the algorithms used to get the best model for predicting the Taiwanese dataset.

2. METHODS

The research method was built through three stages, data preprocessing, ensemble stacking, and
performance evaluation. Referring to the characteristics of the dataset used, the Taiwanese dataset has
imbalance properties. Imbalanced datasets can have an impact on performance evaluation because the
accuracy results obtained are not optimal. Imbalanced datasets will be balanced using the synthetic minority
over-sampling technique (SMOTE) [26]-[28]. SMOTE will rebuild the dataset using the nearest neighbor
modeling. So the dataset that is formed still has a correlation with the existing dataset [28], [29]. The research
flow is in Figure 1.
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Fig. 1. Proposed Method
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The balanced dataset is then modeled using the stacking ensemble method. Data modeling using the
stacking ensemble method will be formed using k-nearest neighbors, decision trees, naive bayes, gradient
boosting decision trees, and light gradient boosting machines which at the stacking stage are part of the base
learner. The modeled dataset forms a new array to be modeled again in the last stage of stacking, namely the
meta learner using extreme gradient boosting. The modeling results from stacking are evaluated using a
confusion matrix through k-fold cross validation to assess the accuracy of the model created [5].

3. RESULTS AND DISCUSSION

The comparison of the classification labels that have been calculated is 6599 data for label 0 which
means not bankrupt and 220 data for label 1 which means bankrupt. After the dataset is balanced, it will
show that the two labels show the same amount of data, namely 6599 data. As shown in Figure 2.
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Fig. 2. (a) Dataset imbalanced; (b) Dataset balanced

Data that has been balanced beforehand is modeled using a single classifier. Modeling using a single
classifier aims to show the accuracy performance of the dataset that is modeled using the algorithm used in
stacking. The algorithms used are k-nearest neighbors, decision tree, naive bayes, gradient boosting decision
tree, and light gradient boosting machine. The model performance results are visualized in Figure 3.
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Fig. 3. Comparison single algorithms

The first modeling using k-nearest neighbors produces an accuracy performance of 96.87%. The second
model uses the decision tree algorithm to provide an accuracy of 95.14%. The third model using naive Bayes
produces an accuracy of 72.34%. The fourth model uses a gradient boosting decision tree to produce an
accuracy of 97.13%. The fifth model uses the light gradient boosting machine algorithm to provide an
accuracy of 98.74%.

The single modeling for each classifier used is intended to compare the modeling results using the
stacking ensemble method. Modeling using the stacking ensemble will go through the base learner stages
which stack the k-nearest neighbor algorithm, decision tree, naive bayes, gradient boosting decision tree, and
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light gradient boosting machine to produce a new dataset array. The new dataset array from base learner will
be remodeled using extreme gradient boosting. The comparison of the algorithms used is shown in Figure 4.
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Fig. 4. Comparison single algorithms and Stacking Ensemble

Based on the comparison of the single algorithm used modeling with the stacking ensemble technique
shows the difference. Modeling using the stacking ensemble technique produces an accuracy performance of
99.23%. The accuracy performance results show that modeling using the stacking ensemble technique is the
best among the single models used

4. CONCLUSION

Minimizing the phenomenon of bankruptcy can use prediction efforts using machine learning
algorithms. The research was conducted using k-nearest neighbors, decision trees, naive bayes, gradient
boosting decision trees, and light gradient boosting machines which were stacked using the stacking
ensemble method. The stacking ensemble method applied uses extreme gradient boosting as a meta learner
for the final modeling. The modeling that was created produces an accuracy of 99.23% on the Taiwanese
Bankruptcy Dataset
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