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ABSTRACT

Early prediction of bankruptcy events is one of the most important topics in
finance and investment decision making. Bankruptcy can lead to severe
consequences on both micro and macroeconomics. Preventing financial institutions
from going bankrupt requires efficient models for the prediction of bankruptcy. For
predicting bankruptcy, some studies have applied traditional statistical techniques,
while other studies have applied Artificial intelligence (Al) techniques. This
research conducted a comparison among various studies in predicting bankruptcy.

These studies applied different techniques on several datasets.

The main objective of this research is to determine the strength and weakness of
the models applied to predict bankruptcy and their effect. This research proved that
Al techniques especially machine learning are more efficient than statistical
techniques in predicting bankruptcy. Machine learning based classifiers have been
heavily utilized in predicting bankruptcy. In terms of machine learning, predicting
bankruptcy with imbalanced dataset is a very big challenge. Despite the variety of
the existing models for predicting bankruptcy, it is an interesting topic of research
to find a model that achieves a high-performance measurement with working on
imbalanced datasets. This is because imbalanced dataset misleads the classification

results.

Therefore, this research attempted to design two efficient machine learning based
systems to predict bankruptcy while solving the imbalanced dataset problem. The
datasets used were selected from the University of California, Irvine (UCI) machine
learning repository. The data used with the first system is a selection of three
different imbalanced datasets, which are the Polish, the Australian and the German
datasets. The first system consists of three main stages: pre-processing the dataset,
re-sampling the dataset and applying varied machine learning classifiers to predict

bankruptcy.



The first system has applied four varied re-sampling techniques to balance the
input training dataset for more reliable performance. The first system also applied
six machine learning classifiers for predicting bankruptcy. The best experimental
results of the first system showed that the performance measures of accuracy and
Area Under the Curve (AUC) are 97% and 95.4%, respectively with the Polish
dataset. Moreover, the best experimental results of the first system showed that the
performance measures of accuracy and AUC are 88.4% and 92%, respectively with
the Australian dataset. The best experimental results of the first system showed that
the performance measures of accuracy and AUC are 81.5% and 83.4%, respectively

with the German dataset.

The second system consists of four main steps: pre-processing the dataset, re-
sampling the training dataset, selecting the most relevant feature from dataset and
then applying CatBoost classifier to predict bankruptcy. It used the oversampling as
a good re-sampling technique. It used the Categorical Boosting (CatBoost) classifier
to classify between bankrupt and non-bankrupt classes. Moreover, the main
objective of the second system was to reduce dimensionality of the used dataset for
increasing classification performance. The second system applied three varied
feature selection methods. It was evaluated on the imbalanced Polish dataset. The
experimental results of the second system showed the effectiveness of the developed
system according to the accuracy measure. For predicting bankruptcy on the Polish
five years datasets, the performance measures of the second system in terms of
accuracies are 98%, 98%, 97%, 97% and 95%, respectively.
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