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Abstract

In this paper, we apply the machine learning methods to predict default
of companies in Asian financial crisis using financial statements from 1994 to
1996. Logistic regression, neural network, and support vector machines are
used to conduct the default prediction model. We use under-sampling tech-
nique and SMOTE(Synthetic Minority Over-sampling Technique) to solve
the imbalanced dataset problem. Also, we compare the results with two sub-
groups of features, one group is from one financial statement prior to de-
fault, and the other is from three financial statements from 1994 to 1996.
In addition, we discuss the performance of the machine learning methods by
comparing the statistic measures.

Key words: default prediction, machine learning, logistic regression, neural
network, support vector machine, imbalanced data
Student Number: 2010-23071

i



Contents

Abstract i

1 Introduction 1

2 Machine Learning Methods 3
2.1 Logistic Regression . . . . . . . . . . . . . . . . . . . . . . . . 3
2.2 Artificial Neural Network . . . . . . . . . . . . . . . . . . . . . 6
2.3 Support Vector Machine . . . . . . . . . . . . . . . . . . . . . 9

3 Data and Experimental Procedures 13
3.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
3.2 Experimental Procedures . . . . . . . . . . . . . . . . . . . . . 16

4 Results and Analysis 19

5 Conclusion 26

Abstract (in Korean) 29

Acknowledgement (in Korean) 30

ii



Chapter 1

Introduction

The default prediction has been studied by many researchers, and also a
fascinating topic for investors. The successful prediction of the default prob-
lem helps investors prevent from losing money since it gives the important
information whether companies are in danger of default or not. In 1997, the
Asian financial crisis was led by Thailand, and most of Southeast Asian coun-
tries were affected by the crisis. For Korea, economy was unstable. Currency
dropped, the growth rate of exports declined, and many corporate failures
were occurred. The accurate default prediction might have facilitated eco-
nomic recovery and obviated many of the risks associated with investment.

Statistical techniques such as multiple discriminant analysis(MDA) are
applied for early studies to predict default[1]. Recently, machine learning
methods are used in various areas such as handwriting recognition, display
online advertising, medical diagnosis, and image search. Also, numerous stud-
ies reported the effectiveness of neural networks and support vector machines
in default prediction[2][7][8][9][13][14]. Although there have been many stud-
ies about the successful application of machine learning methods, there are
ongoing problems to solve such as applications with imbalanced data, multi-
class classification of support vector machines to make better decisions[4][6].

In this paper, by using the financial data of companies in 1994-1996, we
apply three machine learning methods to construct the prediction model and
examine the performance of these classifiers.

The remainder of this paper is as follow. Chapter 2 explains a description
of logistic regression, neural network, and support vector machine. Chapter3
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CHAPTER 1. INTRODUCTION

provides the data and experiment procedures with two different strategies of
making the data balanced and two subgroups of features. Chapter4 analyzes
the empirical results. Chapter5 discusses the conclusion.
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Chapter 2

Machine Learning Methods

In this chapter, we present the machine learning methods: logistic regres-
sion, neural network, support vector machines. We explain how these clas-
sifiers recognize the pattern from data, construct a prediction model using
training samples, and classify test samples.

2.1 Logistic Regression

Logistic regression is the classifier to predict discrete-valued response
variable based on features. Features are explanatory variables which can be
observed in the data. Logistic regression can be applied for binary classi-
fication and multi-class classification. In this study, we choose the response
variable y either 0 or 1 because the default prediction is a binary classification
problem. We use x to denote a feature vector, and D = {(x(i), y(i))}i=1,··· ,m
for training samples. Given any D = {(x(i), y(i))}i=1,··· ,m logistic regression
constructs the classification model and gives the prediction whether y = 0
or y = 1. There exists a weight vector w = (w0, w1, · · · , wd)t and a function
hw(x) s.t.

hw(x) = P (y = 1 | x; w).

We define the function g(t) that has values between 0 and 1. This function
is defined as

g(t) =
1

1 + e−t
, (2.1.1)

3



CHAPTER 2. MACHINE LEARNING METHODS

where g(t) is called the sigmoid function or the logistic function. Since g(t)
has the domain range of (0,1), so we use

hw(x) = g(wT · x) =
1

1 + e−wT ·x .

Given data D = {(x(i), y(i))}i=1,··· ,m, logistic regression aims at choosing
the best parameter w that minimizes the following cost function:

J(w) =
m∑
i=1

(y(i) − hw(x(i)))2 (2.1.2)

In Statistics, the optimal parameter w can be also computed by maximizing
the likelihood function L(w) given by

L(w) =
m∏
i=1

p(y(i) | x(i); w). (2.1.3)

Therefore, for finding the parameter w, we maximize (2.1.3) instead of min-
imizing (2.1.2).

Since y is a binary variable, we can assume that y has a Bernoulli distri-
bution. We assume

p(y = 1 | x; w) = hw(x) = g(wT · x)

p(y = 0 | x; w) = 1− hw(x) = 1− g(wT · x). (2.1.4)

Then, (2.1.4) implies

p(y | x; w) = hw(x)y(1− hw(x))1−y ∼ Bernoulli(hw(x)). (2.1.5)

Given the training samples D = {(x(i), y(i))}i=1,··· ,m, the likelihood function
is given by

L(w) =
m∏
i=1

hw(x(i))y
(i)

(1− hw(x(i)))1−y
(i)

(2.1.6)
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CHAPTER 2. MACHINE LEARNING METHODS

We use the log likelihood function l(w) instead of (2.1.6) to make the proce-
dure simpler. The log likelihood function is

l(w) = logL(w)

=
m∑
i=1

{y(i) log hw(x(i)) + (1− y(i)) log(1− hw(x(i)))} (2.1.7)

=
m∑
i=1

{y(i) log g(wT · x(i)) + (1− y(i)) log(1− g(wT · x(i)))}.

For logistic regression, there is no closed-form solution, so iterative methods
are used such as gradient descent algorithm.

Gradient descent algorithm updates the parameter until there is no im-
provement to find the best parameter. Gradient descent algorithm takes the
form given by

w(new) = w(old) + α5 l(w) |w=w(old) . (2.1.8)

α is called learning rate. If α is too small, the algorithm may converge too
slowly. Otherwise, if α is too large, it may not converge and oscillate.

Since the derivative of (2.1.1) has the form as

g′(t) = g(t)(1− g(t)),

the derivative of (2.1.7) is

∂l(w)

∂wk

=
m∑
i=1

{y(i) g
′(wT · x(i))

g(wT · x(i))
x
(i)
k + (1− y(i)) g′(wT · x(i))

1− g(wT · x(i))
x
(i)
k }

=
m∑
i=1

{y(i)(1− g(wT · x(i)))− (1− y(i))g(wT · x(i))}x(i)
k

=
m∑
i=1

{y(i) − g(wT · x(i))}x(i)
k . (2.1.9)

Therefore, (2.1.8) has the form as

w(new)k = w(old)k + α

m∑
i=1

{y(i) − g(wT (old) · x(i))}x(i)
k . (2.1.10)
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CHAPTER 2. MACHINE LEARNING METHODS

Note that the second derivative of the log likelihood function l(w) is( ∂2l

∂wk∂wr

)
= −

m∑
i=1

g′(wT · x(i))x
(i)
k x(i)

r . (2.1.11)

Then, the Hessian matrix H(w) is given by

H(w) = −
m∑
i=1

g′(wT · x(i))x(i)(x(i))T . (2.1.12)

For any v ∈ Rd,

vTx(i)(x(i))Tv =‖ (x(i))Tv ‖2≥ 0. (2.1.13)

Since g′(t) =
e−t

(1 + e−t)2
> 0, −H(w) is positive semi-definite, Therefore, the

log likelihood function l(w) is a concave function, so there exists the maxi-
mum. By computing the formula (2.1.10) until it converges to the maximum,
we can find the best parameter that minimizes the cost function.

With the parameter w from the iterative method, the classifier predicts
y = 1 if p(y = 1 | x; w) ≥ 1

2
, and otherwise y = 0 .Therefore, the target

vector is

target(i) =

{
1 if g(wT · x(i)) ≥ 0.5

0 otherwise

for i = 1, 2, · · · ,m.

2.2 Artificial Neural Network

Artificial neural network is named after the neuron in the human brain
since the model structure is similar to the human’s nervous system. Artificial
neural network can be applied to multi-class classification and non-linear
classification. The basic structure of the neural network is a logistic unit.
This is called a perceptron. The perceptron is constructed with inputs and
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CHAPTER 2. MACHINE LEARNING METHODS

output like Figure 1. The output is a function of weighted sum of the inputs
as

output(i) = hw(x(i)) = g(wT · x(i)).

x1

x2

...

xd

w1

w2

g output

wd

Figure 1. A perceptron: a logistic unit

A function g is used for producing the output, and it is called an activation
function. Various functions can be used as the activation function, but a
logistic function and a hyperbolic tangent function are mainly used for most
of the neural network. The structure of common neural network has three
kinds of layers: an input layer, hidden layers, and an output layer(see Figure
2). For binary classification like the default prediction, there is just one node
in the output layer since y takes 0 or 1. For multi-class classification, there
are nodes as the number of classes. In this case, y takes y = (1, 0, 0, · · · , 0)Tor
y = (0, 1, 0, · · · , 0)T , · · · , y = (0, 0, 0, · · · , 1)T for each class. As computing
the weights of neural network, a backpropagation algorithm can be used. The
backpropagation algorithm computes the optimal weights by propagating
error between layers backward.

x1

x2

...

xd

· · ·

w11

w12

g output

wdj

Input layer Hidden layers Output layer

Figure 2. The structure of common neural network: a multilayer perceptron
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CHAPTER 2. MACHINE LEARNING METHODS

As described in chapter 2, we can use the log likelihood function instead
of the cost function to find the optimal weights. We need to compute the
partial derivatives of the log likelihood function in a layer.

Let a(r) be a vector whose elements are nodes of r-th layer. For the input
vector x, a(1) = x. For j-th node in the r-th layer(r = 2, 3, · · · , R), we define

a
(r)
j = g(z

(r)
j ),

where z
(r)
j is a linear combination of a(r−1) as

z
(r)
j =

∑
s

a(r−1)
s w

(r−1)
sj . (2.2.1)

The derivative of l(w) with respect to the last layer weights w
(R−1)
sj is

given by

∂l(w)

∂w
(R−1)
sj

= (y − (hw(x))j)a
(R−1)
s

= δ
(R)
j a(R−1)

s , (2.2.2)

where the error of j-th node between the output layer and the previous layer
is

δ
(R)
j = y − a

(R)
j = y − (hw(x))j.

The function hw(x) is defined as hw(x) = g(wT · x) ,and w is a matrix of
the weight vectors for the multilayer perceptron. By chain rule,

∂l(w)

∂w
(r)
sj

=
∂l(w)

∂z
(r+1)
j

∂z
(r+1)
j

∂w
(r)
sj

. (2.2.3)

Now, for the layer r = 2, 3, · · · , R− 1, if we define the error δ
(r)
j

δ
(r)
j =

∂l(w)

∂z
(r)
j

=
∑
k

∂l(w)

∂z
(r+1)
k

∂z
(r+1)
k

∂z
(r)
j

(2.2.4)

= g′(z
(r)
j )
∑
k

w
(r)
jk δ

(r+1)
k ,

8



CHAPTER 2. MACHINE LEARNING METHODS

and combine the derivative from (2.2.1)

∂z
(r+1)
j

∂w
(r)
sj

= a(r)
s , (2.2.5)

(2.2.3) has the form as

∂l(w)

∂w
(r)
sj

= δ
(r+1)
j a(r)

s . (2.2.6)

As shown in (2.2.4), the error δj of the r-th layer is computed by using the
error of the (r + 1)-th layer.

...
...

wj1

wj2

δ
(r)
j δ(r+1)

↙
←

↖

Figure 3. A backpropagation algorithm

Starting from computing δ
(R)
j = y − a

(R)
j , the backpropagation algo-

rithm calculates the errors moving backward flows like Figures 3. Then, using
(2.2.6), we obtain the derivative of the log likelihood function 5l(w). Using
the derivative, we take the gradient descent method to compute the weights
as

w(new) = w(old) + α5 l(w) |w=w(old) . (2.2.7)

2.3 Support Vector Machine

Support vector machine is the classifier for highly non-linear classification
developed by Vapnik in 1995[5]. The classifier has many options to classify
the data, but support vector machine aims at choosing the best hyperplane
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CHAPTER 2. MACHINE LEARNING METHODS

which has the maximum margin from the hyperplane to samples of each
class(See Figure 4), so it is called the maximum margin classifier.

?

?

?

?
?

?

Figure 4. Support vector machine

For given data D = {(x(i), y(i))}i=1,··· ,m, y takes 1 or −1. Let d be geomet-
ric margin between the hyperplane wT · x + b = 0 and each sample. Then,
support vector machine aims at maximizing mini d

(i), where

d(i) =
y(i)(wT · x(i) + b)

‖ w ‖
.

Let d̂(i) = y(i)(wT · x(i) + b) and assume that the minimum of d̂(i) is 1. Then,
the samples which satisfy d̂(i) = 1 are called support vectors(See Figure 5).

?

?

?

?
?

?

wT · x+ b = 1
wT · x+ b = 0

wT · x+ b = −1

←→
1

‖ w ‖

Figure 5. Support vectors and the margin

As shown in Figure 5, the margin between the hyperplane and the support

vectors is
1

‖ w ‖
. Maximizing

1

‖ w ‖
is the same problem as minimizing the

10



CHAPTER 2. MACHINE LEARNING METHODS

norm ‖ w ‖2. Therefore, if we assume the complete separation, we solve the
optimization problem to find the parameter w as

minw,b
1

2
‖ w ‖2 (2.3.1)

s.t y(i)(wT · x(i) + b) ≥ 1

for i = 1, · · · ,m. To be undisturbed by few outliers, a term for regularization
is added as

minw,b
1

2
‖ w ‖2 +C

∑m
i ξi (2.3.2)

s.t y(i)(wT · x(i) + b) ≥ 1− ξi

for i = 1, · · · ,m. With Lagrange multiplier α, we assume the constraint
gi(w) = −y(i)(wT · x(i) + b) + 1 − ξi. Then, (2.3.2) is the same problem as
minimizing Lagrangian given by

L(w, b, ξ, α, β) =
1

2
‖ w ‖2 +C

m∑
i=1

ξi −
m∑
i=1

α(i)[y(i)(wT · x(i) + b)− 1 + ξi]−
m∑
i=1

β(i)ξi.

Again, this optimization problem can be solved by solving the dual form
of the optimization problem if the parameters satisfy the Karush-Kuhn-
Tucker(KKT) conditions:

(1) stationarity

5wL = w −
m∑
i=1

α(i)y(i)x(i) = 0 (2.3.3)

(2) complementary slackness

α(i)gi(w) = 0, for i = 1, · · · ,m

(3) primal feasibility

gi(w) ≤ 0, for i = 1, · · · ,m

11



CHAPTER 2. MACHINE LEARNING METHODS

(4) dual feasibility

α(i) ≥ 0, for i = 1, · · · ,m

Then, we obtain the dual optimization problem to solve

maxαL(α) =
m∑
i=1

α(i) − 1

2

m∑
i,j=1

y(i)y(j)α(i)α(j)〈x(i),x(j)〉

s.t. 0 ≤ α(i) ≤ C,
m∑
i=1

α(i)y(i) = 0 (2.3.4)

for i = 1, 2, · · · ,m. (2.3.3) implies

w =
m∑
i=1

α(i)y(i)x(i). (2.3.5)

Therefore, from (2.3.4), we can find the optimal α and apply to find the
optimal w.

For non-linear classification, we can make use of

k(x(i),x(j)) = 〈φ(x(i))φ(x(j))〉

instead of the inner product 〈x(i),x(j)〉. The function k is called a kernel
function and the feature mapping φ(x) maps into the feature space. There
are several types of a kernel function such as a polynomial kernel function
k(x(i),x(j)) = (x(i) · x(j) + 1)d, a radial basis kernel function k(x(i),x(j)) =
exp(− 1

2σ2 (x(i) − x(j))2). Finally, we classify the test samples as

target(i) =

{
1 if wTφ(x(i)) + b ≥ 0

−1 otherwise

for i = 1, 2, · · · ,m

12



Chapter 3

Data and Experimental
Procedures

In this chapter, we present the description of the datasets and the experi-
mental procedures we used. In addition, we explain under-sampling technique
and SMOTE(Synthetic Minority Over-sampling Technique) which are used
to solve the imbalanced data problem.

3.1 Data

In this paper, total 1059 large companies’ financial statements from 1994
to 1996 are used. There are 133 samples for default companies in 1997 and
926 samples for non-default companies. The number of default companies
is much smaller than 926 non-default companies, so the imbalanced data
problem is arisen. Since there is the imbalanced data problem, the classifiers
tend to predict that most of companies are default regardless of the training
samples. In this case, the accuracy could be very high, but it is not the right
prediction model we want to find. For solving the imbalanced data problem,
we applied two strategies: under-sampling technique and SMOTE(Synthetic
Minority Over-sampling Technique).

Under-sampling technique selects samples from the majority class ran-
domly. We chose 165-170 training samples of non-default companies from
the original 926 non-default companies. Although under-sampling can im-
prove the performance of classifiers, it also has some problems. It selects a
small number of samples and removes the rest. Then, the under-sampled data

13



CHAPTER 3. DATA AND EXPERIMENTAL PROCEDURES

may be biased and lose the important information of the original data. In
our experiment, since under-sampling technique shows irregular performance
because of the shortcoming described as before, we chose the results of the
best performance.

SMOTE is over-sampling technique developed by Chawla, et al[4]. The
minority class is over-sampled by generating the synthetic extra samples
based on the original data. From each sample of the minority class, we find
k nearest neighbors, and take a line with the minority sample and one of
the nearest neighbor. We consider a point which divides the given line with
random ratio. Then, k synthetic examples are generated for each minority
sample, so we can create the over-sampled data which have the information of
the original data. In our experiment, we chose 6 nearest neighbors of default
companies for the balance.

?

?

?

?

?
?

?
?

?

?
?

: majority class ? : minority class

Figure 6. Generating synthetic examples by SMOTE

The dataset is divided into 3 subsets. For dataset 1, we used the original
dataset which is imbalanced. We applied the under-sampling technique for
dataset 2, and SMOTE is used for dataset 3. For each dataset, we applied
the machine learning methods and observed the effect of two strategies for
solving imbalanced data problem.

We extracted 32 financial ratios from the financial statements from 1994
to 1996. Most of the financial ratios have been used to predict default in
the previous studies. The financial ratios are divided into three groups: All
financial ratios(X1-X32), from one financial statement prior to default(X1-
X16), from three financial statements from 1994 to 1996(X17-X32).

14



CHAPTER 3. DATA AND EXPERIMENTAL PROCEDURES

Financial ratio Description
From X1 Total assets

one financial X2 Total liability
statement X3 Debt to equity ratio
prior to X4 Debt ratio
default X5 Current ratio

(in 1996) X6 Times interest earned
X7 Operating profit margin
X8 Fixed assets to stockholders’ equity

and long-term liabilities
X9 Quick ratio
X10 Return on total assets
X11 Return of equity
X12 Net income before tax
X13 Earning per share
X14 Gross profit margin
X15 Net profit
X16 Net income before tax/sales
X17 Cash flow from operating activities

From X18 Relative difference of liabilities
three between 1994 and 1996

statements X19 Relative difference of liabilities
from 1994 between 1995 and 1996

to 1996 X20 Relative difference of net profit
between 1994 and 1996

X21 Relative difference of net profit
between 1995 and 1996

X22 Relative difference of capitals
between 1994 and 1996

X23 Relative difference of capitals
between 1995 and 1996

X24 Relative difference of total assets
between 1994 and 1996

X25 Relative difference of total assets
between 1995 and 1996

X26 Relative difference of gross profit
between 1994 and 1996

X27 Relative difference of gross profit
between 1995 and 1996

15



CHAPTER 3. DATA AND EXPERIMENTAL PROCEDURES

Financial ratio Description
X28 Relative difference of inventory

between 1994 and 1996
X29 Relative difference of inventory

between 1995 and 1996
X30 Relative difference of cash and deposit

between 1994 and 1996
X31 Relative difference of cash and deposit

between 1995 and 1996
X32 Capital reserve ratio

Table 1. Financial ratios used in the dataset

As comparing the performance of different three groups, we want to find
out how different the three groups of financial ratios result in default predic-
tion.

3.2 Experimental Procedures

We used three machine learning methods described in chapter 2: logistic
regression, artificial neural network, support vector machine. Logistic regres-
sion is applied with the process described in chapter 2. For artificial neural
network, the backpropagation algorithm is used, and we considered two dif-
ferent numbers of hidden layers: 5 and 10. Also, we made use of the hyperbolic
tangent sigmoid function as the activation function given by

g(t) = tanh t (3.2.1)

For support vector machine, the radial basis kernel function is used. Also, we
used 10-fold cross validation. Cross validation is the process for separating
the original data into training samples and test samples. Cross validations
aims at generalizing the prediction model and estimating the accuracy when
it is applied in practice. As learning the pattern from training samples, the
prediction model is constructed. Then, the model is tested via test samples.
Using 10-fold cross validation, the dataset is separated into ten subsets ran-
domly. Nine subsets of them are used as training sets and the rest as a test

16



CHAPTER 3. DATA AND EXPERIMENTAL PROCEDURES

set. We repeated this process ten times, so every subset can be used as the
training set and the test set.

We evaluated the performance via statistical measures based on the con-
fusion matrix illustrated in Figure 7.

Actual class
0(negative) 1(positive)

Predicted 0(negative) TN FN
class 1(positive) FP TP

Figure 7. Confusion matrix

TP is true positives ; the model predicts correctly as positive. TN is true
negatives ; the model predicts correctly as negative. FP is false positives ;
the model predicts as positive, but the actual class is negative. FN is false
negatives ; the model predicts as negative, but the actual class is positive.
The statistical measures we used are as following:

(1) Accuracy = (TN + TP) / (TN + FN + FP + TP)

(2) Recall = TP / (FN + TP)

(3) Specificity = TN / (FP + TN)

(4) Precision/Positive predictive value = TP / (FP + TP)

(5) Negative predictive value = TN / (FN + TN)

(6) F-measure = (2×Recall×Precision)/(Recall + Precision)

(7) Type 1 error = 1- specificity

(8) Type 2 error = 1 - Recall

In this paper, 0 represents ‘non-default’, and 1 represents ‘default’. Accu-
racy is the representative measure to evaluate the performance of the machine
learning methods, but high value of the accuracy doesn’t guarantee that the
prediction model fits well all the time. In the imbalanced dataset, the ac-
curacy is very high when the model predicts all examples as majority class.
Therefore, we also observed other statistic measures as (2) ∼ (8).
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In addition, we analyzed a receiver operating characteristic(ROC) curve
to evaluate the performance of the classifiers. The ROC curve is a plot of
true positive rate and false positive rate. True positive rate is drawn as a
function of false positive rate, and each point is corresponding to different
threshold value. As the ROC curve is closer to upper left corner, it means
the classifier has better performance. We compared the ROC curve of each
classifier to clarify which classifier shows the best performance.
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Chapter 4

Results and Anlaysis

In this chapter, we present the empirical results and analysis. By com-
paring the performance of the machine learning methods, we want to find
out which is the most effective to predict default. Also, we compare the fea-
ture groups and strategies for solving the imbalanced data problem, and we
explain the effect of features and strategies.

Logistic regression has very high accuracy value since it predicts the most
of the companies are non-default. As shown in Table 2, recall and precision
are lower comparing to specificity and negative predictive value(NPV). Also,
type 1 error rate is less than 0.03 while type 2 error rate is higher than 0.9.

Feature Original Data
Accuracy Recall Specificity Precision

X1-X32 0.863 0.090 0.974 0.333
X1-X16 0.865 0.052 0.982 0.292
X17-X32 0.867 0.008 0.990 0.100

NPV F-measure Type 1 error Type 2 error
X1-X32 0.882 0.142 0.026 0.910
X1-X16 0.878 0.090 0.018 0.947
X17-X32 0.874 0.014 0.010 0.993

Table 2. Prediction result of logistic regression(original data)

Type 1 error comes from when the classifier predicts ‘non-default’, but it’s
not correct. Type 2 error comes from when the classifier predicts ’default’, but
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it’s not correct. Since logistic regression is biased to non-default in prediction,
type 1 error rate is extremely low while type 2 error rate is very high. In the
imbalanced dataset, we can conclude that logistic regression doesn’t fit well
as a binary classifier.

As shown in Table 3, under-sampling and SMOTE show better perfor-
mance than the original dataset. Although the accuracy is not high, other
statistic measures have reasonable values, not extreme values generally. As
comparing SMOTE with under-sampling, SMOTE shows higher accuracy
value and lower error rates. From the results, we can conclude that SMOTE
slightly outperforms under-sampling.

Feature Under-sample
Accuracy Recall Specificity Precision

X1-X32 0.550 0.496 0.557 0.139
X1-X16 0.463 0.677 0.432 0.146
X17-X32 0.412 0.662 0.377 0.132

NPV F-measure Type 1 error Type 2 error
X1-X32 0.885 0.217 0.443 0.504
X1-X16 0.903 0.240 0.568 0.323
X17-X32 0.886 0.221 0.623 0.338
Feature SMOTE

Accuracy Recall Specificity Precision
X1-X32 0.633 0.639 0.632 0.200
X1-X16 0.824 0.353 0.892 0.320
X17-X32 0.850 0.068 0.962 0.205

NPV F-measure Type 1 error Type 2 error
X1-X32 0.924 0.304 0.368 0.361
X1-X16 0.906 0.336 0.108 0.647
X17-X32 0.878 0.102 0.038 0.932

Table 3. Prediction result of logistic regression(under-sample, SMOTE)

Artificial neural network shows similar performance as logistic regression
in the original dataset, but it slightly outperforms logistic regression(see Ta-
ble 4). We control the number of hidden layers: 5 and 10. From the result,
there is no big difference between 5 hidden layers and 10 hidden layers.
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Hidden layers : 5
Feature Original Data

Accuracy Recall Specificity Precision
X1-X32 0.859 0.128 0.964 0.340
X1-X16 0.874 0.150 0.977 0.488
X17-X32 0.869 0.053 0.986 0.350

NPV F-measure Type 1 error Type 2 error
X1-X32 0.885 0.186 0.036 0.872
X1-X16 0.889 0.230 0.023 0.850
X17-X32 0.878 0.092 0.014 0.947

Hidden layers: 10
Feature Original Data

Accuracy Recall Specificity Precision
X1-X32 0.861 0.128 0.967 0.354
X1-X16 0.874 0.150 0.977 0.488
X17-X32 0.860 0.053 0.976 0.241

NPV F-measure Type 1 error Type 2 error
X1-X32 0.885 0.188 0.034 0.872
X1-X16 0.890 0.230 0.023 0.850
X17-X32 0.877 0.086 0.024 0.947

Table 4. Prediction result of artificial neural network(original data)

Under-sampling and SMOTE have an influence on the performance(see
Table 5).

Hidden layers : 5
Feature Under-sample

Accuracy Recall Specificity Precision
X1-X32 0.560 0.602 0.553 0.162
X1-X16 0.457 0.617 0.434 0.135
X17-X32 0.541 0.624 0.529 0.160

NPV F-measure Type 1 error Type 2 error
X1-X32 0.906 0.255 0.447 0.399
X1-X16 0.887 0.222 0.566 0.384
X17-X32 0.907 0.255 0.471 0.376
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Hidden layers : 10
Feature Under-sample

Accuracy Recall Specificity Precision
X1-X32 0.575 0.662 0.563 0.179
X1-X16 0.462 0.669 0.432 0.145
X17-X32 0.580 0.564 0.582 0.162

NPV F-measure Type 1 error Type 2 error
X1-X32 0.921 0.281 0.437 0.338
X1-X16 0.901 0.238 0.568 0.331
X17-X32 0.903 0.252 0.418 0.436

Hidden layers : 5
Feature SMOTE

Accuracy Recall Specificity Precision
X1-X32 0.755 0.474 0.795 0.250
X1-X16 0.775 0.489 0.816 0.277
X17-X32 0.808 0.241 0.890 0.239

NPV F-measure Type 1 error Type 2 error
X1-X32 0.913 0.326 0.205 0.526
X1-X16 0.918 0.353 0.184 0.511
X17-X32 0.891 0.240 0.110 0.759

Hidden layers : 10
Feature SMOTE

Accuracy Recall Specificity Precision
X1-X32 0.782 0.436 0.832 0.271
X1-X16 0.781 0.429 0.832 0.268
X17-X32 0.801 0.181 0.890 0.191

NPV F-measure Type 1 error Type 2 error
X1-X32 0.911 0.334 0.169 0.564
X1-X16 0.910 0.330 0.169 0.571
X17-X32 0.883 0.185 0.110 0.820

Table 5. Prediction result of artificial neural network(under-sample,
SMOTE)

Unlike logistic regression and artificial neural network, support vector
machine quite works well for the imbalanced dataset by controlling sigma of
the radial basis kernel function. We chose the sigma which resulted in low
type 1, type 2 error rate as shown in Table 6.
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Feature Original Data
Accuracy Recall Specificity Precision

X1-X32 0.607 0.631 0.604 0.186
X1-X16 0.556 0.812 0.519 0.195
X17-X32 0.617 0.518 0.631 0.168

NPV F-measure Type 1 error Type 2 error
X1-X32 0.919 0.288 0.396 0.368
X1-X16 0.951 0.315 0.481 0.189
X17-X32 0.901 0.254 0.369 0.481

Table 6. Prediction results of support vector machine(original data)

Under-sampling and SMOTE improve the performance of support vector
machine as well. Especially, SMOTE shows similar or lower type 1 and type
2 error rate but higher accuracy(see Table 7). However, two strategies don’t
show significant improvement comparing to logistic regression and artificial
neural network.

Feature Under-sample
Accuracy Recall Specificity Precision

X1-X32 0.632 0.444 0.659 0.157
X1-X16 0.518 0.774 0.482 0.177
X17-X32 0.612 0.474 0.632 0.156

NPV F-measure Type 1 error Type 2 error
X1-X32 0.892 0.232 0.341 0.556
X1-X16 0.937 0.288 0.518 0.226
X17-X32 0.893 0.235 0.368 0.526
Feature SMOTE

Accuracy Recall Specificity Precision
X1-X32 0.665 0.639 0.669 0.217
X1-X16 0.640 0.812 0.616 0.233
X17-X32 0.609 0.526 0.621 0.166

NPV F-measure Type 1 error Type 2 error
X1-X32 0.928 0.324 0.332 0.361
X1-X16 0.958 0.362 0.384 0.188
X17-X32 0.901 0.253 0.379 0.474

Table 7. Prediction result of support vector machine(under-sample,
SMOTE)
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As comparing between the feature groups X1-X16 and X17-X32, the
group X1-X16 has a tendency of higher type 1 error rate and lower type
2 error rate than the group X17-X32. It implies the group X1-X16 has higher
TP and lower TN than the group X17-X32. From the results, we can con-
clude the features from one financial statement prior to default have more
significant information to predict default companies.

The ROC curves for each dataset are as follow.

24



CHAPTER 4. RESULTS AND ANALYSIS

Figure 8. The ROC curves

As shown in Figure 8, we observed that logistic regression could show
better performance for different threshold values. If we find out the threshold
value that makes TP higher, it could solve the imbalanced data problem.
Therefore, we may expect the performance to be improved by controlling the
threshold value as well as implementing under-sampling and SMOTE.
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Chapter 5

Conclusion

In this paper, we introduced logistic regression, artificial neural network,
and support vector machine. We applied these machine learning methods to
the default prediction problem and tried to construct the default prediction
model of companies in the 1997 Asian financial crisis. We compared the per-
formance of the classifiers and found that support vector machine slightly
outperforms the others. However, all classifiers don’t work well in the imbal-
anced dataset. The imbalanced dataset caused the problem that the classifiers
do not consider the minority class as much as the majority class, so we ap-
plied under-sampling technique and SMOTE to deal with the imbalanced
dataset problem. Under-sampling technique and SMOTE improved the per-
formance of the classifiers. We also examined the effect of different feature
groups and found that features from one statement prior to default tend to
have high value of TP. In this paper, we used 32 financial ratios without
feature selection. There might be a strong correlation among the financial
ratios. By feature selection, we can reduce dimension and may expect better
performance for future work.
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국문초록

본 논문에서는 기계 학습 방법을 이용하여 1994년부터 1996년까지의 재
무제표를 분석하고 1997년 아시아 금융 위기 당시 회사들의 부도 가능성을
예측한다. 로지스틱 회귀분석, 뉴럴 네트워크, 서포트 벡터 머신을 사용하여
부도 예측 모델을 구성한다. 데이터의 불균형을 해결하기 위해서는 언더 샘플
링기법과오버샘플링방법인 SMOTE기법을이용한다.또한서로다른변수
집단의 기계 학습 방법 성능 결과를 비교하는데 한 집단은 부도가 나기 바로

직전해의재무제표만을이용해서재무비율을구성하고다른집단은 1994년부
터 1996년까지의 3년치 재무제표를 이용한다. 종합적으로 통계적인 수치들을
비교하여 기계 학습 방법들의 성능을 확인해 본다.

주요어휘: 부도 예측, 기계 학습, 로지스틱 회귀분석, 뉴럴 네트워크, 서포트
벡터 머신, 불균형 데이터
학번: 2010-23071
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