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Abstract

In this thesis, we discuss the credit ratings of companies. Our purpose is to
make a credit rating prediction rule that gives each company a credit which
is as correct as possible to the actual rank. We describe three representative
machine learning algorithms, which are ordinal logistic regression, neural
networks and support vector machine. In addition, we try to analyze their
performance and correctness and compare them to determine which method
is the most efficient in machine learning to decide ratings. We deal with
two different data sets of experiments which consist of true credit rating of
companies in 2009 and 2013 and financial information in the previous year.

Key words: credit rating, machine learning, logistic regression, neural net-
works, support vector machine
Student Number: 2011-23201
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Chapter 1

Introduction

Credit ratings have been widely used by bond investors, debt issuers, and
governmental officials as a measure of riskiness of the companies and bonds.
They are important determinants of risk premiums and the marketability of
bonds[1]. Credit ratings are determined by rating agencies such as Standard
& Poor’ s, Moody’ s and Fitch all over the world. In case of Korea, there are
three representative rating companies, which are KIS, Korea Ratings and
NICE. They invest great amount of time and human resources to perform
deep and accurate analysis of the company’ s credit risk based on various
aspects ranging from strategic competitiveness to operational details[1]. Ac-
cordingly, we need to pay high cost to get ratings from professional rating
company. Also, since ratings are estimated yearly, they are not updated fre-
quently. Even though subjective judgment affects a lot to decide ratings, we
try to predict a credit rating based on financial statements and ratios that
are relatively easy to access.

In the past, credit rating prediction was researched by using statistical
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CHAPTER 1. INTRODUCTION

methods such as Ordinary Least Squares(OLS) and Multiple Discriminant
Analysis(MDA)[4][5][6][7]. In the recent years, many people are focusing on
machine learning techniques, which are Neural Networks, Support vector ma-
chine and Expectation Maximization algorithms etc[8][9][10]. Machine learn-
ing aims for figuring out the pattern that data have commonly and con-
structing a new predicting structure based on the data. Most of researches
have the conclusion that machine learning methods performed better than
conventional statistical methods.

In this thesis, we find the rule that forecast credit ratings by using ma-
chine learning methods.

In Chapter 2, we introduce typical machine learning methods : logistic re-
gression, neural networks and support vector machine. We present how they
operate to train and classify the data.

In Chapter 3, we deal with data, features and experimental procedures.

In Chapter 4, we show the results and detailed confusion matrices of each
method.

In Chapter 5, we discuss conclusions.
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Chapter 2

Machine learning methods

In chapter 2, we introduce representative machine learning methods. Ma-
chine learning methods basically divide into unsupervised learning and super-
vised learning. Unsupervised learning deals with problem related to unlabeled
data. It is used for clustering, hidden markov models and dimensionality re-
duction etc. On the other hand, supervised learning is a classifier based on
labeled data. It trains labeled data, figures out pattern and make classifying
structures. We present three supervised learning methods : ordinal logistic
regression, neural networks and support vector machine.

2.1 Ordinal logistic regression

Logistic regression is a conventional binary classifier when dependent vari-
ables can be representable as discrete response such as 0 or 1. We call inde-
pendent variables features.

We have the following situation.
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CHAPTER 2. MACHINE LEARNING METHODS

• Input data X = (x(0),x(1),x(2),x(3), · · · ,x(d)) where d is the num-
ber of features, x(i) is a N-dimensional vector for each i and x(0) =

(1, 1, 1, · · · , 1)T

• Output data y = (y1, y2, y3, · · · , yN) where N is the number of data
and yi ∈ {0, 1}

Let xi denote the i-th row vector of the matrix X and D = {xi, yi}i=1,2,··· ,N

be a data set. We train a machine in order to construct a predicting rule by
inserting D into it . First of all, we introduce a sigmoid function g(t) that is
often used for machine learning algorithms.

g(t) =
1

1 + e−t

The best thing of a sigmoid function is that it satisfies the equation
g′(t) = g(t)(1− g(t)). This will be useful to derive optimization problem for
logistic regression.

We assume for model that there exists ω = (ω0, ω1, · · · , ωd) ∈ Rd+1 and a
function hω(xi) = g(ωTxi) such that P (yi = 1|xi) = hω(xi). Then, we define
a prediction rule for given each xi as follows.

The predicted yPi = =

0 if hω(xi) < 0.5

1 if hω(xi) ≥ 0.5

Since yi is a binary variable, P (yi = 0|xi) = 1 − hω(xi). In that case,
P (y|x) follows Bernollui distribution as P (y|x) = hω(x)y(1− hω(x))1−y. Let
us derive a cost function for the logistic regression from the log-likelihood
function of P (y|xi). The log-likelihood function l(ω) of P (y|xi) is

l(ω) =
N∑
i=1

{yi log(hω(xi)) + (1− yi) log(1− hω(xi))}

4



CHAPTER 2. MACHINE LEARNING METHODS

Then, we define a cost function J(ω) = −l(ω). To minimize a cost function
J(ω), which means to maximize the log-likelihood function l(ω), we have
to choose the appropriate parameter ω. In the first place, let us check the
uniqueness of the minimum of J(ω). We show the convexity of J(ω) for all
ω.

∂2J(ω)

∂ωk∂ωr

=
∑
i

g′(ωTxi)xirxik

= (XTDX)kr

(2.1.1)

where D is a diagonal matrix with diagonal element di = g′(ωTxi) and
xik is element of X. Then, the Hessian matrix of J(ω) is XTDX. Since the
sigmoid function g(t) is strictly increasing , g′(t) > 0. Therefore, for any
v ∈ Rd+1, vTXTDXv =

∑
i di(Xv)i

2 > 0. Accordingly, XTDX is a positive
semi-definite, which means that the second derivative term of the cost func-
tion J(ω) is always positive. In this way, the cost function J(ω) is convex for
all ω, which means it has an unique minimum.

Let us find ω that minimizes J(ω). For each k ∈ {0, 1, 2, · · · , d},

∂J(ω)

∂ωk

=
N∑
i=1

xik{yi(1− g(ωTxi))− (1− yi)g(ω
Txi)}

=
N∑
i=1

xik{yi − g(ωTxi)}

(2.1.2)

We should get a parameter ω which makes ∂J(ω)

∂ωk

= 0 for each k.

We use a gradient descent algorithm to solve this optimization problems.
Gradient descent algorithm is to find proper ω changing the parameters, se-
lecting the gradient and updating parameters. We denote ω

(o)
j old parameter

5



CHAPTER 2. MACHINE LEARNING METHODS

and ω
(n)
j new parameter induced by gradient descent algorithms. Then, for

each k,

ω
(n)
j = ω

(o)
j − α

∂J(ω)

∂ωj

= ω
(o)
j − α

N∑
i=1

{yi − hω(o)(xi)}xij

(2.1.3)

where α is a small real number enough to converge.
Note that we should update simultaneously for every k.

2.1.1 Ordinal regression

When we classify credit ratings, it is important to make parallel hyper-
planes since there are orders. To solve this, we assume that given data make
us derive parallel hyperplanes.

Suppose that we have a K-class ordinal regression problem. The idea to
solve the ordinal regression problem is to break it into a set of binary regres-
sion problems. Let D = {xi, yi}i=1,2,··· ,N be a data set. we define new data
set D(l) for each l = 1, 2, 3, · · · , K − 1 as follows.

1 2 3 4

…

K − 1 K

D(l) = {(xi, z
l
i)}i=1,2,··· ,n where zli =

0 if yi = 1, 2, · · · , l

1 if yi = (l + 1), · · · , K
(2.1.4)

6



CHAPTER 2. MACHINE LEARNING METHODS

For each binary regression problem, we can apply logistic regression algo-
rithm introduced. Let ω = (αl, β) be a parameter that we find where αl ∈ R

and β = (β1, β2, · · · , βd) ∈ Rd. We need only one optimization problem so
that we get the same β. Therefore, combined optimization problem of ordinal
regression is to minimize the cost function given by

k−1∑
l=1

N∑
i=1

{zli log g(αl + βTxi) + (1− zli) log(1− g(αl + βTxi)} (2.1.5)

where g(t) is a sigmoid function.
We also use the gradient decent algorithm introduced before to get the

appropriate ω.

2.2 Neural networks

In this section, we introduce neural networks. They are learning models
motivated by basic cell of humans’ nervous system, neuron, which is able to
learn and recognize pattern. Neural networks are mainly used for highly non-
linear data. A logistic unit of neural networks is a perceptron. See figure2.1.

For x = (x1, x2, · · · , xd) ∈ Rd , a is a linear combination of the inputs with
x0 = 1 where the coefficients of the linear combination are proper parameters.
The output z is g(a) where g is activation function. Tangent hyperbolic or
sigmoid function are mainly used for activation function.

Neural networks comprises a number of layers which consist of several
perceptrons. The first and last layer are called input layer and output layer,
respectively. The layers in the middle are hidden layers. See figure2.2.

7



CHAPTER 2. MACHINE LEARNING METHODS
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Figure 2.1: Perceptron

Let D = {xi,yi}i=1,2,··· ,N be a data set. For multiclass neural networks,
yi represents as a vector. For instance, yi can be one of (0, 0, 1)T , (0, 1, 0)T

and (0, 0, 1)T when we have 3 classes. For j-th unit of l-th layer a(l)
j ,

z(l)
j = g(a(l)

j ) (2.2.1)

a(l+1)
j =

∑
i

ω
(l)
ij z(l)

j (2.2.2)

where ω
(l)
ij z

(l)
j is a weighted sum of units in l-th layer and g is an activation

function.

Determining ω
(l)
ij for each layer plays an important role to make powerful

neural networks. Our approach to solve this problem is to minimize sum of
square errors. We define the cost function J(ω) as follows.

J(ω) =
1

2

N∑
i=1

||yP
i − yi||2

where yP
i is a predicted K-dimensional output vector coming through the

8



CHAPTER 2. MACHINE LEARNING METHODS

input

layer
hidden layers output

layer

Figure 2.2: Structure of nerual networks

neural networks.

We need to find parameters ω that minimizes J(ω). To calculate deriva-
tives of J(ω), we introduce backpropagation algorithms. It is an effective
technique for evaluating the gradient. For a data point (xn,yn),

Jn(ω) = ||yP
n − yn||2 =

1

2

K∑
k=1

(yP
nk − ynk)

2

where ynk is k-th element of vector yn.
By chain rule,

∂Ji(ω)

∂ω
(l)
ij

=
∂Ji(ω)

∂a(l+1)
j

·
∂a(l+1)

j

∂ω
(l)
ij

(2.2.3)

9



CHAPTER 2. MACHINE LEARNING METHODS

where ω
(l)
ij is a weight used for from i-th unit in the l-the layer to the j-th

unit in the next layer.
Let us denote ∂Jn(ω)

∂a(l+1)
j

by δ
(l+1)
j . By (2.2.1) and (2.2.3),

∂Ji(ω)

∂ω
(l)
ij

= δ
(l+1)
j z(l+1)

ij

At the first onset, for the output layer, we have

δ
(L)
j = yP

nj − ynj = a(L)
j − yj

where L is the number of layers.
By moving back through the network from the output layer to input layer,

we can compute all partial derivatives.

2.3 Support vector machine

Support Vector Machine(SVM) is famous for the most powerful super-
vised learning algorithms. The intuition of support vector machine comes
from finding the best classifier to make the distance from the decision bound-
ary to the data point the largest. In advance of starting support vector
machine, we reparametrize ω to weights part w and bias part b, that is
ω = (w, b). For given data {xi, yi}i=1,2,··· ,N where yi ∈ {−1, 1}, the margin ri

is equal to |wTxi + b|
||w||2

However, we do not check every margin for each data
point. All we have to consider is the closest point to the decision boundary.
We call these points support vectors. In the figure2.3, the support vectors are
indicated by circles.

Thus, our problem is

arg max
w,b

{ 1

||w||
min

i
yi(wTxi + b)}

10



CHAPTER 2. MACHINE LEARNING METHODS

Adding constraint yi(wTxi + b) ≥ 1, i = 1, 2, 3, · · · , n, our optimiza-
tion problem changes to

arg min
w,b

1

2
||w||2

Figure 2.3: Support vector machine

To solve this problem with constraints, we adopt Lagrange multiplier
αi ≥ 0, giving the Lagrangian function

L (w, b, α) =
1

2
||w||2 −

∑
i

αi{yi(wTxi + b)− 1} (2.3.1)

Since the derivatives of L (w, b, α) with respect to w and b have to be
zero, the following conditions are also obtained.

w =
n∑

i=1

αiyixi,

n∑
i=1

αiyi (2.3.2)

Combining (2.3.1) and (2.3.2) gives us the dual representation of the
maximization problem, which is

11



CHAPTER 2. MACHINE LEARNING METHODS

L̃ (α) =
n∑

i=1

αi −
1

2

n∑
i=1

n∑
j=1

αiαjyiyjxT
i xj (2.3.3)

subject to the constraints∑
i

αiyi = 0, αi ≥ 0 i = 1, 2, 3, · · · , n

In case of the overlapping data, we allow some errors by adding slack
variable ξi ≥ 0. Then constraint changes to yi(wTxi + b) ≥ 1 − ξi and our
problem becomes

1

2
||w||2 + C

n∑
i=1

ξi

where C>0 controls the slack variable.
The following Lagrangian function is given by

L (w, b, ξ, α, β) =
1

2
||w||2+C

n∑
i=1

ξi−
n∑

i=1

αi{yi(wTxi+ b)−1+ ξi}−
n∑

i=1

βiξi

(2.3.4)
where αi and βi are Lagrangian multipliers. The corresponding Karush-
Kuhn-Tucker conditions are given by

αi ≥ 0 (2.3.5)

yi(wTxi + b)− 1 + ξi ≥ 0 (2.3.6)

αi{yi(wTxi + b)− 1 + ξi} = 0 (2.3.7)

βi ≥ 0 (2.3.8)

ξi ≥ 0 (2.3.9)

βiξi = 0 (2.3.10)

12



CHAPTER 2. MACHINE LEARNING METHODS

The derivatives of L (w, b, ξ, α, β) with the respect to the w, b and ξi are
equal to zero. It gives us

w =
n∑

i=1

αiyixi,

n∑
i=1

αiyi = 0, αi = C − βi (2.3.11)

Substituting (2.3.11) into (2.3.4), our goal is to find α = (α1, α2, · · · , αn)

that maximize the Lagrangian dual problem given by

L̃ (α) =
n∑

i=1

αi −
1

2

n∑
i=1

n∑
j=1

αiαjyiyjxT
i xj (2.3.12)

subject to the constraints

n∑
i=1

αiyi = 0, 0 ≤ αi ≤ C i = 1, 2, 3, · · · , n (2.3.13)

When data lie very complicatedly, it is hard to decide boundary. In this
situation, we can map original data space to much higher dimensional space
where the data can be separable. We apply the kernel function ϕ for data xi.

Finally, (2.3.12) changes to

L̃ (α) =
n∑

i=1

αi −
1

2

n∑
i=1

n∑
j=1

αiαjyiyjϕ(xi)
Tϕ(xj)

with constraint (2.3.13).
Sequential Minimal Optimization(SMO) algorithms are taken for the most

common technique to solve this quadratic optimization problem[12].
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Chapter 3

Data and experiment

3.1 Data and features

We have two data sets.

2009 2013
AAA 6 AAA 7
AA 24 AA 46
A 45 A 50
BBB 42 BBB 21
under BBB 51 under BBB 8
Total 168 Total 132

Table 3.1: Data distribution

One is a set of credit ratings of companies in 2013. The other is 2009
data set. The reason we choose 2009 data is that its distribution differed
from recent data because of 2008 financial crisis arising from USA. Data

14



CHAPTER 3. DATA AND EXPERIMENT

sets consists of stock and KOSDAQ listed manufacturing companies. ’under
BBB’ contains the companies whose ratings are BB, B, C, · · · , etc.

We have 30 features. They are based on financial statements and ratios
in 2008 and 2012. We forecast the credit ratings by using the financial in-
formation in the previous year. Chosen features are usually indication of the
stability of companies.

Feature
X1 Assets
X2 Liabilities
X3 Long-term borrowings
X4 Liabilities ratio
X5 Operating income to operating capital
X6 Earning per share(EPS)
X7 Net sales
X8 Cash flows from operating activities
X9 Non-operating income
X10 Net incom for the year
X11 Net income to capital stock
X12 Interest expense to operating income
X13 Net worth growth rate
X14 Operating income to total capital
X15 Net income to stockholder’s equity
X16 Cash flow per share(CPS)
X17 Book-value per share(BPS)
X18 Reserve ratio

15



CHAPTER 3. DATA AND EXPERIMENT

Features
X19 Current assets to non-current assets
X20 Stockholder’s equity to total assets
X21 Cash ratio
X22 Current liabilities ratio
X23 Short-term borrowings to total borrowings
X24 Net working capital to total assets
X25 Total borrowings & bonds payable to total assets
X26 Cash flow to liabilities
X27 Cash flow to total borrowings
X28 Cash flow to total assets
X29 Cash flow to net sales
X30 Gross value-added to total assets

Table 3.2: Features

3.2 Experment

We conduct experiment to forecast credit ratings by utilizing machine
learning algorithms introduced in chapter 2 : ordinal logistic regression, neu-
ral networks and support vector machine.

We divide the data 90% training set and 10% testing set by 10-cross
validation. It gives each data point index from 1 to 10 randomly. Each indexed
subset is reserved for testing and remaining subsets are used for training in
rotation.

When training neural networks, the output yi is a 5-dimensional vector
since we have 5 classes and 15 hidden layers are used. The activation function

16



CHAPTER 3. DATA AND EXPERIMENT

g is hyperbolic tangent function.
In case of the support vector machine, it is fundamentally a two-class

classifier. Thus, we propose two approaches to construct multiclass support
vector machines. First of all, we build them by using Directed Acyclic Graph,
so-called DAGSVM [11]. They are one-against-one classifiers. For K classes,
the DAGSVM has K(K − 1)/2 binary classification SVMs. Since we have 5
classes, we construct 10 SVMs. See Figure3.1.

1 vs 5

2 vs 5 1 vs 4

2 vs 43 vs 5

4 vs 5 3 vs 4

1 vs 3

2 vs 3 1 vs 2

5 4 3 2 1

5

2

3

4 4

4

3

2

2 23

3

45

5

5

1

1

1

1

Figure 3.1: DAGSVM

Secondly, we use an ordinal regression algorithm. By (2.1.3) in chapter
2, we divide our data set into 4 binary classification data sets and derive 4
decision boundaries. We denote this method SVM2. The kernel function we
take in the support vector machine is Gaussian kernel, which is

ϕ(xi)
Tϕ(xj) = exp(−γ||xi − xj||2)

17



Chapter 4

Results

We try to compare the performance of three machine learning methods.
The entire results are the same following Table 4.1.

OLR1 NNs2 SVM13 SVM24

2009 data 61.30 % 63.09 % 66.67 % 60.11 %
2013 data 60.61 % 57.58 % 62.12 % 62.12 %
Time 4 ∼ 5 sec 15 ∼ 20sec 1∼ 2 sec 1 ∼ 2sec

1 Ordinal logistic regression.
2 Neural networks with 15 hidden layers.
3 DAGSVM
4 Support vector machine with ordinal regression algorithm.

Table 4.1: Results

SVM1(DAGSVM) has the highest accuracy in the both data sets. SVM2
and neural networks hold the lowest accuracy in the 2009 and 2013, respec-
tively. Support vector machine is the fastest learning method and neural

18



CHAPTER 4. RESULTS

networks take long time to train and classify the data in comparison with
others.

Prior to dealing with detailed results, we introduce measures used in a
confusion matrix. within-1-class accuracy is the probability that allows the
predictions within one class away from the true rank[1]. For each class i,
Recall is ratio of the number of companies predicted correctly to the total
number of the companies whose rank is i. Precision is ratio of the number
of companies predicted correctly to the total number of companies whose
predicted rating is i.

The following tables from Table 4.2 to Table 4.5 are confusion matrices
of 2009 data set. The results of 2009 data hold low recall and precision of
AAA in every method. Since we have few AAA companies in 2009, every
method tends to show insignificant accuracies when it comes to having a
right decision for AAA.

Likewise, in case of 2013 data, it shows same drawbacks. As they have
a small number of under BBB and AAA companies, there are difficulties to
decide these ranks. Most of methods have the bad recall and precision of
AAA and under BBB. See tables from Table 4.6 to Table 4.9.

19



CHAPTER 4. RESULTS

2009 data
Ordinal Logistic Regression(accuracy = 61.30%)

Actual rating
predicted rating

AAA AA A BBB Under BBB Recall
AAA 2 2 1 0 1 0.3333
AA 3 11 8 1 1 0.4583
A 1 5 26 12 1 0.5778
BBB 0 0 7 30 5 0.7143
Under BBB 0 1 4 12 34 0.6667
Precision 0.3333 0.5789 0.5652 0.5455 0.8095 0.6130
within-1-class accuracy : 93.45 %

Table 4.2: 2009 data : Ordinal logistic regression

2009 data
Neural networks(accuracy = 63.09%)

Actual rating
predicted rating

AAA AA A BBB Under BBB Recall
AAA 0 4 1 0 1 0.0000
AA 2 13 8 1 0 0.5417
A 0 10 24 10 1 0.5333
BBB 0 2 10 26 4 0.6190
Under BBB 0 0 2 6 43 0.8431
Precision 0 0.4483 0.5333 0.6047 0.8775 0.6309
within-1-class accuracy : 95.24%

Table 4.3: 2009 data : Neural networks

20



CHAPTER 4. RESULTS

2009 data
SVM1(accuracy = 66.67%)

Actual rating
predicted rating

AAA AA A BBB Under BBB Recall
AAA 3 1 1 0 1 0.5000
AA 2 15 7 0 0 0.6250
A 2 6 31 4 2 0.6889
BBB 0 2 12 23 4 0.5476
Under BBB 0 1 3 7 40 0.7843
Precision 0.4286 0.6 0.5636 0.6764 0.8511 0.6667
within-1-class accuracy : 92.86%

Table 4.4: 2009 data : SVM1

2009 data
SVM2(accuracy = 60.12%)

Actual rating
predicted rating

AAA AA A BBB Under BBB Recall
AAA 3 2 1 0 0 0.5000
AA 4 14 6 0 0 0.5833
A 3 4 26 10 2 0.5778
BBB 0 3 6 24 9 0.5714
Under BBB 0 4 5 8 34 0.6667
Precision 0.3000 0.5185 0.5909 0.5714 0.7556 0.6012
within-1-class accuracy : 89.29%

Table 4.5: 2009 data : SVM2
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2013 data
Ordinal Logistic Regression(accuracy = 60.61%)

Actual rating
predicted rating

AAA AA A BBB Under BBB Recall
AAA 4 1 2 0 0 0.5714
AA 5 27 12 1 1 0.5870
A 0 9 36 4 1 0.7200
BBB 0 1 6 11 3 0.5238
Under BBB 0 0 1 5 2 0.2500
Precision 0.4444 0.7105 0.6316 0.5238 0.2857 0.6061
within-1-class accuracy : 94.7

Table 4.6: 2013 data : Ordinal logistic regression

2013 data
Neural networks(accuracy = 57.58%)

Actual rating
predicted rating

AAA AA A BBB Under BBB Recall
AAA 3 2 2 0 0 0.4286
AA 1 34 9 2 0 0.7391
A 1 9 27 12 1 0.5400
BBB 0 0 9 8 4 0.3809
Under BBB 0 0 1 3 4 0.5000
Precision 0.6000 0.7556 0.5625 0.3200 0.4444 0.5758
within-1-class accuracy : 94.7%

Table 4.7: 2013 data : Neural networks
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2013 data
SVM1(accuracy = 62.12%)

Actual rating
predicted rating

AAA AA A BBB Under BBB Recall
AAA 4 3 0 0 1 0.5714
AA 2 38 6 0 0 0.8261
A 1 19 25 5 0 0.5000
BBB 0 3 3 14 1 0.6667
Under BBB 0 4 0 3 1 0.1250
Precision 0.5714 0.5671 0.7329 0.6364 0.5000 0.6212
within-1-class accuracy : 93.94%

Table 4.8: 2013 data : SVM1

2013 data
SVM2(accuracy = 62.12%)

Actual rating
predicted rating

AAA AA A BBB Under BBB Recall
AAA 6 1 0 0 0 0.8571
AA 3 33 10 0 0 0.7174
A 1 11 30 8 0 0.6000
BBB 0 1 4 11 5 0.5238
Under BBB 0 1 2 3 2 0.2500
Precision 0.6000 0.7021 0.6522 0.5000 0.2857 0.6212
within-1-class accuracy : 96.21%

Table 4.9: 2013 data : SVM2

23



Chapter 5

Conclusion

Our results shows that the support vector machine with Directed Acyclic
Graph is the best classifier in three methods. Now that within-1-class ac-
curacy of three methods is close to 100%, we can guess a credit rating of
company roughly based on only financial information by using machine learn-
ing methods. However, their accuracy is approximately 58∼66 %, which is
relatively low. To improve the performance of machine learning. we may con-
sider industrial characteristic or external environmental factors apart from
financial statements.

Also, we use 30 typical financial information without any refinement.
After feature selection such as Principal Component Analysis, stepwise and
Analysis of variance, we might anticipate better performance.

Finally, we need to deal with the problem when data is extremely im-
balanced. Both data shows bad precision and recall because we have few
AAA companies in 2009 and under BBB companies in 2013. Prediction rule
has difficulty in deciding their ratings due to imbalanced data. If we adjust
balance of data, we could obtain better results.
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국문초록

이논문에서는기업의신용등급에대해논한다. 가장정확하게신용등급

을 예측하는 규칙을 찾는 것이 목표이며 세 가지의 대표적인 기계 학습 방법

로지스틱 회귀분석, 뉴럴 네트워크, 서포트 벡터 머신을 소개하고 비교하여

어떤 것이 가장 효과적인지 알아본다. 또한, 그것들의 정확성과 효율성을

분석한다. 2009년과 2013년도의 실제 신용 등급 자료와 그 전년도 재무제표
자료를 바탕으로 실험하였다.

주요어휘: 신용 등급, 기계 학습, 로지스틱 회귀분석, 뉴럴 네트워크, 서포트

벡터 머신

학번: 2011-23201
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