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Abstract It is known from the scientific researches that
artificial neural networks are alternatives of statistical
methods such as regression analysis and classification in
recent years. Since multi-layer backpropagation neural
network models are nonlinear, it is expected that the neural
network models should make better classifications and
predictions. The studies on this subject support that idea. In
this study, a macro-economic problem on rescheduling or
non-rescheduling of the countries’ international debts is
taken into account. Among the statistical methods, logistic
and probit regression, and the different neural network
backpropagation algorithms are applied and comparisons
are made. Evaluations and suggestions are made depending
on the results and different neural network architecture.
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1 Introduction

Artificial neural networks (ANN) are widely used in dis-
crimination, sample recognition and estimation problems
as an alternative of statistical models [1, 7, 17, 33]. Eco-
nomics, finance and business have great importance among
the problems examined using ANN techniques [1, 16, 27,
29, 30]. There is increasing number of papers on eco-
nomics that applied ANN models in recent years. Leung
et al. [18] compared the performance of different fore-
casting techniques and general regression in forecasting
exchange rates. Kim et al. [15] mentioned usefulness of
neural networks for early warning system of economic
crisis. They studied Korean economy as a sample of world
economic crisis. More examples can be given on the
subject.

One of the other macroeconomic problems that are
examined using ANN is international debt problem of the
countries. There are also numerous researches using sta-
tistical methods on this subject. Frank and Cline [10] used
multiple discriminant analysis to predict debt-servicing
difficulties. Dhonte [8] used principal components analysis
to obtain a description of a country’s debt position. Feder
and Just [9] used logit analysis in determining debt-ser-
vicing capacity. Yoon-Dae [31] made multiple regression
analysis in determining of a country’s creditworthiness.
Kharas [13] made probit analysis to assess the probability
of a country’s becoming uncreditworthy. Cooper [5] used
canonical correlation analysis to examine the relationship
between country creditworthiness and a country’s recent
economic performance.

Interest on macroeconomic problems using ANN has
increased since 1990s. Roy and Cosset [26] developed a
neural network to estimate sovereign credit ratings. Burell
and Folarin [4] used neural networks in order to maintain
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competitiveness in a global economy and collected the
studies on global economy using neural networks until
then. Cooper [6] compared the performance of artificial
neural networks with logistic, probit regression and dis-
criminant analysis to classify the countries to two classes;
reschedule or non-reschedule the international debts.
Although there are many studies including classification
methods in the literature, the study in this paper differ from
them with rich comparisons consist of ANN for whole data
and ANN for the partitioned data (training—validation—
test). This paper especially pointed out the importance of
partitioning the data.

In this paper, rescheduling and non-rescheduling of
the international debts of countries is examined using
data for 2001. To analyze the data taken into account,
logistic and probit regression among the statistical
methods and different backpropagation algorithms of
multilayer networks as ANN are used. As a result of
classification, more successful architectures and algo-
rithms are defined.

2 Statistical methods for classification problems

Researchers usually face with classification problems in
application studies. If the problem is discrimination
into two groups, logistic regression, probit regression
and discriminant analysis are commonly used statistical
methods.

Logistic regression is a mathematical modeling
approach that can be used to describe the relationship of
several independent variables xj,x,...,x; and a binary
dependent variable y, where y is coded as 1 or O for its two
possible categories. The logistic model describes the
expected value of y, in other words the probability of
occurrence of one of two possible outcomes of y. The
general form of the logistic regression model is

yi = E(yi) + &, (2.1)

where the observations y; are independent Bernoulli
random variables with expected values
_ 1
= T+ exp(—TB)
and )ClT = (17xi1axi27"'axik)a ﬁT = (ﬂOa B]a ﬁZa .. ',ﬁk)v & is
ith error.

Let n; = x! B be the linear predictor where #; is defined
by the logit transformation of the probability p;

Pi

1—pi
The parameters 7 = (By, By, fs---, f;) of the linear
predictor #; is estimated by the of maximum likelihood

E(y:) = pi (2.2)

1; = In
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method. Let B be the final estimate of the model
parameters. If the model assumptions are correct, then
the estimated value of the linear predictor is constructed
as

= /Afo + leil +o+ kaika

where k is the number of the independent variables.

Another mathematical modeling approach is probit
models. Again, a nonlinear model in p is transformed so
that a monotonic function of p is linear with respect to
explanatory variables. The probability p; in the ith cell or
the ith observation is given by the standard cumulative
normal distribution function [20, 23]:

i
1 1
F(]’]l) =p = / \/—Z_ECXP(—EM2> du.

The probit transformation is given by the inverse of the
standard cumulative normal distribution function F.
Solving (2.3) for n; yields

n; = F~'(p;) = probit(p;)

Thus, the probit model can be written as

(2.3)

K

Fl'(pi) =mn; = Zﬁkxik
k=0

or

K
pi=F (Z ﬁkxik> .
k=0

where parameters of the probit model can be estimated by
the method of ordinary least square.

There are several computer programs that help to find
these parameters of the model such as STATISTICA, SAS,
etc.

Since (2.2) and (2.3) give the probability of
belonging one of the two groups, they are commonly
used in classification problems. Discriminant analysis is
another method used for binary classification problems.
Since it does not give CCR for such macro-economic
problems as good as logistic regression, probit regres-
sion and ANN models, it is not studied in this paper

[6].

3 Backpropagation neural network algorithms
for classification problems

In this study multi-layer perceptrons (MLP) with one or
two hidden layers are taken into account. In fact, usually,
one layer in network is sufficient in order to realize a good
approximation [3, 11, 12, 33].
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Backpropagation is the widespread approximation
approach for training of the multi-layer feed forward neural
networks based on Widrow-Hoff training rule. The main
idea here is, adjusting the weights and the biases that
minimize the sum of square error by propagation the error
back at each epoch. In order to minimize the sum of square
error, different backpropagation algorithms are constructed
by applying different numeric optimization algorithms
among gradient and Newton methods class.

Sum of squares for gth training sample in supervised
training situations with n-inputs, m-outputs and p-hidden
units, in two layers (with single hidden layer) neural net-
work is calculated as follows:

m
E'(w)=> Dn—u
k=1
m P n 2
:Z [0 (wak ’fh( Wf} 'xier_,’-') +bZ) tk]
=1 1

k=1 i=
(3.1)

where t; is the kth target, y, is the kth output value; wg is
the weight that connects the ith input and jth output units,
w is the weight that connects the jth hidden and kth output
units, b]}-' is the bias for jth hidden unit, b7 is the bias for kth
output unit, f;(-) is activation function applied to the hidden
units, and f,(-) is the activation function that applied to the
output units. Here, w is the vector of all weight and bias
components. For simplicity of writing g sample indices is
not shown up.

A nonlinear (almost an S-shaped sigmoid) f;,(-) function
is taken. f,(-) can also be taken as a linear function. For all
N-training sample, the mean square error is defined as:

E(w) = %me). (3.2)

3.1 Standard backpropagation (BP) training algorithm

Gradient descent numeric optimization method is used to
decrease error in this algorithm [3, 12]. The iteration of this
method is as follows:

Wil = Wik — 00~ 8k
or
Awpp = —o- gk

where wy is the current vector of weights and biases, g, is the
current gradient of error function (2.2) at the point wy, and «
is the learning (training) rate. The learning rate is crucial for
BP since it determines the magnitude of weight changes.

Standard backpropagation training algorithm that includes
momentum is given by the improved gradient descent with
momentum formula:

Awgir = —o0 - gp + uAwy,

where Aw; = w, — wy_; is the weight change in the pre-
vious iteration, p is the momentum coefficient. The weight
change in backpropagation training algorithm with
momentum is made by the combination of current gradient
vector and the previous gradient vector. This change is
better for the behavior of the algorithm since it provides the
chance of escaping surface local minimums. Of course the
better choice of « and u constants speed up convergence of
the algorithm [2, 24, 32].

3.2 Resilient backpropagation (RP) algorithm

MLPs typically use S-shaped sigmoid activation functions in
the hidden layers. For this reason, their slope must approach
zero as the input gets large. The purpose of the resilient
backpropagation (RP) training algorithm is to eliminate
these injury effects of the magnitudes of the partial deriva-
tives. In RP algorithm the magnitude of the derivative has no
effect on the weight update. Only the sign of the derivative is
used to determine the direction of the weight update. If the
derivative is zero, then the update value remains the same.
Whenever the weights are oscillating the weight change will
be reduced. If the weight continues to change in the same
direction for several iterations, then the magnitude of the
weight change will be increased [25].

Various versions of backpropagation training algorithms
to be based on conjugate gradient and Newton methods—
second order basic optimization techniques are more effi-
cient in classification and forecasting problems [3, 12].

3.3 Conjugate gradient (CG) algorithms

Search is made conjugate directions in CG algorithms.
A set of nonzero n-dimensional vectors {pg,p1,.-.,Pn—1}
is said to be conjugate with respect to the symmetric
positive definite n x n matrix A if

piTApj =0 foralli#j

First, let us take into account the minimum problem of
square function:

1
F(w) = EWTHW — b'w (3.3)
where w € R" and H is the n X n symmetric positive
definite matrix. For a starting point wy € R", the method

defined by the formulas below called conjugate direction
method [21]:

Wil = Wi + 0Pk (3.4)
T
Py 8k
oy = — 3.5
piHpi (3-5)
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Here, (3.5) is defined by the minimum problem of one
variable function of (o) = F(wy + apy).

For any starting point wy € R", the sequence {wy}
generated by the conjugate direction algorithm (3.4), (3.5)
converges to the minimum point w of the problem (3.3) in
at most n steps [21].

The conjugate gradient method is a conjugate direction
method; start out by searching in the gradient direction on
the first iteration

Po = —8o (3.6)

conjugate current p; vector is calculated by using the
previous p;_; vector and current gradient

Pk = =8k + Brpi—1 (3.7)

Coefficient f; in (3.7) is selected by the condition of p;_;
and p; vectors’ being conjugate with respect to the
symmetric positive definite n x n matrix H (p;_;

HPk = O)
T
8 Hpr-1
Bo=—r— — (3.8)
Pr—1Pk-1

There are various CG algorithms depending on different
calculation formulas of f; coefficients. Some important
ones of those are as follows [3, 12, 21].

3.3.1 Fletcher-Reeves conjugate gradient algorithm
(CGF)

For this algorithm f; is defined by

B = SL8
8i 18k

This is the ratio of the norm squared of the current gradient
to the norm squared of the previous gradient.

3.3.2 Polak—Ribere conjugate gradient algorithm (CGP)
Another version of the CG algorithm was proposed by
Polak and Ribere (CGP), for which f; is defined by

T

_ 8k (8 — gk-1)
ﬁk - T

8k—18k—1

Now, (3.2) error function is taken into account. Since
activation functions are nonlinear, sum of mean squared
error function E(w) is nonlinear function of w. Using first
two terms of the Taylor series expansion of E(w) around wy,
we can approximate function E(w) to a squared function

1
E(wiy1) — E(wy) = VE(wiy1) & g,{Awk + EAW]{HkAWk
(3.9)
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where Hj, is the Hessian matrix in current point wy:

62E (Wk)

Hy = ———5—
ow

So, in each current iteration taking function (3.9) instead of
function (3.3) suitable minimization problem is taken into
account and using (3.4)—(3.8), local conjugate gradient is
realized. In this case, Hessian matrix Hj is assumed posi-
tive definite.

3.3.3 Scaled conjugate gradients (SCG) algorithm

CG algorithms reviewed above makes a linear search in
each iteration and that makes calculations very expensive.

Moller [19] put forward scaled conjugate gradient
algorithm that does not use line search procedure in tra-
ditional CG algorithms. The basic idea of SCG is to
combine the model trust region approach with the conju-
gate gradient approach [3, 21].

Instead of using line minimization which involves few
error function evaluations, Moller proposed Hp, evaluation
with O(W) order operations (W is the total number of
weights and biases). This approach can be unsuccessful
when Hessian matrix H in local approximation is not
positive definite. In this case, the denominator of (3.5)
prHp, will be negative and finally weight update can
increase the value of error function. The problem can be
overcome by modifying the Hessian matrix to ensure that it
is positive definite, for example

Hupod = H + Al

where [ is the unit matrix, A > 0 is a scaling coefficient.
We can make Hessian matrix positive definite by choosing
the big positive value of . So, the step length formula (3.5)
is changed as follows:

T
o = Pic 8k (3.10)

PLHp: + 2l |pi|

while 1, increases o, decreases. The size of the trust region
is adjusted by A; parameter. While A increases trust region
gets smaller. The choice of appropriate A is very important
for each step of SCG algorithm.

To mark from Jy, the denominator of (3.10) Moller [19]
chooses A as follows,

S
2= z<xk ——kz>.
[l

For this reason, J, >0 is realized. That value 0, =
—pIHypy is used instead of denominator in calculation of
o step length in (3.10).
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3.4 Quasi-Newton (QN) algorithms

The basic step of Newton’s method is

Wi+l = Wk 7H]:1gk (311)

where H; is the Hessian matrix in current point wy.
Newton’s method often converges faster than conjugate
gradient methods. Unfortunately, it is complex and
expensive to compute the Hessian matrix. Quasi-Newton
(or secant) methods are based on Newton’s method, but
which does not require calculation of second derivatives.
They update (the update is computed as a function of the
gradient) an approximate Hessian matrix at each iteration
of the algorithm.

3.4.1 The Broyden, Fletcher, Goldfarb and Shanno
(BFGS) procedure

This is one of the successful QN algorithms. In BFGS
algorithm, the approximation G of the inverse Hessian
matrix in (3.11) is constructed as

pp" GGy

_ T T
Gry1 = Gy —|—pT— TGy + (V Gkv)uu ,

where p = wi 1 — Wi, V= gi11 — &k, U = p% — v%:w

G is a positive definite matrix, —Gyg is the descent way
at each step of the algorithm. Weights update is made as
follows:

Wir1 = wi + 0 Gigr,

where «; is found by line minimization.
3.4.2 The one-step secant (OSS) algorithm

This is an attempt to bridge the gap between the CG
algorithms and Quasi-Newton algorithms. That algorithm
accepts that the previous Hessian is an identity matrix and
does not calculate inverse matrixes in choosing the new
search direction. This algorithm involves very light storage
and fewer calculations in each step than the CG algorithms.

4 Definition and importance of rescheduling
the international debts

International debt crisis occurred after financial crisis,
riveted attention on political issues at the international
level. If global economic justice is to be achieved, debt
crises must be assessed within the broader context of the
international financial system. This system has led to
instability and recurrent financial crises that have
severely harmed the interests of poor countries and their
people [22].

The financial crises lived in the world badly affect the
economies of the countries and debt crises follow eco-
nomic crises, eventually the debt problem dominates all
policy decisions.

Since late 1982, debt crisis has been almost universal as
a result of the developing countries’ fail to service their
debt. Governments and multilateral agencies then stepped
in, but this official activity after August 1982 should not
beguile one into thinking that the major governments were
absent from the game earlier [28]. The definition of the
crisis in the Northern industrial countries was uniform: the
onset of widespread difficulties in servicing the mountain
of developing country debt threatened the stability of the
international financial system [14].

At the end of 1990s, another financial turmoil in Asia
that erupted in mid-1997 has abated since January, and
markets have partially recovered from their troughs. Nev-
ertheless, currency and asset values in the countries
involved have been left far below precrisis levels and
considerable uncertainty remains about the resolution of
the crisis and its global repercussions. The crisis and its
effects were apparent in December 1997. So the last eco-
nomic crisis lived in the world is Asian economic crisis of
1998.

Since international debt crisis effects all economical and
political balances of countries, in this study, countries’
rescheduling and non-rescheduling of their international
debts for 2001 data for 96 countries after Asian economic
crisis of 1998 are taken into account. The effects of that
crisis have occurred a few years later. So, the data related
with 96 countries’ rescheduling and non-rescheduling of
the international debts for 2001 are used.

The data are taken from The World Bank Group web
site and The World Bank e-library. The decision of which
country is in rescheduled class is given by observing the
tables of Stand-By Arrangements published in the Journals
of IMF Survey over 1997-2001. Hence, if a country made
Stand-By Arrangement by IMF, then it is chosen as a
country reschedules its debt and the value of related
dependent variable is 1, else that country is non-reschedule
and the value of related dependent variable is O.

The factors that affect the rescheduling and non-re-
scheduling of the international debts defined as follows and
those factors are taken as independent variables for logistic
and probit regression, and inputs for ANN:

X;: Average increase in GDP growth (annual %) over
1960-2001

X,: The ratio of short term debt (%GDP) to export of
goods and services (%GDP)

X3: Debt service ratio, the interest on total external debt
plus amortization on long-term debt as a percentage of
the exports of goods and services in 2001
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X4 The import of cover and equals international
reserves divided by total imports in 2001 (US $ million)
X5: The ratio of export of goods and services (%GDP) to
import of goods and services (%GDP).

The number of input variables is five for MLP model
since all those variables are taken as input variables. The
output variable can either be 1 for rescheduled debts if
probability is equal or greater than 0.5 or 0 for non-
rescheduled debts if probability is less than 0.5. So in
output layer of the network, there is only one neuron.

5 Estimation of the results and comparison of different
methods

In this study, first the architectures with two hidden layers
are used and since they do not have much contribution,
they are not involved. It is seen that MLP with one hidden
layer gives high CCR. So MLP for 5:p:1 is taken into
account. The undefined parameter here is the number of
units in the hidden layer. Since the initial weights and
biases are random for any network and algorithm taking
different values of p between 1 and 15, 33 experiments are
made and as a result of that, the networks for p ranging
between 6 and 10 are preferred. The CCR for different
training algorithms for these networks are given in Table 1.

According to Table 1, the best CCR are obtained by
BFGS and OSS algorithms (97.92). The CCR for logit
(85.42) and probit (86.46) are quite lower than the NN
results.

Even if the results of training of the neural network for
the whole data set are good, the results of extrapolation
may be bad for the whole data. In this case the network
becomes memorizer and even the small changes in data can
cause big mistakes. To avoid this drawback, the data are
divided into three parts for training, validation and test. At
the stage of training, the neural network (adjusting the
weights) only training data are used but with the help of

validation data, the performance of the network is checked
at each epoch. Training automatically stops when the total
error square starts to increase for validation data and in this
case the parameters of neural network are obtained. At this
stage, test data are taken as extraneous data. The network
with minimum total square error for each of training, val-
idation and test data is accepted the one that gives the best
performance.

For the problem in question, the data set, obtained from
World bank’s data bank, with 96 countries is divided to 3
parts; 48 units for training, 24 units for validation and 24
units for test. Experiments are made by applying different
algorithms for MLPs with one and two hidden layers. The
models that give better performance and are suitable for
each algorithm are chosen by changing the number of units
in hidden layer. Thirty-three experiments are made for each
of architecture. CCR is taken as choice criteria. As a result,
the chosen models with one hidden layer are shown in
Table 2 and with two hidden layers are shown in Table 3.
The values in parenthesis indicate the CCR of the test data.

As results of experiments for training data set CCR is
calculated as 88.54 and for test data 79.17. That means RP
algorithm gives the best performance. The architectures
which give that result for RP algorithm are (the number of
neurons in first and second hidden layers are shown,
respectively) as follows: 3:4, 4:3, 4:5, 4:6, 4:8, 4:9, 5:1-
5:3, 5:5-5:8, 5:11, 6:1, 6:3-6:5, 6:7, 6:9, 6:11, 7:1-7:9,
8:1-8:6, 8:8-9:5, 9:8, 9:9, 9:11-10:6, 10:8-11:4, 11:7,
11:9. Examining the results, the second best performance is
obtained by SCG algorithm.

The applications of ANN are made using MATLAB 6.0
software.

According to CCR results, it can be concluded that,
when the whole data is used for training in neural network,
ANN gives much better performance than logit and probit
models. Especially CG algorithms make much better
classifications. However, QN algorithms have the best
performance for 5:9:1 (BFGS) and 5:10:1 (OSS) architec-
tured MLP with 97.92 CCR.

Table 1 Correct classification ratio for neural networks and for statistical methods

Structure of MLP ANN for whole data

Statistical methods

Algorithms

GDM RP SCG CGF CGP BFGS 0SS Logit Probit
5:6:1 92.71 95.83 96.88 96.88 94.79 93.75 96.88 85.42 86.46
5:7:1 94.79 95.83 96.88 96.88 93.75 92.71 96.88
5:8:1 95.83 96.88 96.88 96.88 95.83 96.88 96.88
5:9:1 94.79 95.83 96.88 96.88 95.83 97.92 96.88
5:10:1 96.88 95.83 95.83 96.88 96.88 95.83 97.92
5:11:1 95.83 95.83 96.88 96.88 96.88 95.83 95.83
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Table 2 Correct classification ratio of neural network algorithms with one hidden layer
Structure of MLP Algorithms
GDM RP SCG CGF CGP BFGS 0SS
Neural network methods (training—validation—test)
5:6:1 88.54 88.54 88.54 82.29 86.46 87.50 85.42
(79.17) (79.17) (79.17) (83.33) (79.17) (83.33) (79.17)
5:7:1 88.54 88.54 87.50 80.21 86.46 87.50 87.50
(79.17) (79.17) (79.17) (79.17) (79.17) (79.17) (79.17)
5:8:1 86.46 88.54 88.54 82.29 82.29 87.50 86.46
(79.17) (79.17) (79.17) (79.17) (83.33) (79.17) (79.17)
5:9:1 87.50 88.54 87.50 81.25 84.38 88.54 85.42
(79.17) (79.17) (79.17) (79.17) (79.17) (79.17) (79.17)
5:10:1 86.46 88.54 87.50 83.33 86.46 86.46 85.42
(79.17) (79.17) (79.17) (83.33) (79.17) (79.17) (79.17)
5:11:1 86.46 88.54 88.54 82.29 87.50 87.50 87.50
(79.17) (79.17) (79.17) (83.33) (79.17) (79.17) (79.17)
Table 3 Correct classification ratio of neural network algorithms with two hidden layer
Structure of MLP Algorithms
GDM RP SCG CGF CGP BFGS 0SS
Neural network methods (training—validation—test)
5:5:11:1 85.42 88.54 87.50 78.13 83.33 89.58 88.54
(79.17) (79.17) (79.17) (83.33) (79.17) (83.33) (79.17)
5:6:9:1 78.13 88.54 88.54 78.13 87.50 87.50 87.50
(83.33) (83.33) (79.17) (83.33) (79.17) (79.17) (79.17)
5:7:6:1 88.54 88.54 88.54 78.13 89.58 87.50 85.42
(79.17) (79.17) (79.17) (83.33) (79.17) (79.17) (79.17)
5:9:6:1 87.50 88.54 88.54 78.13 84.38 87.50 87.50
(79.17) (83.33) (79.17) (83.33) (79.17) (79.17) (79.17)
5:11:5:1 88.54 89.58 87.50 78.13 80.21 87.50 87.50
(79.17) (83.33) (79.17) (83.33) (83.33) (79.17) (79.17)
5:11:8:1 88.54 89.58 88.54 78.13 88.54 87.50 85.42
(79.17) (79.17) (79.17) (83.33) (79.17) (79.17) (79.17)
5:11:9:1 88.54 88.54 85.42 78.13 89.58 87.50 87.50
(79.17) (79.17) (79.17) (83.33) (79.17) (79.17) (79.17)
5:11:11:1 80.21 89.58 88.54 78.13 86.46 87.50 86.46
(83.33) (79.17) (79.17) (83.33) (83.33) (79.17) (79.17)

As mentioned before, if the network is trained for whole
data, memorizing property comes out and causes bad
estimates for extraneous data. It is seen from Table 2 that,
when the data divided to 3 parts, for one hidden layer MLP,
generally the CCR for training result is 88.54 and test result
is 79.17. Each RP algorithm for moderate or small amount
of data, gives the best and SCG gives the second best
performance.

Examining Table 3, it can be seen that from two dif-
ferent results the CCR for whole data is 89.58 and for test

data is 83.33. As a result, those ratios are obtained for
BFGS algorithm with 5:5:11:1 architectured MLP and RP
algorithm for 5:11:5:1 architectured MLP. At this stage
again, RP algorithm makes better estimations.

6 Conclusions

In this paper, rescheduling and non-rescheduling of the
international debts of countries is examined using data for
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2001. To analyze the data taken into account, logistic and
probit regression among the statistical methods and dif-
ferent backpropagation algorithms of multilayer networks
as ANN are used. As a result of classification, more suc-
cessful architectures and algorithms are defined.

Different ANN models are compared with the logit and
probit models for classification problem and results are
evaluated using CCR criterion.

CCR results show that, when the whole data is used for
training in neural network, ANN gives much better per-
formance than logit and probit models. Especially, CG
algorithms make much better classifications.

If the network is trained for whole data, memorizing
property comes out and causes bad estimates for extrane-
ous data. Each RP algorithm for moderate or small amount
of data, gives the best and SCG gives the second best
performance. At this stage again, RP algorithm makes
better estimations. This result especially points out the
importance of partitioning the data.

General results for the problem in question are quite
high, and those can be obtained by RP algorithm. In this
method, misclassifications are occurred only for Cape
Verde, Nigeria and Sri Lanka among 96 countries. The
second choice that gives good results for the problem is
SCG algorithm. Misclassified countries here are Bosnia
and Herzegovina, Cape Verde and Sri Lanka.

Consequently, ANN, as an alternative to statistical
methods, usually shows better performance in estimation
and classification for many empirical studies. Also ANN
has a great advantage of not requiring the assumptions
which are necessary for statistical methods. Moreover,
ANN has another advantage for extraneous data and
prediction. However, the choice of suitable architecture
and algorithm has a great importance. Depending on the
idea of getting better results using RP and SCG algo-
rithms for classification problems, those algorithms are
suggested for that kind of problems. It is also necessary to
be cautious about the QN algorithms that can give good
results at the stage of choosing the suitable network
algorithms.
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Appendix

See Table 4.
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Table 4 Data for dependent and independent variables

Countries Y X, X, X5 X;  Xs

Albania 0 1.82 0.04 2.4 041 047
Angola 0 1.04 0.02 263 0.13 1.01
Argentina 1 126 3.9E-07 109.6 0.53 0.44
Armenia 0 326 0.08 7.4 0.34 0.55
Azerbaijan 0 013 0.04 53 042 1.10
Bangladesh 0 323 0.04 7.3 0.13 0.40
Belarus 0 0.02 0.18 2.8 0.05 0.95
Belize 0 346 0.11 20 020 0.74
Benin 0 288 024 13.4 0.87 0.40
Bolivia 0 276 024 30.8 0.56 0.77
Bosnia and Herzegovina 1 283 0.05 19 047 045
Botswana 0 434 0.01 24 3.12 1.50
Brazil 1 204 0.05 76.4 049 035
Bulgaria 0 035 005 16.6 0.42 0.88
Cambodia 0 565 001 1.2 0.29 0.84
Cameroon 0 173 035 12.3 0.14 1.09
Cape Verde 1 251 0.12 5.5 0.30 0.48
Chad 0 0.85 0.09 10 0.15 0.30
Chile 0 329 0.11 29.5 0.77 1.06
China 0 —0.08 0.01 7.7 0.81 0.67
Comoros 0 1.8 071 6.1 097 0.54
Congo. Dem. Rep. 0 002 038 1.7 0.02 1.07
Congo. Rep. 0 239 037 4 0.05 1.50
Costa Rica 0 449 0.02 9.8 0.15 0.93
Cote d’Ivoire 0 201 373 199 0.21 1.27
Croatia 1 097 0.03 27.6 0.44 0.90
Czech Republic 0 130 0.02 11.2 0.34 0.96
Dominica 0 214 0.02 11.3 0.19 0.72
Dominican Republic 0 292 003 82 0.19 0.75
Ecuador 1 296 1656 21.6 0.18 1.22
Egypt. Arab Rep. 0 459 0.02 8.9 0.59 0.79
Eritrea 0 277 0.15 22 0.09 0.26
Ethiopia 0 250 0.06 18.5 0.25 0.49
Gabon 1 254 1.16 143 0.01 1.49
The Gambia 0 355 0.01 6.7 0.37 0.73
Georgia 0 281 0.10 6.2 0.10 0.63
Ghana 0 255 23.19 12.8 0.13 0.70
Guatemala 0 359 0.03 9.5 0.39 0.65
Guinea 0 271 025 157 032 1.32
Guyana 0 1.68 0.19 6.6 0.37 0.85
Haiti 0 079 1.28E-04 5.2 0.13 1.00
Honduras 0 319 0.14 11.1 0.39 0.69
India 0 4.06 0.04 11.7 0.73 0.35
Indonesia 1 504 004 259 055 1.21
Iran. Islamic Rep. 0 081 45E-03 8.1 0.81 1.78
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Table 4 continued Table 4 continued
Countries Y X] X2 X3 X4 X5 Countries Y X] X2 X3 X4 X5
Jamaica 0 122 003 15.6 0.42 0.70 Venezuela RB 0 246 0.01 24.1 0.56 1.27
Kazakhstan 0 001 0.08 31.1 0.23 0.97 Vietnam 0 474 044 6.7 0.21 0.96
Kenya 0 322 21E-03 139 028 0.74 Yemen. Rep. 0 393 0.12 5 1.06 1.03
Lithuania 1 107 0.03 30.6 0.25 0.90 Zambia 0 133 126 12 0.07 1.02
Macedonia FYR 0 —0.76 0.05 12.8 0.40 0.76
Madagascar 0 125 6.6E-04 6.8 0.27 1.18
Malawi 0 290 0.11 149 030 0.72
) References
Maldives 0 578 1.01 46 021 1.24
Mali 0 150 0.12 9.4 0.34 0.66 1. Aslanargun A, Mammadagha M, Yazici B, Yolacan S (2007)
Mauritania 0 173 0.07 18.7 0.49 0.65 Comparison of ARIMA, neural networks and hybrid models in
Mauritius 0 469 003 6.6 029 1.04 time series: tourist arrival forecasting. J Stat Comput Simul
. 77(1):29-53
Mexico I 341 009 26.3 0.24 092 2. Bhaya A, Kaszkurewich E (2004) Steepest descent with
Moldova 0 068 0.03 147 021 0.67 momentum for quadratic functions is a version of the conjugate
Mongolia 0 180 0.21 74 0.26 0.80 gradient method. Neural Netw 17:65-71
Morocco 0 244 015 182 070 0.91 3. Bishop CM (1995) Neural networks for pattern recognition.
. Clarenden Press, Oxford
Mozambique 0 051 001 7.6 0.46 0.61 4. Burell PR, Folarin BO (1997) The impact of neural networks in
Niger 0 171 0.12 72 0.24 0.69 finance. Neural Comput Appl 6(4):193-200
Nigeria 1 228 0.09 19 061 1.11 5. Cooper JCB (1985) Country creditworthiness: a canonical cor-
. relation analysis. Glasgow Caledonian University economics
Pakistan 1 449 0.13 322 0.43 093 discussion paper, no. 3
Panama I 414 128 244 031 1.06 6. Cooper JCB (1999) Artificial neural networks versus multivariate
Paraguay 0 323 275 10.6 0.19 0.61 statistics: an application from economics. J Appl Stat 26:909-921
Peru 1 260 3.6E-03 22 094 090 7. Cheng B, Titterington D (1994) Neural networks: a review from a
. statistical perspective. Stat Sci 9(1):2-54
Philippines 1364 63E04 216 042 094 8. Dhonte P (1975) Describing external debt situations: a roll over
Poland 0 002 001 404 057 1.20 approach. IMF Staff Papers 24:159-186
Romania 1 0.09 0.03 18.5 029 0.81 9. Feder G, Just R (1977) A study of debt servicing capacity
. . _ applying logit analysis. J] Dev Econ 4:25-38
Russian Federation I —131 002 146 050 15% 1 Erank CR, Cline WR (1971) Measurement of debt service
Rwanda 0 151 47E-04 246 048 1.18 capacity: an application of discriminant analysis. J Int Econ
Sao Tome and Principe 0 098 0.99 21.2 045 0.39 1:327-344
Senegal 0 220 0.14 12.6 034 0.76 11. Hagan MT, Demuth HB, Beale MH (1996) Neural network
design. PWS, Boston
Seychelles 0 203 002 3.3 005 0.82 12. Haykin S (1999) Neural networks: a comprehensive foundation.
Slovak Republic 0 2.14  0.02 10.8 0.25 0.90 Prentice Hall, New Jersey
Sri Lanka 1 342 0.08 10.1 0.17 0.86 13. Kharas H (1984) The long run creditworthiness of developing
. countries: theory and practice. Quart J Econ 99:415-439
St L1.1c1a 0 166 0.02 71025097 14. Kahler M (1985) Politics and international debt: explaining the
St. Vll’lCC.I’lt & The 0 1.78 0.02 7.9 0.27 0.82 crisis. Int Organ 39(3):357-382
Grenadines 15. Kim TY, Oh KJ, Sohn I, Hwang C (2004) Usefulness of artificial
Sudan 0 194 0.04 32 0.04 1.07 neural networks for early warning system of economic crisis.
Swaziland 0 254 6ISE-0S 27 021 089 Expertcsl\y;t @Ep‘ 2}151(4;5985*190,1& " 1 .
Syrian Arab Republic 0 181 007 33 0.58 1.25 - Kuan CM, White H (1994) Artificial neural networks: an eco-
o nomic perspective. Econ Rev 13(1):1-91
Tajikistan 0 002 0.12 11.4 0.12 0.84 17. Kumar UA (2005) Comparison of neural networks and regression
Tanzania 0 357 0.39 10.3 0.33 0.40 analysis: a new insight. Expert Syst Appl 29:424-430
Thailand 1 460 002 25 048 1.11 18. Leung MT, Chen A, Da(.)uko H (2000) Forecasting exchange
o rates using general regression neural networks. Comput Oper Res
Trinidad and Tobago 0 212 0.02 4.7 049 125 27:1093=1110
Tunisia 0 374 0.07 13.9 0.19 091 19. Moller M (1993) Scaled conjugate gradient algorithm for fast
Turkey 1 314 0.03 44 0.66 1.08 supervised learning. Neural Netw 6(4):525-533
Uganda 0 458 007 42 051 149 20. Montgomery 'DC, Peck‘ EA, 'meg GG (2001) Introduction to
) linear regression analysis. Wiley, New York
Ukraine 0 —099 0.04 10.6 0.15 1.03 21. Nocedal J, Wright SJ (1999) Numerical optimization. Springer,
Uruguay 1 191 0.01 36 091 094 New York
Uzbekistan 0 089 002 26.1 038 1.02 22. Pettifor A (2003) Resolving international debt crises fairly. Ethics

Int Aff 17(2):2-9

@ Springer



1216

Neural Comput & Applic (2010) 19:1207-1216

23.

24.

25.

26.

217.

28.

Powers DA, Yu X (2000) Statistical methods for categorical data
analysis. Academic Press, London

Qian N (1999) Efficient backpropagation learning using optimal
learning rate and on the momentum term in gradient descent
learning algorithms. Neural Netw 102(1):145-151

Riedmiller M, Braun H (1993) A direct adaptive method for
faster backpropagation learning: the RPROP algorithm. In: Pro-
ceedings of the IEEE international conference on neural networks
Roy J, Cosset J (1990) Forecasting country risk ratings using a
neural network. In: Proceedings of the 23rd Hawaii international
conference on systems sciences. 4:327-334

Sharda R (1994) Neural networks for the MS/OR analyst: an
application bibliography. Interfaces 24(2):116-130

Wellons PA (1985) International debt: the behavior of banks in a
politicized environment. Int Organ 39(3):441-471

@ Springer

29.

30.

31.

32.

33.

Wilson R, Sharda R (1992) Neural networks. OR/MS Today,
August, 36-42

Wong B, Bodnovich T, Selvi Y (1995) A bibliography of neural
networks business application research: 1988-September 1994.
Expert Syst 12(3):253-262. http://www.worldbank.org/data/country
data

Yoon-Dae E (1979) Commercial banks and the creditworthiness
of less developed countries. UMI Research Press, Ann Arbor, MI
Yu XH, Chen GA (1997) Efficient backpropagation learning
using optimal learning rate and momentum. Neural Netw
10(3):517-527

Zhang GP, Patuwo EB, Hu MY (1998) Forecasting with artificial
neural networks: the state of the art. Int J Forecast 14:35-62


http://www.worldbank.org/data/countrydata
http://www.worldbank.org/data/countrydata

	Analysis of international debt problem using artificial neural networks and statistical methods
	Abstract
	Introduction
	Statistical methods for classification problems
	Backpropagation neural network algorithms for classification problems
	Standard backpropagation (BP) training algorithm
	Resilient backpropagation (RP) algorithm
	Conjugate gradient (CG) algorithms
	Fletcher-Reeves conjugate gradient algorithm (CGF)
	Polak--Ribere conjugate gradient algorithm (CGP)
	Scaled conjugate gradients (SCG) algorithm

	Quasi-Newton (QN) algorithms
	The Broyden, Fletcher, Goldfarb and Shanno (BFGS) procedure
	The one-step secant (OSS) algorithm


	Definition and importance of rescheduling the international debts
	Estimation of the results and comparison of different methods
	Conclusions
	Acknowledgments
	Appendix
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


