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SYSTEMIC APPROACH TO FORECASTING

Background. Further enhancement of forecasts quality for dynamics of financial and economic processes requires
development of new techniques and approaches in the frames of modern concepts for constructing informational
decision support systems (DSS).

Objective. The main purpose of the study is as follows: to consider system analysis principles that are suitable for
solving the problem of short-term forecasting; to develop effective data processing system that implements the system
analysis principles selected in the frames of DSS; to analyze possible types of uncertainties that are encountered in
model constructing and forecasts estimating, and to propose the methods for their description and taking into
consideration.

Methods. To develop DSS for forecasting financial and economic processes and estimation of financial risks the
following system analysis principles were hired: hierarchical architecture, the possibilities for identification and
processing possible uncertainties, alternatives computing, and tracking the computational procedures for all stages of
data processing. The system developed provides possibilities for taking into consideration statistical and parametric
uncertainties. The DSS proposed has a modular architecture that could be easily expanded with new functions like
preliminary data processing, model parameters estimation, and procedures for computing forecasts and financial risks.
Results. The main result of the study is systemic methodology of mathematical modeling financial and economic
processes, that has been implemented in the frames of the DSS proposed. High quality of final results is achieved
thanks to appropriate tracking of all computations using several sets of statistical quality criteria. An example is given
for mathematical modeling, estimation and forecasting of financial risk. The results of estimation show that the
systemic approach proposed has good perspectives for its practical use.

Conclusions. Thus, we proposed a systemic approach to mathematical modeling and forecasting financial and eco-
nomic processes as well as estimation of financial risk. The use of the approach provides possibilities for computing

estimate forecasts of high quality using statistical data.

Keywords: uncertainties in modeling and forecasting; systematic approach; decision support system.

Introduction

Very often it is possible to reach acceptable
quality of forecasting dynamic processes using
available on market data processing instruments.
For example, well known SAS contains sophisti-
cated data processing procedures usually capable of
producing high quality final results [1]. However,
such instruments are usually very costly, require
special training for solving specific problems and
need highly developed computers for implementa-
tion. All this creates conditions of rather restricted
access for their usage except for banking system
and large enterprises. Besides, new modeling and
forecasting techniques that appear from time to
time in specialized publications need to be appro-
priately implemented and approbated. To solve this
problem it is would be reasonable to develop sim-
pler and much less costly modeling systems con-
structed with taking into consideration modern
principles of system analysis. The systemic ap-
proach is based on the results of application of sys-
tems analysis methodology.

Processing of statistical data, represented by
the time series, is usually accompanied by uncer-

tainties of various kind and nature. More particu-
larly, these are (at least) uncertainties of structural,
statistical and parametric form. The structural un-
certainties are usually encountered in cases when
analysis of time series data doesn’t exhibit clear
structure for respective model describing it. Re-
mind that the notion of model structure includes
the following elements: dimensionality (number of
equations comprising a model); model order (high-
est order of a model equation); input delay time
(lag) for independent variables (regressors); nonlin-
earity and its type (nonlinearity in variables or in
parameters); stochastic disturbance and its type
(distribution and its parameters) [2]. For example,
the model order or input delay time (lags for inde-
pendent variables) cannot be determined exactly
enough using correlation analysis or appropriate
time lag estimation algorithms. It is also not always
possible to determine in a unique way type of
nonlinearity, especially in the cases of processing
short samples. The statistical uncertainties exist due
to impossibility to determine in a unique way type
of probability distribution for stochastic distur-
bances and the collected data itself, and as a con-
sequence parameters of the distributions, degree of
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nonstationarity for the stochastic processes etc. As
a consequence for existence of the two previous
types of uncertainties we can trace the parametric
uncertainties: mathematical model parameter esti-
mates, computed with statistical data, can be not
consistent, contain bias, and are inefficient.

Thus, existence of process and data uncertain-
ties, and necessity for hierarchical organization for
the data processing system as well as necessity for
the functional completeness of the whole process-
ing require development and application of sys-
temic approach [3, 4], that provides a possibility
for solving many substantial problems encountered
in statistical data analysis, model constructing,
forecasting and generating decision alternatives. In
this study we consider some possibilities for con-
structing data processing scheme based on the
principles of systemic approach.

Problem statement

The purpose of the study is as follows: to con-
sider some principles of the systems analysis that
are appropriate for solving the problem of success-
ful short-term forecasting; to develop an efficient
data processing scheme for implementation in de-
cision support systems based on these principles; to
consider some uncertainties inherent in model
building and forecasting process; to show advan-
tages of the approach developed.

Some system analysis principles used

For development and implementation of mo-
deling and forecasting system it is proposed to use
the following systems analysis principles [4]: the
systemic coordination principle; the principle of
procedural completeness; the functional orthogo-
nality principle; the principle of mutual informa-
tional dependence; the principle of goal directed
correspondence; the principle of functional ration-
ality; the principle of multipurpose generalization;
the principle of multifactor adaptation, and the
principle of rational supplement.

According to the principle of systemic coordi-
nation all the techniques, approaches, and algo-
rithms used in the system should be structurally
and functionally coordinated, and should be mutu-
ally dependent (linked). This way it is possible to
reach a unique systematic methodology for data
analysis in the frames of modern decision support
system (DSS) constructed, and to improve the
quality of intermediate and final results.

The principle of procedural completeness
guaranties that DSS developed will provide the

possibility for timely and in place execution of all
necessary functions directed towards data collec-
tion (editing and renewing), formalization of a
problem statement, model constructing, computing
forecast, and for estimating quality of the model
and the forecasts based on it.

Implementation of all computational proce-
dures in the DSS using mutually independent
functions corresponds to the principle of functional
orthogonality. Such approach to the DSS con-
structing favors to substantial enhancement of
computational stability of the system and simplifi-
cation of its possible further modifications and
functional expansion. According to the principle of
mutual informational dependence the computing
results, generated by each procedure, should corre-
spond to the formats and requirements of other
procedures (or modules). This is provided with re-
spective project development solutions for the sys-
tem created.

Application of the principle of goal directed
correspondence to computational procedures and
functions provides a possibility for reaching of a
unique goal — high quality of the final result in the
form of forecast estimates for the process under
study, as well as decisions based on the forecasts.

The principle of functional rationality pre-
vents duplication of separate DSS functions. As a
result of application of the principle it is possible
to reach economy of respective computational re-
sources.

According to the principle of multipurpose
generalization all the functional modules developed
possess necessary degree of generalization what
provides a possibility for reaching high quality so-
lutions for a set of distinctive problems that belong
to the same class (say high quality forecasting for
linear and nonlinear nonstationary processes).
Among these problems are the following: accumu-
lating and preliminary data processing; estimation
of structure and parameters for the necessary
mathematical models; constructing forecasting
functions and computing of the forecasts; selecting
the best results using appropriate sets of statistical
quality criteria.

The principle of multifactor adaptation is di-
rected towards the possibility of solving the prob-
lems of computing procedures adaption to the
problems of modeling processes of different com-
plexity depending on the completeness of available
information and user requirements. The adaptation
is performed in the process of model structure and
parameters estimation, i.e. the whole identification
process of an object under study is represented by a
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set of adaptive procedures directed towards reach-
ing the main goal: constructing adequate model
and computing high quality forecasts.

The use of the rational supplement principle
provides a possibility for enhancing the sphere of
application of the DSS constructed by expanding it
with new data types, computing procedures and
criteria. The new procedures could be directed to-
wards implementation of additional preliminary

Data

data processing procedures, model structure and
parameter estimation, generating forecasting func-
tions as well as selection of the best result for its
further use aiming generation of appropriate deci-
sion.

A hierarchical structure of the DSS proposed
for data analysis in the form of time series is given
in Figure. Implementation in the DSS of the sys-
tem analysis principles mentioned above favors its
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functional flexibility, computational reliability, en-
hancement of quality for the final results, expan-
sion of system life span in general, and simplifica-
tion of drawback elimination and modification
procedures.

Consider some functional elements of the
general hierarchical structure of the DSS proposed
that uses some principles of systemic approach (see
Figure). After preliminary data processing directed
towards data preparation for further model build-
ing, statistical analysis of data is performed aiming
to determining type of the process under consid-
eration (linear/nonlinear, and stationary/nonstatio-
nary) and model structure estimation. An impor-
tant and useful feature of the system is that it uses
separate sets of statistics for analyzing quality of
data, adequacy of model constructed and quality of
forecast estimates generated with the model. If the
forecasts are used for generating alternative deci-
sions then we include another set of criteria for
testing decision quality. This way high quality fore-
casts are generated and the decisions based on
these forecasts are usually acceptable.

Further statistical analysis of data is per-
formed on the following purposes: testing for het-
eroskedasticity, for integration (availability of trend),
nonlinearity, preliminary model structure estima-
tion using correlation techniques, lag estimation
and determining type of data distribution. After this
step it is possible to determine class of the process
under study and estimate the elements of model
structure mentioned above in the introduction.

The forecasting methods used in the system
are as follows: regression analysis (linear and
nonlinear models), the group method for data
handling (GMDH), fuzzy GMDH, fuzzy logic,
appropriate versions of Kalman filter, neural nets,
support vector regression, nearest neighbor and
probabilistic type techniques (Bayesian networks,
Bayesian regression). The set of techniques used
covers linear and nonlinear nonstationary proces-
ses. The nearest neighbor technique can be hired
for generating long term forecasts in a case of
availability long data samples. Practically all the
techniques are implemented in adaptive versions
what makes the system more flexible for newly
coming data and to fight some types of uncertain-
ties. On the step of model structure estimation an
appropriate principal component analysis tech-
nique is applied when necessary.

The information of a model structure provides
a possibility for selection of parameters estimation
techniques for candidate models among which are:
ordinary and nonlinear LS (NLS), recursive LS

(RLS), maximum likelihood (ML), and some ver-
sions of Markov Chain Monte Carlo (MCMC).
Some special optimization techniques are applied
in a case of estimating fuzzy GMDH structures.

The candidate models estimated are tested
with a set of statistical quality criteria some of
which are shown in Figure. One or more accept-
able models are used for computing forecasts that
are also tested for quality with another set of statis-
tical criteria. Usually two or more forecasting tech-
niques are used for the same dataset to get a possi-
bility for combining the forecasts so that to further
improve the final combined estimate.

Uncertainties identification and processing

Processing statistical uncertainty. The most of-
ten met statistical uncertainties related to model
development and estimation of forecasts are pro-
voked by the following factors:

— measurement errors (noise) that is available
practically in all cases of data collection independ-
ently on the data origin (including economy and
finances);

— stochastic external disturbances that usually
negatively influence the process under study and
shift the processes from desired mode (say, off-
shore capital transfer from some country, low qual-
ity of higher administration, unstable often
changed laws);

— missed measurements (observations) and
outliers;

— multicollinearity that requires special data
processing techniques to reduce degree of mutual
correlation between separate time series.

The most often means used to fight measure-
ment noise and external stochastic disturbances are
digital and optimal filters (among them Kalman
filter is a widely used instrument) [5]. Digital fil-
ters (DF) help to select for subsequent processing
the frequency band of interest by processing the
time series data with linear structures that could be
represented by autoregression (AR) or autoregres-
sion with moving average (ARMA) equations of
the type:

? q
yky=> aytk-i+ Y bx(k-J),
i=1 j=1
where x(k) is input sequence of measurements; y(k)

is filtered output sequence; e:[al...apbl...bq]T

is parameter vector that determines frequency band
of a filter; p and ¢ are orders of AR and MA
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parts, respectively. There are handy instruments for
DF development based on optimization proce-
dures, for example, in Matlab.

Appropriately designed adaptive Kalman filter
provides a possibility for covariances estimation for
stochastic disturbances and measurement noise as
well as estimation of short-term forecasts [5, 6].
Optimal filter design requires model of the process
(system) under study in the state space form:

x(k) =
=A(k,k-1)x(k-1)+B(k,k —d)u(k - 1)+ w(k), (1)

z(k) =Hx(k)+v(k), 2

where x(k) is system state vector, consisting of »
elements; u(k) is m-dimensional vector of cont-
rols; w(k) is a vector of stochastic external distur-
bances; A(k,k —1) is (nxn)-matrix of system dy-
namics; B(k) is (nxm)-matrix of control coeffi-
cients; k is discrete time that is linked to conti-
nuous time ¢ through sampling time 7,: t=kT;
d is system delay time; z(k) is measurement vec-
tor with » elements; H(k) is matrix of measure-

ment coefficients (very often it has diagonal form);
v(k) is a vector of measurement noise (errors).

Double time argument (k, Kk —1) means that vari-

able with this argument is used at time k, but its
value is based on previous measurements up to
(k—1). Usually such double argument is not used

in text to avoid symbols overload for mathematical
expressions.

The main advantage of the model (1), (2) is
that it includes explicitly two random processes
w(k) and v(k); consequently it is more adequate

to reality than say linear regression. The main task
of optimal filter is in computing state vector esti-
mates with taking into consideration statistical
characteristics (covariances) of the two stochastic
processes mentioned. Such approach provides a
possibility for improvement of state estimates and
to compute estimates of nonmeasurable compo-
nents of state vector x(k) if such are available.

The main equation of the filter is as follows:

X (k) = A(k)x(k = 1) +B(k)u(k - 1) +

K (k) [2(k) ~-H(k)A(k) X (k - 1)], 3)

where K(k) is optimal coefficient of a filter in

matrix form. The coefficient is computed by mini-
mizing the functional:

J = mKinE{[ﬁ(k)—x(k)]T[ﬁ(k)—x(k)]} :

where x(k) is exact value for state vector that

could be found using deterministic part of mo-
del (1). In linear discrete case the coefficient is
rather easily computed by solving Riccati equation.

Thus, optimal filter provides a possibility for
reducing uncertainties in the form of influence of
two stochastic processes w(k) and v(k), and esti-

mation of nonmeasurable components of a state
vector when respective components of covariance
matrices are known (we mean covariance matrix

P(k) = E{[)A((k)—x(k)][)A((k)—x(k)]T} for system

state vector estimation errors). Especially useful are
adaptive versions of the filters that are most suit-
able for practical applications (in on-line and off-
line modes of operation). They are suitable for re-
peated estimation of system (object) matrices
A(k) and B(k) as well as covariances of the two

stochastic processes mentioned [5, 7].

Coping with uncertainties appearing due to mis-
sing observations. For the data in the time series
form the most suitable imputation techniques are:

— simple averaging when it is possible (when
only a few values are missing);

— generation of forecast estimates with the
model constructed using available measurements;

— generation of missing (lost) estimates from
distributions the form and parameters of which are
again determined using available part of data;

— the use of optimization techniques, say ap-
propriate forms of EM-algorithms (expectation
maximization);

— exponential smoothing etc. The simplest
model that could be hired for generating forecasts
is AR(1):

Wk)=ay+ay(k-1)+¢e(k),

where a,, a, are model parameters; random pro-
cess €(k) takes into consideration model structure
uncertainties (say lack of appropriate regressors,
external random disturbances, errors of parameter
computing etc.), and possible measurement errors.
If parameters a,, a, are known, we could compute



24 Haykosi sicti HTYY "KI"

2015/2

one step-ahead prediction as conditional expecta-
tion of the form:

Yk +1) = E[y(k +1)] =
Ek[y(k+1)|y(k),y(k—1),...,s(k),s(k—1),...] =
ay+a,EJy(k)=ay+ayk),

as far as y(k) at the moment k takes known

value. Iteratively it is possible to derive the fore-
casting function for s steps-ahead [2]:

S-1

y(k+5) = Egly(k +5)] =a0(2afJ+afy(k) -
i=0

S-1
ap Y. af + a’y(k).
i20

The sequence of forecast estimates { f(k +1i)},
i=1,...,s is convergent if |a,|<1:

. a
limE, [y(k +s)] = —2—.
s> o0 1- a

The last expression means that for stationary
AR or ARMA processes the estimates of condi-
tional forecasts asymptotically (s — «) converge to

unconditional mean (long-term forecast). It should
also be mentioned here that optimal filter can also
be used for missing data imputation because it
contains “internal” forecasting function that pro-
vides a possibility for generating quality short-term
forecasts.

Further reduction of the uncertainty is possib-
le thanks to application of several forecasting tech-
niques to the same problem with subsequent com-
bining of separate forecasts using appropriate
weighting coefficients. The best results of combin-
ing the forecasts is achieved when variances of
forecasting errors for different forecasting tech-
niques do not differ substantially.

Coping with uncertainties of model parameters
estimates. Usually uncertainties of model parameter
estimates such as bias and inconsistency result
from low informative data, or data do not corre-
spond to normal distribution, what is required in a
case of application LS for parameter estimation.
This situation may also take place in a case of re-
gressors multicollinearity and substantial influence
of process nonlinearity that for some reason has
not been taken into account when model was con-
structed. When power of data sample is not satis-
factory for model construction it could be expan-
ded by applying special techniques, or simulation is

hired, or special model building techniques, such
as GMDH, are applied. Very often GMDH pro-
duces results of acceptable quality with short samp-
les. If data do not correspond to normal distribu-
tion, then ML technique could be used or appro-
priate Monte Carlo procedures for Markov Chains
(MCMC) [8]. The last techniques could be applied
with quite modest computational expenses when
the number of parameters is not large.

Dealing with model structure uncertainties. When
using DSS, model structure should practically al-
ways be estimated using data. It means that ele-
ments of model structure accept almost always
only approximate values. When a model is con-
structed for forecasting we build several candidates
and select the best of them with a set model quali-
ty statistics. Generally we could define the follow-
ing techniques to fight structural uncertainties:
gradual improvement of model order (AR(p) or
ARMA(p, q)) applying adaptive approach to mod-
eling and automatic search for the “best” structure
using complex statistical quality criteria; adaptive
estimation (improvement) of input delay time (lag)
and data distribution type with its parameters; de-
scribing detected process nonlinearities with alter-
native analytical forms with subsequent estimation
of model adequacy and forecast quality. An exam-
ple of complex model and forecast criterion may
look as follows:

J=|1-R*+aln

i ez(k)}rp - DW |+
k=1

BIn(MAPE)+U —min,
0.

i

N
where R? is determination coefficient; Z ez(k) =
k=1

N A
= Z [y(k)-y(k)]* is sum of squared model er-
k=1

rors; DW is Durbin-Watson statistic, MAPE is
mean absolute percentage error for one step-ahead
forecasts; U is Theil coefficient that measures
forecasting characteristic of a model; o,f are

appropriately selected weighting coefficients; 6,-
is parameter vector for i-th candidate model. A
criterion of this type is used for automatic selection
of the best candidate model. The criterion also
allows operation of DSS in adaptive mode. Certa-
inly, other forms of the complex criteria are pos-
sible. While constructing the criterion it is impor-
tant not to overweigh separate members in right
hand side.
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Coping with uncertainties of a level (amplitude)
type. The use of random (i.e. with random ampli-
tude or a level) and/or non-measurable variables
leads to necessity of hiring fuzzy sets for describing
such situations. The variable with random ampli-
tude can be described with some probability distri-
bution if the measurements are available or they
come for analysis in acceptable time span. How-
ever, some variables cannot be measured (regis-
tered) in principle, say amount of shadow capital
that “disappears” every month in offshore, or
amount of shadow salaries paid at some company,
or a technology parameter that cannot be measures
on-line due to absence of appropriate gauge. In
such situations we could assign to the variable a set
of possible values in linguistic form as follows:
capital amount = {very low, low, medium, high, very
high}. There is a necessary set of mathematical ope-
rations to be applied to such fuzzy variables. Fi-
nally fuzzy value could be transformed into exact
form using known techniques.

Probabilistic uncertainties and their description.
The use of random variables leads to necessity of
constructing probability distributions and their ap-
plication in inference procedures. Usually an obser-
vation value is known only approximately though
we know the limits for the values. Probability dist-
ributions are very useful for describing such situa-
tions. When dealing with discrete outcomes, we
assign probabilities to specific outcomes using a
mass function. It shows how much “weight” (or
mass) to assign to each observation or measure-
ment. An answer to the question about the value of
a particular outcome will be its mass. The Kol-
mogorov’s axioms of probability are helpful for
deeper understanding of what is going on. If two or
more variables are analyzed simultaneously we
come to necessity of constructing and use joint
distributions. Joint distributions allow us calculate
conditional probabilities using renormalization pro-
cedures when necessary. Very helpful for perfor-
ming probabilistic computations is a notion of con-
ditional independence P(x,yl|z) = P(x|2)P(y|2):,
where x and y are independent events. The iden-

tities of independence are very handy though one
should be careful when using them, i.e. the events
should be really independent. The remarkable
intuitive meaning of discrete Bayes’ law,
P(A/B)=P(B/A)P(A)/P(B), is that it allows
to ask reverse questions: “Given that event A hap-
pened, what is the probability that a particular
event B evoked it?” [9]. The marginal probability,
P(B), can be computed from conditionals. The

probability that B occurs in general (P(B)) can

be obtained from the P(B)=
=P(B/A)P(A) + P(B/A)P(A).

Probabilistic types of uncertainties regarding
whether or not some event will happen can be
taken into consideration with various probabilistic
models. To solve the problem of describing and
taking into account such uncertainties a variety of
Bayesian models could be hired that are presented
in the form of so called Bayesian Programming
formalism. A set of the models includes Bayesian
networks (BN) [10], dynamic Bayesian networks
(DBN), Bayesian filters, particle filters, hidden
Markov models (discrete and continuous), Kalman
filters, Bayesian maps etc. The structure of Bayes-
ian program includes the following eclements
(steps): (1) problem description and statement
formulation with a basic question of the form:
P(Searched/Known) or P(X,/D,Kn), where

X, defines one variable only, i.e. what should be

estimated (computed) using specific inference en-
gine; (2) the use of prior knowledge Kn and ex-
perimental data D to perform model structure and
parameters identification; (3) selection and appli-
cation of pertinent inference technique to answer
the question stated before; (4) testing quality of the
final result. This scheme also works well in
adaptation mode to adjust structure and parameters
of a model being developed to new experimental
data or expert estimates that could be used, for
example, for estimation of prior distributions or
BN (DBN) structure.

condition:

Example of DSS application

Numerous examples of model constructing
have been solved with the DSS created. In this
specific example we used the database consisting of
4700 records that was divided into learning sample
(4300 records), and test sample (400 records). The
default probabilities were computed and compared
to actual data, and also errors of the first and se-
cond type were computed using different cut-off
values. It was established that maximum model ac-
curacy reached for Bayesian network was 0.787
with the cut-off value 0.3. The Bayesian network is
“inclined to over insurance”, i.e. it rejects more
often the clients who could return the credit. The
model accuracy and the errors of type I and type
II depend on the cut-off value. The cut-off value
determines the lowest probability limit for client’s
solvency, i.e. below this limit a client is considered
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as such that will not return the credit. Or the cut-
off value determines the lowest probability limit for
client’s default, i.e. below this limit a client is con-
sidered as such that will return the credit. As far as
the cut-off value of 0.1 or 0.2 is considered as not
important, in practice it is reasonable to set the
cut-off value at the level of about 0.25—0.30. Sta-
tistical characteristics characterizing quality of the
models constructed are given in table.

Table. Quality of the models constructed

Model Gini Common Model
. AUC .
type index accuracy quality

Bayesian .
network 0.719 | 0.864 0.787 Very high
Logistic | ces 1 0858 | 0.813 Very high
regression
Decision | 597 1 9708 | 0775 Acceptable
tree
Llnear. 0.396 | 0.657 0.631 Unacceptable
regression

It follows from the table 1 that the best mo-
dels for estimation of credit return probability
turned out to be logistic regression and Bayesian
network. The best common accuracy showed logis-
tic regression (0.813) though Bayesian network
showed higher Gini index (0.719). The decision
tree used is characterized by Gini index of about
0.597, and CA = 0.775. It should be stressed that
acceptable values of Gini index for developing
countries like Ukraine are in the range 0.4—0.6.
Bayesian network constructed and nonlinear reg-
ression showed rather high values of Gini index
that are acceptable for the Ukrainian economy in
transition.

The results of computing experiments lead to
the conclusion that today scoring models and
Bayesian networks belong to the set of the best in-
struments for banking system due to the fact that
BN provide a possibility for detecting “bad” clients
and to reduce financial risks caused by the clients.
It also should be stressed that DSS constructed is
very useful instrument for a decision maker that
helps to perform quality processing of statistical
data using different techniques, generate alterna-
tives and to select the best one relying on a set of
appropriate criteria. The system performs tracking
of the whole computational process using separate
sets of statistical quality criteria at each stage (level
of hierarchy) of decision making: quality of data,
models and forecasts (or risk estimates).

Thus, the systematic approach to forecasting
proposed helps to develop DSS that possesses the
features of directed search for the best forecasting
model in respective spaces of structures and pa-
rameters, and consequently to enhance its quality.
Preliminary computational experiments with actual
data showed high usefulness for practical applica-
tions of the systemic approach to modeling and
forecasting and necessity for it further refinement
in the future studies. It is especially important to
improve descriptions for the uncertainties men-
tioned and to use them for reduction degree of un-
certainty in the process of model building and
forecast estimation.

Conclusions

The methodology was proposed for construct-
ing DSS for mathematical modeling and forecast-
ing of economic and financial processes, and credit
risk prediction (estimation) that is based on the
following system analysis principles: hierarchical
system structure, taking into consideration of prob-
abilistic and statistical uncertainties, availability of
adaptation features, generating multiple decision
alternatives, and tracking of computational proc-
esses at all the stages of data processing with ap-
propriate sets of statistical quality criteria.

The system proposed has a modular architec-
ture that provides a possibility for easy extension of
its functional possibilities with new parameter es-
timation techniques, forecasting methods, financial
risk estimation, and generation of decision alterna-
tives. High quality of the final result is achieved
thanks to appropriate tracking of the computa-
tional processes at all data processing stages: pre-
liminary data processing, model structure and pa-
rameter estimation, computing of short- and mid-
dle-term forecasts, and estimation of risk variables
(parameters) as well as thanks to convenient for a
user intermediate and final representation of re-
sults. The system is based on the ideologically dif-
ferent techniques of modeling and risk forecasting
what creates a good base for combination of vari-
ous approaches to achieve the best results. The ex-
ample of the system application shows that it can
be used successfully for solving practical problems
of forecasting and risk estimation. The results of
computing experiments lead to the conclusion that
today scoring models, nonlinear regression and
Bayesian networks are the best instruments for
banking system due to the fact that they provide a
possibility for detecting “bad” clients and to reduce
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financial risks caused by the clients. It also should
be stressed that DSS constructed turned out to be
very useful instrument for a decision maker that
helps to perform quality processing of statistical
data using different techniques, generate alterna-
tives and to select the best one. The system per-
forms tracking of the whole computational process
using separate sets of statistical quality criteria at
each stage of decision making. The DSS can be
used for supporting decision making process in

various areas of human activities including devel-
opment of strategy for banking system and indus-
trial enterprises, investment companies etc.

Further extension of the system functions is
planned with new forecasting techniques based on
probabilistic techniques, fuzzy sets and other artifi-
cial intelligence methods. An appropriate attention
should also be paid to constructing user friendly
adaptive interface based on the human factors
principles.
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CUCTEMHUI NIAXIA O NPOrHO3YBAHHSA

Mpo6nematuka. [Ans noganbLlIoro MiABMULLEHHS SIKOCTi MPOrHO3yBaHHSA AWHAaMIKM PO3BUTKY (hiHAHCOBO-EKOHOMIYHMX MpOoLECiB

(PETI) HeobXxigHO po3pobnATK HOBI METOAM Ta MIOXOAN B MEXax Cy4aCHMX KOHLEMUii CTBOPEHHS iHpopMaLiiHUX cMCTeM MiATPUMKU
npunHATTA piweHb (CMNP).

MeTa gocnigxeHHsA. [onoBHa MeTa AOCNIOAXEHHS: PO3MMSAHYTU NPUHLUMW CUCTEMHOIO aHanisy, Lo MOXYTb OyTM BUMKOPUCTaHI

Onsi po3B’AA3aHHSA 3afadvi KOPOTKOCTPOKOBOrO MPOrHO3yBaHHS; po3pobuTn edekTMBHY cuctemy obpobku AaHMX, fka PYHTYETbCH Ha
npuHUMNax CUCTEMHOro aHanisy, peanisoBaHux y CIMP; npoaHanizyBaTtv MOXIUBI TUMWM HEBM3HAYEHOCTEN, WO TPanNnsTbCa Npu no-
OynoBi MaTeMaTUYHMUX MOZENen Ta OUiHIOBaHHI NPOrHO3iB, a TakoX 3arnponoHyBaTh MeToaM iX ONuUCy i BpaxyBaHHs y npoueci 06pobku
AaHUX.
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MeTtonuka peanisadii. Mpu ctBopenHi CIMNP gns nporHosyBaHHs PEIN Ta ouiHiOBaHHA hiHAHCOBUX PU3NKIB BUKOPUCTAHO TaKi
NPUHLUMNN CUCTEMHOrO aHaniay: iepapxivHiCTb apXiTekTypu cuctemu; ineHTudikauis Ta odbpobka MOXIMBUX HEBM3HAYEeHOCTeN; obumc-
TNEHHs1 anbTEepPHATUBHUX PilleHb i CYNMPOBOAXEHHSI 0bUMCMOBanbHMX NpoLeayp Ha BCiX eTanax BUKOHaHHSA obuucneHs. CMIMP mae mo-
OYNbHY apXiTEKTYpY, SIKy MOXHa pO3LUMpioBaT HOBUMU (OYHKLISIMM, LLLO CTOCYHOTLCSA NonepenHboi 00pobku AaHuX, OuiHIOBaHHA napa-
MeTpiB Mmogernewn, 064YMCIeHHs OLiHOK MPOrHO3iB Ta MOXITMBMX PU3MKIB hiHaHCOBUX BTpaT.

Pe3ynbTtaTtu gocnigxeHHsi. OCHOBHMM pe3ynbTatoM OOCHIAXEHHs1 € CucTeMHa meTtogonoria mogentoBaHHA OET, saka peaniso-
BaHa B Mexax 3anpornoHoBaHoi CIIMP. Brucoka skicTb 0CTaTOMHUX pe3ynbTaTiB 4OCAraETbCs 3aBAAKN CYNPOBOMXKEHHIO ob4YMcroBanb-
HWX NPOLLECIB 32 JONMOMOrOK HaNEXHUX MHOXMH CTaTUCTUYHWUX KpuTepiiB. HaBegeHo npuknag matemaTuiHOro MOAENoBaHHS 1 OLiHIO-
BaHHsA iHaHCcOoBOro pu3uky. OTpumaHi pesynbTaTu cBigyaTb, LIO 3anpONOHOBaHUI CUCTEMHMI MNiOXiA4 Mae XOpoLi NepcrnekTuBM Anis
NpaKTUYHOTO BUKOPUCTaHHSI.

BucHoBkM. 3anponoHOBaHO CUCTEMHUIA NiaXig A0 MaTeMaTUYHOro MoAentoBaHHs i nporHo3yBaHHsA PEN Ta ouiHioBaHHA diHaH-
COBOro pu3unKy. 3aCTOCYBaHHS LbOro nigxony A4ae MOXIIMBICTb OTPUMYBATU BUCOKOSIKICHI OLLIHKM MPOrHO3iB HA OCHOBI CTaTUCTUYHUX Aa-
HUX.

Knio4yoBi cnoBa: HeBM3HA4YEeHOCTi B MOAEMOBAHHI Ta MPOrHO3yBaHHI; CUCTEMHUI Nigxia; cMcTema nigTPUMKN NPUAHATTS PilleHb.

Buatok M.U., Tpodumuyk A.H., Buagtok A.IM.

CUCTEMHbIN Moaxo[ K MPOrHO3MPOBAHUIO

Mpo6nematuka. [ns ganbHeNWwero NoBbIEHUS] Ka4eCTBa NMPOrHO3NPOBaHNA AMHAMMUKN Pas3BUTUS (DUHAHCOBO-3KOHOMMUYECKNX
npoueccoB (P3I1) Heobxoanmo pa3pabaTbiBaTb HOBble METOALI U NOAXOAbI B pamMKax COBPEMEHHbIX KOHLENuuii co3gaHust MHdopmMa-
LIMOHHBIX CUCTEM NOAAEPXKKM NpuHATUA pelieHni (CMNMP).

Llenb uccnepoBaHusa. [NaBHas Lefb MCCNeaoBaHWs: PacCMOTPETb NMPUHLMMBI CUCTEMHOTO aHanusa, kotopble MoryT BbiTb MC-
Nnomnb30BaHbl ANs PeLleHns 3a4avm KpaTkoCPOYHOro NPOrHO3MpoBaHusi; paspaboTarb apdeKTMBHYIO cucTeMy 06paboTku AaHHbIX, KO-
Topas 6asupyeTca Ha MpUHLUMNAx CUCTEMHOro aHanu3a, peanusoBaHHbix B CIMP; npoaHann3mpoBaTb BO3MOXHbIE TUMbl Heonpeae-
TNIeHHOCTEl, BCTPEYaIoLLMXCa Npy NOCTPOEHUN MaTeMaTUieckux Mofenein 1 oLeHMBaHUM NPOrHO30B, a Takke NPeanoXuTb MeToabl UX
onncaHnsi n yyeta B npouecce o6paboTkM AaHHbIX.

MeTtoauka peanusaumu. MNpu cosgaHum CITMP ansa nporHo3npoBaHusa ®3M n oueHnBaHWsA MHAHCOBBLIX PUCKOB UCMOMNb30BaHbI
TakvMe NPUHLMMNBI CUCTEMHOrO aHanu3a: nepapxXuyHoCTb apXUTEKTYpPbl CUCTEMbI, MAEHTUMMKaLMA 1 0BpaboTka BO3MOXHbBIX Heonpeae-
TNleHHOCTEN, NonyYyeHe anbTepHaTUBHBIX PELLEHUI U CONPOBOXAEHWE BbIYMCIIMTENbHBIX NPoLeAyp Ha BCex 3Tanax BbIMOMHEHUs Bbl-
uncneHun. CIMP nmeeT MoayrnbHY0 apXMTEKTypy, KOTOpasi ferko paclumpsieTcsi HOBbIMW (PYHKUMSMU NpeaBapuTensHoi o6paboTkm
[AaHHbIX, OLeHVBaHNsA NapameTpoB, a Takxe nNpoueaypaMm BblYUCNEHNS OLLEHOK NPOrHO30B 1 BO3MOXHbIX PUCKOB (PMHAHCOBbLIX NOTEPb.

PesynbTaTbl uccnegoBaiusi. OCHOBHBIM pe3ynbTaToM WCCIefoBaHWsl SBMSETCS CUCTEMHasi MeTOAoMNorvs ModenvpoBaHus
D3r1, koTopas peanunsoBaHa B pamkax npeanoxeHHon CIIMP. Beicokas TOMHOCTb OKOHYATENbHbLIX PE3ynbTaToB AOoCTUraeTca bnaroga-
psi CONPOBOXAEHWUIO BbIYMUCIIUTESNBbHBIX NMPOLECCOB C MNOMOLLLIO COOTBETCTBYHIOLLMX MHOXECTB CTaTUCTUYECKUX KpuTepues. MNpuBeaeH
npvmep MaTeMaTuyeckoro MOAENMPOBaHMS U OLEeHMBaHWS (DMHAHCOBOrO pucka. MonyveHHble pe3ynbTaTbl CBUAETENLCTBYOT O TOM,
YTO NPeAnoXeHHbIi CUCTEMHBIV MOX04 UMEET XOpOoLLMeE NepcrekTUBbI AN NPaKTUYECKOro UCMONb30BaHUs.

BbiBogbl. [1peanoxeH CUCTEMHbIV NOAX0A4 K MaTeMaTUYeCKOMY MOZAENUPOBaHUIO 1 NporHo3mpoBaHuio P3N, a Takke K oueHu-
BaHUIO (OMHAHCOBLIX PUCKOB. [pUMeHeHVe 3Toro Noaxofa AaeT BO3MOXHOCTb MOMyvaTh BbICOKOKAYECTBEHHbIE OLLEHKM NPOrHo3oB Ha
OCHOBE CTaTUCTUYECKUX AaHHbIX.

KnioueBble cnoBa: HeonpegeneHHocTU B MOAENMPOBaHNW 1 MPOrHO3MPOBaHMW; CUCTEMHbIN NOAXO4; CUCTeMa NOoAAEPXKKM Npu-
HATUS PELUEHUN.

PexomennoBana Pamoro Hapiitiia mo penaxiii
HaBuanbHO-HAayKOBOTO KOMILIEKCY 12 csxyz 2015 poky
“IHCTUTYT MPUKIATHOTO CUCTEMHOTO

a”anizy” HTYY “KIII”




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /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 true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /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 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /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 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /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 ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /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 /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


