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A computer based decision support system is proposed the basic tasks of which are
adaptive model constructing and forecasting of financial risks. The DSS development is
based on the system analysis principles, i.e. the possibility for taking into consideration of
some stochastic and information uncertainties, forming alternatives for models and
forecasts, and tracking of the computing procedures correctness during all stages of data
processing. A modular architecture is implemented that provides a possibility for the
further enhancement and modification of the system functional possibilities with new
forecasting and parameter estimation techniques. A high quality of final result is achieved
thanks to appropriate tracking of the computing procedures at all stages of data processing
during computational experiments. preliminary data processing, model constructing, and
forecasts estimation. The tracking is performed with appropriate set of statistical quality
parameters. Examples are given for estimation of financial credit. The examples solved
show that the system developed has good perspectives for the practical use. It is supposed
that the system will find its applications as an extra tool for decision making when
developing the strategies for financial companies and enter prises of various types.

Key words: mathematical model, system analysis principles, adaptive forecasting,
decision support system, risk estimation.

Introduction

Financial risk analysis and management is an urgent problem not only for the active financial
organizations and companies but for all industrial enterprises, small and medium business, investment
and insurance companies etc. Adequate models of multidimensional risks and the loss forecasts based
upon them help to take into consideration a set of various influencing risk factors and make objective
guality managerial decisions. There are many types of financial risks that could be described with
mathematical models in the form of appropriately constructed equations or probability distributions.
The market and some other types of risks are estimated with different modifications of VaR
methodology that provides a possibility to reach practically acceptable quality of risk estimates [1, 2].
One of the widely spread type of risks is credit risk that arises due to failures of clients to return loans
to banks. To analyze credit risks in banks the following models are used as of today: linear and
nonlinear regression (logit and probit), Bayesian networks, decision trees, fuzzy logic, factor analysis,
support vector machine (SVM), neural networks and neuro-fuzzy techniques, and combinations of the
approaches mentioned [3 — 5].

All types of mathematical modeling usually need to cope with various kinds of uncertainties
related to data, structure of the process under study and its model, parameter uncertainty, and
uncertainties relevant to the models and forecasts quality. To avoid or to take into consideration the
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uncertainties and improve this way the quality of final result (risk values forecasts and decisions based
on them) it is necessary to construct appropriate computer based systems for solving specific
problems.

Selection and application of a specific model for process description and forecasts estimation
depends on application area, availability of statistical data, qualification of personnel, who work on
the financial analysis problems, and availability of appropriate applied software. Better results for
estimation of financial processes risks is usually achieved with application of ideologically different
techniques combined in the frames of one computer based system. Such approach to solving the
problems of quality risk forecasts estimation can be implemented in the frames of modern decision
support systems (DSS). DSS is a powerful instrument for supporting user’s (managerial) decision
making as far as it combines a set of appropriately selected data and expert estimates processing
procedures aiming to reach final result of high quality — objective high quality alternatives for a
decision making person (DM P). Development of a DSS is based on modern theories and techniques of
system analysis, information processing systems, estimation and optimization theories, mathematical
and statistical modeling and forecasting, decision making theory as well as many other results of
theory and practice of processing data and expert estimates [6, 7].

The paper considers the problem of DSS constructing for solving the problems of modeling and
estimating selected types of financial risks with the possibility for application of alternative data
processing techniques, modeling and estimation of parameters and states for the processes under

study.

Problem formulation. The purpose of the study is as follows: 1) analysis and development of
requirements to the modern decision support systems; 2) development of the system architecture for
financial risk evaluation; 3) selection of mathematical modeling and forecasting techniques for
selected financial risks; 4) illustration of the system application to solving selected problem of
financial risk estimation using statistical data.

Requirements to modern DSS

Modern DSS are rather complex multifunctional (possibly distributed) highly developed
computing systems of informational type with hierarchical architecture that corresponds to the nature
of decision making by a human. To make their performance maximum useful and convenient for users
of different levels (like engineering and managerial staff) they should satisfy some general
requirements. Define DSS formally as follows:

DSS ={ DKB, PDP, DT, MSE, MPE, RGP, DQ, MQ, REQ, AQ},

where DKB is data and knowledge base; PDP is a set of procedures for preliminary data processing;
DT is a set of statistical tests for determining possible effects contained in data (like integration or
heteroskedasticity); MSE is a set of procedures for estimation of mathematical model structure;
MPE is a set of procedures for estimation of mathematical model parameters; RGP are risk estimates
generating procedures; DQ, MQ, REQ, AQ are the sets of statistical quality criteria for estimating

quality of data, models, risk estimates, and decision alternatives, accordingly.

Such systems should satisfy the following general requirements: 1) — contain highly developed
bases of data and knowledge with mathematical models, quality criteria for each type of computing,
and model selection rules, as well as necessary computational procedures; 2) — to achieve high quality
of the final result the hierarchy of a system functioning should correspond to the hierarchic process of
making decision by a human; 3) —their interface should be based on the human factors principles, user
friendly, convenient and simple for use, as well as adaptive to users of various levels (eg.,
engineering and managerial staff); 4) — the system should possess an ability for learning in the process
of its functioning, i.e. accumulate appropriate knowledge regarding possibilities of solving the

314



problems of definite (selected) class; 5) — the organization and techniques for computing procedures
should provide for appropriate rate of computing that corresponds to the human requirements with
regard to the rate of alternatives generating and reaching the final result; 6) — computing (precision)
quality should satisfy preliminary established requirements by a user and developer; 7) — intermediate
and final results of computations should be controlled with appropriate sets of analytic quality criteria,
what will allow to enhance significantly quality and reliability of the final result (decision
alternatives); 8) — DSS should generate all necessary for a user forms and types of intermediate and
final results representations with taking into consideration the users of various levels; 9) — the system
should contain the means for exchanging with data and knowledge with other information processing
systems via local and/or global computer nets; 10) — to make the system functionality flexible DSS
should be easily expandable with new functions.

Satisfaction of all the requirements mentioned above provides a possibility for effective
practical application of the system developed and enhancing general behavioristic effect of the DSS as
awholefor a specific company or an enterprise within long periods of time [7].

Basic mathematical tools for DSS

All mathematical methods and techniques that are hired for development and implementation of

DSS could be divided into two following groups: 1 — general purpose methods that provide for
implementation of system functions; and 2 — special purpose methods that are necessary for solving
specific problems regarding preliminary and basic data processing, model constructing, alternatives
generating, selecting the best alternative for implementation and forecasting of the implementation
conseguences.
The group of the general purpose methods includes the following ones. — data and knowledge
collecting and editing procedures; — preliminary data processing techniques such as digital filtering,
normalization, imputation of missing values, detecting special effects (regime switching, seasonal
effects, nonstationarity etc); — the methods for accumulating information regarding previous
applications of DSS to problem solving for the retrospective use; — computer graphics techniques; —
techniques for syntactic analysis to be used in a command interpreter; — methods for organizing
communications with other information processing systems via local and global nets; —logical rulesto
control the system functioning. The set of the methods mentioned could be modified or expanded
depending on specific practical application.

Selection of the application defined mathematical methods for a DSS depends on the specific
system application area, possible problem statements regarding data processing, mode building,
processes forecasting, and alternatives generation. However, it is possible to state that in most cases of
DSS development it is necessary to use the following mathematical methods: — methods and
methodol ogies for mathematical (statistical and probabilistic) modeling using statistical/experimental
data; — risk estimating and forecasting techniques on the basis of the models constructed with
possibilities for combining the forecasts computed with different techniques, — operations research
optimization techniques and dynamic optimization (optimal control) methods; — the methods for
forecasting/foresight of decision implementation consequences; — the sets of special analytic criteriato
control the processes of computations performed at each stage of data processing and alternatives
generation aiming to reach high quality of afinal result.

All the methods and methodol ogies mentioned are described well in special modern literature.
For example, time series modeling and forecasting are presented in many references, more particularly
in [8, 9]. The task for a DSS developer is in appropriate selection of model classes, modeling and
optimization techniques, quality criteria as well as relevant methodologies for appropriate
organization of computing procedures.
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Coping with uncertainties

As it was mentioned above all types of mathematical modeling usually need to cope with
various kinds of uncertainties linked with data, structure of the process under study and its model,
parameter uncertainty, and uncertainties relevant to the models and forecasts quality. In many cases a
researcher has to cope with the following types of uncertainties: structural, statistical and parametric.
Structural uncertainties are encountered in the cases when structure of the process under study is
unknown or not clearly enough defined. For example, when the functional approach to model
constructing is applied usually we do not know object (or a process) structure, it is estimated with
appropriate model structure estimation techniques: correlation analysis, estimation of mutual
probabilities, lags estimation, testing for nonlinearities and nonstationarity etc. As far as we usually
work with stochastic data, application of all the techniques mentioned provides a possibility for
approximate estimation of an object (and its model) structure. To find “the best” model structure it is
recommended to apply adaptive estimation schemes that provide automatic search in a wide range of
model structure parameters (model order, time lags, and nonlinearities). Usually the search is
performed in the class of regression type models with the use of integrated criterion of the following

type [9]:
V, (@,D,)=¢e"Fl+ |n(1+SIS\IE) +€% W 4 In(1+ MSE) + In(MAPE) +¢" (1)

where ( is a vector of model parameters; N is a power of time series used; R? is a determination
coefficient; DW is Durbin-Watson statistic; MSE is mean square error; MAPE is mean absolute
percentage error; U is Theil coefficient. There are several possibilities for adaptive model structure
estimation: (1) automatic analysis of partial autocorrelation for determining autoregression order; (2)
automatic search for the exogeneous variable lag estimate (detection of leading indicators); (3)
automatic analysis of residual properties; (4) analysis of data distribution type and its use for selecting
correct model estimation method; (5) adaptive model parameter estimation with hiring extra data; (7)
optimal selection of weighting coefficients for exponential smoothing, nearest neighbor and some
other techniques; (6) the use of adaptive approach to model type selection. The use of a specific
adaptation scheme depends on volume and quality of data, specific problem statement, requirements to
forecast estimates, etc.

The adaptive estimation schemes also help to cope with the model parameters uncertainties.
New data are used to compute model parameter estimates that correspond to possible changes in the
object under study. In the cases when model can be nonlinear alternative parameter estimation
techniques can be hired to compute alternative (though admissible) sets of parameters and to select the
most suitable of them using statistical quality criteria.

While performing practical modeling very often we don't know statistical characteristics
(covariance) of random external disturbances and measurement noise (errors). To eiminate this
uncertainty optimal filtering algorithms are applied that provide for a possibility of simultaneous
estimation of object (system) states and the covariance matrices. One of the possibilities hired is
optimal Kalman filter. Kalman filter is used to find optimal estimates of system states on the bases of
the system model represented in convenient state space form as follows:

x(k) =A(k,k - Dx(k - 1) +B(k,k - Yu(k - 2) +w(k), (2)
where X(K) is n-dimensional vector of system states; k=012,... is discrete timeg; u(k-1) is m-
dimensional vector of deterministic control variables; W(K) is n- dimensional vector of external
random disturbances; A(K,k- 1) is (n” n)-matrix of system dynamics; B(k,k- 1) is (n” m)-matrix of
control coefficients. The double argument (k,k - 1) means that the variable or parameter is used at the
moment k, but its value is based on the former (earlier) data including moment (k- 1). Usually the
matrices A and B are written with one argument like A(k), and B(K), to simplify text. Obviously
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stationary system model is described with constant parameters like A, and B. As far as matrix A isa
link between two consequent system states, it is also called state transition matrix. Discrete time K
and continuous time t are linked via data sampling time T,: t =kT,. In the classic problem statement
for optimal filtering the vector sequence of external disturbances W(K) is supposed to be zero mean white
Gaussian noise with covariance matrix Q, i.e. the noise statistics are as follows:

E[w(k)]=0, " K, 3)
E[w(k)w' (j)] =Q(K)dy,
where d,; is Kronecker delta-function: dy =}0’ k*j. Q(k) is positively defined covariance (n” n)-
J —_
TL k=]

matrix. The diagonal elements of the matrix are variances for the components of disturbance vector W(K) .
Initial system state x, is supposed to be known with the following statistics:

E[xo]=Xo; E[Xoxg]=M; E[w(k)xg]=0, " k-
The measurement equation for vector z(k) of output variables has the following form:

z(k) = H(K)x(K) + v(K), 4
where H(k) is (r” n) observation (coefficients) matrix; v(k) is r-dimensional vector of measurement
noise with statistics:

E[v(k)]=0, E[v(k)v'(j)]=R(k)dy (5)
where R(k) is (r” r) positively defined measurement noise covariance matrix, the diagonal elements of

which represent variances of additive noise for each measured variable. The noise of measurements is also
supposed to be zero mean white noise sequence that is not correlated with external disturbance w(k) and

initial system state:
Elvw™ ()1=0, " k,j; ©)
Elv(k)xg]1=0, " k.

For system (2) — (6) with state vector x(k) it is necessary to find state estimate X(K) at arbitrary
moment K as a linear combination of estimate X(k- 1) at the previous moment (k- 1) and the last
measurement available, z(k) . The estimate of state vector X(k) is computed as optimal with minimizing
the expectation of the sum of squared errors, i.e.:

E[(%(k) - x(K))" (X(k) - x(K))] = min , )
where x(k) is an exact value of state vector that can be found by deterministic part of the state equation
(2); K isoptimal matrix gain that is determined as aresult of minimizing criterion (7).

Thus, the filter is constructed to compute optimal state vector X(k) in conditions of influence of

random external system disturbances and measurement noise. Here uncertainty arises when we don't know
estimates of covariance matrices Q and R in (3) and (4), respectively. To solve the problem an adaptive

Kalman filter is constructed that allows to find estimates Q and R together with the state vector X (k).

Another choice is in constructing separate algorithm for computing Q and R . Other instruments to fight
uncertainties are fuzzy logic, neuro-fuzzy models, Bayesian networks and appropriate types of
distributions.

Other statistical data uncertainties such as skipped measurements, extreme values and high level
jumps of unknown origin could be processed with appropriately seected statistical procedures. There exist
a number of data imputation procedures that help to complete the data collected. For example, very often
skipped measurements for time series can be generated with appropriately selected distributions.
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Appropriate processing of jumps and extreme values helps with adjusting data stationarity and to estimate
correctly probability distribution.

Generation and implementation of alter natives with DSS

Decision making process includes rather sophisticated procedures that could be partialy or
completely iterative, i.e. executed repeatedly when the alternative found is not satisfactory for a decision
making person (DMP). DSS can return automatically (or on DMP initiative) to the previous stages of data
and knowledge analysis.

The whole process of making and implementing decision could be considered as consisting of the
stages given below.

1 — A thorough analysis of the decision problem using al available sources of information,
collection of data and knowledge relevant to the problem. At this stage it is also important to consider and
use former solutions to the problem if such are available. The information regarding former solutions of
similar problem can be helpful for correcting problem statement, to select appropriate techniques for data
analysis, to speed up alternative generation, and to decline the alternatives that turned out to be ineffective
in the past.

2 — Sdection of a class (classes) of mathematical models for the problem description, and analysis of
a possibility for the use of available (previously developed) models. The models could belong to different
classes as far as they can be formulated in continuous or discrete time, be linear or nonlinear, they can be
developed according to the structural or functional approach etc. In some cases it is necessary to construct
complex simulative model that would include a set of simpler models of different classes.

3 — Development of new models for the problem (process, abject, system) under study what includes
structure and parameter estimation for candidate models using available data (and possibly expert
estimates) and knowledge of various types. The aternative structures of candidate models provide a
possibility for selecting the best one of them for generating alternative decisions (loss estimates, forecasts,
control actions, risk estimates etc) on their bases.

4 — Analysis of the candidate models constructed and sdecting of the best one of them with
application of a set of statistical quality criteria and expert estimates. At this stage again more than one
model can be selected for the further use as far as the best model (for a particular application) can be found
only after application of the candidates for solving particular problem, i.e. after alternatives generating and
estimating possible consequences of their implementation.

5 — Application of the model (models) selected to solving risk estimation and/or control problem
(when necessary). If the forecasts or controls computed are not satisfactory we should return back to stage
one or stage three, and repeat the process of model constructing. At this stage another set of statistical
quality criteria should be applied to the analysis of risk estimates, forecasts or controls determined.

6 — Generating of a set of alternatives with the use of the model (models) constructed and various
admissible initial conditions and constraints on variables. In a case of controls generating the alternatives
could be built with different optimality criteria, utility functions or other criteria.

7 — Analysis of the alternatives generated with the experts of an enterprise or a company, and final
selection of the best one for practical implementation. In a case when no alternative is acceptable we
should return back to the model constructing or aternative generating stages. New knowledge or data can
be required for the next iteration of computing new decision alternatives.

8 — Planning of actions and estimation of financial, material and human resources that are necessary
for implementation of the alternative selected. Determining of a time horizon (horizon of control)
necessary for implementing the decision made.

9 — Implementation of the decision made: current monitoring of availability and spending the
necessary resources, estimation of necessary time frames, registering and quality estimation of
intermediate and final results.

10 — Application of possible analytic and expert quality criteriato estimation of final results.
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11 — Analysis of the final results by the company experts, and final elucidation of advantages and
disadvantages of the alternative implemented; analysis of the decision making and implementing process,
and forming forecasts (foresights) for the future.

12 — Writing the final report on the tasks performed.

Architecture of DSSfor estimation of financial risks

DSS architecture is a generalized large-scale representation of basic system elements with links
between them. Architecture gives a notion for the general purpose of system constructing and its basic
functions (Fig. 1).

DSS functionality is controlled by user commands, correctness of which is monitored by the
command interpreter which constitutes a part of user interface. The user commands are implemented by
the main operation module that coordinates functioning of all system elements. Specific commands and
actions can be as follows: expanding and modification of bases available in the system; initiation and
starting of data and knowledge processing procedures, model constructing, risks and forecasts estimation,
alternative generating; viewing intermediate and final results of computing; retrospective analysis of
previous results of decision making; comparing of current results with the previous ones.

( Retrospective data } <«

L storage Database

Knowledge base

Central Criteriaand

processing unit rules
il Computing
. procedures

Results
representation Control
subsystem unit

[ Command interpreter ]

v |

[ User interface (language subsystem) J

;

Fig. 1. DSSarchitecture for estimation of financial risks
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The system interface is considered as its most important eement from the point of view of its
presentation to user. This is justified by the fact that interface construction influences substantially
convenience as well as rate and effectiveness of user interaction with the system. The principles of
interface constructing and its implementation create a separate special task that is not considered here.

It is clear that architecture, given in Fig. 1, is highly generalized. It means that practically the same
type of architecture could be used to construct DSS for solving rather wide class of problems that require
statistical/experimental data processing, mathematical modeling, optimal state and parameter estimation
for dynamic systems, possible loss estimation, forecasting the future process evolution and making
decisions on this basis.

Data, model and forecasts quality criteria

To achieve reliable high quality final result of risk estimation and forecasting at each stage of
computational hierarchy separate sets of statistical quality criteria have been used. Data quality control is
performed with the following criteria:

- database analysis for missing values using developed logical rules, and imputation of missed
values with appropriate techniques;

- analysis of data for availability of outliers with special statistical tests, and processing of outliersto
reduce their negative influence on statistical properties of data;

- normalizing of data in a case of necessity;

- application of low-order digital filters (usually that's low-pass filters) for separation of
observations from measurement noise;

- application of principal component method to achieve desirable level of orthogonalization between
the variables selected;

- computing of extraindicators for the use in regression and other models.

It is also useful to test how informative is the data collected. Very formal indicator for data being
informative is its sample variance. It is considered formally that the higher is the variance the richer is the
data with information. Another criterion is based on computing derivatives with a polynomial that
describes data in the form of a time series. For examples, such polynomial may describe rather complex
process trend as follows:

Y()=3,+§ ay(k-1) +ek+G, ke +.be K™ +e (k). ®
i=1
where y(k) is basic dependent variable, @;, C; are model parameters; k=0,1,2,... is discrete time;

e (k) is a random process that integrates the influence of external disturbances to the process being
modeled as well as modd structure and parameters errors. Autoregressive part of model (1) describes the
deviations that are imposed on a trend, and the trend itself is described with the m-th order polynomial. In
this case maximum number of derivatives can be m, though in practice actual number of derivatives is

defined by the largest number | of parameter C;, that is satistically significant. To select the best models

constructed the following statistical criteria are used: determination coefficient (R?); Durbin-Watson
statistic (DW ); Fisher F-statistic; Akaike information criterion (AIC), and residual sum of sguares (SSE).
The forecasts quality is estimated with hiring the following criteriaz mean squared error (MSE); mean
absolute percentage error (MAPE); and Theil inequality coefficient (U). To perform automatic model
selection the above mentioned combined criterion (1) could be hired. The power of the criterion was tested
experimentally and proved with a wide set of models and statistical data. Thus, the three sets of quality
criteria are used to insure high quality of final result.

To analyze the quality of credit borrowers classification model the following quality criteria were
used: common accuracy, errors of type | and type 1I, ROC-curve, and Gini index. Common accuracy is
computed as follows [3]:
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CA= Correctl\llzorecast 1

where Correct Forecast isanumber of correctly forecasted cases; N is general number of cases (clients)

considered. To some extent this criteria is subjective because it depends on a number of defaults as well as
on the cut-off threshold value. ROC-curve (Receiver Operation Characteristic) shows relation between the
number of correctly classified positive cases (positives) and the number of incorrectly classified negative
cases (negatives). Thefirst ones are called true positive set, and the second one — negative set (specificity).
Obviously, the cut-off threshold value also influences the errors of type | and type Il. Among other criteria
arethefollowing: True Positives Rate (TPR), False Positives Rate (FPR), sensitivity (Se), specificity (Sp),
and Gini index. The last one is determined by the area under ROC-curve [10]. Table 1 shows relation
between area under curve (AUC) and Gini index.

Table 1
Relation between AUC and GINI index
AUC interval Gini index Mode quality
09-10 08-10 Excellent
0,8-09 0,6-0,8 Very high
0,7-0,8 0,4-0,6 Acceptable
06-0,7 0,2-04 Medium
0,5-0,6 0-0,2 Unacceptable

The ROC-curve can be used to find optimum cut-off value as a compromise between sensitivity and
specificity of amodel. The following criteria can be used for cut-off value selection: 1 — the requirement of
minimum sensitivity, Se, (or specificity, Sp); 2 — the requirement of maximum total sensitivity and

specificity of a model, cutoff = mkax(SeK +F,), where k=1,2,3,... isanumber of client; the requirement

of a balance between sensitivity and specificity, i.e. when Se» Se: cutoff =min | Sg - S, |.
k

Some mathematical models used in DSS
When considering mathematical models it is important to use a unified notion of model structure
which we define as follows:
s={r,p,mn,d, zl},
where I' is model dimensionality (number of equations); P is model order (maximum order of
differential or difference equation in amodel); M is a number of independent variables in the right hand

side. N isanonlinearity and its type, d isalag or output reaction delay time; Z is external disturbance

anditstype | arepossiblerestrictions for the variables and/or parameters.

Generalized linear models (GLM). GLM can be considered as further enhancement of multiple
linear regression (MLR) modd. It is distinguished from MLR with the following features: — distribution of
dependent variable can be non-Gaussian and not necessarily continuous, say binomial; — predicted values
of dependent variable are computed as linear combination of predictors that are linked to dependent
variable via selected link function. Generally, GLM create a class of statistical models that includes linear
regression, variance analysis relations, nonlinear models like logit and probit, Poisson regression and some
others [11]. In a general linear model independent variable is supposed to be normally distributed and the
link function is called identity function, i.e. linear combination of independent variables is not subjected to
any transform. Thus, GLM isamode of the following type:

&y 0]
y=g'¢a b g (x)=
gi=1 2
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where m isanumber of independent (explaining) variables; g(® isalink function. It is usually supposed
that dependent variable Y belongs to the class of exponential distributions. Thus, characteristics of GLM
suppose the knowledge of dependent variable distribution, characteristics and parameters of the link
function g(®, and of linear predictor X b, where X is a measurement matrix for independent variables;
b is parameter vector. The class of exponentia distributions includes the following distribution types:
normal, gamma, and beta, and the discrete families — binomial, Poisson, and negative binomial. General
representation of PDFs or PMFs for themis as follows:

) 3y

f (xla) = h(x) c@expea w, @)1,(0=,

ei=1 @
where h(x) 2 0 and 1,(X),...,I, (X) arereal-valued functions of the observation X (they cannot depend on
g);, c@)?® 0 and w,(x),...,w,(X) are real-valued functions of the possibly vector-valued parameter q

(they cannot depend on X).

Nonlinear models logit and probit. To solve the problem of classifying credit borrowers into two
groups it is quite logically to use appropriately transformed CDF. CDF belongs to the class of monotonous
functions that monotonously decrease or increase on some interval. Suppose that for determining

probability of creditingaclient P, itischosenanormal distribution:
p. =F (b'x)= O (9 dz,
- ¥

where j (z) is a density for standard normal distribution; u=b"x is upper integration limit. This way so

called probit model is constructed.
If the probability for successful crediting is determined with logistic distribution function then logit
model is constructed. In this case we have:

= Ty) = u" :;1 (9)
P =F (b7 = 0 (D dz= o
or
0. = exp(byx + ... +hyXp)

1+ exp(bx + ... +byXy)

In contrast to the normal distribution logistic function has so called closed form that provides a
possibility for simplified computations in comparison to probit. Parameter estimates for both models can
be found with maximum likelihood technique. An alternative possibility is Markov chain Monte Carlo
(MCMC) approach that is based on correct generation of pseudorandom sequences that satisfy certain
conditions. Due to availability of multiple alternative techniques for generating pseudorandom sequences
MCMC has found wide applications [12]. Classification results achieved with logit and probit are usually
acceptable in most cases of application.

Bayesian networks (BN). Bayesian networks are probabilistic and statistical models represented in
the form of directed acyclic graphs (DAG) with vertices as variables of an object (system) under study, and
arcs showing existing causal reations between the variables. Each variable of BN is characterized with
complete finite set of mutually excluding states. The relations between the variables are established via
expert estimates or applying special statistical and probabilistic tests to statistical data (when available)
characterizing variables dynamics. The process of constructing BN is generally the same as for models of
other types, say regression models. For example, as model parameters for BN are unconditional and
conditional probabilities for specific values of variables, that are stored in respective tables. For parent
variables these are unconditional probabilities and for daughter variables — conditional probability tables
(CPT). Unconditional and conditional probabilities are determined by experts (in simpler cases), and by
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special computational algorithms when appropriate sets of statistical (or experimental) data are available.
Thus to each node of DAG is assigned CPT that is used for computing probabilistic inference over the BN
[13, 14].

The process of constructing a model in the form of BN can be represented with the following
steps: 1) — a thorough analysis of the process (object) under study aiming to detecting of its special
functioning features and identification of parent and daughter variables; 2) — search and analysis of
existing process models and determining the possibility of their usage in DSS; 3) — determining degree
of relations between the process variables using special tests and expert estimates; 4) — reduction of
the process dimensionality whenever this is possible; 5) — scaling and discretization of the data
available when necessary; 6) — determining semantic restrictions on the future model; 7) — estimation
of candidate model (directed acyclic graphs) structures using appropriate optimization procedures and
score functions; 8) — candidate models analysis and selection of the best one using model quality
criteria (including values of score functions); 9) — application of the model(s) constructed to solve the
problem stated; 10) — computing inference with the model(s) constructed with regards to the variables
selected, quality analysis of the result. In our case the final result of the model application is
computing of client default probability with the conditions established by other model variables.
According to alternative problem statement BM can be constructed for estimation of operational or
other type of financial risks.

Example of DSS application

In this 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, also errors of the first and second type were computed using different values
of cut-off value. It was established for Bayesian network that maximum model accuracy reached was
0.764 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 | and
type Il 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 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 considered as such that will return the credit. As far as the cut-off value 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.

Statistical characteristics characterizing quality of the models constructed are given in table 2.

Table 2
Quiality of the models constructed
Modd type Gini index AUC Common accuracy Mode quality
Bayesian network 0.689 0.845 0.764 Very high
Logistic regression 0.678 0.847 0.798 Very high
Decision tree 0.583 0.791 0.763 Acceptable
Linear regression 0.386 0.647 0.616 Unacceptable

It follows from the table 1 that the best models for estimation of credit return probability turned out
to be logistic regression and Bayesian network. The best common accuracy showed logistic regression
(0.798) though Bayesian network showed higher Gini index (0.689). The decision tree used is
characterized by Gini index of about 0.583, and CA = 0.763. 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
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and nonlinear regression showed rather high values of Gini index that are acceptable for the Ukrainian
economy in transition.

Theresults of computing experiments lead to the conclusion that today scoring models and Bayesian
networks are the best instruments 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 aternatives and to select the best one with a set of
appropriate criteria. The system performs tracking of the whole computational process using separate sets
of statistical quality criteria at each stage of decision making: quality of data, models and forecasts (or risk
estimates).

Conclusions

The methodology was proposed for constructing DSS for mathematical modeling of economic and
financial processes, and credit risk estimation that is based on the following system analysis principles:
hierarchical system structure, taking into consideration of probabilistic and statistical uncertainties, features
of adaptation, generating of multiple decision alternatives, and tracking of computational processes at all
the stages of data processing with appropriate sets of statistical quality criteria.

The system proposed has a modular architecture that provides a possibility for easy extension of
its functional possibilities with new parameter estimation techniques, forecasting methods, financial
risk estimation, and alternative generation. High quality of the final result is achieved thanks to
appropriate tracking of the computational processes at all data processing stages. preliminary data
processing, model structure and parameter estimation, computing of short- and middle-term forecasts,
and estimation of risk variables (parameters) as well as thanks to convenient for a user intermediate
and final results representation. The system is based on the ideologically different techniques of
modeling and risk forecasting what creates a good base for combination of various approaches to
achieve the best results. The examples of the system application show that it can be used successfully
for solving practical problems of risk estimation. The results of computing experiments lead to the
conclusion that today scoring models and 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 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 alternatives and to select the best one
with a set of appropriate criteria. The system performs tracking of the whole computational process
using separate sets of statistical quality criteria at each stage of decision making: quality of data,
models and forecasts or risk estimates.

The DSS can be used for support of decision making in various areas of human activities including
strategy development for banking system and industrial enterprises, investment companies etc. Further
extension of the system functions is planned with new forecasting techniques based on probabilistic
technol ogies and fuzzy sets.
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Harionansuuit yaiBepcuter “ JIbBIBChbKa NOJITEXHIKA”
kadenapa iHdhopMalliiHO-BUMIPIOBATBHUAX TEXHOJIOTIH

METPOJIOTTYHA ITEPEBIPKA ITPOI'PAMHOI'O 3ABE3ITEYEHHA
3ACOBIB BUMIPIOBAHHA 3 PI3BHUMU CTPYKTYPAMU

© Onecwvkis O., Muxumun 1., 2015

Po3rasinyro kaacudikamiio mnporpaMHoro 3ade3mnedyeHHs 3ac00iB  BHUMIpPIOBAHHS.
IIpoBeneno kJaacudikanio cTpykTyp 3aco0iB BumiproBanus. IIpoananizoBaHo MOMKJIMBICTH
NPOBeJleHHA METPOJIOriYyHOI MepeBipKH NMEBHOI0 TUIy NMPOrpaMHOro 3ade3mevyeHHs 3aco0iB
BUMIpIOBaHHS BIAMOBIIHO /10 MeTOiB MeTPOJIOTIYHOI NMepeBipKH NPOrpaMHOro 3ade3ne4eHHs.

KarouoBi ciaoBa: 3aci0 BuMipioBaHHs, mnporpamMHe 3a0e3le4eHHsI, METPOJOTiYHA
nepeBipka, CTpyKTypHa cxemMa, BOy10BaHA CUCTeMAa KepyBaHHs, Kioepdiznuna cucrema.

We consider the classification of software measuring instruments. Classification of their
structures is performed. The possibility of verification a certain type of the metrological
softwar e for measuring instruments is analyzed.

Key words: measuring instrument, software, verification, block diagram, embedded
system control, cyber-physical system.

Beryn

3actocyBaHHsi mporpamHoro 3abesmeueHHsi (I13) Ta MIKpOKOHTpOJIEpIB JTO3BOJMIO 3MEHIIHTH
aHa;moroBy Ta ImdpoBy uactuHy 3aco0iB BuMmipioBauHs (3B). OcCHOBHE OIpaIfOBaHHS pE3Y/IbTATIB
BHUMIPIOBAaHHS, & CaMe€ YCEpeIHEHHs, amnpoKcuMallis, QiuibTpallis, iHTeprmonsis, neperopeHHs dyp'e
TOLIO, PEaTi3yIOThCs IMEPEBAIKHO MPOrPaMHUM criocoboM. HekopekTHa mporpamMHa peaizallist alropuTMiB
PO3paxyHKy Ta OIpAIOBAHHS PE3Yy/IbTAaTIB BUMIPIOBAHHS, HEBiAMOBiAHICT, [13 BuUMIprOBasNbHINA 3a1adi
npuiary, BUNaIkoBa abo HaBMHCHA 3MiHa QyHKIiH [13 MOKXYTh MPHU3BECTH 10 BHHUKHEHHS JIOAAaTKOBOI
noxuOKKW BHUMIpIoBaHHS. TOMy JONIIBHO 3IIHCHIOBATH IEPEBIPKY MPOrpaMHOro 3a0e3MleueHHs 3aco0iB
BHUMIpPIOBaHHS JUTSI BA3HAUCHHS HOTO BILUTMBY Ha METPOJIOTIYHI XapakTepucTiuku 3B.

Ctpykrypa 3aco0y BHMIpPIOBAaHHS MOXE BIUIMBATH Ha IIPOIEC, a IHKOJIM 1 Ha MOXKIHUBICTh
poBeicHHS MeTponoriunoi meperipku [13. He 3aBxkau € moctyn mo 13, 1o yckiaaHioe, a B JIEIKUX
BHITaJKaxX 1 yHeMOXIHBIIIOE niepeBipky [13. 3 iHmoro 6oky, BiacyTHiCTs gocTymy no I13 mokpairye foro
3aXHUIIEHICTh, OCKUIBKM HEMAa€ MOXKJIMBOCTI HOro HABMHUCHOI 3MiHH a00 MOMIKOMKEHHS. SKIO q0CTyI 10
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