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The study is directed towards development of systemic methodology for model-
ing and forecasting nonlinear and nonstationary processes in economy, finances
and other areas of human activities. There exist multiple problems that are to be
solved with the data of such type practically in all areas of human activities:
such as constructing adequate models including estimation and forecasting state
of a system under investigation; technical, economic and medical diagnostics;
automatic control in technologies; moving objects control; financial and other
risk estimation and management; risk factor interaction; control and monitoring
of microclimate in greenhouses and industrial enterprises; decision making sup-
port in business; dynamic strategic planning in production; providing stability
for critical economic infrastructure etc. The structure and parameter adaptation
procedures for the regression and probabilistic models are proposed as well as
respective information system architecture and functional layout are developed.
The system development is based on the system analysis principles such as hie-
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rarchical architecture of the system, adaptive approach to model structure esti-
mation, optimization of model parameter estimation procedures, functional
completeness of the system providing for autonomous operation of the system,
identification and taking into consideration of possible uncertainties available in
the process of data processing and mathematical model development, application
of appropriate sets of quality criteria that are guarantying high quality of inter-
mediate and final results of data analysis. The possible uncertainties are inherent
to data collecting, model constructing and forecasting procedures, and play the
role of negative influence factors to the computational procedures of proposed
information system. Reduction of their influence is favorable for enhancing the
quality of intermediate and final results of computations. The illustrative exam-
ples of practical application of the methodology developed proving the system
functionality are provided.

Keywords: nonlinear nonstationary processes, modeling, forecasting, Kalman
filter, generalized linear models.

Introduction

Current research problems are with complicated processes in many areas of human
activities such as ecology, climatology, technology, economy, finances, technical appli-
cations, space and ocean studies, construction etc. The most distinctive common fea-
tures of the processes are availability of nonlinearity and nonstationary behavior that re-
quire development of new adequate models for solving the tasks of forecasting and
making appropriate decisions [1, 2]. The nonstationary behavior is related to changing
in time statistical parameters such as mathematical expectation and/or variance of a pro-
cess under study [2-5]. Dynamics of mathematical expectation results in producing of a
process trend that can be deterministic or stochastic. The first one is described with se-
lected deterministic function, for example, polynomial, and the second type of trend is
stochastic that can be described with combination of random processes sampled from
appropriate distributions. The processes with trend are referred to as integrated ones due
to the fact that linear trend reminds reaction of an integrator, electronic device used in
analog computers. The processes with changing in time variance are considered as het-
eroscedastic [6]. Dynamics of variance can be described by selected mathematical mod-
els, for example, autoregression (ARCH — Autoregression with Conditional Hetero-
scedasticity) and autoregression with moving average [4, 6-8]. Here condition is im-
posed on availability of necessary information (measurements) for constructing the
model of variance dynamics. Wide set of models is available in numerous special publi-
cations exhibiting formal description of variance dynamics, and some of them will be
considered in the study.

As far as trend and variance are parameters of nonstationary processes both inte-
grated and heteroscedastic processes require paying special attention to constructing ad-
equate mathematical models providing the possibility for high quality forecasting. Be-
sides, nonstationary behavior of the processes can exhibit nonlinearity with respect to
variables or model (process) parameters. As an example, can be mentioned logistic re-
gression that is widely used in analysis of financial risks. It can be stressed that nonsta-
tionary and nonlinear processes (NNP) create a wide class of processes available in
many areas of human activities at least mentioned above. To reach high model adequa-
cy and quality of forecasts based upon models of the processes mentioned we need to
improve estimation of model structure and apply correctly the methods of the model pa-
rameter estimation. The methods can be available for immediate use like widely known
in practice ordinary least squares (OLS), maximum likelihood (ML) or the methods can
be modified for specific application. Among relatively new methods is Markov chain
Monte Carlo (MCMC) technique that can be used in special simulation procedures and
adjusted to specific distribution of measurement data [9].
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There are multiple problems to be solved with the models of nonstationary and non-
linear processes including estimation and forecasting state of a system under investigation;
technical, economic and medical diagnostics; automatic control in technologies, moving
objects; financial and other risk estimation and management; risk factor interaction; con-
trol and monitoring of microclimate in greenhouses and industrial enterprises; vibration
monitoring in construction; decision making support in business; dynamic strategic plan-
ning in production; providing stability for critical economic infrastructure etc. Practically
all these problems require development and application of appropriate adaptation and op-
timization procedures to keep the models at necessary level of adequacy to the process
under study. The known adaptation procedures include re-estimation of a model structure
and its parameters using appropriate sets of criteria and computational procedures [10].

Today specialized methodologies implemented in the frames of decision making
support systems (DMSS) are very popular as convenient instrumentation for problem
solving in many areas where analysis of NNPs is performed [3, 11-14]. They belong to
the class of information processing systems, and are constructed with application of sys-
tem analysis principles providing the possibilities for reaching high quality of interme-
diate and final results of data and expert estimates analysis [15, 16]. The methodology is
directed towards enhancement (thanks to application of appropriate preliminary pro-
cessing) of statistical/experimental data quality, constructing model of higher adequacy,
improvement of forecasts, and generating of alternative decisions. Design of system ar-
chitecture in the form of flexible modular structure helps with fast modification and ex-
pansion of its functions so that to adjust the system to changing conditions of specific
application. Analysis of NNP is usually simplified with the use of specialized intellectu-
al methodology thanks to its capabilities to generate for user useful information includ-
ing retrospective analysis of former results of analysis similar processes [3, 5].

The study will consider some models of NNPs relevant to analysis of financial
processes, the methods of their parameters estimation and possibilities for constructing
and application of specialized systemic methodology to get higher results of modeling,
including structural and parametric adaptation, possible risk estimation and forecasting.
To some extent the problem can be solved with application of appropriate simulation of
selected financial processes directed towards generating the data exhibiting required sta-
tistical characteristics [3, 5].

Problem statement

The purpose of the study is in solving the following problems: to develop structure
and parameter adaptation procedures for the regression and probabilistic models; to de-
velop the information system architecture for modeling and forecasting nonlinear and
nonstationary processes in economy, finances, ecology and other areas based on the sys-
tem analysis principles; to consider possibilities for elimination of some uncertainties
inherent in data collecting, model constructing and forecasting procedures; to develop
the methodology for modeling and forecasting linear and nonlinear processes in the
frames of the same system; providing illustrative examples of practical application of
the methodology developed proving the system functionality.

Methodologies.
Some models of nonstationary and nonlinear processes

The models of quasi linear processes (nhonlinear in variables) are widely used in prac-
tice, as an example of the model which can be a polynomial describing deterministic trend.
Consider in short each stage of regression model constructing using statistical/experimental
data. Some elements of the sequence of actions can be used for constructing nonlinear mod-
els. For example, the following procedures can be used for data analysis:

— to estimate availability of dependency between variables, for this purpose linear
and nonlinear correlation functions can be hired,;
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— possible autocorrelation lags for dependent variable can be estimated with auto-
correlation function;

— appropriate correlation analysis of linear model errors provides the possibility
for establishing nonlinearity and heteroscedasticity in data;

— some linear models are easily transformed into nonlinear (quasi linear) polyno-
mial regression model; and linear regression can be transformed into nonlinear expand-
ed autoregression with moving average (NARMA) as follows [3]:

y(K) = ag+ 3 a; y(k—i) + 3 by v(k—i) + ox™(K) + £(K); (1)
i=1 j=1

or in more complex bilinear structure (2):

p q
y(k) = a9+ -Zlai y(k-i)y(k—j)+ Zlbj vk=1) +cx"(k) + e(k), j=12,..., (2)
i= j=

where, m is integer, that determines degree of nonlinearity for independent variable; in

the same way is constructed a model of nonlinear trend using polynomial or some other
nonlinear function;

— parameter estimation for quasi linear models (nonlinear with respect to variables)
can be performed with OLS or other methods of linear estimation [3, 17];

—to construct quasi linear models the same adaptive methodologies can be ap-
plied to estimate structure and parameters that are used for estimation of linear models,
and with the same sets of statistical quality criteria and forecast estimates;

— some statistical criteria that are used for adequacy analysis of linear models can
be used for analysis of nonlinear models, say the following: the coefficient of determi-
nation, sum of squared errors, Akaike information criterion, Fisher F -statistic, Bayesi-
an information criterion and others;

— in general, to construct nonlinear models it is possible to apply the same princi-
ples of system analysis: the hierarchical principle for development specialized decision
support systems on the basis of statistical data, the principles of adaptation, optimiza-
tion, functional completeness, taking into consideration uncertainties etc.;

— if the process under study can be decomposed into separate simpler processes
this is a good possibility for further modeling; developing their mathematical descrip-
tion will be simplified: some processes can be linear, and some — nonlinear;

— according to the levels of hierarchy the system of data collecting, analysis,
modeling and management is developing and functioning;

— analysis of special literature can help with the search and further use of availa-
ble models as well as their theoretical and experimental studies; this approach can de-
crease substantially the time necessary for modeling and other expenses.

As a result of preliminary analysis of the process under study all the information
collected is used for estimation of model structure (or several candidates) with further
parameter estimation using statistical data. The information coming from various
sources usually is supporting each other and should be used correctly.

Some common features of the processes in economy, finances and ecology

A wide diversity of various processes exists in economy, finance, ecology, demography,
technology and other areas of human activity. However, there are some general common fea-
tures of the processes like linearity/nonlinearity, and stationarity/nonstationarity that allow di-
vide them into practically understandable classes and select/develop appropriate modeling
and forecasting techniques [3, 5, 18, 19]. Fig. 1 (a simplified classification of dynamic pro-
cesses in economy and finances) shows simplified classification of the processes from which
it is possible to make a conclusion about a wide variety of mathematical model structures that
could be applied for formal description of the processes dynamics and solving the problem of
forecasting their evolution in time.
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Dynamic processes in economy, finances,
ecology and other areas

[ Linear processes ] [ Nonlinear processes ]

stationary
Linearly integrated [ Integrated ]—
integrated

[ Cointegrated ]—

[ Stationary ][ Nonstationary ] [ Piecewise ][ Nonstationary ]

[ Heteroscedastic ]—
Fig. 1

Linear processes can be stationary without trend and nonstationary when they con-
tain linear (first order) trend, I(1), where 1(1) means integrated of the first order. If vari-
ance (covariance) of stochastic linear process is time dependent then it is classified as
heteroscedastic and requires application of nonlinear models for describing the process
variance and possibly the process itself [3, 20].

There also exists a wide variety of nonlinear processes though we selected only
some of them that are more frequent in economy and finances. Generally the processes
can be split into nonlinear regarding parameters and nonlinear regarding variables. The
first type is more sophisticated with respect to modeling and parameter estimation and
usually requires more efforts and time for their model development. Widely used lo-
gistic regression could be mentioned as an example of such a model.

Some nonlinear processes can exhibit linear behavior in their stable (nominal)
mode of operation. This feature allows for linear description of the process in the vicini-
ty of operating point. Generally NNPs are very often met in the areas of study men-
tioned above. The set of the processes includes integrated processes (IP) that contain a
trend of order two or higher as well as cointegrated processes containing trends of the
same order, and the processes with time dependent variance, i.e. heteroscedastic pro-
cesses. Most of financial processes illustrating price evolution of stock instruments be-
long to this class. In engineering applications such processes are studied in diagnostic
systems where appropriate decision is made regarding current system state. The models
of heteroscedastic processes are necessary for forecasting conditional variance that is
used in many applications: financial risk analysis and management; technical, economic
and medical diagnostics; automatic control etc [6, 21].

As a result of availability in the processes under study of linear and nonlinear com-
ponents most of nonlinear models are extended with linear autoregression terms or other
linear elements. However, analysis of such mixed models meets substantial practical
difficulties. Due to the difficulties values of lags in the models are usually selected not
large. Generally, the problem of lags estimation for nonlinear models is rather compli-
cated and should be considered separately.

Methodology of modeling nonlinear nonstationary processes

The methodology proposed for modeling NNPs illustrates Fig. 2. Estimation of a
model structure using statistical and probabilistic (mutual) information analysis that
provides a possibility for estimation of the following elements of a model structure: di-
mension of a model — number of equations creating the model; model order (the hig-
hest order of difference or differential equation of the model); nonlinearity and its type;
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estimate of input delay time, and type of probabilistic distribution for the model varia-
bles. It is always appropriate to perform structure estimation for several candidate-
models so that to have a possibility for selecting the best one of the candidates estimated.

Preliminary data processing is necessary for suppressing some data uncertainties that
are linked to missing measurements; influence of stochastic disturbances and measure-
ment errors; availability of extreme values; analysis of distribution types; structuring of
available sets of data. To fulfill this task a wide set of instruments is available: digital and
optimal filters [10, 22, 23], methods of missing measurements imputation, probabilistic
procedures for data processing etc. Trend type identification (deterministic or stochastic)
is performed as a result of appropriate analysis of available data. The correlation analysis
is performed with making use of respective computational procedures available in special-
ized libraries performing necessary data analysis. Generally, the computational procedures
given in Fig. 2 (functional layout of the modeling and forecasting system proposed) usual-
ly are collected in the frames of specialized information technology that could be easily
expanded with new functions to satisfy changing requirements.

______________________ :
Data i 1) Data normalizing '
1 2) Smoothing !
— ! 3) Filtering !
- . .
»| Extradata [ Prel;gég:sri);]data ! 4) Data imputation |
P 9 ¢ = 5) Extreme value processing '
1

Trend type Analysis Correlation Mutual Analysis

identifica- of ACF matrix covariance of seasonal
tion and PACF analysis analysis effects

v A4 v y
Identification of Lag Disturbance Heteroskedasticity
nonlinearity type estimation type (distrib.) analysis
identification estimation
v v v v v v v v v

Methods of modeling and forecasting: regression analysis, Kalman filter, neural nets, GMDH, fuzzy

Is method
quality acceptable?

4) Mean abs. error

1
L e e — =

A

d GMDH, probabilistic models, fuzzy logic, support vector regression, nearest neighbour
+ I"P'.".' _I_i """ t_ T
1 1
Model structure and parameter estimation |<-——‘I rlncu;z:]a?;;:iﬁsponen !
No
P Is model quali- A set of model
< ty acceptable? adequacy criteria
= mmmmmmmmmmmmmmmoo
1 1) Determination coefficient, R |
- - ) 1 2) Durbin-Watson (DW) '
Forecasting function construction 1 3) Akaike Inform. Criterion (AIC) !
—
| 4) t-statistics I
v ! .
- - 1 5) SSE 1
Forecast estimate computing, 1 6) Fisher F — statistic '
combining of the forecasts bommmmmm e
A set of forecast<_i 3 m,iEE i
quality criteria [~ X L
No 1 3) Theil coefficient !
1

Comparison
of the results
computed

Fig. 2
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Some types of possible linear and nonlinear models for nonstationary and nonline-
ar processes generalized on the basis of [3] are given in Table 1 (some nonlinear models

for describing process dynamics).
Table 1

N Model description Formal model structure

AR + polynomial of y(K)=ag+ Zip=1ai y(k—i)+ bk + .. +b kM +e(k), k=0,12,...

1 R
time is discrete time; t = kT;; TS is sampling time.
K=ag+ > P a; yk-i)+ 39 .biv(k—i) +
Generalized bilinear V(=20 + 2@yt + 2 by vk
2 model m s . .
=2io1 2 G Yk =k =) + & (k),
o(x(k 2) = —————
3 | Logistic regression ’ 1+exp(-x(k, 2))’
X(K) = ag+ o 21 (K) + ..+ oy 2, (K) + €(K),
Nonlinear extended Y1(K)=ag + agyr(k —1)+byp exp(yz (k) +axx xp +¢ (k),

4 econometric auto-

regression Y2 (K)=cg+ c1ya(k—1)+byy exp(y1(k)) +Co% %o +& (K),

Generalized autoreg-

ression with condi- B S P o
5 tional heteroscedasti- h(k) =ayp +i§1a|£ (k_')+i§ Bih(k—1)

city (GARCH)

) ] k=) & ek-i)
Exponential genera 10alh(K) = an + 3 o | +3'B; "
lized autoregression 9Ih( =0 Ela, Jhik-i) Elﬁ' Jhk-i)
6 with conditional
heteroscedasticit cl .
(EGARCH) y + 2.1 loglh(k -] + v(

Nonparametric model p m
7 | with functional coeffi- y(K)= 2 {oj+(Bi+vi y(k—d))-exp(=6;y" (k—d))}+ (k)
cients i=1

2
fo(x (k) = _%lxi exp[(x(kz)_;'i)] +8(k),

8 Radial basis function i

0=[p o, ] ;M =23 ..

9 ;siga:e-space representa- x(K) = Fla(k), x(k—1)] + B[b(K), u(k —d)] + w(k)
10 Convolutional neural Selected (constructed) network structure

networks
Fuzzy sets and neuro-

11 Combination of fuzzy variables and neural network model
fuzzy models
12 Dynamic Bayesian Probabilistic Bayesian network structure constructed with data and/or
networks expert estimates
Multivariate distribu- . A i L L
13 tions Example: copula application for describing multivariate distribution
14 | Immune systems Immune algorithms and combined models

The models 1-8 presented in Table 1 have known structure that can be modified
in the process of adaptation to available data. Model 1 was successfully applied for
modeling deterministic trend of various orders together with short-term deviations from
conditional mean. Models 2, 4 can describe bilinear and exponential nonlinearities or
nonlinearity with saturation (logistic model 3). Models 5, 6 are used for description of
conditional variance dynamics while modeling heteroscedastic process. The last one
turned out to be the best model for short term forecasting of conditional variance in
most applications performed by the authors. Models 7-9 can describe arbitrary nonline-
arities with respect to variables (usually of order 3-5). Fuzzy sets based approach to
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modeling supposes generating of a set of rules that could describe with acceptable quali-
ty functioning of selected processes and formulate appropriate logical inference. Neural
networks and fuzzy neural networks are suitable for modeling sophisticated nonlinear
functions in conditions of availability of some unobservable variables [24, 25]. Model
of this type are related to the intellectual data analysis. Dynamic Bayesian networks and
multivariate distributions are statistical/probabilistic models that could describe com-
plex multivariate processes (systems) with generating final result of their application in
the form of conditional probabilities (probabilistic inference). Bayesian data analysis is
also related to artificial intelligence.

Various types of neural networks can be adjusted for modeling and forecasting
time series data. For example, convolutional neural networks (CNN) and recursive neu-
ral networks (RNN) can be successfully applied to the problem of time series data fore-
casting [24, 25]. Here it is reasonable to replace 2D convolutions with 1D. In this case
time axis can be treated as a spatial dimension, like the height or width of a 2D image.
Such 1D network can be quite competitive with RNN on certain problems of sequence-
processing, usually at a considerably cheaper computational cost. Small 1D CNNs can
offer a fast alternative to RNNSs for tasks such as time series forecasting. The convolu-
tion layers introduced previously were 2D convolutions, extracting 2D patches from
image tensors and applying an identical transformation to every patch. In the same way,
we can use 1D convolutions, extracting local 1D patches (subsequences) from sequenc-
es (see Fig. 3 illustration of 1D convolution: each output time-step is obtained from a
temporal patch in the input sequence).

Windows of
size 5
/_H
Input
Input features
w_/
' Time
Extracted
patch
i Dot product
v with weights
Output Output
features

Fig. 3

Such 1D convolution layers can recognize local patterns in a sequence. Because
the same input transformation is performed on every patch, a pattern learned at a certain
position can later be recognized at a different position, making 1D CNNs translation in-
variant (for temporal translations). For instance, a 1D CNN processing time series using
convolution windows of size 5 should be able to learn pattern fragments of length 5 or
less, and it should be able to recognize them in any other context in an input series.

Formally, to detect nonlinearity in collected statistical/experimental data are available
statistical tests and techniques that should be applied. Fig. 4 (some techniques for testing da-
ta for nonlinearity) shows some known techniques for testing the data for nonlinearity.

Along with application of known technics we proposed a simplified empirical cri-
terion for detecting nonlinearity in data R. which is maximum deviation of the process
under study from its linear approximation; o is sample standard deviation of the pro-
cess. The criterion does not require sophisticated computations but provides for additional
information regarding availability of nonlinearity. Analysis of spectral function, the correla-
tion procedures, and Fisher test are applied most often in practice.

70 ISSN 2786-6491



The sequence of actions necessary for constructing nonlinear model illustrates
Fig. 4 (the search for formal description of nonlinear process). The linear model is con-
structing using known methodology, and its residuals (containing nonlinear compo-
nents) are used to construct nonlinear part of the model. Then complete (combined)
model is built consisting of linear and nonlinear parts, and possibly other elements such
as filters, estimators of non-measurable components.

Nonlinearity detection

.

N4

Known techniques

Analysis of Variance Correlation proce-{ | Generalized vari- Fisher test on
spectral analysis dures for nonline-f 1 4pje approach nonlinearity
function based method arity analysis

Preliminary Requires Complex compu- Does not require Preliminary
filtering solving ting of functions || complex compu- data
and extra data of complex represented by | Jting, can be applied} processing
processing integral Volterra series to short samples is required

is required equation

Proposed simpli-
fied empirical
criterion

Empirical nonlin-
earity criterion:

D=Ry/c

H Data

Preliminary data processing

|

Testing data for nonlinearity

I

Estimation of linear model structure

Simple computations, can
be applied to short samples

g

Fig. 4

Y

Selection of terms for describing
nonlinear component

!

Is nonlinear model adequate?

[ Forecast estimation

!

Fig.5

Midcnapoonuil HayKoeo-mexHiuHull HcypHal

Ipobnemu xepysanns ma ingpopmamuxu, 2024, Ne 1 71



Consider the possibility for formal description of the nonlinearities with respect to
model variables. The nonlinearities could be identified as follows: linear part of the
model can be estimated first using linear structures like autoregressive equations with
moving average (ARMA(p, q)) possibly with linear trend or multiple regression [3, 20].
Then nonlinear part is added to the linear elements using the following possibilities: des-
cription of nonlinear deterministic trend, bilinear or higher order terms. Sometimes non-
linear terms describing cyclic changes of the main variable are added etc. The practice
of model constructing indicates that required model adequacy can be reached using the
combination of linear and nonlinear regression, linear regression and Bayesian network,
linear regression and nonlinear functions in the form of nonparametric kernels or other
nonlinear elements. According to this approach to model constructing several candidate
models could be created with subsequent choice of the best one on the basis of appro-
priate set of statistical adequacy criteria as shown in Fig. 2. It is clear that formal possi-
bilities for determining the type of nonlinearity in a unique way not always exist, for
example, when the data samples are short. It is necessary to analyze constructed model
adequacy with different nonlinear functions some of which may satisfy stated require-
ments. The bilinear functions are most often used, radial basis function (RBF), recursive
neural networks (RNN) [24, 25], some types of generalized linear models (GLM), [6]
selected polynomials.

Model parameter estimation

The next step is model parameter estimation by making use of alternative tech-
niques; in linear case these methods are the following ones: ordinary least squares and
its clones, maximum likelihood and some others. In a case of nonlinear model estima-
tion the following methods can be useful: ML, Markov chain Monte Carlo (MCMC)
procedures [8], nonlinear least squares (NLS) and other suitable methods that can gen-
erate unbiased parameter estimates under specific probabilistic distributions of model
variables and model structures. Correct application of alternative parameter estimation
techniques provides a possibility for further comparison of the candidate models and se-
lection of the best one. It is also possible to trace the reasons for existing parametric un-
certainties in the following form: parameter estimates computed with statistical data
cannot be consistent, they may contain bias, and/or can be inefficient. All these effects
finally result in poor adequacy of the model constructed.

As an example consider the problem of parameter estimation using Bayesian ap-
proach that requires selecting suitable prior density, p(8), for unknown vector 6, and

then estimate joint posterior density p(Xg : XN, 0] Yo :Yyn) in off-line case, or the se-
quence of posterior densities {p(Xy. : Xy, 0] Yo : Yn)} in the on-line case.

Parameter estimation using the method of particle Markov chain Monte Carlo
(PMCMC) [26]. The PMCMC techniques rely upon sequential Monte Carlo (SMC)
methods so that to construct efficient proposal distributions. Consider particle marginal
metropolis-hastings (PMMH) sampler that approximates the ideal MMH sampler using
the following proposal density:

q((xo:n -+ 0)1(X0: N 6)) = a(6'16) Py (Xo:n | Yo:n): ®)
where, q(0'|0), is proposal density that can be used to generate a candidate for parame-
ter estimate, 0'. Here the acceptance probability for sampler is defined as follows [27]:

. P(X0:n s O] Yo:n) A((Xo:n 5 ) | (X0:n+ ) _
P (Xo:N» 01Y0:n)A((X0:n 5 0) | (Xo:N 5 0))
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P (Yo:n) P(0)q(01]0")
Po (Yo:n) P(0)a(6'[6) -

It should be stressed that this algorithm cannot be directly implemented because it

(4)

is impossible to generate exactly from the distribution, pg (X5:N | Yo:n). @nd it is im-
possible to compute the terms, pg (Yo:n): Pg (Yo:n ). related to the acceptance proba-

bility. The PMMH sampler provides the possibility for approximating the ideal MMH
sampler in the way as shown below [27].
The PMMH sampling algorithm [28]: set initial condition at, k=0, 6(0) with random

values. Compute, Pgg)(Xo:n | Yo:n). generate Xo.n (0) ~ Pg(o) (d%o:n [Yo:n ) and
compute the value of marginal likelihood, Pg ) (Yo:n)-

At iterations, k >1, perform the following:
Generate the proposal parameter estimate: 6’ ~ q(6]6(k —1)).
Compute, pgy (Xo:n|Yo:n)s Using sequential Monte Carlo algorithm, sample the

distribution, Xg.n ~ Pe (A%g::n | Yo:n ), a@nd compute the estimate of marginal likeli-
hood, Py (Yo:n)-
Set, 9(k):9', XO:N (k) = XéZN’ ﬁe(k)(yOZN )Z ﬁe’(yOZN ), with probablllty

Py (Yo:n) P(0)q(0(k-1)[0)

1 .
: Pack-1) (Yo:n) P(O(k-1)q(6'[6(k-1))

®)

Otherwise set, 0(k)=0(k 1), Xo.n (K)=Xo.n (K=1), Pok) (Yo:n) = Pok-1) (Yo:n)-
The advantage of the algorithm presented above is that the invariant distribution of
the Markov chain, {Xq.n (K), 0(K)}, is P(Xg:n): O] Yo:n ), independent on the number

of particles, M, used in the SMC approximation. In other words the SMC approxima-
tion used does not introduce any bias. On the other side, it is clear that the higher is M,
the better will be mixing properties of the algorithm.

Analysis of model adequacy

At the next stage a set of statistical parameters characterizing model quality (ade-
quacy) is computed and selecting the most suitable model out of the set of candidate
models is performed. There is no need to leave only one model for computing forecasts
(or solving control problem). Again, it can be a set of the best models constructed using
different methods. The final choice is usually made after model application for solving
the problem according to the initial problem statement [3].

After computing forecasts for the process (under study) using candidate models
another set of forecast quality criteria is applied to select the best result of forecasting,
say mean absolute percentage error (MAPE), Theil coefficient, mean absolute error
(MAE), minimum and maximum errors of forecasting etc. The models constructed should
also be tested on similar process, i.e. model calibration process performed [3, 5].

Dealing with data uncertainties

An important point to be considered in the procedures of model constructing, fore-
cast estimation and decision making is the problem of dealing with data uncertainties.
We consider the uncertainties as the factors of negative influence on the whole proce-
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dure of data processing and model constructing that may result in non-satisfactory in-
termediate and final results of computational experiments. The factors inevitably appear
when the statistical data is used for model constructing.

The sources for appearing possible data uncertainties in the process of model con-
structing and forecast estimation are as follows [14, 15, 19]:

— some data is not available or lost due to various reasons what requires applica-
tion of appropriate data imputation procedures;

— the data is generated with the system model under study which is influenced by
the random external disturbances that distort actual values of system state;

— the observations are always measured (collected) with some errors the influence
of which should be minimized before further use of the measurements;

— the parameters defining model structure are also assigned (estimated) random
values what results in approximate model structure;

— very often there exists a difficulty of selecting a method for model parameter es-
timation, especially in cases of dealing with short samples, or samples with outliers, or
when data probability distribution is poorly defined; as a result the parameter estimates
can be biased or non-effective;

— the multistep forecasting requires the use of intermediate forecast estimates
what may lead to substantial deterioration of the final forecast estimates.

Thus, the model constructing procedures that can be successfully implemented in
the frames of appropriately designed decision support systems should contain the means
for uncertainty identification and minimization of their negative influence. In Table 2
(possible types of data uncertainties in modeling and forecasting) types of possible data
uncertainties and reflects some possible means for dealing with them are summarized [3].

Table 2

Methods of minimizing
uncertainty influence

N Uncertainty type Reason for uncertainty

impossibility for establishing all

Uncertainty of a model
structure

possible causal relations between
variables;

approximate values for model struc-
ture parameters

expert approach;

application of statistical tests;
application of hypothesis testing
theory

2 | Statistical uncertainty

measurement errors;
stochastic disturbances;
outliers;

missing data values

digital and optimal filters;
refining the type of distribution;
extremum value theory;
imputation of missing values

3 | Parametric uncertainty

incorrect choice of parameter esti-
mation method;
short samples

application of alternative parame-
ter estimation techniques;
expansion of data samples

Probabilistic
uncertainty

complex mechanisms of causal rela-
tions between variables

Bayesian networks;
Markov models;
probabilistic filters;
conditional distributions

5 | Amplitude uncertainty

nonmeasurable variables;
high measurement errors

Bayesian data processsing;
fuzzy logic

Results & Discussion.

The application of usage of adaptive Kalman filter

The proposed methodology was tested to simulate the price of gold within the pe-
riod between the 1 January—31 December 2023 (sample contains 365 daily values). The
table 3 (statistical characteristics for models for case when training and testing data was
not preprocessed using an adaptive Kalman filter) shows the obtained statistical charac-
teristics of the constructed mathematical models, as well as their predictive characteris-
tics. For this set of models, the training and testing data was not preprocessed using an
adaptive Kalman filter [22, 23].
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Table 3

Model adequacy Forecast quality
Model type
R2 3 2 (k) DW MSE MAE MAPE Theil
AR(1) 099 | 2551043 | 221 71,05 4456 11,29 0,058
AR(L4) 099 | 2547720 | 218 68,07 42,94 9,95 0,056
ARM +Ist | o9 | 252017 | 214 4856 3539 6,74 0,047
order trend
AP(LA HISt | 99 | 9598654 | 211 4531 30,62 5,82 0,043
order trend
AR +4th | 99 | 2506754 | 2,09 4112 2559 457 0,038
order trend

As can be seen from the comparison of the constructed mathematical models, the
best model is AR(1) plus trend of 4" order. The resulting one-step forecasting model
has an error mean absolute percentage error of about 4,57 %, and Theil coefficient is
U = 0,038. The obtained Theil coefficient value indicates that the resulting model is best
used specifically for short-term forecasting tasks

The results of constructing mathematical models using data preprocessing using an
adaptive Kalman filter are given in the table 4 (statistical characteristics for models for
case when training and testing data was preprocessed using an adaptive Kalman filter).

Table 4
Model quality Forecast quality
Model type
R2 3 e (k) DW MSE MAE MAPE Theil
AR(1) 0,99 24691,92 2,12 68,54 41,94 10,08 0,053
AR(1,4) 0,99 24579,71 2,11 62,15 39,27 8,27 0,051
AR(1) + 1st
order trend 0,99 24485,37 2,09 42,69 32,38 5,94 0,041
AR(L) +dth | g9 2394338 2,07 3886 | 2118 3,96 0,032
order trend

As can be seen from the obtained statistical characteristics, the use of an optimal
filter improves the statistical characteristics of mathematical models.

As in previous case the best model is AR(1) plus trend of 4th order. The resulting
one-step forecasting model has an error mean absolute percentage error of about
3,96 %, and Theil coefficient is U =0,032. The main conclusion that can be drawn
from the obtained modeling results is that the use of an optimal filter increases the pre-
dictive properties of the mathematical model.

Note that to implement the Kalman filter, a standard framework from the SAS
Company [29] was used. Any data scientist can download this framework from the link
below and, if necessary, modify it for their research tasks.

The application of GARCH for modeling the gold price

For checking the time serious of gold price for the presence of heteroscedasticity
was used Goldfeld—Quandt test, which confirmed the presence of time-varying condi-
tional variance in the dataset [7, 8]. When developing trading strategies for trading gold,
the value of price variance is also taken into account, for which it is necessary to fit ap-
propriate mathematical models. For constructing a heteroscedasticity models were used
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the GARCH and EGARCH models [6-8, 21]. Despite the fact that fairly high orders of
autoregressive components were used for constructing the GARF models, their quality
turned out to be insufficient compared compared with the EGARCH model [8, 21]. The
EGARCH model for one-step forecasting showed better results according to the statis-
tics obtained, namely values of MAPE (adapt.) given in the 6th column for the mode of
operation with adaptation. Descriptive and predictive statistical characteristics of the ob-
tained models are given in the table 5 (descriptive and predictive statistical characteris-
tics of models for forecasting conditional variance).

Table 5
Model quality Forecast quality
Model ype R2 5 €2 (k) DW | MSE (';" d'zgt'.z) MAPE | Theil
GARCH(1,8) 0,92 115673 0,248 792,3 348,1 361,3 0,158
GARCH (1,12) 0,94 76498 0,372 372,5 1427 158,2 0,103
GARCH (1,16) 0,96 60285 0,419 329,1 78,4 85,7 0,079
EGARCH (1,8) 0,99 35734 0,631 58,9 8,62 9,37 0,041

The best results among of all models were presented by the model in the form of
exponential GARCH (1,8). For this model were obtained fairly good statistical charac-
teristics for predicting the conditional variance, namely MAPE = 9,37 % (and 8,62 % in
the adaptation mode). The proposed adaptation scheme allow it to improve the predic-
tive effectiveness of the model in the range between 0,75-2 %, which is an excellent
demonstration of the advantages of the proposed modeling approach. The using of en-
sembles approach of models based on various forecasting methods allows further reduc-
ing the value of the average absolute percentage forecast error for about 0,4-1,2 %.

Conclusion

The systemic methodology was proposed for modeling and forecasting economic,
financial and other processes exhibiting nonstationary and nonlinear behavior, based on
the following system analysis principles: hierarchical system structure, identification
and taking into consideration probabilistic and statistical data uncertainties, availability
of model adaptation and optimization procedures, generating multiple decision alterna-
tives, and tracking the computational processes at all the stages of data processing with
appropriate sets of statistical quality criteria. The methodology developed has a possi-
bility for easy extension of its functional possibilities with new (or modified) parameter
estimation techniques, forecasting methods, financial risk estimation, and generation of
decision alternatives. 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 short- and middle-
term forecasts, generating of decision alternatives. The methodology is based on the
ideologically different methods of dynamic processes modeling: regression analysis and
probabilistic approach, what creates appropriate basis for hiring various methods to
achieve the best results of modeling and forecasting. The illustrative examples of the
methodology application show that it can be used successfully for solving practical
problems of forecasting dynamic processes evolution and risk estimation. The results of
computational experiments lead to the conclusion that today nonlinear regression, state-
space models, and Bayesian networks are appropriate instruments for financial data
analysis due to the fact that they provide a possibility for reaching high quality models
and forecasts. It also should be stressed that the methodology proposed turned out to be
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very useful instrument for a decision maker that helps to perform quality processing of
statistical data using ideologically different techniques, appropriate sets of statistical
quality criteria, generate alternatives and select the best one. The methodology can be
used for supporting decision making process in various areas of human activities includ-
ing development of strategy for industrial and agricultural enterprises, financial enter-
prises regarding risk management, investment companies etc.

Further extension of the methodology functions is planned with new modeling,
forecasting and decision making techniques based on probabilistic methodology, fuzzy
sets, neural networks and other artificial intelligence methods of data analysis. Appro-
priate decision support system will be developed based upon the ideas proposed in the
study and systemic approach to implementation.
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JocnimkeHHs: crpsMOBaHe Ha CTBOPEHHS CHCTEMHOI METOJOJIOTI Il MOJIEIIO-
BaHHS 1 MPOTHO3YBAaHHS HENIHIMHUX HECTAI[lOHAPHUX MPOIECIiB B E€KOHOMIII],
(iHaHCaX Ta IHIIHX Tay3sX JIOACHKOI HisuTbHOCTI. IcHye Oe3miu mpolbem, siki
HEOOXiZTHO BHUPINIyBaTH 3a JOMOMOTOI0 JaHWX TAKOTO THITy MPaKTHYHO B YCIX
rajy3sx JIOJICHKOT IisUTBHOCTI, TaKi sk MO0y 0Ba aieKBaTHUX MoJejeil, BKIIO-
Yalo4y OIIHIOBaHHS 1 MPOTHO3YBAaHHS CTAHIB JOCII/PKYBaHUX CHCTEM; TEXHIUHa,
eKOHOMIYHa Ta MeJMYHa JiarHOCTHKAa, aBTOMaTH4YHEe KepyBaHHS TEXHOJIOTIUYHH-
MH TpOLECaMHU; KePYBaHHS PyXOMHMH 00’ €KTaMU; OL[IHIOBaHHS i MEHEKMEHT
(hiHAHCOBUMU Ta IHIIMMH THIIAMH PHU3HKIB; JOCIIKCHHS B3aeMofii (akTopiB
PH3UKY; KepYBaHHS MIKPOKIIMAaTOM B TEIUIMISAX Ta MPOMHUCIOBUX ITiANPHEMCT-
Bax; MATPUMKa pilleHb y Oi3Heci; JHHAMIYHE CTpaTeriuHe IUTaHYBaHHS Ha BH-
poOHHIITBI; 3a0e3MEeUYeHHs CTIMKOTO PO3BUTKY KPUTHYHOI €KOHOMI4HOI iH]pa-
CTPYKTYpHU Ta iH. 3alpoIIOHOBAaHO MPOLEAYPH sl aAalTUBHOTO OL[iHIOBAHHS
CTPYKTYpH 1 apaMeTpiB perpeciiHuX i HMOBIPHICHHX MOJENeH, a TaKoX apXi-
TekTypa i QyHKI[iOHaNbHa cXeMa BiAnoBiaHOI iHdopmariiiHoi cuctemu. Po3pod-
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Ka iHpopMauiiiHOT CHCTEMU IPYHTYEThCS Ha MPUHIMIAX CHCTEMHOIO aHami3y,
TaKUX sK lepapxiyHa apXiTEeKTypa CUCTEMH, aJallTUBHE OLIHIOBaHHS CTPYKTYpHU
MoOJIeNIel, ONTUMi3alis NpoLUeaAyp OLIHIOBaHHS IapaMeTpiB Moaenel, GyHKIio-
HaJIbHa ITIOBHOTA CHCTEMH, sKa 3abe3redye i aBToOHOMHE (yHKIIOHYBaHHS, 1/1eH-
TUQIKAIA Ta BpaxyBaHHS MOXJIMBIX HEBU3HAYEHOCTEH, SIKi 3yCTPIdalOThCs IIPH
00po0mi MaHuX 1 MOOYMIOBI MaTeMaTUYHUX MOJIENCH, 3aCTOCYBaHHS HAJICKHHIX
MHOXXMH KPHUTEpiiB aHai3y SKOCTI, SIKi TapaHTYIOTh JOCSATHEHHS BHCOKOI SIKOCTI
MPOMIKHHX Ta OCTaTOYHUX pe3yJbTaTiB aHamidy AaHuX. HeBu3HaueHOCTI 3y-
CTpivYaroThCs MpHU 300pi JaHUX, OLIHIOBAHHI CTPYKTYPH 1 apaMeTpiB MoJieNei, B
MpoIeypax MPOTHO3YBAHHSA 1 BIMIrpaloTh posib (aKTOpPiB HETATUBHOTO BILUIUBY
Ha OOYHUCIIOBAJbHI HPOIEAYPH B 3alpONOHOBaHill iH(pOpMamiiHIA cHCTeMi.
3MEeHIIeHHS iX BIUIMBY CIPHS€ IiJBUINCHHIO SKOCTI MPOMDKHHUX Ta OCTAaTOY-
HUX pe3yibTaTiB 00YHMCICHb. PO3MIIIHYTO IMIOCTPAaTHBHI NMPHKIAAH NPAKTHI-
HOTO 3aCTOCYBaHHS pO3pOOJICHOT METO/I0JIOTI], 10 MiATBEPIKYIOTh 11 PYyHKITi-
OHAJIBHICTD.

KiouoBi ciioBa: HemiHIlHI HecTalliOHAPHI MPOIECH, MOJICTIOBAHHS, TIPOTHO3Y-
BauHs, ¢ineTp Kanmana, y3aranpHeHi JiHiHHI MO,
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