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Abstract.  Sample division and a criterion for choice of the best division are important elementsin
GMDH algorithms. Sample divisions effective in the tasks of approximation, extrapolation and
forecasting are considered in the paper. The main attention was placed to quasi-optimal sample
division which enables to enhance the extrapolation and forecasting precision in combination with an
adaptive prognosis. Some set of sample division methods allows to choose a proper technology for
every task taking into account the object features.
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1 Introduction

Theoretical researches and numerical models expatsnshows that the separation of optimum
«nucleus» of sample is an important stage for tiseease of exactness of modeling and forecasting
[1].

The increase of exactness of models in GMDH algorit is the purpose of this work due to the
search of the best division of initial sample unttex noise conditions. SampW represented by a
table has two basic parameters: number of variaMesnd of points N. Due to the nucleus

optimization, the optimum subset of both varial{egumns) s, m. and points (rows)p*, ny is

searched (wheres* is model complexity (structure) anqb* is composition (subset of rows) of
subsample).

For taking into account features of approximatienfrapolation and forecasting tasks using
GMDH we will differentiate sample division techngies for the construction:

. a) approximation models using input and output data of the wholepdaW = A0 B without
an examination subsampB+£J);
. 6) extrapolation modelsusing input and output information of subsampkeandB for learning

and checking.Data of examinationsubsample D are used for extrapolation of the output
variable W=AOBUOD,D# &, AnB=@, AnD=0, BnD =0);

. ) forecasting models which unlike to extrapolation models not use input data of this
subsample for the forecast of output variable @netkamination subsample
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2 Theoretical Part

2.1 Division types

Samples can be divided at wileQuentially) or in accordance with a criterion. It is possitdedivide
sample divisiortriteria into two groups due to the purpose of ntiode
. for stationary objects or processes, (the hiddenilaiity of sample parts is assumed);

. for nonstationary objects or processes.
Types of division: 1. ky dispersion»,
2p — proportional division [2].
Division «by dispersion» deals with the moment characteristics:

6% = M(xl—Mxl)z,..,M(xN —MXN)ZJ, 6 :(012,..,0,%,) , Mx, =

; Xn,i »
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M i=lLm
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where aﬁ, n=1N is dispersion of arguments fiath point; M ([l is mathematical expectation;, is
annth row (dimx,, =1xM ) of the initial data matriX (dimX = NxM ).

o - proportional division deals with information matrices whege =X".X, , i =12 are matrices
of complete rankdimX; =nm; xM, n, =(N-n;) at the condition thamax(y,n,) =2 m;, +1. My,
is minimum number of variables in GMDH models.

p —proportional «quasi-optimal» division minimizes the norm of difference of infoaton

matrices (submatrices):
, V=LV,

* _ . 2
Pmin(Ny,n)=arg _min “pé Y, ~Xav,
p;#0=1L,
V is maximal number of samples being divided. Nundfetivision variants equals to the number of
simple combinations:

'max,

L= Y C. (1)

n:nmin\,

The value v determines the number of the subsample (sampléghwis divided into two
subsamples. We will write down for the result oftrinadivisions:
X7 =[xLixD,[", dimxy =0 XM, dimXp, = (N, -n)xM .
Similar «by dispersion» (SD) division is determined as:

* — i 2 2
Prin, (N) = minj > o - > op |,
(=LLolioQy, noQ i}

where L(,=C,r\'l‘V is the full quantity of division variants at theven n;:(N-n;) relation of
subsample lengths. The traditional similar «by eisn» division applied in GMDH algorithms is
one of variants of mismatch error minimization farch norm under the condition of monotonous
change ofg?? and o? values.

Second group of division types for nonstationaryjeots maximizes of the moment
characteristics mismatches.
Dissimilar «by dispersion» (DSD) divisionis determined as:

* _ 2 2 e
Pra, (Nv:M) = maxj 3% o = 3 oy ||, v=1V.
(FLlglioQy, Y noQ Mi} Y
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Traditional for GMDH algorithmslissimilar «by dispersion» division is found without exhaustive
search by the simple division of the rows of initigatrix ranged in accordance with th”rrzl, n=LN
dispersions values in; : (N —n;) proportion:

N
pmaxa:[ Zaﬁ - %aﬁj
n=1 n=n; +1

Dissimilar p-proportional division is:

* _ 2
Pmax(Ny) =arg , max__ Hpﬂ Yiv, ~Xave
p2£0,=1L,

, v=1V.

2.2 Comparison of traditional and quasi-optimal division methods

On the basis of numeric modeling it was establighatithe structure and parameters of GMDH model
do not depend on the method of divisiorthe approximation task if the informative matrices of input
variables satisfy to the condition @f -proportionality subsamples and number of pointthefproper
subsamples for all divisions is equal. If the cdiodi of o -proportionality subsamples is not fulfilled,
the «quasi-optimal» p -proportional division which provides larger noise immunity hasme
advantage for the determination of a model strectur

Traditional methods of the sample division in conmabion with «quasi-optimal» division can
enhance the accuracy of models essentiallperextrapolation task. Visualization of results helps to
choose necessary models more operatively.

Figure 1 shows that tHerecast by difference equations (by models) obtained ftbendata [3] by
guasi-optimal division method is the most accurate.

0,16
— * —o—real
S 0,14
o
S 0,12 -
5 43 —— sequential
v © ;
g5 /]
&5 008 /]
LE) 0,06 - X —a&— quasi-optimal
X
= 0,04
0,02 4 SD-division

0 1 T T T T T T T T T T T T
123456 7 8 9101112131

4151617 18 s
—X¥— DSD-division
number of the month

Fig. 1. Inflation index and adaptive forecast models aftion of data division method

Points closed to the forecast point needed to arskuilding models tdorecast the rapid change of
the processes. The current forecasted values atedat the initial data for this purpose. From
comparison of the graph values for models with &idagorecast (points are connected by lines ) and
values in isolated points for models without adapforecast in a figure 2 it is visible that notythe
«quasi-optimal» division but also the adaptive ¢ast is important for the considerable increashef
forecast accuracy [4]. The class of models andasupke volumes of different division methods was
the same for the examples represented in theségrape type of difference models was the main
distinction. The linear in parameters differencedelmf inflation index fotM=6 initial variables given
in Ny=15 points with an adaptive forecast looks as:
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YirL = F (0, Xq 01 X6 ko X k-20 X3 k10 X5 k=25 Yi» Yka1-r Ve L-1) » L=2,3; k= Ny
where® =(4,,...,6,,) is thevector of parameters
The difference model of inflation index without adaptive forecast has the form:
\?k+,_ =F(0, %k, X k» X k-2, X3k-1, X5k-2:Yk)» L=1Lnp, k=Ny, np =3.
The forecasting error in the points of examinasabsample is calculated as:

n, Np

\]p =2 (yi _yi)2/ x yi2 .
. p -
i=1 i=1

LOG10(Jp)
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Fig. 2. Change of forecast error depending on divisiomiodels with and
without an adaptive forecast.

3 Conclusion

Availability of a set of sample division methoddoals to choose the proper division technology
taking into account the features of an object bemugieled and to compare it with alternative ones

for any task.
1. The optimum division has advantage at the definibbrelevance of model structure in the task

of approximation.
2. A quasi-optimal division of the data gives the ploility to increase an accuracy of the

extrapolation and the forecasting by GMDH models.
3. The combination of traditional and quasi-optimal metharf sample division can essentially

increase accuracy of models for extrapolation ofades.
4. Using of adaptive forecast is important for the sidarable increase of exactness in forecasting

tasks.
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