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Abstract. The problem of constructing forecasting models witomplete and fuzzy input data is
considered in this paper. For its solution Fuzzy@® Methods of Data Handing (FGMDH) with fuzzy
inputs is suggested. The method enables to consrdicrecasting fuzzy model using experimental
data which are not distinct.

The method was implemented as software kit andriexgrgal investigations of were carried out in
the problem forecasting stock-prices at the Russtack-exchange. The comparison of the suggested
method with known methods: GMDH and fuzzy GMDHss presented.
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1 Introduction

The problem of forecasting models constructing gigrperimental data in terms of fuzziness,
when input variables are not known exactly andrdeiteed as intervals of uncertainty is considered in
this paper. The fuzzy group method of data handbngroposed to solve this problem. The theory of
this method was suggested and researched in [As5]t is well known, fuzzy GMDH allows to
construct fuzzy models and has the following adxges:

1. The problem of optimal model finding is transformedthe problem of linear programming,

which is always solvable;

2. There is interval regression model built as thelted method work out;

3. There is a possibility of adaptation of the obtdineodel.

The mathematical model of the problem mentionedvabse built and fuzzy GMDH with fuzzy
inputs is elaborated in the paper. The correspgngiingram, which uses the suggested algorithm, was
developed. And the experimental researches and arisop of FGMDH with GMDH in the problem
of stock prices forecasting were carried out ars@nted in this paper.

2 Math model of group method of data handling with fuzzy input

data

Sometimes we face the problem of constructingnbelel using experimental data when the initial
input data are fuzzy and are presented in the fifrmtervals. Such situation arises in the probteEm
macroeconomic indexes forecasting as the monthHlyesaf indexes may be given in interval form.
Let's consider a linear interval regression model:

Y =Aglo+ Ay t...+ Ay, (1)

where A are fuzzy numbers, which are described by threfespanameteréa‘ =(ﬁ'A’A),

A

WhereA — interval center,A — upper border of the intervak— - lower border of the interval,

—
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and — also fuzzy numbers, which are determined by rpatars — , — - lower

—

border, Zi - center,Zi - upper border of a fuzzy number.

Then Y — output fuzzy number, which parameters are défiag follows (in accordance with L-R
numbers multiplying formulas):
Center of interval:

y=2A*Z ,
Deviation in the left part of the membership fuonti
y-y=X(A[*(Z -Z)+(A - A)*|Z])

And the lower border of the interval: ,

Y=X(A*Z ~|A[*(Z -2)-(A-A)*Z])
The upper border of the interval ,

y=X(A|*@Zi-Z)+Z|* (A -A)+A*Z)
For the interval model to be correct, the real gabfi input variable Y i's needed to lay in the imgdr

got by the method workflow.
So, the general requirements to estimation a limgarval model are to find such values of paramsete

(A.A.A)

a) Observed valuesyk should lay in the estimation interval fglk;
b)The total width of estimation interval be minima

Zy =[2yi)

of fuzzy coefficients, which allow:

Input data for this task is - input training sample, anc}/k are known output values,

k=1M , M is the number of observation points.

There are two cases of fuzzy membership functitsesl in this work:
- Triangular membership functions;

- Gaussian membership functions.

Quadratic partial descriptions were chosen:

F(%,X;) = A+ AX + A, + AXX; +A4xi2+A5xj2.

3 FGMDH with fuzzy input data for triangular member ship function

The form of math model for triangular MF.
Let's consider the linear interval regression model

Y = AgZo + AZy +..+ AyZy,

The current task contains the case of symmetrieahbership function for parameterg 8o they can

be described via a pair of paramete?é (Ci ).

.=a —C A —a +C . . .
A‘ & ~G , Al & TG , & is a center of an intervaf,':I is the interval Width,CI >0,
Zi . o gZi Z,Z))
I are also fuzzy numbers of triangular form, which defined by parameters— ,

—

Z Z Z

— - lower border, ™! - center, ! - upper border of fuzzy number.
Then Yis a fuzzy number, which parameters are ddfims follows:
the center of the interval:

37:281-*2,
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Deviation in the left part of the membership fuoati

y-y=>(&*(Z -Z)) +Ci‘zi‘)

Lower border of the interval: ,

y=>(a*Z _Ci‘zi‘)

Deviation in the right part of the membership fuoict

y-y=X.(a*(Zi _Zi)+Ci‘Zi‘) =Y.aZi-aZ +Ci‘zi‘

Upper border of the interval: ,

y=>.(a*Z +Ci‘zi‘)

For the interval model to be correct, the real gabfiinput variable Y should lay in the intervalt dxy

the method work.
It can be described in such a way:

> (& * Zy —cifZi) < v
2 (@i * Zy +Ci‘zik‘) 2y, k=1M
Where 2 = [Zki]i is an input training sample‘,’k are known output valueé(, =1M , M is a number

of observation points.
So, the general requirements to estimation line@rval model are to find such values of parameters

(ai G ) of fuzzy coefficients, which enable:

a) Observed valuesyk lay in estimation interval forYk;
b) Total width of estimation interval be minimal.

These requirements can be redefined as a taskeafrlprogramming:
T'qné(Z(a] *Z + Ci‘zi‘) -2 (&*Z - Q‘Zi ‘))
under constraints:

2@ *Zy —¢ ‘Zik‘) < Yk

Z(ai*zki+ci‘zik‘)2yk7k:m Ye

Formalized problem formulation in case of trianguteembership functions
Let's consider partial description

f(X,X) = Ay + AX + AX + AX X +A4Xi2+A5Xj2 _

)

4)

Rewriting it in accordance with the model (1) nesdsh substitution:ZO - 1, 4 =% ,
— — ) — 2

Then math model (2)-(3) will take the form

Mo M Mo M
min (2Mc, + a3 (Xik = Xi) +26, 3% | + 8, 2 (Xjk = X ) + ZCZZ‘XJk‘ +
A =1 k=1 k=1 k=1

M _ _ M M _
+ askquik‘(xjk ~ Xjk) +‘Xjk‘(xik = Xic)) +2C3kZ:‘Xikak‘ + 234;‘Xk‘(xik ~ X))+
=1 =1 =1

M M _ M
26,3 X + 235 )" Xy | (X = Xj) + 265 Y X5 )
k=1 k=1 k=1 o) ,
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with the following conditions:

Ayt Xy ta Xy + aa(“y(ik‘(y(jk - X))~ ‘Xjk‘(Xk = Xi ) + Xy X ) +

+ 2, (2% (% = i) * % ") * 8 (@i (R = X56) + %3 ") = ¢ — & | -
_CZ‘XJK‘ _CS‘Xik)v(jk‘ = Cy%ic ~ CsXiy < Ve

g T ag Xy ta Xy + as(‘)v(ik‘(;(ik = X) +‘X1k‘(;<ik = X ) — X Xj )ty (zl)v(ik‘(;(ik -

cy o2 ol o o 2 o - oo
= %)~ X )+a5(2‘xjk‘(xjk = Xj) = X )+CO+C1‘Xik‘+C2‘Xjk‘+c3‘xikxjk‘+

(6)

o2 o2
Cy X + Cs X 2 Yy
¢ 20, 1=05

As we can see, this is the linear programming mnoblbut there are still no limitations for non-

negativ}ity of variablesai , S0 we need go to dual problem, introducing dxmlables{ék} and
6k+M

4 THE DESCRIPTION OF FUZZY GMDH ALGORITHM

Let’s present the brief description of the algarith
1. Choose of the general model type by which the dépece to be sought will be described.
2. Choose the external criterion of optimality (théesia of regularity or non-biasedness)
3. Choice a general type of coordinate functions (typpartial description), for example, linear
or quadratic one.
4. Divide the sample into training and test sub-sasiple
5. Put zero values to the counter of number of moki@isd to the counter of number of rows

6. Generate a new partial model or the kind (5) ahming sample. Solve the LP problem (5),
(6) using training sample and find the values obpeeters of fuzzy coefficients.
(r)

7. Ca,lculate using test sample the value of extecriggrion: non-biasedness NCM k

) or
regularity.
8. k=k+1.if szé ,thenk =0, r =r +1.

9. Calculate a mean value of criterion for the modélIsth iteration. Then go to step 6 if r =1,
otherwise, go to step 10.

10.11 [Ny, (1)=Ng,, (r
assigning =r+1, k=1, go to step 6 and execute the next (r+1)-th itenat

11. Out of F models of the previous row we select thstbmodel using the external criterion of
regularity.

—l)‘SE then go to step 11, otherwise select F best maateds

The difference between GMDH and fuzzy GMDH liestle following: in the GMDH we find
out model using LSM method while in FGMDH we sothe LP problem of the form (5), (6) for
finding out the model . Therefore we exclude thebem of ill- conditioned matrices occurring
while using GMDH. The additional advantage of FBMlis that as it was proven corresponding
LP problem is always soluble.

4 Experimental results of FGM DH with fuzzy input data workflow in RTSindex forecasting
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For estimation of efficiency of the suggested FGMDidthod with fuzzy inputs the corresponding

software kit was elaborated and numerous expergnehfinancial markets forecasting were carried
out. Some of them are presented below.

Forecasting of RTS index.

Experiment 1. RTS index forecasting (opening price)

In this experiment we used 5 fuzzy input variablebjch represent stock prices of leading Russian
energetic companies, which are included to theofisbmputations of RTS index:

LKOH - shares of “LUKOIL” joint-stock company,

EESR — shares oP’AO EDC Poccun“joint-stock company,

YUKO - shares of OKOC” joint-stock company,

SNGSP - privileged shares afypryraedreras” joint-stock company,

SNGS — common shares dypryraedreras” joint-stock company.

Output variable is the RTS (opening price) indelugaf the same period (03.04.2006 — 18.05.2006).
Sample size — 32 values.

Training sample size — 18 values (optimal size raining sample for current experiment was

determined experimentally by varying the size fragrsample).

The following results were obtained:

1. For triangular membership function

a) For normalized input data

Criterion value for current experiment were: MSB.855557
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Fig. 1. Experiment 1 results for triangular membershipction and normalized values of input
variables
2. For the case of Gaussian membership functiotinfaplevel iso=0.8) (see Fig. 2)
a) For normalized input data
Criterion values for this experiment were: MSE 828013
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Fig. 2. Experiment 1 result for Gaussian MF and normalinpait data
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As we can see from the results of experiment Edasting using triangular and Gaussian membership
functions gives good results. Results of experimenith Gaussian MF are better than results of
experiments with triangular MF.

Tab.1. For normalized data

Triangular MF Gaussian MF

MSE 0.055557 0.028013

Tab.2. For non-normalized data

Triangular MF Gaussian MF
MSE 18.48657 9.321461
MAPE 0.8% 0.4%

Experiment 2. .Stock price forecasting
The following experiment uses stock prices of 4lleg energetic companies of Russia:
EESR — shares oP’AO EDC Poccun” joint-stock company,
YUKO - shares of OKOC” joint-stock company,
SNGSP - privileged shares afypryraedreras” joint-stock company,
SNGS - ordinary shares ofypryraedreras” joint-stock company.
Stock prices of other company — “LUKOIL" joint-stoéor the same period (03.04.2006 — 18.05.2006)
were forecasted.
Sample size — 32 values. Training sample size valdes (optimal size of training sample for this
experiment).

The following results were obtained:
1. For triangular membership function. For normalizedput data: Criterion value:
MSE=0.056481
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Fig.3. Experiment 2 results for triangular MF and normadi values of input variables

b) for non-normalized input data:
Criterion values: MSE = 0.914998; MAPE = 0.73%

2. For Gaussian membership function (optimal l@fel=0.9)

a) For normalized input data:
Criterion value for this experiment: MSE = 0.030464
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Fig. 4. Experiment 2 results for Gaussian MF and normelizgues of input variables
As we can see from the results of experiment 4edasting using triangular and Gaussian
membership functions gives good results. The regflexperiments with Gaussian MF are better than
the results of experiments with triangular MF.

Tab.3. For normalized data

Triangular MF Gaussian MF
MSE 0.056481 0.030464
Tab.4. For non-normalized data
Triangular MF Gaussian MF
MSE 0.914998 0.493511
MAPE 0.73% 0.33%

5 The comparison of GMDH, FGMDH and FGMDH with fuzzy
input data

In the next experiments the comparison of the ssiggemethod FGMDH with fuzzy inputs with
known methods: classical GMDH and Fuzzy GMDH wadqrened

Experiment 3. Forecasting of RTS index (openingg)ri

Current experiment contains 5 fuzzy input variablehich are the stock prices of leading Russian
energetic companies included into the list of Rii&eix calculation:

Output variable is the value of RTS index (openimgce) of the same period (03.04.2006 —
18.05.2006).

Sample size — 32 values.

Training sample size — 18 values (optimal sizehefttaining sample for current experiment).

The following results were obtained:

For normalized input when using Gaussian MF in grotwethod of data handling with fuzzy input
data: MSE for FGMDH with fuzzy inputs=0, 028013

For normalized values using GMDH and FGMDH:

MSE for GMDH = 0,1129737 MSE for FGMDH = 0,0536556
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Fig.5. Experiment 3 results using GMDH and FGMDH

As the results of experiment 1 show, fuzzy grougghoé of data handling with fuzzy input data gives
more accurate result than FGMDH with triangular rbenship function or Gaussian membership
function. In case of triangular MF FGMDH with fuzdata gives a little worse than FGMDH with
Gaussian MF.

Tab. 5. MSE comparison for different methods of experin&nt

GMDH FGMDH FGMDH with | FGMDH  with
fuzzy inputs, fuzzy inputs,
Triangular MF Gaussian MF
MSE 0,1129737 0,0536556 0,055557 0,028013

Experiment 4. RTS-2 index forecasting (openingegric

Sample size — 32 values.
Training sample size — 19 values (optimal sizea@hing sample for current experiment).
The following results were obtained, which are preged in Table 6 and on F ig. 6..

Tab. 6. MSE of different methods of experiment 4 compariso

GMDH FGMDH FGMDH with | FGMDH with
fuzzy inputs,| fuzzy inputs,
triangular MF Gaussian MF

MSE 0,051121 0,063035 0,061787 0,033097
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Fig.6. GMDH, FGMDH (center of estimation), and FGMDH withzzy inputs (center of estimation)
result comparison

As the results of the experiment 4 show, fuzzy grawethod of data handling with fuzzy input data
gives the better result than GMDH and FGMDH in caé&aussian membership functions. At the
same time in this experiment GMDH gives the betésults, than FGMDH and FGMDH with fuzzy

input data in the case of triangular membershigtions.

6 Conclusion

In this article new method of inductive modeling MBH with fuzzy inputs was suggested. This
method represents the development of fuzzy GMDHmih&rmation is fuzzy and given in the form
of uncertainty intervals. The mathematical modekwanstructed and corresponding algorithm was
elaborated. The experimental results of applicatiérthe suggested method in the forecasting of
market index and stock prices are presented amdistied. The comparison of the suggested method
with classical GMDH and Fuzzy GMDH were performatl presented . The main advantages of the
suggested method are following:

- It operates with fuzzy and uncertain input inforimatand constructs the fuzzy model,

— The constructed model has the minimal possiblé vatith and in this sense is optimal;

- For finding an optimal model we solve the corresting linear programming problem which is

always solvable for this task.
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