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Abgtract. Influence of different initial set division meth®@dn GMDH forecasting models accuracy is reseatched
Investigations are carried out within an applicattask in medical diagnostic sphere, namely int#s& of medicines
efficiency estimation. Three forecasting models starction schemes and four different set divisigpes are
investigated. Models are obtained by the two-stiigision modeling algorithm and its modificationsoposed. Several
studies directions in forecasting models constomctire analyzed. Criteria and results of numemogleriments are
given. Analysis result showed that best forecastirgglels pair were obtained as sum of trend modeélraadel of
remains, utilizing quasi-optimal set division obtmcomplete subset space with adaptive forecastnse. The models
pair satisfied the specified +5,1% error rangehef patients main group set with 0,04 significamsel
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1 Introduction

Influence of different methods of initial set die on GMDH forecasting models accuracy which uaddptive as
well as nonadaptive build scheme [1] is researdhettlis paper. Investigations are carried out witah application
task in medical diagnostic sphere, namely in tbk& tf medicines and nonmedicamental remedies effigi estimation
for individual therapeutic agents selection. Ihitlata of each patient are presented by rows auntifive values of
thiol-disulfide ratio (TDR) as a time function cadl TDR-gram (TDR diagram). TDR is some fight degriearacteristic
of human immune system. Doctor can make conclusmut medicine effectiveness basing upon resulfd-gram
— results of patient’'s blood samples cultivatioritmthem. It is suggested to build forecasting medelreduce TDR
time observation from 24 hour down to 1 hour whialm be used as decision support for individual oiediselection.
Forecasting models use first observation hour TRRues which comprises first three measurement dscand
forecast next two time records: 3rd hour and 24tlr hLet we have randomly selected initial datalifoited patientsK
set, X[ =, where powerX| = 28,Z is thepatients general totality set whose blood sampleseeultivated with the
given medicine.

Forecasting models were obtained using two-stagsidin modeling algorithm (TSDMA) since traditionsihgle-
stage division into learning and testing sets dilatlow to get models with satisfactory accura2ly [

2 Theoretical Part

Initial X set is divided into two subsets randomly; W] = 18 called active and, |D|=10 called checkingy=wW0 D,
W n D=0@. Let keep the same denotation ¥grW, D patients sets and corresponding X, W, D data oegrivhich
comprise patients’ testing resulé: - X, W W, D o D. SubsetD is used only for models verification obtained
usingW subset. Initial data set is presentedXy (xo,xl,...,xm_l)lil R™ matrix. Models pair (one for each forecasting

TDR value) were obtained using GMDH and differeiision methods oW = AOBOC set intoA — learning,B —
testing,C — examination, An B=@, Bn C =@, An C =@. Two-stage division include such stages: at its¢ $tage
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(v = 1) activeW set is divided intdJ training set andC examination setw=U OC, U n C =d, then at the second
stage ¢=2) U training set is divided into learning and testaags, i.eU = AOB, An B=d. Four set division types
are researched in this paper: random, similar ‘ispetsion”, dissimilar “by dispersion” and quasitiagal. First three
of them are traditional for GMDH but for finding asi-optimal division [3] one should minimize norm:
Nmaxy _
p, = argmin ”XT Xy, =P X%, Xay, = > cp v=12
p/ 20,/0[,L, ] N=Nrminy

wherep,” is the optimal rows composition &, matrix; L, is the division variants maximal numbenweth stageN, is
the elements number (power) of appropriate pangtiide set ob-th stage;Nmay, , Nmin, are the maximal and minimal
elements number (power) of the first seN,(- nmay, ) — Of the second set. Rows partitionable setsabdiy (m
parameter) which are used at the mentioned std@és fesearched in this paper. Sets which usgadd (arguments) in
the dividing process are called complete infornratiets imX = nxm), while the sets havingy < m in this process
are called incomplete information sets.

2.1 Problem statement

Let’s formulate the models construction problem panng theirs accuracy at the different parts efWh= AOBOC

A
set and the wholX set. Let introduce denotatiop: = X,+i/Xo, ¥ O 0li=12 Z1=Xq, Zz = X1/Xo, Z3 = XolXo, Matricesz

= (21, 2, Z3), y = (Y1,Y2), Z andY are matrix sets of the corresponding matrieésZ, yaY, Z [ 02, YyOo?, whered
is the real number space. Lgt matrix be the estimation of thematrix, Q(y —y) be the models constructed accuracy

criterion, Q be the models accuracy criterion values set fopg@ry matrix estimation,QO0 0%, Q] = n, w be the
records set (patients set) wh@fy —y) criterion values are to be found within the bountithe given error interval
(-0.051, 0.05}, w O X.

Let exist mapping™: Z — Y. The goal is to find such a mappiRgwhich guarantee finding the distribution for the
accuracy criterio@(y —y) valuesg; 01 Q, j=1,2,...n,that as many as possible theirs number are toumedfwithin the
bounds of the given error intervad(051, 0.05) with 0,05 significance level.

2.2 Problem solution

This paper represents generalization of the prolstatement in [1]. There were two studies direction[1]:
1. Construction of the forecasting models pair like:
B Models without trend:
Y1=11(04, 21, 25, Z5) (1)
Yo =102, 21, 2, z5) (2
Models pairy,, Yy, as the sum of the trend model (3) and model of¢h@ains (4) (5).
Trend model looks like:
v(k) =0" (k) ®)
wherey/(k) is the functional transformations vectérig the discrete time moments), whose elements are:
wi (k) = [ K, —— 1.k K2, K3, J
K
Model of remains looks like:
V1 = f3(03, Uy, Uy, Ug) (4)
Vo =14(84, Uy, Uy, U3) (%)
where remains were calculated as:
U =2z¢-v(k), k=1,...,3
vi=y1—v(k), k=4
Vo =Y, —v(K), k=5
2. Construction of the second forecasting model

without adaptive forecast as (2) (or (5) in thsewith the use of the trend model)
with adaptive forecast as (6) (or (7) in the cagth the use of the trend model):
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V2= 1202 21, 22, 23, Y1) ©)
\72 = f4(641 Uj, Uy, Uz, \71) (7)
where®; is the parameters vector, which enters in the fsdofearly,i = 1,...,4

The paper continues investigation in order to geteraccurate forecasting results for examinatidanlsés have
also checked of hypothesis about preference of dbkction the best models paifl* :()7;,)7*2) which
minimizeQ(y —y) criterion using W set ( b) and c) schemes — modified TSMDA) over #slection
minimizingQ(y —y) usingC set ( a) scheme — basic TSMDA) with the purposmakimizing the power of the set,
00X, lo|=n,.

There was utilized TSDMA for ttﬁ,y;forecasting models construction in [1], whose badea consist in

implementation the next (basic) schem&\bfW, ,) active set division in two stages. Set subsdnigicates the models
number(s) this set should be used for construaifng

a) The basic TSDMA scheme described in [5] corisiguch two stages realization: at the first stige set is
divided intoU, , training andC, , examination subsetb); , subset is used for models construction using GMOH,—
for models evaluation and selection of theirs Ipadt by theQ(y —Y) criterion (diagnostic criterion in our task [1])t A

the second stagd; , subset is divided inté learning andB testing subsets twice: one for each forecastingeho
Subsetsd;, 4, are used for competitive models structures pammetstimation while constructing corresponding
forecasting models. Subseks, B, — for corresponding best structures selectiongusixternal GMDH criterion (see
fig.1).

The paper proposes two new TSDMA modifications ¢sebs) for the forecasting models construction. d_et’
describe just these schemes differences from basic

b) In the basic scheme both forecasting modeldaite using the sam@V, ,, U, , data sets. The forecasting models
quality evaluation is carriedut utilizing the same&, , subset. Unlike basic scheme this modification dblimit the
algorithm freedom in models construction: both medan use any records of téset in the construction process, i.e.
they have individuaW;, W, sets andJ;, U,, C1, C, subsets. Subsets;, U,, C1, C, may be differ either in records
number or in records composition. In this schengeftiiecasting models quality evaluation is caroed using thew
set by the diagnostic criterion (see fig. 2).

c¢) This scheme differs from the basic one justh®y/rhodels pair quality evaluation that is carmed using whole
W set (see fig. 3).

The division sets study in utilization of comple@teincomplete information (incomplete arguments position) in
Wi o Wi, W, andU; 5, U;, U, sets is also expediently. This study representscpéar interest as long as it is supposed
to reduce the patients’ examination time and TDRagsneements number, and is important how much magrbe
worse models accuracy. TA@able 1shows complete and incomplete information forsalls and subsets mentioned
above.

Table 1. Arguments compositions for complete and incongpietormation

W12 Wl, Ul WZv U2
Complete informatio Zy, 23, 23, Y1.Y2 7,23 23, Y1 Adap:. forecas 2, 2, 23, Y1.Y2
Nonadapt. forecast 21, 7o, 73, ¥
Incomplete informatio 21,25, 23 21,25, 23 Adap. forecas 23,25, 73, Y1
Nonadapt. forecast 21, 70, 2

Besides quasi-optimab{-proportional) this paper investigates such divisio

Similar “by dispersion” (SD) division;
Dissimilar “by dispersion” (DSD) division.

Figures 1,2,3describe different divisions application in TSDM&hemes.
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Figure 3. 8) modified TSDMA scheme. This variant uses incorteolaformation, quasi-optimal division
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Thereby here are such a variations of input pararaéor each a), b), c) TSDMA scheme:

1) 2 variants of utilizing initial data in the seliwiding process:
complete information;
incomplete information.

2) 3 variants of the set division algorithms:
Dissimilar “by dispersion” (DSD) division;
Similar “by dispersion” (SD) division;
p2-proportional division (Quasi);

3) 2 variants of the schemes for the second mauhedtouction:
with adaptive forecast;
without adaptive forecast.

4) 2 ways of model construction:
with trend;

M without trend.

In the lump here are22:2 = 24 models pair variants for each scheme.

3 Results

We’'ve used modified version of Multistage Algorithwith Combinatorial-Selection Orthogonalized fastMACSO)
as GMDH algorithm in each mentioned scheme. SUMAESO input parameters were vary while each mogals
(total pairs number is 28 = 72) is constructed:

1) the stages number (the iterations number);
2) the adjustments number (number of multiplicatemns);
3) the solution freedom of choice;

Models pairs which have the equal records numpéthe records number which models pair satisfy givweh1%
error interval) were appeared. Selection of thé pa# is carriecbut by such characteristics:

1) nyt is the records number ¥ set where models pair have unsatisfactory erxal >20%);
2) Q( Z3, 24 )max (%) is the maximal diagnostic criterion deviaticajculated foM set while the forecasting models

evaluation is carried out;
3) models complexity.

Actually wholeW set is used in the models construction processeabdst models pair final selection is realized by
sequential use of the diagnostic criterion utiliz{® or W data set. Thus we should say about data apprarimet W
set by obtained models pair.

3.1 Approximation results

The count of the patients number is carried outqli¥0,1} indicator function. These models describe initdata
satisfying given error level. Thé* best models pair selection in corresponding TSDMKAeses is realized by such a
criteria:

In a) scheme criterion looks like:

x 1
ic =argmax — >0y
ioc,¢oo\ Nc inc

J, " :{ 1 &(p)O(ab)
0. &(p)0(ab)

and in b) and c¢) schemes like:
iw :argma{i ZQM‘J: Gir ={ - alp)Bad)
oo N itw 0, &(p,)U(ab)
wherep, is theW=ADOBOC set division parameter for the progérQ, |2| =L, Q is the all possible division

variants set whelV set two-stage division process takes place.
Numerical experiments showed that variant with uke of the best models pair selection utilizing lehd' set in

comparison with using its partG-set, leads to getting more accurate models, s'i*geiai\j\, .
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More preferable variant selection between competitines in proposed studies directions is realigecheans of
two averaged criteria:

* Aveyp_,,, — averaged percentage,/nw - 100% by the models pair set which use correspondariant of

study direction;
* Avep_ /n, —averaged percentage./nw - 100% by the models pair set which use correspgndamiant of

study direction.

Table 2shows comparative analysis results of mentionbdrses. As one can see, b) scheme is more accheate t
c); a) scheme turns out to be the most inaccurate.

Table 2. Comparison of a), b) and ¢) schemes while dgpacagmation

Scheme | Aven,in, | AVeh,,/n,
) 51 % 10,6 %
b) 65 % 5,56 %
c) 62 % 6,94 %

Table 3shows three schemes analysis results for all ot studies directions. Markmeans that variant staying
on the left side is to be found more accurate theother one by both criteria. Empty cell means ards
incomparability due to different signs between thiarmentioned criteria.

Table 3. Approximation results of three TSDMA schemesdach studies direction

Scheme Information Division algorithm

Complete Incomplete DSD SD Quasi

a) SD»> Quasi, SD- DSD

b) Incomplete- Complete SD»> DSD, Quasi DSD

C) SD> DSD, Quasi DSD
Model construction scheme for Ways of models pair construction

second forecasting model

Adaptive Nonadaptive With trend [ M Without trend

a) Adaptive>- Nonadaptive With trend > Without trend

b) With trend > Without trend

c) Adaptive - Nonadaptive With trend > Without trend

At the same time the best approximating models wbtained for corresponding schemes with suchamgsiin
studies directions:

a) scheme™ Complete informatior DSD,  Adaptive scheme , Models with trend
n,/nc - 100% = 7/8100% = 87,5%;
Noyt =1, Avelaom/nC =1/8100% = 12,5%.

b) scheme®™ Incomplete information, Quasi,
n,/ny - 100% = 14/18.00% = 77,8%;
Nout = 0. Aveﬁout,nw = 0%.

Adaptive scheme , Models with trend;

c) scheme™ Complete information, Quasi, Adaptive scheme, Models with trend;
n,/nw - 100% = 14/18.00% = 77,8%;
Nout = 3, Aveﬁout,nW =3/18100% =16,7%.

For the models verification purpose were used rarigselected checkinD set, with the power in 10 records.

3.2 Verification resultsusing checking set

Table 4shows all selected studies directions analysisltesor each scheme. Meanwhile preference is giwen

selection the best variant using the same critéway, ;, u Aver  n -
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Table4. Verification analysis results of three TSDMA sofes for all studies directions

Scheme Informaticn Division algorithr
Complett Incomplete DSD SD Quesi
a) Incomplett> Complett Quesi > SD>DSD
b) Quesi = SD, Quesi > DSD
C) Complet¢> Incomplett Quesi > SD>DSD
Model construction scheme Ways of model: pair constructiol
second forecasting model
Adaptive Nonadaptiv: With trenc | B Without trenc
a) Adaptive > Nonadaptiv With trenc > Without trenc
b) Nonadaptive - Adaptive Without trenc- With trenc
C) With trenc > Without trenc

At the same time the best models were obtaineddesponding schemes with such variants in studirestions:

a) scheme™ Incomplete information, Quasi,
n,/np - 100% = 3/10L00% = 30%;
Nou = 1, Avep,  /n, =1/10100% = 10%.

b) scheme™ Incomplete information, Quasi,
n,/np - 100% = 3/10.00% = 30%;
Nou = 1, Avep,  /pn, =1/10100% = 10%.

¢) schemel™ Incomplete information, Quasi,
n,/np - 100% = 6/10.00% = 60%;
Nout = 2, Avep]om,nD = 2/10100% =20%.

Adaptive scheme , Models with trend;

Nonadaptive scheml Models without;

Adaptive scheme, Models with trend;

Table 5shows a), b), c) schemes comparative analysidtsasing checkin@® set. As one can see, c) scheme is the
most accurate, then goes b) scheme, and then a) one

Table 5. Comparison of the a), b) and ¢) schemes whilegheetification

Schem AVef /n, AVeR_ iny
a) 20,8 % 30 %
b) 20,8 % 29,6 %
C) 23,8 % 30 %

Table 6shows generalized analysis results all over therses and studies directions.

Table 6. Verification analysis results all over the stuwdirections
Information Division algorithm
Complete Incomplete DSD SD Quasi
Quasi> SD> DSD
Ways of models pair construction

Model construction scheme for
second forecasting model
Adaptive Nonadaptive

With trend | M Without trend
With trend>- Without trend

As one can see, generalized analysis resullalie 6are conformed with variants corresponding to thst Imodels
pair — the pair in c) scheme mentioned a littlechitlier. Results ifable Sunambiguously indicate that the best models
pair answers c¢) scheme, that actually correspoad&pselection result of the best models pair.

Let's carry out statistical analysis of the bestdels pair selected. Suppose that statistical ptiegeof the models
error valuesy [ Ew and ex [ Ex of randomly selecte?V andX sets from general totality are the same, i.eribigion
functions, expectation values and dispersion vakfesre equal. Such hypothesis is checked . If engidensity
function curve will be close to symmetrical (or Gaian) distribution law by mathematical statisticieria, then the
conclusions usingdrule obtained utilizingV set are supposed to be true for ¥heet. Notably if some statement for

the linear by parametefs model )7* = f(0,2) obtained usingV set is true then it would also be true for Keset.

Thereby this model deviation from a true TDR valtmsthe main group of thX set patients would also be found in
the error intervald, b) with 0,05 significance level.

The hypothesis checking results are presented stodrams (see fig. 4, fig. 5). There are built fregquency
histogram of théPw(enO(a;, b)), n=1,2,...,Ry andPx(enO(a, b)), n=1,2,...,1 for the best models pai®(Incomplete
information, Quasi-optimal division,  Adaptive scheme, Model with trend). As one can see, frequency fiomst
(discrete type of destiny function) for bditiandX sets are close to normal distribution law. Thexd#ad deviations
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are g, =5.32ando,, =9.52. Althougto, <o, butusing the 8 criterion 30, =15,95, 30, =28,57) most

of the patients belonging to theset are to be found in the given error interv@l@51, 0.051with significance level as
low as 0,04. So we have such results: 100% patadisset and 96% patients ¥fset (just one record from the 28 did
hit the interval) are to be found within thetl interval.

Histoglfam 7f|(he p-.uifenu‘.l hit fre]()l:lency in the interval Histogram of the patients hit frequency in the
ot model errors f)' the set interval of model errors for the set X
gy € (a,5)%, Tgp =35,32 sy e (a.b)%., Ty =552
03
g
g —
o7 1
07
06 n&
05 05
04 04
03 03
02 02
0.1 0.1 —T
J o mallem [l eB =
12 -0 =1 51 7 10 12 -12 -10 A1 51 7 10 12
madel errar (%) rnodel errar (%)
Figure. 4 Figure. 5

We came to such conclusions while resolving thisjam:

* When constructing approximating models it is prafiée to use :
Quasi-optimal set division algorithm;
Adaptive scheme for construction of the secomddasting model;
Construction of the models pair utilizing trendctel;
b) scheme — scheme with models constructidneaaluation utilizing whol&V set.

* When constructing forecasting models it is preferab use:
Quasi-optimal set division algorithm;
Construction of the models pair utilizing trendctel;
Incomplete set of arguments when set dividingess takes place;
¢) scheme — scheme with models constructidining U set, and evaluation utilizing/ set.

» The variant with the best models pair selectiondiagnostic criterion using wholé/ set leads to getting more
accurate results either for construction approxinggand forecasting models.

» The best models pair statistical analysis reswdtsote about its good forecasting properties. Bi# itecessary to
have a confirmation of different models forecasiligy of the best models pairs set for the masa.dat
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