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FINANCIAL EARLY WARNING DYNAMIC EVALUATION MODEL
BASED ON SUPPORT VECTOR MACHINE
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Konenx inaHciB i OyxraatepcbKoro o0J1iKy, AHbXOHCbKU A
yHiBepcuTeT CaHblisiHb, Xedeit Aubxoii, Kurait

MOJIEJIb ITMHAMIYHOI OIIIHKA PAHHbBOT'O
IOITEPE/KEHHS ®IHAHCOBOI KPU3U
HA OCHOBI METOJA OITOPHUX BEKTOPIB

Purpose. The issue of bankruptcy prediction and taking corresponding effect-reduction measures has become
an important research topic in the field of economy. The article mainly studies the issue how to improve the sup-
port vector machine (SVM) based on prediction effect of the financial crisis early-warning model.

Methodology. In view of the improved method of the kernel function exported Riemannian geometry struc-
ture, the financial crisis early-warning system based on the support vector machine (SVM) algorithm has been

developed.

Findings. The improved SVM model can effectively reduce the number of support vectors so that the model
can feature better capacity for generalization, and provide a more accurate classification for unknown samples.
The improved SVM model has increased the classification accuracy for the original training and testing sample

set.

Originality. An actual analysis on an improved algorithm for kernel function has been conducted based on the
data information, according to the zoom level of data information adjustment feature mapping, giving the expres-
sion of the algorithm of Riemann measures on the polynomial kernel function. There has been no other literature

describing the related study yet.

Practical value. For the financial crisis early warning issue, provided its scale is not large, and in consider-
ation of the enterprise’s actual interests, it is often worthwhile to pursue a better prediction effect. In this case, the
application of the SVM model with an improved kernel function is a good solution.

Keywords: support vector machine (SVM), kernel function, enterprise early warning

Introduction.The issue of providing early warning
before an enterprise goes bankruptcy and taking the
corresponding effect reduction measures has become
an important research topic in the field of economy.
Financial crisis refers to the following situations: a
listed company or an enterprise in a certain period of
time due to various aspects and reasons, has encoun-
tered significant setback, problems or the internal fi-
nancial situation which causes out of control prob-
lems, making its financial status in danger or in the
state of emergency [ 1]. This study considers the actual
situation of domestic listed companies and the related
regulations and provides special treatment carried out
on the standard to distinguish whether a company has
financial crisis or not. The earliest financial crisis early
warning model abroad started from the single variable
bankruptcy research. Then, scholars began to do a lot
of research on the financial crisis early warning, and
put forward different financial early warning models
one after another successively [2].

Despite different classification methods applied to
the establishment of the financial crisis model, most
of the research mainly focuses on the use of certain
statistical methods or artificial intelligence methods
[3—4]. The multivariate linear discriminant analysis
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method can make classification of companies into the
categories that are already known, and come to the
conclusion of five financial proportions that basically
can fully explain the state of the company which goes
bankrupt [5]. The multivariate model has overcome
the inevitable problems that a traditional single vari-
able model is hard to avoid, such as different forecast
results obtained for the same company due to different
proportions [6]. Logistic regression (Logit Model)
predicts the financial crisis of a company, with the
conclusion that the Logit model is more reasonable
than the multivariate analysis, and that the scale of the
company is a very influential input variable [7—8]. A
decision Tree method is applied to the research of fi-
nancial crisis prediction [9]. Later, with the rise of the
artificial intelligence method, a Neural Network (NN)
method becomes the most widely applied machine
learning algorithm in this field, which has also been
applied to the financial crisis prediction of the com-
pany [10].

The expression form of such modified methods in
the polynomial kernel function is given in this paper.
Moreover, the implementation idea of the modified
algorithm in Matlab is designed. The input index set of
the financial crisis warning model is designed. Through
the statistics and support vector machine (SVM) pre-
treatment technology, layers of screening on samples
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are performed, and then, the support vector classifica-
tion machine is applied to make financial crisis pre-
diction on the samples, thus, an improvement is made.
Finally, the testing results are compared and evaluated.

Financial crisis early warning model based on
support vector machine (SVM). Algorithm Thought.
As mentioned above, since the application of the sup-
port vector machine (SVM) is still in the stage of ex-
ploration and development, in the practical applica-
tion, the selection of model and its parameters is often
transcendental, and lacks theoretical guidance. In fact,
the method of kernel function does not require know-
ing the specific form of the kernel mapping specifi-
cally, which makes it hard to get universal guidelines
before the start of the training. To this end, a compro-
mise idea is through an adaptive approach, based on
the particularity of the problem itself, to improve the
model in the process of training. In this paper the al-
gorithm, which is in research and applied to the finan-
cial crisis early warning model, is based on the modi-
fied method of Riemannian geometry structure de-
rived from the basis of the kernel function. Relevant
information of the samples can be obtained through
the training for one time, and then through the infor-
mation to improve the kernel function, making it lo-
cally expand the mapping near the surface of the opti-
mal classification, thus, expanding the hyper plane,
reducing the number of support vectors, and improv-
ing the accuracy and the generalization ability, so as to
achieve a better classification effect. In order to achieve
such expansion, conformal mappings on the input
space are adopted, which can be achieved by the con-
formal transformation in the kernel function.

Zoom Level Based on the Data Information
Adjustment Feature Mapping. First of all, according
to the definition of the kernel function [11], there is

Kx, x') = () - $(x').

Wherein, ¢ : x — ¢(x) is the mapping of the input
space Xto feature space F. Let us consider the geomet-
ric structure derived from such kernel function. Map-
ping defines a volume manifold from X'to F. When the
feature space F'is the Euclidean space or the Hilbert
space, it can derive a Riemannian measure in the input
space, which is in X, for a tiny vector change dx, it can
be defined by its relative length due in the feature
space.

Set z is the image of x ¢ X in the feature space,
namely z = ¢(x), and a tiny vector change can be
mapped to

dz=Vo-dx= Z%q)(x)dx,.

Wherein V¢ = {%q)(x)J

Thus, the sum of the squares of dz = (dz,) can be
expressed as

|dz|2 =2(4z, )2 = Zg,, (x)dx,dx;.
LJ

a
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Where in gy(x)=[%¢(x)j-[%¢(x)j, from

which the tensor of Riemann measures G(x) = (g,(x))
can be obtained in the input space, and this is a posi-
tive definite matrix with #» x n dimension. It can be
proved that this measure can be derived directly by the
kernel function, namely

0 d ,
8;(x) =5 = K(x.x')
i

x'=x"

Now take the Gauss radial basis kernel function,
for example, through the analysis of the amplification

factor after improvement /g(x) to study how the im-

age of the sample point is locally amplified in the fea-
ture space. The main consideration is the amplifica-
tion factor near the support vector point, such as

c*(x
5 (9=,

. 9 .
Wherein A; = a,a; + 8, and g, =;ci (x), matrix

A={A;} can be written as

A=1+a’ee’.

n
Wherein 7 is the unit matrix, and a’ =2a,2, eis
i
the unit vector with # x 1 dimension, meeting the con-

... a; .
dition {eij =—’} and ¢ is the transpose vector of e,
a

through the orthogonal transformation, there is clearly
det|A|=1+a?
and

2c n
g(x)= dct|gij| =< 0(2x) [1 +2ai2];
i1

Lfex (—nr2 )[20% _2nr (1+62r2H
dyg(x) _ 20" Pl 7t T t

dr 2
\/1+G4r2
T

Hence the following conclusions can be made:

c o .
1. When 1 <—, the amplification effect near the

Jn

1

n—12
02

point r=1 >0 isthe maximum.

c
2. When TZT, as dd—\/ESO is true to any 7,
n r

therefore, at =0, i.e. the support vector, the ampli-
fication effect is the maximum.

c
To sum up, take T= T nearby, so that the ampli-
n

fication factor can be amplified to the maximum at the
support vector, and the amplification is local.
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Financial Crisis Prediction Model. After the se-
lection of the samples used in the prediction experi-
ment and determination of the time difference, let us
consider the main process of the model and the ex-
perimental design. Fig. 1 shows the framework of the
modified kernel function model.

Step I: in order to prevent the influence of the sin-
gular value existing in some data on the classification
accuracy; the percentile method is adopted for the first
step of pretreatment to the sample. First of all, through
the SPSS statistical software to perform descriptive
statistical analysis, we exclude the sample points out-
side of 5 and 95 % quantile. After removing the outliers
outside of 5 and 95 % quantile, there are 124 remain-
ing samples, including 42 from a ST company, 82 from
the other Non ST companies.

Step 2: standardization (dimensionless). Let us
standardize the samples, remove three standard devia-
tion samples. The processing results are 106 remaining
samples, in which 36 are from a ST company, 70 from
the other non ST companies.

Step 3: select the training set and the testing set. In
order to use the support vector machine (SVM) clas-
sification, the samples need to be classified, and di-
vided into a training set and a testing set. The training
set is used to perform the modeling training on the
support vector machine (SVM), and the testing set
tests the prediction effect. We randomly select 75 sam-
ples from 106 samples for the training set, in which the
ST company has 25 samples, non ST companies have
50 samples. The remaining 11 ST company samples
and 20 non ST company samples are for the testing set.

Step 4: normalization. Based on the past experi-
ence, the normalization of the sample data can im-
prove the classification performance of the support
vector machine (SVM). This article selects (0—1) for
the normalization, making all items of indexes of the
samples between 0 and 1.

Financial crisis theory
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Fig. 1. Modified SVM Financial Crisis Prediction
Model
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Step 5: model building. In this experiment, in con-
sideration of the excellent properties of the Gauss ra-
dial basis kernel function, we choose it as the core used
in the prediction model. The experiment is mainly di-
vided into several groups. For details please refer to
Table 1.

In the first set of the experiments, we adopt the RBF
kernel function, with the default parameter (C = 1,
g = 1/Dim), where Dim represents the dimension of
the input samples, in the experiment Dim = 19.

In the second set of the experiments, we adopt the
RBF kernel function, with the default parameter, per-
form the parameter optimization, and obtain the opti-
mal parameter.

In the third set of the experiments, we use the de-
fault parameter modified kernel function, namely, un-
der the condition of the original RBF kernel function
and the default parameters, modify the kernel function
and perform the quadratic model building.

In the fourth set of the experiments, we use the op-
timal parameter modified kernel function, namely,
under the condition of the original RBF kernel func-
tion and the optimal parameter, modify the kernel
function and perform the quadratic model building.

In the fifth set of the experiments, we adopt the
SVM method combined with the principal component
analysis, which has the advantages of reducing the the-
oretical dimensions of the sample and, thus, reducing
the computational complexity, we discuss its effect on
the financial crisis early warning model in this paper
and compare with the modified kernel function algo-
rithm.

Regarding the parameters to compare, several pa-
rameters in this paper are selected for comparison.
Firstly, we compare their overall classification accu-
racy in the training set and the testing set, which re-
flects the classification effect of the support vector ma-
chine (SVM). Secondly, considering that the modified
algorithm can reduce the number of support vectors
theoretically and, thus, ensure the generalization ca-
pacity of the model, we examine the number of the
support vector of the classification plane. We correlate
whether there is significant reduction before and after
the modification. For parameter optimization, this ex-

Table 1
Experimental Group Parameter Setting
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1 | Gauss RBF Kernel 1 1/Dim | No | No | No

2 | Gauss RBF Kernel 1 1/Dim | Yes | No | No

3 | Gauss RBF Kernel 1 1/Dim | No | Yes | No

4 | Gauss RBF Kernel 1 1/Dim | Yes | Yes | No

5 | Gauss RBF Kernel 1 1/Dim | Yes | Yes | Yes




EKOHOMIKA TA YNPABJIIHHA

periment selects the traditional Grid Search 5-Folds
Cross Validation method, and displays the optimiza-
tion process and the final optimal classification accu-
racy.

To modify the kernel function algorithm for the ex-
periment, in consideration of different values that the
parameter 7 takes, it is generally believed that when
the value of 7T'takes the theoretical optimal, the ampli-
fication effect is the best; hence the experiment veri-
fies whether this theory is true for the financial crisis.
The specific parameters are shown in Table 2.

Experiment and analysis. Experiment. The
aforementioned model being run in the Matlab soft-
ware, the experimental results obtained are as follows.

1. The first set of the experimental results are in
Table 3.

2. Regarding the second set of experiments, the op-
timal parameter, and the optimal parameter. The
training images and results are shown in Fig. 2 and
Table 4, and Experimental Optimization 3D Figure is
shown in Fig. 3.

3. Regarding the third set of experiments, on the
basis of the default parameters and, we perform the
modification of the kernel function. The results are in
Table 5.

4. In the fourth set of experiment, on the basis of
the optimal parameters, we perform the modification
of the kernel function. The results are as follows in
Table 6.

Experimental Analysis. After obtaining the re-
sults of the four sets of experiments respectively, ac-

cording to the classification accuracy, we perform the
horizontal comparison, analysis and evaluation of
each experiment (Table 7).

Comparing the first and the second set of the ex-
periments, on the basis of the parameter optimization,
one can see that the number of support vectors in the
second set of the experiments shows small reduction;
in addition, regarding the classification accuracy, re-
lated to the default parameter settings, it has been
greatly modified. This has proved the importance of
the parameter optimization. Comparing the first and
third sets of the experiments, it can be found that on
the basis of the default parameters the modification of
the kernel function can significantly reduce the num-
ber of support vectors and improve the classification
accuracy of two categories. In particular, when the
value of parameter 7'is the optimal value theoretically,
the classification effect of the modified model is the
best. Whether the value of 7' is too large or small, it
significantly affects the scaling degree of the feature
mapping. If the amplification degree is too large, it will
make the space set amplified globally, resulting in the
loss of the significance of modification; however, if the
amplification degree is too small, it will make the mag-
nified area discontinuous, hence, the effect is not ide-
al. Considering the second and the fourth set of the
experiments, the same conclusion can be obtained.
Therefore, the parameters optimization can be per-
formed first, and then according to the result of the
parameter optimization, we make adjustment on the
kernel function.

Table 2
Model Evaluation Standard
Observation
Name of Evaluation Criteria Description Experiment
Group
Cross validation overall classification accuracy | Result of the cross validation parameter optimization 2,4,5
Classification accuracy of the training set Correct classification number of the training set / Total number 1,2,3,4,5
of samples of the training set
Classification accuracy of the testing set Correct classification of the testing set / Total number of samples | 1, 2, 3,4, 5
of the testing set
Total number of support vectors Total number of support vectors after the completion of training 1,2,3,4
and modification
Table 3 Table 4

The Classification Accuracy of the First Set
of the Experimental Model

Classification Accuracy of the Second Set
of the Experimental Model

Experimental Group

Total Number
of Support Vectors

Classification
Accuracy
of the Training Set

Classification
Accuracy
of the Testing Set

Optimal Accuracy
of the Cross Validation

—

9}
—

66.6667 % (50/75)

64.5161 % (20/31)

z
c
=
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Total Number
of Support Vectors

Accuracy
of the Training Set

Accuracy
of the Testing Set

Optimal Accuracy
of the Cross Validation

» | Experimental Group

N
co

78.6667 % (59/75)

83.8710 % (26/31)

78.6667
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SvVC Parameter selection result graph (contour map) [GridSearchMethod]
Best ¢=3.03149g=0.10882 CVAccuracy=78.667%

8

Accuracy(%)

Fig. 2. The Second Group of Experimental Para-

meter Optimization Result

log2g

SVCParameter selection result graph (3D view) [GridSearchMethod]
Best c=3.0314 g=0.10882 CVAccuracy=78.6667%

log2c

Fig. 3. The Second Group of Parameters of Ex-

perimental Optimization 3D Figure

Table 5

Classification Accuracy of the Third Set of the Experimental Model

Experimental Parameter 7 Value Total Number Classificatiop Accuracy Classification'Accuracy
Group of Support Vectors of the Training Set of the Testing Set
0.1 40 78.6667 % (59/75) 67.7419 % (21/31)
3 2.06758 (Optimal in the theory) 24 86.6667 % (65/75) 90.3226 % (28/31)
5 16 92 % (69/75) 35.4839 % (11/31)
Table 6
Classification Accuracy of the Fourth Set of the Experimental Model
Experimental Parameter 7 Value Total Number Classificatiqn Accuracy Classification.Accuracy
Group of Support Vectors of the Training Set of the Testing Set
0.1 30 86.6667 % (65/75) 35.4839 % (21/31)
4 2.06758 (Theoretical Optimal 30 89.3333 % (67/75) 90.3226 % (28/31)
5 18 93.3333 % (70/75) 87.0968 % (27/31)
Table 7
The Horizontal Comparison of Classification Accuracy of Five Sets of the Experimental Models
Experimental Parameter T Total Number Classiﬁcatiop Accuracy Classiﬁcation.Accuracy Optimal Accu'racy
Group of Support Vectors of the Training Set of the Testing Set of the Cross Validation
1 NA 51 66.6667 % (50/75) 64.5161 % (20/31) NA
2 NA 48 78.6667 % (59/75) 83.8710 % (26/31) 78.6667 %
0.1 40 78.6667 % (59/75) 67.7419 % (21/31) NA
3 2.06758 24 86.6667 % (65/75) 90.3226 % (28/31) NA
5 16 92 % (69/75) 35.4839 % (11/31) NA
0.1 30 86.6667 % (65/75) 35.4839 (11/31) NA
4 2.06758 30 89.3333 % (65/75) 90.3226 % (28/31) NA
5 18 93.3333 (70/75) 87.0968 % (27/31) NA
5 NA 45 90.6667 % (68/75) 90.3226 % (28/21) 82.6667 %

Conclusion. In this paper, a kind of modified
method of the kernel function for support vector ma-
chine (SVM) is studied, whose core idea is to apply the
information of the data itself to zoom in the most core
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feature mapping locally. The mapping measure con-
cept is expressed on the polynomial kernel function
and the corresponding financial crisis early warning
model is constructed. By the empirical comparison
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with the traditional SVM financial crisis model, the
feasibility and effect of this modified method in the
field of the financial crisis early warning is analyzed
and evaluated.

Through the experiments, the following conclu-
sions are obtained: firstly, the modified SVM model
can effectively reduce the number of support vector,
allow better generalization capacity for the model, so
as to make more accurate classification for unknown
samples. Secondly, the modified SVM model has im-
proved the classification accuracy for the original
training sample and testing sample set. Finally, due to
the need for secondary training of the modified SVM
model, there is a potential problem that the algorithm
is too complicated, and the additional computational
complexity is worthy of in-depth study. However, the
financial crisis early warning problem, due to the scale
of the problem, is not large in consideration of the ac-
tual interests of the enterprise; it is often worth apply-
ing to pursue a better prediction effect. In this case, the
application of the kernel function of the SVM model is
a pretty good solution.
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Meta. BaxxinuBolo TeMOIO TOCTiKEHb B 00gaCTi
€KOHOMIKM € paHHE IOoIepeIKeHHsI OaHKpPYyTCTBa
MiATIPUEMCTBA i BXWBaHHS BiIMOBIAHUX 3aXOmiB 3i
3HVKEHHST BIUIMBY. Y JaHiii poOOTi, B OCHOBHOMY,
TMOCJIIKYETHCSI MUTAHHS TIPO T€, K MOKPAIIUTU Me-
TOJ onopHUX BeKTopiB (SVM), 3acHoBaHUIT Ha e(heK-
Ti IPOrHO3YBAHHS MOJIEJi PAHHBOTO TMOTIEPEIKEHHS
¢iHAHCOBOT KPU3H.

Meroauka. 3 ypaxyBaHHSM YIOCKOHAJIEHOTO
crnoco0y (yHKIII sapa, 10 eKCIOPTYEThCSI pUMaHO-
BOIO TCOMETPUYHOIO CTPYKTYPOIO, MOOYyIOBaHa CHC-
TeMa paHHBOTO MOIIepeIKeHHS (DiHAHCOBOI KpU3HU HA
OCHOBI airoput™My SVM.

PesyabsraTn. [TokpamieHa monens SVM no3Bouisie
e(PEeKTUBHO 3MEHIIYBaTU YUCJIO OMOPHUX BEKTOPIB
Tak, 1106 Moneab Maja Kpallly 3MaTHiCTb 10 y3arajib-
HeHHs, 3a0be3neuyBaja TOUYHilly KJjacuikalilo s
HeBigoMmux 3paskiB. [TokpaiieHa monenb SVM min-
BUILMJIA TOUHICTb KJacudikalii At nepBUHHOTO Ha-
BUAHHS 1 TECTyBaHHS BUOiIpKMU.

Haykosa HoBu3Ha. I[IpoBeacHO KOHKPETHUIA
aHaJli3 y10CKOHAJIEHOTo aJITOPUTMY ISl (PYHKILIT siapa
Ha OCHOBI iHDOpMAaLiTHNX JaHUX, Y BIOIIOBITHOCTI 1O
piBHSI MaciITaOyBaHHSI iH(MOpPMALIHUX HaHUX 3
MOXJIMBICTIO peTYIIOBaHHS BigoOpaxkeHHs1. OTpuMa-
HO BUpa3 ajiroputMy Mip PiMaHa Ha (yHKIIiI0 moJi-
HoMianbHOrO siapa. Ha jaHuii MOMEHT He iCHY€ iHIIIOo1
JIiTepaTypu 3 ONMMCOM MOAIOHUX TOCTiIKEHb.

IIpakTyna 3HaYMMicTb. {1 MUTaHHS PaHHbLO-
ro TornepemkeHHs (iHAHCOBOI KPU3M, SKIIO HOro
MacllITad He BeTUKUI, a TAKOX 3 YPaXyBaHHSIM pealib-
HUX IHTEpeCiB MiAMPUEMCTBA, YACTO OYBa€ MOLUIBHO
IOOUBATUCS KpallOro TMPOrHO3yo4uoro edexkry. Y
IIbOMY BUITIAIKY 3aCTOCYBaHHS Momesli SVM 3 mmokpa-
IIeHOIO (DYHKITIEIO SIAPa € XOPOIIIUM PIillICHHSIM.

KimouoBi cioBa: memood onopHux eexmopié
(SVM), @pyuxuis sopa, paune nonepednceHHs: OaH-
Kpymcmea nionpuemcmaea

Iennb. BaxkHoii TeMoli UcclienoBaHUil B 00J1aCTU
SKOHOMUKH SIBJISIETCS] paHHEee TpeaynpexkaeHe oaH-
KPOTCTBA TIPEANPUSITHAS U TIPUHSATHE COOTBETCTBYIO-
IIUX MeP IT0 CHIDKEHMIO BO3IeicTBUs. B manHoOI pa-
00Te, B OCHOBHOM, UCCJIEIyeTCsl BOIIPOC O TOM, KakK
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YJIY4IIUTh METOMA OMOPHBIX BEKTOPOB (SVM), ocHoO-
BaHHBII Ha 3(G@deKTe IMPOTHO3ZUPOBAHUS MOICITN
paHHEeTro IMpeayIpeXIeHnsT (GMHAHCOBOTO KpHU3Hca.

Metomuka. C y9eTOM YCOBEPIICHCTBOBAHHOTO
coco6a GYHKIINU sIapa, SKCIIOPTUPYEMO puMaHO-
BOIA T€OMETPUUYECKOM CTPYKTYpOM, MOCTPOEHA CHU-
cTeMa paHHero MpeaynpexkacHus (MHAHCOBOTO KpH-
31ca Ha OCHOBe ajroputMa SVM.

PesynbraTsl. YiaydiieHHas moaeiab SVM no3Bo-
JisieT 3¢ (EeKTUBHO YMEHbIIATh YMCJIO OMOPHBIX BEK-
TOPOB TaK, YTOOBI MOIEITb MMeEJIa JIYUIIYIO CITOCO0-
HOCTb K 000011eHUI0, obecrnieunBaja 0oJjiee TOUHYIO
KJ1accu(UKAaLMIO 111 HEU3BECTHBIX 00pa31oB. Yiayu-
meHHass Momeib SVM moBBICHIIa TOYHOCTh KJTACCH-
duKamy WIS TepBOHAYAILHOTO O0YUYEeHUST U TECTH-
pPOBaHUS BBIOOPKMN.

Hayuynas noBusHa. [IpoBeneH KOHKpPETHbBI aHa-
JIN3 YCOBEPIIEHCTBOBAHHOIO aJropuT™Ma st (hyHK-
MM sIpa Ha OCHOBE MHMOPMAIIMOHHBIX TaHHBIX, B
COOTBETCTBUU C YPOBHEM MAacCIITaOUPOBAaHUSI WMH-
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(opMalIMOHHBIX JAHHBIX C BO3MOXHOCTBIO PETYJIv-
poBKu oTtoOpaxkeHms1. [lomydeHO BBIpaxkeHUE ayro-
putMa Mep PuMmana Ha (hyHKIIUIO TIOJTMHOMUAIBHOTO
sapa. Ha maHHBI MOMEHT He CYIIeCTBYET IPyTOM JIn-
TepaTyphl C ONMMCAaHNEM MOTOOHBIX NCCIICIOBAHMIA.

IIpakTUyeckas 3HAYMMOCTb. J1151 Bonmpoca paH-
HEro mpeayrnpexneHus: GMHAHCOBOTO KPU3KCa, €CIu
ero Macitab He BeJIUK, a TaKXKe ¢ yIeTOM peaTbHbIX
WHTEPECOB MPEAINPUSITUSI, YacTO ObIBAeT 1IEIeCO0-
Opa3HO [O0OMBATHCS JYYILIEro MPOTHO3UPYIOIIETo
addekra. B aTom ciiyyae npuMmeHeHue Mmoaean SVM
C YIy4dlIeHHOW (DYHKIIME sipa sIBJISIETCSI XOPOIITUM
peleHueM.

KiroueBbie cjioBa: memod OnopHuIX 6eKMopo8
(SVM), ¢pyuxuyus siopa, parnnee npedynpexicoerue
banKkpomcemea npeonpusimusi

Pexomendosano 0o nybaikayii dokm. mexH.
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pyronucy 28.07.15.
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SELF-ADAPTIVE OPTIMIZED MARKET PREDICTION MODEL
BASED ON GREY MODEL

I3inbayans Ban

kosna Mapkcuzmy, XyOelCbKM MOMITEXHIYHUI YHiBEp-
cutet, XyaHiuu, Xyoeit, Kuraii

CAMOAIJAIITUBHA OITTUMI3OBAHA MO/ EJIb
ITPOTHO3YBAHHS PUHKY HA OCHOBI CIPOI MOJIEJII

Purpose. Market prediction refers to prediction of internal rules and future development trends of various
market indexes and factors based on exploration and in-depth research of various factors influencing market de-
mand and supply changes through scientific theories and systematic model algorithms. This paper analyses opti-
mization results of the traditional prediction algorithms and the intelligent prediction algorithms.

Methodology. In order to analyse differences between the results obtained by prediction algorithms and prac-
tical situations, it is necessary to unify the model analysis parameters. The model predicting the grey system is
applicable to predicting situations with an index variation trend. The time sequence model is suitable to data with

certain trend and periodical changes.

Findings. It has been found that the neural network and model and the support vector model have no require-
ments of data, so they are suitable to any situations. And when the market demand changes show index changes,
the dynamic pricing and inventory control optimization model based on the grey prediction model is of vital guid-

ing significance towards planning of commodity sales.

Orriginality. Through simulation, the predicted value of models is close to the final optimization target earnings.
Practical value. The following fact has been also considered: when market demand changes tend to show
index changes, the dynamic pricing and inventory control optimization model based on the grey prediction mod-

el can guide the planning of commodity sales.

Keywords: grey model, self-adaptive optimization, model prediction, specific power function

Introduction. Market prediction refers to predic-
tion of internal rules and future development trends of
various market indexes and factors based on explora-
tion and in-depth research of various factors influenc-
ing market demand and supply changes through scien-
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tific theories and systematic model algorithms [1].
Based on the rules of market supply and demand
changes, it provides reliable guidance and bases for
operation decision-making of enterprises. Prediction
can help improve the scientific level of management
and reduce the blindness of decision-making. There-
fore, the purpose of market prediction is actually to

147




