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Abstract: The formation of representative databases determines the interest in forecasting and managing the quality of
metal based on data mining using special software products often based on regression analysis and not always taking into
account the statistical nature of an object of study itself. This can lead to misinterpretation of the results or incomplete ex-
tracted information reducing the efficiency of statistical processing. Based on the analysis of the production database of
the technology for producing 13G1S-U sheet steel, the authors evaluated the possibilities of multiple linear regression for
predicting the quality of a steel sheet. The study shows that the type of distribution of the values of control parameters,
the distribution nature of which was estimated based on the determination of the skewness and kurtosis coefficients,
limits the regression forecast depth. Due to the great deviation of the predicted models from the experimental values in
the right tail area of the distribution of the impact strength values, in this work, the authors developed the methods for
separating data arrays and proposed criteria to compare the obtained results. To assess the accuracy of the results ob-
tained, arrays with a deliberately asymmetric distribution were selected from the initial sample, against which the statis-
tical characteristics were also compared. Based on the proposed techniques, the authors identified the dominant chemi-
cal elements that contribute to the difference in the distribution of the values of acceptance properties existing within
the same standard technology. The study shows that the proposed separation method can be used as a variation of cog-
nitive graphics techniques to identify areas with a dependence dominant type based on the correlation of skewness and
kurtosis coefficients.
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cess and product parameters, for example, using Shewhart

INTRODUCTION control charts'. Their main disadvantage is the assumption

The high level of fitting of metallurgical enterprises
with digital tools of intermediate control, and information
collection, allows obtaining representative databases of
production in a short period. This determines the interest in
a post-event analysis of such data arrays for identifying the
reasons for the heterogeneity of the quality of metal pro-
ducts, and developing sound principles for managing them
[1; 2]. When analysing such information, a passive experi-
ment is implemented [3; 4]. The costs of which are justified
within the current, well-functioning technology, when
the high quality of the metal is achieved for a part of
the product (usually from half of its volume or less), and it
is necessary to solve the problem of “improving the low-
performers” to the advanced level [5].

Traditional approaches to solving such problems are
based, in particular, on the analysis of the stability of pro-

of normalcy of distributions and a single space of process
and product parameters, which can lead to poor forecasting
performance [6]. In fact, a deep post-event analysis will be
more informative, revealing both the presence of direct
links between significant control parameters and properties
and their manifold influence, taking into account existing

V' GOST R ISO 7870-1-2022. Statistical Methods. Control
Charts. Part 1. General guidelines. M.: Russian Standardization
Institute, 2022. 19 p.

GOST R ISO 7870-2-2015. Statistical Methods. Control
Charts. Part 2. Shewhart Control Charts. M.: Standartinform,
2016. 41 p.

GOST R ISO 7870-3-2013. Statistical Methods. Control
Charts. Part 3. Acceptance Control Charts. M.: Standartinform,
2014. 18 p.
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areas with one or another type of dependence, the bounda-
ries of which can be determined, for example, using cogni-
tive graphics techniques. [7].

Recently, to solve the problem of quality control of
metal products (including end-to-end — from smelting to
acceptance tests), machine learning algorithms are increas-
ingly used. Among them, methods based on decision trees
[8-12], neural networks, etc. [13—19] have become wide-
spread. In a number of cases, their application allowed cre-
ating models, the prediction of which was higher against
the conventional regression, for example, when developing
a digital laser cladding model [9]. Random forest algo-
rithms were also used when predicting the structure (in par-
ticular, the interlamellar distance of precipitated phases),
and mechanical properties for alloys with a relatively short
production chain [11; 12]. The application of methods,
based on decision trees, showed its effectiveness when pre-
dicting the consequences at individual stages of the produc-
tion cycle.

There is a wide interest in software solutions built on
the basis of neural networks, for example, for predicting
mechanical (during tensile and impact tests [14], as well as
measuring hardness [15]), and processing characteristics
(hardenability [16]) depending on chemical composition.
Moreover, the use of neural networks was tested in the pro-
duction of slabs, to predict the cast structure, depending on
the variation in the values of technological parameters of
production [17]. Neural networks were also applied to pre-
dict metal defects in the manufacturing process [5]. Neural
networks are actively used when recognizing the structure
objects, for example, when detecting sulfide inclusions [18]
or classifying structural components [19]. Despite their
“independence” in work, it is obvious that the effectiveness
of the functioning of neural network software products will
be largely determined at the stage of their training by highly
skilled representatives of the expert community.

In this regard, in particular, it is important to consider
issues related to specifying the role of the statistical nature
of objects in metallurgy, when applying both classical and
developed algorithms. Obviously, it is also important to
determine the boundaries of areas with a dominant depend-
ence type, the patterns of their interaction, which will allow
justifying the choice of appropriate statistical procedures
and criteria. When developing IT solutions in relation to
metallurgy, these circumstances are not always given
the necessary attention, which, at least, follows from the
analysis of relevant publications.

The purpose of this work is to determine the procedure
for selecting samples (with the asymmetric nature of
the distribution histograms of the values of the 13G1S-U
sheet steel acceptance characteristics), to identify areas of
change in technological parameters with a dominant de-
pendence type.

METHODS

The study object was the database of production control
of the process and product of the technology for producing
rolled 13G1S-U steel with a sheet thickness of 12 mm and
consisting of 1021 heats. The impact strength values at test
temperatures of 0 and —40°C (KCV® and KCU ™,
respectively) were chosen as quality characteristics.

Regression analysis was performed using multiple linear
regression. The parameters identified were the multiple
regression coefficients b;, the standard error of the regres-
sion coefficients o, the correlation coefficients R, and
the significance level of the Fisher test /. The removal of
insignificant coefficients was carried out when the regres-
sion coefficient was equal to zero within the error and
the Student’s risk level was equal to 0.05.

The main calculated characteristics of the samples were
the average value x,,, the standard error of the sample o,
the skewness A, and kurtosis E, coefficients.

RESULTS

Initial sample analysis

Fig. 1 shows the distribution histograms of the impact
strength values for 13G1C-U sheet steel.

The available samples have an asymmetric distribution,
while the skewness coefficients are equal to 1.44 and 1.26,
and the kurtosis coefficients are equal to 2.53 and 2.38 for
the impact strength values KCV? and KCU ™, respectively
(if the error in their determination for the skewness coeffi-
cient is 0.23 and for kurtosis is 0.76).

Regression models were obtained to predict impact
strength, with respect to chemical composition, the charac-
teristics of which (b; is the regression coefficient; oy is
the standard error of the regression coefficient; R is the cor-
relation coefficient; F is the Fisher criterion significance
level) are shown in Table 1.

The regression models obtained are significant proceed-
ing from the Fisher criterion significance level. Fig. 2 pre-
sents the graphs illustrating the correspondence of the mo-
del to the actual values.

The resulting models predict the desired mechanical
properties at a low level. At the same time, clearly outlying
values of impact strength are noticeable in the region of its
high values, which correspond to the right tails of the histo-
grams determining the deviation of the distribution as
a whole from the normal one. This deviation may be
the result of the joint action of independent disturbances of
approximately equal strength, which determines the nature
of its distribution (close to normal). Therefore, there is an
interest in dividing the initial sample of impact strength
values into two sub-arrays.

Dividing the sample into two data arrays

The initial histograms of impact strength values with pro-
nounced asymmetry were divided into two distributions (with
signs of normal one), based on the selection of the largest
sample of values (basic sample) as a data array, where
the statistical outliers are absent, if the values of the skewness
A, and kurtosis E, coefficients approach zero as much as pos-
sible [20]. The remaining impact strength values (from
the right tail of the primary sample distribution) were selected
into a separate array (selected sample) and supplemented with
values from the basic sample (drawn at random from the right
tail of its histogram), also until the values of skewness A, and
kurtosis E, coefficients (outliers) approach zero as much as
possible. The values of technological parameters (chemical
composition) corresponding to the two formed samples of
impact strength were also separated into paired data arrays.
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Fig. 1. Histograms of distributions of impact strength of 13G1S-U steel:
a — test temperature 0 °C, V-cut;
b — test temperature —40 °C, U-cut
Puc. 1. l'ucmoepammor pacnpedenenuil yoaprou ésazxocmu cmanu 13I1C-Y:
a — memnepamypa ucnvimanus 0 °C, V-naopes;
b — memnepamypa ucneimanusa —40 °C, U-naope3

Table 1. Characteristics of the “chemical composition — property” regression model for impact strength of 13G1S-U steel

Tabnuua 1. Xapaxmepucmuxu pezpeccuoHHOU MOOENU «XUMUYECKULL COCTNA8 — C8OUCTNBO»
07 yoapHot éazkocmu aucmosotl cmanu 13I'1C-Y

b.
Equation parameters (—’J
Property Gy R F
Mo Nb Cu Cr S Mn Si C 0
-1374 1485 —252 132 —9425 -123 —106 —833 485 .
-40 .1076
KCU 403 270 73 42 557 33 29 214 62 0.53 210
-9412 -174 255
0 _ _ _ _ _ _ 1074
KCV 501 23 12 0.49 4-10
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Fig. 2. Correspondence of predicted and observed values of impact strength of 13G1S-U steel:
a — test temperature 0 °C, V-cut; b — test temperature —40 °C, U-cut
Puc. 2. Coomgemcmeue npedckazanuvix u HaAbooaemuvlx 3navenutl yoapuou eszkocmu cmanu 131C-Y:
a — memnepamypa ucnvimanus 0 °C, V-naopes; b — memnepamypa ucnvimanusi —40 °C, U-naopes

Fig. 3 shows diagrams for separated impact strength ar-
rays, and Table 2 represents the statistical characteristics of
the obtained distributions: x,, average values, their ¢ deter-
mination error, skewness and kurtosis coefficients. At
the same time, the number of values in the main sample and
outliers was 878 and 143 batches for the KCU™ impact
strength and 858 and 163 for the KCV® impact strength, re-
spectively.

According to the appearance of the diagrams, and the va-
lues of the skewness and kurtosis coefficients, it follows that
the distribution of the obtained samples is close to normal.

Table 3 presents the statistical characteristics of the che-
mical composition samples according to the division into
sub-arrays with a normal distribution of KCU °, and KCV°
impact strength values. Differences between the types of
distribution of the corresponding chemical composition
samples were estimated based on a comparison of the va-
lues of the skewness and kurtosis coefficients for the main
sample and selected within the error. Therefore, for example, if
the difference between the coefficients was greater than

the sum of their errors, then this confirmed the validity of
the hypothesis about the difference between the samples.
One should note that following the results presented in
Table 3, it is not possible to identify differences between
the samples based on the average values of the content of
the chemical composition constituents. However, for some
arrays of values of the content of chemical elements in
the basic and selected samples, there is a difference in
the form of their distribution: the values of their skewness and
kurtosis coefficients differ significantly. Thus, for two sam-
ples of impact strength at —40 °C, differences were revealed in
the form of corresponding distributions of the content of sul-
phur, nickel, titanium, vanadium, niobium, boron, and molyb-
denum; for two samples of impact strength at 0 °C — for
the content of nickel (by the value of the kurtosis coefficient
only), titanium, vanadium, niobium, and molybdenum. In
both cases, the difference in the titanium distribution was re-
vealed by the kurtosis coefficient only. This means, that par-
ticular, these parameters contribute the most to the difference
between the normally distributed samples shown in Fig. 3.
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Fig. 3. Distribution diagrams for the impact strength values of 13G1S-U steel
when dividing the initial array into two sub-arrays:
a — test temperature 0 °C, V-cut; b — test temperature —40 °C, U-cut
Puc. 3. Juazpammul pacnpedenenus 3uavenuii yoapuotui éaskocmu cmanu 131'1C-Y
npu pasoeieHul UCX0OH020 MACCUBA HA 08A NOOMACCUBA:

a — memnepamypa ucnvimanus 0 °C, V-naopes; b — memnepamypa ucnoimanus —40 °C, U-naopes

Table 2. Statistical characteristics of divided arrays of the impact strength values of 13G1S-U sheet steel

Taonuya 2. Cmamucmuueckue Xapakmepucmuxu pazoeeHHblX MAcCU808 sHayeHull yoapHou éaskocmu aucmosou cmaau 13I1C-Y

Property Sample type Xavy J/cm? o, J/em? As Ex
Basic 101 29 0.25+0.25 —0.46+0.83
KCV*
Selected 205 51 0.19+0.57 0.64+1.83
Basic 118 34 0.24+0.25 —0.54+0.82
KCU™
Selected 214 58 0.12+0.60 0.45+1.94
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Identification of areas of change in the values
of control parameters with a dominant dependence type

The assessment of the influence of certain technology
parameters on the quality deviation based on the traditional
comparison of their average values over the sample is com-
plicated by some factors, for example, due to the lack of

a normal distribution of control parameter values. Regres-
sion is also usually ineffective due to the lack of a single
space of process and product parameters. Obviously,
the influence of certain technology parameters (mainly
joint) on the properties of metal products, both positive and
negative, is most pronounced, when the level of properties

Table 3. Statistical characteristics of samples corresponding to the distribution of the content of the 13G1S-U steel

chemical composition elements, which conform to the basic and selected arrays of the impact strength values (KCU #’ and KCV?)
Tabnuya 3. Cmamucmuueckue Xapakmepucmuku l00POK, OMBEYAIOUUX PACHPEOENEHUIO COOEPHCAHUS INEMEHMO8 XUMULECKO2O0
cocmaea cmanu 131 C-Y, coomeemcmeyiowux 0CHOGHOMY U 6bLOEIeHHOMY Maccuéam snayvenuti yoaprot easkocmu (KCU 0 u KCV?)

Relevant to the array of the KCU™ values Relevant to the array of the KCV° values
Parameter

Xavy Yo Wt. o, Y% wt. As Ex Xeps Yo Wt. o, Y% wt. As Ex

0.13" 0.01 -1.34 2.02 0.13 0.01 -1.36 1.97

¢ 0.13 0.01 —-0.99 0.13 0.13 0.01 -1.13 0.81
. 0.49 0.06 —2.28 6.46 0.48 0.06 —2.28 6.12
> 0.47 0.08 —2.48 4.99 0.48 0.07 -2.81 7.80
1.41 0.06 1.57 3.19 1.41 0.06 1.60 3.14

Mn

1.41 0.05 1.68 4.38 1.41 0.05 1.19 3.49

0.014 0.003 1.24 2.18 0.014 0.003 1.22 2.17

’ 0.014 0.003 0.95 1.42 0.014 0.003 1.06 1.35
. 0.006 0.003 1.29 2.82 0.006 0.003 1.39 3.37
> 0.004 0.003 3.23 15.09 0.004 0.002 1.07 1.06
0.10 0.03 1.60 4.33 0.10 0.03 1.63 4.35

“ 0.11 0.04 1.43 3.04 0.10 0.03 1.27 2.80
" 0.09 0.02 1.89 7.01 0.09 0.02 1.76 6.36
N 0.13 0.02 0.18 -0.32 0.09 0.02 2.12 9.11
0.13 0.02 0.82 1.08 0.13 0.02 0.78 0.97

“ 0.13 0.02 0.18 —0.32 0.13 0.02 0.76 1.40
" 0.006 0.005 3.38 10.05 0.006 0.005 3.18 8.78
t 0.006 0.005 2.73 6.88 0.005 0.004 3.95 15.96
0.03 0.006 —-0.03 0.42 0.03 0.006 —-0.04 0.46
Al 0.03 0.006 -0.13 —-0.05 0.03 0.006 —-0.04 —-0.19
. 0.003 0.009 5.40 29.12 0.004 0.009 5.11 25.87
v 0.007 0.014 2.85 6.42 0.005 0.013 3.48 10.49
0.009 0.002 0.13 -0.93 0.009 0.002 0.13 -0.92
N 0.008 0.002 0.42 —-0.16 0.008 0.002 0.36 —0.42
0.017 2-10716 1.00 —-2.00 0.017 2-10716 1.00 —2.00
As 0.017 5-107Y7 1.01 -2.03 0.017 6-107"7 1.01 —2.03
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Continue table 3

Relevant to the array of the KCU ™ values Relevant to the array of the KCV values
Parameter

Xavy Yo Wt. o, % wt. As Ex Xepy Yo Wt. o, % wt. As Ex

. 0.043 0.007 2.57 6.78 0.043 0.007 2.50 6.31
i 0.044 0.005 1.28 2.24 0.043 0.005 0.85 -1.30
. 0.001 0.0001 -3.12 11.54 0.001 0.0001 -2.93 10.19
’ 0.001 0.0002 -2.11 5.60 0.001 0.0001 -2.90 10.75
. 0.008 0.004 6.18 47.60 0.008 0.004 6.34 51.04
Mo 0.008 0.001 0.35 -1.05 0.008 0.003 7.56 75.76

Note. The basic sample is in the upper line of a cell, the selected sample of the impact strength values of the initial array is in the

lower line of a cell.

* Chemical composition elements for which the differences in the form of the distribution of values of their content in the basic and
selected samples are identified (the corresponding coefficients are highlighted in bold).
Tpumeuanue. B gepxueil cmpoke aueliku 0CHOBHASA, 8 HUJICHE — BbLOENEeHHAS BbIOOPKA 3HAUEHUT YOAPHOU BA3KOCMU UCXOOHO20

maccusa.

* Dnemenmopl XumMuvecko2o cocmasd, 0Jis KOMopblX 6blA6NEHbL PA3IUYUAL 6 8UOE PACHPeOeNeHUs SHAYEHUTL UX COOePIHCANUSL
6 OCHOGHOIL U 8bIO€/IEHHOUL 8b160pKAX (coomeemcemayiowue KoIDGuyuenmot Gbl0eNeHbl NOLYICUPHIM HAYEPMAHUEM,).

is close to either the upper or lower limits of the sample of
their distribution. The selection of the relevant data sub-
arrays, from the production control database can be effec-
tive for the subsequent determination of the areas of change
in the technology parameters with the dominant dependence
type — corresponding, for example, to high and low (posi-
tive and negative signs, respectively) values of impact
strength. For this purpose, a two-dimensional display of the
areas of existence of objects in the form of a “cloud of
points” on different planes of x—x, parameters is useful
[21]. If the cloud splits into two, then, obviously, there is
some objective reason. Usually, the division of arrays is
carried out either by selecting an equal number of left and
right columns of the histogram of the distribution of
the output parameter values (if the sample of n measure-
ments is divided into the number of digits n/” and the va-
lues in the extreme digit numbers are near-equal). However,
the correspondence of the values in the left and right tails of

the histogram is more often observed with a symmetrical
distribution, and in the presence of more or less pronounced
asymmetry, such a condition is rather difficult to fulfill. In
this case, it is not easy to substantiate even the boundaries
of the selection of the distribution “long” tail to identify
subsequently the reasons for its formation. In this regard,
the variant of considering it as a separate disturbance with
a normal distribution proposed in the paper, can be useful
as one of the methods of cognitive graphics used to separate
data arrays.

Table 4 presents the statistical characteristics of
the distributions of the content of the 13GIS-U sheet
steel chemical composition elements corresponding to
the impact strength (KCU ™ and KCV? values of
the basic and selected samples (obtained by splitting
the initial distribution histograms of the impact strength
values with right-hand asymmetry according to the pro-
posed procedure).

Table 4. Statistical characteristics of samples corresponding to the distribution of the content of the 13G1S-U steel chemical composition
elements, which conform to the left and right tails of the distribution of the impact strength values (KCU ** and KCV’)

Taonuuya 4. Cmamucmuyeckue Xapakmepucmuxu 100poK, OMEeuarouux pacnpeoeieHuio Co0epHCanUs 1eMeHM08 XUMULECKO20 cOCMAasgd
cmanu 131 C-Y, coomeememeytouux 1e6blM u npagsim Xeocmam pacnpeodenenus suavenuti yoaproi észkocmu (KCU 0 u KCV?)

Relevant to the array of the KCU™ values Relevant to the array of the KCV? values
Parameter
Xavy Yo Wt. o, % wt. As Ex Xepy Yo Wt. o, % wt. As Ex
0.13 0.01 —-0.78 —-0.33 0.14 0.01 -0.90 -0.12
C
0.13 0.01 —0.60 —0.73 0.13 0.01 —0.83 —0.29
0.48 0.07 -1.85 2.85 0.46 0.08 -1.25 -0.15
Si
0.46 0.09 -2.20 3.40 0.46 0.08 —2.45 4.65
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Continue table 4

Relevant to the array of the KCU™ values Relevant to the array of the KCV° values
Parameter
Xavy Yo WL. o, Yo wt. As Ex Xeps Yo Wt 6, % wt. As Ex
1.42 0.05 1.35 2.02 1.44 0.08 1.12 —-0.07
Mn
1.40 0.04 —-0.14 —0.69 1.41 0.04 0.09 0.24
0.015 0.003 0.77 -0.21 0.016 0.003 0.29 —-0.73
’ 0.014 0.003 1.23 4.86 0.014 0.003 1.57 3.95
. 0.007 0.004 1.50 2.50 0.008 0.005 0.98 0.33
° 0.003 0.001 1.34 0.61 0.003 0.001 2.36 6.57
0.12 0.05 1.51 2.18 0.10 0.04 1.26 0.78
“ 0.11 0.04 1.34 3.04 0.11 0.05 1.38 1.58
. 0.09 0.02 0.69 0.34 0.09 0.02 1.30 1.37
M 0.13 0.02 0.25 —-0.49 0.08 0.01 0.93 0.90
0.13 0.02 0.62 0.31 0.13 0.02 0.40 0.73
c 0.13 0.02 0.25 —-0.49 0.12 0.02 0.10 —-0.28
" 0.007 0.007 1.94 2.26 0.010 0.010 1.05 —-0.81
n 0.006 0.005 1.82 1.56 0.006 0.005 2.59 5.78
0.029 0.006 0.59 0.76 0.031 0.006 0.43 —-0.61
Al 0.028 0.006 -0.75 -0.21 0.027 0.006 -0.19 0.18
. 0.005 0.012 432 18.29 0.005 0.009 4.99 29.27
v 0.008 0.016 2.40 3.94 0.007 0.016 2.63 5.24
0.009 0.002 0.57 —0.64 0.008 0.002 0.37 -1.15
N 0.008 0.001 0.22 —-0.42 0.008 0.001 0.05 —-0.70
0.017 1077 -1.03 —-2.09 0.017 1077 -1.04 -2.10
As 0.017 107" —1.03 —2.09 0.017 10717 —1.03 —2.09
. 0.044 0.008 2.40 5.43 0.050 0.011 0.98 —-0.47
b 0.045 0.005 0.17 —2.06 0.044 0.005 0.46 -1.87
0.001 0.0002 —2.18 6.03 0.001 0.0003 —0.85 0.21
s 0.001 0.0002 -2.04 2.42 0.001 0.0002 —2.47 4.54
. 0.008 0.001 -0.24 -0.28 0.009 0.005 5.68 35.79
Mo 0.008 0.002 0.47 -1.15 0.007 0.001 0.79 —0.62

Note. The sample of low values is in the upper line of a cell, the sample of high values of the impact strength of the initial arrays
corresponding to left and right distribution tails is in the lower line of a cell.

* Chemical composition elements for which the differences in the form of the distribution of values of their content in the samples
corresponding to the impact strength values at the lower and upper limits of initial histograms of their distribution are identified
(the corresponding coefficients are highlighted in bold).

Ipumeuanue. B eepxneii cmpoke sauetiku — 8blOOPKA U3 HUSKUX 3HAYEHUL, 8 HUNCHEL — BbICOKUX 3HAYEHUL YOAPHOU 8I3KOCMU
UCXOOHBIX MACCUBOB, COOMBEMCMBYIOUjUE JEBbIM U NPABLIM XBOCHIAM PACHPeOeNeHUsL.

* Dnemenmopl Xumuyecko2o cocmasd, 0Jis KOMopblX GblAGNEHbL PA3IUYUSL 6 8UOE PACHPeOeNeHUs SHAYEHUTL UX COOEPIHCANUSL
8 BbIOOPKAX, COOMBEMCMBYIOUWUX SHAUEHUAM YOUPHOU 6A3KOCIU HA HUMCHEM U BEPXHEM NPEOeNax UCXOOHbIX SUCTNOZPAMM
ux pacnpeoenenus (coomeemcmsyroujue K03 duyuernmol 6b10eeHbl NOLYICUPHBIM HAYEPMAHUEM).

110 Frontier Materials & Technologies. 2023. Ne 3



Timoshenko V.V., Budanova E.S., Kodirov D.F. et al. “Concerning the selection of areas with a dominant type of dependence...”

From the results obtained, it is possible to identify
the elements of the steel 13G1S-U chemical composition, in
particular, niobium and vanadium, as well as molybdenum,
vanadium, titanium, and sulfur, which determine the spread in
the values of KCU ™ and KCV? impact strength, respectively.

DISCUSSION

The low level of predicting when using regression mo-
dels is primarily related to the difference in the distribution
type of the initial samples of values of the technology con-
trol parameters, and the lack of a single space of process
and product parameters. One of the main statistical criteria
for accepting and rejecting a hypothesis about the regres-
sion coefficient significance is the risk of accepting the
hypothesis, calculated using the Student’s distribution. The
desired Student’s coefficient, in turn, depends on the stan-
dard error of the found regression coefficient. The standard
error in the presence of an asymmetric or bimodal distribu-
tion of control parameter values is a characteristic describ-
ing the parameter with a “large margin”, which brings
the multiple regression coefficients into an insignificant
region, due to which the coefficient corresponding to
the parameter is removed from the best model. However,
the work shows that variants of the asymmetric distribution
of the values of control parameters, for example, the con-
tent of elements in 13G1S-U steel, are rather the norm than
a deviation from it.

In this regard, one should not rely on predictive produc-
tion control models based on regression analysis of the en-
tire sample. Another approach, is the analysis of the distri-
butions of technological parameters with predetermined
boundaries: on the example of dividing the samples accord-
ing to the criterion of normality, or the choice of obviously
different areas using other methods of cognitive graphics.

The results obtained will be useful when developing IT
solutions in metallurgy for forecasting and managing
the quality of metal products (within the standard technolo-
gy without changing it in essence).

CONCLUSIONS

The study showed the multiple regression inefficiency
when identifying the technology parameters, limiting
the 13G1S-U sheet steel impact strength inhomogeneity and
discussed the reasons for this: the discrepancy between
the distributions of the values of the technology control
parameters and the normal type of distribution and the ab-
sence of a single space of process and product parameters.
A procedure for selecting samples with an asymmetric na-
ture of distribution histograms is proposed, which is im-
portant for an objective selection of technology parameters
(or their combinations) that determine their appearance.
This can be used as one of the methods of cognitive
graphics for the subsequent selection of areas of change in
technological parameters with a dominant dependence type.
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Annomayus: ©opMUpOBaHNE MIPEACTABUTENBHBIX 0a3 NaHHBIX ONpPECISIET HHTEPEC K MPOTHO3UPOBAHUIO U yIIpaBie-

HUIO Ka4eCTBOM METaJlla Ha OCHOBE PACKOIOK JAaHHBIX C UCIOJIBb30BaHUEM CHELMANbHBIX IPOrPAMMHBIX IPOAYKTOB, 3a4a-
CTYI0O OCHOBAHHBIX Ha PErpC€CCHMOHHOM aHAJIU3€C U HC BCCTAa YUWUTBIBAIOIIHNX CTATUCTUYCCKYIO NIPUPOAY CaMOTO 06’LCKTa
WCCIIEOBAaHNA. DTO MOXKET IIPUBECTH K OMIMOOYHON TPAKTOBKE PE3YJIBTATOB MIIM K HETIOJTHOTE M3BJIEKaeMOW MH(popma-
1M, cHIKast 3((PEKTUBHOCTh CTaTHCTHYECKOH 00paboTku. Ha ocHOBe aHanmi3a Mpon3BOACTBEHHON 0a3bl TAaHHBIX TEXHO-
JIOTHH TIOJTyueHHsI JIMCTOBOM cranmu 13I'1C-Y ObUTH OLIEHEHBI BO3MOXXHOCTH MHOYKECTBEHHOW JTIMHEWHOW PErpecCHHl s
MpOrHo3a KadecTsa jucTa. [lokazaHo, 4To IiryOWHA MPOTHO3a PErpPEecCHU OTpaHWYEHAa BHIOM DPACIPENCNICHUS 3HAUYCHUN
YIPaBISIONMX I1apaMETPOB, XapaKTep paclpelesieHHs: KOTOPHIX OLEHWBAIM Ha OCHOBE OINpelesieHHs] KOd(pPHUIUESHTOB
ACUMMETPUHN U DKCIECCa. B cBs3M ¢ CHIIBHBIM OTKJIOHEHHUEM IMPOTHO3UPYCEMBIX MO}IGJ’IGﬁ OT 3KCIICPUMEHTAJIbHBIX 3HAYC-
HUM B 00J1aCTH MPAaBOTO XBOCTA paclpe/eleHuil 3HaUeHNH yOapHOH BS3KOCTH, B JaHHOH paboTe OBUTH pa3BUTHI METOJIBI
pa3fencHus MacCUBOB JaHHBIX M MPENTI0XKEHbl KPUTEPUU CPABHEHHSI MOIy4aeMbIX Pe3yJbTaToB. {15 OLIEHKH KOPPEKTHO-
CTH MOJYYacMbIX PE3YJIbLTATOB U3 HCXO}IHOﬁ BLIGOpKI/I 6LIJ'II/I BBIACJICHBI MACCUBBI C 3aBEIOMO aCCUMCTPUYHBIM PaCIIPCac-
JICHUEM, OTHOCHUTEIIBHO KOTOPBIX TAaKXe MPOBEICHO CPAaBHEHHE CTATUCTHYECKHX XapakTepucTWK. Ha ocHoBe mperyiarae-
MBIX METOAOB BBISBJICHBl JOMUHHUPYIOIUE XUMUYECKUE IIEMEHTHI, KOTOPBIE BHOCAT BKJIAJ B Pa3IUuUe PACHpeeeHUs
3HaYCHHUH MPHUEMO-CIaTOYHBIX CBOMCTB, CYIIECTBYIOIUX B paMKax OJHOM M Toil jxe mraTHO# TexHonoruu. [lokazaHo, 4To
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Timoshenko V.V., Budanova E.S., Kodirov D.F. et al. “Concerning the selection of areas with a dominant type of dependence...”

NPEIIOKEHHBIN METO| pa3eIeH!s MOXKET OBITh UCIIONB30BaH KaK BapHalys MPUEMOB KOTHUTHBHON TpaUKH IS BBIIEIIE-
HUS 001acTel ¢ JOMUHMPYIOIINM THIIOM 3aBHCHMOCTH Ha OCHOBE COOTHOMICHHS KOA((HUIMEHTOB aCHMMETPHH 1 SKCIIECca.
Knrwouesvle cnoea: ananus NaHHBIX IPON3BOJICTBEHHOTO KOHTPOJIS; YIIPaBJIeHNE Kaue€CTBOM METAJUIONPOYKIIUH; IIPO-
THO3 Ka4ecTBa B METAJLIYPTHH; IPHEMbl KOTHUTHBHOH Irpad)uKy; paCKOIKH MPOMN3BOJICTBEHHBIX AaHHBIX; cTtanb 131'1C-Y.
Jna yumuposanusa: Tumomenko B.B., bynanosa E.C., Kogupos [I.®., Coxomnosckas J.A., Kyaps A.B. O BeiOope
obacTell ¢ JOMUHHUPYIOIIMM TUIIOM 3aBUCHMOCTH ITPH aHAIN3€ TaHHBIX IPOU3BOACTBEHHOTO KOHTpOoJst // Frontier Materi-
als & Technologies. 2023. Ne 3. C. 103—114. DOI: 10.18323/2782-4039-2023-3-65-10.
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