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Formation of a complex method for analyzing 
multidimensional production data of a processing plant

Abstract. We discuss the development of a comprehensive data analysis method which allows increasing 
the accuracy of predicting the performance of roller mill of processing plant (RP) mining and processing 
plant (GOK) when you change the properties of incoming raw materials for processing. The described 
method includes primary data processing, determination by statistical analysis methods and data mining 
algorithms of the most significant factors affecting the resulting parameter, development of mathematical 
models based on correlation regression and factor analysis, analysis and confirmation of the quality of 
forecasting by a neural network. The systematization and coordination of production data was carried out, 
the generated database was processed using statistical and intellectual analysis methods, the physical and 
chemical parameters of the input raw materials and processed ore that have the greatest impact on the mill 
productivity were determined, mathematical models were formed to determine the expected productivity, 
their quality and applicability limits were evaluated, the error in predicting the mill productivity for various 
mineralogical compositions of the processed ore was determined. The significance of the parameters used 
in the models is checked by the algorithms of intelligent analysis. The verification of the used models for 
predicting mill performance by an artificial neural network is carried out by comparing the series of predicted 
values of the resulting factor obtained by different models. 
Keywords: Performance Forecasting; Decision Trees Algorithm; Artificial Neural Network; Processing Plant; 
Roller Mill
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Формування комплексного методу аналізу багатовимірних виробничих даних 
переробного підприємства
Анотація. У статті розглядається розробка комплексного методу аналізу даних, що дозволяє 
підвищити точність прогнозування продуктивності вальцевого млина збагачувальної фабрики гірничо-
збагачувального комбінату (ГЗК) при зміні властивостей сировини, що надходить на переробку. 
Описуваний метод включає первинну обробку даних, визначення методами статистичного аналізу 
та алгоритмами інтелектуального аналізу даних найбільш значущих факторів, що впливають на 
результуючий параметр, розробку математичних моделей на основі кореляційно-регресійного та 
факторного аналізу, аналіз та підтвердження якості прогнозування методом нейронної мережі. 
Проведено систематизацію та узгодження виробничих даних, оброблено сформовану базу даних 
методами статистичного й інтелектуального аналізу, визначено фізико-хімічні параметри вхідної 
сировини та переробної руди, що мають найбільший вплив на продуктивність млина. Математичні 
моделі були сформовані для визначення очікуваної продуктивності, визначено похибку прогнозування 
продуктивності млина для різних мінералогічних складів руди, що переробляється. Значимість 
параметрів, що використовуються в моделях, перевіряється алгоритмами інтелектуального аналізу. 
Верифікація використовуваних моделей прогнозування продуктивності млинів штучною нейронною 
мережею здійснюється шляхом порівняння рядів прогнозних значень результуючого фактора, 
отриманих різними моделями.
Ключові слова: регресійний аналіз; моделювання; прогнозування продуктивності; алгоритм дерева 
рішень; штучна нейронна мережа; гірничо-збагачувальний комбінат (ГЗК); вальцевий млин.

Иващук О. А.
доктор технических наук, профессор, 
Белгородский национальный исследовательский университет, Белгород, Российская Федерация 
Иващук О. Д.
кандидат технических наук, доцент, 
Белгородский национальный исследовательский университет, Белгород, Российская Федерация
Федоров В. И.
кандидат технических наук, доцент, 
Белгородский национальный исследовательский университет, Белгород, Российская Федерация
Родионов А. Ю.
аспирант, 
Белгородский национальный исследовательский университет, Белгород, Российская Федерация
Штана А. И.
аспирант, 
Белгородский национальный исследовательский университет, Белгород, Российская Федерация
Формирование комплексного метода анализа многомерных производственных данных 
перерабатывающего предприятия
Абстрактный. В статье рассматривается разработка комплексного метода анализа данных, 
позволяющего повысить точность прогнозирования производительности вальцовой мельницы 
обогатительной фабрики (ОП) горно-обогатительного комбината (ГОКа) при изменении свойств 
поступающего на переработку сырья. Описываемый метод включает первичную обработку данных, 
определение методами статистического анализа и алгоритмами интеллектуального анализа данных 
наиболее значимых факторов, влияющих на результирующий параметр, разработку математических 
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моделей на основе корреляционно-регрессионного и факторного анализа, анализ и подтверждение 
качества прогнозирования методом нейронных сетей. Проведена систематизация и согласование 
производственных данных, обработана сформированная база данных методами статистического 
и интеллектуального анализа, определены физико-химические параметры входящего сырья и 
перерабатываемой руды, оказывающие наибольшее влияние на производительность мельницы, 
математические модели были сформированы для определения ожидаемой производительности, 
оценены их качество и пределы применимости, определена погрешность прогнозирования 
производительности мельницы для различных минералогических составов перерабатываемой руды. 
Значимость используемых в моделях параметров проверяется алгоритмами интеллектуального 
анализа. Верификация используемых моделей прогнозирования производительности мельниц 
искусственной нейронной сетью осуществляется путём сравнения рядов прогнозных значений 
результирующего фактора, полученных разными моделями.
Ключевые слова: регрессионный анализ; моделирование; прогнозирование производительности; 
алгоритм дерева решений; искусственная нейронная сеть; горно-обогатительный комбинат (ГОК); 
вальцовая мельница.

1. Introduction 
Despite the periodic economic crises that occur for various reasons, the current stage of civili-

zational development is characterized by a permanent increase in the consumption of all types of 
minerals. The significantly increased role in the production of polymer materials does not yet al-
lows them becoming an equal competitor to alloys, which remain the main structural and construc-
tion materials, and metals, including iron, are one of the main natural resources in demand. Ac-
cording to analysts, the consumption of solid minerals will continue to increase (Abramov, 2012). 
and iron ore production will grow by 10-15% over the next five years.

Enrichment - the primary processing of ore in order to increase the iron content and reduce 
the amount of harmful impurities - is a complex multi-stage process, the first and most important 
stage of which is crushing and grinding.

The currently used technological crushing schemes make it possible to obtain crushed ore with 
the size of the pieces to reduce the fineness of the ore pieces to 5-12 mm, while high-quality enrich-
ment can be achieved after bringing the grinding fineness to a value of less than 0.1 mm. The required 
ore size (at least 97% of the fraction) for the production of iron ore pellets from electrometallurgical 
plants in Central Russia is 0.045 mm. Therefore, when iron ore is crushed, it shall be grinded at the 
processing factory (PF) of the mining and processing plant (MPP). High energy consumption (more 
than 68-70 kWh/t (Andreev et al., 1980) and capital consumption of the PF’s technological process of 
the ferrous metallurgy, which is the main connecting element between the extraction and consumers 
of ore processing products in the production system of the mining and metallurgical industry, deter-
mines the importance and relevance of the tasks of evaluating the efficiency of its production equip-
ment, developing reliable forecasting methods and increasing its productivity accordingly.

The scientific literature widely describes the methods and sequence of solving problems rela-
ted to the assessment and task of improving the efficiency of grinding equipment. The traditio-
nal approach based on the use of physical-chemical models, production data, and experimental 
studies of the grinding laws (Bakhvalov & Komarov, 1997; Guleria et al., 2014). allowed developing 
recommendations for improving the efficiency of individual production elements of the PF’s tech-
nological cycle under certain specific conditions. The use of standard methods of optimal con-
trol (Kozin et al., (1980); Larichev, (2000); Maszczyk & Duch, (2008)), data mining technologies 
(Morkun & Lutsevich, 2009). made it possible to form the elements of the automated control sys-
tems and optimize the production processes (Protsuto, 1987; Rizaev & Rakhal, 2011; Sokolov & 
Yusupov, 2004). The proposed dependencies of the grinding process are extremely approximate, 
often not very informative and difficult to interpret from a physical point of view, with an unsatisfac-
tory or undefined reliability level, and the issues related to the task of evaluating the expected per-
formance of the PF’s equipment when changing the production process conditions are not con-
sidered at all, or are covered superficially. The productivity calculation methods used in the litera-
ture do not take into account its relationship with the mineralogical composition of the ore, which 
is the most important factor affecting the efficiency of the PF’s grinding equipment, so they can-
not be used as a tool for obtaining a reliable forecast. With a significant change in the elemental 
composition of the PF’s feeding raw materials, the models presented in the literature, construc-
ted only taking into account the values of technical parameters, are, at best, of little use, requiring 
 additional adjustment and verification.
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The constant change in the mineralogical composition of the extracted ore (sometimes quite 
significant), taking into account the above, proves that the task of developing a reliable predictive 
tool for assessing the expected productivity of the PF’s mills in the conditions of changing the pa-
rameters of the input raw materials is extremely relevant. The continuation of research on the for-
mation of a comprehensive production data analysis method, including the construction of va-
rious adequate and verified models, as well as the use of modern complementary analysis me-
thods is justified and necessary.

The formation of a verified tool for predicting the amount of output product from the input fac-
tors related to the composition of the feed ore with the technological parameters unchanged will 
increase the adequacy of the planned financial and economic indicators of the PF, the possibility 
of their operational adjustment when the properties of raw materials entering the PF are changed, 
which is the most important task of any enterprise.

2. Methodology
In this article, the authors present the formation of a complex method for analyzing multidimen-

sional production data, which makes it possible to increase the reliability of predicting the produc-
tivity of grinding equipment of a processing factory, based on the use of various complementary 
modern data analysis methods; the development and research of regression models for predic-
ting the productivity of mills of four production lines of the PF, and their verification by neural net-
works. In the course of research, the production data of the PF MPP of the Belgorod region for 
2019-2020 were used.

3. Results and Discussion
In order to form a consistent database (DB), at the first stage, the data received from the enter-

prise for 10 months of its operation, which was the arrays of 22 indicators that were not consistent 
either by date or time, was initially processed. To systematize and structure production indicators, 
including features related to the mineralogical composition, properties of feed ore and output raw 
materials, it was created a software that made it possible to exclude those shift and daily data for 
which at least one of the indicators necessary for preliminary assessment was missing, and pe-
riods in which the operation of the main technological elements of the production cycle was com-
pletely stopped, or for which there was a significant deviation in the equipment parameters.

 At the next stage, data containing significant deviations from the average values were iden-
tified and discarded from the database with the help of cluster analysis. Further, the generated 
database of agreed and averaged parameters for the day was divided into sub-bases for pro-
duction lines, containing common indicators for all lines and parameters reflecting the work of 
this section. The size of the final information array was 915 x 22. After discarding the parame-
ters excluded from consideration according to expert estimates, as well as the purely technical 
equipment features, the dimension decreased to 915 x 14, determined by 13 factors and one re-
sulting indicator.

At the next stage, the task of determining five parameters affecting performance at most was 
solved. This number is due to both the desire of the PF’s specialists to obtain a fairly compact pre-
dictive model, and an understanding of the specifics of multivariate regression analysis.

 This task was solved in two different ways: using the correlation analysis method and using da-
ta mining algorithms.

By assessing the degree of pair dependence, the analysis of the effect on the productivity of the 
following parameters was carried out: mass fractions of mineralogical varieties («F.» - ferro-mica-
magnetite; «Bio. mag.» - biotite-magnetite; «Mag.» - magnetite; «Cum. mag.» - cummingtonite-
magnetite; «Biot.» - biotite; «En.» - enrichability; fineness «cl. -15+10»; «cl. -10+5»; «cl. -5+0»; 
Dave - the average size of a piece of crushed ore and the mass piece of a fraction of less than 
0.045 mm in the concentrate - «cl. – 0.045». The presence and nature of the relationship of factors 
were investigated (and according to various types of communication - from linear to irrational-po-
lynomial) with Q of each section: a pair correlation coefficient with P(Qn) was determined for each 
indicator, where n varied from 0.2 to 5. This stage was also carried out using the created software, 
which made it possible to quickly «sort out» all possible communication options (recommended by 
the PF’s experts-employees and specialists in the field of geology and mineralogy). The results of 
this part of the research allowed discarding the indicators for all production sections, the infl uence 
of which on Q is absent or negligible.
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Further, in order to exclude the multi-correlation dependence, a cross-correlation test was 
performed (see Table 1), which made it possible to exclude from further research the features 
«cl. - 15+10»; «cl. - 10+5»; «cl. - 5+0»; and Dave as redundant and closely related (with correlation 
coefficients above 0.5), and the parameter «cl.-0.045» (see Table 2), taking into account the pre-
dominance of the influence on performance of the parameter «cl. - 0.045» (R = 0.8) and correla-
tions with all the discarded factors selected for participation in the model.

This stage resulted in the determination of the parameters that most affect and have an ac-
ceptable degree of pair correlation for joint use in the regression model. The following parameters 
were chosen as the parameters of the forecast model: the mass fractions of ferro-mica-magne-
tite (F), biotite-magnetite (B) and magnetite (M) mineralogical varieties, enrichability (E), and the 
mass fraction of the class – 0.045 mm (C) in the concentrate. 

Despite the considerable volume of studies performed, the selection of the most influential 
features based only on the correlation pair analysis cannot be fully considered unambiguously 
correct. Given that the adequacy of the results obtained at this stage is a determining factor af-
fecting the quality of the models formed, it is obvious that additional verification of the conclu-
sions made by methods that use completely different principles and methodology is necessary. 
To solve the problem of verification of the obtained results, the algorithm of intellectual analysis 
(Zaikov et al., 2019; Tikhonov, 1985; Williams, 2011) - decision trees - was used. When proces-
sing the data by the decision tree algorithm (using the implementation from sci-kit learn, with the 
following parameters: the evaluation criterion - MSE; the tree depth - 5; the minimum number of 
samples in one sheet - 5), the values of the importance of the initially considered features were 
obtained (see Table 3), on the basis of which the conclusion about five the most intensively inf-
luencing the target function parameters (taking into account the pair correlation with other fac-
tors) was fully confirmed, which made it possible to proceed to the next stage of the study - the 
creation of regression models themselves. 

To check the validity of using standard variation analysis methods, the degree of compliance of 
the arrays of selected factors with the normal distribution law was estimated. Taking into account 
the obtained values of χ2 of the series of features (Figure 1), the conclusion was made about the 

Table 1: 
Correlation matrix of the pair relationship of indicators 
characterizing the size

Source: Compiled by the authors

Table 2: 
Correlation matrix to estimate the tightness of the relationship between factors and resulting function

Source: Compiled by the authors
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validity of accepting the hypothesis of their normality and the possibility of using standard me-
thods of multiparametric regression and factor analysis, including assessment of the significance 
of the models and the independent variables used in them. 

Further, a wide range of Q-type dependencies was analyzed to assess the relationship of per-
formance with the selected factors:

Table 3: 
Results of assessing the importance of the influence of features on the target function

Source: Compiled by the authors

Figure 1: 
Histograms of the variation series of the selected factors

Source: Compiled by the authors



42

ECONOMIC ANNALS-XXI
ECONOMICS AND MANAGEMENT OF ENTERPRISES

Ivashchuk, O., Ivashchuk, O., Fedorov, V., Rodionov, A., & Shtana, A. / Economic Annals-XXI (2021), 194(11-12), 36-48

Figure 2: 
A graph of the average daily actual and forecast performance values 

for the combined database of the 1st and 2nd sections
Source: Compiled by the authors

 ,                                                                                                             (1)

where:
the degrees i, j, l, n, p, r could take values from 0.2 to 6 with an interval of 0.2; 
A1-5 - regression coefficients.

First, the data of the first section was analyzed. The best model quality (determination coeffi-
cient R = 0.77) was obtained for the regression dependence of the form:

 .                                                                                                                   (2)

The same dependence allowed achieving a minimum deviation of the predicted and actual Q 
values for the data of the second section. The similarity of the optimal dependencies describing 
the relationship between the parameters of sections 1 and 2 allowed forming a unified database 
and create a single model with the minimum possible average deviations for the considered pe riod 
and the maximum coefficient R (0.785):

 .                                                                                        (3)

The created model demonstrated a good correspondence of the forecast to the actual va-
lues: a deviation Qave did not exceed 0.24%, while there was a coincidence between the dyna-
mics of changes in the values of the average daily actual productivity and the calculated data 
(see  Figure 2). 

After removing out the array points with clearly distinguished deviations, a regression depen-
dence was formed for the 3rd section that describes the data relationship in the best way:

 .                                                                                            (4)

Average deviation Qave was 0.19%, and the dynamics of changes in the values of the average 
daily actual and forecast productivity were quite well consistent (see Figure 3). 
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Taking into account the uniformity of the production schemes of sections 1, 2 and 3, the pos-
sibility of constructing a generalized predictive model was analyzed. For the combined data of 
sections 1-3, regression models were formed, having the form optimal for describing the rela-
tionship between the data of sections 1-2 and section 3. After the initial assessment of the qua-
lity of the performance prediction by the generalized model, it was concluded that this approach 
was impractical, since the determination coefficient significantly decreased in comparison with 
the previously created models, and the accuracy of forecasting the average performance va lues 
over the period decreased by more than an order of magnitude (Figure 4). At the same time, the 
forecast of the expected average productivity has shifted towards its overestimation (especially 
for the forecast values of the productivity of the 3rd section), which, given the specifics of a par-
ticular production, is extremely undesirable. In search of the reasons for the deterioration of the 
quality of the general model, a thorough analysis of the production parameters of the equipment 
of the sections was carried out together with the PF’s technical specialists. As a result, the ac-
tual differences were revealed not only between parameters of the equipment of the sections, 
but also its types on one of the sections of the lines. Since deviations were reduced to a mini-
mum, this approach was taken as a basis for the future (with an increase in the database arrays), 
that is, the data of lines 1-2-3 were combined into one database, on the basis of which a gene-
ral mathematical model was built. 

Since the production scheme of the enrichment section 4 had significant differences from 
sections 1-3, a separate mathematical model was created to describe the relationship of its indi-
cators, the optimal type of dependence of which turned out to be significantly different from the 
previous ones:

 .                                                                                   (5)

The generated model is characterized by a fairly good correspondence of the forecast and 
production daily average Q values, a good coincidence of Q values of the predicted and actual 
ave rage values for the period (deviation less than 0.3%), a high determination coefficient (grea-
ter than 0.72), and a coincidence of the dynamics of changes in the average daily values of the 
 resulting parameter (see Figure 5).

Figure 3: 
A graph of the average daily actual and forecast performance for the section 3

Source: Compiled by the authors
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Figure 4: 
A graph of the average daily actual and forecast performance values 

for the combined database of the sections 1, 2, 3
Source: Compiled by the authors

Figure 5: 
A graph of the values of the PF's average daily actual 

and forecast productivity for the 4th section
Source: Compiled by the authors
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Then the degree of reliability of the forecast produced by the generated models was evalua-
ted. Confidence intervals were determined for the predicted performance of the sections in ca-
ses when the factor values were in the area of their averages for the period and when each of the 
factors were close to the boundaries used for the variation series, which actually determine the 
size of the multidimensional space in which the models could be used (for «M» - 80.28 to 89.03, 
«B» - 4.77 to 9.93, «O» - 67.96 to 68.27, for «K» - 72.33 to 88.63).

The evaluation showed that with the values of the model factors that differed from the average 
values for the period by not more than 10%, the prediction reliability was quite high: for sections 
1-2-3, the actual Q value was expected to fall within the range of ±2% of the calculated value with 
a probability of 0.99, and for the 4th section - in the range of ± with a probability of 0.95. With an 
increase in the deviations of the factor values from their averages over the period and their con-
vergence with the boundary values, the confidence interval increases and, already with a hit pro-
bability of 0.95, reaches and, respectively, for models describing data from sections 1 to 3 and 4, 
respectively.

In the subsequent period, the models were adjusted due to the monthly expansion of the data-
base and the determination of the refined coefficients of the regression equation.

At the final stage, in order to assess the adequacy of the models formed, their optimality, the 
technologies of intelligent analysis methods (artificial neural networks and the decision trees al-
gorithm) were used, which in themselves do not guarantee the reliability and reliability of the result 
obtained, including in terms of establishing the nature and closeness of the relationship bet ween 
the model parameters, determining the degree of their influence on the indicator under study. 
However, their use as an independent tool for verifying the constructed models is not only appro-
priate, but also necessary. The data mining results allow assessing the adequacy and quality of 
the constructed predictive dependencies, the correctness of the choice of parameters, the de-
gree of their significance, and the reliability of the regression coefficients. 

The results of the predictive models described above were used as a reference point for the 
neural network modeling. The established levels of significance of the models and their parame-
ters, the calculated expected deviations and confidence intervals, as well as the deviation of the 
forecast parameter from the actual on allow assessing the adequacy of neural network models. 
In turn, the data mining results allowed evaluating the correctness and optimality of the genera-
ted models.

To check the quality and adequacy of the regression models, we used: a mathematical mo-
del in the form of a generalized regression dependence for the combined data of sections 1-3, 
constructed using data from 2019-2020 (when the technological schemes of the sections were 
brought into an identical state), and a regression model describing the relationship of the 4th sec-
tion data obtained based on the processing of the total database for the entire period under study.

When constructing a multilayer perception by k-block cross-validation, the optimal parame-
ters of the neural network were selected. The lowest average absolute error was obtained for 
a neural network with the following parameters: regularization alpha = 0.0001; learning intensity 
learning_rate_init = 0.001; in the first hidden layer - 11 neurons; in the second - 4.

The evaluation of the dependence of the absolute error value on the size of the training sample 
showed that it would constantly grow with the growth of the training sample volume. The growth 
slows down starting with the number of data 300-400, and it is enough to use 400 data for training 
in general, which was done during the research. When calculating the expected Q values, the fol-
lowing forecasting features were obtained by the INS model constructed in this way: the average 
deviation of the forecast productivity from the actual value was 4.01% (20.57 t/h), the maximum 
current deviation was 16.93%, which almost coincided with the obtained forecasting parameters 
using the regression model (4.11% and 17.11, respectively).

The graphs of the actual and predicted performance values of sections 1-3 shown in Figure 6, 
obtained using the constructed models, show the coincidence of forecasting quality.

When checking the regression model describing the relationship of the 4th section data, the 
results were also obtained that confirmed the coincidence of model quality (see Table 4 and 
Figure 7).

At the final stage, an additional test of the optimality of the constructed models was performed 
by the data mining algorithm - decision trees - by determining the significance level of the selec-
ted model factors and comparing them with the values of B-coefficients (obtained as a result of 
using regression analysis) (see Table 5).
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As a result of using intelligent algorithms with the evaluation criteria MSE and MAE, depth from 
4 to 5 and the minimum number of samples in the sheet (6), the values of the importance of the 
considered features were obtained (see Table 6), which were quite well consistent with those ob-
tained as a result of the application of statistical analysis, which was an additional confirmation of 
the adequacy and optimality of the developed regression models.

4. Conclusion
The study of the relationship of factors described in the paper, carried out using methods of 

mathematical statistics and data mining algorithms as a tool for additional and independent as-
sessment of the quality of predictive models, allows speaking about the formation of an integrated 
approach that improves the quality of processing multiparametric arrays of production data, the 
accuracy of forecasting and the ability to adequately interpret the results obtained.

Table 4: 
Comparison of the quality of regression and INS models for section 4

Source: Compiled by the authors

Figure 6: 
Graphs of the actual and predicted performance values of sections 1-3, 

obtained using a regression and neural network model
Source: Compiled by the authors
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Figure 7: 
Graphs of the actual and predicted performance values of section 4, 

obtained using a regression and neural network model
Source: Compiled by the authors

The resulting integrated approach is to perform the following research scheme: 
1. Analysis of the PF’s equipment operation for the period under study, in order to exclude non-

regulatory data. Formation of a database of time-coordinated indicators, its clearing from fluc-
tuations.

2. Estimation of the degree of influence of the PF’s parameters on the Q indicator for different 
types of communication by statistical methods. Independent verification of the generated con-
clusions by intelligent analysis algorithms. Selection of the main factors influencing the target 
function. 

Table 5: 
B-coefficients of regression models A - sections 1-2-3; B - section 4

Source: Compiled by the authors

Table 6: 
Results of assessing the importance of the influence of features on the target function

Source: Compiled by the authors
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3. Construction of regression models with the selected parameters and the optimal type of their 
relationship. Evaluation of the possibility of describing the relationship between the productivity 
of mills of different sections by a generalized formula by comparing the features of the produc-
tion cycle, as well as from the point of view of analyzing the type and nature of the constructed 
mathematical models.

4. Estimation of the acceptability ranges of the obtained models and their probable errors. 
5. Conducting factor analysis and constructing matrices of the impact of parameters on perfor-

mance. Estimation of confidence intervals and applicability limits of factor analysis models, 
their disadvantages and advantages in relation to regression models. 

6. Processing of multidimensional processing plant production data by intelligent methods by 
constructing an optimal trained neural network. Conducting a mutual assessment of the qua-
lity of the created mathematical models, their optimality and adequacy to the real process, in-
cluding on the basis of assessment of the importance of factors by the decision tree algorithm.

7. Forming conclusions about the conditions of applicability and acceptability of the developed 
models as predictive tools.

8. Performing monthly model adjustments based on the processing results of a constantly upda-
ted database. 
According to the authors, the achieved level of forecasting quality, mutual verification of models 

allows speaking about the universality of the proposed approach in solving the problems of ana-
lyzing the relationship of production parameters, determining the degree of their influence on the 
productivity of grinding equipment and evaluating its forecast value, and the sequence of forming 
forecast models and their verification by intellectual analysis methods can be used as a basic ele-
ment in conducting research, related to the task of processing the multiparametric arrays of weak-
ly structured information.
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