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Management Department; >Serbia Zijin Copper DOO Bor, Serbia

Abstract: The metallurgical process of the copper production is a very complex process and
requires the consumption of electrical energy in large quantities. One of the challenges of
today is to reduce the use of electrical energy by increasing the energy efficiency of the
system. This challenge can be solved by developing energy management in mining
companies. In order to approach the development of energy management, it is necessary to
create models for predicting the volume of copper production by investigating electricity
consumption in the main production stages. In this paper, the consumption of electricity
required in the process of copper production is analyzed on the example of a local mining
company. Data on electricity consumption were collected for a period longer than one year
and the parameters were divided according to the main phases of the metallurgical process.
Two models for predicting copper production using artificial neural network were created and
the most influential parameters were identified. The significance of the models is reflected in
the efficient forecasting of the copper production and therefore the demand for electrical
energy. Another advantage of the models is the increased possibility for rationalization of
electricity consumption on the basis of the influential parameters. The models are recognized
as flexible and can find their application in related companies.

Keywords: Electricity consumption, copper production, prediction model, artificial neural
network

1. INTRODUCTION

With the accelerated economic development of countries and organizations, a new
challenge has emerged in the form of forecasting resources. Predicting all kind of resources
either for countries or for individual companies is a vital task for planning. Forecasting
resources has become complex and demanding job since the environment is constantly
changing causing the modification in production processes. This problem leads to incomplete
prediction models and lowers their prediction potential. Prediction models have been used for
solving different energy related problems and some of them are described as follows.
Kavakliouglu et al. (2009) highlights the importance of using prediction models in planning

“ Corresponding author: ivana.v.93@gmail.com
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electrical energy resources because it allows big systems to foresee the future demand and
provide secure electricity supply. Moreover, Glinay (2016) reports that electricity planning is
essential for achieving electricity balance, because nor lower electricity production than
demand nor higher electricity production is good. Prediction models are seen as necessary in
forecasting future electricity consumption in all systems because they allow faster economic
development (Wang et al., 2018). Improving stability and accuracy of prediction models is a
challenge faced by today’s researches. Researchers are constantly developing models by
adding different variables in the model structures.

Predicting electricity consumption in metallurgical industrial activities is interesting
research topic since it is known that metallurgy is recognized as high energy intensive
industry (Vidal, 2017). The electrical energy demand of copper production is affected by
following factors: (a) mineral processing routes (hydrometallurgical or pyro metallurgical),
(b) the ore grade, (c) mineral hardness, (d) mine age and type (surface or underground), (i)
location of the mine and water access, (f) process design and technology selection (Moreno-
Leiva et al., 2020). The artificial neural network methodology for creating prediction models
has been applied in this study to investigate the future copper production. The prediction
model was constructed taking into account electricity consumption in the production process,
so it considers process design and technology selection factors. Accordingly, the copper
production in this research was forecasted in the light of electricity consumption in the main
production stages. The study is applied on organizational level.

Experts employed on developing copper production process are coping with emerging
challenges of using environmental-friendly technology (Schlesinger et al., 2011). This is not
an easy task since the copper production is not clean process. Continuous reduction of energy
demand is among primary goals of the future technology of copper production (Schlesinger et

al., 2011).

2. METHODOLOGY

Initial dataset that was used in the research was collected in a copper mining company.
The period that was observed includes data from January 2018 to May 2019. More accurately,
the values of the parameters have been recorded for 511 days. The study included seven
parameters that concern consumption of electrical energy for the main phases of the copper
production process, sulfuric acid production and the volume of the copper production. Main
phases in the copper production are described as: flotation — drying concentrates — flash
smelting — converting — anode refining and casting — electro refining (Schlesinger et al.,
2011). All of these phases are using energy resources to ensure continuous copper production.
The variable named sulfuric acid production is used because it represent an integral by-
product in the production process. Some of the phases in the copper production process are
requiring the use of Fe and S oxidation for heating and melting which causes production of
sulfur dioxide (SO;) (Schlesinger et al., 2011). Therefore, sulfuric acid is produced as a result
of production operations that create high values of SO,. SO, gases are transformed into the
sulfuric acid in specialized plant that operates within the copper company. The main aim of
this study was to investigate the demand for electrical energy in a copper production system.
To fulfill this goal it was necessary to differentiate the phases of the copper production
process with the major electrical energy demand. The demand for electrical energy and the
production of the sulfuric acid were observed in relation to the results of the copper
production. Furthermore, the parameters for electrical energy consumption and the volume of
the sulfuric acid production were used to construct two prediction models for the copper
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production. First model is constructed using the parameters for the electricity consumption to
predict the volume of the copper production. The second model included additional parameter
named the volume of the sulfuric acid production.

Figure 1 illustrates trends of electrical energy demand in the observed period. It can be
concluded from the figure that most of the electrical energy is used for in the phase of
converting and refining, followed by the phase slag flotation. Phase of batch preparation
records the lowest electrical energy demand.
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Figure 1. Trend of consumed electricity in the copper production process for the period
January 2018 to May 2019

The presented data related to the electrical energy consumption were used to create
prediction models for the copper production volume. Software program SPSS v.17.0 was
employed to perform the analysis that included descriptive statistics and Pearson’s correlation
coefficients. The collected data regarding copper production volume were combined with the
data about electricity consumption in different production phases and sulfuric acid production
to develop prediction models for copper production. The prediction models were generated
using the methodology of artificial neural network (ANN).

So far, ANN prediction models have been widely used in solving energy problems
(Singhal and Swarup, 2011; Gunay, 2016; Guijo-Rubio et al., 2020; Nolting et al., 2020;
Piazza et al., 2020). The main reason for choosing this methodology is found in the fact that
ANN has great capabilities for predicting behavior of non-linear systems and can accept
variation in the data and introducing disturbance variables (Kavaklioglu et al., 2009; Shin et
al., 2020). ANN models are also known as simple, easy to use, with good performances
(Pozi¢ & Urosevi¢, 2019). The basic ANN model is multilayer perceptron (MLP) that
consists of one input layer, more than one hidden layers and one output layer (Behm et al.,
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2020). The ANN algorithm for predicting values is based on the transmission of the
information from input to output layers, passing through the hidden layers (Lopez-Garcia et
al., 2020). This algorithm is simulating the function of human brain and is deciding to whom
the neuron in the layer should pass the information that possess (Sharma & Garg, 2020).

The computational equation for the simple three-layer ANN model is the following (Li
etal., 2015):

Y = f(bo + Xfoy h(¥; + X2 miwis) by) (1)

where the following labels can be described as:
Y — predicted values,
f(.) — nonlinear transfer function,
bo — output bias,
h(.) — activation function of the hidden layer,
wj— hidden layer bias,
pi — input values,
w;;— weights from input layer to the hidden layer and
b; — weights from hidden layer to the output layer.

By learning the patterns obtained from the past data, ANN models modify and
calculate the future data values. When comparing ANN and multiple linear regression (MLP)
analysis that is also used for creating prediction models, ANN is recognized as more
sophisticated methodology that can solve different non-linear problems, which differentiates it
from MLP methodology (Nolting et al., 2020).

General structural model that was used to construct prediction models using artificial
neural network is presented in the Figure 2. It consists of input variable that is consumed
electrical energy (Xi1-Xs), one disturbance size sulfuric acid production (Z), transformation
process that is copper production and output variable that is the amount of the produced
copper (Y). The parameters for electrical energy consumption in the copper production
process were recorded separately, for each copper production phase and are reported in the
Figure 2 as variables that range from X; to Xs.

Disturbance size

Z - Sulfuric acid production

=

Input variable — Electrical energy @
X1 - Electricity consumption for

converters and refining Transformation process Output variable

X; - Electricity consumption for melting

X;- Ele:_:tricily consumption for batch HH The process of copper m] Y - Produced copper
preparation . production

X4 - Electricity consumption for scrubber

and cooling tower
X5 - Electricity consumption for slag
flotation

Figure 2. General structural model — systematic approach
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The integral variables of the structural model presented in the Figure 2 were used to
constitute two different prediction models. Their structures are illustrated in the following
Figure 3.

Input variables: Output variable:

Xy Transformation process:
X, Y

X3 The process of copper production

(a) First prediction model

Disturbance size:
Z
Input variables: ¢ Output variable:
Xy Transformation process:
X; Y
. , >
Xy The process of copper production
Xs

(b) Second prediction model

Figure 3. Structure of the (a) first and (b) second prediction model

3. RESULTS AND DISCUSSION

The process of constructing prediction models for the volume of copper production
took several stages and various analysis. First among them was the descriptive statistics
analysis and Pearson’s correlation. Interpretation of the results of descriptive statistics and
correlation are reported in the following part of the study.

Table 1 contains data about several statistical parameters for the considered variables
that include range, minimum and maximum values, mean, standard deviation and variance. In
addition, Table 2 reports the results of the Pearson’s correlation coefficients that reveal the
relationships between the variables. The outcome of the correlation analysis showed strong
positive correlations among majority of the independent variables that are statistically
significant (p<0.05). The highest positive correlation is recorded between the independent
variables X;- electricity consumption for converters and refining and X,- electricity
consumption for melting where r=0.902 and p=0.000. Detected correlation suggest that these
two phases in the copper production process are highly correlated and increase in electricity
consumption in the phase of melting will induce the escalation of electricity consumption for
converters and refining. Furthermore, independent variable X,- electricity consumption for
scrubber and cooling tower achieved high positive relationship with variables X; and Xp,
where correlation coefficient equals to 0.830 for variable X; and 0.824 for variable X, and
both are statistically significant (p=0.000). These results are expected since all individual
phases in the copper production process are interdependent. Lower correlation coefficients are
perceived in relation between variable Xs- electricity consumption for slag flotation and other
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independent variables (X1-X4). When referring to the relationship between dependent variable
Y- copper production and other observed independent variables (X;-Xs), variable Xj is
achieving slightly higher positive correlation with the output variable than other input
variables. This relationship is characterized by the Pearson’s correlation coefficient that
equals to 0.499 and the level of statistical significance of 0.000. Further analysis identifies
strong positive Pearson’s correlation that is statistically significant between disturbance
variable sulfuric acid production (Z) and copper production that equals to 0.721. Identified
positive Pearson’s correlation among all variables showed that copper production process is
dependent on electricity consumption and higher production volume follows higher electricity
demand. The same relationship can be identified between sulfuric acid production and copper
production.

Table 1. Descriptive statistics

Std.
Range Minimum Maximum Mean Deviation ~ Variance

Statistic  Statistic Statistic Statistic ~ Std. Error  Statistic Statistic

X1 108.62 .00 108.62 75.644 1.284 29.034 842.991
X 53.40 .00 53.40 28.723 461 10.426 108.721
X3 5.75 .00 5.75 2.464 .055 1.244 1.548
Xa 22.29 .00 22.29 11.792 194 4.388 19.255
Xs 139.81 .00 139.81 41.893 1.313 29.685 881.221
Z 1393.00 .00 1393.00  860.754 13.502 305.216  93156.596
Y 450.00 .00 450.00  230.064 4.232 95.684  9155.461

Table 2. Correlations

Y Xy X X3 X4 Xs Z

Pearson Correlation Y 1.000
Xy .499 1.000
X,  .350 .902 1.000
X3  .205 .678 714 1.000
X4 .300 .830 824 .629 1.000
Xs  .332 .268 197 .204 150 1.000
Z 721 .642 455 332 .366 304 1.000

Correlation is significant at the 0.05 level (2-tailed)

Moreover, a multi-collinearity test was performed in order to test the relationship
between the variable data. The obtained collinearity statistics reports variance inflation factor
(VIF) is less than 10 for all observed variables. The outcome of the test is acceptable and
allows further analysis using ANN methodology. The significance of the prediction models is
evaluated by calculating coefficient of determination. Results of the multiple linear regression
analysis showed acceptable outcome since Pearson’s correlation for the first model equals to
r=0.603 and coefficient of determination is R?=0.364. Provided results are statistically
significant (p=0.000). In addition, Person’s correlation for the second model equals to
r=0.737, coefficient of determination is R?=0.543 and the model is statistically significant
(p=0.000).
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The next step was to generate ANN prediction models for the copper production in
relation to the electricity consumption. The structure of the ANN prediction models was
previously presented in the Figure 3.

The first model sample was divided into two groups, first group was training sample
that included 66.9% of the total sample and second group was testing sample with 33.1% of
the total sample. Figure 4(a) provides graphical representation of the artificial neural network
result for the relationship among independent and dependent variables. The first constructed
ANN prediction model consists of five input layers, five hidden layers and one output layer.

The second model sample was divided into training sample that included 66.9% of the
total sample and testing sample that included 31.1% of the total sample. The structure of the
second ANN prediction model is illustrated in the Figure 4(b) and consists of five input
layers, two hidden layers and one output layer.

(a) First prediction model
Synaptic Weight = 0

— Synaptic Weight < 0

(b) Second prediction model

Figure 4. Artificial neural network for (a) first and (b) second prediction model
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As an integral part of the ANN analysis, the importance of each input variable was
calculated and the outcome of the calculation is presented in the Figure 5. Independent
variable electricity consumption for converters and refining (X;) is evaluated as the most
important variable in the first ANN prediction model with its importance weight of 0.374,
followed by electricity consumption for melting (X;) with importance weight of 0.213. Third
ranked variable is Xs-electricity consumption for batch preparation (0.170), fourth ranked is
Xs- electricity consumption for slag flotation (0.147) and fifth ranked is Xg4- electricity
consumption for scrubber and cooling tower (0.095). The outcome for the second prediction
model illustrated in the Figure 5(b) showed the high importance of the disturbance size Z-
sulfuric acid production with importance weight of 0.530 while the rest of the independent
variables importance weights range from 0.094 to 0.158.

o400 .
T 300
8 200 e
‘E - . --‘:-‘:ﬁ:‘-?' e ]
Ejl_, _]_I:II:I ---'--*H----- =T
= _I:II:II:I
X1 X2 X3 X4 '
Independent varighle (3£)
M Importance
(@) First prediction model
.. 600
& 500 —
E 400
S 300
3
5 200 — e »
& 100 e pmm T T tadfem- "
000
W2 W3 X4 W5 z

Independent (3{) and distorbance {Z) variables

B Importance
(b) Second prediction model

Figure 5. Importance of independent variables in (a) first and (b) second prediction model
using ANN

Furthermore, constructed ANN prediction models provided prediction values for the
copper production and those values have been compared with the realized values of the
copper production. The comparison results are illustrated in the Figure 6. The peak of the
copper production is recorded in May 2019. However, detected discontinuities in production
were explained as maintenance of production technology. Predicted values in the graph show
slight deviations from the realized values. Both realized and predicted values show the trend
of growth for copper production. Comprehensive analysis of predicted values for both (a) first
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and (b) second prediction model suggest that better results were achieved by the second
prediction model.

150

400

,..
v

e

Copperproduction (t)
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0o
O

Copperproduction
Predicted copper production - first model
e Predicted copper production - secondmode

Figure 6. Predicted amount of copper production using ANN

Next Figure 7 (a) and (b) illustrates the relationship between realized and predicted
values of the copper production. The linear trend confirms the growth tendency of the
produced copper but also highlights the major deviations from the average values. Figure 7(b)
reports less deviation values than Figure 7(b).
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(a) First prediction model (b) Second prediction model

Figure 7. Realized and predicted amount of copper production in (a) first and (b) second
prediction model using ANN
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As it can be concluded from the outcome of this study, the process of copper
production is considered for a large electrical energy consumer. Phases that are fundamental
parts of the production process are highly energy dependent. Among them is highlighted the
phase of converters and refining as the leader in electricity consumption. In addition, the
phase of scrubber and cooling tower achieves the lowest electrical energy consumption. The
results of the Pearson’s correlation imply on positive, statistically significant, relationship
between electricity consumption in all individual phases of copper production with the
volume of the production. The identified correlation is confirming the dependence among
electricity consumption and copper production where any increase in copper production is
leading to the increase in electricity consumption. The disturbance size that measures the
volume of the sulfuric acid production reports high Pearson’s correlation with the volume of
copper production. Moreover, the empirical evidence from the descriptive statistics showed
the increasing trend in the volume of copper production. This increasing tendency is
connected with the total electrical energy demand. It leads to the conclusion that higher
volume of copper production is demanding higher electrical energy consumption and reverse.
This conclusion is logic and expected and it is interesting for further analysis of the observed
variables.

Further analysis is considering construction of prediction models for the volume of
copper production in the function of electricity consumption. The first constructed prediction
model is illustrating the share of electricity consumption of each production phase. The
prediction model is underlying the importance of converting and refining operation on the
volume of copper production. More specifically, almost 37% of the total share of electricity
consumption is referred to the phase of converting and refining and is mostly shaping the
results of the prediction model. This outcome is consistent with the previous results of the
descriptive statistics that characterize the same production phase as the largest electricity
consumer. The second important phase is the phase melting that participates with
approximately 21% in the total share of electricity consumption. The third phase by its
importance is the phase of batch preparation (17%), followed by the phase slag flotation
(=15%). The least effect is achieving the phase scrubber and cooling tower (=10%). The
model provided interesting results referring to the importance of the lowest electricity
consumption phase that is the phase of batch preparing, reporting that even though is the
lowest electricity consumer it is more important than higher electricity consumption phases
like slag flotation and scrubber and cooling tower. Ranking by importance weights follows
different path in the second prediction model. In the second prediction model, the most
important independent variable is sulfuric acid production with ~53% share of the importance
in comparison to the importance of the rest independent variables. The empirical evidence
suggest that the volume of the copper production is more efficiently predicted using more
production parameters.

The predicted values of the copper production using artificial neural network are
following the realized values and manifest some deviations in certain production periods.
Predicted values are following the rising trend of the volume of copper production. This
means further growth of electrical energy demand and emerged need to efficiently plan the
production volume. With the help of the prediction models, it is possible to plan all sorts of
resources, including electrical energy demand. The use of prediction models is recognized as
essential for smart energy management. Constant monitoring of the production results and
electrical energy resources could bring to the use of more efficient technological solutions in
those production phases that are considered as high electrical energy consumers. Energy
efficient solutions would have as a result low electrical energy demand.
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4. CONCLUSION

The main contributions of this paper are following:

- Electrical energy demand for the process of copper production has been observed for
the period longer than one year. The most important phases in the copper production have
been identified and electrical energy consumption for those phases has been recorded on a
daily basis. The observed parameters have been divided into input, disturbance and output
groups of variables.

- The gathered data have been used to conduct further analysis of the electricity
consumption using SPSS software package. Empirical evidence obtained from the SPSS
showed the descriptive statistics of the dependent and independent variables and Pearson’s
correlation matrix. The highest positive correlation has been recorded among variables X;-
electricity consumption for converters and refining and X,- electricity consumption for
melting where r=0.902 and has achieved acceptable level of statistical significance (p<0.05).
The outcome of the multiple linear regression analysis for the first prediction model showed
statistically significant value of Pearson’s correlation that equals to r=0.603 and coefficient of
determination is R?=0.364. Obtained values provided acceptable results and approved the
construction of this prediction model. Results for the second prediction model that are
statistically significant, indicate on high value of the Pearson’s correlation coefficient that
equals to 0.737 and coefficient of determination is R=0.543. The obtained performances of
the second prediction model showed better outcomes than first prediction model.

- Five input variables and one output variable have been employed to construct the
first artificial neural network prediction model. Input variables included parameters
concerning electricity consumption in five phases of copper production and output variable
included the volume of copper production. ANN results revealed five hidden layers in the
prediction model. The most important independent variable in the prediction model was X;-
electricity consumption for converting and refining with the importance weight of 0.374. This
highlights the variable X; as the most influencing variable in the prediction model. The
second prediction model included five input variables; among them is one disturbance size,
two hidden and one output layer. The most important independent variable is Z- sulfuric acid
production with its weight of 0.530. The high importance of this variable allows it to shape
the results of the output values in major share.

- The outcome of the prediction models was used to calculate prediction values for the
volume of the copper production and was compared to the realized volume of the copper
production in the observed period. The comparison results showed occasional variation in the
prediction values. The results indicate that second model provides higher-quality predictions
values than first prediction model.

- The major advantage of the constructed prediction model is identified in the
possibility to adapt it to different situations and add other variables. The same concept can be
used in other industries that are marked as high electrical energy consumers. The results of the
study can be useful in further investigation of the electrical energy consumption in copper
production process and influence of copper production volume on electrical energy demand.

- Further analysis of the relationship between electrical energy demand and the
volume of the copper production can be done using more variables that are recorded in the
production process. It is evident from the study that adding different input and disturbance
sizes can cause changes in the predicted output values. Supplementary variables could explain
the relation between copper production process and production parameters in more details.
This is also considered as the main limitation of the study.

421



International May Conference on Strategic Management — IMCSM20
September 25 - 27, 2020, Bor, Serbia

ACKNOWLEDGMENT

This work was supported by the Serbian Ministry of Education, Science and
Technological Development through Mathematical Institute of the Serbian Academy of
Sciences and Arts and University in Belgrade, Technical faculty in Bor.

REFERENCES

Behm, C., Nolting, L., & Praktiknjo, A. (2020). How to model European electricity load
profiles using artificial neural networks. Applied Energy, 277, 115564.

Di Piazza, A., Di Piazza, M. C., La Tona, G., & Luna, M. (2020). An artificial neural
network-based forecasting model of energy-related time series for electrical grid
management. Mathematics and Computers in Simulation.

DPozi¢, D. J., & Urosevié, B. D. G. (2019). Application of artificial neural networks for testing
long-term energy policy targets. Energy, 174, 488-496.

Guijo-Rubio, D., Durén-Rosal, A. M., Gutiérrez, P. A., Gomez-Orellana, A. M., Casanova-
Mateo, C., Sanz-Justo, J., ... & Hervas-Martinez, C. (2020). Evolutionary artificial
neural networks for accurate solar radiation prediction. Energy, 118374.

Gunay, M. E. (2016). Forecasting annual gross electricity demand by artificial neural
networks using predicted values of socio-economic indicators and climatic conditions:
Case of Turkey. Energy Policy, 90, 92-101.

Kavaklioglu, K., Ceylan, H., Ozturk, H. K., & Canyurt, O. E. (2009). Modeling and
prediction of Turkey’s electricity consumption using artificial neural networks. Energy
Conversion and Management, 50(11), 2719-2727.

Li, K., Hu, C,, Liu, G., & Xue, W. (2015). Building's electricity consumption prediction using
optimized artificial neural networks and principal component analysis. Energy and
Buildings, 108, 106-113.

Lopez-Garcia, T. B., Coronado-Mendoza, A., & Dominguez-Navarro, J. A. (2020). Artificial
neural networks in microgrids: A review. Engineering Applications of Artificial
Intelligence, 95, 103894.

Moreno-Leiva, S., Haas, J., Junne, T., Valencia, F., Godin, H., Kracht, W., ... & Eltrop, L.
(2020). Renewable energy in copper production: A review on systems design and
methodological approaches. Journal of Cleaner Production, 246, 118978.

Nolting, L., Spiegel, T., Reich, M., Adam, M., & Praktiknjo, A. (2020). Can energy system
modeling benefit from artificial neural networks? Application of two-stage
metamodels to reduce computation of security of supply assessments. Computers &
Industrial Engineering, 142, 106334.

Schlesinger, M. E., Sole, K. C., & Davenport, W. G. (2011). Extractive metallurgy of copper.
Elsevier.

Sharma, M., & Garg, R. (2020). An artificial neural network based approach for energy
efficient task scheduling in cloud data centers. Sustainable Computing: Informatics
and Systems, 26, 100373.

Shin, Y., Smith, R., & Hwang, S. (2020). Development of model predictive control system
using an artificial neural network: A case study with a distillation column. Journal of
Cleaner Production, 124124,

Singhal, D., & Swarup, K. S. (2011). Electricity price forecasting using artificial neural
networks. International Journal of Electrical Power & Energy Systems, 33(3), 550-
555.

422



International May Conference on Strategic Management — IMCSM20
September 25 - 27, 2020, Bor, Serbia

Vidal, O. (2018). Energy requirements of the mining and metallurgical
industries. Commodities and Energy, 27-52.

Wang, J., Du, P., Lu, H., Yang, W., & Niu, T. (2018). An improved grey model optimized by
multi-objective ant lion optimization algorithm for annual electricity consumption
forecasting. Applied Soft Computing, 72, 321-337.

423



International May Conference on Strategic Management — IMCSM20
September 25 - 27, 2020, Bor, Serbia

TABLE OF CONTENTS:

XVI INTERNATIONAL MAY CONFERENCE ON STRATEGIC MANAGEMENT -

IMCSM20

Plenary papers

CIRCULAR ECONOMY 4.0 — AN ENTREPRENEURIAL APPROACH

MaATT]A TOAOTOVIC cuuureurrerureessneeseessseesessssesssesssssesssssssessssessssssssessssesssessssessssssssesssessssessssesssessssessssesssessssesssnssssessssssssessasessssssssessasesas

MULTI-CRITERIA DECISION MAKING AND VALIDATION OF THE
RESULTS

DIFAZAN PAIMUCAT «.cvuvrevuseeeueeessseeessseesssesessseessssesssssessssssssssssesssesesss b s E SRR R RS E SRR RS R R RS RS EER R

COMPARATIVE ANALYSIS OF EFFICIENCY OF VARIOUS SUPERVISED
MACHINE-LEARNING ALGORITHMS IN WATER QUALITY INDEX
PREDICTION

DANIJEIA VIOZA crerurreresieriiessesessessssssssssssss s sss s sss s sess s sess s8R R R R RS R R R R R R

Conference papers

BRAKE FORCE TESTING IN ERGONOMICALLY ADJUSTED CRANE CABINS

Vesna Spasojevi¢ Brki¢, Zorica Veljkovi¢

RESEARCH ON ACCIDENT SITUATIONS OF CRANE TRANSPORT SYSTEMS

Aleksandar Brki¢, Vesna Spasojevi¢ Brki¢, Martina Perisi¢

LEADER VS. EMPLOYEES: INVESTIGATION OF DIFFERENCE IN PERCEPTION

OF ORGANIZATIONAL CULTURE IN SMALL AND MEDIUM-SIZED
ENTERPRISES

Ivona Mileva, Miodraga Stefanovska-Petkovska, Marjan Bojadjiev

NEW CHALLENGES TO THE MANAGEMENT DECISION - MAKING
PROCESS IN DIGITAL BUSINESS ENVIRONMENT

Yulia V. Syaglova, Tatiana P. Maslevich, Natalija Minajeva

.33

532



International May Conference on Strategic Management — IMCSM20
September 25 - 27, 2020, Bor, Serbia

GRAPH DATABASE MODELING OF A 360-DEGREE E-CUSTOMER VIEW IN
B2C E-COMMERCE

[lija HriStOSKi, TOME DIMOVSKI....riuueieurieereesseesseessessssessssssssessssesssesssssssssssssasssesssssssssssssessssessssssssasssesssssssssasssessssssssessssassssssssassssessss 42

APPLICATION OF BUSINESS PROCESS MANAGEMENT SYSTEMS IN
BULGARIA

N 1013 B2V 0¥ 06 T=T (o )T T 52

FINANCIAL MANAGEMENT AND DIGITAL TECHNOLOGIES IN BUSINESS
ORGANISATIONS

N3 1013 B2V 0¥ 0 T=T [0 )T T 60

METHODOLOGICAL APPROACH TO ASSESSING THE DEVELOPMENT OF
TECHNOLOGICAL INTEGRATION

Alexander Miller, Maksim Miller, YUITY Deryabin ... eeeiseesssssssssssssssssssssssssssssssssssssessssesssssssssssssssssasssnes 69

ANALYSIS OF CORPORATE SOCIAL RESPONSIBILITY DIMENSIONS
IMPACT ON ORGANIZATIONAL COMMITMENT OF EMPLOYEES IN
TEXTILE INDUSTRY

Andrea Dobrosavljevi¢, Snezana UroSevi¢, Porde Nikoli¢, Ivana Mladenovi¢-Ranisavljevic ... 78

MARKETING CHALLENGES AND CONSUMERS PURCHASING BEHAVIOUR
TOWARDS ORGANIC NUTRITIONAL PRODUCTS

Sreten TeSanovi¢, Sanja TeSanovi¢, Natasa SOBOE errereeeeeeseseeesseesssesseeessessssesesssssssssssesessssssssessssssssssessesssssmesseessssssesseesssssns 89

M — LEARNING AS A TREND IN EDUCATION BETWEEN STUDENTS IN
SERBIA

Sanela Arsi¢, Isidora MiloSevi¢, Andelka Stojanovié, Porde Nikoli¢, Momir POPOVIC.....oeenmeerneeesecessersseessneenns 99

INVENTORY MANAGEMENT: LITERATURE REVIEW AND PAPERS
CLASSIFICATION

Milos Spasi¢, Marinko Maslarié¢, Dejan Mirceti¢, Svetlana NIKOIICIC ....oeneeneenniesnernseeesssesseesssesssesssessssessssssnnss 109

ECOLOGOHELMINTHOLOGICAL INVESTIGATIONS AND CIRCULATION
OF ARSENIC IN THE SYSTEM WATER - SEDIMENTS — CHONDROSTOMA
NASUS - CONTRACAECUMSP., LARVAE FROM THE DANUBE RIVER

Petya Zaharieva, Rad0S1ava ZahariEVa......ceeeeeeseeseesseesssssssesssesssessssssssssssesssssssssssssesssssssssssssssssesssssssssesssessaes 120

HELMINTH COMMUNITIES OF CHONDROSTOMA NASUS (LINNAEUS, 1758)
AND THEIR BIOINDICATOR ROLE FOR THE ACCUMULATION OF
CADMIUM FROM THE DANUBE RIVER, BULGARIA

Petya Zaharieva, Rad0S1ava ZaharieVa ... sssssssssssssssssssssssssssssssssssssssssssssssssesssssssssssanss 127

533



International May Conference on Strategic Management — IMCSM20
September 25 - 27, 2020, Bor, Serbia

PARASITE COMMUNITIES AND A CONTENT OF CADMIUM IN THE
SYSTEM WATER - SEDIMENTS - ABRAMIS BRAMA FROM THE DANUBE
RIVER, BULGARIA

Radoslava Zaharieva, PEtya ZahariEVa ... eeeeeessessesssessssssssssssesssessssssssssssesssssssssssssssssssssssssssssssesssssssssssssassanes 136

PARASITE COMMUNITIES OF ABRAMIS BRAMA AND ACCUMULATION OF
SOME POLLUTANS FROM DANUBE RIVER, NORTHWESTERN BULGARIA

Radoslava Zaharieva, Petya ZaharieVa ... sssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssns 145

FORECASTING EMERGENCY SITUATIONS CONNECTED WITH REGIONAL
FLOODING BY GROUNDWATER IN SOUTHERN UKRAINE

Sergii Telyma, Olena Voloshkina, Yevheniia Anpilova, Volodymyr Efimenko, Yevhenii Yakovliev............... 155

REQUIREMENTS FOR DRINKING WATER MANAGEMENT WITHIN THE
TERRITORIES OF DONBAS MINING COMPLEXES

Voloshkina Olena, Yakovliev Yevhenii, Anpilova Yevheniia, Hunchenko Oksana, Zhukova Olena................. 164

ECOLOGICAL ASSESSMENT OF THE CONDITION OF THE OGOSTA RIVER,
DANUBE RIVER BASIN, BULGARIA

Mariya Chunchukova, Petya Zaharieva, Radoslava Zaharieva.......eeeeeessssssssseesseessessssssseessnes 173

BIODIVERSITY AND ECOLOGICAL ASSESSMENT OF THE FRESHWATER
ECOSYSTEM OF THE OSAM RIVER, BULGARIA

Mariya Chunchukova, Radoslava Zaharieva, Petya Zaharieva......eeereeeessssssessseesseessesssessssesnes 182

IN SEARCH OF COMPETITIVE ADVANTAGE: THE DIFFERENCES AND
MUTUAL COMPLEMENTATION OF TWO APPROACHES

VESSEIINA MAXIINIOVA ..ovirriirtcate s sssssse b s s sss s bbb ss s bbb s bbb bR bR bR bbb bR n et 194

ORGANISATION DESIGN AND ENVIRONMENT DYNAMICS

VESSEIINA MAXIINIOVA ..ovircrcrcicete s sssssse b bessss s sss s sss s e ss s e bbb e bbb bR bRt bbb bR an et 205

IMPACT AND IMPORTANCE OF SUBSIDIES ON THE ECONOMIC
EFFECTIVENESS OF ORGANIC FARMING

Valentina Agapieva-Aliosman, Violeta DiriManova.....eeeeeseessssssesssesssesssssssesssessssssssssssssssssssessssssss 213

QUOTATION AS A MEASURE OF SCIENTIFIC CONTRIBUTION - THE
POSITION OF THE WESTERN BALKAN COUNTRIES IN RELATION TO
SOME EU COUNTRIES

Marija Panié, Zivan ZivKovi€ ... 220

APPLICATION OF ADVANCED INDUSTRY 4.0 TECHNOLOGIES IN
EUROPEAN AND SERBIAN ENTERPRISES

Isidora MiloSevi¢, Jelena Ruso, Sanela Arsi¢, Ana Raki¢, Andelka Stojanovic¢ 227

534



International May Conference on Strategic Management — IMCSM20
September 25 - 27, 2020, Bor, Serbia

CYBERSECURITY STRATEGY AND LEADERSHIP MANAGEMENT ISSUES

Annamaria Beldz, Csaba Krasznay, ZS0It SZaD0 ......oeiemeiseissssssssssssssssssessssssssissssssssssssssssssssssssssssssssssssssssssns 242

ARE TODAY’S INNOVATORS / EXPORTERS FUTURE EXPORTERS /
INNOVATORS? A COUNTERFACTUAL ANALYSIS IN SLOVAKIA

Peter Adamovsky, Marek MiSutka, Artur BODOVNICKY .....c.ocrerimressesmsesimsssssssssssssssssssssssssssssssssssssssssssssssssssssssssssanss 253

COMPARATIVE STUDY ON GENDER EXPECTATIONS ABOUT THE
REQUIRED DIGITAL ENTREPRENEURSHIP SKILLS

Daniel Pavlov, MIrOSIava BONEVaA.... s sssssssssesesssssssssssssesssssssssssssssssesssssssssssssesssssssssessessssssssssassesnsans 264

DELPHI METHOD APPLICATION TO FIND A MORE EFFICIENT MODEL
FOR EVALUATING THE PERFORMANCE OF ADMINISTRATIVE SERVANTS

Dejan DimitrievsKi, Violeta CVETKOSKA ... ieceeeseeeeeseeesseessseseesssesssssessesssesssessssesssesssesssssssssssssesssssssssssssesssessssessssesssessaes 274

INTERNET FINANCIAL REPORTING PRACTICES IN BOSNIA AND
HERZEGOVINA, SERBIA AND MONTENEGRO

Azra Zaimovic, Almasa Begic, Tarik ZaimMOViC. ..o creeeeesseeseesseessessseessssssssssesssessssssssesssessssssssessssssssesssesssssssss 285

MULTIPLE CRITERIA ANALYSIS OF AIR POLLUTION IN AN URBAN
ENVIRONMENT IN THE VICINITY OF A COPPER SMELTING PLANT

Nevena Miliki¢, Isidora MiloSevi¢, Milica VEIICKOVIC ..issssesssssssssssssessssssessssssesssssssasssssssesssssssas 299

EFFECT OF MOTIVATION FACTORS ON EMPLOYEES’ JOB
PERFORMANCE: EVIDENCE FROM ALBANIA

DT g =1 0 =T =Y 00 P 311

EFFECTIVENESS OF CRYPTOCURRENCY PORTFOLIO MANAGEMENT
BEFORE AND DURING COVID-19 PANDEMIC

Adna Omanovié¢, Almira Arnaut - Berilo, Azra Zaimovi¢ ..319

THE ETHICAL FOUNDATIONS OF MODERN MANAGEMENT METHODS
DIQGOT ZATEVSKI ..vcvuieeseeueeseeeseesssessseesseesseesssesssesssseesssesssessssessssesssess s e esse s8R s8R E R e E SRR R R RS R R 332

THE IMPORTANCE OF THE BOSS PLATFORM FOR THE DEVELOPMENT
OF ENTREPRENEURSHIP IN THE ACADEMIC ENVIRONMENT

Zoran Vujc€i¢, Biljana Dojnov, Dragana ZIatoViC. ... eeresesssessesssessssesssesssesssssssssssssssssssssssssssssssessssessssssssessaes 341

MANAGEMENT OF SUSTAINABLE CITIES — A SINGLE INTEGRATED
APPROACH

Stela Todorova, ANeliya Parzhanova.. .. eceeeseeeessssessesssesssssssssssssesssessssssssssssesssssssssssssesssssssssssssasssessssessssessssssses 352

TECHNICAL COMMITTEES AS PART OF THE QUALITY
INFRASTRUCTURE IN SERBIA

Ana Rakic, Jelena Ruso, Maja Glogovac, JoVan FIlIPOVIC ..ereeinsissnsessssisssssssssssssssssssssssssssssssssssssssssssssssens 362

535



International May Conference on Strategic Management — IMCSM20
September 25 - 27, 2020, Bor, Serbia

GUIDELINES FOR TRANSITION FROM SURVIVING STRATEGIES TO
SUSTAINABLE REGIONAL DEVELOPMENT OF BULGARIAN BLACK SEA
CITIES

1Y/ 1= e =3 o T o) 0 L= 7T 370

GUIDELINES FOR IMPROVING EDUCATIONAL MANAGEMENT IN THE
REPUBLIC OF BULGARIA

Yordanka Angelova StOYan0oVa-TONEVA .......reeeeeeseesseessssssessssesssessssssssesssesssssssssssssesssesssssssssesssesssssssssssssesssssssssssasesass 381

ONLINE TEACHING, LEARNING AND EVALUATION DURING THE
CORONAVIRUS CRISIS. A ROMANIAN PERSPECTIVE

Luminita PArv, Corina SilVIa MICU ...uecieesissssssssssssssnsssssssssssssssssssssssssssssssssssssssssssssssmsssssssssssssasssssssssssssssssssssssssanns 392

ROLE OF RFID IN DATA EXCHANGE FOR EFFICIENT CONTAINER
LOGISTICS

Mohan Saini, DENISA HIUSECKA ...ierieserereesesssesssesssesssesssssssesssssssesssssssesssssssesssssssessessssesssssssesssssssssesssssssesssssssassssssesassassesassassass 400

PREDICTION OF THE COPPER PRODUCTION IN THE FRAMEWORK OF
ELECTRICAL ENERGY CONSUMPTION USING ARTIFICIAL NEURAL
NETWORK

Ivana Velickovska, [van Mihajlovi¢, Boban NJAGUIOVIC ......enemereesssssssssssssssssssssessssssssssssssssssssssssssssssssssssssaes 411

PERSPECTIVES ON MULTICRITERIA CLASSIFICATION METHODS
DJOTAJE INIKOLIC .urvreeuseeruseeesseeessseesssseessseesssseessssassssssesssesesssesesssesesssesesssesesssesesssesssssesssseeesseeeesse s AR E R LR R ER AR SRRt E bR s 424

THE ENTERPRISE SIZE AND AGE AS DETERMINANTS OF SMES FAILURE

Andelka Stojanovi¢, Ivan Mihajlovi¢, Isidora MiloSevi¢, Nenad Miliji¢, Ivan Jovanovié......eeenneenn. 436

AIR TRANSPORT FACTOR FOR THE ECONOMIC AND SOCIAL
DEVELOPMENT OF REGIONS

KEIranKa NEAEVA ...t ssss s sss bbb s sas s s sssss s bsssssssbsssssssbesasssbessssssbessssssbessnssstessnsassessnssssass 444

HELMINTH FAUNA OF BARBUS CYCLOLEPIS HECKEL, 1837 AND
ECOLOGICAL APPRAISAL FOR THE CONDITION OF THE CHEPELARSKA
RIVER, BULGARIA

MaTiya CHUNCHUKOVA....c.uuceeeceieeresesssseessssessssessssssss s sess s s s s RRREERRERR RS RSEEeRn 451

ECOLOGICAL STUDIES OF EURASIAN MINNOW FOR EVALUATION OF
THE CONDITION OF GLACIAL LAKE BEZBOG IN PIRIN MOUNTAIN,
BULGARIA

Mariya Chunchukova, Diana Kilil..eeeceseseseesssessssssesssssssssssssesssesssssssssssssesssssssssssssesssssssssssssasssesssssssssssssessaes 458

HELMINTH FAUNA OF SOME CYPRINID FISH SPECIES FROM LOWER
STREAM OF RIVER TUNDZHA, BULGARIA

Mariya Chunchukova, Diana KiTiN...eeceeessesseesssessssssessssssssssssssssessssessssssssesssssssssssssesssssssssssssesssessssssssssssassses 465

536



International May Conference on Strategic Management — IMCSM20
September 25 - 27, 2020, Bor, Serbia

LP MODEL FOR OPTIMIZATION OF COPPER BATCH COMPOSITION

Ivan Jovanovi¢, Andelka Stojanovi¢, Nenad Miliji¢, Dejan BodanoviC......eeeeenmeesmsesssssesssssssssesssssssssness 474

MULTICRITERIA ANALYSIS OF PROJECT MANAGEMENT PERFORMANCE
WITHIN PROJECT-BASED ORGANIZATIONS

Nenad Miliji¢, Ivan Jovanovié¢, Andelka Stojanovic, MOMIT POPOVIC.....eernmeenesnmressmessessssssssssssssssssssssssssssssanss 482

USE OF QUALITATIVE MODELS IN RISK ASSESSMENTS
Y. AYSE B INOTAAL ..oceieeeeeereeeeeeseeeseissecssstessessssesssesssss s sss s es s s s £s RS R R R RS8R R R R 490

INTEGRATING HUMAN RESOURCES AND CUSTOMER RELATIONSHIP
MANAGEMENT FOR STUDENT SATISFACTION IH HIGHER EDUCATION:
GAINING A COMPETITIVE ADVANTAGE

Milena Ili¢, Nevenka Popovic Sevi¢, BOjJAN RISTIC c.vureurerreeseeereessesssesssssssssssssssssssssssssssssssssssssssssssssssssssmsssssssssssssessasesses 501

LEADERSHIP ATTITUDE EXPECTATIONS IN AGRICULTURE

D) =N s YA 1 (ol 509

THE MAIN MANAGEMENT, FARM ORGANIZATION AND MARKET
LESSONS OF ORGANICL FARMING BASED ON THE HUNGARIAN
EXPERIENCE OF THE LAST DECADES. THAT IS, WHAT NEEDS TO
CHANGE FOR SUCCESSFUL PRODUCTION AND SALES?

GADOT GYATTIIALI . retu1eeruseeessseeessseessssesssseesssseeesssassssseessseeessseeess s Ess s RS E SRR R8RSR SRR E R E R R R AR SRRt E Rt R0 520

537



