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Abstract  
This paper examines the state of drug use and sales during a lockdown caused by a pandemic 

COVID-19. The focus group is juveniles in the United States, as there has been a sharp change 

in drug mortality for this group in the United States during quarantine. The change in the death 

rate from drugs among minors has been identified. The impact of drug prohibition and 

legalization in the US economy on the level of drug use has been studied. Data on drug use and 

distribution by juveniles were analyzed using descriptive statistics, data visualization, 

smoothing (Kendall, Pollard, median, exponential), data correlation, and cluster analysis. The 

results show that for minors aged 12-16, quarantine conditions have benefited by reducing the 

trend of drug use, not only after quarantine but also in later life, and confirm the hypothesis of 

a positive effect of lockdown on drug use reduction among minors in the United States. 

Recommendations are proposed to increase the attention of the state and its implementation of 

additional control measures, including conducting political and educational measures among 

adolescents to prevent drug use and reduce the popularity of drug use for each succeeding 

generation. It will positively benefit young people as drug prevention, and it will help reduce 

drug mortality in the United States. 
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1. Introduction 

The problem of socio-economic development of each country, according to researchers [1-6], is very 

sensitive to changes in external influences [7-11], critical of which the last two years are the pandemic 

COVID-19 [12, 13]. During the pandemic in the United States, a record number of people died from 

drug overdoses, about 100 thousand Americans [14-16]. Mortality rates have increased by 35% 

compared to 2020. In 2019, the number of deaths due to drug exposure did not exceed 73 thousand. It 

is the largest number of overdose deaths registered in a year. According to the National Institute on 

Drug Abuse [15], this is the largest increase in drug overdose mortality since 1999 [17-19]. 

The fight against drugs has been going on for more than a century. The author [20] traces the history 

of drug use since the 19th century. In the 20th century, the cause of death from drug use was that drug 

addicts neglected treatment for a long time. It has been found that a large percentage of deaths are heroin 

users born from the 1990s to the 2000s during the baby boom [20-23]. During the baby boom, a 

generation was born that became a global drug user, and by 2022, the highest number of overdose deaths 

was recorded among drug addicts of this generation. Over 50 years, this has led to a sharp increase in 

drug use and frequency, as evidenced in all official documents and reports. From an economic point of 

view, it also led to the rapid growth of the drug business and its criminalization [14-16, 20-24]. The 

purpose of the work is as following. 
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• Application of basic visualization methods, graphical display and primary statistical processing 

of numerical data on the impact of the COVID-19 pandemic on juvenile drug use and proliferation, 

presented by a sample. 

• Study of trends in the behaviour of drug use by minors during the lockdown, using the basic 

methods of identifying trends in the behaviour of addictions that represent the nature of the trend of 

use, 

• Presentation of the obtained results using MS Excel spreadsheet to confirm or refute the 

hypothesis of a positive effect of lockdown on reducing drug use among minors. 

• Using methods of correlation analysis of experimental data to establish the relationship between 

copper data collected during the pandemic period. 

• Application of the cluster analysis method to establish the cluster of the most drug-dependent 

age groups of minors. 

The task is to study the impact of COVID-19 on the level of drug use by minors on the example of 

the largest data set on drug use in the United States. Identify the cluster of the most drug-dependent age 

groups of minors to develop ways to counteract the growth of drug use among young people. 

2. Literature review 

The problem of drug use by minors became acute after the Second World War. Several important 

documents have been adopted to control the spread of drugs. The Opium Convention was signed in 

1909 in Shanghai [25]. It includes 13 countries of the International Opium Commission. It restricts 

exports as opposed to banning or criminalizing the use and cultivation of opium, coca and cannabis. 

The Convention provided that States would make every effort to control or seek to control all persons 

producing, importing, selling, distributing and exporting morphine, cocaine and their related salts, and 

buildings in which such persons are engaged in such industry or trade [25]. The Convention was 

replaced by the 1961 Single Convention on Narcotic Drugs. Ukraine was ratified by the Convention in 

2001, but on the website of the Verkhovna Rada of Ukraine on December 2, 2020, the Commission on 

Narcotic Drugs decided to remove cannabis from List IV of the Convention after the proposals were 

published by the World Health Organization in 2019 [25]. 

However, today the problem is not solved in Ukraine or worldwide. New reports of increasing 

adolescent mortality from drug overdose are emerging [26-36]. During the quarantine of the COVID-

19 pandemic, retailers adapted to new conditions [37-49]. Quarantine through COVID-19 increased 

unemployment and according to researchers [50-58], a certain part of the population was forced to look 

for means of survival that were quite easy to obtain. 

Impact of quarantine on juvenile use [59-69]: 

1. Forced isolation due to the difficult epidemiological situation with COVID-19 has affected 

young people differently.  

2. Some have reduced consumption for reasons such as lack of parties and company, moving 

parents from the metropolis to the suburbs and provinces. 

3. And others, on the contrary, began to use much more due to a large amount of free time; this 

category believes that buying drugs during the crown of the virus is safer than going to the 

supermarket.  

Our work is based on data from research by the National Center for Health Statistics (NCHS), one 

of the leading statistical agencies under the US government [67]. It is located within several different 

organizations within the Ministry of Health and Social Services and, since 1987, has been part of the 

Centers for Disease Control and Prevention. They conduct four data collection programs: National Vital 

Statistics System (NVSS), National Health and Nutrition Examination Survey (NHANES), National 

Health Interview Survey (NHIS), and National Health Care Surveys (NHCS) [40-45]. 

The National Drug and Health Survey (NSDUH) is a significant source of statistics on illicit drug, 

alcohol, and tobacco use and on the mental health of US civilians over the age of 12 [46-58]. The survey 

tracks trends in specific interventions for substance use and mental illness and assesses the 

consequences of these conditions by examining and treating mental and substance use disorders [59-

66, 68]. 



3. Methods 

The following methods were used to solve the tasks [ 69-84]. 

● Data and information collection. Convert data to excel format. 

● Descriptive statistics of data. 

● Visualization (in polar and Cartesian coordinates; in the form of histograms, etc.). 

● Smoothing according to Kendall formulas - a simple moving average, using the different 

intervals. 

● Smoothing according to formulas from Pollard. 

● Exponential smoothing, values of α = 0.1, 0.15, 0.2, 0.25, 0.3 

● Median smoothing using the different intervals. 

● Cluster data analysis. 

4. Experiments and Results 
4.1. Data 

The work is based on data from the National Center for Health Statistics (NCHS) study, namely the 

NSDUH for 2020 [14, 40-41, 67]. The dataset consists of data on the frequency of drug use among ten 

age groups of minors in the United States from 12 to 21 years (Table 1). It covers 13 drugs across 10 

age groups. The average value of the polled number of people is equal to 2671. 

 

Table 1 
US drug use by age dataset 

n age 
alcoh

ol 
marij
uana 

coc
aine 

crac
k 

her
oin 

hall
ucin
oge

n 

inha
lant 

pain-
releiv

er 

oxyc
onti

n 

tran
quili
zer 

sti
mul
ant 

met
h 

sed
ativ

e 

2798 12 3,9 1,1 0,1 0,0 0,1 0,2 1,6 2,0 0,1 0,2 0,2 0,0 0,2 
2757 13 8,5 3,4 0,1 0,0 0,0 0,6 2,5 2,4 0,1 0,3 0,3 0,1 0,1 
2792 14 18,1 8,7 0,1 0,0 0,1 1,6 2,6 3,9 0,4 0,9 0,8 0,1 0,2 
2956 15 29,2 14,5 0,5 0,1 0,2 2,0 2,5 5,5 0,8 2,0 1,5 0,3 0,4 
3058 16 40,1 22,5 1,0 0,0 0,1 3,4 3,0 6,2 1,1 2,4 1,8 0,3 0,2 
3038 17 49,3 28,0 2,0 0,1 0,1 4,8 2,0 8,2 1,4 3,5 2,8 0,6 0,5 
2469 18 58,7 33,7 3,2 0,4 0,4 7,0 1,8 9,2 1,7 4,9 3,0 0,5 0,4 
2223 19 64,6 33,4 4,1 0,5 0,5 8,6 1,4 9,4 1,5 4,2 3,3 0,4 0,3 
2271 20 69,7 34,0 4,9 0,6 0,9 7,4 1,5 10,0 1,7 5,4 4,0 0,9 0,5 
2354 21 83,2 33,0 4,8 0,5 0,6 6,3 1,4 9,0 1,3 3,9 4,1 0,6 0,3 

 

4.2. Descriptive statistics and Cartesian and polar coordinate systems 

Descriptive statistics are quantitative characteristics of data [70, 85-91]. To obtain the data results 

of descriptive statistics in Excel, in the section "Data," the method "Data analysis" was selected. The 

item "Descriptive statistics" was selected. In the menu of "Descriptive statistics," all values from the 

table "Alcohol " were set, and the place of output of values was indicated (Table 2 - Table 3). Similar 

actions were taken for the other drugs. After all the data, we were obtained. The result of Average, 

Standard error, Median, Moda, Standard deviation, Sampling variance, Excess, Asymmetry, Interval, 

Minimum, Maximum, Amount, and Account were prepared, namely, formatting. All numbers were 

reduced to "00.00". 

Fig. 1 shows the structure of 13 drugs used by age in the Cartesian coordinate system. Fig. 2 shows 

the structure of 13 drugs used by age in the polar coordinate system.  

 

 

 



Table 2 
Descriptive statistics of the US drug use by age 

Parametre alcohol marijuana cocaine crack heroin hallucinogen 

Average 42,53 21,23 2,08 0,22 0,30 4,19 
Standard error 8,57 4,19 0,63 0,08 0,09 0,96 

Median 44,70 25,25 1,50 0,10 0,15 4,10 
Moda - - 0,10 0,00 0,10 - 

Standard deviation 27,12 13,24 2,00 0,25 0,29 3,04 
Sampling variance 735,26 175,34 4,01 0,06 0,08 9,27 

Excess -1,29 -1,60 -1,77 -1,82 0,37 -1,66 
Asymmetry -0,08 -0,50 0,41 0,53 1,09 0,06 

Interval 79,30 32,90 4,80 0,60 0,90 8,40 
Minimum 3,90 1,10 0,10 0,00 0,00 0,20 
Maximum 83,20 34,00 4,90 0,60 0,90 8,60 
Amount 425,30 212,30 20,80 2,20 3,00 41,90 
Account 10,00 10,00 10,00 10,00 10,00 10,00 

 
Table 3 
Descriptive statistics of the US drug use by age (continue) 

Parametre 
inhal
ant 

pain-
releiver oxycontin tranquilizer stimulant meth sedative 

Average 2,03 6,58 1,01 2,77 2,18 0,38 0,31 
Standard error 0,18 0,95 0,20 0,60 0,46 0,09 0,04 

Median 1,90 7,20 1,20 2,95 2,30 0,35 0,30 
Moda 2,50 - 0,10 - - 0,10 0,20 

Standard deviation 0,58 3,02 0,62 1,89 1,46 0,28 0,14 
Sampling variance 0,34 9,10 0,39 3,58 2,14 0,08 0,02 

Excess -1,40 -1,48 -1,39 -1,48 -1,56 -0,28 -1,17 
Asymmetry 0,40 -0,46 -0,50 -0,13 -0,09 0,41 0,10 

Interval 1,60 8,00 1,60 5,20 3,90 0,90 0,40 
Minimum 1,40 2,00 0,10 0,20 0,20 0,00 0,10 
Maximum 3,00 10,00 1,70 5,40 4,10 0,90 0,50 
Amount 20,30 65,80 10,10 27,70 21,80 3,80 3,10 
Account 10,00 10,00 10,00 10,00 10,00 10,00 10,00 

 

 
Figure 1: Visualization of drug use by age in the Cartesian coordinate system 
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Figure 2: Visualization of drug use by age in the polar coordinate system 

4.3. Histogram and cumulative 

We consider the example of marijuana use. To construct a histogram, the values of the boundaries 

of the intervals are indicated, and rectangles are constructed on their basis, the height of which is 

proportional to the frequencies (or frequencies). Data Analysis >> Histogram was opened, and 

parameters were set. Fig. 3 show the histogram of the frequency of marijuana use by age. Fig. 4 shows 

cumulative of the frequency of marijuana use by age.  

 

 
Figure 3: Histogram of the frequency of marijuana use by age 
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Figure 4: Cumulative the frequency of marijuana use by age in the Cartesian coordinate system 
 

 
Figure 5: Cumulative of the frequency of marijuana use by age in the polar coordinate system 

 

5. Discussions 

Two smoothing methods classes differ in approaches. The first approach is called analytical. Based 

on visual analysis, the researcher can set a general view of the function, believing that its graph 

corresponds to the nature of the trend. The second approach is called algorithmic. Here, researchers 

look at the trend through the use of various smoothing procedures. The algorithmic approach uses the 

following methods [70, 72, 82-84]. 

• Simple or ordinary moving average; 

• Weighted moving average; 

• Exponential smoothing; 

• Median smoothing. 

Figure 6 shows the results of using the simple moving average method for marijuana use. 
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Figure 6: The simple moving average of marijuana use by age 

 

Along with simple moving averages, polynomial or weighted averages are also used [92-98]. These 

methods allow us to describe the main trend of the series more accurately because when calculating the 

weighted average, each level of the series within the smoothing interval is assigned a certain weight, 

depending on the distance to the middle of the interval. 

The result for marijuana uses by age is shown in Fig. 7, where the moving average is realized using 

the minimum smoothing interval w = 5. 

 

 
Figure 7: The moving average of marijuana use by age at w=5 

 

Fig. 8 shows the exponential smoothing result of marijuana use by age at alpha = 0.1. 

 
Figure 8: The exponential smoothing of marijuana use by age at alpha = 0.1 
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5.1. Median filtration 

Median smoothing and turning point criteria according to the formula: = IF ((AC3> AA3); (AC3> 

AE3); OR (IF (AC3 <AA3); (AJ17 <AE3)))) Intervals w = 2, w = 3, w = 4, w = 5 were taken, because 

there are 10 points in the column. The median with the interval w = 2 is simply transferred from the 

table for the first value. We set the median function for the next row in the table. We substitute the 

values from the first and second rows of the data set in the table into its formula. After that, the function 

was "stretched" to the entire table. And check that all values in the formula are set correctly. 

For a median with an interval of 3, all the same, actions are performed but take into account the 

interval. The first and last rows are duplicated from the table's data set, as it cannot be calculated in this 

case. For a median with an interval of 4, all the same, actions are performed but take into account the 

interval. Also, the first two and last rows are duplicated from the table with the data set, as they cannot 

be calculated in this case. For a median with an interval of 5, all the same, actions are performed but 

take into account the interval. Also, the first two and last rows are duplicated from the table with the 

data set, as they cannot be calculated in this case. 

The result of median smoothing of all 13 drug uses is shown in Fig.9-Fig.10. 

 

 
Figure 9: The visualization for all 13-drug use by the age of the median smoothing results at w = 3 

 

 
Figure 10: The visualization for all 13-drug use by the age of the median smoothing results at w = 5 
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5.2. Properties of moving average method 

We select the "Data analysis" menu to perform the moving average method. In the "Data analysis" 

menu, we use the parameter "Moving average". We use the " Input interval " in the "Moving Average" 

menu; we use the "Input interval". We set a column with the drug use values. The interval is set. And 

the place of output of the schedule is set. The output of the schedule. Fig. 11 show the results for all 13-

drug use by the age of the moving average smoothing. 

 
Figure 11: The results of the moving average smoothing at w = 3 for use level of all drug types by age 

 

The moving average method was performed on the same principle. We smoothed the usability 

indicators by a moving average of all indicators for all age categories (Fig.11) and smoothing alcohol 

consumption only at different intervals (Fig.12). 
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Figure 12: The results of the moving average smoothing at the different intervals for alcohol 
consumption by age  
 

5.3. Exponential smoothing 

As an illustration of execution, we use the "Data analysis" menu, and we choose the "Exponential 

smoothing" at alpha = 0.2. The result of exponential smoothing the level of use of all types of drugs by 

age is presented in the form of a graph (Fig.13). 



 

 
Figure 13: The results of exponential smoothing for use level of all drug types by age 

5.4. Pollard formula 

In the case of marijuana use, we use intervals w= 2, 3, 4, 5 (Fig.14). For each interval, a formula 

was given where 100 per cent of the significance was divided between age categories. For example, at 

intervals of 2, 100% of the significance is divided into the highest 60% and 40% and multiplied by 

giving more importance to the younger age group. For w = 3 division 50%, 30%, 20%. For w = 4 

division 35%, 30%, 25%, 10%. For w = 5 division 35%, 30%, 20%, 10%, 5%. 

 

 
Figure 14: The results of smoothing by Pollard formula for marijuana use by age 
 

5.5. Cluster analysis 

A matrix of indicators by age categories: 12, 15, 18, 21; and indicators of the use of these age 

categories: alcohol, marijuana, cocaine, crack. We created a table "object-property" for cluster analysis, 

shown in Table 4. We reduced the data of the obtained matrix to the form "0.0".  
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Table 4 
The object-property table 

Age Alcohol Marijuana Cocaine Crack 

12 3.9 1.1 0.1 0.0 
15 29.2 14.5 0.5 0.1 
18 58.7 33.7 3.2 0.4 
21 83.2 33.0 4.8 0.5 

 
We have constructed a proximity matrix (Table 5). For convenience, the age of the juvenile was 

replaced by a unique number from 1 to 4. We measured the distance between objects in the Euclidean 

metric. We built on Euclidean space by the following formula: = ROOT ((x2-x1) ^ 2 + (y2-y1) ^ 2) 

[40-41, 67, 115-123]. We reduced the data of the obtained matrix to the form "00.00". 

 

Table 5 
Creating proximity matrix 

 1 2 3 4 

1 0.00 13.41 13.41 0.41 
2 13.41 0.00 19.39 2.72 
3 13.41 19.39 0.00 1.60 
4 0.41 2.72 1.60 0.00 

 
The association of clusters is carried out in Table 6- Table 7. The nearest neighbours were searched; 

namely, the values between which the distance is the smallest were chosen. In this example, 1, 4. A 

new matrix was created where these values were combined. And again, we are looking for the shortest 

distance. And then came the result where the distance between neighbours was 19.39. The procedure 

for merging clusters is presented in Table 8. Drawing horizontal lines in the plane of the dendrogram at 

a given height, in this case, allows you to select individual clusters [99-114] (Fig. 15). 

 

Table 6 
The merging 3 clusters 

Juvenile 1, 4 2 3 

1, 4 0.00 13.41 13.41 
2 13.41 0.00 19.39 
3 13.41 19.39 0.00 

 
Table 7 
The merging 2 clusters 

Juvenile 1, 4,2 3 

1, 4, 2  0.00 19.39 
3 19.39 0.00 

 
Table 8 
The procedure for merging clusters 

Steps  Merge  Node  Metric 

1 1+4 5 0.41 
2 1+4+2 6 13.41 
3 1+4+2+3 7 19.39 
1 1+4 5 0.41 

 



 
Figure 15: The results of cluster analysis for use by age of alcohol, marijuana, cocaine, and crack 

 

At the level of 19.39, there are 3 clusters: 

1 - objects 1, 4 

2 - object 2 

3 - object 3 

 

At the level of 13.41, there are 2 clusters: 

1 - objects 1, 4, 2 

2 - object 3 

 

At the level of 0.41, there is 1 cluster: 

1 - objects 1, 4, 2, 3 

 

Thus, we provide an overview of the drug use of 13 minors in the United States between the ages of 

12 and 21 during the lockdown. There is a general encouraging trend towards a general decline in youth 

drug use. On the other hand, the availability and popularity of drugs such as marijuana and alcohol are 

concerned. Regardless of the type of drug, their use among young people is usually reduced during 

quarantine. A particularly noticeable reduction in consumption disorders was demonstrated by persons 

aged 12–14 years. In addition, given the evidence that decentralized areas have less access to drug 

treatment services and are more vulnerable to drug cartels, the importance of implementing critical 

policy and educational measures in the 16-21 age group should be emphasized. It is also not superfluous 

to conduct in schools the subject of first aid for drug overdoses, such as naloxone, further care; rescue 

breathing; call an ambulance. These are the most valuable things to study, as most overdose deaths 

occur at home, and the only rescue help can come from friends or relatives. If they have enough 

knowledge to provide such first aid, it will reduce the death rate from overdoses. 

6. Conclusions 

Using descriptive statistics, data visualization, smoothing (Kendall, Pollard, median, exponential), 

data correlation, and cluster analysis, this data set study suggests that drug use and subsequent overdoses 

remain critical and challenging for US public health under the impact of the pandemic of COVID-19. 

Variations and trends in drug overdose mortality depend on the popularity of drugs in different 

generations. Comparing drug use trends among different generations of young people revealed that 

generations of baby boomers suffer more than other generations. It has been established that minors 

aged 16-21 who have started using drugs before quarantine, in most cases, will continue to use drugs 

after quarantine. It will be facilitated by active communication and attending parties—the risk of 

increasing levels of violence and aggression in society increases, and the likelihood of overdose 



increases. For consumers aged 12-16, quarantine conditions have benefited by lowering the trend of 

drug use in later life. The decline in illicit drug use among young people and the lower prevalence of 

drug use during the lockdown during 2019-2020 are encouraging signs. However, the increase in 

juvenile drug use in decentralized areas, which exceeded that in urban areas during quarantine, and 

persistently limited access to drug treatment services in rural areas, is a concern. The state should also 

implement additional policy and educational measures to prevent not only marijuana use but also other 

serious drugs such as cocaine/crack and heroin among adolescents. It will positively reduce drug 

addiction among young people, which will help reduce mortality from drugs in the United States in 

general. After quarantine, the drug trafficking environment will return to its previous levels of illicit 

trafficking and quickly reach its previous level of crime. 

7. References 

[1] O. Kuzmin, M. Bublyk, A. Shakhno, O. Korolenko, H. Lashkun, Innovative development of 

human capital in the conditions of globalization, in: E3S Web of Conferences, volume 166, 2020, 

13011. 

[2] A. Bakurova, E.Tereschenko, H.Ropalo, Modeling of optimal portfolio of clients of centralized 

pharmaceutical network. Technology audit and production reserves 2019, 6. 

https://doi.org/doi:10.15587/2312-8372.2019.186789 

[3] O. Maslak, M. Maslak, N. Grishko, Y. Shevchuk, Tool development for the assessment of the 

favorable environment in the framework of the investment policy formation for the 

electrotechnical industry enterprises, in: Proceedings of the 25th IEEE International Conference 

on Problems of Automated Electric Drive. Theory and Practice, PAEP, 2020. 

doi:10.1109/PAEP49887.2020.9240840. 

[4] M. Bublyk, A. Kowalska-Styczen, V. Lytvyn, V. Vysotska, The Ukrainian Economy 

Transformation into the Circular Based on Fuzzy-Logic Cluster Analysis. Energies 2021, 14, 5951. 

https://doi.org/10.3390/en14185951 

[5] V. Yakimtsov. Modelling of complex (socio-economic and ecological) systems. SGEM, 2019, 

Vol. 19, Issue 5.3, 523-530 pp, DOI: https://doi.org/10.5593/sgem2019/5.3/S21.066 

[6] O. Ilyash, O. Yildirim, D. Doroshkevych, L. Smoliar, T. Vasyltsiv, R. Lupak, Evaluation of 

enterprise investment attractiveness under circumstances of economic development, Bulletin of 

Geography. Socio-economic Series, 2020, № 47, pp. 95-113. http://doi.org/10.2478/bog-2020-

0006. 

[7] I. Bodnar, M. Bublyk, O. Veres, O. Lozynska, I. Karpov, Y. Burov, P. Kravets, I. Peleshchak, O. 

Vovk, O. Maslak, Forecasting the risk of cervical cancer in women in the human capital 

development context using machine learning, volume Vol-2631 of CEUR workshop proceedings, 

2020, pp. 491-501. 

[8] T. Vasyltsiv, I. Irtyshcheva, R. Lupak, N. Popadynets, Y. Shyshkova, Y. Boiko, O. Ishchenko, 

Economy's innovative technological competitiveness: Decomposition, methodic of analysis and 

priorities of public policy, Management Science Letters, 2020, volume 10, issue 13, pp. 3173-

3182. https://doi.org/10.5267/j.msl.2020.5.004 

[9] I. Jonek-Kowalska, Towards the Reduction of CO2 Emissions. Paths of Pro-Ecological 

Transformation of Energy Mixes in European Countries with an Above-Average Share of Coal in 

Energy Consumption. Resources Policy, vol. 77, 2022. doi:10.1016/j.resourpol.2022.102701. 

[10] I. Rishnyak, O. Veres, V. Lytvyn, M. Bublyk, I. Karpov, V. Vysotska, V. Panasyuk, 

Implementation models application for IT project risk management, volume Vol-2805 of CEUR 

Workshop Proceedings, 2020, pp. 102-117. 

[11] O. Maslak, V. Danylko, M. Skliar, Automation and Digitalization of Quality Cost Management of 

Power Engineering Enterprises. Proceedings of the 25th IEEE International Conference on 

Problems of Automated Electric Drive. Theory and Practice, PAEP 2020. 

https://doi.org/10.1109/MEES52427.2021.9598744 

[12] QQ. Wang, D.C. Kaelber, R. Xu, N. D. Volkow, COVID-19 risk and outcomes in patients with 

substance use disorders: analyses from electronic health records in the United States. Mol 

Psychiatry, 2021, 26, pp.30–39. DOI: 10.1038/s41380-020-00880-7. 



[13] V. Bakhrushin, A. Bakurova, M. Pasichnyk, E. Tereschenko, Risks of data inconsistency in 

information systems used for predicting the pandemics development, volume Vol-2805 of CEUR 

Workshop Proceedings, 2020, рp. 1–15. http://ceur-ws.org/Vol-2805/invited1.pdf. 

[14] The Substance Abuse and Mental Health Services Administration (SAMHSA) of the US 

Department of Health and Human Services. Key Substance Use and Mental Health Indicators in 

the United States: results from the 2018 National Survey on Drug Use and Health. 

https://www.samhsa.gov/data/sites/default/files/cbhsq-

reports/NSDUHNationalFindingsReport2018/NSDUHNationalFindingsReport2018.pdf. 

[15] National Institute on Drug Abuse. Health Consequences of Drug Misuse:HIV, Hepatitis, and Other 

Infectious Diseases. https://www.drugabuse.gov/publications/health-consequences-drug-

misuse/hiv-hepatitis-other-infectious-diseases. 

[16] The Centers for Disease Control and Prevention (CDC). Groups at higher risk for COVID-19 

severe illness (June, 2020). https://www.cdc.gov/coronavirus/2019-ncov/need-extra-

precautions/groups-at-higher-risk.html#serious-heart-conditions. 

[17] Centers for Disease Control and Prevention, 2022. URL: https://www.cdc.gov 

[18] Coronavirus in England: Lockdown set to enter fourth week, 2020. URL: 

https://www.bbc.com/news/live/uk-england-52233641 

[19] Smoking rates fall among Americans with depression, substance use disorders, 2022. URL: 

https://www.upi.com/Health_News/2022/04/27/smoking-depression-substance-

use/2241651068404/ 

[20] M. Jay, Emperors of Dreams: Drugs in the Nineteenth Century, Dedalus Limited, 2002. 

[21] A. Clarkson, Coronavirus: Experts warn of 'post-lockdown drugs binge', 2020.URL: 

https://www.bbc.com/news/uk-england-tyne-53082676. 

[22] M. Easton, How do you stop people dying from illegal drug taking? 2019. URL: 

https://www.bbc.com/news/uk-49360168. 

[23] A. M. Barry-Jester, A. Flowers, How Baby Boomers Get High, 2015. URL: 

https://fivethirtyeight.com/features/how-baby-boomers-get-high/ 

[24] Secretary-General of the United Nations, 1973. Commentary on the Single Convention on Narcotic 

Drugs, 1961 (United Nations publication Sales No. E.73.XI.1). New York: United Nations, 1973, 

p. 425. 

[25] The 1912 Hague International Opium Convention. United Nations Office on Drugs and Crime, 

2022. URL: https://www.unodc.org/unodc/en/frontpage/the-1912-hague-international-opium-

convention.html 

[26] Ambleside chef turned coronavirus lockdown drug dealer jailed, 2021. URL: 

https://www.bbc.com/news/uk-england-cumbria-56242498 

[27] L. Fajardo, Coronavirus: Latin American crime gangs adapt to pandemic, 2020. URL: 

https://www.bbc.com/news/world-latin-america-52367898 

[28] J. Connolly, M. Wareham, Newsbeat has been investigating how social media is being used to sell 

drugs, 2020. URL: https://www.bbc.com/news/av/newsbeat-53808333 

[29] Denver votes to decriminalize magic mushrooms by razor-thin margin, 2022. URL: 

https://www.bbc.com/news/world-us-canada-48185366 

[30] Dark net drug sales are on the rise, 2020. URL: https://www.bbc.com/news/av/technology-

48498043 

[31] M. Bublyk, V. Vysotska, Y. Matseliukh, V. Mayik, M. Nashkerska, Assessing losses of human 

capital due to man-made pollution caused by emergencies, volume Vol-2805 of CEUR Workshop 

Proceedings, 2020, pp. 74-86. 

[32] W. Dahlgreen, Drug crime mapped, 2019. URL: https://www.bbc.com/news/uk-48343369 

[33] Snapchat drug dealers target Middlesbrough children, 2020. URL: https://www.bbc.com/news/uk-

england-tees-51109346 

[34] D. Koshtura, M. Bublyk, Y. Matseliukh, D. Dosyn, L. Chyrun, O. Lozynska, I. Karpov, I. 

Peleshchak, M. Maslak, O. Sachenko, Analysis of the demand for bicycle use in a smart city based 

on machine learning, volume Vol-2631 of CEUR workshop proceedings, 2020, pp. 172-183. 

[35] Illegal drugs 'almost as easy to get as pizza', 2020. URL: https://www.bbc.com/news/uk-51658951 

[36] J. Červenýa, J. C. van Oursbcd, Cannabis prices on the dark web, European Economic Review, 

Volume 120, November 2019, 103306. DOI:10.1016/j.euroecorev.2019.103306 



[37] E. Jardinea, A. M. Lindnerb, The Dark Web and cannabis use in the United States: Evidence from 

a big data research design International Journal of Drug Policy, International Journal of Drug 

Policy, 2020. Volume 76, 102627 DOI: 10.1016/j.drugpo.2019.102627 

[38] D. Bradbury, Unveiling the dark web, Network Security, 2014, Volume 2014, Issue 4, Pages 14-

17. DOI: 10.1016/S1353-4858(14)70042-X 

[39] V. Lytvyn, A. Hryhorovych, V. Hryhorovych, L. Chyrun, V. Vysotska, M. Bublyk, Medical 

Content Processing in Intelligent System of District Therapist, CEUR Workshop Proceedings Vol-

2753 (2020) 415-429. 

[40] A. Haasioa, J. Tuomas Information needs of drug users on a local dark Web marketplace, 

Information, Processing & Management, Volume 57, Issue 2, March 2020, 102080. DOI: 

10.1016/j.ipm.2019.102080 

[41] National Center for Health Statistics, 2022. URL: 

https://en.wikipedia.org/wiki/National_Center_for_Health_Statistics 

[42] CDC, NCHS, National Center for Health Statistics, 2022. URL: https://www.cdc.gov/nchs/ 

[43] National Survey on Drug Use and Health (NSDUH) Series, 2022. URL: 

https://www.icpsr.umich.edu/web/ICPSR/series/64 

[44] Inter-university Consortium for Political and Social Research, 2022. URL: 

https://www.icpsr.umich.edu/web/pages/about/ 

[45] B. V. Husak, L. Chyrun, Y. Matseliukh, A. Gozhyj, R. Nanivskyi, M. Luchko, Intelligent Real-

Time Vehicle Tracking Information System volume Vol-2917 of CEUR Workshop Proceedings, 

2021, pp. 666-698. 

[46] World prescription drug market: forecast until 2024, World Preview 2018, Outlook to 2024. URL: 

https://www.apteka.ua/article/463742 

[47] Y. Matseliukh, V. Vysotska, M. Bublyk, T. Kopach, O. Korolenko, Network modelling of resource 

consumption intensities in human capital management in digital business enterprises by the critical 

path method, volume Vol-2851 of CEUR Workshop Proceedings, 2021, pp. 366–380 

[48] Su-WeiWong, Hsien-Chang Lin, Medical marijuana legalization and associated illicit drug use and 

prescription medication misuse among adolescents in the US, Addictive Behaviors, 2019, (90), pp. 

48-54. DOI: 10.1016/j.addbeh.2018.10.017.  

[49] V. Vysotska, A. Berko, M. Bublyk, L. Chyrun, A. Vysotsky, K. Doroshkevych, Methods and tools 

for web resources processing in e-commercial content systems, in: Proceedings of 15th 

International Scientific and Technical Conference on Computer Sciences and Information 

Technologies, CSIT, 1, 2020, pp. 114-118. 

[50] J. Maybir, B. Chapman, Web scraping of ecstasy user reports as a novel tool for detecting drug 

market trends, Forensic Science International: Digital Investigation, 2021, 37, 301172. DOI: 

10.1016/j.fsidi.2021.301172. 

[51] L. Richter, B. S. Pugh, S. A. Ball, Assessing the risk of marijuana use disorder among adolescents 

and adults who use marijuana, The American Journal of Drug and Alcohol Abuse, 2017, 43:3, pp. 

247-260, DOI: 10.3109/00952990.2016.1164711 

[52] A. Berko, I. Pelekh, L. Chyrun, M. Bublyk, I. Bobyk, Y. Matseliukh, L. Chyrun, Application of 

ontologies and meta-models for dynamic integration of weakly structured data, in: Proceedings of 

the 2020 IEEE 3rd International Conference on Data Stream Mining and Processing, DSMP, 2020, 

pp. 432-437. 

[53] National Survey on Drug Use and Health, 2014. URL: 

http://www.icpsr.umich.edu/icpsrweb/NAHDAP/studies/36361 

[54] K. A. Mack, C. M. Jones, M. F. Ballesteros, Illicit Drug Use, Illicit Drug Use Disorders, and Drug 

Overdose Deaths in Metropolitan and Nonmetropolitan Areas—United States American Journal 

of Transplantation, 2017, Volume 17 (12) pp. 3241-3252, DOI: 10.1111/ajt.14555.  

[55] Rural Health, 2022. URL: https://www.cdc.gov/ruralhealth/ 

[56] Opioids, Resources for Improving Communication Between Providers & Patients 

https://www.cdc.gov/drugoverdose/prescribing/resources.html 

[57] Medication for the Treatment of Alcohol Use Disorder: A Brief Guide, SMA15-4907, 2015. URL: 

https://store.samhsa.gov/shin/content//SMA14-4742/Overdose_Toolkit.pdf  

[58] Naloxone Background, 2022. URL: https://bjatta.bja.ojp.gov/tools/naloxone/Naloxone-

Background 



[59] Opioids: The Prescription Drug & Heroin Overdose Epidemic, 2022. URL: 

http://www.hhs.gov/opioids 

[60] Substance Use and Misuse in Rural Areas Overview, 2022. URL: 

https://www.ruralhealthinfo.org/topics/substance-use. 

[61] Cocaine delivered in Leeds quicker than takeaway meal, 2020. URL: 

https://www.bbc.com/news/av/uk-england-leeds-51550431 

[62] A. Bakurova, E. Tereschenko, H. Ropalo, Modeling of complex diversification for centralized 

pharmacy network, E3S Web of Conferences, 2020, 166, 09003. 

https://doi.org/10.1051/e3sconf/202016609003. 

[63] C. Monteiro, Dark net drug sales on the rise in England, 2020. URL: 

https://www.bbc.com/news/technology-48466271 

[64] T. Wainwright, Narconomics: How to Run a Drug Cartel, 2017, PublicAffairs. URL: 

https://www.goodreads.com/book/show/25159062-narconomics. 

[65] M. Bublyk, Y. Matseliukh, U. Motorniuk, M. Terebukh, Intelligent system of passenger 

transportation by autopiloted electric buses in Smart City, volume Vol-2604 of CEUR workshop 

proceedings, 2020, pp. 1280-1294. 

[66] R. Yurynets, Z. Yurynets, O. Budіakova, L. Gnylianska, M. Kokhan, Innovation and Investment 

Factors in the State Strategic Management of Social and Economic Development of the Country. 

Modeling and Forecasting, CEUR Workshop Proceedings Vol-2917 (2021) 357-372. 

[67] Drug-use-by-age dataset, 2022. URL: https://www.kaggle.com/tunguz/drug-use-by-age 

[68] C. M. Fedorov, A. Berko, Y. Matseliukh, V. Schuchmann, I. Budz, O. Garbich-Moshora, M. 

Mamchyn, Decision support system for formation and implementing orders based on cross 

programming and cloud computing, volume Vol-2917 of CEUR Workshop Proceedings, 2021, pp. 

714–748 

[69] T. Wainwright, Drug Economics. How Cartel Economics, 2022.  

[70] M. Bublyk, Y. Matseliukh, Small-batteries utilization analysis based on mathematical statistics 

methods in challenges of circular economy, volume Vol-2870 of CEUR workshop proceedings, 

2021, pp. 1594-1603. 

[71] A. Agresti, Analysis of Ordinal Categorical Data, John Wiley & Sons, 1984. 

[72] R. Yurynets, Z. Yurynets, M. Kokhan, Econometric analysis of the impact of expert assessments 

on the business activity in the context of investment and innovation development, volume Vol-

2604 of CEUR Workshop Proceedings, 2020, рр. 680-694. 

[73] S. Glen, Kendall's Tau (Kendall Rank Correlation Coefficient), Elementary Statistics for the rest 

of us, 2022. URL: https://www.statisticshowto.com/kendalls-tau/ 

[74] Standard error, 2022. URL: https://ua.nesrakonk.ru/standard-error/. 

[75] Standard deviation, 2022. URL: https://studopedia.su/10_11382_standartne-vidhilennya.html. 

[76] K.O. Soroka, Fundamentals of Systems Theory and Systems Analysis, Kharkiv, 2004. 

[77] Yu.P. Surmin, Systems theory and system analysis, Kyiv, 2003. 

[78] Construction of an interval variable sequence of continuous quantitative data, 2022. URL: 

https://stud.com.ua/93314/statistika/pobudova_intervalnogo_variatsiynogo_ryadu_bezperernih_k

ilkisnih_danih. 

[79] I.V. Stetsenko, Systems modeling, Cherkasy, 2010. 

[80] A. Berko, Y. Matseliukh, Y. Ivaniv, L. Chyrun, V. Schuchmann, The text classification based on 

Big Data analysis for keyword definition using stemming, in: proceedings of IEEE 16th 

International conference on computer science and information technologies, Lviv, Ukraine, 22–25 

September, 2021, pp. 184–188. 

[81] S.S. Velykodnyi, Modeling of systems, Odessa, 2018. 

[82] Statistical models of marketing decisions taking into account the uncertainty factor, 2022. URL: 

https://excel2.ru/articles/uroven-znachimosti-i-uroven-nadezhnosti-v-ms-excel. 

[83] Grouping of statistical data - BukLib.net Library, 2022. URL: https://buklib.net/books/35946/ 

[84] Graphic presentation of information, 2022. URL: https://studopedia.com.ua/1_132145_grafichne-

podannya-informatsii.html. 

[85] S. Babichev, V. Lytvynenko, A. Gozhyj, at., A fuzzy model for gene expression profiles reducing 

based on the complex use of statistical criteria and Shannon entropy, Advances in Intelligent 

Systems and Computing 754 (2018) 545-554.  



[86] R. Kaminskyi, N. Kunanets, A. Rzheuskyi, Mathematical support for statistical research based on 

informational technologies, CEUR Workshop Proceedings 2105 (2018) 449-452.  

[87] T. Shestakevych, Modeling the Process of Analysis of Statistical Characteristics of Student Digital 

Text, CEUR Workshop Proceedings Vol-2870 (2021) 657-669. 

[88] A. Hadzalo, Analysis of Gender-Marked Units: Statistical Approach, CEUR workshop 

proceedings Vol-2604 (2020) 462-471.  

[89] B.E. Kapustiy, Rusyn,B.P.,Tayanov,V.A. Peculiarities of Application of Statistical Detection 

Criteria for Problem of Pattern Recognition, Journal of Automation and Information Science 37(2) 

(2005) 30-36. 

[90] I. Kulchytskyi, Statistical Analysis of the Short Stories by Roman Ivanychuk, CEUR Workshop 

Proceedings Vol-2362 (2019) 312-321.  

[91] V. Lytvyn, V. Vysotska, I. Budz, Y. Pelekh, N. Sokulska, R. Kovalchuk, L. Dzyubyk, O. 

Tereshchuk, M. Komar, Development of the quantitative method for automated text content 

authorship attribution based on the statistical analysis of N-grams distribution, Eastern-European 

Journal of Enterprise Technologies 6(2-102) (2019) 28-51. doi: 10.15587/1729-4061.2019.186834 

[92] I. Puleko, S. Kravchenko, V. Chumakevych, V. Ptashnyk, Method of Machine Learning on the 

Basis of Discrete Orthogonal Polynomials of Chebyshev, CEUR workshop proceedings Vol-2604 

(2020) 67-76.  

[93] P.S. Malachivskyy, Y.V. Pizyur, V.A. Andrunyk, Chebyshev Approximation by the Sum of the 

Polynomial and Logarithmic Expression with Hermite Interpolation, Cybernetics and Systems 

Analysis 54(5) (2018) 765-770.  

[94] V. Lytvyn, V. Vysotska, D. Dosyn, Y. Burov, Method for ontology content and structure 

optimization, provided by a weighted conceptual graph, Webology 15(2) (2018) 66-85. 

[95] V. Danylyk, V. Vysotska, V. Lytvyn, S. Vyshemyrska, I. Lurie, M. Luchkevych, Detecting Items 

with the Biggest Weight Based on Neural Network and Machine Learning Methods, 

Communications in Computer and Information Science 1158, Springer, Cham, 2020, 383-396. doi: 

10.1007/978-3-030-61656-4_26 

[96] R. Pukała, N. Vnukova, S. Achkasova, O. Gorokhovatskyi, The Application of Weighted Decision 

Matrix for the Selection of Non-state Pension Provision Strategy, CEUR Workshop Proceedings 

Vol-2631 (2020) 268-279.  

[97] T. Basyuk, Innerlinking website pages and weight of links, in: Procceedings of the International 

Scientific and Technical Conference on Computer science and information technologies (CSIT), 

2017, pp. 12-15.  

[98] V. Lytvyn, I. Peleshchak, R. Peleshchak, The compression of the input images in neural network 

that using method diagonalization the matrices of synaptic weight connections, in: 2nd 

International Conference on Advanced Information and Communication Technologies, AICT, 

2017, pp. 66-70. 

[99] P. Kravets, Y. Burov, V. Lytvyn, V. Vysotska, Gaming method of ontology clusterization, 

Webology 16(1) (2019) 55-76. 

[100] P. Kravets, Y. Burov, V. Lytvyn, V. Vysotska, Y. Ryshkovets, O. Brodyak, S. Vyshemyrska, 

Markovian Learning Methods in Decision-Making Systems, Lecture Notes on Data Engineering 

and Communications Technologies 77 (2022) 423-437. 

[101] P. Kravets, V. Lytvyn, V. Vysotska, Y. Burov, I. Andrusyak, Game Task of Ontological Project 

Coverage, CEUR Workshop Proceedings Vol-2851 (2021) 344-355. 

[102] M. Bublyk, V. Lytvyn, V. Vysotska, L. Chyrun, Y. Matseliukh, N. Sokulska, The Decision 

Tree Usage for the Results Analysis of the Psychophysiological Testing, CEUR workshop 

proceedings Vol-2753 (2020) 458-472. 

[103] P. Kravets, V. Lytvyn, I. Dobrotvor, O. Sachenko, V. Vysotska, A. Sachenko, Matrix Stochastic 

Game with Q-learning for Multi-agent Systems, Lecture Notes on Data Engineering and 

Communications Technologies 83 (2021) 304-314. 

[104] P. Kravets, Y. Burov, O. Oborska, V. Vysotska, L. Dzyubyk, V. Lytvyn, Stochastic Game 

Model of Data Clustering, CEUR Workshop Proceedings Vol-2853 (2021) 214-227. 

[105] I. Lurie, V. Lytvynenko, S. Olszewski, M. Voronenko, A. Kornelyuk, U. Zhunissova, О. 

Boskin, The Use of Inductive Methods to Identify Subtypes of Glioblastomas in Gene Clustering, 

CEUR Workshop Proceedings Vol-2631 (2020) 406-418.  



[106] Y. Meleshko, M. Yakymenko, S. Semenov, A Method of Detecting Bot Networks Based on 

Graph Clustering in the Recommendation System of Social Network, CEUR Workshop 

Proceedings Vol-2870 (2021) 1249-1261. 

[107] S. Babichev, B. Durnyak, I. Pikh, V. Senkivskyy, An Evaluation of the Objective Clustering 

Inductive Technology Effectiveness Implemented Using Density-Based and Agglomerative 

Hierarchical Clustering Algorithms, Advances in Intelligent Systems and Computing 1020 (2020). 

Springer, Cham. https://doi.org/10.1007/978-3-030-26474-1_37. 

[108] S. Babichev, M. A. Taif, V. Lytvynenko, V. Osypenko, Criterial analysis of gene expression 

sequences to create the objective clustering inductive technology, in: Proceedings of the 

International Conference on Electronics and Nanotechnology, ELNANO, 2017, pp. 244–248. doi: 

10.1109/ELNANO.2017.7939756. 

[109] S. Babichev, V. Lytvynenko, V. Osypenko, Implementation of the objective clustering 

inductive technology based on DBSCAN clustering algorithm, in: Proceedings of the 12th 

International Scientific and Technical Conference on Computer Sciences and Information 

Technologies, CSIT, 2017, 1, 479-484.  

[110] S. A. Babichev, A. Gozhyj, A. I. Kornelyuk, V. I. Lytvynenko, Objective clustering inductive 

technology of gene expression profiles based on SOTA clustering algorithm, Biopolymers and 

Cell 33(5) (2017) 379–392. doi: 10.7124/bc.000961. 

[111] S. Babichev, B. Durnyak, I. Pikh, V. Senkivskyy, An Evaluation of the Objective Clustering 

Inductive Technology Effectiveness Implemented Using Density-Based and Agglomerative 

Hierarchical Clustering Algorithms, Lecture Notes in Computational Intelligence and Decision 

Making 1020 (2020) 532-553.  

[112] V. Lytvynenko, W. Wojcik, A. Fefelov, I. Lurie, N. Savina, M. Voronenko, et al.: Hybrid 

Methods of GMDH-Neural Networks Synthesis and Training for Solving Problems of Time Series 

Forecasting, Lecture Notes in Computational Intelligence and Decision Making 1020 (2020) 513-

531.  

[113] V. Lytvynenko, I. Lurie, J. Krejci, M. Voronenko, N. Savina, M. A. Taif., Two Step Density-

Based Object-Inductive Clustering Algorithm, CEUR Workshop Proceedings Vol-2386 (2019) 

117-135.  

[114] N. Shakhovska, V. Yakovyna, N. Kryvinska, An improved software defect prediction algorithm 

using self-organizing maps combined with hierarchical clustering and data preprocessing, Lecture 

Notes in Computer Science 12391 (2020) 414–424. 

[115] D. Kapusta, S. Krivtsov, D. Chumachenko, Holt's Linear Model of COVID-19 Morbidity 

Forecasting in Ukraine, CEUR Workshop Proceedings Vol-2917 (2021) 16-25. 

[116] Т. Bilushchak, I. Bratus, Teaching in the Internet Environment Against the Background of 

COVID-19: Integration of Video Content into E-Learning, CEUR Workshop Proceedings Vol-

2870 (2021) 1376-1389. 

[117] N. Shakhovska, I. Izonin, N. Melnykova, The hierarchical classifier for covid-19 resistance 

evaluation, Data 6(1) (2021) 1–17. 

[118] V. Yakovyna, N. Shakhovska, K. Shakhovska, J. Campos, Recommendation rules mining for 

reducing the spread of COVID-19 cases, CEUR Workshop Proceedings 2753 (2020) 219–229. 

[119] V. Yakovyna, N. Shakhovska, Modelling and predicting the spread of COVID-19 cases 

depending on restriction policy based on mined recommendation rules, Mathematical Biosciences 

and Engineering 18(3) (2021) 2789–2812. 

[120] N. Melnykova, N. Shakhovska, V. Melnykov, M. Logoyda, Y. Peleshchak, The problem of 

analyzing the relationships between individual characteristics of individuals with COVID'19, 

CEUR Workshop Proceedings 2753 (2020) 473–482. 

[121] A. Badan, N. Onishchenko, Multimedia Technologies in Foreign Language Learning under 

Pandemic, CEUR Workshop Proceedings Vol-2870 (2021) 642-656. 

[122] Z. Myna, Т. Bilushchak, Social Networks as Tools to Promote the Majors of Higher Education 

Institutions During the Pandemic, CEUR Workshop Proceedings Vol-2870 (2021) 1365-1375. 

[123] S. Makara, L. Chyrun, Y. Burov, Z. Rybchak, I. Peleshchak, R. Peleshchak, R. Holoshchuk, S. 

Kubinska, A. Dmytriv, An Intelligent System for Generating End-User Symptom 

Recommendations Based on Machine Learning Technology, CEUR workshop proceedings Vol-

2604 (2020) 844-883. 


