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HOETAIHE MOAEJIOBAHHS BUKUAIB CO:
I3 BUKOPUCTAHHAM CAMOOPI'AHI3BAIIIMHUX
KAPT KOXOHEHA

STEP BY STEP MODELING OF CO: EMISSIONS USING
KOHONEN SELF-ORGANIZING MAPS

Anomauiss. Cmamms rnpucesHeHa 8UsIB/IEHHIO 3aKOHOMIpHocmel y OuHamiui
OekapboHi3aujii HayioHanbHUX eKOHOMIK Ha OCHO8i Memody camoopaaHizauitiHux
Kkapm (SOM). HocniOxeHHs1 nonszae y ausieneHHi murnonoaii KpaiH ceimy e KoH-
meKcmi 2eHepauii ma croxueaHHsi eHepaii, @ makox aHanisi 3MiH y cmpykmypi
iXHix eHepaemuy4Hux npoginie y 2013—2022 pokax. byno po3pobreHo ma arnpo-
608aHO emnipu4yHy mModesib ouiHKU momeHuiany dekapboHisauyii 3@ dornomozor
camoopezaHizauitiHux kapm. Memodonoeis 00CniOXeHHs1 8KYaEe wicmb ema-
nie. Ha nepwomy emani asmopu 3i6panu ma cucmemamu3sysanu 0aHi 3 8i0Kpu-
mux Oxeper, 3okpema Ceimogoao baHKy ma wopiyHuka EnerData, siki eknoqa-
0oMb MaKpOEKOHOMIYHI, eHepaemuyHi ma eKosoaivyHi nokasHuku. [pyeut eman
nepedbayas rnorepedHo 0bpobKy daHUX — BUKIIHOYEHHS MPOorlycKie, ideHmucbi-
Kaujto sukudie ma nepemeopeHHsI ix 8 eOUHUL ghopmam «KpaiHa-PiK-rnoKa3HUK-
3HayveHHs1». Ha mpembomy emari 6yro cgpopmosaHo y3200xeHuli bazamosumip-
Hul Habip daHux 3 14 3aMIHHUMU (i3 3abe3rne4yeHHsIM 8i0CYMHOCMI MyJIbMUKOJII-
HeapHOCMi), BUKOHaHO HopMarisauyito daHux. Ha yemeepmomy emarni nobydo-
8aHo ma HagdyeHo SOM i3 2eKkca2oHasbHOK MOIMOIoRIE, ONMUMAasbHYy
cmpykmypy sikoi 6yno eu3Ha4eHO 3a rnokasHukamu Quantization Error i
Topographic Error. [Tamutl eman npucesyeHul Knacmepusauii 8a208UX 8€KMo-
pig HelipoHie 3a AOMOMO20K0 a2rioMmepamueHo20 nidxody, e onmumaribHy Kirb-
Kicmb Knacmepie susHavyeHo 3a mempukamu Silhouette Score, Davies—Bouldin
ma Calinski-Harabasz. Ha 3akmtoyHomy emarii pe3ynsmamu 6ynu iHmeprnpemo-
8aHi, KpaiHu Oynu murnorozizoeaHi 3a eHepeemuyYyHUMU ripoghinamu (nidepu,
POMUCIIO8I, PpecypcoopieHMo8aHi mouwjo) ma rpoaHarsnizosaHi OUHaMIKU IXHbO20
pyxy Mix krnacmepamu e 4Yaci. OmpumaHi pe3ynbmamu 003807uU 8usieumu
cmpyKkmypHi 8idMiHHOCmi 8 Modesisix OekapboHizauii ma eusHadyumu Kyosi
gakmopu, siki 3abe3neyqurnu ycrix eHepaemu4yHo20 nepexody KpaiHu Ha arnoba-
JIbHOMY Pi6HI.

Knroyoei cnosa: dekapbonisauyis, camoopaaHisauiliHi Kapmu, Knacmepusauis,
sukudu CO,, cueHapHe modesosaHHs1, bazamosumipHul aHasi3s.

Abstract. The article is devoted to identifying patterns in the dynamics of
decarbonization of national economies based on the methods of self-organizing
maps (SOM). The study consists in revealing a typology of countries of the world
in the context of energy generation and consumption, as well as analyzing
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changes in the structure of their energy profiles in 2013-2022. An empirical
model for assessing the decarbonization potential using self-organizing maps
was developed and tested. The research methodology includes six stages. At
the first stage, the authors collected and systematized data from open sources,
in particular the World Bank and the EnerData yearbook, which include
macroeconomic, energy and environmental indicators. The second stage
involved pre-processing of data — eliminating omissions, identifying outliers and
converting them into a single format "country-year-indicator-value”. At the third
stage, a coordinated multidimensional data set with 14 variables was formed
(ensuring the absence of multicollinearity), and data normalization was
performed. In the fourth stage, a SOM with hexagonal topology was built and
trained, the optimal structure of which was defined using quantization and
topographic error indicators. The fifth stage is devoted ti the clustering of neuron
weight vectors using an agglomerative approach, where the optimal number of
clusters was determined using the Silhouette Score, Davies-Bouldin, and
Calinski-Harabasz indices. In the final stage, the results were interpreted,
countries were typified by energy profiles (leaders, industrial, resource-oriented,
etc.) and the dynamics of their movement between clusters over time were
analyzed. The results obtained allowed us to identify structural differences in
decarbonization models and identify key factors that ensured the success of the
country’s energy transition at the global level.

Keywords: decarbonization, self-organizing maps, clustering, CO_, emissions,
scenario modeling, multivariate analysis.

General statement of the problem. Climate transformation and
energy decarbonization are not just an ecological but also an economic
necessity for states striving for sustainable development and
international integration. In Ukraine, which is in a state of war, constant
active reconstruction and reforms after the start of large-scale Russian
aggression, this challenge is gaining particular attention. In 2025,
Ukraine has already taken a number of steps towards adapting to the
climate standards of the European Union. The National Energy and
Climate Plan 2025-2030 was adopted and implemented, a report on its
first stage of implementation was submitted, and initiatives to
modernize the energy resource structure with an emphasis on
decarbonization were launched [1, 2].

Despite significant infrastructure destruction and temporary instability
of the energy system, Ukraine demonstrates significant potential resources
for reducing emissions. In particular, studies show that rooftop solar
photovoltaic installations alone have the potential to generate ~238.8 GW
and ~290 TWh/year [3]. In addition, strategic decarbonization scenarios,
which are already included in government and analytical documents,
envisage a transformation of the energy sector by 2050 with the prospect
of gradually covering the entire economy [4].

Determining the decarbonization potential (the maximum possible
reduction in greenhouse gas emissions, taking into account
technological, resource, institutional, social and financial constraints)
is critically important for each country. And for Ukraine, it is extremely
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important for several reasons. This allows for the formulation of
realistic targets that are consistent with Ukraine’s climate commitments
under the Paris Agreement and EU standards. Also, such a substantiated
potential can be used as an argument in negotiations with international
donors, investors and in the transformation of the “green recovery”
model. Taking into account such potential by sector (energy, industry,
transport, buildings, land use, etc.) will prevent ineffective measures
that may cause social or economic tensions. This is especially important
in the context of European integration.

In accordance with the terms of the associated partnership and the
prospects of full integration with the EU, Ukraine must gradually align
its climate and energy policy with the norms of the European Green
Deal [4, 5]. In addition, cooperation with the EU in the field of energy
and climate is being strengthened through programs such as
REPowerEU, which are aimed at accelerating the “green”
transformation and reducing dependence on fossil sources [6]. Thus, an
accurate assessment of the decarbonization potential is not only a tool
for scientific analysis, but also a strategic mechanism that provides
Ukraine with the technical basis for building climate excellence on the
path to the European Union.

Since the analysis of decarbonization potential faces a number of
methodological and practical challenges. Data characterizing the
energy and economic profile of countries are multidimensional and
heterogeneous. The relationships between individual indicators are
often nonlinear, which complicates the application of classical
regression and index models. In this context, modern machine learning
methods, in particular self-organizing Kohonen maps, demonstrate
high efficiency in visualization, dimensionality reduction and
clustering of multidimensional data.

In this article, we propose a methodological approach to the
quantitative assessment of the decarbonization potential of Ukraine.
Special attention is paid to the construction and preparation of a dataset
for modeling CO: emissions using self-organizing Kohonen maps. The
aim of the study is to develop and empirically test a model for
assessing decarbonization potential using SOM. To achieve the aim, the
following tasks were formulated:

1. To form a multidimensional database that includes a set of energy,
environmental and macroeconomic indicators using official statistical
sources.

2. To carry out data preprocessing, including format unification,
elimination of omissions and emissions, as well as normalization of
indicators to ensure comparability.
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3. To build a consistent database with a defined set of key variables,
supplemented by derived indicators, and to perform multicollinearity
reduction based on the results of correlation analysis.

4.To develop and train a Kohonen self-organizing map (SOM)
model with appropriate topology parameters and to assess its quality
using standard metrics.

5. To implement clustering of SOM neuron weight vectors with
testing of different variants of the number of clusters and determination
of the optimal partition using integral criteria.

6. Interpret the obtained clusters from the standpoint of
decarbonization potential, determine their key characteristics and trace
the dynamics of changes in country affiliation over time.

Analysis of recent studies and publications. The scientific
literature offers various approaches to assessing decarbonization
potential, including index methods, regression models and scenario
analysis, among others. Index methods, such as the Energy
Sustainability Index and the Carbon Intensity Index, allow us to assess
the efficiency of energy systems in the context of reducing CO:
emissions. In the article [7] proposed a new decarbonization index that
allows us to assess the progress of countries towards achieving carbon
neutrality. This index is an important tool for analyzing the
effectiveness of decarbonization policies and strategies. However, we
believe that such methods often simplify the multidimensional nature
of the problem, which can lead to underestimation or overestimation of
the potential of certain countries.

The article [8] examines the impact of macroeconomic stabilization
components on decarbonization and energy efficiency in the five
largest greenhouse gas emitting countries of the European Union
(France, Germany, Italy, Poland and Spain) for the period from 1990 to
2020. Correlation analysis and linear regression (OLS and SUR)
methods are used to assess the statistical significance of the impact of
macroeconomic factors on energy efficiency and CO: emission
reduction. The results show that macroeconomic stabilization
components have different impacts on decarbonization and energy
efficiency, which highlights the need for macroeconomic and
environmental policies to be aligned [8]. However, regression models
that analyze the relationship between indicators (e.g. macroeconomic)
and CO: emissions also have limitations, as they do not always take
into account the complex nonlinear relationships between these
variables.

Scholars analyze various paths to achieving carbon neutrality in the
US energy system at near-optimal costs. The study uses modeling to
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identify variability in decarbonization scenarios, which allows for a
better understanding of possible technology portfolios and their
interrelationships [9]. Scenario analysis allows for modeling different
development options, but its accuracy depends on the quality of the
input data and the assumptions used.

For example, authors [10] used data-driven approach for optimizing
district heating networks using source-load mapping, focusing on
Stockholm as a case study. The authors analyze the limitations of
traditional clustering methods, such as k-means and hierarchical
clustering, in the context of complex, nonlinear relationships between
variables. The authors note that these methods may inadequately reflect
complex data structures, leading to inaccurate classifications,
especially in conditions of high spatial heterogeneity and nonlinear
dependencies. They propose alternative approaches that take these
complexities into account, including methods that integrate nonlinear
correlations and spatial variability.

Clustering approaches such as k-means and hierarchical clustering
allow for grouping countries according to similar characteristics, which
is useful for assessing decarbonization potential. However, these
methods have limitations, in particular, they may not account for
complex nonlinear relationships between variables [11].

Dimensionality reduction methods, such as principal component
analysis (PCA), are widely used tools for processing multidimensional
data in the context of assessing the decarbonization potential of
countries. However, as noted in [12], PCA is a linear method that may
not adequately capture complex nonlinear relationships between
variables such as CO: emissions, energy consumption and economic
indicators. This limitation may affect the accuracy of classifying
countries according to their decarbonization potential. To overcome
these limitations, the authors propose combining PCA with other
methods, such as t-SNE, which allows for the detection of more
complex patterns in the data.

Self-organizing maps, proposed by Teuvo Kohonen, are widely
used for visualizing high-dimensional data and detecting clusters. In the
energy sector, SOMs have been applied to classify energy consumers,
forecast loads, and analyze energy efficiency. In particular, authors [13]
examined the application of Kohonen self-organizing maps to assess
the energy sustainability of countries. The authors use 28 indicators,
such as CO: emissions per capita, the share of renewable energy in the
energy balance, and others, to create a two-dimensional map that allows
for the classification of countries by their level of energy sustainability.
This study demonstrates the effectiveness of SOMs in visualizing and
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analyzing complex relationships between various energy and economic
indicators. However, the application of SOM specifically to assess the
decarbonization potential of countries remains an understudied area,
which makes the research innovative.

Existing methods for quantifying decarbonization potential are
mainly based on regression approaches or aggregated index models.
Existing methods for quantifying decarbonization potential are mainly
based on regression approaches or aggregated index models. However,
such tools do not always adequately reflect the complexity of the
interaction of energy, economic and social factors. The high
dimensionality of the data and their significant variability cause
information loss, which reduces the accuracy of the estimates and the
predictive ability of the models. At the same time, the task of
identifying groups of countries with similar characteristics arises,
which allows for the formation of more targeted political and economic
strategies to achieve climate goals.

The main material of the study. To achieve the set goals, a
comprehensive qualitative analysis of twelve clustering methods was
conducted, covering both traditional statistical approaches and
modern machine learning algorithms. Each method was evaluated
according to a number of specialized criteria of effectiveness,
advantages and limitations. As a result of experimental evaluation,
the method of self-organized Kohonen maps was selected for the
study. Unlike other clustering algorithms, SOM allows you to
unambiguously determine the level of development of the object of
analysis (in this case, countries by decarbonization potential), since
the most and least developed countries are located in opposite
sections of the Kohonen map. Accordingly, the distance of the
country from the cluster of the most developed countries reflects the
effectiveness of implementing the policy of transition to renewable
energy. Analysis of changes in the positions of countries on the SOM
map in dynamics allows you to systematically track progress in the
implementation of these policies over time. Analytical environment
and tools used: Python 3.9 — data preparation, processing and
transformation; NumPy/Pandas — structured data management;
Scikit-learn — standardization and normalization of indicators;
MiniSom — implementation of the Kohonen self-organizing map
method for cluster analysis; Deductor Studio Academic — graphical
visualization of the SOM map; Matplotlib/Seaborn — construction of
heat maps and graphical display of indicator profiles and Jupyter
Notebook — integrated and interactive execution of the entire
analytical process [14].
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The first stage of the study was the collection and preparation of
data for further cluster analysis of countries according to their
decarbonization profiles. A systematic review of a wide range of
databases and information resources of international organizations was
conducted. Taking into account the relevance of the available data for
the task, their completeness by indicators, years and countries, the
World Bank databases and EnerData reports were selected as the main
sources. Based on these sources, a sample of 14 indicators for the period
2013-2022 for 40 countries was formed.

In particular, the following indicators were selected from the World
Bank database [15]: GDP per capita growth rate (in percent),
urbanization rate (in percent of total population), total energy
consumption and energy intensity of GDP (energy consumption per
1000 USD of GDP). The EnerData Yearbook reports [16] provide data
on the trade balance by major energy sources (coal, petroleum products,
natural gas, electricity), domestic consumption of these resources, the
share of renewable sources in electricity production and the average
CO: emission factor for each country.

It is fundamentally important that the analysis did not use ready-
made indicators of CO: emissions in their pure form. Instead, an
aggregated set of factors was formed that allows for a more detailed
and accurate description of the structure of energy consumption and the
economic context of each country, providing a more correct assessment
of the decarbonization potential.

To retrieve data from the World Bank database, the official World
Bank Application Programming Interface (API) for data collection
was used, which provides systematic access to current statistical
indicators and allows them to be integrated into analytical research
models. Example code fragment to demonstrate the data retrieval
procedure [14]:

import whdata

import pandas as pd

import datetime

# Select indicators

indicators = {

'SP.URB.TOTL.IN.ZS: "Urban population %,
'NY.GDP.PCAP.KD.ZG’: "GDP per capita growth %’

# Country selection

countries = ["USA", "CHN", "UKR", "NOR", "SWE", "IND", ...] #
ISO-codes of 40 nations

# Time
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data_date = (datetime.datetime(2013, 1, 1),
datetime.datetime(2022, 12, 31))

# Data receiving

wb_data = wbdata.get_dataframe(indicators, country=countries,
data_date=data_date, convert_date=False)

# Transformation

wb_data = wb_data.reset_index().pivot(index=[ ‘country’, ‘date],
columns="indicator’, values="value)

Regarding the data loading and pre-processing from EnerData
Yearbook, since EnerData does not provide a direct application
programming interface (API), the data was obtained by manual loading
and further structuring. The data from EnerData Yearbook was
converted from Excel to CSV format to ensure compatibility with
analytical models. The data was then pre-processed and standardized,
bringing them to a single structure: “Country | Year | Indicator | Value”,
using tabular data processing procedures, which allows integrating the
information into subsequent stages of the analytical study. Example of
a code fragment to demonstrate the data collection procedure [14]:

import pandas as pd

# Data

enerdata_df = pd.read_csv(’enerdata.csv’)

# Transformation

enerdata_pivot =  enerdata_df.pivot_table(index=[ 'Country’,
’Year ], columns="Indicator’, values="Value’)

Handling missing data is important because missing data is a fairly
common phenomenon in real databases. To ensure analytical validity
and avoid systematic error, the database was limited to 40 countries,
leaving only those countries where the proportion of missing values did
not exceed 10 % of the total number of indicators. Despite this, even
among the selected countries, values were missing for individual
indicators both for individual years and systematically. The following
three approaches were used to address the problem of missing data,
described below.

First approach is the systematic missing data, in cases where data
for a certain indicator are completely missing for a country (e.g., the
electricity trade balance for Kazakhstan), the group aggregation method
was used, namely, the average value of the indicator was calculated for
the group of countries to which the country with missing data belongs
(e.g., EU, G7, CIS). Missing values were filled in according to the
calculated average values, ensuring data consistency and minimizing
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the impact of missing data on subsequent analysis. Example of a code
fragment to demonstrate the procedure [14]:

# Replacing gaps with average values by groups (for Kazakhstan — CIS)

cis_mean_trade_balance =
enerdata_pivot[enerdata_pivot[ 'Region’] == 'CIS ][ Electricity
Trade Balance "].mean()

enerdata_pivot.loc[

(enerdata_pivot[ 'Country 1 == ’Kazakhstan’) &

(enerdata_pivot[ 'Electricity Trade Balance ].isna()),

’Electricity Trade Balance’

] = cis_mean_trade_balance

Sometimes incomplete data were observed for individual years (for
example, the absence of a value for 2015 for a certain country), so the
second approach was utilized. Methods that take into account the nature
of the dynamics of indicators were used to handle such omissions, so
for indicators with slow changes over time (for example, the level of
urbanization or the structure of energy consumption), linear
interpolation between available values was used, which allows
preserving the continuity and trends of the indicator. For indicators with
high variability over time (for example, the CO: emission factor),
omissions were replaced by average values for the corresponding group
of countries, which ensures that the impact of extreme fluctuations is
minimized and the data is maintained. Example of a code fragment to
demonstrate the procedure [14]:

df[ "Urban population % ] = df[ 'Urban
population % ’].interpolate(method="linear ")

Also, sometimes anomalous values were found in the data (for
example, the CO: emission factor for Norway according to the WDI in
one year was sharply different by a factor of five from neighboring
years). A combined approach was used to handle such anomalies. First,
an automatic analysis of the presence of emissions was performed using
the Interquartile Range (IQR) method. Values identified as potential
anomalies were manually checked and corrected if measurement errors
or data entry errors were detected. In case the anomalous value reflected
real changes in the indicator (for example, a sharp decrease or increase
in emissions due to specific economic or energy events), it was left
unchanged, ensuring the reliability of the data dynamics. Example code
fragment to demonstrate the procedure [14]:

Q1 = df[ 'CO2 emission factor ].quantile(0.25)
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Q3 = df[ "CO2 emission factor "].quantile(0.75)

IQR=0Q3-Q1

outliers = df[(df[’'CO2 emission factor’] < (Q1 — 1.5 * IQR)) |
(dff 'CO2 emission factor ] > (Q3 + 1.5 * IQR))]

As aresult of data cleaning and transformation, an initial dataset was
formed, which included 400 records corresponding to a combination of
40 countries and a 10-year observation period. Each record contained
14 normalized indicators, including: indicators of total energy
consumption and energy intensity of GDP, trade balances by main
types of energy carriers (coal, petroleum products, natural gas,
electricity), the share of renewable sources in total electricity
production, the CO: emission factor, as well as demographic and
economic indicators, in particular the level of urbanization and GDP
per capita growth rates. The structured nature of this dataset ensured its
suitability for further use in the Kohonen self-organizing maps model,
which allowed for detailed visualization of the dynamics and profiles
of all 40 countries during the analyzed decade. After the stage of
collecting primary data from sources, a heterogeneous dataset was
formed, in which the values of different indicators differed in order of
magnitude and units of measurement. In particular, GDP growth rates
were expressed in percentages, energy consumption in terajoules, and
CO: emissions in tons per megawatt-hour. This discrepancy creates a
risk of distorting the clustering results, since during training the
Kohonen neural map, the algorithm optimizes the distances between
feature vectors based on the Euclidean metric.

In the absence of scaling, the dominance of features with large
absolute values can lead to the loss of information about other, no less
important indicators. Given this, data preparation for SOM included
several critical stages:

1. Construction of derived features (feature engineering) — the
formation of new indicators that generalize or refine the economic and
energy profile of the country.

2. Scaling and normalization of features (feature scaling) to ensure
comparability of variables.

3. Checking correlations  between features to eliminate
multicollinearity.

4. Selection of features according to their significance for the model.

5. Formation of the final feature matrix for further training of SOM.

Construction of derived features. Based on the primary indicators
of the World Bank and EnerData databases, a number of new
aggregated variables were created that reflect more comprehensive
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characteristics of the country’s energy profile: Net trade balance (by
energy type) — calculated as the difference between the volumes of
exports and imports of each type of energy resources, and Energy
structure coefficient — an integral indicator that combines the share of
renewable energy sources in electricity production and the energy
intensity of GDP. This indicator characterizes the level of
diversification of the energy balance and the efficiency of energy use.
Example of a code fragment to demonstrate the aggregation of the Net
Trade Balance [14]:

df_scaled[ 'Net Coal Balance ] = df_scaled[ ‘Coal Export’] —
df_scaled[ 'Coal Import’]

df_scaled[ 'Net Oil Balance ] = df_scaled[ ‘Oil Export’] —
df_scaled[ 'Oil Import’]

df_scaled[ 'Net Gas Balance ] = df_scaled[ 'Gas Export’] —
df_scaled[ 'Gas Import’]

Scaling (Normalization & Scaling). To bring the feature values to
a comparable scale, the Min-Max Normalization procedure was used,
with all variables being brought to the range [0,1]. This approach is
justified by two main aspects: the sensitivity of the SOM algorithm to
the feature scales — since the Kohonen map training is based on
Euclidean distances between feature vectors and neuron parameters, the
dominance of variables with large absolute values can lead to the loss
of information about less scaled features; and also by preserving the
relative proportions within each indicator — minimax normalization
allows maintaining the relationship between observations for one
variable, which is important for the correct interpretation of clustering
results and assessment of the decarbonization potential of countries. An
example of a code fragment to demonstrate the procedure [14]:

from sklearn.preprocessing import MinMaxScaler

scaler = MinMaxScaler()

scaled_features = scaler.fit_transform(df[feature_columns])

df_scaled = pd.DataFrame(scaled_features,
columns=feature_columns)

It should be noted that in a number of analytical tasks, the use of
minimax normalization may not be effective enough. In such cases, it
is advisable to use Z-standardization, which normalizes the deviation
of each value from the mean by dividing by the standard deviation. This
procedure provides a more balanced data set and often improves the
efficiency of clustering in cases where other data preparation methods
are insufficient.
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Correlation check. To avoid duplication of features and reduce
multicollinearity in the input data set, an analysis of the correlation
matrix was performed [14]:

import seaborn as sns

import matplotlib.pyplot as plt

corr = df_scaled.corr()

plt.figure(figsize=(12,10))

sns.heatmap(corr, annot=True, cmap="coolwarm’)

plt.show()

The conclusions on the correlation of features are based on the fact
that features with a correlation exceeding 0.95 were either combined or
replaced by aggregate factors to reduce data redundancy. At the same
time, some highly correlated indicators, such as Total Energy
Consumption and Energy Intensity, were left in the analysis, since they
reflect the impact on energy consumption and decarbonization
processes in different aspects and thus carry unique information for
modeling. Selection of features. Based on the analysis, the features with
the most significant impact on the country’s energy profile and its
decarbonization potential were selected. It was decided to limit
ourselves to no more than two dozen variables, since an increase in the
number of features reduces the individual contribution of each predictor
to the modeling result. As a result of forming the final feature matrix,
14 key indicators were left, among which the following are worth
highlighting: GDP growth per capita (%), share of urbanized population
(%), total energy consumption; GDP energy intensity (energy
consumption per unit of GDP); CO: emission factor (tons of CO: per
MWh); trade balance by energy type: coal, oil, gas, electricity; share of
renewable sources in electricity production; domestic energy
consumption by type: coal, oil, gas, electricity.

Construction of the final feature matrix for the self-organizing
Kohonen map. Before providing data for training the self-organizing
Kohonen map, an additional assessment of the quality of the input
dataset was carried out. In particular, the distributions of values for each
feature were analyzed to exclude the presence of sharp outliers or flat
distributions that could distort the topology of the map during training.
As a result, a final feature matrix was formed, which is characterized
by: 400 observations (40 countries x 10 years) and 14 normalized,
informative features, balanced in scale and without redundancy.

This structured dataset provides a robust basis for efficient training
and further analysis of the self-organizing Kohonen map, allowing for
clear visualization of the dynamics and profiles of countries regarding
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their decarbonization potential over a decade. Example code snippet to
demonstrate the final matrix [14]:
X = df_scaled.values # final feature matrix for submission to SOM

After preparing the normalized dataset, a key stage of the research
was conducted — training a Kohonen self-organizing map (SOM). This
method allows to detect hidden patterns in multidimensional data and
visualize them in the form of a two-dimensional map, where objects
with similar characteristics (in this case, countries) are located close to
each other. The tools used were: Python MiniSom — a compact and
efficient library for implementing Kohonen SOM and visualization —
Matplotlib and Seaborn for building graphical representations, as well
as Deductor Studio Academic for interactive display of U-Matrix heat
maps.

An important stage of the modeling is determining the size of the
map and its training parameters. For this study, a map with a size of
16 x 12 neurons was chosen, which corresponds to a total number of
192 neurons. This choice is justified by the empirical rule for
calculating the optimal number of neurons [17]:

M ~5x+VN 1)

where M is the total number of neurons and N is the number of features
in the dataset. Since in our case N = 400 (40 countries x 10 years), the
optimal range of the number of neurons is 100-250.

To provide a more natural local connection between features on the
map, a hexagonal topology of neurons was chosen, which promotes a
smooth distribution of countries and facilitates the interpretation of
clusters. Example code fragment to demonstrate the procedure [14]:

from minisom import MiniSom

som = MiniSom (x=16, y=12, input_len=14, sigma=1.0,
learning_rate=0.5,

neighborhood_function="gaussian’, random_seed=42)

The additional model parameters are input_len = 14 — the number
of input features; sigma = 1.0 — the initial radius of the neuron’s
influence area; learning_rate = 0.5 — the initial learning rate, which
gradually decreases over the epochs and neighborhood function =
’gaussian’ — a neighborhood function with a smooth weakening of the
influence of the input vector on neurons distant from the winning
neuron (Best Matching Unit, BMU).
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The model was trained in random batch learning mode for 5500
epochs. The use of a random order of input vectors is justified by the
fact that it allows you to avoid the phenomenon of "freezing" the map,
when fixed sequences can lead to a loss of flexibility in forming the
SOM topology.

In each epoch, a data vector corresponding to a certain country in a
certain year was randomly selected. After selecting an object, the
weights of the winning neuron and its neighbors were updated
according to a defined learning function, which ensures gradual
smoothing of the map and formation of coherent clusters. Example of
a code fragment to demonstrate the procedure [14]:

som.random_weights_init(X) # Initializing neuron weights with
random values from the dataset

som.train_random(X, num_iteration=5500) # Learning

During map training, the following metrics were used to assess the
quality of training: Quantization Error (QE) — a measure of the
correspondence between data objects and winning neurons, which is
defined as the average distance between the input vector and the weight
vector of the nearest neuron (QE allows us to assess how well the map
reflects the original data), and Topographic Error (TE) — a metric that
assesses the ability of the SOM to preserve the topological structure of
the data (it is calculated as the fraction of points in the input set for
which the two nearest BMUs (the best and the second best) are not
adjacent on the map; TE provides information about the correctness of
the spatial arrangement of clusters on the SOM). To demonstrate the
training control procedure, use the following code fragment [14]:

ge = som.quantization_error(X)

te = som.topographic_error(X)

print(f 'Quantization Error: {ge}, Topographic Error: {te}")

Our target Quantization Error (QE) < 0.2 and Topographic Error
(TE) < 0.1 indicators indicate that SOM adequately reflects hidden
patterns in the data and correctly preserves the topological structure of
the neighborhood between objects.

SOM does not perform explicit clustering of data, but projects
multidimensional data into a two-dimensional space while preserving
the topology. Therefore, to isolate individual groups of objects,
additional clustering of neurons based on their weight vectors was
performed using Agglomerative Clustering. In parallel, optimization of
the number of clusters was performed, in which the formed Kohonen
map was sequentially divided into different numbers of clusters in the
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range from 3 to 8. This stage is critically important, since incorrect
determination of the number of clusters can lead to excessive
generalization of groups or, conversely, loss of interpretability with
excessive detail.

The accuracy of the segmentation was assessed using three standard
criteria: the silhouette coefficient, the Davis—Boldin index, and the
Kalinsky—Kharabash index, as well as an integral indicator based on
them. As a result, six clusters were selected that most relevantly
segmented countries according to decarbonization profiles, allowing to
distinguish groups of leaders, followers, and problem countries.

The procedure for constructing the Kohonen map and subsequent
clustering included four steps:

Step 1. Visual assessment via U-Matrix. After SOM optimization,
a U-Matrix (Unified Distance Matrix) was constructed, a heat map
where the distances between the weight vectors of neighboring neurons
are displayed in color. Areas with low distance reflect densely grouped
neurons that are potential clusters, while areas with high distance values
outline the boundaries between separate groups. The U-Matrix analysis
revealed six distinct zones that visually appeared as distinct “islands”
on the map and served as the basis for further interpretation of country
clusters based on their decarbonization profiles, which was confirmed
by quantitative metrics. Example code snippet to demonstrate the
procedure [14]:

from pylab import bone, pcolor, colorbar, plot, show

bone()

u_matrix = som.distance_map().T # Distances between neurons (U-
Matrix)

pcolor(u_matrix) # Visualizing map

colorbar() # Color legends

show()

Step 2. Agglomerative clustering based on neuron weight vectors.
Each SOM neuron is represented by a weight vector consisting of 14
elements, according to the number of input features. For further
clustering, we used all 192 neuron vectors and applied agglomerative
hierarchical clustering. This approach allows us to group neurons based
on the similarity of their weight vectors, which reflect the
multidimensional characteristics of the countries’ decarbonization
profiles. The result is the formation of clearly defined groups of
neurons, each of which corresponds to a certain segment of countries
in terms of the level and characteristics of decarbonization potential. To
demonstrate the clustering procedure, an example code was used that
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illustrates the agglomeration process and the subsequent assignment of
clusters to map neurons [14]:

from scipy.cluster.hierarchy import linkage, fcluster

from scipy.spatial.distance import pdist

weights = som.get_weights().reshape(-1, 14) # Extract all neuron
weights

Z = linkage(weights, method="ward’) # Hierarchical clustering of
weight vectors

Step 3. Validation of clusters using quality metrics. To determine
the optimal number of clusters (K), three generally accepted metrics for
assessing the quality of clustering and an integral criterion based on
them were used [18]:

1. Silhouette coefficient (SC) — varies from -1 to 1 and characterizes
the degree of similarity of objects to their own cluster compared to other
clusters (the closer to 1, the better the segmentation).

2. Calinski-Harabasz index (CHI) — evaluates the ratio of
intercluster dispersion to intracluster dispersion (higher values indicate
high clustering quality).

3. Davies-Bouldin index (DBI) — determines the ratio of intracluster
dispersion to the distance between clusters; lower values indicate better
segmentation quality.

When testing for different values of K, the following results were
obtained (Table 1).

Table 1
CLUSTERIZATION QUALITY ASSESSMENT METRICS
K e DBI CHI
3 0.33 1.09 227.37
4 0.25 1.09 182.87
5 0.34 0.37 261.31
6 0.44 0.90 290.43
7 0.34 0.87 248.23
8 0.26 1.00 215.51

Source: Developed by author

According to two metrics — SC and CHI — optimal segmentation
is observed at K = 6. DBI indicates K = 5 as the best option. Thus, the
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integrative assessment demonstrates that K = 6 provides the optimal
balance between internal homogeneity and cluster separation, which
confirmed the choice of six groups for the final model.

Step 4. Semantic validation of clusters. Semantic validation is an
additional evaluation stage for unsupervised clustering tasks and
involves analyzing the logical consistency of the resulting groups with
real economic and energy profiles of countries.

To do this, the average values of all indicators were calculated for
each cluster, which allowed to form a generalized profile of a “typical
country” within the group. Comparison of the profiles of different
clusters allowed to identify the key characteristics, which are described
below. Leaders — decarbonization centers (Canada, New Zealand,
Norway, Sweden, etc.) — countries with a high share of renewable
energy and low energy intensity. Followers (UK, EU countries,
developed Latin American countries) — show progress in
decarbonization, but are partially dependent on traditional energy
sources. Resource-oriented economies (Nigeria, UAE, Saudi Arabia,
Ukraine, etc.) — high energy intensity of GDP and dependence on fossil
fuels. Industrial-oriented countries (Australia, India, Germany, Poland,
Turkey, Japan) — significant energy intensity, high CO2 emissions, low
share of renewables. Hydrocarbon-oriented countries (Russia, USA) —
large volumes of oil and gas production and domestic consumption.
Large industrial countries (China, USA) — largest total energy
consumption, significant CO2 emissions, but significant investments in
renewable energy.

Since each country is represented by ten entries (one per year), some
countries may have changed cluster affiliation in different years
according to changes in the energy profile.

The choice of six clusters provided a balanced and interpretable
structure, avoiding excessive fragmentation or artificial aggregation of
heterogeneous countries. The resulting groups became the basis for
further analysis of the dynamics of the movement of countries between
clusters, which allows assessing progress or stagnation in the
implementation of decarbonization policies of national economies [19].

Thus, the joint use of clustering quality metrics and semantic
verification allowed to provide a reliable and economically
understandable segmentation of countries on the Kohonen SOM map.

The first and foremost, SOM is a visualization tool that effectively
allows you to explore patterns in complex multidimensional data and
present them in a visual form. As part of this study, we have identified
three levels of visual analytics:

61



1. Heat maps for individual features. During SOM training, each
neuron acquired weight parameters that were formed based on the
objects (countries) assigned to it or its neighbors. Each weight
parameter corresponds to one of 14 selected features.

For each parameter, heat maps are built on all SOM neurons, which
allows you to visually identify areas with high and low values of the
corresponding characteristic. The intensity of the feature on the map is
displayed as a color gradient — from blue (minimum values) to red
(maximum values), with a corresponding color scale for accurate
determination of the value.

Such maps make it easy to identify patterns, spatial clustering, and
features of energy consumption and decarbonization profiles of
different countries, providing a visual and intuitive representation of
multidimensional data (Fig. 1).

Heat maps have become an effective tool for exploring spatial
patterns of key indicators across countries, tracking the distribution of
country profiles on the map, and identifying local patterns that are
difficult to detect using traditional tabular data analysis, especially
when there are a large number of characteristics.

2. Visualizing the positions of individual countries on the SOM
map allowed us to assess their location within clusters. This made it
possible to identify countries that are in the “core” of clusters, that is,
have a clearly expressed typical decarbonization profile. At the same
time, countries located on the borders between clusters were identified,
which indicates the presence of hybrid profiles — a combination of
characteristics from different groups or a gradual transition from one
decarbonization strategy to another.

This approach allowed us not only to highlight clear leaders and
outsiders, but also to identify countries that are in the process of
transforming their energy profile, providing a deeper and more detailed
understanding of the dynamics of decarbonization at the global level.

62



Total energy consumption Energy intensity of GDP £ | Coal and lignite trade £ | coal and lignite consumption
: 2 us

Iny22 us-n-zzmwmwn 822 US'17-22RUS' IARRineT5RBInd 15-16,20
KRNSHRG-UE- 20 um’m PRT'13-19
BB A amear B A g tmeorm s mfv
UAE"8-21 FGIN‘I VAE'18-21 FRN M,Iy!
eeeee
shestan'15-21 BLG13141617 ehsstan wn a:.suu‘mw
Xz i4ts BLG15,18 BLG (5,18
18854 Pland'13 BL 19, Birglana1s BLORNESW2119,2021.22
Aiocariad 1622 8 B 8223 d'14-22 shswiessia | 5
CAN'21-22NZ'18-20 CAN'21-22NZ18-20
® V13-20Canada 13- 26ZNWA2 Japan'13-20 Canada'13- 282822
p— o | p— 1 o | p—
0 0% 1|0 o) 1 05

Ol prodicts balancs of vrads

UAziin e 5N 15-16,20

Natural gas balance of trade E3 | Natural gas domestic consumption
22RUS'
UKRNSSE-20  PRT'13-13

2 sz e TBainG'15-16,20 na22  USTIR:
b e B o P 13-19 L

usts Waaznn ' usts AR e
i qu. B 15 it iy muu
AL EA Geimany’ 19-20RT
ckestan1s21  BLGTIM o ekestan13:21 BLG3141617
KAZ'la. L Kaz' BLG'I3,18
98)0¥BIand 13 BLGANESWES 19, 02122 298)BiPbland 13 SLeaNERWR 19202122
AfricaRuand 14-22 ST 1602 B AfnicaRolaRd 14-22 1.5
canat Nz 20 AN N 1850
13-20 Canada" Japan'13-20 Cay h.‘l 13- 267NN a
— - a — o | — R
0 05 [0 mssms.]l v | [ ] 05 1|0 R 1 [ ] 05 i
Electricity balance of trade B3 | Etectricity domestic consumption Share of renewables in electricity Average CO2 emission factor
ina22 _US17-22RUS" 22 US17-22)
mo o
=] us';
a3 £
18-21 Fm
-mnm 15-21 BLG" "Jl |Q|7
SRy, “dbemmunas
-22N2'18-20
Japan'13-20i NV
p— e
03 o8 | [05350716847] 1539 12
GDV per capita growth (annual %) 3| Urban population (% of total populati.. £
2 US'I7- zzkuswiag nd15-1620 | ine22  US"17-22 RUS' AZBneTBAnd 15:1620 !
UK 55 "> bRt 1a-19 Ine 2 PRT118
us13  sa0-21 Us13 o Sa20-2
UAE BYUR2FRN AL T2 AN AT 13
UAE18-21 nmmp-s UAE18-21 rcmumlnusw ‘
ermany
ckestan'1321 BLGT3I4I61T ekestan'l3-21  BLG13A41617
2l BLG 13,18 KAZ'1418 it
198)8406land 13 BLGANESWD192021.22 | (SBHPbland 13 jo202122
Africarsland 14-22 SWIWIE BT 2R | AfncaRdiand 14-22 W16
CANZ1-22NZ'18-20 AN ANE 03
lapo13-20Conad' 13 222 Jspan13-20 Canada' 13- 20NN 33 B p ol
_— o | g | — = | — h =
081 0565 082 | 089 0815 sremEniny] | (0ZZiTER) 07229039069 140595225 | 0 OWTEIIZE)06 02280261612

Fig. 1. Heat maps for exploring spatial patterns
of key indicators across countries [19]

3. Trajectories of countries on the Kohonen map — reflecting
changes in the country profile over time. One of the key advantages of
Self-Organizing Maps is the ability to visualize the trajectories of
objects in a multidimensional feature space over time, which allows us
to track how countries changed their decarbonization profiles over a 10-
year period (Fig. 2). To do this, for each annual data set and each
country, a winning neuron (Best Matching Unit, BMU) was determined
that most accurately reflected the country profile in the corresponding
year. Based on the BMU sequence, the trajectory of the country’s
movement on the Kohonen map was constructed, which allowed us to
visually assess the dynamics of changes: the country could approach
the clusters of leaders, remain in its previous position, or move away
from the target decarbonization profiles. This approach allows us not
only to analyze the state of the country in a specific year, but also to
track trends and progress in the implementation of decarbonization
policies, which provides a deep understanding of the dynamics of the
transition to sustainable energy. Example of a code fragment to
demonstrate the procedure [14]:

plt.figure(figsize=(10,8))
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plt.title(‘Trajectory of Ukraine (2013-2022)°)

coords =[]
for year in range(2013, 2023):
country_year data = df[(df[ Country’] == ‘Ukraine’) &

(df[ "Year ] == year)].iloc[0][feature_columns].values
winner = som.winner(country_year_data)
coords.append(winner)
# draw the trajectory of movement
for i in range(len(coords)-1):
plt.arrow(coords[i][0]+0.5, coords[i][1]+0.5,
coords[i+1][0]-coords[i][0], coords[i+1][1]-coords[i][1],
head_width=0.3, head_length=0.3, fc="blue’, ec="blue’)
plt.pcolor(som.distance_map().T, cmap="Greys’, alpha=0.3)
plt.show()

UKR'16-19KR'20-2NIG16-20

Uzbekestan'15-21
KAZ'14,18
JKR'13,145A13-18 Poland'13

South Africa’21,22 Poland'14-22

Japan'13-20

F T T
1 2 3

Fig. 2. Trajectory of movement for some counties
on the Kohonen map [19]

This visualization allows not only to assess the static state of
countries, but also to analyze the dynamics of their development
towards decarbonization. During the study, several characteristic
patterns of behavior were identified, described below.
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Decarbonization leaders — countries that have traditionally actively
implemented emission reduction policies — maintained high positions
throughout the entire period under study. All countries included in the
leader cluster (lower right corner of the map) constantly remained in it.
Countries-candidates for leadership (follower cluster, upper right
corner of the map) also remained in their cluster, but a gradual shift
towards leaders was observed, which indicates real progress in the
transformation of energy infrastructure and the reduction of CO:
emissions.

Countries with high energy consumption in the clusters on the left
side of the map remained stable. The exception is the USA, which
moved from the far left cluster (next to China) to the “hydrocarbon
countries” cluster together with Russia. This shift occurred not due to
the deterioration of US policy, but due to the outpacing industrial
development of China, against the background of which the US
position in relative indicators shifted.

Countries in the central clusters of the map demonstrated less
stability. Thus, the United Kingdom and some Latin American
countries moved from the cluster of industrial countries (lower left
corner of the map) to the cluster of followers, improving their positions
in the context of decarbonization. Ukraine in 2015 made a sharp jump
from the cluster of industrial countries to the cluster of “resource-
oriented economies” in the upper central part of the map, after which it
remained within this cluster, moving between different neurons.

This approach allows not only to track the progress of countries in
decarbonization, but also to identify transformational patterns
characteristic of different groups of economies.

At the initial stage of the study, the academic platform Deductor
Studio was used to work with U-Matrix. It allows for interactive map
analysis and tagging without the need for programming. At the same
time, the platform has a number of limitations: visualization
customization options are limited, which makes it difficult to configure
more complex scenarios or specific data display designs. In addition,
Deductor Studio does not allow for integrating visualizations into a web
environment, which limits the possibilities for further use of the results
in dashboards or analytical web applications. To overcome these
limitations, the visualization of clustering results was transferred to a
web dashboard format based on Plotly Dash. This approach provided
an interactive interface that allows the user to: select a specific country
and track its trajectory on the SOM map over time; filter data by year
or cluster; and analyze heat maps with the ability to dynamically
configure the display of factors.
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The implementation process included the following steps:

1. Generating coordinates of objects (countries) on the SOM map in
Python and importing the results into the visualization environment.

2. Building heat maps using built-in visualization tools and custom
components.

3. Displaying trajectories of countries’ movements in the form of
scatter/line graphs to demonstrate dynamics across neurons.

4. Adding interactive filters that allow the user to adjust the visibility
of objects by year, country, and cluster.

The results of applying this approach allowed: identifying "hot
zones" of key decarbonization factors and localizing regions with high
or low progress; visualizing trajectories of countries’ movements in
time dynamics, which became the basis for assessing the effectiveness
of national energy policies; and involving not only technical specialists,
but also business analysts in working with the model due to interactivity
and a clear interface.

After building the Self-Organizing Map, identifying six clusters and
visualizing them, the next step was to understand the significance of
these clusters for national decarbonization strategies and apply them in
scenario modeling (what-if analysis). The goal was to assess how
changing individual indicators of the country’s energy and economic
structure affects its position on the cluster map and a possible move to
a more progressive profile.

The scenario modeling methodology was based on modifying the
country’s profile, so for each country, the current vector of
characteristic indicators was taken and its targeted change was carried
out. For example, the share of renewable energy in electricity
production was increased by 10 % or the energy intensity of GDP was
reduced by 20 %. This methodology also involved running through
SOM, the modified profile was passed through the SOM.winner()
function, which made it possible to determine whether the winning
neuron had changed, and accordingly, whether the country had moved
to another cluster. The final stage was the analysis of the results, where
the modeling results were stored in the form of an interactive matrix of
changes, which allowed answering the question: “What specific
parameters need to be changed in the country’s energy structure so that
it moves to the desired cluster (for example, the group of
decarbonization leaders)?”” The average values of the indicators of the
leading countries of the corresponding cluster were used as a guideline.

This approach has transformed clustering into a practical tool for
scenario analysis, allowing to identify key structural changes needed to
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achieve a country’s target profile in the context of decarbonization.
Example code fragment to demonstrate the procedure [14]:
modified_profile = original_profile.copy()
modified_profile[ 'Share of Renewables’] += 0.1 # +10 % to the
share of renewable energy
modified_profile[ 'Energy Intensity ] *= 0.8 # -20 % from energy
intensity
new_cluster = som.winner(modified_profile.values)

Scenario modeling based on clustering results allows for the
formulation of specific recommendations for the strategic development
of different groups of countries.

For example, for countries in the cluster conventionally designated
as “resource-oriented economies” (which includes, in particular,
Ukraine in recent years), the key factor in increasing their global
positioning in the field of decarbonization is investment in renewable
energy. Only if the share of renewable sources increases significantly
do these countries have the potential to move to the “follower” or
“leader” clusters (towards the lower right corner of the SOM map). It
is important to note that the leader cluster includes countries with
developed green energy, including powerful resource exporters such as
Canada and Norway.

As for large industrial countries (USA, China), scenario modeling
showed that even a significant increase in the share of renewable energy
without a simultaneous decrease in energy intensity will not allow them
to move to more “green” clusters. This indicates the need for a
comprehensive approach to energy conservation and increasing
production efficiency. A similar situation is observed for russia, which
is located in the cluster of large hydrocarbon countries, but borders the
cluster of resource-based economies, demonstrating the characteristics
of an intermediate profile.

Similarly, individual recommendations can be determined for each
country depending on the current state and targets in the field of
decarbonization. Thus, dynamic scenario modeling allows not only to
segment countries by energy profiles, but also to identify the most
sensitive parameters that affect the improvement of positions in global
decarbonization. This forms a practical basis for the development of
targeted strategies for the development of the energy sector of national
economies and support the adoption of informed policy decisions.

Conclusions and prospects for further research. The study of the
decarbonization potential of countries around the world demonstrated
the effectiveness of using multidimensional clustering methods for
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analyzing energy profiles. In particular, the use of self-organizing maps
made it possible to identify hidden patterns in the data structure and
visualize them in two-dimensional space, which ensures the
preservation of the topology of connections between countries.

The accuracy of segmentation was assessed based on three standard
criteria — the Silhouette coefficient, the Davies-Bouldin and Calinsky-
Harabasz indices, as well as by conducting a qualitative analysis of
semantic correspondence (to what extent such segmentation is logical for
studying decarbonization processes). As a result of the analysis, six clusters
were identified that reflect different types of energy and decarbonization
profiles: leaders in the field of renewable energy, followers, resource-based
economies, industrial countries, large hydrocarbon producers and large
industrial states. The clusters demonstrated significant internal
homogeneity and clear demarcation between groups, as confirmed by
quantitative indicators of clustering quality and semantic assessment of the
logical correspondence of the resulting groups to the real economic and
energy characteristics of the countries.

The study of the dynamics of the positions of countries over time
showed that some countries demonstrate gradual progress towards
more “green” profiles, while others remain stable in their cluster
positions or change them due to transformations of the energy structure.
The analysis allowed to identify the most important characteristics that
affect the position of the country in the global context of
decarbonization, and to  formulate  scientifically  based
recommendations on targeted areas for improving the energy profile.

It is noted that the clustering methodology is not a predictive model
for accurately determining future CO: emission indicators. Further
research should include the integration of clustering with predictive
models that can take into account the individual characteristics of each
cluster. This will increase the accuracy of assessments and the
effectiveness of strategic energy resource management at the national
and global levels.

Further research involves the use of fuzzy clustering, which will
allow assessing the degree of belonging of each country to each of the
selected clusters regardless of the main distribution of clusters. This
approach makes it possible to build ensembles of forecast models in
which the influence of each model is determined by the degree of
belonging of the country to the corresponding cluster. This provides
increased adaptability and accuracy of forecasts regarding the
development of the energy profile of countries.

Also, it is planned to integrate the study with current open sources
of data on trade and consumption of energy carriers, which will allow
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the formation of analytical tools to support strategic decision-making
at the national and international levels in real time.
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