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Abstract. The study of regional polarization is critically relevant for Russia, as pronounced
socio-economic disparities threaten national economic stability, social cohesion, and
the strategic goal of technological sovereignty. These imbalances hinder efficient re-
source allocation and create vulnerabilities amid global realignment. This study analyz-
es patterns and drivers of regional polarization in Russia by leveraging machine learning
to model the complex interplay of economic and non-economic factors. The research is
guided by three hypotheses: polarization is driven by multi-dimensional disparities (H1);
processes of convergence and divergence coexist (H2); and machine learning can ef-
fectively identify latent polarization structures overlooked by traditional methods (H3).
K-means clustering identified regional typologies, with optimal cluster count validated by
the Elbow Method and Silhouette Score. Predictive power and key drivers were analyzed
using ensemble methods, Random Forest and XGBoost, with performance evaluated by
Mean Squared Error (MSE). Results confirm a deeply polarized landscape with four dis-
tinct socio-economic clusters: resource-rich regions plagued by inequality and outmigra-
tion; leading hubs facing over-centralization risks; industrial-agrarian regions with per-
sistent poverty; and lagging republics trapped in subsidy dependence. Analysis validated
H2, showing simultaneous catch-up growth in some areas and entrenched divergence in
others. Random Forest showed superior predictive accuracy (MSE = 0:132), confirming
H3 and identifying key drivers (H1) beyond economic metrics. Theoretical significance
lies in its novel, data-driven typology of Russian regions, highlighting the superiority of
ML ensemble methods for modeling complex spatial inequality. Practically, findings pro-
vide policymakers with an evidence-based roadmap for differentiated regional strategies
and a predictive tool for proactive intervention vital to balanced national development.

Key words: regional polarization; interregional differentiation; machine learning; cluster
analysis; time series forecasting.
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1. Introduction

A defining feature of Russia’s post-Soviet economic transformation has been
the pronounced divergence in socio-economic development across its regions. The
transition to a market economy, while driving aggregate growth, has also exacer-
bated long-standing interregional inequalities. Kuzin [1] attributes this to market
mechanisms that have failed to mitigate disparities in economic efficiency and
social well-being, leading to a self-reinforcing cycle where economic imbalances
slow overall progress, reduce production, and increase unemployment.
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This phenomenon is a manifestation of spatial economic polarization, the
uneven development resulting from the asymmetric redistribution of resources,
which creates significant differences in regional economic and social progress.
Understanding these disparities is critical for fostering equitable development,
enabling efficient policymaking, and maintaining social stability. However, the
consequences of polarization extend beyond the economic sphere. As noted by
Conover et al. [2], severe regional divergence can erode social cohesion and po-
litical stability. This is evident in governance challenges, where, as Silva [3] ar-
gues, deep-seated regional divides can fuel conflicting political agendas, leading
to legislative gridlock and eroding public trust in institutions.

While complete societal homogeneity is neither attainable nor desirable, tar-
geted interventions are necessary to mitigate polarization’s most divisive effects.
A growing body of research, including that of Levy [4], suggests that such strate-
gies must address the underlying structural drivers of division rather than merely
its symptoms. To date, the literature on Russian regional disparities has primar-
ily focused on economic determinants, such as resource wealth and federal sub-
sidies, or broad political dynamics. A significant gap remains in the systematic
analysis of non-economic drivers including migration patterns, educational access,
and digital infrastructure; and in the application of advanced analytical methods
to uncover latent patterns of regional divergence.

This study seeks to address these gaps by employing data-driven techniques,
including machine learning, to analyze the multidimensional dynamics of polar-
ization in Russia. By moving beyond traditional economic explanations, this re-
search offers a more comprehensive understanding of the underlying forces shaping
the country’s regional inequalities and provides a foundation for more sustaina-
ble policy solutions.

To guide this investigation, the study explores three key questions (RQ):

RQI: What are the principal economic and non-economic factors driving re-
gional polarization in Russia?

RQ2: How do convergence and divergence processes manifest simultaneous-
ly across Russian regions?

RQ3: And can machine learning models effectively identify clusters of po-
larized regions?

These questions are examined through three corresponding hypotheses:

H1I: Regional polarization is driven not only by traditional economic factors
like GDP and investment but also by social and infrastructural disparities, includ-
ing access to education and healthcare.

H?2: Convergence (evident in catch-up growth) and divergence (seen in core-pe-
riphery divides) coexist, influenced by federal policies and regional adaptability.

H3: Machine learning techniques such as clustering and dimensionality re-
duction can reveal polarization patterns that conventional econometric methods
might overlook.
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The purpose of this study is to identify and analyze patterns of regional polar-
ization in Russia using machine learning, with the broader goal of informing pol-
icies that mitigate spatial inequalities.

Article structure: The paper begins with a review of existing literature on re-
gional polarization and methodological gaps, followed by a detailed explanation
of the analytical approach, which combines clustering and predictive modeling.
The findings are then presented alongside their policy implications, and the study
concludes by outlining directions for future research.

2. Literature Review

Uneven development of regions, known as regional polarization, leads to the
emergence of both prosperous and lagging areas. This imbalance is formed un-
der the influence of many forces, among which are the concentration of produc-
tion capacities, the direction of investment flows, the dynamics of labor supply
and government decision-making.

Let us elaborate on the definition of key terms and concepts related to re-
gional polarization such as regional divergence, polarization, and spatial in-
equality.

Regional divergence is the unevenness of economic, social, and environmen-
tal conditions in different areas [5]. These divergences are often reflected in em-
ployment levels, earnings, access to education, and health care [6].

Polarization is the process by which groups within a society become increas-
ingly distinct and separate because of divergent economic, social or political in-
terests. In the context of regions, this often means that wealthy areas are getting
richer and poorer areas are falling behind.

Spatial inequality is a broader term that encompasses the unequal distribu-
tion of resources and opportunities, resulting in different outcomes in the level
and quality of life in different areas [7].

The analysis of regional inequalities reveals a few reasons, among which
globalization, rapid technological progress and specific features of local policy
decisions stand out. Many studies have examined the drivers and outcomes of
regional inequality and polarization. For example, Hansen [8] emphasizes the
role of capital accumulation in deepening income inequality, which can lead
to regional polarization. Similarly, Marco et al. [9] highlighted that capital in-
vestment in education and infrastructure is necessary to mitigate regional ine-
quality in the EU.

In addition, Glaeser [10] point to urbanization as a significant driver of re-
gional polarization. They argue that cities attract talent and investment, creat-
ing a feedback loop that further concentrates resources. However, these studies
also demonstrate methodological limitations, often relying on classical regres-
sion models that may not capture the complex, non-linear relationships inher-
ent in regional data.
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2.1. Regional Polarization in Russia

Regional polarization in Russia has emerged as a significant area of study in
recent decades, especially considering the country’s complex socio-political land-
scape. Tebekin [11] believes that polarization refers to the growing divergence
between different regions, often in terms of political alignment, economic devel-
opment, and social identities. In the context of Russia, regional disparities have
been shaped by historical, economic, and political factors. Altunina [12] suggest-
ed that the legacy of Soviet centralization and its dissolution created a landscape
of uneven development, with Moscow and St. Petersburg historically benefiting
from political power and economic resources, while peripheral regions lagged.

Taymaz [13] has documented how Russia’s vast territorial expanse has given
rise to distinct regional identities, often influenced by local economic conditions,
ethnic compositions, and varying degrees of state control. For example, the north-
ern regions like Siberia and the Far East have struggled with population decline
and economic stagnation, while the southern Caucasus and Volga regions have
seen political instability due to ethnic and nationalistic movements. Additionally,
the rise of regional elites has often further exacerbated these disparities, with local
leaders seeking to consolidate power and influence at the expense of national unity.

Polarization in Russia is not merely an economic or political phenomenon
but also a cultural one. Gluschenko [14] highlights how cultural and social norms
vary widely between regions, influencing public opinion and political preferences.
For instance, urban centers like Moscow tend to exhibit more liberal values, while
rural and remote regions may retain more conservative or traditional ideologies.
This dichotomy has played a key role in shaping regional voting behavior, con-
tributing to an overall sense of division within the Russian Federation.

2.2. Machine Learning in Social Science Research

The study of regional polarization has traditionally been dominated by econo-
metric and statistical methods. Foundational approaches, such as the use of the
Lorenz curve and Gini coefficient for measuring income inequality [15], have pro-
vided valuable high-level insights but often fail to capture the nuanced, non-lin-
ear, and spatial complexities inherent in regional data. While regression analysis
and Geographic information system (GIS) tools have been combined to map dis-
parities [16], these linear models are limited in their ability to identify latent pat-
terns and complex interactions within large, multidimensional datasets.

In recent years, machine learning (ML) has emerged as a powerful paradigm
to overcome these limitations. Unlike traditional methods that often test pre-de-
fined hypotheses, ML is adept at uncovering hidden structures and non-linear re-
lationships directly from the data. This is particularly valuable for polarization
research, where the drivers are often complex and interlinked. As noted by Amiri
et al. [17], the full potential of these advanced algorithms in this field remains
underexplored.
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Two families of ML techniques have shown significant promise in econom-
ic and social research:

1) Clustering Algorithms (e. g., k-means, hierarchical clustering) are used to
group regions based on shared socio-economic characteristics, moving be-
yond simple geographical proximity to identify “convergence clubs” or
polarized clusters. For instance, Bergal [18] demonstrated the efficacy of
k-means in categorizing regions for targeted policymaking.

2) Dimensionality Reduction Techniques (e.g., PCA, t-SNE) simplify com-
plex datasets by distilling numerous indicators into a manageable set of
core components, thereby clarifying the fundamental axes of disparity, as
exemplified by Rogot’s [19] application of PCA.

The power of this ML-driven approach is demonstrated by several interna-
tional case studies. Research on Ukraine by Ageyev et al. [20] effectively com-
bined Ward’s method, k-means, and factor analysis to reveal a stable two-cluster
structure of regional development that persisted for nearly a decade, a deep polar-
ization that traditional B-convergence models averaged out. Similarly, studies on
the United States have used ML to decode the socio-political drivers of polariza-
tion. Viale & Binns [21] identified key factors in rural-urban voting divides, while
Terlizzi & Cohen [22] and Oberlander [23] highlighted how divergence in social
policy (e. g., Medicaid expansion) creates self-reinforcing cycles of inequality in
access to healthcare and other key resources.

Even in contexts of overall convergence, such as within the European Union,
ML analyses have revealed a more complex reality. Studies by Giannini &
Martini [24] and Lang [25] confirmed a trend of absolute convergence at the
macro level. However, by applying advanced techniques like the XGBoost al-
gorithm, Lang [25] was able to model non-linearities and spatial dependencies,
showing that this convergence was driven by investments in human and phys-
ical capital and did not result in fixed “clubs”, but rather a dynamic core-pe-
riphery structure.

These international examples underscore a critical insight: regional polariza-
tion is a multidimensional phenomenon driven by a confluence of economic, so-
cial, and infrastructural factors. They also collectively demonstrate that machine
learning is uniquely capable of detecting the latent patterns and structural drivers
that traditional econometric approaches often miss.

2.3. Gap in Literature and Contribution of the Study

While there is a growing body of research on regional polarization in Russia
and the use of machine learning in political science, there remains a significant
gap in studies that combine these two areas in the context of Russia. Previous
studies have largely focused on either identifying the socio-political divides or
employing traditional methods like regression analysis to understand these pat-
terns. Few have applied advanced machine learning techniques to systematically
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identify and map regional polarization in Russia using a wide range of social, eco-
nomic, and political indicators.

This study aims to fill this gap by employing a machine learning approach to
analyze regional polarization in Russia. By using clustering algorithms and super-
vised learning techniques, the research will identify latent patterns of polarization
across Russia’s regions, accounting for a variety of factors, including demographic
variables, economic disparities, political affiliations, and cultural divisions. The use
of machine learning allows for a more nuanced understanding of how these factors
interact and contribute to the regional divides, enabling policymakers and researchers
to better understand the underlying forces shaping Russia’s socio-political landscape.

3. Materials and Methods

This study is based on the use of approaches from the theory of dynamical
systems and machine learning. The region’s state (determined per year) is charac-
terized by the value of numerous socio-economic indicators: gross regional prod-
uct (x,), unemployment rate (x,), Gini index (x,), poverty rate (x,), hospitals num-
ber (x,), vehicles available (x,), population size (x,), and migration trends (x,).

The eight-dimensional vector of the region’s state (X, X,, ..., Xg) can be pro-
jected onto one- and two-dimensional spaces. The set of states of all regions over
the entire study period can be divided into several subsets (classes, clusters), in
each of which the vectors of states will be closest to each other. All states are con-
sidered independent (the “ergodic hypothesis”).

The transition of a region from one cluster to another means that there is a pro-
cess of divergence with the remaining regions of the first cluster and a process of
convergence with the regions of the second cluster.

This study includes the following steps: (1) Data preparation; (2) Determining the
optimal number of clusters in the state space; (3) Classification of the states of regions
in eight-dimensional spaces; and (4) Predictive modeling for future polarization trends.

To carry out the necessary calculations, the following application software
packages (libraries) were used — Pandas' (for data analysis), NumPy? (for math-
ematical operations on multidimensional data arrays performance), Sklearn® (for
machine learning), and others.

3.1. Data Collection, Integration and Preparation

This study utilizes panel data from 85 regions across 2018-2024, covering
key socio-economic indicators as showcased by Figure 1. Data is compiled ac-
cording to statistical reports from the Federal state of statistics®.

! Pandas. Data analysis tool. URL: https://pandas.pydata.org/ (Date of access: February, 2025)

2 NumPy. The fundamental package for scientific computing with Python. URL: https://
numpy.org/ (Date of access: February, 2025)

3 Scikit-learn. Efficient tools for predictive data analysis. URL: https://scikit-learn.org/sta-
ble/index.html (Date of access: February, 2025)

* Federal State Statistics Service. URL: https://rosstat.gov.ru/ (Date of access: February 2025)
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Figure 1. Regional Socioeconomic indicators

Source: compiled by the authors

To analyze the multi-year dataset, we first consolidated all annual files into
a single structured dataset in long format, appending a ‘Year’ column during the
merging process while standardizing variable names to account for administra-
tive changes over time. Missing values were addressed through linear interpola-
tion to ensure data continuity.

To capture polarization dynamics, we derived two sets of features: (1) growth
rates, including annualized changes in Gini coefficients and GRP, and (2) volatil-
ity measures calculated as the standard deviation of unemployment and poverty
rates over time [26]. This approach enables systematic tracking of economic dis-
parities and stability patterns across the study period. Figure 2 depicts socioeco-
nomic trends observed in Russia over the years.

An analysis of Russia’s socio-economic indicators for the period from 2018
to 2023 identifies key trends that explain changes in regional polarization and
point to their causes. The increase in unemployment in 2020 was caused by the
COVID-19 pandemic, which led to massive job cuts and business shutdowns, but
the subsequent decline in unemployment is due to economic recovery and gov-
ernment support measures. The poverty rate began to decrease after 2021 due to
economic growth, social programs and an increase in household incomes, which
contributed to an improvement in living conditions in the regions. Nevertheless,
the Gini coefficient remains high, indicating persistent income inequality, wid-
ening the gap between rich and poor regions. The increase in the income level of
the population, although it helps to reduce poverty, at the same time highlights
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Figure 2. Socioeconomic trends in Russia

Source: compiled by the authors

the problem of uneven distribution of wealth. The increase in population outflow
observed since 2020 is associated with economic instability, the search for better
living conditions, and socio-political factors, which increases polarization as less
developed regions lose their workforce.

According to machine learning best practices, it is better to normalize data be-
fore training the model [27]. To do so, we use the function StandardScaler from
sklearn, which is mathematically defined as:

X-X
X ==
scaled G(X) b (1)

where X — the original feature, X — the mean of X, G(X ) — the standard de-
viation of X, and Xscaled — the scaled feature.

3.2. Optimal Cluster Determination
When clustering data, it is necessary to specify in advance the number of clus-
ters into which the initial data set will be divided. This can be done using an expert
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method or by comparing classification results for different numbers of specified
clusters. In this paper, we use the elbow and silhouette methods to determine the
optimal number of clusters (Figure 3).

3.2.1 Elbow Method

Thorndike [28] proposed the elbow method. The essence of this method is to
classify the source data for a different number of clusters £, for example, from 2
to 8. For each value of £, the sum of error squares is calculated and a graph of the
sum of error squares versus the number of clusters is displayed. If we represent
such a graph in the form of an arm, then the point where the curve of the graph
most resembles the bend of the elbow will give us the best value of .

In other words, it is necessary to determine the smallest number of clusters
in which the sum of error squares remains small. This error is calculated by the
formula:

2
°

wess (k)= v,

i=1 xeC;

2)

where C,— cluster 7, 1, — centroid of C; ||x — u,.” — Euclidean distance from
point x to its centroid.

The interpretation of this method is the following — as the number of clus-
ter k increases, WCSS decreases. The optimal & is where the rate of decrease sharp-

ly slows (the “elbow”).

3.2.2. Silhouette Score

The Silhouette Score measures how well each data point fits its assigned clus-
ter compared to other clusters. It ranges from—1 (worst) to +1 (best). For each da-
ta point i, we must:

1. Calculate the average intra-cluster distance (cohesion):

a(l-):ﬁ > d(i)), 3)

JjeC;, j#i

where C,— cluster containing point i, d(i, j) — distance between points i and j,
|C,.| — number of points in C.
2. Calculate the smallest average inter-cluster distance (separation):

b(i>=r,gig,{|%zd<u>} @

where C,— any other cluster.
3. Compute the Silhouette Coefficient for point i:

o b(i)-ali)
)= e {a(). b () ©)
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4. Calculate the overall Silhouette Score (average across all points):
N

1 .
S v les (i). (6)

The silhouette score can have the following interpretation — if S ~ L, then we
can conclude that data points are well-clustered (points are close to their cluster
and far from others), if S = 0, then we have overlapping clusters, if S ~—1, then
data points are misclassified.

The determination of the optimal number of clusters is presented in Figure 3.
Based on this figure we can conclude that it’s better to classify our regions into
four groups.

3.3. Clustering Method (k-means)

Among the various clustering algorithms, the K-means method is one of the
most widely adopted due to its simplicity, computational efficiency, and scalabil-
ity. The algorithm operates by iteratively assigning data points to the nearest clus-
ter centroid and updating the centroids based on the current cluster assignments,
with the objective of minimizing the within-cluster variance [29].

The K-means algorithm begins by selecting an initial set of centroids, typi-
cally either randomly or through a more sophisticated initialization method such
as K-means++, which helps improve convergence by spreading the initial cen-
troids aPart [30]. Once the centroids are initialized, the algorithm proceeds in an
iterative manner, alternating between two key steps: assignment and update. In
the assignment step, each data point is assigned to the nearest centroid based on
Euclidean distance, effectively forming clusters [31]. Subsequently, in the update
step, the centroids are recalculated as the “mean” of all points within their re-
spective clusters. This process continues until a stopping criterion is met, such as
minimal changes in centroid positions or a predefined number of iterations [32].

Elbow Method Silhouette Method
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Figure 3. Optimal number of clusters determination

Source: compiled by the authors
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A significant advantage of the K-means method lies in its computational ef-
ficiency, making it particularly suitable for large datasets. The algorithm’s time
complexity is linear with respect to the number of data points, dimensions, and it-
erations, ensuring scalability. Additionally, its straightforward implementation and
interpretability contribute to its widespread use in practical applications. However,
the method is not without limitations. One notable drawback is its sensitivity to the
initial placement of centroids, which can lead to suboptimal clustering solutions.

Another limitation of K-means is the requirement to predefine the number of
clusters, K, which may not always be known in advance. Heuristic approaches,
such as the Elbow method or Silhouette analysis, are often employed to estimate
an appropriate value for K. Furthermore, the algorithm assumes that clusters are
spherical and equally sized, which may not hold true for datasets with irregular or
non-convex cluster shapes. Additionally, K-means is sensitive to outliers, as the
mean-based centroid computation can be heavily influenced by extreme values.

Despite these limitations, K-means remains a foundational tool in unsuper-
vised learning with diverse applications. It is commonly used in customer segmen-
tation to group users with similar purchasing behaviors, in image compression for
reducing color space by clustering pixel intensities, and in document clustering to
organize textual data into thematic categories. Variants of the algorithm, such as
Fuzzy C-means and Mini-Batch K-means, have been developed to address specif-
ic challenges, including soft clustering and large-scale data processing. Figure 4
depicts the steps to follow when implementing the k-means method.

(Elbow Method) (K-means clustering)
@ Initialization of a —»| Initialization of centroid |<—
range of candidate s
k values . .
Position the object on the data
Dataset ‘ to the nearest cluster using
Calculate the result of WCSS from Euclidean distance
each value of k as in Eq. 2 v
Data Normalization ¢ Grouping based on
; minimum distance
using Eq. 1 Calculate the difference between the
‘ results of WCSS from each value of k

Normalized - ¢
Dataset Choose the value of k that has the largest

difference in the results of WCSS

v

k-optimal value

Solutions of
k-means
clustering

Figure 4. K-means clustering with optimal k selection. Q represents
the criteria whether objects are still switching clusters

Source: compiled by the authors
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3.4. Predictive Modeling for Future Polarization Trends

To predict future regional polarization trends, we employ two advanced en-
semble learning techniques: Random Forest (RF) and eXtreme Gradient Boosting
(XGBoost). Both methods leverage multiple decision trees to enhance predictive
accuracy while mitigating overfitting.

3.4.1. Random forest (RF) Model

Random Forest is a bagging (bootstrap aggregating) method that constructs nu-
merous decision trees during training and outputs the mean prediction (for regres-
sion) of individual trees [33]. The model introduces randomness by: (1) Bootstrap
sampling. Each tree is trained on a random subset of the data D , sampled with re-
placement from the original dataset D; (2) Feature randomness. At each split, on-
ly a random subset of features m (where m < p with p being the total features) is
considered, reducing correlation among trees.

The prediction for a new input x is given by:

y=—2T,(x), (7)

where B is the number of trees and 7,(x) is the prediction of the b” tree.

1. XGBoost Model

XGBoost — is a gradient boosting framework that optimizes a differentia-
ble loss function by iteratively adding weak learners [34]. Unlike RF, XGBoost
builds trees sequentially, where each new tree corrects errors from previous ones.
The objective function consists of:

L(0)=Y1(3.5)+ 2% ®)

K
i=1 k=1
where l(yi,fl) is the loss function (e.g., squared error for regression),

1
Q( fk) =yT +Ek||w||2 is the regularization term (penalizing tree complexity),

T is the number of leaves, and w is the leaf weights.
At each iteration ¢, the model adds a new tree f, to minimize [35]:

n

10~ 3 e (5)+ 307 (5) [+ 0(1), ®

i=1
where g, =0 ./ ( Vi, )7'_1) and h = 5;,,11 ( Vi, )7'_1) are the first and second-order

gradients of the loss function.
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2. Model evaluation metric — Mean Squared Error (MSE)

The performance of both models is evaluated using Mean Squared Error
(MSE), which measures the average squared difference between predicted ( )7,)
and actual () polarization values:

MSE=23"(3,-3,). (10)

n g

Lower MSE values indicate better predictive accuracy. By comparing the

MSE of RF and XGBoost, we determine which model better captures regional

polarization dynamics for future trend forecasting [36, 37]. These methods pro-

vide robust, interpretable, and high-performance solutions for analyzing complex

socio-political trends, enabling policymakers to anticipate and mitigate rising po-
larization [20, 38—40].

4. Results

The application of the elbow method and subsequent validation using the
Fisher criterion indicated that the optimal number of clusters for the Russian re-
gions is four (k =4). The sharp decrease in the total within-cluster sum of squares
when moving from & = 3 to k = 4, followed by a plateau for k£ > 4, confirms this
choice (Figure 3). The resulting clustering of regions is presented in Table 1, and
the characteristic socio-economic profiles of each cluster are visualized in Figure 5.

Cluster 0 comprises predominantly remote republics and autonomous okrugs
(e.g., Altai Republic, Chukotka, Yamalo-Nenets). Cluster 1 includes the most devel-
oped economic centers, such as Moscow, St. Petersburg, and resource-rich regions
like Khanty-Mansi Autonomous Okrug. Cluster 2 represents a middle-tier group
with a mix of moderately developed industrial regions and struggling territories
from Siberia and the North Caucasus. Cluster 3 is dominated by the least developed
regions, particularly in the North Caucasus (e. g., Chechnya, Ingushetia, Dagestan).

Table 1. Clustering of regions according to the level of socio-economic
development, considering regional polarization

Cluster Regions

0 Altai Republic, Chechen Republic, Chukotka Autonomous Okrug, Kabardino-
Balkarian Republic, Karachay-Cherkess Republic, Nenets Autonomous Okrug,
Republic of Buryatia, Republic of Crimea, Republic of Ingushetia, Republic

of North Ossetia—Alania, Sakhalin Oblast, Tuva Republic, Yamalo-Nenets
Autonomous Okrug, Zabaykalsky Krai

1 Altai Krai, Amur Oblast, Arkhangelsk Oblast (excluding autonomous okrug),
Astrakhan Oblast, Belgorod Oblast, Bryansk Oblast, Chelyabinsk Oblast, Chukotka
Autonomous Okrug, Chuvash Republic, Irkutsk Oblast, Ivanovo Oblast, Jewish
Autonomous Oblast, Kaliningrad Oblast, Kaluga Oblast, Kamchatka Krai,
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Continuation of table 1

Cluster

Regions

1

Kemerovo Oblast— Kuzbass, Khabarovsk Krai, Khanty-Mansi Autonomous Okrug,
Kirov Oblast, Komi Republic, Kostroma Oblast, Krasnodar Krai, Krasnoyarsk Krai,
Kurgan Oblast, Kursk Oblast, Leningrad Oblast, Lipetsk Oblast, Magadan Oblast,
Mari El Republic, Moscow, Moscow Oblast, Murmansk Oblast, Nenets Autonomous
Okrug, Nizhny Novgorod Oblast, Novgorod Oblast, Novosibirsk Oblast, Omsk
Oblast, Orenburg Oblast, Oryol Oblast, Penza Oblast, Perm Krai, Primorsky

Krai, Pskov Oblast, Republic of Adygea, Republic of Bashkortostan, Republic

of Dagestan, Republic of Kalmykia, Republic of Karelia, Republic of Khakassia,
Republic of Mordovia, Republic of Tatarstan, Rostov Oblast, Ryazan Oblast, Saint
Petersburg, Sakhalin Oblast, Samara Oblast, Saratov Oblast, Sevastopol, Smolensk
Oblast, Stavropol Krai, Sverdlovsk Oblast, Tambov Oblast, Tomsk Oblast, Tula
Oblast, Tver Oblast, Tyumen Oblast (excluding autonomous okrugs), Udmurt
Republic, Ulyanovsk Oblast, Vladimir Oblast, Volgograd Oblast, Vologda Oblast,
Voronezh Oblast, Yamalo-Nenets Autonomous Okrug, Yaroslavl Oblast

Altai Krai, Altai Republic, Amur Oblast, Arkhangelsk Oblast (excluding
autonomous okrug), Astrakhan Oblast, Belgorod Oblast, Bryansk Oblast, Chechen
Republic, Chelyabinsk Oblast, Chuvash Republic, Irkutsk Oblast, Ivanovo Oblast,
Jewish Autonomous Oblast, Kabardino-Balkarian Republic, Kaliningrad Oblast,
Kaluga Oblast, Kamchatka Krai, Karachay-Cherkess Republic, Kemerovo Oblast —
Kuzbass, Khabarovsk Krai, Khanty-Mansi Autonomous Okrug, Kirov Oblast,
Komi Republic, Kostroma Oblast, Krasnodar Krai, Krasnoyarsk Krai, Kurgan
Oblast, Leningrad Oblast, Lipetsk Oblast, Magadan Oblast, Mari El Republic,
Moscow, Moscow Oblast, Murmansk Oblast, Nizhny Novgorod Oblast, Novgorod
Oblast, Novosibirsk Oblast, Omsk Oblast, Orenburg Oblast, Oryol Oblast, Penza
Oblast, Perm Krai, Primorsky Krai, Pskov Oblast, Republic of Adygea, Republic

of Bashkortostan, Republic of Buryatia, Republic of Crimea, Republic of Dagestan,
Republic of Ingushetia, Republic of Kalmykia, Republic of Karelia, Republic of
Khakassia, Republic of Mordovia, Republic of North Ossetia—Alania, Republic

of Tatarstan, Rostov Oblast, Ryazan Oblast, Saint Petersburg, Sakha Republic
(Yakutia), Samara Oblast, Saratov Oblast, Sevastopol, Smolensk Oblast, Stavropol
Krai, Sverdlovsk Oblast, Tambov Oblast, Tomsk Oblast, Tula Oblast, Tuva Republic,
Tver Oblast, Tyumen Oblast (excluding autonomous okrugs), Udmurt Republic,
Ulyanovsk Oblast, Vladimir Oblast, Volgograd Oblast, Vologda Oblast, Voronezh
Oblast, Yaroslavl Oblast, Zabaykalsky Krai

Altai Krai, Altai Republic, Amur Oblast, Arkhangelsk Oblast (excluding
autonomous okrug), Astrakhan Oblast, Belgorod Oblast, Bryansk Oblast, Chechen
Republic, Chelyabinsk Oblast, Chuvash Republic, Irkutsk Oblast, Ivanovo

Oblast, Jewish Autonomous Oblast, Kabardino-Balkarian Republic, Kaliningrad
Oblast, Kaluga Oblast, Kamchatka Krai, Karachay-Cherkess Republic, Kemerovo
Oblast — Kuzbass, Khabarovsk Krai, Khanty-Mansi Autonomous Okrug, Kirov
Oblast, Komi Republic, Kostroma Oblast, Krasnodar Krai, Krasnoyarsk Krai,
Kurgan Oblast, Kursk Oblast, Leningrad Oblast, Lipetsk Oblast, Mari El Republic,
Moscow, Moscow Oblast, Murmansk Oblast, Nizhny Novgorod Oblast, Novgorod
Oblast, Novosibirsk Oblast, Omsk Oblast, Orenburg Oblast, Oryol Oblast, Penza
Oblast, Perm Krai, Primorsky Krai, Pskov Oblast, Republic of Adygea, Republic of
Bashkortostan, Republic of Buryatia, Republic of Crimea, Republic of Dagestan,
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End of table 1

Cluster Regions

3 Republic of Ingushetia, Republic of Kalmykia, Republic of Karelia, Republic of
Khakassia, Republic of Mordovia, Republic of North Ossetia—Alania, Republic

of Tatarstan, Rostov Oblast, Ryazan Oblast, Saint Petersburg, Sakha Republic
(Yakutia), Samara Oblast, Saratov Oblast, Sevastopol, Smolensk Oblast, Stavropol
Krai, Sverdlovsk Oblast, Tambov Oblast, Tomsk Oblast, Tula Oblast, Tuva Republic,
Tver Oblast, Tyumen Oblast (excluding autonomous okrugs), Udmurt Republic,
Ulyanovsk Oblast, Vladimir Oblast, Volgograd Oblast, Vologda Oblast, Voronezh
Oblast, Yaroslavl Oblast, Zabaykalsky Krai

Source: compiled by the authors.

The analysis of cluster characteristics (Figure 5) reveals stark contrasts. Cluster
0 has the highest GRP per capita (4,086,395 rubles) but suffers from high ine-
quality (Gini 0.39), unemployment (8.83 %), and severe outmigration (—24.48).
Conversely, Cluster 1 exhibits balanced development with low unemployment
(3.96 %) and poverty (11.26 %), and high infrastructure development. Cluster 2
shows average economic indicators but the highest poverty rate (14.80 %), while
Cluster 3 is distinctive for its positive net migration (+10.15) coupled with weak
economic performance and high reliance on federal subsidies.

Average Feature Values by Cluster 126
4.0
Gini 0.39 0.37 0.37 0.37
3.5
GRP_per_capita 4086395.42 830106.53 584502.96 673103.38
3.0
Hospitals_per_10k 2.35 1.82 1.57 156
2.5
Automaobile 233.84 342.62 305.86 319.86
- 2.0
Migration -24.48 -25.24 -18.69 10.15
15
Poverty Rate 13.33 11.26 14.80 12.59
- 1.0
Unemployment_Rate 8.83 3.96 6.86 5.78
0.5
Stability_score 100 1.03 0.95 1.00
-0.0
0 1 2 3

cluster
Figure 5. Clusters characteristics

Source: compiled by the authors
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To understand the dynamics of polarization, we analyzed cluster transitions
between 2019 and 2023 (Figure 6). The transition matrix and the visualization of
regional trajectories (Figure 7) indicate fluid movement between clusters, with
some regions demonstrating convergent (catch-up) paths and others following di-
vergent (falling-behind) trajectories.

For predictive analysis, we employed Random Forest and XGBoost algorithms.
The Random Forest model demonstrated superior performance with a lower Mean
Squared Error (MSE = 0.132) compared to XGBoost (MSE = 0.146), confirming
its robustness for this type of socio-economic data.

S. Discussion

This study set out to map and forecast the complex landscape of regional po-
larization in Russia. Our findings not only provide a detailed snapshot of region-
al disparities but also offer insights into the underlying dynamics and drivers. The
results largely confirm our initial hypotheses and align with, yet also complicate,
existing literature on regional science.

Cluster Transition Matrix (2019 to 2023)

- 50
o 3 1 0 0
- 40
= 0 0 2
2 - 30
o
™
@
4
-
Q = 0 3 11 0 -20
- 10
i 0 3 0 11
-0
0 1 2 3

Cluster 2023

Figure 6. Cluster transition matrix

Source: compiled by the authors
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5.1. Interpretation of Findings and Hypothesis Verification

H1: The Multidimensional Nature of Polarization. Our hypothesis that
polarization is driven by social and infrastructural factors alongside econom-
ic ones is strongly supported. The distinct profiles of the four clusters cannot
be explained by GRP alone. For instance, Cluster 0 exemplifies the “resource
curse,” where extreme economic wealth coexists with severe social challenges
like high inequality, outmigration, and relatively poor infrastructure (as seen
in low automobile ownership). This aligns with studies by Ahrend [41] and
Maximova [42], who noted similar disconnects between resource wealth and
human development in Russian regions. Conversely, Cluster 3’s positive mi-
gration is a social phenomenon not reflected in its weak economic indicators,
suggesting that factors like ethnic homogeneity, cultural ties, or public sec-
tor employment drive demographic trends independently of economic perfor-
mance. This finding supports the conclusion made by Sitkevich [43], who ar-
gued that non-economic factors are crucial for understanding demographic
dynamics in the North Caucasus.

H?2: The Coexistence of Convergence and Divergence. The analysis of clus-
ter transitions (Figures 5 and 6) provides clear evidence for H2. We observe si-
multaneous processes of convergence and divergence. The movement of some
regions from lower-tier clusters (e. g., Cluster 3) to more developed ones (e. g.,
Cluster 2) signals catch-up growth, potentially driven by targeted federal invest-
ment or local policy improvements. However, the stability of the core-periphery
divides with Clusters 0 and 1 remaining largely distinct highlights persistent di-
vergence. This core-periphery pattern is a classic finding in regional studies [44],
but our results show that the Russian periphery is itself highly differentiated be-
tween a resource-rich, sparsely populated Arctic/Siberian group (Cluster 0) and
a demographically growing but economically stagnant Southern group (Cluster 3).
The trajectories suggest that federal policies have been more successful at foster-
ing convergence among mid-tier regions than at bridging the fundamental gap be-
tween the core and the most challenging peripheries.

H3: The Value of Machine Learning. Our study confirms H3, demonstrating
that ML techniques can uncover nuanced patterns that might be oversimplified by
conventional methods. Traditional regression analysis might identify correlations
between variables, but the clustering approach revealed four distinct, non-line-
ar combinations of these variables. For example, it clearly separated high-GRP/
high-inequality regions (Cluster 0) from moderate-GRP/low-inequality regions
(Cluster 1), a distinction crucial for policy. The predictive power of the Random
Forest model further underscores this value. Its ability to forecast cluster transi-
tions based on a multivariate set of indicators provides a dynamic tool that goes
beyond the static snapshots typically produced by econometric models. This aligns
with a growing body of literature [45, 46] advocating for ML in regional studies
due to its ability to handle complex, interacting variables.
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5.2. Limitations of the Study

While this research provides valuable insights, several limitations should be
acknowledged.

First, the analysis relies on official regional statistics, which can vary in re-
liability and may not fully capture informal economic activities or subjective
well-being.

Second, our clustering is based on data from a specific period (2019-2023),
and the models assume a continuation of past trends. Structural breaks caused by
major geopolitical events, drastic policy shifts, or economic shocks could alter
these trajectories in ways the model cannot anticipate.

Third, the selection of variables, while comprehensive, is not exhaustive.
Factors such as institutional quality, social capital, or environmental conditions
were not included but could influence polarization.

Finally, while the ML models show good predictive accuracy, they operate as
“black boxes” to some extent. The complex interplay of variables making a region
prone to transition requires further qualitative investigation to be fully understood
and actionable for policymakers.

6. Conclusion

This study has validated a multidimensional and dynamic approach to under-
standing regional polarization in Russia, demonstrating that economic, social, and
infrastructural disparities are deeply intertwined. By employing a suite of machine
learning techniques including k-means clustering, Random Forest, and XGBoost,
we have moved beyond diagnosis to forecast future trends, confirming the effica-
cy of these data-driven methods for analyzing complex socio-economic systems.
The analysis reveals a Russian landscape characterized by stark and persistent di-
vides, organized into four distinct regional clusters.

The theoretical significance of this research lies in its contribution to the meth-
odological framework for studying regional development. It demonstrates the su-
perior capability of machine learning ensemble methods, particularly Random
Forest, over traditional econometric models in capturing the non-linearities and
complex interactions that define regional polarization. By successfully identify-
ing a stable, four-cluster structure of Russia’s regions, this study provides a nov-
el, data-driven typology that challenges simpler core-periphery models and offers
a more nuanced theoretical lens for understanding spatial inequality in resource-
based federal states.

The practical significance of the findings is direct and substantial for policy-
makers. The validated cluster typology provides a rigorous foundation for mov-
ing beyond ineffective one-size-fits-all strategies toward precisely differentiated
regional policies. For instance, the model clarifies that policies for resource-rich
Cluster 0 must focus on transforming resource wealth into sustainable local de-
velopment and reversing outmigration, while strategies for lagging Cluster 3
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must prioritize economic diversification to break the cycle of federal dependency.
Furthermore, the predictive accuracy of the Random Forest model (MSE = 0.132)
offers an actionable tool for proactive governance, allowing authorities to iden-
tify regions at risk of further divergence and allocate resources with greater effi-
ciency and foresight.
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YOK 3321

BbisBneHve 3aKOHOMEpHOCTEN perMoHabHOM
nonspusauum B Poccun: nogxop MalmMHHOro oby4yeHuns

. M. Banynzy © <, A. B. Pozanosa © , K. A. Anopeesa >,
A. B. Conoo '® , IO. Usnp
Vpanvckuil pedepanvrviil ynusepcumem
umenu nepeozo Ilpezudenma Poccuu b. H. Envyuna,

2. Examepunbype, Poccus
D4 danielbal03db@gmail.com

AHHOMAyus. ViccnegoBaHWe permoHanbHoOM NONSpU3aLMnM KPUTUYECKM aKTYalbHO
onsa Poccum, Tak Kak ApKo BblpaXKeHHbIE COLMaNbHO-3KOHOMUYECKME AMCNPONopL N
yrpoXatoT HaLMOHaTbHOW SKOHOMUYECKOW CTabrNbHOCTH, COLMaNbHOM CNI0YEHHOCTH
M CTPaTErMyecKom Lenn TEXHONOrMYeCKoro cysepennTeTa. 3T gucbanaHcbl npensT-
CTBYIOT 3P dEeKTMBHOMY pacrnpedeneHmnio peCypcoB 1 CO343H0T YA3BUMOCTH B YCOBU-
Ax rnobanbHOM NepecTporikv. B oaHHOM nccnegoBaHWm aHaNM3MPYKTCS 38KOHOMep-
HOCTW 1 ABW>KYLLME CUMbl PErMOHaNbHOM NONSpU3aLmm B Poccum € MCMOIb30BaHNEM
MaLUMHHOM0 0B6Y4YeHns ON8 MOAENMPOBaHMS CIOXHOI0 B3aMMOLENCTBUSA 3KOHOMMYE-
CKUX M HE3KOHOMUYECKMX (DaKTOPOB. B 0CHOBE MCCNEA0BaHMS NEXAT TPY TMNOTE3bl:
NonApM3aums 06ycnosieHa MHOrOMepHbIMM avcrponopumami (H1); mpouecchl cxoam-
MOCTM 1 OMBEPreHLmm cocyliecTBytoT (H2); a MalumHHoe 0ByyeHmne MoXKeT 3 MeKTUBHO
BbISIBAATb CKPbITble MOASAPU3aLMOHHBbIE CTPYKTYPbI, ynycKaemble 13 BUAY TP3AMLIMOH-
HbiMM MeTofaMu (H3). KnacTepuaaums K-cpefHux onpeaenuna permoHanbHbIe TUMo-
NOrvn, NPV 3TOM ONTUMAaNbHOE KONMYECTBO K/1aCTEePOB Obl/10 MOATBEPXKAEHO METOO,3-
MU «NIOKTS» N «OLEHKa CMNY3Ta». [POrHOCTMYECKasA MOLWHOCTb 1 KNtoYeBble PaKkTopbl
BbINM NPOaHaNM3MPOBaHbI C MCNONb30BaHNEM aHCaMbneBbix MeToa0B, Random Forest
n XGBoost, a Npon3BogMTENbHOCTb OLEHNBANACh N0 CPEAHEKBAAPATUYHOM OLIMBKe
(MSE). PeaynbraTtbl NOATBEPXK AT FNYOOKO NOAAPUS0BaHHBIM NaHALWAMT C YeTbipbMs
Pa3NNYHbBIMK COLMANBbHO-3KOHOMUYECKMMM KNaCcTePaMu: BoraTble pecypcamm PermoHb|,
CTpagatolme 0T HEPaBEHCTBA M OTTOKa; BeAyLume Xabbl, CTaNKMBaOLLMECS C PUCKaMU
Ype3MepHOW LIeHTPanm3aumnm; MHAYCTPUanbHO-arpapHble PErMoHbI C YCToMYMBOM bea-
HOCTbIO; W OTCTatoLme pecnybnnkm, nonasLwme B NOBYLLKY 38BUCUMOCTM OT Cybemami.
AHanna noaTeepaun H2, noka3aB 04HOBPEMEHHbIN AOrOHSIHOLLMIA POCT B 04HMX 061a-
CTAX M YKOPEHMBLUYOCS AMBepreHumio B opyrmnx. Random Forest npogemMoHCTprpoBan
NMPEBOCXOAHYI0 TOYHOCTb NPOrHO3MPOBaHUSA (MSE = 0,132), noateepavs H3 1 onpene-
VB KNoYesble aparsepbl (H1), BbixoagLimMe 3a PaMKM S3KOHOMUYECKMX NOKa3aTenemn.
TeopeTnyecKasa 3Ha4YMMOCTb 33KJ/IH0Y3ETCS B €ro HOBOW, 0CHOBAHHOM Ha AaHHbIX TUMO-
Nornmn permoHoB Poccun, 4To NnogyYepKMBaeT NPEBOCX0ACTBO METOA0B ML-aHCcamMbns
A1 MOAENMPOBaHUS CMOXKHbIX MPOCTP3HCTBEHHbIX HEP3BEHCTB. Ha NpaKTuKe nony-
YeHHble pesynbTaTbl NPeA0CTaBAAT AUPEKTMBHbBIM OPraHaM 0CHOBaHHYLO Ha haKTu-
YEeCKMX AaHHbIX A0POXKHYI KapTy Ana AuddepeHLMPOBaHHbIX PErMOHabHbIX CTPaTe-
FMM Y NPOrHOCTUYECKUIA MHCTPYMEHT A1 YNpeXk Aat0LLEr 0 BMELLATENbCTBa, MMEOLLEro
YKM3HEHHO BaXHOE 3Ha4YeHWe 19 cbanaHCMpPOBaHHOIO HALMOHaIbHOI0 Pa3BUTUS.

Knroyesble cnosa: pernoHanbHad nNnonapum3aumng; MexxpermoHanbHaga ,D,MquJEDEHLLMa—
una; MalMHHOe 06gqume; KﬂaCTeprIlﬁ dHaNM3; NporH03npoBaHMNE BPEMEHHDIX PAAOB.
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