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The educational component of human capital is a key factor in sustainable regional development.
However, the development of regional education policy and forecasting of its territorial potential are
hampered by pronounced spatial heterogeneity and lack of consideration of the structural features of
the educational component of the human capital of the constituent entities of the Russian Federation.
The lack of methodological tools that make it possible to classify regions according to the structure of
the educational component of human capital and predict the development of its types determines the
aim of the study, which is to identify stable clusters of regions according to appropriate indicators to
typify existing structural problems and build a medium-term forecast of the dynamics of the indicators
under consideration for a typical representative of one of the clusters. The scientific novelty of the work
consists in the application of clustering methods to typologize regions according to the educational
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component of human capital and predictive modeling of the development of a typical representative of
a cluster. Clustering was performed using two methods: k-means and hierarchical (Ward’s method),
followed by checking the consistency of the results using the adjusted Rand index (ARI). The cluster
analysis revealed five homogeneous groups of subjects of the Russian Federation with different
structures of the educational component of human capital: the country’s educational centers, regions
with a predominance of higher, secondary vocational and general education, as well as regions with a
shortage of vocational education. For a typical representative of the third cluster (Republic of Udmurtia),
forecasts of six indicators up to 2030 have been made with high accuracy (the average relative error
is < 5.3%). We have been established that the region is expected to increase the specialization of mid-
level personnel training (an increase in the proportion of students in secondary vocational education
institutions to 38.9%). For further research, it is proposed to include indicators characterizing the
effectiveness of educational systems within the selected clusters, and to analyze the inter-cluster
dynamics of the educational component of human capital to form differentiated recommendations for
regional educational policy.

Human capital, educational component, regional clustering, forecasting, autoregressive models, Republic

of Udmurtia.

Introduction

The rational use of resources, ensured
by competent regional governance, makes it
possible to achieve the goals and objectives of
a territory’s socio-economic development. One
of the most important development resources
is human capital (HC) (Mazelis et al., 2020;
Frolov et al., 2025). In economic theory, human
capital is understood as the body of knowledge,
skills, competencies, and abilities of the
population that can be used to produce goods
and generate economic growth (Lutz, Butz,
2014). It is human capital, or more precisely
its qualitative characteristics, that takes center
stage, determining the innovative potential of
regions.

Within the structure of human capital, the
educational component occupies a special
place. Education serves as the foundation
for its formation, because it is through the
education system that knowledge, skills, and
competencies are transmitted, which in turn
lead to higher labor productivity and economic
growth. Researchers note that education is a
key institution for the reproduction of human
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capital, and investment in it yields long-term
economic and social dividends (Leonidova,
Golovchin, 2019). A high level of education
among the population correlates with higher
innovation activity and greater economic
adaptability to technological change (Supaeva
et al.,, 2024). Quality education expands
opportunities for personal fulfilment, helps
build civil society, and reduces social tension
(Napso, 2022).

Studying the educational component of
human capital is arguably the most significant
factor in the socio-economic development
of territories (Baranova, 2022; Danova,
Sira, 2023). The effects of accumulating the
educational component of human capital are
seen not only in improved macroeconomic
indicators but also in a better quality of life for
the population, making it a priority area for
regional policy.

There are several approaches to measuring
the educational component of human capital.
According to Chinese researchers, the
evolution of measurement methods has moved
from simple indicators (years of schooling) to
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complex composite indicators that account for
education quality (Tang et al., 2025). In global
practice!, certain approaches to measuring the
educational component of human capital have
been established, using the following types of
indicators:

1) stock indicators, which measure the
accumulated educational potential of the
population: average vyears of schooling,
distribution of the population by education
level, etc.;

2) flow indicators, which reflect current
investments in human capital and the scale of
training: enrollment rates, number of students
and teachers per capita, etc. (these indicators
form the information base of this study, as
they allow for an assessment of the current
reproduction of human capital across regions);

3) quality indicators, which capture learning
outcomes: cognitive skills, literacy, results of
comparative assessments;

4) composite indicators, which combine
various aspects of the educational component
of human capital (e.g., the World Bank’s Human
Capital Index?includes an education component
measured as the product of expected years of
schooling and standardized test scores).

Given the significant spatial heterogeneity
of the Russian Federation — characterized by
differences in socio-economic development,
demographic  structure, and historically
established regional specializations - a
differentiated approach to analyzing the
educational component of human capital is
necessary. Averaging indicators at the national
level conceals substantial interregional
disparities and makes it impossible to formulate
effective policy decisions. Therefore, research
that not only assesses the current state of the

educational component of human capital but
also predicts its dynamics while accounting for
regional specificities is highly relevant.

When studying spatial differentiation,
it is important to identify broad, relatively
homogeneous groups of regions - clusters.
This approach is widely used by both Russian
and international researchers to overcome
the limitations of aggregate regional analysis
(Dobrokhleb, Kondakova, 2022; Korir, 2024).
Clustering makes it possible to pinpoint
problem areas and subsequently design
targeted policies to enhance regional human
capital (Murgante et al., 2025). Despite the
widespread use of clustering methods in
regional analysis (Leonidova et al., 2022; Ketova
et al., 2021), approaches specifically focused on
the educational component of human capital
remain significantly limited. Existing studies
tend to focus either on integral assessments of
the socio-economic situation of regions, where
education is only one of many factors, or on
analyzing isolated statistical indicators without
identifying stable structural relationships
among them. This approach fails to fully
account for the inertial nature of educational
systems and their role in shaping long-term
development trajectories of territories.

Beyond territorial analysis, it is also necessary
to assess the situation within homogeneous
groups and to build scientifically grounded
forecasts of human capital dynamics (Jagodka,
2025). Regression and autoregressive models
(Vavilova, 2023), as well as various machine
learning methods - including clustering
algorithms — remain the most widely used tools
in econometric modelling, often applied to
simulate complex, structured processes (Kitova
etal.,2020). This suggests the promise of a hybrid

! Mind the Learning Gap: A Methodological Look into World Bank’s New Human Capital Index. NORRAG. 2018.
Available at: https://www.norrageducation.org/mind-the-learning-gap-a-methodological-look-into-world-banks-new-

human-capital-index-by-ji-liu/ (accessed: 10.03.2026).

? Human Capital Project. World Bank Group. Available at: https://www.worldbank.org/en/publication/human-

capital (accessed: 10.03.2026).
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approach that leverages the strengths of different
methods: machine learning effectively identifies
stable clusters, while econometrics enables
reliable forecasting. Despite the existence of
these well-developed strands of research, no
studies have yet used clustering of regions based
specifically on the educational component of
human capital as a basis for regional typology
and for constructing predictive models of human
capital development within specific clusters.

The specificity of the educational component
of human capital lies in the fact that it not only
reflects the current state of a region but also
shapes its future potential. Moreover, Russia’s
high spatial differentiation manifests itself
not only in quantitative differences (e.g., the
share of students) but also in structural ones —
namely, the balance between different levels of
education (general, vocational secondary, and
higher education). Existing typologies often
ignore this heterogeneity, grouping regions with
fundamentally different educational strategies
together based on general socio-economic
development levels. Thus, the task of identifying
homogeneous groups of regions according to
the educational component of human capital —
and assessing the stability of this structure over
time — remains unresolved.

The statement of the scientific problem
stems from the contradiction between the
need to account for the structural features of
the educational component of human capital
when designing regional policy, and the lack
of methodological tools that would not only
classify regions according to this characteristic
but also predict the development of the
identified types. This leads to the formulation
of the following scientific hypotheses.

1. Hypothesis of structural heterogeneity:
the constituent entities of the Russian
Federation form stable typological groups that
differ not so much in scale as in the structure
of the educational component of human capital
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(i.e., the balance between different levels of
education and training).

2. Hypothesis of inertia: the identified types
of regions exhibit a high degree of stability over
time, and the dynamics of indicators within
a cluster follow common patterns, making it
possible to construct forecasts for a typical
representative of that cluster.

The aim of the study is to identify stable
clusters of regions based on indicators of the
educational component of human capital, in
order to typify existing structural problems
and to construct a medium-term forecast of the
dynamics of the selected indicators for a typical
representative of one of the resulting clusters —
an average Russian region (Udmurt Republic).

The methodological framework of the
study comprises modern methods of applied
statistics, multivariate data analysis, and
econometrics, including clustering techniques,
regression analysis, and predictive modelling.
The practical significance of the work lies in
creating a tool for typologizing regions and
forecasting the development of the educational
component of human capital in the regions
of the Russian Federation. The results can be
used by governing bodies for evidence-based
planning and the design of differentiated
socio-economic development policies.

Materials and methods

There is a fairly wide set of indicators
that characterize the educational component
of human capital. We propose to consider
six key per-capita indicators, presented in
Table 1. They can be described as indicators
of the development of the education sector
in a region (the share of students, teachers,
etc.). At the same time, they reflect the
current flow of educational services and
serve as proxy variables for investment
in human capital. The indicators (X1-X6)
make it possible to assess both the scale
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Table 1. Indicators used to analyze the educational component of human capital

No. | Indicator code Indicator name Explanation of calculation
Ratio of the number of teachers in organizations
1 X1 Share of school teachers in the population, %o prqwdlng educational programs for.pnmary,
basic, and secondary general education to the
total population
Share of teachers in secondary vocational Ratio of the number of teachers delivering
2 X2 institutions in the population. %o educational programs for secondary vocational
Pop ' education to the total population
Ratio of the number of academic staff in
3 X3 Share of university teaching staff in the organizations providing educational programs
population, %o for bachelor’s, specialist, and master’s degrees to
the total population
Ratio of the number of students enrolled
4 X4 Share of school students in the population, %o in educational programs for primary, basic,
and secondary general education to the total
population
Share of students in secondary vocational Ratio of the number of students enrolled in
5 X5 institutions in the po uIat%on %o secondary vocational education programs to the
pop ' total population
Share of university students in the Ratio of the number of students enrolled in
6 X6 o ulat?/on %o bachelor’s, specialist, and master’s degree
Pop ! programs to the total population
Source: own compilation.

and the structure of current education and
training across regions. All indicators are
standardized by the population size of the
region and expressed in per mille (%o), which
ensures their comparability across regions
with different demographic situations.
However, the assessment of the educational
component of human capital is not exhausted
by the
characteristics,

indicators presented (qualitative

results of independent
assessments, data on additional education and
retraining are also important). The study is
limited by the availability and comparability
of official statistics at the regional level. As the
information base expands (for example, with the
emergence of regular data on education quality

assessment results across Russian regions), the

set of indicators may be supplemented.

The study uses panel data provided by the
Federal State Statistics Service of the Russian
Federation (Rosstat)> and the Ministry of
Education of Russia* for the period 2000-2023,
disaggregated by constituent entity of the
Russian Federation. To describe, summarize,
and visualize the available information,
descriptive statistics were calculated (Vorokova,
Sennikova, 2021): mean, median, mode, range,
variance, standard deviation, skewness, and
kurtosis.

Next, clustering was performed, which
involves partitioning the set of Russian regions
under study into groups (clusters) that are
homogeneous with respect to the indicators of
the educational component of human capital.

3 Regions of Russia. Basic characteristics of the constituent entities of the Russian Federation. Federal State
Statistics Service. Available at: https://rosstat.gov.ru/folder/210/document/13205 (accessed: 25.09.2025).

4 Information on students in grades 1-12. Ministry of Education of the Russian Federation. Available at: https://edu.
gov.ru/activity/statistics/actual_statistical_information (accessed: 25.10.2025).
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Various clustering algorithms exist (Shamray-
Kurbatova et al., 2021;
2025), and their results are highly consistent

da Silva, Soares,

when analyzing data of a similar nature. This
study applies Ward’s method of hierarchical
clustering (Mouronte-Lopez, Savall, 2024), in
which, at each step, the two clusters whose
merger leads to the smallest increase in total
within-cluster variance (the sum of squared
Euclidean distances from points to their cluster
centroid) are combined. The output of the
hierarchical algorithm is a tree-like structure
(dendrogram).

The stability and statistical significance
of the cluster solution are tested using an
empirical rule: a stable grouping should
persist when clustering methods are changed.
The assumption of stability is accepted if the
proportion of agreement between clustering
results exceeds 70%. In addition to this
approach, the Adjusted Rand Index (ARI) is also
used (Dubravskaya, 2020; Struzhko et al., 2018).

Modelling and forecasting of the educational
component indicators for one of the constituent
entities of the Russian Federation is carried
out using an autoregressive model based on
annual data of the human capital educational
component indicators for the period 2000-
2023. The model form is ARIMA (p, d, q), where
p is the autoregressive order, q is the moving
average order, and d is the order of differencing
required to achieve a stationary series. The
use of the ARIMA (p, d, q) model is motivated
by the non-stationarity of time series, which
is characteristic of most socio-economic
indicators (Zou, 2024; Sinu et al., 2024).
The best model specification is selected by
minimizing the corrected Akaike Information
Criterion (AICc).

Forecast quality is evaluated using two
metrics: RMSE (root mean square error) and
MAPE (mean absolute percentage error):
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where n is the number of observations, V, is

100%,  (2)

the actual value, and J; is the predicted value.
These metrics are widely used to assess the
accuracy of predictive modelsin socio-economic
research (Yan, 2024).

The analysis of the initial statistical

dataset, subsequent clustering, modelling,
and forecasting are carried out in the RStudio
using the R

programming language. For visualization of

development environment
the territorial distribution of the educational
component of human capital across Russia
and the clustering results, the Yandex.Maps
JavaScript API web map was used.

Results

During the study, descriptive statistics were
calculated for the indicators of the educational
component of human capital across the
constituent entities of the Russian Federation.
The results are presented in Table 2.

A significant differentiation in the values
of all indicators of the educational component
of human capital across the constituent
entities of the Russian Federation is observed.
This is confirmed by the large range, which
is particularly pronounced for the share of
university students (X6: 70.7%o0), the share of
school students (X4: 124.8%o), and the share
of students in secondary vocational education
(SVE) programs (X5: 27.5%o). High coefficients
of variation indicate substantial differences
in the development of the education sector
between regions. The greatest differences are
observed in the higher education system, as
the corresponding indicators (X3 and X6) have
the highest coefficients of variation (0.6 and
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0.5, respectively). The skewness coefficients for
the share of teachers (X1), university teaching
staff (X3), school students (X4), and university
students (X6) are positive. This means that in
most regions, the values of these indicators
are below the average, with higher values
concentrated in a minority of regions.

Vavilova D.D., Barkhatova E.V. Educational Component of Human Capital: Spatial Differentiation of Russian Regions...

Based on a visual analysis of the dendrogram
obtained using Ward’s method, it was decided
to distinguish five clusters (Fig. 1). To test the
stability of the obtained solution, the k-means
method was also applied: the groupings of
regions using the two methods coincide by
93%, which exceeds the empirical threshold

Table 2. Descriptive statistics of educational component indicators of human capital
by constituent entities of the Russian Federation, 2023, %o

Characteristic X1 X2 X3 X4 X5 X6
Minimum 4.8 0.3 0.0 91.3 1.1 0.0
Maximum 16.0 1.7 3.7 216.1 38.6 70.7
Range 11.2 1.4 3.7 124.8 27.5 70.7
Arithmetic mean 8.2 1.0 1.2 129.0 26.4 241
Median 7.6 1.0 1.1 126.3 26.6 23.0
Mode 7.5 1.0 - - 239 -
Corrected variance 4.7 0.0 0.4 428.5 17.2 131.5
Standard deviation 2.2 0.2 0.6 20.7 4.1 11.5
Coefficient of variation 0.3 0.2 0.6 0.2 0.2 0.5
Skewness 1.8 -0.2 1.7 1.5 -0.8 1.2
Kurtosis 6.7 4.7 8.4 7.1 5.1 7.0
Source: own compilation.

Figure 1. Dendrogram of hierarchical clustering of the constituent entities of the Russian Federation
by indicators of the educational component of human capital, 2023
Source: own compilation.
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of 70%, confirming the stability and statistical
significance of the five identified clusters.
The Adjusted Rand Index (ARI) was 0.782,
also demonstrating strong agreement. Thus,
regions consistently group into the same types
regardless of the algorithm used.

The results of clustering based on the
indicators of the educational component of
human capital are presented in Table 3.

The characteristics of the five typologically
homogeneous groups of constituent entities of
the Russian Federation are presented in Table 4.

Life quality and human potential of territories |

Cluster 1 “Higher Education Leaders”. The
first cluster includes Moscow, Saint Petersburg,
and the Tomsk Region. This group is characterized
by high values of indicators related to higher
education. The share of university students (X6 =
64.1%o) in this cluster is 2.6 times higher than the
national average (24.1%o). The share of university
teaching staff (X3 = 3.6%o) in these regions is
also the highest, exceeding the national average
(1.2%o0) by a factor of three. This identifies these
regions as unique educational hubs that function
as centers for the reproduction and attraction of

Table 3. Clusters of constituent entities of the Russian Federation by indicators of the educational
component of human capital, 2023

Cluster

Constituent entities of the Russian Federation

1 Moscow, Saint Petersburg, Tomsk Region

Republic of Adygea, Republic of Bashkortostan, Belgorod Region, Bryansk Region, Vladimir Region,
Volgograd Region, Voronezh Region, Ivanovo Region, Kaliningrad Region, Kaluga Region, Kirov Region,
Krasnoyarsk Territory, Republic of Crimea, Kursk Region, Lipetsk Region, Republic of Mari El, Republic of
2 Mordovia, Nizhny Novgorod Region, Novosibirsk Region, Oryol Region, Penza Region, Primorye Territory,
Pskov Region, Rostov Region, Ryazan Region, Samara Region, Saratov Region, Sevastopol, Smolensk
Region, Stavropol Territory, Tambov Region, Republic of Tatarstan, Tver Region, Tula Region, Tyumen
Region (without autonomous areas), Ulyanovsk Region

Altai Territory, Amur Region, Arkhangelsk Region (without autonomous area), Astrakhan Region, Republic
of Buryatia, Vologda Region, Trans-Baikal Territory, Irkutsk Region, Republic of Karelia, Kemerovo Region,
Komi Republic, Kostroma Region, Krasnodar Territory, Kurgan Region, Magadan Region, Murmansk

3 Region, Novgorod Region, Omsk Region, Orenburg Region, Perm Territory, Sverdlovsk Region, Republic
of North Ossetia - Alania, Udmurt Republic, Khabarovsk Territory, Republic of Khakassia, Chelyabinsk
Region, Chuvash Republic, Yaroslavl Region

4 Republic of Altai, Republic of Dagestan, Republic of Ingushetia, Republic of Kalmykia, Nenets Autonomous

Area, Republic of Sakha (Yakutia), Republic of Tyva, Chechen Republic

Jewish Autonomous Region, Kabardino Balkarian Republic, Kamchatka Territory, Karachay Cherkess
5 Republic, Leningrad Region, Moscow Region, Sakhalin Region, Khanty Mansi Autonomous Area - Yugra,
Chukotka Autonomous Area, Yamal-Nenets Autonomous Area

Source: own compilation.

Table 4. Average values of educational component indicators in clusters of constituent entities
of the Russian Federation, 2023

Cluster Number of regions in the cluster Average value of indicator in the cluster, %o
X2 X3 X4 X5 X6

1 3 6.4 0.9 3.6 107.1 22.7 64.1
2 36 7.2 1.0 1.3 116.8 253 27.0
3 28 8.0 1.1 1.1 133.9 29.9 22.7
4 8 13.6 1.1 0.8 169.1 28.1 18.0
5 10 83 0.6 0.5 133.7 20.1 10.4

Average for Russia 8.2 1.0 1.2 129.0 26.4 241

Source: own compilation.
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human capital in the sphere of higher education
for the entire country.

Cluster 2 “Regions with an Emphasis
on Higher Education (HE)”. This cluster
includes 36 constituent entities of the Russian
Federation. The key feature of this cluster is
the high share of university teaching staff
(X3 = 1.3%0), which exceeds the national
average, combined with the second-highest
share of university students (X6 = 27.0%o). This
indicates not only a high demand for higher
education but also a comparable development
of the human resources needed to deliver it.
Thus, the regions in the second cluster act as
local hubs for attracting students to higher
education.

Cluster 3 “Regions with an Emphasis on
Secondary Vocational Education (SVE)”. This
cluster comprises 28 constituent entities of
the Russian Federation, including the Udmurt
Republic. The profile of the third cluster is
shaped around secondary vocational education.
Regions in this group have the highest share of
SVE students among all clusters (X5 = 29.9%o).
They also have a high share of school students
(X4 = 133.9%0), exceeding the national average.
Higher education indicators (X3, X6) are
somewhat below the national average. This
cluster consists of regions whose educational
strategy focuses on providing the economy
with mid-level professionals.

Cluster 4 “Regions with a High Share of
General Education”. This cluster includes eight
constituent entities. This group is characterized
by a pronounced demographic specificity,
reflected inthe highest values amongall clusters
for the share of teachers (X1 = 13.6%o0) and the
share of school students (X4 = 169.1%o). At the
same time, the indicators for SVE and HE are at
or below the national average. This points to a
structural imbalance: the educational systems
of these regions experience an increased
burden at the general education level while

| PROBLEMS OF TERRITORY'S DEVELOPMENT +
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the development of subsequent educational
pathways is relatively insufficient.

Cluster 5 “Regions with a Deficit of
Vocational Education”. This cluster includes
10 constituent entities. It unites regions that
have recorded the lowest values for indicators
related to vocational training (X2, X3, X5, X6).
At the same time, general education parameters
(X1, X4) are close to the national average. This
profile indicates a systemic weakness in the SVE
and HE sectors, which creates constraints on the
formation of regional human capital and may
stimulate the out-migration of young people
to regions with more developed educational
infrastructure.

Figure 2 visualizes the results of clustering
the constituent entities of the Russian
Federation according to the indicators of the
educational component of human capital.

The absence in the typology of a cluster
with a balanced ratio of all levels of education
(general, SVE, HE) is, in our view, due to
several reasons arising from the actual regional
differentiation of the Russian Federation.
First, the term “balance” implies the existence
of some optimal ratio of indicators. However,
in the analysis, clusters are formed based on
actually observed statistical structures, not
on normative ideas about what the structure
should be. The k-means and Ward methods
objectively group regions according to the
actual proximity of indicators; we believe that
if balanced regions existed as a stable group,
they would have formed a separate cluster.
Second, the results obtained indicate that in
contemporary Russia, specialization of regions
in specific educational levels is the rule,
whereas balance is the exception. Empirically,
groups with pronounced specialization
emerged. Consequently, the institutional
structure of educational systems in regions has
historically developed under the influence of
economic specialization, demographic factors,
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9 — Kaluga Region
10 — Tula Region
11 —Orel Region
12 — Kursk Region
13 — Belgorod Region
14 — Vologda Region
15 — Yaroslavl Region
16 — Kostroma Region

17 — Ivanovo Region

18 — Vladimir Region

19 — Nizhny Novgorod Region
20 — Ryazan Region

21 — Lipetsk Region

22 — Tambov Region

23 — Republic of Mordovia

24 — Penza Region

4

25— Voronezh Region
26 — Saratov Region
27— Volgograd Region
28 — Rostov Region

29 — Rep. of Kalmykia
30 — Astrakhan Region
31 —Rep. of Crimea

32 — Krasnodar Territory

5

33 — Stavropol Territory
34 — Rep. of Dagestan
35 — Kirov Region

36 — Republic of Mari El
37 — Chuvash Republic
38 — Rep. of Tatarstan
39 — Ulyanovsk Region
40 — Samara Region
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45 — Chelyabinsk Region

46 — Kurgan Region

47 — Tyumen Region (without a.a.)

48 — Republic of North Ossetia — Alania

Figure 2. Visualization of the clustering results of the constituent entities of the Russian Federation
by indicators of the educational component of human capital, 2023
Source: own compilation.

and migration flows, which has led to shifts in
one direction or another (i.e., belonging to a
particular cluster).

The next stage of the research is to forecast
the indicators of the educational component
of human capital for a representative of a
typical cluster. The Udmurt Republic (UR) was
chosen as the object for predictive modelling
for several reasons. First, the third cluster is
one of the largest (28 constituent entities)
and represents an “average cross-section”
of the Russian economy. The values of the
indicators (X1-X6) in the UR are very close
to the centroid of the third cluster, allowing
this region to be considered a typical
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representative of the cluster. Second, the
region’s economy has a pronounced industrial
specialization (defense-industrial complex,
mechanical engineering), making the study of
the dynamics of the educational component
(especially the SVE level) particularly relevant
for understanding the staffing of priority
industries. Choosing a typical representative
makes it possible to extrapolate the identified
patterns to the entire group with a certain
degree of statistical reliability.

For each of the six indicators of the
educational component of human capital in the
UR, the best specification of an autoregressive
model was selected based on minimizing
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the corrected Akaike Information Criterion
(AICc). Using the selected ARIMA model
specifications, forecasts of the dynamics of
the educational component indicators for the
UR were constructed up to 2030. Visualization
of the obtained trajectories, along with 80%
and 95% confidence intervals, is presented in
Figure 3. The MAPE values for the models do
not exceed 5.3%, indicating their predictive

ability and the validity of using them to
construct a medium-term forecast.

Analysis of the forecast values reveals trends
in the development of the region’s education
sector. Of greatest interest is the dynamics of
training indicators for secondary vocational and
higher education, since these largely determine
the Udmurt Republic’s belonging to the third
cluster. In the UR, a steady increase in the share

Figure 3. Forecast of the educational component indicators of human capital for the Udmurt Republic up to 2030

Note: a) share of teachers; b) share of SVE teaching staff; ¢) share of HE teaching staff; d) share of school students;
e) share of SVE students; f) share of HE students

Source: own compilation.
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of SVE students is expected, reaching 38.9%. by
2030 (an increase of 6.2%o0 compared to 2024). At
the same time, the share of university students
will slowly decline from 28.0%. to 27.5%o
over the same period. This trend indicates a
strengthening of the region’s specialization
in training mid-level professionals and,
consequently, a consolidation of its position in
the cluster with an emphasis on SVE. The forecast
confirms that the UR’s typological belonging to
the third cluster will persist and deepen in the
medium term.

The projected increase in the share of
SVE students occurs against a background of
low unemployment. According to data from
early 2026, the actual unemployment rate in
the UR is 0.3%, more than seven times lower
than the national average (2.2%)°. At the
same time, enterprises in the region face
an acute labor shortage, with the number of
open vacancies reaching 12,000°. The most
sought-after specialists are in engineering
and technical fields, as well as skilled trades:
drivers, mechanics, electricians, lathe
operators, and machine operators. Under
these conditions, the projected increase in
mid-level professional training is an adequate
response to the current needs of the regional
economy.

The decline in the share of HE students
forecast for the period up to 2030 is largely
due to demographic factors: over the past five
years, the region’s permanent population has
decreased by 38,000 people, and as of early
2026 stood at 1.427 million’. Consequently,
the observed trend may reflect not only the
region’s structural specialization but also
the out-migration of young people to larger
educational centers.

Life quality and human potential of territories |

Conclusions

The conducted study of  spatial
differentiation of the educational component
of human capital in the regions of Russia has
yielded a number of significant results. The
application of a hybrid approach combining
cluster analysis and econometric modelling
made it possible not only to identify stable
typological groups of regions but also to assess
the development prospects of educational
systems within the identified clusters.

The methodological significance of the
work lies in substantiating the effectiveness
of applying autoregressive models for
medium-term forecasting of educational
component indicators of human capital.
The ARIMA models constructed for the Udmurt
Republic as a typical representative of the third
cluster demonstrated high forecast accuracy
(theaveragerelative error MAPE does not exceed
5.3%). Using the corrected Akaike Information
Criterion in model specification made it
possible to account for the limited length of the
time series and avoid over-parameterization,
which is particularly important when working
with small-sample regional statistical data.

Thehypotheses formulatedinthe introduction
have been confirmed. The hypothesis of structural
heterogeneity is confirmed by the identification
of five stable clusters that differ not in scale but in
the very structure of the educational component
of human capital (i.e., the balance between
different levels of education and training).
The high Adjusted Rand Index (ARI = 0.782)
and the 93% agreement between the results of
two different clustering methods (hierarchical
and k-means) statistically prove that Russian
regions objectively group into types with unique
educational profiles — from educational hubs

5 Actual unemployment rate in Udmurtia amounted to 0.3%. Komsomolskaya Pravda. Izhevsk. 2026. January 12.
Available at: https://www.izh.kp.ru/online/news/6760524/ (accessed: 10.03.2026).
¢ 12,000 vacancies open at Udmurtia’s factories. Gorod Glazov. 2026. January 20. Available at: https://gorodglazov.

com/news/37981 (accessed: 10.03.2026).

7 Steps toward a decent life: How is the economy recovering? Federation of Trade Unions of the Udmurt Republic.
Available at: https://www.fpur.ru/news/ehkonomika/2026-01-19-2885 (accessed: 10.03.2026).
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(Cluster 1) to regions with a deficit of vocational
education (Cluster 5). The hypothesis of inertia
has also been confirmed. First, the ability to
construct accurate forecasts for a typical cluster
representative (the Udmurt Republic) using
ARIMA models (MAPE < 5.3%) indicates the
presence of stable temporal patterns within the
group. Second, the forecast up to 2030 shows
a strengthening of the region’s specialization,
pointing to the preservation and deepening of its
typological belonging to the SVE-oriented cluster.

It can be stated not only that the Udmurt
Republic’s specialization in training mid-level
professionals persists, but also that this trend
can be interpreted as an adaptation of the
regional educational system to the structural
features of the economy and the current
labor market situation. Against the backdrop
of record-low unemployment (0.3%) and an
acute shortage of skilled workers (12,000
vacancies), the projected growth in the SVE
student cohort to 38.9%. by 2030 represents a
response to the labor needs of enterprises in
the defense-industrial complex and mechanical
engineering. At the same time, maintaining
this  development  trajectory  requires
complementary measures to improve the
quality of life and wage levels in the region in
order to retain trained specialists — a necessary
condition for the realization of accumulated
human capital.

The obtained results allow us to formulate
a number of recommendations for regional
policy. First, for regions of the third cluster
(SVE-oriented), of which the Udmurt Republic
is a typical representative, the strategic task is
not simply to increase the share of SVE students,
but to align the training structure with the
current and prospective demand of the regional
economy. Given the acute labor shortages,
for example in the industry of the UR, it is
recommended to strengthen targeted enrolment
and deepen cooperation between colleges and
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city-forming enterprises (defense-industrial
complex, mechanical engineering) to adjust
curricula to production needs.

Second, for regions of the fourth cluster
(with a high share of school students and
teachers), the priority should be not so much
increasing the number of schools as optimizing
the existing infrastructure and investing in
the quality of education to ensure that school
graduates successfully transition to the next
levels of education. This implies developing
career guidance programs and creating
specialized classes (engineering, medical, etc.)
on the basis of existing schools, which would
help compensate for the structural imbalance
without extensive network growth.

Third, for regions of the fifth cluster (with
a deficit of vocational education), measures
for the accelerated development of SVE and
HE institutions are needed. This could be
implemented through the creation of branches
of sought-after universities and colleges, the
development of educational voucher systems
for applicants, and the introduction of regional
allowances for vocational teaching staff. Such
measures would make these territories more
attractive to young people and help prevent
out-migration.

Further prospects
incorporating indicators that characterize the
performance of educational systems (education
quality, alignment of training structures with
regional labor market needs, graduate migration
flows,etc.). Analyzingtheinter-clusterdynamics
of the educational component of human capital
also appears to be a relevant task. Solving
this task would create a scientific basis for
formulating differentiated recommendations to
improve regional educational policy, aimed at

research include

overcoming existing imbalances and enhancing
the contribution of educational potential to
sustainable socio-economic development of
territories.

» ISSUE2 « 2026 97



Life quality and human potential of territories |

REFERENCES

Baranova N.M. (2022). Econometric modeling of some economic indicators characterizing the development
of Russia’s human capital in modern economic conditions. Ekonomicheskii analiz: teoriya i praktika, 21,
6(525), 1069-1089. DOI: 10.24891/ni.15.10.1802 (in Russian).

DaSilva].F.P.,Soares A.P.A. (2025). Exploratory analysis regarding educational indicators, financial resources,
and socioeconomic conditions of Pernambuco: A cluster analysis. Socioeconomic Analytics, 3(1), 189-206
DOI: 10.29327/2565368.3.1-10

Danova M., SiraE. (2023).Educational and innovative elements of human capital and their impact on economic
growth. Ekonomika Regiona=Economy of Regions, 19(1), 111-121. DOI: 10.17059/ekon.reg.2023-1-9

Dobrokhleb V.G., Kondakova N.A. (2022). Typologization and socio-economic aspects of the formation
of demographic aging of the population of Russian regions. Problemy razvitiya territorii=Problems of
Territory’s Development, 26(4), 98—110. DOI: 10.15838/ptd.2022.4.120.7 (in Russian).

Dubravskaya E.I. (2020). Classifications of Russian regions based on the structure of informal employment
and the level of socio-economic development. Statistika i ekonomika, 17(6), 31-43. DOI: 10.21686/2500-
3925-2020-6-31-43 (in Russian).

Frolov A.A., Kholina V.N., Gorbunov V.S. (2025). Human capital and institutions of its development in the
context of technological transformation: The experience of Russia and the EAEU countries. Ekonomicheskie
i sotsial’nye peremeny: fakty, tendentsii, prognoz=Economic and Social Changes: Facts, Trends, Forecast,
18(2), 141-162. DOI: 10.15838/esc.2025.2.98.8 (in Russian).

Jagédka M. (2025). Typification of Polish regions based on human capital and innovativeness: a cluster
analysis approach. Transforming Government: People, Process and Policy, 19(3), 614-637. DOI: 10.1108/
TG-02-2025-0050

Ketova K.V., Kasatkina E.V., Vavilova D.D. (2021). Clustering of regions of the Russian Federation according to
the level of socio-economic development using machine learning methods. Ekonomicheskie i sotsial’nye
peremeny: fakty, tendentsii, prognoz=Economic and Social Changes: Facts, Trends, Forecast, 14(6), 70-85.
DOI: 10.15838/esc.2021.6.78.4 (in Russian).

Kitova 0.V., D’yakonova L.P., Kitov V.A., Savinova V.M. (2020). Application of neural networks for forecasting
socio-economic time series. Russian Economic Bulletin, 3(5), 188-201 (in Russian).

Korir E.K. (2024). Comparative clustering and visualization of socioeconomic and health indicators: A case of
Kenya. Socio-Economic Planning Sciences, 95. DOI: 10.1016/j.seps.2024.101961

Leonidova G.V., Basova E.A., Rassadina M.N. (2022). Cluster analysis of income inequality in Russian
regions. Problemy razvitiya territorii=Problems of Territory’s Development, 26(6), 94—114. DOI: 10.15838/
ptd.2022.6.122.6 (in Russian).

Leonidova G.V., Golovchin M.A. (2019). The national project “Education” and the possibility of its impact
on the development of human capital. Problemy razvitiya territorii=Problems of Territory’s Development,
102(4), 7-25.DOI: 10.15838/ptd.2019.4.102.1 (in Russian).

Lutz W., Butz W.P., KC S. (Eds). (2014). World Population and Human Capital in the Twenty-First Century:
Executive Summary. Laxenburg: International Institute for Applied Systems Analysis (IIASA). Available
at: https://pure.iiasa.ac.at/id/eprint/11189/1/X0-14-031.pdf

Mazelis L.S., Lavrenyuk K.I., Emtseva E.D. et al. (2020). Razrabotka ekonomiko-matematicheskikh metodov i
modelei razvitiya regional’nogo chelovecheskogo kapitala [Development of Economic and Mathematical
Methods and Models for the Development of Regional Human Capital]. Vladivostok: Vladivostokskii
gosudarstvennyi universitet ekonomiki i servisa.

Mouronte-Lépez M.L., Savall C.J. (2024). Exploring socioeconomic similarity-inequality: A regional
perspective. Humanities and Social Sciences Communications, 11(1), 1-16. DOI: 10.1057/s41599-024-
02730-1

98 PROBLEMS OF TERRITORY'S DEVELOPMENT + VOLUME 30 + ISSUE2 - 2026 |


https://doi.org/10.1108/TG-02-2025-0050
https://doi.org/10.1108/TG-02-2025-0050
https://doi.org/10.15838/ptd.2019.4.102.1
https://doi.org/10.1057/s41599-024-02730-1?urlappend=?utm_source=researchgate.net&utm_medium=article
https://doi.org/10.1057/s41599-024-02730-1?urlappend=?utm_source=researchgate.net&utm_medium=article

| Vavilova D.D., Barkhatova E.V. Educational Component of Human Capital: Spatial Differentiation of Russian Regions...

Murgante B., Annunziata A., Tonini M. (2025). Developing a taxonomy framework for assessing human
capital provision: A case study of Southern Italian municipalities. Applied Geography, 179, 103640. DOI:
10.1016/j.apgeog.2025.103640

Napso M.D. (2022). Education as a condition for the formation of human capital. Viast’ istorii — Istoriya vlasti,
8, 6(40), 59-65 (in Russian).

Shamrai-Kurbatova L.V., Ledeneva M.V. (2021). Cluster analysis of the subjects of the Russian Federa-
tion by the level of innovation activity. Biznes. Obrazovanie. Pravo, 1(54), 88-97. DOI: 10.25683/
VOLBI.2021.54.174 (in Russian).

Sinu E., Kleden M.A., Atti A. (2024). Application of ARIMA model for forecasting national economic
growth: A focus on gross domestic product data. BAREKENG: Jurnal Ilmu Matematika dan Terapan, 18(2),
1261-1271. DOI: 10.30598/barekengvol18iss2pp1261-1272

Struzhko N.M., Andronova V.V., Tazieva I.A. (2018). Quality analysis of clustering algorithms. Alleya nauki, 1,
7(23), 895-904 (in Russian).

Supaeva G.T., Kadyrova M.K., Adiletkyz M. (2024). Education as a factor of economic growth and formation

of human capital. Actual Issues of the Modern Economy, 4, 597-602. Available at: https://www.elibrary.ru/
item.asp?id=67950429

Tang PY., Yang C.Y., Lu C.C., Lin T.Y., Chiu Y.H. (2025). OECD national educational expenditure on human
resources and educational efficiency. Bulletin of Economic Research, 77(4),521-534.DOI: 10.1111/boer.12502

Vavilova D.D. (2023). An information and analytical system for analyzing regional socio-economic processes
based on the integrated use of dynamic models of various types. Prikladnaya informatika, 18, 4(106),
97-110.DOI: 10.37791/2687-0649-2023-18-4-97-110 (in Russian).

Vorokova N.KH., Sennikova A.E. (2021). Information diagnostics of social objects and processes using
descriptive statistics methods. Vestnik Altaiskoi akademii ekonomikiiprava,11-2,161-164.D0I:10.17513/
vaael.1930 (in Russian).

Yan Y. (2024). Research on UK unemployment rate forecast based on ARIMA model. Advances in Economics,
Management and Political Sciences, 123(1), 26—35. DOI: 10.54254/2754-1169/123/2024MUR0136

Zou X. (2024). U.S. unemployment rate prediction using time series model. Theoretical and Natural Science,
30(1), 255-262. DOI: 10.54254/2753-8818/30/20241129

INFORMATION ABOUT THE AUTHORS

Daiana D. Vavilova — Candidate of Sciences (Economics), Associate Professor, Kalashnikov
Izhevsk State Technical University (7, Studencheskaya Street, Izhevsk, Republic of Udmurtia,
426069, Russian Federation; e-mail: vavilova_dd@mail.ru)

Ekaterina V. Barkhatova — student, Kalashnikov Izhevsk State Technical University (7, Studen-
cheskaya Street, Izhevsk, Republic of Udmurtia, 426069, Russian Federation; e-mail: ek.bv@
yandex.ru)

Basunosa [.A., bapxaTtoBa E.B.

OBPA30OBATE/IbHASl COCTABNAIOLLASl YE/TOBEYECKOIO KAMUTANA:
NMPOCTPAHCTBEHHAA ANDDEPEHLLMALMSA PETUIOHOB POCCUN
N MPOMHO3HbIN CLLEHAPUIA (KEWC YAMYPTCKOW PECNYB/INKW)

O6pa30661m€ﬂbHaﬂ cocmassidruias 4yenoseueckoeo Kanumana esicmynaem KJinuessbiM d)aKI’YIOPOM
ycmoﬂqueoeo pe2UOHA/IbHO20 pa3eumus. O0dHaxo 1%131%160}’721(0 pEZUOHaﬂbHOﬂ nonaumuku 6 obacmu

| PROBLEMS OF TERRITORY'S DEVELOPMENT + VOLUME 30 + ISSUE2 -« 2026 99



Life quality and human potential of territories |

06pa3oeaHus U NPozZHO3UPOBAHLUE €20 MePPUMOPUATbHO20 NOMEHYUANA 3aMPYOHSIIOMCS BblPAMEHHOT
npoOCMpAaHcmeeHHoll HeOOHOPOOHOCMbI0 U Omcymcmauem yuema CmpyKmypHsiX ocobeHHocmetl 00-
pasosamenvHoOli cocmasnsioweti uenogeueckozo kanumasna cybsekmos Poccutickoti @edepayuu. Om-
cymcmeue memoouueckozo UHCMpyMeHmapusi, N0380s10ue20 Kaaccupuuuposams pe2uoHsl N0 CMpyK-
mype 06pazosamenvHoLl cocmassiuleli ue08e4ueckoz0 Kanumasia u npozHo3uposams passumue ezo
munos, onpedenisiem yesb UCCIe008AHUSL, KOMOPAs 3aKI0Uaemcst 8 8bls8J1eHUU YCMOLUUBLIX KIACMepPos
Pez2UOH08 N0 CO0MeemcmaywuM noKasamesim 051 munu3ayuu UMeruwuxcs CmpykmypHbsix npoonem
U NOCMpOoeHUs1 CPeOHEeCPOUHO20 NPO2HO3d OUHAMUKU PACCMAMpuUsaemvlx nokazameseti 011 MUNUYHO20
npedcmasumensi 00H020 u3 Kaacmepos. Hayunas Ho8usHa pabomst cocmoum 8 npumeHeHUuu memo-
008 Knacmepusayuu 01 MunoJio2u3ayuu pe2uoHos no 06pasosamesnvHoll cocmasswouleli ueaoseue-
CK020 Kanumana u NpozHO3HO20 MOOEUPO8AHUs paA38Uumus munuuHoz0 npeocmasumens Kaacmepad.
Knacmepusayus nposedeHa ¢ nomoujpto 08yx memoodos: k-cpedHux u uepapxuueckozo (memod Yopoa)
¢ nocnedyouieti nposepKoti C021aCO08AHHOCMU PE3YJIbMamos ¢ UCNOoNb308aAHUEM CKOPPEKMUPOBAHHO-
20 uHdekca Pauda (ARI). B xo0e K1acmepH020 aHAIU3A BbISIBTIEHO NSIMb 20MO2EHHBIX 2pYNN CYOBeKMo8
Poccutickoti @edepauuu ¢ pazHoti cmpykmypoli 00pazosamesibHoli cocmasasirouleti uea08eueckozo Ka-
numana: o06pasosameJibHble UEHMPbl CMPAHbL, PE2UOHBI C Npeob1adaHueMm 8bicuiezo, cpedHezo npogec-
CUOHAIbHO20 U 00Ule20 06pa3o8aHus, a Makice pezuoHsl ¢ depuuumom npogeccuoHanbHozo 00paso-
ganus. JIna munuuHozo npedcmasumens mpemoezo knacmepa (Yomypmckas Pecnybnuxa) nocmpoeHbl
npozHo3wl wiecmu nokazamedeti do 2030 200a ¢ 8b1COKOLI MOUHOCMBIO (CPETHSISI OMHOCUMENbHASL OUIUO-
Ka < 5,3%). YcmaHoeneHo, umo 8 pezuoHe oxcudaemcs ycuieHue cneyuanuzayuu hodzomoeku Kaopos
cpedHezo 36eHa (pocm donu 06yUarUUXCS 8 0p2aAHU3AYUIX CpedHez0 NPOpeccuoHaNIbHO20 00pa308aHus
00 38,9%o). /Ina oanvHetiwiux uccnedosamuli npednazaemcs 8KJI0OUUMb NOKA3AMENU, XapaKmepusyrn-
wWue pe3ynbmamueHoCcms 00pa3o08amebHblX CUCEM 8 PAMKAX 8bl0eIeHHbIX KAacmepos, U Nposecmu
aHaNU3 MeXKJIAcmepHoll duHamuku 06pa3osamesibHOL cocmasasoulell ue08eueckozo Kanumad c ye-
JIbl0 (hopmuposaHus ugpepeHyupo8aHHsIx pekomeHoauuli 0ns pe2uoHanbHol 06pazosamenvHoll no-
JUMUKU.

Yenoseueckuii kanumas, 06pazosamenvHas COCMAasasoulds, KAacmepusayus pe2uoHos, NPozHO3UPO8aHue,
asmopezpeccuoHHsle moodenu, Yomypmckas Pecnyonuxka.
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