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Abstract

The goal of our research is to find a methodology for the estimation and prognosis of the risk 
of social conflict on municipal entities (district, city, or village) using the socio-economic  
and demographic factors for a similarity assessment of the municipalities. Our hypothesis is that 
highly similar settlements have a similar predisposition to certain types of social conflicts.

We selected recent social conflicts in Russia that received wide public and media attention. 
These were chosen because they have the potential to highlight distinctive characteristics in the 
socio-economic and demographic indicators of the conflict-affected municipalities at the time  
of the protests. The study examines 21 conflicts, including cases such as “Shies”, Chemodanovka, 
and Kryktytau. The 21 cases are divided into three groups: ecological, ethnic, and industrial. The 
analysis revealed certain dependencies between the groups of conflicts in terms of socio-economic 
factors and demographic structure. While this supports the hypothesis, as distinct characteristics 
of different conflicts were identified, it also justifies the use of demographic factors in assessing 
similarity to conflict-affected municipalities. 
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A Risk Assessment of Social Conflicts by Ranking Municipalities According 
to Similarity Metrics

We propose a metric for assessing the similarity of municipal entities. It is computed as 
a distance measure in a multidimensional space defined by socio-economic and demographic 
indicators. The analysis demonstrated the adequacy of this criterion for identifying similar 
municipalities. The metric further supports the hypothesis, as the analysis of similarity to a specific 
conflict-affected municipal entity allowed us to identify not only settlements with high social 
tension, but also municipalities that exhibited a comparable public response to the same trigger.

The ranking-based algorithm for evaluating the risk of social conflict using the similarity 
metric of social instability of different places is the novelty of our work. The key idea of the method 
is that the similarity of a particular municipality to several conflict-affected municipalities may 
indicate a high level of social tension and thus serve as a measure of the risk of social conflict. 
Applying this method, the following municipalities were identified as having the highest social risk: 
Tuapsinsky District, Novoaltaysk, Kandalakshsky District, and Apatity City. A retrospective analysis 
of these municipalities revealed the presence of social conflicts in all cases. Thus, the performance  
of the ranking method at this stage is promising and motivates further research aimed at  
a comprehensive evaluation of its predictive accuracy, as well as the optimization of its parameters.

The ability to forecast the dynamics of social conflicts is also of great interest in social protest 
analysis. In this work, we conducted a preliminary assessment of the feasibility of forecasting 
the risk of social conflict as determined by the ranking method. To address this task, machine 
learning algorithms were applied, including Random Forest, Neural Networks, and XGBoost. 
The results suggest that forecasting social risk is possible. The forecasting models were also used 
for additional analysis of socio-economic and demographic indicators, particularly to evaluate 
their importance in predicting social tension.

The method is suitable for integration into a multi-agent AI system for socio-economic planning 
and management. It can also be used as an additional tool for studying protests, practically and 
theoretically. Since the selected conflicts are not unique to Russia, the method is applicable to any 
country where comparable socio-economic and demographic data are available. 

Keywords: social conflict, protests, intellectual data analysis, predictive analytics, settlements 
similarity, rally, social tension, city similarity

Introduction

This research develops a method for assessing the risk of social conflict in a given 
municipal entity (district, city, or village). The central concept of the approach is estimating  
the similarity of socio-economic and demographic environments to specific environments 
that could show a predisposition to certain types of social conflict. In other words,  
the similarity between two municipal entities, where one has experienced a particular social 
conflict, could serve as an indicator of a likely comparable social conflict in the other.

Social conflicts (protests) represent one of the strongest forms of public expression 
of dissatisfaction. The motivations behind such actions can arise from a wide range 
of triggers, including cultural, ethnical, and socio-economic. In the present study, 
significant cases of protests in Russia were considered. However, the approach is intended  
to be universal and the selected cases correspond to the types of social conflicts observed 
in many countries around the world.

We present a methodology for evaluating the risk of a given municipal entity for 
social conflict, based on the proposed hypothesis. The approach is implemented through 
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a ranking system and a metric that assesses city-to-city similarity using socio-economic 
and demographic indicators. In finding conflict areas which were not in our training data, 
we demonstrate the predictive power of the method.

However, from the perspective of assessing the risk of social conflicts, 
understanding its dynamics is equally important. To address this issue, machine learning 
techniques were applied to forecast changes in the risk score over time, further extending 
the applicability of the methodology.

Our methodology is part of a software solution based on a multi-agent AI system  
to support organizational and technical processes in urban development. 

The paper is organized as follows. The Literature review presents approaches  
to forecasting and assessing social conflicts. The Data section, describes and analyzes  
the datasets used. The Similarity metric section proposes a criterion for measuring similarity 
and evaluates its effectiveness. The Overall risk of social conflict section introduces a method 
to assess the overall risk of social conflict for a given municipal entity. The Dynamics 
forecasting and feature importance section explores the possibility of forecasting changes 
in this risk over time. Finally, the discussions and conclusions are presented.

Literature review

Evaluating the similarity between cities is an approach that can be applied  
to infrastructure, architecture, and other areas [Costa, Tokuda 2020; Zhao et al. 2021; 
Preotiuc-Pietro et al. 2013; Stojanovic et al. 2014]. The interest in this research 
is mainly driven by the possibility of using similarity assessment to address urban 
planning problems [Stojanovic et al. 2014]. However, social conflicts that arise during 
the implementation of construction projects are also important in urban planning 
[Sultana et al. 2025; Kleemann et al. 2023]. Therefore, forecasting the risk of social 
conflicts (such as protests) is a relevant problem. More broadly, this problem is also 
relevant for socio-economic policy making [Davydov 2022; Petrovskii et al. 2025].

Causes of social protests are studied due to their significant impact on the 
socio-political situation, which is closely connected with socio-economic processes 
[Davydov  2022; Bizyukov 2019]. The relevance of this research area is well recognized, 
as certain mechanisms of protest remain unclear or unknown [Davydov 2022; 
Petrovskii  et  al.  2025]. The growing number of recent studies on this topic also serves 
as evidence of the strong interest [Davydov 2022; Petrovskii et al. 2025; Azedi 2024].

There are various approaches to investigating social conflicts. The most common 
approach has been to examine the problem in the context of sociological and psychological 
research [Davydov 2022; Petrovskii et al. 2025]. However, forecasts based only  
on sociological data do not demonstrate high accuracy [Davydov 2022].

A common approach is based on the mathematical modeling of collective behavior 
[Petrovskii et al. 2025]. This mainly involves the development of agent-based systems that 
allow the analysis of protest dynamics through imitation. For example, an epidemiological 
model is often used as a representation of protest movements [Petrovskii et al. 2025].

In recent years, machine learning approaches have also gained popularity [Nicula  
et al. 2025; Iyda, Geetha 2023; Korkmaz et al. 2016]. These studies are generally based on 
the analysis of public sentiment through the monitoring of social networks and mass media.
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[Nicula et al. 2025] investigated protests through the analysis of the stylistic 
features of mass media articles covering labor protests that took place in Romania  
(2018–2025). Particular interest lies in the evidence supporting the spatio-temporal 
hypothesis of protest diffusion, meaning that a protest in one location increases  
the occurrences of protests in neighboring areas [Nicula et al. 2025]. This conclusion  
also resonates with the epidemiological approach to analyzing protest dynamics. 
However, our research proposes a method that considers the “spatial” component  
in terms of the socio-economic and demographic space, which is often influenced  
by geographical closeness, but is not determined by location alone.

[Iyda, Geetha 2023] used social network data to forecast civil unrest. A modified 
neural network was proposed, trained on Twitter data using the example of the 
2019 protests in Hong Kong. The effectiveness of this approach was demonstrated  
by comparing it with various other machine learning algorithms [Iyda, Geetha 2023].

[Korkmaz et al. 2016] examined protests in Latin America (2012–2014) using 
a logistic regression model trained on data from Twitter, news feeds, political event 
databases, the TOR network, and economic indicators. The latter was based only  
on currency exchange rates [Korkmaz et al. 2016]. While this is a valuable factor, it is 
not sufficient to capture the full socio-economic condition of a territory.

Despite the evolution of protest motives (shifting away from purely materialistic 
reasons), the significance of socio-economic factors remains: “misery matters” 
[Korotayev et al. 2021; Azedi 2024]. [Korotayev et al. 2021] examines the correlation 
between GDP and protest intensity. [Azedi 2024] investigates how both general and 
individual socio-economic factors influence the likelihood of respondents participating 
in protests and provides evidence for the hypothesis that shared grievances are more 
influential than individual grievances. This evidence supports the idea of the present 
research, because the assessment of city-to-city (or any other municipal entity) similarity 
is more about “environment matters” rather than just “misery matters”. Therefore, our 
research proposes an approach detached from subjective data, assessing similarity 
through socio-economic indicators and demographic structure.

A direct comparison of existing approaches with our idea is difficult, as the majority 
of existing models are designed to predict the exact time of protest occurrence based 
on public sentiment analysis, whereas similarity-based assessment primarily captures 
predisposition to specific types of conflicts and/or elevated levels of social tension. 
Nevertheless, an analysis of the literature indicates that the underlying theoretical 
constructs of these studies support the idea of city-to-city similarity assessment.

Data

Socio-Economic and Demographic Data

The dataset includes socio-economic and demographic data for more than 1,800  municipal 
entities in Russia for the period 2014 to 2022, collected from the Federal State Statistics 
Service (ROSSTAT). Around 80% of the data correspond to municipal districts, because 
separate data for small cities and villages are generally unavailable in open access. 
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In total, there are more than 9,000 examples in the dataset;1 each municipality–year 
combination is treated as an independent observation.

Table 1 presents the socio-economic indicators. These factors were chosen based 
on their effectiveness in migration forecasting in our study [Zakharov et al. 2024]  
and on their ability to characterize a municipal entity in general, which could indirectly 
help identify its profile and values. Taken together, they provide a reliable basis for 
assessing the socio-economic conditions of a municipal entity.

All socio-economic indicators (except the average salary and the living area per 
capita) were normalized per capita to allow a fairer evaluation across municipalities  
and to provide a better assessment in terms of population well-being (see Table 1).

Table 1. Socio-economic indicators of municipalities

Meaning Name

Average number of employers in organizations (ppl.) avgemployers

Average salary (rub.) avgsalary

Shopping area (sq.m.) shoparea

Number of seats in café, bars and restaurants (num.) foodseats

Retail turnover (thousand. rub.) retailturnover

Living area per capita (sq.m.) livarea

Number of sporting venues (num.) sportsvenue

Number of services (barbershops, repairs, and etc.) (num.) servicesnum

Length of roads (km.) roadslen

Number of livestock (num.) livestock

Productivity of land (vegetables) (centners) harvest

Agricultural production (thousand. rub.) agrprod

Number of healthcare organizations (num.) hospitals

Number of places in preschool organizations (num.) preschool

Volume of self-produced goods (thousand. rub.) factoriescap

To represent the population structure of the municipalities, demographic data 
was collected for 14 age cohorts (from “0–4” to “65–69”), disaggregated by gender 
for each year. Unfortunately, data for cohorts “older than 69” were missing for many 
municipalities. Demographic data were also normalized as the proportion of each age 
cohort in the total population of a given municipality, making it possible to evaluate 
these data in terms of structure rather than quantity.

1  Data availability: The processed data and developed modules are stored in  
https://github.com/aghajanyan/ConflictRevealer, accessed 03.04.2026.
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The Set of Social Conflicts

The socio-economic and demographic characteristics of a municipality at the time  
it experiences a protest can be used to identify a predisposition to certain social conflicts 
or general social tension. The set of municipalities (or conflict cases) against which 
similarity is assessed forms one of the crucial components of the approach.

A set of the most notable social conflicts in Russia was collected for the period 
from 2012 to 2024. It includes 21 cases of social protests in different municipalities, 
each involving mass gatherings of over 100 people and receiving wide media coverage. 
These cases are grouped into three categories: ecological conflicts, ethnic conflicts, 
and industrial conflicts. Table 2 presents the municipal entities where the conflicts 
occurred, along with the respective year and ID. In the case of long-term conflicts, the year  
of escalation, initiation, or an intermediate year was selected, depending on data availability.

Unfortunately, socio-economic and demographic data for small villages 
(Poltavskaya, Chemodanovka, Lubyagino, etc.; Table 2) are unavailable. Therefore,  
data from their respective municipal districts were used. The dataset is limited to the 
period up to 2022, therefore the 2022 data were used for conflicts that occurred in 2023 
(three cases) and 2024 (one case). Although these limitations may affect the accuracy  
of the proposed approach, they do not undermine the overall assessment of its potential.

Table 2. Cases of social conflicts

Ecological conflict Ethnic conflict Industrial conflict

1. Lensky District (2018)

2. Poltavskaya (2022)

3. Sysert (2022)

4. Pavlovsk (2023)

5. Lubyagino (2020)

6. Kotlas (2019)

7. Chemodanovka (2019)

8. Pugachyov (2013)

9. Korkino (2024)

10. Udomlya (2013)

11. Yakutsk (2019)

12. Makhachkala (2023)

13. Ishimbaysky District (2020)

14. Abzelilovsky District (2020)

15. Kursk (2023)

16. Novokhopyorsk (2012)

17. Laishevsky District (2020)

18. Anapa (2021)

19. Gelendzhik (2021)

20. Angarsk (2020)

21. Turochak (2018)

These conflicts (see Table 2), along with their classification types, are not unique 
to Russia. For example, Armenia experienced ecological and anti-industrial protests 
against the Amulsar deposit,2 which were similar to the conflicts in Kushtau and 

2  Karamzin I. (2020) Golden Mountain: Where Are Armenia’s Environmental Protests Heading. Izvestiya Media, 
September 9, 2020. Available at: https://iz.ru/1058345/igor-karmazin/zolotaia-gora-k-chemu-privedut-protesty- 
ekologov-v-armenii, accessed 13.02.2026 (in Russian).
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Kyrkytau (Ishimbaysky and Abzelilovsky Districts). Ethnic conflicts comparable to 
those in Chemodanovka, Pugachyov, and Korkino, occurred in Germany, where large-
scale protests took place in Köthen3 and Chemnitz.4 London has recently witnessed mass 
protests against immigration,5 which is close to the case of Yakutsk. These examples 
demonstrate that the nature of the selected conflicts is international, suggesting that the 
proposed method could be applied in different countries.

The focus on high-profile conflicts is motivated by their potential to highlight the 
socio-economic and demographic indicators that predispose municipalities to social 
tension. In other words, these cases can be viewed as “local extrema” of an abstract 
function representing social conflict.

In comparing the socio-economic conditions of these local extrema, certain trends 
can be observed. Figure 1 shows that in entertainment (“servicesnum”, “sportsvenue”, 
“retailturnover”, “foodseats”) and in production sectors (“factoriescap”, “agrprod”, 
“harvest”, “livestock”) municipalities that experienced ethnic conflicts exhibit the 
lowest values (many black and few white zones). Compared to municipalities with 
ecological conflicts, they exhibited substantially lower values across most features 
(comparatively less white zones, see Figure 1). For example, “roadslen” was 60% 
lower, “hospitals” 50% lower, both “retailturnover” and “foodseats” were 36% lower, 
etc. This indicates that municipalities with ethnic conflicts were in a more depressed 
socio-economic environment than those experiencing industrial or ecological conflicts. 
In particular, municipalities with ecological conflicts appear to be the most balanced 
(see Figure 1).

Some trends were also identified in the analysis of the demographic structure  
of these municipalities. Figure 2 illustrates differences between categories of conflicts. 
For example, municipalities that experienced ethnic conflicts have the highest 
proportion of young people in the population (cohorts “20–24”, “25–29”, and “30–34”;  
see Figure 2). In the “25–29” cohort, the proportion of both males and females is nearly 
double that in municipalities with ecological conflicts.

Municipalities with ecological conflicts show the lowest proportion of young 
people and have the highest proportion of older population (cohorts “60–64”  
and “65–69”; see Figure 2). In contrast, the demographic structure of municipalities 
with ethnic conflicts demonstrates the lowest proportion of older people. For example, 
compared to ecological conflicts, in the “60–64” cohort municipalities with ethnic 
conflicts have about 25% fewer men and 30% fewer women, while in the “65–69” cohort 
the difference is about 33% fewer men and nearly 38% fewer women. The population 
structure of municipalities with industrial conflicts falls somewhere in between.

Notable differences between municipalities with certain types of conflicts can  
be observed in socio-economic conditions and in demographic structure. This provides 
strong evidence for the potential use of these similarities as a measure of the risk  
of social conflict.

3  Sauerbrey A. (2018) Can Germany’s Center Hold against the Far Right? The New York Times, September 11, 2018. 
Available at: https://www.nytimes.com/2018/09/11/opinion/can-germanys-center-hold-against-the-far-right.html, accessed 
13.02.2026.
4  Hill J. (2018) Chemnitz Protests: Far Right on March in East Germany. BBC News, August 29, 2018. Available at: 
https://www.bbc.com/news/world-europe-45328477, accessed 13.02.2026.
5  Nicholls C. (2025) Far-right Anti-immigration Protests in London Lead to Clashes with Police. CNN News,  
September 14, 2025. Available at: https://edition.cnn.com/2025/09/13/europe/far-right-anti-immigration-protests-london-intl,  
accessed 13.02.2026.



Mir Rossii. 2026. No 3 175

A Risk Assessment of Social Conflicts by Ranking Municipalities According 
to Similarity Metrics

Figure 1. Comparison of socio-economic conditions at the time a specific  
type of social conflict occurred (conflict numbering corresponds to Table 2;  

all features were normalized from 0 to 1)

Figure 2. Average demographic structures of municipalities by conflict type  
(areas with the largest differences between conflicts  

are highlighted with dashed rectangles)
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Similarity metric

Each municipal entity M in the dataset is defined by its socio-economic and demographic 
components. The socio-economic conditions can be represented as a tuple:

			          ,		  (1)

where sei is the value of the specific socio-economic indicator (see Table 1).
The demographic structure can be represented by two separate tuples, indicating 

the proportions of females and males in the population:

                                           (2)

where, γⅰ is the number of females in a given cohort, n is the total number of females  
in the population and k is the number of cohorts. This division, fⅰ = 

γⅰ 
n ,  

 gives the proportion of each cohort within the population, allowing an assessment  
of the demographic structure. The same approach is used to represent the male population 
structure:

                                                 ,	  	 (3)

   

where ai is the number of males in a given cohort and n is the total number of males  
in the population.

For evaluating the similarity between two municipal entities x and y, the combined 
sum of the mean squared deviations of socio-economic and demographic indicators  
is used (metric ranges from 0 to +∞, where 0 corresponds to complete identity):

     (4)

where se x
i is the value of the socio-economic feature of municipality x, n is the number 

of socio-economic features,  f x
i  and  mx

i  are the proportion of female/male in cohort i  
of municipality x, k is the number of cohorts and �  is the weighting coefficient that 
could balance the socio-economic s and demographic d components. The weights 
were primarily included in the metric to mitigate the impact of general demographic 
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trends. At this stage of the research, the best results were obtained when s = 1 and  
d = 0.5.

First, it is necessary to evaluate the applicability of the similarity metric 
(Equation  4). This involves estimating the similarity of a given municipality to all 
other municipal entities in the dataset. Table 3 illustrates the case of Michurinsk City  
in 2022. As expected, in the majority of cases, Equation 4 identifies the same municipality 
observed in different time periods as the most similar (see Table 3). This confirms 
the reliability of the similarity metric. In the case of Michurinsk City, the set of most 
similar municipalities includes its geographical neighbor Morshansk City (both located  
in Tambov Region) and the geographically distant Vyshnevolotsky District (Tver 
Region), demonstrating similarity despite the lack of spatial closeness.

Tables 3 and 4 show that the same settlement is not totally similar to itself  
at different times, which reflects socio-economic development and demographic 
dynamics.

Table 3. The most similar municipal entities to Michurinsk City (2022)

No. Name Year Similarity

0 Michurinsk City 2022 0

1 Michurinsk City 2021 0,0041

2 Michurinsk City 2020 0.0060

3 Michurinsk City 2019 0.0105

4 Michurinsk City 2018 0.0169

5 Vyshnevolotsky District 2016 0.0178

6 Vyshnevolotsky District 2017 0.0182

7 Morshansk City 2022 0.0183

8 Vyshnevolotsky District 2018 0.0185

9 Uryupinsk City 2019 0.0189

... ... ... ...

The next step is to examine the potential of using the similarity metric in the 
context of the main idea that a municipal entity similar to another, which has experienced  
a specific type of “social turbulence”, may demonstrate a comparable social response  
to a similar trigger factor.

As an example, Equation 4 is applied to identify the most similar municipal entities 
to Krasnoarmeysky District, where Poltavskaya Village experienced large-scale protests 
against a landfill in 2022. The results are presented in Table 4, where all municipal 
entities are sorted by their similarity to Krasnoarmeysky District. The metric values are 
normalized to the range [0, 1].
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Table 4. Assessment of the similarity to Krasnoarmeysky District in 2022

No. Name Year Similarity

0 Krasnoarmeysky District 2022 0

1 Kurganinsky District 2022 0.014

2 Krasnoarmeysky District 2017 0.019

3 Tikhoretsky District 2022 0.025

... ... ... ...

26 Belorechensky District 2019 0.040

... ... ... ...

50 Belorechensky District 2021 0.047

... ... ... ...

5245 Troitsky District (Altai Krai) 2016 0.20

... ... ... ...

9372 Sandovsky District 2019 0.771

9373 Gavrilovsky District 2018 0.794

9374 Verkhneuslonsky District 2022 1

Figure 3. Assessment of the similarity to the Krasnoarmeysky District (2022),  
with all municipal entities in the dataset sorted by metric value



Mir Rossii. 2026. No 3 179

A Risk Assessment of Social Conflicts by Ranking Municipalities According 
to Similarity Metrics

Figure 3 illustrates all the values from Equation 4 for the assessment of Krasnoarmeysky 
District. The graph demonstrates that a similarity value from 0 to 0.1 is reached by 
approximately the 300th example, while the range from 0.1 to 0.2 is only crossed around 
the 5245th example (Troitsky District, see Table 4 and Figure 3). This result shows a certain 
degree of homogeneity across Russia, at least in terms of per capita characteristics. In other 
words, a large number of municipal entities do not differ substantially from one another, 
which is generally expected within a single country. The shape of the curve can serve as an 
indicator of uniqueness: the sharper its initial rise, the fewer similar municipalities exist.

The results of socio-economic and demographic similarity to Krasnoarmeysky 
District can be further considered in the context of identifying social conflicts. In the case 
of Kurganinsky District (first place in similarity, see Table 4), media analysis revealed no 
evidence of significant conflicts. In the proposed approach, not only similarity but also 
the presence of a comparable triggering factor is essential.

In the analysis of Tikhoretsky District (2022), third place in similarity  
(see Table  4), a fairly large-scale social protest was identified. In 2022, the protest 
occurred in Alexeyevskaya Village in response to a water supply outage and involved over  
200 participants.6 This is a significant number in the context of Russian protests  
and relative to the village’s population of just over 3,000 residents.

However, the presence of this protest may indicate a comparable level of social 
tension or activity arising from the similarity in socio-economic and demographic 
conditions, while the primary interest lies in the possibility of a comparable reaction  
to the same trigger. A relevant example occurred in Kamenny Village (population approx. 
1000), where local residents recorded a video demanding the authorities to deal with the 
landfill.7 Nevertheless, this event took place in Tikhoretsky District in 2024, which is not 
included in the dataset.

When analyzing Belorechensky District for 2019 (26th place, see Table 4), 
a social protest related to a landfill was identified, although it actually occurred in 2021. 
Belorechensky District of 2021 is also presented in the dataset and it is in the 50th place  
(see Table 4). The protest involved approximately 500 participants.8 This  example 
demonstrates that municipalities with similar socio-economic and demographic conditions 
can indeed exhibit comparable reactions to specific social triggers.

The similarity assessment shows potential for the analysis and evaluation  
of the predisposition of certain municipal entities to specific social conflicts. However, 
this approach does not allow us to analyze municipal entities based on their similarity  
to indicators that are typical for the majority of social conflicts (see Table 2), which can 
be interpreted as an estimation of overall social tension.

In other words, using the similarity approach as a basis, it is possible to develop 
a method to identify municipal entities that are similar to multiple municipalities that 
experienced social conflicts of the same and different types.

6  Matrosov S. (2022) The Lives of 3,000 People Are at Stake: Kuban Residents at a Public Gathering 
Demanded to Declare a State of Emergency and Threatened to Riot. Bloknot Media, July 7, 2022. Available at:  
https://bloknot-krasnodar.ru/news/na-konu-zhizni-3000-chelovek-kubantsy-na-narodnom--1495558, accessed 13.02.2026 
(in Russian).
7  This Is Deliberate Annihilation! Kuban Residents Are Suffocating from Toxic Gases from a Landfill, While  
the Authorities Remain Silent (2024). Utrenniy Ug. August 7, 2024. Available at: https://utyug.info/new/47063/,  
accessed 13.02.2026 (in Russian).
8  Mandyrka V. (2021) 500 Belorechensk Residents Protest against Landfill Receiving Sochi’s Waste. Uga,  
April 12, 2021. Available at: https://www.yuga.ru/news/457023/, accessed 13.02.2026 (in Russian).
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Overall risk of social conflict

Ranking method

A ranking system evaluates the overall risk of social conflict. This system assigns each 
municipal entity in the dataset a ranking score based on their individual similarity  
to a specific entity that serves as an example of social conflict (21 cases, see Table 2). 
The sum of these scores is then considered a measure of social risk.

In general, the method can be described as follows:
1.	 Preparation of the necessary datasets (socio-economic and demographic data  

for municipal entities) and the selection of cases of conflict;
2.	 Assessment of the similarity of the municipal entities to a specific  

conflict-affected entity;
3.	 Ranking of all the municipal entities according to their level of similarity;
4.	 Repetition of steps 2 and 3 for each case of conflict;
5.	 Calculation of the sum of the ranking scores as an overall measure of the risk  

of social conflict.
It is clear that in addition to the accuracy of the similarity metric, the set of socio-

economic and demographic indicators, and the quality of the data, the ranking system 
will also have a crucial impact on the overall effectiveness. There are numerous ways  
to perform the ranking according to the level of similarity.

For example, the simplest approach is to apply a progressive ranking of similarity, 
ranging from 1 (most similar) to 0 (least similar). For the sake of easier interpretation, 
this similarity ranking shows the values opposite to the similarity measured according 
to Equation 4 where, 0 means the closest similarity and 1 (+∞) is for the sharpest 
difference. However, due to the certain degree of homogeneity observed in the country  
(see Figure 3), such a scoring system will heavily favor municipal entities that are more 
or less similar to a large number of others.

The hypothesis of this study tests whether the most similar municipal entities share 
the same degree of predisposition to social conflicts. Therefore, a top-ranking system 
should be considered. An initial analysis of the results suggests that it is reasonable 
to assume the first 300 most similar municipal entities are comparable (see Figure 3). 
Consequently, the ranking system assigns scores as follows: 1 point for municipal entities 
ranked from 1 to 100 by Equation 4; 0.5 points for places from 101 to 200; and 0.2 points 
for places from 201 to 300. However, the threshold (top 300) and the corresponding 
values remain subject to further optimization.

Analysis

The complete distribution of the ranking scores is presented in Figure 4. Almost half  
of the municipal entities in the dataset (4,035 from more than 9,000) obtained a nonzero 
score, indicating some degree of proximity to at least one conflict-affected entity. 
However, the majority have scores of 1 or less (3,049 cases, see Figure 4), while only  
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986 entities reached a relatively higher cumulative score. According to the ranking 
system, the maximum possible total score is 21 (1 point for each conflict). However, 
in practice, this is highly unlikely, as it would mean that a single municipal entity 
is simultaneously very similar to all 21 others, which is not possible given the way  
conflict-affected entities were selected.

Figure 4. Distribution of ranking scores across the dataset

Table 5 shows the first five municipal entities with the highest total ranking 
scores. The highest total score of 4.5 was obtained by Tuapsinsky District in 2022  
and 2021. It is not surprising that Tuapsinsky District received 1 point (by entering the  
top 100 in similarity) with conflict-affected municipal entities No. 18 (Anapa City) 
and No. 19 (Gelendzhik City), since all of them are located in Krasnodar Region and 
geographically close to each other (see Table 5). However, Table 5 also shows that 
Tuapsinsky District received 0 points with Krasnoarmeysky District (case No. 2), meaning 
it did not even enter the top 300 in similarity, despite the fact that Krasnoarmeysky 
District is also in Krasnodar Region.

From this point of view, Novoaltaysk City (third place, see Table 5) becomes 
even more interesting, as it received 0.5 points for case No. 18 and 0.2 points with case  
No. 19, despite being more than 4,000 kilometers away. These results once again confirm 
one of the thesis of this study, namely that the socio-economic and demographic space  
is not necessarily determined by geographical proximity.

While the assessment of similarity to a single municipal entity reflects 
the predisposition to a specific type of social conflict (a comparable response  
to a similar trigger), the overall ranking assessment, as noted above, can be considered 
as an evaluation of the general risk of social conflict. Accordingly, our analysis  
of social conflicts will consider protests of any kind involving gatherings of more than  
100 participants.
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Table 5. Results of the overall social risk assessment method (entities with the highest scores)

No. Name
ID of conflict cases (see Table 2)

1 2 3 4 5 6 … 18 19 20 21 Total

1 Tuapsinsky District (2022) 0 0 0 0 0 1 1 1 0 0 4.5

2 Tuapsinsky District (2021) 0 0 0 0 0 0.5 1 1 0 0 4.5

3 Novoaltaysk City (2021) 0 0 0 0 0 1 0.5 0.2 1 0 4.2

4 Kandalakshsky District (2017) 0 0 0 0 0 1 0.2 0 1 0 4.2

5 Apatity City (2015) 0 0 0 0 0 1 0.2 0 1 0 4.2

… … … … … … … … … … … … …

During the analysis of the Tuapsinsky District (1–2 places, 4.5 points, see Table 5), 
a political protest was identified in Tuapse City in 2021.9 In 2022, no evidence of social 
conflict was recorded in the media. The score shows risk, but the occurrence of a social 
conflict still requires a trigger. In 2024, Tuapsinsky District experienced a significant 
social conflict in Dzhubga City,10 where several hundred people participated in a protest 
against the new urban development plan (“the Genplan”). The particularly interesting 
point here is that the cause of the protests in Anapa and Gelendzhik in 2021 (see Table 2) 
was also “the Genplan”, with which Tuapsinsky District demonstrates a high similarity.

In the city of Novoaltaysk (third place, see Table 2), two significant social conflicts 
were identified, occurring in 201811 and 2019.12 While data for Novoaltaysk in 2019 are 
not available in the dataset, 2018 data are present, and the overall social risk score for 
that year is also high (2.9 points, 75th place). The 2018 protest was related to the new 
retirement reforms, whereas in 2019 residents protested the closure of the maternity 
hospital.

In Kandalakshsky District, a notable social conflict was recorded in 201713 (4th place, 
4.2 points, see Table 2), where several hundred people protested in Kandalaksha City 
against the unfair tax system. Apatity City was also analyzed, and a conflict was found 
in 2017,14 where more than 100 researchers protested, demanding increased funding for 
science. The overall social risk score for Apatity City in 2017 is 3.9 points (13th place).

9  Sharov Y. (2021) Rally in Support of the Political Opposition. Tuapse News Forum (VK), January 23, 2021. Available at:  
https://vk.com/wall-1113580_115419?ysclid=mgqh44719w753473725, accessed 13.02.2026 (in Russian).
10  Volkodav M. (2024) A Rally against Changes to the General Plan Was Held in Dzhubga. Kommersant, December 7, 
2024. Available at: https://www.kommersant.ru/doc/7361886, accessed 13.02.2026 (in Russian)
11  Nikolaev I. (2018) 500 People Took Part in a Protest in Novoaltaysk against the Pension Reform. Kommersant,  
July 26, 2018. Available at: https://www.kommersant.ru/doc/3696350, accessed 13.02.2026 (in Russian).
12  I Want to Be Born Here: A Protest Was Held in Novoaltaysk against the Closure of the Town’s Only Maternity 
Hospital (2019). ALTAPRESS, October 13, 2019. Available at: https://altapress.ru/story/ya-hochu-roditsya-zdes-v-
novoaltayske-proshel-miting-protiv-zakritiya-edinstvennogo-roddoma-255814, accessed 13.02.2026 (in Russian).
13  Agaev D. (2017) Nearly 150 Kandalaksha Residents Protest Double Heating Fees. B-port, March 6, 2017.  
Available at: https://b-port.com/news/197787, accessed 13.02.2026 (in Russian).
14  Eliseev M. (2017) I Went to the Rally — It Felt as Sweet as Honey. Hibinform.ru, June 28. Available at:  
https://hibinform.ru/pobyval-na-mitinge-kak-myodu-napilsya/?ysclid=mfxxtpvyx2889950108, accessed 13.02.2026  
(in Russian).
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Comparison with random search and statistical significance

Although the results are clearly encouraging, it is important to at least preliminarily 
assess their statistical significance in order to rule out the possibility that they are due 
to random chance. To address this issue, we compared the top 30 cases with the highest 
social risk scores identified by the ranking method to 30 randomly selected cases 
from the dataset. The analysis consisted of detecting the occurrence of social protests  
for each case within its respective year. The search was conducted using keywords such 
as “protest”, “unauthorized protest” and “protest action”.

The analysis of the top 30 cases identified by the ranking method revealed 8 instances 
of social conflict occurring in the corresponding year. In addition to those previously 
analyzed in the “Analysis of the results” section, namely Tuapsinsky District (2021), 
Kandalakshsky District (2017) and Apatity City (2017), evidence of social conflicts was 
also found in the following municipalities: Shatura City (2021)15, Yelets City (2019)16, 
Kungur City (2019)17, Sortavalsky District (2020)18 and Klinsky District (2017)19.  
In contrast, the analysis of randomly selected cases showed social protests in only 2 out 
of 30 instances: Ivdelsky District (2020)20 and Yalutorovsky District (2021).21 All data 
from the experiment are publicly available (see link 1 in the Data section). 

To assess statistical significance Fisher’s exact test was applied as it is appropriate 
for small sample sizes. The resulting contingency table was (8, 22) for the ranking 
method and (2, 28) for random selection, which gives a p-value of 0.039 (< 0.05)  
and indicates statistical significance.

However, Kotlas City was excluded from the top 30 cases identified by the 
ranking method, as it is part of the initial set of conflict cases (see Table 2). Second, 
protests organized by the Russian Communist Party were not included in the analysis, 
as the party is widespread across Russia and its demonstrations are yearly planned, and 
therefore do not reflect actual social tension. Nevertheless, even when such events are 
taken into account, the ranking method still shows a twofold advantage over random 
selection.

15  Malyukova V. (2021) Residents of Shatura Are Holding Protests against Chemical Factory. Radio 1.ru, December 8,  
2021. Available at: https://radio1.ru/news/obschestvo/zhiteli-shatury-provodyat-mitingi-protiv-khimproizvodstva-
administratsiya-s-nimi-soglasna/?ysclid=mnghq1oh8n592052660, accessed 02.04.2026 (in Russian).
16  Nedelin P. (2019) A Protest Is Being Held over the Closure of the Yelets Blood Transfusion Station. Social Nerwork 
Ok.ru, December 20, 2019. Available at: https://ok.ru/video/1268389315973, accessed 02.04.2026 (in Russian).
17  In Kungur Parents of Children with Disabilities Are Protesting. They Are Demanding the Mayor’s Resignation. 
Souznaya Palata, July 30, 2019. Available at: https://palata.perm.ru/info/news/v-kungure-roditeli-detey-invalidov-vyshli-
na-miting-oni-trebuyut-otstavki-mera/?ysclid=mnh70d0n62646193552, accessed 02.04.2026 (in Russian). 
18  Belyanchikov N. (2019) How Did the Protest in Sortavala Go? Karelia News, July 28, 2020. Available at:  
https://karelia.news/news/2833620/ni-provokacij-ni-zaderzanij-no-s-rezoluciej-kak-prosel-miting-v-gorode-sortavala/?y
sclid=mnhczacib2854350215, accessed 02.04.2026 (in Russian).
19  “Battles” against Landfill Sites Continue: The Largest Protest Took Place in Klin (2017). New Day, December 4, 
2017. Available at: https://newdaynews.ru/moskow/622198.html, accessed 02.04.2026 (in Russian). 
20  A Protest Took Place in Ivdel against the Development of the Saumskoye Deposit (2020). Kommersant,  
March 15, 2020. Available at: https://www.kommersant.ru/doc/4290212?ysclid=mnh7xl8rmo551058200, accessed 
02.04.2026 (in Russian). 
21  An Unauthorized Protest in Yalutorovsk Proceeded Peacefully (2021). Rambler News, January 21, 2021. Available at:  
https://finance.rambler.ru/markets/45675653-nesoglasovannyy-miting-v-yalutorovske-proshel-spokoyno-i-bez-nasiliya/
?ysclid=mnh8u0ekvu579651884, accessed 02.04.2026 (in Russian). 
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The results illustrate that the method could indeed be useful, at least as an additional 
tool for the evaluation of social risk. The protests occurred mostly in relatively small 
settlements by Russian standards (population less than 100,000) and received limited 
media coverage, so the detection of these protests in such areas can be considered 
a promising sign of the method’s effectiveness.

Dynamics forecasting and feature importance

The method provides a deterministic evaluation of the risk of social conflict based  
on socio-economic and demographic indicators, but it can only be applied to the available 
time frame (the current or past years). Consequently, it is not possible to calculate the 
evaluation for a future year (or for any period with missing data). Forecasting models 
could be used to address this limitation.

There are various applications of machine learning, and the forecasting  
of social conflicts is no exception [Nicula et al. 2025; Iyda, Geetha 2023]. Therefore,  
it is reasonable to investigate the possibility of applying this approach to assess the risk  
of social conflict. The use of machine learning makes it possible to evaluate the importance 
of socio-economic and demographic factors and it can help forecast the dynamics of risk.

Since the dataset provides socio-economic and demographic data for municipal 
entities in specific years, a straightforward application of machine learning would be 
to forecast the overall social risk score (see Table 5, column “Total”) for the following 
year based on the socio-economic and demographic conditions of the previous year. 
While the ranking system is easy to interpret from a human perspective, it limits  
the effectiveness of model training. For this reason, the top 300 should be represented  
as a continuous scale from 1 to 0, where the first place corresponds to 1 and the last place 
to 0. This adjustment would not cause substantial changes in the overall assessment  
of the risk of social conflict, but smoother scoring would improve the predictive 
performance of the model.

The final dataset for training includes approximately 7,000 examples. Records from 
2022 were excluded, as the model requires an existing assessment of the risk of social 
conflicts for the following year. Cases with missing data for the subsequent year within 
2014–2022 were also removed.

For the initial experiments, Random Forest, XGBoost and Neural Network 
approaches were chosen. To enhance the robustness of the feature importance 
estimates and the accuracy of the models, the training process was repeated 20 times,  
and the average values were calculated.

We proposed using two independent models that will forecast the risk of social 
conflict: one based only on socio-economic indicators and the other based only  
on demographic indicators. This approach allows a clearer focus on each component.

Figure 5 visualizes the accuracy of the models’ predictions based on Random 
Forest. The left panel shows that, when using only socio-economic factors the forecast  
is not perfect, but can be considered reasonably reliable. The right panel shows  
the accuracy of the model that forecasts based only on demographic structure.  
The diagram shows that test examples tend to deviate further from the diagonal, indicating 
a greater difference between predicted and actual values.
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Figure 5. Accuracy of Random Forest forecasting next-year risk  
of social conflict when using only socio-economic indicators (left)  

and only demographic structure (right)

The results are presented in Table 6. The average score of R-squares on the test 
set, obtained using only socio-economic factors, ranges from 0.64 to 0.66 (standard 
deviation 0.02–0.03), indicating that the models are adequate and exhibit close levels 
of accuracy. A similar pattern was observed when using the mean squared error (MSE) 
metric, although XGBoost was slightly worse in both cases.

The evaluation of the average score of both metrics in the test set, obtained using only 
demographic factors, is approximately half as good as models based on socio-economic 
factors (see Table 6). The Neural Network produced the lowest result (R2  – 0.19), while 
the best performance was achieved by the Random Forest (R2  – 0.32). The results of 
demographic models may be explained by the parameter  being set to 0.5 in Equation 4. This 
adjustment was aimed at reducing the influence of nationwide demographic trends, making  
the assessment of similarity more consistent over time. However, socio-economic factors 
tend to be considerably more distinctive.

Table 6. Average metric scores on the test set for different forecasting models
                  (SD – standard deviation)

Method Input R-squares Mean squared error

Neural network socio-economic 0.66 (SD 0.03) 0.103 (SD 0.01)

Random forest socio-economic 0.65 (SD 0.02) 0.103 (SD 0.01)

XGBoost socio-economic 0.64 (SD 0.02) 0.108 (SD 0.01)

Neural network demographic 0.19 (SD 0.05) 0.248 (SD 0.02)

Random forest demographic 0.32 (SD 0.02) 0.204 (SD 0.01)

XGBoost demographic 0.29 (SD 0.03) 0.217 (SD 0.01)
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Figure 6. Feature importance of the socio-economic model  
(Random Forest, Gini impurity)

Figure 7. Feature importance of the demographic model  
(Random Forest, Gini impurity)

Figure 6 presents the feature importance levels for the Random Forest model 
based on socio-economic indicators. The most influential factors are “retailturnover”, 
“foodseats”, “hospitals”, and “roadslen” (see Table 1). These indicators capture not 
only the degree of development of a municipal entity, but also provide indirect insights 
into its profile. For example, the length of the roads per capita reflects both the level  
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of infrastructure and the topology of a settlement. Municipal entities with a single  
city-forming enterprise could have relatively short road networks, while areas with 
extensive agricultural land are more likely to be characterized by longer road systems. 
A higher level of “retailturnover” and “foodseats” can indicate the urban profile  
of a municipal entity and a predisposition to the certain way of life. These factors link 
the risk of protest to material conditions but also at a deeper level of territorial profile, 
increasing their importance in forecasting.

Given the lower accuracy of the demographic models, the reported feature importance 
should be interpreted cautiously. Figure 7 shows that among the most influential features 
is the proportion of men, particularly in the 20–39 age groups. Although men have 
historically participated in protests and showed political activity in Russia at higher rates 
than women, recent years show a trend toward greater gender balance.

Discussion and conclusion

The socioeconomic and demographic environments of municipal entities that had 
experienced significant social protests were examined. Conflicts were classified  
as ethnic, ecological, or industrial, and dependencies were identified, linking  
the occurrence of specific types of conflict to socio-economic conditions and 
demographic structure. These observations provided additional justification for including 
both components in assessing similarity to conflict-affected municipal entities, testing  
the hypothesis that a high degree of similarity between two entities makes it reasonable 
to expect a comparable social response to the same trigger.

For similarity assessment, Equation (4) proved adequate in the analysis. Its adequacy 
was primarily confirmed by the observation that municipal entities generally showed the 
highest similarity to themselves in different years and to their neighbors. The metric 
was evaluated in the context of the hypothesis. In particular, the similarity assessment  
for a specific conflict-affected case (Krasnoarmeysky District) provided evidence  
in favor of the hypothesis, since the most similar municipal entities demonstrated not 
only high social activity, but also protests about the same issue.

The adequacy of the metric made it possible to propose a method that uses the entire 
set of conflict cases to calculate the overall risk of social conflict. Under the assumption 
that the proposed hypothesis is valid, similarity to several conflict cases can serve as an 
indicator of social tension and/or elevated social activity. The ranking method allowed 
the identification of municipal entities that exhibited similarity to multiple conflict cases 
simultaneously. A detailed analysis of these entities revealed various significant social 
conflicts that had not received a wide coverage in the media. The ranking method showed 
statistically significant results compared with random selection (р_value ≈ 0.04).

The ability of machine learning to forecast the dynamics of the risk of social conflict 
and to determine feature importance was also examined. Several regression models were 
tested separately for socio-economic and demographic indicators. The  models based 
on socio-economic factors demonstrated an adequate level of accuracy (R2 ≈ 0.66), 
particularly considering that this was a preliminary investigation without direct model 
optimization. At this stage, the Random Forest showed the best performance; however, 
further optimization is required.
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The methodology, based on city-to-city similarity, can serve as an additional 
tool for urban planning and policy decision-making, as well as in the theoretical study  
of social protests. The conflicts analyzed in this study occur all over the world, suggesting 
that the method could be applied in any country where similar socio-economic  
and demographic data are available.
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Аннотация

Целью исследования является разработка методологии оценки и прогнозирования риска 
социальных протестов (конфликтов) на муниципальном уровне с использованием соци-
ально-экономических и демографических факторов для оценки сходства муниципальных 
образований. Исследуемая гипотеза предполагает, что населенные пункты с высоким 
уровнем сходства имеют такую же предрасположенность к определенным типам со-
циальных конфликтов.

В рамках исследования гипотезы были отобраны современные и наиболее острые 
социальные конфликты в Российской Федерации, которые получили широкую огласку  
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в общественно-медийном пространстве и обладают потенциалом демонстрации чув-
ствительных отличий социально-экономической и демографической среды конфликтных 
муниципальных образований на момент возникновения протестов. Всего был исследован 
21 конфликт, среди которых «Шиес», Чемодановка, Крыктытау и другие, разделенные  
в свою очередь на три группы, – экологические, этнические и индустриальные. Результа-
ты анализа показали наличие зависимости между группами конфликтов как по социаль-
но-экономическим факторам, так и по демографической структуре, что соответствует 
предлагаемой гипотезе: были выявлены, во-первых, отличительные особенности конфлик-
тов, во-вторых, были обнаружены обоснования использования демографической компо-
ненты при оценке сходства муниципалитетов, пострадавших от конфликта.

В работе предложен критерий оценки сходства муниципальных образований. Расчет 
строился на вычислении расстояния в многомерном пространстве социально-экономиче-
ских и демографических факторов. Экспериментальный анализ показал приемлемость ис-
пользуемого показателя в качестве индикатора поиска сходства муниципальных образова-
ний. На основе исследования данного критерия удалось найти подтверждения исследуемой 
гипотезы. Если в конкретном муниципальном образовании обнаружена конфликтная ситу-
ация, то из всех муниципальных образований аналогичная общественная реакция на тот 
же раздражитель проявилась в тех, у которых высока мера сходства с ним.

Новизной рассматриваемой работы является алгоритм ранжирования для оценки 
риска социальных конфликтов с использованием показателя сходства с известными слу-
чаями социальной нестабильности. Ключевая идея предложенного метода заключается 
в том, что совокупное сходство некоторого муниципального образования сразу с несколь-
кими конфликтными муниципальными образованиями должно свидетельствовать о высо-
кой социальной напряженности, то есть являться своего рода мерой риска возникновения 
социальных конфликтов. В результате применения данной методики были выделены сле-
дующие муниципальные образования с самым высоким социальным риском – Туапсинский 
муниципальный район, город Новоалтайск, Кандалакшский муниципальный район и город 
Апатиты. Ретроспективный анализ перечисленных образований на предмет конфликтов 
позволил во всех случаях выявить социальные протесты. Таким образом, уровень резуль-
тативности предложенного метода ранжирования оказался статистически значимым 
относительно случайного отбора и на данном этапе является достаточно многообеща-
ющим, что мотивирует продолжение исследований с целью всесторонней оценки прогно-
стической точности, а также оптимизации параметрических настроек. 

Также в исследованиях социальных протестов высокое значение имеет возможность 
адекватного оценивания динамики конфликтов. В связи с этим в рассматриваемой рабо-
те была дана первичная оценка реальной перспективы прогнозирования будущего риска 
социального конфликта, определенного посредством предложенного метода ранжирова-
ния. Для исследования данного вопроса были применены различные алгоритмы машинного 
обучения (метод случайного леса, нейронная сеть и XGBoost). Полученные результаты 
позволяют оптимистично говорить о возможности прогноза социального риска. Помимо 
этого, модели прогноза были использованы для дополнительного анализа социально-эконо-
мических и демографических факторов с точки зрения мониторинга их значимости для 
прогноза социальной напряженности.

Предложенный метод может быть применен в качестве одного из компонентов  
в мультиагентной системе искусственного интеллекта для социально-экономического 
планирования и управления, а также может быть задействован в качестве дополнитель-
ного инструмента при исследовании и прогнозировании различных протестных процессов, 
включая применение в теоретических целях. Отобранные для исследования конфликты, 
использованные в методе ранжирования, не являются уникальными только для России, 
поэтому метод может быть применен в любой стране, в которой доступны сходные со-
циально-экономические и демографические данные.
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