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Abstrakt

Kuritegevuse ja sotsiaalmajanduslike ning ruumiliste tegurite vaheliste seoste analiils
otsustusmetsa abil: Tallinna juhtum

Kuritegevuse ruumilised mustrid ja selle sotsiaalmajanduslik taust on olulised teemad
kuritegevuse uurimises. Selle t66 eesmark on ennustada otsustusmetsa mudeli abil kuritegude
arvu igas 500m-ruudus Tallinnas ning tuvastada peamised kuritegusid soodustavad tegurid.
Masindppe mudelid ei seleta muutujate vahelisi pohjuslikke seoseid, kuid tdstab esile véimalikud
korrelatsioonid, mist6ttu tuleb kuritegevuse tegureid kasitleda Tallinna kontekstis. T60
tulemustest selgus, et kuritegevuste arvuga on kdige tugevam seos kaubanduslikel huvipunktidel.
Need peegeldavad majandustegevuse ja inimeste koondumist, mis on voivad Kkuritegevust
soodustada. Teiseks selgus, et avaliku korra rikkumiste arvu suurenemine oli seotud Guripindade

arvu ja madalamasse sotsiaalmajanduslikku gruppi kuuluvate elanike arvuga.

Maérks6nad: otsustusmetsa mudel, masindpe, kuritegevuse ennustamine, mitme muutujaga anallius

S230 Sotsiaalne geograafia

Abstract

Analyzing the relationships between crime and socio-economic and spatial factors using
random forest: a case study of Tallinn

The spatial factors of crime and its socioeconomic background are important topics in crime
research. This study uses a grid framework to represent various spatial, environmental, and
socioeconomic factors across Tallinn in 500-meter grids. The study aims to predict the number of
crimes in each grid cell through a random forest machine learning model and identify the main
contributing factors. Machine learning models do not explain causal relationships between
variables but highlight possible correlations, so crime factors need to be discussed within Tallinn's
context. Among various types of crime, the factor of commercial locations shows the strongest
relationship with the number of crimes. These reflect the concentration of economic activities,
assets, and the gathering of people, which are important conditions for crime motivations.
Secondly, factors such as the number of renters and the population with low socioeconomic status

are associated with the number of crimes against public order.
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1. Introduction

Urban crime is an important topic in many domains. This topic reflects how people constitute the
essential values and understanding for the operation of urbanized societies, and crime is considered
an obstacle to effective operation. Research on the topic of crime is multifaceted, covering a variety
of aspects. With the element of opportunity and rational choice, crimes are committed after
considering potential gains and costs (lliyasu et al., 2022). This aspect also facilitated discussions
in crime prevention by effectively utilizing environmental designs, penalties, and law enforcement
to reduce opportunities and increase the risks of committing a crime. (lliyasu et al., 2022; Jones &
Fanek, 1997; Rand, 1982). The studies with social aspects are also crucial in exploring the
structural factors that influence the formation of crime, e.g., the disadvantaged status based on
poverty, inequality, segregation, and discrimination (Rand, 1982). Besides, urban morphology
pays attention to the patterns and trends of crime's temporal and spatial distribution and the factors
associated with crime. It explains how these influential factors are connected (Iliyasu et al., 2022).
The impact of the unique characteristics of the Estonian capital city, Tallinn, on the spatial
distribution of crime remains to be explored, particularly its overlapping segregation in terms of
ethnicity, economy, occupation, and housing types that have persisted since the Soviet era. Even

after regaining independence, the transformation has driven it towards a more polarized society.

Different hypotheses have been proposed to answer the relationship between spatial,
environmental, and socioeconomic factors and crime, resulting in a diverse and thriving research
landscape for analyzing crime, which also influences the development of crime prediction methods
(Massey, 1995; Krivo et al., 2015; Cozens, 2011; Vogel & South, 2016; Tokey, 2023). Initially,
crime prediction required significant effort and costs for data collection. Still, with the increasing
availability of government open data and crowd-sourcing data, researchers can more easily

conduct analyses based on local contexts, enriching research outcomes.

Research methods have also seen significant development in recent years. Kounadi et al. (2020)
reviewed methods for predicting crime occurrence, e.g., Hotspot analysis using binary classifiers,
which compare data layers to illustrate the correlation between them; Kernel-based estimation,
which constructs curves extending outward from cores with decreasing intensity as distance

increases, representing the influence and range of attributes of the sample points. This method



involves selecting different numbers of core points, attribute weighting, and basic strategies.
Machine learning is a popular approach that involves models learning features from sample data.
The models then validate the results and determine optimal features and parameters through
repeated iterations. Deep learning, on the other hand, is used for handling large datasets; it involves
extracting deep features from sample data, followed by validation and model building (Kounadi et
al., 2020)

The advantage of machine learning in handling multivariate data is that it allows researchers to
explore the relationships between variables and adjust learning strategies to improve prediction
accuracy. Also, interpretability remains a challenge in machine learning. Models can reveal
possible correlations between data features, but translating these relationships into actionable
crime prevention strategies still requires discerning the nature of these relationships (Mandalapu
et al., 2023).

The study explores the relationships between crime events and socioeconomic and spatial factors

in Tallinn City. Here posed two research questions:

1. What spatial and socioeconomic characteristics are most likely associated with crime
incidents? Is there a difference when considering the various types of crime?
2. How well can the random forest model predict the spatial distribution of crime? How can

the connections among the factors in the context of Tallinn be explained?



2. Theoretical overview

The nature of crime is regarded as a violation of the common rules, undermines people’s sense of
safety, and prevents them from engaging in productive social activities (lliyasu et al., 2022). Most
people may not experience true crime themselves. Still, the loss of public awareness might be more
influential when the fear of crime associates public places with potential crime sites and stops
citizens from engaging in their public and private lives (Rand, 1982). Several perspectives help to
think about the causes of crime and the possible factors involved in crime. Social disorganization
theory notes the weak links between individuals, institutions, and the communities in which they
live, reducing the degree to which individuals are constrained by society. The loss of social
connections could make individuals involved in criminal activities or make them vulnerable
enough to become victims. The theory of daily routine suggests that crimes are always present in
society, and the level of opportunities for crime occurrence changes dynamically along with
profitability and costs (Graif et al., 2014; Ceccato, 2009).

2.1 Spatial factors influencing crime

Suppose we view crimes as a deviation from the expected well-functioning urban environment or
as areas where social norms are not met. In that case, it may prompt us to consider ways to
strengthen the urban environment or address any deficiencies in creating a high-quality urban
environment (lliyasu et al., 2022; Jones & Fanek, 1997) and result in the following discussions:
(1) In the field of urban planning: How land use and parcels are connected to crime activities; (2)
In the field of urban design and architecture: How public spaces and human constructions are
linked to criminal activities; (3) in the field of geography: How spatial patterns of crime are

embedded in society and time (lliyasu et al., 2022).

Land use is one of the most essential ways to construct the urban form and is fundamentally
intertwined with all aspects of daily life. In recent decades, the New Urbanist narratives encourage
urban planners and city governments to consider high-dense and mixed land use to accommodate
people’s city life better and utilize public resources in a more concentrated and efficient manner.
Jane Jacob’s ‘Eyes on the street’ depicted the ideal urban social life in that people attend to one

another with a strong sense of ownership of the street by the people and keep crimes away from



communities (Cozens, 2011; Johnson & Bowers, 2010). Jacob’s concept is welcomed by many
city governments not only for the ways of land use but also for street design for seeking more
walkable and permeable neighborhoods (from Johnson and Bowers, permeability is ‘a construct
devised to reflect and summarize how the street network influences pedestrian and vehicular

movement’) (Cozens, 2011; Johnson & Bowers, 2010).

However, Cozens (2011) examined that good practices in urban planning may not always be good
practices in crime prevention, such as a permeable neighborhood is good for inhabitants to
commute and access the nearby public amenities, but it also leads to higher chances of being
penetrated by burglary; mixed-use brings commercial attractions to residential areas and exposes
valuable private properties to the potential offenders; high density in population means high
alienation and complexity and bystanders’ passive interventions which makes crime occurring
more easily. The above may not completely dismiss the value of New Urbanism. However, it is
still hard to tell what types of land use could be resistible to crime occurrence without further

inspection.

Rand’s study (1982) gave a possible explanation that the area primarily devoted to family housing
has relatively lower crime rates than mixed-use areas. This is because neighboring families tend
to share the same interests and needs in communities and are more likely to attend to their
community. For the same reason, high-rise housing and large buildings have higher crime rates
due to the lack of familiarity between residents (Rand, 1982). Considering the population and
urban fabric differences, Tokey (2023) argued that single-residential areas might be safer in some
cities than mixed-use areas. However, in some cities, high-density residential areas may be more
hazardous. Favarin (2018) found that the social disorganization theory effectively accounts for the
concentration trends of burglary and robbery in Milan, Italy. The study revealed that these types
of crimes are significantly reduced in street segments with mixed-use properties. This can be
attributed to the fact that burglaries are more likely to take place in residential areas and that mixed-
use street segments benefit from greater informal social control. These observations largely agree
that maintaining adequate social interaction contributes to community safety. However, there is no
premise for what correlation between population size and neighborhood scale that can support

lower crime rates.



Another aspect of analyzing urban crime is how offenders physically come into contact with the
potential targets or how offenders can escape from the crime scenes as fast as possible. The issue
of street permeability has become central to considering how to deliver less crime and more
sustainable urban design (Cozens, 2011). The dispute in permeability revealed two different
perspectives in terms of crime prevention. The social control based on the ‘Eyes on the street’
defers crime commitment; another is blocking potential risks outside the community can reduce
crime effectively (Cozens, 2011; Johnson & Bowers, 2009). Conversely, Johnson and Bowers’
study (2009) argued that increased permeability is associated with elevated burglary crimes. Their
study analyzed the street configurations and took an approach to measure the types of roads and
their intended functionalities. The analysis indicated that major roads were more associated with
burglary, and private roadways and cul-de-sacs were less influenced by criminal activities
(Johnson & Bowers, 2009).

In Tallinn, most robberies occur in the center and non-residential areas; they are also observed
outside the city center, especially along the major roads, stations, and local centers in mixed-
residential land use areas. Also, higher robbery rates are found in census tracts with lower
population density and weaker social control than in denser areas. (Ceccato and Oberwitter, 2008;
Ceccato, 2009).

Researchers have different observations on how spatial and environmental factors influence crime.
Generally, by examining the types of roads and land use, studies identify specific locations' value,
chances for offenders to arrive and leave, chances for offenders to encounter targets, and the
conditions under which offenders are detected or ignored, thereby establishing connections with

criminal incidents.
2.2 Socioeconomic factors influencing crime

On the other hand, some studies tend to place crime within the social context of age, race, income,
and privilege or deprivation (Ceccato, 2009; Vogel & South, 2016; Hirschfield et al., 2013). In the
United States, Massey (1995) conducted a study on the high rates of crime, poverty, and
segregation faced by Black ethnic groups. The study highlighted a series of interconnected factors

that contributed to increased violence and stated that the social process of Black segregation was

10



due to the exclusion from the White dominant neighborhoods and estate markets since the Black
groups had no way to escape from the poverty and crimes in the segregated neighborhoods,
adapting the niche of violence became necessary (Massey, 1995). Krivo (2015) studied the cities
in the United States and pointed out some connections between crime and socioeconomic
characteristics, e.g., segregated and disadvantaged neighborhoods have higher crime rates.
Minorities living in unstable residential conditions also experience higher crime rates. Immigration
also has a stronger relationship with property crime than other factors (Krivo et al., 2015). Vogel
and South’s study (2016) focused on neighboring areas other than young offenders’ neighborhoods.
They found that more crimes were reported in the wealthier neighborhoods if they were located
near the neighborhoods with lower socioeconomic conditions. Considering the incentives of
offenders, Rand (1982) similarly discussed that adolescents tend to commit affective-driven crimes
(less profit-oriented or less considered), which often happen near their homes. Conversely, crimes
committed through rational calculation usually maintain a certain distance from the offender's
residence. Livingston et al.'s (2013) study in Glasgow, Scotland, investigated the effects of
diversifying housing tenure. Diversity is generally seen as a favorable policy that promotes local
connections, prevents polarization, and encourages community integration across various aspects
such as age, ethnicity, economics, and housing tenure. Livingston et al. (2013) argued that having
a mix of different housing tenures can lead to lower crime rates. This argument is supported by the
idea that communities with diverse housing tenures are more likely to share internal resources,
leading to positive development for different social groups and an equal and effective distribution
of external resources. However, the downside is that too much diversity might reduce community

integration, potentially leading to conditions that favor social disorganization.

In the case of Estonia, Ceccato and Oberwittler (2008) compared Tallinn with the Western
European city Cologne; there are not too many fundamental differences in crime spatial patterns
between them. However, the research provided a different finding compared to earlier research.
Without considering land use, the importance of social disorganization (referring here to the
proportion of different ethnic groups) for predicting robbery is moderate; after incorporating land
use variables (referring here to the locations of pubs and bars), the inferred importance of social
disorganization increases significantly (Ceccato, 2009). Compared to the United States and

Western Europe, where ethnic segregation is often closely associated with crime, the history of
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segregation in Tallinn differs from that in Western Europe. In contrast to other European cities,
where ethnic minorities mainly immigrated recently from non-European countries, the ethnic
minorities in Tallinn are relatively homogeneous and have been living in Estonia since the Soviet
era (Tammaru et al., 2016). These backgrounds make the connection between crime and

segregation in Tallinn unique and worthy of further analysis.

Socioeconomic factors are closely related to local contexts, such as population composition, age,
ethnicity, and neighborhood or community characteristics, and are often observed in crime studies.
Factors like poverty, disadvantage, and segregation are often positively correlated with crime.
Moreover, socioeconomic factors may not exist solely but can influence each other, affecting

social ties that either enhance or deter opportunities for crime.
2.3 Spatial modeling of crime

Early research in criminology has already stated that crime does not occur randomly, and various
studies, from the environment, society, and other perspectives, have all tried to explore crime
patterns. Due to the development of analysis techniques and methods, establishing predictable and

verifiable models has become an important part of crime research (Kounadi et al., 2020).

Ceccato (2009) used aspects of social disorganization and daily routine to analyze the distribution
of various types of crime in Tallinn. The study employed standardized offense ratios as the
dependent variables of an ordinary least regression model and identified the potential incentives

for multiple types of crimes and the spatial trends of where these crimes occur.

Some machine learning methods have been implemented in crime prediction. Random forest is
also a widely used machine-learning model in crime prediction (Kounadi et al., 2020). It is a non-
parametric machine learning method that is well-known for its efficacy and accuracy. Random
forest is an ensemble of trees algorithm that predicts the results by extracting the most influential
features and splitting criteria. It uses the bagging method for random sampling to gradually
increase the accuracy and generalization ability of the model (Breiman, 2001); it further benefits
from two of its features: (1) the randomness denotes the model randomly selecting subsets among
predictors that prevent overfitting, and (2) forest denotes the model growing many trees to identify

which parts are overlapped and impactful (Reade et al., 2019). Compared with Linear-regression-
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based models, which usually assume data has a pattern of similar residual distribution and data
value distribution and is sensitive to multicollinearity, Tree-based algorithms are non-parametric
methods without making assumptions; they could contribute to good prediction even with a ‘small
perturbation’ on the dataset and helpful in handling data types with nonlinear relationships. (Alves
et al., 2018; Lotfata, 2023).

The study of Xia et al. (2021) utilized the random forest classification to predict the drag crime
hotspots. It used socioeconomic and built environment factors with spatial and temporal variables
for prediction and achieved remarkable accuracy (90.7%) in prediction; it also identified some
important factors, e.g., vacant lots, vacant buildings, low-wage workers, the share of high-level
education, and the share of the population in working ages. Wheeler and Steenbeek (2020)
implemented a random forest model to identify risky terrains associated with crimes. They
explained the methods for interpreting the interaction of variables and threshold effects by
examining the local effect from a single factor on the model. Random forest can be further
incorporated with spatial features. Random Forest Spatial Interpolation (RFSI) incorporates
factors such as the values and distances of the nearest training data in the prediction results (Sekulic,
2020). The two-point ML model extracts the spatial information of variables. Each attribute value
of each sample is bidirectionally calculated with every other sample's attribute value (as a two-
point distance), establishing a semivariance matrix that is then segmented into training and testing
data inputs for the model (Gao et al., 2022). Geographic Random Forest (GRF) transforms
neighboring sample values into a spatial weighted matrix and iteratively tests to find the optimal
number of neighbors (Lotfata et al., 2023).
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3. Data and methods

3.1 Study area

The study area of Tallinn is the capital city of Estonia, with 458,398 inhabitants in an area of
159.39 square kilometers (Tallinn city government, 2023). This study categorized the eight
administrative districts of Tallinn into four conceptual zones (Figure 1) based on previous research

on the distribution of ethnicities and building types (Tammaru et al., 2016; Leetmaa et al., 2018).

In the city center and inner city, including Kesklinn, Kristiine, and Pdhja-Tallinn, intense
gentrification is occurring in some neighborhoods, with high socioeconomic status residents

replacing those of lower socioeconomic status (Leetmaa et al., 2022).

Historically, the city center experienced community decline, leading to population outflow to the
periphery areas; however, in recent decades, affluent groups have returned to the city center and
areas previously occupied by factories and military facilities, introducing new high-priced
developments (Tammaru et al., 2016; 2021). This zone is also a political and commercial center

and a popular place for tourism (Tallinn city government, 2022).

In the zone of panel housing estates, these areas include Mustamée, Vaike-Oismae in Haabersti,
Lasnamae, and Pelguranna and Kopli in PGhja-Tallinn. Some areas face decline, while some areas,
like Mustamée, are more successful in attracting new developments and residents with high
socioeconomic status (Leetmaa et al., 2018). Lasnamae is the district with the largest population
and is also a district where the Russian-speaking population is significantly overrepresented

(Tallinn city government, 2022). These areas have recently shown higher degrees of aging.

Outer city zones, including Pirita, N6Gmme, and Haabersti, traditionally house residents of high
socioeconomic status due to their extensive green spaces and low-density housing (Tammaru et
al., 2016).
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Pohja-Tallinn

Lasnaméae

Haabersti

Conceptual zones
City center
Inner city
Panel housing estates
Outer city

Figure 1. Tallinn and administrative districts and conceptual zones.

Tallinn constantly faces new opportunities and challenges as it struggles with its historical legacy.
The city is vibrant, with businesses connected to other European countries (Tallinn city
government, 2022). New commercial and residential development projects have emerged, driven
by profit incentives (Tammaru et al., 2016). This creates valuable job opportunities, commerce,
and entertainment in the city center and revitalizes previously old, underused, or abandoned areas
(Ruoppila, 2007; Tammaru et al., 2016). Meanwhile, non-Estonian groups, particularly Russian-
speaking groups, which are ca. 31% of total inhabitants in 2023 (Tallinn city government, 2023),
have become increasingly concentrated in certain Soviet-era block housing, and their

socioeconomic status has also declined (Leetmaa et al., 2018).

The segregation in Tallinn originated during the Soviet era when the population and urbanization
were increasing. Block housing, public services, and education were built to meet industrial or
governmental needs. Russian-speaking immigrants from other Soviet countries settled together to
achieve economies of scale. Despite numerous new block housing developments, they were

insufficient to accommodate the rapidly growing population. As a result, Estonians were often
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neglected by block housing supply and generally preferred traditional family homes in older
neighborhoods (Tammaru et al., 2016). Segregation persisted even after the end of the Soviet era.
Eastern European countries have generally undergone social, political, and economic
transformations, leading to reformation in all aspects. During the transition from a state-planned
economy to marketization, the relatively equal but static social and economic activities in the
Soviet period began to be led by highly educated and competitive social groups. This shift results
in polarization of the occupations, lifestyles, and housing patterns. Many European cities,
including Tallinn, have consequently faced rapidly increasing levels of segregation (Tammaru et
al., 2021).

The restitution and privatization of housing in Estonia led to significant changes in property values,
with large Soviet-era apartment complexes decreasing in value. At the same time, single-family
homes saw an increase in estate value due to the recent market-oriented economy (Tammaru et al.,
2016). In 2000, the privatization of housing ownership reached 98%, and only 2% was owned by
governments; state-led urban planning and housing policies were no longer effective, giving way
to profit-oriented development plans by private enterprises (Tammaru et al., 2016). In privatization,
houses became commodities that could be exchanged on the market. At the same time, due to
economic growth, new estate projects targeting residents with high socioeconomic status became
popular (Tammaru et al., 2021). The drastic changes in ownership also altered the responsibilities
regarding housing management. Private house owners bear greater management and maintenance
pressures (Leetmaa et al., 2018). After 2004, protective measures during the privatization
transition phase were lifted, and the subsequent economic crisis from 2008 to 2010 reduced
households' ability to afford housing expenses. During this period, those people entering the
housing market were younger generations born in the late Soviet era or after independence, who
did not benefit from the previous wave of privatization and could not afford high-priced housing.
As a result, they could only choose Soviet-era apartments or become renters (Tammaru et al.,

2016). All these economic and ethnic inequalities shape the unique urban fabric of Tallinn.
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3.2 Data

The crime data from the Estonian Police and Border Guard Board was classified and used as the
dependent variables. The covariates used the roads, land use, points of interest (POIs), green spaces,

housing, and demographic and socioeconomic data.

Crime data

Crime data was acquired from the Estonian Police and Border Guard Board’s (2023) crime
incident statistics. The data consists of the jurisdiction of the incidents, types, violated places,
violated laws, loss, prevention methods if they exist, and the date and time of the incidents from
2018 to 2022. Crime data was exported from the police procedural information system and updated
weekly. This study excluded data from 2023 due to changes in data collection methods and

incomplete data when the study began.

The location of each incident was anonymously recorded within a 2,500 square meter range (500-
meter grid) in urban areas and a one square Kilometer range (1000-meter grid) in city outskirts,
suburban, or rural areas. To avoid the complexity of the model, crimes were classified into two

types: crimes against public order and crimes against property (Table 1).

Solely considering the number of all crime incidents, crimes against property are the most
numerous, so the spatial distribution of this type is similar to that of all crimes (Figures 2 and 3),
where hotspots in the inner city and the housing estates can be identified. The overall number of
crimes against public order is relatively small. This type of crime can be found in the city center
and spreads to the surrounding areas, forming a belt-shaped hotspot covering the inner city and the

housing estates (Figure 4).

17



Table 1. Crime variables.

Total number of crime

Crimes against public order Crimes against property o
incidents
Original e Vandalism e Pocket robbery Incl. crimes against public
types e Public gathering e Robbery order and crimes against
e Violate public order o Bike theft property.
e  Conflict/ arbitrary o Keep/sell stolen property
e Litter o Metal theft
e Drug case o  Theft
e  Forestry theft
o Motor theft
Number 6,104 47,548 53,652
Pirita
Pohja-Tallinn .
= |
l Lasnamae
Hasbersh B iine Kesklinn ..
&=
Mustamae Total crime incidents
1-120
121-370
371-770
W 771-1530
Némme M 1531-3104
0 25 5km
| —

Figure 2. The spatial distribution of all crime incidents.
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ae Crimes against property
B 1-100
[ | 101 - 340
I 341-730
W 731 - 1400
Nomme M 1401 - 3046
0 25 5km

Figure 3. The spatial distribution of the crimes against property.

Pirita

Lasnamée

Crimes against public order
1-10
1-25

I 26-50

Ws51-75

Nomme W 76-134

0 25 5km

Figure 4. The spatial distribution of the crimes against public order.
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Roads

The Estonian Topographic Database (ETAK) maintained the road data and released it on January
2, 2024 (Estonian Land Board, 2024). This study referred to Johnson and Bowers' (2009) study
and applied a simplified classification (Table 2). Since no information was available on private
roads in the data, this class in the original research was disregarded in this study. Additionally,
instead of weighting based on the class of roads and the number of connections to other streets,

the length of each type of road was calculated as an independent spatial variable.

Table 2. Classification of Roads.

Trail Neighborhood level City level
Consist of e Track and path e  Pedestrian and e  Main road
e Local road bicycle route e Basic road
e  Street e Secondary road

e Connecting road

Description Internal connectivity External connectivity External and city-wise
connectivity

Land use

Land use data was acquired from Urban Atlas Land Cover/Land Use 2018 (The Copernicus Land
Monitoring Service, 2018). It is maintained by the Copernicus Land Monitoring Service and
contains 788 functional urban areas with more than 50,000 inhabitants. The map layer consists of
17 types of land use and cover. In this study, four major urban atlas types with the highest
proportion in the study area were selected, and their respective area was calculated in square meters
for each grid cell (Table 3). These different types of land use help to identify the primary forms of
commercial, residential, road, and other uses on the plot. Some of these types indicate the
proportion of buildings on the plot and the ratio of primary and other land uses within the plot (The

Copernicus Land Monitoring Service, 2023).
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Table 3. The chosen types of urban atlas.

Discontinued dense

urban fabric

Discontinued
medium dense

urban fabric

Industrial,
commercial, public,
military and private

units

Continuous urban

fabric

Description Residential
buildings, roads and
other artificially

surfaced areas.

Green spaces

Residential
buildings, roads and
other artificially
surfaced areas. The
vegetated areas are
predominant, but the
land is not dedicated
to forestry or

agriculture.

At least 30% of the
ground is covered by
artificial surfaces.
More than 50% of
those artificial
surfaces are occupied
by buildings and / or
artificial structures
with non-residential
use, i.e. industrial,
commercial or
transport related uses

are dominant.

Predominant
residential areas with
a high degree (more
than 80%) of soil
sealing, incl.
residential areas in
city centers, and
central business

districts.

Green space data was maintained by the Estonian Topographic Database (ETAK) and released on
January 2, 2024 (Estonian Land Board, 2024). Data was extracted from the following map layers:
(1) green area and wasteland (wasteland was excluded from the further process for its relatively
small portion in the study area), and (2) forest and shrub. The area in square meters in each grid

cell was then calculated (Figure 5).
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Figure 5. The distribution of green space.

POls

Points of Interest (POIs) data was produced by the Open Street Map project. The POls dataset (the
version released on January 2, 2024) used in this study was acquired from a branch repository of
Geofabrik (2024). This study reclassified POIls into four categories to improve interpretation
(Table 4). A detailed list of POI types can be found in Appendix 1.

The commercial, public service, and camera surveillance POIs are all prominently located in
Kesklinn (Figures 6, 7, and 9), especially the locations of surveillance cameras, most of which are
in Kesklinn, with a few scattered in other districts. In contrast, recreational POIs are distributed
more dispersed with a lower concentration and presence in the outer city zone (Figure 8).
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Table 4. Classification of POls.

Commercial Recreational Public service Camera
surveillance
Number of POls 2,563 405 2,581 3,912
Description Shops restaurants, or Places for tourism, Public services, Locations setup
accommodations on cultural, outdoor e.g., schools, with surveillance
payment. activities, and sport. hospitals, art and devices
cultural sites.
— —
Figure 6. The spatial distribution of the commercial POls. Figure 7. The spatial distribution of the recreational POls.

Figure 8. The spatial distribution of the public service POls. Figure 9. The spatial distribution of camera surveillance points.
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Housing types

The Estonian Land Board maintained housing type data. It integrated data from the Estonian
topographic database (ETAK), address database (Aadressiandmete susteemi), and housing
registration data (Ehitisregistri). The data was acquired in December 2023 and includes vector
layers, housing types, and building codes for residential properties (Estonian Land Board, 2023).
Data layers were further classified based on the common architectural forms in Tallinn, such as
standalone family houses (Figure 12), apartment houses (further divided into small-scale and large-
scale according to the number of units) (Figures 10 and 11), auxiliary houses (Figure 13), and other

types (Figure 14), as shown in Table 5.

Table 5. Classification of housing types.

Small-scale Large-scale
Standalone
apartment apartment house Auxiliary house Others
house house
Consistof |e  One- e Residential e Terraced e Cottage, e All except
apartment buildings house garden house the left types
residential withtwoor e Terraced
buildings more house or
e Residential apartments semi-
buildings e Residential detached
with two buildings house section
apartments with threeor e  Detached
more house
apartments
e  Other
residential
building with
three or more
apartments
Number of 941 8,817 16,628 922 2,878
buildings
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Figure 10. Small-scale apartment houses are distributed mainly in the inner city and outer city zones.
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Figure 11. Large-scale apartment houses distributed in the inner city significantly and secondly in N6mme.
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Figure 12. Standalone houses are in the outer city zone.
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Figure 13. Auxiliary houses are concentrated in some areas in Pirita and Haabersti.
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Figure 14. Other types show that the trend is centered in Kesklinn and scattered in different districts.

Demographic, socioeconomic, and housing data

The demographic, socioeconomic, and housing data were collected from the National Population
and Housing Census 2021. The census provides aggregated data on population by age group (in
10-year intervals from 0 to over 90), population by ethnic group (Estonian and Russian native
speakers), population by socioeconomic status (categorized as low, medium, and high according
to the International Standard Classification of Occupations), population by residential building
construction year (1945 and earlier, 1946 to 1990, 1991 and later), and population by housing
tenure (house owner or renter) for each by a 500-meter by 500-meter census tract. This dataset was

obtained through the Center for Migration and Urban Studies at the University of Tartu.

The distribution of high-status and low-status rates is complementary. High-status populations are
overrepresented in both the inner city and the outer city (Figure 15). In contrast, low-status

populations are overrepresented in the panel housing estate zone and some parts of PGhja-Tallinn
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of the inner city (Figure 16). The distribution of house owners' and house renters’ rates are also
complementary. Owner-occupied housing is prevalent in most parts of the city, especially in the
outer areas, followed by panel housing estates (Figure 17). The rates of house renters in the inner
city and sporadically in panel housing estates are higher. Some areas within the panel housing

estates have exceptionally high renter rates (Figure 18).

Lasnamae

Ratio of high-status in total
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L —

Figure 15. The distribution of the high-status population rate across all census tracks.
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Figure 16. The distribution of the low-status population rate across all census tracks.
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Figure 17. The distribution of the ratio of house owners across all census tracks.
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Figure 18. The distribution of the ratio of house renters across all census tracks.

Spatial covariates

To capture spatial relationships, the X and Y coordinates of the centroid of each grid were extracted

as covariates.
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3.3 Data pre-processing

There are two datasets with different grid systems. Estonian census data uses a 500m grid. Crime
data uses a 500m grid in urban areas and a 1000-meter grid for the outskirts of the city and areas
outside the metropolitan region. This study uses the 500-meter grid for further analysis. To
combine data from two grid systems, the numbers of crimes in the 29 1000-meter grid cells were
evenly distributed among the intersecting census tracts. (Figure 19). The categorical data,
including land use, POls, road, and housing types, were extracted and aggregated to align with the
grid cells. Numerical data, such as green space, demographic, socioeconomic, housing, and crime

data, were aggregated based on the quantities of each class within the grid cells.

500-meter grid and its coverage area
1000-meter grid and its cverage area

Figure 19. The intersection of census tract and crime grid systems.

31



In total, 40 covariates were used as predictors, and three dependent variables of the crime were

used as targets to be predicted (Table 6). The detailed descriptive statistics can be found in the

Appendix 2.

Table 6. All variables used for modeling.

Dataset Variable Unit
Crime Crimes against public order Number of incidents per grid cell
Crimes against property
Total crime incidents
Road Trail Length (meters) per grid cell
Neighborhood level
City level
Land use Discontinued dense urban fabric Avrea (square meters) per grid cell

Green space

Diversity of land use

Point of Interest

Housing type

Demographic,
socioeconomic, and

housing

Spatial

Discontinued medium dense urban fabric
Industrial, commercial, public, military, and

private units
Continuous urban fabric

Area of green space

Number of land use and green space types

Commercial
Recreational

Public services
Camera surveillance

Small-scale apartment house
Standalone house
Large-scale apartment house
Auxiliary house

Others

Age groups (10)
Ethnicity (2)
Socioeconomic status (3)
House conditions (3)
House ownership (2)

X and Y coordinates
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Avrea (square meters) per grid cell

Number of land use types per grid
cell

Number of points per grid cell

Number of houses per grid cell

Number of people per grid cell

X and Y coordinate of the grid

cell centroid



To process data into a format that a machine learning model can handle, the datasets were
processed into a tabular form, with each column being a covariable or a dependent variable. Each
row represented a grid cell containing features described by the columns. The structured tabular
form simplified the relationship between covariables, especially when all cells were lined up as a
one-dimensional array, and the original spatial relationship among the covariables might be
removed. The X and Y coordinates were added to maintain the spatial relationship. The data pre-

processing was conceptualized in Figure 20.

Crime

:~—’- - {7 _ Demography
Numericalformat  green space

. Land use
Categorical format Road
Housing type
POI

T . Dependent
B Covariables vatablas
.—= - v
e e = Grid Grid

cells

Figure 20. The conceptual workflow of pre-processing.
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3.4 Modeling

This study used the random forest regression model. Random forest utilizes a process of extensive
random sampling to extract features from the data. This creates a set of conditions used to
determine covariates and predict response targets. The method includes mechanisms for
computing generalized errors, impurity, and predictive strength. The various conditions can be
further manipulated and compared by determining the number of input samples and features to
underline the relationships between the features. Generally, random forest can produce good

predictive results, but this still depends on the quantity of the data (Breiman, 2001).

This study adjusted six hyperparameters and evaluated them using the out-of-bagging (OOB) error
rate metrics and the coefficient of determination (R?). These hyperparameters were (1) the number
of trees, which determines the number of resampling subsets; (2) the depth of trees, which denotes
to what degree the deep features can be extracted; (3) the maximum feature methods, which
impacted the complexity of the model by regulating the size of features in growing trees; (4) the
minimum number of samples required to split a node; (5) the minimum number of samples
required to form a leaf; the former two hyperparameters helped the model to learn from important
features and prevented the model from over-fitting; and (6) the maximum leaf node, which selected
the nodes with the least impurities to represent a tree. These hyperparameters helped to adjust
sampling strategies when growing trees and splitting nodes. The OOB error rate is based on data
points not included in the bootstrapped training set. OOB aggregated the errors between the
predicted values and these out-of-bag data points to estimate the model's accuracy. R? indicates to

what degree a variance of one variable can explain the variance of another variable.

To find the best hyperparameters, the study ran models with the number of trees, depth, and the
other hyperparameters, respectively. A 10-fold cross-validation was repeatedly run until all
possible combinations of the 9-fold data for training and one-fold for validation were completed.
The scores were averaged as the final validation result. The detailed scores for the models’
hyperparameters are in Appendix 3, 4, and 5. Based on the hyperparameter testing, this study
eventually used the hyperparameters for three models (Table 7) and fixed a value of 2024 for the

random state (it helped to get the same results with the same hyperparameters).

34



Table 7. Hyperparameters of all models.

Total number of Number of crimes Number of crimes
Model Crime incidents against property against public order
Train-Test split 70-30 70-30 60-40
Number of trees 70 100 70
Depth of trees 13 10 7
Maximum leaves in a node 6 6 5

Minimum samples of

splitting e 1o 10
Minimum samples in a leaf 18 16 10
Maximum features method Auto Auto Auto

3.5 Data and code availability

The random forest model was established using the Python library scikit-learn. Additionally, the
SHAP library was utilized for assessment. The data and code are available at

https://github.com/ansel-yu/RF Tallinn crime prediction.
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3.6 General model accuracy

In all three models of this study (Table 8), the performance concerning the total number of crime
incidents and crimes against property is reasonably good. From the evaluation metrics perspective,
both models have decent R? values during the training phase (R?scores 0.47 and 0.46). The RMSE
metric shows a significant range of errors that noticeably increased during the testing phase
(respectively, from 187.93 to 232.18 and 182.13 to 225.62). The model for predicting crimes
against public order performs better (R?scores 0.79 in the training phase and 0.62 in the testing

phase).

Table 8. Model comparison.

Model Total number of crime Number of crimes Number of crimes
incidents against property against public order
Training R? 0.47 0.46 0.79
RMSE 187.93 182.13 8.55
MAE 65.55 69.10 4.57
Testing R? 0.32 0.28 0.62
RMSE 232.18 225.62 11.68
MAE 97.36 96.31 5.69

In addition, this study used Al tools (Grammarly, 2024; OpenAl, 2024) to improve English writing
and correct language errors. Al tools helped test sentence clarity and provide suggestions for

improvement. The authors evaluated Al-revised content for alignment with the intended purpose.
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4. Results

4.1 Feature importance for all crime incidents

From the SHAP plot, the contribution of each variable to the model can be examined. Positive
SHAP values indicate a positive contribution to the model, while negative values indicate a
negative impact, with colors representing changes in factor values. Figure 21 presents the ten most
significant factors influencing the prediction of total crime incidents, revealing that only the
number of commercial POlIs significantly contributes to the model. Most factors have a negative
impact on the model when their values are small. Figure 22, the partial dependent plot illustrates
the effect of the number of commercial POIs on the prediction target while keeping other variables
constant. This shows the positive influence of the given covariable on the model's predictions. The

detailed effects of other important features on the models are in Appendix 6.
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neighborhood_level _road
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-
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SHAP value (impact on model output)

Figure 21. The SHAP values and important features of the total number of crime incidents.
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Figure 22. Partial dependent plot of the factor of commercial POls.

4.2 Feature importance for crimes against property

This model shows a similar pattern of the important factor (Figure 23). Only the number of
commercial POls has a significant contribution to the prediction (Figure 24). The detailed effects

of other important features on the models are in Appendix 7.
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Figure 23. The SHAP values and important features of the number of crimes against property.
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Figure 24. Partial dependent plot of the factor of the commercial POls.
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4.3 Feature importance for crimes against public order

This model demonstrates the highest predictive capability in this study, as evidenced by evaluation
metrics (R2 score 0.62) and the diverse factors contributing to the model's predictions (Figure 25).
These factors include the age group between 20 and 29, commercial POls, the number of house
renters, and the age group between 50 and 59 (Figures 26, 27, 28, and 29). The detailed effects of

other important features on the models are in Appendix 8.
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Figure 25. The SHAP values and important features of the number of crimes against public order.
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4.4 Spatial distribution of the residuals of the models

The residual values of the model help to identify the difference between the predicted and actual
values and whether there are patterns in the spatial distribution of these differences. The residual
distributions of the models of the total number of crime incidents (Figure 30) and crimes against
property (Figure 31) show significant residual fluctuation in the inner city and housing estate areas.

Meanwhile, the residual distributions of these two models are similar.
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Figure 30. Spatial distribution of residual for all crime incidents.

42



. Pirita

| [ |
|
W T T
[ [T |
|| EEENE HN BN EEEEm
] ||
n ..==. u || l.inamés
B N EEN
Kristiide Kesklinn [ |
||
[ | |
H UEE N
B Must.. | ] Residual of crimes against property
1] ] M -406.1 - -200
[ | | -200 - -40
O [ | -40--5
O 5-5
n 3. 5-40
M 40 - 400
M 400 - 2635.4
L
0 25 5km
|

Figure 31. Spatial distribution of residual for crimes against property.

For the crimes against public order, Figure 32 shows that the residuals are more centered on the
inner city. Although there is still a concentration trend towards the city center, it is less pronounced
than before, and a few fluctuations in the panel housing estates are also identifiable. Additionally,
due to the model's better performance, there is less variation in residual values compared to other

models.
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Figure 32. Spatial distribution of residual for crimes against public order.

44



5. Discussion

This study explores the spatial and socioeconomic characteristics most likely associated with crime
incidents in Tallinn and their contextual connections. With the help of the random forest models,
factors are identified. The most influential five are (1) the number of residents aged between 20
and 29, (2) the number of commercial POls, (3) the number of house renters, (4) the number of
residents aged between 50 and 59, and (5) the number of residents with low socioeconomic status.
Among these factors, the number of commercial POIs is effective in predicting all types of crime,

and other factors contribute only to the model of crimes against public order prediction.
5.1 The factor of commercial POIs

The factor of commercial POIs exhibits the broadest explanatory power among all factors in this
study. It indicates the pattern of crowd gathering and commercial activities, which could be linked

to the distribution of potential public order violators or property crime victims.

This discovery is similar to Ceccato’s (2009) research, which focused on bars and pubs as key
locations (the study classified bars and pubs as part of the commercial POIs category) and found
a notable positive correlation between these locations and nearly all types of crime, with the
exception of drug-related offenses. Examining the spatial distribution of this factor, the inner city
is the most densely packed commercial location, followed by housing estates (Figure 33). The
distribution of commercial POIs extends from the city center outward to the entire inner city, while
the sub-centers of each district can also be identified. In the outer city, commercial activity is

noticeably sparse and concentrated in a few locations.

Surprisingly, apart from commercial POIs, other factors contribute very little to predicting the
number of crimes against property and overall crimes. This observation slightly differs from
previous studies. Ceccato (2009) highlighted the impact of land use and transportation on crime,
noting that in areas outside the city center, mixed-use land and transportation hubs reflect the
density and complexity of people’s activities, significantly influencing various types of crime to
some degree. However, in this study, the land use and road factors did not impact the three models.

This suggests that there may be issues with how data is categorized in this study, leading to
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uncertain predictive connections. Favarin's (2018) research in Milan may explain the uncertainty

mentioned above.
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Figure 33. The spatial distribution of commercial POls.

Favarin (2018) analyzed burglary or robbery and found that burglary is more related to residential
factors, while robbery is linked to locations with goods and properties exhibiting different spatial
distribution characteristics. Different types of property also exhibit spatial distribution differences,
directly impacting the locations where crimes occur. However, in this study, the crime data do not
include burglary types (which may have been classified under robbery), potentially resulting in
inconsistent spatial characteristics. This inconsistency might explain why none of the land use and

road factors contribute to the models.
5.2 The factors of housing tenure

The number of residents with low socioeconomic status and house renters positively impacts the

prediction of crimes against public order.
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Ceccato's study (2009) found a strong positive correlation between high unemployment rates and
vandalism and a significant negative correlation between housing ownership and vandalism in the
inner city and suggested that these factors are related to the degree of social disorganization. The
case of Glasgow explained this connection, showing that neighborhoods primarily consisting of
owner-occupied housing have the lowest crime rates, while those with mainly social housing

renters have the highest crime rates (Livingston et al., 2013).

At first glance, this assertion appears similar to the findings of this study, as the spatial distribution
of renters aligns with the spatial distribution of crime (Figures 2, 3, and 4), with both overlapping
in the inner city and housing estates (Figure 34). However, unlike the previous study (Ceccato,

2009), the owner-occupancy factor did not exhibit a crime-inhibiting effect.
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Figure 34. The population distribution of individuals who rent houses.
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In Tallinn, housing renting is linked to lower economic capacity and younger groups (Tammaru,
2016). Additionally, it correlates with household structure, as renters are typically associated with
single-person households (Statistikaamet, n.d.). This might clarify why the factor of residents aged
20 to 29 (Figure 35) significantly contributes to the prediction of crimes against public order and

also clarify the spatial proximity of this age group, renters, and crimes against public order.
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Figure 35. The population distribution of individuals aged 20 to 29.

5.3 The factor of socioeconomic status

The factor of low socioeconomic status contributes to the prediction of crimes against public order.
This finding aligns with most research observations that poverty, unemployment, or low
socioeconomic status positively correlate with crimes (Krivo et al., 2015; Massey, 1995; Tokey,
2023; Vogel & South, 2016).
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The spatial distribution of low-status residents has been influenced by trajectories of urban
development, such as varying preferences for residential locations and housing types, privatization
and property restitution, as well as recent gentrification trends. Tammaru et al. (2016) identified
two notable distribution patterns among high socioeconomic status groups. One pattern is observed
in the outer city regions of Pirita, Nomme, and Haabersti, which have been favored by affluent
Estonians. The second pattern is evident in the downtown and inner-city neighborhoods, where
gentrification has resulted in affluent residents progressively displacing lower-income residents.
Simultaneously, disadvantaged groups have relocated to housing estates or peripheral places in the
inner city. Gentrification has also resulted in the coexistence of high-status and low-status residents
in certain inner-city neighborhoods. Overall, low-status residents are found in inner-city areas,
which are also more concentrated in the housing estates (Figure 36). However, the inner city,
Lasnamde, and Mustamée exhibit stronger residual fluctuations, suggesting that other crime-

influencing factors were not fully included in the model.
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Figure 36. The population distribution of individuals classified as having low socioeconomic status.

49



5.3 Limitations

Differences in the data years might have excluded real-world changes. The data for this study
ranges from 2018 (land use), 2021 (census), to 2024 (POI, green spaces, or roads), while crime
incidents range from 2018 to 2022. Although crime types related to the pandemic were removed,

temporal and spatial changes during this period might have affected crime occurrence.

Additionally, almost all significant predictors exhibit similar spatial distributions, concentrated in
the inner city and panel housing estate areas (Figures 34, 35, 36, and 37), except commercial POls,
which are mainly concentrated in the inner city (Figure 33). The study reveals positive correlations
between the number of individuals in two age groups and the number of crimes. However, the

exact nature of these correlations is difficult to explain fully.
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Figure 37 The population distribution of individuals aged 50 to 59.

Lastly, within the 483 grid cells of the study area, 28% of all crimes occurred in the same ten grid
cells. 30% of crimes against property occurred in ten grid cells, while 15% of crimes against public

order occurred in ten grid cells. The concentration of crimes indicates spatial autocorrelation exists.
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The distribution of the models’ residuals shows that locations with high crime cases are where the
model’s learning ability is weaker. This could mean that some important factors were not included

in this study or that the data needs to be standardized to remove the influence of outliers.
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6. Conclusion

This study employs a random forest machine learning model to identify the spatial, demographic,
and socioeconomic factors related to crime in Tallinn and predict the number of crimes based on
these factors. This study aims to answer the questions of what spatial and socioeconomic
characteristics are most likely associated with crime incidents and how the connections can be
explained within the context of Tallinn. The crime data is categorized based on the type of crime,
including crimes against public order, crimes against property, and the total of the two. The other
data used as covariables include information on road types and lengths, land use, green areas,
points of interest (POIs), housing types, ownership or rental status, year of construction, resident
age, and occupational income conditions. The study area of Tallinn is divided into 483 grid cells,
each measuring 500 meters by 500 meters. Numeric data is aggregated within the grid cells, while
categorical data is aggregated after classification. Coordinates are also included to account for

spatial autocorrelation. A total of 40 covariables are utilized for prediction.

The study results present the model for predicting crimes against public order, which has achieved
good results (R2 scores of 0.79 in training and 0.62 in testing). The model for predicting crimes
against property has reasonably good results (R2 scores are 0.46 in training and 0.28 in testing).
The third model combines the two types of crimes to predict overall crime numbers and has
reasonably good results (R2 scores are 0.47 in training and 0.32 in testing). The most influential
factors are (1) the number of residents aged between 20 and 29, (2) the number of commercial
POls, (3) the number of house renters, (4) the number of residents aged between 50 and 59, and

(5) the number of residents with low socioeconomic status.

Commercial POls indicate the pattern of crowd gathering and commercial activities, which could
be linked to the distribution of potential public order violators or property crime targets. This factor
is mainly concentrated in the inner city. The factors of rental housing and socioeconomic status
are associated with the trajectories of urban development. These factors coincide with the spatial
distribution of crimes against public order. These issues will be significant challenges for

achieving equity and inclusive development in the city.
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Analyzing the relationships between crime and socio-economic and spatial

factors using random forest: a case study of Tallinn

Cheng-Wei Yu

Summary

This study employs a random forest machine learning model to identify the spatial, environmental,
and socioeconomic factors related to crime in Tallinn and predict the number of crimes based on
these factors. This study aims to answer the questions of what spatial and socioeconomic
characteristics are most likely associated with crime incidents and how the connections can be

explained within the context of Tallinn.

The topic of urban crime reflects how people constitute the essential values and understanding for
the operation of urbanized societies and covers a variety of aspects from the social context of age,
race, income, and privilege or deprivation to land use, infrastructure, the function of built-up
environment, and other spatial features. The random forest model helps handle these multivariate
data and their relationships and utilizes a process of extensive random sampling to extract features

from them.

The crime data is categorized based on the type of crime, including crimes against public order,
crimes against property, and the total of the two. The other data used as covariables include
information on road types and lengths, land use, green areas, points of interest (POIs), housing
types, ownership or rental status, year of construction, resident age, and occupational income
conditions. The study area of Tallinn is divided into 483 grid cells, each measuring 500 meters by
500 meters. Numeric data is aggregated within the grid cells, while categorical data is aggregated
after classification. Coordinates are also included to account for spatial autocorrelation. A total of

40 covariables are utilized for prediction.

The study results present the model for predicting crimes against public order, which has achieved

good results (R2 scores of 0.79 in training and 0.62 in testing). The top three main factors are the
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population of residents aged 20 to 29, the number of commercial POls, and the number of renters.
Other moderate factors are the population of residents aged 50 to 59, low socio-economic status,
and the population of residents aged 10 to 19. The model for predicting crimes against property
has reasonably good results (R2 scores are 0.46 in training and 0.28 in testing). The number of
commercial POls is the primary factor. Other factors have a limited impact on the model. The third
model combines the two types of crimes to predict overall crime numbers and has reasonably good
results (R2 scores are 0.47 in training and 0.32 in testing), with commercial POIs being the most

important factor as well.

In conclusion, socioeconomic factors contribute more to the crime prediction models than spatial
and environmental factors at the scale of 500-meter grids. The definitions and classifications of
crime and various covariables also affect the prediction model's performance. In this study, the
factors that influence crimes against public order largely align with major crime theories'
explanations of socioeconomic structural factors. Commercial POls indicate the pattern of crowd
gathering and commercial activities, which could be linked to the distribution of potential public
order violators or property crime victims. Additionally, the crime prediction reflects the

increasingly severe trends of economic and residential segregation in Tallinn.
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Kuritegevuse ja sotsiaalmajanduslike ning ruumiliste tegurite vaheliste seoste

analls otsustusmetsa abil: Tallinna juhtum

Cheng-Wei Yu

Kokkuvote

Ké&esolev uurimisto6 kasutab masinbppe otsustusmetsa mudelit, et tuvastada Tallinna
kuritegevusega seotud ruumilised, keskkonna ja sotsiaalmajanduslikud tegurid ning ennustada
kuritegude arvu nende tegurite pdhjal. Uurimuse eesmark on vastata klsimusele, millised
ruumilised ja sotsiaalmajanduslikud tunnused on kdige suurema tdendosusega seotud kuritegude
juhtumitega ning kuidas neid seoseid Tallinna kontekstis kirjeldada.

Linna kuritegevuse teema peegeldab seda, kuidas inimesed loovad peamisi véartusi ja arusaama
linnastunud Uhiskondade toimimiseks ning h6lmab mitmeid aspekte alates vanuse sotsiaalsest
kontekstis, rassist, sissetulekust, privileegidest v6i puudustest kuni maakasutuse, infrastruktuuri,
hoonestatud keskkonna ja teise ruumiliste funktsioonideni. Otsustusmetsa mudel aitab késitleta
neid mitme muutujaga andmeid ja nende omavahelisi keerukaid suhteid.

Kuritegude andmed klassifitseeriti kuriteo liigi aluselavaliku korra rikkumisteks, varavastasteks
kuritegudeks, ja nende kahe kogusummaks. Muude tunnustenakasutatiteavet teettitpide ja nende
pikkuste, maakasutuse, roheliste alade, huvipunktide (POIl-andmete), eluasemetidpide,
omandivormi, ehituaastate, elanike vanuste ja ametialase sissetuleku tingimuste kohta. Tallinna
uurimisala on jaotatud 483 ruuduks, millest iga tiks on 500 meetrit korda 500 meetrit. Ruumilise
autokorrelatsiooniga arvestamiseks on kaasatud ka koordinaadid. Ennustamiseks kasutatakse
kokku 40 muutujat.

Avaliku korra rikkumiste kohta loodud mudeli treeningu R? oli 0.79 ja valideerimise R? oli 0.62 .
Peamised kolm avaliku korra rikkumisi mdjutavad tegurit on elanike arv vanusevahemikus 20-29,
kaubandusasutuste arv ja Udritavate pindade arv. Teised vahem olulised tegurid on elanike arv
vanusevahemikus 50-59, madal sotsiaalmajanduslik staatus ja elanike arv vanusevahemikus 10-
19.Varavastaste kuritegude prognoosimiseks loodud mudeli treening R? oli 0.46 valjadppel ja
valideerimise R2 0.28. Peamine mdjutegur on kaubanduslike huvipunktide arv. Ulejaanud tegurid

olulist mdju ei omanud.
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Kolmas mudel kombineerib kaht tulpi kuritegevusi, et ennustada tleuldist kuritegude arvu ning
sellel on vordlemisi head tulemused, treeninguR? 0.47 ja valideerimisel vastavalt 0.32 ningkdige
olulisemaks teguriks osutusid samuti kaubandusasutused.

Kokkuvdtteks, sotsiaalmajanduslikud tunnused seletavad kuritegevuse arvu rohkem Kkui
ruumilised ja keskkondlikud tunnused. Kuritegevuse ja mitmete muutujate definitsioon ja
klassifikatsioon mdjutavad mudelite tdpsust. Selles t66s on langevad avaliku korra rikkumisi
mojutavad tunnused suuresti kokku peamiste  kuritegevuse teooriate  seletusega
sotsiaalmajanduslike naabruskonda iseloomustavate tunnuste kohta. Kaubandusasutused nditavad
tihti kaudseltrahva kogunemise ja dritegevuse kohti, mida saab seostada potentsiaalsete avaliku
korra rikkujate vOi varavastase kuritegude ohvrite asukohaga. Lisaks peegeldab kuritegevuse

ennustamine Tallinnas majandusliku ja elukohapdhise segregatsiooni suurenevat trendi.
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Appendix

Appendix 1. The classification of POls and their original types

Commercial Recreational Public Camera surveillance
Original atm bank beauty _shop archaeological clinic camera_surveillance
types b_ookshop dog_pgrk college _

bicycle_rental attraction community_centre
bicycle_shop battlefield arts_centre
car_dealership camp_site artwork
car_rental car_wash garden_centre dentist
chemist cinema memorial doctors
clothes monument fire_station
computer_shop park kindergarten
convenience picnic_site library
department_store pitch museum
florist playground police
furniture_shop ruins post_box
gift_shop sports_centre post_office
greengrocer swimming_pool school
guesthouse tourist_info shelter
hairdresser track theatre
hostel hotel viewpoint toilet
ice_rink windmill town_hall
jeweller Z00 university
kiosk veterinary
laundry waste_basket
mall

market_place
mobile_phone_shop
motel
nightclub
optician
outdoor_shop
pharmacy
pub
shoe_shop
sports_shop
stationery
supermarket
toy_shop
vending_any
vending_machine
bakery

bar

beverages
butcher

cafe
fast_food
restaurant
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Appendix 2. The descriptive statistics of all variables

Descriptive Statistics

Median Mean S.td'. Minimum Maximum 25th. SOth. 75th.

Deviation percentile  percentile percentile
crimes_against_public_order 4.000 12.638 18.818 0.000 134.000 1.000 4.000 18.000
crimes_against_property 15.000 98.443 251.517 0.000 3046.000 3.000 15.000 76.500
total_crime_incidents 20.000  111.081 264.803 0.000 3102.000 4.750 20.000 95.500
trail 928.798  1319.858 1263.243 0.000 6486.824 348.982 928.798 1930.453
neighborhood_level_road 3272.395  3326.357 1614.852 0.000 8391.745 2159.814 3272.395 4310.063
city_level_road 38.260  274.173 425.750 0.000 2585.270 0.000 38.260 452.056
landuse_dis_dense_urban 32662.369 47333.805 49289.457 0.000 216129.442 2921.570  32662.369  77876.901
landuse_dis_medium_dense_urban 8891.326 29831.141 43253.475 0.000 213996.986 0.000 8891.326  42707.932
landuse_industrial_commercial 15545.173 37888.070 53045.610 0.000 230309.119 0.000 15545.173  56366.240
landuse_continuous_urban_fabric 0.000 12479.008 25723.346 0.000 166442.333 0.000 0.000 13504.292
landuse_green_area 70689.532 79476.687 56049.166 0.000 234078.615 31831507 70689.532 116603.490
landuse_diversity 4.000 3.652 0.989 1.000 5.000 3.000 4.000 4.000
commercial_poi 0.000 5.306 18.251 0.000 233.000 0.000 0.000 4.000
recreation_poi 0.000 0.839 1.864 0.000 18.000 0.000 0.000 1.000
public_poi 1.000 5.344 13.277 0.000 146.000 0.000 1.000 5.000
camera_surveillance_poi 0.000 8.099 23.709 0.000 197.000 0.000 0.000 1.000
housing_small_apartment 0.000 1.948 4.201 0.000 43.000 0.000 0.000 2.000
housing_large_apartment 8.000 18.255 27.349 0.000 194.000 1.000 8.000 24.000
housing_standalone_house 10.000 34.422 45.358 0.000 222.000 1.000 10.000 60.500
housing_auxiliary_house 0.000 1.907 12.687 0.000 127.000 0.000 0.000 0.000
housing_others 2.000 5.959 15.194 0.000 163.000 0.000 2.000 5.000
age 09 41.000 95.033 120.663 0.000 562.000 11.000 41.000 134.000
age_10_19 48.000 88.861 110.851 0.000 791.000 11.000 48.000 118.000
age_20_29 40.000 95.961 126.066 0.000 715.000 11.000 40.000 138.500
age_30_39 54.000 162.106 214.500 0.000 907.000 14.500 54.000 245.000
age_40_49 62.000  133.333 170.114 0.000 817.000 15.000 62.000 181.000
age_50_59 51.000  106.257 136.272 0.000 611.000 12.500 51.000 138.500
age_60_69 41.000  102.994 153.507 0.000 843.000 10.000 41.000 113.500
age_70_79 26.000 70.565 108.785 0.000 701.000 5.000 26.000 80.000
age_80_89 13.000 43.524 73.054 0.000 426.000 3.000 13.000 46.500



Descriptive Statistics

Median Mean S.td'. Minimum Maximum 25th . 50th . 75th .
Deviation percentile  percentile percentile
age_90_plus 3.000 7.698 12.378 0.000 69.000 0.000 3.000 9.000
ethnical_est 287.000  483.435 569.140 0.000 2786.000 71.000 287.000 688.000
ethnical_rus 54.000  310.288 575.961 0.000 3390.000 11.000 54.000 287.000
isco_high 93.000 166.004 199.542 0.000 1119.000 27.500 93.000 230.500
isco_medium 48.000 109.126 136.403 0.000 593.000 14.000 48.000 156.000
isco_low 57.000 187.199 291.557 0.000 1497.000 16.000 57.000 215.000
housing_buld_age_1945_before 3.000 92.240 265.123 0.000 2157.000 0.000 3.000 35.000
housing_buld_age_1946_1990 137.000  610.389 1043.769 0.000 5459.000 9.000 137.000 627.000
housing_buld_age_1991_after 79.000 199.453 312.941 0.000 2712.000 13.500 79.000 235.500
housing_owner 300.000  626.919 816.284 0.000 4322.000 77.000 300.000 824.000
housing_renter 49.000 183.513 269.187 0.000 1661.000 11.500 49.000 272.000
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OOB Error Rate

OO0B Error Rate

OOB Error Rate

Appendix 3. The tuning results of the total number of crimes incident model
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Appendix 4. The tuning results of the number of crimes against property

model
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Appendix 6. The partial dependent plots of the top 10 important features for

the number of total crime incidents model
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Appendix 7. The partial dependent plots of the top 10 important features for

the number of crimes against property model
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Appendix 8. The partial dependent plots of the top 10 important features for

the number of crimes against public order model
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