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Abstract

Crime represents one of the most persistent social problems all around the

world. To understand the motivation for criminal behaviour, a thorough

analysis of its plausible determinants is necessary. This bachelor thesis aims

at exploring whether the method of self-organizing maps, a data mining tool,

can help in the investigation of the Czech criminal phenomena. To date, no

academic study has tried to uncover potential patterns in the Czech crime

data employing this type of artificial neural network. It is a visualisation

method which maps observations based on their multi-dimensional features

into a two-dimensional grid, and at the same time, the similarity between ob-

servations is preserved by locating similar observations close to each other.

For the analysis, the dataset consisting of 75 Czech districts and 18 vari-

ables was used. However, the optimal choice of parameters of the model can

be seen as a possible limitation of this method. The final outcome of the

model consists of six clusters of districts with various levels of crime rates

and other characteristics. Our results showed that self-organizing maps can

provide an interesting insight into the crime problem, and social sciences can

benefit from its application in many research areas.

Abstrakt

Kriminalita je jeden z nepolevuj́ıćıch společenských problémů na celém světě.

K pochopeńı d̊uvod̊u ke kriminálńımu jednáńı je potřeba d̊ukladná analýza



jeho možných kĺıčových faktor̊u. Tato bakalářská práce si klade za ćıl zjistit,

zda metoda samoorganizuj́ıćıch se map může pomoci ve vyšetřováńı české

zločinnosti. Žádná akademická práce se doposud nepokusila odhalit možné

vzorce v české zločinnosti s použit́ım tohoto druhu umělé neuronové śıtě.

Samoorganizuj́ıćı se mapy představuj́ı vizualizačńı metodu, která mapuje

pozorováńı na základě jejich mnohadimenzionálńıch znak̊u do dvoudimen-

zionálńı mř́ıžky a zároveň umist’uje podobná pozorováńı bĺızko sebe. K ana-

lýze byl použit dataset skládaj́ıćı se ze 75 okres̊u s 18 proměnnými. Vhodná

volba parametr̊u modelu se nicméně ukázala jako určitý problém této me-

tody. Výsledkem modelu je šest skupin okres̊u, které vykazuj́ı r̊uzné úrovně

kriminality a jiných charakteristik. Naše výsledky prokázaly, že samoorga-

nizuj́ıćı se mapy mohou poskytnout zaj́ımavý vhled do kriminálńı tematiky

a společenské vědy mohou profitovat z jejich použit́ı v mnoha oblastech

výzkumu.

Keywords

criminality, self-organizing map, Kohonen map, the economics of crime, un-

employment, the Czech Republic
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Research question and motivation

Crime has always been a part of people’s lives. Since Becker’s seminal work

Crime and punishment (1968), many researchers have been interested in the

economics of crime. Becker introduced the idea that criminals do not behave

based on their feelings and psychical afflictions, but rather act as rational

economic utility maximisers. They might decide to commit crimes when

benefits it may bring overweigh possible costs, such as a fine or incarceration.

Without any doubt, it is important for our society to comprehend the

determinants of crime, and consequently help curtail criminal activity. The

policy and punishments should be set effectively and it is not likely to be

successful without the full understanding of criminality.

In this thesis I would like to examine the determinants of criminality

in the Czech Republic and to do so, I will use the self-organizing maps

(SOMs). The research question is ”Does the self-organizing map represent

a useful tool for mapping criminal phenomena in the Czech Republic?”.

Contribution

This thesis will introduce an innovative approach to criminality analysis

in the Czech Republic. SOM is not a traditional way of visualizing the

criminality so far; thus, it may provide new insight into the problem and

help reduce the level of criminality in the Czech Republic.

Becker’s paper (1968) represents an important milestone for this research

field. Ehrlich (1973) further developed Becker’s model by focusing on the

opportunity costs of engaging in criminal activities and introducing a time



allocation model. Since then many researchers have been trying to find

the causal links between crime and its possible socioeconomic determinants.

Nonetheless, the evidence has been mostly mixed. One example can be

the unemployment which is generally believed to be positively correlated

with criminal activity. However, the contradictory results in the earlier

literature led Chiricos (1987) to conduct a survey of existing literature on

the relationship between crime and unemployment and he found that only

fewer than half of the papers reported positive significant effects. Some

newer works show evidence for the positive relationship, especially between

unemployment and property crime (Raphael & Winter-Ebmer, 2001).

The use of SOMs to help to examine the link between crime and the dif-

ferent socioeconomic factors was already employed by Lin & Juhola (2014).

They applied the SOMs to study the crime situation in 56 countries around

the world and found some patterns in traditionally similar countries.

Methodology

In my model, I will use the data of the Czech districts taken from the Czech

Statistical Office, Police of the Czech Republic and www.mapakriminality.cz.

The dataset will very likely consist of variables such as the unemployment

rate, the number of immigrants, the population density, the urban pop-

ulation, the number of elderly people, the amount of paid social benefits

and other crime-related statistics, e.g., the number of burglaries, murders or

rapes in the district.

The data will be processed using the method of self-organizing map or

sometimes called also Kohonen map after its inventor, which is a type of

artificial neural network. It allows us to convert multi-dimensional data

into two-dimensional, and therefore it is a useful tool for visualization of

relationships between many variables. For the data analysis I will use the

Rstudio software.
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Introduction

Criminal behaviour has always attracted the attention of many researchers.

The importance of criminal deterrence was already discussed in the 18th

century by Adam Smith (1776) and Cesare Beccaria (1798). It was, however,

not until the second half of the 20th century, when the theoretical framework

of the economics of crime was laid. Gary Becker (1968), the father of the

rational view on crime, argued that offenders are fully rational beings, who

carefully weight payoffs from legitimate and illegitimate activities and decide

accordingly. Since then, economists have extensively contributed to the

understanding of criminality, intending to help policymakers reduce crime

rates.

Nowadays, there are many models and theories of criminal phenomena,

striving to explain the fundamental determinants of criminality. They differ

in key assumptions about offenders. Rational models, based on Becker’s

contribution, assume the perfect rationality of criminals, which is consist-

ent with the standard economic theory. On the other hand, as the reaction

to the prospect theory of Kahneman & Tversky (1979) and the rise of be-

havioural economics, behavioural models of criminal activity substantially

deviate from this hypothesis and take various cognitive biases and emotions

into account.

Some socio-economic and demographic factors can help in understanding

crime as well. Nevertheless, their empirical causal effect is often debatable

and varies in magnitude. The effect of unemployment, income inequality

and foreigners is mostly significant only for property crimes (e.g., Raphael

& Winter-Ebmer, 1998; İmrohoroǧlu et al., 2000; Bianchi et al., 2012). More

research needs to be done to fully understand motives for committing violent

crimes from the economists’ point of view. However, education and social

interactions appear to have a clear influence on the propensity to offend.

Usher (1997) even claims that education has a ”civilization” effect on in-

dividuals, leading to more honest and law-abiding behaviour. In reality,

determinants of crime might be interconnected, and their interplay might
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be responsible for a change in crime rates.

Self-organizing maps (SOMs), developed by Teuvo Kohonen in 1982,

provide a novel way of looking at criminality. SOM is a type of artificial

neural network, which takes inspiration from the functioning of the human

brain. Its main advantage lies in the ability to visualise multi-dimensional

data into a two-dimensional grid, and at the same time, it maps similar

observations close to each other.

This bachelor thesis would like to use this innovative approach and answer

the research question whether the SOM represents a useful tool for mapping

criminal phenomena in the Czech Republic. To the best of the author’s

knowledge, there has not been any similar academic paper examining crime

in the Czech Republic using self-organizing maps. Hence, the application of

SOMs on the Czech crime data might discover some interesting patterns in

the dataset, and could, consequently, improve understanding of relationships

between particular socio-economic and demographic variables and crime.

This bachelor thesis is organized as follows. Chapter 1 gives a brief liter-

ature overview of the economics of crime. Rational models, as well as behavi-

oural models, will be discussed, and empirical findings of the effect of various

socio-economic and demographic factors will be examined. In Chapter 2, the

theoretical framework of self-organizing maps will be explained. Chapter 3

specifies the dataset and the model for the practical analysis of the Czech

crime situation. The clustering of districts based on their characteristics is

discussed in this chapter too. Finally, the main findings are summarized in

the conclusion.
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1 The Economics of Crime - Literature Review

Economic theories of crime can be divided into three major groups – rational

models, behavioural models, and socio-economic and demographic theories.

The classical rational theories assume that agents rationally use all their

available scarce resources, such as time and effort, to promote their self-

interest. By contrast, the behavioural models assert the bounded rationality

of agents, and the main focus is placed on their present-orientedness. Lastly,

the socio-economic and demographic determinants which may influence the

crime rate, such as unemployment rate, income inequality or education, will

be presented.

1.1 The Rational Model of Crime

The theoretical foundation of the economics of crime was laid by Gary Becker

in his seminal paper Crime and Punishment (1968). He claims that crimin-

als decide rationally whether to commit a crime based on the comparison of

their expected utility from legal and illegal activities, having all available in-

formation. In his model, the number of offences committed during a specific

timespan by an individual i, Oi, is defined as a function of the probability

of conviction, pi, the severity of punishment, fi, and the variable ui, which

stands for all other possible influences (Equation 1).

Oi = oi(pi, fi, ui) (1)

The function Oi is decreasing in the probability of conviction and the sever-

ity of punishment. In other words, increases in pi and/or fi should result in

a smaller number of offences. Other influences represented by the variable

ui could be, for example, the negative effect of increased education on the

number of offences because of its ”civilization” effect (Usher, 1997) or the in-

creased income from legitimate activities, which makes crime less attractive,

increasing the opportunity cost of crime.

The individual is facing a choice problem under uncertainty, and his or
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her expected utility function can be expressed as:

EUi = piUi[Yi − fi]− (1− pi)Ui[Yi] (2)

where Yi is his or her monetary and non-monetary income from crime, and

fi stands here for the monetary representation of the punishment.

The answer to the question whether an increase in pi or fi will have a

larger deterrent effect on criminal behaviour depends, according to Becker’s

analysis, on the risk preference of an offender. In case of preference for

risk, an increase in pi will reduce the expected utility from committing a

crime more than an equivalent increase in fi. The opposite is then true for

a risk-averse agent, and both variables will possibly have the same impact

on a risk-neutral individual. Becker moreover assumes stable preferences of

individuals. Nevertheless, in the economic literature of crime, it is generally

believed that criminals prefer risk, and therefore, increasing the certainty of

punishment is more effective than raising the severity of punishment.

This view was supported by Grogger (1991), who found evidence for a

larger deterrence effect of p using data about arrested males in the USA.

A more recent study (Wan et al., 2012) is consistent with this hypothesis

as well. The authors used Australian data to determine the effect of the

probability of arrest, the probability of imprisonment and the length of im-

prisonment on property and violent crime rates, and assessed that only the

first two factors play an important role in combating crime. Nevertheless,

some authors have called this conclusion into question. For instance, Friesen

(2012) argues that the approach of similar studies is questionable and suf-

fers from a number of issues, namely from the sample selection bias in the

case of individual-level data as in Grogger (1991), who used data of arrested

individuals with past criminal history. In the case of state-level data, there

might be a potential endogeneity bias of crime and law enforcement. To

account for these problems, she uses a completely different approach and

performs laboratory experiments with students, whom she views as a poten-

tial pool for non-violent crimes (such as white-collar crimes in their future

careers or traffic offences). Her results show that students are generally risk-
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averse and more deterred by the severity of punishment. However, this study

might have some limitations as well, in particular its artificial setting and

the chosen pool of participants. Lastly, there are also papers indicating that

both the probability and the severity of punishment are of equal importance

(e.g., Mendes, 2004).

In Becker (1968), the optimal policy is defined by the minimization of the

loss function in income from crime:

L = D(O) + C(p,O) + bfpO (3)

where D(O) is the damage to society and is defined as a difference between

the harm imposed on society and the value of the gain to criminals. C(p,O)

measures the cost of combating crime, and bfpO is the total social loss from

punishments. The term bf denotes the social cost of punishments, and pO is

the number of penalised offences. The social policy can directly influence p

and f by its expenditures on police technology, courts, the number of police

officers, etc., to increase the certainty of punishment; or by changing the

extent and form of punishment to affect the value of f .

Ehrlich (1973) expands Becker’s model by viewing it as a time allocation

problem under uncertainty where individuals decide how to allocate their

time between legitimate and illegitimate activities. They can, therefore,

take part in both of them, rather than having to choose just one. He also

assumes that leisure time is fixed, which implies that the time allocated

to legitimate and illegitimate activities changes in the opposite direction.

Changes in the severity of punishment, the probability of conviction or in

other factors altering the opportunity cost of crime, such as better wages

or education, can shift the time allocated between crime and work. Further

analysis is, however, dependent on an individual’s attitude toward risk as

well as in Becker’s model.

These two aforementioned models, nevertheless, focused mainly on the

distribution of wealth as a result of time allocation into illegitimate activities

and failed to address other important attributes. The approach by Block
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and Heineke (1975) attempts to correct this by directly incorporating labour

and crime in the utility function. The general von Neumann-Morgenstern

utility function of their model looks as follows:

U = U(L,C,W ) (4)

where L and C denote time spent in legal labour and criminal activity,

respectively, and W indicates the level of one’s wealth. They justified the

inclusion of L and C as important factors reflecting psychic costs from crime

and legal opportunities. Moreover, regarding the psychic costs the authors

introduce a preference for honesty which is defined as:

UL − UC > 0 (5)

for all L, C and W ; where UL and UC are the derivatives of the utility func-

tion with respect to L and C. The policy analysis of the deterrent effect of p

and f is then somewhat more complicated since apart from the individual’s

attitude to risk, moral awareness represented by the preference for honesty

should be also taken into account.

Deterrence vs. Incapacitation

The key challenge in setting of the appropriate law enforcement policy for

combating crime is to assess whether punishment has primarily a deterrent

or an incapacitation effect since sanctions are often in the form of impris-

onment. Deterrence was defined by Ehrlich (1981) as ”aiming at modifying

the ’price of crime’ for all offenders”. This debate has important implic-

ations because deterrence is generally cheaper than capturing, convicting

offenders, and consequently, paying for their prison sentence. Incapacitation

works through incarceration of criminals, and basically, it is removing them

from the crime market so that they cannot commit a crime for some defined

period.

It should be noted that Becker (1968) proposed using fines whenever pos-

sible, and only when an offender is not wealthy enough, imprisonment shall
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be used. The justification of such an approach stems from the rationality

assumption – fines should be equally deterrent as imprisonment, but im-

prisonment is more costly compared to fines. However, he admits that for

certain violent crimes, such as murder and rape, incarceration may be an

appropriate measure. Shavell (2015) argues that incapacitation should be

used also in the cases where deterrence would be too costly simply because

the certainty of punishment would have to be set too high. Then, based on

a cost-benefit analysis, it may be more efficient to incarcerate offenders.

A natural experiment to distinguish these two effects presented a new

Californian law called Proposition 8 in 1982, which increased the length of

prison sentences for some crimes. Kessler and Levitt (1999) argue that in

this case the deterrent effect can be identified since convicted offenders are

already in prison and have to serve their sentences. Thus, the reduction

in crime has to be caused by deterrence. The authors found that there was

indeed a steep decline in the crime rate in the following years, but more than

three years later, the crime rate fell more than twice, probably because of

the incapacitation effect, which then became relevant. Hence, it is generally

very difficult to isolate the effects of deterrence and incapacitation, and both

of them should be taken into account in developing law enforcement policies.

Effect of Policing

The unravelling of the effect of police manpower on crime has been, to some

extent, puzzling. Intuitively, it could be assumed that increased police pres-

ence would imply a greater probability of apprehension, and consequently,

less crime since the probability of apprehension is an important deterrent

factor in the rational crime model. However, there could be a possible sim-

ultaneity bias because more police officers were sent into areas with higher

crime rates; thus, it was the high crime rate that caused higher police ex-

penditure. This presents a challenge for empirical analysis of the causal

effect of policing. Lastly, increased police manpower might reduce crime
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through arresting and subsequent incarceration of offenders; therefore, the

incapacitation effect would be the driver of a decrease in crime.

Due to the problematic empirical analysis, early papers described the link

between police and crime to be insignificant or even positive, in a sense that

more police increase the level of crime. After the paper by Levitt (1997),

who used an instrumental variable approach to address the simultaneity, a

broad group of researchers have followed suit. Levitt (1997) proposed using

the timing of mayoral and gubernatorial elections in the USA as instruments

because he argued that increases in police manpower are positively correl-

ated with the timing of election years. His estimated impact of increased

police staffing varies depending on the type of crime, but all his estimates

show significant negative effects. Other studies using instrumental variables

are, for instance, Evans and Owens (2007), who used COPS1 grants as the

instrument, or Lin (2009) using variations in the state tax rate. Almost all

papers using the IV approach conclude that the relationship between police

and crime is mostly statistically significant and negative; nevertheless, es-

timates of the magnitude substantially vary and are often particularly large

for violent crimes.

Another group of researchers have tried to uncover the causal link of po-

lice on crime by focusing on some important events in the past that affected

police staffing. Terrorist attacks represent such a natural experiment be-

cause, typically after the attack, the deployment of police forces is altered

in favour of areas affected by the attack. Di Tella and Schargrodsky (2004)

documented the redeployment of police due to a terrorist attack on the Jew-

ish Center in Buenos Aires, in July 1994. Using data on car thefts, they

demonstrated that in areas where the number of policemen was significantly

increased after the accident, local crime rates decreased. Nonetheless, the

validity of this study was questioned by Donohue et al. (2014), who reex-

amined the experiment and, consequently, argued that criminals might just

move to other, not so controlled, areas. A similar study in the aftermath

1Community Oriented Policing Services program aiming at reducing crime rates, established by the

Violent Crime Control and Law Enforcement Act in 1994 (USA)
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of a terrorist attack was carried out by Draca et al. (2011). They analysed

the police presence after the bombing in London in July 2005 and concluded

that increased police manpower had a negative effect on crime; furthermore,

they did not find any significant spatial displacement of crime. A different

type of natural experiment offered a budget cut in Oregon. In February

2003, about 30 percent of traffic police officers were dismissed, which resul-

ted in an increase in traffic injuries and fatalities by more than 35 percent

(DeAngelo & Hansen, 2014). Overall, it may be said that police presence

has a negative influence on crime rates; nevertheless, the magnitude of its

impact is not clear.

1.2 The Behavioural Model of Crime

The behavioural model has been established as a reaction to deviations from

the rational ”homo economicus” assumption. According to the behavioural

approach, criminals are not fully rational, suffer from various cognitive biases

and heuristics, and their emotions play a significant role in their decision-

making process as well. In this thesis, primarily the present-orientedness

and deviations from the expected utility theory will be addressed. More

extensive literature reviews on the behavioural economics of crime can be

found in papers by van Winden & Ash (2012) and McAdams & Ulen (2008).

The concept of present-oriented behaviour has important implications

for the optimal law enforcement policy. Rational agents are said to be pa-

tient – ”their relative preference for well-being is the same no matter when

they are asked” (O’Donoghue & Rabin, 1999). On the other hand, present-

oriented individuals prefer immediate gains from that in the future and put

less weight on the delayed costs of their actions. Behavioural economists use

hyperbolic discounting of utility to formally measure this time-inconsistent

decision-making, whereas the standard economic theory assumes exponential

discounting.

The present-orientedness in the criminal case implies increased impuls-
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iveness and results in more crime because criminals desire immediate re-

wards from illegitimate activities, but costs of their actions remain post-

poned (McAdams & Ulen, 2008). Policies in the form of an increased prison

sentence might have then a little deterrent effect on such individuals, which

calls into question the rational theory of criminal deterrence. According

to Kleiman (2005), optimal policies for present-oriented criminals ought to

aim at lowering of immediate rewards from crime, and at the same time, at

decreasing the delay of penalties from criminal offences.

Lee and McCrary (2005) used a dataset of recorded arrests in the U.S.

state of Florida from 1989 to 2002 to test the hypothesis that individuals

rationally respond to the severity of prison sentences. Once an individual

turns 18, he or she is no longer under the jurisdiction of the juvenile court,

but under the more strict adult court and faces, therefore, a threat of much

longer incarceration. If offenders are patient and not present-oriented, they

should significantly decrease their offence rates. Nevertheless, the authors

concluded that there was not a significant drop in crime rates once the

offenders turned 18. This implies that criminals might be generally more

present-oriented, and the standard deterrent strategy of increasing the length

of incarceration plays a little role in the actual deterrence of criminals.

Another noteworthy area of behavioural research in the criminal sphere

is regarding deviations from the expected utility theory. The fundamental

framework for this topic was established by Kahneman and Tversky (1979) in

their influential prospect theory. They claim that individuals perceive prob-

abilities non-linearly, specifically small probabilities are overrated and large

probabilities underestimated, e.g., even though the probability of tax audit

is relatively small, tax-compliance rates are irrationally high (van Winden

& Ash, 2012). To account for this cognitive bias, Hare and Segal (1999)

claim that the probability of conviction should be predictable and whenever

possible also clearly stated (e.g., using sentencing guidelines).

Additionally, agents compare changes in respect to some reference point,

and changes far away from this reference point matter relatively less, i.e.,
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increasing penalties has a diminishing deterrent effect (Jolls, 2004). For

illustration, raising a fine from e50 to e250 has a larger deterrent effect

than the same nominal increase from e1000 to e1200, having e0 as the

reference point. Moreover, according to prospect theory of Kahneman and

Tversky (1979), people generally suffer from loss aversion, i.e., they perceive

losses more strongly than the equivalent value of gains. This concept has

important implications for law enforcement since it suggests that penalties

might have a larger deterrent effect on offenders than expected by the ra-

tional crime theories. Dhami and Al-Nowaihi (2007) tested this hypothesis

on tax-evasion data, and they found that prospect theory explains the high

tax-compliance rates much more accurately than the standard expected util-

ity theory. It is, nevertheless, unclear if this holds for other types of crime

as well.

1.3 Socio-Economic and Demographic Determinants of Crime

In this subsection, socio-economic and demographic factors which are be-

lieved to affect crime rates will be discussed.

Unemployment

The relationship between crime and unemployment has proven to be some-

what ambiguous. Even though it may be intuitively tempting to link them

together since the loss of legitimate earnings opportunities increases relative

benefits from crime, empirical studies came to various contradictory results.

Chiricos (1987), therefore, carried out an extensive review of all published

studies at that time analysing the relationship between unemployment and

crime, and concluded that fewer than half of these studies found this re-

lationship to be statistically significant and positive. Since then, the ma-

jority of newer studies reached a consensus that there is a weak significant

positive effect of unemployment on property crimes, often using an instru-

mental variable approach to account for possible endogeneity (e.g., Raphael
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& Winter-Ebmer, 1998; Gould et al., 2002; Lin, 2008). The effect on other

types of crime remains mostly insignificant and mixed so far.

Some authors tried to explain this questionable relationship by addressing

that legitimate and illegitimate activities are in fact not exclusive (Freeman,

1994). Individuals might complement their legitimate income from crime or

flexibly switch between these two activities depending on current opportun-

ities. This finding is consistent with İmrohoroǧlu et al. (2004), whose model

predicts that 79 percent of offenders are actually employed and the effect of

unemployment on crime is very small.

Nevertheless, it is believed that the youth unemployment rate is perhaps

more strongly linked to crime rates. According to Lochner (1999), a large

number of offences is committed by youths from disadvantaged backgrounds,

mainly by unskilled and uneducated men, whose returns from school or work

are not particularly high, and therefore, their opportunity cost of crime is re-

latively low. Using French regional crime data from 1990 to 2000, Fougère et

al. (2009) found that youth unemployment is positively related to property

crimes and drug offences, and general unemployment seems to be less signi-

ficant in respect to crime. Grönqvist (2011) identified an especially strong

relationship of youth unemployment with theft. Regarding violent crimes,

the evidence of a causal link has not been proven. Most studies find it to be

statistically insignificant.

Income Inequality and Wages

Income inequality and low wages have generated more consensus among

researchers as important determinants of crime involvement. Low legitimate

earnings provide incentives to supplement income by crime. An increase in

inequality, on the other hand, widens the gap between the poor and the

rich, resulting in feelings of ”frustration” in the lower-income group (Kelly,

2000), and it also increases the difference between earnings opportunities

from (property) crime and work.

Chiu and Madden (1998) studied the effect of income distribution on
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burglaries, and found that the increased income inequality is indeed connec-

ted to the higher number of offences. Furthermore, the link between income

inequality and property crime has been confirmed by a number of other re-

searchers, e.g., Grogger (1998), İmrohoroǧlu et al. (2000, 2004), Gould et

al. (2002). However, Kelly (2000) showed that inequality has a very strong

and robust influence on violent crimes but negligible on property crimes.

In conclusion, crime rates might be partly reduced by some optimal labour

market policy rather than just relying on the severity of punishment and the

probability of conviction as deterrent factors.

Education

There seems to be a clear link between crime and education, more pre-

cisely, the higher the level of education of an individual, the less likely he

or she is to commit a crime (e.g., Lochner, 1999; Machin & Meghir, 2004;

Machin et al., 2010). Lochner and Moretti (2004) explain this fact as fol-

lows: schooling increases the opportunity cost of criminal activities and the

cost of time spent incarcerated because more educated people typically have

higher wages; additionally, education might change risk attitudes or time

preferences of individuals and influence their psychic costs from offending.

The authors also propose that the social return to schooling is larger than

the private return, and therefore, policies aiming at increasing the level of

education might have a significant impact on combating crime. According

to Usher (1997), education could also have a ”civilization” effect, affecting

citizens to be more ”honest, law-abiding, and loyal to their country”.

Foreigners

One of the widely discussed factors contributing to increased crime rates is

the influx of immigrants. Foreigners might often face unfavourable labour

market and social conditions, and thus according to the rational model, they

should be more prone to criminal activity. Borjas (2005) notes that immig-

rants in the USA, indeed, suffer on average from worse wage conditions. On
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the other hand, high-skilled foreigners might substantially contribute to the

economic growth of a country. Butcher and Piehl (2005) admit that a pos-

sible deportation may serve as a deterrent factor but they did not find it to

be a strongly significant element.

Papers aiming at identification of the causal effect of the share of for-

eigners on crime have mostly found a small significant influence on property

crimes. The effect on other types of crime was either insignificant or unclear.

Entorf and Spengler (1998) showed on German data a positive link primarily

with thefts. The impact of immigrants on the Italian crime rates appears

to be positively linked to crime rates of robberies (Bianchi et al., 2012), and

the connection to property crimes was also demonstrated by Buonanno and

Montolio (2008) on data from Spanish provinces.

Social Interactions

Studies of social interactions try to look at crime from a different perspective.

It might not be some characteristics of an individual that induce him or her

to commit a crime but rather some specific external conditions in which he

or she is living. Individuals whose friends engage in criminal activity might

be more willing to commit a crime as well. Neighbourhoods with high crime

rates may be more tolerant to additional crime as the social punishment

from offending is lower there; and communities with the increased share of

poverty and lower education level may dissuade young people from studying,

and consequently, lower the opportunity cost of crime, which results in higher

crime engagement (Buonanno, 2003).

In the paper by Ludwig et al. (2000), a housing experiment of the re-

location of families from disadvantageous neighbourhoods and its effect on

juvenile crime were analysed. The authors found evidence for a decrease in

violent crime rates after the relocation of families into low-poverty areas,

more precisely by 30 to 50 percent. Case and Katz (1991) discovered a

positive relationship between family adult behaviour and youth behaviour,

particularly in criminal activity, school attendance, childbearing, drug and
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alcohol abuse, and church attendance. Moreover, they confirmed the peer

influence of neighbourhood on juvenile offenders. In conclusion, there seems

to be a strong correlation between social interactions and crime involvement.
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2 The Theory of Self-Organizing Maps

2.1 Artificial Neural Networks

Artificial neural networks (ANNs) are computational systems which resemble

biological neural networks in the human brain. Our nervous system is com-

posed of nerve cells, called neurons, consisting of cell bodies, which are

connected to other neurons with dendrites and axons (Figure 1), and these

connections are called synapses. Neurons are fundamental for transporting

impulses in our brains. Dendrites bring information into the nerve cell, and

axons take it away to other neurons. According to Shephard (2004), there

are about 100 billion (1011) neurons in the human brain, and the average

neuron is connected to another 6 000 neurons, which amounts to 600 trillion

synapses.

Figure 1: Biological neuron (Graupe, 2013)

The processing units in the ANNs are called neurons as well, and the

connection to other neurons or inputs is provided by so-called weights, wi,

the analogy to synaptic connections (Figure 2). The weights correspond to

the strength of the synaptic links in the biological neural systems, which is

influenced by the intensity of an external stimulus. Analogously, the weights

in the ANNs are different for every neuron and generally crucial for ANNs

since they affect functions calculated at neurons.

The learning process lies in the adjustment of weights. The input is

scaled with corresponding synaptic weights, and if the result is above some

threshold, the neuron gets ”excited” and sends the signal further. The higher
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the value of the weight, the more influence neurons have on each other.

Figure 2: Simple artificial neuron (Aggarwal, 2018)

To illustrate the basic training process, let us take a network for picture

recognition which should distinguish an image of a tulip from a sunflower.

In the beginning, images are split into pixels (inputs), fed into the network,

and the prediction (output) is then compared to its actual label. If the

prediction is wrong, the weights will be updated so that the next time, the

network will be more likely to tell the flowers apart correctly. Thus, if the

network is trained with a lot of images of tulips and sunflowers, it should

be able to recognize a picture of a tulip it has not seen before. This process

of learning in ANNs is similar to the learning in biological organisms, where

based on the trial and error approach the strength of synaptic connections

is modified.

Typically, the network consists of more layers of neurons, where each

neuron is interconnected with all other neurons in the previous and the next

layer (Figure 3). The layer (or more layers) between the input and output

layers of the network is called a hidden layer, and this is the crucial part

where computations are performed. The network of such architecture is then

capable of many complex computational tasks, for instance, face recognition,

medical diagnosis or financial forecasting.
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Figure 3: Artificial neural network with a hidden layer (Aggarwal, 2018)

2.2 Self-Organizing Maps

The method of self-organizing maps (SOMs) was developed in 1982 by

Finnish professor and computer scientist Teuvo Kohonen, after whom the

SOMs are often called Kohonen maps. Since then, it has caught the atten-

tion of many researchers, and its applications in many scientific fields has

been extensive.

The SOM is a type of an artificial neural network and an unsupervised

learning technique, which is used mostly for visualising and clustering of

large amounts of data. The term ’unsupervised learning technique’ means

that only input data but no output information are available (i.e., no ca-

tegorized, labeled data). Multi-dimensional inputs are mapped into a two-

dimensional array, and at the same time, similarities between inputs are

preserved through their topographic ordering, in other words, similar inputs

are located close to each other.

The network consists of just two layers, namely the input and the output

layer. The input is usually in the form of a vector, and the output layer

is made of so-called nodes or neurons which form a lattice, typically either

rectangular or hexagonal (Figure 4). Every input vector x is connected to all

neurons, and these connections are represented by some weights, wi, which

change during the iterative learning phase. They are of the same length as

the feature vectors x, i.e., they have as many dimensions as the input vector,
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and in the beginning, they are typically some random numbers. Kohonen

(1982) refers to these weight vectors as models, mi, and therefore we will

further continue mostly with this notation.

Figure 4: Neural network grid (Edler, 2007)

Let {x(t)} denotes a sequence of real n-dimensional vectors, where an

integer t represents the tth iteration step, and {mi(t)} is another sequence

representing the approximation of a model in the node i (Kohonen, 2014).

During every learning iteration, nodes compete between each other to be

the winning neuron representing the feature vector x. The winning node c

(”best-matching unit”, BMU) is one with the smallest distance between its

model mc and the vector x:

c = argmini{∥x(t)−mi(t)∥} (6)

This calculation is usually done using some distance measure, mostly the

Euclidean distance. Moreover, the neighbouring neurons cooperate in such

a way that, in the end, the adjacent neurons have similar model (weight)

values.

mi(t+ 1) = mi(t) + hci(t)[x(t)−mi(t)] (7)

Equation 7 mathematically summarizes this process. In the next iteration,

the model at node i is adjusted as well as models at its neighbouring nodes

within a specified geometric distance hci(t), and the new models should

resemble better the inputs. The function hci(t) represents the neighbourhood

function and can have several forms. According to Kohonen (2014), the most
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frequently used neighbourhood function is defined as follows:

hci(t) = α(t)exp

[︃
−d(c, i)2

2δ2(t)

]︃
(8)

where α(t) < 1 and δ(t) are some monotonically decreasing scalar functions

of t and d(c, i) is the (Euclidian) distance between the neurons c and i in

the lattice.

Figure 5: Basic illustration of the self-organizing map (Collan et al., 2007)

The feature vector xi is connected to every neuron with some weights, forming a lattice.

The neuron c is the winning neuron of the iteration because it has the most similar

weights to the input vector. The hexagon around c corresponds to the neighbourhood of

this node, i.e., it surrounds the nodes which will have their models adjusted during the

cooperative learning.

The neighbourhood function plays a key role in the formation of the topo-

graphic map. As the number of learning iterations increases, the neighbour-

hood function gradually shrinks, and the neuron i influences its neighbour-

hood less and less. Neurons, which do not lie within the specified distance,

will not be adjusted, i.e., it holds for them:

mi(t+ 1) = mi(t) (9)

The above-mentioned algorithm continues until some stopping rule is met.

This could be, for instance, no significant changes in models with new it-

erations, or satisfaction of some before specified number of iteration steps.
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Eventually, since the adjacent neurons should be similar to each other, one

can separate the map into clusters of observations. Kohonen maps are sim-

ilar to k-means clustering since both methods use the competitive learning

algorithm. In k-means though, it must be determined in advance how many

clusters we want, whereas SOM does not require this specification.

2.3 Applications of SOMs

The application of SOMs is wide-ranging. Pölla et al. (2009) published

the latest bibliography of SOM papers from 2002 until 2005, and, summed

together with all previous bibliographies on the same topic, there have been

already more than 8 000 published articles on the self-organizing maps just

until 2005.

Major applications according to Kohonen (2001) include engineering (e.g.,

machine vision and image analysis, speech analysis and recognition, signal

processing, telecommunications, robotics), natural sciences (such as phys-

ics, chemistry, biology, medicine), data processing and analysis, linguistic,

mathematics and finance.

The criminal phenomenon has not been left out at all. Dahmur and Mus-

carello (2003) applied Kohonen networks to pattern classification of serial

criminals. The analysis of murder and sexual assault offenders was conduc-

ted by Kangas (2001). Memon and Mehboob (2006) looked into the homicide

investigations and proposed a model for an improved judgment of homicide

detectives. Curbing the number of burglaries was the aim of the paper by

Oatley et al. (2006), who discussed the use of data mining tools for police

using ”soft” forensic evidence (i.e., mainly the burglar’s modus operandi).

The self-organizing maps found its application in fraud detection too – credit

card frauds (Zaslavsky and Strizhak, 2006), mobile communication frauds

(Grosser et al., 2005) or bodily injury liability insurance frauds (Brockett et

al., 1998).

Some work on the macroeconomic level has been carried out as well. For

instance, Huysmans et al. (2006) analysed the country corruption rates, or
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Li et al. (2013, 2014a, 2014b, 2015) wrote a significant body of research pa-

pers investigating country crime rates based on various determinants, such

as demographic and socio-economic factors, social context or historical de-

velopment.
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3 Practical Application of SOM on the Czech Crime

Data

3.1 Dataset

This bachelor thesis aims at investigating criminality and its determinants at

district level in the year 2017. The dataset consists of publicly available data

from the Czech Statistical Office (ČSÚ) and the website Mapa kriminality2,

where detailed crime-related statistics are accessible.

However, the number of districts involved was slightly modified. Officially,

there are 76 districts3, and the capital city Prague is not included. To

account for the entire area of the Czech Republic, the capital city was added

as well. Moreover, districts Praha-západ and Praha-východ form just one

unit, called Praha, since the crime data were not available for the individual

districts, and it was already summed up in the official statistics. The same

holds for Plzeň-jih and Plzeň-sever, forming the joint unit Plzeň. If data for

some variable were published for each of these respective districts, then the

final value is the average of its two parts or its sum depending on the nature

of the variable. The complete list of 75 districts used in the analysis and

their location can be found in the Appendix (Table A.1 and Figure A.1).

Variables

In this subsection, variables used further in the model will be introduced.

They reflect important factors correlating with criminality, but at the same

time since we used only the publicly available data, unfortunately not all

factors can be accounted for.

Socio-economic and demographic factors describe the population struc-

ture, the population dynamics and the quality of life. As already presented

in the first chapter on the literature review of the economics of crime, their

2www.mapakriminality.cz
3Vyhláška č. 564/2002 Sb., Vyhláška o stanoveńı územı́ okres̊u České republiky a územı́ obvod̊u

hlavńıho města Prahy

23



causal effect on crime is often debatable, but nevertheless, it would be a

mistake not to include them in the analysis.

Share of unemployed persons (%) The Ministry of Labour and Social

Affairs (MPSV) uses the share of unemployed persons as the measure for

unemployment at regional and district level. It is calculated as the ratio of

available job seekers aged 15 to 64 years to the population of the same age

(MPSV).

Urban population (%) It is calculated as the ratio of people living in

cities with at least 10 000 inhabitants to the overall population of a district.

It is generally believed that there is a higher crime rate in urban areas due

to the anonymity of cities and better pecuniary opportunities from crime.

Population density per km2 The variable was calculated by dividing

the total number of inhabitants of a district by its area in km2. As with the

urban population, it is likely to be positively correlated with crime since the

increased population density provides offenders with more potential crime

opportunities and anonymity.

Share of population older 65 years (per 10 000 inhabitants) It

depicts the age structure of population, and moreover, it is generally accep-

ted that crime is mostly the activity of younger people. Therefore, we would

expect that the share of older population is negatively correlated with the

crime rate.

Income inequality To account for an important determinant of crime,

the proxy for income inequality was computed based on the number of hous-

ing allowances disbursed (Doležalová, 2019). A household can apply for the

housing allowance if its housing costs exceed 30 % (35 % in Prague) of the

family’s decisive income (MPSV). The benefit is paid out annually to the

household. The calculation for a district i looks as follows:

ineqi =
housing allowancesi · avg no. of members in a household

12 · number of inhabitantsi
(10)

where in the nominator is the product of the total number of housing al-

lowances paid out and the average number of members in a household. The

latter number was not available for every district, and therefore, the average
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of 2.37 for the Czech Republic in 2017 was used (ČSÚ). The nominator is

divided by the number of months in a year because the allowance is paid out

once a year, and by the total number of inhabitants in the district to make

this variable comparable among districts.

Life expectancy at birth for males and females (in years) These

two variables represent a measure of health. For instance, it can depend on

the quality of health institutions, local environment, such as pollution, or

indirectly reflect other social characteristics of a district.

Average monthly pension This variable indicates the wealth of dis-

trict’s inhabitants. Average monthly income was not available at district

level; therefore, at least the average monthly pension could be used.

Foreigners per 10 000 inhabitants Immigrants are often blamed for

a higher crime rate, particularly for property crimes.

Population growth (%) High population growth may imply high at-

tractiveness of a district. It shows, besides other things, the yearly difference

in the moving to/from a particular district.

The second group of variables in the model is linked to criminal activity.

The most important variable is the overall crime per 10 000 people, which

serves as the crime index. Other variables include the probability of solved

crime, calculated as the ratio of the number of solved crimes to the overall

number of crimes, general crime per 10 000 people, and economic crime per

10 000 people. General crime covers all forms of violent, moral, property and

youth crimes (Police of the Czech Republic). Economic crimes4 are defined

as crimes which are committed to gain a financial or a professional benefit

(Europol). We also included the most common specific forms of crimes,

namely robbery, burglary, rape, and murder. All these variables are scaled

per 10 000 inhabitants of a district to ensure their comparability.

4also called white-collar or corporate crimes
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Descriptive Statistics

In the Figure 6 we can see a visualisation of the covariance matrix of the

aforementioned variables. The crime index is strongly positively correlated

with the number of foreigners, urban population, population density, income

inequality, pension, and weakly with unemployment. On the other hand,

it is negatively correlated with the probability of solving crime (which is

in compliance with the rational theory because the higher probability of

apprehension should have a larger deterrent effect), life expectancy, and the

proportion of older population.

General crime makes up a large share of the crime index; therefore, correl-

ations are very similar. Economic crime has only very low correlation with

other variables, and interestingly, it is not correlated with the probability

of conviction at all. Burglary has strong positive correlation with foreigners

and pension, and strong negative correlation with the probability of solving

crime. The higher the income (pension in our case), the more wealthier an

owner of a house might be, and it is, therefore, more attractive for criminals

to burgle his or her house. On the other hand, if the owner employs various

protective measures to prevent the burglary, potential criminals might be

deterred.

Rape and murder appear to have very weak correlations with other vari-

ables, which may be partly explained by the fact that they are not committed

very often compared to other offences, and thus, any conclusion is difficult to

derive5. Nonetheless, it is likely that the number of rapes might be underre-

ported due to victims’ feelings of shame and fear. Moreover, in the chapter

on the literature review of crime determinants, we have not found any sig-

nificant factors accounting for murder and rape crime rates that would be

included in our dataset. It should be noted though that these estimates do

not imply a causal effect, only a joint relationship of some variables. Tables

1 and 2 show the descriptive statistics of the variables.

5On average, there were approximately two murders and eight rapes per district in 2017.
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Unemployment Foreigners

per 10 000

Population

> 65 (per

10 000)

Urban

popula-

tion

Population

density

Income

inequality

Population

growth

Life

expect-

ancy M

Life

expect-

ancy F

Minimum 1.36 97.85 1494.45 4.99 36.87 1.18 -0.79 73.06 78.70

Q1 2.81 205.29 1873.59 29.06 75.89 2.79 -0.14 75.10 81.02

Median 3.63 276.40 1952.68 38.35 115.85 3.57 0.12 75.70 81.73

Mean 3.89 350.21 1938.76 42.67 198.12 4.34 0.16 75.62 81.55

Q3 4.51 438.17 2006.13 50.33 153.72 5.09 0.30 76.35 82.21

Maximum 8.14 1506.88 2114.30 100.00 2609.91 14.16 2.24 77.87 83.21

St.deviation 1.42 233.88 107.58 21.22 362.91 2.53 0.48 1.09 0.98

Table 1: Basic descriptive statistics of the variables no. 1

Average

pension

Probability

of solved

crime

Crime

index

General

crime per

10 000

Economic

crime per

10 000

Robbery

per 10 000

Burglary

per 10 000

Rape per

10 000

Murder

per 10 000

Minimum 10708.00 0.23 83.86 57.75 10.37 0.14 1.27 0.00 0.00

Q1 11128.00 0.53 118.12 79.15 14.62 0.63 2.56 0.35 0.06

Median 11262.00 0.60 142.08 95.61 17.90 0.97 3.49 0.57 0.12

Mean 11289.67 0.58 155.48 109.11 21.42 1.31 4.18 0.56 0.14

Q3 11425.00 0.65 172.90 121.04 25.50 1.74 4.98 0.72 0.19

Maximum 12360.00 0.83 391.85 323.36 60.08 4.26 10.41 1.44 0.88

St.deviation 271.24 0.11 56.32 48.36 10.23 0.99 2.36 0.30 0.14

Table 2: Basic descriptive statistics of the variables no. 2

Figure 6: Visualization of the covariance matrix
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3.2 Parameters of the Model

Choosing the right model has proven to be a difficult task. There are no

set rules for choosing parameters; it is rather recommended to try differ-

ent sizes of grid and parameters based on the trial and error approach in

order to minimize some criterion (Kohonen, 2014). Nevertheless, some gen-

eral recommendations can be found and will be presented in the following

sections.

For the purpose of this thesis, the package ’kohonen’ in R was used since

it provides good visualisation functions. Other frequently used SOM pro-

grams include SOMbrero package in R, which can handle even non-numeric

datasets, or SOM PAK and SOM Toolbox in MATLAB created by Teuvo

Kohonen, who wrote a user’s guide about SOM applications in MATLAB

(2014).

Size, Shape and Neighbourhood Function of the Grid

The size of the grid should be chosen based on the aim of the study and

the nature of data at hand. For better visualisation and more detailed map,

a larger map is preferred (Collan et al., 2007). The resulting clusters are

then more specific, but there can be a larger number of clusters. A small

map produces a smaller number of clusters, however more generalized. On

the other hand, if the map is too large, topographic properties might be

distorted. To sum it up, there exists a trade-off between a small map with

fewer generalized clusters and a larger map with more specific clusters.

In this thesis, the rule of thumb on the number of neurons is followed

(Tian et al., 2014):

size = 5
√
n (11)

where size is the number of neurons in the grid, and n is the number of

observations in the dataset. Having 75 districts, the approximate number

of neurons equals 43.3. Additionally, the asymmetrical shape of the grid

is recommended in order to reduce border effects (Wendel & Buttenfield,
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2010), which are characterized by the grouping of observations in the border

areas of a grid (Agarwal & Skupin, 2008). Tian et al. (2014) advise using a

grid with the same ratio of sides as the ratio of the two largest eigenvalues

of the covariance matrix of the dataset. In our case, this ratio is equal to

1.66. Putting these two pieces of advice together, the grid of the size 8x5

was used. The number of neurons is 40, which is slightly less than 43.3, and

the ratio of its sides is 1.6, nearly the same as the recommended ratio.

The quality of SOM was measured based on the quantization error, which

is computed as the mean distance of the input vectors to the model vector of

the winning neuron by which they are represented. Moreover, the ’quality’

plot function was used (Figure 7). It measures the average deviations of

observations in a neuron to the weight vector of that neuron. Smaller number

indicates better representation by the model in a neuron. The grey node

depicts a node where no district is located.

Figure 7: Quality plot function

Other important parameters include the shape of respective neurons in

the lattice and the neighbourhood function used. Kohonen (2014) suggests

using the hexagonal grid rather than rectangular because of its better visu-

alisation properties, and according to Asan and Ercan (2012), the hexagonal

lattice exhibits larger variance in the neighbourhood size, and is, therefore,

frequently favoured over the rectangular grid. A hexagonal neuron has six

neighbours, compared to a rectangular node with just four neighbours. Dur-

ing the phase of the parameter tuning, the hexagonal grid displayed better
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results, and thus, we will use the hexagonal shape of neurons.

The two most applied neighbourhood functions are gaussian and bubble

functions. The neighbourhood function affects the amount of change of

weights in other neurons around the best matching neuron. Bubble function

is a constant function, in contrast to the gaussian, which value decreases as

the distance from the winning node increases. The bubble function resulted

in the lower quantization error, and thus, it was chosen for the analysis. The

grid can also be toroidal, in other words, the edges on the sides are joined

together so that neurons on one side are connected to the neurons on the

other side. This type of grid resulted in worse results in our model though,

and generally, the final interpretation of clusters is then more problematic.

SOM Learning

First of all, it was necessary to standardize all data (z-score transformation

in our case), otherwise variables with higher values might dominate others

in the learning process.

The number of iteration steps was decided based on the ’changes’ plot

(Figure 8) showing the average distance of input vectors to closest weight

vectors during the learning. In the beginning, this distance is large but

gradually decreases. At the end of the learning phase, a plateau should

be reached, representing a state when no significant changes are made with

further iterations anymore.

Learning rate influences how much the weights of the adjacent neurons

are adjusted. At the beginning of the learning process, values are higher and

then slowly decrease. Here again, the rate was chosen in order to minimize

the quality measures mentioned above. The learning rate goes from 0.13 to

0.01 in our case. If it is equal to 0, it is equivalent to the k-means clustering.

Note that the final mapping is subject to initial weights. Since the weights

are assigned randomly, there might be differences between final outcomes

with different initial random weights. It is therefore necessary to use set.seed
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function in R to assure further reproducibility.

Figure 8: Plot of changes

Clustering

In order to decide on the optimal number of clusters, the elbow method

based on the minimization of the total within-cluster sum of squares was

employed. The within-cluster sum of squares evaluates the heterogeneity

of observations in each cluster, and is calculated as the sum of squared

distances of the observations from their cluster centroids. The smaller the

sum is, the better. In the elbow method, the optimal number of clusters

is characterized by the apparent ”elbow” or bend of the curve, showing the

diminishing returns of increasing the number of clusters. The number of

clusters is plotted on the x-axis and the total within-cluster sum of square

on the y-axis (Figure 9). It can be seen from the figure that the ”elbow” is

not very distinguishable; nevertheless, the number of six clusters seems to

be promising, and it is a convenient number of clusters for the subsequent

analysis.

The clustering was carried out by k-means algorithm with the defined

number of six clusters. In the beginning, as in the random weight initiation
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process during the SOM learning phase, the centroids of clusters are chosen

randomly, and thus, the final outcome might slightly differ depending on

their initial location.

Figure 9: Optimal number of cluster - elbow method
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3.3 Results and Discussion

Figure 10 depicts the location of districts plotted in the grid of the trained

self-organizing map. Districts with similar characteristics are mapped closer

to each other and dissimilar ones far away, which is the fundamental property

of self-organizing maps. Bold lines separate respective clusters for better

visualisation. It should be noted that the location of a district stays the

same in every plot which follows.

Figure 10: Location of districts

In the Figure 11 we can see a composition of the so-called codebook vec-

tors6 in neurons. Although this plot is not very practical for a larger number

of variables as the component segments are then difficult to discern, it can

serve for illustrative purposes. The larger the segment, the stronger influ-

ence the variable has on the codebook vector of the model in that neuron.

The largest segments are located on the sides of the grid, especially on the

left side. The middle area is characterized by a smaller size of segments.

Figure 12 shows the distribution of normalized values of all variables

across districts. This plot is useful for exploring the relationship between

the attributes. High values are depicted with yellow and low values with

6Codebook vector is the representation of the model in a neuron. It consists of weights for every

variable in the dataset.
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Figure 11: Codebook vectors

red. It can be seen that the crime index is very low on the right side,

and gradually increases moving to the left. Similar pattern can be seen in

the variables foreigners, urban, density, income inequality, and roughly also

in pension, which proves our conclusions from the visualisation of the afore-

mentioned covariance matrix. Unfortunately, the visual pattern of the crime

index and property crimes (burglary and robbery) is quite similar; thus, it

is not possible to make any general conclusions regarding the approximate

relationship of foreigners, income inequality, and unemployment with prop-

erty crimes, which is believed to exist according to the literature review in

the first chapter of the thesis. We can only state that there is some posit-

ive correlation between them. Nevertheless, it can be seen that the pattern

of burglary is more similar to pension and foreigners; the distribution of

robbery, on the other hand, resembles more income inequality.
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Figure 12: Feature maps
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Figure 13: U-matrix

The plot of summed distances to all adjacent neurons is called U-matrix

(Figure 13), which is usually depicted as a greyscale plot. Lower values

(darker shade) indicate that districts in these neurons are similar to each

other. Lighter colour represents increasing dissimilarity. The nodes on the

right are very similar, but as we move to the left, distances increase.

Clusters

The final clusters are as follows:

Figure 14: Clusters

Cluster 1: Ostrava-město, Most and Karviná

This cluster is characterized by very high values of crime rates (particu-

larly robbery and burglary), unemployment and income inequality; negative

population growth and low life expectancy. The area is also rather urban-
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ized. According to the aforementioned theory, all these factors contribute

to higher property crime rates, and the existence of social interactions and

the peer influence might even have a magnifying effect on crime rates. Inter-

estingly, these districts were once important coal mining regions. The SOM

algorithm placed them together even though there was no specific variable

accounting for it. After structural changes in the industry following the year

1989, the unemployment rate has risen (Toušek, 2008) and remained high

until today.

Cluster 2: Teplice, Tachov, Karlovy Vary, Český Krumlov, Litoměřice,

Chomutov, Úst́ı nad Labem, Cheb, Česká Ĺıpa, Sokolov, Louny, Děč́ın,

Jeseńık and Bruntál

The second cluster shows rather high crime index (especially robbery and

rape) and income inequality as well. The population growth is also very low

or even negative, pension is well below average, the mean value of unem-

ployment rate is the second highest of all clusters, and there is a larger share

of foreigners. This cluster includes mainly the mountainous border areas of

the republic, mostly the Ore Mountains (Krušné hory) in the north-west

and Jeseńıky Mountains in the north-east. Many districts were affected by

the intensive coal and minerals mining in the past and/or specialization on

heavy industry. As the first cluster, it experienced structural changes after

1989 and bears its consequences until today.

Cluster 3: Mladá Boleslav, Beroun, Praha, Koĺın, Mělńık, Kladno and

Liberec

This cluster is characterized by the medium level of crime (although very

high rates of burglary and rape). Unemployment and income inequality

are low, pensions and population growth are relatively high, life expectancy

is above average. The good quality of life and the relative wealth of cit-

izens might account for the increased incidence of burglaries, which would

be consistent with the rational theories of crime since offenders might face
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higher payoffs from illegal activities. Except for Liberec, all these districts

are closely surrounding the capital city. Due to this proximity to the capital,

they can benefit from better job opportunities and facilities; people from the

capital city move to live there7; and this all shows a tight interconnection

with the capital. Škoda Mladá Boleslav is also one of the leading employers

in the region.

Cluster 4: Brno-venkov, Kutná Hora, Př́ıbram, České Budějovice, Plzeň,

Hradec Králové, Pardubice, Nymburk, Benešov, Frýdek-Mı́stek, Olomouc,

Jihlava, Rakovńık, Jablonec nad Nisou, Rokycany, Břeclav and Znojmo

The crime index of this cluster is quite low as is the probability of solved

crime. This cluster is characterized by the medium level of unemployment,

urbanized population and pension; high population growth and life expect-

ancy; and at the same time, low income inequality. In this cluster, almost

all remaining region capital cities can be found.

Cluster 5: Plzeň-město, Brno-město and the capital city Praha

This cluster of urbanized districts is distinguished by the very high crime

index and the low probability of solving crime. There are particularly high

rates of economic crime, robbery, burglary, and relatively high murder rate

compared with other clusters. The quality of life is, on the other hand, ex-

ceptionally good – low unemployment and moderate income inequality, very

high life expectancy and high pensions. A lot of foreigners live there, and

the population increases every year. It is generally believed that big cities

tend to have much higher crime rates than smaller cities or rural areas. This

can be explained by better pecuniary profits from crime in big cities and by

a lower probability of arrest and identification (Glaeser & Sacerdote, 1999).

Cluster 6: Pelhřimov, Domažlice, Jič́ın, Tábor, Zĺın, Chrudim, Ždár nad

Sázavou, Vyškov, Uherské Hradǐstě, Rychnov nad Kněžnou, Úst́ı nad Or-

7According to ČSÚ, the number of interdistrict moving in this cluster is the largest one in the Czech

Republic – especially from the capital to Praha-západ and Praha-východ
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lićı, Blansko, Semily, Havĺıčk̊uv Brod, Třeb́ıč, Hodońın, Svitavy, Jindřich̊uv

Hradec, Klatovy, Náchod, Trutnov, Přerov, Kroměř́ı̌z, Vset́ın, Nový Jič́ın,

Opava, Prachatice, Šumperk, Ṕısek, Strakonice and Prostějov

This largest cluster is defined by the very low level of crime and the highest

probability of solving crime. Apart from one node, where the murder rate is

particularly high8, crime rates of other types of illegal activities are notice-

ably low. On average, the share of the older population is the largest there,

income inequality is low; furthermore, it has a medium level of pension, not

many foreigners, and a slightly negative population growth. This cluster

is consistent with the hypothesis that criminal activity prospers mostly in

more urbanized areas and within population with a higher degree of income

inequality.

From the visual inspection of the map (Figure 15), we can see that even

though no geographic information was provided to the SOM, there are some

patterns regarding how the districts were clustered, based on the mutual

interconnection, industrial history, or other characteristics.

Figure 15: Map of the Czech Republic with coloured clusters (template source:

www.geocaching.cz)

Cluster 1 – red, Cluster 2 – yellow, Cluster 3 – green, Cluster 4 – dark blue, Cluster 5 –

orange, Cluster 6 – light blue

8Domažlice and Jič́ın
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Following tables show mean values of variables in each cluster.
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1 7.42 363.83 1910.76 83.69 638.56 12.55 -0.46 73.53 79.80

2 4.75 458.73 1888.42 48.64 114.73 6.53 -0.13 74.29 80.17

3 3.65 556.06 1801.70 37.52 170.74 2.87 0.95 76.09 81.51

4 3.71 309.64 1932.72 41.37 118.11 3.25 0.45 76.04 81.95

5 3.17 1034.63 1987.52 96.70 1662.34 4.91 0.61 77.39 82.44

6 3.38 209.41 1993.74 32.66 101.52 3.43 -0.04 75.92 82.04

Table 3: Representation of clusters by mean values of variables no. 1
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1 11607.00 0.51 269.85 213.28 27.61 3.90 7.76 0.61 0.10

2 11112.64 0.64 188.71 133.05 25.08 1.79 4.17 0.71 0.18

3 11626.21 0.47 168.17 125.96 17.71 1.91 7.57 0.81 0.16

4 11292.32 0.51 137.14 96.28 17.08 0.84 4.11 0.58 0.10

5 11954.00 0.32 311.60 252.53 37.82 2.44 9.77 0.65 0.25

6 11197.16 0.65 121.49 77.56 20.80 0.85 2.57 0.40 0.13

Table 4: Representation of clusters by mean values of variables no. 2

Limitations

It is important to point out limitations of the SOM approach in the in-

vestigation of criminal behaviour as well. Firstly, the final outcome is very

sensitive to the choice of a number of various parameters, such as the size of

the grid, the neighbourhood function, the number of iterations, the learning

rate or the final number of clusters. One changed parameter can result in a

different mapping of observations. Nevertheless, the location of districts in

maps with a different setting was usually, to some extent, roughly similar,
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at least in our case. Secondly, as no general guidelines for the choice of para-

meters exist, the procedure is based, to a larger degree, on trial and error

approach and on decisions on the grounds of some educated guess. Lastly,

it should be noted that the SOM is mainly a visualisation technique aimed

at uncovering new, potentially interesting relationships; no causal inference

can be made.
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Conclusion

Crime has been a social problem for centuries. Although many resources

are being put into the fight against crime every year, crime has not been

eradicated and constantly accompanies us. It is, therefore, crucial to clarify

motives for criminal behaviour. To get a new insight into this complex

problem, we have employed an unconventional method of self-organizing

maps to analyse the crime situation in the Czech districts.

The dataset of 75 districts included important variables, which are be-

lieved to be in a close relationship with crime based on the literature review

in the first part of the thesis, as well as other relevant characteristics of dis-

tricts and crime-related variables. The key problem proved to be an optimal

choice of parameters for the model. This decision should be based on the

nature of the problem at hand, and at the present moment, there are only

some general recommendations but no fixed rules for setting parameters.

Therefore, this presents a complication because although the choice can be

based on some criteria, the final decision is likely to be, to a certain degree,

subjective.

Nevertheless, the power of self-organizing maps lies in the ability to visu-

alise and cluster observations with a lot of features, which would be manu-

ally almost impossible. The resulting mapping and clustering of districts

provide an interesting way to look at crime in the Czech Republic. For our

analysis, six clusters of districts were identified. The final clustering shows

geographical pattern, joint economic history, or some other characteristics

even though no such information has been provided to the algorithm. For

instance, clusters 1 and 2 include mostly border areas with significant mining

and industrial history and high levels of crime. The comparison of clusters

1 and 5 can be stated as another noteworthy example. In the grid, both

are located on the left side with the highest crime rates of all districts, just

above each other. Yet, one could say that the difference between them is

striking. Cluster 1 (Ostrava-město, Most and Karviná) has apart from high

crime rates also a very high level of unemployment and income inequal-
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ity, negative population growth and low life expectancy. On the contrary,

Cluster 5 (Plzeň-město, Brno-město and the capital city Praha) has very low

unemployment, medium income inequality, positive population growth and

high life expectancy. Notwithstanding, both clusters are a hub for offend-

ers. Cluster 3 is mostly comprised of districts surrounding the capital city.

The districts benefit from the vicinity to the capital; the quality of life and

income is quite high, and this might partly explain the increased incidence

of burglaries since criminals face higher payoffs according to the theory.

Self-organizing maps can be a beneficial visualisation tool for analysing

criminal behaviour. However, the map itself does not show any causal ef-

fects, and a substantial limitation lies in the subjective choice of parameters.

This thesis demonstrates an example how social sciences can profit from the

insight of artificial intelligence. The findings might be valuable for policy-

makers who have to decide on the optimal law enforcement policies in order

to reduce crime rates. Although the application of self-organizing maps in

economics and finance has already been plentiful, it should undoubtedly

deserve more attention of researchers in future studies.
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[42] İmrohoroǧlu, A., Merlo, A. & Rupert, P., 2004. What Accounts for the

Decline in Crime? International Economic Review, 45(3), pp.707-729.

[43] Jolls, C., 2004. On Law Enforcement with Boundedly Rational Actors.

Discussion Paper No. 494, Harvard Law and Economics.

[44] Kahneman, D. & Tversky, A., 1979. Prospect Theory: An Analysis of

Decision under Risk. Econometrica, 47(2), pp.263-291.

[45] Kangas, L., 2001. Artificial Neural Network System for classification of

offenders in murder and rape cases, National Criminal Justice Reference

System.

[46] Kelly, M., 2000. Inequality And Crime. The Review of Economics and

Statistics, 82(4), pp.530-539.

[47] Kessler, D.P. & Levitt, S., 1999. Using Sentence Enhancements to Dis-

tinguish between Deterrence and Incapacitation. Journal of Law and

Economics, 42(1), pp.343-363.

[48] Kleiman, M., 2005. When Brute Force Fails: How to Have Less Crime

and Less Punishment, National Institute of Justice.

[49] Kohonen, T., 1982. Self-organized formation of topologically correct

feature maps. Biological Cybernetics, 43(1), pp.59-69.

[50] Kohonen, T., 2001. Self-organizing maps, Springer.

[51] Kohonen, T., 2014. MATLAB Implementations and Applications of the

Self-Organizing Map, Helsinki: Unigrafia Oy.

[52] Lee, D.S. & McCrary, J., 2005. Crime, Punishment, and Myopia. NBER

Working Papers 11491, National Bureau of Economic Research.

[53] Levitt, S. D., 1997. Using Electoral Cycles in Police Hiring to Estimate

the Effect of Police on Crime. The American Economic Review, 87(3),

pp.270-290.

48



[54] Li, X. & Juhola, M., 2013. Crime and its Social Context: Analysis

Using the Self-Organizing Map. In Proceedings of European Intelligence

& Security, pp.121-124.

[55] Li, X. & Juhola, M., 2014a. Country Crime Analysis Using the Self-

Organizing Map, with Special Regard to Demographic Factors. AI and

Society, 29(1), pp.53-68.

[56] Li, X. & Juhola, M., 2014b. Application of The Self-Organising Map to

Visualisation of and Exploration into Historical Development of Crim-

inal Phenomena of the USA, 1960-2007, International Journal of Society

Systems Science, 6(2), pp.120-142.

[57] Li, X. & Juhola, M., 2015. Country Crime Analysis Using the Self-

Organising Map, with Special Regard to Economic Factors. Inter-

national Journal of Data Mining, Modelling and Management, 7(2),

pp.130-153

[58] Lin, M.-J., 2008. Does Unemployment Increase Crime?: Evidence from

U.S. Data 1974-2000. Journal of Human Resources, 43(2), pp.413-436.

[59] Lin, M.-J., 2009. More Police, Less Crime: Evidence from US State

Data. International Review of Law and Economics, 29(2), pp.73-80.

[60] Lochner, L., 1999. Education, Work, and Crime: Theory and Evidence.

RCER Working Papers No. 465, University of Rochester - Center for

Economic Research (RCER).

[61] Lochner, L. & Moretti, E., 2004. The Effect of Education on Crime:

Evidence from Prison Inmates, Arrests, and Self-Reports. American

Economic Review, 94(1), pp.155-189.

[62] Ludwig, J., Duncan, G.J. & Hirschfield, P., 2001. Rban Poverty and

Juvenile Crime: Evidence from a Randomized Housing-Mobility Ex-

periment. The Quarterly Journal of Economics, 116(2), pp.655-679.

[63] Machin, S. & Meghir, C., 2004. Crime and Economic Incentives. The

Journal of Human Resources, 39(4), pp.958-979.

49



[64] Machin, S., Marie, O. & Vujic, S., 2010. The Crime Reducing Effect

of Education. IZA DP No. 5000, CEP Discussion Papers, Centre for

Economic Performance, LSE.

[65] McAdams, R.H. & Ulen, T.S., 2008. Behavioral Criminal Law and Eco-

nomics. Working Paper No. 440, John M. Olin Program in Law and

Economics.

[66] Memon, Q.A. &Mehboob, S., 2006. Crime investigation and analysis us-

ing neural nets. Proceedings of International Joint Conference on Neural

Networks, pp.346-350.

[67] Mendes, S.M., 2004. Certainty, Severity, and Their Relative Deterrent

Effects: Questioning the Implications of the Role of Risk in Criminal

Deterrence Policy. Policy Studies Journal, 32(1), pp.59-74.

[68] Oatley, G., Ewart, B. & Zeleznikow, J., 2006. Decision support systems

for police: lessons from the application of data mining techniques to

”soft” forensic evidence. Artificial Intelligence and Law, 14(1), pp.35-

100.

[69] O’Donoghue, T. & Rabin, M., 1999. Doing It Now or Later. The Amer-

ican Economic Review, 89(1), pp.103-124.
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Appendix

i District i District

1 Benešov 39 Hradec Králové

2 Beroun 40 Jič́ın

3 Kladno 41 Náchod

4 Koĺın 42 Rychnov nad Kněžnou

5 Kutná Hora 43 Trutnov

6 Mělńık 44 Chrudim

7 Mladá Boleslav 45 Pardubice

8 Nymburk 46 Svitavy

9 Praha (Praha-západ a Praha-východ) 47 Úst́ı nad Orlićı

10 Př́ıbram 48 Havĺıčk̊uv Brod

11 Rakovńık 49 Jihlava

12 České Budějovice 50 Pelhřimov

13 Český Krumlov 51 Třeb́ıč

14 Jindřich̊uv Hradec 52 Žd’ár nad Sázavou

15 Ṕısek 53 Blansko

16 Prachatice 54 Brno-město

17 Strakonice 55 Brno-venkov

18 Tábor 56 Břeclav

19 Domažlice 57 Hodońın

20 Klatovy 58 Vyškov

21 Plzeň-město 59 Znojmo

22 Plzeň (Plzeň-jih a Plzeň-sever) 60 Jeseńık

23 Rokycany 61 Olomouc

24 Tachov 62 Prostějov

25 Cheb 63 Přerov

26 Karlovy Vary 64 Šumperk

27 Sokolov 65 Kroměř́ıž

28 Děč́ın 66 Uherské Hradǐstě

29 Chomutov 67 Vset́ın

30 Litoměřice 68 Zĺın

31 Louny 69 Bruntál

32 Most 70 Frýdek-Mı́stek

33 Teplice 71 Karviná

34 Úst́ı nad Labem 72 Nový Jič́ın

35 Česká Ĺıpa 73 Opava

36 Jablonec nad Nisou 74 Ostrava-město

37 Liberec 75 the capital city Praha

38 Semily

Table A.1: Districts
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Figure A.1: Location of districts (template source: www.geocaching.cz)
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