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Abstract

Using Slovak administrative data on municipal violations committed between years 2011-

2016, several violation rates are computed and analyzed. One task is to corroborate the

results collected from the already existing literature. Therefore, violation rates are computed

controlling for age, education, gender, unemployment or occupation type and the results are

consequently compared with the stylized facts about crime rates from the literature. It can

be concluded that only some fraction of the stylized facts presented in the previous literature

on crime rates can be replicated using the Slovak municipal violations data. Moreover, these

violation rates are investigated controlling for income in order to see whether the behavior of

the rich differs from the observed behavior of the poor. The data shows that individuals from

the lowest or the highest income groups are significantly more likely to commit a violation

than individuals with only an average income rate. Finally, no significant effect with respect

to the timing of the pay day is found, neither by income, nor by occupation type.
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1 Introduction

Obedience to law is not something that can be taken for granted, as criminal behavior and repeating

violations of law can be observed everywhere. As significant public resources are currently being

spent to prevent and punish unlawful behavior, it is worth knowing why such behavior occurs in

the first place. Once this is thoroughly investigated, that might provide the necessary background

for the discussion about what can be done to minimize the costs and maximize the efficiency of the

existing law system. Possibly extending the knowledge required for this discussion, the subsequent

study tries to corroborate whether already observed facts about crime rates are true for data about

Slovak violation rates, as violations comprise only a subset of all criminal deeds. And moreover, it

investigates whether a pay day is correlated with the total number of observed violations.

First to propose a formal model explaining the motivation behind committing different crimes

was Becker (1968). Back in the days, his paper was revolutionary as not many scholars were

thinking about crime in economic terms. He was the first to introduce the concept of rationality

into explaining why criminal behavior occurs. This might seem to be a very obvious link now,

but at that time this thought was considered to be very unconventional and truly out of the box.

Most of the literature only focused on providing descriptive statistics on crime rates with respect

to different factors. In other words, these studies were mostly focused on correlation instead of

causality. His paper was the first to implement a basic cost-benefit analysis and it proposed that

criminal behavior can be observed when the benefits of committing a crime simply outweigh the

costs. By costs are meant the probability of being caught and consequently, the punishment it-

self. Nowadays, due to technical progress, sophisticated models can be proposed and these try to

causally link crime to different individual demographic and socio-economic factors.

This study tries to analyze violation rates, instead of crime rates, which are typically discussed in

the literature. By the term crime rate is expressed the number of criminal deeds (overall or of a cer-

tain type) that are expected to be observed and committed per 100,000 individuals. As this study

focuses on the calculation of several violation rates, the important thing to know is how a violation

is defined. Municipal violations comprise only a subset of all crimes. By this term is understood a

criminal deed which is committed and is against the law, but it is not as severe to be considered

a crime. For example, municipal violations comprise traffic violations like speeding over the limit

or drunk driving (under the assumption that no people are hurt or die). Another example might

be being too loud after a specific hour or consumption of alcohol at public places. Such cases are

typically not considered crimes and they are not taken to court. The result is such that perpetra-

tors receive fines, that have to be paid off before a certain date.1 Consequently, any violation rate

accounts for the expected number of municipal violations being committed per 100,000 individuals.
1If this condition is not satisfied, then such case might eventually end up in court. However, empirical data show,

that most of the fines are paid off immediately when the the deed was committed. Based on the dataset at hand,

more than 88 % of cases were resolved immediately.
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In line with the previous argument, one of the main goals is to investigate whether it is possi-

ble to replicate already defined stylized facts observed when more severe crimes were analyzed

also when one includes only a subset of all crimes. More precisely, when one investigates only

the unskilled crimes or in other words, municipal violations. To provide an example, the existing

literature can present a lot of evidence that in general, the crime rate decreases with age. The

corresponding research question this thesis tries to answer is whether it is possible to observe the

same pattern with respect to age as one restrict the sample and includes only municipal violations.

This analysis tries to answer several questions. First of all, it intends to provide an investiga-

tion of violation rates with respect to different factors such as age, unemployment, education,

gender or type of occupation. Based on the already existing literature, stylized facts are collected

and summarized in the third part of this thesis and the subsequent analysis tries to corroborate

these results in the Slovak environment.

Secondly, this thesis investigates whether it is possible to associate different income levels with

different behavioral patterns. This part is inspired by a very influential paper written by Mani

et al. (2013) in which the authors discuss how poverty influences cognitive functions. In general,

several papers found that bad decisions could be traced to the fact that the decision makers were

poor and hence, unable to optimize their behavior efficiently. It might be interesting to analyze

municipal violation patterns from this perspective in order to see which income group tends to

commit these municipal violations. Whether it is the poor being involved in a very self-damaging

type of behavior or whether it is the rich, who do not face such severe consequences because paying

a fine is of a small burden for them.

Thirdly, the purpose of this study is also to investigate whether the exact timing of the pay

day plays any role whatsoever and whether it affects the time distribution of committed violations.

This part is inspired by a paper written by Anderoni et al. (2017) in which the authors performed

a natural field experiment. The experimenters intentionally misdelivered envelopes to rich and

poor household in order to investigate the return rates. In other words, they wanted to analyze

the extent to which were these misdelivered letters in the end resent to the original receiver. They

found that these rates depended strongly on the exact days when the individuals included in the

experiment received their wages. Therefore, it might be interesting to analyze whether this result

can be extended and corroborated in other social situations.

As for the motivation why such thesis is of a practical importance, it might be helpful to shed

some light into this topic to understand what drives different violation patterns. From the the-

oretical micro perspective, this is an interesting question itself, just to untangle something more

about the human nature. Moreover, there might be a relationship between violation and crime

2



rates. It might be the case that individuals more likely to commit a less severe type of a crime

(speeding, consumption of alcohol at public places) might consequently be more likely to commit

more severe crimes. Then, the investigation of violation rates might serve as some sort of a pre-

dictor of the crime rate, as well. Also, this paper can be viewed as a case study for one particular

country for which this type of analysis has not been performed yet. Therefore, it might serve as an

important starting point for further research in this specific area. In practice, this might be of a

particular importance when designing smarter public policies. For example, more effective control

mechanisms might be designed based on the conclusions stemming from analysis.

Practically, the analysis is performed using administrative individual Slovak municipal violation

data spanning from 2011 to 2016. These data are matched with different demographic variables

such as age, gender and other indicators of personal socio-economic status (education, employment

status, average yearly income and occupation type by the statistical classification of economic ac-

tivity). Consequently, the violation rates are calculated and the number of violations is analyzed

with respect to the known pay days.

The structure of the paper is as follows. The second chapter presents a literature review of different

topics related to violations and crime in general. The third chapter provides a review of hypotheses

this thesis tries to corroborate and a summary of research questions. The fourth chapter provides

description of the dataset used in the analysis while the fifth chapter presents descriptive statistics

of the data and obtained analytical results. The sixth chapter discusses the validity of the study

and provides ideas for further research. The final chapter concludes.

2 Literature review

A vast literature analyzing different crime patterns can be found as crime has always been an inter-

esting element to study. First, the studies started presenting mostly descriptive results providing

calculations of violation or crime rates with respect to different age, education or income cohorts.

As for the formal definition, violation/crime rates are typically calculated as the total number of

criminal deeds one would expect to observe per 100,000 inhabitants. This definition is also used

in the following parts of this paper. As for the practical difference between a violation rate and a

crime rate, while the violation rate accounts for criminal deeds such as speeding or being too loud

after a particular hour (unskilled crimes), the crime rate typically accounts for more serious deeds

such as stealing or homicides.

As it was already mentioned, the literature originally provided descriptive statistics on observed

violation and crime rates. Only papers from recent years tried to search for causal links between in-

dividual factors and committed criminal deeds. Yet, much research is still left to be done, especially

with respect to gender, as the literature never really focused on this particular factor.
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2.1 Crime and age

One of thoroughly studied and very well documented relationships in criminology is the age-crime

profile. In general, there is a strong agreement on the fact that the crime rate peaks in the late teen

years or in the early twenties and that it decreases as individuals age (Hirschi and Gottfredson,

1983). While Hirschi and Gottfredson (1983) claim that there is a substantial part to the age-crime

profile which can only be explained by age, newer papers go further in order to understand what

it is about the age that causes this profile to be fairly invariant, even when controlling for different

factors such as gender, race or type of crime.

One obvious problem with this variable is that it is strongly correlated to other important fac-

tors that evolve as individuals age. Just to mention a few, existing literature naturally links age

to education, family, maturity, stronger social network or income (Blonigen, 2010; Glaeser et al.,

1996; Sweeten et al., 2013; Williams and Sickles, 1998). Controlling for these effects can explain

much of the variation previously assigned to be caused solely by the variable age (Hansen, 2003;

Williams and Sickles, 1998). In practice, it can be argued that all of these factors are expected

to have a negative effect on the crime rate as all of these factors increase the opportunity costs of

committing a crime (Hirschi and Gottfredson, 1995; Lochner, 2004).2 In general, it is important

to disentangle different effects that were previously assigned to be caused by age, but are in fact

caused by individual socio-economic status factors such as education, unemployment or income,

in order to get unbiased analytical results. And also, correctly estimated causal links allow policy

makers to propose fitting prevention and correction mechanisms. For example, it might be the

case that policies focusing solely on age could induce some unexpected behavioral responses that

might worsen the overall situation.

2.2 Crime and socio-economic factors

2.2.1 Crime and education

Multiple studies focused on the descriptive statistics of crime rates with respect to education. As

a result, many studies found correlation between lower achieved education level and higher crime

rates (Farrington et al., 1986; Freeman, 1996; Hansen, 2003; Lochner, 1999). As for the younger

age cohorts, it is argued that schooling is important because it simply keeps the students out

of streets. Nevertheless, schooling allows individuals to acquire knowledge necessary for further

success (Hansen, 2003).

2More precisely, higher education, stronger family connections (starting own family), more experience gained

through trial and error, stronger social network in terms of having made own friends and business connections or

higher income due to more years of experience - all of these factors practically increase the opportunity costs of

committing a crime because older individuals can lose more in terms of all of the aforementioned factors. Hence,

then it is more difficult for the benefits to outweigh the costs and as a result, lower crime rate is recorded.
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In order to further understand the aforementioned relationship between age, crime and education,

Lochner (2004) proposes that these patterns should be analyzed within a human capital framework,

which he developed in his paper. He argues that older, more intelligent and more educated people

accumulate higher human capital which can consequently be translated into higher wages and

therefore higher opportunity costs of committing an unskilled crime. As a result, the age-crime

profile decreases with increasing age, at least for the unskilled crimes.3 Moreover, the overall age-

crime profile is expected to be fairly flat in environments with little skill formations. As for the

dynamics, the drop in crime rate is steeper within younger age cohorts as the marginal value of

work increases the fastest within these particular age groups early in their work careers.

2.2.2 Crime and unemployment

The evidence regarding crime and unemployment shows that in many countries some form of

correlation between these two variables can be found. More precisely, several papers found that

unemployment does have an effect and worsens the situation especially in relation with property

crimes (Lin, 2008; Raphael and Winter-Ebmer, 2002). However, a general link between unemploy-

ment and crime has not been established (Freeman, 1999). Related to this, criminal patterns were

also found to react to changes in income incentives (Entorf and Spengler, 2000; Gould et al., 2002).

Additionally, a group especially affected by unemployment is the youth (Farrington et al., 1986;

Fougère et al., 2009; Gould et al., 2002). In general it can be observed that as the labor market

prospects improve, the crime rate decreases and vice versa. The effect of unemployment is often

explained by a Becker/Ehrlich model which directly links labor income and crime.

Overall, the models on crime and unemployment typically focus on individuals who are on a margin

of crime, deciding whether to participate in illegal activities or not. The standard tool applied in

analysis is a Becker/Ehrlich model which has been used for analytical purposes for decades now. It

introduces a concept of rationality into individual’s decision making process and proposes that the

decision between working and cheating might be a rational one, influenced by present incentives.

Hence, this model takes into account a basic trade-off between labor income and monetary income

stemming from cheating under some probability of being caught and punished. Then, the final

result obviously depends on which scenario yields greater expected utility and that is chosen by the

agent (Becker, 1968; Draca and Machin, 2015). Naturally, direct implication of this theory is that

the unemployed are expected to be significantly more prone to crime and violent behavior since

there is much for them to gain, when accounting for the fact that their labor income is practically

zero. In some cases, income earned through illegal activity might be the only available source of
3By an unskilled violation or crime can be understood larceny or different traffic violations. The distinction

between skilled and unskilled crimes is important to note because better education or higher intelligence levels may

actually increase expected profits of some while collar crimes such as fraud or embezzlement. In return, that may

imply that these crime rates actually peak later than in early twenties as they provide substantial skill premium.

Lochner’s estimates actually display increasing arrest rates for while collar crimes in relation to increasing education

level.
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income and hence, participation in a crime might be a very rational option. It should be noted

that even though the basic Becker/Ehrlich model is oversimplifying the reality, it can be extended

by introducing dynamic properties of time allocation (Lochner, 2004) or crime specialization in

terms of different risks and different outcomes (Draca et al., 2015).

2.2.3 Crime and income

Overall, the literature on unethical behavior and crime associated with income presents two promi-

nent arguments. One of them explains why the poor are the social class which is more likely to

participate in this type of behavior while the other one argues that in fact the rich are the group

more likely to commit unethical and criminal deeds.

First of all, there is some literature suggesting that the poor might be the social group more

likely to behave unethically or to break the law. The argument is that their motivation to increase

their revenue or resources is relatively high (due to the high marginal utility of income) which

might drive them to commit criminal deeds. Empirical evidence based on the data on the police

arrests from the US and the UK indeed shows that crime decreases with increasing income (Free-

man, 1996; Grogger, 1998; Machin and Meghir, 2000). This argument is supported by the evidence

collected in a natural field experiment in the Netherlands as presented in the paper by Anderoni

et al. (2017). The experimenters misdelivered letters on purpose in order to investigate whether

the incorrect recipients would resend the letters to the original receivers. Since it was possible to

see that the letters contained some monetary amount, the subjects could realize that they could

earn money by not returning the envelopes. This experiment showed that the rich households

returned the misdelivered envelopes to a relatively larger extent indicating that the rich in fact

behaved more pro-socially. The authors argued that this is caused by the fact that the rich simply

have more money and that the rich households did not care much about keeping additional misde-

livered 20 EUR while even such a small amount of money was highly valued by the poor households.

Additionally, as for the income, another important factor is the exact pay off day. Multiple studies

showed that the behavior of subjects depended highly on the fact, whether the subjects were sup-

posed to make an important decision before or after the pay off day. As for the empirical evidence,

Anderoni et al. (2017) found out that the rate of pro-social behavior (rate of return of the mis-

delivered letters) was the highest shortly after the pay day and that the rate was decreasing as it

was getting closer to the date of the following pay day. Similar results were observed by Carvalho

et al. (2016). They found that participants were more present-biased when making intertemporal

choices a couple of days before the pay day as compared to the group making these decisions after

the pay day. The channel causing such behavior was famously described in a paper by Mani et al.

(2013). The central argument is that poverty can be traced to induced higher levels of stress which

in turn might affect the individual decision making process. This naturally yields a hypothesis that

even criminal deeds might be subject to this type of behavior. Certainly, there are other papers
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showing that the poor struggle with making strategic decisions (Haushofer and Fehr, 2014; Karlan

et al., 2014; Mani et al., 2013). Therefore, it might be the case that committed crimes might be

to some extent attributed to poor and more present-biased decision making process while unfor-

tunately, the consequences might be long-lasting. Not accounting for the fact itself that basically

any monetary punishment is relatively more harsh for the poor due to the obvious lack of resources.

The second line of argument proceeds as follows. In fact, the upper income class might be the one

more prone to unethical behavior or crime. In general, this could be due to the fact that these

people do not truly comprehend the concept of scarcity of resources because often they do not face

the same severe trade-off as the poor. Overall, the rich face fewer risks and enjoy greater freedom.

For example, paying a fine is typically not seen as a very harsh punishment since these additional

costs are easy to cover due to diminishing marginal utility of income of the rich. Indication that

a fine can be merely viewed as a price is presented in a paper by Gneezy and Rustichini (2000).

Here, the experimenters thought that an introduction of fine for a late arrival to a day-care center

was supposed to reduce the rate of late arrivals but instead the behavioral response was exactly

the opposite as the parents participating in this experiment viewed the fine as a fee allowing them

to be late. In line with this evidence, the members of the upper-class might be more likely to break

the law since paying a fine can be seen as a fair bargain covering up for the unlawful behavior.

This argument is supported by a paper written by Piff et al. (2012). They run several field and

laboratory experiments and the evidence showed that the rich behaved relatively more unethically

than the poor. More precisely, as for the field experiment, the rich were more likely to break the

law while driving (cutting off other cars, cutting off pedestrians). Additionally, the laboratory ex-

periment showed that the upper class members endorsed unethical behavior at work or cheated in

order to increase their chances of winning relatively more often than lower-class individuals. These

results were also replicated by Dubois et al. (2015). Another example is that the rich face higher

marginal tax rates and hence, they have higher motivation to avoid paying taxes as they might

be left with greater income. The empirical evidence does indeed support this line of reasoning

(Andreoni et al., 1998; Cox, 1984; Wang and Murnighan, 2014). In other words, the literature

suggests that individuals with higher income status tend to be more self-focused and greedy when

discussing unethical and criminal behavior (Kraus et al., 2009, 2011).

2.3 Crime and gender

Several studies investigated the relationship between crime and gender. One stylized fact is that

women are significantly underrepresented in the collected crime datasets when compared to men

(Entorf and Spengler, 2000; Graham and Bowling, 1995; Hirschi and Gottfredson, 1983). Never-

theless, the general age-crime pattern is still observed, although the line is flatter for females, but

it still peaks around late teen years or in the early twenties (Entorf and Spengler, 2000; Hirschi

and Gottfredson, 1983). Interestingly enough, there is a significant lack of evidence on why it is

the case that women are less likely to break the law and commit a crime or a violation. Most of
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the papers only analyze behavior of men or propose formal theories with no further solid empir-

ical evidence. Hence, the whole concept of the crime gender gap is still being eagerly disputed

(Heidensohn, 2012).

3 Research questions and hypotheses

Based on the literature review, this thesis tries to corroborate the following descriptive results:

Hypothesis 1 (H1): Violation rate peaks with the youngest cohort and decreases with age.

Hypothesis 2 (H2): Violation rate decreases with higher education.

Hypothesis 3 (H3): Violation rate is higher for the unemployed than for the employed.

Hypothesis 4 (H4): Violation rate decreases with age for the employed and the unemployed.

Hypothesis 5 (H5): Males are overrepresented in the sample of perpetrators.

Hypothesis 6 (H6): Violation rate decreases with age for males and also females.

As for the following Hypothesis 7, the literature argues that the crime rate can increase but also

decrease with income. Based on the nature of the dataset, the subsequent H7 states that the rich

are more likely to commit violations. This is due to the fact that violations comprise criminal deeds

such as speeding and consuming alcohol at public places. It can be argued that these deeds cannot

really help the poor to increase their resources, there is not much for them to gain when they

commit these violations. Unlike the rich, who can simply afford to pay for it, as was illustrated by

an experiment by Gneezy and Rustichini (2000). As a result, the fine was merely seen as a price

and the following H7 tries to cover that particular case exactly.

Hypothesis 7 (H7): Violation rate increases with income.

Moreover, as it was already mentioned, this paper tries to investigate possibly existing pay day

effects. Hence, two additional hypotheses, not exactly overtaken from the existing literature, but

based on the arguments proposed above, are:

Hypothesis 8 (H8): Number of violations committed by the poor decreases after the pay day.

Hypothesis 9 (H9): Number of violations committed by the rich is not affected by the pay day.

The first of the two hypotheses is based on the fact that as it was shown, the poor tend to engage

in worse decisions before the pay day when compared to the situation after the pay day, as they are

capable of thinking more pro-socially and they are less present-biased. Therefore, the Hypothesis

8 assumes that the poor can account for the fact that deeds as speeding are not truly worth it

and that they would commit these types of violations to a smaller extent as these can be seen as a
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waste of money yielding no particular gain (as no crimes yielding monetary gains are included in

the database comprising municipal violations). Moreover, it is assumed that the pay day should

not have any effect on the rich as they face decreasing marginal utility of income and their position

does not change drastically with respect to their own pay day. In most of the cases, it can probably

be assumed that they are as likely to have enough resources to pay for a fine a couple of days before

the pay day as they are a couple of days after.

4 Data description

The following chapter provides a short description of all the available data and how the final

dataset is created and adjusted for. That includes explanations why some observations are dropped

altogether and possible risks related to these changes. This chapter also discusses the internal

validity of the study and presents possible drawbacks in terms of quality of the data that could

affect the final results. Some projections on how the internal validity could be increased in case

more detailed data was available are also presented towards the end of this chapter.

4.1 Available information

The final dataset, as described in the following subsection, is created by merging several smaller

datasets together. All of the datasets consist of administrative data collected and provided by

different governmental organizations. The main dataset is the one containing information about

municipal violations. These data are available on the individual level and one observation contains

information about one particular violation. The dataset includes the following information about

every unique observation: the fine in nominal terms, the date when the deed was committed and

the date when the case was closed. Unfortunately, this dataset does not include information about

the type of violations committed. In other words, as for now, it is impossible to tell why these

individuals received their fines. But for the illustration, Table 1 presents some examples of the

most common violations committed in Slovakia and the corresponding legislative fines. It can be

seen that the face value somewhat represents the severity of the deeds.4

Furthermore, every observation left in the dataset includes a coded identification/personal number

which allows for merging with other datasets. In case that one person committed several violations,

all of them are reported and included as separate observations.

Secondly, the data on municipal violations is merged with demographic data. Therefore, it is possi-

ble to identify the gender of the perpetrator, the nationality, the number of kids at the end of each

year and the year of birth. The date when the violation occurred and the year of birth together

allow to impute the exact age at the time when the individual committed the violation. Other (less
4Summary of fines for traffic violations can be found here, fine for drinking at public places here and fine for

being too loud after a certain hour here.
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Speeding (max. +20 km/h) up to 50 EUR

Speeding (+21-50km/h) 30 - 400 EUR

Speeding (+51 km/h and more) 250 - 800 EUR

Drunk driving 150 - 800 EUR

Driving over the STOP sign 100 EUR

Driving over the NO ENTRY sign 50 EUR

Drinking at public places up to 33 EUR

Being too loud after a certain hour up to 33 EUR

Author rendering of existing legislative acts.

Table 1: Legislative fines for the most common types of municipal violations

detailed5) information, that can possibly be used in the analysis, is entries about the county of the

permanent residence (however, only available for years 2015 and 2016) and whether the individual

is married. Unfortunately, not all indications about marriages include additional information about

the month and the year of the wedding. That implies that it is not always possible to indicate

whether the individual was married at the exact time when one committed the violation in question.

Finally, the information about socio-economic status (SES) is incorporated into the final dataset.

At first, the data on the highest achieved educational level is added. This data consists only of

binary variables indicating whether the individual of interest finished the given educational level.

Unfortunately, the dataset lacks information on the exact dates when the given level was achieved.

Another part includes information about unemployment. This data includes information about

the exact date when the individual was registered at the Office of Labor, hence, included in the

database of unemployed and also the date when such individual was dropped from this database.

If an individual was registered in this database more than once, all of these information is collected

and available for use, hence, this data is very detailed and precise. Due to this it is fairly simple to

impute a binary variable indicating whether an individual was unemployed at the time when the

violation was committed.

Lastly, there is data on the statistical classification of economic activity (OKEC), which is in-

formation similar to NACE and indicates the type of profession of the given individual. If an

individual changes jobs in the course of one year, then OKEC indicates the profession where the

individual spent most of the working time of that given year. For example, if an individual spent

three months working as a bus driver and another nine as a shop assistant, OKEC would iden-

tify this individual under the category shop assistant and the corresponding OKEC code would

be assigned to this individual. Moreover, the data also includes the total yearly income on the

individual level earned during the year when the violation was committed. If an individual changes
5By term less detailed is meant that these information are not available for some fraction of observations.
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jobs, then this yearly income is equal to the total monetary amount earned while working under

different professions. However, the last two variables are not provided for a substantial part of the

dataset (for around one half of the entries in the dataset).

4.2 Final dataset

The final dataset comprises only municipal violations that occurred between 2011 - 2016. This

span is chosen mostly due to technical reasons, the data from the time before 2011 is simply not

available in the database just yet. All observations with the face value of the fine below zero

or over 10,000 EUR are dropped from the database because clearly these are only typos. Also,

observations with no indication of the face value of the fine are dropped because such observations

do not add much value to the analysis. Cases with no identification number are dropped because

without this number it is impossible to match any other demographic or socio-economic data.

Cases lacking entries about the exact date when the violation was committed are also dropped.

Practically, many dropped observations suffer from more of the aforementioned issues at once (for

example lacking information about the personal number and also the fine), therefore dropping

them does not affect the results much as such observations do not have much of an added value

for the analysis. Theoretically, this could be an issue if there existed a structural or a technical

problem in the reporting. Such problem could cause that one particular city or region would be

incorrectly recorded in the database and hence, such set of adjustments and drops would create

a structural bias. Unfortunately, as for the nature of the available data, it cannot be resolved

whether these mistakes in reporting are structural. Fortunately, the number of observations is

large enough and that can compensate for dropped cases to at least some extent. Another minor

thing is that observations where the day when the case was closed is before the day when the

deed actually occurred are also dropped for being obvious mistakes. Other technical adjustments

comprise dropped cases due to the fact that the recorded month is an integer greater than 12 or

when the recorded day when the deed occurred is an integer greater than 31, but these issues affect

only a couple of cases. Fortunately, the sample is still large enough, hence, even after all of these

adjustments there are around 4 million observations left that can be used. More precisely, the final

dataset consists of 4,014,089 unique observations.

As for some restrictions based on the data on demographics, violations committed by foreign-

ers are dropped from the analysis. As foreigners are defined people that are not eligible for having

a permanent residence in Slovakia. Foreigners eligible for a permanent residence must pass lan-

guage and other tests, hence, there is no reason to drop them from the database as they are tested

to fit the general population. This ensures that the results can provide some insight into how the

majority population behaves in terms of municipal violations. In practice, a couple of thousands

observations are dropped due to this adjustment, which is a minor adjustment with respect to the

total number of observations. Moreover, the dataset includes only the adult population, hence, in-

dividuals over 18. This is due to the fact that many other characteristics such as SES cannot really
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be matched to people below 18 since they are technically not unemployed nor working and there

is not much information known about them other than their age. Hence, the analysis focuses only

on the adults. As for some minor adjustment, some observations are dropped because of obvious

reasons. For example, observations where the individual died before the violation was committed.

As for the data on education, some information is changed manually in the dataset. Education

status of people below 22 at the time when the violation was committed with reported achieved

education level higher than high school is changed to education status high school. That is the

highest level these individuals could have achieved by the time the violation was committed. Sim-

ilarly, the status of people below 24 with more than a bachelor degree is changed to the status

bachelor degree. Third change is that the status of people below 28 with recorded PhD diploma

is changed to status master degree. These changes are based on the assumption that there is low

prevalence of taking gap years while studying in Slovakia and these age limitations are just natural

limitations arising from the standard time requirements of different programs.

4.3 Possible drawbacks

Ideally, one would include many other information, which would increase the precision of the anal-

ysis. As for the data on municipal violations, the most significant drawback is that at the moment

it is impossible to say why all of the individuals received a fine. Although this information is

available for some observations in the dataset, it is not well coded. The problem is that at the time

of collection of the data there was no systematic approach on how the data should be reported. If

there was such approach, that would allow different police districts to collect the data in a stan-

dardized format and that would consequently allow for a further analysis of deeds instead of an

analysis of fines and the dates only. Hence, if one wanted to include this type of information in the

model, one would have to go through all of the observations manually in order to create at least

a categorical variable which would indicate the most common violations committed in Slovakia.

Due to limited manpower and obvious time restrictions, this was very well beyond the scope of

this analysis.

Another interesting thing would be to know where the violations were committed (ideally on a

county level). Again, this information is available to some extent in the database, there is infor-

mation about the police district being responsible for the investigation. It can be assumed that

due to the nature of the data, the police district recorded as the one running the investigation

represents the county where the violation occurred. Unfortunately, the data is far from being

usable as there is no standardized way of how different districts are named.6 One would have to

go again observation by observation in order to recode the information about a district which was
6To illustrate the problem, if there is a police office in a particular city (in Bratislava, for instance) then sometimes

there would be entry as Bratislava only, then it could be Police district Bratislava, PD BA and many other

combinations. Moreover, there are many typos which further complicate the situation.
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in charge of the investigation into a usable categorical variable. The time did not allow me to

perform this transformation of data and therefore these information had to be dropped from the

analysis altogether.

Unfortunately, not even the Register of Individuals can shed some light on the likely locations

of the committed municipal violations. The aforementioned register provides information about

the place of permanent residence, not the actual place of residence of individuals. In practice,

there might be large discrepancies between the number of residents with the permanent residence

and the actual number of people living and working in a given city. For example, according to

the Statistical Office of the Slovak Republic, slightly more than 425 thousands of people live in

the capital city.7 According to a study from this year, which is based on data from mobile sim-

cards spending the night in the capital city, the actual number of residents might be close to 650

thousands.8 This clearly indicates that many people do not report their actual place of residence.

Therefore, it is impossible to impute the location of the committed violation and the data on the

permanent residence should be viewed merely as a proxy for the data on actual place of residence.

As a result, one could expect that merging these data with data on fines would result in under-

representation of violations committed in larger cities as many cases would be assigned to people

only commuting to larger cities (as illustrated with the example with the capital city with the

official and actual number of citizens) while these data would probably overstate the total number

of violations committed in smaller cities and villages (as many people tend to keep their original

address even after moving to a different city). One other minor issue which is mentioned in the pre-

vious section is that the data on the permanent residence of individuals is only available for years

2015 and 2016. This provides additional problems when controlling for the actual residence during

the period of interest, but it is difficult to form any expectations on how this might bias the results.

As for the data about highest achieved education level, this dataset consists only of dummies.

There is no information about the exact graduation dates, therefore this causes some problems

when matched to the municipal violation data. This might cause some discrepancies in cases when

the reported highest achieved level in the dataset is greater than it was at the time when the

violation was committed. It is difficult to state the total number of problematic cases due to this

issue. As is stated earlier, some transformation has been done in order to increase the precision of

the data, but there might still be some discrepancies, especially within the category of people up

to approximately 28 years. Likely, this is only a minor problem given the size of the dataset, but

it still makes controlling for education a little imprecise. This might bias the results, especially

within the youngest cohort, the size and the direction of the possible bias are disputable and very

difficult to predict. Moreover, it is not possible to match all observations with education, only

around 7/8 of the total sample. There is no known objective reason why this is the case and also,
7Data available from the Statistical Office of the Slovak Republic here.
8Case study available from Market Locator.

13

https://slovak.statistics.sk/wps/portal/4dffce7e-b386-4490-a7d5-0c092a07d389/!ut/p/z1/rZRfk5owFMU_yz74CLmEQKBvqLv4b63ggpqXDiJqqgILWan99I2uM-3OVrAzzRMk55c5uTk3iKE5Yml05JtI8CyN9vJ_wcxvHu1b7bbmAFCjC_1B0PXcqa0BATT7KLDG_iP0X5yJ6w-IFBiIyeWn6QQ7NnE7Xf_rk1zuYGs6MjGAduVrBHW8a175juv0CB0BWCPXgL7TC3zb03Vw9Av_2147xNCnY18bep47nBhXHm4MB-7jawzexd8SaOQj_7n-IWKIxanIxRYtsmUZbZVy14L8bbnnuyjmSQuOZSJ2pz9nyGq9jhOaKEvdMhVCbFAiujIUiMHGEdCVbtnnffOYr9DiLvWsKSisvsz1dZgYtXUMSQMfklpea-ID2nyP7CKpS2JTDVhTs7BaF2eTTe3yLnA8z5uOwhDcEEuBrrkwDgIAnzYIXkw0QGyzz5bvb4OTykxsECuSdVIkhfpWyOmtEPmXFrSgqiq1FPIpKQWPS_Wcy79B26wUaP5JjBbySujNSA0xmh15UqEgzYqDtDP9x8T24HwWvjyoVXxQQdWwRU2CNWLZWJffZ6u4eO48S6t5JLYKT9cZmt-1t0T599dX5sjezFKR_JAH_K_NmR-CyzhY-olzruz8R7_3c5TMlMXgWJ30_ebh4Rf7W83Z/dz/d5/L2dBISEvZ0FBIS9nQSEh/
http://www.marketlocator.sk/ako-sa-nafukuje-nase-hlavne-mesto/


how this could possibly bias the result. But this could create additional issues if the unavailability

of data is a structural problem with one group being systematically missed out or being incorrectly

reported in the data.

There is another problem partially linked to education. As it was mentioned before, the data

can be matched to a very precise information about unemployment. It was also mentioned that

a dummy is created, indicating whether the individual in question was unemployed at the time

when the violation was committed. However, if there is no information about unemployment, one

cannot directly imply that the individual was employed at the time when the violation was com-

mitted. Such individuals could have been studying (hence, being out of the labor force), taking

parental leave or being retired.9 Therefore, the implied violation rate of the employed is probably

overstating the real violation rate, as there are individuals included in the labor force that do not

belong there. Unfortunately, there is not much data available that would allow to control over this

particular issue. It can only be controlled for this effect to some extent with education and it is

done so in a way that if the education level has to be recoded as explained in the previous sub-

section, then such individual is dropped from the analysis with respect to the unemployment as it

can be assumed that such individuals were studying at the time when the violation was committed

and therefore, these individuals should not be accounted for in the analysis.

As for the data on wages and the statistical classification of economic activity (OKEC), the biggest

technical issue is that only about one half of all of the observations from the dataset on violations

could be matched with the data on wages and OKEC. There is no clear explanation why this

is the case, for some reason this data is simply not available for matching for the other half of

the sample. Unfortunately, it cannot be identified whether there is some structural problem in

reporting of the data linked to some specific characteristic of a subset of a population. But if it

was linked to a specific part of population with a specific feature, that could bias the results in

an unpredictable way and it could invalidate the whole analysis. Unfortunately, there is not much

information available to predict the size or the direction of the bias.

There are two more factors which could be interesting to control for if the data was being col-

lected and made available. The first factor is religiosity and the second one is political preferences.

The former is interesting because statistically, around 75 percent of citizens admit to have reli-

gious beliefs.10 Since religion in general does not particularly support any criminal behavior and

moreover promotes upholding to social norms, it could be interesting to see whether there could

be an effect when controlling for this factor or not. Another factor interesting to control for could

be political preferences just to see whether members or supporters of any political beliefs are more

prone to violating these social norms.
9For example, women having more children were allowed for early retirement, where the exact year of eligibility

for early retirement depended on the total number of own children.
10Data available from the web page of the Ministry of Culture of the Slovak Republic here.
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5 Results

The main goal of this section is to present stylized analytical results and to critically evaluate the

accuracy of hypotheses stated in the Section 3 by means of providing evidence either in favor or

against them. First of all, the descriptive statistics of the final dataset is presented which is followed

by the analysis of the violation rates with respect to different individual and socio-economic factors,

as were discussed in the literature review. Final subsection comprises exploratory part of the study

where the total number of violations is studied with respect to the identified pay day.

5.1 Descriptive statistics

In total, 4,014,089 unique observations are included in the final sample. However, this final num-

ber of observations does not consist only of violations committed by unique perpetrators. Many

perpetrators included in the sample committed more than one municipal violation, as can be seen

from the Figure A.1 included in the Appendix section of this paper. Here, the individuals are

grouped by the total number of violations assigned to a particular identification number. In other

words, if the number in the column copies equals 5, that means that such an individual included

in the corresponding row committed 5 different municipal violations. The total number of unique

perpetrators committing 5 violations can be calculated as the difference between columns observa-

tions and surplus. Total number of unique perpetrators included in the sample is equal to 1,404,392.

The first panel provides a basic overview of the data on municipal violations. Figure 1 provides

an overview of all committed violations presented as shares on the total number of observations

included in the sample. It can be seen that years 2011 and 2016 are significantly underrepresented

in the sample. As it was discussed, year 2011 is problematic because it is the year when the digital-

ization started and hence, not all observations are included. Apparently, the missing observations

are not added retrospectively and what is collected seems to be around one half of the normal

amount when compared to the subsequent years. As for 2016, since the dataset was obtained in

early 2017, this low level is probably caused by an administrative lag. From the data at hand

it seems like the standard level of violations can be associated with levels recorded in 2014 and

2015 (around 880,000 observations per year). Figure 2 then presents the cumulative distribution

of fines.11 It can be seen that more than 90% of all fines are below 100 EUR with mean being

equal to approximately 36 EUR. Around one third of all fines are equal to 20 EUR with another

more than 20% observations with fine being equal to 10 EUR, these are the most common values

found in the data set. Otherwise it can be seen that the fines are grouped around some numbers

such as 30 EUR, 40 EUR etc. which is not surprising given the legislation and how the fines for

criminal deeds are defined in different acts. Table 1 from the previous section then illustrates some

examples of the most common committed municipal violations and the corresponding fines.
11Fines with a face value greater than 300 EUR are not shown in this figure (around top 1% of all fines is not

presented in the graph) in order to present a more detailed view on the distribution. Using all the extreme values

such as fine being equal to 6,000 EUR would make the graph completely illegible.
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Figure 1: Distribution of violations by year Figure 2: Distribution of fines by face value

Secondly, the following panel displays distribution of violations by weekday, by day in a month and

by month. The left panel provides an overview of committed violations based on the weekday. It

can be seen that while the number of observations is fairly constant for all working days, the total

level of recorded violations is significantly lower during weekends. The middle panel presents the

total number of violations by day in a month. It can be seen that there are no large differences

among different days, there seems to be no significant pattern. Although, it can be noted that

the beginning and the end of the month seem to be slightly less prone to violations. The only

significant outlier is the 31st but since this date is underrepresented in the calendar, this drop goes

in line with the rest of the distribution. Similarly, recorded violations are fairly evenly distributed

across different months. Figure Fig. 3c shows that there are no large differences in the number of

municipal violations committed throughout the year besides December. This month seems to be

significantly less prone to violations than other months since the proportion of violations committed

during this month is by 2 percentage points lower than the overall monthly average. Otherwise,

two months with shares above the average are March and October.

Fig. 3a: Frequency of violations

(% of all obs.): By weekday

Fig. 3b: Frequency of violations

(% of all obs.): By day/month

Fig. 3c: Frequency of violations

(% of all obs.): By month

Figure 3: Frequency of violations (% of all obs.)

Below, the average fine is plotted by weekday, by day in a month and by month. First of all, it can

be seen that the average for fines on Saturday and Sunday is by approximately 4 EUR higher than

on any other work day. This is presented in Figure Fig. 4a. This is itself interesting as Saturday
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and Sunday are days that can be associated with lower shares on the total number of violations

(see Figure Fig. 3a). Moreover, Figure Fig. 4c then displays low average values in the beginning of

the year followed by an increase in the consequent months with the average fine peaking in August

and then decreasing again towards the end of the year. Notice that while March can be associated

with highest share on the total number of violations and one of the lowest average fine, October

on the other hand can be associated with second highest share on the total number of violations

and also one of the highest average fine. January and February can be associated with low share

on the total violations and also mean fine below the overall average. As for the Figure Fig. 4b, no

clear pattern can be observed.

Fig. 4a: Average fine (in EUR):

By weekday

Fig. 4b: Average fine (in EUR):

By day/month

Fig. 4c: Average fine (in EUR):

By month

Figure 4: Average fine (in EUR)

5.2 Violation rates

5.2.1 Age

In order to corroborate Hypothesis 1, the municipal violations data has to be analyzed by age

cohorts. Figure 5 provides an overview of violation rates by different cohorts and by year. These

violation rates express the number of violations per 100,000 individuals in different years committed

by individuals from different age cohorts.12 It should be noted that years 2011 and 2016 do differ

from the rest of the dataset. This is probably a data collection issue (see Figure 1 for the overall

picture). As the digitalization was only introduced in 2011, not all cases were managed to be

reported in the sample. There is no other known objective reason why 2011 would be expected

to diverge from the general trend to such a significant extent, when compared to the following

years. As for the year 2016, only a small fraction of committed violations was recorded into the

general database. It seems like there is a significant administrative lag causing these small recorded

violation rates in 2016. This effect can be observed for all cohorts and again, there is no known

objective reason for why there would be expected such a notable decrease.

Returning to H1, Figure 5 together with Figure 6 do not fully corroborate the general age-crime

pattern discussed in the previous section. While the violation rate does indeed decrease with age,
12Demographic data provided by the Statistical Office of the Slovak Republic here.
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Figure 5: Violation rates by age cohorts (per 100,000 individuals)

this observed rate peaks significantly later than in late teens or early twenties, as that is the com-

mon result in the literature. From the data at hand, the overall violation rate rate peaks in late

thirties and that is true for all years included in the sample. Moreover, the rate for the youngest

cohort is even smaller than the observed rate for the age cohort 41-45. Hence, this observation

suggests that there might be differences to the general age-crime pattern once the analysis focuses

on violations instead of more serious property or violent crimes. To conclude, the Slovak violation

rate by age can be better described with a reversed U-shape than by a gradually decreasing line.

Additionally, Figure 7 reveals that there is only one significant difference in the average fine re-

ceived by individuals when the mean fine is plotted by different age cohorts. The data shows that

on average, the individuals within the oldest cohort receive a fine lower by almost 10 EUR when

compared to the average fine over the whole sample. The drop in mean fine between the age cohorts

56-62 and 63+ is statistically significant with p-value being equal to 0.13 Moreover, due to large

number of observations, almost all pairwise comparisons of the mean difference in average fine for

the adjoining age cohorts are statistically different from 0.14 However, only the drop associated

with the oldest age cohort seems to be of practical importance.

13Mean fine for the cohort 56-62 is equal to 33.67 EUR, mean fine for the cohort 63+ is equal to 27.45 EUR, using

t-test the p-value on the difference is 0.
14Differences between the cohorts 18-25 vs. 26-30 and 41-45 vs. 46-50 are not statistically significant on 5% level.
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Figure 6: Violation rate by age (2012-2015) Figure 7: Average fine by age

5.2.2 Education

Moving on to different factors defining the total socio-economic status, it is of interest to analyze

fines with respect to education. It is worth noticing that the dataset is restricted, because not all

observations could have been matched to the highest achieved educational level. For some observa-

tions the level is simply not available. Unfortunately, it is again impossible to examine why some

observations had to be dropped (probably it was some sort of an administrative problem with the

data collection, but it is difficult to uncover what exactly it was). Moreover, another restriction is

that there is no statistical data available that would describe the educational level over the whole

population. The best available is the statistics of the highest achieved educational level of all of

the individuals in the labor force (either employed or unemployed).15 For that reason, all obser-

vations that could have been traced to individuals still studying at the time when the violation

was committed, were dropped from the database for the purpose of this subsection. If kept in the

data, such observations would overstate the true violation rates for some education cohorts as such

individuals are not officially in the labor force.16 Therefore, the total number of observations used

in the following subsection is restricted to 3,439,667.

The following panel provides an overview of the distribution of violations and the average fine

when accounting for the highest achieved educational level. Categories included in the graph are

people with no education (No educ), the ones who finished the basic 9 year elementary school

(Elem), people with finished high school with or without graduation diploma (HS_nograd and

HS_grad)17 and then people with different university diplomas (Bachelor, Master or PhD). It can
15The data is available from the Statistical Office of the Slovak Republic here.
16Observations dropped from the database were the ones that had higher achieved educational level than could

have been possible, given their age. More precisely, if there was an 25 years old individual with a PhD degree, such

individual was dropped because it is extremely improbable that such case would occur in a real life as normally

people finish their PhD being 28 and more years old. Therefore, individuals younger than 28 years with PhD,

younger than 24 with MSc. and younger than 22 with BSc. degree are dropped and it is implicitly assumed that

they were studying at the time when the violation was committed.
17Practically, individuals included in both of these two categories finished high school. The difference is the type

of education they receive. Individuals with finished high school but with no graduation diploma typically obtain
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be seen that most of the violations are committed by people with finished high school, but without

graduation. Almost 50% of violations are committed by such individuals. As for the average fine,

Figure 7 presents mean fines by highest finished education level. No clear pattern can be observed

here, it seems like the educational level is not highly correlated with fine. Although, it can be con-

cluded that the mean fine for the people with lower educational background is slightly higher than

the total average while the opposite is true for the individuals with higher achieved educational

level.

Figure 8: Violations by education level Figure 9: Average fine by education level

Figure 10 presents the violation rates by year by different highest achieved educational levels. It

should be noted that all rates are drawn with rates presented on the left y-axis while only the

implied PhD violation rate is shown with values linked to the right y-axis. Therefore, the first

striking thing is that the violation rate of people with PhD is significantly higher than all the

other rates. There is no obvious reason for why this should be the case, not even according to

the literature. If anything, the existing literature argues for the exact opposite than what can be

observed given the data. Moreover, the existing literature argues that the crime rate can be higher

for some very sophisticated crimes where the outcome depends on special skills than can be gained

through better education and tenure. But that does not seem to be relevant in this case as this

paper analyzes only unskilled crimes.

Otherwise, it can be seen that the highest rate can be associated with people with finished high

school but with no graduation diploma. In Slovakia, if one wants to study further in a university,

one needs a graduation diploma. Practically, people with no such diploma start working directly

after the high school. Typically, they work in services or provide other jobs that are less demanding

more practical education. Such students are trained for very specific types of occupations and they do not receive

such an intensive training in general knowledge. These individuals are trained to be chefs, car-mechanics, waiters,

seamstresses, rangers etc. Therefore, people with high school but no diploma typically start working directly after

school when they are 18 years old. On the other hand, individuals with high school and a graduation diploma had

to successfully pass the school leaving examination, which is typically required for further studies at universities.

Such people obtain more general training in many theoretical subjects and many people with graduation tend to

continue with their studies further on. Typically, these individuals are not trained in one particular field or subject.
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in terms of skills. Nevertheless, this result is in line with the existing literature that has repeat-

edly shown that higher crime rates are typically associated with lower educational background.

Therefore, it seems like Slovak data can corroborate Hypothesis 2 to only a limited extent. No

decreasing pattern with increasing education can be observed. Also, violation rates of people with

only elementary education or with passed school leaving examinations are significantly lower than

corresponding rates of people with BSc. or MSc. degrees. Therefore it does not seem like violation

rates can be associated with some sort of pattern as was true with variable age only.

Interestingly enough, there is a significant difference in the violation rates of people with and

without graduation. Another interesting observation is a fact that the violation rate of people

with finished master degree is fairly high and can be compared with the rate of people with high

school and no graduation. From the first sight, it truly seems like no clear pattern can be observed,

when the violation rates are analyzed with respect to education only.

Figure 10: Violation rates by education cohorts by year (per 100,000 individuals)

5.2.3 Unemployment

The following section presents a stylized overview of the relationship between committed violations

and unemployment and it provides evidence that allows to check the validity of Hypothesis 3 and

Hypothesis 4. From the Figure 11 it is clear that only around 10% of municipal violations are
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committed by unemployed individuals.18 It can be noted that unemployed are actually under-

represented in the sample when compared to the general unemployment rate over that period of

time. The unemployment rate was decreasing during that period from around 14% in 2011 to 10%

in 2016.19 Moreover, there is no difference between the average fine given to an employed or an

unemployed individual, at least based on the data in the sample.

Figure 11: Violations by unemployment Figure 12: Average fine by unemployment

The following Figure 13 challenges the validity of H3 and H4. First of all, it should be noted

that for technical reasons it is not possible to use the whole age distribution of individuals and

that the youngest and the oldest cohorts are dropped from the Figure 13. The youngest cohort is

problematic because it consists of many people that are still studying. As defined by the law, these

students are technically not unemployed nor employed, they are simply not part of the labor force.

Therefore, the violation rate of especially employed individuals cannot really be imputed for this

age cohort since only a fraction of individuals is already working and there is no analytical way to

disentangle which violations were caused by then students and which violations were committed

by employed individuals. Hence, the net employed violation rate for the given age cohort cannot

be calculated. Since the number of employed people within this cohort is relatively small, that

overstates the real violation rate to a great extent. It is slightly easier with the unemployed, since

these individuals must be registered at the Office of Labor, so the count here should reflect the

reality (and the violation rate fits the general pattern, even though it is not plotted). But since

there is no comparison group, this group is dropped for this part of the analysis as well. Similarly,

since the retired are not employed nor unemployed, but dropped entirely from the labor force

calculations, the violation rate cannot be calculated in this case either.

Again, it can be seen that the overall pattern is in line with H4. In other words, the viola-

tion rate decreases with age. However, at least the unemployed violation rate peaks again in late

thirties, so significantly later that stated in the literature. The employed violation rate is fairly

in line with the already existing literature. One interesting fact to notice is that there is a rel-

atively high violation rate within the oldest (plotted) employed age cohort. It should be noted
18These individuals were unemployed at the time when the violation was committed.
19Data available from the Statistical Office of the Slovak Republic and Eurostat.
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that this number is probably overestimated as the total number of violations committed by the

employed is probably overstated. Again, there is the same problem that while it is fairly easy

to identify violations committed by the unemployed (since these people must be in the database

actively searching for a job and regularly reporting to the Office of Labor), it is not so clear cut

with the employed because some observations currently assigned to not unemployed people might

be committed by already retired individuals. For example, by law, mothers are entitled to early

retirement and the exact eligibility age depended on the number of children such mother had. So

the age of retirement was decreasing as the number of own children was increasing. Individuals are

also eligible for early retirement when they turn 60, if they can afford it. Mathematically speaking,

this might overstates the total number of violations committed by the employed (since the ones

committed by the retired individuals cannot be identified and dropped). Therefore is this result

probably overestimating the overall rate within that age cohort and it might be the case that if

the data was adjusted for all of the aforementioned factors, that the rate would actually fit the

overall observed profile.

As for the H3, the data at hand does not really support this hypothesis. The observed viola-

tion rate is higher for the employed individuals in the sample and that holds for all age cohorts.

This is an interesting observation, because based on the Becker/Ehrlich model, the unemployed

have more to win (or better said, less to lose) when committing crimes and therefore the crime

rate is expected to be higher. However, it is important to note that this paper provides an analysis

of violation rate. The dataset consists mostly of violations like speeding or being too loud after a

specified time. Since it is not so straight forward to say what one might gain in terms of breaking

the law in form of speeding or being too loud and bothering own neighbours, it might actually

make sense that the employed are the group more prone to committing these types of unskilled

crimes as they can simply afford to pay fines for such deeds. From this perspective, it is fairly

reasonable to assume that as there is not much to gain under a relatively high probability of being

caught and paying the fine, the costs might actually outweight the benefits for the unemployed

and hence, that results in lower observed violation rate.

Figure 13: Violation rates by unemployment (2012-2015 data, per 100,000 individuals)
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5.2.4 Income

In order to provide some more evidence in favor of or possibly against the Hypothesis 7, this

subsection analyzes the available data on municipal violations by yearly income. First of all, it

should be noted that the sample is restricted in this case because around one half of all of the

observations has to be dropped. That is due to the fact that the dropped observations cannot not

be matched to data on incomes. Unfortunately, the reasons explaining this unavailability of data

are not at the disposal. This might cause some problems if there is a structural issue causing the

data unavailability and hence, this part of analysis should be viewed as an exploratory part for the

time until the reason explaining the existing lack of data is known. To conclude, because of this

the number of observations used in this part is equal to 1,903,293.

As for some descriptive statistics by income, Figure 14 provides a cumulative distribution of income

by different years included in the analysis.20 Income average for the whole sample is equal to 9,943

EUR. That is equivalent to an average monthly income of approximately 829 EUR. A closer detail

is presented in the following Table 2, the data introduce sample and economy income averages

by years, which are included in the database.21 It can be seen that the sample average by year

provides a reasonable estimate of the average income in the economy by year.

Year 2011 2012 2013 2014 2015 2016

Monthly average (sample) 760 786 851 844 858 893

Monthly average (economy) 786 805 824 858 883 912

Yearly average (sample) 9 120 9 432 10 212 10 128 10 296 10 716

Yearly average (economy) 9 432 9 660 9 888 10 296 10 596 10 944

Table 2: Average income by year in EUR

Figure 15 then presents average fine by different income cohorts. These cohorts represents nominal

monthly income levels. The red line presents the sample average which is equal to 36 EUR. It can

be seen that the differences in the average fine are fairly small among different income cohorts and

as for now it seems like there is only small correlation between these two variables in the sample.

Although, it is fairly interesting to note that the highest average fine can be associated with the

second (200-400 EUR) and the tenth (1,800+ EUR) income group while the minimum average is

linked to middle parts of the income distribution (nominal monthly income of around 1,000 EUR).

The following Figure 16 presents a stylized overview of the violation rates by income groups and

by year.22 Again, it should be noted that it is clear that years 2011 and 2016 are underreported,
20The graph does not plot the whole distribution, but only approximately 90% of it. This is to provide a detailed

overview on yearly income of the lower income groups, which dominate the dataset. Adding the highest income

classes makes the graph completely illegible.
21The data on average income in the whole economy can be found here.
22Income distribution data available from the Statistical Office of the Slovak Republic here and information about
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Figure 14: Distribution of wages by year Figure 15: Average fine by income cohorts

when compared to the rest of the sample. However, the data for 2011 shows that this time this year

fits the overall pattern by income group better than before. Unfortunately, year 2016 suffers from

significant reporting issues. Otherwise, there is no objective reason why it would be reasonable

to observe such a significant drop in the violation rate for all income cohorts, as no significant

behavioral nor legislative change can be traced back to 2016.

Moreover, there seems to be another reporting issue. It can immediately be seen that the over-

all pattern is not fitted by the lowest income group (with a monthly reported income below 200

EUR). Notably, the black line (with y-values represented on the right axis instead of the left one,

which is used for all the other income cohorts) demonstrating the violation rate by year for the

lowest income group attains significantly higher values than all the other income groups. Most

likely it is a data issue as there is no other reason why it would be reasonable to believe that the

poorest individuals would commit at least 20-times more violations than any other income group.

Mathematically, it must be the case that this income group is significantly underrepresented in the

official statistical data on incomes or overrepresented in the database on violations, which might

cause the violation rate to reach such large and unrealistic value (probably it is a combination of

both problems).

As for the rest of the sample, the highest observed violation rates can be associated with income

groups 200-400 EUR and 1,800+ EUR (which are the same groups that can be associated with

the highest average fine levels, more in Figure 15). While the former dominates the later years

(2014-2016), the latter dominates in the beginning of the sample (2011-2013). Based on the data

at hand, it seems like in the beginning of the period of interest, the rich were more likely to break

the law while the violation rate of the poor was slowly increasing over years until it outrun the

rich. So it can be concluded that the data for the poor and the rich tell a completely different

story from the rest of the sample. That being said, the rest of the data is fairly nicely ordered

as it can be seen that the violation rate then decreases with decreasing income. This pattern is

violated when accounting for the income group 400-600 EUR as this rate is greater than the rate

the total number of employed people can be found here.
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Figure 16: Violation rates by income cohorts by year (per 100,000 individuals)

of the income group 600-800 EUR. Moreover, there is a sudden increase in the violation rate of

the group 400-600 EUR from 2013 to 2014. Overall, the lowest violation rate is recorded for the

income group 600-800 EUR and that holds throughout the whole period of interest.

Figure 17 below provides a standardized overview of the violation rate by different income co-

horts using data from 2012-2015 (2011 and 2016 are dropped due to underreporting as before).

Additionally, it should be noted that the lowest income cohort is also dropped from this Figure 17.

This is due to the fact that this rate is extremely high (as it is presented in the Figure 16 above in

black) and that would make the graph illegible. Mathematically and based on the data at hand,

implied violation rate for the income cohort with an average monthly income below 200 EUR is

equal to 431,190 violations per 100,000 individuals and that seems to be very unrealistic.

Overall, it can be seen that the distribution is somehow in line with both types of arguments,

that were presented above in the literature review. Notably, one can observe a significant U-shape

of this rate with peaks and the both ends of the income distribution. First line of the argument

claimed that the poor are more prone to crime as they have more to gain. It should be noted,

however, that municipal violations consist of a very specific subset of deeds breaking the law and

that it is overall difficult to argue what one gains when speeds or is too loud after a specific hour.

But still it seems like the lowest income cohorts can be associated with significantly higher violation
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rates. Secondly, the data is also in line with the opposite argument that the rich are more prone to

crime as they can simply afford it. Indeed, the violation rate increases with income. Interestingly

enough, the violation rate for the lowest and the highest plotted income cohort is almost the same.

Hence, it can be concluded that H7 seems to be valid but the poor are also very likely to commit

a violation so this Hypothesis 7 should be adjusted for.

Figure 17: Violation rates by income per month (2012-2015, per 100,000 individuals)

5.2.5 Occupation

Available data allows for an analysis of violation rates by occupation. For this purpose, the data on

OKEC is available. OKEC is an older type of Slovak statistical classification of economic activity

and practically, it sorts different occupations into broader categories.23 OKEC can be consequently

transformed into NACE classification, which is a classification created by Eurostat (broad structure

can be found in the Appendix, Figure A.2).24 NACE classification is used for the following parts

of the analysis as it provides a logical grouping of occupations by type. Moreover, it is convenient

to use this classification also due to the fact that the Statistical Office of the Slovak Republic cur-

rently reports the numbers of employed within different occupation types in line with the NACE

classification and these are used for calculations of violation rates within different occupations.

In order to perform this part of the analysis, the final dataset is restricted to a significantly

smaller number of observations (1,903,239). There are two reasons why this must be the case.

First of all, one reason is that the OKEC code is simply not available for all observations. Again,

it is not known why this is the case and whether it is a structural problem linked to how the

data is collected and consequently reported. Also, since this data is collected together with data

on income, it is impossible to disentangle whether this undercoverage stems from issues linked to

income reporting or OKEC reporting. That is itself unfortunate, on the other hand, at least the

number of observations is fairly large so that should compensate for possible structural problems
23The list of all OKEC codes can be found here.
24Broad structure and a manual can be found here.
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to at least some extent. Moreover, as for the structure of people included in the dataset by OKEC

code, shares of different employment groups reported in the data are fairly in line with the overall

distribution of people by NACE code of the whole country (as it has been mentioned, it is possi-

ble to transform OKEC into NACE, which is a standardized format used in the European Union

nowadays).25 Hence, at least some factors indicate that the problem is probably not structurally

linked to only one occupation type. However, there might be some regional effects present that

cannot be accounted for due to the nature of the data. Occupation types by NACE are not really

divided into subgroups depending on counties, such data is not available, therefore it is impossible

to check whether there is a region systematically misreporting information, which could bias the

results.

The following graph provides a basic descriptive statistics, as it was the case with other vari-

ables before. Figure 18 presents violation rates by occupation type, as defined by NACE (in gold).

Note that two groups from the NACE classification are not reported (so the total number of ob-

servations shrinks to 1,849,281). This concerns groups T (Activities of households as employers;

undifferentiated goods- and services-producing activities of households for own use) and U (Ac-

tivities of extraterritorial organizations and bodies). Group T is ignored because no violation is

even recorded for this group. Hence, implied violation rate is 0, but this seems to be a mistake in

reporting. It might be the case that many people practically working within this sector are not

really recorded in the data as they might choose not to report to the government. Even the group

reported in the official data consists of couple hundred of people per year. As for the other group,

implied violation rate of group U is more than 1 million cases per 100,000 so that indicates data

issue.

Moreover, this graph also presents the average yearly income (in red) per particular occupation

type (in thousands of EUR). Only data from 2012-2015 are used here, as the number of observa-

tions available for years 2011 and 2016 is underreported and that might bias the violation rates

downwards (so Figure 18 is based on 1,542,388 observations). It can be seen that three sectors

can be associated with significantly higher levels of violation rates. More precisely, it is the groups

L (Real estate activities), N (Administrative and support service activities) and S (Other service

activities). On the other hand, the lowest levels can be linked to groups E (Water supply; sewerage,

waste management and remediation activities), J (Information and communication), O (Public ad-

ministration and defence; compulsory social security), P (Education), Q (Human health and social

work activities) and R (Arts, entertainment and recreation). Based on these aggregates, there

seems to be no particular correlation between average income and the violation rate by occupation

type.

As for the Figure 19, it can be seen that a significantly greater variability can be observed, when

compared to previous graphs presenting average fine by some specification of cohorts. Occupation
25The data can be downloaded from the Statistical Office of the Slovak Republic here.
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Figure 18: Violation rates by NACE (12-15) Figure 19: Average fine by NACE

types with the highest average fine are groups H (Transportation and storage) and E (Water supply;

sewerage, waste management and remediation activities) with average being greater than 40 EUR.

On the other hand, group P (Education) can be associated with the lowest average fine per group.

Interestingly enough, group P scored low in both categories. People working in sector Education

are subject to one of the lowest violation rates and also to the lowest average fine per cohort.

Similar is true for people working within the sector Human health and social work activities, which

is basically the sector of health care. On the contrary, there is no group that can be associated

with high violation rate and also high average fine. However, group E can be linked to one of the

highest average fines per occupation type while this group has one of the lowest violation rate in

the sample.

5.2.6 Gender

The analysis by gender is supposed to check the validity of Hypothesis 5 and Hypothesis 6. Hence,

based on the collected information (full sample is used), males are indeed significantly more likely

to commit a municipal violation than females. The data shows that around 80% of all recorded

violations are committed by men. This means that men are significantly overrepresented in this

dataset, assuming that the ratio of men to women is approximately 1:1 in the general population.26

Hence, the evidence is in line with H5.

Moreover, the Figure 21 shows that men receive higher fine on average than females. This differ-

ence in mean fine is equal to approximately 12 EUR. Testing for a difference in mean fine between

genders is statistically significant with p-value being practically 0.

As for the H6, the following Figure 22 presents the age-crime profiles by gender. The overall trend

is similar to the one observed in Figure 5, although here it is decomposed to demonstrate the

differences between males and females. Obviously, the female violation rate is significantly lower

than the male counter part. To be more precise, males violation rate is approximately four times

higher than the female violation rate. Overall, it can be concluded that the violation rates do
26Source of the demographics data by gender: Statistical Office of the Slovak Republic

29

http://datacube.statistics.sk/#!/view/sk/VBD_SLOVSTAT/om2024rs/Vekov%C3%A9%20zlo%C5%BEenie%20obyvate%C4%BEstva%20SR%20pod%C4%BEa%20pohlavia%20a%20veku%20%5Bom2024rs%5D


Figure 20: Share on violations by gender Figure 21: Average fine by gender

decrease with age, which supports H6. However, both rates peak significantly later than is stated

in the aforementioned literature. Moreover, there are also differences between genders since the

male rate peaks in the late twenties and the female rate peaks in late thirties. Therefore, the data

supports the overall trend as claimed by H6, but peaks are observed for older than expected age

cohorts.

Figure 22: Violation rates by gender (2012-2015, per 100,000 individuals)

5.3 Seasonal effects

As for now, the analysis provides mostly descriptive results which are trying to corroborate the

already observed stylized facts collected in a literature review. This subsection tries to analyze

the data on municipal violations from the perspective that the timing of income might affect the

likelihood of committing these violations. Overall, the idea is to look at two different effects. First

of all, sectors for which the exact pay day can be identified are kept in the dataset and then the

total number of violations is plotted by day in a month. That is to see whether the total number

of violations depends on the pay day or not. Under this setting, the data set is at first divided into

two subgroups - the poor and the rich - with the cut off line being the average wage. Naturally,

as the poor is identified a group of individuals with incomes below the average wage. The rich
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are defined vice versa. After that, all individuals are divided into smaller subgroups by income

distribution percentiles in order to see whether possibly there is an effect linked to a particular

income group only. This is to account for the fact that basic division into the poor and the rich can

oversimplify the reality. Using the data at hand, people with yearly incomes of a couple hundreds

of EUR are in the same group as someone earning around nine thousands per year. Both of these

cases are below the average wage cut off line. But obviously, these groups are not poor to the

same extent, the latter group faces significantly other problems than people with only a couple of

hundreds EUR. Therefore, the income distribution is analyzed to a greater detail.

The total number of observations used in this analysis is 1,903,239. That is the total number

of observations with identified OKEC code. Unfortunately, even some observations with known

OKEC/NACE code must be dropped later on, because in many cases it is simply not possible to

impute the pay day (but this concerns mostly the following subsection, not the one investigating

seasonality).

5.3.1 Effect of the pay day

As it was already discussed previously, there might be an effect of the exact pay day on the be-

havior of people (Anderoni et al., 2017; Carvalho et al., 2016; Mani et al., 2013). Hence, this part

tries to corroborate the hypothesis whether it is possible to observe a similar effect with respect to

the total number of committed violations when one accounts for the exact pay day. Therefore, the

final sample must be restricted to include only several NACE codes for which the pay day is known.

Sectors, where it is possible to identify the exact pay day are mostly the ones which are accounted

for as a public sector. Therefore it is the NACE sector O (Public administration and defence;

compulsory social security), P (Education) and Q (Human health and social work activities). Un-

fortunately, it must be noted that not all employees registered in these sectors do necessarily work

for the government as civil servants. Some fraction of employees works for private run schools or

hospitals. However, it is impossible to determine individuals working within the private sector.

Fortunately, this fraction should be relatively small so the results should not be biased to a signif-

icant extent.

Based on a common knowledge, payments from the government typically arrive at the bank ac-

counts of the subordinate organizations around 10th day every month. Depending on the number of

organizations between the central government (for example the Ministry of Finance) and the final

subordinate organization paying off wages (a local school), the wages are being paid off between

the tenth and the fifteenth day of every month. Naturally, the more organizations participate in

the transfers of money, the longer it takes for the workers to receive their wages. Therefore, wages

are typically paid off before 15th day every month.27

27More about the timing of payments from the central government can be found here (wages of teachers) or here.
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As for the whole dataset, no clear pattern is visible with respect to days in a month. There

is also no significant pattern visible when the number of violations is plotted by day in a month

for individuals with own income below and above the average wage separately (for the overview,

see Figure A.3). However, a closer inspection shows that the 14th and 15th day in a month can

be associated with a small decrease in the total number of violations (when compared to the rates

during the previous couple of days). There is also a consequent increase in the total number of

violations on the following days. Moreover, this effect can be observed within both groups. But

this fact should be interpreted with caution as there are also other larger drops and increases

visible that one cannot really account for. Moreover, Figure A.4 presents the shares of violations

committed on different days by income percentiles. Income percentile 1 consists of people with the

lowest incomes while 9th income percentile consists of people with the highest incomes. As it can

be seen, the distributions of shares of violations do not vary much across different income cohorts.

Hence, it does not seem that there would be an effect on the aggregate level. However, it must be

noted that the pay off day varies for different firms and occupations therefore it is not surprising

that no strong effect is visible on the aggregate data.

Moving on to the analysis within different occupation types, Figure A.5, Figure A.6 and Fig-

ure A.7 present shares on the total number of violations by day in a month and by sector. As it

was explained before, these three sectors are to large extent publicly run and hence, they can be

analyzed under the simplifying assumption that the pay day is somewhere between 10th and 15th

every month. Moreover, these graphs project the proportion of violations committed on a given day

by people within a certain income percentile. A brief look indicates no clear pattern with respect

to different income cohorts nor with respect to different occupation types by NACE. Although,

when compared to the overall representation showed in Figure A.4, these graphs present greater

variability in shares of violations with respect to different days, the overall case can be associated

with fairly flat trend for all income cohorts during the whole month. So this detail reveals that

the evidence is very mixed. While for some income cohorts it seems like the same as for the case

presented in Figure A.2 can be identified, the effect cannot even be consistently observed for the

same income cohort across different occupation types. There is no clear evidence that a pattern,

which could be specifically linked to the pay day, is present in the data.

6 Discussion

As the obvious data limitations have been discussed already in one of the previous chapters, this

section presents hypotheses which might explain some striking observations found based on the

data at hand. Most of the topics discussed below should be viewed as open questions for further

research and explanations provided here are subject to discussion and critical revision.
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First of all, it is interesting to notice Figure Fig. 3a together with Figure Fig. 4a. It can be

seen that significantly smaller volumes of violations are committed during weekends. On the other

hand, these violations can be associated with significantly higher average fine per case. That might

indicate that the structure of violations committed during weekends might be different from the

structure observed during working days. Another part of the explanation might be that the police

force operates differently during weekends and that they might focus on different crimes during

the working days as compared to the weekend. These two factors might explain the observed dif-

ference in average fine of almost 4 EUR. That represents a statistically significant increase as the

weekend average fine is by more than 10 percent higher when compared to the average observed

fine during working days. This result can be considered as a fairly robust one. It might be relevant

to uncover the true reason causing this pattern so that the police and other resources can be used

more efficiently. In other words, it might be more efficient for them to focus on some specific types

of violations during the working days and to prevent other violations from happening during the

weekends, if it is true that different violations are being committed. Similar argument can be made

for the observations as plotted by month (see Figure Fig. 3c and Figure Fig. 4c). These two graphs

also signalize possible structural breaks with respect to different months and it might be worth to

investigate this further.

As for the age-crime pattern and Hypothesis 1, the overall pattern is in line with the existing

literature. However, it is interesting to observe that this rate peaks later than is typically observed

for crime rates in the literature. It might be due to the nature of the sample, which is analyzed

in this paper. As the dataset consists mostly of speeding tickets, it might be the case that the

youngest cohort simply does not drive that much, as not so many cars are owned within this age

cohort. As many students are included there, they typically do not tend to use cars that often

as for example parents who drive their kids around to school and other extracurricular activities.

Therefore, here it might be in line with an old Slovak saying which can be paraphrased such that

one simply needs an opportunity to commit a violation. Maybe, if the young had more opportuni-

ties, the violation rate would be similar as is for the people in their thirties. And as the youngsters

have significantly less opportunities to commit these violations, the observed rate is therefore lower.

Overall, the average fine decreases as the age increases. Moreover, it is interesting that Figure

7 presents that the oldest age cohort can be associated with significantly lower level of average fine

than all the other age cohorts. That again indicates that the structure of committed violations

is probably different when compared to the overall distribution of violations. Unfortunately, due

to the nature of data it is impossible to define how the structure differs. But this might be an

interesting question for further research.

Figure 10 presents violation rates by the highest achieved education level. It can be seen that

the PhD rate does not fit the overall pattern very well. More precisely, the recorded violation rate
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is several times higher than observed rates for all the other education levels. This is probably a

statistical discrepancy as there is no obvious reason for why the PhD rate should be significantly

out of scale with respect to all the other rates. It might be the case that people with PhD are

underrepresented in the sample retrieved from the Statistical Office of the Slovak Republic. That

would in turn cause the violation rate to sky-rocket. As individuals must report to the database

their highest achieved education degree, it might be the case that many people decided not to

report and as a result, the rate is overestimated.

Another interesting observation is the fact that the violation rate of people with finished mas-

ter degree is fairly high and can be compared with the rate of people with high school and no

graduation. These might be caused by a statistical discrepancy, if the data provided by the Statis-

tical Office understates the true levels. That might be the case if it is assumed that many adults

are not accounted for in the Slovak labor force if they work in foreign countries, but might cause

violations here. Another problem might be that the number of people within different groups might

be overstated and maybe there are some groups that the should have been dropped additionally.

Also, as people can report information about their highest achieved education level, but it is not

mandatory to do so, the overall recorded levels of people with a master degree might understate

the true levels. Finally, if these rates are truly higher and the Figure 10 is a correct representation

of the reality, than that could be in line with the hypothesis that higher income stems from better

education and these individuals might actually just afford to commit these deeds and pay the fine.

That is also a relevant option, but it is very difficult to disentangle these different effects based on

the data at hand.

Interestingly enough, there is a significant difference in the violation rates of people with and

without graduation (see also Figure 10). There is again no obvious reason for why this should be

the case, as both group have been studying for the same period and people in both groups started

working directly after school (otherwise they would be recorded in other group). Therefore, as for

the background, these groups are fairly comparable. Yet, the observed violation rates are signifi-

cantly different.

One of the most interesting results is presented in Figure 17. As it was mentioned in the lit-

erature review, overall there are two theories about the crime rates. One argues that the poor are

more likely to crime as they have more to gain. The second line argues that the rich might also

be prone to crime as they can afford it. In case of municipal violations, the latter makes sense as

the dataset consists of speeding tickets and similar deeds against the law. Therefore, the second

line of argument is easily applicable to this particular situation, it might be the case that the fine

is seen as a fair price to pay for this unlawful behavior. It is however way more difficult to explain

the former. Logically, the poor do not fit the pattern as much. Yet, the violation rate is the same

as for the rich. The dataset does not consists of crimes that would benefit them to any significant
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extent. If such an open case is taken to court, then they possibly might face significantly worse

monetary consequences than the rich who just pay it immediately. It is difficult to explain how

the poor might benefit from speeding as they cannot afford it. It is not the case that the Becker

model would be directly applicable to this particular situation, this model does not really explain

the behavior of the poor. One reason might be that the poor simply do not care. As they do not

have the resources to pay the fine anyway, they do not face any immediate trade-off. The potential

risk of being convicted and punished can be viewed as a very distant future. Then, in line with

the argument that the poor might be more present-biased, this risk of punishment is discounted

to a significant extent that it is not considered that important when making a decision whether to

break the law or not. Hence, maybe even the pure joy of speeding might overweight the potential

risks, which might take their time due to many administrative lags. Another explanation might

be strategic inattention. The poor might suffer from significant scarcity of time and committing a

violation might be seen as a fair price for coping with other difficult situations. Also, they might

simply live in a more risky environment where many people commit such traffic or other violations.

Then it might be considered socially acceptable to commit unlawful deeds. It would be interesting

to decompose this result into factors causing it to be present.

Linked to the same Figure 17, it is interesting to notice that the group least prone to crime

consists of individuals with an average monthly income around 600 EUR. This amount is below

the average income in the economy during the whole period of interest. It is difficult to explain,

why this might be the case. One reason might be that that these individuals are less present-

biased than the poorest group. But this can probably explain only one part of the final effect,

because even with income around 600 EUR, these people cannot really be considered a middle

class just yet and this income level can still be associated with significant stress levels. However, it

might be the case that due to limited resources, these individuals can correctly evaluate their finan-

cial position and might decide not to commit violations as they yield little gain under a great costs.

Interestingly enough, when put into context, it can be seen that people in the middle of the

whole income distribution are not only significantly less likely to commit a violation. They also

receive on average lower fines than the poor and the rich (see Figure 15). That might again sig-

nalize that there is a structural change in the type of deeds which are committed by the poor, by

the rich and by the people in the middle of the distribution. This might be an interesting topic for

further research, when the data describing the exact type of deeds are available.

One income group is not included in Figure 17. Figure 16 also presents the implied violation

rate of individuals with yearly incomes of less than 200 EUR. It can be seen that this rate suffers

from similar issue as the implied violation rate of people with PhD diplomas. This violation rate

of the income cohort with the lowest yearly wages is significantly higher than all the other rates.

As the rest of the violation rates for all the other cohorts are reasonable, then there must be some
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sort of statistical discrepancy linked to this particular income cohort. Again, they are probably

underrepresented in the data downloaded from the Statistical Office. It might be the case that

many people with low recorded income in the database collected on fines are not at all included in

the database provided by the Statistical Office. For example, if such people receive unemployment

benefits, there is a probability that these individuals are not recorded in that particular database

as such transfers are not accounted for as labor incomes. Therefore, many people might simply not

be reported in the used sample provided by the Statistical Office, which in turn causes the rate to

sky-rocket.

It is interesting to return to Figure 18 and to Figure 19. As it was mentioned already, two

groups can be associated with low average fine and also fairly low violation rates and that is the

people working in sector P (Education) and Q (Healthcare). This is itself interesting as these two

sectors cover occupations, which are significantly pro-socially oriented. Also, these two sectors can

be associated with least anti-social behavior. It might be the case that due to the pure nature of

these occupation types, spillover effects can be observed in other sectors, too. In this case that

would imply lower violation rates and also lower fines, which could be understood as that these

individuals commit less severe violations and that they tend to behave less anti-socially.

Finally, due to a lack of data about the pay day on the individual level, the available data could

have been analyzed only on the aggregate level. Naturally, more thorough analysis would be re-

quired to analyze this effect, but that would only be possible if there was data on the individual

level. At first, it would be enough to at least control for the public sector only but OKEC did not

allow for that. Hence, the analysis could have been run only under a very simplifying assumption

that the pay day is on the 15th every month and for the entire sector (even the private institutions).

This can definitely be improved in further research.

7 Conclusion

The goal of this paper was to analyze the data on municipal violations committed in Slovakia

during the period 2011-2016. These administrative data were matched with different demographic

and socio-economic data which allowed for analysis of different violation rates. First of all, the task

was to investigate whether different stylized facts typically found in the literature on crime rates

could be replicated based on the Slovak data. This served as an instructive empirical exercise as

the data at hand comprised only information on municipal violations. Therefore it was interesting

to investigate whether these already standardized results about crime rates could be replicated

using only a subset of all crime data. Secondly, the analysis tried to uncover whether the rich and

the poor tend to behave differently. Finally, the last part of this paper tried to search for effects

that could be attributed to the timing of the individual pay day.
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First of all, the analysis focused on the variable age and the typical age-crime pattern could have

been found. However, it should be noted that the observed violation rate peaks significantly later

than the typically observed crime rate. Secondly, as for the education, the highest violation rate

could be attributed to individuals with finished high school without a graduation. Nevertheless,

no clear pattern between the violation rate and the education could be observed as the second

highest rate could be attributed to people with finished master degree and on the exact opposite,

the lowest rate could be attributed to people with elementary education. Thirdly, the unemployed

could be associated with lower violation rates than the employed, but the employed violation rate

was overstated due to the nature of the available data. Moreover, the overall age-crime profile

could be observed but the peak was still observed later than typically in the literature. As for

the gender, here the observed results replicated the standard results to quite some extent. It was

true that men were significantly more likely to commit a violation but again, the age-crime pro-

files peaked later than is normally the case with crime rates. Moreover, it can be concluded that

both hypotheses providing explanations whether the rich or the poor are more likely to commit

violations seems to be true as both extreme income cases could be linked to significantly higher

violation rates than the rest of the sample. And as for the effect of the pay day, no evidence sup-

porting the existence of this effect has been found. But unfortunately, the data did not allow for a

very thorough analysis of this effect as the data on pay day was not available on the individual level.

As for the future research, the aforementioned descriptive results raised many interesting ques-

tions, that could not have been answered within the scope of this thesis, but could serve as new

starting points for further investigation on the matter. For example, it would be interesting to

explain why the poor could be associated with significantly higher violation rates than individuals

with average incomes. Moreover, if there was more detailed data available about individual pay

days, that would allow for more thorough analysis of this effect as the overall analysis was run

under the simplifying assumption that they pay day was in the middle of every month. More de-

tailed data would allow for a more precise analysis. All of these factors could help to explain what

drives different violation patterns and this can eventually be used to optimize the use of resources

within the sector of public safety.
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A Appendix

Figure A.1: Number of duplicates grouped by personal identification number
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Figure A.2: NACE classification of occupations

Figure A.3: Number of violations by day in a month (NACE subset)
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Figure A.4: Violations by day in a month by income pctiles (NACE subset)

Figure A.5: Violations by day in a month by income pctiles for Public administration (NACE O)
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Figure A.6: Violations by day in a month by income pctiles for Education (NACE P)

Figure A.7: Violations by day in a month by income pctiles for Human health (NACE Q)
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