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ABSTRACT

This study examines how the impact of economic conditions on criminal activity is mitigated by the presence of labour market poli-

cies and that of a sizeable shadow economy. The analysis reveals a positive relationship between economic downturns and property

crime, supporting the well-documented idea that economic hardships intensify criminal activity. Most importantly, however, we
find that the relationship is mitigated when active labour market policies, as well as labour training, are employed by enhancing
skills and productivity, thus lowering incentives for criminal behaviour. Passive policies, on the other hand, also weaken the link,
primarily through the income effect, with their effectiveness being increased in the presence of high levels of the shadow economy.

High levels of both kinds of labour market policies and of the shadow economy significantly reduce crime, though additional in-

vestment in those shows different returns. These findings suggest that a comprehensive approach is required when effective crime

reduction is considered during economic downturns, accounting for both formal and informal sector dynamics.

JEL Classification: E24, 138, J08, K42, 017

1 | Introduction

Examining criminal behaviour and its motivation, as well as
creating effective policies to address it, has been a major focus
in both Economics and Criminology. Becker's (1968) seminal
work framed these policies within the context of optimal re-
source allocation. Becker's model! provides important insights
into the economic aspects of criminal behaviour where the sup-
ply of crime depends on a cost-benefit analysis. An individual
will participate in a crime if the expected benefit outweighs the
expected cost, which includes the income that can be acquired
by a noncriminal activity as well as the risk of foregone future
income and career prospects associated with being caught,
making it dependent on the business cycle and/or labour market
conditions. Over the decades, numerous studies have confirmed
this relationship using various methods across different regions

(Freeman 1999; Bushway et al. 2012; Bell et al. 2018). Building
on Becker's framework, a substantial body of economic litera-
ture has emerged, surveying the development of economic ap-
proaches to crime determinants (Buonanno 2003; Machin and
Meghir 2004; Chalfin and McCrary 2017). This literature has
predominantly evolved into two main streams: one focusing on
the debate between incapacitation and deterrence and the other
on the economic determinants of crime.

Changes in unemployment have been a prominent fac-
tor in economic considerations related to crime (Papps
and Winkelmann 2000; Raphael and Winter-Ebmer 2001;
Buonanno and Montolio 2008; Cook 2014). Several chan-
nels link unemployment to criminal activity, including loss
of income necessitating compensation through illicit means,
changes in the opportunity cost of committing crimes, and
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psychological and social factors such as peer pressure and
perceived inequality. Economic downturns with high unem-
ployment can often lead to increased property crimes like
theft due to financial strain (Cook and Zarkin 1985; Deadman
and Pyle 1994). Conversely, during economic prosperity with
low unemployment, crime rates generally decrease as better
job access reduces criminal incentives (Ishak and Bani 2017;
Brosnan 2018). However, the relationship between the busi-
ness cycle and crime varies by crime type and socio-economic
factors (Detotto and Otranto 2012).

Our motivation stems from two key observations. Firstly,
there has been a noticeable downward trend in crime data
following the 2008-2009 economic crisis in Europe. With
rising unemployment rates during this time, one would ex-
pect that, given the above logic, crime (Bell et al. 2018) and,
in particular, criminal activity against property would have
risen (Bushway et al. 2012). This did not happen, and prop-
erty crime has either remained unchanged or decreased on
average in the period from 2008 to 2017. However, it would
be premature to dismiss the effects of unemployment, earn-
ings and other economic variables on criminal activity based
solely on recent crime data trends. The link between crime
and economic fluctuations remains debated, as the mecha-
nisms connecting crime to downturns are often not explic-
itly assessed. Lower GDP growth reflects only part of the
socio-economic cost, which includes reduced income and
life dissatisfaction from job insecurity (Ishak and Bani 2017;
Brosnan 2018). Economic conditions are often accounted for
through unemployment indicators, as unemployed individu-
als are generally more prone to crime than those employed.
Long-term unemployed individuals, especially those who are
jobless for 15weeks or more, have lower expectations for life-
time income due to diminished human capital (Chamlin and
Cochran 2000). Conversely, those newly unemployed and ac-
tively seeking work are less likely to resort to property crime
(Chamlin and Cochran 2000). Secondly, a thorough review
of the existing literature reveals a significant gap in research
connecting the theories of property crime, economic down-
turns and informality in the economy.? This gap highlights
the need for further investigation into the mitigating factors
that influence the relationship between economic conditions
and crime. Following most of the empirical literature, we aim
to investigate whether there exists a countercyclical relation-
ship between changes in economic activity and crime, but
more importantly, we seek to identify any mitigating effects
that might influence this relationship.

Furthermore, we explore the thesis that the relationship be-
tween economic conditions and unemployment, on the one
hand, and crime, on the other, is characterised by asymme-
tries generated by mitigating factors that may be policy-driven
or relevant to the structural characteristics of a particular
economy. As such, we aim to show that labour market poli-
cies (LMPs) and the presence of active or passive labour mar-
ket programmes affect the crime-business cycle relationship?
in a way that mitigates the effect of the latter on the former.*
Improved job skills and work ethic, the psychological effect
of becoming more productive and the positive influence of
social interaction through these programmes are also factors
found in the literature (Otto et al. 2009; Eriksson et al. 2016;

Rose 2018). Passive labour -market policies (PLMP), includ-
ing unemployment benefits and other cash transfers, lessens
the likelihood of criminal activity by reducing income uncer-
tainty among those in vulnerable employment (Martin and
Grubb 2005; Malo 2018). Active labour market policy (ALMP)
measures, on the other hand, including training programmes,
direct job creation, employment incentives and start-up in-
centives, may also be effective (Kluve 2010), by providing op-
timism about the future through improved employability or
acquisition of skills (Grogger 1998; Fajnzylber et al. 2002a;
Aaltonen et al. 2011). Labour market training (LMT) pro-
grammes are considered separately from other active mea-
sures since they represent the bulk of government spending
on total ALMPs (Kluve 2010). These programmes enable un-
employed individuals to improve their skills and expand their
competencies, making them less prone to incur the potential
cost associated with criminal behaviour.

In addition to LMPs, certain structural characteristics of an
economy can mitigate the effects of worsening economic con-
ditions, particularly when these conditions persist over several
years. In particular, the presence of a shadow economy may
provide additional income, productive activity and social en-
gagement opportunities, which can have similar mitigating ef-
fects. This is especially relevant in countries where unregistered
economic activity constitutes a significant portion of the GDP
(Rocque et al. 2019). Despite its potential significance, the em-
pirical literature has largely overlooked the shadow economy as
a mitigating factor of criminal activity. Income compensation,
either directly through income generation or indirectly through
tax and contributions avoidance, is a primary reason for this
argument (Goulas and Karidis 2020). Additionally, the contin-
uation of productive activity and its impact on time usage and
social interaction are also important.

To our knowledge, this is the first empirical study on crime to
compare the potential mitigating effects of passive and active
interventions alongside the structural characteristics of an
economy (such as the shadow economy). This paper, therefore,
contributes to the existing literature in several ways. Firstly, it
expands the work on the influence of unemployment on crime
across European countries over a period of 17years. Secondly,
it assesses the role of LMPs in moderating the role of economic
downturns on crime. Thirdly, it investigates the impact of the
shadow economy on the relationship between crime and eco-
nomic conditions. Lastly, by accounting for different kinds
of LMPs, it examines whether these mitigating forces exhibit
cyclical or countercyclical effects on crime reduction and, im-
portantly, whether there is an element of substitutability or
complementarity among these mitigation effects. Current litera-
ture predominantly focuses on the economy's impact on crime,
often overlooking how specific conditions may vary this effect.
Various factors identified as potential mitigators suggest that
the economy's influence on crime is not uniform across differ-
ent contexts (Rocque et al. 2019). The complex interplay of these
factors can further diversify the relationship between economic
conditions and criminal behaviour.

The rest of this paper is structured as follows: Section 2 provides
the background and reviews the literature on the economic
determinants of crime, including the relationship between
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economic activity, unemployment and crime, and the mitigat-
ing effects of LMPs and the shadow economy. Section 3 presents
our methodology and model. Section 4 discusses the results, and
Section 5 provides concluding remarks.

2 | Background and Literature

The relationship between the business cycle and crime re-
mains unclear despite the sizeable body of relevant literature.
Criminal activity has significant negative effects on society
and the individuals participating in such activities. The im-
portance of mitigating these effects has generated a body
of literature that investigates the determinants of criminal
behaviour. The complexity of the issue has produced differ-
ent streams within the literature, and the determinants of
crime range from socio-economic (Fajnzylber et al. 2002a;
Aaltonen et al. 2011) to historical and geographical (Campbell
et al. 2015). For the purpose of this work, we concentrate on
measures associated with unemployment, as it is widely ac-
cepted that property crime is mainly determined by jobless
(or disadvantaged) individuals (Detotto and Otranto 2012).
We use alternative business cycle definitions, including the
unemployment gap, the change in the annual unemployment
rate and the Beveridge curve, which is measured by the job
vacancy rate over the total unemployment rate. We believe
that these measures better capture the developments and
efficiency in the labour markets and economic conditions
(Hosios 1990; Pissarides 2000; Michaillat and Saez 2021). Our
baseline model assumes that deteriorating economic condi-
tions may lead jobless individuals to engage in criminal activ-
ities associated with thefts or burglaries (i.e. illegal activities
associated with an economic reward), since the opportunity
cost of committing crime becomes lower.

2.1 | Economic Conditions and Criminal
Behaviour

The notion that fluctuations in crime® rates correlate with
shifts in business cycles has been examined extensively in the
field of crime economics. However, existing literature shows
mixed findings on the relationship between crime rates and
the business cycle, often measured by unemployment rates.
Results vary significantly based on the methodology used.
Some research utilising macro-level, cross-sectional or longi-
tudinal approaches suggests a positive correlation, indicating
that a weak economy is associated with increased crime rates
(Rocque et al. 2019; Rosenfeld and Fornango 2007; Arvanites
and Defina 2006; Kizilgol and Selim 2017). Crime generates
significant socio-economic burdens (Cohen 1988; Detotto and
Vannini 2010), making it imperative to alleviate its impact on
the sustainable development of communities and businesses.
Conversely, other studies propose a negative correlation, sug-
gesting that a downturn in the economy leads to a decrease in
criminal activity (Cohen and Felson 1979; Melick 2003; Ishak
and Bani 2017; Brosnan 2018). Additionally, some studies sug-
gest that economic conditions have a negligible impact on crim-
inal behaviour (Blomquist and Westerlund 2014). This suggests
that the literature is inconclusive on the relationship between
the business cycle and crime levels.

Earlier studies (Cook and Zarkin 1985; Howsen and Jarrell 1987;
Allen 1996; Witt et al. 1999) explored the relationship between
fluctuations in the business cycle, unemployment rates and
crime rates. Most find that economic downturns, with high un-
employment rates and stagnant growth, tend to be associated
with increases in certain types of crime, including property
crime, attributed to financial strain and desperation among in-
dividuals facing unemployment or economic hardship (Cook
and Zarkin 1985; Deadman and Pyle 1994). During periods of
economic prosperity and low unemployment, crime rates may
decrease as individuals have better access to employment op-
portunities and financial resources, reducing thus incentives
for criminal behaviour. However, some studies conclude that
while economic factors influence criminal behaviour, they
cannot completely explain it (Howsen and Jarrell 1987). Witt
et al. (1999) provide similar conclusions, suggesting that factors
other than economic ones play an important role. For exam-
ple, Allen (1996) highlights the significance of criminal justice
system interventions and macroeconomic stability in lowering
property crime rates. Reductions in inflation appear to reduce
property crime, while age demographics and family/community
structure have negligible effects on the analysed property crime
trends. Jennings et al. (2012) further analyse variables such as
unemployment, inequality, welfare spending and incarceration
rates, finding that while three of these factors significantly af-
fect property crime rate changes, income inequality does not.
Furthermore, Lochner (2020) finds that incarceration during
late adolescence negatively impacts educational attainment.
Empirically, higher educational attainment is associated with a
significant reduction in subsequent violent and property crime,
leading to substantial social benefits. This underscores the need
to understand the role of economic conditions and their impact
on crime rates in the presence of mitigating effects. By recog-
nising that economic factors are only one aspect of the complex
constellation of influences on property crime, policymakers can
develop more holistic approaches to crime reduction that address
underlying social, economic and psychological determinants.

Later studies empirically test the relationship between the busi-
ness cycle and crime to understand whether changes in eco-
nomic indicators (such as GDP growth and unemployment rates)
precede, coincide with or follow changes in crime rates. Detotto
and Otranto's (2012) results show that most crime types exhibit
countercyclical behaviour concerning the overall economic con-
ditions. They do, however, find that certain offenses, such as
bankruptcy, fraud and fraudulent insolvency, seem to anticipate
the business cycle. Literature also suggests that the duration of
unemployment, business cycles, geographical location and de-
mographic characteristics can influence crime rates. Oster and
Agell (2007) and later Sameem and Sylwester (2018) find that
the unemployment rate has a significantly positive effect on
crime rates. Sameem and Sylwester's (2018) results also suggest
that more populous urban areas drive the positive relationship
between property crime and unemployment. Conversely, the
business cycle has a significantly negative effect, suggesting
that a rising business cycle is associated with lower crime rates.
On the other hand, Chamlin and Cochran's (2000) analysis in-
dicates that while the unemployment rate does not affect crime,
the number of individuals unemployed for 15weeks or more and
the capacity utilisation rate can significantly affect the level of
property crime.
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Individuals are not more inclined to commit burglary or rob-
bery solely because they are either completely unemployed or
underemployed by official standards (Kleck and Jackson 2016).
Rather, a significant and positive correlation with serious prop-
erty offenses emerges when individuals are out of the labour
force for reasons not widely perceived as legitimate. Kleck and
Jackson's (2016) findings suggest that involvement in criminal
activities among the unemployed may stem from pre-existing
differences in criminal tendencies among those who choose to
stay out of the labour force rather than being directly caused by
joblessness itself. Engaging in part-time work shows a notable
decrease in property crime. The relationship between unemploy-
ment and employment status and crime is also evident in that
being employed increases the positive influence on an individual
who could otherwise be prone to commit a crime. On the con-
trary, a lack of engagement in any productive activity enhances
the sentiment of injustice and inequality and makes individuals
more vulnerable to peer pressure and other ways of encourage-
ment to engage in criminal activity (Cohen and Felson 1979; Otto
et al. 2009; Aaltonen et al. 2011). Initially, empirical evidence
on this relationship was conflicting. Freeman (1983) found that
when aggregate data is used, the evidence of a relationship be-
tween crime and unemployment is weak and dubious. However,
more conclusive results were produced in recent studies (particu-
larly concerning property crime) where the use of larger datasets
allows for both cross-sectional and time variation (Edmark 2005;
Bushway et al. 2012). Other studies extend the idea to include the
level of wages. Evidence for the negative effect of wages on crime
can be found in Gould et al. (2002) and Machin and Meghir (2004)
for the United States and the United Kingdom, respectively, while
Grogger (1998) found that decreasing wages was strongly related
to increasing crime rates among young people. Changes to the
wage rate affect the opportunity cost of criminal activities; a de-
crease in wages decreases the opportunity cost of crime and, as a
result, is positively associated with crime rates (Braun 2019).

It is, therefore, reasonable to consider the existence and value of
alternatives to criminal behaviour to understand the opportunity
cost and design policies to deter crime. Much of the literature
has focused on the impact of labour market conditions, such as
the unemployment rate and wages, to understand the economic
determinants of crime. In general, during economic downturns
and periods of high unemployment, crime rates are expected
to increase either as an income substitute or as a result of psy-
chological pressure (Chalfin and Raphael 2011; Chalfin and
McCrary 2017). The effect of unemployment on crime is, there-
fore, twofold. Firstly, unemployed people, especially when there
isinadequate support from the state and/or society, may see crime
as a substitute for legal work or as the only means of acquiring
income. Secondly, ample spare time may increase the probability
of getting involved in crime (Raphael and Winter-Ebmer 2001).

2.2 | The Role of Mitigating Factors

It is the proposition of this work that the otherwise direct rela-
tionship between fluctuations in unemployment (and the avail-
able opportunities to find work) and criminal activity can be
mitigated either by the impact of government policy aimed at
reducing the effects of unemployment or by the presence of cer-
tain structural characteristics in an economy. Building on this

proposition, we examine the presence of non-linearities in the
relationship between property crime and changing economic
conditions. The baseline model is extended to account for pos-
sible policy-driven or institutional factors, focusing on the role
of government spending on LMPs, as well as for the presence
of a sizeable shadow economy. Both influences are thought to
affect the behaviour of jobless individuals—unemployed and
of those who are marginally attached to the labour market
(Rocque et al. 2019), especially during recessionary periods
when their access to the formal sector becomes limited (Goulas
and Karidis 2020). In other words, involvement in the informal
sector of the economy or participation in an active or passive
programme could offer alternative opportunities in the form of
income, employment or training, inducing participants to ab-
stain from criminal activities (Bajada and Schneider 2009).

2.3 | LMPs: Active Vs. Passive

Several works have attempted to identify possible deterrents to
criminal behaviour by examining the direct effects of PLMPs
on crime or their impact on jobless individuals (Martin and
Grubb 2005; Fallesen et al. 2018). LMPs can be active (ALMPs) or
passive (PLMPs).® ALMPs have become more popular in recent
decades due to their direct effect in decreasing unemployment
and their indirect effects, such as increasing human capital, so-
cial interactions and tackling inequality (Fajnzylber et al. 2002a;
Rufrancos et al. 2013; Wang et al. 2021). During economic down-
turns, when formal sector employment opportunities are limited
and income prospects are lower, individuals are more likely to en-
gage with ALMPs, such as training programmes or subsidised job
vacancies (Malo 2018). These policies provide participants with
income, boost productivity by developing new skills and improve
their connection to the labour market, fostering optimism about
future employment opportunities in the formal sector. This in-
creased optimism and skill development further contribute to the
reduction of the tendency to commit crime by offering better eco-
nomic prospects and reinforcing socially acceptable behaviours.

Through redistribution, ALMPs achieve positive externalities
when acting as a deterrent to criminal behaviour by increasing
the opportunity cost of crime. When designed appropriately,
they can mitigate the effects of other socio-economic factors that
contribute to crime rates, such as sex and age (Grogger 1998;
Fajnzylber et al. 2002a; Aaltonen et al. 2011). There is also evi-
dence of a positive impact on well-being through re-employment
and the alleviation of the negative psychological impact of un-
employment (Layard et al. 2005). The effect of ALMPs on social
behaviour is evident in several studies, showing that positive in-
fluence through social networking leads to higher ambition and,
similar to normal employment, limits opportunities for crime
even in societies with different development levels (Ivaschenko
etal. 2017; Fallesen et al. 2018). ALMPs significantly increase the
probability of future employment and expected income through
upskilling participants and improving their work ethic. Besides
improving workforce skills, they better align available human
resources with existing labour demand gaps (Card et al. 2018;
Malo 2018). Fallesen et al.'s (2018) study reveals a significant de-
crease in crime rates among unemployed men who participated
in a workfare programme compared to those who did not, indi-
cating a direct effect of workfare participation. Other indirect
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benefits include increased productivity through improved par-
ticipant psychology and economies of scale achieved through
the positive influence of peers and adherence to socially accept-
able norms (Coutts et al. 2014; Wang et al. 2021). These findings
suggest that workfare policy has a substantial and potentially
long-lasting effect on reducing crime.

Despite these benefits, Kluve (2010) highlights a persistent lack
of conclusive evidence on ALMP effectiveness across Europe.
Although many econometric evaluations exist, understanding
‘what programme works for which target group under what
circumstances’ remains unclear. Kluve's (2010) meta-analysis
of 137 programme evaluations from 19 countries found that
contextual factors like labour market institutions or economic
conditions are less influential than the type of programme.
Public sector employment programmes often yield negative out-
comes, while wage subsidies and ‘Services and Sanctions’ im-
prove employment prospects. Training programmes, the most
common ALMP type, show moderately positive effects. This
indicates that the programme type is crucial for ALMP efficacy.
Additionally, the literature suggests that higher benefit replace-
ment rates reduce criminal activities and increased educational
levels in the working-age population as well as education attain-
ment correlate with lower crime rates (Ehrlich 1975), though
this relationship is often not statistically significant or inconclu-
sive (Ochsen 2010; Lochner 2020; Bell et al. 2022). A lack of con-
clusive evidence is also presented by Ivaschenko et al. (2017),
who investigate the crime rates and scarce employment oppor-
tunities for youth in Papua New Guinea. Through the analysis of
the Urban Youth Employment Project, they find that while the
programme positively influences participants' social behaviour,
its impact on addressing the socio-economic roots of crime is
limited. Similarly, Butkus et al. (2019) do not find statistically
significant relationships between socio-economic factors and
most European crime rates despite several robustness checks.

PLMPs, on the other hand, focus more on income benefits, typ-
ically referring to measures like unemployment benefits and
income support that do not require active participation in em-
ployment or training programmes by the recipients. PLMPs may
substitute for illegal income and mitigate the decline in economic
status for individuals and may contribute to crime reduction by
alleviating the economic desperation that can drive individuals
to engage in criminal activities (Ochsen 2010). PLMPs compen-
sate part of the lost income for the unemployed (Malo 2018). As
such, by providing financial support, these policies reduce the
relative attractiveness of crime as a means of financial gain.
However, these policies do not require the participant to engage
in time-consuming activities. Thus, the incapacitation effects do
not apply here. PLMPs offer moderate benefits, limited to income
compensation for the unemployed (Martin and Grubb 2005).
Passive benefits might lead to longer periods of unemployment
and a higher risk of antisocial behaviour due to a lack of en-
gagement in productive activities (Fallesen et al. 2018). Oster
and Agell (2007) found only weak evidence that such labour
market programmes, whether general or specifically targeted at
young individuals, contribute significantly to crime reduction.
Similarly, Caliendo and Schmidl (2016) find limited evidence on
the impact of PLMPs on reducing unemployment and job quality
in European countries, particularly among youth, thereby ques-
tioning their potential impact on crime reduction.

Empirically, as the literature above has highlighted, the PLMPs
on their own have limited effect on reducing crime rates.
However, their effectiveness can be significantly enhanced when
combined with ALMPs. Combining PLMPs and ALMPs creates a
comprehensive support system. While PLMPs ensure immediate
financial stability, ALMPs actively work towards reintegrating
individuals into the labour market, thus potentially having an im-
pact on crime rate reduction (Ochsen 2010; Fallesen et al. 2018).

2.4 | The Shadow Economy

Apart from the policy-driven mitigating factors, we consider the
possibility that certain structural characteristics and, in particular,
the level of the shadow economy can mitigate the effect of wors-
ening economic conditions (Adriaenssens and Hendrickx 2015).
Vulnerable individuals resort to (legal) underground activities,
especially when their incomes fall and/or their probability of ob-
taining a job vacancy in the formal sector becomes lower (OECD/
ILO 2019). Levels of the shadow economy in Europe range from
around 10% of GDP in the United Kingdom to more than 20% in
most of the Southern European countries (with some super pe-
riphery European countries experiencing over 30% of informality)
(Schneider and Enste 2013; Medina and Schneider 2019, 2021).
Several works have examined its determinants and have found
that tax burden, state of the official economy, bureaucracy and
other institutional characteristics of the country have a signifi-
cant impact on the size of the shadow economy (Schneider 2012;
Asllani and Schneider 2025). Although the shadow economy is
seen by many economists as being associated with adverse effects,
there are some advantages, often ignored by the empirical litera-
ture, around its role as a safety net for people at risk of poverty or
social exclusion (Cling, Razafindrakoto, and Roubaud 2010; Cling,
Lagrée, et al. 2014). For instance, various unregistered activities
provide individuals with opportunities for informal employment,
allowing them to acquire new skills through informal training
and gain income or other non-monetary benefits.

The presence of prominent levels of unregistered economic ac-
tivity” may be responsible for the weakening relationship be-
tween crime and unemployment in these economies. Income
compensation (directly through income generation or indirectly
through tax and contributions avoidance) tops the list of reasons
behind this argument, while the continuation of productive ac-
tivity and its effect on time usage as well as social interaction are
also of importance. A recent study by Rocque et al. (2019) exam-
ines the relationship between traditional measures of the official
economy (proxied by the level of unemployment) and crime as
well as whether the shadow economy modifies this relationship.
Their findings indicate that the level of the shadow economy af-
fects the extent to which the legitimate economy and crime are
related and that the existence of the shadow economy weakens
this relationship. Similarly, Goulas and Karidis (2020) explore
the impact of fiscal policies on criminal activity across 25 EU
countries. They discover that stringent fiscal measures are as-
sociated with increased crime rates, particularly in non-violent
offenses. Notably, the presence of a substantial shadow economy
mitigates this effect, suggesting that informal economic op-
portunities can alter the dynamics between fiscal policies and
criminal behaviour. However, both studies do not examine the
complex interplay of different mitigating factors, which could
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further diversify the relationship between economic conditions
and criminal behaviour.

It is recognised that any economic downturn due to a slowdown
in the economic activity of a country exacerbates poverty levels
and income distribution. Labour market theories suggest that
there will be an increase in informal activities due to these eco-
nomic downturns (Asllani and Schneider 2025). Consequently,
it is expected that the unemployment rate in a country will in-
crease as jobs will be. Informal employment, on the other hand,
is expected to increase as there will be new entrants for various
economic, and social reasons (Finnegan and Singh 2004). It is
assumed that the informal economy can act as a refuge in coping
with an economic decline, which affects the formal economy di-
rectly (Cunningham and Maloney 2000; Cling, Razafindrakoto,
and Roubaud 2010). However, at times and at controllable levels,
it can act as a cushion for survival for many people around the
world (Finnegan and Singh 2004; Chen 2012). When the infor-
mal economy was first ‘discovered’ in the early 1970s, many ob-
servers argued the notion that it was marginal, peripheral and
not related or linked to the official economy of modern capitalist
development, a view that has changed today.

Certain official economic recessions have been disputed as il-
lusory due to the oversight of the informal sector (Fleming
et al. 2000). Bajada and Schneider (2009) elaborate on the impact
of unemployment on the shadow economy, highlighting both in-
come and substitution effects that fluctuate over the business
cycle. During economic expansions, the shadow economy may
benefit from spillovers, such as increased outsourcing, leading
to an income effect. Conversely, during downturns, unemployed
individuals may turn to underground work with low entry costs
to supplement their income, contributing to a substitution effect.
Both dynamics can potentially serve as a mitigating force for
property crime levels, influencing the overall crime landscape.
Moreover, they interact with other factors, such as labour mar-
ket interventions, which can provide additional insights into the
enigmatic trend of stagnant crime rates during economic down-
turns. We, therefore, examine the role of the shadow economy
as an alternative means of acquiring income. For this paper, the
characteristics of unregistered economic activity are like those
of registered activities. We expect that the mitigating effects
would be similar to those of employment.

2.5 | Substitutability or Complementarity
of the Mitigating Factors

A LMP usually coexists with institutional factors such as the
shadow economy, making it more complex to distinguish be-
tween the mitigating effects. When government spending on
active policies is taking place simultaneously with the existence
of a large-scale shadow economy, one would expect that indi-
viduals may not be able to engage in both since they (i) require
participants to allocate their time on activities that take place
during day time (incapacitation effect) (Fallesen et al. 2018); (ii)
provide various forms of training, especially for unskilled indi-
viduals, leading to increased productivity; and (iii) offer income
support (Engelhardt et al. 2008). Any income benefits arising
are conditional on the hours worked or on the training pro-
gramme attended, thus requiring individuals to allocate their

time between these two options. The strength of the incapaci-
tation effect, which depends on the type of activities that each
person is engaged with, determines the degree of substitutability
between active policies and the shadow economy.

On the other hand, when PLMPs are implemented in conjunction
with underground activities, one could expect a complementary
behaviour since no incapacitation effects are now in place (Rocque
etal. 2019). Individuals can join the informal sector without incur-
ring any opportunity cost associated with their daytime activities.
In other words, formal income support could be received together
with participation in informal activities that offer unregistered
remuneration. Therefore, income opportunities (formal and in-
formal though) stemming from both sources make formal unem-
ployed individuals less prone to commit property crimes (i.e. theft
or burglary) since their opportunity cost increases. The strength
of the income effect determines the degree of complementarity be-
tween passive policies and the shadow economy.

3 | Data and Modelling Strategy

3.1 | Econometric Specification and Variables
Construction

Using a panel dataset of 28 European countries® during the pe-
riod 2002-2018, we employ a typical crime model with the view
to examine any potential effects of worsening economic condi-
tions on criminal activity. This panel is unbalanced because re-
liable data are not available for all 28 countries across the entire
time period. Various socio-economic and demographic covari-
ates associated with criminal activity have been accounted for,
following much of the related literature. The baseline model we
use can be seen below:

In(crime);, = aln(crime);,_; + ﬂ,(xlfm +y(eycle), + &+ 6, +n;, + €,

@
with

xgw = [ln(prison)i,, (education),,, (male population);

(poverty gap);;, (consumption)it]

where i and ¢ are country- and time subscripts, a, ﬁ:( s and y are
unknown parameters to be estimated, and ¢; is a disturbance
term. The dependent variable is the log of (per capita) property
crime rate In(crime);, while In(crime);,_, is its lagged value, cap-
turing crime dynamics. In the set of controls X/, the variable
In(prison);, measures the log of (per capita) prison population
rate,” (education),, denotes human capital measured by the du-
ration of upper secondary education, (male population),, is the
annual growth rate of the male population, (poverty),, represents
the poverty gap'® at $1.90 a day (2011 PPP), and (consumption),,
measures final consumption spending (% of GDP).

The variable of main interest for the baseline model is the business
cycle, (cycle);,, where higher values signify deep recession, thus fa-
cilitating the comparison among alternative business cycle indica-
tors. Our analysis pays more attention to jobless individuals since
criminal activity is mainly driven by this segment of the labour
force (Martin and Grubb 2005; Fallesen et al. 2018). Fluctuations
in unemployment rates determine the level of expected earnings
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of individuals and, therefore, affect the probability of committing
a crime. The literature that focuses on the effects of deteriorating
economic conditions or higher unemployment on criminal be-
haviour reveals a positive relationship, especially when property
crime is considered, and in contrast with violent crime, property
crime is essentially committed during daytime when economic
activity is higher (Oster and Agell 2007; and later Sameem and
Sylwester 2018; Fallesen et al. 2018).

As a measure of business cycle fluctuations, we apply a Hodrick-
Prescott (HP) filter to the total unemployment rate to obtain its
cyclical component. Alternative business cycle indicators with
unemployment orientation have also been used, such as the an-
nual changes in the total unemployment rate and the Beveridge
curve—the ratio of job vacancy rate to the total unemployment
rate—with the view to test the validity of these measures. Lastly,
time-invariant country-specific characteristics ¢; refer to factors
or attributes of a country that do not change over time or are
unique to each country and help explain differences in crime rates
across countries. Examples include the legal system, geographic
factors and cultural factors. Common time trends (6,) across coun-
tries signify a single trend that applies to all countries. This cap-
tures time-related factors that affect all countries similarly, such
as global economic cycles, technological progress or worldwide
policy shifts. On the other hand, each country has its own time
trend, allowing for differences in how they evolve over time. Thus,
country-specific time trend (n,) captures country-specific dynam-
ics such as local policies, institutional changes or unique economic
developments. Relying only on common time trends, one assumes
that time-related changes are uniform across all countries, simpli-
fying analysis but possibly ignoring country-specific differences.

In addition to Equation (1), our aim is to investigate the interplay
of LMPs and the level of shadow economy!! on property crime
rates. LMPs usually concentrate on unemployed and disadvan-
taged individuals by activating them to participate in the labour
market and/or by providing income support, especially during
periods of economic slowdown. It is expected that a higher level
of LMPs spending serves as a mitigating factor on the adverse
impact of falling periods on criminal behaviour. Similarly, under
conditions of low government spending on LMPs, property crime
tends to be driven by recessionary periods. To pin down the
heterogeneous effects of LMPs, we use alternative government-
spending categories, including ALMPs, LMT and PLMPs, ex-
pressed as real expenditures'? per member of the labour force.
Thus, we define the dummy, (high Imp),,, which takes the value of
1 when a country's LMP spending in year ¢ is above the median'?
obtained from the overall distribution, and a dummy low LMP for
spending below the median, (low Imp),,. It is also expected that a
higher level of shadow economy will eliminate or at least restrain

Imp

1 if (high Imp);, 0 (low shadow);,
0 otherwise '

if (low Imp),;; N (high shadow);,
shadow - 3 ’
0 otherwise
1 if (high Imp);; N (high shadow);,
Dinp. shadow = 0 otherwise

any unfavourable effects of recessions on crime. The size of the
shadow economy is based on multiple indicators multiple causes
(MIMIC)* estimates of informal output (% of official GDP).
Alternative indicators from various sources have been employed
as a means of robustness check. Similarly, we define the dummy,
(high shadow);,, that takes the value of 1 when a country's level of
shadow economy in year ¢ is above the median obtained from the
distribution of all countries, and a dummy identifying a low level
of shadow economy otherwise, (low shadow),,. The median val-
ues for each of the above LMP measures expressed as real euros
per LF member are €172.921 for ALMPs, €51.271 for LMT and
€394.436 for PLMPs, while that for the shadow economy indicator
measured as a percentage of GDP is 22.8.

There is a theoretical justification for categorising data based on
the median of a sample (see Tukey 1977; Hampel et al. 1986).
Using the median rather than the mean ensures that classifica-
tions are less affected by extreme values, making results more
robust and reliable. For instance, when the data distribution is
skewed or contains outliers, the mean may be disproportionately
influenced, leading to misleading classifications. Moreover, the
median value ensures that approximately half of the observa-
tions fall into each category making the statistical analysis more
balanced. This is also supported by many empirical studies.
Mendoza et al. (1997) adopted median tax burden thresholds to
analyse the relationship between tax structures and economic
performance. Acemoglu et al. (2001) used median GDP per
capita to distinguish between high- and low-income countries
when analysing the role of institutions in economic growth.
In the same spirit, Piketty and Saez (2003) utilised median in-
come levels showing that median-based classifications are more
stable than mean-based ones. Autor et al. (2008) analysed US
wage polarisation by splitting workers into above-median and
below-median wage growth categories. Finally, Goulas and
Zervoyianni (2023) assessing the moderating role of LMPs on
the effect of long-term unemployment on working-age suicides,
they distinguished between high- and low-commitment to
LMPs based on the sample's median.

Table 1A provides descriptive statistics for all variables, while
Table 1B gives the mean values of the main variables of the model
as distributed across the sample of EU countries. Appendix S1
presents detailed variable definitions and data sources.

The analysis is carried out by employing an econometric model
that encompasses the joint effects of structural factors (i.e. the
shadow economy) and LMPs in the formation of crime and
economic fluctuations relationship. To do so, we proceed by
defining three dummy variables that split the sample into four
mutually exclusive segments:

indicating time periods where only the
level of LMP spending is considered as high.

indicating time periods where only the
level of shadow economy is considered as high.

indicating time periods where the levels of LMP

spending and shadow economy are considered as high.
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TABLE 1A | Statistical properties of variables in the sample.

Variable (N=369) Mean Std. Dev. Min Max
Property crime rate (per 100,000 pop.) 416.119 270.398 48.924 1261.557
Property crime rate (per 100,000 pop.), log 5.793 0.730 3.890 7.140
Prison population rate (per 100,000 pop.) 132.386 64.945 53.617 336.742
Prison population rate (per 100,000 pop.), log 4.779 0.454 3.982 5.819
Duration of upper secondary education, years 3.355 0.708 2.000 5.000
Male population growth rate (%) 0.273 0.905 —2.963 3.857
Poverty gap, % of the poverty line 0.305 0.409 0.000 2.700
Final consumption expenditure (% of GDP) 75.126 7.631 45.589 92.452
Cyclical total unemployment rate (%) 0.013 1.042 —3.755 5.140
Informal output (% of official GDP)—from Elgin et al. (2021) 21.950 6.744 9.400 34.700
Active LMP spending (per LF member) 272.978 296.335 3.144 1325.858
Active LMP spending (% of GDP) 0.420 0.316 0.019 1.556
Labour market training spending (per LF member) 92.583 108.551 0.087 469.031
Labour market training spending (% of GDP) 0.144 0.142 0.000 0.609
Passive LMP spending (per LF member) 557.584 523.938 7.572 2073.880
Passive LMP spending (% of GDP) 0.899 0.678 0.036 3.152

Note: Variables correspond to the sample covering 28 EU countries from 2001 to 2018. Detailed variable definitions and data sources appear in Appendix S1.

We allow the business cycle measure to influence crime rates
with varying magnitudes between (i) both low spending on
LMPs and low level of shadow economy, (ii) high level of shadow
economy only, (iii) high spending on LMPs only, and (iv) both
high spending on LMPs and high level of shadow economy. To
account for these effects, we augment the model in Equation (1)
by the following interaction terms:

[Dlmp X (cyde)it’ Dshadow X (cyde)it’ Dlmp,shadow X (Cyde)it]

Apart from the above effects that operate only through the stage
of the business cycle, we also assume that combinations of struc-
tural and LMP influences exert a direct impact on crime rates.
Thus, the transformed model takes the following form:

In(crime)y, = aln(crime)y,_; + B, X, . +71(cyele)y +7 2Dy X (cyele)y +7 3 Dypagon X (cyele) +

+74Dimp shadow % (ycle)i + 81 Dyyup + 65 Dipagow +03 Dimp shadow + i+ 01+ 1+ €y

()
Regardless of the business cycle measure used, the variable
(cycle);, has been constructed to capture the effects of economic
downturns. Our priors are that contractionary periods will
mostly affect criminal activity under conditions of concurrent
low LMP spending and low levels of the shadow economy. In
this case, minimal mitigation is present, which can be shown
by the coefficient y,. Any intermediate case where only one mit-
igation is present is captured by y, and y5, indicating, respec-
tively, countries with higher LMP spending or countries with
higher levels of the shadow economy. A negative and statisti-
cally significant coefficient, i.e. y,, y; < 0, would confirm the hy-
pothesis that any moderating effects of economic slowdown on
crime rates could be attributed to each factor. For instance, the
magnitude of 72 signifies the differential effect of the business

cycle on property crime between countries with higher LMP
government spending and the reference category, i.e. countries
with both low levels of LMP spending and of shadow economy.
Similarly, the coefficient y, represents the differential between
countries having high shadow economy and the reference cat-
egory. Finally, the extreme case where both mitigations are
jointly considered is captured by y,. A negative and statistically
significant coefficient, i.e. y, < 0 gives the differential between
the group of countries having high levels of both characteristics
and the reference group—the other extreme where the size of
LMP spending and shadow economy are limited. In addition,
we examine whether a large shadow economy or more spending
on LMPs or their combination exerts any potential direct effect
on crime. We expect their occurrence to reduce property crime
rates with 6,, 6,, 6; < 0. It is crucial to account for these effects
in order to attribute and quantify the ‘net’ effects of LMPs and
shadow economies on crime that arises through business cycle
variations.

3.2 | Investigating Substitutability
and Complementarity of Mitigation Effects

The voluminous literature on the heterogeneous effects of ac-
tive and passive LMPs and the various mechanisms through
which the underground economy influences disadvantaged
groups, especially during downturns, enables us to explore
further whether (i) one needs to distinguish between pas-
sive and active LMPs and (ii) passive or active LMPs produce
similar outcomes when they coexist with higher levels of
shadow economy. In other words, the size of the coefficient
74 in Equation (2) indicates the degree of substitutability or
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TABLE 1B | Mean values of the main variables by country.

Propert

Country Obs crimI:: ra:,e ALMP spending LMT spending PLMP spending Informal output
Austria 16 288.437 388.931 294.875 958.787 9.794
Belgium 13 782.459 390.861 122.879 1507.915 22.254
Bulgaria 10 173.400 24.128 2.475 38.868 33.530
Croatia 7 139.177 70.863 32.440 80.975 30.986
Cyprus 7 400.724 50.182 18.227 334.110 28.457
Czech Republic 16 401.007 53.278 4.186 69.551 17.813
Denmark 16 1013.561 1142.192 325.080 1399.358 17.925
Estonia 16 291.313 32.225 17.071 100.292 30.250
Finland 16 336.340 563.099 309.444 1185.088 18.006
France 14 654.648 475.447 211.193 1339.694 15.286
Germany 15 259.184 360.246 206.093 865.369 15.720
Greece 15 449.026 70.645 19.822 217.524 28.787
Hungary 12 281.022 113.497 11.795 102.165 24.375
Ireland 6 869.815 394.364 170.890 652.903 15.850
Italy 13 686.094 260.480 113.989 664.413 28.146
Latvia 13 175.282 33.484 18.261 85.960 27.692
Lithuania 15 219.120 43.763 12.980 53.946 30.320
Luxembourg 14 535.471 750.793 131.724 1176.932 10.143
Malta 13 279.711 30.501 6.397 95.753 26.177
Netherlands 15 660.605 459.871 68.511 1133.573 13.400
Poland 12 125.201 86.618 9.216 80.849 26.225
Portugal 16 389.378 154.585 91.992 438.867 22.688
Romania 13 85.306 5.647 0.686 27.794 31.446
Slovak Republic 14 111.258 42.020 2.265 100.184 17.314
Slovenia 13 165.363 74.585 19.722 203.978 25.877
Spain 16 383.649 265.196 63.557 962.728 22.963
Sweden 16 765.741 685.166 101.070 582.115 18.938
United Kingdom 7 818.144 28.895 11.569 126.422 12.771

Note: Property crime is expressed as offenses per 100,000 population. LMP measures denote amounts per LF member (labour force member), while informal output is

calculated as a percentage of official GDP.

complementarity that may exist in each pair of LMP categories
and the shadow economy.

When higher spending on active LMPs is combined with a
large shadow economy, we expect a sufficiently small (in ab-
solute terms) size coefficient y,, with y, <y,, 75, indicating an
asymmetric response of crime to economic conditions depend-
ing on the extent of LMPs and the level of the shadow econ-
omy. This hypothesis states that any individual factor itself
would be more effective in reducing property crime rates in-
stead of allowing a large shadow economy to exist in conjunc-
tion with more government spending on active policies. The
coexistence of both mitigations exhibits diminishing returns,

indicating their overlapping nature, thus providing evidence
in favour of the substitution hypothesis between active LMPs
and the shadow economy as crime-reducing mechanisms.
From a policy perspective, this means that, conditional on the
size of the underground economy, any additional spending on
active LMPs is insufficient to reduce crime rates under wors-
ening economic conditions. In other words, one could argue
that there are enough similarities concerning the effects of
both mitigating factors on crime.

Unemployed individuals will choose to share their time be-
tween participating in an activation programme or engaging
in the activities of the shadow economy. We anticipate these
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effects on crime to be mainly attributed to incapacitation once
individuals are able to allocate more time attending a workfare
program, which mandates various activities related to educa-
tion, training and work or engaging in various (legal) activities
in the shadow economy, thus abstaining from antisocial be-
haviour (see Fallesen et al. 2018). Participants in active LMPs
are required to follow a time schedule, which exhibits similar
features to a regular (formal or informal) work schedule in
order to be able to obtain welfare benefits. Further, activation
policies or participation in the shadow economy could lead
to lower criminal activity due to the income effect stemming
from the availability of employment opportunities they offer
to engage individuals (Engelhardt et al. 2008). Socialisation
effects arise as well due to mandatory attendance of training
programmes or (subsidised) job vacancies occupied by the
participants in an activation program. Similarly, informal em-
ployment, in conjunction with other activities in the informal
sector, implants individuals in new social groups, influencing
their lifestyle and their objectives. In the same context, both
states have an impact on human capital, especially through
the acquisition of new skills and increased productivity (for-
mally and informally, however). Thus, both could be consid-
ered as a prestage, facilitating unemployed or disadvantaged
individuals to pass from the unemployment or inactivity stage
to the formal employment stage, enabling them to substitute
illegal earnings from crime with legal earnings from occupa-
tion and alleviating the hardship of long unemployment spells.

When PLMPs are implemented in conjunction with under-
ground activities, we anticipate a sufficiently larger (in ab-
solute terms) size coefficient y,, with y, > y,,7,. This pair of
mitigations could be more effective in reducing the adverse ef-
fects of the business cycle on crime, indicating that their com-
bination intensifies the crime-reducing effects stemming from
each factor separately, revealing a complementary behaviour.
Unemployed individuals would be able to alleviate any in-
come uncertainties through passive support programmes and
simultaneously engage in underground activities such as in-
formal employment or training. Thus, the opportunity cost
of committing a crime becomes higher in terms of income
loss and employment opportunities in the informal sector.
Furthermore, beneficiaries of passive support (i.e. the receipt
of welfare benefits) are not required to devote any of their
time when participating in such programmes. Alternatively,
they would be able to engage in the informal economy with-
out incurring the costs arising from overlapping activities that
might take place simultaneously.

To this end, we expect that both active and passive LMPs are
crime-reducing; however, their effects on criminal behaviour
seem to be distributed unevenly. Active policies, due to the re-
quirements they impose on welfare recipients, could be more
effective in reducing crime by themselves, as they exhibit suf-
ficient similarities with the shadow economy (therefore, no
additional crime-reducing effects arise). On the contrary, pas-
sive policies are assumed to display weaker crime-reducing
effects when they are implemented with low levels of shadow
economy as they operate primarily through the income effect.
However, their ability to influence crime rates is amplified by
the level of the shadow economy demonstrating complemen-
tary behaviour.

4 | Results and Discussion
4.1 | Business Cycle Effects on Crime

Estimation of Equations (1) and (2) are carried out by apply-
ing the system-GMM technique (Arellano and Bover 1995;
Blundell and Bond 1998) to address potential bias in fixed-
effects estimates due to the presence of the lagged dependent
variable among the regressors as well as possible nonstrict
exogeneity of other explanatory variables. For instance, the
related literature on crime determinants has highlighted the
issue of endogeneity between crime and deterrence covariates,
such as the prison population variable (Reilly and Witt 1996;
Saridakis and Spengler 2012). Estimating Equations (1) and
(2) with fixed-effects may produce dynamic-panel bias due
to the correlation of the error term with the fixed-country
effects, which can inflate the coefficient of lagged crime.
Bias in fixed-effects estimation may also result from poten-
tial two-way causality between the dependent variable and
one or more regressors. Instead of searching for appropriate
external instruments to address potential two-way causality,
something difficult in panel data, in system-GMM estimation,
lagged levels and lagged first-differences'® of RHS variables
are used as instruments, ensuring that the estimated coeffi-
cients reflect causation running from the RHS variables to
the dependent variable and not vice versa. The adequacy of
the model is established when the generated residuals do not
exhibit second-order autocorrelation and when the overiden-
tifying restrictions are not rejected, a property checked by the
Sargan test. Since many instruments can overfit endogenous
variables and bias the coefficient estimates, we limit the lag
length to keep the number of instruments manageable. At the
same time, most of the explanatory variables in our model are
treated as potentially endogenous and have been accordingly
instrumented.

System-GMM results!® are presented in Table 2. The Sargan
statistic confirms the joint validity of the instruments used (i.e.
the instruments are not correlated with the error term), imply-
ing that all models are well specified. The hypothesis of no
second-order serial correlation is also not rejected in all spec-
ifications. The main variable of interest is the business cycle,
which is proxied by cyclical (total) unemployment (obtained
using the HP filter). In Column 1, the estimates provide sup-
porting evidence to the thesis that recessionary periods have
a systematic crime-increasing effect, even when controlling
for standard socio-economic and demographic variables. For
instance, a one percentage increase in our cyclical unemploy-
ment measure will result in a 1.3% increase in the annual
property crime rate. Other studies in this field provide simi-
lar estimates. Cook and Zarkin (1985) report that an increase
in the unemployment rate by one percentage point will result
in a 1.6% increase in the burglary rate. Raphael and Winter-
Ebmer (2001) using US state data from 1971 to 1997 postulate
that a one percentage point drop in the unemployment rate
causes a decline in the property crime rate of between 1.6%
and 2.4%. Similarly, Rocque et al. 2019 using a panel of 50 US
states from 1997 to 2008, reveal that unemployment increases
property crime by 1.4%. According to Levitt (2004), a typical
estimate implies that a one percentage point increase in the
unemployment rate is linked with a 1% increase in property
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TABLE 2 | Crime and cyclical unemployment under regimes of the shadow economy and LMP categories.

Baseline model ALMP LMT PLMP ALMP LMT PLMP
Variable @) ) 3 4) 5) (6) @
In(crime);,_, 0.702%** 0.684%** 0.679%** 0.666*** 0.684*** 0.669*** 0.698***
(0.088) (0.086) (0.086) (0.085) (0.085) (0.091) (0.094)
Dgdon —0.123%** —0.076 0.057 0.002 0.010 —0.149%*
(0.025) (0.075) (0.067) (0.076) (0.052) (0.059)
Dy —0.156* —0.085 —0.069 0.023 0.014 —0.025
(0.080) (0.069) (0.054) (0.040) (0.019) (0.037)
Diupshadow —0.147+** —0.153* —0.080%** —0.031 —0.030 —0.049
(0.029) (0.080) (0.029) (0.061) (0.047) (0.057)
(cycle);; 0.013* 0.068%*** 0.061%*** 0.068%*** 0.070%** 0.065%** 0.064**
(0.008) (0.019) (0.021) (0.020) (0.018) (0.021) (0.027)
D don X (cycle), —0.056%%*  —0.049%* —0.051%%  —0.054%%%  —(0.044** —0.037
(0.018) (0.021) (0.020) (0.017) (0.022) (0.025)
Dypp X (cycle)y, —0.056** —0.043* —0.050%*  —0.055**  —0.046** -0.031
(0.022) (0.022) (0.023) (0.022) (0.022) (0.029)
Diup shadow X (cycle)y, —0.070%* —0.045 —0.093%F*  _0.076%*  —0.063%*  —(0.083%**
(0.028) (0.029) (0.026) (0.025) (0.021) (0.029)
In(prison);, —0.699** —0.774%** —0.777%** —0.788%* —0.758%** —0.8127%** —0.747**
(0.281) (0.296) (0.290) (0.309) (0.276) (0.284) (0.294)
(education);, —0.0871%** —0.083%#* —0.102%** —0.090%*** —0.088%** —0.088***  —0.090%***
(0.025) (0.029) (0.020) (0.030) (0.024) (0.026) (0.022)
(male population);, 0.117** 0.108** 0.106™* 0.125%* 0.103** 0.107** 0.115%*
(0.048) (0.052) (0.050) (0.050) (0.048) (0.054) (0.050)
(poverty gap);; 0.084** 0.097** 0.097** 0.096™* 0.096** 0.101** 0.084*
(0.041) (0.041) (0.041) (0.042) (0.040) (0.042) (0.044)
(consumption);, —0.025%** —0.026** —0.025%* —0.025%* —0.027%** —0.026** —0.032%*
(0.011) (0.011) (0.011) (0.012) (0.010) (0.011) (0.013)
Constant 7.064%+* 7.663%** 7.726%*%* 7.692%%* 7.499%#* 7.815%** 7.831%**
(1.684) (1.749) (1.735) (1.790) (1.654) (1.733) (1.921)
Observations 369 369 369 369 369 369 369
Number of countries 28 28 28 28 28 28 28
AR(1) (p-value) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
ARQ) (p-value) 0.278 0.203 0.196 0.273 0.275 0.405 0.188
Sargan (p-value) 0.616 0.699 0.642 0.730 0.712 0.602 0.474
Number of instruments 84 90 90 90 90 90 90

Note: The variable (cycle);, denotes cyclical unemployment, which is measured by applying the Hodrick-Prescott filter to the total unemployment rate series (15—
74years). In Columns (2)-(4) categories of LMPs are measured as real expenditures per LF member, and in Columns (5)-(7) as % of GDP. Robust standard errors in
parentheses. The set of RHS variables includes time effects, country effects and country-specific time effects, but their coefficient estimates are not reported due to

space limitations.
5 < 0.01.

#*p <0.05.
*p<0.1.
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crime. On the other hand, violent crime seems not to be sys-
tematically influenced by the unemployment rate. The rel-
evant literature has concluded that a one percentage point
increase in the unemployment rate leads to a higher property
crime by 1%-2% (see Machin and Meghir 2004; Lin 2008;
Mustard 2010, among others).

The estimated coefficients on the RHS variables in all specifica-
tions are in accordance with our priors. The effects of past prop-
erty crime rate and incarcerated population are as expected; the
past crime rate is a strong predictor of current crime, confirming
crime inertia (coefficient is positive and significant), while the
prison population acts as a crime deterrent, appearing with a
negative and highly significant coefficient. The poverty gap and
male population variables enter the regressions with positive
and significant coefficients. On the other hand, the education
and final consumption expenditure variables (i.e. income level
proxy) appear with negative and statistically significant coeffi-
cients in all models.

4.2 | Pairs of LMP Categories and Shadow
Economy

We now turn our focus on the role of LMPs and the shadow
economy as mitigating factors in the relationship between
criminal activity and worsening economic conditions. In
Columns (2)-(7) of Table 2, which presents estimates of model
in Equation (2), we account for various combinations of LMPs
and shadow economy and examine the heterogeneous effects
of different types of LMPs, such as ALMPs, LMT and PLMPs.
Columns (2)-(4) portray the regression results when the cor-
responding LMP measures are expressed as real expenditures
per member of the labour force, whereas Columns (5)-(7) as-
sume LMP expenditures as a percentage of GDP. We expect
that such government initiatives will moderate (or eliminate)
the effect of recessions on crime. The impact of LMPs is cap-
tured by the inclusion of its interactions with the cyclical un-
employment variable. A similar mitigating effect should be
observed when an economy is structurally embedding high
levels of unregistered activity, as this is expressed via the level
of the shadow economy (as a % of GDP).

A positive and highly significant coefficient is reported for
(cycle);; in Column (2), which reflects the impact of recessions
on crime when both ALMP spending and the shadow economy
are low (i.e. the reference category). In other words, we show
that recessions are crime-enhancing by 6.8% when such poli-
cies are limited and take place in conjunction with low levels
of informality. Regarding the coefficients on the interactions
Dlmp X (Cyde)it’ Dshadow X (cyde)it and Dlmp,shadow X (Cy‘:le)it’ they
all appear with the expected negative signs, and they are statisti-
cally significant, indicating a decreasing crime effect in relation
to the reference group that operates through business cycle fluc-
tuations. In other words, each individual factor (ALMPs only or
shadow economy only) is adequate to restrict the harmful ef-
fects of recessions on crime by 5.6% producing thus a total crime
effect equal to the sum 0.068-0.056=0.012 or 1.2%, which is still
positive albeit smaller in size. As we previously explained, we
expect the role of government spending on ALMPs to be three-
fold: Firstly, ALMPs compensate for the loss of income due to

recessions; secondly, they act as a substitute for employment in
terms of time spent, and lastly, they can have a significant im-
pact on the psychology of individuals both by increasing their
productivity and the prospects of future income and by increas-
ing positive social interactions. On the other hand, the level of
informality acts as a property crime deterrent if it is viewed as a
substitute for formal employment. The informal sector, mainly
through unregistered employment and unreported income,
could provide an alternative option to, in other ways, illegal
activity.

It should be noted here that it is not this paper's intention to ad-
vocate higher levels of unregistered economic activity under any
circumstances. The effect of unregistered employment is simi-
lar to that of LMPs in several ways, including income earned,
time spent in productive activities (the incapacitation effect) and
improved productivity, social interaction and the higher oppor-
tunity cost of committing a crime. However, assessing the so-
cial and economic effects of both mitigations, one could argue
that registered activity in LMPs is always more preferable, as the
economy is able to avoid any adverse effects associated with the
existence of the shadow economy.!’

In Column (2), when a higher level of the shadow economy
jointly exists with more spending on ALMPs, then a negative
and significant coefficient is reported equal to —0.070. This is
slightly greater than the coefficients observed when each factor
is in abundance (—0.056 for each one). This points out that any
additional gains, in terms of crime reduction, are very limited,
giving rise to the substitution hypothesis. In other words, sim-
ilar effects are achieved irrespective of (i) the form of mitigat-
ing factor and (ii) whether these mitigations operate as a pair or
individually. From a policy point of view, however, we need to
note the possibly unwanted, positive externality of the structural
presence of shadow economy and to highlight the effectiveness
similarity between the two mitigating factors, one of which re-
sults in higher expenditure (albeit with some productivity bene-
fits) and the other in forgone tax revenue.

In Column (3), we employ the LMT variable, which represents
the bulk of active policies (35% of spending on average in the
EU sample) and is considered the most representative. The
literature supports that government-sponsored training pro-
grammes, by focusing on skills development and human capi-
tal increase, not only act as a substitute for work but also have
an additional and significantly positive impact on the men-
tal health and well-being of participants through confidence
boost and improved matching in the labour market (Coutts
et al. 2014; Wang et al. 2021). In this context, it is also worth
highlighting the effectiveness of LMT programmes when asso-
ciating them with total ALMPs, as they produce a comparable
level of mitigation with only 1/3 of their spending on average
(see Table 1A). Inspecting the estimation results obtained
in Column (3), we confirm the mitigating effects of training
PLMPs, as they operate in a similar manner to total active
policies. In particular, the impact of each individual factor is
statistically significant with similar magnitude (—0.049 and
—0.043). Under the extreme case of a higher level of shadow
economy and higher spending on LMT mixture, diminishing
returns are observed since the coefficient on the interaction
Diyap shadow X (cycl€)i js not statistically significant with a value
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of —0.045, which is in-between the estimates on the individ-
ual interaction terms Dyguq4, X (cycle), and Dy, X (cycle)y.
This means that there are no gains in crime reduction from
investing in LMT in countries where the underground activ-
ities are large enough due to the incapacitation effect, among
others. The substitutability assumption is again confirmed,
indicating that under periods of contraction, work-seeking
individuals will be able to reduce the probability of commit-
ting property crime by gaining more access to either training
programmes or shadow economy activities. In other words,
and notwithstanding the overall negative implications of high
shadow economy levels, policymakers could achieve a lower
impact of recessions on property crime either by investing
more in total ALMPs or LMT or by allowing a higher level of
informality to exist.

With the view to further explore whether the type of LMP mat-
ters when it is combined with structural factors, we also account
for the efficiency of passive measures in Column (4). Although
the coefficients on the interactions capturing the individual ef-
fects of passive policies and shadow economy are negative (with
almost equal size in absolute terms) and statistically significant
at the 5% level, the coefficient on the interaction term indicating
the pair of high level the shadow economy and high spending on
passive LMPs is highly significant at the 1% with a magnitude
equal to —0.093, which is close to the sum of the two individ-
ual effects. It becomes apparent that the total effect on crime is
fully reversed from a positive to a negative one and is equal to
0.068-0.093=—0.025 or —2.5%. This finding provides evidence
that both mitigating effects could behave as complements since
the role of passive policies as a crime-reducing factor is ampli-
fied under the existence of a higher level of shadow economy.
This pair of mitigations seems to operate more effectively as
passive policies primarily focus on compensating for the loss
of income. In contrast, the incapacitation effect is relevant only
to active policies since its occurrence increases the degree of
substitutability.

Assessing whether there is a direct impact of mitigations
on crime, we also add to the model in Equation (2) the three
dummy variables that have been constructed to partition the
sample. Their inclusion facilitates our analysis in that we are
now able to distinguish any potential effects that arise directly
from both mitigations on criminal activity and those stemming
from their interaction with the business cycle variable. Omitting
these influences from the model would lead to biases regarding
the effects attributed to the interaction terms. In most cases in
Table 2, we report negative coefficients on the three dummies
Dipups Dsnadow a0 Dy, spadow indicating that alternative types of
LMPs and the level of shadow economy exhibit crime-reducing
effects.

4.3 | Robustness Checks

To evaluate the robustness of our results regarding the way we
measure LMPs, we repeat the previous estimates by using data
on public spending on LMPs as a percentage of GDP instead.
The results presented in Columns (5)-(7) of Table 2 remain qual-
itatively similar to those discussed previously. The estimates on
the interaction terms in the three models verify the previous

findings supporting that the pairs ALMPs-shadow economy
and LMT-shadow economy could be treated as substitutes. In
contrast, the pair PLMPs-shadow economy could be considered
complements.

We also proceed by estimating variants of Equations (1) and (2)
where the dependent variable is calculated as the difference in
the log of property crime rate, din(crime),,, while the lagged de-
pendent variable, In(crime);,_;, is now omitted from the set of the
regressors. The results are shown in Table 3. Again, we are able
to confirm that diminishing returns are observed when a higher
level of shadow economy is combined with a higher spending
on ALMPs or LMT as the coefficient on the corresponding in-
teraction term is always insignificant. On the other hand, the
coefficient referring to the case of the joint influence of shadow
economy and the passive measures is statistically significant
in Columns (4) and (7). Further, its size is more than double
(-=0.077 and —0.071) compared to the cases when only one miti-
gating factor is in operation.

We also test whether our baseline results could be driven by spe-
cific countries. To do so, we exclude from our sample the coun-
tries that correspond to the highest 10% of the distribution of
property crime rates after inspecting the mean values shown in
Table 1B. Specifically, we drop Denmark, Ireland and the United
Kingdom from the sample and replicate the previous analysis
for the remaining group of countries. The results are displayed
in Columns (1)-(4) of Table 5. Further, we also proceed by ex-
cluding countries with gaps in the data. In Columns (5)-(8), the
analysis is conducted by considering only countries with bal-
anced data; thus, we are left with 10 countries and a total of 150
observations. Despite these amendments, our main conclusion
that the role of passive policies as a crime-reducing factor is am-
plified under the existence of a higher level of shadow economy
is again confirmed.

In addition, Table 5 shows the regression results of
Equations (1) and (2) assuming alternative indicators of the
business cycle.

It is a straightforward assumption that unemployed decision-
making is highly dependent on their capacity to (i) enter the
shadow economy and/or (ii) participate in LMPs. Further, the
crime literature has also highlighted the crucial role of job-
lessness in criminal behaviour. Consistent with the previous
analysis, we adopt additional measures of the stage of the busi-
ness cycle concentrating on unemployed individuals. In this
context, Columns (1) and (5) of Table 5 show the estimates of
Equation (1) when the annual change in total unemployment
rate and the ratio between the job vacancy rate!® and the un-
employment rate, which represents the Beveridge curve, are
used, respectively, as a source of recession.!® Both regressions
consistently reveal a positive effect of depression indicators
on crime. The results that appear in the remaining columns
refer to the model that nests the various factors affecting the
crime and business cycle relationship. Again, we provide ev-
idence in favour of substitution effects between active LMPs
and the shadow economy. On the other hand, this relation-
ship is amended into complementary as passive policies are
introduced instead, thus leading to the same conclusions as
in Table 2.
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TABLE 3 | Changes in crime and cyclical unemployment under regimes of the shadow economy and LMP categories.

Baseline model ALMP LMT PLMP ALMP LMT PLMP
Variable @) ) 3 4) (5) ) @)
Dyradon —0.153%** ~0.059 0.100 —0.017 0.018 -0.176*
(0.030) (0.075) (0.096) (0.102) (0.096) (0.095)
Dlmp —0.296™** —0.102%* -0.111 0.017 0.017 —-0.050
(0.081) (0.051) (0.082) (0.056) (0.020) (0.036)
Dipp shadow —0.201%%*  —0.152* —0.087* ~0.015 —0.008 -0.051
(0.025) (0.091) (0.051) (0.091) (0.087) (0.085)
(cycle);; 0.010 0.048* 0.038 0.046 0.051** 0.039 0.046
(0.008) (0.025) (0.031) (0.029) (0.025) (0.032) (0.035)
Do X (cycle),, ~0.039 ~0.028 —0.031 ~0.039 —0.021 —0.020
(0.026) (0.032) (0.029) (0.026) (0.035) (0.034)
Dy X (cycle),, —0.060%* -0.038 -0.050 —0.055* -0.034 -0.028
(0.029) (0.033) (0.032) (0.030) (0.036) (0.037)
Dy shadow X (cycle); —0.056 —0.024 —0.077** —0.054* —0.037 —0.071*
(0.041) (0.041) (0.036) (0.030) (0.033) (0.037)
In(prison);, —0.803** —0.815** —0.843%* —0.860** —0.833%* —0.886** —0.839**
(0.343) (0.355) (0.352) (0.381) (0.335) (0.358) (0.362)
(education); —0.091%** —0.081** —0.117%** —0.096*** —0.094*** —0.095%** —0.098%**
(0.026) (0.032) (0.028) (0.032) (0.027) (0.028) (0.028)
(male population);, 0.139** 0.140** 0.135%* 0.149** 0.126** 0.138** 0.141**
(0.060) (0.067) (0.065) (0.058) (0.061) (0.067) (0.062)
(poverty gap);, 0.085* 0.086* 0.087* 0.090* 0.089** 0.090* 0.078
(0.047) (0.047) (0.047) (0.048) (0.045) (0.049) (0.050)
(consumption);, —0.033%* —0.034%#* —0.034%#* —0.032%* —0.034%#* —0.034%#* —0.041%**
(0.014) (0.013) (0.013) (0.014) (0.013) (0.013) (0.015)
Constant 6.484%** 6.713%** 6.868%** 6.705%** 6.586%** 6.920%** 7.238%**
(1.961) (1.936) (1.927) (2.033) (1.828) (1.973) (2.114)
Observations 369 369 369 369 369 369 369
Number of countries 28 28 28 28 28 28 28
AR(D) (p-value) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
AR(2) (p-value) 0.258 0.198 0.199 0.247 0.232 0.337 0.188
Sargan (p-value) 0.562 0.616 0.594 0.568 0.607 0.547 0.477
Number of instruments 82 88 88 88 88 88 88

Note: The dependent variable is the change in the log of property crime rate. The variable (cycle);, denotes cyclical unemployment, which is measured by applying the
Hodrick-Prescott filter to the total unemployment rate series (15-74years). In Columns (2)-(4) categories of LMPs are measured as real expenditures per LF member,
and in Columns (5)-(7) as % of GDP. Robust standard errors in parentheses. The set of RHS variables includes time effects, country effects and country-specific time

effects, but their coefficient estimates are not reported due to space limitations.

#%p <0.01.
#p <0.05.
*p<0.1.
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TABLE4 | Changesincrimeand cyclical unemployment under regimes of the shadow economy and LMP categories using alternative subsamples.

Subsample excluding countries with

the highest 10% of crime rates

Sub-sample using countries with balanced data

Baseline Baseline
model ALMP LMT PLMP model ALMP LMT PLMP
Variable 1) 2) 3) (C)) (5) 6) 7) s
Dyradow —0.162%** —0.065 0.087 —0.107%** 0.059 0.012
(0.030) (0.076) (0.101) (0.018) (0.072) (0.042)
Dlmp —0.298*** —0.104** —0.116 —0.218* 0.002 —0.090**
0.077) (0.052) (0.082) (0.115) (0.034) (0.036)
Dipp shadow —0.209%** —0.160* —0.099* —0.128%** —0.051 —0.079**
(0.025) (0.092) (0.052) (0.030) (0.048) (0.034)
(cycle),; 0.010 0.057** 0.045 0.055%* 0.013** 0.076** 0.021 0.063*
(0.008) (0.022) (0.028) (0.026) (0.005) (0.037) (0.056) (0.037)
Dgradow X (cycle);, —0.048%* -0.036 ~0.041 ~0.065* -0.010 -0.052
(0.022) (0.029) (0.025) (0.035) (0.057) (0.035)
Dy X (cycle)y, —0.070%* -0.045 ~0.060* -0.051 0.020 -0.036
(0.028) (0.032) (0.031) (0.032) (0.047) (0.032)
Dipp shadow X (cycle)y, -0.063 —0.030 —0.085** -0.073 -0.011 -0.070*
(0.039) (0.039) (0.034) (0.053) (0.065) (0.043)
In(prison);, —0.804** —0.844** —0.871** —0.898** —0.148 —0.116 —0.153 -0.077
(0.348) (0.372) (0.367) (0.400) (0.173) (0.156) (0.168) (0.135)
(education);, —0.094*** —0.085%** —0.116%** —0.101*** —0.041 0.006 —0.147** —0.032
(0.026) (0.032) (0.029) (0.032) (0.061) (0.082) (0.067) (0.060)
(male population);, 0.131** 0.134%* 0.130%* 0.144%* 0.118 0.152* 0.107 0.115
(0.058) (0.065) (0.064) (0.058) 0.072) (0.091) (0.081) (0.071)
(poverty gap);; 0.085* 0.089* 0.090* 0.094** -0.076 -0.075 —0.080 —0.055
(0.046) (0.047) (0.047) (0.047) (0.064) (0.062) (0.067) (0.059)
(consumption);, —0.033** —0.034%%* —0.034%%* —0.032%* -0.014 —-0.016 —0.012 —0.010
(0.013) (0.012) (0.013) (0.013) (0.009) (0.011) (0.010) (0.010)
Constant 6.174%** 6.985%** 7.021%** 6.987*** 46.343%** 47.093%** 2.060 43.899%**
(1.927) (1.990) (1.926) (2.068) (4.156) (4.941) (1.401) (4.411)
Observations 340 340 340 340 150 150 150 150
Number of countries 25 25 25 25 10 10 10 10
AR(1) (p-value) 0.000 0.000 0.000 0.000 0.022 0.020 0.028 0.023
AR2) (p-value) 0.247 0.163 0.169 0.201 0.099 0.062 0.074 0.090
Sargan (p-value) 0.544 0.621 0.606 0.587 0.242 0.290 0.169 0.174
Number of instruments 76 82 82 82 44 50 50 50

Note: The dependent variable is the change in the log of property crime rate. In Columns (1)-(4) we exclude Denmark, Ireland, and the United Kingdom, which
correspond to the highest 10% of the distribution of property crime rates, while in Columns (5)-(8) we use only countries with balanced data. The variable (cycle);,
denotes cyclical unemployment, which is measured by applying the Hodrick-Prescott filter to the total unemployment rate series (15-74years. All categories of LMPs
are measured as real expenditures per LF member. Robust standard errors in parentheses. The set of RHS variables includes time effects, country effects and country-
specific time effects, but their coefficient estimates are not reported due to space limitations.

**%p <0.01.
**p<0.05.
*p<0.1.
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TABLE 5 | Crime and unemployment-related business cycle measures under regimes of the shadow economy and LMP categories.

Baseline Baseline
model ALMP LMT PLMP model ALMP LMT PLMP
Variable @ @ 3) @ ©) © 9] ®)
l}’l(cr'il’l’le)it_1 0.731%** 0.698*** 0.687*+* 0.695%** 0.632%** 0.623%** 0.604*+* 0.592%**
(0.084) (0.071) (0.068) (0.073) (0.068) (0.070) (0.074) (0.069)
Dyadow —0.171%%* —0.115* -0.017 0.023 0.134 0.210*
(0.038) (0.060) (0.052) (0.120) (0.158) (0.125)
Dlmp —0.146* —0.065* —0.085 —0.050 0.070 —0.085
(0.075) (0.034) (0.058) (0.181) (0.076) (0.244)
Dy shadow —0.195%** —0.182%*%  _0.148%** —0.108 0.029 0.149
(0.040) (0.060) (0.040) (0.110) (0.141) (0.143)
(cycle);, 0.013** 0.100%** 0.101%%+ 0.099%** 0.003 0.012%* 0.018** 0.020**
(0.006) (0.038) (0.037) (0.038) (0.003) (0.006) (0.008) (0.008)
Dgradow X (cycle)y, —0.088** —0.088** —0.086** —0.010  —0.014**  —0.013**
(0.038) (0.037) (0.038) (0.006) (0.006) (0.007)
Dy X (cycle), —0.057 —0.058 —0.059 —0.004 —0.012 —0.005
(0.041) (0.041) (0.040) (0.010) (0.008) (0.013)
Dyp shadow X (cycle), —0.091%* —0.082%* —0.092%* —0.004 —0.014*  —0.017**
(0.039) (0.038) (0.038) (0.006) (0.007) (0.008)
ln(prison)it —0.743%%* —0.804*** —0.780%** —0.833%** —0.635** —0.672%* —0.713** —0.775%**
(0.267) (0.276) (0.268) (0.284) (0.303) (0.289) (0.291) (0.297)
(education)i, —0.067** —0.074%** —0.082%** —0.079%** —0.144 —0.252* —0.270** -0.121
(0.031) (0.026) (0.025) (0.025) (0.106) (0.135) (0.130) (0.101)
(male population);, 0.087* 0.046 0.037 0.061 0.117%* 0.110** 0.107** 0.121%*
(0.051) (0.051) (0.049) (0.054) (0.053) (0.056) (0.053) (0.048)
(poverty gap)it 0.091** 0.117%** 0.110%** 0.112%** 0.064 0.078* 0.078* 0.077*
(0.042) (0.040) (0.039) (0.040) (0.043) (0.042) (0.041) (0.043)
(consumption);, —0.033%%* —0.037%#* —0.036%**  —0.036***  —0.034**  —0.036**  —0.036**  —0.037**
(0.011) (0.012) (0.012) (0.012) (0.016) (0.017) (0.017) (0.018)
Constant 7.648%** 8.563%** 8.405%** 8.555%#* 7.757%F* 8.821%** 8.836%** 89.756%**
(1.560) (1.712) (1.714) (1.673) (2.643) (2.800) (2.740) (21.863)
Observations 369 369 369 369 267 267 267 267
Number of countries 28 28 28 28 24 24 24 24
AR(1) (p-value) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
AR(Q2) (p-value) 0.210 0.181 0.173 0.196 0.798 0.787 0.801 0.806
Sargan (p-value) 0.930 0.951 0.917 0.975 0.977 0.974 0.975 0.950
Number of 84 90 90 90 75 81 81 81
instruments

Note: The variable (cycle);, in Columns (1)-(4) is measured by the annual change in the total unemployment rate, while in Columns (5)-(8) it is measured by the ratio
unemployment rate over the job vacancy rate, and thus higher values of these variables correspond to recessionary periods. All LMP categories are expressed as real
expenditures per LF member. Robust standard errors in parentheses. The set of RHS variables includes time effects, country effects and country-specific time effects,
but their coefficient estimates are not reported due to space limitations.

#55p < 0.01.

**p <0.05.

*p<0.1.
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In Appendix S2, we repeat our analysis focusing on the male un-
employment series (15-74 years) to obtain its cyclical component
by applying the HP filter as a measure of business cycle fluctua-
tions. The reason for this is that males are more likely to partic-
ipate in criminal activities, which is supported by the literature
(Corman et al. 1987; Heidensohn 1989; Broidy and Agnew 1997;
Entorf and Spengler 2000; Levitt 2001; Fallesen et al. 2018) and
by data.?® The results are almost identical to those obtained in
Table 2, both in terms of significance and magnitude. It is also
evident from many studies that youth populations are more
prone to commit crimes since they lack the relevant qualifica-
tions and skills to find employment or to be able to stay aligned
with the labour market and, therefore, suffer from high unem-
ployment rates (see, e.g. Grogger 1998). Similar conclusions can
be drawn from the results presented in Appendix S3, where
youth unemployment (15-24years) is used instead of total or
male unemployment rates.

To further confirm our results, we employ an alterna-
tive shadow economy proxy obtained from Medina and
Schneider (2019). Estimation results presented in Appendix S4
are almost unchanged, and conclusions drawn are similar to
those arising from the baseline estimates of Table 2, although
data on shadow economy estimates are available up to 2017,
leading to a smaller number of observations. Finally, in
Appendix S5, we provide estimates for Equations (1) and (2)
incorporating robbery offenses in the definition of property
crime. This is also supported by various studies that catego-
rise robberies as property crimes with a violent component
(see Ehrlich 1973; Fajnzylber et al. 2002a, 2002b; Machin and
Meghir 2004; Buonanno and Montolio 2008). Our results re-
main unchanged.

5 | Conclusion

This study has examined the impact of economic conditions on
criminal activity across 28 European countries from 2002 to
2018. Regardless of the specification used, the findings support
the hypothesis that economic recessions exacerbate criminal
activities, particularly property crime. However, although this
aligns with previous research, indicating that high levels of un-
employment and economic hardship increase property crime, it
is not the whole story.

The primary thesis of this work is that this well-established re-
lationship is, often significantly, mitigated by acts of economic
policy as well as by the presence of certain structural charac-
teristics, i.e. labour market-related policies and high levels of
shadow economy. Moreover, we sought to, not only uncover
possible inconsistencies in the economic conditions—crime
relationship because of the presence of mitigating factors but
also to establish whether these operate as complements, am-
plifying therefore their mitigating effect or substitutes, thus
reducing it.

We differentiate between actively participatory policies, such
as ALMPs and LMT, which focus on skills development and
human capital alongside possible financial reward, and more
passive ones, which mainly provide income support with-
out requiring participation in training. They both exhibit

crime-reducing effects, complicating, therefore, the crime-
economic conditions relationship, but their effectiveness dif-
fers in the presence of high levels of the shadow economy.

The shadow economy, representing informal and unregistered
economic activities, serves as a substitute for formal employ-
ment and reduces the likelihood of criminal behaviour in its
own right through income and time allocation effects. When
high levels of LMPs and a significant shadow economy are pres-
ent, the crime-reducing effects are notable. However, the ben-
efits from additional investment in them differ. The study has
explored whether ALMPs or PLMPs produce different outcomes
when combined with a high level of shadow economy, indicating
their potential substitutability or complementarity in reducing
crime. The findings suggest that ALMPs when combined with
a large shadow economy show diminishing returns in reducing
crime, supporting the substitution hypothesis. This means that
additional spending on ALMPs alone, without a corresponding
effort to reduce the levels of informality, is insufficient under
worsening economic conditions.

Conversely, PLMPs combined with a high shadow economy
demonstrate enhanced crime-reducing effects, indicating a
complementary relationship. Unemployed individuals benefit
from income support through passive policies while participat-
ing in informal economic activities, raising the opportunity cost
of crime. Thus, both active and passive LMPs reduce crime, but
their effects vary, with active policies being more effective on
their own and passive policies benefiting significantly from the
presence of a substantial shadow economy. The robustness of
these findings is confirmed using various measures and alter-
native indicators of business cycles, such as annual changes in
total unemployment rates and the Beveridge curve. The consis-
tency of results across different specifications further validates
the conclusions.

From a policy perspective, enhancing LMPs, particularly
ALMPs and LMTs, can effectively reduce property crime rates
during economic downturns. The presence of a substantial
shadow economy also plays a crucial role in mitigating the ad-
verse effects of recessions on crime. Policymakers should con-
sider the interplay between formal labour market interventions
and the informal economy when designing strategies to combat
crime during economic slowdowns. This study has highlighted
the complex relationship between economic conditions, PLMPs,
structural characteristics and criminal activity. It underscores
the importance of comprehensive policy approaches that ad-
dress both formal and informal sectors to reduce crime rates ef-
fectively. This nuanced understanding adds a new dimension to
existing literature, which has typically examined these factors
in isolation.

Data Availability Statement

The data that support the findings of this study are available from the
corresponding author upon reasonable request.

Endnotes

I Although simplistic for assuming discrete choice between work and
crime as well as homogeneity in crimes. The analysis of Becker's (1968)
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model is outside the scope of this paper. For further discussion, see
Draca and Machin (2015).

2 Throughout this paper, we use the term shadow economy, informal
sector and informality, informal economy or underground activity
interchangeably.

3 Previous research has sought to improve the economic indicators
used in crime analysis (see, e.g. Mustard 2010). In most of the litera-
ture, we see that the rate of unemployment is the only measure used
regarding the strength of the economy. However, this is potentially
misleading, since it does not include those who are underemployed
or discouraged. Some use the official GDP and find a strong nega-
tive relationship between lagged changes in GDP and property crime
(Arvanites and Defina 2006), while others use perceptions on the
economy by utilising the consumer sentiment as an indicator of eco-
nomic health and reach similar conclusions (see, e.g. Rosenfeld and
Fornango 2007).

4 This may happen through the compensation of income loss, the lack
of opportunity given the time dedicated to participating in a pro-
gramme and the increased probability of future employment and po-
tential future income (Kluve 2010).

5> We use the Eurostat definition of Property Crime and we remain con-
sistent in its use throughout our analysis. Our term crime mainly re-
fers to property crime throughout this paper unless otherwise stated.
Property crime involves theft, destruction or damage of someone's
property without force or threat. Examples include burglary, theft,
motor vehicle theft, arson and vandalism. Unlike violent crimes,
which involve physical harm, property crimes focus on unlawfully
acquiring or damaging physical assets.

6 ALMPs include government policies providing training to the unem-
ployed, employment incentives, supported employment and rehabil-
itation, direct job creation or start-up incentives. In contrast, Passive
Labour Programmes compensate for part of the lost income for the
unemployed (Malo 2018).

7 For the purposes of this work, we use Schneider’s (2012) definition
of Shadow Economy as “...all market-based legal production of goods
and services that are deliberately concealed from public authorities...’
(pg. 6, 2012).

8 Austria, Belgium, Bulgaria, Croatia, Cyprus, Czech Republic,
Denmark, Estonia, Finland, France, Germany, Greece, Hungary,
Ireland, Italy, Latvia, Lithuania, Luxembourg, Malta, the
Netherlands, Poland, Portugal, Romania, Slovak Republic, Slovenia,
Spain, Sweden and the United Kingdom.

9 Becker (1968) postulated that a higher probability of conviction or
punishment would generally lead to a lower number of crime of-
fenses a person commits. A similar view has been also adopted by
Ehrlich (1973) who argued that the probability and severity of punish-
ment, which is implied by imprisonment, could reduce the total num-
ber of offenses. In the same spirit, Fajnzylber et al. (2002b) among
others, developed a crime model that accounts for the probability of
being caught and for the corresponding severity of the punishments
as well.

10 This measure reflects the depth of poverty as well as its incidence.

1 To capture the impact of the shadow economy, we employ data from
Elgin et al. (2021), who estimate the shadow economy as a percentage
of official GDP based on the MIMIC. As a further robustness check of
our results, we employ an alternative shadow economy proxy obtained
from Medina and Schneider (2019), who also employ MIMIC to esti-
mate the shadow economy in 157 countries worldwide. These datasets
are widely used in the literature to analyse the effects of the shadow
economy, ensuring consistency and comparability across studies.

12'We also collect data on various LMP spending categories expressed as
a percentage of GDP.

13 partitioning the sample in this manner provides more flexibility by
allowing countries to move states from year to year.

14 The MIMIC model, based on Structural Equation Models (SEM),
links the shadow economy (an unobserved variable) to observ-
able indicators and causal factors of unreported economic activ-
ity (Dell’Anno 2022). It estimates this relationship by minimising
the gap between the sample and predicted covariance matrices
(Dell'’Anno 2023). The model consists of a structural equation and
a measurement model (Schneider et al. 2010), with its mathemati-
cal formulation detailed in various studies (Schneider et al. 2011).
MIMIC can be applied to time series and panel data to estimate the
shadow economy's size and trends.

15 As we deal with an unbalanced panel with gaps, we resort to using a
forward orthogonal transformation instead of first differencing (see,
e.g. Arellano and Bover 1995). This transformation can be computed
even in the presence of gaps in a panel, thus minimising data loss.

16 Clustered robust standard errors at the country level are assumed in
all models.

17 The shadow economy could lead to significant adverse effects such
as loss of tax revenue, exploitation of workers, unfair competition
and erosion of public trust in institutions (Schneider and Enste 2013).
The shadow economy can distort economic indicators, undermines
social security systems and may also fuel corruption (Asllani and
Schneider 2025). Furthermore, Williams and Schneider (2016) show
that the official and shadow economies interact, but there is ongoing
debate over whether the positive or negative effects prevail.

18 The number of observations has been reduced due to data unavail-
ability on job vacancy rate series.

1 The inverse of the job vacancy rate to the unemployment rate ratio
has been calculated, so as higher values indicate more severe reces-
sion. Thus, the results can be comparable with that in Table 2.

20 In most EU countries the adult prison population consists of more
than 90% males (Source: Eurostat 2024).
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