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Abstract

This paper investigates the impact of the 2008’s financial crisis on local crime rates in Sweden.

I deploy a difference-in-differences approach that contrasts the changes in reported crimes

between municipalities that are more or less crisis-exposed. The results show no significant

effect on any crime category nor the aggregate crime rate. However, there are indications

of more densely populated municipalities experiencing an increase in crimes with underlying

financial incentives, although not robust. The results are similar when the effect of the

Great Recession is compared to the major financial crisis that hit Sweden in the early 90s,

suggesting that economic crises do not cause any reactions in crimes. One explanation could

be the increase in social grants recipients and the participation in labour market programmes.

Both of which cushions the fall in income and reduces criminal motivation. The results

appear robust for a variety of alternative severity measures. Potential spillovers between

adjacent municipalities do not seem to be a threat as the results are similar for county-level

regressions. Overall, the findings in this paper point towards the number of reported crimes

being unaffected by the crisis exposure measured as the employment change and change in

retail sales.
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1 Introduction

This paper examines the effect of economic crises on criminal behaviour. Economic crises are

recurring and widespread events that have grown more frequent in recent years (Bordo et al.,

2001; Reinhart and Rogoff, 2009). During such periods of economic turbulence, societies endure

severe consequences both in economic and social aspects. Therefore, it comes as no surprise that

crises are associated with more profound and long-lasting consequences than regular fluctuations

in the business cycle (Bushway et al., 2012; Mohseni-Cheraghlou, 2016; Reinhart and Rogoff,

2008, 2009). Studies of the Great Recession impact in the US have found evidence of the crisis

causing a long-term depression of the employment rate (Yagan, 2019). Such profound impacts are

further supported by the persistent and adverse effects on earnings and occupation of newcomers

in the labour market during economic declines occupation (Davis and von Wachter, 2011; Kahn,

2010).

Economic theory unambitious predicts that these adverse labour market shocks that

severely limit legal income prospects will ultimately lead to a rise in the crime rate (e.g. Becker,

1968; Ehrlich, 1973; Freeman, 1999). Such was the expectations of US criminologist following

the Great Recession (Rosenfeld, 2014). Therefore, it is surprising that little empiric research

has been done in terms of crises’ impact on crime. Furthermore, since crimes are perceived as

a negative externality in the economic literature (Buonanno, 2003), increased criminality could

be avoided with counteractive policies. Then, to understand what such measures are, the effects

of crises on crime must be investigated to assist in designing crime-preventing policies during

such periods.

This paper estimates the causal effect of 2008’s financial crisis on local crime rates in

Sweden. The identification benefiting from the Swedish context since pre-existing industrial

composition generated variation in local crisis severity. The empirical strategy builds on this

quasi-experimental setting, with effects estimated through a difference-in-differences model that

contrast changes in the local crime rate before and after the crisis. The Swedish setting also

allows for comparing of two crises, using the number of convictions as outcome. The paper

draws from the well-documented relationship between crime and labour market prospects as

well as aggregate economic conditions. To the best of my knowledge, no previous paper has

investigated the effect of crises on crime rates within a country nor compared the effect between

two crises.

The two crises referred to are the 1990’s financial crises and the financial crisis of 2008. In

similarity to the Great Recessions’ impact in the US, both had akin effects on the labour market

(Engdahl and Nybom, 2021). The former is partially responsible for the permanently higher
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unemployment rate in Sweden following its impact (Jonung et al., 2009). Furthermore, the two

separate economic crises occurred within a 20 year-window, making it especially interesting to

compare their potential effects. A comparison of the two crises’ impact on the labour market has

shown that, despite both having pervasive effects on labour income, their prolonged effect on the

employment rate differed (Engdahl and Nybom, 2021). The crises’ respective impact on labour

market determinants is presented in figure 1 below. The figure reveals the differences between

the crises’ impact on the unemployment rate, labour force participation and employment rate.

Of particular notice is the persistence of the ’90s crisis’ impact and depth of the declines on

all three rates. Quicker recoveries and less deep declines instead characterise the corresponding

aftermath of the ’08s crisis, especially in the employment rate and labour force participation

rate.

Figure 1
Evolution in Labour Market Outcomes Relative to Pre-Crisis Levels

(a) 1990’s Crisis relative to Jan. 1990 Rate (b) 2008’s Crisis relative to Jan. 2008 Rate

Notes: Each specific rate, the unemployment rate, the labour force participation rate and the employment rate correspond
to seasonally adjusted monthly data. Each point is interpreted as the month’s value minus the value of January in either
1990 or 2008. The vertical line represents the reference value of zero

As mentioned, little research effort has focused on the effect of economic crises on crime.

However, due to the widespread aftermath of economic crises, there exists both theories and

expectations of increasing crime rates during such periods (Rosenfeld, 2014). In the economic

theory of crime, these expectations are motivated by the assumption that economic declines

reduce the opportunity cost of individuals to commit crime (Becker, 1968; Ehrlich, 1973). In

the economic model of crime, the opportunity cost is affected by the legal income prospects.

A popular approach in the research has been to exploit variation in the unemployment rate

(e.g. Becker, 1968; Ehrlich, 1973; Fleisher, 1963). Still, economists have also considered wage

differentials to be a determinate of crime. In extensions of the time-allocation model, the wage

differentials are modelled to emanate from both changes in the criminal wage rate and the legal

wage rate (e.g. Burdett et al., 2004; Grogger, 1998; Williams and Sickles, 2002).

2



The theoretical reasoning has received support from empirical studies, with the consensus

that income opportunities, unemployment in particular, exhibits a robust relationship to criminal

motivation (Chalfin and McCrary, 2017; Chiricos, 2014; Freeman, 1999). Therefore, to the extent

that economic crises restrict the legal income prospects, one should expect an increased incidence

of crime in society.

Another strand in the determinants of crime literature has investigated the effect of the

general economic conditions, for instance, the business cycle, on crime. While closely related

to unemployment and wage literature, the sub-field proposes arguments as to why a recession

should, and should not, affect crimes. Cook and Zarkin (1985) summarises these four potential

mechanisms as; the supply of legitimate opportunities, the supply of criminal opportunities,

police deterrence, and consumption of criminogenic goods.

The first mechanism can be viewed as an increase in the unemployment rate, essentially

reducing the supply of legitimate opportunities, which reduces the opportunity cost of crime.

Still, a recession can also reduce the opportunity costs associated with schooling. So, as the

former increases instances of crime, the latter decreases it (e.g. Becker, 1968; Ehrlich, 1973;

Cook and Zarkin, 1985). A related interpretation of the mechanism is that recessions increase

criminal motivation, specifically by widening the gap between an individual’s desired and actual

standard of living. This gap results in the individual turning to criminal activity to attain its

desired standard of living again (Arvanites and Defina, 2006; Cantor and Land, 1985). The

second mechanism, the supply of criminal opportunities, implies that the supply of theft-prone

goods diminishes. It negatively affects crime and increases in magnitude if victims stay at

home, acting as guardians of their property. The negative effect is also reinforced if the prices of

fenced goods decrease. Generally, property crimes would become both less feasible and profitable

(Bushway et al., 2012; Cook and Zarkin, 1985). The third is related to police deterrence and the

theory that economic declines affect the budgets on policing and rehabilitation. If the budgets

are reduced, it could generate more crime (Bushway et al., 2012). The final mechanism is the

consumption of drugs and alcohol, both assumed to be an instigator of violent crimes. If they

follow a countercyclical relationship, violent crimes should increase (Bushway et al., 2012).

Empirical studies of the business cycles’ effect have often focused on the counteractive

effects between criminal opportunity and criminal motivation (e.g. Arvanites and Defina, 2006;

Cantor and Land, 1985). These studies often uncovers a robust countercyclical relationship

between economic conditions and property crime (e.g. Allen, 1996; Arvanites and Defina, 2006;

Cantor and Land, 1985; Nunley et al., 2011; Rosenfeld, 2009), implying that criminal motivation

dominates the criminal opportunities.
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Interestingly, the effect on property crimes is a heterogeneous effect present in both the

research of the business cycle’s and the unemployment’s impact on crime. Both of which find a

robust positive effect on crimes with financial incentives (Arvanites and Defina, 2006; Bushway

et al., 2012; Cantor and Land, 1985; Fougère et al., 2009; Malby et al., 2012). Although most

studies have focused on a US setting, this heterogeneous relationship, as well as the effect of the

business cycles, have been found in Europe as well (Rosenfeld and Messner, 2012). To adjust

for the hetergenous effects on crime, several crime categories are considered in the analysis,

including an aggregate measure of all crimes.

In contrast to previous literature, which has instead focused on the variation in labour

market determinants or economic conditions (e.g. Arvanites and Defina, 2006; Edmark, 2005;

Fougère et al., 2009; Raphael and Winter-Ebmer, 2001; Öster and Agell, 2007), the focus of

this paper lies on the effect of economic crises on crime. The contrast is amplified by the fact

that crises have more profound and far-reaching impacts than recurrent variation in the labour

market determinants (Bushway et al., 2012; Reinhart and Rogoff, 2008). Therefore, the variation

caused by a crisis can be perceived as an exogenous shock, better fit to capture the causal effect

of deteriorating economic conditions. The exogenous shock of crises is further consolidated by

how unexpected and sudden they often are (Reinhart and Rogoff, 2008). The two crises of

interest in this analysis conform to this expectation as both were unanticipated and profound in

their impact, particularly in the labour market (e.g. Engdahl and Nybom, 2021; Englund, 1999;

Molin, 2010).

To the best of my knowledge Malby et al. (2012) is the only paper explicitly investigating

the effect of crises on crime. Their analysis is performed on countries during the global financial

crisis, omitting Sweden. Their result can only prove an association between crises and crime

and not a causal relationship. Other studies have examined periods overlapping with economic

crises without addressing the effect of the crisis directly (e.g. Edmark, 2005; Rosenfeld, 2009;

Öster and Agell, 2007).

Even though this study diverges from previous literature in terms of its focus on crises’

effects on crime, it adheres to the previous research in the use of panel data (e.g. Raphael and

Winter-Ebmer, 2001; Öster and Agell, 2007). The analysis uses two panels. The main part

of the analysis is carried out on the 2008’s crisis’ effect on crime, measured as the number of

reported crimes in the 290 Swedish municipalities. In addition, the paper also compares the

effect of both crises on the number of convictions. Due to data limitations, the second analysis

is restricted to comparing the differences in logarithmic means between the post and pre-period.

Still, the crises distinguish themselves as two of the more severe economic crises in the present
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time, sharing similarities in their aftermath (Reinhart and Rogoff, 2008). Seeing that they

differ in their origin, the comparison can give an indication of the study’s external validity of

crises’ effects on crime. The paper is related to two studies set in Sweden. Specifically, Edmark

(2005) and Öster and Agell (2007). Both investigated the effect of unemployment on reported

crimes during periods overlapping with the ’90s crisis. Their results support the claim that

unemployment affects property crimes.

Capturing the effect of economic crises is still faced by specific difficulties. Crises as na-

tionwide events are also broad in their impact, making the counterfactual crime rate challenging

to identify. The identification is alleviated by the variation in the local industrial composition

causing variation in local crises exposure. By following Feigenbaum (2015) and Yagan (2019) the

local severity caused by the crises is identified as the percentage change in the local employment

rate.1 This quasi-experimental setting allows for a difference-in-difference approach (henceforth:

DiD) to contrast the changes in local crime. In turn, it appropriately handles the simultaneity

issues otherwise present in most crime studies (e.g. Öster and Agell, 2007). Despite several pre-

vious studies having managed both simultaneity and omitted variables by the use of fixed-effect

models and instrumental variables (e.g. Fougère et al., 2009; Raphael and Winter-Ebmer, 2001;

Öster and Agell, 2007), neither have archived the same casual interpretation as the DiD on

crises. The municipalities are treated if their local severity value is below the median severity

of the crisis. The paper also compares the results with alternative definitions of crises’ severity

exposure.

The analysis uncovers no significant effect of local crisis severity on either reported cat-

egory of crime nor crisis. The effects are not only insignificant for all crime categories of the

’08s crisis but often precise, making it possible to exclude effects outside a narrow confidence

interval. This contradicts the results of Malby et al. (2012) but also the broader literature that

exploits the natural variation in labour market determinants, or macroeconomic conditions (e.g.

Arvanites and Defina, 2006; Edmark, 2005; Raphael and Winter-Ebmer, 2001; Öster and Agell,

2007). In turn, the results on reported crimes are robust to various definitions of local crisis

severity and model specifications. There are a few instances of heterogeneous effects, but they

are all sensitive to the definition of local severity. The comparison of the two crises on the num-

ber of convictions yields less precise estimates, however, they remain insignificant throughout.

The few significant effects are equally sensitive to alternative local crisis severity measures, and

the effects cannot be ruled out as being type I errors.

Spillovers would pose a threat to the identification of the causal effect. Such spillovers can

occur in both treatment and crimes, leading to violations of the SUTVA. Therefore the paper

1The percentage change in the employment rate is denoted as exposure or local severity throughout this paper.
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follows Edmark (2005) and replicates the analysis on the county level. However, significant

effects found are neither robust to the inclusion of country-specific trends, and the two treatment

groups’ trends in property crimes diverge ahead of the crisis. The use of an additional severity

measure reinforces the insignificant estimates, concluding that spillover is less of a threat than

first considered.

The often precise and close to zero point estimates on reported crimes can be explained by

the welfare state cushioning the fall otherwise present in income prospects as well as a reduction

in criminal opportunities (Öster and Agell, 2007). A sub-analysis shows that the municipality

share of grant and benefits recipients of both labour market programme and social assistance

increased in the more severely exposed municipalities during the 2008’s crisis. Both would reduce

the criminal motivation. Additionally, the reduction in the median income is sparse, suggesting

that the grants received offsets the increase in criminal motivation altogether. An alternative

explanation may also be found with the perception of how Sweden handled the 2008 crisis and

the role of consumer confidence as argued by Rosenfeld and Fornango (2007). The consumer

confidence remained high Hassler (2010), which can have a moderating impact on the otherwise

negative effect on future income prospects.

The paper’s structure is as follows; section 2 briefly describes the ’90s and ’08s crises in

a Swedish setting. Section 3 provides an account of the local severity measures, the specific

data used, and the empirical method. Section 4 presents the paper’s primary analysis on the

’08s crisis and the crises comparison while also exploring heterogeneous effects, the tests of

underlying assumption robustness checks and the SUTVA condition. Finally, section 5 discusses

the mechanism behind the effects and concludes.

2 Background

This section provides an overview of the two crises compared in this paper. Despite occurring

several years apart, they share common traits. Most notably, both are classified among the most

severe crises in recent years. For instance, Reinhart and Rogoff (2008) finds the Swedish ’90s

crisis comparable to the Great Recession as well as being among the five worst crises in recent

years. Given that the crises differed in their respective aftermath, a run-through of them both

is necessitated.

2.1 1990’s Financial Crisis

The period preceding the ’90s crisis in Sweden was, according to Englund (2016), characterised

by a heavily regulated banking sector. The regulations made for a stable, albeit static system
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with little room for competition. Similar regulations were also imposed on insurance companies

and mortgage institutions, making for a restricted financial sector. Due to the restrictions, risk

analyses became less crucial, which nourished a problematic relationship between banks and

finance institutions.

In parallel, the Swedish households, during this time, were some of the most indebted

among OECD countries. They were also coupled with the least amount of credit constraints.

An explanation for the large credit debt is found with the beneficial loans issued by the state,

primarily for schooling and housing. The general macroeconomic climate at the time was charac-

terised by high inflation, averaging 8% between 1970 to 1980, and the pegged exchange rate had

been repeatedly devalued. These devaluations were often followed by subsequent appreciations,

which increased the expectations of future devaluations.

The heavily regulated market had Swedish economists advocating for deregulatory mea-

sures. Still, onlookers were surprised by how swiftly the deregulations were executed once they

came to be. They began with abolishing liquidity ratios in 1983, which, combined with the

decision to finance the budget deficit domestically, made for a rapidly growing financial market.

By 1985, lending and interest ceilings regulations were lifted for the banks since the deregula-

tions had given an unfair advantage to financial companies an advantage and caused a general

inefficiency (Englund, 2016).

At the time, it was believed that the actions taken would lack any substance that could

significantly impact the real economy (Englund, 2016; Jonung et al., 2009). However, the dereg-

ulations enabled the actors on the financial market to freely compete for market shares and

customers (Englund, 2016; Jonung et al., 2009). Together with a new tax system incentivising

borrowing, it resulted in increased debt accumulation for both firms and households (Jonung

et al., 2009). Acknowledged by the Swedish Riksbank, their response was to increase the cash

reserve requirements for banks. However, this was the only action taken in fiscal or monetary

policy (Englund, 2016).

The period ensuing the deregulations, between 1985 to 1990, had both the banking sec-

tor and mortgage institutions rapidly growing, 174% and 167% respectively, pushing financial

institutions and insurance companies into more high-risk markets (Englund, 2016). The flow

of credits had now also changed. From previously being dominated by firm-to-firm lending,

it now came through financial institutions. Meanwhile, loans were also used in high-leverage

investments spurring on the asset prices further (Englund, 2016).

Although both households and businesses did respond, the households were quicker on

the uptake. The acquired credit was often carried over into assets, subsequently increasing the
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collateral value (Englund, 2016). Between November of 1985 and 1989, the overall stock price

index increased by 228% whilst the bank-index grew with and real estate companies with 372%.

The boom in prices was not necessarily the result of the deregulation, but they spurred on

the continuing boom due to the inexperience of competition on the market (Englund, 2016).

Around 1989, the Swedish economy started displaying signs of overheating, the unemployment

rate reaching the all-time low of 1,4 % and the households’ consumption momentarily surpassing

their disposable income (Englund, 2016; Jonung et al., 2009). Simultaneously, there was little

support for counter-cyclical action in the government, nor did the Riksbank devalue the SEK.

Thus, the economy experienced increasing inflation and a noncompetitive export sector (Jonung

et al., 2009). Nonetheless, the stock market continued to boom, and signs of an impending crisis

were few.

The turning point of the economy came with various shocks, both international and

domestic. The unification of east and west Germany caused the international interest rates to

increase and created general unrest in the currency market. In addition, the minister of finance

resigned in response to the lack of support for restrictive fiscal policy, leading to currency

speculation. The Riksbank responded by raising the interest rate, preceding its shift in policy

focusing on inflation management (Englund, 2016).

In 1990, the real economy started to experience stagnating GDP and investment growth,

even though unemployment remained low (Englund, 2016). However, the response in the stock

market was especially apparent, with a 37% loss between August to December of 1990. Their

high-risk portfolios and low solvency unsettled the finance companies. Nyckeln, a finance com-

pany, were subject to a market run as investors no longer rolled over their maturing certificates

(Englund, 2016). The certificate market quickly dried up, leavening the remaining fiance com-

panies reliant on loans from banks. In turn, banks took on more credit risk, primarily as their

insight into the portfolios of finance companies were restricted. It would later be unveiled that

the non-performing borrowers of finance companies were the same borrowers turned down by

banks (Englund, 2016). Subsequently, the problems spread to the money market, further af-

fecting banks. Banks’ credit loss rate, the fraction of credit losses to the total lending stock,

increased to 1.1 % by the end of 1990 and reached 7.5% by 1992. The losses amounted to

approximately twice that of the bank profits, and the accumulated loss between 1990-1996 was

around 20% (Englund, 2016).

By 1992, the crisis reached its peak, and the decision to let the SEK float resulted in a

continued depreciation which stimulated the Swedish export (Jonung et al., 2009). The floating

krona also began gradually lowering the interest rate. However, the crisis’ impact had already
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been felt. The unemployment rate increased year by year until 1993 when it settled on 11%.

For youths, unemployment reached levels upwards of 23% (Figure 2 in H̊akansson and Nilsson,

2019). The open unemployment did not start to recover from a level of 10% until 1997 (Jonung

et al., 2009). The period also exhibited less generous welfare benefits and increased prices for

public service (H̊akansson and Nilsson, 2019). However, the overall crisis management of the

crisis was recognised as effective. Even though a long-term consequence has been permanently

higher unemployment compared to the previous low levels enjoyed. The crisis is thought to have

started in 1991 and lasted until the end of 1993.

2.2 2008’s Financial Crisis

In contrast to the crisis of the ’90s, referred to as a homemade crisis (Nuder, 2012), the Great

Recession originated in the US home loans market. The signals of the market’s instability have

been traced back to 2005, as subprime borrowers started facing difficulties meeting the payment

demands. Still, the underperforming assets did not raise concerns until 2007 when mortgage

institutions began defaulting, and two of Bear Stearn’s hedge funds collapsed (Molin, 2010). The

funds collapsing resulted in a general worry surrounding the assets containing subprime loans.

Eventually, in late July of 2007, the concerns made their way into European banks (Molin,

2010). The crisis was ultimately triggered by a price correction in the US markets, particularly

the housing market. As complex financial instruments with the underlying assets had spread

to other institutes worldwide, the correction instigated the turmoil. Unsurprisingly, it wiped

out collateral and eventually lead to defaults or bailouts (Homburg, 2014). The full outburst of

the crisis is thought to have started with the bankruptcy filed by the Lehman Brothers, causing

extreme volatility in the market (Molin, 2010).

The global financial crisis of 2008 has been a subject of comparison to the 90’s crisis.

Despite the 90’s crisis being a more isolated incident to the Nordic countries, Sweden and

Finland, they share certain similarities. One such similarity is the financial liberalisation enjoyed,

generating a credit boom spurred on by increasing asset prices, notably housing (Jonung, 2009).

Another is that risk-taking and indebtedness were stimulated by the lack of actions in monetary

and fiscal policy in years leading up to the crisis (Jonung, 2009; Österholm, 2010).

In the case of Sweden, the country had executed consolidating efforts and put through a

resolution of the banking sector following the ’90s crisis (Jonung, 2009). Nevertheless, Sweden

was still exposed to the crisis, amplified by the banking sector’s expansion into Baltic states

and its export dependency (Berg et al., 2018). The crisis’ impact was visible in the real GDP,

declining by 6% in 2009. In the context of the two crises, the GDP decline of 2008 was both more

9



prominent in magnitude and rapid than its 1990’s counterpart, which decline took three years

to fall 5%. The Swedish real GDP decline was also 3% larger than the OECD average (Hassler,

2010). However, Sweden’s economic prerequisites were beneficial. With a budget surplus of

3.5%, owing to a new budgetary framework steaming from the ’90s crisis, aided by a relatively

more minor public debt (Hassler, 2010). Nevertheless, economic conditions before the onset of

the ’90s crisis were similar. Still, in contrast, the debt during the great recession did not build

up as it had during the 90’s crisis.

A reason for Sweden’s better handling of the crisis, in fiscal terms, has been attributed to

the overall state of the economy. Whilst the domestic market nursed the 90’s crisis, the 2008’s

crisis did not impact an economy of the same immaturity. In turn, the perceived consumer

confidence was more substantial (Hassler, 2010). The confidence was especially distinctive in

companies, seeing their ability to labour hoard. Additionally, the 90’s crisis experienced a more

significant and persistent drop in employment due to the weakly competitive export sector,

also reliant on devaluations. Likewise, the public sector during the ’90s crisis was unable to

absorb the unemployed (Hassler, 2010). Still, some notable similarities in the evolution of the

employment rate are visible, mainly in the manufacturing sector, which lost 13.7% and 11%

for the ’90s and 08’s crisis respectively (see Calmfors, 2010). A main underlying reason for the

increased unemployment was Sweden’s exposure to international demand and dependency on

export (Sveriges Riksbank, 2011). However, after its fall in 2009, the employment rate began

its recovery in 2011 (H̊akansson and Nilsson, 2019). Despite this, the employment declines were

more persistent for vulnerable groups such as youths, foreign-born, and low educated. Overall,

the structural changes necessitated by the ’90s crisis made for a more resistant economy, although

some groups were more affected than others in terms of unemployment (Hassler, 2010; Sveriges

Riksbank, 2011).

3 Identification, Data and Empirical Method

This section will begin by presenting how municipalities are identified as being more and less

severely exposed to the crisis of interest. Secondly, it will present the data used in the primary

analysis of the 2008 crisis and the additional crime measure used in the extended comparison of

the crises. A third section will outline the method used to identify the causal effect of economic

crises on crime.
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3.1 Local Severity

In this paper, the local variation of crises’ exposure is used to examine the effect of crises’

impact on crime. Although both the financial crisis of 2008 and the 1990s had an impact on the

entire country, there still existed regional variation (Engdahl and Nybom, 2021). To measure

this varying impact, the paper follows the approaches by Yagan (2019) and Feigenbaum (2015).

Yagan measures regional exposure at the commuter-zone level as the percentage point change in

the unemployment rate between 2007 and 2009. Feigenbaum instead defines it as the percentage

change in retail sales per capita. In this paper, local crisis severity in a municipality is defined

as the percentage change in the employment rate during the crisis years.

Measuring crisis exposure using the employment rate is not without drawbacks stemming

from the employment rate being measured as the ratio of gainfully employed.2 The classification

of gainfully employed is associated with risks of wrongful classifications, which is particularly

high when classifying the young and elderly shares of the population. Even though the ratio can

be sensitive, the measure will still capture the vital variation in crises’ impact on local labour

markets. To ensure that the measure is constructed between crisis-affected and unaffected ratios,

the reference ratio is set as the year preceding the crisis. Consequently, the 2008 crisis analysis

uses the employment rate measured in November 2007 to 2009, and the ’90s crisis uses the

change between 1990 and 1992.

The geographical distribution of the local crisis severity measure for both crises are found

in figure 2. The two crises’ local impact on municipalities is presented in country maps of

Sweden with the municipalities outlined. Figure 2a covers the 90’s crisis and 2b the 2008 crisis.

To the right of each map is the bar with colour references to the municipalities’ severity value.

The values are interpreted as the percentage change in the ratio of gainfully employed (the

employment rate). Neither of the two crises saw a positive change in the employment rate.

Hence, the more negative a change is, the darker is the colour.

As seen in figure 2a, the ’90s crisis is found to have a more profound impact than the

’08 crisis, seen by its range in the colour bar, going below -0.14. No apparent clusters of par-

ticularly exposed municipalities are seen between the figures. Histograms of the crises’ severity

distribution are presented in the appendix, figure A.1, along with the medians and standard

deviations. The local variation visualised is mainly caused by the industrial composition in the

municipality, since the crises affected the manufacturing construction sector the most (Grenet

et al., 2021). Therefore, municipalities dependent on such sectors are also the ones with higher

2Statistics Sweden’s definition of gainfully employed: ”https://www.scb.se/en/finding-statistics/statistics-by-subject-
area/labour-market/employment-and-working-hours/labour-statistics-based-on-administrative-sources/pong/statistical-
news/labour-statistics-based-on-administrative-sources-rams-and-gross-pay-statistics-based-on-administrative-sources-
lsum-2019/”
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crisis exposure.

Figure 2
Distribution of Local Crisis Severity in Swedish Municipalities for each Crisis

(a) 1990s Crisis (b) 2008’s Crisis

Notes: In sub-figure 2a, the severity is calculated as the percentage change between 1990 and 1992, for the 284 municipalities
of the time. For the 08’s crisis in sub-figure 2b, it is calculated as the percentage change in the employment rate between
2007 and 2009, for 290 municipalities. The colour bar approaches yellow for values closer to zero.

Treatment is assigned to the municipalities exhibiting a local crisis severity value below

the median of that period. In other words, it is assigned to the municipalities experiencing a

more severe decline than the median municipality in the sample. The analysis will also consider

treatment groups based on quartiles in the heterogeneity analysis. Corresponding municipality

distributions based on quartiles are presented in the appendix, figure A.2. If nothing else is

stated, treatment is assigned by the median as the threshold.

The robustness analysis will explore alternative measures of crisis severity. Instead of the

percentage change in the employment rate, the percentage point change is used, in similarity to

Yagan (2019). Still following Yagan, an AR-process is used to identify more severely exposed

municipalities. The method forecasts the change in the employment rate during the years of

the crises and subtracts the sum from the actual change. Thus, the method returns the forecast

errors of the employment change, meant to identify the municipalities deviation from the long-

term employment growth rate (Yagan, 2019). A value below zero indicates that the municipality

suffered a more significant decline than expected, and a positive value indicates a less severe

scenario than expected. Due to data limitations on the municipality level, the AR-process

implemented is not an exact replica of Yagan’s and could therefore be less precise. However, the

correlation between the summed forecasted change of the 2008 financial crisis, and the actual
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change, is 0.945, indicating fairly close patterns. For the ’90s crisis, the correlation is 0.742,

which is less close to the actual change. The paper also uses the change in retail sales per

capita, in line with Feigenbaum (2015), as it captures a separate impact on income, focused on

consumer’s consumption-behaviour.

3.2 Data

Compliant with the modern strand of crime studies, the analysis exploits panel data (e.g. Fougère

et al., 2009; Raphael and Winter-Ebmer, 2001; Öster and Agell, 2007), set at the Swedish

municipality level.

The analysis uses the number of reported crimes to approximate the actual criminal

activity.3 Reported crimes is used by the two previous studies set in Sweden Edmark (2005)

and Öster and Agell (2007). The number of reported crimes is restricted to the 2008 financial

crisis analysis due to the municipality-level data on reported crimes only existing from 1996

onwards. The data is accessed through The Swedish National Council for Crime Prevention

(BRÅ) database.4.

The number of reported crimes per municipality used are adjusted per 100 000 residents.

Adjusted counts of reported crimes is commonly used in the previous literature on crime (e.g.

Edmark, 2005; Frederick et al., 2016; Raphael and Winter-Ebmer, 2001; Öster and Agell, 2007).

A potential threat of reported crimes is that the reporting does not mirror the actual crime

trend. As Edmark (2005) notes, this poses an issue if a specific crime category suffers from

hidden crime statistics by under-reporting or if crime categories have differing propensities of

being reported. Nevertheless, the use of reported crimes to approximate the actual crimes can be

well suited as long as the propensity to report does not evolve differently between municipalities

more exposed and less exposed to the crises. Only the correlation between reported and actual

crimes must remain constant before and after the crises. The propensity to report a crime is

evenly distributed across the population, although not crime types (BRÅ, 2008). Therefore,

reported crimes are not considered an issue in the identification of crises’ effect on crime.

Similar to other studies, the analysis is performed on several crime categories to account

for the potential heterogeneous effect on different types of crime (e.g. Arvanites and Defina, 2006;

Raphael and Winter-Ebmer, 2001; Öster and Agell, 2007). These are; (1) All crimes reported;

(2) robberies; (3) burglaries; (4) violent crimes; (5) property crimes; (6) crimes against life and

health and (7) drug crimes. A description of the categories and their respective chapter in the

3The analysis would ideally use data containing the number of committed crimes per municipality. However,
an exact measure does not exist as there is no source compiling all crimes committed in society (BRÅ, 2012).

4BRÅ’s database of reported crimes: http://statistik.bra.se/solwebb/action/index
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penal code is presented in table A.1 in the appendix. The crimes with clear financial incentives

are robberies, burglaries and property crimes. If the criminal motivation exceeds the decline of

criminal opportunities, then such crimes would increases. Robberies are also considered a violent

crime type together with crimes against life and health and violent crimes. The expectation of

the direction of the effect on violent crimes is less straightforward than property crimes, given

the unclear results in the previous literature (see: Cook and Zarkin, 1985; Raphael and Winter-

Ebmer, 2001).

Since reported crimes are restricted in its usage, the comparison of the crises’ effects

relies on the number of convictions.5 This measure is also adjusted per 100 000 residents and

stretches between 1990 and 2011. For an individual to be counted as convicted, he or she must

have gone through a district court process (BRÅ, 2012). Therefore, the number of convictions

differs from reported crimes regarding how they approximate criminal activity. They also differ

in their geographical distribution, as reported crimes are registered in the municipality the crime

took place, and convictions are registered in the home municipality of the condemned. Given

the accessibility of convictions, 1990 to 2011, it restricts both the ’90s crisis pre-period and the

post-period of the ’08s crisis. The convicted crimes categories are; (8) All convicted crimes; (9)

convicted property crimes; (10) convicted violent crimes; and (11) convicted drug crimes.

The municipality characteristics included in the analysis are selected based on their sig-

nificance in economic theory and studies of Swedish crimes. All characteristics are obtained

through Statistics Sweden’s database. A potential threat to the analysis is the inclusion of bad

controls. Such controls are themselves outcomes of treatment (Angrist and Pischke, 2008). Due

to the above, economic covariates such as inequality measures and the number of social grants

issued are excluded from the analysis. Instead, controls are focused on capturing demographic

and educational variation in the municipalities. These are the; population density, share within

certain age groups, educational attainment, and foreign-born share. The choice of controls are

based on the studies of Edmark (2005) and Öster and Agell (2007). In the crisis-comparison,

the share of foreign-born is replaced with the share of foreign citizens, as the share foreign-born

is not available at the municipality level before 1996.

Both samples face restrictions due to municipality reorganisations before and after the

crises.6 The ’08s analysis is restricted to begin in 2003. The ’90s crisis instead faces restrictions

5The reported crime data is only accessible on municipality-level from 1996 onwards. Restricting its use to
the 2008’s crisis only

6The latest reform in 2002 added Knivsta as a new municipality in 2003. Thus, to enable the 08’s analysis with
all 290 municipalities, the sample period is restricted to begin in 2003. The 90’s sample omits several municipalities
added after the economic crisis started, 1991. The new municipalities were added from 1991 onwards, restricting
the number of included municipalities to 284. The omitted municipalities and the year they came to be are; Trosa
(1992), Gensta (1992), Bollebygd (1995), Lekeberg (1995), Nykvarn (1999) and Knivsta (2003).
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in the number of municipalities included. When the crises’ effects are t be compared on the

number of convictions, the 08’s sample uses the same pre-period but is restricted in its post-

period to 2010, as the end of the financial crisis. For the ’90s sample, the data only covers a

one-year pre-period, 1990, and it is similarly restricted to the end of the crisis, 1993.

Table 1 presents descriptive statistics of the data collected in terms of averages by treat-

ment status and time period. In addition, the Diff column displays the difference between the

two periods for the given group. A positive difference indicates that the variable of interest

has trended downwards between the pre- and post-period, and a negative that it has trended

upwards, visible in columns 4 and 7. Panel A covers the averages in the sample period for the

2008s crisis and panel B for the ’90s crisis.

Table 1 panel A, indicates that the levels in reported crimes, for the most part, are similar.

This similarity does not hold for robberies. The trends exhibited by the different reported crime

categories follow the same direction in both groups, apart from robberies, which exhibits no

significant change between the periods’ averages in the control municipalities. Regarding the

number of convictions during the ’08s sample, 2003 to 2010, the levels and trends appear similar

in all cases. Declines are visible in the number of convicted property crimes, mirrored by the

decline in reported burglaries and property crimes.

Regarding the municipality characteristics, the most apparent difference is the population

density, which is denser in control municipalities, and an increase in the population’s share

between 25 to 29 years for the treated municipalities. Educational attainment moves towards

more highly educated municipality populations in both groups, although the average pre-period

level is higher in the control municipalities. The share of foreign-born increases in both groups.

In panel B, the ’90s sample, 1990 to 1993, display somewhat equal levels in the number of

convictions for all four categories. None of the two treatment groups exhibited significant trends

in either of the crime categories in terms of averages. Regarding the municipality characteristics,

it is once again visible that the control municipalities are more densely populated. The levels

and trends in the different age shares are similar across both groups. The levels in shares differ

in primary school attainment, university attainment and share of foreign citizens. Still, when a

trend is significant, it is mirrored by the opposite group.
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Table 1
Crisis-Sample’s Averages by Treatment Status and Time Period

Panel A - 2008 Crisis Control Treated

Reported Crimes: Pre Post Diff Pre Post Diff

All Crimes 9502.1 9761.7 -259.6** 9360.6 9901.1 -540.5***

Robbery 37 37.7 -0.7 31 38.3 -7.3***

Burglary 1198.8 817.3 381.5*** 1277.6 924.8 352.8***

Violent Crime 569.5 748.8 -179.3*** 551.8 782.6 -230.8***

Property Crime 5341 3713.4 1627.6*** 5242.1 3754.1 1488.0***

Crimes against Life and Health 556 756.4 -200.4*** 545.5 794.5 -249.0**

Narcotics crime 25.2 61.3 -36.1*** 26.8 67.9 -41.1***

Convicted Crimes:

All Crimes 2356.2 2550 -193.8*** 2424.4 2772.2 -347.8***

Violent Crime 210.9 224.2 -13.3*** 228.8 251.3 -22.5***

Property Crime 548.7 449.9 98.8*** 570.4 496 74.4***

Drug Crime 183.6 341.1 -157.5*** 185.3 361.2 -175.9***

Controls:

Population per km2 187.7 219.8 -32.1 62.1 68.0 -5.9

Share aged 15 to 19 0.064 0.062 0.003*** 0.065 0.062 0.003***

Share aged 20 to 24 0.049 0.056 -0.007*** 0.051 0.059 -0.008***

Share aged 25 to 29 0.051 0.051 0.000 0.051 0.054 -0.002***

Primary School Attainment 0.206 0.152 0.054*** 0.234 0.174 0.061***

University Attainment 0.079 0.118 -0.039*** 0.058 0.090 -0.032***

Share of Foreign Born 0.084 0.115 -0.031*** 0.094 0.135 -0.042***

Panel B - 1990s Crisis Control Treated

Convicted Crimes: Pre Post Diff Pre Post Diff

All Crimes 2673.9 2636.6 37.3 2873.0 2837.9 35.1

Violent Crime 191.8 185.1 6.7 206.0 221.7 -15.7

Property Crime 749.6 756.9 -7.3 826.0 805.8 19.2

Drug Crime 91.6 98.3 -6.7 105.5 101.0 3.5

Controls:

Population per km2 159.0 174.8 -15.8 61.0 63.0 -2.0

Share aged 15 to 19 0.070 0.066 0.004*** 0.068 0.064 0.003***

Share aged 20 to 24 0.066 0.063 0.003*** 0.064 0.060 0.004***

Share aged 25 to 29 0.065 0.067 -0.002** 0.062 0.064 -0.002**

Primary School Attainment 0.289 0.267 0.022*** 0.324 0.301 0.023***

University Attainment 0.053 0.054 -0.001 0.036 0.036 0.000

Share of Foreign Citizens 0.039 0.040 0.001 0.046 0.046 0.000

Notes: *** p<0.001, ** p<0.01, * p<0.05. The stars represent the significance yielded by the Two-Sample T-test
with the null of equal means. The crime categories covered, both for the number of reported and convicted crimes,
are adjusted per 100 000 residents. The values are interpreted as averages for the period in relation to the crisis and
group. The ”Pre” denotes the year leading up to the crisis of interest, and the ”post” the period following the onset
of the crisis. In addition, the averages are conditional on treatment status where ”controls” signify the municipalities
with a severity equal to or above the median and ”treated” the municipalities with a severity below the median. The
difference between the pre and post-average are taken and seen in column 4 and 7. A negative value represents an
increase between the two periods, and a positive value signifies a decrease. An example of the interpretation of the
values is as follows: All reported crimes in the pre-period for the control group is on average 9502.1, and it increased
with 259.6 to the post period. Averages in convictions are done for the available pre-period, 2003 to 2007 or 1990,
and then to the end of each crisis, 2008 to 2010 or 1991 to 1993.
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3.3 Empirical Strategy

The quasi-experimental setting generated by the variation in the degree of local crisis exposure

allows for the Differences-in-Differences (DiD) approach. Specifically through the use of the

local severity measure covered above. The main benefit of using the DiD-approach is that

it directly handles any issue with endogeneity related to omitted variables (Bertrand et al.,

2004). Previous research on aggregate crime levels have relied on Two-Stage Least Squares,

where the local unemployment rate is instrumented using the local industrial composition, or

fixed-effects models to solve such issues (e.g. Frederick et al., 2016; Raphael and Winter-Ebmer,

2001; Rosenfeld and Messner, 2012; Öster and Agell, 2007). Still, to what extent the industrial

composition instrument fulfils the exclusion requirement of not affecting crime is uncertain.

The baseline specification used for the analysis of the 2008s financial crisis’ effects on

reported crimes is presented in equation 1 below.

ln(Crimeict) = γ(Treatedic ∗ Crisist) +Mic + Tt + Countyc × Tt +X ′ict + εict (1)

In equation 1, Crimeict denotes the reported crimes in municipality i, county c and year

t. It corresponds to one of the seven reported crime categories in the ’08 sample. The adjusted

counts of reported crimes are transformed with the natural logarithm, and the interpretation of

the estimates will then be in percentage following eγ − 1. Treatedic is the treatment indicator,

which equals one if the local severity of the municipality i in county c is below the median.

Crisist is the dummy variable that switches on once the crisis occurs, 2008 that is. The inter-

action between them gives the DiD-estimate of interest, γ. If the varying severity of the crisis

affects crime, the estimate will be significant, given that the model is correctly specified. The

baseline specification also controls for municipality fixed effects (FE), Mic, capturing the munic-

ipalities’ time-invariant characteristics affecting crime. Also, year-specific effects are included by

Tt, controlling for the shared time-variant shocks to the crime rates. The specification includes

county-specific year effects, Countyc × Tt, to capture the county-specific yearly shocks to coun-

ties’ crime rates. Lastly, X ′ict is a vector of the time-varying and municipality specific control

variables presented in the data section. The standard errors, εict, are robust and clustered at

the municipality level.

An extension of equation 1 is considered, meant to analyse whether an instantaneous

reaction in the supply of crime drives the possible interaction effect or if the recovery from the

crisis drives the effect. In addition, the extension will also reveal if an insignificant γ is due

to opposing effects during the crisis and the after the crisis-period. The extended model is

presented in equation 2.
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ln(Crimeict) = γ1(Duringt ∗ Treatedic) + γ2(Aftert ∗ Treatedic) + ... (2)

...+Mm + Tt + Countyc × Tt +X ′ict + εict

The model specified in equation 2 uses most variables specified in equation 1, apart from

the DiD-interaction. It has now been divided into two separate estimates, a Duringt dummy,

switching on between 2008 and 2010, and the Aftert dummy switching on from 2011 and

onwards. Subsequently, the γ1 estimate captures a possible instant effect of the crisis on crime,

while γ2 captures the effect of having been more severely exposed after the crisis. Furthermore,

γ2 would signal if an effect of γ1 is attenuated by the recovery period.

Since the analysis of the two crises’ separate effects cannot be executed with reported

crimes due to the data limitation, it requires an individual model specification—the reason being

the restricted pre-period of the ’90s sample, only 1990. The new specification only compares the

logarithmic means in the number of convictions between the pre-crisis and post-crisis periods to

achieve comparable results. The specification used for this analysis is presented in equation 3.

ln(CCrimeit) = α+ β1Treatedi + β2Crisist + δ(Treatedi × Crisist) +X ′it + εit (3)

In the model specified by equation 3, the CCrimeit denotes the number of convictions

for the four categories in municipality i and period t. The t equals zero for the pre-period

municipality average, which is between 2003 to 2007 for the ’08s crisis, and only 1990 for the

’90s crisis. The t equals one for the average during the crisis years, 2008 to 2010 and 1991 to

1993. The Treatedi is still the treatment indicator, and Crisist the indicator of when the crisis

occurs, 2008 and 1991. Their interaction yields the estimate δ. If significant, then the means in

the number of convictions have diverged between the treatment groups. It is also transformed

using the natural logarithm. The X ′it is the vector of municipality controls as averages in the

two periods. The error term, εit, is robust to heteroskedasticity.

3.3.1 Threats to the Identification

The identifying assumption of uncovering the causal effect of crises on crime is the parallel trends

assumption. It states that the crime trends exhibited by the two groups must be parallel and

that they would have remained parallel in the absence of the crises. In other words, it implies

that nothing apart from the actual severity of the crisis caused a divergence in the crime trends.

If fulfilled, the divergence in crime trends can be interpreted as the causal effect of being more

exposed to the crisis.

Threats to the assumption arise if the trends deviate before the onset of the crises. Al-

though parallel pre-trends is neither a necessary nor sufficient condition, a non-parallel rela-
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tionship in the pre-period makes it more challenging to determine what drives a effect, as the

counterfactual trends become more ambiguous (Kahn-Lang and Lang, 2020). If, however, the

pre-trends are parallel, it can more easily be argued that the counterfactual trends would have

remained parallel in the absence of the crises, implying that nothing else affected the crime rates

differently.

The DiD also handles simultaneity through its exploitation of exogenous shocks. It is

argued that the crises were unanticipated and sudden, which is supported by the description of

the crises (e.g. Englund, 1999; Molin, 2010). However, if a violation does occur, it could be due

to the crime levels themselves. For instance, ff companies finding themselves in crime-exposed

areas anticipate the crises, they can choose to relocate away (e.g. Raphael and Winter-Ebmer,

2001). This would affect the treatment without being due to the crises’ impacts. Opposing

this sequence of events is that business found themselves in need of credit, implying that an

undertaking of a complete relocation would be challenging to finance (Tillväxtanalys, 2013). In

addition, the crime levels displayed in table 1 are also relatively even in the pre-period, making

such a violation less probable.

Another threat is that treatment might not be as good as randomly assigned since the

manufacturing industry was particularly exposed in both crises (e.g. Englund, 1999; Grenet

et al., 2021; Tillväxtanalys, 2013). Thus, it is expected that municipalities with large shares of

such industries will become more exposed. Although such characteristics might correlate with

treatment, it does not necessarily imply that it translates to crime and the models incorporate

municipality fixed effects for this reason, to achieve conditional independence.

A last possible threat is violations of the stable unit treatment value assumption (SUTVA).

It can be violated if spillovers occur both in terms of treatment and crimes. For instance, if

two adjacent municipalities have a large share of commuters coming from one to the other, this

might disturb the precision of the local severity measure. In turn, there would be spillovers

if commuters, ascribed to their home municipality’s employment rate, lose their job in a con-

trol municipality, leaving the decline most visible in the home municipality. This makes the

home-municipality appear more severely exposed, although the control municipalities might

have experienced a similar significant decline if accounted for commuters. In terms of crime, the

spillovers would occur if crimes otherwise committed in a more exposed municipality are trans-

mitted to surrounding control municipalities with better criminal opportunities (e.g. Edmark,

2005; Sinclair et al., 2012). A possible solution is to preform an analysis using county-level data,

since counties might proxy the local labour markets better than municipalities an by extension

spillovers as proposed by Edmark (2005).
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4 Results

This section beings by presenting the baseline results of the 2008’s financial crisis effect on the

number of reported crimes by applying the models specified by equation 1 and 2. A Subsequent

section compares the effects of the ’90s and ’08s crises on the number of convictions, using

the model specified in equation 3. Furthermore, heterogeneous effects are discussed using the

three models by conditioning samples on alternative treatment thresholds and municipality

characteristics. Then the identifying assumption’s validity is investigated before examining the

robustness of the results. The section concludes with an investigation of the SUTVA’s validity

in a county analysis.

4.1 The 2008 Crisis’ Effect on Reported Crimes

The analysis of the 2008 crisis covers the period between 2003 to 2018. All regressions include the

control variables mentioned in the data section. In addition, they include municipality and year

fixed effects as well as county-specific year effects. The tables only display the DiD-estimates

yielded by the model of interest, corresponding to either γ from equation 1, or γ1 and γ2 from

equation 2.

The main results of equation 1 are presented in table 2. Each crime category is stated

below the parenthesises containing the corresponding regression number. The most notable

feature of the DiD-interaction, Crisis × Treatment, for all crime categories is the insignificance

of them. Not only are they insignificant, but also small in magnitude, and often with small

standard errors. The largest point estimates, in absolute value, are found for drugs in regression

(7) and property in regression (5). The largest standard errors are also found for drugs and

robberies instead of property crimes. In contrast, the smallest point estimates are found for all

crimes (1), and burglary in regression (3).

Beneath the standard errors in parenthesis are complementary 95% confidence intervals

of the estimates. They reveal the precision of the estimates, and they suggest that the different

exposure of the 2008’s crisis had a negligible effect on crime. Especially the aggregate measure of

reported crimes and burglaries exhibit confidence intervals which are tightly centred around zero,

allowing for the exclusion of an effect of larger or smaller than ± 3% and 5% respectively—wider

intervals displayed for robberies and drug crimes. Although the remaining categories exhibit

skewed bounds, their bounds cover effects that are nevertheless minor. A possible explanation

for robberies and drug crimes wider bounds is that they are more infrequent crimes, seen by

their respective low averages in the data section. Robberies also lose the most observations,

around 15% of the total observations, due to the logarithmic transformation of zero instances
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of reported robberies. This results in a whole municipality being omitted. Altogether though,

the results are in favour of crisis not having a large impact on crime.

Table 2
Baseline Results of the 2008’s Financial Crisis on Crime

Crimes: The Number of Reported Crimes for the Seven Categories Between 2003 to 2018

Treatment =
Severity < 50th percentile

(1) (2) (3) (4) (5) (6) (7)

All Crimes Robbery Burglary Violent Property Life and Health Drugs

Crisis × Treatment
-0.001 0.008 0.004 -0.012 0.016 -0.014 0.017

(0.016) (0.044) (0.028) (0.025) (0.018) (0.024) (0.058)

-0.033 - 0.030 -0.078 - 0.094 -0.051 - 0.058 -0.061 - 0.036 -0.020 - 0.052 -0.062 - 0.034 -0.098 - 0.132

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619
Number of Municipalities 290 289 290 290 290 290 290
Adjusted R-squared 0.202 0.039 0.398 0.271 0.625 0.306 0.423
Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Year Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

Notes: Robust standard errors clustered at municipalities are in parentheses. *** p<0.001, ** p<0.01, * p<0.05. 95% confidence intervals are presented just below
the standard errors. Each (#) corresponds to a specification using the crime category stated below it. All crime categories are adjusted with the natural logarithm.
Therefore, crime categories with no crimes reported for a given year become missing values. The controls included are age groups, as shares, the share of foreign-born
in the municipality, the natural logarithm of population density and educational attainment as share with university education and only primary school education. All
regression include FE for municipality and year as well as county-specific year effects.

Even though no significant effect is present in the table above, the absence might be

explained by opposing effects during the actual crisis and the following recovery period, atten-

uating the overall effect. The second model specification from equation 2 is used to account

for this. If reported crimes react differently during the separate periods, this model’s separate

interactions can uncover this pattern.

The results of the second model specification are provided in table 3. The table, displays

the interactions, Duringt × Treatment, and Aftert × Treatment. Both follow similar patterns

to the previous results of table 2. Firstly, the interactions across all categories are insignificant.

Secondly, most standard errors are also small. The two largest point estimates are once again

found for drug crimes, in regression (7), in both its period-interactions. Further, it is estimated

with the two largest standard errors, similar to the baseline results with one interaction term.

The size of the standard errors is also large for robberies in regression (2). Nevertheless, the

aggregated measure of all reported crimes in regression (1) remains close to zero, especially in

the recovery period. Similar results are found for property crimes, the smallest point-estimate

is found in the during-interaction. Despite the variation in estimates and standard errors size,

the results the interpretation that crimes are little affected by crisis exposure, both during and

after the crisis.

Thus far, the results of the 2008 crisis’ point to insignificant effects close to zero. The

confidence intervals in table 2 reveal that the estimates are often centred around zero, allowing

for the exclusion of an absolute effect larger than 5%. The larger estimates in table 3 are expected

as the interaction term is divided into two separate estimates. Despite this, an effect on reported
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Table 3
Baseline Results of the 2008’s Financial Crisis on Crime with Separate Interactions

Crimes: The Number of Reported Crimes for the Seven Categories Between 2003 to 2018

Treatment =
severity < 50th percentile

(1) (2) (3) (4) (5) (6) (7)

All Crimes Robbery Burglary Violent Property Life and Health Drugs

Duringt × Treatment -0.023 0.001 -0.032 -0.018 -0.006 -0.020 -0.044

(0.015) (0.054) (0.033) (0.024) (0.019) (0.024) (0.058)

Aftert × Treatment 0.005 0.010 0.013 -0.011 0.022 -0.012 0.034

(0.018) (0.047) (0.029) (0.028) (0.020) (0.027) (0.065)

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619
Number of Municipalities 290 289 290 290 290 290 290
Adjusted R-squared 0.203 0.039 0.398 0.271 0.625 0.306 0.423
Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Year Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

Notes: Robust standard errors clustered at municipalities are in parentheses. *** p<0.001, ** p<0.01, * p<0.05. The
Duringt switches on for the period between 2008 and 2010. The Aftert switches on for the remainder of the period. Each
(#) corresponds to a regression using the crime category stated below it in the specification following equation 2. All crime
categories are transformed with the natural logarithm making the estimate interpretation in percentages. In turn, crime
categories with no crimes reported in a given year become missing values. All regression controls for age groups, as shares,
the share of foreign-born in the municipality, the natural logarithm of population density and educational attainment as share
with university education and only primary school education. In addition, they include fixed effects for municipality and year
as well as county-specific year effects.

crimes remains indistinguishable in both tables. The less precise estimates on robberies and drug

crimes are not surprising given their infrequency in reporting and the sensitivity induced by the

logarithmic transformation. The interpretation of the combined results is that the 2008’s crisis

exposure did not affect the number of reported crimes. Furthermore, table 3 indicates that the

turbulent time during the crisis and the recovery period did not have distinguishable impacts

on reported crimes.

4.2 The ’90s and ’08s Crises’ Effect on the Number of Convictions

As no significant effect of the 2008’s crisis appears on the number of reported crimes, the

analysis is now performed on both crises using the number of convictions instead of the number

of reported crimes. The use of a different crime measure is due to data on reported crimes only

being available between 1996 and 2020.

While the crises shared similar developments, the ’90s crisis had a more profound effect

on the unemployment and employment rate (Engdahl and Nybom, 2021). Combined with

the consumer confidence being less affected during the 2008’s crisis (Hassler, 2010), this could

translate into differing impacts of the crises on crime. The analysis uses the specification from

equation 3, and it only compares the logarithmic means between the periods and groups to

achieve comparable results.
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Table 4 presents the DiD-interaction of equation 3, Crisis × Treatment for both crises.

The first half of the table displays the interaction term for the ’90s crisis exposure and the

second half the ’08s crisis exposure. Similar to the results on reported crimes, the estimates are

insignificant across the board. In both crises, the aggregate measure of all convictions, regression

(1), is associated with the smallest point estimate and standard errors. Still, they are less precise

compared to the effects on reported crimes. In general, the point estimates, and the standard

errors, for the number of convictions are smaller during the ’08s crisis compared to the ’90s. The

larger standard errors are arguably unsurprising, seeing that the ’90s crisis suffers from missing

values, particularly in the number of convictions of drug crimes.

Table 4
Results of the Financial Crises’ of 1990s and 2008 Effects on Crimes

Crime: The Number of Convictions per 100 000 Inhabitants for the Four Categories

Treatment =
severity < 50th percentile

(1) (2) (3) (4)
All Crimes Violent Property Drugs

1990’s Crisis - 1990 to 1993

Crisis × Treatment 0.012 0.083 -0.026 -0.065

(0.037) (0.085) (0.067) (0.152)

Observations 568 566 567 523
Adjusted R-squared 0.440 0.170 0.305 0.178

2008’s Crisis - 2003 to 2010

Crisis × Treatment -0.002 -0.029 -0.023 -0.069

(0.042) (0.054) (0.066) (0.084)

Observations 580 580 580 580
Adjusted R-squared 0.375 0.277 0.332 0.436

Municipality and Year FE No No No No
County × Year No No No No
Controls Yes Yes Yes Yes

Notes: The standard errors are robust and visible inside the parenthesis. *** p<0.001,
** p<0.01, * p<0.05. All estimations are controlled with municipality and year fixed
effects, county-specific year effect and municipality controls. Both crisis specifications
share controls, apart from the share of foreign citizens used in the ’90s crisis, replaced
with the foreign-born share in the ’08 crisis. All estimations are done on the number
of convicted crimes adjusted per 100 000 residents per municipality. The first half of
the table covers the ’90s crisis between 1990 to 1993 and the second half, the ’08 crisis
between 2003 to 2010. The section above these notes denotes the additional alterations
included in the model.

It is important to note that the estimates on the number of convictions are less precise

than the effects of the ’08s crisis on reported crimes. Though insignificant, the standard errors

make the possible effects, within a confidence bound, larger. In turn, this size makes the possible

effects on convictions more extensive in absolute terms and therefore less precise. An exception

can be argued for the aggregate measure of convictions. Despite both crises estimates having

larger standard errors, they are at least nearly centred around a zero-effect, corresponding to
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around ± 8% effect. As larger effects cannot be ruled out for the remainder of crime categories,

especially for the ’90s crisis, the results are inconclusive about the effect of crisis exposure on the

number of conviction. Considering all crime categories, the effects of both crises on the number

of convictions are very similar.

4.3 Heterogeneous effects

Given the overall insignificant results, both considering different crime measures and crises, it

is of interest to explore possible heterogeneous effects. The reason is to rule out a possible

effect being clouded by opposing effects in the baseline results. This section presents the results

of using new treatment thresholds and sub-samples conditional on municipality characteristics.

The output of the heterogeneity analyses is found in the appendix, section B.

The new thresholds of treatment are the 25th and 75th percentile of the severity distribu-

tion. Both thresholds are imposed on the results presented above. A sub-sample containing the

municipalities with the least and the most crisis exposure is also constructed using these new

thresholds. It is done by only including the treated from the 25th percentile and the controls

from the 75th. The sample corresponds to approximately 25% of the most exposed municipal-

ities versus the 25% least exposed. Consequently, the sample excludes municipalities between

the two thresholds, allowing for contrasts between the very most exposed and the very least

exposed.

The results using the alternative thresholds on the three models specifications are pre-

sented in table B.1 to B.3 in the appendix. The effect of being treated by the 2008s crisis with

the new thresholds does not yield any changes in reported crimes. Nor is any effect present when

implementing the model of equation 2 with a during-crisis and after-crisis period. Instead, the

estimates are similar to the baseline in table 2 even though the 75th treatment threshold returns

estimates of larger magnitude than the two others.

Considering the number of convictions, in table B.3, the results of the ’08s crisis exposure

remain similarly insignificant to its previous estimates in table 4. The results are similar for the

’90s crisis exposure with one expectation. A significant negative effect is found for the number of

convicted drug crimes at the 5% level, but only when treatment is decided by the 25th percentile.

The results of using the sub-sample of the 25% most exposed (25th percentile) and the

25% least exposed (75th percentile) in all three models and both crises are found in the appendix,

tables B.4 and B.5. Again, no changes occur regarding the 2008’s crisis exposure on reported

crime—estimates remaining similarly precise and close to zero. However, for the number of

convictions during the ’90s crisis, the previously negative effect on drug crimes is insignificant.
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Otherwise, the estimates mirror those found in table 4, being equally insignificant.

Since the effect of the ’90s crisis’ exposure on drug crimes has been found to be both

significant and insignificant using different samples, an additional sub-analysis is provided. It is

done exclusively for the ’90s crisis, and the results show that the negative effect on convicted drug

crimes is driven by the municipalities between the median and 25th percentile to those treated

below the 25th. The estimate grows both in size and precision concerning the effect in table B.3.

These results are presented in table B.6, where the other estimates remain insignificant.

Further sub-samples considered are created conditional on municipality characteristics,

thought to affect the supply of criminal opportunities or criminal motivation. The new sub-

samples are divided based on the population share with a university education or the population

density. The division is performed by comparing the municipalities pre-period average to the

overall pre-period average. Suppose the municipality’s population density is above the median,

then the municipality is placed in the sample containing the more densely populated municipal-

ities and vice versa. The same goes for the share of university-educated residents. The results

are presented in tables B.7 to B.12, in the appendix, and the median is the threshold of interest.

Throughout the sub-samples analyses for municipality characteristics, only two significant

effects are found. These are negative and only found for the ’08s crisis’ effect on reported

crimes. The effects are present for different crimes and in different sub-samples. The first is on

crimes against life and health in municipalities with a population with above-median university

attainment. The extended model with a during and after-crisis period shows that a decline

after the crisis drives it. The second is found in the more densely populated municipalities and

on burglaries. The effect is equally driven by the during and after-period of the 2008’s crisis.

Neither sub-samples containing the opposite groups display opposing significant effects. The

results are presented in tables B.7 and B.8

There seems to exist three heterogeneous effects, each present for a separate crime category

and sample. All three are only significant at the 5% level. Given the numerous regressions made,

it is not possible to draw any conclusions until the validity and robustness of these effects have

been examined. Mainly as a type I error might cause these effects. Still, the effects indicate

that the 90’s crisis exposure reduced the number of drug crimes convicted by 31.8% in the

municipalities below the 25th percentile. The 2008s crisis seemingly caused a decline in reported

burglaries for more densely populated municipalities, and municipalities with a larger share of

university-educated residents experienced a decline in crimes against life and health after the

crisis had passed. Despite these, the majority of the results are in line with the main results

presented previously. In other words, that the effect of being more exposed to either crisis is
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not associated with any changes in the number of reported crimes. The effect on convictions is

more imprecise and can therefore not be argued to be a zero-effect given the wide intervals often

associated with the estimates. In general, the validity of the assumptions and the robustness of

the results must be investigated before their effects are asserted.

4.4 Test of the Parallel Trends Assumption

To assess the identifying assumption of parallel trends, this section presents the results of two

commonly used tests meant to confirm whether the pre-trends are parallel. These tests are

the inclusion of municipality-specific linear trends and leads and lags of the DiD-interaction. It

should be noted that the tests only serve as an indicator of the validity as the counterfactual

trend cannot be tested (Kahn-Lang and Lang, 2020). However, if the tests support the pre-trends

being parallel, the assumption can be assumed to hold more confidently.

The commonly showed parallel trends graphs in studies using a DiD-approach is presented

in the appendix due to the number of crime categories explored. Each of the seven reported

crime categories is presented in figure C.1. The graphs display the yearly logarithmic means

of each crime category in the treatment and control group. It appears as if most trends are

parallel from the figures, both in the pre-period and post-period. However, this cannot be said

for robberies in figure, C.1b, which shows diverging and almost counter-cyclical pre-trends. Even

though the visual assessment is not a statistical test, the non-parallel pre-trends of robberies

makes it difficult to discern if the insignificant effects found so far are reliable or not. On the

other hand, it is easier to interpret the remaining crimes’ trends as parallel.

For the number of convictions, figures containing their trends are presented in figure C.2,

for the ’90s crisis, and figure C.3, for the ’08s. Since the ’90s crisis lacks a pre-period far enough

to discern a pre-period trend, it is left without comment. Still, the crime trends during the

’08s crisis appear parallel in both periods for the aggregate measure of all convictions, convicted

violent crimes and convicted drug crimes. It is more difficult to argue for a parallel relationship

in pre-trends of the convicted property crimes.

Since the ’90s crisis lacks a sufficient pre-period for the pre-trends tests, its validity cannot

be investigated. Therefore, the focus will be on the validity of the assumption for the analysis on

reported crimes during the ’08s crisis. The tests are imposed on the main results using all three

thresholds (25th, median and 75th percentile). Similarly, the leads and lags are implemented on

the sub-samples.

The inclusion of the municipality-specific linear trends, Mic × Time, reveal whether the

municipalities exhibited specific trends, and the inclusion should not change the estimates (An-
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grist and Pischke, 2008). The results are presented in the appendix, table C.1 and C.2 for the

main results on reported crimes using all three treatment thresholds. 19 out of the 21 estimates

remain insignificant in the specification following equation 1. The two estimates changing are

for reported drug crimes, which becomes significant at a 5% level when the median and 75th

percentile decides the treatment. When imposed on the second specification of equation 2, the

two estimates are significant in one of the periods each.

The municipality trends are only imposed on the sub-sample with significant results,

specifically, in municipalities with above-median university-educated residents and more densely

populated municipalities. In these cases, the municipality trends turn the previously negative

effect on crimes against life and health, in more highly educated municipalities, insignificant.

However, the negative effect on burglaries in more densely populated municipalities remains and

increases in absolute magnitude to -0.116.

The inclusion of leads and lags of the DiD-interaction should reveal if the crime trends

diverged before the crises occurred. 2007 is set as the base year, and the treatment indicator is

interacted with year fixed effects, Treatedic×Y eart, instead of Crisist. A joint significance test

of the pre-period interactions is then performed, and a rejection of the null indicates non-parallel

pre-trends. The F-values and respective p-values of the joint significance tests are found in the

appendix, table C.4 for the test on the reported crime categories. The test values are presented

for all three thresholds and the sub-sample containing the 25% most exposed and the 25% leas

exposed municipalities.

Five tests of the joint significance test are rejected. They occur for the samples when

treatment is decided by the 25th percentile, the baseline treatment median and the sub-sample

with the 25% most exposed municipalities to the 25% least exposed. Arguably unsurprising,

reported drug crimes is one of the crime categories rejecting the null with the median threshold.

Still, it does not occur for the 75th percentile threshold, nor for the 25th. The null is not rejected

for robberies using any of the thresholds despite its diverging trends in figure C.1b. Still, it is

rejected in the sub-sample. Additional rejections occur for crimes against life and health, both

with the treatment given by the 25th percentile and the median. Violent crimes are also rejected

with the 25th percentile threshold.

The test-values for each of the other sub-samples from the heterogeneous analysis are

presented in table C.5. Neither null hypothesis is rejected for any of the crime types or sub-

samples. Perhaps surprising given that crimes against life and health turned insignificant with

the inclusion of municipality trends.

To conclude, most reported crime categories indicate parallel pre-trends, making it easier
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to argue that the trends would have remained parallel in the absence of the crisis. Such an

argument cannot be made for drug crimes nor crimes against life and health and robberies, as

the rejection of the joint significance test and the graph of robberies’ trends indicates divergence

in the pre-period. Still, the trends in burglaries of the densely populated municipalities can

more confidently be argued to have remained parallel in the absence of the crisis. On the other

hand, this is not true for crime against life and health in municipalities with the above-median

university-educated population.

4.5 Robustness and Sensitivity Analysis

As the parallel trends assumption seems fulfilled for most of the reported crime categories using

the various treatment thresholds, the robustness of these results is now examined. A battery of

robustness checks is performed using alternative definitions of local crisis severity and modifying

the models’ specification. The robustness is controlled using the two main specifications on

reported crimes and the model for the two crises’ effects on the number of convictions. It is also

done using all three treatment thresholds and further probing the effect found for burglaries in

the densely populated municipality sample. Since reported robberies, crimes against life and

health and drug crimes appear to be non-parallel in their pre-trends, their robustness is not

extensively commented on, but they are til included in the output. The results of each test are

available in the appendix, in section D.

Firstly, alternative severity measures are considered to see if new treatment selections alter

the result. The new measurements of the municipalities’ local crisis exposure are; the percentage

point change in the employment rate, the AR forecast errors of the employment rate, by Yagan

(2019), and the percentage change in retail prices per capita, as used by Feigenbaum (2015).

The results of using the alternative measures of crisis exposure are presented in the appendix,

tables D.1 through D.6.

Changing the definition of the local crisis severity returns only two significant changes

in the estimates. The significance is at the 5% level and occurs on only two out of 43 possible

regressions on reported crimes. Both effects are negative and found for reported burglaries and

property crimes when treatment is given by the 75th percentile. The effects also coincide with

the same definition of local crisis severity, namely the forecast errors. In general, though, the

estimates across the different severity measures display robustly insignificant results close to

zero. Such is particularly visible with the median as treatment threshold. Small estimates are

also found when using the 25th percentile as the treatment threshold. For the sub-sample with

densely populated municipalities, the previous positive effect on burglaries becomes insignificant
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independent of severity measure. Nor does a significant effect appear using the specification of

equation 2.

The effects on the number of convictions of the two crises are presented using the new

thresholds in tables D.4 to D.6, in the appendix. The significant negative effect previously found

for convicted drug crimes does not appear with either of the alternative measures of severity

with the 25th percentile as treatment threshold—only one estimate out of 72 possible turns

significant. The effect is found with retail sales as the severity measure for convictions of violent

crimes during the ’08s crisis.

The investigation of the robustness of the insignificant results is also done by re-specifying

the model used. For the analysis of reported crimes, the alterations include replacing the county-

specific year effects with county-specific linear trends and omitting the county-specific year

effects altogether. The results are found in the appendix, table D.8 for the inclusion of a linear

county trend, and table D.9 without county effects—these changes to the specification return

only one significant change each. The estimates are both significant with the 75th percentile as

treatment threshold, but on separate crime categories. The remaining estimates are insignificant

throughout both model alterations.

Two additional alterations are done to the models given by equation 1 and 2, by excluding

the controls and removing the clustered standard errors. This is only performed with the median

as the treatment threshold and reported crimes. The standard errors are now only robust to

heteroskedasticity. Neither of the two changes yields any significant estimates on reported crimes.

The output is presented in the appendix, tables D.10 and D.11.

The last re-specification made in terms of all three models is to consider the non-logarithmic

transformation of crimes. Since the natural logarithmic transformation causes the model to be

sensitive to small values, zeros, in particular, it neglects the importance of these zero counts.

Therefore, the ’08s crisis’ effect on reported crimes is replicated using a negative binomial regres-

sion. The approach follows that of Öster and Agell (2007). If the negative binomial’s estimates

differ from the ones presented in table 2, the interpretation is that the zero-counts are of im-

portance. The results are presented in table D.12 in the appendix, and neither of the estimates

given by the negative binomial changes the interpretation.

The adjusted counts of the number of convictions are not given as integers. Therefore the

results of the crises comparison cannot be replicated using the negative binomial. The results are

instead replicated using the non-transformed counts of convictions, and the results are presented

in table D.13. There is only one significant estimate, and it is for violent crimes during the ’90s

crisis at the 5% level. It indicates that the averages in convicted violent crimes increased by
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around 35 instances per 100 000 residents following the crisis.

The results of the robustness analysis show that the effects of crises’ exposure on crime

are, on the whole, robustly insignificant. On reported crimes, the precision of the zero effects

gains further support, which is especially robust when the median is the treatment threshold.

Specifically for, all crimes, burglaries, violent crimes and property crimes. To a certain extent,

this holds for the aggregate number of convictions for both crises, despite the effect being less

centred around a zero during the ’90s crisis. The significant effects found cannot be ruled out

as being a type I errors due to the numerous regressions performed. In addition, both the

heterogeneous effect found in densely populated municipality sample and the effect on drug

convictions of the ’90s crisis turn insignificant, proving them to be sensitive to definitions of

local severity.

4.6 County-Level Crime and the 2008’s Crisis

To account for possible spillovers that might occur in both treatment and crime, namely vio-

lations of the SUTVA, an additional analysis is carried out on a county level. Since counties

can be thought to better approximate the local labour market, accounting for commuters, it

should decrease the probability that SUTVA is violated. The use of county data hopefully con-

trols spillovers between adjacent municipalities of differing treatment status. This threat has

been brought up by both studies investigating crime and unemployment set in a Swedish setting

(Edmark, 2005; Öster and Agell, 2007).

All variables used in the analysis on reported crimes are collapsed and aggregated to their

respective county, weighted according to the municipality population. The number of gainfully

employed are also aggregated to yield a weighted severity measure. However, since labour-market

data is easily accessed on the county level, counties actual employment rate is also used. The

analysis is naturally associated with fewer observations.7 Furthermore, the use of county-level

data requires a re-specification of the baseline models 1 and 2, excluding the county-specific year

effects, replacing municipality fixed effects with county fixed effect and clustering the standard

errors at the county level.

Results of using the specification from equation 1 are presented in table 5 with the aggre-

gate severity measure being the change in gainfully employed instead of the employment rate

provided by Statistics Sweden. Treatment is assigned to counties with an aggregate severity

below the median of all counties severity. As displayed in the table 1, the crime measure for

all reported crimes remain insignificant and centred around zero. Similar effects are found for

7The number of counties in Sweden is 21 counties whereas the municipalities are 290
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violent crimes and crimes against life and health. For robberies and drug crimes, the effect is still

insignificant, although accompanied by larger standard errors. However, the effects on crimes

with apparent financial incentives are significant. In addition, these effects are coherent with

theory as burglaries and property crimes increases in the more severely exposed counties. Since

property crimes is an aggregate measure of all crimes against properties, including burglaries,

it is reasonable that they yield similar results. The effects imply a 12.9% and 6% increase in

burglaries and property crimes, respectively, in more exposed counties. When the results are

compared to the specification with a during-crisis period and after -crisis period, in line with

equation 2, the effects on burglaries and property crimes driven by the recovery period. The

estimates are included in table E.1.

Table 5
County-Level Specification of the 2008’s Financial Crisis on Counties’ Crimes

Crime: The Number of Reported Crimes per for the Seven Categories Between 2003 and 2018

Treatment =
severity < 50th percentile

(1) (2) (3) (4) (5) (6) (7)
All Crimes Robbery Burglary Violent Property Life and Health Drugs

Crisist× Treatment 0.009 0.078 0.122* -0.000 0.059* -0.007 -0.033

(0.023) (0.050) (0.050) (0.032) (0.023) (0.034) (0.169)

Observations 336 336 336 336 336 336 336
Adjusted R-squared 0.454 0.133 0.781 0.620 0.913 0.603 0.429
Number of Counties 21 21 21 21 21 21 21
County and Year FE Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

Cluster robust standard errors on counties are in parentheses. *** p<0.001, ** p<0.01, * p<0.05. Each (#) corresponds to a
specification using the crime category stated below it. All crime categories are adjusted with the natural logarithm and adjusted per
100 000 inhabitants. The controls included are age groups as shares, the share of foreign-born in the county, the natural logarithm of
population density and educational attainment as share with university education and only primary school education. All regression
include FE for counties and years.

Replacing the aggregate measure of severity based on municipality data by the employ-

ment rate provided by SCB, using both equation 1 and 2, yields results presented in table E.2. In

that case, the effects on burglaries and property crimes turn insignificant. However, the results

of equation 2 return a significant and negative effect during the crisis for the overall number of

reported crimes.

When the parallel trends assumption is explored, it cannot be said to hold for burglaries

and property crimes. Neither effects are significant after the inclusion of a county-specific trend.

Nor does the joint significance test of the pre-crisis interactions on property crimes accept the

null. However, the insignificant effect remains despite the inclusion of county-specific trends for

the severity measured by the counties employment rate from Statics Sweden. Equally, the null

is not rejected for any of the crime categories. These test-output is seen in tables E.4 and E.5

In conclusion, the estimates in the county-level regressions suggesting that SUTVA might
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be violated for the municipality-level regressions by yielding opposing results, lack support of a

parallel trend. Therefore, no evidence is found seriously questioning the assumption. The fear

that SUTVA might not hold for the municipality-level analysis, due to commuters clouding the

severity-measure for the crisis, thereby seems unwarranted.

As a last note regarding the county-level analysis, it should be mentioned that the data

obtained also included the counties’ unemployment rate. When the results are replicated using

the change in the unemployment rate as the severity measure, in contrast to gainfully employed,

the estimates produce other significant effects. The effects appear to be driven by the changes

during the recovery period. The results are presented in the appendix, table E.3. The effect on

the overall number of reported crimes remains centred around zero. These effects have not been

studied further but raise important questions regarding the measure of severity.

5 Discussion and Conclusion

The aim of this analysis is to determine the causal effect of economic crises on crime, specifi-

cally by studying how the Great Recession affected the numbers of reported crimes in Swedish

municipalities. Further, it compares the effect of the 1990s financial crisis to that of the Great

Recession as both affected the Swedish labour market with different magnitude. The comparison

provides an insight into whether the results from the Great Recession can be applied on other

crisis in Sweden. A variety of crime categories have been used in line with previous research to

account for potential heterogeneity in crime types (e.g. Öster and Agell, 2007; Rosenfeld, 2009).

The results in this paper yield insignificant and precise effects. The precision allows for,

with high probability, excluding the presence of effects above a specific value in absolute terms,

often around the 5% mark. This conclusion can only be made for the aggregate measure of all

reported crimes, burglaries, violent crime, and property crimes as the parallel trends assumption

holds. The insignificant effects often remained similar in size and precision to various robustness

checks, including new definitions of local crisis severity and model alterations.

Due to data restrictions, the comparison of the two crises relies on a separate model

specification and measurement of crimes. Still, although more imprecise, the estimates remained

insignificant throughout most of the analysis and robustness checks. Indicating that the crises

did not affect the number of convictions.

The results contradict the previous research, arguing that crimes with financial invective

increase as income prospects decline (e.g. Arvanites and Defina, 2006; Fougère et al., 2009). This

implies that robberies, burglaries and property crimes should increase during the crises. Nev-

ertheless, the few significant effects of such crimes were neither robust nor strongly significant,
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making it difficult to rule out a type I error. In contrast to the previous analysis set in Sweden,

neither of these authors’ results are reinforced in this paper (Edmark, 2005; Öster and Agell,

2007).

As spillovers could have played a role in the results, this paper followed Edmark (2005), in

performing a county-level analysis. Although her analysis examined unemployment, this paper

could not uncover any effect on either crime rates using the local crisis severity measured with

the employment rate. This result strengthens the municipality-level models as it appears that

spillover might not be as great of a threat. However, it raises the question of how the criminal

opportunities and the criminal motivation interacted.

As Öster and Agell (2007) argues, the welfare state might cushion the fall in income

prospects and, by extension, reduce criminal motivation. At the same time, the decrease in

criminal opportunities might offset the remaining criminal motivation leaving the total effect

close to zero. A partial explanation of these mechanisms are provided by using a model of

equation 2 on the median income per municipality, the share of municipality recipients of social

grants; the share of municipality recipients of Activity support and development allowance from

The Swedish Employment Service and the share of first-time enrolments into university studies.

These results are presented in table 6 with treated municipalities exhibiting a local severity

below the median.

Table 6 shows that the median income in more exposed municipalities did decrease, al-

though by around 1% during the crisis. At the same time, the municipality population share,

per thousands, also increased during the crisis. It did so with half per-mille which translates to a

3.9% in the treated municipalities’ pre-period average. The increase indicates that the opportu-

nity cost of schooling decreased, which is a part of the decline in legitimate opportunities (Cook

and Zarkin, 1985). As argued by Öster and Agell (2007), the welfare state did cushion the fall,

seen by the increases of social grant recipients and the participants in the Swedish Employment

Service’s labour market programme. As used in examining the parallel trends assumption, the

joint significance test of the pre-period interactions is not rejected in any of these four outcomes.

Test values are presented in the appendix, table F.1.

Given the results, it is reasonable to assume that the potential increase in criminal moti-

vation, provided by the decrease in the median income, is entirely offset by the increase of grant

recipients and newly enrolled students to university. Although it might be far-fetched to claim

that newly enrolled students are the same individuals who otherwise would turn to crime, it still

provides insight into the workings of reduced opportunity costs which should also translate to

crimes.
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Table 6
Mechanisms of the Great Recession Affecting Criminal Motivation and Criminal Opportunity

Treatment =
severity < 50th percentile

(1) (2) (3) (4)
Median Income Newly Enrolled Social Grants Acitivty Support

Duringt× Treatment -0.008*** 0.419* 0.207* 0.087***
(0.001) (0.176) (0.104) (0.021)

Aftert× Treatment -0.011*** 0.114 0.077 0.075*
(0.002) (0.149) (0.138) (0.030)

Observations 4,640 4,637 4,603 4,640
Number of Municipalities 290 290 290 290
Adjusted R-squared 0.996 0.421 0.295 0.858
Municipality and Year FE Yes Yes Yes Yes
County × Year Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Cluster robust standard errors on counties are in parentheses. *** p<0.001, ** p<0.01, * p<0.05. Each (#) corresponds
to the outcome stated below the parenthesis. The median income and the share of recipients of activity support are
transformed with the natural logarithm. The included controls are age groups as shares, the share of foreign-born, the
natural logarithm of population density and educational attainment as share with university education and only primary
school education. All regression include FE for municipalities, years and county specific year effects.

These results raise questions regarding the external validity of the results on crime. Al-

though Sweden as a welfare state is not unique, these mechanisms might imply that crises would

have a differing impact in countries with less extensive safety nets. However, given the similar

results of the crisis comparison, the results might still apply to economic crises in Sweden, in

general.

The results of the county analysis using a different severity measure, namely the change

in the unemployment rate, raises concerns for these conclusions. The results may be only valid

when considering the change in the employment rate and the change in retail prices as the

severity measure. Future research should focus on obtaining more extensive data, both in terms

of crime and unemployment. An option would be to use BRÅ’s database at the county level to

replicate this analysis for both crises with severity measured as unemployment.

This paper concludes that no crime category explored, fulfilling the parallel trends as-

sumption, was affected by the exposure to the Great Recession. Nor did the number of con-

victions change comparing more and less crisis exposed municipalities during either crisis. A

partial explanation for this is found by looking at the mechanisms meant to capture changes in

criminal motivation and criminal opportunities. An additional explanation might be that the

income prospects were left mostly unaffected as the consumer confidence remained high during

the 2008s economic crisis Hassler (2010). Future research in a Swedish setting should explore

the counteractive movements in criminal opportunities and criminal motivation. A possible

extension is to replicate the results on both crises using county-level data and the change in

unemployment as a local crisis severity measure.
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Appendix

A Data

Figure A.1: Histograms Displaying Employment Change per Municipality for the Two Crises

(a) Percentage Change in Employment Rate
1990-1992

Median: -0.101, and StDev: 0.016

(b) Percentage Change in Employment Rate
2007-2009

Median: -0.0417, and StDev: 0.016

Figure A.2
Local Severity Divided into Equi-Distances Groups Based on Quartile-Values

(a) Quartiles for the 1990s Crisis (b) Quartiles for the 2008s Crisis
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Table A.1: Reportred Crime Categories

Category Description

All Crimes
All crimes reported to the police
in a given year and municipality

Robbery
(incl. Aggravated Robbery)

Crimes reported under chapter 8
of the The Swedish Criminal Code, 5 and 6 §.

Burglary
(not incl. Arms Theft)

Crimes reported under chapter 8
of The Swedish Criminal Code, 1, 2 and 4 §.

Violent Crimes
The aggregate number of crimes reported as
Assault, Attempted murder or manslaughter, and Robbery

Property Crimes Crimes reported under chapter 8 of The Swedish Criminal Code

Life and Health Crimes Crimes reported under chapter 3 of The Swedish Criminal Code

Drug Crimes Crimes reported under the Penal Law on Narcotics

B Heterogeneous Effects

Table B.1
Results of the 2008’s Financial Crisis on Crimes
Treatment Decided the 25th and 75th percentile

Crimes: The Number of Reported Crimes for the Seven Categories Between 2003 to 2018

(1) (2) (3) (4) (5) (6) (7)

All Crimes Robbery Burglary Violent Property Life and Health Drugs

Treatment = Severity < 25th percentile

Crisis × Treatment -0.001 0.002 0.023 0.005 0.005 0.003 -0.002

(0.019) (0.048) (0.034) (0.028) (0.023) (0.027) (0.058)

-0.039 - 0.037 -0.092 - 0.097 -0.045 - 0.090 -0.051 - 0.061 -0.040 - 0.051 -0.051 - 0.058 -0.116 - 0.111

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619

R-squared 0.258 0.117 0.440 0.322 0.651 0.354 0.463

Number of Municipalities 290 289 290 290 290 290 290

Treatment = Severity < 75th percentile

Crisis × Treatment 0.013 0.068 0.011 -0.014 0.037 -0.018 -0.050

(0.018) (0.049) (0.037) (0.027) (0.023) (0.026) (0.067)

-0.023 - 0.049 -0.028 - 0.163 -0.062 - 0.084 -0.068 - 0.039 -0.007 - 0.082 -0.070 - 0.033 -0.181 - 0.081

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619

R-squared 0.258 0.118 0.440 0.322 0.652 0.354 0.464

Number of Municipalities 290 289 290 290 290 290 290

Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes

County × Year Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

Cluster robust standard errors on municipalities are in parentheses. *** p<0.001, ** p<0.01, * p<0.05. The table provides corresponding output to table
2 but with alternative thresholds to the median. This is the 25th and 75th percentile. The top-most section covers the results using the 25th percentile
treatment divider. The one below uses the 75th percentile instead. Each (#) corresponds to a specification using a specific crime category. The category
is stated below it the specification number. All crime categories are transformed with the natural logarithm. Therefore, crimes with no crimes reported
becomes missing values. The controls included are age groups, 15-19, 20-24 and 25-29 as shares to the municipality population, the share of foreign-born in
the municipality, the natural logarithm of population density and educational attainment as share with university education as well as the share with only
primary school education. All regression include FE for municipalities and years as well as county-specific year effects. Confidence intervals are presented
below the standard errors in parenthesis.
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Table B.2
Results of Eq. 2 the 2008’s Financial Crisis on Crimes

Treatment Decided the 25th and 75th percentile
Crimes: The Number of Reported Crimes for the Seven Categories Between 2003 to 2018

(1) (2) (3) (4) (5) (6) (7)

All Crimes Robbery Burglary Violent Property Life and Health Drugs

Treatment = Severity < 25th percentile

Duringt × Treatment -0.020 0.006 -0.010 0.001 -0.015 -0.001 -0.007

(0.019) (0.059) (0.039) (0.027) (0.023) (0.026) (0.061)

Aftert × Treatment 0.004 0.002 0.031 0.006 0.011 0.005 -0.001

(0.021) (0.051) (0.036) (0.032) (0.025) (0.031) (0.063)

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619

Number of Municipalities 290 289 290 290 290 290 290

Adjusted R-squared 0.203 0.039 0.398 0.271 0.625 0.306 0.423

Treatment = Severity < 75th percentile

Duringt × Treatment -0.006 0.005 -0.006 -0.025 0.006 -0.030 -0.122

(0.015) (0.059) (0.034) (0.028) (0.019) (0.026) (0.065)

Aftert × Treatment 0.018 0.085 0.016 -0.012 0.046 -0.015 -0.030

(0.021) (0.054) (0.041) (0.031) (0.025) (0.029) (0.073)

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619

Number of Municipalities 290 289 290 290 290 290 290

Adjusted R-squared 0.203 0.040 0.398 0.271 0.626 0.306 0.423

Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes

County × Year Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

Cluster robust standard errors on municipalities are in parentheses. *** p<0.001, ** p<0.01, * p<0.05. The table provides correspond-
ing output to table 3 but with alternative thresholds to the median. The top-most table covers the results using the 25th percentile
treatment divider. The one below uses the 75th percentile instead. Each (#) corresponds to a specification using a specific crime
category. The category is stated below it the specification number. All crime categories are transformed with the natural logarithm.
Therefore, crimes with no crimes reported becomes missing values. The controls included are age groups, 15-19, 20-24 and 25-29 as
shares to the municipality population, the share of foreign-born in the municipality, the natural logarithm of population density and
educational attainment as share with university education as well as the share with only primary school education. All regression
include FE for municipalities and years as well as county-specific year effects. The Crisis × Treatment interaction is replaced by a
During (2008 to 2010) and After (Year > 2010) interaction. This allows for a more detailed account of when a potential effect appears.
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Table B.3
Crisis-Comparison of Logarithmic Means Following Equation 3 Alternative Thresholds

Outcome: Convicted Crimes per 100 000 Inhabitants for the Four Categories

(1) (2) (3) (4)

All crimes Violent Property Drugs

1990’s Crisis - 1990 to 1993

Treatment = Severity < 25th percentile

Crisis × Treatment -0.014 0.145 -0.055 -0.383*

(0.044) (0.102) (0.071) (0.187)

-0.101 - 0.072 -0.055 - 0.345 -0.195 - 0.085 -0.750 - -0.015

Observations 568 566 567 523

Adjusted R-squared 0.435 0.167 0.292 0.186

Treatment = Severity < 75th percentile

Crisis × Treatment 0.016 0.115 -0.011 -0.034

(0.042) (0.101) (0.077) (0.176)

Observations 568 566 567 523

Adjusted R-squared 0.431 0.171 0.290 0.177

2008’s Crisis - 2003 to 2010

Treatment = Severity < 25th percentile

Crisis × Treatment -0.029 -0.075 -0.143 0.021

(0.051) (0.065) (0.078) (0.091)

Observations 580 580 580 580

Adjusted R-squared 0.372 0.278 0.336 0.434

Treatment = Severity < 75th percentile

Crisis × Treatment 0.005 -0.011 -0.117 0.026

(0.057) (0.106) (0.108) (0.128)

Observations 580 577 580 571

Adjusted R-squared 0.259 0.146 0.195 0.209

Municipality and Year FE No No No No

County × Year No No No No

Controls Yes Yes Yes Yes

Each column (#) correspond to the crime category stated below the specification number. Robust
standard errors in parenthesis. *** p<0.001, ** p<0.01, * p<0.05. The first two sections covers the
two thresholds for the ’90s crisis with the first using 25th percentile as treatment threshold. The second
uses the 75th percentile. The second two covers the 2008s crisis with the 25th percentile treatment first
and the 75th following afterwards. All specifications include the controls age groups, 15-19, 20-24 and
25-29 as shares of the municipality population, the share of foreign-born in the municipality, the natural
logarithm of population density and educational attainment as share with university education as well as
the share with only primary school education. It does not control for municipality or year fixed effects,
nor county specific year effects.
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Table B.4
Results of the 2008’s Financial Crisis on Crimes

Estimations with the 25% most vs. 25% least affected municipalities
Crimes: The Number of Reported Crimes for the Seven Categories Between 2003 to 2018

Treatment =
severity < 25th percentile

(1) (2) (3) (4) (5) (6) (7)
All Crimes Robbery Burglary Violent Property Life and Health Drugs

Model specified by equation 1

Crisis × Treated -0.003 0.032 -0.025 -0.005 0.006 -0.003 -0.047
(0.027) (0.072) (0.059) (0.041) (0.035) (0.040) (0.094)

Observations 2,336 2,041 2,336 2,336 2,336 2,336 2,331
Number of Municipalities 146 146 146 146 146 146 146
Adjusted R-squared 0.196 0.049 0.375 0.291 0.620 0.327 0.410

Model specified by equation 2

Duringt × Treated -0.033 -0.062 -0.064 -0.035 -0.024 -0.029 -0.092
(0.023) (0.070) (0.055) (0.036) (0.033) (0.035) (0.095)

Aftert × Treated 0.016 0.090 -0.002 0.013 0.024 0.013 -0.020
(0.032) (0.089) (0.068) (0.049) (0.039) (0.047) (0.105)

Observations 2,336 2,041 2,336 2,336 2,336 2,336 2,331
Number of Municipalities 146 146 146 146 146 146 146
Adjusted R-squared 0.199 0.051 0.375 0.292 0.621 0.327 0.410

Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Year Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

Cluster robust standard errors on municipalities are in parentheses. *** p<0.001, ** p<0.01, * p<0.05. The table provides
results when comparing the 25% most and least exposed municipalities to the 2008’s crisis with the two specifications used
for the 2008’s analysis. In other words, each separate part of the table correspond to table 2 and 3. The top-most table
covers the results using only one interaction for when the crisis occur. The one below replaces the Crisis × Treatment
interaction with a During (2008 to 2010) and After (Year > 2010) interaction. This allows for a more detailed account of
when a potential effect appears. Each (#) corresponds to a specification using a specific crime category. The category is
stated below it the specification number. All crime categories are transformed with the natural logarithm. Therefore, crimes
with no crimes reported becomes missing values. The controls included are age groups, 15-19, 20-24 and 25-29 as shares
to the municipality population, the share of foreign-born in the municipality, the natural logarithm of population density
and educational attainment as share with university education as well as the share with only primary school education. All
regression include FE for municipalities and years as well as county-specific year effects.
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Table B.5
Estimates Corresponding to Table 4 on Convicted Crimes

Estimations with the 25% most vs. 25% least affected municipalities
Crimes: The Number of Conviction for the Four Categories

(1) (2) (3) (4)
All crimes Violent Property Drugs

25th percentile 1990’s Crisis - 1990 to 1993

Crisis × Treatment 0.005 0.199 -0.045 -0.309
(0.053) (0.127) (0.089) (0.227)

Observations 284 283 284 259
Adjusted R-squared 0.458 0.176 0.350 0.163

25th percentile 2008’s Crisis - 2003 to 2010

Crisis × Treatment -0.021 -0.017 -0.143 0.033
(0.061) (0.078) (0.093) (0.111)

Observations 292 292 292 292
Adjusted R-squared 0.359 0.279 0.312 0.430

Municipality and Year FE No No No No
County × Year No No No No
Controls Yes Yes Yes Yes

Each column (#) correspond to the crime category stated below it. Robust
standard errors in parenthesis. *** p<0.001, ** p<0.01, * p<0.05. Municipalities
are included in the sample if they have a severity above the 75th percentile or
below the 25th. Treatment is given by severity below the 25th. All specifications
include controls but not fixed effects or county specific year effects.

Table B.6
Estimates Corresponding to Table 4 on Convicted Crimes

Sample if Severity Below the Median and Treatment by the 25th percentile

(1) (2) (3) (4)
All crimes Violent Property Drugs

25th percentile 1990’s Crisis - 1990 to 1993

Crisis × Treatment -0.032 0.134 -0.055 -0.501*
(0.052) (0.124) (0.087) (0.219)

Observations 284 283 284 258
Adjusted R-squared 0.505 0.194 0.377 0.248
Municipality and Year FE No No No No
County × Year No No No No
Controls Yes Yes Yes Yes

Each column (#) correspond to the crime category stated below it. Robust
standard errors in parenthesis. *** p<0.001, ** p<0.01, * p<0.05. The table
displays results for sub-sample contaninig only the treated of the 25th percentile
and treated from the median, but as controls on the 90’s crisis. All specifications
include controls but not fixed effects or county specific year effects.
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Table B.7
Heterogeneous Effects Dependent on Share with University Education

Results of the 2008’s Financial Crisis on Crime
Crimes: The Number of Reported Crimes for the Seven Categories Between 2003 to 2018

(1) (2) (3) (4) (5) (6) (7)

VARIABLES All Crimes Robbery Burglary Violent Property Life and Health Drugs

% University > Median

Crisis × Treated -0.006 0.081 -0.046 -0.054 -0.000 -0.064* -0.092

(0.019) (0.063) (0.041) (0.031) (0.024) (0.030) (0.086)

% University ≤ Median

Crisis × Treated -0.005 0.073 0.057 -0.060 0.032 -0.056 0.063

(0.028) (0.076) (0.040) (0.044) (0.031) (0.042) (0.084)

Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes

County × Year Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

The standard errors are robust and clustered at municipality level, seen inside the parenthesis. *** p<0.001, ** p<0.01, *
p<0.05. The estimations control for the various controls, municipality and year fixed effects and county specific year effects.
The first section covers the sample of municipalities with a average university attainment, during the pre period (2003 to 2007)
above the median. In other words, the more highly educated municipalities. The second section covers the municipalities
with an average university attainment equal to the median and below.
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Table B.8
Heterogeneous Effects Dependent on Share with University Education Two Post Interactions

Results of the 2008’s Financial Crisis on Crimes
Crimes: The Number of Reported Crimes for the Seven Categories Between 2003 to 2018

Treatment =
severity < 50th percentile

(1) (2) (3) (4) (5) (6) (7)
All Crimes Robbery Burglary Violent Property Life and Health Drugs

% University > Median

During × Treated -0.004 -0.015 -0.064 -0.050 -0.002 -0.047 -0.090
(0.017) (0.068) (0.041) (0.027) (0.023) (0.026) (0.079)

After × Treated -0.006 0.130 -0.037 -0.057 0.001 -0.072* -0.093
(0.023) (0.073) (0.047) (0.037) (0.028) (0.036) (0.098)

Observations 2,320 2,141 2,320 2,320 2,320 2,320 2,318
Number of Municipalities 145 145 145 145 145 145 145
Adjusted R-squared 0.305 0.071 0.441 0.278 0.711 0.307 0.456
Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Year Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

% University ≤ Median

During × Treated -0.004 0.080 0.017 -0.022 0.003 -0.019 0.084
(0.027) (0.088) (0.052) (0.038) (0.035) (0.036) (0.082)

After × Treated -0.005 0.070 0.073 -0.076 0.043 -0.070 0.055
(0.032) (0.085) (0.041) (0.051) (0.033) (0.049) (0.092)

Observations 2,320 1,824 2,320 2,320 2,320 2,320 2,301
Number of Municipalities 145 144 145 145 145 145 145
Adjusted R-squared 0.165 0.043 0.381 0.278 0.583 0.314 0.416
Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Year Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

The standard errors are robust and clustered at municipality level, seen inside the parenthesis. *** p<0.001, ** p<0.01, *
p<0.05. Below them are the respective confidence interval at a 95% level. The estimations control for the various controls,
municipality and year fixed effects and county specifc year effects. The first section covers the sample of municipalities with
a average university attainment, during the pre period (2003 to 2007) above the median. In other words, the more highly
educated municipalities. The second section covers the municipalities with an average university attainment equal to the
median and below.
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Table B.9
Heterogeneous Effects Dependent on Share with University Education baseline in Table 4

Outcome: Convicted Crimes for the two Crises with Treatment below the Median

Treatment =

severity < 50th percentile

(1) (2) (3) (4)

All crimes Violent Property Drugs

1990’s Crisis - 1990 to 1993

% University > Median

Crisis × Treatment 0.005 -0.032 0.005 -0.078

(0.044) (0.090) (0.079) (0.166)

Observations 284 284 284 275

Adjusted R-squared 0.564 0.346 0.376 0.337

% University ≤ Median

Crisis × Treatment 0.013 0.155 -0.004 -0.298

(0.058) (0.141) (0.108) (0.249)

Observations 284 282 283 248

Adjusted R-squared 0.284 0.099 0.164 0.027

2008’s Crisis - 2003 to 2010

% University > Median

Crisis × Treatment -0.020 0.057 -0.077 -0.084

(0.052) (0.070) (0.084) (0.103)

Observations 290 290 290 290

Adjusted R-squared 0.503 0.409 0.476 0.475

% University ≤ Median

Crisis × Treatment -0.031 -0.141 -0.055 0.038

(0.063) (0.079) (0.097) (0.128)

Observations 290 290 290 290

Adjusted R-squared 0.335 0.189 0.245 0.429

Municipality and Year FE No No No No

County × Year No No No No

Controls Yes Yes Yes Yes

Each column (#) correspond to the crime category stated below the specifica-
tion number. Robust standard errors in parenthesis. *** p<0.001, ** p<0.01,
* p<0.05. The samples include municipalities with either above or below the
median in university attainment. Treatment below the median in severity. The
first two sections covers the two thresholds for the ’90s crisis with the first using
with more highly educated municipalities. The second uses the less highly edu-
cated municipalities. The same goes for the two sections covering the 2008s. All
specifications include the controls age groups, 15-19, 20-24 and 25-29 as shares
of the municipality population, the share of foreign-born in the municipality, the
natural logarithm of population density and educational attainment as share with
university education as well as the share with only primary school education. It
does not control for municipality or year fixed effects, nor county specific year
effects.
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Table B.10
Heterogeneous Effects Dependent on Population Density

Results of the 2008’s Financial Crisis on Crimes
Crimes: The Number of Reported Crimes for the Seven Categories Between 2003 to 2018

Treatment =
severity < 50th percentile

(1) (2) (3) (4) (5) (6) (7)

All Crimes Robbery Burglary Violent Property Life and Health Drugs

Population Density ≥ Median

Crisis × Treated -0.003 -0.006 -0.086* -0.019 -0.010 -0.022 -0.045

(0.021) (0.058) (0.038) (0.031) (0.025) (0.030) (0.084)

Population Density < Median

Crisis × Treated -0.014 0.014 0.043 -0.028 0.016 -0.020 -0.036

(0.027) (0.075) (0.040) (0.040) (0.028) (0.040) (0.095)

Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes

County × Year Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

The standard errors are robust and clustered at municipality level, seen inside the parenthesis. *** p<0.001, ** p<0.01,
* p<0.05. The estimations control for the various controls, municipality and year fixed effects and county specific year
effects. The first section covers the sample of municipalities with a average population density, during the pre period (2003
to 2007) equal or above the median. In other words, the more population dense municipalities. The second section covers the
municipalities with an average population density below the median.
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Table B.11
Heterogeneous Effects Dependent on Population Density

Results of the 2008’s Financial Crisis on Crimes
Crimes: The Number of Reported Crimes for the Seven Categories Between 2003 to 2018

Treatment =
severity < 50th percentile

(1) (2) (3) (4) (5) (6) (7)

All Crimes Robbery Burglary Violent Property Life and Health Drugs

Population Density ≥ Median

During × Treated -0.022 -0.022 -0.083* -0.041 -0.013 -0.037 -0.098

(0.022) (0.072) (0.041) (0.028) (0.023) (0.027) (0.080)

After × Treated 0.010 0.004 -0.087* -0.005 -0.008 -0.013 -0.012

(0.024) (0.064) (0.042) (0.037) (0.030) (0.037) (0.094)

Observations 2,336 2,244 2,336 2,336 2,336 2,336 2,336

Number of Municipalities 146 146 146 146 146 146 146

Adjusted R-squared 0.241 0.026 0.447 0.274 0.701 0.307 0.415

Population Density < Median

During × Treated -0.002 -0.038 0.017 -0.005 -0.009 -0.000 -0.016

(0.025) (0.082) (0.048) (0.036) (0.031) (0.036) (0.092)

After × Treated -0.019 0.036 0.053 -0.037 0.025 -0.029 -0.044

(0.031) (0.088) (0.043) (0.046) (0.031) (0.045) (0.103)

Observations 2,304 1,721 2,304 2,304 2,304 2,304 2,283

Number of Municipalities 144 143 144 144 144 144 144

Adjusted R-squared 0.170 0.027 0.360 0.265 0.566 0.300 0.416

Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes

County × Year Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

The standard errors are robust and clustered at municipality level, seen inside the parenthesis. *** p<0.001, ** p<0.01,
* p<0.05. The estimations control for the various controls, municipality and year fixed effects and county specific year
effects. The first section covers the sample of municipalities with a average population density, during the pre period (2003
to 2007) equal or above the median. In other words, the more population dense municipalities. The second section covers the
municipalities with an average population density below the median.
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Table B.12
Heterogeneity Analysis Between Large and Small Municipalities

Estimates Corresponding to Table 4 on Convicted Crimes with Median as Treatment Threshold

Treatment =

severity < 50th percentile

(1) (2) (3) (4)
All crimes Violent Property Drugs

1990’s Crisis - 1990 to 1993

Population Density > Median

Crisis × Treatment 0.025 0.075 0.024 0.040
(0.044) (0.088) (0.081) (0.171)

Observations 284 284 284 279
Adjusted R-squared 0.522 0.302 0.323 0.252

Population Density ≤ Median

Crisis × Treatment -0.013 0.072 -0.042 -0.334
(0.058) (0.142) (0.104) (0.254)

Observations 284 282 283 244
Adjusted R-squared 0.174 0.068 0.119 0.003

2008’s Crisis - 2003 to 2010

Population Density > Median

Crisis × Treatment 0.007 0.063 -0.035 -0.047
(0.053) (0.068) (0.077) (0.095)

Observations 288 288 288 288
Adjusted R-squared 0.495 0.452 0.467 0.444

Population Density ≤ Median

Crisis × Treatment -0.035 -0.118 -0.025 -0.046
(0.064) (0.084) (0.104) (0.134)

Observations 292 292 292 292
Adjusted R-squared 0.223 0.105 0.157 0.341

Municipality and Year FE No No No No
County × Year No No No No
Controls Yes Yes Yes Yes

Each column (#) correspond to the crime category stated below the specifica-
tion number. Robust standard errors in parenthesis. *** p<0.001, ** p<0.01, *
p<0.05. The samples include municipalities with either above or below the me-
dian in population density. Treatment below the median in severity. The first
two sections covers the two thresholds for the ’90s crisis with the first using with
more highly educated municipalities. The second uses the less highly educated
municipalities. The same goes for the two sections covering the 2008s. All speci-
fications include the controls age groups, 15-19, 20-24 and 25-29 as shares of the
municipality population, the share of foreign-born in the municipality, the natural
logarithm of population density and educational attainment as share with univer-
sity education as well as the share with only primary school education. It does
not control for municipality or year fixed effects, nor county specific year effects

C Parallel Trends Assumption

The figure below depicts each group’s crime trend for the reported crimes. The treatment

threshold is the median and The period covered in each graph correspond to the sample period,

2003 to 2018.

50



Figure C.1: Common Trends for the Reported Crime Categories, Treatment given by the 50th
percentile

(a) All Crimes (50th perc.) (b) Robbery (50th perc.) (c) Burglary (50th perc.)

(d) Violent (50th perc.) (e) Property (50th perc.) (f) Life and Health (50th perc.)

(g) Drugs (50th perc.)

Figure C.2 presents the classic parallel trends graphs for the ’90s crisis with the crime trends

being the number of logarithm of convicted crimes.
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Figure C.2: Common Trends for the Convicted Crime Categories with Treatment given by the
50th percentile 1990’s Crisis

(a) All Convicted Crimes (b) Convicted Violent Crimes

(c) Convicted Property Crimes (d) Convicted Drug Crimes

Figure C.3 presents the classic parallel trends graphs for the ’08 crisis with the crime trends

being the number of logarithm of convicted crimes.

Figure C.3: Common Trends for the Convicted Crime Categories with Treatment given by the
50th percentile 2008’s Crisis

(a) All Convicted Crimes (b) Convicted Violent Crimes

(c) Convicted Property Crimes (d) Convicted Drug Crimes
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Table C.1
Municipality-Specific Linear Time Trends

Results of the 2008’s Financial Crisis on Crimes
Crimes: The Number of Reported Crimes for the Seven Categories Between 2003 to 2018

(1) (2) (3) (4) (5) (6) (7)
All Crimes Robbery Burglary Violent Property Life and Health Drugs

Treatment = Severity < 25th percentile

Crisis × Treatment -0.010 0.015 0.007 0.027 -0.012 0.030 -0.048
(0.022) (0.073) (0.046) (0.028) (0.027) (0.027) (0.072)

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619
R-squared 0.448 0.215 0.534 0.470 0.731 0.495 0.576
Number of Municipalities 290 289 290 290 290 290 290
Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Year Yes Yes Yes Yes Yes Yes Yes
Municipality × Time Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

Treatment = Severity < 50th percentile

Crisis × Treatment -0.001 0.055 -0.031 0.032 0.003 0.027 -0.132∗

(0.018) (0.067) (0.040) (0.025) (0.023) (0.025) (0.066)

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619
R-squared 0.448 0.215 0.534 0.470 0.731 0.495 0.577
Number of Municipalities 290 289 290 290 290 290 290
Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Year Yes Yes Yes Yes Yes Yes Yes
Municipality × Time Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

Treatment = Severity < 75th percentile

Crisis × Treatment 0.007 -0.074 0.025 0.005 0.012 0.004 -0.148∗

(0.016) (0.069) (0.043) (0.030) (0.024) (0.029) (0.075)

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619
R-squared 0.448 0.215 0.534 0.470 0.731 0.495 0.577
Number of Municipalities 290 289 290 290 290 290 290
Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Year Yes Yes Yes Yes Yes Yes Yes
Municipality × Time Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.001, ** p<0.01, * p<0.05
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Table C.2
Municipality-Specific Linear Time Trends

Results of the 2008’s Financial Crisis on Crimes
Crimes: The Number of Reported Crimes for the Seven Categories Between 2003 to 2018

(1) (2) (3) (4) (5) (6) (7)
All Crimes Robbery Burglary Violent Property Life and Health Drugs

Treatment = Severity < 25th percentile

Duringt × Treatment -0.015 0.017 -0.005 0.022 -0.017 0.024 -0.037
(0.022) (0.072) (0.046) (0.028) (0.027) (0.027) (0.070)

Aftert × Treatment 0.012 0.008 0.049 0.043 0.009 0.052 -0.089
(0.028) (0.101) (0.058) (0.040) (0.035) (0.039) (0.105)

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619
R-squared 0.449 0.215 0.534 0.470 0.731 0.495 0.576
Number of Municipalities 290 289 290 290 290 290 290
Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Year Yes Yes Yes Yes Yes Yes Yes
Municipality × Time Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

Treatment = Severity < 50th percentile

Duringt × Treatment -0.010 0.046 -0.040 0.024 -0.005 0.019 -0.120
(0.018) (0.066) (0.041) (0.026) (0.023) (0.025) (0.066)

Aftert × Treatment 0.031 0.090 0.004 0.062 0.031 0.056 -0.177*
(0.024) (0.090) (0.050) (0.036) (0.030) (0.035) (0.089)

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619
R-squared 0.449 0.215 0.534 0.471 0.731 0.495 0.577
Number of Municipalities 290 289 290 290 290 290 290
Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Year Yes Yes Yes Yes Yes Yes Yes
Municipality × Time Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

Treatment = Severity < 75th percentile

Duringt × Treatment 0.001 -0.063 0.011 0.001 0.020 -0.001 -0.155*
(0.016) (0.070) (0.042) (0.031) (0.022) (0.029) (0.074)

Aftert × Treatment 0.026 -0.117 0.074 0.017 0.038 0.023 -0.126
(0.025) (0.088) (0.060) (0.042) (0.032) (0.040) (0.102)

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619
R-squared 0.449 0.215 0.534 0.470 0.683 0.495 0.577
Number of Municipalities 290 289 290 290 290 290 290
Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Year Yes Yes Yes Yes Yes Yes Yes
Municipality × Time Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.001, ** p<0.01, * p<0.05
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Table C.3
Municipality-Specific Linear Time Trends Heterogeneous Samples

Educational Level and Population Density
Results of the 2008’s Financial Crisis on Crimes

Crimes: The Number of Reported Crimes for the Seven Categories Between 2003 to 2018

Treatment =
severity < 50th percentile

(1) (2) (3) (4) (5) (6) (7)

All Crimes Robbery Burglary Violent Property Life and Health Drugs

% University > Median

Crisis × Treated -0.008 -0.038 -0.092 -0.008 -0.008 0.003 -0.145

(0.019) (0.092) (0.049) (0.032) (0.026) (0.031) (0.086)

Observations 2,320 2,141 2,320 2,320 2,320 2,320 2,318

Number of Municipalities 145 145 145 145 145 145 145

Adjusted R-squared 0.471 0.114 0.531 0.427 0.773 0.455 0.575

Population Density ≥ Median

Crisis ×Treated -0.022 0.068 -0.116* 0.015 -0.010 0.013 -0.148

(0.025) (0.090) (0.050) (0.029) (0.028) (0.029) (0.086)

Observations 2,336 2,244 2,336 2,336 2,336 2,336 2,336

Number of Municipalities 146 146 146 146 146 146 146

Adjusted R-squared 0.406 0.051 0.532 0.405 0.768 0.441 0.513

Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes

County × Year Yes Yes Yes Yes Yes Yes Yes

Municipality × Time Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

The standard errors are robust and clustered at municipality level, seen inside the parenthesis. *** p<0.001, ** p<0.01, *
p<0.05. The estimates correspond to the output given by table B.7 and B.10 but only for the section with significant results.
All regression per (#) control for the various controls, municipality and year fixed effects and county specific year effects
and the municipality-specific linear trends. The first section covers the sample of municipalities with above median share of
university education during the pre-period (2003 to 2007) and the section below for the municipalities with above median
population density. In other words, the more population dense municipalities.

Table C.4
Joint Significance Test

Pre-Crisis Interaction on Main results on Reported Crimes and 25% Most and Least Exposed

Joint significance test of Eq. 1

25th perc. 50th perc. 75th perc. 25% Most vs Least

Crime Category F-val P-val F-val P-val F-val P-val F-val P-val
All Crimes 1.499 0.203 1.755 0.138 2.237 0.065 1.408 0.234
Robbery 1.381 0.241 0.668 0.615 1.254 0.288 2.632 0.037*
Burglary 0.464 0.762 1.242 0.293 0.548 0.701 0.850 0.496
Violent 2.520 0.041* 2.167 0.073 0.539 0.707 0.891 0.471
Property 0.528 0.715 0.475 0.754 1.266 0.283 0.443 0.778
Life and Health 2.514 0.042* 2.667 0.033* 0.670 0.613 0.882 0.477
Drugs 0.611 0.655 3.393 0.010** 1.441 0.221 1.345 0.256

*** p<0.001, ** p<0.01, * p<0.05
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Table C.5
Joint Significance Test

Pre-Crisis Interaction of Estimates From the Heterogeneity Analysis

Joint significance test of Heterogeneity Analysis

% University > Med. % University ≤ Med. Pop. Dens. < Med. Pop. Dens. ≥ Med.

Crime Category F-val P-val F-val P-val F-val P-val F-val P-val
All Crimes 0.583 0.675 0.724 0.577 1.673 0.160 0.937 0.444
Robbery 1.755 0.141 0.478 0.752 1.846 0.123 1.238 0.298
Burglary 0.559 0.693 1.056 0.381 1.838 0.125 0.676 0.610
Violent 0.485 0.746 2.042 0.092 0.634 0.639 1.918 0.110
Property 1.062 0.378 0.781 0.539 0.969 0.427 0.814 0.518
Life and Health 0.448 0.774 1.741 0.144 1.088 0.365 1.722 0.148
Drugs 1.506 0.203 0.069 0.991 1.609 0.175 1.105 0.356

*** p<0.001, ** p<0.01, * p<0.05

D Sensitivity and Robustness

Table D.1
Baseline Estimates of Table 2 using Forecast Errors

Severity Defined as the Forecast Error in Employment Growth

(1) (2) (3) (4) (5) (6) (7)

VARIABLES All Crimes Robbery Burglary Violent Property Life and Health Drugs

Treatment = Severity < 25th percentile

Crisis × Treated 0.015 0.062 0.004 0.031 -0.000 0.030 0.017

(0.020) (0.046) (0.034) (0.028) (0.024) (0.027) (0.073)

Adjusted R-squared 0.203 0.040 0.398 0.271 0.625 0.306 0.423

Treatment = Severity < 50th percentile

Crisis × Treated 0.009 0.052 -0.045 0.008 -0.011 0.009 0.055

(0.016) (0.043) (0.029) (0.025) (0.020) (0.024) (0.064)

Adjusted R-squared 0.203 0.040 0.399 0.271 0.625 0.306 0.423

Treatment = Severity < 75th percentile

Crisis × Treated -0.013 -0.021 -0.084* -0.011 -0.047* -0.009 -0.036

(0.019) (0.055) (0.034) (0.032) (0.021) (0.031) (0.064)

Adjusted R-squared 0.203 0.039 0.400 0.271 0.626 0.306 0.423

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619

Number of Municipalities 290 289 290 290 290 290 290

Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes

County × Year Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

The standard errors are robust and clustered at municipality level, seen inside the parenthesis. *** p<0.001, ** p<0.01, * p<0.05. All
regression per (#) control for the various controls, municipality and year fixed effects and county specific year effects and the severity
measure used is forecast errors.
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Table D.2
Baseline Estimates of Table 2 using Percentage Point Change

Severity Defined as the Percentage Point Change in the Employment Rate

(1) (2) (3) (4) (5) (6) (7)

VARIABLES All Crimes Robbery Burglary Violent Property Life and Health Drugs

Treatment = Severity < 25th percentile

Crisis × Treated -0.015 0.084 -0.001 -0.023 -0.011 -0.025 -0.035

(0.017) (0.044) (0.031) (0.026) (0.022) (0.026) (0.065)

Adjusted R-squared 0.203 0.040 0.398 0.271 0.625 0.306 0.423

Treatment = Severity < 50th percentile

Crisis × Treated -0.003 0.073 -0.002 -0.002 -0.000 -0.009 0.031

(0.015) (0.040) (0.026) (0.024) (0.018) (0.023) (0.059)

Adjusted R-squared 0.202 0.040 0.398 0.271 0.625 0.306 0.423

Treatment = Severity < 75th percentile

Crisis × Treated 0.002 0.072 0.030 -0.011 0.019 -0.020 0.062

(0.017) (0.046) (0.029) (0.026) (0.019) (0.025) (0.066)

Adjusted R-squared 0.202 0.040 0.398 0.271 0.625 0.306 0.423

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619

Number of Municipalities 290 289 290 290 290 290 290

Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes

County × Year Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

The standard errors are robust and clustered at municipality level, seen inside the parenthesis. *** p<0.001, ** p<0.01, *
p<0.05. All regression per (#) control for the various controls, municipality and year fixed effects and county specific year
effects and the severity measure used is percentage point change.
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Table D.3
Baseline Estimates of Table 2 using Change in Retail Sales per Capita
Severity Defined as the Percentage Change in Retail Sales per Capita

(1) (2) (3) (4) (5) (6) (7)

VARIABLES All Crimes Robbery Burglary Violent Property Life and Health Drugs

Treatment = Severity < 25th percentile

Crisis × Treated -0.012 0.071 -0.022 -0.011 -0.024 -0.007 -0.002

(0.016) (0.046) (0.028) (0.026) (0.020) (0.025) (0.059)

Adjusted R-squared 0.203 0.040 0.398 0.271 0.625 0.306 0.423

Treatment = Severity < 50th percentile

Crisis × Treated -0.011 0.035 -0.001 -0.003 -0.015 0.000 -0.025

(0.015) (0.036) (0.025) (0.021) (0.018) (0.020) (0.049)

Adjusted R-squared 0.203 0.039 0.398 0.271 0.625 0.306 0.423

Treatment = Severity < 75th percentile

Crisis × Treated 0.000 0.010 -0.045 0.025 -0.035 0.024 0.003

(0.018) (0.042) (0.029) (0.025) (0.021) (0.024) (0.069)

Adjusted R-squared 0.202 0.039 0.399 0.271 0.626 0.306 0.423

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619

Number of Municipalities 290 289 290 290 290 290 290

Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes

County × Year Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

The standard errors are robust and clustered at municipality level, seen inside the parenthesis. *** p<0.001, **
p<0.01, * p<0.05. All regression per (#) control for the various controls, municipality and year fixed effects and
county specific year effects and the severity measure used is change in retail sales per capita.
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Table D.4
Estimates Corresponding to Table 4 using Forecast Errors

Severity Defined as the Forecast Errors in the Employment Rate
The ’90s Crisis 1990-1993 and the ’08s Crisis 2003-2010

(1) (2) (3) (4)

Convicted Crimes: All crimes Violent Property Drugs

25th percentile 1990’s Crisis - 1990 to 1993

Crisis × Treatment 0.027 -0.071 -0.043 -0.012

(0.040) (0.081) (0.070) (0.171)

Adjusted R-squared 0.425 0.169 0.287 0.176

50th percentile

Crisis × Treatment 0.020 -0.131 0.001 0.135

(0.037) (0.084) (0.068) (0.151)

Adjusted R-squared 0.434 0.189 0.289 0.177

75th percentile

Crisis × Treatment -0.061 -0.070 -0.162 -0.125

(0.045) (0.107) (0.088) (0.170)

Adjusted R-squared 0.434 0.168 0.298 0.179

Observations 568 566 567 523

25th percentile 2008’s Crisis - 2003 to 2010

Crisis × Treatment 0.006 0.014 0.020 0.023

(0.045) (0.056) (0.070) (0.085)

Adjusted R-squared 0.378 0.280 0.336 0.434

50th percentile

Crisis × Treatment 0.012 -0.028 0.063 0.029

(0.043) (0.054) (0.064) (0.083)

Adjusted R-squared 0.381 0.279 0.345 0.440

75th percentile

Crisis × Treatment 0.014 0.057 0.038 -0.118

(0.048) (0.062) (0.079) (0.105)

Adjusted R-squared 0.389 0.290 0.345 0.444

Observations 580 580 580 580

Municipality and Year FE No No No No

County × Year No No No No

Controls Yes Yes Yes Yes

Each column (#) correspond to the convicted crimes per specific category stated
below the number. Robust standard errors in parenthesis. *** p<0.001, **
p<0.01, * p<0.05. Each section, separated by the vertical lines, represent a unique
treatment threshold, either the 25th, 50th or 75th percentile. The exact threshold
are seen in the column to the left above the interaction term, Crisis × Treatment.
All estimations include controls but not fixed effects or county specific year effects.
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Table D.5
Estimates Corresponding to Table 4 using Percentage Point Change

Severity Defined as the Percentage Point Change in the Employment Rate
The ’90s Crisis 1990-1993 and the ’08s Crisis 2003-2010

(1) (2) (3) (4)

Convicted Crimes: All crimes Violent Property Drugs

25th percentile 1990’s Crisis - 1990 to 1993

Crisis × Treatment 0.024 0.119 0.012 0.021

(0.043) (0.087) (0.075) (0.166)

Adjusted R-squared 0.426 0.164 0.288 0.175

50th percentile

Crisis × Treatment 0.003 0.012 -0.011 -0.141

(0.038) (0.085) (0.067) (0.151)

Adjusted R-squared 0.425 0.162 0.288 0.186

75th percentile

Crisis × Treatment 0.008 0.005 -0.022 -0.032

(0.046) (0.107) (0.080) (0.205)

Adjusted R-squared 0.427 0.161 0.287 0.197

Observations 568 566 567 523

25th percentile 2008’s Crisis - 2003 to 2010

Crisis × Treatment 0.005 -0.014 -0.012 -0.031

(0.050) (0.061) (0.075) (0.089)

Adjusted R-squared 0.374 0.276 0.332 0.434

50th percentile

Crisis × Treatment 0.002 0.029 -0.020 -0.027

(0.042) (0.054) (0.065) (0.084)

Adjusted R-squared 0.374 0.276 0.332 0.434

75th percentile

Crisis × Treatment -0.000 0.037 -0.013 -0.018

(0.048) (0.063) (0.077) (0.103)

Adjusted R-squared 0.372 0.278 0.332 0.434

Observations 580 580 580 580

Municipality and Year FE No No No No

County × Year No No No No

Controls Yes Yes Yes Yes

Each column (#) correspond to the convicted crimes per specific category stated
below the number. Robust standard errors in parenthesis. *** p<0.001, **
p<0.01, * p<0.05. Each section, separated by the vertical lines, represent a unique
treatment threshold, either the 25th, 50th or 75th percentile. The exact threshold
are seen in the column to the left above the interaction term, Crisis × Treatment.
All estimations include controls but not fixed effects or county specific year effects.
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Table D.6
Estimates Corresponding to Table 4 using Retail Sales per Capita

Severity Defined as the Percentage Change in Retail Sales per Capita
The ’90s Crisis 1990-1993 and the ’08s Crisis 2003-2010

(1) (2) (3) (4)

Convicted Crimes: All crimes Violent Property Drugs

25th percentile 1990’s Crisis - 1990 to 1993

Crisis × Treatment 0.014 0.150 0.011 -0.055

(0.039) (0.090) (0.067) (0.167)

Adjusted R-squared 0.383 0.141 0.255 0.149

50th percentile

Crisis × Treatment 0.019 0.028 -0.008 -0.014

(0.038) (0.085) (0.068) (0.151)

Adjusted R-squared 0.427 0.163 0.287 0.176

75th percentile

Crisis × Treatment 0.034 0.172 0.014 -0.022

(0.046) (0.105) (0.086) (0.187)

Adjusted R-squared 0.425 0.166 0.287 0.176

Observations 568 566 567 523

25th percentile 2008’s Crisis - 2003 to 2010

Crisis × Treatment 0.021 0.064 0.049 -0.006

(0.053) (0.063) (0.075) (0.100)

Adjusted R-squared 0.373 0.277 0.333 0.434

50th percentile

Crisis × Treatment 0.004 0.029 0.020 -0.048

(0.043) (0.054) (0.066) (0.084)

Adjusted R-squared 0.372 0.280 0.334 0.434

75th percentile

Crisis × Treatment 0.053 0.130* 0.136 -0.046

(0.050) (0.063) (0.083) (0.104)

Adjusted R-squared 0.373 0.284 0.341 0.436

Observations 580 580 580 580

Municipality and Year FE No No No No

County × Year No No No No

Controls Yes Yes Yes Yes

Each column (#) correspond to the convicted crimes per specific category stated
below the number. Robust standard errors in parenthesis. *** p<0.001, **
p<0.01, * p<0.05. Each section, separated by the vertical lines, represent a unique
treatment threshold, either the 25th, 50th or 75th percentile. The exact threshold
are seen in the column to the left above the interaction term, Crisis × Treatment.
All estimations include controls but not fixed effects or county specific year effects.
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Table D.7
Heterogeneous Effects Dependent on Population Density

Results of the 2008’s Financial Crisis on Crimes Alternative Thresholds
Crimes: The Number of Reported Crimes for the Seven Categories Between 2003 to 2018

(1) (2) (3) (4) (5) (6) (7)
All Crimes Robbery Burglary Violent Property Life and Health Drugs

Severity by Forceast Errors

Crisis × Treatment 0.020 0.046 0.018 0.013 0.021 0.014 0.032
(0.021) (0.052) (0.033) (0.027) (0.023) (0.027) (0.095)

Adjusted R-squared 0.241 0.027 0.444 0.274 0.701 0.307 0.414

Severity by Percentage Change in the Employment Rate

Crisis × Treatment 0.000 0.050 -0.043 0.004 -0.014 -0.005 0.122
(0.019) (0.054) (0.037) (0.029) (0.022) (0.030) (0.087)

Adjusted R-squared 0.239 0.027 0.445 0.274 0.701 0.306 0.417

Severity by Change in Retail Sales

Crisis × Treatment -0.009 -0.020 0.033 -0.030 0.011 -0.025 0.049
(0.019) (0.051) (0.035) (0.026) (0.022) (0.026) (0.069)

Adjusted R-squared 0.240 0.027 0.445 0.275 0.701 0.307 0.415

Observations 2,336 2,244 2,336 2,336 2,336 2,336 2,336
Number of Municipalities 146 146 146 146 146 146 146
Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Time Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.001, ** p<0.01, * p<0.05
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Table D.8
Corresponding Estimations of Table 2 with County-Specifc Linear Trends

(1) (2) (3) (4) (5) (6) (7)
All Crimes Robbery Burglary Violent Property Life and Health Drugs

Treatment = Severity < 25th percentile

Crisis × Treatment 0.009 0.020 0.041 -0.006 0.014 -0.010 0.011
(0.018) (0.046) (0.033) (0.028) (0.022) (0.027) (0.055)

Treatment = Severity < 50th percentile

Crisis × Treatment 0.007 0.013 0.019 -0.013 0.025 -0.018 0.026
(0.015) (0.040) (0.026) (0.023) (0.017) (0.022) (0.053)

Treatment = Severity < 75th percentile

Crisis × Treatment 0.016 0.058 0.022 -0.020 0.042* -0.027 -0.044
(0.016) (0.045) (0.034) (0.024) (0.020) (0.023) (0.058)

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619
Number of Municipalities 290 289 290 290 290 290 290
Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Time Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.001, ** p<0.01, * p<0.05

Table D.9
Corresponding Estimations of Table 2 without County-Specifc Year Effects

(1) (2) (3) (4) (5) (6) (7)
All Crimes Robbery Burglary Violent Property Life and Health Drugs

Treatment = Severity < 25th percentile

Crisis × Treatment -0.001 0.071 0.056 0.000 0.019 -0.004 -0.077
(0.018) (0.047) (0.031) (0.028) (0.022) (0.027) (0.058)

Treatment = Severity < 50th percentile

Crisis × Treatment 0.001 0.059 0.034 0.005 0.026 -0.001 -0.014
(0.015) (0.040) (0.026) (0.023) (0.017) (0.023) (0.056)

Treatment = Severity < 75th percentile

Crisis × Treatment 0.002 0.107* 0.023 -0.002 0.034 -0.012 -0.093
(0.016) (0.047) (0.034) (0.027) (0.019) (0.025) (0.065)

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619
Number of Municipalities 290 289 290 290 290 290 290
Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Year No No No No No No No
Controls Yes Yes Yes Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.001, ** p<0.01, * p<0.05
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Table D.10
Corresponding Estimations of Table 2 and 3 without controls

(1) (2) (3) (4) (5) (6) (7)
All Crimes Robbery Burglary Violent Property Life and Health Drugs

One post period

Crisis × Treatment 0.012 0.053 0.002 0.038 0.009 0.034 0.017
(0.016) (0.041) (0.027) (0.026) (0.018) (0.026) (0.057)

Adjusted R-squared 0.195 0.035 0.397 0.245 0.624 0.281 0.419

Two Post Periods

Duringt × Treatment -0.002 0.008 -0.011 0.014 0.000 0.013 -0.041
(0.014) (0.050) (0.031) (0.022) (0.019) (0.022) (0.056)

Aftert × Treatment 0.018 0.070 0.007 0.047 0.013 0.042 0.039
(0.018) (0.046) (0.029) (0.030) (0.019) (0.030) (0.063)

Adjusted R-squared 0.195 0.035 0.397 0.245 0.624 0.281 0.419

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619
Number of Municipalities 290 289 290 290 290 290 290
Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Year Yes Yes Yes Yes Yes Yes Yes
Controls No No No No No No No

Robust standard errors in parentheses
*** p<0.001, ** p<0.01, * p<0.05

Table D.11
Corresponding Estimations of Table 2 and 3 without clustered standard erros

(1) (2) (3) (4) (5) (6) (7)
All Crimes Robbery Burglary Violent Property Life and Health Drugs

One post period

Crisis × Treatment -0.001 0.008 0.004 -0.012 0.016 -0.014 0.017
(0.009) (0.040) (0.018) (0.016) (0.011) (0.016) (0.038)

Adjusted R-squared 0.846 0.641 0.695 0.751 0.863 0.738 0.714

Two Post Periods

Duringt × Treatment -0.010 -0.020 -0.013 -0.015 0.003 -0.015 -0.044
(0.011) (0.050) (0.023) (0.020) (0.013) (0.019) (0.047)

Aftert × Treatment 0.003 0.021 0.011 -0.011 0.021 -0.013 0.045
(0.010) (0.043) (0.019) (0.018) (0.012) (0.017) (0.040)

Adjusted R-squared 0.846 0.641 0.695 0.751 0.863 0.738 0.714

Observations 4,640 3,965 4,640 4,640 4,640 4,640 4,619
Number of Municipalities 290 289 290 290 290 290 290
Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes
County × Year Yes Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes Yes

Robust standard errors in parentheses
*** p<0.001, ** p<0.01, * p<0.05
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Table D.12
Negative Binomial Regression of Baseline Specification eq. 1 on Reported Crimes

Treatment =
severity < 50th percentile

(1) (2) (3) (4) (5) (6) (7)

All Crimes Robbery Burglary Violent Property Life and Health Drugs

Crisis × Treatment -0.001 -0.091 0.001 -0.014 0.014 -0.014 0.024

(0.016) (0.066) (0.027) (0.023) (0.018) (0.023) (0.054)

Observations 4,640 4,640 4,640 4,640 4,640 4,640 4,640

Municipality and Year FE Yes Yes Yes Yes Yes Yes Yes

County × Year Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

Robust standard errors in parenthesis, clustered at municipality level. *** p<0.001, ** p<0.01, * p<0.05. The crime measure is
reported crimes per 100 000 residents, not transformed by the natural logarithm and regressed in a negative binomial regression. All
estimations control for the standard controls; population density, age shares, share of foreign born and educational attainment. In
addition, all include municipality and year fixed effects as well as county specific year effects.

Table D.13
Differences non-Transformed Means of Table 4

Outcome: Convicted Crimes with Treatment Given by the Median
Time Window 1990 to 1994 and 2003 to 2010 for the ’90s and ’08s Crises Respectively

(1) (2) (3) (4)

All crimes Violent Property Drugs

1990’s Crisis - 1990 to 1993

Crisis × Treatment 43.451 34.973* 11.094 -18.444

(105.970) (17.040) (50.799) (14.120)

Observations 568 568 568 568

Adjusted R-squared 0.436 0.155 0.308 0.213

2008’s Crisis - 2003 to 2010

Crisis × Treatment 24.862 -26.792 -17.794 -27.555

(133.009) (20.146) (39.298) (30.637)

Observations 580 580 580 580

Adjusted R-squared 0.247 0.112 0.160 0.210

Municipality and Year FE No No No No

County × Year No No No No

Controls Yes Yes Yes Yes

The standard errors are robust and visible inside the parenthesis. *** p<0.001,
** p<0.01, * p<0.05. Below them are the respective confidence interval at a 95%
level. The estimation only includes the control variables.

65



E County-Analysis

The table containing the result on county-level, 5, uses the following equation where c denotes

county instead of municipality.

ln(Crimect = γ(Crisist × Treatmentc) + Cc + Tt +′ Xct + υct (4)

Table E.1
County-Level Specification of Eq. 2

The Effect on the Reported Crime Categories during 2003 to 2018

(1) (2) (3) (4) (5) (6) (7)

All Crimes Robbery Burgalry Violent Property Life and Health Drugs

Duringt × Treatmentc 0.001 0.061 0.091 -0.037 0.044 -0.046 0.146

(0.021) (0.061) (0.065) (0.031) (0.028) (0.033) (0.214)

Aftert × Treatmentc 0.013 0.088 0.140* 0.021 0.067* 0.016 -0.138

(0.027) (0.051) (0.055) (0.036) (0.026) (0.039) (0.194)

Observations 336 336 336 336 336 336 336

R-squared 0.491 0.191 0.797 0.655 0.919 0.639 0.473

Number of Counties 21 21 21 21 21 21 21

County and Year FE Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

Robust standard errors clustered at county-level in parenthesis. *** p<0.001, ** p<0.01, * p<0.05. The crime measure is
reported crimes per 100 000 inhabitants, transformed with the natural logarithm . All estimations control for the standard controls;
population density, age shares, share of foreign born and educational attainment. In addition, all include county and year fixed
effects.
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Table E.2
County-Level Specification of Eq. 1

Severity Measured by the Change in the Employment Rate

(1) (2) (3) (4) (5) (6) (7)

All Crimes Robbery Burglary Violent Property Life and Health Drugs

Crisist × Treatmentc -0.039 0.019 0.007 -0.016 -0.028 -0.022 0.038

(0.020) (0.054) (0.056) (0.031) (0.023) (0.032) (0.186)

Adjusted R-squared 0.453 0.122 0.768 0.620 0.908 0.603 0.436

Duringt × Treatmentc -0.042* -0.019 0.007 -0.018 -0.022 -0.026 -0.187

(0.017) (0.066) (0.066) (0.028) (0.027) (0.030) (0.185)

Aftert × Treatmentc -0.037 0.039 0.007 -0.015 -0.032 -0.019 0.160

(0.025) (0.054) (0.061) (0.039) (0.026) (0.040) (0.237)

Adjusted R-squared 0.465 0.124 0.767 0.620 0.909 0.603 0.438

Observations 336 336 336 336 336 336 336

Number of Counties 21 21 21 21 21 21 21

County and Year FE Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

Robust standard errors clustered at county-level in parenthesis. *** p<0.001, ** p<0.01, * p<0.05. The crime measure is
reported crimes per 100 000 inhabitants, transformed with the natural logarithm . All estimations control for the standard controls;
population density, age shares, share of foreign born and educational attainment. In addition, all include county and year fixed
effects.

Table E.3
County-Level Specification of Eq. 1

Severity Measured by the Change in the Unemployment Rate

(1) (2) (3) (4) (5) (6) (7)

VARIABLES All Crimes Robbery Burglary Violent Property Life and Health Drugs

Crisist × Treatmentc 0.000 0.034 0.106* 0.084** 0.025 0.088** -0.181

(0.023) (0.058) (0.045) (0.026) (0.025) (0.030) (0.155)

Adjusted R-squared 0.453 0.124 0.778 0.653 0.909 0.637 0.433

Duringt × Treatmentc -0.010 -0.011 0.060 0.023 0.015 0.023 -0.209

(0.022) (0.066) (0.066) (0.031) (0.028) (0.034) (0.199)

Aftert × Treatmentc 0.006 0.058 0.130** 0.115*** 0.030 0.122** -0.166

(0.025) (0.060) (0.045) (0.029) (0.027) (0.033) (0.204)

Adjusted R-squared 0.453 0.127 0.781 0.680 0.909 0.667 0.431

Observations 336 336 336 336 336 336 336

Number of Counties 21 21 21 21 21 21 21

County and Year FE Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

Robust standard errors clustered at county-level in parenthesis. *** p<0.001, ** p<0.01, * p<0.05. The crime measure is reported
crimes per 100 000 inhabitants, transformed with the natural logarithm . All estimations control for the standard controls; population
density, age shares, share of foreign born and educational attainment. In addition, all include county and year fixed effects.
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Table E.4: Joint Significance Test of Pre-Crisis Estimates From the County Analysis

Joint significance Test Values of County Analysis

Treatment = Severity < Median.

Severity Gainfully Employed Counties’ Employment Rate
Crime Category F-val P-val F-val P-val

All Crimes 0.254 0.904 0.677 0.616
Robbery 1.125 0.373 0.672 0.619
Burglary 1.650 0.201 0.799 0.540
Violent 1.211 0.337 0.730 0.582
Property 3.844 0.018* 0.649 0.634
Life and Health 0.889 0.488 1.225 0.332
Drugs 0.665 0.624 0.815 0.530

*** p<0.001, ** p<0.01, * p<0.05

Table E.5
County-Level Specification with County-Specific Linear Trends

Outcome: Reported Crimes per 100 000 Inhabitants

(1) (2) (3) (4) (5) (6) (7)

All Crimes Robbery Burgalry Violent Property Life and Health Drugs

Crisist × Treatmentc 0.041* 0.085 0.087 -0.055 0.056 -0.062 0.295

(0.018) (0.076) (0.066) (0.042) (0.030) (0.042) (0.240)

Adjusted R-squared 0.585 0.166 0.825 0.738 0.925 0.742 0.524

Crisist × Treatmentc -0.052* -0.034 -0.029 -0.006 -0.046 -0.012 -0.278

(0.025) (0.076) (0.067) (0.037) (0.030) (0.037) (0.211)

Adjusted R-squared 0.588 0.162 0.823 0.732 0.924 0.735 0.523

Observations 336 336 336 336 336 336 336

Number of Counties 21 21 21 21 21 21 21

County and Year FE Yes Yes Yes Yes Yes Yes Yes

County × Time Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

Robust standard errors clustered at county-level in parenthesis. *** p<0.001, ** p<0.01, * p<0.05. The crime measure is
reported crimes per 100 000 inhabitants, transformed with the natural logarithm . All estimations control for the standard
controls; population density, age shares, share of foreign born and educational attainment. In addition, all include county and
year fixed effects.
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F Mechanisms of The Great Recession’s Effect

Table F.1: Joint Significance Test of Mechanisms Pre-Crisis Interations

Joint significance test

Mechanism F-value P-value
Median Income 0.582 0.676
Newly Enrolled 0.355 0.840
Share of Social Grants Recipients 0.197 0.940
Share of Labour Programme Recipients 0.918 0.454

Notes *** p<0.001, ** p<0.01, * p<0.05.

69


	Introduction
	Background
	1990's Financial Crisis
	2008's Financial Crisis

	Identification, Data and Empirical Method
	Local Severity
	Data
	Empirical Strategy
	Threats to the Identification


	Results
	The 2008 Crisis' Effect on Reported Crimes
	The '90s and '08s Crises' Effect on the Number of Convictions
	Heterogeneous effects
	Test of the Parallel Trends Assumption
	Robustness and Sensitivity Analysis
	County-Level Crime and the 2008's Crisis

	Discussion and Conclusion
	References
	Appendix
	Data
	Heterogeneous Effects
	Parallel Trends Assumption
	Sensitivity and Robustness
	County-Analysis
	Mechanisms of The Great Recession's Effect


