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Introduction
This doctoral thesis consists of three chapters that focus on two distinct themes. The
first two chapters study the interaction of credit and labour markets. In particular, these
chapters seek to assess how access to credit at the firm level can affect workers’ employment
prospects, and which types of workers may be most affected. The third chapter switches
gears and presents a study of the relationship between wealth and criminal behaviour.
The first chapter is an empirical study looking at the effects of cuts to firms’ credit
supply on employment during the 2008/2009 financial crisis in Denmark. A quick look
at aggregate data shows that, over the financial crisis, both lending and employment fell.
The drop in lending alone, however, is not enough to demonstrate a reduction in credit
supply as aggregate lending patterns are driven by both supply and demand. Further,
these outcomes may have occurred by coincidence rather than as a result of lending
dragging down employment. This chapter aims to provide evidence of the following two
developments: 1. that some firms in Denmark indeed saw a reduction in their supply of
credit, and 2. that the reduction in the supply of credit caused them to reduce employment.
To provide evidence of the first development, Chapter 1 starts by looking at banks
— the major source of financing for Danish firms. Prior to the financial crisis, Danish
banks traditionally financed the loans they issued with deposits received. In the lead up to
the crisis, some banks began to loan out considerably more than what they accepted in
deposits, relying on short-term financing acquired from other banks to fund the difference.
The collapse of Lehman Brothers in the United States led many markets around the world
to freeze — including those for inter-bank lending. Danish banks that were particularly
reliant on, or ‘exposed’ to these markets suddenly experienced severe liquidity shortfalls.
Chapter 1 shows that banks that were more exposed decreased their supply of credit to
their client firms.
Firms do, of course, have numerous options when seeking credit. To demonstrate
that the reduction in lending from exposed banks constituted a reduction in the overall
supply of credit for their clients, it needs to be be shown that these firms were unable
to offset the drop in lending by acquiring credit from other sources. Chapter 1 provides
evidence that this was indeed the case. In particular, it shows that firms borrowing from
more exposed banks saw a reduction in their total amount of borrowing along with an
increase in its price — evidence of a drop in credit supply.
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The remainder of Chapter 1 deals with the second development: effects of the reduction in firms’ credit supply on employment outcomes for firms and their workers.
The findings presented show that this shock to credit supply induced firms to reduce
employment. Further, they show that the bulk of employment cuts occurred amongst
nonmanagerial workers, low-educated workers, as well as short-tenured workers. Whether
workers affected by the cut in employment became unemployed, however, requires further investigation as employees shed by some firms can be quickly picked up by others,
or can exit the labour force. The findings presented in Chapter 1 indicate that affected
workers did see an increase in the likelihood of unemployment. Mirroring the findings at
the firm level, the increase in the risk of unemployment is again found to be largest for
nonmanagerial workers, low-educated workers, short-tenured workers, as well as workers
in low-skill occupations.
The findings in Chapter 1 highlight the effects of frictions in credit and labour
markets. Absent frictions in bank borrowing, firms would be able to compensate for the
drop in credit supply from exposed banks by acquiring credit from other banks. In a
frictionless labour market, workers affected by credit supply-induced cuts in employment
would be spared from unemployment. These empirical findings of Chapter 1 are followed
by a theoretical study in Chapter 2. Whereas the first chapter takes a broad look at how the
employment relationship is affected by credit supply, the second chapter more narrowly
attempts to describe firms’ decisions over which kinds of workers to hire. This is done
on the back of a simple model capturing frictions in both credit and labour markets. In
the model, banks, firms, and workers spend time and resources to search for one another
— a standard approach in modelling frictional markets. Firms require 1. banks to cover
the costs of posting a vacancy, and 2. workers to produce output. The model assumes
there is only one type of bank, and one type of firm, but workers vary in their level of skill.
Higher skilled workers are more productive, but also demand a higher wage. Chapter
2 shows that, in the model, the higher productivity a firm enjoys from a higher skilled
worker outpaces the higher wage they are due. All things equal, firms prefer to employ a
higher skilled worker.
The primary result of the model in Chapter 2 is that credit market frictions lead firms
to seek — and hire — higher skilled workers. What drives this result is simple. Credit
market frictions reduce the number of firms that successfully find financing, reducing the
number of vacancies posted in the labour market. For a given firm looking for a worker in
the labour market, the probability of encountering a random worker depends on how
many other firms also have vacancies. With fewer competing vacancies, the probability
of meeting any worker is higher, as is the probability of meeting a higher skilled worker.
Firms are more willing to pass up hiring a lower skilled worker in favour of waiting for a
higher skilled worker to come along.
Ultimately, Chapter 2 highlights one way in which the ability of the labour market to
match the unemployed to vacancies can be hampered. How well the labour market is able
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to carry out this function is captured by the strength of the negative relationship between
vacancies and the unemployment rate — the Beveridge curve, named after the economist
William Beveridge. A deterioration of labour market matching is typically observed
during downturns in the business cycle, and has been documented during and after the
2008/2009 financial crisis. The model in Chapter 2 offers one explanation, namely that
increased frictions in the credit market led firms to raise their skill requirements, leaving
many, particularly lower skilled individuals, unable to find employment.
The third and final chapter of this thesis departs from the world of credit and labour
markets and focuses on the relationship between wealth and criminal behaviour. The
literature often points to a negative relationship between economic means and criminality.
Indeed, aggregate data suggest that the wealthier are, on average, less criminal. This
observed fact may, however, be driven by a multitude of other factors not limited to
education, family background, and age. To date, little research has been done to determine
the causal effect of wealth alone. Chapter 3 aims to do just that.
To get a sense of what we might expect the effect to be, we can look to economic
theory. Starting with the seminal work of Gary Becker, economists have applied the
basic principles of incentives, risk, and rational decision making to the problem of the
perpetrator. The effect of an increase in wealth on criminal behaviour in this framework is,
however, not uniform. Criminal behaviour for which there is an economic motive, such as
theft, burglary, and tax evasion, might be expected to fall with greater wealth as wealthier
individuals have a lower incentive to commit these crimes. In contrast, other types of
crimes which bring some form of enjoyment, such as drug consumption or reckless driving,
might be expected to rise with wealth as the wealthier criminal can better afford these.
In an effort to isolate the causal effect of wealth on criminal behaviour, Chapter 3
exploits the unique setting of a lottery. In a lottery, prize amounts are randomly allocated
amongst all players with the same number of tickets, or the same chance of winning.
Increases in wealth due to winning the lottery are therefore unrelated to any other characteristics of the players, including those which may make them more or less likely to commit
crimes. Chapter 3 uses a large dataset of Swedish lottery players combined with comprehensive records of criminal convictions to estimate the effect of wealth on crime. Wealth
is found to have a small positive effect on overall criminal behaviour, yet the estimates
are not statistically distinguishable from zero. Estimates for the effect on different types
of crimes vary in either direction, but again are not significantly different from zero nor
different from one another. These results suggest that the negative correlation captured
in aggregate data does not represent the true causal effect. In addition to focusing on
the lottery winners themselves, Chapter 3 also takes a look at winners’ children. Here,
parental wealth is also found to have a negligible effect on children’s criminality.
While the subject matter across chapters of this dissertation varies, the methods
used and theories tested all aim to examine the role of incentives in markets shaped
by frictions and risk. Insights such as those provided here can hopefully contribute to
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furthering our understanding of the behaviour of economic agents in a large, complex,
and nondeterministic world.

Chapter 1
Real Effects of Credit Supply Shocks:
Evidence from Danish Banks, Firms, and
Workers
Simon Juul Hviid
Christofer Schroeder

Abstract
Bank lending cuts can lead firms to reduce their level of employment, yet little is known
how these shocks affect the composition of firms’ employees and outcomes at the worker
level. This paper investigates the effect of bank distress on the provision of credit, and
its effects on employment beyond firm level aggregates. To do so, we use a novel dataset
built from administrative and tax records linking all banks, firms, and workers in Denmark. We show that banks that were particularly exposed to the 2008/2009 financial crisis
cut lending to firms, and firms were unable to fully compensate with financing from alternate sources. The decrease in credit supply led to a drop in firm level employment with
effects concentrated amongst firms with low pre-crisis liquidity, and on employment of
nonmanagerial and low-educated employees. At the worker level, we find that positive
effects on unemployment were driven by effects on nonmanagerial, low-educated, and
short-tenured workers, as well as workers in low-skill occupations. Our estimates suggest that cuts in bank lending can account for up to 6% of the fall in total employment,
and are an important factor behind heterogeneous employment dynamics in times of
contractionary credit.
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1.1.

Introduction

There is growing evidence that pressures within the banking system can spread to the real
economy via bank lending cuts. Recent studies have documented that a drop in credit
supply during the 2008/2009 financial crisis had significant impacts on firm level outcomes,
including employment (Bentolila et al., 2018; Berton et al., 2018; Chodorow-Reich, 2014;
Huber, 2018; Popov and Rocholl, 2018) and investment (Campello et al., 2010; Cingano
et al., 2016; Duchin et al., 2010). Yet little is known about effects on the composition of
employment and outcomes at the worker level. Do shocks to credit supply lead firms to
simply downscale or fundamentally adjust their labour inputs used in production? Do
workers suffer consequences on the labour market as a result? If so, which ones?
Answers to these questions are important in understanding the impacts of frictions
in credit and labour markets. They also provide a potentially deeper understanding of
heterogeneous occupational and skill-group employment dynamics over the business
cycle (Hershbein and Kahn, 2018; Jaimovich and Siu, 2020), and their impacts on workers (Hoynes et al., 2012). Pursuing these answers is challenging, however, as it requires
identifying credit supply from credit demand, as well as detailed data at the bank, firm,
and worker levels. In this paper, we study the transmission of shocks to banks’ liquidity
on the provision of credit, and estimate its effects on real outcomes for firms and workers. Our approach exploits a novel bank-firm-worker linked dataset built from Danish
administrative and tax records between 2004-2011. Specifically, we identify banks that
were particularly exposed to the 2008/2009 financial crisis and compare the evolution of
outcomes of their client firms — and those firms’ employees — to outcomes of firms and
their employees connected to less exposed banks.
We find evidence of a reduction in credit supply and its effects on both firms and
workers. Beginning in 2008, firms shifted their borrowing away from exposed banks.
Firms primarily connected to more exposed banks were unable to fully offset the drop
in lending with credit from alternate sources as both bank debt and total debt fell. The
decline in borrowing was accompanied by a reduction in firm level employment. Effects
were concentrated amongst firms with low pre-crisis liquidity, and on employment of
We thank Andrea Caggese, David Card, Fabrizio Colella, Hilary Hoynes, Erik Lindqvist, Diogo Mendes,
Alessandro Sforza, Emil Verner, and seminar participants at the SHoF 9th National PhD Workshop in Finance,
the Stockholm School of Economics, Danmarks Nationalbank, and the Canadian Economics Association
meetings in Banff for valuable comments and suggestions. We also thank Camilla Green, Svend Greniman
Andersen, Rasmus Kofoed Mandsberg, Mads Kristoffersen, Andreas Kuchler, and Morten Niels Haastrup
for excellent administrative and data support. The viewpoints and conclusions stated are the responsibility
of the authors and do not necessarily reflect the views of Danmarks Nationalbank. Any remaining errors are
our own.
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nonmanagers and low-educated workers. Workers employed on the verge of the crisis
at firms facing a reduction in credit supply experienced an increase in the probability of
unemployment. These effects were largest amongst nonmanagers, low-educated, and
short-tenured workers, as well as workers in low-skill occupations.
Our approach to identifying a shift in credit supply, and estimating its effects, closely
follows that of Jensen and Johannesen (2017).1 As do they, we identify for each firm, in
each year, a primary bank based on the firm’s loan and deposit balances. In the run up to
the financial crisis, some of these banks departed from a largely deposit-based model of
loan financing, relying to an increasing degree on funding acquired on foreign inter-bank
markets. Once these markets suddenly froze in the fall of 2008, banks with larger deposit
deficits experienced severe liquidity shortfalls. We harness this variation to define the
banks in our sample as more or less exposed to the financial crisis based on their pre-crisis
loans to deposits ratio.2
We then provide evidence that bank distress permeated to the real economy through
two subsequent steps in a causal chain. The first of these is through the ‘bank lending
channel’ — that exposed banks reduced their supply of credit to firms relative to nonexposed banks. We document that lending from exposed banks decreased more than that
from nonexposed banks through the crisis. While consistent with a drop in credit supply,
differences in lending patterns could of course also be due to a contemporaneous drop
in credit demand. To control for demand, we then study the subsample of firms that
borrowed from both exposed and nonexposed banks, and find a persistent reduction
in loan balances at exposed banks over the years 2008-2011. Comparing the growth in
loan balances for the same firm in the same year completely absorbs firm-specific credit
demand, and any systematic fall in balances at exposed banks must be due to a drop in
credit supply.3
Next, we provide evidence of the ‘firm borrowing channel’ — that firms were unable
to perfectly compensate for the drop in lending from exposed banks with credit from
alternate sources. To do so, we turn to our main differences-in-differences identification
strategy, comparing outcomes of firms with exposed pre-crisis primary banks to those of
firms with nonexposed pre-crisis primary banks. Exposure of the pre-crisis primary bank
1 Jensen and Johannesen (2017) exploit a companion dataset at the household level, estimating the effects

of a reduction in credit supply through the financial crisis on household consumption in Denmark. They
document a relative drop in bank debt and total debt of a similar magnitude for households as we do for
firms, and find significant negative effects of the shock to household credit supply on consumption.
2 To be exact, we look to each bank’s outstanding loans to deposits ratio in 2007. Empirical studies employ a
number of proxies for bank’s exposure to the financial crisis including government bailouts (Bentolila et al.,
2018), loss announcements (Popov and Rocholl, 2018), exposure to Lehman Brothers (Chodorow-Reich,
2014), reliance on the interbank market (Cingano et al., 2016; Iyer et al., 2014), exposure to mortgage-backed
securities, trading account losses, real-estate write-offs, and the loans to deposits ratio (all Chodorow-Reich,
2014).
3 This is an application of the within estimator introduced by Khwaja and Mian (2008).
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was associated with a significant decrease in borrowing from the primary bank along with
a small increase from other banks. This resulted in a net decrease of roughly 6% in total
bank borrowing over the years 2008-2010, along with a 0.2 percentage point increase in
the effective interest rate, providing further evidence of a shift in supply. Total debt for
firms with an exposed pre-crisis primary bank fell by roughly 2% suggesting that these
firms were unable to fully offset the reduction in bank lending with nonbank credit. This
includes debt from suppliers which decreased by 3%, suggesting that bank debt and trade
credit may be compliments (Burkart and Ellingsen, 2004).4
A key premise of the firm borrowing channel is that firm-bank relationships are
sticky. Otherwise, the exposure of firms’ pre-crisis banks would matter little if firms could
costlessly and easily form new banking relationships. Sticky relationships may be a feature
of credit markets with frictions for a number of reasons including asymmetric information
on credit worthiness of new clients (Sharpe, 1990), switching costs (Klemperer, 1987), or
bank-market specialisation (Paravisini et al., 2017). We show that bank relationships in
our data are indeed persistent, and find evidence that relationships are less sticky for more
transparent firms, suggesting asymmetric information may be an important factor.
In our first set of main results we show that the reduction in credit supply had an
impact on firm level employment. Over the years 2008-2010, employment at firms with
an exposed pre-crisis primary bank fell by nearly 2% relative to firms with a nonexposed
pre-crisis primary bank. Back-of-the-envelope calculations suggest that the reduction
credit supply can explain roughly 6.2% of the overall reduction in employment from
2007-2008. Over half, but not all of the effect on employment can be attributed to firm
exit.5 Effects on employment for firms with low pre-crisis liquidity were nearly ten times
as large in magnitude as for firms with high liquidity. These results are consistent with
models in which firms use liquid assets to protect their physical and employee search
capital (Boeri et al., 2018) or to pay wages (Melcangi, 2017). We also find that the drop in
credit supply had an effect on the composition of firms’ labour inputs. Broadly consistent
with the empirical findings of Sforza (2019), we show that effects were driven by a drop
in employment in nonmanagerial positions, increasing the ratio of top managers to
nonmanagers thereby decreasing top managers’ span of control. Further, we find that
effects occurred overwhelmingly on employment of low-educated workers. These findings
4 There is a large literature documenting the heavier reliance on trade credit of financially constrained firms

including contributions by Casey and O’Toole (2014), Garcia-Appendini and Montoriol-Garriga (2013),
Petersen and Rajan (1997), and Wilner (2000). Burkart and Ellingsen (2004) develop a model of trade
credit provision in which trade credit and bank debt can be compliments for financially constrained firms.
Crucially, trade credit is less liquid than bank financing and cannot be as easily diverted (used in ways that
do not maximize the borrower’s return, such as paying wages).
5 The evidence in the literature on the importance of the extensive margin is mixed. Bentolila et al. (2018) find
that the majority of job losses due to the drop in credit supply were driven by firm exits, while Berton et al.
(2018) find that firm exit played a smaller role.
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suggest that access to credit may be an important factor in explaining the large aggregate
decrease in employment of low-educated workers through the financial crisis in Denmark.
At the firm level, we also study the effect of the reduction in credit supply on the
tenure profile of firms’ employees. Our estimates suggest a negligible effect on average
years of employee tenure, yet these results may mask heterogeneous effects along the
tenure distribution. More generally, employment effects of a shock to credit supply at
the firm level do not necessitate effects at the worker level. Small or no changes in the
stock of a firm’s employees may hide larger flows in and out of its workforce. Further,
workers may be spared from unemployment when labour markets are able to absorb
employment shed at some firms. In our next set of main results we show that the effects
of the reduction in credit supply did extend to workers. Our empirical approach at the
worker level mirrors that at the firm level, comparing outcomes of workers employed
pre-crisis at firms with an exposed pre-crisis primary bank to those of workers employed
pre-crisis at firms with a nonexposed pre-crisis primary bank. We find a modest positive
effect of the reduction in firm credit supply on the probability of worker unemployment,
yet effects vary substantially with employee characteristics. Nonmanagerial and loweducated workers experienced greater increases in unemployment. Together with our
findings at the firm level, these results suggest that workers in groups most affected by
the cut in employment were not spared from periods of unemployment. Further, we
find substantial effects for employees in low-skill occupations, despite the rising share of
employment in these occupations during the crisis and post-crisis years. Along the tenure
dimension, our results show a significant and persistent increase in unemployment for
short-tenured workers, as well as a positive but temporary effect on unemployment for
longer-tenured workers. These results may reflect differences in firing costs (Cavalcanti,
2004), wages (and therefore immediate costs to the firm; Mincer and Jovanovich, 1979),
or productivity (Shaw and Lazear, 2008).
A primary concern with our research design is that shocks to firms’ credit supply
may correlate with their credit demand. This may be the case if firms borrowing primarily
from exposed banks experienced a dip in credit demand concurring with the drop in
credit supply. Systematic sorting of ‘bad’ (less liquid, more bank-dependent) firms to ‘bad’
(riskier, less capitalised, more wholesale funded) banks may lead our approach to pick up
an effect driven by a mix of supply and demand factors.6 We address this concern in a
number of ways. First, we show that over a broad range of characteristics, the average firm
with an exposed pre-crisis primary bank is remarkably similar to the average firm with a
nonexposed pre-crisis primary bank. Second, in our main empirical approach we include
firm fixed effects and control for a number of pre-crisis covariates interacted with time
dummies to account for factors such as region- and industry-level demand shocks.
6 In the US context, Schwert (2018) finds evidence to the contrary: more bank-dependent firms tend to match

with better capitalised banks. This matching serves to improve access to more bank-dependent firms during
crises and dampens the transmission of credit shocks through the bank lending channel.
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This paper relates to several literatures. Starting with Bernanke (1983), a large literature studies the real effects of disruptions in credit markets.7 The events of the Great
Recession brought renewed interest with a number of empirical studies identifying cuts
to bank lending and estimating their effects at the firm level.8 The literature has paid little
attention, however, to effects within the firm and at the worker level. Exceptions include
Bentolila et al. (2018), Berton et al. (2018), and Popov and Rocholl (2018) who study firms’
use of permanent vs. fixed-term contracts, Sforza (2019) who studies responses in firms’
organizational hierarchies, Moser et al. (2020) who study effects on workers at different
paygrades, and Hochfellner et al. (2015) who study effects on individuals’ employment
status and earnings.9 We contribute to this literature by showing that the reduction in
credit supply led firms to not only decrease employment but also change its composition,
specifically reducing employment of nonmanagerial and low-educated workers. Further,
we show that the effects extended to workers and document which groups were most
affected.
More generally, our paper relates to the literature on firm behaviour in the face
of credit constraints. When capital markets are perfect and complete, as in Modigliani
and Miller (1958), financial constraints have no bearing on firms’ decisions. In contrast,
Greenwald and Stiglitz (1990) propose a theoretical framework in which information
asymmetries in financial markets can lead to financial constraint, affecting investment and
productivity. A large body of literature has attempted to empirically estimate these effects,
as well as the impact of firm financial constraints on innovation (Hall, 2002), exporting
decisions (Greenaway et al., 2007), and even corporate philanthropy (Hong et al., 2012).10
In a paper closely related to ours, Caggese, Cuñat, and Metzger (2019) study the effect of
financial constraints on firms’ firing decisions across worker tenure. Their results suggest
that financial constraints lead firms to sub-optimally let go of less-tenured workers, who
have higher expected productivity growth. Our findings are broadly consistent with theirs,
and in addition, suggest that short-tenured workers also experience persistent increases in
unemployment following separation.
Finally, our paper relates broadly to the literature studying the heterogeneous impacts of recessions across different types of workers. Hoynes (1999) and Hoynes et al.
7 Peek

and Rosengren (1997) offer early empirical evidence of the bank lending channel, while Peek and
Rosengren (2000) study effects on construction activity in US commercial real estate markets.
8 See Alfaro et al. (2019), Bentolila et al. (2018), Campello et al. (2010), Chodorow-Reich (2014), Cingano et al.
(2016), Cortes et al. (2019), Duchin et al. (2010), Huber (2018), and Popov and Rocholl (2018)
9 Compared this paper, these studies differ in important ways. Berton et al. (2018) only have data from a single
region in Italy and only focus on effects at the firm level. Hochfellner et al. (2015) rely on shocks to credit
supply at the regional level rather than through direct firm-bank linkages. Bentolila et al. (2018), Popov and
Rocholl (2018), and Sforza (2019) only focus on effects at the firm level. Importantly, none of these papers
consider differential effects along the tenure dimension.
10 See Stein (2003) for a survey of the empirical literature on firm investment under financial constraints more
generally.
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(2012) show that less educated, nonwhite, and female workers are more vulnerable in
terms of employment and earnings over the business cycle in the US. In the context of the
2008/2009 financial crisis, Hershbein and Kahn (2018) show that worsening economic
conditions led firms to restructure production towards more-skilled workers. We contribute to this literature by documenting that the fall in aggregate employment through
the Great Recession in Denmark occurred largely amongst low-educated, nonmanagerial
workers, and highlight access to credit as a potentially important factor. Further, we show
that workers in these groups suffered real consequences in terms of unemployment.
The remainder of this paper is structured as follows. Section 1.2 provides some
background information on the Danish labour and credit markets, and the financial crisis
in Denmark. Section 1.3 describes the data, sample restrictions, and presents descriptive
statistics. In Section 1.4 we provide evidence of firm-bank relationship persistence in our
data. In Section 1.5 we provide evidence of a shock to firms’ credit supply. Section 1.6
presents and discusses results of the effect of the credit supply shock on outcomes at the
firm and worker levels. Section 1.7 concludes.

1.2.

Background

The Danish banking sector features a few large banks and many medium and small sized
banks. Together, the four largest commercial banks account for upwards of 80 % of total
lending. Bank debt is often the primary source of funding for nonfinancial, particularly
small and medium sized firms in Denmark. This is in part thanks to the Danish tax system
which incentivises debt financing over equity (Abildgren et al., 2014).
Unique to the Danish credit landscape are mortgage lending institutions (realkreditinstitutter). These institutions are funded entirely by publicly traded bonds, are more
regulated than retail banks, and lend exclusively to commercial and private borrowers in
financing real estate purchases. As credit from mortgage lending institutions is securitised
by the value of an underlying property, it is typically available to more attractive terms
than credit from commercial banks. Mortgage lending institutions are therefore often the
lenders of long-term debt, while commercial banks provide marginal, short-term credit
typically used to cover operating expenses (Andersen, 2017).
The Danish labour market is characterised by a unique combination of flexibility
and worker mobility with a comprehensive social security net. A pillar of the Danish
‘flexicurity’ model is the relatively lenient employment protection legislation reflected
in high levels of job turnover (Andersen, 2017). Pay, hours of work, and terms of employment are largely defined by collective agreements between unions and employers’
organisations, and the Salaried Employees Act (funktionærloven) for salaried employees.
In line with the Salaried Employees Act, employers are typically required to provide 1-6
months of notice upon termination of salaried employees depending on the duration
of the employment spell. For non-salary employees, notice requirements are stipulated
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by collective agreements and are often shorter than those for salaried employees. These
features of the Danish labour market, together with the firms’ reliance on bank debt make
Denmark an attractive setting for studying responses in employment to shifts in credit
supply.
In the years prior to the financial crisis, the Danish economy experienced a period
of sustained economic growth with steady inflation and low interest rates. During this
time, growth in credit extended from Danish banks was high and firms became highly
leveraged: in 2007 roughly one-fifth of Danish firms had a debt to assets ratio of at least 80
% (Kuchler, 2015). This growth is evident in the trends in total lending plotted in Figure
1.1(a) and its annual growth rate plotted in Figure 1.1(b).
Parallel to the growth in credit, Denmark’s large and medium sized banks accumulated growing deposits deficits with a collective deficit of nearly 400 billion DKK in 2007
(roughly 63 billion USD). This deficit had built up over time, a result of a general shift
away from mainly deposit-financed lending towards lending financed through short-term
funding acquired on foreign inter-bank markets (Rangvid, 2013). Those Danish banks
that relied to a greater degree on financing via these markets were more exposed to their
fluctuations. Given the global freeze in inter-bank markets that occurred at the onset of
the financial crisis, banks’ pre-crisis deposit deficits can provide one measure of exposure
to the financial crisis. For this reason, a number of empirical studies have looked to banks’
loans to deposits ratios prior to the crisis to capture variation in bank health during the
crisis (Chodorow-Reich, 2014; Jensen and Johannesen, 2017). We follow the literature and
use each bank’s outstanding loans to deposits ratio in 2007 as an indicator of exposure
which we describe in detail in Section 1.3.2.
The financial crisis, triggered by the sudden and unexpected collapse of Lehman
Brothers in September 2008, hit Danish banks and the Danish economy particularly hard.
Many banks experienced serious liquidity shortfalls resulting in a string of bailout packages
introduced by the Danish government. Despite the government’s efforts, between 20082013, 62 banks ceased operations while many others were absorbed by healthier banks
(Rangvid, 2013). The dramatic drop in lending plotted in Figure 1.1 was matched by a
fall in per-capita output and employment growth of roughly 6 % and 4 % respectively
from the third quarter of 2007 to the third quarter of 2009. The fall in employment did
not, however, occur uniformly across worker skill groups and occupations. Figure 1.2
plots trends in employment by worker and occupational skill groups between 2003-2013.
Panel 1.2(a) shows that essentially all of the loss in aggregate employment starting in 2007
occurred amongst workers with at most a primary or secondary level of education (loweducated workers). In contrast, employment of workers with a tertiary level of education
(high-educated workers) remained relatively stable, and if anything, increased slightly.
Panel 1.2(b) plots aggregate employment by occupational skill group, and shows that
employment fell post-2007 in all occupational skill groups, but fell the most in middleskill occupations. While employment in low- and high-skill occupations began to rebound
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Figure 1.1. Lending to Danish Non-Financial Corporations, 2004-2011

(a) Total Lending

(b) Annual Growth in Lending
Source: Danmarks Statistik - statbank.dk/DNMUDL and statbank.dk/PRIS117
Notes: Panel (a) plots real monthly total lending from Danish banks and mortgage lending
institutions to Danish non-financial corporations between January 2004 and December 2011.
Panel (b) plots the annualised growth rate of the monthly lending totals in panel (a).

ESSAYS IN CRIME, LABOUR, AND CREDIT MARKETS
Figure 1.2. Total Employment, 2003-2013
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Notes: Panel (a) plots total employment during the last week of November in each year by educational attainment. Low-educated employees are those workers that have at most completed
a primary or secondary level education. High-educated employees are those workers that have
completed a tertiary level education. Panel (b) plots total employment during the last week of
November in each year by occupational skill group. Low-skill occupations are those in major
groups 5 (service workers and shop and market sales workers) and 9 (elementary occupations) of
the International Standard Classification of Occupations (ISCO-88). Middle-skill occupations are
those in major groups 4 (clerks), 7 (craft and related trades workers), and 8 (plant and machine operators and assemblers) of ISCO-88. High-skill occupations are those in major groups 1 (legislators,
senior officials, and managers), 2 (professionals), and 3 (technicians and associate professionals) of
ISCO-88.
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already in 2009, employment in middle-skill occupations continued to fall through to
2013.

1.3.
1.3.1.

Data
Sources and Sample Selection

The data we use combine administrative information on Danish banks, firms, and individuals. Tax records of all loan and deposit accounts held in Denmark allow us to produce a
novel dataset linking banks to their client firms. In this section we provide a brief overview
of the data and the sample restrictions we imposed; a detailed account of the raw data and
how we constructed the dataset can be found in Appendix 1.A.1.
We begin by constructing an employer-employee matched dataset from administrative registers maintained and provided by Statistics Denmark. We make use of the
Integrated Database for Labour Market Research (IDA) which documents labour market
status during the last week of November in each year for all individuals registered in Denmark. Employer identifiers are provided for each job held, and amongst these, a primary
job is identified for each employee. Importantly, IDA also contains information on the
percentage of each year an individual spent unemployed, and the years of tenure for each
worker-firm match. On the worker side, we supplement the data with comprehensive
demographic, educational, and income information from additional administrative registers. For some worker-firm matches, occupational codes according to the Danish version
of the International Labour Organisation’s International Standard Classification of Occupations (DISCO) are reported. In Denmark, wages in collective agreements are often
based to a large extent on occupational classification ensuring a high accuracy amongst the
occupations reported. On the firm side, we use the Firm-Integrated Database for Labor
Market Research (FIDA) to add detailed background and balance sheet information from
the Firm Accounting Statistics Register (FIRE) as well as information on the year and
month in which firms declared bankruptcy.
Our data’s innovating feature is the complete mapping of Danish banks to their
client firms using tax records provided by the Danish Tax Authority (SKAT). Each year,
all entities in Denmark having issued credit or accepted deposits over the previous 12
months are required to report information on each account open during year, including
the identity of the account holder, the account number, balance, and the sum of interest
payments made on the account over the course of the year.11 These reportings are used to
determine tax obligations and are of accordingly high quality. We collapse the raw data at
11 As opposed to loan level data from national credit registries (Bentolila et al., 2018) or compiled databases

(Chodorow-Reich, 2014), our data pose the limitation of not observing terms and the stated purposes of
credit issued. As such, we are unable to capture changes in credit supply that may manifest themselves
outside of price and quantity, such as with covenants as in Chodorow-Reich and Falato (2018).
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the firm-bank-account-year level to the firm-bank-year level by summing balances and
interest payments across accounts held by the same firm at the same bank in each year. We
do not net out loan and deposit accounts. On the bank side, we add detailed annual balance
sheet information from the Danish Financial Supervisory Authority (Finanstilsynet),
as well as monthly data on lending and deposits from Danmarks Nationalbank’s MFI
statistics.
To arrive at our baseline sample we restrict the data in a number of ways. At the firmlevel, we begin with all active firms in 2007 excluding those in the financial, agricultural,
and public sectors. We then drop all firms with missing balance sheet information in
2007 and those with less than 5 employees, removing many sole-proprietorships and small
family-run businesses. We also remove a small number of firms registered on the islands
of Christansø and Bornholm. Further, we further restrict the sample of firms to those
that had total outstanding loans of at least 5% of total assets in 2007 to discard those firms
for which bank lending constitutes a negligible share of overall financing.

1.3.2.

Measure of Bank Exposure

Having restricted our sample, we construct a measure of banks’ exposure to the financial
crisis in the following way: first, for each firm we identify a primary bank in each year
following Jensen and Johannesen (2017). If a firm has only one banking relationship in
a year, then that bank is its primary bank. If a firm has multiple banking relationships
in a year, then the bank at which the firm has the greatest outstanding loan balance is
its primary bank in that year. If a firm has multiple banking relationships with equal
outstanding loan balances in a year, then the bank at which the firm has the largest balance
of deposits is its primary bank in that year. With this procedure we are able to identify
a primary bank for all firm-years in the sample. We then remove firms from the sample
that had a pre-crisis primary bank that failed between 2008-2011.12 In many cases these
banks were acquired by other banks and clients’ accounts were simply transferred over,
subjecting these clients to a potentially different treatment than from those banks that
did not fail. Together with the previously described sample restrictions, this leave us with
a panel of 13,924 firms covering the years 2004-2011. In 2007, prior to the crisis, the firms
in our sample were connected to 83 primary banks.
Banks which were funding lending to larger degree with financing acquired on
foreign inter-bank markets experienced experienced severe liquidity shortfalls when these
markets froze in 2008. We therefore use each bank’s pre-crisis loans to deposits ratio
as a measure of exposure to the financial crisis. For each bank, we calculate the total
12 The vast majority of banks that failed were small regional banks such that this restriction does not remove

many firms from the sample. The largest banks to fail were Roskilde Bank, the 8th largest bank in Denmark
when it was taken over by Danmarks Nationalbank in August 2008, and Amagerbanken, the 11th largest
bank when it was dissolved by the Danish Financial Supervisory Authority in February, 2011.
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outstanding loans to deposits ratio in 2007 using banks’ balance sheet information. Next,
we line up all firms in the baseline sample by the loans to deposits ratio of their primary
bank in 2007 and split the sample at the median: primary banks of firms at the median
and above are defined as exposed, while primary banks of firms below the median firm are
defined as nonexposed. In this way we end up with roughly the same number of firms
with exposed and nonexposed primary banks in 2007.

1.3.3.

Descriptives

Table 1.1 presents descriptive statistics of firm characteristics in 2007 by primary bank
exposure in 2007. Column 1 reports means and standard deviations for all 13,924 firms in
the baseline sample. Columns 2 and 3 reports these statistics for firms with nonexposed
or exposed primary banks in 2007 respectively. Column 4 reports the ratio of the means
(firms with nonexposed primary banks to firms with exposed primary banks), while
column 5 reports the p-value from a two-sided t-test against the null hypothesis of equal
means between the groups of firms with exposed and nonexposed primary banks in 2007.
In terms of most characteristics in Table 1.1, firms with pre-crisis exposed primary
banks are similar to those with nonexposed pre-crisis primary banks. The top panel of
Table 1.1 contains basic firm demographic characteristics. Apart from firms with a precrisis exposed primary bank being slightly older on average, the two groups of firms are
similar in terms of the share that are located in the Copenhagen region, the share that are
incorporated (A/S firms, or aktieselskaber), and size in terms of number of employees. The
industrial composition of firms in both groups is also relatively similar as displayed in the
middle panel. This alleviates concerns that industry-specific shocks may have correlated
with exposure of firms’ primary banks. Based on the balance sheet characteristics in the
bottom panel, firms in both groups were also similar in terms of financial health. This
alleviates the concern that ‘bad’ (highly leveraged, low-liquidity, inefficient) firms were
systematically matched with ‘bad’ (exposed) banks prior to the crisis.
Compared to the entire population of firms, our sample is fairly representative in
terms of industrial composition, and is comparable to the average Danish firm in terms
of indebtedness and liquidity.13 Given the sample restrictions we impose, our sample
does focus on firms slightly larger than the average Danish firm in terms of number of
employees and revenue.

13 For detailed data on the population of firms in Denmark see the general firm statistics in Tables G1-G7

and the account statistics in Tables REGN2/REGN2X compiled by Statistics Denmark and available at
https://www.statistikbanken.dk/.
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Table 1.1. Pre-crisis Firm Descriptive Statistics

Firm Demographics
Age (Years)
Share in Copenhagen
Share A/S
Number of Employees

Industry
Share Manufacturing
Share Construction
Share Retail
Share ICT
Share Real Estate
Share Business Services

Financials (1,000 2005 DKK)
Revenue
Revenue per Worker
EBITDA
Total Assets
Bank Debt
Bank Deposits
Current Ratio

N

All Firms

Nonexposed
Primary Bank

Exposed
Primary Bank

Ratio of
Means

p-value

14.66
(13.46)
0.07
(0.26)
0.53
(0.50)
36.65
(153.69)

14.16
(13.28)
0.07
(0.25)
0.53
(0.50)
35.07
(149.20)

15.16
(13.62)
0.07
(0.26)
0.54
(0.50)
38.21
(157.99)

0.94

0.34

0.94

0.86

0.99

0.85

0.92

0.70

0.22
(0.42)
0.18
(0.38)
0.44
(0.50)
0.03
(0.17)
0.02
(0.15)
0.10
(0.30)

0.21
(0.41)
0.18
(0.39)
0.45
(0.50)
0.03
(0.17)
0.02
(0.14)
0.10
(0.30)

0.24
(0.43)
0.17
(0.38)
0.43
(0.49)
0.03
(0.17)
0.02
(0.15)
0.10
(0.31)

0.87

0.36

1.07

0.37

1.06

0.12

0.95

0.79

0.88

0.41

0.97

0.72

64,788
(417,110)
1,671
(4,263)
9523
(18,637)
55,556
(581,514)
13,990
(100,378)
1,674
(15,351)
1.26
(1.11)

61,698
(372,189)
1,761
(5,237)
1,172
(19,682)
49,516
(504,917)
12,471
(77,855)
1,502
(15,730)
1.26
(1.22)

67,838
(457,140)
1,583
(3,004)
736
(17,543)
61,516
(648,275)
15,489
(118,467)
1,843
(14,966)
1.26
(0.99)

0.91

0.76

1.11

0.17

1.59

0.37

0.81

0.59

0.81

0.51

0.82

0.51

1.00

0.97

13,924

6,916

7,008

Notes: This table provides descriptive statistics of firm characteristics in 2007 by exposure of firms’ primary
banks in 2007. The sample includes all firms in the baseline sample as described in detail in Section 1.3.1.
Column 1, titled ‘All Firms’, reports means for all firms in the sample. Standard deviations are in parentheses
below. Columns 2 and 3, titled ‘Nonexposed Primary Bank’ and ‘Exposed Primary Bank’, report the same
statistics for firms with nonexposed and exposed primary banks in 2007 respectively. Column 4, titled ‘Ratio
of Means’, reports the ratio of the mean in column 2 to the mean in column 3. Column 5, titled ‘p-value’,
reports the p-value from a two-sided t-test against the null hypothesis of equal means where standard errors
have been clustered at the level of the firm’s primary bank in 2007. A/S (aktieselskaber) firms are stock-based
incorporated firms. ‘ICT’ stands for Information and communications technology. ‘EBITDA’ stands for
Earnings before interest, taxes, depreciation, and amortization and is a widely used indicator of a firm’s
cash flow. The current ratio is the ratio of current liabilities to current assets and measures a firm’s liquidity.
Monetary values have been winsorized at the 1st and 99th percentiles.
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Bank Relationship Persistence

Our approach is based on the premise that firms and banks form relationships which are
sticky. Otherwise, firms borrowing from banks that cut lending could easily and costlessly
switch to borrowing from banks with excess lending capacity, and credit supply from the
initial bank would carry no subsequent implications.
To get a sense of the persistence of banking relationships in the data, we follow
Chodorow-Reich (2014) and estimate the following model:
Rjbt = αb + γ1 Rjbt−1 + γ2 Rjbt−1 × ASjt + ejbt

(1.1)

Rjbt is an indicator variable equal to one if firm j has a banking relationship with bank b
in year t. αb is a bank fixed effect and AS is an indicator variable equal to one if a firm is
an incorporated company (aktieselskab). ejbt is the error term, clustered at the bank level.
The estimated value of γ1 provides an estimate of the likelihood that a firm-bank
relationship survives from year t − 1 to year t, even after controlling for the bank’s market
share (αb ). In a world in which firm-bank relationships were perfectly persistent and
firms never formed new, or ended old relationships after entry, γ1 would be equal to one.
In a world in which firm-bank relationships were completely random in each year, γ1
would be equal to zero. The estimated value of γ2 shows whether the persistence in firmbank relationships is higher or lower for incorporated companies. If bank relationships
are sticky due to asymmetric information (ie. incumbent banks knowing more about
the creditworthiness of existing firm clients than other banks; Sharpe, 1990), then we
should expect relationships to be less persistent for more transparent firms (for there is
less asymmetric information). To the extent that incorporated companies in Denmark
are more transparent, we would expect γˆ2 to be negative if asymmetric information is an
important factor behind firm-bank relationship persistence. If firm-bank relationships
are sticky for other reasons including switching costs (Klemperer, 1987), or bank-market
specialization (Paravisini et al., 2017), then we might expect γˆ2 to be close to zero.
We estimate equation (1.1) using all firm-bank relationships we have data on over
the years 2004-2011 and present the results in Table 1.2. The results show strong evidence
of sticky relationships and suggest that asymmetric information may be a key driver. In
column 1 the dependent variable is an indicator equal to one if the firm had an open
account with the bank in a particular year and zero otherwise. The estimated value of γ1
is 0.882, which means that a bank that was previously in a relationship with a firm has a
roughly 88 percentage point greater likelihood of being in a relationship with that same
firm in the following year than any other bank. The estimated value of γ2 is negative,
indicating that the persistence of banking relationships amongst incorporated, more
transparent, firms is lower. This suggests that asymmetric information may be a key driver
of firm-bank relationship persistence. Column 2 applies a more stringent definition of a
firm-bank relationship where the dependent variable is an indicator equal to one if the
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Table 1.2. Estimates of Firm-Bank Relationship Persistence

Previous year’s
bank
Previous year’s
bank X A/S firm

(1)
Current bank
0.882
(0.001)

(2)
Current lending bank

-0.012
(0.001)

Previous year’s
lending bank

0.833
(0.002)

Previous year’s
lending bank X A/S firm

-0.009
(0.003)

Previous year’s
primary bank
Previous year’s
primary bank X A/S firm
Bank FE
N

(3)
Current primary bank

0.894
(0.002)

Yes
13,430,158

Yes
13,430,158

-0.036
(0.002)
Yes
13,430,158

Notes: This table presents OLS estimates of the persistence of firm-bank relationships using the model in
equation (1.1). The dataset contains one observation for each potential firm-bank relationship in each year.
The dependent variable in column 1 is an indicator variable equal to one if the firm had an open account at a
given bank in a given year and zero otherwise. The independent variable ‘previous year’s bank’ is an indicator
variable equal to one if the firm had an open account at a given bank in the previous year and zero otherwise.
The dependent variable in column 2 is an indicator variable equal to one if the firm had a positive outstanding
loan balance at a given bank in a given year and zero otherwise. The independent variable ‘previous year’s
lending bank’ is an indicator variable equal to one if the firm had a positive outstanding loan balance at
a given bank in the previous year and zero otherwise. The dependent variable in column 3 is an indicator
variable equal to one if the given bank was the firm’s primary bank in a given year and zero otherwise. The
independent variable ‘previous year’s primary bank’ is an indicator variable equal to one if the given bank
was the firm’s primary bank in a given year and zero otherwise. ‘A/S firm’ is an indicator variable equal to one
if the firm is a stock-based incorporated company (aktieselskab) in a given year. Standard errors appear in
parentheses below the estimates and are clustered at the firm level.

firm has an open account and has a positive outstanding loan balance from the bank in a
particular year and zero otherwise. The results in column 2 remain very similar to those in
column 1. Column 3 estimates the persistence of firm-primary bank relationships. Here,
the dependent variable is an indicator equal to one if the bank is the firm’s primary bank in
a particular year and zero otherwise. The results show that firm-primary bank relationships
are estimated to be even more persistent than ordinary firm-bank relationships, and that
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asymmetric information seems to be a particularly important factor.

1.5.
1.5.1.

Evidence of a Shock to Credit Supply
The Bank Lending Channel

In this section we provide evidence of the first of two links in the causal chain transmitting
bank distress to the real economy. This first link is the ‘bank lending channel’ — that
exposed banks reduced their supply of credit to firms relative to nonexposed banks. Figure
1.3 plots mean real lending to domestic nonfinancial firms relative to 2007 from exposed
and nonexposed banks in our sample. Over the pre-crisis years, both types of banks display
similar, upward trends in relative lending. By 2009, lending trends had diverged with
exposed banks exhibiting a slight negative growth rate in lending from 2007 to 2008.
Through the post-crisis years, relative lending from exposed banks remained below that
from nonexposed banks.
The trends plotted in Figure 1.3 are broadly in line with the findings in Kuchler (2012),
and consistent with a drop in relative credit supply from exposed banks.14 They could,
however, also be consistent with a drop in relative credit demand from firms borrowing
from exposed banks. To identify differential trends in lending, while controlling for
firm credit demand, we estimate the following within-firm model for the subset of firms
borrowing from both exposed and nonexposed banks in 2007
log(loansjbt + 1) = θjt + ϕΓt × exposedb + δexposedb + ηjbt

(1.2)

The dependent variable is the log of outstanding loans firm j holds at bank b in year t.
θjt is a firm-year fixed effect, Γt a vector of year dummies (where 2007 is the omitted
year), and exposedb an indicator variable equal to 1 if bank b had a loans to deposits ratio
above the median firm’s primary bank’s, and zero otherwise. The vector ϕ contains the
coefficients of interest. In words, its elements indicate the percentage point increase in
loan balances at exposed banks relative to nonexposed banks in a given year, relative to
2007. The firm-year fixed effects in equation (1.2) absorb all confounding shocks at the
firm-year level, including firm-year specific credit demand shocks. This is an application
of the within estimator proposed by Khwaja and Mian (2008).
Table 1.3 provides estimates of the within-firm model. The results indicate a clear and
persistent shift in borrowing away from exposed towards nonexposed banks, even within
firm-years. Column 1 presents estimates of a parsimonious specification of equation (1.2)
without firm-year fixed effects. From 2008 on, firms decreased their outstanding loan
14 Kuchler (2012) finds that self-reported credit standards in a sample of large and medium-sized Danish banks

were positively related to changes in the interest rate banks were charged on the intra-MFI (inter-bank)
market between Q4 2008 and Q2 2012. Further, the author finds evidence that banks adjusted their credit
standards largely by adjusting the price of credit rather than collateral requirements.
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Figure 1.3. Mean Lending Relative to 2007
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Source: Danmarks Nationalbank - MFI statistics
Notes: This figure plots mean real lending relative to 2007 to Danish non-financial firms from
exposed and nonexposed banks in our sample. The banks in the sample include those banks
identified as primary banks for the firms in our sample following the steps outlined in Sections
1.3.1 and 1.3.2. Further, we restrict the sample of banks to those with positive lending in each year
between 2005 and 2011. Exposed banks are those that have a loans to deposits ratio in 2007 at
and above the median firm’s primary bank’s; nonexposed banks are those with a loans to deposits
ratio in 2007 below the median firm’s primary bank’s. Banks’ relative lending to 2007 has been
winsorized at the 5th and 95th percentiles in each year.

balances at exposed banks significantly more than at nonexposed banks. The small and
insignificant coefficients prior to 2007 indicate that loan balances at exposed and nonexposed banks exhibited parallel trends in growth prior to the financial crisis. Column 2 adds
industry-year, region-year and A/S firm-year fixed effects to the specification estimated in
column 1. These terms control for any possible credit demand shocks at the industry and
region level, and for A/S firms in particular. Finally, column 3 provides estimates of the
full within-firm model including firm-year fixed effects; Figure 1.4 plots these estimates.
The results suggest that by 2009, outstanding loan balances at exposed banks had fallen
by roughly 1 percentage point relative to balances at nonexposed banks.
Comparing the results across the specifications in Table 1.3 sheds light on the direction
and magnitude of any potential bias from not accounting for observed and unobserved
firm-year specific characteristics. Lacking these controls, one interpretation of the results
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Table 1.3. Within-Firm Model Estimates of the Effect of Banks’ Pre-Crisis
Exposure on Firms’ Bank Debt
(1)
Log loans
0.505
(0.546)

(2)
Log loans
0.491
(0.481)

(3)
Log loans
0.476
(0.420)

2004 x Exposed

0.248
(0.350)

0.229
(0.330)

0.209
(0.379)

2005 x Exposed

0.501
(0.353)

0.489
(0.328)

0.458
(0.373)

2006 x Exposed

0.348
(0.261)

0.341
(0.247)

0.328
(0.257)

2008 x Exposed

-0.598
(0.156)

-0.606
(0.150)

-0.633
(0.161)

2009 x Exposed

-0.867
(0.218)

-0.876
(0.204)

-0.920
(0.225)

2010 x Exposed

-1.242
(0.358)

-1.251
(0.341)

-1.291
(0.426)

2011 x Exposed

-1.648
(0.465)
No
No
No
No
27,206

-1.647
(0.440)
No
Yes
Yes
Yes
27,206

-1.684
(0.498)
Yes
No
No
No
27,206

Exposed

Firm-year FE
Industry-year FE
Region-year FE
A/S Firm-year FE
N

Notes: This table presents OLS estimates of the effect of banks’ pre-crisis exposure to the financial
crisis on firms’ outstanding loan balances using the within-firm model in equation (1.2). The
dependent variable in all columns is the log of outstanding loans (10,000 2005 DKK) held by
a firm at a bank it had a relationship with in 2007 plus one. ‘Exposed’ is an indicator equal to
one if the bank at which the loans are held had a loans to deposits ratio equal to or higher than
the median firm’s primary bank’s in 2007 (and as described in detail in Section 1.3.2). A/S firm
refers to stock-based incorporated companies (aktieselskaber). The sample includes all firm-bank
relationships with an average loan balance of at least 2% of average total assets over the years
2004-2011 for firms active in each of those years. Standard errors appear in parentheses below the
respective estimates and are clustered at the bank level (the level of treatment).

in column 1 might be that firms borrowing largely from nonexposed banks experienced
negative relative credit demand shocks during and after the crisis. This may be due, for
instance, to selective sorting of ‘bad’ firms to ‘bad’ (exposed) banks. That the post-2007
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Figure 1.4. Within-Firm Model Estimates of the Effect of Pre-Crisis
Exposure on Firms’ Bank-Specific Outstanding Loans

Effect of exposure on relative borrowing, %
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Notes: This figure plots OLS estimates of the within-firm model including firm-year fixed effects.
The dependent variable is the log of outstanding loans (10,000 2005 DKK) held by a firm in
each year at each bank it had a relationship with in 2007 plus one. The points plotted represent
estimates of the coefficients on interaction terms between year dummies and an indicator for bank
exposure in 2007 as defined in Section 1.3.2. These estimates correspond to those in column 3 of
Table 1.3. The sample includes all firm-bank relationships with an average loan balance of at least
2% of average total assets over the years 2004-2011 for firms active in each of those years. Vertical
bars represent 95% confidence intervals where the standard errors have been clustered at the bank
level (the level of treatment).

estimates in columns 2 and 3 are negative and larger in magnitude than the estimates in
column 1 — after accounting for unobserved industry-year, region-year, A/S firm-year,
and firm-year heterogeneity — suggests that firms borrowing chiefly from exposed banks
in fact exhibited a slight relative increase in credit demand.

1.5.2.

The Firm Borrowing Channel

In this section we provide evidence of the second of two links in the causal chain transmitting bank distress to the real economy. This second link is the ‘firm borrowing channel’ —
that firms were unable to perfectly compensate the drop in credit from exposed banks with
credit from alternate sources. To estimate the effect of pre-crisis primary bank exposure
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on debt outcomes, we employ our main differences-in-differences model,
yjt = λj + γΩt + βΩt exposedj,2007 + φΩt Xj,2007 + υjt

(1.3)

yjt is an outcome for firm j in year t, λj is a firm fixed effect, and Ωt is a vector of year
dummies. exposedj,2007 is an indicator equal to one if firm j’s primary bank had a loan to
deposits ratio in 2007 above the median firm’s primary bank’s, and zero otherwise. Xj,2007
is a vector of firm-level controls from 2007 including indicators for industry, region, and
status as an A/S firm, as well as decile of the pre-crisis distributions of revenue per worker,
EBITDA, and interest rate due across all loans. υjt is the error term clustered at the level
of the firm’s primary bank in 2007, the level of treatment.
For simplicity, and given concerns over the precision of estimates in differencesin-differences models with many time periods (Bertrand et al., 2004), we also employ a
collapsed version of equation (1.3), averaging outcomes over the pre-crisis (2005-2007),
and crisis/post-crisis (2008-2010) years. In all instances where we employ the collapsed
model, we present estimates of the full year-by-year model in Appendix 1.A.2. In addition
to providing a more precise picture of the timing of effects, estimates of the year-by-year
model allow us to evaluate the parallel trends assumption, the key identifying assumption
of our approach.
In each year some firms exit our sample. We retain these firms in the data and assign
a value of zero for monetary and aggregate count variables in years in which the firm is
outside of the sample. The estimates of β in equation (1.3) when we retain in the sample
firms that exit are estimates of the combined extensive and intensive margin effect of the
reduction in credit supply on the particular outcome. Figure 1.5 shows that firms with a
pre-crisis exposed primary bank were slightly more likely to exit the sample in each of the
crisis and post-crisis years, but that the differences were small. In Table 1.14 in Appendix
1.A.2 we present estimates of the full differences-in-differences model for indicator variable
outcomes capturing firm exit. The results confirm the visual evidence in Figure 1.5, and
show a small and statistically significant effect of exposure of the pre-crisis primary bank
on firm exit.
Table 1.4 provides estimates of the collapsed version of equation (1.3) for firms’ bank
debt; Table 1.12 in Appendix 1.A.2 presents companion estimates of the full year-by-year
model. The results show that firms with an exposed pre-crisis bank were largely unable to
compensate the drop in credit supply with financing from other banks. Moving from the
parsimonious specification in column 1 to the full model in column 4, we progressively
add controls for firm characteristics in 2007 and finally firm fixed effects to the model.
The estimates in column 4 suggest that bank debt of firms with an exposed pre-crisis
primary bank fell by roughly 6% over the crisis/post-crisis years relative to the pre-crisis
years. The full year-by-year estimates of this specification are plotted in Figure 1.6. The
estimates of the ‘Post x Exposed’ coefficient remain relatively stable across columns 1-4
suggesting that potential bias due to observed time varying, and unobserved but fixed

26

ESSAYS IN CRIME, LABOUR, AND CREDIT MARKETS

Figure 1.5. Cumulative Percentage of Firms that Exit the Sample by
Exposure of the Pre-Crisis Primary Bank
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Notes: This figure plots the cumulative percentage of firms that exited the sample by each year
by exposure of the pre-crisis primary bank. The sample includes all firms in our baseline sample
as described in Section 1.3.1. Exposure of firms’ pre-crisis primary banks is determined based on
banks’ outstanding loans to deposits ratios as detailed in Section 1.3.2.

firm characteristics is negligible. In columns 5 and 6 we estimate the model for the log
of bank debt from the pre-crisis primary bank, and the log of bank debt from all other
banks respectively. The estimates show that firms with an exposed pre-crisis primary bank
reduced borrowing from their primary bank, while slightly increasing borrowing from all
other banks. While these estimates of the collapsed version of our model lack precision, the
estimates of the full year-by-year model in columns 5 & 6 of Table 1.12 report statistically
significant effects occurring in 2008. Together, these results suggest that firms were unable
to completely offset the reduction in credit supplied from their exposed primary banks
with credit from other banks. Column 7 restricts the sample to include only those firms
that remained active in the years following the financial crisis, producing estimates of the
intensive margin response. The results show that roughly half of the overall effect on total
borrowing in column 4 is due to firms which exit the sample.
The results presented thus far show that firms with a pre-crisis exposed primary bank
exhibited a decrease in the quantity of bank borrowing. Thanks to the detailed nature of
our data, we can also estimate the effect of pre-crisis primary bank exposure on the price
of bank borrowing. To do so, we follow Jensen and Johannesen (2017) and calculate the
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Table 1.4. Differences-in-Differences Estimates of the Effect of Pre-crisis
Primary Bank Exposure on Bank Borrowing

Exposed

Post x Exposed
Covariate-year FE
Municipality-year FE
Industry-year FE
A/S Firm-year FE
Firm FE
Sample
N

Log loans
(1)
0.06
(0.16)

Log loans
(2)
0.02
(0.07)

Log loans
(3)
0.02
(0.06)

Log loans
(4)

Log loans
pre-crisis
pr. bank
(5)

-0.05
(0.03)
No
No
No
No
No
Full
27,848

-0.06
(0.02)
Yes
No
No
No
No
Full
27,848

-0.06
(0.02)
Yes
Yes
Yes
Yes
No
Full
27,848

-0.06
(0.02)
Yes
Yes
Yes
Yes
Yes
Full
27,848

-0.11
(0.07)
Yes
Yes
Yes
Yes
Yes
Full
27,848

Log loans
pre-crisis
npr. banks
(6)

Log loans
(7)

Effective
interest
rate
(8)

0.06
(0.10)
Yes
Yes
Yes
Yes
Yes
Full
27,848

-0.03
(0.03)
Yes
Yes
Yes
Yes
Yes
Surviving Firms
22,088

0.21
(0.07)
Yes*
Yes
Yes
Yes
Yes
IR
16,368

Notes: This table presents OLS estimates of the effect of firms’ pre-crisis primary bank exposure
on bank borrowing using the collapsed version of our main differences-in-differences model in
equation (1.3). The dependent variable in columns 1-4 and 7 is the log of outstanding loans (10,000
2005 DKK) held by a firm in each year across all banks plus one. The dependent variable in column
5 is the log of outstanding loans (10,000 2005 DKK) held by a firm at its 2007 primary bank in
each year plus one. The dependent variable in column 6 is the log of outstanding loans (10,000
2005 DKK) held by a firm at all other banks except for the 2007 primary bank in each year plus
one. The dependent variable in column 8 is the effective interest rate paid by a firm across all loans
in each year, winsorized at the 5th and 95th percentiles in each year. We describe in detail how
we impute the effective interest rate in Section 1.5.2. ‘Exposed’ is an indicator equal to one if the
firm’s pre-crisis primary bank had a loans to deposits ratio at or above the median firm’s primary
bank’s in 2007. ‘Post’ is an indicator equal to one for the crisis/post-crisis years 2008-2010 and
zero otherwise. Covariate-year fixed effects include indicators for decile in the 2007 distribution of
revenue per worker, EBITDA, and the effective interest rate due across all loans interacted with
year dummies. The specification in column 8 does not control for the effective interest rate in 2007.
A/S firm refers to stock-based incorporated companies (aktieselskaber). The sample in columns
1-6 includes all firms in our baseline sample as described in detail in Section 1.3.1. The sample in
column 7 includes firms in the baseline sample that were active in all years between 2008-2011.
The sample in column 8 (IR) includes all firms in the baseline sample that were active and paid a
positive effective interest rate in all years between 2004-2011. Standard errors appear in parentheses
below the respective estimates and are clustered at the level of the firm’s pre-crisis primary bank
(the level of treatment).

effective interest rate for firm j in year t as
irjt =

interestpaidjt
0.5(loansjt + loansj,t−1 )

(1.4)
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Effect of primary bank exposure on bank debt, %

Figure 1.6. Differences-in-Differences Estimates of the Effect of
Pre-Crisis Primary Bank Exposure on Outstanding Loans
.1

0

-.1

-.2
2004

2005

2006

2007

2008

2009

2010

2011

Year

Notes: This figure plots OLS estimates of the effect of firms’ pre-crisis primary bank exposure on
outstanding loans using our year-by-year differences-in-differences model at the firm level. The
dependent variable is the log of outstanding loans (10,000 2005 DKK) held across all banks by a
firm in each year. The points plotted represent estimates of the coefficients on interaction terms
between year dummies and an indicator for exposure of the firm’s primary bank in 2007 (the
elements of β in equation (1.3)). These estimates correspond to those in column 4 of Table 1.12
in Appendix 1.A.2. A firm’s primary bank is defined as exposed if it had a loans to deposits ratio
in 2007 at or above the median firm’s primary bank’s as described in detail in Section 1.3.2. The
sample includes all firms in our baseline sample as described in Section 1.3.1. Vertical bars represent
95% confidence intervals where the standard errors have been clustered at the level of the firm’s
primary bank in 2007 (the level of treatment).

In words, the effective interest rate is calculated as the sum of interest payments made
in year t divided by the average outstanding loan balance at the end of the current and
previous years. The denominator is an approximation of the average amount of loans
outstanding during the current year and implicitly assumes that loan balances evolve
linearly over the course of a year.
The results in column 8 of Table 1.4 show a clear increase in the price of bank debt for
firms with an exposed pre-crisis primary bank. For these firms, the effective interest rate
increased by around 0.2 percentage points post-2007 relative to firms with a nonexposed
pre-crisis primary bank. This positive effect on the effective interest rate is in line with
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that found at the household level by Jensen and Johannesen (2017), albeit a little less
than a third as large in magnitude. Figure 1.7 plots the corresponding estimates from the
full year-by-year model, providing evidence of pre-crisis parallel trends in the effective
interest rate and persistent effects through the crisis and post-crisis years. These results
may capture increases in interest rates at firms’ existing banks, or any increases firms may
experience in newly established new banking relationships. Together with the results
indicating a relative drop in the quantity of borrowing, evidence of a relative increase in
price are indicative of a shift in credit supply.
Figure 1.7. Differences-in-Differences Estimates of the Effect of
Pre-Crisis Primary Bank Exposure on the Effective Interest Rate
Effect of primary bank exposure on eff. ir., pp.
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Notes: This figure plots OLS estimates of the effect of firms’ pre-crisis primary bank exposure on
the effective interest rate using our year-by-year differences-in-differences model at the firm level.
The dependent variable is the imputed effective interest rate paid across all bank loans by a firm in
each year. The points plotted represent estimates of the coefficients on interaction terms between
year dummies and an indicator for exposure of the firm’s primary bank in 2007 (the elements of
β in equation (1.3)). These estimates correspond to those in column 8 of Table 1.12 in Appendix
1.A.2. A firm’s primary bank is defined as exposed if it had a loans to deposits ratio in 2007 at or
above the median firm’s primary bank’s as described in detail in Section 1.3.2. The sample includes
all firms in the baseline sample that were active and paid a positive effective interest rate in all years
between 2004-2011. Vertical bars represent 95% confidence intervals where the standard errors
have been clustered at the level of the firm’s primary bank in 2007 (the level of treatment).

Aside from banks, firms may have been able to compensate for the drop in credit
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supply by amassing debt from other sources. The results in Table 1.5 suggest that firms were
not able to fully do so. Its columns present estimates of the collapsed version of equation
(1.3) for the subset of firms in the baseline sample for which balance sheet figures have
been directly reported by the Danish Tax Authority in each year. Table 1.13 in Appendix
1.A.2 presents companion estimates of the full year-by-year model. The outcome in
columns 1 and 2 is the log of firms’ total debt including debt from banks, mortgage lending
institutions, suppliers, and other creditors. The estimate of the combined extensive and
intensive margin effect in column 1 of pre-crisis primary bank exposure on total debt is
negative, yet imprecisely estimated. The estimate in column 2 is more precisely estimated
and suggests that primary bank exposure was associated with a 2% relative decrease in
overall debt along the intensive margin.
One particular type of alternate financing we might expect firms to turn is trade
credit. The outcome in column 3 of Table 1.5 is the log of total debt to suppliers. The
estimates show that pre-crisis primary bank exposure was associated with a 3% reduction in
debt to suppliers and are consistent with models in which trade credit and debt financing
may be compliments (Burkart and Ellingsen, 2004).
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Table 1.5. Differences-in-Differences Estimates of the Effect of Pre-Crisis
Primary Bank Exposure on Firm Debt

Post x Exposed
Covariate-year FE
Municipality-year FE
Industry-year FE
A/S Firm-year FE
Firm FE
Sample
N

(1)
Log
total
debt
-0.01
(0.03)
Yes
Yes
Yes
Yes
Yes
All NI
12,510

(2)
Log
total
debt
-0.02
(0.01)
Yes
Yes
Yes
Yes
Yes
Surviving NI
10,860

(3)
Log
debt to
suppliers
-0.03
(0.01)
Yes
Yes
Yes
Yes
Yes
Surviving NI
10,860

Notes: This table presents OLS estimates of the effect of firms’ pre-crisis primary bank exposure
on debt using the collapsed version of our main differences-in-differences model in equation (1.3).
The dependent variable in columns 1 and 2 is the log of total debt (10,000 2005 DKK) for a firm in
each year plus one. The dependent variable in column 3 is the log of debt to suppliers (10,000 2005
DKK) for a firm in each year plus one. ‘Exposed’ is an indicator equal to one if the firm’s pre-crisis
primary bank had a loans to deposits ratio at or above the median firm’s primary bank’s in 2007.
‘Post’ is an indicator equal to one for the crisis/post-crisis years 2008-2010 and zero otherwise.
Covariate-year fixed effects include indicators for decile in the 2007 distribution of revenue per
worker, EBITDA, and the effective interest rate due across all loans interacted with year dummies.
A/S firm refers to stock-based incorporated companies (aktieselskaber). The sample in column 1
includes all firms in our baseline sample (as described in detail in Section 1.3.1) for which we have
nonimputed (NI) balance sheet data for each year a firm was active between 2004-2011. The sample
in columns 2 and 3 includes all firms in our baseline sample for which we have nonimputed balance
sheet data and were active in all years from 2008-2011. Standard errors appear in parentheses below
the respective estimates and are clustered at the level of the firm’s pre-crisis primary bank (the level
of treatment).

1.6.

Effect of the Credit Supply Shock on Real
Outcomes

In this section we consider the effects of the reduction in firm credit supply on both
firm and worker level outcomes. Section 1.6.3 presents a rough calculation of aggregate
implications and Section 1.6.4 presents a brief discussion of our findings.
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Firm Level Outcomes

In our first set of main results we consider the effect of the reduction in credit supply on
firm level employment. To do so, we remain with our differences-in-differences model
in equation (1.3) for the log number of employees. Table 1.6 provides estimates of the
collapsed version of our model, while Table 1.15 in Appendix 1.A.2 provides estimates of
the full year-by-year model for each of the same specifications. Though imprecise, the
results in column 1 suggest that exposure of the pre-crisis primary bank was associated
with a nearly 2% relative decrease in total firm level employment from the pre-crisis to
crisis/post-crisis years. The estimated effect in column 1 is a combination of the intensive
and extensive margin effects as the sample includes both firms that remained active post2007 and firms that exited the sample. Firms that exited the sample are recorded as having
zero employees for the years in which they are outside of the sample. Column 2 presents
estimates of the intensive margin effect on employment using the sample of firms that
remained active between 2008-2011. The estimates show that the reduction in credit
supply induced a 0.7% fall in employment, statistically significant at the 10% level. This
suggests that more than half of the overall effect occurred along the extensive margin.
Figure 1.8 plots the full year-by-year estimates of the specification in column 2, validating
the parallel trends assumption and showing that the negative employment effects were
almost entirely concentrated in 2008.
Firms with higher pre-crisis liquidity may have been better able to dampen the effects
of the reduction in credit supply by utilising liquid assets to continue to pay workers’
wages (Jermann and Quadrini, 2012) or to protect their search capital (the cost of attracting
and hiring workers; Boeri et al., 2018). Columns 3 and 4 of Table 1.6 present estimates
of the collapsed version of (1.3) for employment separately for firms with low and high
pre-crisis liquidity. We measure pre-crisis liquidity using each firm’s current ratio (current
assets over current liabilities) in 2007. We then split the sample of firms at the median
current ratio and define firms with a below median pre-crisis current ratio as low liquidity
firms, and firms with a pre-crisis current ratio above the median as high liquidity firms.
The estimates in columns 3 and 4 suggest that the negative effect of the reduction in
credit supply on employment was overwhelmingly concentrated amongst firms with low
pre-crisis liquidity, in line with some previous empirical findings.15
In our next set of main results we use the collapsed version of our main empirical
model in equation (1.3) to study how the reduction in credit supply affected the composition of firms’ employees. The results are presented in Table 1.7; Table 1.16 in Appendix
1.A.2 provides estimates of the full year-by-year model for each of the same specifications.
15 Berg (2016) finds that the negative effect of a loan application rejection on firm level employment is larger

for firms with low liquidity, also measured using the current ratio. Bentolila et al. (2018), however, find
that effects of the credit supply shock to Spanish firms on their employment did not vary with pre-crisis
liquidity, but did vary with other measures of financial fragility including past defaults and loan rejections,
dependence on bank debt, and share of short-term liabilities due within the next year.
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Table 1.6. Differences-in-Differences Estimates of the Effect of Pre-Crisis
Primary Bank Exposure on Firm Level Employment I

Post x Exposed
Covariate-year FE
Municipality-year FE
Industry-year FE
A/S Firm-year FE
Firm FE
Sample
N

(1)
Log employees
-0.019
(0.011)
Yes
Yes
Yes
Yes
Yes
Full

(2)
Log employees
-0.007
(0.004)
Yes
Yes
Yes
Yes
Yes
Surviving Firms

27,848

22,088

(3)
Log employees
-0.015
(0.008)
Yes
Yes
Yes
Yes
Yes
Low Liquidity
Surviving Firms
11,044

(4)
Log employees
0.001
(0.005)
Yes
Yes
Yes
Yes
Yes
High Liquidity
Surviving Firms
11,044

Notes: This table presents OLS estimates of the effect of firms’ pre-crisis primary bank exposure on
employment using the collapsed version of our main differences-in-differences model in equation
(1.3). The dependent variable in all columns is the log of employees for a firm in each year plus
one. ‘Exposed’ is an indicator equal to one if the firm’s pre-crisis primary bank had a loans to
deposits ratio at or above the median firm’s primary bank’s in 2007. ‘Post’ is an indicator equal
to one for the crisis/post-crisis years 2008-2010 and zero otherwise. Covariate-year fixed effects
include indicators for decile in the 2007 distribution of revenue per worker, EBITDA, and the
effective interest rate due across all loans interacted with year dummies. A/S firm refers to stockbased incorporated companies (aktieselskaber). The sample in column 1 includes all firms in our
baseline sample (as described in detail in Section 1.3.1). The sample in column 2 includes all firms
in our baseline sample which remained in the sample between 2008-2011. The sample in column 3
includes firms in the baseline sample that remained in the sample from 2008-2011 with a current
ratio (current assets/current liabilities) in 2007 in the bottom half of the distribution of current
ratios. The sample in column 4 includes firms in the baseline sample that remained in the sample
from 2008-2011 with a current ratio in 2007 in the top half of the distribution of current ratios.
Standard errors appear in parentheses below the respective estimates and are clustered at the level
of the firm’s pre-crisis primary bank (the level of treatment).

The sample in all columns includes only those firms that remained in the sample in all
years between 2008-2011 providing estimates of effects along the intensive margin. The
outcome variables in columns 1 and 2 are log employment of managers and nonmanagers
respectively. Information on managerial status of employees stems from mandatory annual employer reports to the Danish Tax Authority and is available in the raw IDA data.
The estimates in columns 1 and 2 suggest that the negative intensive margin employment
effects of the reduction in credit supply were largely concentrated amongst nonmanagerial
workers. Firms with an exposed pre-crisis primary bank reduced employment in nonmanagerial positions by roughly 1% while employment in managerial positions remained
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Effect of primary bank exposure on employment, %

Figure 1.8. Differences-in-Differences Estimates of the Effect of
Pre-Crisis Primary Bank Exposure on Intensive Margin Employment
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Notes: This figure plots OLS estimates of the effect of firms’ pre-crisis primary bank exposure
on employment using our year-by-year differences-in-differences model at the firm level. The
dependent variable is the log of the number of employees at a firm in each year plus one. The
points plotted represent estimates of the coefficients on interaction terms between year dummies
and an indicator for exposure of the firm’s primary bank in 2007 (the elements of β in equation
(1.3)). These estimates correspond to those in column 2 of Table 1.15 in Appendix 1.A.2. A firm’s
primary bank is defined as exposed if it had a loans to deposits ratio in 2007 at or above the median
firm’s primary bank’s as described in detail in Section 1.3.2. The sample includes all firms in our
baseline sample as described in Section 1.3.1 that were active in all years between 2004-2011. Vertical
bars represent 95% confidence intervals where the standard errors have been clustered at the level
of the firm’s primary bank in 2007 (the level of treatment).

largely unaltered. These results are broadly consistent with the empirical findings of Sforza
(2019) and may reflect differences in firing costs (Pfann, 2006), tenure, or expected future
productivity (Caggese, Cuñat, and Metzger, 2019).16
Aside from hierarchical adjustments, firms may have also adjusted the skill composition of their employees. The outcome variables in columns 3 and 4 of Table 1.7 are log
employment of low- and high-educated workers respectively. We classify workers as low16 The rough categorization of firms’ managerial hierarchies we use is courser than that of Sforza (2019) who

finds that firms faced with a credit supply shock reduced employment most amongst middle managerial
positions. Our findings do, however, confirm a positive effect on the span of control (number of workers
per manager) of top managerial workers.

REAL EFFECTS OF CREDIT SUPPLY SHOCKS

35

Table 1.7. Differences-in-Differences Estimates of the Effect of Pre-Crisis
Primary Bank Exposure on Firm Level Employment II

Post x Exposed
Covariate-year FE
Municipality-year FE
Industry-year FE
A/S Firm-year FE
Firm FE
Sample
N

Log
managers
(1)
0.003
(0.010)
Yes
Yes
Yes
Yes
Yes
Surviving
Firms
22,088

Log
nonmanagers
(2)
-0.010
(0.004)
Yes
Yes
Yes
Yes
Yes
Surviving
Firms
22,088

Log low-educated
employees
(3)
-0.008
(0.005)
Yes
Yes
Yes
Yes
Yes
Surviving
Firms
22,088

Log high-educated
employees
(4)
0.002
(0.004)
Yes
Yes
Yes
Yes
Yes
Surviving
Firms
22,088

Mean employee
tenure
(5)
-0.014
(0.027)
Yes
Yes
Yes
Yes
Yes
Surviving
Firms
22,088

Notes: This table presents OLS estimates of the effect of firms’ pre-crisis primary bank exposure
on employment outcomes using the collapsed version of our main differences-in-differences model
in equation (1.3). The dependent variables in columns 1 and 2 are log of employees in managerial
and nonmanagerial positions at a firm in a year plus one respectively. The dependent variables
in columns 3 and 4 are the log number of low-educated and high-educated employees in a year
plus one respectively. Low-educated employees are those workers that have at most completed
a primary or secondary level education. High-educated employees are those workers that have
completed a tertiary level education. The dependent variable in column 5 is the average tenure in
years of a firm’s employees in a year. ‘Exposed’ is an indicator equal to one if the firm’s pre-crisis
primary bank had a loans to deposits ratio at or above the median firms’ primary bank’s in 2007.
‘Post’ is an indicator equal to one for the crisis/post-crisis years 2008-2010 and zero otherwise.
Covariate-year fixed effects include indicators for decile in the 2007 distribution of revenue per
worker, EBITDA, and the effective interest rate due across all loans interacted with year dummies.
A/S firm refers to stock-based incorporated companies (aktieselskaber). The sample in all columns
includes all firms in our baseline sample (as described in detail in Section 1.3.1) that remain in the
sample from 2008-2011. Standard errors appear in parentheses below the respective estimates and
are clustered at the level of the firm’s pre-crisis primary bank (the level of treatment).

or high-educated based on the highest level of education completed: workers who have
completed at most a primary or secondary level education are defined as low-educated,
and workers who have completed a tertiary level education are defined as high-educated.
While noisy, the estimates suggest that firms largely reduced their employment of loweducated workers in response to the shock to credit supply. A closer look at the timing
of the effects from the full year-by-year model in Table 1.16 in Appendix 1.A.2 shows a
significant negative effect on employment of low-educated workers along the intensive
margin of roughly 1.2% in 2008. These findings are consistent with Berton et al. (2018)
and suggest that firms facing a reduction in credit supply not only downsized, but also
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changed their mix of labour inputs. In column 5 we study the effect of the shock to credit
supply on the average years of employee tenure. The results do not provide evidence of a
significant effect, which could be due to a number of reasons. First, employee tenure may
not be a relevant dimension upon which firms decide to cut employment when facing
a shock to credit supply. Second, short-tenured employees may be let go and partially
replaced with new hires with no tenure, effectively changing the average years of tenure at
a firm very little. Third, firms may be inclined to cut employment on both ends of the
tenure distribution effectively changing the average employee years of tenure very little.
We next turn to estimating the effects of the reduction in firm credit supply on worker
level outcomes in an attempt to distinguish between these alternative explanations.

1.6.2.

Worker Level Outcomes

The results presented thus far suggest that firms facing a reduction in credit supply reduced employment. In a frictionless labour market, workers affected by the squeeze on
employment might transition directly to a new employer at terms reflecting their productive capacity. In a labour market with frictions or during a recessionary period, however,
workers may experience a period of unemployment and reduced earnings. In our next set
of main results we estimate the effect of pre-crisis primary bank exposure on real outcomes
for workers. To do this, we adapt our main differences-in-differences approach to the
worker level with the following model:
yijt = ψi + γΩt + βΩt exposedij,2007 + φΩt Xj,2007 + πΩt Wi,2007 + νijt

(1.5)

for worker i employed in 2007 at firm j in year t. ψi is a worker fixed effect. exposedij,2007
is an indicator variable equal to one if the firm j that worker i was employed at in 2007
had a primary bank that was exposed to the financial crisis in 2007. Ωt is a vector of year
dummies and Xj,2007 is the same vector of pre-crisis characteristics for firm j as in equation
(1.3). Wi,2007 is a vector of pre-crisis individual characteristic measured in 2007, including
an indicator variable equal to one if the individual had completed tertiary education, and
an indicator variable equal to one if the individual was born in Denmark. νijt is the error
term which we cluster at the level of firm j’s primary bank in 2007 — the level of treatment.
As with the analyses at the firm level, we primarily refer to estimates of a collapsed version
of equation (1.5) where outcomes over the years 2005-2007 have been averaged in to
a pre-crisis period, and outcomes over the years 2008-2010 have been averaged in to a
crisis/post-crisis period.
We restrict the sample of workers to include all employees aged 35 to 60 who were
employed in 2007 at one of the firms in our baseline sample. We remove a small number of
individuals for whom we have missing information in any year between 2004-2011 leaving
us with a balanced panel of 259,441 workers. Table 1.8 reports descriptive statistics in 2007
for the workers in our sample by exposure of their employer’s pre-crisis primary bank.
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Table 1.8. Pre-crisis Worker Descriptive Statistics

Age (Years)
Share Female
Share Danish Born
Years of Education
Share Tertiary Education
Share Managers
Experience (Years)
Tenure (Years)
Share New Hires
Share in First Job

N

All
Workers
45.99
(7.23)
0.31
(0.46)
0.94
(0.23)
13.41
(2.45)
0.13
(0.33)
0.05
(0.22)
22.15
(8.87)
5.74
(6.76)
0.19
(0.39)
0.01
(0.08)

Nonexposed
Primary
Bank
45.81
(7.21)
0.32
(0.47)
0.94
(0.24)
13.32
(2.42)
0.11
(0.31)
0.05
(0.23)
21.90
(8.86)
5.52
(6.55)
0.20
(0.40)
0.01
(0.08)

Exposed
Primary
Bank
46.14
(7.23)
0.30
(0.46)
0.95
(0.23)
13.48
(2.48)
0.14
(0.35)
0.05
(0.22)
22.37
(8.87)
5.93
(6.93)
0.18
(0.39)
0.01
(0.07)

259,441

119,498

139,943

p-value
0.00

Shorttenured
workers
44.91

Midtenured
workers
45.78

Longtenured
workers
48.13

1.06

0.01

0.33

0.31

0.28

0.99

0.04

0.93

0.94

0.97

0.99

0.00

13.46

13.60

13.30

0.77

0.02

0.13

0.14

0.10

1.08

0.00

0.04

0.06

0.07

0.98

0.02

19.80

22.22

26.28

0.93

0.12

0.71

5.12

16.11

1.05

0.46

0.40

0.00

0.00

1.09

0.45

0.01

0.01

0.00

119,221

73,280

66,940

Ratio of
Means
0.99

Notes: This table provides descriptive statistics of worker characteristics in 2007 by exposure of
workers’ firms’ primary banks in 2007. The sample includes all workers employed at firms in the
baseline sample as described in detail in Section 1.3.1. Column 1, titled ‘All Workers’, reports means
for all workers in the sample. Standard deviations are in parentheses below. Columns 2 and 3, titled
‘Nonexposed Primary Bank’ and ‘Exposed Primary Bank’, report the same statistics for workers
employed at firms with nonexposed and exposed primary banks in 2007 respectively. Column
4, titled ‘Ratio of Means’, reports the ratio of the mean in column 2 to the mean in column 3.
Column 5, titled ‘p-value’, reports the p-value from a two-sided t-test against the null hypothesis
of equal means where standard errors have been clustered at the level of the worker’s firm’s primary
bank in 2007. Columns 6, 7, and 8 report means for short-, mid-, and long-tenured workers
in 2007 respectively. Short-tenured workers are those workers with two or less years of tenure.
Mid-tenured workers are those workers with between 3 and 8 years of tenure. Long-tenured
workers are those workers with 9 or more years of tenure.

While workers employed at firms with an exposed pre-crisis primary bank are, on average,
slightly older, more educated, tenured, experienced, and more likely to be male and born
in Denmark, the differences in these averages across groups are relatively small when
considering the ratio of means. A large body of research shows that individuals sharing
the characteristics of workers at firms with exposed pre-crisis primary banks are more
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attached to the labour market and fare better during recessions.17 As such, the balance of
characteristics between workers at firms with exposed and nonexposed pre-crisis primary
banks may serve to dampen any potential negative effects of the reduction in credit supply
on workers’ labour market outcomes.
Table 1.9 presents estimates of the collapsed version of equation (1.5) for workers’
unemployment outcomes; Table 1.17 in Appendix 1.A.2 reports companion estimates of
the full year-by-year model. The outcome variable in all columns is an indicator equal
to 1 if worker i was unemployed at any time during year t, and zero otherwise.18 The
estimates in column 1 suggest that workers employed at firms with an exposed pre-crisis
primary bank were 0.4% more likely to experience a period of unemployment between
2008-2010 than those employed at firms with a nonexposed pre-crisis primary bank. This
estimated average effect for all workers in the sample masks considerable heterogeneity
by position in the firm and educational attainment. In columns 2 and 3, we estimate
the model for unemployment separately for workers employed in 2007 in managerial
and nonmanagerial positions respectively. The results clearly show that the effect of the
reduction in credit supply on unemployment was highly concentrated amongst workers
in nonmanagerial positions. Being employed at a firm with an exposed pre-crisis primary
bank is associated with a 0.4% increase in the likelihood of experiencing unemployment
post-2007 for workers in nonmanagerial positions. Similarly, total effects at the worker
level are shown to be driven by low-educated workers. Exposure of the pre-crisis primary
bank is associated with a 0.4% increase in the likelihood for low-educated workers, but does
not seem to have an effect on the risk of unemployment for high-educated workers. Figures
1.9(a) and 1.9(b) plot the estimates from the full year-by-year model for an indicator of
unemployment amongst nonmanagerial workers and low-educated workers respectively.
The small and insignificant estimates on the exposure-year dummy interaction terms for
the years prior to 2007 lend credibility to our identifying assumption of pre-treatment
parallel trends in unemployment. The magnitude and significance of the estimates in 2008
17 See Hoynes et al. (2012) for an overview in the US context; Andersen (2017) in the Danish context. Clark and

Summers (1981), and more recently Jaimovich and Siu (2009) provide evidence that volatility of employment
and hours worked is higher for young workers than prime-aged and elderly workers across the G7 countries.
Hoynes (1999) shows that employment and earnings of less educated, nonwhite, and particularly female
workers are more cyclically volatile using US data. Bratsberg et al. (2004) use Norwegian register data to show
that the earnings of immigrants from non-OECD countries are more sensitive to local unemployment than
that of natives. Orrenius and Zavodny (2010) show that Mexican immigrants in the US were particularly
hard hit by the Great Recession both overall and within education groups. Arozamena and Centeno (2006)
present empirical evidence that the wage-unemployment rate elasticity is lower for more tenured workers.
Hershbein and Kahn (2018) find that firms increased education and experience requirements, within both
occupation and firm, during the 2008/2009 financial crisis.
18 We construct this outcome variable using information on the fraction the year that an individual received
unemployment benefits, available in the IDA database. This information builds on records of unemployment that were sourced until 2007 from the Centrale register for arbejdsmarkedsdata (CRAM), and from
2008 on from Personer uden Ordinaer Beskaeftigelse statistics
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Figure 1.9. Effects of Pre-Crisis Primary Bank Exposure on Worker
Unemployment
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Notes: This figure plots OLS estimates of the effect of firms’ pre-crisis primary bank exposure on employee
outcomes using our year-by-year differences-in-differences model at the worker level. The dependent variable in all
panels is an indicator variable equal to one if the worker spent any part of the year unemployed. The points plotted
represent estimates of the coefficients on interaction terms between year dummies and an indicator for exposure of
the firm’s primary bank in 2007 (the elements of β in equation (1.5)). A worker’s firm’s primary bank is defined as
exposed if it had a loans to deposits ratio in 2007 at or above the median firm’s primary bank’s as described in detail
in Section 1.3.2. The baseline sample of workers includes all workers between age 35-60 employed in 2007 at firms in
our baseline sample of firms. Panel (a) shows estimates of the effect for workers in nonmanagerial positions. Panel
(b) shows estimates of the effect for low-educated workers. Low-educated workers are those employees that have at
most completed a primary or secondary level education. Panel (c) shows estimates of the effect for short-tenured
workers. Short-tenured workers are those workers with two or less years of tenure. Panel (d) shows estimates of
the effect for workers in low-skill occupations. Low-skill occupations are those in major groups 5 (service workers
and shop and market sales workers) and 9 (elementary occupations) of the International Standard Classification
of Occupations (ISCO-88). Vertical bars represent 95% confidence intervals where the standard errors have been
clustered at the level of the worker’s firm’s primary bank in 2007 (the level of treatment).
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Table 1.9. Differences-in-Differences Estimates of the Effect of Pre-Crisis
Primary Bank Exposure on Worker Unemployment I

Firm covariate-year FE
Worker covariate-year FE
Municipality-year FE
Industry-year FE
A/S Firm-year FE
Worker FE
Sample

(1)
0.004
(0.002)
Yes
Yes
Yes
Yes
Yes
Yes
All

(2)
0.002
(0.003)
Yes
Yes
Yes
Yes
Yes
Yes
Managers

Unemployment
(3)
0.004
(0.002)
Yes
Yes
Yes
Yes
Yes
Yes
Nonmanagers

N

518,882

26,720

492,162

Post x Exposed

(4)
0.004
(0.002)
Yes
Yes
Yes
Yes
Yes
Yes
Loweducated
446,906

(5)
0.000
(0.004)
Yes
Yes
Yes
Yes
Yes
Yes
Higheducated
66,296

Notes: This table presents OLS estimates of the effect of workers’ firms’ pre-crisis primary bank exposure on worker unemployment using the collapsed version of our main differences-in-differences
model in equation (1.5). The dependent variable in all columns is an indicator variable equal to one
if the worker spent any part of the year unemployed. ‘Exposed’ is an indicator equal to one if the
firm’s pre-crisis primary bank had a loans to deposits ratio at or above the median firm’s primary
bank’s in 2007. ‘Post’ is an indicator equal to one for the crisis/post-crisis years 2008-2010 and zero
otherwise. Firm covariate-year fixed effects include indicators for decile in the 2007 distribution of
revenue per worker, EBITDA, and the effective interest rate due across all loans interacted with
year dummies. Worker covariate-year fixed effects include an indicator for being born in Denmark
and an indicator for having completed tertiary education by 2007 interacted with year dummies.
A/S firm refers to stock-based incorporated companies (aktieselskaber). The sample in column
1 includes all workers between age 35-60 employed at firms in our baseline sample (as described
in detail in Section 1.3.1) in 2007. The sample in columns 2 and 3 includes all workers employed
in managerial and nonmanagerial positions in 2007 respectively. The sample in columns 4 and 5
includes all low- and high-educated workers employed at firms in our sample in 2007 respectively.
Low-educated workers are those employees that have at most completed a primary or secondary
level education. High-educated workers are those employees that have completed a tertiary level
education. Standard errors appear in parentheses below the respective estimates and are clustered
at the level of the firm’s pre-crisis primary bank (the level of treatment).

and 2009 suggest that the bulk of the effect of the reduction in credit supply occurred in
these years.
We further study how the effects on worker unemployment varied by tenure and
occupational skill group. Columns 1-3 in Table 1.10 estimate our worker level model
separately for short- (0-2 years), mid-(3-8 years), and long-tenured (9+ years) workers.
The results show that effects were highly concentrated on short-tenured workers as these
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Table 1.10. Differences-in-Differences Estimates of the Effect of
Pre-Crisis Primary Bank Exposure on Worker Unemployment II

Post x Exposed
Firm covariate-year FE
Worker covariate-year FE
Municipality-year FE
Industry-year FE
A/S Firm-year FE
Worker FE
Sample
N

(1)
0.005
(0.002)
Yes
Yes
Yes
Yes
Yes
Yes
Shorttenured
238,442

(2)
0.001
(0.003)
Yes
Yes
Yes
Yes
Yes
Yes
Midtenured
146,560

(3)
0.001
(0.002)
Yes
Yes
Yes
Yes
Yes
Yes
Longtenured
129,282

Unemployment
(4)
0.015
(0.004)
Yes
Yes
Yes
Yes
Yes
Yes
Low-skill
occupations
67,386

(5)
0.004
(0.003)
Yes
Yes
Yes
Yes
Yes
Yes
Middle-skill
occupations
224,454

(6)
0.000
(0.001)
Yes
Yes
Yes
Yes
Yes
Yes
High-skill
occupations
145,836

Notes: This table presents OLS estimates of the effect of workers’ firms’ pre-crisis primary bank exposure on worker unemployment using the collapsed version of our main differences-in-differences
model in equation (1.5). The dependent variable in all columns is an indicator variable equal to one
if the worker spent any part of the year unemployed. ‘Exposed’ is an indicator equal to one if the
firm’s pre-crisis primary bank had a loans to deposits ratio at or above the median firm’s primary
bank’s in 2007. ‘Post’ is an indicator equal to one for the crisis/post-crisis years 2008-2010 and zero
otherwise. Firm covariate-year fixed effects include indicators for decile in the 2007 distribution of
revenue per worker, EBITDA, and the effective interest rate due across all loans interacted with
year dummies. Worker covariate-year fixed effects include an indicator for being born in Denmark
and an indicator for having completed tertiary education by 2007 interacted with year dummies.
A/S firm refers to stock-based incorporated companies (aktieselskaber). The sample in column
1 includes all workers between age 35-60 employed at firms in our baseline sample (as described
in detail in Section 1.3.1) in 2007. The sample in columns 1, 2, and 3 includes all short-, mid-, and
long-tenured workers employed at firms in our sample in 2007 respectively. Short-tenured workers
are those workers with two or less years of tenure. Mid-tenured workers are those workers with
between 3 and 8 years of tenure. Long-tenured workers are those workers with 9 or more years of
tenure. The sample in column 4 includes all workers employed in low-skill occupations in 2007.
Low-skill occupations are those in major groups 5 (service workers and shop and market sales workers) and 9 (elementary occupations) of the International Standard Classification of Occupations
(ISCO-88). The sample in column 5 includes all workers employed in middle-skill occupations
in 2007. Middle-skill occupations are those in major groups 4 (clerks), 7 (craft and related trades
workers), and 8 (plant and machine operators and assemblers) of ISCO-88. The sample in column
6 includes all workers employed in high-skill occupations in 2007. High-skill occupations are those
in major groups 1 (legislators, senior officials, and managers), 2 (professionals), and 3 (technicians
and associate professionals) of ISCO-88.

workers experienced a 0.5% increase in the probability of unemployment over the period
2008-2010. The results of the full year-by-year model in Table 1.18 in Appendix 1.A.2 show
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that effects for short-tenured workers were largest in magnitude in 2009 and remained
persistently high through 2011. We also find evidence of a smaller, less precisely estimated
effect on unemployment in 2008 for long-tenured workers.
In columns 4-5, we estimate our model of worker level unemployment separately by
the occupational skill group workers were employed in in 2007. To classify occupations
in to skill categories we rely on employer reported occupational codes according to the
International Standard Classification of Occupations (ISCO). We follow standard occupational skill classifications (OECD, 2019) and categorise occupations in ISCO major groups
5 (service workers and shop and market sales workers) & 9 (elementary occupations) as
low-skill occupations, 4 (clerks), 7 (craft and related trades workers) & 8 (plant and machine operators and assemblers) as middle-skill occupations, and 1 (legislators, senior
officials, and managers), 2 (professionals) & 3 (technicians and associate professionals)
as high-skill occupations. The results clearly show that the effect of the reduction in
credit supply on unemployment was highly concentrated amongst workers employed in
low-skill occupations in 2007. Being employed at a firm with an exposed pre-crisis primary
bank is associated with a 1.5% increase in the likelihood of experiencing unemployment
post-2007 for workers in low-skill occupations. The effect for workers in middle-skill
occupations remains positive, yet less than a third as large in magnitude as that for workers
in low-skill occupations, while there appears to be no evidence of an effect for workers
in high-skill occupations. Figures 1.9(c) and 1.9(d) plot the estimates from the full yearby-year model for an indicator of unemployment amongst short-tenured workers and
workers in low-skill occupations respectively. The small and insignificant estimates on
the exposure-year dummy interaction terms for the years prior to 2007 lend credibility
to our identifying assumption of pre-treatment parallel trends in unemployment. The
magnitude and significance of the estimates in 2008 and 2009 suggest that the bulk of the
effect of the reduction in credit supply occurred in these years.

1.6.3.

Aggregate Implications

Following Chodorow-Reich (2014), we can use our estimates in Section 1.6.1 together with
the following two assumptions to infer the extent to which the shock to credit supply
drove the fall in aggregate employment from 2007-2008 in our sample.
1. The total effect of the shock to credit supply on employment is the sum of the
direct effects at the firm level.
2. Nonexposed banks did not shift their supply of credit.
Both assumptions are, indeed, quite strong. To the extent that these assumptions do not
hold, however, our simple calculations of the aggregate effect will represent a lower bound
on the true effect on employment in our sample.
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Let us first define counterfactual log employment for firm j in 2008 if its pre-crisis
primary bank was nonexposed
ỹj,2008 (exposedj,2007 ) ≡ E[yj,2008 |exposedj,2007 = 0]
≡ ŷj,2008 − (β̂2008 × exposedj,2007 )
ŷj,2008 is the fitted value of log employment in 2008 from our main differences-in-differences
model. exposedj,2007 is an indicator equal to one if the firm’s primary pre-crisis bank was exposed to the financial crisis. β̂2008 is the estimate from our main differences-in-differences
model of the coefficient on the interaction term between exposedj,2007 and a year dummy
for the year 2008. The total decrease in employment (in levels) from 2007 to 2008 due to
the shock to credit supply is then
Õ
Õ
exp(ŷj,2008 ) −
exp(ỹj,2008 )
exposedj,2007 =1

exposedj,2007 =1

That is, for firms with an exposed pre-crisis primary bank, we sum predicted employment
and subtract the sum of counterfactual employment. The share of the total decrease in
employment from 2007-2008 that can be explained by the shock is then
Í
Í
exposedj,2007 =1 exp(ŷj,2008 ) − exposedj,2007 =1 exp(ỹj,2008 )
Í
Í
(1.6)
j exp(yj,2008 ) − j exp(yj,2007 )
A summary of our calculations is presented in Table 1.11. From 2007-2008 employment at the firms in our sample declined by roughly 72,000 or 14%. The shock to credit
supply through exposure of pre-crisis primary banking relationships accounts for roughly
6% of this fall.

1.6.4.

Discussion

The results presented in Section 1.6.1 suggest that the reduction in credit supply caused
firms to reduce employment, in line with previous empirical findings. It remains an open
question, however, which mechanisms drive the link between credit and employment. The
theoretical literature offers a number of possibilities. Petrosky-Nadeau (2014), PetroskyNadeau and Wasmer (2013), and Wasmer and Weil (2004) introduce credit markets with
search frictions in to a standard search and matching model of the labour market. With
greater frictions in the credit market, it is harder for firms to access credit and they do
not post as many vacancies. Monacelli et al. (2011) instead focus on the wage bargaining
process building a model in which higher debt reduces the net surplus which firms and
workers negotiate over. Access to credit allows firms to accumulate more debt and bargain
for lower wages, increasing the incentive to create jobs. More recently a number of papers
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Table 1.11. Aggregate Implications of the Shock to Credit Supply on
Employment
Change in Employment

2007-2008
-72,090

% Change in Employment

-14.1%

Share of Change in Employment due to Shock

6.2%

Notes: This table presents a basic summary of the total loss in employment from 2007-2008 at
firms in our sample, and the share of this loss which can be explained by the reduction in credit
supply following the calculations laid out in Section 1.6.3. The change in employment in row 1
represents the difference in the sum of employees at firms in our baseline sample between 2007
and 2008. This includes those firms which exited the sample due to bankruptcy or other reasons.
The change in employment in row 1 corresponds to the % change in employment displayed in
row 2. Row 3 presents the share of the fall in employment in row 1 that can be explained by the
shock to credit supply in equation (1.6). In arriving at this calculation we make two assumptions:
1. the total effect of the shock to credit supply on employment is the sum of the direct effects at
the firm level, and 2. nonexposed banks did not shift their supply of credit. The denominator of
(1.6) is the change in employment in row 1. The numerator is the difference between the sum of
predicted employment from model (1.3) and counterfactual employment in 2008 for firms with an
exposed pre-crisis primary bank. Counterfactual employment in 2008 for firms with an exposed
pre-crisis primary bank is taken to be the predicted value of employment less the estimated effect
of pre-crisis primary bank exposure.

have focused on the role of liquidity. Garín (2015), Jermann and Quadrini (2012), and
Melcangi (2017) build models in which financial frictions constrain firms’ holdings of
liquid assets which are needed to prepay employees salaries. Boeri et al. (2018) incorporate
firm credit constraints in the form of limited pledgeability into a standard job search
model where firms hold liquid assets for precautionary reasons.19 Frictions in the credit
market lead firms to increase the amount of liquidity they hold at the expense of investing
in greater capacity and more employees. Our findings that the employment impacts of
the reduction in credit supply were greatest for firms with low pre-crisis liquidity lend
credence to these theories.

19 Limited pledgeability introduced by Holmstrom and Tirole (2011) captures the idea that firms can only

commit repay a portion of expected future income when securing financing. This may be the case when
part of the income from a particular project or investment is nonpecuniary in nature, or cannot otherwise
easily be transferred to the creditor. In addition, the firm must have a sufficiently large stake in the outcome
of the project or investment to have the proper incentives to maximise the expected future gain.
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At the firm level we further find that credit supply induced cuts to employment
occurred largely amongst employment of nonmanagerial and low-educated workers.
These results suggest that firms not only downscaled in terms of their use of labour, but
also changed the skill composition and hierarchical structure of their workforce. The
extent to which the above mentioned mechanisms are of greater relevance for employment
in nonmanagerial positions and low-educated workers may help in rationalising our
findings. For instance, firms that become strapped for liquidity due to a reduction in
credit supply may alter their demand for production inputs in such a way that forces
them to reduce immediate costs at the expense of future productivity (Caggese and Cuñat,
2008; Caggese, Cuñat, and Metzger, 2019; Eisfeldt and Rampini, 2006). If adjustment
costs for employment of low-educated, nonmanagerial workers are relatively low, this may
lead firms to cut employment more amongst workers in these groups (Oi, 1962; Rosen,
1968). Employment of low-educated, nonmanagerial workers may also be more negatively
affected if wages for these workers are more rigid (due to binding wage floors) than for
high-educated, managerial workers (Moser et al., 2020).
Our results at the firm level further suggest a small and insignificant negative effect of
the shock to credit supply on the average years of employee tenure. This result, however,
masks significant and heterogeneous employment effects along the employee tenure
distribution. In general, results at the firm level do not necessarily imply corresponding
effects at the worker level. Small or no changes in a firms’ stock of employees can mask
larger flows in and out of a firms’ workforce. At the worker level, we find a modest positive
effect on unemployment for long-tenured workers, as well as a larger, more persistent
effect for short-tenured workers. These results may be a reflection of firing costs that
increase with tenure (Cavalcanti, 2004), higher wages for more tenured workers (Mincer
and Jovanovich, 1979), or greater firm-specific human capital — and higher productivity —
amongst longer-tenured workers (Shaw and Lazear, 2008). That effects for short-tenured
workers appear to be persistent may be an indication of longer-term scarring effects of job
loss (Ouyang, 2009), and are consistent with models in which tenure of the discontinued
employment relationship signals worker ability to potential future employers (Greenwald,
1986).
When interpreting our findings, it is important to keep in mind that our results are
estimates of relative, partial equilibrium effects. For instance, our estimates of the elements
of the β vector in equation (1.3) tell us how much more borrowing and employment fell at
firms with an exposed pre-crisis primary bank than at firms with a nonexposed pre-crisis
primary bank. Similarly, our estimates of the elements of the β vector in equation (1.5) tell
us how much more unemployment rose for workers employed pre-crisis at firms with an
exposed pre-crisis primary bank compared to workers employed pre-crisis at firms with a
nonexposed pre-crisis primary bank. These results do not rule out drops in employment
or increases in unemployment associated with nonexposed pre-crisis primary banks.
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1.7.

Conclusion

In this paper, we show that pressures within the banking system can spread to the real
economy with significant, and heterogeneous, impacts on firms and workers. We use a
novel bank-firm-worker matched dataset built from Danish administrative and tax records
to study the effects of bank distress during the 2008/2009 financial crisis. Prior to the
crisis, some banks increased their reliance on funding acquired via inter-bank markets,
leaving them exposed to liquidity shortfalls once these markets froze in the fall of 2008.
Consistent with the literature, we show that the transmission of this shock from banks
to firms occurred via two links in a causal chain. First, we document the bank lending
channel whereby banks which were particularly exposed to the crisis reduced their supply
of credit to firms. Next, we document the firm borrowing channel whereby firms that were
primarily connected to exposed banks were unable to fully compensate for the reduction
in credit supply with credit from alternate sources.
In line with previous empirical studies, we find significant effects of the reduction in
credit supply on firm level employment. Firms primarily connected to exposed banks precrisis reduced employment by roughly 2% relative to firms primarily connected pre-crisis
to nonexposed banks. Back-of-the-envelope calculations suggest that the reduction credit
supply can explain roughly 6.2% of the overall reduction in employment from 2007-2008.
Just over half of the total effect on employment occurred due to firm exit. The negative
effect of pre-crisis primary bank exposure on employment was greatest for firms with low
pre-crisis liquidity, and concentrated on employment in nonmanagerial positions. Further,
we present evidence that exposure of the pre-crisis primary bank was associated with a
significant reduction in employment low-educated workers. These findings highlight
access to credit as a potentially important factor behind the large losses in employment of
low-educated workers observed in the data through the financial crisis. At the worker level,
the impact of the reduction in firms’ credit supply varied with employee characteristics. We
find that positive effects on unemployment were driven by nonmanagerial, low-educated,
and short-tenured workers, as well as workers in low-skill occupations.
Taken together, our findings shed light on the impacts of frictions in credit and
labour markets, and highlight the role provision of credit plays in explaining heterogeneous
employment dynamics. In a frictionless credit market, banking relationships would not
exhibit the persistency we find that they do. Nor would there exist asymmetric information
regarding the creditworthiness of firms as our findings suggest. As a result, firms are unable
to fully and costlessly offset reductions in borrowing capacity from some creditors with
additional financing from others — even when their underlying creditworthiness has not
changed. In a frictionless labour market, workers affected by the squeeze on employment
may more easily find new employment opportunities, sparing them from periods of
unemployment. Our findings carry important policy implications in response to these
frictions, whether concerning the importance of capital requirements for banks, or the
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targeting of labour market policies and supports during times of contractionary credit.

1.A Appendix
1.A.1.

Data

This appendix provides details on the dataset used in this paper and how we combined
the raw sources to create it. The information given here is meant to not only increase
transparency with respect to the construction of our dataset, but is also meant to act as a
source of documentation in English for researchers working with Danish register data.
The dataset used in this paper combines data from three different sources: administrative registers from Statistics Denmark, account level tax records from the Danish
Tax Authority (SKAT), and bank balance sheet information that can be obtained either
from the Danish Financial Supervisory Authority (Finanstilsynet) or the MFI Statistics at
Danmarks Nationalbank. These datasets can be merged and analysed within Statistics
Denmark’s secure computing environment where ID variables for banks (cvrnrs), firms
(cvrnrs), and workers (pnrs) are anonymised.
Administrative Data from Statistics Denmark
The dataset constructed in this paper builds off of IDA: the Integrated Database for
Labor Market Research maintained and provided by Statistics Denmark. IDA contains
annual cross-sections of employment information for individuals during the last week of
November. In its raw form, IDA consists of the following separately stored datasets which
can be linked together using unique personal identifiers and unique firm and workplace
identifiers:
• Personal Information (IDAP): IDAP contains the information relating to persons
in IDA including labour market experience, weeks during the past year in which the
individual was unemployed, and net earnings across all jobs. The key information
contained in IDAP is an individual’s primary attachment to the labour market
during the last week in November each year, contained in the pstill variable. This
variable contains detailed information on an individual’s labour market status
and allows individuals to be identified as either working, unemployed, or out of
the labour force. Where applicable, individuals are assigned a secondary (sstill)
attachment to the labour market. For instance, full-time students that also work a
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part-time job on the side, are recorded as undergoing education as their primary
labour market attachment, and working as a secondary.
Starting from the raw IDAP files we had access to, we cleaned the data by dropping
observations with missing personal identifiers. We then constructed labour market
status indicators for persons that are working, unemployed, or outside of the labour
market based on the value of pstill and following the groupings used in the IDAP
documentation provided by Statistics Denmark and available here. We then used
the variables arledgr (for observations prior to 2008) and ledighed_brutto (for
observations from 2008 and on) to construct indicators for those individuals that
were unemployed or out of the labour force at some point over the last 12 months.
The variables pstill, sstill, psoc_status_kode, and ssoc_status_kode were then used to
generate indicators of whether an individual was recorded as being self-employed,
or in a managerial position in the data.
• Employment Information (IDAN): IDAN contains personal and firm & workplace identifiers for all jobs held during the last week in November each year making
it the key which enables a matching of employees to employers for each employment
relationship in the cross-section. That is, persons with multiple jobs will appear
once in IDAN for each job they hold in the last week of November, even if they
have multiple jobs with the same employer. While IDAP only contains information
on each individual’s primary and, when given, secondary employment relationship,
there is no limit as to the number of jobs an individual is recorded as holding in
IDAN. IDAN also records an hourly wage for each job, and contains information
indicating the quality of the hourly wage measure which varies particularly for
part-time and new employees (see Lund and Vejlin, 2015).
Importantly, IDAN classifies each employment relationship as one of 8 different
job types with the variables TYPE and TYPE2008 from 2008 on. These job types
are allow one to identify the primary job held during the last week in November
each year if the individual was recorded as holding more than one job. Prior to
and including 2007, employment relationships were only included in IDAN if
the employee earned a total annual salary of at least 10.000 DKK. Since 2008, the
requirement has been relaxed such that each employment relationship where the
employee earns at least the equivalent of 4 hours employment at the guaranteed
wage rate is included.
Starting from the raw IDAN files we had access to, we cleaned the data by dropping
observations with missing personal identifiers and duplicate observations. From
IDAN, we are primarily interested in obtaining the measure of hourly earnings
recorded for each job. For individuals that are recorded as having more than one job
at the same employer, we compute the average hourly wage across these jobs. We
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then collapsed the IDAN data such that employees with multiple jobs at the same
employer are recorded only once in the data. To do this we dropped observations
according to the following hierarchy: when one job is a type A job, keep this one; if
none are type A jobs, but one is a type H job, keep this one; if none are type A or
H jobs, but one is a type B job, keep this one. If all jobs are type N jobs, randomly
select one and drop the rest. Finally, we constructed variables capturing the 2007
values of a number of different variables for individuals in the data.
• FIRE-IDA Key (FIDA): While IDAN contains firm identifiers linking employees
to the firms they were employed at, these firm identifiers are not always the same
ones that are recorded in the firm accounting statistics, FIRE (more on this register
below). FIDA provides these firm identifiers. In addition, FIDA provides the same
information regarding labour market attachment as in IDAN.
Starting from the raw FIDA files we had access to, we cleaned the data by dropping
duplicate observations. From FIDA we would like to have a listing of jobs in
which observations are unique at the pnr-year-cvrnr level. For employees that have
multiple jobs at the same employer, we keep only the observation for the primary
job as indicated by pstill and drop the rest.
Using personal identifiers, the data in IDA/FIDA as described above, can be supplemented with data from the additional following registers maintained and provided by
Statistics Denmark:
• Population Register (BEF): BEF contains background demographic information
on the entire population of individuals registered in Denmark. For some individuals
in IDAP, age is missing or improperly recorded. Thankfully, BEF contains the date
of birth for each individual allowing an exact calculation of the age of each worker
during the last week of November in each year to coincide with the data in IDA.
In 2007 the Danish parliament enacted a large scale reform of the public sector,
(Strukturreformen) redrawing the boundaries for many municipalities, retiring
some, and establishing new ones. To deal with this, we choose to assign pre-2007
observations to their post-2007 municipalities. For the vast majority of individuals, their municipality remained unchanged by the reform. For many living in a
municipality affected by the reform, we can accurately assign them to their new
municipality using their registered residential address (which is anonymized in the
data files we work with, but still usable). For a small number of observations we
are unable to accurately assign them to their new municipality and they are thus
dropped from the data.
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• Education Register (UDDA): UDDA contains information on the highest completed level of education for individuals in the population register. Statistics Denmark provides keys for assigning the average total number of months required
to complete each qualification, and for categorising individuals into educational
groups based on the highest attained qualification. These are: early childhood
education, primary education, lower secondary education, upper secondary education, short-cycle tertiary education, bachelor or equivalent, master or equivalent,
doctoral degree or equivalent. In most analyses we group these categories in to
three broader categories: primary education (early childhood education, primary
education), secondary education (lower and upper secondary education), vocational (short-cycle tertiary education), and tertiary education (bachelor, master,
and doctoral degrees or equivalent).
• Income Register (IND): IND contains highly detailed information on income at
the individual level. In particular, it allows one to decompose annual total income
into earnings, income generated from self-employment, income from government
transfers, and a number of other sources. As a measure of individuals’ income, we
use the variable loenmv_13 (total income) which includes both taxable and tax-free
elements of an individual’s base pay, severance pay, stock options, and sick pay.
• Occupational Classification Module (AKM): AKM is a register that combines information on income, education, workplace industry, social insurance membership,
and employer reporting to assign individuals a labour market status and occupational classification (for the employed) with respect to their primary attachment
to the labour market. Occupations are classified according to DISCO: the Danish
version of the ILO’s ISCO (International Standard Classification of Occupations)
for the individuals’ primary job in a year. From 2003-2008, the primary job was the
job at the employer from which the individual earned the highest annual income.
From 2009 on, the primary job is defined as the job at the employer where they
individual worked the most hours.
Starting with the raw AKM files we had access to, we cleaned the data by dropping
duplicate observations and observations with missing personal identifiers. We then
extract the major groups (1 digit ISCO codes) from the raw 6 digit DISCO codes
and construct variables capturing the 2007 occupational codes for individuals in
the data.
• Wage Statistics Register (LON/LONN): The wage statistics register contains employer reported information on employees in firms with 10 or more full-time equivalent employees. Starting in 2010, Statistics Denmark changed their concept used
to define and calculate hourly earnings; as such, LON files contain annual crosssections from the wage statistics register up until 2010 while LONN files contain
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annual cross-section starting in 2009 applying the new definitions. In addition
to information on earnings, LON and LONN also include employer reported
information on employee pension contributions, working hours, and occupations.
Starting with the raw LON and LONN files we had access to, we cleaned the data by
dropping duplicate observations and observations with missing personal identifiers.
For 2009 and 2010 we use the data from LON, using LONN from 2011 and on. We
extract the major groups (1 digit ISCO codes) from the raw 6 digit DISCO codes
and construct variables capturing the 2007 occupational codes for individuals in the
data. cvrnr only becomes available in LONN on so to identify employers in LON
(prior to 2011) we use the workplace identifier, arbnr. From LON and LONN we’d
like to have a dataset that is unique at the pnr-year-employer level so we collapse
the data taking the mean earnings and total hours worked across all jobs at the same
employer; for occupations we take the occupational code from the job for which
the employee is recorded as having the highest number or working hours.
• General Firm Statistics Register (FIRM): FIRM contains firm-level information
sourced from the business statistics register (ESR). In particular, FIRM records
entry and exit dates for Danish firms at the CVR number level. As FIRM does
not impose restrictions based on firm size or level of activity, FIRM contains many
firms which are completely inactive or only active in a very limited sense.
Unfortunately the data in the FIRM registry are very messy. Starting with the
raw FIRM files we had access to, we first identify the year of firm entry and exit
according to the information in the data. There are some firms that are recorded
as entering and exiting in multiple periods; here we define a firm’s entry date as
the earliest recorded year of entry and the exit date as the latest recorded year of
exit. Some firms remain in the registry although they have been recorded as having
exited. To deal with this we redefine a firm’s exit date to be the last year they were
recorded in the registry if they are still observed past their recorded exit year.
• Firm-level Accounting Statistics (FIRE): FIRE contains detailed accounting information at the cvrnr-level for all active businesses in Denmark with more than
50 employees as well as some smaller businesses (see Bobbio and Bunzel, 2018).
Importantly, the firm identifiers in FIRE are not always the same as those that are
recorded as the firm identifiers linked to workers in IDA. FIDA provides the link
to match the firms in FIRE with the employers in IDA.
• Firm Bankruptcies (Konkurser): This dataset contains a list of all registered bankruptcies complete with the month and year in which the bankruptcy was declaired.
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In preparing the dataset, we began by cleaning each register to remove duplicate
entries, and remove firms or individuals with missing identifiers or key variables. We then
merge the registers by proceeding in the following way:
1. Individual Data: BEF, IDAP, UDDA, and AKM are merged together at the pnryear level. The pnr-year observations in IDAP make up our base population of
individuals and as such we drop all observations in BEF, UDDA, and AKM that
are not found in IDAP. The merged datasets are then temporarily saved as a dataset
called ‘individuals.dta’
2. Firm Data: FIRM and FIRE are merged at the cvrnr level. The cvrnr-year observations in FIRE make up our base population of firms and as such we drop all
observations in FIRM that are not found in FIRE. The merged datasets are then
temporarily saved as ‘firms.dta’
3. Linking Individuals and Firms: In linking individuals to firms we carry out the
following three successive merges:
a) Merge ‘individuals.dta’ and IDAN at the pnr-year level. The resulting dataset
is a complete listing of jobs in IDA with supplementary individual background characteristics. Since the variables in ‘individuals.dta’ are crucial
covariates, we drop any observations in IDAN which are not matched to
the background information in ‘individuals.dta’. Since we want to track
individuals though time even when they are not attached to a job in IDAN,
we keep the pnr-year observations in ‘individuals.dta’ that are not matched
to observations in IDAN. This dataset is not unique at the pnr-year level as
there are some individuals with multiple jobs in any given year.
b) Merge the dataset generated in (a) with FIDA. For reasons known to DSt.,
the firm identifier for an employer in IDAN is not the same as the one in
FIRE for the same firm. FIDA is the link which provides the correct identifier
for each employment relationship in IDA such that the firm balance sheet
information in FIRE can be merged on.
c) Merge the dataset generated in (b) with ‘firms.dta’.
Once all the administrative registers have been merged we are left with a dataset at
the individual-firm-year level. At this point we use the raw data to generate a number of
employment related variables at the individual level (years of tenure, indicator for being a
new hire, indicator for being displaced due to firm exit, spells of unemployment, etc.) and
firm level (aggregate number of employees, number of new hires, number of separations,
new hire rate, mean log gross hourly wage, etc.).
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Account Level Data
The account level data we use stems from the URTE and IRTE registers maintained and
provided by the Danish Tax Authority (SKAT). These registers are constructed using
compulsory reports on all accounts that were open over the course of a year by all entities
granting credit and accepting deposits. As such, URTE and IRTE contain the accounts
held not only at commercial banks, but also those linked to credit cards granted at, say,
the local gas station or corner store.
URTEVIRK is the extract from register containing information on loan accounts
held by firms and IRTEVIRK is the file containing firms’ deposit accounts. Each file
contains data at the account-firm-year level over these basic fields: account number, firm
identifier, bank identifier, account balance as of the 31st of December, and the total interest
paid on the account over the course of the year. We collapse the data to the firm-bank-year
level by summing the account balances and interest payments made for all account held
by the same firm at the same bank in the same year. By way of the unique firm and bank
identifiers, we are able to merge this data with the merged register data described above,
and the bank balance sheet data to be described below.
Bank Balance Sheet Data
We use data on banks’ balance sheets collected for the MFI statistics by Danmarks Nationalbank. These same data are also made publicly available by the Danish Financial
Supervisory Authority (Finanstilsynet) and can be access through their website here in
English and here in Danish. Once submitted to Statistics Denmark, the bank identifiers
(cvrnrs) were annonymized to match the annoymized identifiers in URTEVIRK and
IRTEVIRK allowing the bank balance sheet data to be merged with the account level
data.
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Table 1.12. Difference in Difference Estimates of the Effect of Pre-crisis
Primary Bank Exposure on Bank Borrowing

Log loans
(1)
0.04
(0.14)

Log loans
(2)
0.01
(0.06)

Log loans
(3)
0.01
(0.05)

Log loans
(4)

Log loans
pre-crisis
pr. bank
(5)

2004 x Exposed

0.05
(0.09)

0.00
(0.08)

-0.01
(0.07)

-0.02
(0.07)

0.02
(0.15)

-0.03
(0.09)

0.01
(0.08)

-0.02
(0.10)

2005 x Exposed

0.04
(0.07)

0.01
(0.05)

0.00
(0.04)

-0.01
(0.04)

0.02
(0.13)

-0.02
(0.09)

0.01
(0.05)

0.08
(0.06)

2006 x Exposed

0.04
(0.06)

0.01
(0.05)

0.00
(0.04)

0.00
(0.04)

0.01
(0.08)

0.01
(0.06)

-0.01
(0.04)

0.07
(0.08)

2008 x Exposed

-0.06
(0.03)

-0.09
(0.03)

-0.09
(0.02)

-0.09
(0.02)

-0.12
(0.06)

0.07
(0.03)

-0.06
(0.03)

0.25
(0.05)

2009 x Exposed

0.01
(0.05)

-0.01
(0.05)

-0.02
(0.03)

-0.02
(0.03)

-0.04
(0.07)

0.01
(0.05)

0.02
(0.05)

0.23
(0.10)

2010 x Exposed

0.02
(0.07)

0.00
(0.07)

0.00
(0.05)

0.00
(0.05)

-0.08
(0.08)

0.06
(0.07)

0.04
(0.07)

0.13
(0.14)

2011 x Exposed

-0.01
(0.07)
No
No
No
No
No
Full
107,754

-0.02
(0.06)
Yes
No
No
No
No
Full
107,754

-0.04
(0.05)
Yes
Yes
Yes
Yes
No
Full
107,754

-0.04
(0.05)
Yes
Yes
Yes
Yes
Yes
Full
107,754

-0.16
(0.12)
Yes
Yes
Yes
Yes
Yes
Full
107,754

0.09
(0.08)
Yes
Yes
Yes
Yes
Yes
Full
107,754

0.01
(0.06)
Yes
Yes
Yes
Yes
Yes
Surviving Firms
80,101

0.17
(0.14)
Yes*
Yes
Yes
Yes
Yes
IR
54,040

Exposed

Covariate-year FE
Municipality-year FE
Industry-year FE
A/S Firm-year FE
Firm FE
Sample
N

Log loans
pre-crisis
npr. banks
(6)

Log loans
(7)

Effective
interest
rate
(8)

Notes: This table presents OLS estimates of the effect of firms’ pre-crisis primary bank exposure on bank
borrowing using our main differences-in-differences model in equation (1.3). The dependent variable in
columns 1-4 and 7 is the log of outstanding loans (10,000 2005 DKK) held by a firm in each year at across
all banks plus one. The dependent variable in column 5 is the log of outstanding loans (10,000 2005 DKK)
held by a firm at its 2007 primary bank in each year plus one. The dependent variable in column 6 is the
log of outstanding loans (10,000 2005 DKK) held by a firm at all other banks except for the 2007 primary
bank in each year plus one. The dependent variable in column 8 is the effective interest rate paid by a firm
across all loans in each year, winsorized at the 5th and 95th percentiles in each year. We describe in detail
how we impute the effective interest rate in Section 1.5.2. ‘Exposed’ is an indicator equal to one if the firm’s
pre-crisis primary bank had a loans to deposits ratio at or above the median firm’s primary bank’s in 2007.
The estimates presented for the interactions of the ‘Exposed’ indicator with year dummies correspond to the
elements of the β vector in equation (1.3). Covariate-year fixed effects include indicators for decile in the 2007
distribution of revenue per worker, EBITDA, and the effective interest rate due across all loans interacted
with year dummies. The specification in column 8 does not control for the effective interest rate in 2007.
A/S firm refers to stock-based incorporated companies (aktieselskaber). The sample in columns 1-6 includes
all firms in our baseline sample as described in detail in Section 1.3.1. The sample in column 7 includes firms
in the baseline sample that were active in all years between 2008-2011. The sample in column 8 (IR) includes
all firms in the baseline sample that were active and paid a positive effective interest rate in all years between
2004-2011. Standard errors appear in parentheses below the respective estimates and are clustered at the level
of the firm’s pre-crisis primary bank (the level of treatment).
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Table 1.13. Difference in Difference Estimates of the Effect of Pre-Crisis
Primary Bank Exposure on Firm Debt
(1)
Log
total
debt
-0.01
(0.03)

(2)
Log
total
debt
0.00
(0.02)

(3)
Log
debt to
suppliers
0.02
(0.04)

2005 x Exposed

0.01
(0.02)

0.01
(0.02)

0.01
(0.05)

2006 x Exposed

-0.02
(0.01)

-0.01
(0.01)

0.03
(0.03)

2008 x Exposed

-0.03
(0.05)

-0.04
(0.01)

-0.02
(0.03)

2009 x Exposed

-0.02
(0.06)

-0.03
(0.01)

-0.01
(0.02)

2010 x Exposed

0.02
(0.07)

-0.01
(0.01)

-0.02
(0.02)

2011 x Exposed

0.02
(0.07)
Yes
Yes
Yes
Yes
Yes
All NI
37,101

0.00
(0.02)
Yes
Yes
Yes
Yes
Yes
Surviving NI
30,908

0.02
(0.03)
Yes
Yes
Yes
Yes
Yes
Surviving NI
30,908

2004 x Exposed

Covariate-year FE
Municipality-year FE
Industry-year FE
A/S Firm-year FE
Firm FE
Sample
N

Notes: This table presents OLS estimates of the effect of firms’ pre-crisis primary bank exposure on debt
using our main differences-in-differences model in equation (1.3). The dependent variable in columns 1 and
2 is the log of total debt (10,000 2005 DKK) for a firm in each year plus one. The dependent variable in
column 3 is the log of debt to suppliers (10,000 2005 DKK) for a firm in each year plus one. ‘Exposed’ is
an indicator equal to one if the firm’s pre-crisis primary bank had a loans to deposits ratio at or above the
median firms’ primary bank’s in 2007. The estimates presented for the interactions of the ‘Exposed’ indicator
with year dummies correspond to the elements of the β vector in equation (1.3). Covariate-year fixed effects
include indicators for decile in the 2007 distribution of revenue per worker, EBITDA, and the effective
interest rate due across all loans interacted with year dummies. A/S firm refers to stock-based incorporated
companies (aktieselskaber). The sample in column 1 includes all firms in our baseline sample (as described in
detail in Section 1.3.1) for which we have nonimputed (NI) balance sheet data in each year the firm was active
between 2004-2011. The sample in columns 2 and 3 includes all firms in our baseline sample for which we
have nonimputed balance sheet data and were active in all years from 2008-2011. Standard errors appear in
parentheses below the respective estimates and are clustered at the level of the firm’s pre-crisis primary bank
(the level of treatment).
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Table 1.14. Difference in Difference Estimates of the Effect of Pre-Crisis
Primary Bank Exposure on Firm Exit
(1)
Sample Exit
0.004
(0.002)

(2)
Firm Exit
0.003
(0.001)

2005 x Exposed

0.003
(0.001)

0.002
(0.001)

2006 x Exposed

0.00
(0.00)

0.00
(0.00)

2008 x Exposed

0.007
(0.004)

-0.003
(0.002)

2009 x Exposed

0.008
(0.005)

0.002
(0.003)

2010 x Exposed

0.008
(0.007)

0.001
(0.004)

2011 x Exposed

0.011
(0.008)
Yes
Yes
Yes
Yes
Yes
Full
107,754

0.008
(0.007)
Yes
Yes
Yes
Yes
Yes
Full
107,754

2004 x Exposed

Covariate-year FE
Municipality-year FE
Industry-year FE
A/S Firm-year FE
Firm FE
Sample
N

Notes: This table presents OLS estimates of the effect of firms’ pre-crisis primary bank exposure on firm exit
using our year-by-year differences-in-differences model in equation (1.3). The dependent variable in column 1
is an indicator variable equal to one if the firm exits the baseline sample in a particular year. A firm exits the
sample when it is no longer included in the FIDA database which can occur when firms go out of business or
do not pass minimum thresholds for being considered an active business as defined by Statistics Denmark.
The dependent variable in column 2 is an indicator variable equal to one if the firm is documented as having
gone out of business in the register of general firm statistics (Generel ﬁrmastatistik; FIRM). ‘Exposed’ is an
indicator equal to one if the firm’s pre-crisis primary bank had a loans to deposits ratio at or above the median
firm’s primary bank’s in 2007. The estimates presented for the interactions of the ‘Exposed’ indicator with
year dummies correspond to the elements of the β vector in equation (1.3). The sample in both columns
includes all firms in our baseline sample as described in detail in Section 1.3.1. Standard errors appear in
parentheses below the respective estimates and are clustered at the level of the firm’s pre-crisis primary bank
(the level of treatment).
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Table 1.15. Difference in Difference Estimates of the Effect of Pre-Crisis
Primary Bank Exposure on Firm Level Employment I
(1)
Log employees
0.002
(0.014)

(2)
Log employees
0.008
(0.014)

(3)
Log employees
0.030
(0.019)

(4)
Log employees
-0.006
(0.011)

2005 x Exposed

-0.008
(0.008)

-0.001
(0.007)

-0.003
(0.011)

0.005
(0.005)

2006 x Exposed

0.000
(0.006)

0.001
(0.006)

0.000
(0.008)

0.002
(0.005)

2008 x Exposed

-0.019
(0.012)

-0.008
(0.004)

-0.018
(0.006)

0.002
(0.004)

2009 x Exposed

-0.018
(0.014)

0.001
(0.006)

0.003
(0.010)

-0.001
(0.007)

2010 x Exposed

-0.016
(0.017)

-0.007
(0.007)

-0.011
(0.010)

-0.003
(0.009)

2011 x Exposed
Covariate-year FE
Municipality-year FE
Industry-year FE
A/S Firm-year FE
Firm FE
Sample

-0.024
(0.022)
Yes
Yes
Yes
Yes
Yes
Full

-0.009
(0.009)
Yes
Yes
Yes
Yes
Yes
Surviving Firms

N

107,754

80,101

-0.019
(0.011)
Yes
Yes
Yes
Yes
Yes
Low Liquidity
Surviving Firms
39,885

0.002
(0.012)
Yes
Yes
Yes
Yes
Yes
High Liquidity
Surviving Firms
40,216

2004 x Exposed

Notes: This table presents OLS estimates of the effect of firms’ pre-crisis primary bank exposure on employment using our year-by-year differences-in-differences model in equation (1.3). The dependent variable in all
columns is the log of employees for a firm in each year plus one. ‘Exposed’ is an indicator equal to one if the
firm’s pre-crisis primary bank had a loans to deposits ratio at or above the median firms’ primary bank’s in
2007. The estimates presented for the interactions of the ‘Exposed’ indicator with year dummies correspond
to the elements of the β vector in equation (1.3). Covariate-year fixed effects include indicators for decile in
the 2007 distribution of revenue per worker, EBITDA, and the effective interest rate due across all loans
interacted with year dummies. A/S firm refers to stock-based incorporated companies (aktieselskaber). The
sample in column 1 includes all firms in our baseline sample (as described in detail in Section 1.3.1). The sample
in column 2 includes all firms in our baseline sample which remained in the sample from 2008-2011. The
sample in column 3 includes firms in the baseline sample that remained in the sample from 2008-2011 with a
current ratio (current assets/current liabilities) in 2007 in the bottom half of the distribution of current ratios.
The sample in column 4 includes firms in the baseline sample that remained in the sample from 2008-2011
with a current ratio in 2007 in the top half of the distribution of current ratios. Standard errors appear in
parentheses below the respective estimates and are clustered at the level of the firm’s pre-crisis primary bank
(the level of treatment).
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Table 1.16. Difference in Difference Estimates of the Effect of Pre-Crisis
Primary Bank Exposure on Firm Level Employment II
Log
managers
(1)
-0.009
(0.014)

Log
nonmanagers
(2)
0.012
(0.014)

Log low-educated
employees
(3)
0.005
(0.014)

Log high-educated
employees
(4)
0.018
(0.009)

Mean employee
tenure
(5)
0.039
(0.040)

2005 x Exposed

-0.006
(0.011)

0.002
(0.007)

-0.001
(0.007)

0.013
(0.006)

0.042
(0.028)

2006 x Exposed

0.006
(0.008)

0.002
(0.006)

-0.001
(0.006)

0.015
(0.005)

-0.009
(0.020)

2008 x Exposed

0.006
(0.008)

-0.011
(0.004)

-0.011
(0.004)

0.007
(0.005)

0.006
(0.019)

2009 x Exposed

0.005
(0.006)

-0.001
(0.007)

0.000
(0.007)

0.013
(0.005)

-0.032
(0.038)

2010 x Exposed

0.002
(0.009)

-0.009
(0.008)

-0.008
(0.006)

0.009
(0.007)

-0.012
(0.046)

2011 x Exposed

-0.002
(0.008)
Yes
Yes
Yes
Yes
Yes
Surviving
Firms
80,101

-0.010
(0.009)
Yes
Yes
Yes
Yes
Yes
Surviving
Firms
80,101

-0.009
(0.009)
Yes
Yes
Yes
Yes
Yes
Surviving
Firms
80,101

0.005
(0.010)
Yes
Yes
Yes
Yes
Yes
Surviving
Firms
80,101

-0.070
(0.039)
Yes
Yes
Yes
Yes
Yes
Surviving
Firms
80,101

2004 x Exposed

Covariate-year FE
Municipality-year FE
Industry-year FE
A/S Firm-year FE
Firm FE
Sample
N

Notes: This table presents OLS estimates of the effect of firms’ pre-crisis primary bank exposure on employment outcomes using our main differences-in-differences model in equation (1.3). The dependent variables
in columns 1 and 2 are log of employees in managerial and nonmanagerial positions at a firm in a year plus
one respectively. The dependent variables in columns 3 and 4 are the log number of low-educated and
high-educated employees in a year plus one respectively. Low-educated employees are those workers that
have at most completed a primary or secondary level education. High-educated employees are those workers
that have completed a tertiary level education. The dependent variable in column 5 is the average tenure in
years of a firm’s employees in a year. ‘Exposed’ is an indicator equal to one if the firm’s pre-crisis primary bank
had a loans to deposits ratio at or above the median firms’ primary bank’s in 2007. The estimates presented
for the interactions of the ‘Exposed’ indicator with year dummies correspond to the elements of the β vector
in equation (1.3). Covariate-year fixed effects include indicators for decile in the 2007 distribution of revenue
per worker, EBITDA, and the effective interest rate due across all loans interacted with year dummies. A/S
firm refers to stock-based incorporated companies (aktieselskaber). The sample in all columns includes all
firms in our baseline sample (as described in detail in Section 1.3.1) that remain in the sample from 2008-2011.
Standard errors appear in parentheses below the respective estimates and are clustered at the level of the firm’s
pre-crisis primary bank (the level of treatment).
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Table 1.17. Differences-in-Differences Estimates of the Effect of
Pre-Crisis Primary Bank Exposure on Worker Unemployment I
(1)
-0.001
(0.002)

(2)
-0.005
(0.003)

Unemployment
(3)
-0.001
(0.002)

(4)
0.000
(0.003)

(5)
-0.006
(0.003)

2005 x Exposed

0.001
(0.001)

-0.004
(0.002)

0.001
(0.002)

0.002
(0.002)

-0.005
(0.003)

2006 x Exposed

-0.001
(0.001)

0.001
(0.002)

-0.002
(0.002)

0.000
(0.002)

-0.006
(0.002)

2008 x Exposed

0.005
(0.002)

0.001
(0.004)

0.006
(0.002)

0.006
(0.002)

0.000
(0.004)

2009 x Exposed

0.007
(0.005)

0.002
(0.003)

0.007
(0.005)

0.008
(0.005)

-0.005
(0.005)

2010 x Exposed

0.002
(0.002)

0.001
(0.002)

0.002
(0.002)

0.003
(0.002)

-0.006
(0.005)

2011 x Exposed

0.002
(0.002)
Yes
Yes
Yes
Yes
Yes
Yes
All

0.006
(0.003)
Yes
Yes
Yes
Yes
Yes
Yes
Managers

0.002
(0.002)
Yes
Yes
Yes
Yes
Yes
Yes
Nonmanagers

2,075,528

106,880

1,968,648

0.003
(0.002)
Yes
Yes
Yes
Yes
Yes
Yes
Loweducated
1,787,624

-0.001
(0.004)
Yes
Yes
Yes
Yes
Yes
Yes
Higheducated
265,184

2004 x Exposed

Firm covariate-year FE
Worker covariate-year FE
Municipality-year FE
Industry-year FE
A/S Firm-year FE
Worker FE
Sample
N

Notes: This table presents OLS estimates of the effect of workers’ firms’ pre-crisis primary bank exposure on
worker unemployment using our main differences-in-differences model in equation (1.5). The dependent variable
in all columns is an indicator variable equal to one if the worker spent any part of the year unemployed. The
dependent variable in columns 5, 6, 7, and 8 is the log of total weeks unemployed in a year plus one. ‘Exposed’
is an indicator equal to one if a worker’s firm’s pre-crisis primary bank had a loans to deposits ratio at or above
the median firm’s primary bank’s in 2007. The estimates presented for the interactions of the ‘Exposed’ indicator
with year dummies correspond to the elements of the β vector in equation (1.3). Firm covariate-year fixed effects
include indicators for decile in the 2007 distribution of revenue per worker, EBITDA, and the effective interest
rate due across all loans interacted with year dummies. Worker covariate-year fixed effects include an indicator for
being born in Denmark and an indicator for having completed tertiary education by 2007 interacted with year
dummies. A/S firm refers to stock-based incorporated companies (aktieselskaber). The sample in column 1 includes
all workers between age 35-60 employed at firms in our baseline sample (as described in detail in Section 1.3.1) in
2007. The sample in columns 2 and 3 includes all workers employed in managerial and nonmanagerial positions
in 2007 respectively. The sample in columns 4 and 5 includes all low- and high-educated workers employed at
firms in our sample in 2007 respectively. Low-educated workers are those employees that have at most completed
a primary or secondary level education. High-educated workers are those employees that have completed a tertiary
level education. Standard errors appear in parentheses below the respective estimates and are clustered at the level
of the firm’s pre-crisis primary bank (the level of treatment).
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Table 1.18. Differences-in-Differences Estimates of the Effect of
Pre-Crisis Primary Bank Exposure on Worker Unemployment II
(1)
0.003
(0.002)

(2)
0.000
(0.004)

(3)
-0.005
(0.005)

2005 x Exposed

0.003
(0.002)

0.000
(0.003)

0.003
(0.002)

2006 x Exposed

0.000
(0.002)

-0.002
(0.002)

2008 x Exposed

0.005
(0.003)

2009 x Exposed

Unemployment
(4)
0.004
(0.004)

(5)
-0.001
(0.004)

(6)
-0.005
(0.002)

0.001
(0.003)

0.006
(0.003)

-0.004
(0.001)

-0.002
(0.002)

0.004
(0.003)

0.000
(0.002)

-0.003
(0.001)

0.001
(0.002)

0.005
(0.003)

0.022
(0.004)

0.004
(0.003)

0.000
(0.001)

0.010
(0.003)

0.006
(0.005)

-0.001
(0.008)

0.035
(0.008)

0.007
(0.008)

-0.005
(0.003)

2010 x Exposed

0.007
(0.002)

-0.003
(0.004)

-0.003
(0.005)

0.008
(0.005)

0.010
(0.003)

-0.004
(0.003)

2011 x Exposed

0.006
(0.002)
Yes
Yes
Yes
Yes
Yes
Yes
Shorttenured
953,768

-0.006
(0.004)
Yes
Yes
Yes
Yes
Yes
Yes
Midtenured
586,240

0.002
(0.004)
Yes
Yes
Yes
Yes
Yes
Yes
Longtenured
535,520

0.006
(0.004)
Yes
Yes
Yes
Yes
Yes
Yes
Low-skill
occupations
269,544

0.010
(0.003)
Yes
Yes
Yes
Yes
Yes
Yes
Middle-skill
occupations
897,816

-0.001
(0.002)
Yes
Yes
Yes
Yes
Yes
Yes
High-skill
occupations
583,344

2004 x Exposed

Firm covariate-year FE
Worker covariate-year FE
Municipality-year FE
Industry-year FE
A/S Firm-year FE
Worker FE
Sample
N

Notes: This table presents OLS estimates of the effect of workers’ firms’ pre-crisis primary bank exposure on
worker unemployment using our main differences-in-differences model in equation (1.5). The dependent variable
in all columns is an indicator variable equal to one if the worker spent any part of the year unemployed. ‘Exposed’
is an indicator equal to one if a worker’s firm’s pre-crisis primary bank had a loans to deposits ratio at or above the
median firm’s primary bank’s in 2007. The estimates presented for the interactions of the ‘Exposed’ indicator with
year dummies correspond to the elements of the β vector in equation (1.3). Firm covariate-year fixed effects include
indicators for decile in the 2007 distribution of revenue per worker, EBITDA, and the effective interest rate due
across all loans interacted with year dummies. Worker covariate-year fixed effects include an indicator for being
born in Denmark and an indicator for having completed tertiary education by 2007 interacted with year dummies.
A/S firm refers to stock-based incorporated companies (aktieselskaber). The sample in columns 1, 2, and 3 includes
all short-, mid-, and long-tenured workers between age 35-60 employed at firms in our baseline sample in 2007
respectively. Short-tenured workers are those workers with two or less years of tenure. Mid-tenured workers are
those workers with between 3 and 8 years of tenure. Long-tenured workers are those workers with 9 or more years
of tenure. The sample in column 4 includes all workers employed in low-skill occupations at firms in our baseline
sample in 2007. Low-skill occupations are those in major groups 5 (service workers and shop and market sales
workers) and 9 (elementary occupations) of the International Standard Classification of Occupations (ISCO-88).
The sample in column 5 includes all workers employed in middle-skill occupations at firms in our baseline sample
in 2007. Middle-skill occupations are those in major groups 4 (clerks), 7 (craft and related trades workers), and 8
(plant and machine operators and assemblers) of ISCO-88. The sample in column 6 includes all workers employed
in high-skill occupations at firms in our baseline sample in 2007. High-skill occupations are those in major groups
1 (legislators, senior officials, and managers), 2 (professionals), and 3 (technicians and associate professionals) of
ISCO-88. Standard errors appear in parentheses below the respective estimates and are clustered at the level of the
firm’s pre-crisis primary bank (the level of treatment).
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Chapter 2
A Model of Search in Credit and Labour
Markets with Heterogenous Labour
Christofer Schroeder

Abstract
How do frictions in credit markets affect firms’ choices over which workers to hire? To
study this question, I build a search and matching model of credit and labour markets
with heterogenous labour. Firms first search for a bank to cover the costs of posting a
vacancy. Firms that secure financing then search for workers of varying skill in the labour
market. Upon meeting a worker the firm faces a trade-off: hire that worker in the present
period and produce output, or wait for a potentially higher skilled worker to come along.
Firms’ optimal behaviour is determined by tightness in the labour market, itself determined by frictions in both credit and labour markets. Greater credit market frictions
drive labour market tightness down, leading firms to seek higher skilled workers.

2.1.

Introduction

There is mounting evidence that credit market frictions can have effects on real economic
outcomes. Bernanke (1983) suggests that increases in banks’ cost of intermediation can
reduce lending, and subsequent economic activity. This theory has found support in recent
empirical evidence from the 2008/2009 financial crisis showing that lending disruptions
had a negative impact on firm level employment (Chodorow-Reich, 2014; Huber, 2018).
I thank Erik Lindqvist, Erik Merkus, and Johanna Wallenius for valuable input and feedback.
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Further, evidence is emerging that these employment losses were concentrated amongst
low-educated and low-earning workers (Berton et al., 2018; Hviid and Schroeder, 2021;
Moser et al., 2020).
At the same time, it has been widely noted that the financial crisis coincided with
a shift in the fundamental, negative relationship between the unemployment rate and
the job vacancy rate — the Beveridge curve.1 An outward shift of the Beveridge curve saw
the job vacancy rate increase while the unemployment rate remained high. A growing
literature has emerged offering potential explanations for this apparent deterioration of
the job matching process. Mismatch in the types of skills demanded and supplied (Şahin
et al., 2014), more generous unemployment benefits and lower search effort amongst the
unemployed (Kroft et al., 2016), changes in the composition of the labour force (Shimer,
2012), or a combination of these factors (Hobijn and Şahin, 2013) have all been proposed.
Another potential explanation is that employer skill requirements increased during
the crisis. Referred to as ‘upskilling’, this explanation captures the idea that when labour
is relatively abundant, employers try and capitalize on the increased likelihood of meeting
and hiring a more skilled worker. This explanation has found some empirical support
(Hershbein and Kahn, 2018; Modestino et al., 2019), yet the factors that drive upskilling
are poorly understood.2 Firms may seek more skilled workers during crises for a number of
reasons. First, the opportunity cost of redirecting search on the labour market may decrease
(Hall, 2005). Crises may also bring about Schumpeterian cleansing (Schumpeter, 1942),
driving older, less productive firms out of business — firms that typically seek and hire less
skilled workers. Crises may also lower the opportunity costs of investing in new technology,
leading firms to replace less skilled workers and seek more skilled workers (Hershbein
and Kahn, 2018; Jaimovich and Siu, 2020). To date, there has been little theoretical work
studying the potential role credit market frictions might play in increasing employer skill
requirements. This paper aims to fill this gap. A better understanding of the effects of
credit market frictions on firms’ demand for skilled labour could help policy makers in
determining how to shape policy in preserving labour market matching efficiency.
This paper extends the basic model in Petrosky-Nadeau and Wasmer (2013) and
Wasmer and Weil (2004) to study how credit market frictions may affect firms’ choices
over which workers to hire. In the model, firms require bank financing to cover the costs
of posting a vacancy. Firms that successfully meet a bank in the credit market then turn to
searching for workers in the labour market. Upon encountering a worker the firm faces
1 Shifts in the Beveridge curve often occur during downturns in the business cycle; see Blanchard and Diamond

(1989), Diamond and Şahin (2015), and Elsby and Michaels (2013).
2 Both studies find evidence of increased employer skill requirements in regions that were hardest hit by the

2008/2009 financial crisis. Their explanations, however, differ: Modestino et al. (2019) argue that firms
opportunistically increase skill requirements when labour markets are slack while Hershbein and Kahn (2018)
argue that routine biased technological change occurred more intensely in regions that were more impacted
by the financial crisis. This lead firms in those regions to adopt technologies that are complementary to
high-skilled labour and substitutable with low-skilled labour, increasing their demand for skilled labour.
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a decision: hire the worker and move on to accruing profits from producing output, or
defer and wait for a potentially higher skilled worker to come along.
In the model, firms’ optimal behaviour is determined by tightness in the labour
market (the ratio of vacancies to the unemployed), itself determined by frictions in both
credit and labour markets. Greater credit market frictions drive labour market tightness
down, leading firms to seek higher skilled workers. Higher skilled workers are more
attractive to firms as their productivity outpaces the wages they negotiate. These model
predictions are broadly consistent with the empirical evidence of upskilling in Hershbein
and Kahn (2018) and Modestino et al. (2019), and suggest that congestion in credit and
labour markets may be an important mechanism driving the observed increase in employer
skill requirements.3 In a quantitative exploration, I parameterize the model to reflect
increased credit market frictions and find that these do indeed lead to higher employer
skill requirements.
The model developed in this paper builds off the canonical search framework of
frictional markets pioneered by Gronau (1971), McCall (1970), and Mortensen (1970). The
economy in the model consists of banks, firms, and workers that interact in two frictional
markets: the credit market and the labour market. In the credit market, firms search for a
bank to cover the costs of positing a vacancy in the labour market. Firms face an effort cost
of searching for a bank, and banks face a screening cost of searching for a firm. Once they
meet, firms and banks engage in Nash bargaining over a per-period financing repayment
to be made conditional on the firm meeting a worker. In equilibrium, the credit market
frictions together with firms’ and banks’ relative bargaining power determine the tightness
of the credit market, or the ratio of firms to banks searching for one another. Credit market
tightness in turn determines the rate at which firms and banks meet each other.
Firms that match with a bank then move on to the labour market to search for a
worker. Workers vary in their level of skill distributed according to a known distribution.
The rate at which a firm meets any worker is determined by the relative number of each
in the labour market — the tightness of the labour market. Given the necessity of banks
in financing firms’ vacancy costs, tightness in the labour market is determined by frictions
and tightness in the credit market. Formally, I show that the presence of search and
screening costs in the credit market reduces the number of firms in the labour market,
driving equilibrium labour market tightness down. With fewer firms relative to workers in
the labour market, the rate at which a firm meets any worker increases. This feature of the
model fits well with data showing the fall in new firm entry during the Great Recession as
discussed in Gavazza et al. (2018).
3 Congestion is one avenue by which frictions in credit markets may have effects on real economic activity and

is featured in Modestino et al. (2016) and Petrosky-Nadeau and Wasmer (2013). Collateral constraints and
other limits on the ability to borrow offer additional mechanisms (Boeri et al., 2018; Gavazza et al., 2018;
Kiyotaki and Moore, 1997).
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Firms that meet workers are then faced with a choice: hire the encountered worker
and move on to earnings profits in the goods market, or defer and wait for a higher skilled
worker to come along. Firms that do hire a worker engage in Nash bargaining over the
total surplus created by the match to determine the worker’s wage. Formally, I show that
net profits to the firm — output less the wage and repayment to the bank — are strictly
increasing in worker skill, providing the firm an incentive to hire more skilled workers.
This result reflects the fact that Nash bargaining does not award the worker with their
full marginal productivity when they do not have complete bargaining power. The firm’s
optimal choice of which workers to hire is described by the skill level of the least skilled
worker it would optimally choose to hire — a parameter I label the ‘reservation skill’.
Firms that produce output in the goods market do so facing a constant risk of exogenous
separation. Separation sends banks and firms back to the credit market and workers back
to the labour market.
Characterizing the reservation skill in equilibrium, I show it to be decreasing in
labour market tightness. Taken together the model paints the following picture: credit
market frictions increase the hurdle to firm entry in the labour market, decreasing labour
market tightness and increasing the rate at which firms meet workers. With a greater
chance of meeting a random worker, firms also face a greater chance of meeting a higher
skilled worker. The increased likelihood of meeting a higher skilled worker increases the
reservation skill, leading firms to seek and hire more skilled workers. This mechanism
by which labour market congestion drives employer skill requirements finds support in
the literature. Devereux (2002) shows that the education level of new hires in the US
tends to be higher when unemployment is high while Quintini (2011) documents that the
likelihood of over-qualification rises with the unemployment rate in a sample of OECD
countries.
The upshot of the connection between credit market frictions, labour market tightness and employer skill requirements is that it matters which side of the labour market
is targeted by policy interventions aimed at increasing matching efficiency as noted by
Gavazza et al. (2018). The framework presented in this paper suggests that policies aimed
at increasing the search effort of the unemployed may push employer skill requirements
higher by decreasing labour market tightness, further exacerbating skill mismatch in the
labour market. Policies designed to decrease frictions in the credit market, on the other
hand, may improve matching efficiency via a tightening of the labour market. The results
of this model also suggest that policies aimed at investing in the skill development of the
least skilled workers may be a viable option in combating unemployment during times
when credit market frictions are high.
The model presented in this paper is purposefully kept simple and abstracts from a
number of potentially important aspects of credit and labour markets in reality. Directed
search, worker skill investments, capital investments, and interactions amongst workers
at the same firm are all left out of the model. Further, the model assumes that all firms
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could potentially hire a worker of any skill level and that workers across the entire skill
distribution search for jobs in the same, unsegmented labour market. The model is
therefore perhaps best suited for describing the hiring decisions of a firm for a particular
job, within occupations.
This paper relates to several literatures. First, it relates to a literature seeking to model
the impacts of credit market frictions on the labour market. Many contributions to this
literature model market frictions in a search and matching framework. Boeri et al. (2018)
consider credit market frictions arising from the limited pledgeability of a firm’s assets.
The authors show that these frictions lead firms to hoard liquid assets in the form of
precautionary savings and at the expense of investing in productive capacity and hiring
labour. Jermann and Quadrini (2012) propose a model in which firms must borrow
against current capital and require financing to pay wages in advance of production.4
Negative financial shocks reduce firms’ ability to acquire financing and lead them to cut
costs by reducing employment. Wasmer and Weil (2004), and later Petrosky-Nadeau
(2014) and Petrosky-Nadeau and Wasmer (2013), study the interaction of search frictions
in credit and labour markets. They show that screening and search costs in the credit
market reduce labour market tightness, amplifying macroeconomic volatility, including
swings in employment. To date, however, few papers have examined the effect of credit
market frictions on firms’ choices over which types of workers to hire. This paper’s
main contribution, in this regard, is in modelling the relationship between credit market
frictions and employer skill requirements.
More broadly, this paper relates to the vast literature on search-theoretic models of
the labour market.5 Building off the early sequential job search models of Gronau (1971),
McCall (1970), and Mortensen (1970), the search and matching literature developed by
Pissarides (1985) looks to characterize how workers and firms meet in the labour market.
The process by worker-firm matches form is captured by the matching function which
determines the number of matches from the number of unemployed and the number of
vacancies. Standard models of search and matching typically assume that the firm hires
every worker it is matched with. Albrecht and Vroman (2002) is one exception which
studies firms’ hiring decisions over low- and high-skilled workers. The authors use their
model to show how employer skill requirements can arise in equilibrium. In contrast,
the model presented in this paper considers a continuous distribution of worker skill and
shows how frictions outside of the labour market can affect employer skill requirements.
Finally, this paper relates to a largely empirical literature studying the factors affecting
firms’ demand for skilled labour. In particular, a number of recent papers have exploited
detailed data on online job postings. As in the model proposed in this paper, Modestino et al. (2016, 2019) provide evidence of a causal relationship between labour market
4 The requirement of firms to hold cash to pre-pay wages is also featured in related work by Garín (2015) and

Melcangi (2017).
5 See Rogerson et al. (2005) for a relatively recent survey.
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tightness and employer skill requirements. Further, the authors provide evidence that
this relationship holds even within firms and within narrowly defined jobs. In a similar
vein, Hershbein and Kahn (2018) find that the skill requirements of job ads increased
more in regions of the US that were harder hit during the 2008/2009 financial crisis. The
authors provide evidence that these patterns were driven by upskilling within firms, as
well as changes in the composition of employers from older to younger firms. Younger
firms demand, on average, more skilled labour raising aggregate demand for skilled labour.
Further, the authors find that increases in employer skill requirements are persistent, and
argue that their findings are a result of accelerated adoption of skill biased technology.
This paper’s main contribution to this literature lies in providing a framework showing
how credit market frictions can drive upskilling.
The rest of the paper is structured as follows: Section 2.2 sets up the model and
details important outcomes in equilibrium. Section 2.3 parameterizes and solves for both
a baseline specification of the model as well as a specification with increased credit market
frictions. Section 2.4 concludes.

2.2.

A Model of Search in Credit and Labour
Markets

2.2.1.

Environment

The environment follows the basic setup in Petrosky-Nadeau and Wasmer (2013), yet
allows for firms to encounter workers of varying skill in the labour market. Time is discrete
and discounted at rate r ∈ [0, 1] over an infinite horizon. There are three basic types of
agents: banks, firms, and workers. There is a unit mass of homogenous banks, and a unit
mass of homogenous firms. Workers differ in their level of skill distributed according
to the known distribution, F (s). Firms and banks search for one another in the credit
market while firms and workers search for one another in the labour market. A successful
worker-firm match then produces output in the goods market.
The initial stage occurs on the credit market. Firms require credit to finance setup
costs and to recruit labour. Firms expend an effort cost e per period searching for a bank
to provide this initial financing. Firms are successful in their search with probability pt .
On the other side of the market, banks incur a per-period screening cost of a and meet
with a firm with probability p̃t .
Firms that match with a bank then move on to the labour market to search for
workers. From this point on, a bank’s fate is tied to the firm it is matched with. For
simplicity, and following Petrosky-Nadeau and Wasmer (2013), I assume that search on
the labour market occurs within the same period as search in the credit market. There is a
per-period cost associated with recruiting workers, γ, that is financed by the bank. Firms
and banks that match bargain over a lump-sum repayment, ψ, to be made to the bank in
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each period the firm is active in the goods market. The repayment is determined via Nash
bargaining over the total surplus to the firm and the bank in the labour market — prior
to the firm searching for a worker. I characterise the repayment in Section 2.2.4. With
probability q a firm meets a worker in the labour market; that worker has an independently
and identically distributed skill level s drawn from F (s). The firm then faces a choice: hire
the given worker and move on to producing output in the goods market or return to the
labour market to search for a different worker.
In the goods market, workers of skill level s produce output y(s) which is increasing in
s with decreasing marginal returns (y0(s) > 0 and y00(s) < 0). Following Petrosky-Nadeau
and Wasmer (2013), the wage paid to a worker of skill level s, w(s), is determined via Nash
bargaining over the total surplus created from employment, that is, the surplus to the
bank, the firm, and the worker. The firm and the bank collectively bargain together with
the worker, where α captures the bargaining power of the worker relative to the firm-bank
block.6 In Section 2.2.5 I solve the Nash bargaining problem for w(s); for now, let us note
that profits net of labour and financing costs are given by
π(s) = y(s) − w(s) − ψ
where π(s) is invertible. On the other side of the labour market, workers are either employed at the wage rate w(s) or enjoy the value of nonemployment (leisure, unemployment
benefits, etc.), b.
In Section 2.2.5 I will show that the environment described thus far implies that net
profits to the firm are strictly increasing in worker skill. That is, a firm would prefer to
employ a worker of a higher skill, all things equal. This means that there is a skill level,
sR , at which the firm is indifferent between hiring a worker of that skill, or deferring in
the hope of encountering a more skilled worker. Following convention in the search
and matching literature, I call this skill level the ‘reservation skill’ and assume that a firm
hires the worker when indifferent. In Section 2.2.6 I characterize the reservation skill in
detail; for now, I simply note that the probability a firm meets a worker it wants to hire is
(1 − F (sR )), and the probability that a firm-bank match will move on to the goods market
is then q(1 − F (sR )).
With probability k firms and workers are exogenously separated from one another.
In this event, the firm-bank relationship also dissolves and the firm goes back to the credit
market to search for a bank to finance its recruitment costs to hire a new worker. Together,
6 The

choice to model the wage setting process as the bargaining outcome between the worker and the
firm-bank block is twofold. First, it is shown in Wasmer and Weil (2004) that if wage bargaining were to
occur strictly between the worker and the firm, the firm would have an incentive to increase its debt burden
to reduce the surplus and thus the workers wage: the type of strategic surplus shrinking behaviour modelled
in Baldwin (1983) and Dasgupta and Sengupta (1993). Second, the wage that results from bargaining between
the worker and the firm-bank block allows a more ready comparison in volatility to the classic labour search
model with exogenous wages.
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the values of a firm in the credit (C ), labour (L), and goods (G) markets can be described
by the following Bellman equations:


1
JC,t = −e + pt JL,t + (1 − pt )
JC,t+1
(2.1)
1+r

 ∫ ∞

1
JL,t =
q
max{JL,t+1 , JG,t+1 (s)}dF (s) + (1 − q)JL,t+1
(2.2)
1+r
0


1
[kJC,t+1 + (1 − k)JG,t+1 (s)]
JG,t (s) = π(s) +
(2.3)
1+r
The values of a bank in these markets are captured by the following Bellman equations:


1
BC,t = −a + p̃t BL,t + (1 − p̃t )
BC,t+1
(2.4)
1+r




1
BL,t = −γ +
q[1 − F (sR )]BG,t+1 + (1 − q)BL,t+1
(2.5)
1+r


1
[kBC,t+1 + (1 − k)BG,t+1 ]
BG,t = ψ +
(2.6)
1+r
Workers of all skill face the following value of employment, W (s):


1
[kUt+1 (s) + (1 − k)Wt+1 (s)]
Wt (s) = w(s) +
1+r

(2.7)

while workers with a skill level at or above the reservation skill level face the following
value of unemployment, U (s):


1
Ut (s) = b +
[fWt+1 (s) + (1 − f )Ut+1 (s)]
(2.8)
1+r
where f is the rate at which a nonemployed worker meets a firm in the labour market.

2.2.2.

Matching

Credit Market
The total number of firm-bank matches in the credit market is given by the matching
function mC (Jt , Bt ). Jt and Bt are the total number of firms and banks in the credit market
at time t respectively. mC () is assumed to exhibit constant returns to scale. Define ϕt ≡ BJtt
as the ratio of firms to banks in the credit market, or the tightness of the credit market
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from the perspective of the firm. The number of firm-bank matches in any period can be
expressed as a function of credit market tightness as follows


Bt Jt
mC (Jt , Bt )Jt
= mC
,
Jt = mC (ϕt )Jt
matches = mC (Jt , Bt ) =
Jt
Jt Jt
Thus, banks meet firms at rate
mC (ϕt )Jt
= mC (ϕt )ϕt ≡ p̃(ϕt )
Bt

where

p̃0(ϕt ) > 0

and firms meet banks at rate
mC (ϕt )Jt
= mC (ϕt ) ≡ p(ϕt ) where
Jt

p0(ϕt ) < 0

As the credit market becomes tighter (relatively more firms to banks), the probability that
a firm finds a bank decreases, and the probability that a bank finds a firm increases.
Following Petrosky-Nadeau and Wasmer (2013), I assume that the firm’s repayment
to the bank, ψ, is negotiated once the bank and the firm meet, and before the firm hires
a worker. ψ solves the Nash bargaining problem between the firm and the bank over
their collective surplus in the labour market, JL,t + BL,t . With β ∈ (0, 1) capturing the
bargaining power of the bank relative to the firm, the Nash bargaining outcome requires
that
βJL,t = (1 − β)BL,t

(2.9)

Labour Market
The total number of firm-worker matches in the labour market is given by the matching
function mL (Vt , Ut ). Vt and Ut are the total number of firms (vacancies) and unemployed
workers in the labour market at time t respectively. mL () is assumed to exhibit constant
Vt
returns to scale. Define θt ≡ U
as the ratio of firms to unemployed workers in the
t
labour market, or the tightness of the labour market from the perspective of the firm. The
number of worker-firm matches in any period can be expressed as a function of labour
market tightness as follows


mL (Vt , Ut )Ut
Vt U t
matches = mL (Vt , Ut ) =
= mL
,
Ut = mL (θt )Ut
Ut
Ut Ut
Firms therefore meet (but don’t necessarily hire) unemployed workers at rate
mL (θt )Ut
mL (θt )
=
≡ q(θt )
Vt
θt

where

q 0(θt ) < 0
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and unemployed workers meet (but don’t necessarily join) firms at rate
mL (θt )Ut
= mL (θt ) ≡ f (θt ) where
Ut

f 0(θt ) > 0

As the labour market becomes tighter (relatively more firms to workers), the probability
that a firm meets with a random unemployed worker decreases, and the probability that
an unemployed worker meets a firm increases.

2.2.3.

Equilibrium

I start by considering the asset values for the firm and the bank in the credit market to
derive a condition for equilibrium credit market tightness. Assuming free entry for both
firms and banks in the credit market (JC,t = BC,t = 0 ∀t), we have from (2.1) and (2.4)
e
p(ϕt )
a
=
p̃(ϕt )

0 = −e + p(ϕt )JL,t

⇒

JL,t =

(2.10)

0 = −a + p̃(ϕt )BL,t

⇒

BL,t

(2.11)

The Nash bargaining condition in (2.9) together with (2.10) and (2.11) give us




e
a
β
= (1 − β)
p̃(ϕt )
p(ϕt )

(1 − β) a 
∀t
ϕ∗t =
β
e
since p̃(ϕt ) ≡ mC (ϕt )ϕt and p(ϕt ) ≡ mC (ϕt ). Credit market tightness is therefore a
constant and depends positively on banks’ screening costs and negatively on firms’ search
effort costs. This means that the values of the firm and the bank in the labour market,
(2.10) and (2.11), are also constants. In Section 2.2.2 I showed that the rates at which firms
and banks meet in the credit market were dictated by tightness in the credit market. In
equilibrium, therefore, when banks’ screening costs go up, relatively fewer banks enter
the credit market, credit market tightness goes up, and the probability that a bank meets
a firm increases, while the probability a firm meets a bank decreases. Conversely, when
firms’ effort costs of searching for a bank go up, relatively fewer firms enter the credit
market and the probability a bank meets a firm decreases, while the probability a firm
meets a bank increases.
Next I consider the asset values for the firm and the bank in the labour and goods
markets to characterise equilibrium labour market tightness. I start by simplifying (2.2).
In particular, note that we can express the firm’s maximization problem as a function of
the reservation skill. Once meeting a worker in the labour market, the probability that
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the worker is not hired is the probability that the worker has skill level below sR , or F (sR ).
Therefore, we can rewrite (2.2) as



∫ ∞
1
q(θt )
JG,t+1 (s)dF (s) + (1 − q(θt )[1 − F (sR )])JL,t+1
JL,t =
1+r
sR
Together with (2.10) we then have



∫ ∞
e
1
e
=
q(θt )
JG,t+1 (s)dF (s) + (1 − q(θt )[1 − F (sR )]) ∗
p(ϕ∗ )
1+r
p(ϕ )
sR
Rearranging terms leaves us with
∫ ∞

q(θt )
e
=
JG,t+1 (s)dF (s)
p(ϕ∗ )
r + q(θt )[1 − F (sR )] sR

(2.12)

(2.12) represents an entry condition for the firm, requiring that the expected entry costs in
terms of effort be equal to the discounted, expected value of the firm in the goods market.
We can derive a similar such condition for banks, combining (2.5) and (2.11)



a
1
a
q(θt )[1 − F (sR )]BG,t+1 + (1 − q(θt )) ∗
= −γ +
p̃(ϕ∗ )
1+r
p̃(ϕ )
Rearranging terms leaves us with
 


q(θt )[1 − F (sR )]
a
1+r
+
BG,t+1
= −γ
r + q(θt )
r + q(θt )
p̃(ϕ∗ )

(2.13)

Again, (2.13) represents an entry condition, this time for the bank, requiring that the
expected entry costs in terms of screening be equal to the discounted, expected value of
the bank in the goods market, less the vacancy costs covered.
Combining (2.12) and (2.13) leaves us with a single market entry condition

∫ ∞
q(θt )
e
a
+
=
JG,t+1 (s)dF (s)+
p(ϕ∗ ) p̃(ϕ∗ )
r + q(θt )[1 − F (sR )] sR




(2.14)
q(θt )[1 − F (sR )]
1+r
BG,t+1 − γ
r + q(θt )
r + q(θt )
The equilibrium value of labour market tightness, θt∗ , satisfies this condition. The left
hand side of (2.14) represents total expected frictions in the credit market which, in
equilibrium, are set equal to the total discounted, expected surplus to the firm and the
bank from producing in the goods market.
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As in Wasmer and Weil (2004), we can show that credit market frictions in this
setting imply a lower equilibrium labour market tightness. To see this, consider (2.13). In
the absence of credit market frictions, equilibrium labour market tightness, θtNF , satisfies
  NF


q(θt )[1 − F (sR )]
1+r
−γ
+
BG,t+1 = 0 ⇒ q(θtNF )[1 − F (sR )] = γ(1 + r)
r + q(θtNF )
r + q(θtNF )
In the presence of credit market frictions, equilibrium labour market tightness, θt∗ , satisfies

  ∗

q(θt )[1 − F (sR )]
1+r
−γ
+
BG,t+1 > 0
r + q(θt∗ )
r + q(θt∗ )
q(θt∗ )[1 − F (sR )] > γ(1 + r) = q(θtNF )[1 − F (sR )]
q(θt∗ ) > q(θtNF )
Since q 0(θt ) < 0, we have θtNF > θt∗ .

2.2.4.

The Repayment

In this section I characterize the financing repayment made from the firm to the bank. A
full derivation is presented in Appendix 2.A.1. A key feature of the repayment is that it is
only dependent on the reservation skill level and not the skill level of a hired worker.
Following Petrosky-Nadeau and Wasmer (2013), I assume that the repayment is
determined via Nash bargaining between the firm and the bank over their total surplus in
the labour market. This implies that the repayment will satisfy the usual Nash bargaining
condition in (2.9). Conceptually, it is already clear that the repayment will not depend on
the skill of the hired worker since it is bargained over prior to the firm producing output.
Substituting the values of the firm and the bank in the labour market in to (2.9) we can
show that the repayment is giving by the following
ψ=
β
[1 − F (sR )(1 − β)]

∫

∞

y(s) − w(s)dF (s) + (1 − β)

sR

(r + k)γ
q[1 − F (sR )(1 − β)]

(2.15)

The loan repayment is a constant in each period and in its form reflects the familiar
outcome of a Nash bargaining problem: the bank captures part of the firm’s profits, while
the firm captures part of the return to the bank in the form of the covered recruiting costs.

2.2.5.

Wages and Firm Profits

In this section I characterize the skill dependent wage that solves the Nash bargaining
problem between the worker and the firm-bank block. A full derivation of the wage is
presented in Appendix 2.A.2. I then show that, given this wage structure, net profits to
the firm are increasing in worker skill.
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Wages
Formally, the wage satisfies
arg max[Wt (s) − Ut (s)]α [SG,t (s)]1−α
where SG,t (s) = JG,t (s) + BG,t is the total surplus for the firm-bank block in the goods
market and α ∈ (0, 1) is the bargaining power of the worker relative to the firm-bank
block. The wage that solves this problem satisfies the usual Nash bargaining sharing rule
αSG,t (s) = (1 − α)[Wt (s) − Ut (s)]

(2.16)

As the Bellman equations for the value of the firm and the bank in the goods market
are both stationary environments, we can drop the time subscripts and solve for JG (s) and
BG from (2.3) and (2.6) giving us


1+r
(2.17)
JG (s) = π(s)
r+k
1+r
BG = ψ
r+k



(2.18)

The sum of (2.17) and (2.18) gives us the value for the total surplus in the goods market
for the firm-bank block




1+r
1+r
SG (s) = [π(s) − ψ]
= [y(s) − w(s)]
(2.19)
r+k
r+k
From (2.7) and (2.8) we can solve for the values of employment and unemployment
for workers with a skill level at or above the reservation skill. This gives us




1+r
k
W (s) =
w(s) +
U (s)
(2.20)
r+k
1+r
and
U (s) =






f
1+r
b+
W (s)
r+f
r+f

Together (2.20) and (2.21) give us




(1 + r)(r + f )
k(1 + r)
W (s) =
w(s) +
b
r(r + f + k)
r(r + f + k)

(2.21)

(2.22)
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and



f (1 + r)
(1 + r)(r + k)
U (s) =
b+
w(s)
r(r + f + k)
r(r + f + k)


(2.23)

Plugging (2.19), (2.22), and (2.23) into the sharing rule in equation (2.16) and solving
for the wage leaves us with




r+f +k
r+k
w(s) = α
y(s) + (1 − α)
b
(2.24)
r + αf + k
r + αf + k
The equilibrium wage is therefore a weighted average of the worker’s output in
the goods market and their value of nonemployment. With greater bargaining power
(higher α), workers’ wages reflect to a greater degree their productivity in the goods market.
With lower bargaining power, workers’ wages reflect to a greater degree their value of
nonemployment (their outside option to employment).
Firm Profits
Given the equilibrium wage characterised in Section 2.2.5, we can represent profits as a
function of goods market output which we know is increasing in worker skill




r+f +k
r+k
π(s) = y(s) − α
y(s) − (1 − α)
b−ψ
r + αf + k
r + αf + k
The derivative of total net profits with respect to worker skill is then


r+f +k 0
0
0
y (s)
π (s) = y (s) − α
r + αf + k



r+f +k
0
= y (s) 1 − α
r + αf + k


(r + k)(1 − α)
0
>0
= y (s)
r + αf + k
since y0(s) > 0.
This result reflects the fact that, through the wage bargaining process, and with
less than complete bargaining power, workers’ wages do not capture their full marginal
productivity. For firms, the increase in output from a higher skilled worker outpaces the
increase in their wage bill.7
7 We can also see this by looking at the derivative of the wage with respect to skill ∂w(s)
∂s
h
i
r+f +k
0
which is strictly less than y (s) since α r+αf +k < 1.

i
h
r+f +k
= α r+αf +k y 0 (s)
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2.2.6.

The Reservation Skill Level

In this section I characterize the reservation skill level defined as the skill level of the least
skilled worker a firm is willing to hire. A full derivation is presented in Appendix 2.A.3.
I follow the convention in the literature that the firm chooses to hire a worker when
indifferent.
Formally, the reservation skill level is the level of skill, sR , such that
JG,t (sR ) = JL,t

(2.25)

Since (2.3) is a stationary problem we can drop the time subscripts, solve for JG (s), and
combine with (2.2) and (2.25) to show that

∫ ∞
q(θt )
π(sR ) =
[1 − F (s)]dπ(s)
(2.26)
r
sR
since π(s) is strictly increasing in s (as shown in Section 2.2.5). In words, this expression
tells us that the net profits to the firm from employing a worker of the reservation skill
level are equal to the discounted expected increase in profits of waiting to hire a more
skilled worker.
How does the reservation skill level change with frictions in the credit market? From
equation (2.26) we see that profits to the firm at the reservation skill are a function of
primitives, save for labour market tightness. As we saw in Section 2.2.3, labour market
tightness is decreasing in credit frictions. Formally, differentiating the reservation skill
with respect to labour market tightness leaves us with
  ∫ ∞



∂sR
1
−1 0
= (π ) (·) ×
[1 − F (s)]dπ(s) × q 0(θt∗ )
∗
∂θt
r sR
| {z }
| {z }
|
{z
}
A
C
B

To sign this partial derivative, consider the sign of its multiplicative components: Component A is positive since
(π−1 )0(·) =

1
π 0(π−1 (·))

>0

given that π 0(·) > 0. Component B is also positive since r ≥ 0 and
Finally, component C is negative since q 0(θt∗ )

∂sR
∂θt∗

∫∞
sR

[1−F (s)]dΠ(s) > 0.

< 0.
< 0, meaning
This result has an intuitive interpretation: as credit market frictions increase, fewer
bank-firm matches form, and there are fewer vacancies posted in the labour market. This
drives labour market tightness down. With fewer vacancies, the probability that a firm
already in the labour market meets a random worker is higher. Therefore, the firm’s
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chances of meeting a higher skilled worker in the future are also higher. This pushes the
reservation skill up. In this way, credit market frictions affect the reservation skill through
congestion in the labour market — a mechanism which finds support in Devereux (2002)
and Quintini (2011).

2.3.

Quantitative Exploration

In this section I introduce a baseline parameterization of the model discussed in Section 2.2
and solve for its equilibrium values, including the reservation skill. I then re-parameterize
the model to reflect increased credit market frictions, solve, and show that the reservation
skill is higher than in the baseline case.

2.3.1.

Parameterization

The baseline parameterisation of the model closely follows Petrosky-Nadeau and Wasmer
(2013) set to match the US labour and credit markets. The unit of time is taken to be one
month. The discount rate is set to r = 0.3% to correspond (per month) to a 4% p.a. rate
on a 3-month US T-bill. A number of credit market parameters will rely on parameters
from the labour market so we start there. Normalizing the size of the labour force to 1, we
can write the labour market matching function as a function of the unemployment rate u
1−η η
ut

mL (Vt , ut ) ≡ ZVt

(2.27)

where Z > 0 is a constant and η ∈ (0, 1) is the elasticity of worker-firm matches with
respected to the unemployment rate.
To parameterize the labour market side of the model I choose values of q, u, k, η,
and b and use these to impute values of f , θ, V , Z, γ, and α. Panel A in Table 2.1 contains
a summary of the parameter values chosen in the baseline specification; Panel B reports
the values of the imputed parameters. Following Petrosky-Nadeau and Wasmer (2013), I
set the rate at which workers and firms meet q = 0.4, the unemployment rate u = 0.07,
the job destruction rate k = 0.03, the elasticity of the labour market matching function
η = 0.6, and the value of nonemployment b = 0.4.8 In Section 2.2.2, we showed that
constant returns to scale exhibited by the labour market matching function means that
the job filling rate for firms and the job finding rate for unemployed workers can be
expressed as q(θt ) = mLθ(θt t ) and f (θt ) = mL (θt ) respectively. Labour market tightness is
8 The worker-firm meeting rate is based off of the estimates in den Haan et al. (2000). The unemployment

rate is based off of the work by Gertler and Trigari (2009). The value of the job destruction rate is based
off of findings of Davis et al. (2006) using JOLTS data. The value of the elasticity of the labour market
matching function with respect to the unemployment rate is based off of the survey in Petrongolo and
Pissarides (2001) and the recommendations provided in Brügemann (2008). The value of nonemployment
is chosen to match that in Shimer (2005).
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f (θ )

then given by θt = q(θtt ) . In a steady state equilibrium, the flow of workers in and out of
unemployment are equal such that f (θ)[1 − F (sR )]u = k(1 − u).
Full parameterization of the model requires taking a stand on the distribution of
worker skill. The literature typically assumes that individual skill or ability is distributed
normally (Rothschild and Stiglitz, 1982; Roy, 1950). Empirical work suggests that the
distribution of ability may be better approximated by a log-normal distribution, and at
the very least, exhibits a clear bell shape (Mas and Moretti, 2009; Mayer, 1960; Roy, 1950).
I assume that worker skill is distributed log-normally
s ∼ ln N (eµ , σ)
where ln(s) ∼ N (µ, σ). In the baseline specification I set µ = 0 and σ = 0.15. The PDF
and CDF of the assumed skill distribution are plotted in Figure 2.1.
The production function is assumed to take the following form
y(s) = (A · s)ω

(2.28)

where A > 0 is a constant and ω ∈ (0, 1) is the elasticity of output with respect to labour.
This function is a particular specification of the generalized Cobb-Douglas production
function with heterogenous labour that appears in Iranzo et al. (2008). There, the labour
input in the production function is the product of the number of employees and labour
efficiency, itself an increasing function of worker skill.9 I set A = 10 and assume the
elasticity of output with respect to labour takes the standard value for the US economy of
ω = 0.7.
To pin down the values of α and γ I apply the assumptions made in Petrosky-Nadeau
and Wasmer (2013) to the worker with a skill level equal to the mean. Total recruiting
costs are assumed to be 3.6% of the wage for the mean worker following Silva and Toledo
(2007). The labour share of income for the mean worker is assumed to be two-thirds.
Rearranging the wage equation in (2.24) allows us to solve for workers’ bargaining power
α=

[r + k][b − w(s = µ)]
w(s = µ)f − (r + f + k)y(s = µ) + (r + k)b

The credit market matching function takes the standard form
mC (Jt , Bt ) ≡ XJt1−ν Btν

(2.29)

Jt and Bt are the the number of firms and banks in the credit market respectively. X > 0 is
a constant and ν ∈ (0, 1) is the elasticity of firm-bank matches to the number of banks in
9 This approach to modelling the production function draws on a large empirical literature documenting

the positive relationship between human capital and productivity at the individual level (Black and Lynch,
1996) and at the firm level (Abowd et al., 1999; Haltiwanger et al., 1999).
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Figure 2.1. The Distribution of Worker Skill
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(b) CDF
Notes: Panel (a) plots the probability density function of the assumed skill distribution where
skill is distributed log-normally s ∼ ln N (eµ , σ) with ln(s) ∼ N (µ, σ). I set µ = 0 and σ = 0.15.
Panel (b) plots the cumulative distribution function of the same distribution.
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the credit market. Parameterization of the credit market side of the model requires finding
values for e, a, β, X, and ν. In the baseline parameterization I set each of these parameters
equal to the values in the baseline case in Petrosky-Nadeau and Wasmer (2013).10

2.3.2.

Solving for the Reservation Skill

As defined in Section 2.2.6, the reservation skill level is the skill level of the employee that
sets the value of the firm in the goods market equal to the value of the firm in the labour
market. In Section 2.2.3, I showed that the value of the firm in the labour market is a
constant, assuming free entry in the credit market. To solve for the reservation skill we
therefore need to solve for the value function of the firm in the goods market. I do so by
using value function iteration over a discrete grid of possible skill levels ranging from 0 to
2 capturing more than 99.99% of the range of the theoretical skill distribution.
In practice, I begin with an initial guess of the value function, JG,0 (s), and update
using the Bellman equation for the firm in the goods market


1−k
JG,n+1 (s) = y(s) − w(s, sR ) − ψ(sR ) +
JG,n (s)
1+r
for each iteration n. I continue to update using the Bellman equation until successive
iterations of the value function are closer to one another than a pre-specified tolerance
parameter. Note that both the repayment and the wage — via workers’ bargaining power
α and the meeting rate f — depend on the reservation skill. Solving for the value function
iteratively therefore requires the reservation skill to be calculated for each iteration of the
value function prior to updating. In addition, the repayment, captured in (2.15), contains
an integral — the expected value of output less wages as a function of skill from the
reservation skill and up. To solve the model I approximate the integral, integrating by
parts to arrive at
∫ ∞
∫ ∞
∞
y(s) − w(s)dF (s) = −[y(s) − w(s)][1 − F (s)] +
[1 − F (s)][y0(s) − w 0(s)]ds
sR

sR

sR

and evaluate this expression over the discretized skill distribution.
10 Petrosky-Nadeau and Wasmer (2013) parameterise the credit market side of the model as follows: first they

take an agnostic approach and assume that ν = 0.50. Comparatively, less work has been done on matching
in credit markets than in labour markets. Liberati (2018) also assumes a value of 0.50 for the elasticity of
the credit market matching function. Through calibration, Dong et al. (2016) compute a value of around
0.73. Next, the authors set a = e and seek to calibrate β to match the size of the financial sector’s share of
aggregate value added observed in the data. Knowledge of β allows one to impute credit market tightness.
The authors then assume that the average duration of search in the credit market is 4 months which allows
one to pin down the constant in the credit market matching function. With the credit market matching
function fully parameterized, and the value of equilibrium credit market tightness, one can obtain p, e, and
a.
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Figure 2.2. Value Function Iteration
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Notes: Panel (a) plots the value function of the firm in the goods market for successive iterations of
the solution method given the baseline specification. Panel (b) plots the reservation skill calculated
from successive iterations of the value function solution method.

A MODEL OF SEARCH IN CREDIT AND LABOUR MARKETS 91
Figure 2.2(a) plots the value functions of the baseline specification from the first 20
successive iterations of the updating procedure described above. The figure shows that
the updated value functions gradually converge. Figure 2.2(b) plots the reservation skill
levels from successive iterations of the value function. The plot shows that the reservation
skill converges within the first 5 iterations in the baseline parameterization.
This iterative solution method using the baseline parameterization leaves us with
the values of the imputed parameters and the reservation skill level presented in Panel B of
Table 2.1. In the baseline specification, the firm is willing to hire workers with a skill level
of 0.91 or greater — or workers in the 26th percentile of the skill distribution. The firm’s
immediate problem in the goods market is depicted in Figure 2.3. As noted in Section
2.2.5, per-period profits to the firm are increasing in worker skill as the rise in output with
skill outpaces the rise in the wage. The repayment due to the bank while the firm produces
in the goods market means that it is not profitable for the firm to hire a worker of a skill
level below the reservation skill.
Figure 2.3. Firm Outcomes as a Function of Employee Skill
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Notes: This figure plots output, the wage, the financing repayment, and firm profits as
a function of the skill level of a hired worker in the baseline specification.

In understanding the firm’s hiring problem in this model it is also important to
understand how the repayment varies with the reservation skill level. Figure 2.4 plots the
repayment as a function of the reservation skill level for the baseline specification. As the
reservation skill increases, the per-period repayment decreases in a non-linear manner.
This is due to the fact that as the reservation skill increases, the expected value of the firms’
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profits decrease, decreasing the part of the firm’s surplus that the bank could capture
through bargaining.
Figure 2.4. The Repayment as a Function of the Reservation Skill
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Notes: This figure plots the financing repayment as a function of the reservation skill
level in the baseline specification.

2.3.3.

Increased Credit Market Frictions

Next, I parameterize the model to match the specification with increased credit market
frictions in Petrosky-Nadeau and Wasmer (2013). In their paper, the authors depart from
their baseline parameterization by first increasing the bargaining power of the bank relative
to the firm, β. This represents an increase in distortions in the credit market as it pushes β
further away from the Hosios efficiency condition in the credit market requiring β = ν.11
A model parameterization further away from the Hosios condition increases the targeted
rate of unemployment, as well as the targeted share of value added of the financial sector.
The imputed screening and search effort costs for banks and firms in the credit market, a
and e, rise as a result.
The parameters of the model with increased credit market frictions are presented
in Column 2 of Table 2.1; Panel A reports the chosen parameters while Panel B reports
11 The Hosios condition is an oft-cited condition for constrained efficiency in search and matching models. In

the model presented here, the condition requires that the bargaining power of the bank be equal to the
elasticity of the credit market matching function (the elasticity of credit market matches with respect to the
number of banks). The condition ensures that banks are sufficiently compensated for their effect on match
formation.
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the imputed parameters following the same procedure outlined in Sections 2.3.1 and
2.3.2. The results presented confirm the model prediction presented in Section 2.2.6:
increased frictions in the credit market result in an increased reservation skill. Moving
from the baseline specification to the specification with increased credit market frictions,
the reservation skill increases from 0.91 to 0.95. As a result, firms are only willing to hire
workers in the 36th percentile of the skill distribution. Given the ad-hoc nature of the
assumed distribution of worker skill, the results obtained here should be interpreted as
illustrative of the mechanism discussed in Section 2.2.6 rather than a precise calculation
of magnitudes.
The remaining parameters in Column 2 highlight the congestion mechanism through
which credit market frictions affect the reservation skill. With greater frictions in the credit
market, there are fewer firms searching for financing and credit market tightness falls from
0.47 to 0.19. As a result, vacancies in the labour market fall from 0.09 to 0.04 as does
labour market tightness from 1.35 to 0.35. For firms with an open vacancy, the job filling
rate rises from 0.40 to 0.89, increasing the likelihood that a firm will meet a worker of a
higher skill. The result is that the reservation skill is pushed upwards.
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Table 2.1. Chosen and Imputed Parameters
Baseline

Increased
Credit Market Frictions

Panel A: Chosen Parameters
Discount rate
Production function constant
Production function elasticity

r
A
ω

0.3%
10.00
0.70

0.3%
10.00
0.70

Credit Market
Firms’ per period search cost
Banks’ per period screening cost
Banks’ relative bargaining power
Matching function constant
Matching function elasticity

e
a
β
X
ν

1.58
1.58
0.68
0.37
0.50

2.48
2.48
0.84
0.57

Labour Market
Job filling rate
Unemployment rate
Job destruction rate
Matching function elasticity
Workers’ value of nonemployment

q
u
k
η
b

0.40
0.07
0.03
0.60
0.40

0.89
0.11
0.03
0.60
0.40

Credit Market
Credit market tightness

ϕ

0.47

0.19

Labour Market
Workers’ meeting rate
Labour market tightness
Vacancies
Matching function constant
Firms’ per period recruiting cost
Workers’ relative bargaining power

f
θ
V
Z
γ
α

0.54
1.35
0.09
0.48
1.28
0.09

0.33
0.37
0.04
0.49
1.25
0.10

sR
F (sR )

0.91
0.26

0.95
0.36

Panel B: Imputed Parameters

Reservation skill
Reservation skill, %ile of the skill distribution

Notes: This table provides an overview of the baseline parameters values chosen as described in Section 2.3.1.
Unless otherwise noted, the parameters values are the same ones chosen in Petrosky-Nadeau and Wasmer
(2013). The value of r is chosen to correspond (per month) to a 4% p.a. rate on a 3-month US T-bill. The
value of ω is chosen to match the value typically used for the US economy. The value of b is chosen to match
that in Shimer (2005). The value of k is chosen to match that in Davis et al. (2006). The value of q is chosen
to match that in den Haan et al. (2000). The value of u is chosen to match that in Gertler and Trigari (2009).
The value of η is chosen to match that in Brügemann (2008) and Petrongolo and Pissarides (2001). The
(1−β) a 
value of ϕ is imputed using the equilibrium expression ϕ = β
e . The value of f is imputed using the
k(1−u)

γV

equilibrium condition f = [1−F (s )]u . The value of γ is imputed using the assumption that w = 0.036
R
following Silva and Toledo (2007). The value of α is imputed by solving the wage equation in (2.29). The
f

value of Z is imputed using the expression Z = qθ η . The value of θ is imputed using the expression θ = q .
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2.4.

Conclusion

In this paper, I seek to understand how frictions in credit markets may affect the demand
for skilled labour. To this end, I build a model of search and matching in credit and labour
markets. In the model, increased credit market frictions lead firms to increase their skill
requirements. The mechanism highlighted in my model is one of congestion. Greater
frictions in the credit market reduce equilibrium credit market tightness and labour
market tightness. For a given firm in the labour market, this leads to a higher probability
of encountering a worker of any skill as well as a higher probability of encountering more
skilled workers. The result is that firms increase their skill requirements.
A better understanding of the effects of credit market frictions on firms’ demand for
skilled labour could help policy makers in determining which tools to implement in preserving matching efficiency in the labour market. The framework presented in this paper
highlights the scope for policies aimed at reducing frictions in the credit market. When it
comes to labour market policies, the framework suggests that the type of intervention
may matter, a point also noted by Gavazza et al. (2018). Active labour market policies
and training programs aimed at increasing the skill level of the least skilled in the labour
market may help in pushing these workers above firms’ reservation skill. Policies aimed
at increasing the search effort of the unemployed, however, may push employer skill
requirements higher by decreasing labour market tightness, further exacerbating skill
mismatch in the labour market.

2.A Appendix
2.A.1.

The Repayment

Start with the Nash bargaining condition between the firm and the bank
βJL,t = (1 − β)BL,t

⇒

BL,t = β(JL,t + BL,t )

Substituting in for BL,t and JL,t using (2.5) and (2.2) we have




1
−γ +
q[1 − F (sR )]BG,t+1 + (1 − q)BL,t+1 =
1+r
"
 ∫ ∞

1
β
q
max{JL,t+1 , JG,t+1 (s)}dF (s) + (1 − q)JL,t+1 −
1+r
0





1
γ+
q[1 − F (sR )]BG,t+1 + (1 − q)BL,t+1
1+r
Simplifying gives us
−

(1 − q)
(1 + r)γ
+ [1−F (sR )]BG,t+1 +
BL,t+1 =
q
q
∫ ∞
(1 − q)
β
JG,t+1 (s)dF (s) + βF (sR )JL,t+1 + β
JL,t+1 −
q
sR
(1 − q)
(1 + r)γ
β
+ β[1 − F (sR )]BG,t+1 + β
BL,t+1
q
q

Rearranging terms
[1 − F (sR )]BG,t+1 =
∫ ∞
(1 + r)γ
(1 − β)
+β
JG,t+1 (s)dF (s) + βF (sR )JL,t+1 + β[1 − F (sR )]BG,t+1 +
q
sR
(1 − q)
(1 − q)
(JL,t+1 + BL,t+1 ) −
+β
BL,t+1
(2.30)
q
q
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Given the Nash bargaining condition, the last two terms on the right hand side disappear.
Substituting in for JG,t+1 (s) and BG,t+1 using (2.3) and (2.6) we have




1−k
[1 − F (sR )] ψt+1 +
BG,t+2 =
1+r


∫
∞
(1 + r)γ
1 k −
(1 − β)
+β
y(s) − w(s) − ψt+1 +
JG,t+2 (s)dF (s) + βF (sR )JL,t+1 +
q
1+r
sR




1−k
β[1 − F (sR )] ψt+1 +
BG,t+2
1+r
Simplifying and rearranging terms we have


1−k
ψt+1 +
BG,t+2 =
1+r


∫ ∞
β
(1 + r)γ
1−k
(1 − β)
+
y(s) − w(s) − ψt+1 +
JG,t+2 (s)dF (s)+
q[1 − F (sR )] [1 − F (sR )] sR
1+r




βF (sR )
1−k
JL,t+1 + β ψt+1 +
BG,t+2
[1 − F (sR )]
1+r
and



1 − F (sR )(1 − β)
ψt+1
=
[1 − F (sR )]
∫ ∞
β
y(s) − w(s)dF (s)+
[1 − F (sR )] sR

∫ ∞
β
(1 + r)γ
1−k
(1 − β)
+
JG,t+2 (s) + [1 − F (sR )]BG,t+2 dF (s)
q[1 − F (sR )] [1 − F (sR )] 1 + r sR


βF (sR )
1−k
JL,t+1 −
BG,t+2
[1 − F (sR )]
1+r
Going back a number of steps we see that we can simplify this expression by plugging in
(2.30)


1 − F (sR )(1 − β)
ψt+1
=
[1 − F (sR )]
∫ ∞
β
(1 + r)γ
y(s) − w(s)dF (s) + (1 − β)
+
[1 − F (sR )] sR
q[1 − F (sR )]


 

(1 + r)γ
1−k
1−k
BG,t+2 − (1 − β)
−
BG,t+2
1+r
q[1 − F (sR )]
1+r
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1 − F (sR )(1 − β)
ψt+1
=
[1 − F (sR )]
∫ ∞
β
(1 + r)γ
(1 − k)γ
y(s) − w(s)dF (s) + (1 − β)
− (1 − β)
[1 − F (sR )] sR
q[1 − F (sR )]
q[1 − F (sR )]
Simplifying gives us
ψ=
β
[1 − F (sR )(1 − β)]

2.A.2.

∫

∞

y(s) − w(s)dF (s) + (1 − β)

sR

(r + k)γ
q[1 − F (sR )(1 − β)]

Wages

Solve for JG (s) and BG from (2.3) and (2.6)


1
[kJC + (1 − k)JG (s)]
JG (s) = π(s) +
1+r


1−k
JG (s) 1 −
= π(s)
1+r


1+r
JG (s) = π(s)
r+k


1
[kBC + (1 − k)BG ]
BG = ψ +
1+r


1−k
BG 1 −
=ψ
1+r


1+r
BG = ψ
r+k

(2.31)

(2.32)

Sum (2.31) and (2.32)



1+r
1+r
SG (s) = [π(s) + ψ]
= [y(s) − w(s)]
r+k
r+k


(2.33)

From (2.7) and (2.8) solve for the values of employment and unemployment for the
worker


1
W (s) = w(s) +
[kU (s) + (1 − k)W (s)]
1+r




k
1−k
= w(s) +
U (s)
W (s) 1 −
1+r
1+r




1+r
k
W (s) =
w(s) +
U (s)
(2.34)
r+k
1+r
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and



1
U (s) = b +
[fW (s) + (1 − f )U (s)]
1+r




1−f
f
U (s) 1 −
=b+
W (s)
1+r
1+r




f
1+r
U (s) =
b+
W (s)
r+f
r+f
Together (2.34) and (2.35) give us



 




f
1+r
k
1+r
W (s) =
w(s) +
b+
W (s)
r+k
1+r
r+f
r+f
 




kf
1+r
k(1 + r)
=
w(s) +
b
W (s) 1 −
(r + k)(r + f )
r+k
(r + k)(r + f )

 



r(r + f + k)
1+r
k(1 + r)
W (s)
=
w(s) +
b
(r + k)(r + f )
r+k
(r + k)(r + f )




(1 + r)(r + f )
k(1 + r)
W (s) =
w(s) +
b
r(r + f + k)
r(r + f + k)

(2.35)

(2.36)

and



 




f
1+r
1+r
k
U (s) =
b+
w(s) +
U (s)
r+f
r+f
r+k
1+r
 




f (1 + r)
kf
1+r
=
b+
w(s)
U (s) 1 −
(r + k)(r + f )
r+f
(r + k)(r + f )

 



r(r + f + k)
f (1 + r)
1+r
U (s)
=
b+
w(s)
(r + k)(r + f )
r+f
(r + k)(r + f )




f (1 + r)
(1 + r)(r + k)
U (s) =
b+
w(s)
r(r + f + k)
r(r + f + k)

(2.37)

Plug in (2.33), (2.36), and (2.37) into the sharing rule in equation (2.16) and solve for
the wage


1+r
α[y(s) − w(s)]
=
r+k









(1 + r)(r + f )
f (1 + r)
k(1 + r)
(1 + r)(r + k)
w(s) +
b−
b+
w(s)
(1 − α)
r(r + f + k)
r(r + f + k)
r(r + f + k)
r(r + f + k)
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(r + f )w(s) + kb − (r + k)b − fw(s)
1
α[y(s) − w(s)]
= (1 − α)
r+k
r(r + f + k)




rw(s) − rb
1
= (1 − α)
α[y(s) − w(s)]
r+k
r(r + f + k)


α[y(s) − w(s)](r + f + k) = (1 − α)[w(s) − b](r + k)
α(r + f + k)w(s) + (1 − α)(r + k)w(s) = α(r + f + k)y(s) + (1 − α)(r + k)b
w(s)(r + k + αf ) = α(r + f + k)y(s) + (1 − α)(r + k)b




r+f +k
r+k
w(s) = α
y(s) + (1 − α)
b
r + αf + k
r + αf + k

2.A.3.

(2.38)

The Reservation Skill Level

The reservation skill level is the level of skill, sR , such that
JG,t (sR ) = JL,t
Drop the time subscripts and solve for JG (s)


1
JG (s) = π(s) +
(1 − k)JG (s)
1+r

⇒

(2.39)

JG (s) =

(1 + r)π(s)
(r + k)

Next, rearrange (2.2) to get



∫ ∞
1
q(θt )
JL =
max{JL , JG (s)}dF (s) + (1 − q(θt ))JL
1+r
0

∫ ∞
q(θt )
max{JL , JG (s)}dF (s)
⇒ JL =
r + q(θt ) 0
Together with (2.39) and (2.40), we have

∫ ∞
q(θt )
(1 + r)π(sR )
(1 + r)π(sR ) (1 + r)π(s)
=
max{
,
}dF (s)
(r + k)
r + q(θt ) 0
(r + k)
(r + k)

∫ ∞
q(θt )
π(sR ) =
max{π(sR ), π(s)}dF (s)
r + q(θt ) 0

(2.40)
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Subtract





q(θt )
r+q(θt )



π(sR ) from both sides

∫ ∞
q(θt )
max{π(sR ) − π(sR ), π(s) − π(sR )}dF (s)
r + q(θt ) 0

∫ ∞
q(θt )
max{0, π(s) − π(sR )}dF (s)
r + q(θt ) 0

∫ ∞
q(θt )
π(sR ) =
[π(s) − π(sR )]dF (s)
r
sR


q(θt )
π(sR ) −
π(sR ) =
r + q(θt )



q(θt )
π(sR ) 1 −
=
r + q(θt )



since π(s) is strictly increasing in s. Integrating by parts, we can simplify the RiemannStieltjes integral on the right hand side of the expression as follows
π(sR ) =
=
=
=
=

 ∫ ∞

∫ ∞
q(θt )
π(s)dF (s) −
π(sR )dF (s)
r
s
sR

  R


∫ ∞
q(θt )
∞F (∞) − π(sR )F (sR ) −
F (s)dπ(s) − (π(sR )F (∞) − π(sR )F (sR ))
r
sR



∫ ∞
q(θt )
∞ − π(sR ) −
F (s)dπ(s)
r
s

 ∫ ∞

∫ R∞
q(θt )
dπ(s) −
F (s)dπ(s)
r
sR
sR

∫ ∞
q(θt )
[1 − F (s)]dπ(s)
r
sR


and the reservation skill level is then

∫ ∞

q(θt )
−1
sR = π
[1 − F (s)]dπ(s)
r
sR
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Chapter 3
Does Wealth Inhibit Criminal Behaviour?
Evidence from Swedish Lottery Players
Erik Lindqvist
Robert Östling
Christofer Schroeder

Abstract
A large literature has documented a negative gradient between economic status and crime.
While this relationship is often assumed to reflect a protective effect of financial resources,
the underlying casual mechanisms are unclear. In this paper, we use data on four Swedish
lotteries matched to administrative data on the universe of criminal convictions to gauge
the causal effect of positive wealth shocks on crime. Our lottery data effectively allow
us to compare players who bought the same number of tickets in the same draw, but
won different amounts. We estimate a positive but statistically insignificant effect of lottery wealth on players’ conviction risk after the lottery. Though modest reductions in
criminal behaviour cannot be ruled out, our causal estimates allow us to reject the crimeincome gradient. We also investigate the effect of parental lottery wealth on children’s
criminal behaviour. While our main estimate for the child sample is close to zero, nontrivial positive or negative effects cannot be ruled out.

We thank Nina Öhrn and Merve Demirel for excellent research assistance. The study was supported by the
Swedish Research Council (B0213903), the Hedelius Wallander Foundation (P2011:0032:1), Riksbankens
Jubileumsfond (P15-0615:1), and the Ragnar Söderberg Foundation (E4/17).
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3.1.

Introduction

A stylized fact in the study of crime is the ubiquitous connection between crime and economic status (Heller et al., 2011). People who are relatively poor are more often convicted
for criminal offences, also in countries where income inequality is low and the social safety
net extensive. For example, Swedish men in the bottom income decile are four times more
likely to be convicted for a crime within a five-year period compared to men in the top
decile. The Swedish crime-income gradient is not just due to higher crime rates for men
at the bottom of the distribution, or for a specific type of crime. And though women
commit fewer crimes, the relative difference in crime rate depending on income is similar
for men and women. There is an analogous relationship between juvenile crime and
parental economic status: children who grow up in relatively poor families are more likely
to commit crime (Bjerk, 2007; Duncan et al., 2010; Galloway and Skardhamar, 2010; Gibb
et al., 2012). In Sweden, children whose parents are in the bottom income decile are about
twice as likely to be convicted for a crime as teenagers compared to children with parents
in the top decile.
Social scientists have come up with a range of theories accounting for the observed
relationship between crime and economic status. Sociologists and criminologists typically
place lack of economic resources in the context of a larger social structure. A prominent
class of theories emphasize that lack of economic resources may cause strain — anger,
frustration and resentment — and induce people to resort to illegal methods to obtain
what they cannot obtain via legal means (Agnew, 1992; Cloward and Ohlin, 1960; Merton,
1938). A related literature argues that low economic status matters indirectly via selection
into geographic areas with less social control (Sampson and Groves, 1989; Shaw and
McKay, 1942). Common to these theories is that the gradient between crime and income
at least partly reflects a causal effect of financial resources on crime.
Economic theory predicts that poor labour market conditions increase crime for
economic gain (Block and Heineke, 1975; Ehrlich, 1973; Sjoquist, 1973), but the effect of
changes to unearned income and wealth is ambiguous. In the first generation of models to
follow Becker (1968), crime is increasing in wealth if people exhibit decreasing absolute risk
aversion (Allingham and Sandmo, 1972; Block and Heineke, 1975). Economists have also
highlighted that income elasticities of certain “consumption offences” (Stigler, 1970), such
as illicit drugs, are likely positive.1 Yet crime may be decreasing in wealth if leisure from
criminal activities is a normal good (Grogger, 1998), if the utility loss of imprisonment
increases in wealth (Becker, 1968), or if wealth is invested in human capital which increases
1 Previous

research suggests that illicit drugs such as marijuana, cocaine and heroine are normal goods
(Chaloupka et al., 1998; Liccardo Pacula et al., 2001; Petry, 2000; Van Ours, 1995), though there is substantial variation in the magnitude of estimated income elasticities. Relatedly, income elasticities are also
typically estimated to be positive for alcohol (Gallet, 2007; Nelson, 2013), which is associated with a higher
risk of violent crime (Murdoch and Ross, 1990).
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the opportunity cost of crime (Lochner, 2004; Lochner and Moretti, 2004). Similar
mechanisms may also be at play also for children. For instance, parental wealth may
influence children’s propensity to commit crime via investment in children’s human capital
(Becker and Tomes, 1979), or by allowing more time to be spent supervising children
(Aizer, 2004; Heller et al., 2011).
The quasi-experimental literature suggests that the effect of economic circumstances
on crime may depend on the type of crime. Income support programs for ex-convicts
released from prison seem to reduce recidivism (Berk et al., 1980; Mallar and Thornton,
1978; Munyo and Rossi, 2015; Rossi et al., 1980; Tuttle, 2019). A number of recent studies
find that property crime increases toward the end of the payment cycles for government
transfers, when recipients are low on cash (Carr and Packham, 2019; Chioda et al., 2016;
Foley, 2011; Watson et al., 2019) while drug crime (Dobkin and Puller, 2007; Riddell and
Riddell, 2006; Watson et al., 2019) and domestic violence (Hsu, 2017) are higher at the time
of payout. Studies using rainfall as an instrument for poverty in 19th-century Germany
and developing countries also find poverty increases property crime, but the effect on
violent crime is mixed (Iyer and Topalova, 2014; Mehlum et al., 2006; Papaioannou, 2017).
Among the few quasi-experimental studies looking at how parental financial resources
affect children’s crime, Akee et al. (2010) find increases in parental income due to casino
profits decreases juvenile crime while the evidence from housing voucher programs is
mixed (Jacob et al., 2015; Kling et al., 2005; Sciandra et al., 2013). Studies using withinfamily variation in parental income also find mixed results, with some finding parental
income reduce crime (D’Onofrio et al., 2009; Hao and Matsueda, 2006) while others find
no difference (Sariaslan, Larsson, et al., 2014; Sariaslan, Mikkonen, et al., 2021).
In this paper, we use data from four samples of Swedish lottery players together with
data on the universe of criminal convictions to investigate how positive wealth shocks
affect criminal behaviour.2 Matching players to their children, we also estimate the effect
of parental wealth on children’s delinquency. The lottery data offer two key advantages:
first, because we observe the factors conditional on which lottery wins are randomly
assigned, we are able to isolate the variation in lottery wins which is truly exogenous.
Second, the large number of winners (almost 300,000) and sizeable prize pool (about
$900 million) implies we have reasonable statistical power. Compared to previous work,
our study differs in the kind of population and the type of wealth shock studied. Unlike
most of the previous empirical literature, which has focused on disadvantaged groups,
our study concerns a sample that is fairly similar to the overall population both in terms
of socio-economic characteristics and pre-lottery criminal behaviour. The nature of our
2 The lottery data used in this project have been used in a string of previous papers on adult and child health

and child development (Cesarini, Lindqvist, Östling, et al., 2016), subjective health and lifestyle (Östling
et al., 2020), subjective well-being (Lindqvist et al., 2020), labour supply (Cesarini, Lindqvist, Notowidigdo,
et al., 2017), and financial risk-taking (Briggs et al., 2021).
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wealth shock is also different: our estimates answer the question whether a substantial,
permanent change in financial circumstances affects criminal behaviour.
For our sample of adult lottery players we estimate a positive but statistically insignificant effect of lottery wealth on criminal behaviour. The point estimate of our
main outcome of interest – conviction for any type of crime within seven years of the
lottery draw – suggests 1 million SEK (about $150,000) increases conviction risk by 0.28
percentage points, corresponding to 10.3 percent of the conviction rate in the sample. Our
confidence intervals allow us to rule out reductions in conviction risk by more than 0.15
percentage points, or 5.6 percent relative to the sample conviction rate. While the sign of
the effect varies across categories of crime, we find no clear evidence of differential effects
by type of crime.
To put our estimates in perspective, we benchmark them against the cross-sectional
gradient between crime and a measure of permanent income. To this end, we rescale the
lottery-based estimates so that they represent the casual effect of changes to log permanent
income. The rescaled estimates allow us to reject the gradient at all conventional levels
of statistical significance. While we cannot rule out that winning the lottery leads to a
small reduction in criminal behaviour, our results for the adult sample therefore challenge
theories that emphasize lack of economic resources as a key determinant of adults’ criminal
behaviour.
Our main estimates for the child sample suggest a zero effect of parental economic
resources on children’s delinquency. The 95% confidence interval surrounding our estimate of the effect of 1 million SEK in parental lottery wealth ranges from a percentage
point reduction in conviction risk by 1.39 percentage points (13.2 percent of the sample
conviction rate) to an increases of 1.54 percentage points (14.6 percent). The results for
different categories of crime are all statistically insignificant. Unlike the adult sample, we
are not able to reject the gradient between parental permanent income and crime. Apart
from ruling out large positive or negative effects, the results from our child analyses do
therefore not allow us to draw strong conclusions regarding the importance of parental
financial resources.
Before we estimated the effect of lottery winnings, we specified all key aspects of the
statistical analyses in a pre-analysis plan (henceforth, the Plan) included in the Appendix.
The main aim with the Plan was to limit researcher degrees of freedom, but we also wanted
to commit to analyses with high statistical power and sound statistical inference. To this
end, we matched data on criminal convictions with a reshuffled vector of lottery winnings
and ran Monte Carlo simulations to evaluate analytical standard errors and statistical
power. The analyses reported in this paper were pre-specified based on the results from
these simulations.3 The Plan also includes a detailed description of the related literature,
3 The Plan was uploaded on June 16th, 2021, and is available at https://osf.io/9wvdg/. We started working on

the plan after having obtained access to both the lottery and crime data. Though all authors of the Plan
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our data, and identification strategy which have remained unchanged after its publication.
In the interest of completeness, the unabridged Plan, as it was made publicly available
online, is presented in Appendix 3.A, including those parts which largely overlap with the
contents of this chapter. To avoid rewriting the exact same content, parts of the Plan are
quoted verbatim in this paper.
The rest of the paper is structured as follows. We begin by placing our study in
context: the next section discusses the theoretical literature on the economics of crime
and Section 3.3 presents basic descriptive statistics of crime in Sweden. Our data on crime
is described in Section 3.4 and the lottery data in Section 3.5. We discuss the estimation
framework in Section 3.6 and the results in Section 3.7. Section 3.7 concludes.

3.2.

Economic Models of Crime

Since the seminal work by Becker (1968), economists have used rational-choice theory to
analyze criminal behaviour. A prominent set of models presents the perpetrator’s problem
within a general occupational choice framework (Block and Heineke, 1975; Ehrlich, 1973;
Sjoquist, 1973). In these models, agents allocate their time between legitimate and illegitimate activities, maximizing expected utility in the face of potential punishment from
illegitimate activities. A key prediction is that low legal market wages make individuals
more prone to commit crimes for economic gain. This prediction — for which there
is considerable empirical support — suggests a mechanism for the negative correlation
between certain types of crime and income from legal work.4
Whereas higher legal wages predict lower crime, the effect of wealth in the models
following Becker (1968) depends on risk preferences (Block and Heineke, 1975). If agents
exhibit decreasing absolute risk aversion, crime is a normal activity. Related frameworks,
such as the tax evasion model by Allingham and Sandmo (1972), have the same result: as
crime increases the variance of potential outcomes, changes in economic circumstances
which induce risk-taking (such as a positive wealth shock) also induce crime.
The first generation of models of crime abstract from two potentially relevant mechanisms. First, because total labour supply is assumed to be fixed, wealth has no effect on
leisure and only affects the allocation of labour between legal and illegal activities. In more
recent work, Grogger (1998) builds a model where leisure from illegal work is a normal
pledge that the results based on the true prize vector have not been consulted before the publication of
the Plan, the fact that we have had access to the data implies there is no way for us to verify that we have
honoured that pledge. At a minimum, however, the Plan shows that the specifications chosen outperform a
large set of alternative specifications with respect to statistical power. Moreover, our evaluation of analytical
standard errors leads us to adopt methods for statistical inference that are more conservative than commonly
used methods in applied economic research.
4 Several studies have found that property crime increases when labour market prospects, as measured by
wages (Gould et al., 2002; Grogger, 1998; Machin and Meghir, 2004), or unemployment (Edmark, 2005;
Gould et al., 2002; Öster and Agell, 2007; Witt et al., 1999), worsen.
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good, though the specific assumptions imply only career criminals (who are at the corner
solution where all work is illegal) reduce their supply of illegal labour following a wealth
shock. Second, the severity of punishment is assumed to be independent of wealth. While
this may be a reasonable assumption for less serious crimes, Becker (1968) points out that
the utility loss of imprisonment depends on the amount of foregone consumption while
serving time. To the extent that the wealthy have, as such, more to lose from imprisonment, wealth would be expected to have a negative effect on the propensity to commit
more serious crimes. There are also other possible mechanisms through which wealth can
affect crime. For example, increases in wealth may be diverted to investments in human
capital which in turn may have a dampening effect on criminal behaviour (Lochner, 2004;
Lochner and Moretti, 2004).
Other work on the economics of crime distinguishes between offences committed
for economic gain – production offences – and offences which involve the consumption
of illicit goods – consumption offences (Stigler, 1970). Insofar as consumption offences
can be treated as consumable goods, these offences can be modelled within a standard
consumer choice framework as goods with different wealth elasticities of demand (Heller
et al., 2011). Though it is unclear whether illicit goods are normal or inferior, previous
research suggests that illicit drugs such as marijuana, cocaine and heroine are normal goods
(Chaloupka et al., 1998; Liccardo Pacula et al., 2001; Petry, 2000; Van Ours, 1995), though
there is substantial variation in the magnitude of estimated income elasticities.
Legal goods can also be considered as “inputs” in criminal behaviour. A key example
is alcohol, which is associated with a higher risk of violent crime (Murdoch and Ross,
1990), and for which estimated income elasticities are typically around 0.7 (Gallet, 2007;
Nelson, 2013). Individuals who can afford fast cars and gasoline might similarly be more
likely to commit traffic crimes. To the extent that agents perceive fines as the price for engaging in criminal behaviour, decreasing sensitivity to the (absolute) risk level and a looser
budget constraint should also increase the propensity to commit crime for which there is a
positive consumption value. On the other hand, higher wealth may induce individuals to
substitute away from illegal towards legal goods, for instance from moonshine to legally
produced alcohol, or to buy goods and services that facilitate law-abiding behaviour, such
as taking a taxi home from the bar rather than driving under the influence of alcohol.
In sum, economic theory does not provide a clear prediction for how wealth affects
criminal behaviour. While the first generation of models emphasized how greater tolerance
toward risk may imply that wealth increases crime, increasing demand for leisure from
criminal activity and a higher utility loss from imprisonment instead suggest wealth
reduces the propensity to commit crimes for economic gain. And while higher wealth
implies that fines, illicit goods, and legal goods which are “inputs” in criminal acts all
become more affordable, it is easy to come up with examples in which higher wealth
changes consumption patterns in a more law-abiding direction.
Our previous work on lottery winners gives mixed support for the mechanisms
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suggested in the literature. The estimated effect on a survey-based measure of alcohol
consumption is a quite precise zero (Östling et al., 2020) and Cesarini, Lindqvist, Östling,
et al. (2016) find no clear evidence of cause-specific mortality (Table A10 in the Online
Appendix in Cesarini et al 2016) or hospitalizations (Table A15 in Cesarini et al) related to
alcohol. Consistent with strain theory (Agnew, 1992; Cloward and Ohlin, 1960; Merton,
1938), lottery wealth reduces the consumption of prescriptions drugs related to anxiety
and insomnia (Cesarini, Lindqvist, Östling, et al., 2016) and leads to higher subjective life
satisfaction, happiness and mental health (Lindqvist et al., 2020), though the effects are not
always statistically significant. In line with the predictions from a standard model, we find
a clear, though modest, reduction in labour supply (Cesarini, Lindqvist, Notowidigdo,
et al., 2017). The labour supply response is stable across time and does not vary depending
on whether the lottery prize is paid out as a lump-sum or monthly instalments over
several years, indicating winners are reasonably rational and patient. Despite playing the
lottery, winners’ post-win financial behaviour does not indicate that they are risk-loving:
winners underinvest in stocks relative to the predictions of a standard model (Briggs et al.,
2021). With respect to the winners’ children, the estimated effect on children’s health and
developmental outcomes are mostly close to zero and statistically insignificant (Cesarini,
Lindqvist, Östling, et al., 2016), and we see no indication of lottery wealth affecting the
level of parental investment in their children (Cesarini, Lindqvist, Östling, et al., 2016).

3.3.

Crime in Sweden

Section 3.A.3 in the Plan documents basic patterns of crime in Sweden based on a representative sample matched to data on criminal offences (described in the next section). In
line with previous research from Sweden Wikström, 1990, men are much more likely to
be convicted for crimes than women at all ages, and that the propensity to commit crimes
falls with age for both genders. The most common type of crime is traffic crime for men
and property crime for women. The relative difference in criminal behaviour between
men and women is largest for violent crimes where men are more than seven times more
likely to be convicted. Fines are the most common form of punishment for both genders,
but women are relatively less likely to be sentenced to serve time in prison. The majority
of men and women convicted within a five-year period are only convicted for one crime,
but a small group of individuals are responsible for a large share of reported crimes.
The data show that criminal behaviour is strongly related to income. While 18.3
percent of prime-aged men in the lowest income decile are convicted for a crime within a
five-year period, the same is true for only 3.5 percent of men in the highest decile. Though
the levels are much lower for women, the ratio of conviction rates between the top and
bottom deciles is similar. The gradients get steeper when we restrict attention to more
severe types of crimes: while men in the bottom decile are four times more likely than men
in the top to be sentenced to pay a fine, they are 21 times more likely to receive a prison
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sentence. The gradient is further strongly negative for all types of crime, challenging the
notion that certain types of crime may be increasing in wealth.
In line with previous research Farrington, 2003; Hjalmarsson and Lindquist, 2012,
there is strong intergenerational persistence in criminal behaviour. Children for whom
one parent was convicted of a crime when the child was between 10 and 14 are about
twice as likely to be convicted as teenagers compared to children for whom neither parent
was convicted. There is also a clear relationship between parental income and children’s
criminal behaviour: compared to children of parents in the top income decile, children
of parents in the bottom decile are about twice as likely to be convicted for a crime as
teenagers.
Section 3.A.3 in the Plan also compares crime rates in Sweden to other countries.
Sweden ranks slightly below average among European countries in terms of the share
of the population who are brought in contact with the criminal justice system. Survey
evidence also indicates that Sweden is similar to comparable countries in terms of selfreported victimization of property crime and assault, and that Sweden does not stand out
in terms of the share of crimes which are reported to the authorities.

3.4.

Data on Crime

We use the register of conviction decisions (register över lagförda personer) maintained
and provided by the Swedish National Council for Crime Prevention (Brottsförebyggande
rådet, or BRÅ for short) to measure criminal behaviour. The unit of observation in this
data set is a conviction, corresponding to either a court sentencing, a prosecutor-imposed
fine, or a waiver of prosecution. Prosecutor-imposed fines (strafföreläggande) are common
for minor offences and imply that the offender accepts a fine suggested by the prosecutor
without going to trial. A waiver of prosecution (åtalsunderlåtelse) refers to a process by
which the prosecutor declines pressing charges, despite there being no doubt as to the
accused having committed the crime at question – often established through an admission
of guilt. Prosecution waivers are common for juvenile offenders (below the age of 18) or
for adult offenders who are also being charged for more serious offences, implying the
crime in question is unlikely to affect the sentence. The register does not include fines for
minor offences issued by police, customs and related officials (ordningsbot).
Our extract from the register spans the years 1975 to 2017 and contains convictions
of individuals aged 15 (the age of criminal responsibility) or older at the time of infraction.
Individuals are identified by unique personal identification numbers which allow us to
match the data on convictions with the lottery data and data on individual background
characteristics from Statistics Sweden. In the data, each conviction can be comprised of
up to 25 crimes. The Swedish judicial system defines crimes by the principle of instance
such that a single crime typically corresponds to violations occurring at the same time and
place. In turn, each crime can be a violation of up to three sections of the law.
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We classify crimes into five broad categories: crimes for economic gain; violent crimes;
drug crimes; traffic crimes, and other crimes. Crimes for economic gain includes both
property crime and white-collar crime, such as tax evasion.5 Violent crimes include (but are
not limited to) assault, unlawful threats, defamation and sexual assault. We also include
possession of illegal weapons in this category. Drug-related crimes include impaired
driving, possession of illegal drugs, bootlegging and smuggling. Traffic crimes include, for
example, impaired and reckless driving, and driving without a license. Our final category –
“other crimes” – is a residual category including all violations of Swedish law not included
in any of the other categories. Examples of such crimes include arson, counterfeiting,
rioting, incitement, and poaching. Importantly, a given crime can belong to multiple
categories. For instance, we classify driving under the influence of narcotics as both a
traffic crime and a drug crime. We also distinguish between two types of sentences: fines
and detention, where detention indicates any kind of restriction of freedom. As shown in
Section 3.A.5 of the Plan, we do not have the statistical power to separate between mild
restrictions of freedom, like probation, and serving time in prison. A detailed discussion
of our classification of crime and sentences is provided in Section 3.A.3 of the Plan.
In addition to data on convictions, we also have access to data on suspects from the
Suspects Registry (Misstankeregistret). This registry, which is also compiled by BRÅ, includes information on individuals suspected on reasonable grounds for having committed
during 1995-2017. The Suspects Registry data include a rough categorization of the type
of crime, but for the purpose of this study we only focus on the occurrence of being a
suspect.

3.5.

Lottery Samples

We construct our estimation samples by matching three samples of adult lottery players
(age 18 and above) to the crime data described above, as well as population-wide registers
on socioeconomic outcomes from Statistics Sweden. Our sample for the intergenerational
analyses consists of all children of winners who were i) conceived (born no later than the
second quarter following the lottery event) but had not yet turned 18 at the quarter of the
lottery and ii) born no later than 2002. We impose the latter restriction as children born
after 2002 are too young to reach the age of criminal responsibility of 15 during the period
of study.
The main threat to identification in studies of lottery winners is that the amount
won might correlate with the number of lottery tickets. To overcome this problem, we use
our data and knowledge about each lottery to construct “cells” within which the amount
5 We choose to merge property crime and white-collar crime as our evaluation of statistical power in Section

3.A.5 of the Plan shows we lack statistical power to detect effects of plausible size if white-collar crime were
to be considered a category of its own. To simplify the interpretation of property crimes as a type of crime
motivated by economic gain, we do not classify vandalism as a property crime.
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Table 3.1. Cell Construction Across Lottery Samples
Cell construction
Time
Period

Treatment
Variable

1986-2003
1986-1994

Prize
Prize

Kombi Lottery

1998-2011

Prize

Triss-Lumpsum
Triss-Monthly

1994-2011
1997-2011

Prize
NPV

PLS Fixed Prizes
PLS Odds Prizes

Adults

Children

Draw×#Prizes
Draw × Balance
Draw × Balance ×
×Age × Sex
Year × Prize Plan
Year × Prize Plan

Draw×#Prizes
Draw × Balance
Draw × Balance × #Children ×
“Close” Child Age and Gender
Year × Prize Plan
Year × Prize Plan

Notes: This table summarizes the cells constructed for each of the lotteries in the sample. Institutional knowledge of the way in which prizes were allocated in each of the lotteries allows us to
construct groups of players (cells) of in which the lottery prize amounts were as good as randomly
assigned. The cell construction column details the characteristics players must share to be placed
in the same cell.

won is random. We control for cell fixed effects in all analyses, thus ensuring all identifying
variation comes from players (or children of players) in the same cell. Table 3.1 summarizes
the cell construction, to be described in detail for each lottery below.

3.5.1.

Prize-Linked Savings Accounts

Prize-linked savings accounts (PLS) accounts are bank accounts that randomly award
prizes rather than paying interest (Kearney et al., 2011). Our data include two sources of
information from the PLS program run by Swedish commercial banks, Vinnarkontot
(“The Winner Account”). The first source is a set of prize lists with information about
all prizes won between 1986 and 2003. The prize lists contain information about prize
amount, prize type and the winning account number. The second source consists of microfiche images with information about the account balance of all accounts participating
in the draws between December 1986 and December 1994 (the “fiche period”) and the
account owner’s personal identification number (PIN). Matching the prize-list data with
the microfiche data allows us to identify PLS winners between 1986 and 2003 who held
an account during the fiche period.
Draws in the PLS lottery were held monthly throughout most of the studied time
period. Account holders were given one lottery ticket per 100 SEK in account balance.
There were two types of prizes in each draw: fixed prizes and odds prizes. Fixed prizes
varied between 1,000 and 2 million SEK whereas odds prizes paid a multiple of 1, 10, or
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100 times the account balance (odds prizes were capped at 1 million SEK during most of
the sample period).
We use different approaches for each type of prize to construct the PLS cells. For
fixed prizes, we exploit the fact that the total prize amount is independent of the account
balance among players who won the same number of fixed prizes in a draw. We therefore
assign winners to the same cell if they won an identical number of fixed prizes in a given
draw, thereby excluding people who never won from the sample. Because we do not need
information about the number of tickets owned to construct the fixed-prize cells, we can
use fixed prizes from both the fiche period (1986-1994) and thereafter (1995-2003).
Because the amount won depends on the account balance for odds prizes, it is not
enough to condition on the number of prizes win in a given draw. We therefore construct
the odds-prize cells by matching individuals who won exactly one odds prize in a draw
to individuals who also won exactly one prize (odds or fixed) in the same draw and who
had a similar account balance. The fixed-prize winners who are in this way matched to an
odds-prize winner are assigned to the new odds-prize cell instead of the original fixed-prize
cell. Each individual is thus assigned to no more than one cell in a given draw. However,
because players can win in several draws, some players appear in multiple draws. Because
account balances are unobserved after 1994; we only include odds prizes won during
the fiche period (1986-1994). To keep the number of cells manageable, we consider only
odds-prize cells for which the total amount won is at least 100,000 SEK.
The cell construction for the child sample is similar to the adult sample, except that
we match children whose lottery-playing parents match with respect to number of fixed
prizes or the account balance (odds-prize cells).

3.5.2.

The Kombi Lottery

The second lottery sample consists of roughly half a million individuals who participated in
a subscription lottery called Kombilotteriet (“Kombi”). Kombi is run by a company owned
by the Swedish Social Democratic Party. Kombi subscribers receive their desired number
of tickets via mail once per month. For each subscriber, our data include information
about the number of tickets held in each draw and information about prizes exceeding
1M SEK. Two individuals with the same number of tickets in a Kombi draw have the
same chance of winning a large prize. We construct the Kombi cells by matching each
winning player to (up to) 100 non-winning players. The non-winners are randomly chosen
from the set of players who had the same number of tickets in the given draw. Random
assignment of prizes within cells implies that controls must be drawn with replacement
from the set of potential controls. Winners may therefore be drawn as controls, and some
individuals are used as controls in several draws.
For the child sample, we match winning parents to control parents with the same
number of lottery tickets and children. If more than 100 such “control families” are
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available, we choose the 100 families who are most similar to the winning family in terms
of the age and sex of the children.

3.5.3.

The Triss Lotteries

Triss is a scratch-card lottery offered by the Swedish government-owned gaming operator,
Svenska Spel. Triss lottery tickets are widely sold in Swedish stores. Our sample consists
of two categories of Triss winners which we denote as Triss-Lumpsum and Triss-Monthly.
Winners of either type of prize are invited to appear on a TV show broadcast every
morning. At the show, winners of Triss-Lumpsum draw a new scratch-off ticket and
win a prize ranging from 50,000 to 5 million SEK. Triss-Monthly winners participate
in the same TV show, but instead win a monthly instalment of which size (10,000 to
50,000 SEK) and duration (10 to 50 years) are determined by two separate, independently
drawn tickets. The exact distribution of prizes in Triss-Lumpsum and Triss-Monthly are
determined by prize plans which are subject to modest revisions over the years.
We convert the Triss-Monthly prizes to their present value by using a 2 percent
annual discount rate. Svenska Spel sent us data on all participants in Triss-Lumpsum and
Triss-Monthly prize draws between 1994 and 2011 (the Triss-Monthly prize was introduced
in 1997). We exclude about 10 percent of the Triss prizes for which the Svenska Spel data
indicate the ownership of the ticket was shared between multiple people.
While the chance of winning a Triss-prize depends on the number of tickets bought,
the amount won does not. We place players in the same cell if they won exactly one prize
of a given type in the same year and under the same prize plan. A few cases where a player
won more than one prize within the same year and prize plan are excluded from the
sample. The construction of the child cells is analogous to the adult cells.

3.5.4.

Estimation Samples

To construct the estimation sample for adult players, we started with all winners and
control individuals who turned at least 18 and were no older than 74 years of age in the
year of the lottery draw. Merging the three lotteries gives us a sample of 358,712 lottery
players within the relevant age range. Primarily because many PLS lottery players win
small prizes several times, these observations correspond to 283,789 unique individuals.
We then excluded observations who (i) have not been assigned to a cell, or to a cell without
variation in the amount won; (ii) lack information on basic socio-economic characteristics
or (iii) shared prizes in the Triss lottery. After imposing these restrictions, we end up with
an estimation sample of 354,060 observations (280,798 individuals).
For our intergenerational analyses we have 125,626 observations of children whose
parents play the lottery, corresponding to 104,841 unique children. As for the adult sample,
we exclude children not matched to cells or to cells without prize variation, and shared
prizes in the Triss lotteries. We also restrict the sample to children whose parents were both
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alive the year before the lottery draw and have non-missing information on basic socioeconomic characteristics.6 After imposing these restrictions, our child sample consists
of 120,154 observations and 100,940 unique children of 60,058 lottery-playing parents
(29,182 mothers and 30,876 fathers) who won a total of 69,256 prizes.

3.5.5.

Prize Distribution

Table 3.2 shows the distribution of prizes in the adult and child samples. All lottery prizes
are net of taxes and expressed in units of year-2010 SEK. Panel A shows the total prize
amount in our adult sample is a little over 6 billion SEK (about $900 million). PLS and
Triss-Monthly have the largest prize pools with over 2 billion SEK per lottery, yet TrissLumpsum is the lottery which provides most of the within-cell variation in amount won
(36%). Panel B shows the total prize pool in our child sample is slightly over 1.3 billion SEK
($900 million). Compared to the adult sample, the Triss-Lumpsum sample is relatively
more important for identification, while the Kombi lottery is relatively less important.

3.5.6.

Testing Randomization

Key to our identification strategy is that the variation in amount won within cells is
random. If the identifying assumptions underlying the lottery cell construction are
correct, characteristics determined before the lottery should not predict the amount won
once we condition on cell fixed effects, because, intuitively, all identifying variation comes
from within-cell comparisons. To test for violation of conditional random assignment in
the winner sample, we estimate the following model
Li,0 = Zi,−1 λ + Ri,−1 ρ + Xi η + νi ,

(3.1)

where Li,0 is the prize (in million SEK, about $150,000) awarded to lottery player i at t
= 0, Zi,−1 is a vector of pre-win socio-economic characteristics measured the year prior
to the lottery, including a third-order polynomial in age interacted with gender; log of
household disposable income, indicator variables for whether the individual was born
in a Nordic country, was married and had a college degree.7 Ri,−1 is a vector of pre-win
criminal behaviour, including dummy variables for being convicted for each of the six
main sub-categories of crime listed above during the five-year period prior to the lottery
draw and a dummy for any kind of criminal conviction since 1975. Xi is the vector of cell
fixed effects conditional on which lottery prizes are randomly assigned.
6 We exclude disposable income from the set of socioeconomic characteristics we require from parents for

children to be included in the data set.
7 Household disposable income is defined as the sum of own and (if married) spousal disposable income. Own

and spousal disposable income is winsorized at the 0.5th and 99.5th percentile for the year in question before
summing them. To avoid a disproportionate influence for values close to zero, we winsorize household
disposable income at SEK 40,000 (about $6000) before taking the log.
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B. Winning parents (child analyses)

Table 3.2. Distribution of Prizes Awarded
A. Winners (adult analyses)

0
1K to 10K
10K to 100K
100K to 500K
500K to 1M
1M to 2M
2M to 4M
>4M
354,060

37,067
286,828
23,005
4,715
497
1,290
440
218

(1)

All

2,360
26.9

311,777

0
286,828
21,766
2,237
279
638
29
0

(2)

PLS

489
10.8

37,468

37,067
0
0
0
20
356
20
5

(3)

Kombi

1,255
36.0

4,121

0
0
1,239
2,478
198
54
87
65

(4)

Lumpsum

2,023
26.3

694

0
0
0
0
0
242
304
148

(5)

Monthly

1,372
100.0

69,256

4,265
58,259
5,011
1,210
101
245
112
53

(6)

All

499
26.1

63,643

0
58,259
4,691
500
52
132
9
0

(7)

PLS

55
5.6

4,311

4,265
0
0
0
0
44
1
1

(8)

Kombi

331
46.6

1,132

0
0
320
710
49
13
23
17

(9)

Lumpsum

487
22.0

170

56
79
35

(10)

Monthly

Triss...

N

6,127
100.0

Triss...

Sum (M SEK)
% of variation.

Notes: This table shows the distribution of prizes in the sample of adult winners between age 18 and 74, and among winning parents in
the same age range. All prizes are after tax and measured in year-2010 SEK. In Triss-Monthly, prize amount is defined as the net present
value of the monthly instalments won, assuming the annual discount rate is 2%.
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For the child sample, we estimate
Li,0 = Zp,−1 λp + Rp,−1 ρp + Ci,−1 µ + Xi η + νi ,

(3.2)

where Zp,−1 is a vector of pre-win socio-economic characteristics of child j’s biological
parents and Rp,−1 is a vector of the parents’ criminal history. Zp,−1 includes third-order
polynomials in the mother’s and father’s age, the log of the average of the parents’ combined
disposable income during the five years preceding the lottery draw, and indicator variables
for whether each parent was born in a Nordic country, was married and had a college
degree. Rp,−1 is the same vector of pre-win criminal behaviour as in model 3.1 above,
except we include the mother’s and father’s criminal record separately. Ci,−1 is a vector of
child-specific pre-win controls, including a third-order polynomial in age at the time of
win interacted with gender and a dummy for being born in a Nordic country.
As stated in the Plan, our test of exogeneity in model 3.1 and 3.2 is whether we can
reject the null hypothesis of joint insignificance of all predetermined covariates for all
lotteries combined. As also stated in the Plan, we focus on the permutation-based p-values
constructed by simulating the F -statistic for joint significance under the null hypothesis
of zero treatment effects (Young, 2019) and cluster the standard errors at the level of the
player (adult sample) and family (child sample).
Table 3.3 shows that, for the adult sample, the p-values based on clustered standard
errors are always above 0.05 (the cutoff stipulated in the Plan), regardless of whether we
consider the full sample or each lottery individually. While this is reassuring, the fact that
we don’t reject joint insignificance in the specification without cell fixed effects (column 1)
raises the concern that our test may have limited power. As further discussed in Section
3.6 below, the combined skewness of both lottery prizes and criminal behaviour implies
statistical inference based on standard errors that adjust for heteroskedasticity may be
unreliable. To the extent that F -statistics based on clustered standard errors exhibit high
variability also under the null, actual differences across samples are harder to detect. As
a post-hoc supplement, Table 3.3 therefore also reports permutation-based p-values for
F -statistics based on unadjusted standard errors. In this case, we reject the null of joint
significance when the cell fixed effects are not included. Still, the p-values with cell fixed
effects included are always above 0.05.

3.5.7.

Representativeness

An important concern with lottery studies is that lottery players may not be representative of the general population. For each lottery sample, we therefore compare criminal
behaviour in the five years prior to the lottery draw to representative population samples
drawn in 1990 (PLS lottery) and 2000 (Kombi and the two Triss lotteries). Likewise,
we compare the lottery players’ basic demographic and socio-economic characteristics
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Table 3.3. Testing for Conditional Random Assignment of Lottery Prizes
Adult Sample
All

p (clustered)
p (unadjusted)
N
Cell FE

PLS

Kombi

Triss

(1)

(2)

(3)

(4)

(5)

0.156
0.000
354,060
No

0.190
0.634
354,060
Yes

0.549
0.233
311,777
Yes

0.261
0.051
37,468
Yes

0.144
0.151
4,815
Yes

PLS

Kombi

Triss

Child Sample
All

p (clustered)
p (unadjusted)
N
Cell FE

(6)

(7)

(8)

(9)

(10)

0.668
0.001
120,154
No

0.080
0.180
120,154
Yes

0.078
0.949
111,093
Yes

0.147
0.112
6,764
Yes

0.902
0.674
2,297
Yes

Notes: This table reports resampling-based p-values for joint significance of the covariates in model
3.1 (adult sample) and 3.2 (child sample) from 10,000 perturbations of the prize vector, as described
in the main text. Standard errors are either unadjusted or clustered at the level of the player (adult
sample) or the family (child sample).

(measured the year before the lottery event) to the representative samples. Because criminal behaviour and socio-economic characteristics differ substantially with both age and
gender, we reweight the representative samples to match the age and sex distribution
of each lottery sample. We also compare the pooled lottery sample (with each lottery
weighted by its share of the overall identifying variation) to a correspondingly reweighted
representative sample.
Table 3.4 shows the share convicted in the Triss sample is similar to the representative
sample, whereas the PLS and Kombi samples are more law-abiding than the population
at large. However, because the two Triss lotteries contribute such a large share of the
overall identifying variation (see Table 3.2 above), the weighted pooled lottery sample
is quite similar to the representative sample. For instance, 3.9% of the weighted pooled
lottery sample were convicted for a crime in the five-year period preceding the lottery
draw, compared to 4.4% in the matched representative sample.
Table 3.4 also shows lottery players are more likely to be born in a Nordic country
and (except for the PLS lottery) have lower levels of education, but are quite similar with
respect to marital status.

3.21
0.79
0.46

1950
48.8
95.4
20.1
54.1
12.3

Fine
Detention
Jail

Baseline characteristics
Birth year
Female (%)
Nordic born (%)
College (%)
Married (%)
Log household disp. income
1950
48.8
91.9
25.4
53.8
12.3

3.62
1.02
0.62

4.38
1.35
0.80
0.41
0.17
2.20
1.09

Matched
repr.

1940
51.4
96.8
20.8
60.7
12.3

2.06
0.17
0.12

2.32
0.57
0.19
0.02
0.07
1.13
0.59

PLS

1940
51.4
94.4
17.5
59.6
12.2

3.51
0.79
0.57

4.17
1.39
0.65
0.17
0.14
1.91
1.16

Matched
repr.

1945
40.7
98.1
18.3
57.1
12.5

1.97
0.45
0.25

2.36
0.39
0.23
0.09
0.9
1.48
0.41

Kombi

1945
40.7
91.9
25.4
59.9
12.5

2.90
0.77
0.48

3.47
0.89
0.52
0.24
0.18
1.94
0.63

Matched
repr.

1954
49.6
93.7
19.4
50.9
12.3

4.13
1.10
0.67

4.96
1.21
0.91
0.46
0.21
2.80
1.12

Triss
lotteries

1954
49.6
90.8
28.0
50.5
12.3

3.78
1.13
0.65

4.59
1.42
0.90
0.52
0.17
2.34
1.13

Matched
repr.

Notes: The table shows descriptive statistics for the pooled lottery sample and each of the three subsamples that it comprises. We
weigh each of the three subsamples by its identifying variation in amount won (the variation in prizes demeaned at the cell-level) when
constructing the pooled lottery sample. The matched representative samples have the same distribution of age and gender as their
respective lottery samples. We use a representative sample from 1990 to generate the matched sample for PLS and from 2000 to generate
the matched samples for Kombi and the Triss lotteries. The criminal record variables give the share in each sample which has been
convicted for at least one crime in a given category within the five years preceding the lottery event. The baseline characteristics are
measured one year before the lottery draw.

3.87
0.82
0.55
0.27
0.15
2.23
0.85

Criminal record (%)
Any crime
Property crime
Violent crime
Drug crime
White collar crime
Traffic crime
Other crime

Pooled
lottery

Table 3.4. Representativeness
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3.6.

Estimation

Our identification strategy exploits the fact that lottery prizes are randomly assigned
within each cell. In the adult analyses, we estimate the effect of lottery wealth on players’
subsequent criminal activity by ordinary least squares, using the following main estimating
equation:
yi,t = βw Li,0 + Zi,−1 γ + Ri,−1 ϕ + Xi β + ei

(3.3)

where yi,t is a measure of criminal activity within t years of winning the lottery. We set yi,t
to missing for individuals who died or were registered as having migrated out of Sweden
sometime before year t. Li,0 is the prize in million SEK (about $150,000) awarded to
lottery player i at t = 0. The vectors Zi,−1 , Ri,−1 and Xi are identical to those in model 3.1.
Zi,−1 and Ri,−1 are included solely to improve the precision of our estimates. Section 3.A.5
of the Plan shows statistical power in terms of the semi-elasticity — the effect in relation
to the crime rate in the sample — is maximized for t = 7.8 We therefore set t = 7 in our
main analyses presented in Section 3.7 below.
For our child sample analyses, the main estimating equation is
yij,s = βc Li,0 + Zp,−1 γp + Rp,−1 ϕp + Ci,−1 θ + Xi β + ei

(3.4)

where yij,s is a measure of criminal activity of child j of player i. We follow each child for
a maximum of s years after the lottery event if the child is 15 or older at the time of the
lottery event. If the child is younger, we follow the child s years after he or she turns 15 (the
age of criminal responsibility). For example, a child born in 1990 will be followed from
2005 if her parent played the lottery in 2004 or earlier, and otherwise from the year after
the lottery draw. Because data on criminal behaviour is not available after 2017, whether
the restriction s is binding depends on the child’s year of birth and when the parent played
the lottery. As in the adult analyses, Li,0 is the prize amount in million SEK.9 The vectors
Zp,−1 , Rp,−1 , Ci,−1 and Xi are the same as in model 3.2. Section 3.A.5 of the Plan evaluates
statistical power for different values of s between 1 and 10 (again focusing in the semielasticity). We found power to be maximized for t = 10, which is why we focus on this
time horizon in Section 3.7.
8 Several factors influence statistical power. For example, larger t

implies a higher baseline crime rate, but also
that we lose observations (in particular after t = 7 as we lottery players from 2011 can only be followed for six
years given that the last year for which we have crime data is 2017. The Plan also includes an evaluation of
how sample restrictions in terms of age and gender influence power in the adult sample. We find power
both with respect to the absolute and relative effects is maximized with the full sample (men and women
between 18 and 74 years of age at the time of the draw) and therefore abstain from imposing any further
sample restrictions.
9 In both models 3.3 and 3.4, we let the propensity to commit a crime be a linear function of the lottery win.
While most theoretical models would predict the effect size to fall with the amount won, a linear specification
offers a decent approximation to the data in case outcomes depend on lifetime income Lindqvist et al., 2020.
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In Section 3.A.5 of the Plan, we used Monte Carlo simulations to evaluate the performance of analytical standard errors under the null of a homogeneous zero treatment
effect. We proceeded by independently perturbing the prize vector within each lottery cell
10,000 times. For each perturbation, we estimated different versions of model 3.3 and 3.4
with four different standard errors: unadjusted standard errors, heteroskedasticity-robust
standard errors (Huber-White), standard errors adjusted for clustering at the level of the
player (winner sample) or family (child sample), and the EDF-corrected robust standard
errors suggested by Young (2016).10 We then evaluated the standard errors by calculating
the share of p-values below 0.05 in two-sided test.
Our simulations show over-rejection is more frequent when the dependent variable
takes the intensive margin of crime into account. This is one reason why we only consider
binary indicators of crime in model 3.3 and 3.4.11 A second, unsurprising, finding is that
the three standard errors that adjust for heteroskedasticity perform better than unadjusted
standard errors. However, while heteroskedasticity-robust standard errors give an overall
rejection rate quite close to the desired 5%, we found rejection is significantly more likely
to happen when the estimated coefficient is negative. This asymmetric rejection rate is
not driven by standard errors being biased downward. In fact, the mean values of the
robust, clustered and EDF standard errors are very close to the standard deviation of the
estimated coefficients across simulations. However, as shown in the Plan, the standard
errors that adjust for heteroskedasticity vary substantially across permutations and are
strongly positively correlated with the estimated lottery coefficients. The likely reason
behind this pattern is the high leverage of large-prize winners in our data: as the baseline
crime rate is low, the estimated error term variance will be large in permutations where a
relatively high fraction of people who committed a crime are assigned a large prize. The
positive correlation between coefficients and standard errors in turn implies the t-statistics
distribution has a negative skew.
Because of the problems with analytical standard errors, the Plan makes clear that
we will rely on permutation-based p-values for statistical inference. Similar to above and
Young (2019), we simulate the distribution of the relevant test statistic under the null
hypothesis of zero treatment effects by perturbing the prize vector 10,000 times and
running the relevant analyses for each perturbation. The p-value is then the percentile
of the true test statistic in the distribution of simulated test statistics under the null of
zero effect. Specifically, in model 3.3 and 3.4, we compare the estimated coefficients of
the true effect (i.e. β̂w and β̂c ) to their respective simulated distributions under the null.12
10 The clusters for the child sample are constructed using an iterative process that assigns half-siblings to the

same cluster.
11 Another reasons is that our analyses in Section 3.A.5 of the Plan indicated that statistical power is lower for

specifications of the dependent variable that take the number of crimes into consideration.
12 For the exogeneity tests in equation 3.1 and 3.2 we instead compare the actual F -statistic with the distribution

of simulated F -statistics under the null of no effect (a procedure Young (2019) refers to as “randomization-t”).
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This is similar to what Young (2019) denotes “randomization-c”, with one exception: to
alleviate concerns about an asymmetric rejection rate, we calculate the one-sided p-value
and multiply it by two instead of considering the absolute value of the coefficient.13
The Plan also shows that using the maximum of the four analytical standard errors performs better than using any of the individual standard errors. For reference, we
therefore also report the maximum analytical standard errors from the actual estimation
and the corresponding p-value. To adjust for multiple-hypothesis testing, we also report family-wise error rate adjusted p-values from the free step-down resampling method
of Westfall and Young (1993) for our main results. We refer to the resulting p-values as
FWER-adjusted p-values.

3.7.

The Effect of Lottery Wealth on Crime

In this section, we analyze the effect of lottery wealth on criminal behaviour. We begin
with the results for the adult sample and then turn to the lottery players’ children.

3.7.1.

Adult Analyses

Table 3.5 shows the estimated effect of lottery wealth on crime in the adult sample. The
estimated effect on our main outcome of interest — any type of crime committed within
seven years of the lottery draw — suggests 1 million SEK (about $150,000) in winnings
increases the conviction rate by 0.28 percentage points (corresponding to 10.3 percent
of the crime rate in the sample), yet the effect is not statistically significant. The 95%
confidence interval allows us to rule out that 1 million SEK reduces crime risk by more
than 0.15 percentage points, or 5.6 percent relative to the sample mean.
Columns 2 to 6 show the results for each of the five different crime categories. The
estimated effects on crimes for economic gain, violent crime, and other types of crime
are positive, while the estimated effects on drug crime and traffic crimes are negative, yet
none of these estimates are statistically significant. Columns 7 and 8 show the results by
type of punishment. Though neither estimate is statistically significant, our estimates
suggest winning the lottery increases the probability of being convicted to pay a fine, but
decreases the probability of being convicted to some form of detention.
Table 3.6 shows the results from two sets of robustness analyses pre-specified in
the Plan. First, to account for the possibility that wealth affects the risk of conviction
conditional on having committed a crime, column 1 reports the results when we replace
the indicator for any type of crime with an indicator for being suspected of a crime up to
t = 7. As discussed in Secion 3.4, data from the Suspect Registry are only available from
13 More formally, let q be the percentile of the estimated coefficient in the distribution of simulated coefficients

under the null of zero effect. The p-value is then 2q if the coefficient is negative and 2(1 − q) if the coefficient
is positive. As pointed out by Fisher (1935), our procedure implies p-values can be above one.

2.726
0.103
325,850

0.282
0.222
0.247
0.205

0.047
0.118
0.664
0.689
0.934
0.598
0.079
325,850

(2)

(1)
0.025
0.113
0.743
0.822
0.934
0.270
0.094
325,850

(3)

Violent

-0.067
0.043
0.370
0.115
0.830
0.064
-1.061
325,850

(4)

Drug

-0.014
0.165
0.957
0.933
0.957
1.653
-0.008
325,850

(5)

Traffic

0.180
0.111
0.125
0.107
0.470
0.513
0.351
325,850

(6)

Other

0.293
0.212
0.204
0.166
0.362
2.435
0.120
325,850

(7)

Fine

-0.028
0.089
0.857
0.755
0.857
0.307
-0.090
325,850

(8)

Detention

Type of Sentence

Notes: This table reports the effect of winning the lottery on players’ subsequent criminal behaviour. Each column reports
results from a separate regression in which the dependent variable is an indicator variable equal to one in case of a conviction for
a certain type of crime, or certain type of sentence, within seven years after the lottery draw. The sample includes lottery winners
and controls between age 18 and 74 at the time of the win. In all specifications, we control for the factors listed in model 3.3. The
analytical standard errors are equal to the maximum of conventional standard errors; Huber-White standard errors; standard
errors adjusted for clustering at the level of the player and the EDF-corrected robust standard errors suggested by Young (2016).
The resampling-based p-values are constructed by performing 10,000 perturbations of the prize vector. FWER p-values are
calculated separately for the analyses in columns (2)-(6) and (7)-(8).

Effect (M SEK)*100
SE
p (resampling)
p (analytical)
FWER p
Mean dep. var.*100
Effect/mean
N

Economic
Gain

Any
Crime

Type of Crime

Table 3.5. Adult Sample: Main Analyses
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Figure 3.1. Adult Sample: Effect over Time

Effect of 1M SEK on Crime

.01

.005

0

-.005

-.01
1

2

3

4

5

6

7

8

9

10

Years Relative to Winning

Notes: This figure shows the results from model 3.3 with t varying from 1 to 10. 95% confidence
intervals based on the maximum of the four types of standard errors discussed in Section 3.6.

1995. For reference, column 2 therefore reports the results for the any crime-indicator using
the exact same sample as in column 1. Though our results suggest winning the lottery
reduces the risk of being a suspect, the effect is not close to being statistically significant
and does not lead us to revise the conclusions drawn from Table 3.5.
Second, columns 3 to 10 in Table 3.6 report results when we re-estimate the regressions
in Table 3.5 dropping prizes exceeding 4 million SEK ($580K). Overall, the results in Table
3.6 suggest criminal behaviour is increasing and concave in wealth. With the large prizes
dropped, the estimated effect on any crime is statistically significant (permutation-based
p-value 0.043), and the same holds for other types of crime and for being convicted to
pay a fine. Because large prizes contribute substantially to the identifying variation, the
estimates in Table 3.6 are less precise, implying point estimates should be interpreted with
caution. Still, at a minimum, the results in Table 3.6 do not suggest that the null result in
Table 3.5 is due to non-linearities masking a negative effect of wealth on crime.
We now turn to two sets of exploratory analyses. First, Figure 3.1 shows the evolution
of the effect of lottery wealth on crime when we vary the time horizon from 1 to 10 years
after the draw. The estimated effect is close to zero up to five years after the lottery, and
then becomes positive though never statistically significant.
In our second exploratory analysis, we test for heterogeneous effects along four
dimensions: age at the time of the lottery draw; sex; disposable income and any prior
conviction. Table 3.7 shows the effect is larger for men, and for players without a prior

-0.382
0.071
0.301
0.245
0.251
0.760
0.206
0.773
2.918
2.443
-0.131
0.029
152,227
152,227
Suspect sample

(2)

(1)
0.648
0.331
0.043
0.051
2.725
0.238
325,656

(3)

Any
Crime

0.061
0.147
0.679
0.677
0.598
0.102
325,656

(4)

Economic
Gain
(6)

Drug
(7)

Traffic
(8)

Other

0.012
-0.064
0.080
0.395
0.109
0.067
0.229
0.208
0.867
0.463
0.719
0.008
0.909
0.343
0.728
0.058
0.270
0.064
1.652
0.513
0.046
-1.005
0.048
0.770
325,656 325,656 325,656 325,656
Prize no more than 4M SEK

(5)

Violent

0.619
0.310
0.039
0.046
2.434
0.254
325,656

(9)

Fine

0.079
0.147
0.518
0.588
0.307
0.259
325,656

(10)

Detention

Type of Sentence

Notes: This table reports results similar to Table 3.5, with the following differences: the dependent variable in column 1 is an indicator equal to one in case
a player was suspected of a crime within six years of the lottery draw (data available from 1995 onwards); the sample in column 2 is restricted to the same
sample as in column 1, and the sample in columns 3-10 is restricted to people who won 4M SEK or less.

Effect (M SEK)*100
SE
p (resampling)
p (analytical)
Mean dep. var.*100
Effect/mean
N
Sample

Any
Crime

Any
Suspicion

Type of Crime

Table 3.6. Adult Sample: Robustness
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Table 3.7. Adult Sample: Heterogeneous Effects
Age

Sex

Disp. Income

Below At least

Below

Age 50

50

Male

Female

(1)

(2)

(3)

(4)

(5)

Prior Crime

Above

Median Median
(6)

Yes

No

(7)

(8)

Effect ($100K)*100

0.216

0.266

0.548

0.018

0.288

0.289

0.360

-0.311

SE

0.265

0.409

0.409

0.160

0.411

0.246

0.207

0.814

p

0.616

0.213

0.213

0.978

0.454

0.558

0.110

0.833

p equal
N

0.939

0.271

1.007

0.593

120,309 205,541

159,202 166,648

133,270 192,580

300,559 25,291

Notes: This table reports the results from four pre-registered heterogeneity analyses. Columns 1
and 2 show results separately for winners age 50 and younger at the time of the draw. Columns 3
and 4 show the results separately for male and female winners. Columns 5 and 6 display results
separately for those above or below the median disposable household income in the same ageyear-sex cell in the representative sample (where age is defined by five-year intervals). Columns
7 and 8 show the results for winners depending on whether they have any recorded conviction
from 1975 up to the year prior to the draw. All regressions include the same set of covariates as in
model 3.3 plus interactions between all covariates (including the cell fixed effects) and an indicator
for the relevant dimension of heterogeneity. Standard errors are the maximum of unadjusted,
heteroskedasticity-robust and clustered at the level of the player. The p-values for both individual
coefficients and for equality between coefficients are based on 10,000 permutations of the prize
vector.

conviction, but none of these differences are statistically significant. Our results provide
no evidence of heterogeneity by age or income.
To place the magnitude of the effect of lottery wealth in context, we compare our
estimates to the crime-income gradient. We proceed in four steps to make this comparison.
The first step is to convert the lottery prizes to income streams. Because lump-sum lottery
prizes represent one-time increases in wealth, converting them to income streams requires
assumptions regarding the intertemporal behaviour of lottery winners. The evidence from
previous studies suggest winners spread out the gains over long time horizons (Cesarini,
Lindqvist, Östling, et al., 2016) and often treat the windfall as a long-run supplement
to annual income flows (Cesarini, Lindqvist, Notowidigdo, et al., 2017). We therefore
follow previous studies based on the same lottery data (Cesarini, Lindqvist, Östling, et al.,
2016; Lindqvist et al., 2020) and calculate, for each lottery prize, the annual payout it
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could sustain if it were annuitized over a 20-year period at an actuarially fair price and an
annual real return of two percent. For example, a prize of 1 million SEK corresponds to
an increase in net annual income of SEK 59,960.
In the second step, we calculate average household disposable income during the
five years prior to the lottery draw. For the adult sample, households are defined as the
lottery player and, for married players, the player’s spouse.
In the third step, we sum the annuitized lottery prize and average household disposable income. We then instrument the resulting variable with the lottery prize using a
specification otherwise the same as model 3.3.
In the fourth step, we compare the rescaled lottery-based estimates to log income
gradients. For the adult sample, we estimate the gradients with controls for sex, a thirdorder polynomial in age and sex-by-age interactions. To make sure that the effect of lottery
wealth does not affect the estimated gradients, we estimate the gradients only for players
who did not win or won less than SEK 200,000. We also exclude lottery players who
received study aid in the year prior to the lottery draw when calculating the gradient.
Table 3.8 shows the causal estimates (where lottery prizes are used to instrument
permanent income) and the associated gradients. The casual estimate for any type of crime
(1.154) implies an increase in log permanent income by one increases the risk of being
convicted by 1.154 percentage points. In contrast, the corresponding gradient is strongly
negative (-2.990), and the null hypothesis of equal effects is rejected at conventional
levels of statistical significance (p-value 0.001). Columns 2 to 6 show that the gradient is
more negative than the casual estimates for all categories of crime, and the difference is
statistically significant in two out of five cases (crimes for economic gain and other crimes).
Similarly, the gradient is more negative for both types of sentences and the difference is
statistically significant for fines.

3.7.2.

Child analyses

We now turn to the results for our sample of the lottery players’ children. Table 3.9 shows
that the estimated effect on our main measure of children’s criminal behaviour — whether
children are convicted for any type of crime — is close to zero: the point estimate suggests
a parent winning 1 million SEK ($150,000) increases children’s conviction risk by 0.09
percentage points. Taking into account that 10.5% of the children in our data are convicted
at least once, the increase in relative crime risk is less than one percent. The 95% confidence
interval allows us to rule out that 1 million SEK in parental lottery wealth reduces crime
risk by more than 1.39 percentage points (13.2 percent) or increases crime risk by more
than 1.54 percentage points (14.6 percent).
Columns 2 to 6 show that, except for traffic crime, the estimated effects for all
categories of crime are negative, though no estimate is statistically significant. We similarly
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Table 3.8. Adult Sample: Benchmarking (Effect of Log Income)

Causal Estimate*100
SE
N
-2.990
0.639
244,247

1.514
1.175
325,842

(1)

Any
Crime

0.026

-1.533
0.422
244,247

0.254
0.626
325,842

(2)

Economic
Gain

0.218

-0.737
0.305
244,247

0.136
0.599
325,842

(3)

Violent

0.535

-0.660
0.311
244,247

-0.362
0.227
325,842

(4)

Drug

0.283

-1.244
0.448
244,247

-0.075
0.873
325,842

(5)

Traffic

0.014

-0.693
0.324
244,247

0.966
0.589
325,842

(6)

Other

0.003

-2.335
0.579
244,247

1.575
1.117
325,842

(7)

Fine

0.062

-1.400
0.401
244,247

-0.149
0.472
325,842

(8)

Detention

Type of Sentence

Gradient*100
SE
N
0.001

Type of Crime

p equal effects

Notes: The causal estimates are based on regressions where the log of average household income in the five years preceding the
lottery draw plus an annuity for the lottery win (assuming prizes are annuitized over 20 years) is instrumented with the lottery
win. The set of controls are the same as in model 3.3. The gradients are estimated from the sample of winners who won less
than SEK 200K and did not receive study aid in the year prior to the lottery. The observations in the gradient sample have been
weighted to match the identifying variation in each lottery. The reported standard error is the maximum of standard errors
which are unadjusted, heteroskedasticity-robust and clustered at the level of the player. The p-values for equal effects come
from a stacked regression and are based on the maximum of standard errors which are unadjusted, heteroskedasticity-robust or
clustered at the level of the player.
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estimate negative but statistically insignificant effects of parental lottery wealth on both
fines and detention (columns 7 and 8).
Table 3.10 shows the results for the same set of robustness tests as for the adult
sample. The estimated effect on the risk of being a crime suspect is negative and statistically
insignificant. In general, dropping the large prizes results in estimated effects which are
more negative than for the full sample. However, as for the adult sample, dropping large
prizes implies estimation becomes less precise, and except for the negative effect on other
types of crime (p-value 0.038), none of the coefficients are statistically significant.
Our Plan pre-specified three dimensions of heterogeneity for the child sample: age at
the time of the draw, sex and pre-win parental income, reported in Table 3.11. There is no
evidence of treatment effect heterogeneity with respect to child age. Though the results
suggest lottery wealth reduces crime risk for male children and for children of relatively
poor parents, we cannot reject homogeneous effects in either case.
As for the adult sample, we conclude by rescaling our lottery-based estimates and
comparing them to the cross-sectional gradient in the sample of small-prize winners. We
proceed in a manner analogous to the adult sample, except we replace household income
with the sum of the biological parents disposable income and control for child age and
gender, as well as the age of the mother and father, when estimating the gradients.
Table 3.12 shows the estimated gradients are negative for all types of crimes and
sentences. For any type of crime, the gradient of −1.69 implies an increase in log permanent
parental income by one decreases children’s conviction risk by 1.69 percentage points.
Despite a clear negative slope, the gradient is not statistically significant. The reason is that
we weigh the observations by each lottery’s share of total identifying variation. Because the
Triss lotteries contribute about two thirds of the identifying variation in the child sample,
but consist of relatively few players (especially after dropping prizes above SEK 200,000),
each Triss-lottery observation get a high weight when estimating the gradient. This in
turn makes the effective sample size much smaller than the nominal 95,472. Dropping the
weights leaves the gradient almost unchanged (−1.63) but much more precisely estimated
(SE = 0.36; p-value < 0.001).
The rescaled causal effect for any type of crime (−1.76) is close to the gradient.14
However, the standard errors are too large to allow any strong conclusion regarding the
casual effect relative to the gradient in the child sample. One reason for why our statistical
power with respect to the gradient is weaker for the child sample is simply the combination
of a less steep gradient combined with less precise estimates of the absolute effect due to
higher baseline conviction risk. Another contributing factor is that the first-stage effect is
smaller, implying the estimates are scaled up by a larger factor. Because lottery-playing
parents tend to be in prime working age, and because we sum the income of both parents
14 Because observations with missing income are excluded in Table 3.12, the sample is not exactly the same

as in Table 3.9. This is the reason why the coefficient for any type of crime changes sign from positive to
negative.
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Effect (M SEK)*100
SE
p (resampling)
p (analytical)
FWER p
Mean dep. var.*100
Effect/mean
N

Table 3.9. Child Sample: Main Analyses

Any
Crime
(2)

Economic
Gain
(3)

Violent

-0.214
0.345
0.604
0.536
0.604
1.537
-0.139
115,289

(4)

Drug

0.342
0.470
0.408
0.468
0.604
4.117
0.083
115,289

(5)

Traffic

-0.514
0.381
0.201
0.177
0.566
3.385
-0.152
115,289

(6)

Other

-0.433
0.578
0.468
0.453
0.468
8.450
-0.051
115,289

(7)

Fine

-0.433
0.277
0.231
0.118
0.400
1.763
-0.246
115,289

(8)

Detention

Type of Sentence

(1)

-0.563
0.295
0.103
0.056
0.385
2.005
-0.281
115,289

Type of Crime

0.092
0.741
0.888
0.901

-0.286
0.411
0.554
0.486
0.604
3.947
-0.073
115,289
10.540
0.009
115,289

Notes: This table reports the effect of winning the lottery on the criminal behaviour of the players’ children. Each
column reports results from a separate regression in which the dependent variable is an indicator variable equal to one
in case of a conviction for a certain type of crime, or certain type of sentence, within ten years after age 15 or the lottery
draw (whichever happens later), or year 2017. Children who were older than 18 at the time of the draw or born later than
six months after the draw are excluded from the sample. In all specifications, we control for the factors listed in model
3.4. The analytical standard errors are equal to the maximum of conventional standard errors; Huber-White standard
errors; standard errors adjusted for clustering at the level of the family (including half-siblings) and the EDF-corrected
robust standard errors suggested by Young (2016) The resampling-based p-values are constructed by performing 10,000
perturbations of the prize vector. The resampling-based standard errors equal the standard deviation of the estimated
coefficients from the same perturbations. FWER p-values are calculated separately for the analyses in columns (2)-(6)
and (7)-(8).

-0.587
0.246
0.835
0.769
0.537
0.748
0.482
0.750
13.564
9.909
-0.043
0.025
83,127
83,127
Suspect sample

(2)

(1)
-0.970
0.933
0.340
0.299
10.535
-0.092
115,181

(3)

Any
Crime

-0.587
0.601
0.350
0.329
3.943
-0.149
115,181

(4)

Economic
Gain
(6)

Drug
(7)

Traffic
(8)

Other

-0.674
0.032
-0.109 -1.092
0.432
0.457
0.607
0.558
0.152
0.897
0.893
0.038
0.119
0.943 0.8578 0.050
2.003
1.533
4.114
3.383
-0.337
0.021 -0.026 -0.323
115,181
115,181 115,181
115,181
Prize no more than 4M SEK

(5)

Violent

-0.813
0.847
0.351
0.337
8.450
-0.096
115,181

(9)

Fine

-0.248
0.406
0.614
0.540
1.761
-0.141
115,181

(10)

Detention

Type of Sentence

Notes: This table reports results similar to Table 3.9, with the following differences: the dependent variable in column 1 is an indicator equal to
one in the event that a lottery player’s child was suspected of a crime within six years of the lottery draw (data available from 1995 onwards); the
sample in column 2 is restricted to the same sample as in column 1, and the sample in column 3-10 is restricted to children whose parent won 4M
SEK or less.

Effect (M SEK)*100
SE
p (resampling)
p (analytical)
Mean dep. var.*100
Effect/mean
N
Sample

Any
Crime

Any
Suspicion

Type of Crime

Table 3.10. Child Sample: Robustness
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Table 3.11. Child Sample: Heterogeneous Effects

Age

Sex

Parental
Disp. Income

Below At least
Age 10
10

Sons Daughters

Below Above
Median Median

(1)

(2)

Effect ($100K)*100 0.253 0.128
SE
1.001 0.898
p
0.770 0.921
p equal
0.932
N
57,689 57600

(3)
-0.517
1.037
0.601

(4)

0.760
1.017
0.560
0.330
52,096
63,193

(5)

(6)

-0.825
1.045
1.103
0.823
0.469
0.435
0.161
58,630 56,659

Notes: This table reports the results from three pre-registered heterogeneity analyses. Columns 1 and 2
show results separately for children age 10 and younger at the time of the draw. Columns 3 and 4 show
the results separately for sons and daughters. Columns 5 and 6 display results separately by average
combined parental disposable income for the five years before the lottery draw (above or below the
median among parents in the representative sample in the same year and with children of the same age,
using five-year intervals for child age). All regressions include the same set of covariates as in model 3.4
as well as interactions between all covariates and the cell fixed effects, and an indicator for the relevant
dimension of heterogeneity. Standard errors are the maximum of unadjusted, heteroskedasticity-robust
and clustered at the level of the player. The p-values for both individual coefficients and for equality
between coefficients are based on 10,000 permutations of the prize vector.

(whereas not all adult winners have a spouse), pre-win parental income is higher than
household income in the full adult sample. Consequently, while a lottery win of 1 million
SEK increases permanent income in our adult sample by 18.6%, the corresponding number
for parental income is just 13.4%.

-1.691
2.205
95,472
0.989

Gradient*100
SE
N

p equal effects
0.537

-1.621
1.380
95,472

-3.419
2.561
115,146

0.143

-1.255
1.010
95,472

-4.204
1.748
115,146

(3)

Violent

0.384

-0.783
1.239
95,472

-2.954
2.164
115,146

(4)

Drug

0.287

-0.961
1.487
95,472

3.040
3.455
115,146

(5)

Traffic

0.317

-1.042
1.188
95,472

-3.963
2.677
115,146

(6)

Other

0.845

-2.216
1.898
95,472

-3.072
3.956
115,146

(7)

Fine

0.416

-1.391
0.972
95,472

-3.169
1.958
115,146

(8)

Detention

Type of Sentence

Notes: This table presents estimates of the causal effect of lottery wealth on crime based on regressions where the log of
average parental income in the five years prior to the lottery draw plus an annuity for the lottery win (assuming prizes
are annuitized over 20 years) is instrumented with the lottery win. The set of controls are the same as in model 3.4. The
gradients are estimated from the sample of children whose parents won less that SEK 200K. The observations in the
gradient sample have been weighted to match the identifying variation in each lottery. The reported standard error is
the maximum of standard errors which are unadjusted for heteroskedasticity, heteroskedasticity-robust and clustered at
the level of the player. The p-values for equal effects come from a stacked regression and is based on the maximum of
standard errors which are unadjusted, heteroskedasticity-robust or clustered at the level of the player.

-1.762
4.922
115,146

(2)

(1)

Causal Estimate*100
SE
N

Economic
Gain

Any
Crime

Type of Crime

Table 3.12. Child Sample: Benchmarking (Effect of Log Income)
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3.8.

Concluding Discussion

Does wealth inhibit criminal behaviour? Simply put, our study of Swedish lottery winners
suggests that the answer is “no” for adults. In fact, the players in our sample who win large
prizes are more likely to be convicted for a crime than the players who win small amounts,
or don’t win at all. Though the estimated effect is statistically insignificant, we are able to
rule out that lottery wealth substantially reduces adults’ conviction risk. In contrast, the
results from our analyses of the players’ children do not allow a firm conclusion regarding
the effect of parental economic status on criminal behaviour. While the overall pattern
of results suggest lottery wealth has no effect or reduces juvenile delinquency, non-trivial
effects in either direction cannot be ruled out.
An obvious caveat is that our sample of lottery players does not constitute a random
sample of the population. A related concern is that the relationship between crime and
income might be different in a welfare state like Sweden. It is obvious that our results
should not be casually extrapolated to deprived segments of the population in countries
without extensive social safety nets. At the same time, Sweden is not distinguished by
particularly low crime rates compared to comparable countries, and the crime rate in our
sample of lottery players is only slightly lower than in the population at large. There is also
a strong negative gradient between income and crime in Sweden, as well as in our sample
of adult lottery players. Our results therefore challenge the view that the relationship
between crime and economic status, in general, reflects a causal effect of financial resources
on adult delinquency.
From a methodological perspective, our paper illustrates the benefit of using Monte
Carlo analyses to evaluate the performance of analytical standard errors. The analyses
performed for our pre-analyses plan show that conventional standard errors would likely
result in a rejection rate which is both too high and asymmetric (more likely to reject a null
hypothesis of zero effects when the estimated effect is negative). These inference problems
arise because heteroskedasticity-robust standard errors for OLS exhibit high variance and
are positively correlated with the estimated coefficient, resulting in a skewed distribution of
the t-statistic. We mitigate these inference problems by using permutation-based p-values
which takes the skewness of test statistics into account.

3.A Pre-analysis Plan
This pre-analysis plan specifies the main empirical analyses in a study of the effect of
winning the lottery on subsequent criminal behaviour of winners and their children. We
first discuss the previous theoretical and empirical literature, the Swedish criminal justice
system, our data on criminal convictions, and provide descriptive statistics for crime in
Sweden. We then discuss our sample of lottery players and how they compare to the
population in terms of crime risk. Next, we use Monte Carlo simulations to evaluate the
analytical standard errors and the statistical power of different sample restrictions and
outcome variable definitions. Finally, we pre-specify the analyses that will be reported
in the paper. This pre-analysis plan was published on June 16th, 2021 and is available at
https://osf.io/9wvdg/.

3.A.1.

Motivation

The objective of this pre-analysis plan is to motivate and pre-specify the analyses we plan to
perform in a paper tentatively titled “Does Wealth Inhibit Criminal Behaviour? Evidence
from Swedish Lottery Winners.” In the paper, we will combine data from three different
samples of Swedish lottery players with administrative records of criminal convictions
with the goal of estimating the causal effect of lottery wealth on criminal behaviour. The
lottery data used in this project have been used in a string of previous papers on adult and
child health and child development (Cesarini, Lindqvist, Östling, et al., 2016), subjective
health and lifestyle (Östling et al., 2020), subjective well-being (Lindqvist et al., 2020),
labour supply (Cesarini, Lindqvist, Notowidigdo, et al., 2017), and financial risk-taking
(Briggs et al., 2021).
Our aim with this pre-analysis plan is to commit to a specific set of analyses with
high statistical power and sound statistical inference. To this end, we matched data on
criminal convictions with a reshuffled vector of lottery prizes. We then used this data set
to evaluate the performance of different types of analytical standard errors and to test how
different sample restrictions and specifications of the outcome variables affect statistical
power. Based on the results from these exercises, we pre-specified all main analyses in the
coming paper.
We started working on the plan after having obtained access to both the lottery and
crime data. Though all authors of this plan pledge that we have not consulted results
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based on the true prize vector before the publication of this plan, the fact that we have
had access to the data implies we cannot verify that we have honoured this pledge. At a
minimum, however, this plan shows that the specifications chosen outperform a large set
of alternative specifications with respect to statistical power. Moreover, our evaluation of
analytical standard errors leads us to adopt methods for statistical inference that are more
conservative than the methods typically used in applied economic research.
The pre-analysis plan is structured as follows: Section 3.A.2 discusses relevant models
in the economics of crime. Section 3.A.3 provides background information on the Swedish
legal system, discusses our data on criminal convictions, and provides descriptive statistics
of criminal activity in Sweden. Section 3.A.4 discusses our samples of lottery players and
the identification strategy. Section 3.A.5 discusses estimation, including the evaluation of
standard errors and statistical power. Finally, Section 3.A.6 specifies the analyses in the
paper.

3.A.2.

Economic Models of Crime

Since the seminal work by Becker (1968), economists have used rational-choice theory to
analyze criminal behaviour. A prominent set of models presents the perpetrator’s problem
within a general occupational choice framework (Block and Heineke, 1975; Ehrlich, 1973;
Sjoquist, 1973). In these models, agents allocate their time between legitimate and illegitimate activities, maximizing expected utility in the face of potential punishment from
illegitimate activities. A key prediction is that low legal market wages make individuals
more prone to commit crimes for economic gain. This prediction – for which there
is considerable empirical support – suggests a mechanism for the negative correlation
between certain types of crime and income from legal work.15
Whereas higher legal wages predict lower crime, Block and Heineke (1975) point out
that the effect of wealth in the models following Becker (1968) depends on risk preferences.
If agents exhibit decreasing absolute risk aversion, crime is a normal activity. Related
frameworks, such as that by Allingham and Sandmo (1972), where tax evasion is modelled
as a risky asset, have the same result: as crime increases the variance of potential outcomes,
changes in economic circumstances which induce risk-taking (such as a positive wealth
shock) also induce crime.
The first generation of models of crime abstract from two potentially relevant mechanisms. First, because total labour supply is assumed to be fixed, wealth has no effect on
leisure and only affects the allocation of labour between legal and illegal activities. In more
recent work, Grogger (1998) builds a model where leisure from illegal work is a normal
good, though the specific assumptions imply only career criminals (who are at the corner
15 Several studies have found that property crime increases when labour market prospects, as measured by

wages (Gould et al., 2002; Grogger, 1998; Machin and Meghir, 2004), or unemployment (Edmark, 2005;
Gould et al., 2002; Öster and Agell, 2007; Witt et al., 1999), worsen.
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solution where all work is illegal) reduce their supply of illegal labour following a wealth
shock. Second, the severity of punishment is assumed to be independent of wealth. While
this may be a reasonable assumption for less serious crimes, Becker (1968) points out that
the utility loss of imprisonment depends on the amount of foregone consumption while
serving time. To the extent that the wealthy have, as such, more to lose from imprisonment, wealth would be expected to have a negative effect on the propensity to commit
more serious crimes. There are also other possible mechanisms through which wealth can
affect crime. For example, increases in wealth may be diverted to investments in human
capital which in turn may have a dampening effect on criminal behaviour (Lochner, 2004;
Lochner and Moretti, 2004).
Other work on the economics of crime distinguishes between offences committed
for economic gain – production offences – and offences which involve the consumption
of illicit goods – consumption offences (Stigler, 1970). Insofar as consumption offences
can be treated as consumable goods, these offences can be modelled within a standard
consumer choice framework as goods with different wealth elasticities of demand (Heller
et al., 2011). Though it is unclear whether illicit goods are normal or inferior, previous
research suggests that illicit drugs such as marijuana, cocaine and heroine are normal goods
(Chaloupka et al., 1998; Liccardo Pacula et al., 2001; Petry, 2000; Van Ours, 1995), though
there is substantial variation in the magnitude of estimated income elasticities.
Legal goods can also be thought of as “inputs” in criminal behaviour. A key example
is alcohol, which is associated with a higher risk of violent crime (Murdoch and Ross,
1990), and for which estimated income elasticities are typically around 0.7 (Gallet, 2007;
Nelson, 2013).16 Individuals who can afford fast cars and gasoline might similarly be
more likely to commit traffic crimes. To the extent that agents perceive fines as the price
for engaging in criminal behaviour, decreasing sensitivity to the (absolute) risk level
and a looser budget constraint should also increase the propensity to commit crime
for which there is a positive consumption value. On the other hand, higher wealth may
induce individuals to substitute away from illegal towards legal goods, for instance from
moonshine to legally produced alcohol, or to buy goods and services that facilitate lawabiding behaviour, such as taking a taxi home from the bar rather than driving under the
influence of alcohol.
In sum, economic theory does not provide a clear prediction for how wealth affects
criminal behaviour. While the first generation of papers emphasized how greater tolerance
toward risk may imply that wealth increases crime, increasing demand for leisure from
criminal activity and a higher utility loss from imprisonment instead suggest wealth
reduces the propensity to commit crimes for economic gain. And while higher wealth
16 Using a subset of the sample of lottery players used in this paper, Östling et al. (2020) finds no statistically

effect of lottery wins on a survey-based measure on alcohol consumption. However, the null hypothesis
that the lottery-based estimate is equal to the (positive) gradient between income and alcohol consumption
could not be rejected.
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implies that illicit goods, legal goods which are “inputs” in criminal acts, and fines all
become more affordable, it is easy to come up with examples in which more wealth changes
consumption patterns in a more law-abiding direction.

3.A.3.

Institutional Background and Data on Crime

Swedish Legal System
The primary legislative source of the law in Sweden is the Swedish Code of Statutes
(Svensk författningssamling; SFS). The SFS contains a collection of all laws passed before
the Swedish legislature and any revisions made to these. Laws in the SFS are headlined by
the year in which they were passed, together with a four digit number unique to the year
of passing. SFS also contains the Swedish Penal Code (Brottsbalken; BRB) which is the
primary source of criminal law. The Penal Code outlines provisions on what constitutes
various types of crime in Sweden and provides ranges of standard sanctions to be imposed
in the event of violations of the code. A separate section of the code expands upon the
sanctions, and provides alternative sanctions that may be applied depending on the gravity
of the crime and the accused’s personal circumstances.
Criminal cases are tried in one of 48 district courts (tingsrätten). Appeals of decisions
made in the district courts are heard before one of six courts of appeal (hovrätten). The
Supreme Court (Högsta domstolen) is the highest court in the Swedish judiciary and the
final instance for appeals. The Supreme Court typically hears high profile cases, and those
which have the potential to set a precedent for future judgements.
Crime Data
We use the register of conviction decisions (register över lagförda personer) maintained
and provided by the Swedish National Council for Crime Prevention (Brottsförebyggande
rådet, or BRÅ for short) to measure criminal behaviour. The unit of observation in this
data set is a conviction, corresponding to either a court sentencing, a prosecutor imposed
fine, or a waiver of prosecution. Prosecutor-imposed fines (strafföreläggande) are common
for minor offences and imply that the offender accepts a fine suggested by the prosecutor
without going to trial. A waiver of prosecution (åtalsunderlåtelse) refers to a process by
which the prosecutor declines pressing charges, despite there being no doubt as to the
accused having committed the crime at question – often established through an admission
of guilt. Prosecution waivers are common for juvenile offenders (below the age of 18) or
for adult offenders who are also being charged for more serious offences, implying the
crime in question is unlikely to affect the sentence. The register does not include fines for
minor offences issued by police, customs and related officials (ordningsbot).
Our extract from the register spans the years 1975 to 2017 and contains convictions
of individuals aged 15 (the age of criminal responsibility in Sweden) or older at the time of
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infraction. Individuals are identified by unique personal identification numbers which
allow a matching with the lottery data, as well as data on individual background characteristics from Statistics Sweden. In the data, each conviction can be comprised of up to 25
crimes. The Swedish judicial system defines crimes by the principle of instance such that
a single crime typically corresponds to violations occurring at the same time and place.
In turn, each crime can be a violation of up to three sections of the law, including crimes
against the Swedish Penal Code and violations of other laws in the SFS. For example, a
single conviction in our data may contain the single crime of fraud through forgery, where
fraud is a crime according to chapter 9, article 1 of the Swedish Penal Code, while forgery
is a crime according to chapter 14, article 1 of the Swedish Penal Code.
For each section of the law, we observe the chapter, article, and paragraph for crimes
against the Swedish Penal Code, and the exact statute and applicable paragraph for other
crimes in the SFS. We also observe ID numbers uniquely assigned to each section of the
law for which we have a key with descriptive titles. Using this information, we classify
crimes into the following broad categories: property crimes; violent crimes; drug crimes;
white collar crimes; traffic crimes, and other crimes. Property crime includes theft, robbery,
fraud, embezzlement and related types of crime. To simplify the interpretation of property
crimes as a type of crime motivated by economic gain, we do not classify vandalism
as a property crime. Violent crimes include (but are not limited to) assault, unlawful
threats, defamation and sexual assault. We also include possession of illegal weapons in
this category. Drug-related crimes include impaired driving, possession of illegal drugs,
bootlegging and smuggling. White-collar crimes include various crimes related to tax
evasion, violation of company law, benefit fraud and money laundering. Traffic crimes
include, for example, impaired and reckless driving and driving without a license. Notably,
many minor traffic offences (such as moderate levels of speeding) do not end up in the
registry as the police will issue a fine on the spot. Our final category – “other crimes” – is a
residual category including all violations of Swedish law not included in any of the other
categories. Examples of such crimes include arson, counterfeiting, rioting, incitement, and
poaching. A more comprehensive list of the crimes we assign to each category is included
in Table 3.13. Importantly, a given crime can belong to multiple categories. For instance,
we classify driving under the influence of narcotics as both a traffic and a drug crime.
Each conviction can also be associated with up to three sentences. The data contain a
wide variety of sentences ranging from fines, to community service, to time in prison. Fines
are by far the most common form of punishment, imposed on over 60% of all convictions
in our data, and are generally handed out to those convictions deemed less serious than
those punishable by some form of detention. A unique feature of the Swedish criminal
justice system are day fines (dagsböter) which are typically handed out in convictions
punishable by fine that are of a more serious nature. Day fines are comprised of two
components: a number of fines and an amount which is calculated based off of one’s
annual pre-tax income. The total fine amount – the number of fines multiplied by the
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Table 3.13. Initial Crime Categories
Categories

Criminal code chapters (BRB) and Swedish Code of Statutes paragraphs (SFS)

Property

BRB: 8 (theft/robbery); 9 (fraud);
10 (embezzlement); 11 (accounting violations).

Violent

BRB: 3 (murder/assault); 4 (threats/kidnapping); 5 (defamation);
6 (sexual assault). SFS: 1988:254; 1973:1176; 1996:67 (weapons possession).

Drug

SFS: 1951:649 (impaired driving); 1968:64 (possession of illegal drugs);
1991:1969 (doping); 1994:1738 (bootlegging); 2000:1225 (smuggling).

White collar

SFS: 1971:69; 1975:1385; 2005:551; 1977:1160; 1977:1166; 1990:1342;
2000:1086; 2000:377; 1998:204; 1993:768; 2009:62; 2007:612; 2014:307;
2016:1307; 1923:116; 1994:1565; 1978:478; 1988:327; 1953:272; 2006:227.

Traffic

SFS: 1951:649; 1998:1276; 1972:603; 1972:595; 2002:925; 1972:599;
2001:558; 1988:327; 2009:211; 1995:521; 2001:650; 2007:612; 2004:865;
1994:1297; 1986:300; 2006:227; 1998:488; 1977:722; 1962:150.

Other

All crimes not included in any of the categories above.

Notes: This table shows the exact coding of criminal code chapters (BRB) and the coding of the
most common codes from the Swedish Code of Statutes (SFS).

amount – is then due in one instalment no more than 30 days following issuance of the
fine. For less serious convictions punishable by fine, simple lump-sum fines (penningböter)
are usually imposed.
Apart from fines, most forms of punishment constitute some form of restriction of
freedom. These range from community service and probation for lesser crimes to long
prison sentences for the most severe crimes. In many cases, underage offenders between
the ages of 15-20 are sentenced to either juvenile care (ungdomsvård) or juvenile detention
(sluten ungdomsvård) delivered outside of the adult correctional system. We define all
sentences which involve some restriction of freedom as detention, and the subset which
involve serving time in prison as jail.
While we focus on convictions, we also have access to data on suspects from the
Suspects Registry (Misstankeregistret). This registry, also compiled by BRÅ, includes
information on individuals suspected on reasonable grounds of having committed a crime
between 1995-2017. The Suspects Registry data also include a rough categorization of the
type of crime, however, for the purpose of this pre-analysis plan we only focus on the
occurrence of being a suspect.
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Descriptive Statistics of Crime in Sweden
This section documents basic patterns of crime in Sweden based on the data from BRÅ. To
this end, we use three representative samples of 50,000 Swedes each, drawn in 1990, 2000
and 2010 by Statistics Sweden. We begin by showing how the fraction of the population
convicted for a crime varies with age and gender. For each sample, we follow all individuals
between age 15 and 79 for five years from the year the sample was drawn. People who die
or move abroad within this five-year period are coded as missing. In line with previous
research from Sweden (Wikström, 1990), Figure 3.2 shows that men are much more likely
than women to commit crimes, and that the propensity to commit crimes falls with age
for both genders.
Figure 3.2. Criminal Activity by Age and Gender in the Representative
Sample
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Notes: This figure shows the share of men and women in different age groups from representative
samples drawn in 1990, 2000 and 2010 who have been convicted for at least one crime within the
next five years.

Panel A of Table 3.14 shows the share of men and women convicted for different
types of crime during the five years from the year the sample was drawn. About one out
of 14 men (7.24%) are convicted for at least one crime compared to one in every 63 women
(1.58%). The most common type of crime is traffic crime for men and property crime for
women. The relative difference in criminal behaviour between men and women is largest
for violent crimes where men are more than seven times more likely to be convicted.
Panel B of Table 3.14 shows that fines are the most common form of punishment.
Notably, the share women who receive a harsher sentence is small relative to men. While
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Table 3.14. Descriptive Statistics of Convictions in a Representative
Sample
A. By type of crime (% of sample)

Any
Property
Violent
Drug
White collar
Traffic
Other

Men

Women

7.24
1.87
1.63
1.06
0.25
3.78
2.00

1.58
0.69
0.22
0.18
0.06
0.53
0.30

B. By type of sentence (% of sample)

Fine
Detention (including jail)
Jail

Men

Women

5.95
1.96
1.13

1.32
0.23
0.08

C. By perpertrator number of crimes

1
2
3
4
≥5

Men

Women

57.0
16.7
6.8
4.4
15.1

66.2
15.01
6.4
3.42
9.1

Notes: This table shows descriptive statistics of convictions for three representative samples of
Swedish men and women between age 15 and 79 drawn in 1990, 2000, and 2010.

the relative risk of being sentenced to paying a fine is 4.5 times larger for men, the relative
risk is more than 14 times larger for serving jail time.
Panel C shows the distribution of convicted by number of crimes. More than half
of convicted men, and two-thirds of convicted women, are only convicted for one crime
during the five-year period we study. A relatively small group of individuals are convicted
for five crimes or more, yet this group is responsible for 57 percent of all recorded crimes
in our data.
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Income Gradients
We now describe the relationship between criminal behaviour and income, using the same
representative samples as above. Because income while young or old may be poor proxies
of life-time income, we restrict attention to individuals aged 30-54 at the time the sample
was drawn (e.g., 1990, 2000, or 2010). We assign individuals into income deciles based
on their average household disposable income during the five years prior to the draw
relative to others of the same gender, age (five-year intervals) and sampling year. To avoid
simultaneity bias, we measure the share convicted during the five years after the sample
was drawn.
Figure 3.3 shows that criminal behaviour is strongly related to income. While 18.7 %
of men in the lowest income decile are convicted for a crime, the same is true for only 3.5
% of men in the highest decile. Though the levels are much lower for women, the relative
differences in criminal behaviour across income deciles is similar: women in the bottom
decile are about seven times more likely to be convicted for a crime relative to women
in the top decile. In unshown analyses, we find the gradient for men is similar when we
use their own disposable income instead of the household’s, but considerably flatter for
women.17 We also find the gradients get steeper when we restrict attention to more severe
types of crimes, as proxied by the type of sentence. While men in the bottom income
decile are four times more likely than men in the top to be sentenced to pay a fine, they are
17 times more likely to be sentenced to detention and 21 times more likely to go to prison.
We now turn to the question of whether the crime-income gradients vary by type of
crime. To investigate this, we restrict the sample to men between 30 and 54 and regress
indicator variables for having been convicted for each type of crime on the log of average
household income during the five years prior to the draw as well as age fixed effects. We
set household annual disposable income equal to a lower bound of SEK 40,000 (in 2010
prices, roughly $6,000) in case reported income is lower.18 Figure 3.4 shows an increase
in log household income by 1 (corresponding to about 1.75 SDs) is associated with a 7.0
percentage point lower risk of being convicted for any type of crime. The corresponding
number for the sub-categories is 2 to 3 percentage points, except for white-collar crime
where the association is weaker. Figure 3.5 shows the gradients divided by the average
crime rate in the sample, thus expressed in terms of an elasticity (though clearly a causal
interpretation is uncalled for). The elasticity is in the ballpark of 1 for committing any
type of crime, as well as for white-collar crimes and traffic crimes; 1.5 for violent crimes
and other types of crime, and about 2 for property crimes and drug crimes.
17 A likely reason for the flatter own-income gradient for women is that female labour supply is decreasing in

spousal income, pushing down the incomes of highly educated women (who are likely to be married to
high-income men).
18 We use 2010 prices throughout the pre-analysis plan. The SEK/Dollar exchange rate was 6.72 on Dec 31st
2010.
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Figure 3.3. The Crime-Income Gradient
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Notes: This figure shows the share of men and women age 30 to 54 from representative samples
drawn in 1990, 2000 and 2010 who have been convicted for at least one crime within the next five
years, split by income decile. Income deciles are assigned based on average household disposable
income within the preceding five-year period by gender, age (five-year intervals), and the year the
sample was drawn.

Parental Background and Children’s Criminal Behaviour
We now turn to the relationship between parental background and children’s propensity
to commit crime. We focus on the children born to parents in the representative samples
used above. We first document that there is strong intergenerational persistence in criminal
behaviour. Figure 3.6 shows how the conviction rate at age 15-19 vary with gender and
parental convictions when the children were aged 10-14. In line with previous research
(Farrington, 2003; Hjalmarsson and Lindquist, 2012), boys for whom one parent was
convicted of a crime are twice as likely to be convicted as teenagers compared to boys for
whom neither parent was convicted. Boys for whom both parents were convicted are three
times as likely to be convicted themselves. Though teen crime rates are substantially lower
for girls, the difference in conviction risk by parental criminal history is even stronger than
for boys.
The intergenerational correlation in criminal behaviour could be mediated by many
factors, including lack of economic resources. To get an idea about the relationship
between parental income and children’s criminal behaviour, Figure 3.7 shows how the
share of children convicted between age 15 and 19 varies with parents’ total income while
the children were between 10 and 14 years of age. In the bottom decile of parental income,
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Figure 3.4. Absolute Income Gradients by Type of Crime
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Notes: This figure shows the coefficients from regressing a dummy variable for being convicted for
a given type of crime during a five-year period on the log of average household disposable income
during the preceding five-year period. The sample consists of men between age 30 and 54 from
representative samples drawn in 1990, 2000 and 2010.

19.0% of boys and 7.0% of girls are convicted for at least one crime, compared to 9.4%
and 4.1% in the top decile. We have also performed the corresponding analysis for older
children. The conviction rate falls with age, but the relative difference in the conviction
rate increases. For instance, while boys from the lowest income decile are 2.0 times more
likely to be convicted at age 15-19 compared to boys from the top decile, they are 2.5 times
more likely to be convicted at age 25-29. Correspondingly, girls from the lowest decile are
1.7 times more likely to be convicted at age 15-19 compared to girls from the top decile and
2.4 times more likely to be convicted at age 25-29.
Crime in Sweden in an International Comparison
Although comparisons of criminality across boarders are difficult given differences in
legal systems, enforcement, and record keeping practices, we can look to data from a
number of sources to place crime in Sweden in an international context. The United
Nations Office on Drugs and Crime (UNODC) collects and publishes data documenting
the pervasiveness of crime across countries. Figure 3.8 displays the number of persons
brought in formal contact with the criminal justice system in 2005 for a sample of OECD
countries. While Sweden appears in the bottom half of the ranking, it lies only slightly
below the average for European countries in the sample.
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Figure 3.5. Relative Income Gradients by Type of Crime
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Notes: This figure shows relative income gradients based on regressing a dummy variable for
being convicted for a given type of crime during a five-year period on the log of average household
disposable income during the preceding five-year period. The coefficients have been divided by the
average crime rate for each respective category in the sample. The sample consists of men between
age 30 and 54 from representative samples drawn in 1990, 2000 and 2010.

A major factor that affects crime statistics and hinders not only international comparisons, but also longitudinal studies of crime, are differences in willingness to report
crimes across jurisdictions and time. In countries where crime is high, low willingness to
report crimes through official channels will result in crime statistics that underestimate the
true rate of criminality. In an attempt to bypass differences in police reporting rates, the
International Crime Victim Survey (ICVS) elicits data on criminality by surveying a representative sample of households across countries directly. Figure 3.9 plots the percentage
of households victim to crime between 1994-1999 for the sample of countries covered by
the 2000 ICVS. For both property crime and assault, Sweden falls roughly in the middle
of the pack.
To provide a picture of the relative willingness to report crimes in Sweden, Figure 3.10
plots the percentage of property crimes and assaults which survey respondents reported
to police between 1994-1999. For both types of crime, Sweden falls roughly in the middle
of the ranking of countries covered in the survey.
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Figure 3.6. Crime at Age 15-19 by Parental Convictions
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Notes: This figure shows the share of children from the representative samples drawn in 1990, 2000
and 2010 convicted for at least one crime at age 15-19 by parental convictions. Parental convictions
are measured as whether either parent (or both) were ever convicted for a crime when the child
was age 10-14.

3.A.4.

Lottery Samples

We construct our estimation samples by matching three samples of adult lottery players
(age 18 and above) and their spouses to the crime data described above, as well as populationwide registers on socioeconomic outcomes from Statistics Sweden. Our sample for the
intergenerational analyses consists of all children of winners who were i) conceived (born
no later than the second quarter following the lottery event) but had not yet turned 18 at
the quarter of the lottery and ii) born no later than 2002. We impose the latter restriction
as children born after 2002 are too young to reach the age of criminal responsibility of 15
during the period of study.
The main threat to identification in studies of lottery winners is that the amount
won might correlate with the number of lottery tickets held. To overcome this problem,
we use our data and knowledge about each lottery to construct “cells” within which the
amount won is random. We control for cell fixed effects in all analyses, thus ensuring all
identifying variation comes from players (or children of players) in the same cell. Table
3.15 summarizes the cell construction, to be described in detail for each lottery below.
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Figure 3.7. Crime at Age 15-19 by Parental Income
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Notes: This figure shows the share of children from the representative samples drawn in 1990,
2000 and 2010 convicted for at least one crime between age 15 to 19 by parental income decile.
Parental income is based on the parents combined disposable income when the child was age 10-14
by three-year groups.

Prize-Linked Savings Accounts
Prize-linked savings accounts (PLS) accounts are bank accounts that randomly award
prizes rather than paying interest (Kearney et al., 2011). Our data include two sources of
information from the PLS program run by Swedish commercial banks, Vinnarkontot
(“The Winner Account”). The first source is a set of prize lists with information about
all prizes won between 1986 and 2003. The prize lists contain information about prize
amount, prize type and the winning account number. The second source consists of microfiche images with information about the account balance of all accounts participating
in the draws between December 1986 and December 1994 (the “fiche period”) and the
account owner’s personal identification number (PIN). Matching the prize-list data with
the microfiche data allows us to identify PLS winners between 1986 and 2003 who held
an account during the fiche period.
Draws in the PLS lottery were held monthly throughout most of the studied time
period. Account holders were given one lottery ticket per 100 SEK of their account balance.
There were two types of prizes in each draw: fixed prizes and odds prizes. Fixed prizes
varied between 1,000 and 2 million SEK whereas odds prizes paid a multiple of 1, 10, or
100 times the account balance (odds prizes were capped at 1 million SEK during most of
the sample period).
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Figure 3.8. Persons Brought in Contact with the Criminal Justice
System, 2005

Source: United Nations Office on Drugs and Crime.
Notes: This figure shows the number of persons per 100,000 residents that were brought in to
formal contact with the criminal justice system during the year 2005. Formal contact with the
criminal justice system includes, but is not limited to, being suspected, arrested, or cautioned for a
crime.

We use different approaches for each type of prize to construct the PLS cells. For
fixed prizes, we exploit the fact that the total prize amount is independent of the account
balance among players who won the same number of fixed prizes in a draw. We therefore
assign winners to the same cell if they won an identical number of fixed prizes in a given
draw, thereby excluding people who never won from the sample. Because we do not need
information about the number of tickets owned to construct the fixed-prize cells, we can
use fixed prizes from both the fiche period (1986-1994) and thereafter (1995-2003).
Because the amount won depends on the account balance for odds prizes, it is not
enough to condition on the number of prizes won in a given draw. We therefore construct
the odds-prize cells by matching individuals who won exactly one odds prize in a draw
to individuals who also won exactly one prize (odds or fixed) in the same draw and who
had a similar account balance. The fixed-prize winners who are this way matched to an
odds-prize winner are assigned to the new odds-prize cell instead of the original fixed-prize
cell. Each individual is thus assigned to no more than one cell in a given draw. However,
because players can win in several draws, some players appear in multiple draws. Because
account balances are unobserved after 1994; we only include odds prizes won during
the fiche period (1986-1994). To keep the number of cells manageable, we consider only
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Figure 3.9. Percentage of Households Victim to Property Crime and
Assault, 1994-1999

Source: International Crime Victim Survey.
Notes: This figure shows the percentage of households that were victim to property crime and
assault between the years 1994-1999.

odds-prize cells for which the total amount won is at least 100,000 SEK.
The cell construction for the child sample is analogous: children are assigned to the
same cell as their lottery-playing parent.
The Kombi Lottery
The second lottery sample consists of roughly half a million individuals who participated in
a subscription lottery called Kombilotteriet (“Kombi”). Kombi is run by a company owned
by the Swedish Social Democratic Party. Kombi subscribers receive their desired number
of tickets via mail once per month. For each subscriber, our data include information
about the number of tickets held in each draw and information about prizes exceeding
1M SEK. Two individuals with the same number of tickets in a Kombi draw have the
same chance of winning a large prize. We construct the Kombi cells by matching each
winning player to (up to) 100 non-winning players. The non-winners are randomly chosen
from the set of players who had the same number of tickets in the given draw. Random
assignment of prizes within cells implies that controls must be drawn with replacement
from the set of potential controls. Winners may therefore be drawn as controls, and some
individuals are used as controls in several draws.
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Figure 3.10. Share of Crimes Reported, 1994-1999

Source: International Crime Victim Survey.
Notes: This figure shows the share of property crimes and assaults that were reported between the
years 1994-1999. Information on the share of crimes reported is determined by the discrepancy
between the number of crimes a surveyed household reports being victim to and the number of
crimes the household reported to authorities.

For the child sample, we match winning parents to control parents with the same
number of lottery tickets and children. If more than 100 such “control families” are
available, we choose the 100 families who are most similar to the winning family in terms
of the age and sex of the children.
Triss Lotteries
Triss is a scratch-ticket lottery offered by the Swedish government-owned gaming operator,
Svenska Spel. Triss lottery tickets are widely sold in Swedish stores. Our sample consists
of two categories of Triss winners which we denote Triss-Lumpsum and Triss-Monthly.
Winners of either type of prize are invited to appear on a TV show broadcast every
morning. At the show, winners of Triss-Lumpsum draw a new scratch-off ticket and win
a prize ranging from 50,000 to 5 million SEK. Triss-Monthly winners participate in the
same TV show, but instead win a monthly instalment which size (10,000 to 50,000 SEK)
and duration (10 to 50 years) are determined by two separate, independently drawn tickets.
The exact distribution of prizes in Triss-Lumpsum and Triss-Monthly are determined by
prize plans which are subject to modest revisions over the years.

156

ESSAYS IN CRIME, LABOUR, AND CREDIT MARKETS
Table 3.15. Cell Construction Across Lottery Samples
Cell construction
Time
Period

Treatment
Variable

1986-2003
1986-1994

Prize
Prize

Kombi Lottery

1998-2011

Prize

Triss-Lumpsum
Triss-Monthly

1994-2011
1997-2011

Prize
NPV

PLS Fixed Prizes
PLS Odds Prizes

Adults

Children

Draw×#Prizes
Draw × Balance
Draw × Balance ×
×Age × Sex
Year × Prize Plan
Year × Prize Plan

Draw×#Prizes
Draw × Balance
Draw × Balance × #Children ×
“Close” Child Age and Gender
Year × Prize Plan
Year × Prize Plan

Notes: This table summarizes the cells constructed for each of the lotteries in the sample. Institutional
knowledge of the way in which prizes were allocated in each of the lotteries allows us to construct
groups of players (cells) of in which the lottery prize amounts were as good as randomly assigned. The
cell construction column details the characteristics players must share to be placed in the same cell.

We convert the Triss-Monthly prizes to their present value by using a 2 percent
annual discount rate. Svenska Spel sent us data on all participants in Triss-Lumpsum and
Triss-Monthly prize draws between 1994 and 2011 (the Triss-Monthly prize was introduced
in 1997). We exclude about 10 percent of the Triss prizes for which the Svenska Spel data
indicate the ownership of the ticket was shared between multiple people.
While the chance of winning a Triss-prize depends on the number of tickets bought,
the amount won does not. We place players in the same cell if they won exactly one prize
of a given type in the same year and under the same prize plan. A few cases where a player
won more than one prize within the same year and prize plan are excluded from the
sample. The construction of the child cells are analogous to the adult cells.
Baseline Estimation Samples
The baseline sample we use for evaluating analytical standard errors and statistical power
consists of all winners and controls who turned at least 18 and no more than 74 in the
year of the lottery draw. We impose the upper age restriction as crime rates above age 74
are low (see Figure 3.2). Merging the three lotteries gives us a sample of 358,712 lottery
players within the relevant age range. Primarily because many PLS lottery players win
small prizes several times, these observations correspond to 283,789 unique individuals. To
arrive at our estimation sample, we exclude observations who (i) have not been assigned
to a cell, or to a cell without variation in the amount won; (ii) lack information on basic
socio-economic characteristics or (iii) shared prizes in the Triss lottery. After imposing
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these restrictions, we end up with an estimation sample of 354,060 observations (280,798
individuals).
We have 125,626 observations of children whose parents play the lottery, corresponding to 104,841 unique children. As for the adult sample, we exclude children not matched
to cells or to cells without prize variation, and shared prizes in the Triss lotteries. We also
restrict the sample to children whose parents were both alive the year before the lottery
draw and have non-missing information on basic socio-economic characteristics.19 After
imposing these restrictions, our child sample consists of 120,154 observations and 100,940
unique children of 60,058 lottery-playing parents (29,182 mothers and 30,876 fathers)
who won a total of 69,256 prizes.
Prize Distribution
Table 3.16 shows the distribution of prizes in the adult and child samples. All lottery
prizes are net of taxes and expressed in units of year-2010 SEK. Panel A shows the total
prize amount in our adult sample is a little over 6 billion SEK (about $900 million). PLS
and Triss-Monthly have the largest prize pools with over 2 billion SEK per lottery, yet
Triss-Lumpsum is the lottery which provides most of the within-cell variation in the
amount won (36%). Panel B shows the total prize pool in our child sample is slightly over
1.3 billion SEK ($900 million). Compared to the adult sample, the Triss-Lumpsum sample
is relatively more important for identification, while the Kombi lottery is relatively less
important.
Testing Randomization
Key to our identification strategy is that the variation in amount won within cells is
random. If the identifying assumptions underlying the lottery cell construction are correct,
then characteristics determined before the lottery should not predict the amount won
once we condition on cell fixed effects, because, intuitively, all identifying variation comes
from within-cell comparisons. To test for violation of conditional random assignment in
the adult sample, we will estimate the following model
Li,0 = Zi,−1 λ + Ri,−1 ρ + Xi η + νi

(3.5)

where Li,0 is the prize (in million SEK, about $150,000) awarded to lottery player i at t
= 0, Zi,−1 is a vector of pre-win socio-economic characteristics measured the year prior
to the lottery, including a third-order polynomial in age interacted with gender; log of
household disposable income, indicator variables for whether the individual was born

19 We exclude disposable income from the set of socioeconomic characteristics we require from parents for

children to be included in the data set.
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B. Winning parents (child analyses)

Table 3.16. Distribution of Prizes Awarded
A. Winners (adult analyses)

0
1K to 10K
10K to 100K
100K to 500K
500K to 1M
1M to 2M
2M to 4M
>4M
354,060

37,067
286,828
23,005
4,715
497
1,290
440
218

(1)

All

2,360
26.9

311,777

0
286,828
21,766
2,237
279
638
29
0

(2)

PLS

489
10.8

37,468

37,067
0
0
0
20
356
20
5

(3)

Kombi

1,255
36.0

4,121

0
0
1,239
2,478
198
54
87
65

(4)

Lumpsum

2,023
26.3

694

0
0
0
0
0
242
304
148

(5)

Monthly

1,372
100.0

69,256

4,265
58,259
5,011
1,210
101
245
112
53

(6)

All

499
26.1

63,643

0
58,259
4,691
500
52
132
9
0

(7)

PLS

55
5.6

4,311

4,265
0
0
0
0
44
1
1

(8)

Kombi

331
46.6

1,132

0
0
320
710
49
13
23
17

(9)

Lumpsum

487
22.0

170

56
79
35

(10)

Monthly

Triss...

N

6,127
100.0

Triss...

Sum (M SEK)
% of variation.

Notes: This table shows the distribution of prizes in the sample of adult winners between age 18 and 74, and among winning parents in the
same age range. All prizes are after tax and measured in year-2010 SEK. In Triss-Monthly, prize amount is defined as the net present value of the
monthly instalments won, assuming the annual discount rate is 2%.
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in a Nordic country, was married, and had a college degree.20 Ri,−1 is a vector of pre-win
criminal behaviour, including dummy variables for being convicted for each of the six
main sub-categories of crime listed above during the five-year period preceding the lottery
draw and a dummy for any kind of criminal conviction since 1975. Xi is the vector of cell
fixed effects conditional on which lottery prizes are randomly assigned.
For the child sample, we will estimate
Li,0 = Zp,−1 λp + Rp,−1 ρp + Ci,−1 µ + Xi η + νi

(3.6)

where Zp,−1 is a vector of pre-win socio-economic characteristics of child j’s biological
parents and Rp,−1 is a vector containing the parents’ criminal history. Zp,−1 includes
third-order polynomials in the mother’s and father’s age, the log of the average of the
parents’ combined disposable income during the five years preceding the lottery draw, and
indicator variables for whether each parent was born in a Nordic country, was married,
and had a college degree. Rp,−1 is the same vector of pre-win criminal behaviour as in
model (3.5) above, except we include the mother’s and father’s criminal history separately.
Ci,−1 is a vector of child-specific pre-win controls, including a third-order polynomial in
age at the time of win interacted with gender and a dummy for being born in a Nordic
country.
Estimation of (3.5) and (3.6) will take place after publication of this pre-analysis
plan. For both samples, our main test of exogeneity is whether we can reject the null
hypothesis of joint insignificance of all predetermined covariates (i.e., both socioeconomic
characteristics and previous criminal record) for all lotteries combined. For completeness,
we will also estimate models (3.5) and (3.6) for each lottery separately. Yet because the
possibility of rejecting the null of joint significance increases with the number of tests in
independent samples, we put less emphasis on the tests for the individual lotteries. As
discussed in Section 3.A.6, we will compute the p-values for joint significance by simulating
the distributions of the F-statistics under the null hypothesis of zero treatment effect. 21
Our previous studies based on the same sample of lottery winners have provided
strong support of the notion that lottery prizes are indeed randomly assigned conditional
on the cell fixed effects. However, the amount won may still correlate with previous
criminal history or socioeconomic characteristics by chance. If we reject the null of joint
insignificance at the 5% level, we will use a subsample of the data where we fail to reject
the null as our primary estimation sample, for example by excluding one of the lotteries
20 Household disposable income is defined as the sum of own and (if married) spousal disposable income.

Own and spousal disposable income is winsorized at the 0.5th and 99.5th percentile for the year in question
before summing them. To avoid a disproportionate influence for values close to zero, we winsorize
household disposable income at SEK 40,000 (about $6000) before taking the log.
21 Due to the large number of individual coefficients, we focus only on joint significance of the covariates. It
should also be noted that the problems with analytical standard errors discussed in Section 3.A.5 apply also
to model (3.5) and (3.6).
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or groups with unbalanced covariates. Importantly, we will run the exogeneity tests and
decide whether to make changes to the sample before we run the analyses in Section 3.A.6.
Representativeness
An important concern with lottery studies is that lottery players may not be representative of the general population. For each lottery sample, we therefore compare criminal
behaviour in the five years prior to the lottery draw to representative population samples
drawn in 1990 (PLS lottery) and 2000 (Kombi and the two Triss lotteries). Similarly,
we compare the lottery players’ basic demographic and socio-economic characteristics
(measured the year before the lottery draw) to the representative samples. Because criminal behaviour and socio-economic characteristics differ substantially with both age and
gender, we reweight the representative samples to match the age and sex distribution
of each lottery sample. We also compare the pooled lottery sample (with each lottery
weighted by its share of the overall identifying variation) to a correspondingly reweighted
representative sample.
Table 3.17 shows the share convicted in the Triss sample is similar to the representative
sample, whereas the PLS and Kombi samples are more law-abiding than the population
at large. However, because the two Triss lotteries contribute such a large share of the
overall identifying variation (see Table 3.16 above), the weighted pooled lottery sample
is quite similar to the representative sample. For instance, 3.9% of the weighted pooled
lottery sample were convicted for a crime in the five-year period preceding the lottery
draw, compared to 4.4% in the matched representative sample. Figure 3.11 and 3.12 provide a visual representation for how the weighted pooled lottery sample compare to the
matched representative sample with respect to convictions for different types of crimes
and sentences, respectively.
Table 3.17 also shows lottery players are more likely to be born in the Nordic countries
and (except for the PLS lottery) have lower levels of education, but are quite similar with
respect to marital status.

3.A.5.

Estimation

We begin by presenting the estimating equations, before turning to an evaluation of
standard errors and statistical power.
Estimating Equations
Our identification strategy exploits the fact that lottery prizes are randomly assigned
within each cell. In the adult analyses, we estimate the effect of lottery wealth on players’
subsequent criminal activity by ordinary least squares, using the following main estimating
equation:

3.21
0.79
0.46

1950
48.8
95.4
20.1
54.1
12.3

Fine
Detention
Jail

Baseline characteristics
Birth year
Female (%)
Nordic born (%)
College (%)
Married (%)
Log household disp. income
1950
48.8
91.9
25.4
53.8
12.3

3.62
1.02
0.62

4.38
1.35
0.80
0.41
0.17
2.20
1.09

Matched
repr.

1940
51.4
96.8
20.8
60.7
12.3

2.06
0.17
0.12

2.32
0.57
0.19
0.02
0.07
1.13
0.59

PLS

1940
51.4
94.4
17.5
59.6
12.2

3.51
0.79
0.57

4.17
1.39
0.65
0.17
0.14
1.91
1.16

Matched
repr.

1945
40.7
98.1
18.3
57.1
12.5

1.97
0.45
0.25

2.36
0.39
0.23
0.09
0.9
1.48
0.41

Kombi

1945
40.7
91.9
25.4
59.9
12.5

2.90
0.77
0.48

3.47
0.89
0.52
0.24
0.18
1.94
0.63

Matched
repr.

1954
49.6
93.7
19.4
50.9
12.3

4.13
1.10
0.67

4.96
1.21
0.91
0.46
0.21
2.80
1.12

Triss
lotteries

1954
49.6
90.8
28.0
50.5
12.3

3.78
1.13
0.65

4.59
1.42
0.90
0.52
0.17
2.34
1.13

Matched
repr.

Notes: This table shows descriptive statistics for the pooled lottery sample and each of the three subsamples that it comprises. We
weigh each of the three subsamples by its identifying variation in amount won (the variation in prizes demeaned at the cell-level) when
constructing the pooled lottery sample. The matched representative samples have the same distribution of age and gender as their
respective lottery samples. We use a representative sample from 1990 to generate the matched sample for PLS and from 2000 to generate
the matched samples for Kombi and the Triss lotteries. The criminal record variables give the share in each sample which has been
convicted for at least one crime in a given category within the five years preceding the lottery event. The baseline characteristics are
measured one year before the lottery draw.

3.87
0.82
0.55
0.27
0.15
2.23
0.85

Criminal record (%)
Any crime
Property crime
Violent crime
Drug crime
White collar crime
Traffic crime
Other crime

Pooled
lottery

Table 3.17. Representativeness
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Figure 3.11. Representativeness: Type of Crime
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Notes: This figure shows the share convicted at least once in the pooled lottery sample (age 18
to 74) during the five-year period preceding the lottery event by type of crime, as well as for
the corresponding matched representative sample, weighted by the identifying variation in each
lottery.

yi,t = βw Li,0 + Zi,−1 γ + Ri,−1 ϕ + Xi β + ei

(3.7)

where yi,t is a measure of criminal activity within t years of winning the lottery. We set yi,t
to missing for individuals who died or were registered as having migrated out of Sweden
sometime before year t. Li,0 is the prize (in million SEK, about $150,000) awarded to
lottery player i at t = 0. The vectors Zi,−1 , Ri,−1 and Xi are identical to those in model 3.5.
Zi,−1 and Ri,−1 are included solely to improve statistical precision.
For our intergenerational analyses, the main estimating equation is
yij,s = βc Li,0 + Zp,−1 γp + Rp,−1 ϕp + Ci,−1 θ + Xi β + ei

(3.8)

where yij,s is a measure of criminal activity of child j of player i. We follow each child
for a maximum of s years after the lottery draw if the child is 14 or older at the time of
the lottery event (and hence turns 15 the year after the lottery). If the child is younger,
we follow the child s years after the child turns 14. For example, a child born in 1990 will
be followed from 2005 if her parent played the lottery in 2004 or earlier, and otherwise
from the year after the lottery draw. Because data on criminal behaviour is not available
after 2017, whether the restriction s is binding depends on child year of birth and when
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Figure 3.12. Representativeness: Type of Sentence
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Notes: This figure shows the share convicted at least once in the pooled lottery sample (age 18
to 74) during the five-year period preceding the lottery event by type of sentence, as well as for
the corresponding matched representative sample, weighted by the identifying variation in each
lottery sample.

the parent played the lottery. As for the adult analyses, Li,0 is the prize amount in million
SEK. The vectors Zp,−1 , Rp,−1 , Ci,−1 and Xi are the same as in model 3.6.
In both models 3.7 and 3.8, we let the propensity to commit a crime be a linear
function of the lottery win. While most theoretical models would predict the effect size
to fall with the amount won, a linear specification offers a decent approximation to the
data in the event that outcomes depend on lifetime income (Lindqvist et al., 2020).
We now turn to an evaluation on how well regression of 3.7 and 3.8 perform with
respect to the accuracy of analytical standard errors and statistical power depending on a)
how we specify the dependent variable and b) the sample used.
Evaluating Analytical Standard Errors
Our previous work with the same lottery data (Cesarini, Lindqvist, Östling, et al., 2016)
has shown that analytical standard errors can be misleading when the outcome variable is skewed. Before turning to our evaluation of statistical power, we therefore use
permutation-based analyses to evaluate the performance of different types of analytical
standard errors.
We start out with our full sample of adult lottery players between age 18 and 74.
We proceed by independently perturbing the prize vector within each lottery cell 10,000
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times.22 For each perturbation, we estimate model 3.7 with either a binary indicator for
any crime or the log of the number of crimes plus one within the first five post-lottery
years as the dependent variable, and save the estimation results. We calculate four types of
standard errors for each estimation: unadjusted standard errors, heteroskedasticity-robust
standard errors (Huber-White), standard errors adjusted for clustering at the level of the
player, and the EDF-corrected robust standard errors suggested by Young (2016).23 For
each standard error, we calculate two-sided p-values for the null of a zero effect. Table 3.18
shows the share of p-values below 0.05 depending on the type of standard error and the
sign of the estimated coefficient.
A first finding from Table 3.18 is that standard errors unadjusted for heteroskedasticity
lead to over-rejection of the null hypothesis. In the binary case, we reject the null hypothesis
of zero effects in 9.6% of cases. Using the log number of crimes increases the rejection to
20.4%, more than four times too high. The reason for the high rates of over-rejection is
that the unadjusted standard errors are biased downward: the mean standard error in the
binary case is 0.00177, which can be compared to a standard deviation of β̂w (across the
10,000 permutations) of 0.00208. The three types of heteroskedasticity-adjusted standard
errors all bring down the rejection rate, to about 6% for the binary case and 8% when crime
is measured in logs. Taking the maximum standard error from each perturbation gives a
rejection rate of 5.2% in the binary case, implying a very slight over-rejection. However,
Table 3.18 also shows adjusting for heteroskedasticity implies rejection is much more likely
when the coefficient is negative. The difference is most dramatic in the log case, but the
difference in the binary case is never smaller than a factor of four.
The over-rejection and asymmetric rejection rates for the heteroskedasticity-adjusted
standard errors are not mainly due to the standard errors being biased. In fact, the mean
value of the robust, clustered and EDF standard errors from the permutations are 0.00203,
0.00203 and 0.00205 in the binary case, almost identical to the standard deviation of
the estimated coefficients across permutations (0.00208). However, while the variance
of the unadjusted standard errors is close to 0, the heteroskedasticity-adjusted standard
errors vary substantially between permutations. Moreover, as shown in Figure 3.13 for
the binary case, the standard errors are strongly positively correlated with the estimated
lottery coefficients. The reason behind this pattern is the high leverage of large-prize
winners: Because the baseline crime rate is low, the estimated error term variance will
be large in permutations where a relatively high fraction of people who committed a
22 For the child sample, we perturb the vector so that the parents of children from the same family are always

assigned the same prize amount in a given draw.
23 We use the edfreg-command by Alwyn Young to calculate the EDF-corrected robust standard errors. This

command does not allow us to both control for the cell fixed effects and to cluster the standard errors at the
level of the player. The reason is that edfreg requires fixed effects included in the absorb-option to be a
subset of the units used in the cluster-option. Because of the large number of cell fixed effects, incuding the
fixed effects directly in the regression makes computational time prohibitively long.
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Table 3.18. Rejection Rate Depending on Type of Standard Errors and
Coefficient Sign (Winner Sample)
Binary indicator for any crime

Log number of crimes

Type of standard error

β̂w < 0

β̂w > 0

β̂w , 0

β̂w < 0

β̂w > 0

β̂w , 0

Unadjusted
Robust
Clustered
EDF
Maximum

0.0432
0.0533
0.0534
0.0513
0.0408

0.0524
0.0131
0.0132
0.0115
0.0115

0.0956
0.0664
0.0666
0.0628
0.0523

0.0942
0.0730
0.0729
0.0697
0.0666

0.1094
0.0075
0.0075
0.0069
0.0069

0.2036
0.0805
0.0804
0.0766
0.0735

Notes: This table reports the share of p-values for the lottery-prize coefficient in regression 3.7
which are below 0.05 for four different types of standard errors (conventional, heteroskedasticityrobust, clustered at the level of the player, EDF-corrected robust) and the largest of these four
based on 10,000 perturbations of the lottery prize vector. The sample is restricted to individuals
between age 18 and 74 at the time of winning and the dependent variables are measured 5 years
after winning.

crime are assigned a large prize. As illustrated in Figure 3.14, the positive correlation
between coefficients and standard errors creates a negatively skewed distribution of tstatistics, leading to the asymmetric rejection rates shown in Table 3.18. It is noteworthy
that the t-statistics distribution is negatively skewed despite the estimated coefficients
being positively skewed.
Finally, the analysis in this subsection shows inference problems are greater when
using the log of crimes compared to a binary indicator for any crime. The likely reason
for the worse performance in the log case is that the increased skewness of the dependent
variable (compared to the binary case) increases the variance of the heteroskedasticityrobust standard errors, which in turn implies that the t-statistics distribution is more
skewed. In unshown analyses, we confirm that alternative ways of defining the dependent
variable that take the “intensive” margin into account also exacerbate inference problems.
We now turn to the performance of the analytical standard errors in the child sample,
focusing on a specification of model 3.8 with a binary indicator for any type of crime and
s equal to 10. Apart from clustering standard errors at the level of the family instead of
the player (using an iterative process that assigns half-siblings to the same cluster), we use
the same procedure for calculating the standard errors in the child analyses. Table 3.19
shows all types of analytical standard errors also imply over-rejection in the child sample.
Though less pronounced, the rejection rate is also asymmetric in the same direction as in
the adult sample.
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Figure 3.13. Heteroskedasticity-robust Standard Errors and Coefficient
Estimates
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Notes: This figure shows the lottery-prize coefficients and heteroskedasticity-robust standard
errors from OLS estimations of 3.7 based on 10,000 perturbations of the lottery prize vector. The
dependent variable is a binary indicator of having been convicted for any type of crime within five
years after winning the lottery.

Evaluating Statistical Power
We now turn to an evaluation of statistical power for various samples and specifications.
Because continuous measures of criminal behaviour exacerbate inference problems, we
focus on specifications where the dependent variable is a binary indicator for whether an
individual has committed at least one crime within a certain time period after the lottery
draw.24 As the probability of committing a crime in any given year is low, and varies
substantially by age and gender, we focus on the semi-elasticity – the change in relative
crime risk due to winning the lottery – when evaluating power. Specifically, we evaluate
power to reject the null of no effect under the assumption that a 1 million SEK ($150K)
increase in wealth reduces the risk of committing a crime by 20 percent. We also report
power to reject the null of no effect under the assumption that 1 million SEK reduces the
propensity to commit a crime by 1 percentage point. We proceed as follows to compute
statistical power: for each sample and specification, we perturb the prize vector 500 times
and calculate the maximum of the four different analytical standard errors described above
24 In unshown analyses, we have evaluated statistical power for different functions of the number of committed

crimes. Statistical power is smaller in these cases despite the inference problems described above.

DOES WEALTH INHIBIT CRIMINAL BEHAVIOUR?

167

Figure 3.14. Permutation-based Heteroskedasticity-robust t-statistics
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Notes: This figure shows the t-statistics from the coefficients and heteroskedasticity-robust standard errors shown in Figure 3.13.

for each perturbation. We then use the average of these 500 maximum standard errors
when calculating statistical power.25
We start by considering how statistical power varies with sample restrictions by age
and gender, focusing on criminal behaviour during the first five years after the lottery
win. Figure 3.15 shows how power changes when we keep the lower age limit at 18 and
increase the upper age limit from 39 to 74 in five-year increments. Both the power to reject
an absolute effect of 1 percentage point (from 42.4% to 99.8%) and the power to reject a
relative effect of 20 percent (54.9% to 87.0%) increase monotonically as we increase the
upper age limit.
Figure 3.16 mirrors the analyses in Figure 3.15, but with the sample restricted to men.
Regardless of the upper age limit, statistical power is always lower when the sample is
restricted to men. Because power was greatest for our full sample of men and women
aged 18-74, we henceforth use this sample in our evaluations of statistical power.
The analyses above are based on criminal behaviour during the five years after a
lottery draw. But what about shorter or longer time horizons? Figure 3.17 shows power to
detect a relative effect is largest for t = 7 and t = 9 (92.1% in both cases). For shorter time
horizons, the baseline crime rate is low, implying low power to detect relative changes
25 An alternative to using the average of the standard errors is to use the standard deviation of estimated

coefficients (see the discussion in Section 3.A.6). However, because the latter requires a much larger number
of perturbations, we use the former for our power analyses to save computation time.
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Table 3.19. Rejection Rate Depending on Type of Standard Errors and
Coefficient Sign (Child Sample)
Binary indicator for any crime
Type of standard error

β̂w < 0

β̂w > 0

β̂w , 0

Unadjusted
Robust
Clustered
EDF
Maximum

0.0375
0.0513
0.0477
0.0477
0.0349

0.0454
0.0271
0.0224
0.0235
0.0196

0.0829
0.0784
0.0701
0.0712
0.0545

Notes: This table reports the share of p-values for the lottery-prize coefficient in regression 3.8
with s equal to 10 (see the discussion in Section 3.A.5) which are below 0.05 for four different types
of standard errors (conventional, heteroskedasticity-robust, clustered at the level of the player,
EDF-corrected robust) and the largest of these four based on 10,000 perturbations of the lottery
prize vector.

in crime risk. For longer time horizons, the later cohorts of winners are excluded from
the data. Because power to detect an absolute effect is larger for t = 7 than for t = 9, we
henceforth focus on t = 7.
Finally, we evaluate the statistical power of our initial subcategories of crime, considering the seven-year time-horizon shown to maximize power for any type of crime. Table
3.20 shows statistical power is greatest for traffic crimes, by far the most common type of
crime. Power is lower for less common types of crime, in particular for drug crimes and
white-collar crimes. Similarly, power is much lower for jail sentences compared to fines
and detention.
In our analyses of the statistical power for the child analyses, we focus on evaluating
the effect of extending the maximum number of years we follow each child, s. Figure 3.18
shows power in the full child sample is greatest for s equal to 10 (93.0%). Despite boys’
higher crime rate, power is lower when the sample is restricted to sons (see Figure 3.19).
Table 3.20 shows the pattern for the different categories is similar to the adult sample:
power is by far lowest for white-collar crime, and also low for serving jail time.

3.A.6.

Analyses

In this section, we pre-specify the main analyses in the paper.
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Figure 3.15. Power: Age Restrictions (Winner Sample)
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Notes: This figure shows how statistical power changes as the upper age limit of the estimation
sample increases (with the lower age fixed at 18 for all analyses). Power is shown for both the
absolute effect (+/- 1 percentage point) and the effect relative to the crime rate in the matched
representative sample (+/- 20 percent). The lines plot power based on analytical standard errors.

Statistical Inference
Because of the problems with analytical standard errors shown above, we rely on permutationbased p-values for statistical inference. As in Table 3.18, and similar to Young (2019), we
will simulate the distribution of the relevant test statistic under the null hypothesis of zero
treatment effects by perturbing the prize vector 10,000 times and running the relevant
analyses for each perturbation. The p-value is then the percentile of the true test statistic
in the distribution of simulated test statistics under the null of zero effect.
The exact test statistic depends on the context. When testing whether we can reject a
zero effect of lottery prizes in equation 3.7 and 3.8, we compare the estimated coefficients
of the true effect (i.e. β̂w and β̂c ) to their respective simulated distributions under the null.
This is similar to what Young (2019) denotes as “randomization-c”, with one exception: to
alleviate concerns of an asymmetric rejection rate, we will calculate the one-sided p-value
and multiply it by two. As pointed out by Fisher (1935), our procedure implies p-values
can be above one.
For tests of joint significance (e.g., the exogeneity tests in equation 3.5 and 3.6) we will
compare the actual F -statistic (based on clustered standard errors) with the distribution
of simulated F -statistics under the null of no effect (a procedure Young (2019) refers to as
“randomization-t”). For reference, we will also report the maximum of the four analytical
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Figure 3.16. Power: Age Restrictions (Men from Winner Sample)

Power

1

.5

0
39

44

49

54

59

64

69

74

Upper Age Limit
Absolute (0.01)

Relative (20%)

Notes: Same as Figure 3.15, except the sample is restricted to men.

standard errors considered in Table 3.18 from the actual estimation and the corresponding
p-value.
To adjust for multiple-hypothesis testing, we will report family-wise error rate adjusted p-values from the free step-down resampling method of Westfall and Young (1993)
for our main results (specified in the next section). We refer to the resulting p-values as
FWER-adjusted p-values.
Primary Outcomes and Final Estimation Samples
Tables 3.21 (adults) and 3.22 (children) show the main analyses we will report in the paper.
For the adult analyses, we choose the sample and specification of the dependent variable
that maximize power. As shown in Section 3.A.5, this implies we restrict the sample to
men and women who were between 18 and 74 years of age at the time of the lottery draw,
and that our main outcome variable of interest is an indicator variable equal to one if an
individual is convicted at least once in the seven years after winning the lottery. The child
sample is the same as specified in Section 3.A.4 and the dependent variable is defined in
Section 3.A.5 with s equal to 10. The answers to the key questions we ask in the paper –
whether wealth affects criminal behaviour of adults and their children – will depend on
the estimation of these two models. Because we consider these to be our two primary
outcomes, we will not adjust their p-values for multiple hypothesis testing.
As shown in Section 3.A.5, statistical power goes down when we consider different
categories of crime. To address concerns of low power, we merge property crime and
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Figure 3.17. Power: Time Horizon (Winner Sample)
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Notes: This figure shows how statistical power changes as the time horizon increases from 1 up
to 10 years after the lottery win. The sample includes all men and women in the lottery samples
between the age of 18 and 74 at the time of the win. The definition of statistical power is the same
as in Figure 3.15.

white-collar crime into a common category which we label as crimes for “economic gain”.
We also discard jail as an outcome. There is nevertheless a risk that estimating the effect
of lottery wealth on various types of crime will result in a chance finding. To mitigate
this risk, FWER-adjusted p-values will be reported separately by type of crime and type of
sentence.
Robustness
We pre-specify two robustness checks for the results in Table 3.21 and 3.22. First, we
will re-estimate the regressions in these tables dropping prizes exceeding 4 million SEK
($580K). Second, to account for the possibility that wealth affects the risk of a conviction
conditional on having committed a crime, we will replace the any crime-indicator with an
indicator for having been suspected of a crime. The suspect-indicator will be defined for
t = 7 (adult sample) and s = 10 (child sample). As data on suspicions are only available
from 1995, however, the estimation sample will be different compared to that in Tables 3.21
and 3.22. For reference, we will therefore also report the results for the any crime indicator
using the exact same samples as for the suspect analyses. The statistical inference will be
similar to that in Tables 3.21 and 3.22, however, we will not consider p-values adjusted for
multiple hypothesis testing.
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Table 3.20. Statistical Power for Initial Crime Categories
Statistical power (%)
Adult sample

Child sample

Property
Violent
Drug
White collar
Traffic
Other

33.7
26.3
25.1
14.4
68.6
25.8

54.8
40.8
44.4
5.6
44.1
42.8

Fine
Detention
Jail

86.1
36.1
21.4

82.0
38.5
12.9

Notes: This table shows the statistical power to reject a 20% relative decrease in crime risk from
one million SEK in lottery wealth. Crime is measured by a binary indicator of being convicted of
a crime within seven years after the lottery draw for the adult sample; and as a binary indicator
indicating conviction within 10 years after age 15 or the lottery draw (depending on what happens
latest) for the child sample.

Exploratory Analyses
To place the main analyses listed above in context, we pre-specify two types of exploratory
analyses. First, we consider the evolution of the estimated effect over time. In the adult
analyses, this means varying t in model 3.7 between 1 and 10 in one-year increments.
For the child analyses, we will estimate separate regressions for teen crime (age 15-19),
crime in young adulthood (20-24) and crime as adults (age 25-29). We use the same set of
control variables in these regressions as in model 3.7 and 3.8. For illustrative purposes, we
will present these analyses in the form of figures with confidence intervals based on the
maximum of the four different standard errors considered above.
Second, we consider a number of heterogeneity analyses, using the indicators for any
crime for t = 7 (adult sample) and s = 10 (child sample) as the dependent variable. Even
though we view these analyses as exploratory, we believe there is a point in reducing the
number of dimensions by which we test for heterogeneous effects. In the adult analyses,
we will consider the following dimensions:
• Any criminal conviction prior to winning (yes/no),
• Age (up to age 49; age 50 and above),
• Sex (male/female),
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Figure 3.18. Power: Time Horizon (Child Sample)
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Notes: This figure shows how statistical power changes as we increase the maximum number of
years each child is followed after the win (for children age 14 to 18 at the time of the draw) or from
age 14.

• Income (average household disposable income for the five years preceding the
lottery event; above or below the median in the age-year-gender cell in the representative sample, using five-year-intervals for age). We code university students as
“above median” regardless of their income.
In the child analyses, we will consider heterogeneity according to the following dimensions:
• Sex (male/female),
• Age at the time of the parent’s win (up to age 9; age 10 and above),
• Parental income (average combined parental disposable income for the five years
before the lottery draw; above or below the median among parents in the representative sample in the same year and with children of the same age, using five-year
intervals for child age).
The control variables in our heterogeneity analyses are extended versions of model 3.7
and 3.8 in that we interact all control variables (including the cell fixed effects) with the
indicator variable indicating the relevant dimension of heterogeneity. As for the main
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Figure 3.19. Power: Time Horizon (Sons from the Child Sample)

Power

1

.5

0
1

2

3

4

5

6

7

8

9

10

Max Years Followed
Absolute (0.01)

Relative (20%)

Notes: This figure shows how statistical power changes as we increase the maximum number of
years each child is followed after the win (for children age 14 to 18 at the time of the draw) or from
age 14.

analyses, we will present permutation-based p-values as well as analytical standard errors
and their corresponding p-values.26

3.A.7.

Benchmarking the Estimates

A natural way to get a sense of whether our estimates are “small” or “large” is to compare
the estimated effect to the income-crime gradient. We outline here how we intend to make
this comparison. We proceed in four steps and start with the adult sample.
The first step is to convert the lottery prizes to income streams. Because lumpsum lottery prizes represent one-time increases in wealth, converting them to income
streams require assumptions regarding the intertemporal behaviour of lottery winners.
The evidence from previous studies suggest winners spread out the gains over long time
horizons (Cesarini, Lindqvist, Östling, et al., 2016) and often treat the windfall as a longrun supplement to annual income flows (Cesarini, Lindqvist, Notowidigdo, et al., 2017).
We therefore follow previous studies based on the same lottery data (Cesarini, Lindqvist,
Östling, et al., 2016; Lindqvist et al., 2020) and calculate, for each lottery prize, the annual
26 The type analytical standard error reported will be the standard error that is largest for the interaction

effect. Because the package for EDF does not support interaction effects, we only consider standard errors
which are unadjusted, heteroskedasticity-robust and clustered at the level of the individual (adult sample)
or family (child sample).
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Table 3.21. Main Adult Analyses
Type of Crime

Effect (M SEK)
SE
p (resampling)
p (analytical)
FWER p
Mean dep. var.
Effect/mean

Type of Sentence

Any
Crime

Economic
Gain

Violent

Drug

Traffic

Other

Fine

Detention

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

To be estimated after publication of the plan

N

Notes: This table reports the effect of winning the lottery on players’ subsequent criminal behaviour.
Each column reports results from a separate regression in which the dependent variable is an indicator
variable equal to one in case of a conviction for a certain type of crime, or certain type of sentence,
within seven years after the lottery event. The sample includes lottery winners and controls aged 18
to 74 at the time of the win. In all specifications, we control for baseline characteristics measured
the year before the lottery. The analytical standard errors are equal to the maximum of conventional
standard errors; Huber-White standard errors; standard errors adjusted for clustering at the level of the
player and the EDF-corrected robust standard errors suggested by Young (2016). The resampling-based
p-values are constructed by performing 10,000 perturbations of the prize vector. The resampling-based
standard errors equal the standard deviation of the estimated coefficients from the same perturbations.
FWER p-values are calculated separately for the analyses in columns (2)-(6) and (7)-(8).

payout it could sustain if it were annuitized over a 20-year period at an actuarially fair
price and an annual real return of two percent. To illustrate, a $100,000 prize corresponds
to an increase in net annual income of $5,996.
In the second step, we calculate average household disposable income during the
five years prior to the lottery draw. For the adult sample, households are defined as the
lottery player and the player’s spouse for married players. For the child sample, household
income is calculated as the sum of the biological parents disposable income, regardless of
whether they live together or not. As in Section 3.A.3, we set annual household income to
SEK 40,000 ($6,000) in case reported disposable income is below this threshold.
In the third step, we sum the annuitized lottery prize and average household disposable income. We then instrument the resulting variable with the lottery prize using
a specification otherwise the same as models 3.7 and 3.8. Because our estimates are now
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Table 3.22. Main Child Analyses
Type of Crime

Effect (M SEK)
SE
p (resampling)
p (analytical)
FWER p
Mean dep. var.
Effect/mean
N

Type of Sentence

Any
Crime

Economic
Gain

Violent

Drug

Traffic

Other

Fine

Detention

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

To be estimated after publication of the plan

Notes: This table reports the effect of winning the lottery on the criminal behaviour of lottery players’
children. Each column reports results from a separate regression in which the dependent variable is
an indicator variable equal to one in case of a conviction for a certain type of crime, or certain type
of sentence, within up to ten years after age 15 or the lottery draw (whatever happens latest), or year
2017. Children who were above age 18 at the time of the draw, or born later than six months after the
draw, are excluded from the sample. In all specifications, we control for baseline child and parental
characteristics measured the year before the lottery draw. The analytical standard errors are equal to
the maximum of conventional standard errors; Huber-White standard errors; standard errors adjusted
for clustering at the level of the family (including half-siblings) and the EDF-corrected robust standard
errors suggested by Young (2016) The resampling-based p-values are constructed by performing 10,000
perturbations of the prize vector. The resampling-based standard errors equal the standard deviation
of the estimated coefficients from the same perturbations. FWER p-values are calculated separately for
the analyses in columns (2)-(6) and (7)-(8).

expressed in logs, dividing the estimated effect by the baseline crime rate implies our
estimates will be comparable to income elasticities from previous work
In the fourth step, we compare the rescaled lottery-based estimates from the third
step to the respective log income gradients. For the adult sample, we estimate the gradients
with controls for sex, a third-order polynomial in age and sex-by-age interactions. For the
child sample, we use the same set of controls for the child, mother and father. To account
for the endogenous labour supply response following lottery wins (Cesarini, Lindqvist,
Notowidigdo, et al., 2017), we estimate the gradients only for winners who won less than
200,000 SEK. We also exclude lottery players who received study aid in the year prior to
the lottery draw when calculating the gradient.
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