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Abstract

Evidence shows that education, labor market conditions for ex-offenders, and wages

influence crime rates. The relationship between wages and crime specifically, has inter-

esting potential policy implications, especially in arguments for increasing the minimum

wage. Economists speculate that increasing the minimum wage may help reduce crime

by increasing wages and thus increasing the opportunity cost of committing crime,

making it riskier and less necessary for people to supplement their incomes through

illegal avenues. Using crime data from the FBI’s Uniform Crime Reports and minimum

wage data from Vaghul Zipperer (2016), I employ a two-way fixed effects framework to

analyze the effects of changes in the minimum-to-median wage ratio on various crime

outcomes, including total crime rates and 16-24 year old crime rates. I find no effect

on Core-Based Statistical Area (CBSA) crime rates with changes in the minimum-to-

median wage ratio.

1I would like to thank my advisor Sarah West for her time and patience throughout this project. Ad-
ditionally, I would like to thank my readers Felix Friedt and Victor Addona, as well as my fellow students
with whom I engaged in helpful conversations and from whom I received useful feedback.
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1 Introduction

Evidence suggests that incarceration and crime reducing policies can be effective but

expensive anti-crime initiatives [14]. Research has shown that crime is affected by many

factors, such as unemployment rates, number of job options for ex-offenders, wages, and

education [5]. Thus, many speculate that increasing the minimum wage may deter crime.

Many minimum wage workers fall between the ages of 16-24 years old – specifically, about

50% of workers making the federal minimum wage or less are under the age of 25 [7]. Ev-

idence from the Federal Bureau of Investigation (FBI) shows that this age range commits

proportionally more crimes than older age groups, with 16 to 24 year-olds committing around

40% of all property crimes [28]. This leads to a naturally interesting research question about

how changes in minimum wage policy affect crime rates.

Many states still maintain the $7.25 federal minimum wage established in 2009, which if

it had been indexed to the consumer price index would be $10.36 as of March 2023 [9]. This

is equivalent to $26.56 as of 2023 if it had also been adjusted for worker productivity [3]. To

put the magnitude of the federal minimum wage into context, the 2022 poverty threshold is

around $13,000 for individuals [18]. For workers working 40 hour weeks at the $7.25 federal

minimum wage, this puts them just barely over the poverty line, bringing in $15,080 before

taxes. For families, the minimum wage is actually below the poverty line.1

Using arrest data from the 2009 - 2016 Uniform Crime Reports, minimum wage data from

Vaghul and Zipperer (2016), and median wage data from the 2009 - 2016 Merged Outgoing

Rotation Groups of the Current Population survey, I fit a two-way least squares specification

to analyze the effect of a change in the minimum-to-median wage ratio on various crime

outcomes. I find minimal evidence of an effect of changes in the minimum-to-median wage

ratio on crime outcomes. There is weakly significant evidence of an increase of 0.039 crimes

1The poverty line for a family of 2-3 is around $18,000 and $23,000 respectively. Thus, if a person has
any dependents and only makes the minimum wage, they will be under the poverty line.
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in the 16-24 year old crime rate of a CBSA for a 10% increase in the minimum-to-median

wage ratio when controlling for the level of unemployment. More broadly, I interpret this

as finding next to no effect in crime rates with increases in the minimum-to-median wage

ratio. Similarly, I find a significant inelastic response of 0.017 in the 16-24 year old crime

rate. This means that for a 1% increase in the minimum-to-median wage ratio, there is a

subsequent 0.017% increase in the 16-24 year old crime rate. This suggests that crime rates

do not respond very strongly to changes in the wage ratio. This result is in line with much

of the existing literature on the subject which is fairly divided on what direction the effect

truly is. My contribution to the literature will take a more granular approach than other

studies by investigating crime rates at the CBSA level, while also leveraging the variation

made possible by scaling the minimum wage to a CBSA’s median wage. Unlike most papers

on the topic, I do not find definitive results of a directional effect of minimum wage changes

on crime rates, instead finding nearly no relationship.

This paper will take an econometric approach in evaluating the effect of changes in the

minimum-to-median wage ratio on crime rates. Section 2 reviews literature in the fields of

criminology and economics, with the relevant economic theory being presented in Section 3.

Section 4 provides an overview of the data as well as summary statistics. My contributions to

this literature begins in Section 5, which exposits the empirical approach, with a discussion

of the results in Section 6. Finally, Section 7 discusses the limitations of the study and

potential next steps, while Section 8 concludes with this study’s findings.

2 Literature Review

In 1968, Gary Becker laid out a framework for the economics of crime in “Crime and

Punishment: An Economic Approach” [5]. He notes that “a person commits an offense if

the expected utility to him exceeds the utility he could get by using his time and other

resources at other activities” (Becker 9). Specifically he defines the number of offenses a

2



person commits as a function of the probability of conviction, the punishment per offense,

and other influences, most notably the income available to them in legal activities. This

framework suggests that an increase in income available in legal activities would reduce the

number of offenses for a person.

Aside from Becker (1968), there seems to be one other crime main framework that most

modern works build upon, and that is Ehrlich (1973). Ehrlich arrives to many similar ideas as

Becker (1968) – namely that individuals face a choice between crime and work, with a threat

of punishment, and that ’s participation in crime depends upon the levels of those factors. His

analysis adds to that of Becker’s by accounting for both benefits and punishments associated

with legitimate and illegitimate activities (rather than simply punishments). He does this

by treating the worker’s choice as an optimal allocation problem under uncertainty, rather

than between a set of mutually exclusive choices. Most importantly for my paper, Ehrlich

(1973) finds empirical evidence of a strong positive correlation between income inequality

and crimes against property. This is what the theory of minimum wage and monetary crimes

would suggest, and provides a direct link to my main specification of using the minimum-

to-median wage ratio2. Draca, et al. [12] provide a review of various adjustments to the

main Becker (1968) and Ehrlich (1973) models including a continuous allocation between

time and crime (Lochner 2004), criminal specialization, and criminal human capital build-

up (Lochner 2004). Most of these studies arrive to broadly similar conclusions as the initial

work by Becker (1968) and Ehrlich (1973).

There is a pretty substantial branch of economics research dedicated to minimum wage

research on unemployment, which will not be reviewed in great detail here.3 Many of the

results of that research depend on determining whether the substitution (often called the

unemployment) effect or the income effect dominate. The unemployment effect happens

2The minimum-to-median wage ratio represents the gap between the minimum wage worker and the
median worker, which I assume to be representative of the general population. This makes this ratio a crude
measure of income inequality among citizens of an area.

3For examples see: Belman and Wolfson (2014) [6]
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when firms substitute away from labor due to the higher wages, and results in a loss of jobs

(and concurrently, workers are demanding more work since it is now relatively more profitable

than leisure). The income effect happens when workers substitute away from working due to

the higher wages making it easier to maintain an income for less work. Determining which

of these effects dominate allows us to estimate the size of the unemployment that results

from changes in the minimum wage. Many of the articles investigating minimum wage and

crime (as well as this paper) will use similar methods and theoretical arguments which will

be detailed further below.

The literature as it relates to the effects of minimum wage policies on crime rates is

rather sparse. Most of the literature is fairly recent, with many citing a 2016 Council of

Economic Advisors (CEA) report as the motivation for their work. The report cites growing

incarceration rates in the United States despite falling crime rates, which are driven pri-

marily by changes in criminal justice policies. It also mentions the disproportionate impact

of criminal policies on people of color, poor people, and people with mental illness. As an

alternative to these discriminatory and sometimes ineffective policies, it proposes policies

that improve labor market opportunities and educational attainment to reduce crime. In

theory, this would help to eliminate crime at its source by eliminating many of its determi-

nants, rather than punishing crime retroactively with additional incarceration. One specific

measure they mention is increasing the minimum wage, saying that the “CEA finds that

raising the minimum wage to $12 by 2020 would result in a 3 to 5 percent crime decrease

(250,000 to 510,000 crimes) and a societal benefit of $8 to $17 billion dollars (CEA 6).”4

This statement raised some concerns with economists aware of the ambiguous unemployment

and income effects associated with changes in minimum wage and prompted the release of

multiple articles about the relationship between crime and the minimum wage.

Before I review the papers published in response to the CEA report, it’s important to

consider the two papers that preceded it. The first relevant paper, and one that most of the

4Based on back-of-envelope calculations, using elasticity estimates from Gould, Weinberg, and Mustard
(2002).
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recent papers draw on, is Hashimoto (1987). Hashimoto looks to expand on the evidence

available at the time of the adverse effects of the federal minimum wage on employment levels

of young workers. He does this by investigating if an increase in time spent on activities

outside of the labor market increases the rate of criminal activities. Using arrest data (which

was the most readily available crime data at the time), he finds that minimum wage changes

increased property-related crimes for teenagers. This is consistent with economic theory that

says in the event of the unemployment effect dominating the income effect, those displaced

workers will need to find alternative sources of income – in this case through monetary

crimes.

While Hashimoto uses an aggregated, macro-level study, Beauchamp and Chan (2014)

consider their study to be Hashimoto’s micro-level complement. They use data from the Na-

tional Longitudinal Survey of Youth 1997 cohort (NLSY97) to examine employment-crime

substitution on the individual level. The detailed nature of the NLSY97 data allows them to

determine whether or not movement in and out crime is due to employment status. It also

allows them to directly identify individuals bound by minimum wage changes rather than

approximating the treatment group and controlling for individual-level heterogeneity. Using

linear probability and logit models, they find individuals, especially teenagers, commit more

crime (both monetary and violent). Overall, their estimates suggest that crime will increase

1.9 percentage points as the minimum wage increases, due to workers becoming unemployed

and idle.5 They find that crime and employment are complements, not substitutes, speculat-

ing that this is due to minimum-wage-bound workers being a selected group “more likely to

work and less likely to rely solely on crime for income.” Like the CEA report, they mention

the importance of employment and education options being available to young, unskilled

workers, but find that overall, increasing the minimum wage is not an effective method of

fighting crime.

5They use an indicator for whether an individual was bound by the minimum wage if they met a set
of criteria, namely if they were employed at a job at or below the minimum wage prior to the increase in
minimum wage. Thus their results for minimum wage increases could be applicable to any changes in wages
before/after the increase, and are thus subject to some set of bounds, which they do not disclose.
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Other researchers studying the effects of the minimum wage on crime use a number of de-

pendent variables including crime, incarceration, and recidivism rates. Agan and Makowsky

(2018) approach the problem from the social support side of the argument by also including

Earned Income Tax Credits (EITCs) in their analyses. Instead of focusing on crime rates,

they examine the effects of these social support policies on criminal recidivism (rate of re-

turning to prison). They find that ex-offenders’ employment is sensitive to even moderate

changes in wage policies and to unemployment effects (labor-labor substitution), and better

labor market opportunities reduce the probability of returning to prison. While some re-

cidivism is captured in the typical studies using aggregate crime rates, this paper looks at

ex-offenders’ willingness to substitute away from crime and towards legitimate labor after

release. They use administrative prison release records to track individuals over 14 years

and conduct a difference-in-differences analysis to identify how changes in minimum wage

and social support affect their probability of returning to prison. They find that for revenue-

generating crime that might act as a substitute for legal employment, the probability of

returning to prison is reduced by 2.8% with a $0.50 increase (the average in their study) in

the minimum wage. However, their analysis does not allow for identification of the magni-

tude of the unemployment vs. the wage effect, so they simply assume that the wage effect

dominates. While this tends to be a fairly common assumption in the literature, such an as-

sumption yields biased results, though the magnitude of that bias is unknown. Additionally,

by focusing on EITCs (which is skewed in favor of those with children) and rates of return

to prison, they are presumably missing a majority of the crime-committing population who

are sensitive to minimum-wage changes, which is the younger 16-24 year old workers.

Ghosh et al. (2020) use incarceration rates as their dependent variable, pointing out

that incarceration rates can be affected by policies on law and order, while crime rates

stem from individuals’ perceptions of those policies. Ghosh et al. focus on finding a causal

relationship between incarceration rates and state minimum wage, by using manual task-

intensive occupations as an instrument for minimum wage. Using two stage least squares and
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state fixed effects, they find that increases in the minimum wage leads to fewer incarcerations.

But, there is an inherent reverse causality problem when using incarceration rate instead

of crime rate, because the same politicians who control minimum wages also control the

policies that inform incarceration rates, and controlling for that is very challenging. They

attempt to control for this by using an instrument of the long-run quasi-fixed component

of employment share of manual task intensive occupations, which is highly correlated with

changes in minimum wage. There are likely some specification issues in this instrument,

which is beyond the scope of this paper, so their results are of lesser importance to me,

though they find that increases in minimum wage leads to fewer incarcerations.

Finally, there are two papers that are most relevant for my paper. Braun (2019) con-

structs a theoretical model to investigate the relationship between labor market outcomes

and crime decisions of young, unskilled workers, and calibrates it using aggregate crime

statistics. Her goal is to find the level of minimum wage where each effect (unemployment

and income) dominates. This reveals a U-shaped relationship between the aggregate crime

rate and the minimum wage. This means that raising the minimum wage up to a certain

point decreases the aggregate crime rate, but after that point the crime rate begins to rise

again. This relationship shows that aggregate crime responds more to changes in wages than

to unemployment for relatively small increases in the minimum wage. She then empirically

verifies the existence of this U-shaped relationship through the use of the FBI’s crime rate

data compared to minimum-to-median ratios of income for various age groups. Using a non-

parametric regression of county-level crime rates on state-level variation in the minimum to

median wage ratio, she finds that the crime rate is minimized when the minimum wage is

0.91 of the median wage of 16-19 year olds, but that to maximize welfare, this ratio is 0.87.6

Based on the 2018 median nominal wage of $10, these results suggest that raising the $7.25

federal minimum wage by $1-2 will improve welfare and/or crime rates. In 2022 dollars, this

6Intuitively, one would not expect the minimum-to-median wage ratio to exceed 1. It’s worth noting
that relative to the minimum-to-median wage ratios I observe in my data set (ranging from around 0.3 to
0.5), 0.9 and 0.87 are very large.
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would be equivalent to raising the minimum wage by $1.20 to $2.39.

Fone et al. (2020) take a more rigorous approach than Braun by using more granular

data, but they are investigating the same basic question: do minimum wage increases reduce

crime? Similarly to Braun, they focus on younger, lower skilled laborers for whom the federal

minimum wage is more likely to be binding [7]. They use both the 1998-2016 Uniform Crime

Reports (UCR) and the National Longitudinal Survey of Youth 1997 (NLSY97) to investigate

their question. The use of the UCR data allows identification of intent to treat estimates,

while the NLSY data allows identification of effect of treatment on treated and to observe

crime that does not necessarily result in arrest, due to the self-reporting nature. They start

with using two-way fixed effects through OLS on the UCR data and later use event-study

analyses on the NLSY data as robustness tests. They find no evidence that increases in the

minimum wage reduce arrests. Instead, they find increased property crime arrests among

16-24 year olds, and estimate externality costs of $15 minimum wage increases of up to $2.5

billion. Note that these results are fairly consistent with the findings of Beauchamp and

Chan (2014), which is understandable, since Fone also uses the NLSY data of Beauchamp

and Chan as a robustness test (opting for a two way fixed effects model rather than a logit).

These results do not extend to older individuals, for whom there is little evidence that

minimum wage changes affect net crime.

My contribution to the literature falls somewhere between Braun (2019) and Fone’s

(2020) approaches. Braun’s approach has the advantage in that it is non-parametric and

allows for a non-linear relationship between minimum wage and crime rates, which allows

us to determine at what levels the income vs. unemployment effect dominates. Her study,

however, does not look at crime rate outcomes by age, instead only looking at aggregated

rates. Since the model was calibrated for 16 - 24 year olds, if the model holds, then looking

at 16 - 24 year-old crime rates should strengthen the U-shaped relationship she observes.

Since we know that 16 - 24 year olds commit the highest proportion of crimes, fitting the

model to this subset should eliminate some of the noise in the total crime rate and narrow

8



in on the effect on young workers. Knowing what we do about the propensity of 16 - 24 year

olds to commit crime and work minimum wage jobs, I argue that it’s important to examine

how the projections change for this group relative to the overall crime rate. Additionally

she only looks at property crimes, which picks up the potential substitution between legal

and illegal work, but misses the possibility that violent crime increases due to idleness from

unemployment. Fone has the advantage of using a more robust UCR data set (having access

to years prior to 2009) and being able to isolate the crime rates for the younger age group,

but is somewhat limited in the use yearly level data, even though the minimum wage data

that they use from Vaghul (2016) comes in more granular forms. Their use of yearly data

complicates the ability to use time trends to account for macroeconomic determinants of

employment and crime. Additionally, based on the small degree of variation in minimum

wages from 2009 - 2016, Fone’s study could perhaps be improved by including median wages

for each county relative to the minimum wage, to allow greater variation within a state,

and facilitate a more granular analysis.7 Using data with higher frequency and broader

geographic coverage enables greater use of fixed effects to account for potential confounders

such as region-specific and time-specific trends, culture, or laws.

3 Economic Theory

3.1 Modeling Crime Decisions

In 1968, Gary Becker famously produced a model of crime derived by taking an economic

approach. He argues that at its heart, the decision of a person to commit crime can be boiled

down to a model similar to those used to decide on making economic decisions. It assumes

7Additionally, I think it may be interesting to see if it is possible to find information on the average
punishment for the property-related crimes in a given county or state and incorporate that into the model,
following the basic utility functions outlined by Becker (1968), but at this stage I have not conducted that
analysis.
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that a person chooses to commit a crime if the expected utility gained from the crime is

greater than the expected utility from engaging in legal activities.

The decision to commit a crime can be simplified down to a function that considers

the expected harm to the victim (for this I will only focus on “harm” as monetary loss),

apprehension (modeled as the prevalence and strength of anti-crime tools such as police

forces, anti-theft equipment, and court personnel), and conviction (the rates and severity of

the punishment for a crime). He then models the subsequent “supply of offenses” as:

Oj = Oj(pj, fj, uj),

where Oj is the number of offenses, pj is the probability of conviction per offense, fj is

the punishment per offense, and uj is a variable representing all other influences. Two

of the factors that make up the final term uj are education (causing an increase in “law-

abidingness”, according to Becker) and an increase in the income available in legal activities.

He assumes that in this equation, all of the parameters have an inverse relationship with Oj,

the expected number of offenses. For an increase in any of the inputs; conviction probability,

punishment, or the other affecting factors, the number of offenses committed should decrease.

Becker focuses primarily on how changes in the probability of conviction and/or the

strength of the punishment changes crime decisions, but other papers, as well as this paper,

will focus more on the other inputs covered by uj.

One of these papers is by Braun (2019). She describes a theoretical model where em-

ployed and unemployed workers receive exogenous job and crime opportunities. Her simplest

approach models the decision to commit a crime as two functions, one for employed people

and another for unemployed, where the expected utility of committing a crime is:

Ku(a) = g +p (a) + (1− π)Vu(a)

Ke(a, λ) = g +p (a) + (1− π)Ve(a, λ).

10



This model succinctly ties together many of the points from Becker (1968) by modeling the

crime decision as a function of the instantaneous benefit g of committing the crime and the

expected utility of unemployment (Vu), the expected utility of prison (Vp), and the expected

utility of employment (Ve). She models people as rational, choosing to commit a crime if

the expected benefits are greater than 0.

3.2 Minimum Wage Theory

In the past, and still existent in today’s “New Minimum Wage Research,” a large em-

phasis has been put on determining how changes in the minimum wage change labor market

outcomes. There are two leading theoretical models in this research – assumptions of com-

petition in the labor market and firms with monopsony power. Of these two models, only

the competition model is relevant for this paper.

Figure 1 examines minimum wage effects in a competitive market. A graph of labor

demand and supply with labor as the x-axis and wage as the y-axis shows us the equilibrium

point q* where the current efficient wage is set. An implementation of minimum wage policy

would add a price floor at minimum wage w that results in a gap that one can interpret as

unemployment, qs − qd.

A worker is then faced with two choices: (1) substitute away from leisure and towards

work, since it is more profitable now (substitution effect) or (2) reduce the number of hours

worked and make a similar income since wages are higher (income effect). The firm also

faces a similar tradeoff when choosing between capital and labor, as shown in Figure 2.

The greater the elasticity of substitution of labor for other factors of production, the larger

the expected effect of the minimum wage increase on labor hours. Similarly, the greater

the magnitude of the price elasticity of demand for the product or service, the larger the

expected effect of the minimum wage increase on labor hours. All of these factors are things

that prior minimum wage research has attempted to estimate, with little luck in reaching a

consensus.
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Figure 1: Unemployment in Competitive Market

Figure 2: Capital-Labor Substitution
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3.3 Combined Theory

With an increase in the minimum wage, there are two possible outcomes, one where the

employment effect dominates, and one where the income effect dominates. If the employment

effect dominates, people may be being laid off for cost-reduction purposes, there may be

internal labor-labor substitution, or there may be a substitution towards automation and

away from manual labor. This results in a net loss of jobs given an increase in the minimum

wage and may result in people seeking income through illegal avenues. This means that

if one can view crime (namely monetary crime) as a substitute for legal work, then the

unemployment effect may drive crime up. More specifically, I will begin by investigating

how property and other monetary crimes change based on changes in the minimum wage.

Since these are revenue-generating crimes, they are most likely to be used in place of legal

income. It is also possible that displaced workers may also become idle and engage in violent

crime as a result of being out of work, but this paper will not focus on that outcome. On the

other hand, an increase in the minimum wage could mean an increase in income for those

workers who are not displaced. This increase in income will increase the opportunity cost

of crime, and they may no longer need to supplement their income through illegal avenues.

This shows us now, that if crime is again a substitute for legal work, the income effect may

actually drive crime down.

4 Data and Summary Statistics

4.1 Crime Data

The main data for this project are from the FBI’s “Uniform Crime Reporting Program

Data: Arrests by Age, Sex, and Race” for the years 2009 - 2016. The data are a compilation

of monthly arrest statistics submitted voluntarily by city, county, or state law enforcement

13



Table 1: Frequency of Number of Offenses in Agency in October 2013

Table 2: Frequency of Crime Types in Agency in October 2013

agencies to the FBI. Thus, each observation provides the counts of a specific offense in an

agency for a given year and month. For the purposes of this project, I begin by restricting

the crimes to be the monetary crimes of burglary, larceny, motor vehicle theft, robbery, and

stolen property. A breakdown of the frequencies of these crimes for an example year and

month (I arbitrarily chose October 2013) can be found in Tables 1 and 2.

The terms of burglary, larceny, theft, and robbery are often used interchangeably, but

there are some distinct differences (though the exact differences do not matter substantially

for this paper since I am only focusing on a broader category of monetary crimes). Theft is

the most generic term associated with the aforementioned crimes, and its definition can be

used interchangeably with larceny. “Theft is taking someone’s property with the intent of

permanently depriving the owner of its use” and can be classed as a felony if the value of

the stolen object exceeds $1,000. Robbery can be classified as a violent crime, and refers to

“taking property from a person with force or threat of force”, but violence is not necessary

to be classified as a robbery. Burglary involves breaking-and-entering into a structure to

14



Table 3: Punishments by Crime

Crime Fine Value a Prison Time
Burglary Up to $35,000 Up to 20 years

Motor Vehicle Theft Up to $10,000 Up to 5 years
Larceny ($1,000 - $5,000) Up to $10,000 Up to 5 years

Robbery Up to $20,000 Up to 10 years

aFor more information on crime punishments, see: [21], [19], [2], and [11]

commit a crime (but similarly to robbery does not require destruction of property for a

crime to be classified as it).[25] The punishments for these crimes can vary by state, their

punishments using Minnesota as a reference level, can be summarized as seen in Table 3. It’s

worth noting that the ideal study design investigating the effects of changes in the minimum

wage on property crimes would use data on the value of objects stolen combined with these

punishment values to calculate a person’s indifference curves and willingness-to-pay for crime.

This would lead to the cleanest set-up comparing the costs and benefits with working and

committing crimes. Unfortunately, that data is not widely available at a national level, and

so I will not be able to do that analysis in this study. However, should that data become

more available, it would be a very interesting addition to this paper.

The UCR sample used in this project contains the four above crimes, as well as stolen-

property. While these data technically report arrest rates rather than crime rates, they

have the advantage of including demographic breakdowns for age, race, and sex for each

crime committed. This is an important distinction to the Offenses Known and Clearances

by Arrest (often called Return A) data which has no such breakdown. Since evidence (BLS,

2017) has shown that the minimum wage is most binding for young workers, and that those

workers are most predisposed to crime (FBI, 2016), I want to be able to separate their crimes

from those of the rest of the population. While arrests may be a cruder estimate of crimes

committed in an area than the actual Return A data, I choose to assume that it is a sufficient

enough proxy to inform us of the level of crime in a given area.

Due to the voluntary nature of the reporting, there is some under-representation of areas
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of high crime. Most notably, New York City is absent from the data. It is unclear why these

agencies choose not to report. But, I do know that in general more agencies report every

year, and once they start reporting, they do not tend to stop [20]. More work is necessary

to ensure that there is no correlation in lack of reporting and minimum wage levels, though

for now I will assume such an association does not exist.

The UCR data is reported at the agency level, and so in order to conduct analysis with

outside data sources, I use the Law Enforcement Agency Identifiers Crosswalk (LEAIC) to

provide sufficient geographic information for the purpose of merging datasets. The LEAIC

Crosswalk data provides common matching keys for socio-demographic data (such as FIPS

codes) for the agencies present in the crime data. However, the crosswalk only provides

the geographic location associated with the address of the reporting agency. And so, for

agencies that span multiple counties, it is impossible to tell which counties it spans – I only

know the county the headquarters is located in. This is less consequential than it seems,

because the UCR data on its own is somewhat equipped to combat this issue. The UCR

data includes a population variable reflecting the population of the agency’s jurisdiction.

For agencies where there is overlapping jurisdiction (for example: colleges or universities,

airports and transit authorities, or wildlife police), their population is assigned to be 0.

And so, calculating crime rates based on agency population simply requires summing up the

observations and aggregating to some level higher than the agency (for example county or

CBSA code). However, this population metric is somewhat flawed in that it only represents

the population that lives within an agency’s jurisdiction, so for areas with a large number

of non-residents (such as Los Angeles or Washington DC) the crime rates reflected may be

inaccurate, particularly, the rates are likely overstated.

From the UCR data I generate male, female, total, juvenile, and elderly crime counts by

agency. These are later converted to be crime rates after aggregating to the CBSA level to

account for the agencies with overlapping jurisdictions whose populations are recorded as

0. My dependent variable of interest, as mentioned before, are the juvenile crime rates of

16



16-24 year olds, especially how their rate of crime compares to the total rate of crime in an

area. Summary statistics of the variables of interest can be found in Table 5 as well as in

the Appendix in Tables 6 - 9.

4.2 Wage Data

Supplementing the crime data are the minimum wage data from Vaghul and Zipperer

(2016) provided through the Washington Center for Equitable Growth. They provide his-

torical state and sub-state minimum wage levels for the United States. The state-level data

is available for the years 1974 - 2016, while the sub-state data are only available for the years

2004 - 2016. The sub-state level minimum wage data reports any minimum wages at the

city or county level that are different from the state-level minimum wage. Using the LEAIC

crosswalk file I am able to assign to each agency the appropriate city, county, and/or state

minimum wages. To create the minimum wage variable I choose the maximum of those three

measures. Figure 3 in the appendix shows the variation in minimum wage across CBSAs in

an example month of October 2013.

Due to the lack of variation, specifically the lack of variation at the county level, in the

minimum wage during the years for which I have data, I chose to also include median weekly

earnings as an additional scaling metric. The Current Population Survey is a monthly

household survey studying employment and labor markets conducted by the government.

They also publish extracts of this survey as part of their Merged Outgoing Rotation Groups

(MORGs). The MORGs contain many of the same variables as the larger CPS surveys,

such as hours worked, weekly earnings, industry, and occupation status, but for a smaller

stratified sample. 8

Because the MORGs is a survey, there is a noticeable amount of censoring in some of the

geographic variables to maintain anonymity. Around two thirds of the data does not have a

8For more information on the CPS and MORGs, see: [24]
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specific county FIPS code identifier, and is instead coded as a 0. However almost all of the

observations retain a Core Based Statistical Area (CBSA) code. A CBSA code is a metric

the government uses to describe both Metropolitan Statistical Areas (population of 50,000

or more people) and Micropolitan Statistical Areas (from 10,000 up to 50,000 people in

population). It “contains one or more counties with an urban area of 10,000 or more people

and the counties that have people which would commute to that area” (GreatData, 1) [16].

There are 927 CBSAs across the US (that do not cover the entirety of the country and can

also cross state lines), of which my data has 273. Due to the lack of county-level identifying

information in the MORGs, it was somewhat unfortunate, but necessary consequence to

aggregate the UCR and minimum wage data from the agency level to the CBSA level in

order to include median wage information in the analysis.

My primary independent variable of interest is no longer simply the minimum wage, but

rather the ratio of the minimum-to-median wage for each CBSA included in the sample.

This allows there to be more context for the minimum wage in each CBSA in the absence of

large variation. This metric now informs us of the gap between minimum wage earners and

the median earner in a given CBSA. Theory suggests that for larger gaps in the minimum-

to-median wage ratio (values closer to 0) there will be higher rates of crime, while for values

closer to 1 there should be less of a disparity between minimum workers and the median

earner. Summary statistics for all of the variables of interest in my regressions can be found

in Table 4 in the Appendix.

5 Empirical Approach

The individual unit in my panel data are distinct state and CBSA combinations, with the

time unit being measured in month-years. I have two main dependent variables of interest:

the total crime rate in a CBSA’s population and the rate of 16-24 year old crimes in a CBSA’s

population. As such, I estimate the following two two-way fixed effects OLS models:
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Y TR
c,s,t = β0+β1 ln (

Minimum Wage

Median Wage
)c,s,t+β2Lagged Unemployment Rate+αm+αy,s+αc,s+ε

Y YR
c,s,t = β0+β1 ln (

Minimum Wage

Median Wage
)c,s,t+β2Lagged Unemployment Rate+αm+αy,s+αc,s+ε

where Y TR is the total crime rate for a population in a CBSA and state and Y YR is the 16-

24 year old crime rate for a population in a CBSA and state. My main independent variable

of interest is ln (Minimum Wage
Median Wage

)c,s,t, which is the natural log of the maximum of the federal,

state, city, or county minimum wage over the median wage of the CBSA. I include the lagged

unemployment rate of the prior month of the CBSA to control for the unemployment effect,

and I include a variety of fixed effects to act as crude controls. The state-year interaction

(αy,s) and the CBSA fixed effect (αc,s) controls for time-invariant determinants of crime rates

that vary at the state level such as state-laws and availability and use of anti-crime tools,

and also serves as a crude proxy for broad education levels and demographics of each CBSA.

I include month-in-year (αm) fixed effects to account for the inherent seasonality in crime

behaviors.

I am also interested in estimating the elasticity of crime behaviors with changes in the

minimum-to-median wage ratio. To do so, I estimate the same two equations as above, but

take the natural log of the dependent variables of interest to instead turn my results into

elasticities.

6 Results

The results for my primary two specifications of predicting crime rates and ratios based

on the minimum-to-median wage ratio are shown below in Table 9. It is important to

note that any interpretations of the coefficient of interest can only refer to the gap between
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the minimum and median wage. I was unable to specify my estimation in a way that

disentangled whether it was the minimum wage or median wage changing, and while this

makes interpretations slightly more convoluted, the gap between the two is still an interesting

and meaningful measure to study.

One can notice in Table 9 that for a 1% increase in the minimum-to-median wage ratio,

we can expect an increase of 0.00593 crimes per 100,000 people. Similarly, I can expect to

see an increase in 0.00387 16-24 year old crimes per 100,000 people. Only the coefficient on

16-24 year old crimes is statistically significant, with a weak significance at the 10% level.

Thus for these specifications, I do not find that closing the minimum-to-median wage gap

reduces crimes at all, instead showing an association of a slight increase in crimes. This

suggests that the unemployment effect is dominating the income effect. However, it’s worth

nothing that as of 2021, the average population of a CBSA was around 900,000 people [23].

And so these estimates of 0.0059 and 0.0039 on average represent less than a 1 crime increase

for the average population size of a CBSA.

Additionally, when examining the coefficient on the lagged unemployment rate for both

models, I see a negative coefficient. The negative coefficient suggests that for an increase in

the prior month’s unemployment rate, there is a decrease in the current month’s crime rate.

However, at least for the 16-24 year olds, there is not sufficient evidence that this number is

statistically different from 0. These coefficients do however suggest to us that perhaps our

model is misspecified, or that there are omitted variables causing spurious results.

The results of the coefficient on the minimum-to-median wage ratio and the unemploy-

ment rate suggest to us that I have not properly fitted our model to fully account for either

the unemployment or the income effect. I know that these operate in opposite directions,

which could lead to our near-zero estimates if they are both negating each other. I included

the lagged unemployment rate to try to control for the unemployment effect, but the posi-

tive coefficient on the minimum-to-median wage ratio is opposite to what I expect from our
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theory if the income effect is dominating. I likely need to add additional controls to isolate

the effects of changes in the minimum wage on crime rates. It is worth noting however,

that there are significant trends in seasonal and state crime rates found in my fixed effects

specification, suggesting that it was important to control for them.

We find similar results when predicting the elasticity of crime on changes in the minimum-

to-median wage ratio (Table 10). I estimate a statistically significant 5% level elasticity of

16-24 year old crime rates of 0.017. This means that for a 1% increase in the minimum-

to-median wage ratio, there is a subsequent 0.017% increase in the 16-24 year old crime

rate. This means that 16-24 year old crime is inelastic, which suggests it does not change

much with changes in the minimum-to-median wage ratio, supporting our null results I found

above. Similarly to above, in these models, for total crime elasticity and 16-24 year old crime

elasticity, the coefficient on the unemployment rate is negative, which seem contradictory

to theory. These results suggest again that I am missing controls to isolate either the

unemployment or income effect and keep them from operating against each other, leading

to near zero results.

6.1 Robustness Checks

As a preliminary robustness check I fit the above specification, but predict elderly crime

rates for those aged 65 and above. For the most part, these are people who are likely not in

the labor force, and whose actions should not change due to changes in the minimum wage.

I find that there is no evidence of a change in the elderly crime rate with changes in the

minimum-to-median wage ratio. As seen in Table 12, the predicted coefficient on the logged

wage ratio is 0.0047 with a fairly large p-value. This suggests that though our coefficients

of interest are small, the ones that are statistically significant, may indicate a relationship

between crime and the wage ratio which is not due to any other external changes.

I also fit a few other models to see if removing the control for unemployment rate and

also no longer scaling the minimum wage by the median wage affects the results at all. As
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seen in Tables 9 and 10 in the appendix, for all specifications I find no effect of the minimum

wage on crime rates.

My methods fall somewhere between those of Braun (2019), studying the minimum-to-

median wage ratio at the year and state level, and Fone (2020) who uses a similar two-

way fixed effects specification at a county level. Somewhat coincidentally, my results also

fall somewhere in between theirs. Braun (2019) finds a U-shape relationship between the

minimum-to-median wage ratio and crime, finding more specifically that increasing the $7.25

federal minimum wage would reduce crimes. On the other hand, Fone (2020) does not

find reductions in crime with increases in the minimum wage, finding instead increases in

property crimes for 16-24 year olds. I however do not find a directional effect, finding instead

an inelastic, near zero response in crime rates for changes in the minimum-to-median wage

ratio. It is not surprising that our results are so different, the inconclusive nature of minimum

wage research is a defining characteristic.

7 Limitations and Next Steps

The question this paper is attempting to study is a challenging one because there are

so many factors that go into determining crime rates that if one were to draw a complete

causal graph, there would likely be confounders that I missed in my specification. There are

a number of limitations in this project due to time constraints and data availability. Ideally

I would have data for both crime and the minimum wage going past 2016, preferably up to

2020, but the crime data is undergoing a transition from UCR to National Incident-Based

Reporting (NIBRS), and so finding the 2016 - 2020 data is challenging. Tangentially, it

would be most ideal if the theft statistics were reported in terms of the value of the items

stolen. This would allow us to much more cleanly see how an increase in income would affect

the decision to commit crime. If I had this data I would be able to construct indifference

curves and come up with a measure of utility in committing crime.
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Additionally, I have not found any county or city level minimum wage data past 2016, so

even if I had the more recent UCR data there wouldn’t be minimum wage data to supplement.

Given more time and resources, it may be possible to assemble that manually, but that is

a bit beyond my abilities for this project. This means it is challenging to directly test

the CEA’s theory about crime in 2020, as well as exploit the variation in minimum wages,

because as of 2016 there were not as many sub-state minimum wages different from the state

as there are today (only around 1% of the agencies in the data set have a minimum wage

different from the state minimum wage). This lack of variation was my primary motivation

for using the minimum-to-median wage ratio as my independent variable of interest. This

parameter allows me to estimate changes in the gap between the minimum wage and median

wage worker. however, due to CBSAs having differing median incomes and even differing

median incomes over years, this analysis could be improved by running separate regressions

for the bottom 25th percentile and the top 75th percentile of median earnings. I began to

run these regressions, but due to time constraints was forced to abandon that aspect.

Many of the other data limitations have been discussed above in Section IV. The censoring

in the MORG data seriously restricts our sample size by necessitating an aggregation to the

CBSA level, and the unemployment measure calculated there is somewhat crude and is

based only on the small sample, and not the entire population. The minimum wage data

lacks substantial variation and what variation did exist may have been dwarfed by the need

to aggregate up to the CBSA level.

Perhaps the largest limitation to this project, and one of which I was not aware until far

too far along in the project, is that criminologists who work with the UCR data often do not

recommend aggregating it to the county (or presumably the CBSA) level and advise against

using it in policy studies. The data is presented at the agency level, and for some agencies,

their jurisdiction is over multiple counties. Not only does the UCR not provide information

on those jurisdictions, they also do not break down the distribution of crime across those

counties. As such, when attempting to aggregate to the county level, one can end up with

23



very incorrect crime rates. Due to the lack of jurisdiction-identifying information in the

dataset, I am unaware if there are any agencies whose jurisdiction spans multiple CBSAs. I

am specifying my equations under the assumption that they do not, since CBSAs are larger

than counties, but without deeper research into specific agency jurisdictions, I cannot be

sure. So, it is important to hold that as a caveat when interpreting results since county-level

aggregation is so strongly discouraged among the criminology literature. In his web-book

about the UCR data, Jacob Kaplan cites a 2002 paper by Maltz and Targonski, where

they say that “until improved methods of imputing county-level crime data are developed,

tested, and implemented, they should not be used, especially in policy studies” (Kaplan,

10.4) . Given this statement, my specific model specification, and the general weakness of

my results, I hesitate to make any sort of definitive assertions on how changes in minimum

wage policy affect crime rates.

8 Conclusion

The CEA (2016) has argued for increases in the minimum wage to serve as an anti-crime

tool, while other authors have found that minimum wage increases actually reduce crime.

Using a two-way fixed effects framework, I fit a number of specifications estimating the

impacts of changes in the minimum-to-median wage ratio on various crime rates. In this

paper, I find next to no effect of changes in the minimum-to-median wage ratio on crime

rates, suggesting that contrary to the CEA’s claims, minimum wage policies would not be

an effective crime-deterring tool. That is not to say that minimum wage policies would

not be beneficial in other regards or for other applications – this study is not designed in

a way to assess that, but for crime-deterrence alone it would not be enough. Additionally,

criminologists have expressed an inadequacy in county-level UCR data for informing policy

decisions, and so while my results do not support using minimum wage policy to affect

crime rates, other papers who do find distinct relationships may be misguided in their policy
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recommendations. There are a number of limitations to my study described above that leave

substantial room for further investigation, but at this point, I find no clear effect of changes

in the minimum-to-median wage ratio on crime rates.
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Figure 3: Minimum Wage by CBSA in October 2013
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Table 5: Summary Statistics for Variation in Crime Frequencies Across States
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Table 6: Summary Statistics for Variation in Crime Rates Across States
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Table 7: Summary Statistics for Crime Proportions Across States
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Table 8: Wage and Employment Summary Statistics Across States
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Table 11: Robustness Test Results

(1) (2)
VARIABLES 65+ Crime Rate Male Crime Rate

Minimum-to-Median Wage Ratio 0.00471 -0.0154
(0.00396) (0.217)

Constant 0.0686*** 36.60***
(0.00928) (0.509)

Observations 22,384 22,384
R-squared 0.023 0.078
Number of panelid 315 315
Month FE Yes Yes
CBSA FE Yes Yes
Year x State Interaction Yes Yes

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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