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Abstract

Earnings inequality serves as a proxy measure for the disparity between illegal and
legal gains and is therefore theorized to be correlated with the occurrence of crime. Using
a state-level panel dataset of the United States of America from 1980 to 2014 this paper
interrogates the casual relationship between the inequality of earnings in the lower tail of
the earnings distribution and crime rates. Since labor market wages and crime rates are
simultaneously determined, the bindingness of each state's legislated minimum wage is used
as an instrument to identify the causal relationship between lower tail earnings inequality
and the incidence of crime. The favored regression model also includes several important
fixed effects, to avoid omitted variable bias. I find evidence of a weak relationship between
lower tail earnings inequality and violent crime. I find no evidence of a relationship
between lower tail earnings inequality and property crime. The findings are robust to a
variety of alternative model specifications.
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ince Gary Becker's seminal paper Crime and Punishment: An Economic Approach, in
which he outlined the first formal economic model of criminal offending, economists
have attempted to explain criminality by examining how the propensity of individuals
to commit crimes reacts to changes in the expected utility of crime and legal work.

This paper broadly follows that line of inquiry by interrogating the casual relationship between
crime rates and inequality of earnings in the lower tail of the earnings distribution. According to
Becker (1968) earnings inequality may serve as a proxy for the disparity between illegal and
legal gains. Rising inequality in the bottom end of the earnings distribution means that the
differential between illegal and legal gains increases for those individuals most likely to commit
a crime (Freeman 1996). Therefore, the cost of crime in terms of legal income forgone declines
and the expected utility of offense rises.
Using a state-level panel dataset of the United States of America from 1980 to 2014 this
paper interrogates the casual relationship between reported crime rates and changes in the
inequality of earnings amongst those most likely to commit a crime. Since labor market wages
and crime rates are simultaneously determined, earnings inequality is endogenous. The
bindingness of each state's legislated minimum wage is used as an instrument in this paper to
address the endogeneity of earnings inequality. Research has shown that the bindingness of the
minimum wage has influenced the inequality of lower tail earnings since the 1980s (Autor,
Manning, and Smith 2016). In other words, changes in each state's binding minimum wage
provide variation that can be leveraged to identify exogenous variation in the lower tail earnings
inequality. This identification strategy improves upon past identification by implementing this
highly relevant and valid instrument, thereby providing a convincing estimate of the causal effect
of earnings inequality in the bottom end of the income distribution on the incidence of crime.
In line with past research, the focus of this analysis is on both violent and property crime
rates. However, some argue that it is more appropriate to focus solely on modeling property
crime since pecuniary gains more likely motivates it, and thus the benefits and costs of property
crime are more likely to be captured by economic variables (Doyle, Ahmed, and Horn 1999).
Albeit, this paper will examine both rates as outcome variables. This article maintains the
tradition of past research on the topic of using a panel dataset to control for unobserved
heterogeneity across states, which reduces the likelihood of omitted variable bias. The use of
aggregate state level data is clearly not ideal for analyzing the theoretically individual level
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decision of people to offend; however, there are far fewer problems associated with state-level
data. For example, reported crime and arrest records at the county level are often incomplete and
thus imperfect data sources for a balanced panel.
The structure of the rest of the paper is as follows. Section I presents previous literature on
the relationship between economic conditions and crime with particular attention paid to
previous research on the link between inequality and crime rates. Section II describes the
historical trends in the variables that will be analyzed in this paper and frames the empirical
analysis. Section III presents the primary model specification and illustrates the identification
strategy. Section IV presents the results of this research while Section V contains a discussion of
the robustness of the main findings and presents results for extensions of the primary model
specification. Section VI concludes and identifies a path forward for future researchers.
I. Literature Review and Contribution
A. The Effect of Income, Unemployment, and Wages on Crime
The existing literature in economics on the relationship between economic conditions and
crimes rates is largely unsettled. Thoroughly convincing empirical evidence of the magnitude or
direction on of the effect of income, wages, or unemployment on crime has been missing. During
the 1970s and 1980s, the literature was produced mainly by sociologists and criminologists, with
few economists publishing on the topic. In this era of research, the opportunity cost of crime was
operationalized with crude measures of income, such as median family income. As noted by
Doyle, Ahmed, and Horn (1999) these measures are noisy because they simultaneously capture
the benefits of crime and the opportunity cost. Two notable studies from this period present
contradictory findings. Trumbull (1989) estimated that the mean income per capita does not have
a statistically significant effect on crime. Trumbull postulates that the "negative effect of high
income on crime is offset by the positive impact high income can have on crime by providing
better income producing criminal opportunities." Conversely, Witte (1980) found a weak effect
of legal sector income on crime rates.
Unemployment rates have also been analyzed with the theory that they may influence the
level of criminality. Since high unemployment rates are indicative of a lack of legal labor market
opportunities, it may be that higher levels of unemployment lead to more crime. Raphael and
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Winter-Ebmer (2001) found a consistent effect of unemployment on felonious property crime
rates, using a diverse set of model specifications with state-level panel data. Similarly, Cantor
and Land (1985) illustrated that property crime rates are responsive to changes in unemployment
rates in the aggregate at the national level.
Also, researchers have analyzed the impact of hourly wages on crime. Grogger (1998) was
the first to examine the relationship between wages and crime explicitly. He found that “criminal
behavior is quite responsive to price incentives.” He predicted that a “10 percent increase in
wages would reduce youth participation in crime by 6-9 percent.” Doyle, Ahmed, and Horn
(1999) presented evidence that labor market opportunities have a negative effect on both
property and violent crime. They reached a conclusion that “wages in the low-skilled sector of
wholesale and retail had a statistically significant negative effect on property crime.” Building
off these three studies, Gould, Weinberg, and Mustard (2002) also studied the casual relationship
between labor market opportunities and crime rates. From their analysis, they concluded that
local labor market wages have a statistically significant negative effect on property crime. Mocan
and Unel (2011) demonstrated that technology-induced variation in unskilled workers’ earnings
has a statistically significant effect and asymmetric effect on property and violent crime rates.
B. The Effect of Inequality on Crime
During the 1990s the literature on the impact of economic conditions on crime became more
diversified. The link between inequality and crime began to be carefully studied. Freeman (1996)
was the first to suggest the inclusion of income inequality measures in empirical studies of crime.
Since Freeman’s suggestion, many researchers have used income inequality measures in their
statistical models, but these various models have differed slightly according to whether
inequality captures costs or benefits to criminality. Ehrlich (1996) operationalizes the
opportunity cost of crime using an income distribution variable and finds a statistically
significant effect on crime rates.
Other researchers have used income differentials to measure the benefits to crime. Making
use of the Gini coefficient to measure income inequality and United States state-level panel data
from 1984 to 1993, Doyle, Ahmed, and Horn (1999) find no significant effect of income
inequality on both property and violent crime rates. However, Kelly (2000) finds a strong effect
of income inequality on violent crime, but not property crime. Kelly uses cross-sectional
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metropolitan and county level data to measure inequality as the ratio of mean to median
household income. Contrary to the findings of Kelly (2000), both Choe (2008) and Scorzafave
and Soares (2009) find that inequality has a significant effect on only pecuniary crimes, such as
burglary and robbery. These two studies measure inequality using the Gini ratio with state level
data. Fajnzylber, Lederman, and Loayza (2002) conclude that inequality has a positive and
significant impact on homicides and robbery in various countries. Brush (2007) finds a positive
effect of inequality on crime rates in a cross-section analysis but finds the opposite result in a
time-series analysis.
In summary, research has clearly shown that an association exists between inequality and
crime. The next section of this paper delves into the issues that arise with estimating the causal
effect of inequality on crime. Specifically, the purpose of this next section is to motivate the
empirical approach of this paper directly.
C. Concerns with Estimating the Effect of Inequality on Crime Rates
To the extent that variables omitted from the regression are correlated with our measures of
earnings, there is scope for worrisome omitted variable bias. Early literature, such as Ehrlich
(1973), include only a few control variables, which makes it difficult to control for unobserved
differences across geographic areas that may affect crime. Panel data estimation affords us the
opportunity to control for time and location fixed effects, in addition to location-specific time
trends. Doyle, Ahmed, and Horn (1999), Choe (2008), Scorzafave and Soares (2009), and
Fajnzylber, Lederman, and Loayza (2002) all utilize panel regression methods with fixed effects.
This strategy is an attempt to net out the effect of changes in inequality on crime that is
uncontaminated by the multitude of factors that variety between geographic areas and years.
Furthermore, reverse causality is potentially troublesome to the extent that crime effects
labor market wages, which in turn impacts the measured earnings inequality. In this sense, the
endogeneity of earnings may bias any traditional OLS estimates of the effect of earnings
inequality on crime. Cullen and Levitt (1999) present evidence suggesting that high-income
individuals or employers leave areas with higher or increasing crime rates. Willis (1997)
indicated that low-wage employers in the service sector are more likely to relocate due to rising
crime rates. Roback (1982) suggests that higher crime rates may force employers to pay higher
wages as a compensating differential to workers. From this research, we know that crime rates
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are correlated with observed wages across the earnings distribution. Consequentially, our
measure of lower tail earnings inequality may be problematically correlated with crime rates to
some degree, but the direction of the potential bias is not abundantly clear.
Although the direction of the bias caused by the endogeneity of earnings is not clear a priori,
the bias clearly presents an issue for robust identification of the relationship between earnings
inequality and crime. The studies reviewed above have taken various approaches to the handling
of this theoretically salient bias. Both Doyle, Ahmed, and Horn (1999) and Kelly (2000) argue
that their measures of income inequality, the Gini Coefficient are orthogonal to crime rates at the
state level. Instead, they make the case that only the variables included in their model related to
criminal deterrence efforts are endogenous. Choe (2008) and Scorzafave and Soares (2009) also
assert that their measure of relative income inequality, the Gini ratio, is exogenous at the state
level. Fajnzylber, Lederman, and Loayza (2002) implement an estimator that uses the dynamic
properties of the data to generate proper instrumental variables. Brush (2007) fails to consider or
address the possible endogeneity of relative income inequality altogether. This paper moves
forward with a focus on purging any simultaneity bias that arises from the theorized correlation
between lower tail earnings inequality and the error term.
D. Contribution
I believe that the existing research provides some support for the relationship between
inequality and crime, but there is enough variety in the empirical estimates to motivate further
investigation. This paper makes three primary contributions to the body of literature on this
topic. Firstly, this study is the first to specifically study the relationship between lower tail
earnings inequality and crime rates. Since low-wage earning men are the most likely to commit
crime (Freeman 1996), this measure of inequality more appropriately captures the lived
experiences of those individuals most likely to be weighing the expected utility of legal and
illegal gains. Secondly, this paper improves upon the identification of the causal relationship
between inequality and crime by applying an instrumental variable approach with valid
instruments. Thirdly, this analysis takes advantage of the longest balanced panel in the literature,
which contributes significantly to the robustness of the identification.
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II. Data and Historical Trends
A. Dataset
The primary dataset used in the study is a balanced panel covering the years 1980 to 2014 for
all 50 states, plus Washington DC. Annual state-level data is used because of the public
availability. Reported crime rates represent the number of both property1 and violent2 crimes per
100,000 residents, as reported by the FBI Uniform Crime Report (UCR) program. It is worth
noting that not all crimes are reported, and thus the level of victimization in society is not
precisely captured by the number of reported crimes. If criminal data is indeed under-reported
and if the under-report ratio is correlated with covariates, OLS estimation will be biased. Ehrlich
(1996) discussed this reporting biases in the crime data and suggested working with the
logarithms of the crime rates, which are likely to be proportional to the actual crime rates. This
recommended strategy is implemented in this paper. Real percentile wages are author
calculations from the Current Population Survey (CPS) Merged Outgoing Rotation Group files
made available by the Center for Economic and Policy Research (CEPR). All wages are adjusted
to 2014 dollars with the CPI-U. Please visit the Appendix for a more detailed discussion of this
CPS earnings data.
B. National Trends in Crime Rates and Lower Tail Earnings Inequality
Figure 1 shows the reported rates for the property crime and violent crime indices for the
entire United States over the previous 35 years. Both aggregate crime rates declined by about 17
and 9 percent, respectively, from 1980 until 1984. From 1984 to 1991 violent crime rates
increased 33 percent. Then, from 1984 to 1992 property crime also increased, but only by about
13 percent. From 1992 both property and violent crime rates have been steadily descending,
falling by nearly 68 and 72 percent, respectively. This graph provides us with a clear trend that
raises a multitude of interesting questions. Crime rates have been falling for some over two
decades, but the natural question is -- what has precipitated this historic decline? The purpose of
this paper is to investigate the role that lower tail earnings inequality has played in this fall in the

1 Property crime totals include burglary, larceny-theft, motor vehicle theft, and arson.
2 Violent crime totals include murder and non-negligent manslaughter, forcible rape, robbery, and aggravated assault.
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incidence of crime. Before we interrogate the specifics of the casual relationship between lower
tail earnings inequality and crime, let us first turn our attention to understanding the trends in
lower tail earnings inequality over the past 35 years.
[Insert Figure 1. Approximately Here]
Figure 2 illustrates the trends in the two measures of lower tail earnings inequality that are
employed as key explanatory variables in this study. It is immediately apparent from this figure
that these measures of inequality have been relatively volatile over the past 35 years. However,
from 1980 to 1985, it appears that earnings in the lower tail of the distribution became
consistently and noticeably more unequally distributed year after year. During this half-decade
period, the differential in wages between 5th percentile earners and 50th percentile earners
increased by about 28 percent. Similarly, the differential between 10th percentile earners and 50th
percentile earners increased by about 27 percent. In other words, lower tail earnings inequality
grew steeply over these five years. Since 1986, lower tail earnings inequality has gone through
numerous brief periods of both growth and contraction. For instance, from 1989 to 1992
inequality in the lower end of the distribution was compressed. However, during the following
year (1993) earnings inequality the lower tail of the distribution expanded again. Measuring the
total change from 1980 to 2014 and averaging between our two variables, we observe that lower
tail earnings inequality has grown by roughly 20 percent. Now that we have analyzed the trends
in both lower tail earnings inequality and crime rates, we may look at the suggestive evidence for
a relationship between the two trends. Next, we analyze this relationship in the aggregate.
[Insert Figure 2. Approximately Here]
Figure 3 provides some further suggestive evidence for the relationship between our chosen
measures of lower tail earnings inequality and property crime rates. This figure represents the
relationship in a stylized fashion taking advantage of aggregate national data. Figure 3 plots both
measures of lower tail earnings inequality against the residuals of property crime rate. In this
sense, the figure illustrates the “de-trended” relationship between these measures of earnings
inequality and property crime rates. The property crime rate residuals are derived from a simple
bivariate regression of property crime rates against a singular covariate – time. This graphic
confirms the hypothesized negative association between inequality and crime. Specifically, in
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years that property crime rates were significantly higher than the long-run average, lower tail
earnings inequality was relatively low. In years that property crime rates were considerably
lower than the long-run average, lower tail earnings inequality was relatively high. This figure
suggests that the relationship between the differential in earnings between those at the 5th and
50th percentile and property crime is stronger than the relationship between the differential in
earnings between those at the 10th and 50th percentile. However, identifying the causal
relationship between lower tail earnings inequality and crime requires more precise estimation.
This paper seeks to improve upon past estimation of this relationship by using the “bindingness”
of legislated minimum wages as an instrument. Next, we turn our attention to understanding the
trends in state and federal minimum wages, so that we can better understand the mechanism of
the instrument.
[Insert Figure 3. Approximately Here]
C. Trends in Minimum Wages
Figure 4 illustrates the trend in the average state minimum wage, in addition to the trend in
the federal minimum wage. The real value of the federal minimum wage has fallen dramatically
since 1980. During the ten-year period of 1980 to 1990, the real federal minimum wage dropped
precipitously – falling by nearly 284 percent. Since 1990 the real value of the federal minimum
wage has slowly been rising from its low in 1990. As of 2014, the real value of the federal
minimum wage was 166 percent lower than it was in 1980. Since 1990, when the value of the
federal minimum wage bottomed out, states have begun adopting stronger minimum wage
ordinances. Hence, the real average state level minimum wage has consistently exceeded the real
federal minimum wage since 1990. As of 2014, seven states have no state-level minimum wage
ordinance or a minimum wage lower than the federally mandated wage, fourteen states have a
minimum wage the same as the federally mandated wage, and thirty states have a minimum
wage higher than the federal minimum wage. The “bindingness” of a state legislated minimum
wage is a factor of both the real wage level and the real minimum wage in a state. The
bindingness of state or federal minimum wages has varied significantly over time, in addition to
varying between and across states. This variation in bindingness is used to identify the causal
impact of lower tail earnings inequality on crime rates.
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[Insert Figure 4. Approximately Here]
D. Summary Statistics
Table 1 presents the summary statistics for the key independent variables, instrumental
variable, and dependent variables in this study. From this table, we learn some fundamental facts
about the data at hand. Theft accounts for about 67 percent of the property crimes, while burglary
and motor vehicle theft account for about 23 and 9 percent of offenses against property. Murder
accounts for about 1 percent of violent crimes, while rape, robbery, and assault account for 7, 30,
and 61 percent of violent crimes, respectively. From 1980 to 2014 lower tail earnings inequality
has experienced large swings. The early 1980s was a period of marked equality, and the mid-tolate 1980s was a period of marked inequality expansion. This table also gives us a sense of the
lived experience for the millions of individuals in our data. Nationally, the real wage for all 5 th
percentile earners has never exceeded a paltry 9.63 dollars per hour.
[Insert Table 1. Approximately Here]
III. Empirical Approach
A. Primary Model Specification
Assume that crime rates are determined according to the specifications of the following
equation:
(1) ln𝐶𝑟𝑖𝑚𝑒𝑅𝑎𝑡𝑒𝑖,𝑡 = 𝛽0 + 𝛽1 [ln(𝑝) − ln(𝑝50)]𝑖,𝑡 + 𝜎𝑖 + 𝜎𝑖 ∗ 𝑡𝑖𝑚𝑒 + 𝛾𝑡 + 𝜀𝑖,𝑡

where 𝛽0 denotes the regression constant and 𝜀𝑖,𝑡 represents the randomly distributed error term.
The dependent variable, 𝑙𝑛𝐶𝑟𝑖𝑚𝑒𝑖,𝑡 , measures the incidence of the various crime categories per
100,000 residents in state 𝑖 and year 𝑡. The primary independent variable of interest, [ln(𝑝) −
ln(𝑝50)]𝑖,𝑡 measures the difference in the natural log of the nth percentile wage (either 5th or 10th
percentile wage) and the natural log of the 50th percentile wage in state 𝑖 and year 𝑡. This variable
captures the degree of earnings inequality that exists in the “lower tail of the earnings
distribution.” 𝜎𝑖 represents a time-invariant state fixed effects, and 𝛾𝑡 represents time fixed
effects. Respectively, 𝜎𝑖 ∗ 𝑡𝑖𝑚𝑒 represents state-specific trends.
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Due to the log–log transformation in this model, the coefficients can be interpreted as
elasticities. Log–log transformation is favored given that it significantly reduces the range of data
and thereby makes estimates less sensitive to outliers or influential observations. 𝛽1 equals the
elasticity of crime rates with respect to the real lower tail earnings inequality. Additionally,
Equation (1) is estimated using a linear function form. The pattern observed in Figure 5 suggests
that this functional form is appropriate. Additionally, the structural error term is assumed not to
be serially correlated in this main specification.
Given the possibility of omitted variable bias, this model uses time-invariant fixed effects,
time fixed effects, and state-specific trends to capture the fixed component of the error term.
State dummy variables (𝜎𝑖 ) capture the influence of omitted variables that are state-specific and
do not vary over time, while the time dummies (𝛾𝑡 ) capture any country-wide variables that are
common to all states at a point in time. State dummy variables interacted with time dummy
variables (𝜎𝑖 ∗ 𝑡𝑖𝑚𝑒) are also included. These state-specific trends capture the influence of
numerous omitted variables that are state specific, but that may vary with time.
B. Identification Strategy
Several unmeasurable factors may explain differences in crimes rates between states. The
exclusion of these factors from the model likely provides unobserved heterogeneity to our model.
Only using simple OLS estimation for the model would yield inconsistent estimates because of
omitted variable bias. Granted that most differences between states that impact crime, such as
climate and education are time-invariant, they can be considered fixed effects and eliminated
from the model. The inclusion of time-invariant state fixed effects (𝜎𝑖 ), time fixed effects (𝛾𝑡 ),
and state-specific trends (𝜎𝑖 ∗ 𝑡𝑖𝑚𝑒) captures a multitude of difficult to measure factors that
impact differences in crime rates within and between states, along with across time. This fixed
effect control methodology thereby avoids a considerable amount of the potential omitted
variable bias.
The fixed effects estimation strategy detailed above solves the issue of omitted variable bias
that is a direct result of the unobserved heterogeneity between states and across time; however,
the problem of simultaneity bias remains. Since [ln(𝑝)𝑖,𝑡 − ln(𝑝50)]𝑖,𝑡 is likely endogenous to
the function, OLS estimation provides biased estimates. If states with higher rates of crime have
a more difficult time staying in business with lower revenues, real wages for unskilled workers
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(those earning around 5th or 10th percentile) would be lower than in a state with lower rates of
crime. In this case, our OLS estimate of 𝛽1 is biased downwards since reverse causality operates
in the positive direction. Conversely, it could be that in states with lower wages for unskilled
workers that those workers resort to committing acts of crimes. Therefore, leading to those states
having higher rates of crime than states with higher prevailing wages for those in the unskilled
labor market. In this case, our OLS estimate of 𝛽1 is likely biased upwards. Higher crime rates in
a state could also lead to middle-class wage earners (those earnings around the 50th percentile)
moving out of the area. These potential correlations between crime and real wages mean that our
measure of lower tail earnings inequality is also correlated with crime rates. On net, correcting
for this simultaneity bias, we expect to uncover a slightly less negative effect of lower tail
earnings inequality on crime rates. An instrumental variables approach is necessary for purging
the possible correlation between the structural error term and the key independent variable, to
identify the uncontaminated (i.e., free from simultaneity bias) effect of the lower tail earnings
inequality on crime rates. The method of 2SLS instrumental variable regression is employed.
Granted that there is one potentially endogenous variable in Equation (1), estimation of a
simultaneous equations system consisting of Equation (1) and another separate first-stage
regression requires at least one instrument. The simultaneous equations system consists of
Equation (1) and the following first-stage equation:
2

(2) [ln(𝑝) − ln(𝑝50)]𝑖,𝑡 = 𝛽1 [ln(𝑀𝑊) − ln(𝑝50)]𝑖,𝑡 + 𝛽2 [ln(𝑀𝑊) − ln(𝑝50)]𝑖,𝑡 + 𝜎𝑖 + 𝜎𝑖 ∗ 𝑡𝑖𝑚𝑒 + 𝛾𝑡 + 𝜀𝑖,𝑡

where [ln(𝑀𝑊) − ln(𝑝50)]𝑖,𝑡 and [ln(𝑀𝑊) − ln(𝑝50)]2𝑖,𝑡 represent the difference in the natural log of
the real binding minimum wage and the 50th percentile real wage in state 𝑖 and year 𝑡 along with
its square. These variables are the two primary instruments for the identification strategy. Both
𝛽1 and 𝛽2 are expected to be statistically significant in our first stage regression. If 𝛽1 and 𝛽2 are
not statistically significant in our first stage, the bindingness of the real minimum wage is not a
relevant instrument. Changes in the bindingness of the real minimum wage are hypothesized to
identify shifts in lower tail earnings inequality that are orthogonal to changes in the crime rates.
I argue that these two instruments are valid. Past research suggests that these instruments are
highly relevant since shifts in the bindingness of the minimum wage have been demonstrated to
have an impact on the inequality of earnings, as measured by the difference in wages between
the 5th or 10th percentile and the 50th percentile (Autor, Manning, and Smith 2016). Evidence that
supports the relevance of these instruments will be presented in Section IV. These instruments
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will meet the necessary first stage restriction if they are significantly correlated with our
measures of lower tail earnings inequality. Theoretically, these instruments are arguably also
exogenous. Given that adjustments to minimum wages are determined largely by political, rather
than economic factors it seems unlikely that changes in the bindingness of the minimum wage
are correlated with the error term of Equation (1). However, these instruments could be
correlated to the structural error of Equation (1) if states with higher crime rates systemically
push through legislation to raise the minimum wage. Since our model is over-identified, we may
test the exogeneity of our instruments. The most common test of this over-identifying restriction,
called the Sargan–Hansen test, is based on the observation that the residuals should be
uncorrelated with the set of exogenous variables if the instruments are truly exogenous.
Additional theoretical reasoning for the exogeneity of these earnings will be presented in Section
IV, along with the Sargan–Hansen test statistic. These instrumental variables will meet the
exclusion restriction if they are in fact uncorrelated with the structural error.
IV. Basic Model Results
Previously, this paper argued that estimating the model with simple OLS, without regard to
the possible endogeneity of earnings (and therefore earnings inequality), would lead to
inconsistent estimates of the parameters. Nonetheless, Table 2 presents the results for the simple
OLS regressions of the various aggregate measures of property and violent crime rates, along
with their components (i.e. burglary, theft, and so on) against both measures of lower tail
earnings inequality. State and year fixed effects are included, in conjunction with state-specific
trends. Standard errors are robust to heteroscedasticity and clustered at the state level. Also, the
coefficients reported represent elasticities.
[Insert Table 2. Approximately Here]
It appears that the lower tail earnings inequality, as measured by the gap between 5 th
percentile earners and 50th percentile earners, has a statistically significant and negative effect on
the rate of reported vehicle theft, rape, and robbery. Specifically, a 1 percent increase in this
measure of lower tail earnings inequality is associated with a 0.56 percent fall in the predicted
rate of vehicle theft, ceteris paribus. A 1 percent increase in this same measure of lower tail
earnings inequality is also associated with a 0.35 and 0.59 percent fall in the predicted rate of
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rape and robbery, respectively, with all else held equal. The gap in earnings between 10th and
50th percentile earners appears only to have a significant effect on reported murder rates.
Across the rows of Table 2, the direction of the independent variables’ effect on the various
crime rates is as predicted. The uniformly negative coefficients suggest that as lower tail
earnings inequality is compressed ([ln(𝑝)𝑖,𝑡 − ln(𝑝50)]𝑖,𝑡 becomes less negative and more
positive), crime rates fall. Conversely, as lower tail earnings inequality is exacerbated
([ln(𝑝)𝑖,𝑡 − ln(𝑝50)]𝑖,𝑡 becomes more negative and less positive), crime rates rise. The direction
of these effects is consistent with the results of past research, where decreasing inequality has
been shown to be correlated with decreasing crime rates (Kelly 2000; Choe 2008; Scorzafave
and Soares 2009; Brush 2007).
Correcting for the hypothesized endogeneity of earnings, Table 3 presents the results of the
instrumental variable regressions of the nine different crime rates against both measures of lower
tail earnings inequality. The independent variables in the far-left column are instrumented by the
bindingness of the minimum wage and its square (i.e., the difference in the natural log of the
minimum wage and the natural log of the median wage, along with its square). Standard errors
are robust to heteroskedasticity and clustered at the state level. As hypothesized, correcting for
this endogeneity, we uncover generally less negative (more positive) coefficients than those
achieved through OLS estimation. Nicely, the uniformly negative coefficients remain, therefore
lending support for the negative relationship between lower tail earnings inequality and crime
rates.
[Insert Table 3. Approximately Here]
Table 4 presents the results of the first stage regression. From this table, we can see that both
instruments are highly significant individually and highly significant jointly. The F-statistics
reported in Column (1) and (2) are approximately 197 and 120, respectively. We can conclude
that the bindingness of each states’ minimum wage has a significantly large positive correlation
with both our measures of lower tail earnings inequality. These results suggest that these two
instruments and strong and meet the required first stage restriction, which is crucial for this
identification strategy. These instruments also appear to be exogenous. With the Sargan-Hansen
test, we are testing the hypothesis that the instrumental variables are uncorrelated to the set of
residuals. If the null hypothesis is confirmed statistically (that is, not rejected), the instruments
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pass the test; they are valid by this criterion. The Sargan-Hansen scores calculated from the
instrumental variable regressions displayed in Table 4 have p-values that are on average 3 to 4
times larger than 0.10. Thus, we cannot reject the null hypothesis that the instruments are
exogenous. These results illustrate that the instruments also meet the required exclusion
restriction and are therefore valid overall.
[Insert Table 4. Approximately Here]
After accounting for the theorized endogeneity of earnings with the instrumental variable
strategy laid out in Section III we observe statistical significance fall away for many of our
coefficients. With the instrumental variable regression, our standard errors nearly double from the
OLS regression. In Table 3 the only crime rate to still have a statistically significant association
with our measures of lower tail earnings inequality is rape. A 1 percent rise in the differential of
earnings between 5th percentile earners and 50th percentile earners is significantly associated with
about a 0.58 percent fall in the rate of reported rape, ceteris paribus. In other words, as the
difference in earnings between those making 5th percentile wages and those making 50th percentile
wages becomes smaller (less negative), reported rape rates are predicted to fall concomitantly.
Additionally, we estimate a statistically significant association between the other measure of lower
tail earnings inequality and rape. A 1 percent rise in the differential of earnings between 10th and
50th percentile earners is significantly associated with about a 1.06 percent fall in the rate of
reported rape, ceteris paribus. The magnitude of this effect on reported rape rates, although small,
is meaningful granted that rape can have such deleterious effects on a victim’s entire life course.
In this instrumental variable regression, I am unable to conclusively identify any significant
association between lower tail earnings inequality and any property crime rate. Earlier in this
paper, I laid out a case made by Doyle, Ahmed, and Horn (1999) that property crime rates may be
more responsive to economic factors, such as earnings inequality. However, the estimates obtained
from our analysis suggest that the lower tail earnings inequality, an economic factor, only has a
significant relationship with a few disaggregated violent crime rates. Although this finding may
not be intuitive, reassuringly, extant research contains similar predictions. Kelly (2000) also finds
a strong (and robust) association between rising income inequality and rising violent crime.
Moreover, Fajnzylber, Lederman, and Loayza (2002) report a significant association between
increasing inequality and increasing violent crime.
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Previously I argued that since there is an observed association between lower tail earnings and
crime in the literature (Cullen and Levitt 1999; Roback 1982; Willis 1997), that our measure of
lower tail earnings inequality may be assumed to be endogenous (see Section I, part C). Although
I laid out the evidence that corroborates this assumption, I have not provided statistical evidence
for confirmation. The Hausman test is employed here to test the assumption that our key
independent variables are simultaneously determined. The Wu-Hausman statistics obtained imply
that we cannot reject the null hypothesis that our measures of earnings inequality are exogenous.
Thus, statistically speaking, the assumption that these lower tail earnings inequality measures are
endogenous does not hold. Although we fail to reject the null hypothesis of the Hausman test, the
test statistics have p-values that are close to the 90 percent confidence threshold. Since the
instruments are highly relevant and arguably exogenous, I still prefer the instrumental variable
estimation of the primary model considering the Hausman test.
V. Extensions and Robustness
A. Controlling for Measures of Criminal Deterrence
Could the results of our primary model specification still be biased by meaningful omitted
variables that are correlated with the structural error term? In previous research, the size of a
localities’ police force and the size of a states’ prison population have been demonstrated to have
an association with crime (Levitt 1997; Levitt 1996). The state and time fixed effects included in
the primary model likely fail to control for the potential effect of these two covariates since both
these variables vary across time within states. Therefore, it is wise to include them explicitly as
controls. Table 5 displays the results of the primary instrumental variable regression, with the
addition of these two key control variables that proxy for the level of criminal deterrence. The
prison population is measured as the number of prisoners in a state’s jurisdiction per 100,000
residents. The police population is measured as the number of full-time equivalent police
employees per 100,000 residents. In comparison to Table 3, it appears that the addition of these
controls does not change the sign of the coefficients and only barely changes the magnitude of
the coefficients. The standard errors are also approximately the same. From this alternative
specification, we can conclude that the addition of these covariates does little to help explain the
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variation in crime rates between states and across time. These findings support the robustness of
the primary results.
[Insert Table 5. Approximately Here]
B. Decomposition Between Two Periods
Could the observed relationship between lower tail earnings inequality and crime rates
(particularly violent) be driven by a specific period in the panel? Lower tail earnings inequality
rose most dramatically between 1980 and 1993. However, since 1994 this measure of inequality
has experienced negligible net change. With these two facts in mind, the full dataset is
segmented into two periods: a pre-1993 period and a post-1994 period. Then, the primary
instrumental variable regression is run again using both these smaller panels. Table 6 reports the
results of this exercise and highlights the relationship between our independent and dependent
variables decomposed between these two periods. From Table 6 it appears that lower tail
earnings inequality has a statistically significant association with total property crime rates only
in the pre-1993 period. Precisely, a 1 percent increase in the differential between 5 th and 50th
percentile earners is associated with a 0.31 percent fall in the predicted rate of total property
crime, ceteris paribus. It also appears that lower tail earnings inequality has a significant
association with murder rates only in the pre-1993 period. Although there is a lack of any
statistical significance in the post-1994 period, the coefficients are similar in size and entirely
consistent in sign to the coefficients in the pre-1993 period. If one of these sub-panels were
driving the observed association in the full-size panel, then we would expect to see noticeably
different coefficient magnitude between the two smaller panels. These results provide evidence
that the main findings of this paper (those in Table 3) are not an artifact of any particular period
in the panel.
[Insert Table 6. Approximately Here]
C. Considering Influential Data
Are influential data points potentially biasing the point estimates obtained from the primary
model specification? Some states have crime rates that deviate considerably from their predicted
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crime rates, and other states have observed levels of lower tail earnings inequality that differ
significantly from the mean national level of observed lower tail earnings inequality. Thus, from
these observations in the data, some states appear to be outliers, and others appear to be
potentially high leverage states. I identify eight states as potentially influential, including Alaska,
Washington DC, Maine, Mississippi, New Jersey, North Dakota, South Dakota, and West
Virginia. Table 7 presents the results of the primary instrumental variable model specification
after excluding these potentially influential states from the panel dataset. Overall, in comparison
to Table 3, the coefficients barely changed in magnitude and did not change in sign. Without
these eight states in the dataset, we are still able to calculate similar standard errors for our
coefficients and maintain a statistically significant association between lower tail earnings
inequality and rape rate. If influential data points, in fact, drove the results obtained from the
primary model regression, it is expected that the exclusion of these data points would
significantly alter the coefficients. However, the results from this alternative model specification
further suggest that the primary findings of this analysis are robust.
[Insert Table 7. Approximately Here]
VI. Conclusion
Recall that economic theory indicates earnings or income inequality may serve as a proxy
measure for the disparity between illegal and legal gains. If individuals in society are rational and
reliably weigh the expected utility of work versus crime, then earnings or income inequality is
hypothesized to be correlated with the occurrence of offense. The extant literature demonstrates
that at the state level, depending on the model specification, a correlation between inequality and
crime is observable. However, previous research studying the link between inequality and crime
has used measures of inequality (e.g. the Gini coefficient) that crudely measure income
inequality in society, but that fail to measure the lived experience of inequality for those most
likely to commit crime – low wage workers. The analysis in this paper is centered around using
the differential between 5th or 10th percentile workers and 50th percentile workers to more
accurately measure the level of inequality that is most likely to be experienced by those at risk of
committing an act of criminality. Although the inequality variables used previously may be
exogenous at the state level, the inequality variable used in this paper is arguably endogenous at
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the state level. In other words, the crime rate of a state, along with the 5 th, 10th, and 50th
percentile wages seem to be simultaneously determined (Cullen and Levitt 1999; Roback 1982;
Willis 1997). Since labor market wages and crime rates are simultaneously determined, the
bindingness of each state’s legislated minimum wage is used as an instrument to identify the
casual relationship between lower tail earnings inequality and the incidence of crime. This
empirical strategy improves upon the identification of the causal link between lower tail earnings
inequality and various categories of reported crime.
The major findings of this analysis are as follow. Lower tail earnings inequality has a weak,
but a robust effect on some categories of violent crime (particularly rape). Specifically,
compression of lower tail earnings inequality is associated with a fall in the rate of reported rape.
Lower tail earnings inequality has no significant effect on any category of property crime. The
results are also robust to the inclusion of criminal deterrence variables, partition of the dataset
into two periods, and exclusion of potentially influential states. These findings suggest that
economic policy aimed at redressing the inequality of earnings may reduce the incidence of
reported violent crime.
With this analysis in mind, future research should focus on two lines of inquiry. Firstly, the
effect of inequality on crime should be identified at a more disaggregated geographic level such
as cities or counties. Looking at the impact of inequality on crime in this setting will permit for
even stronger identification. Secondly, the effect of income or earnings inequality should be
analyzed over an individual’s life course. It may be possible to understand better the role that
inequality plays in determining a person’s life outcomes by using individual-level longitudinal
data.
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FIGURES AND TABLES APPENDIX
FIGURE 1. TREND IN PROPERTY CRIME AND VIOLENT CRIME RATES

Notes: Plotted values are the log crime rate (reported crimes per 100,000 residents). The property crime index
is the sum of burglary, grand theft auto, and larceny. The violent crime index is the sum of assault, robbery,
murder, and rape. Years covered include 1980 to 2014.
Source: Author calculations from FBI UCR data.
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FIGURE 2. TREND IN LOWER TAIL EARNINGS INEQUALITY MEASURES

Notes: Plotted values are the two measures of lower tail earnings inequality that are used as key explanatory
variables in this study. On the left axis is the difference in the natural log of the 5th percentile wage and the 50 th
percentile wage among all earners in the United States for that given year. The right axis is the differe nce in the
natural log of the 10 th percentile wage and the 50th percentile wage among all earners in the United States for that
given year. Dollars deflated to 2014 dollars with CPI-U. Years covered include 1980 to 2014.
Source: Author calculations from CPS MORG.
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FIGURE 3. STYLIZED RELATIONSHIP BETWEEN PROPERTY CRIME RATES AND LOWER TAIL
EARNINGS INEQUALITY

Notes: Plotted on both x-axes are our measures of lower tail earnings inequality for all earners in the United States. Plotted
on both y-axes are the residuals of log property crime rates, across all 50 states, including DC, relative to the year 1980. The
residuals are derived from a regression of property crime rates against a singular covariate – time. Dollars deflated to 2014
dollars with CPI-U. Years covered include 1980 to 2014.
Source: Author calculations from CPS MORG and the FBI UCR data.
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FIGURE 4. TRENDS IN STATE AND FEDERAL MINIMUM WAGES AND LOWER TAIL EARNINGS INEQUALITY

Notes: Plotted series are the two measures of lower tail earnings inequality that are used as key explanatory variables in this
study, the natural log of the average state binding minimum wage, and the natural log of the federal minimum wage. On the
top left axis is the difference in the natural log of the 5th percentile wage and the 50 th percentile wage among all earners in
the United States for that given year. On the bottom left axis is the difference in the natural log of the 10th percentile wage
and the 50th percentile wage among all earners in the United States for that given year. On both right axes is the natural log
of the minimum wage measure. Dollars deflated to 2014 dollars with CPI-U. Years covered include 1980 to 2014.
Source: Author calculations from CPS MORG and historical state minimum data from Kavya Vaghul and Ben Zipperer.
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FIGURE 5. PREDICTED VERSUS ACTUAL PLOT – ASSESSING THE LINEARITY OF THE PRIMARY MODEL

Notes: Plotted on the x-axis are the actual rates of property crime. Plotted on y-axis are the predicted rates of property crime rates.
Predicted values derived from Table 3 regression results. Clustering around 45-degree line suggests appropriate linear model fit.
Source: Author calculations from primary model regression using CPS MORG and the FBI UCR data.
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TABLE 1.
SUMMARY S TATISTICS FOR KEY V ARIABLES
Variable

Observations

Mean

Std. Dev.

Min.

Max.

p5 Real Wage

1785

7.40

0.61

5.89

9.63

p10 Real Wage

1785

8.21

0.77

6.19

11.51

p5 - p50 Inequality

1785

-8.49

1.74

-16.56

-4.11

p10 - p50 Inequality

1785

-7.68

1.56

-14.49

-3.72

State Average Real Min. Wage

1785

7.34

0.78

5.88

10.34

Federal Real Min. Wage

1785

7.08

0.70

5.88

8.91

Aggregate Property Crime Rate

1785

3953.84

1258.95

1524.4

9512.10

Burglary Rate

1785

922.28

407.95

257.2

2906.70

Theft Rate

1785

2657.54

770.56

1160.8

5833.80

Vehicle Theft Rate

1785

374.01

235.87

38.9

1839.90

Aggregate Violent Crime Rate

1785

470.91

300.73

47.00

2921.80

Murder Rate

1785

6.50

6.72

0.20

80.60

Rape Rate

1785

34.73

13.39

7.30

102.20

Robbery Rate

1785

140.85

147.38

6.40

1635.10

Assault Rate

1785

288.18

167.82

31.30

1557.60

Notes: This table resents the summary statistics for the key independent variable, instrumental variable, and dependent variables in this
study. Numbers rounded to the hundredths. Dollars deflated to 2014 dollars with CPI-U. Years covered include 1980 to 2014. “p5”
represents the 5th percentile real wage” and “p10” represents the 10th percentile real wage.”
Source: Author calculations from CPS MORG and FBI UCR data.
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TABLE 2.
OLS STATE L EVEL P ANEL R EGRESSIONS -- RELATIONSHIP BETWEEN LN( P) - LN(P50) AND T RADITIONAL C RIME R ATES
Property Crime

Violent Crime

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)

Total

Burglary

Theft

Vehicle Theft

Total

Murder

Rape

Robbery

Assault

-0.0814

-0.0686

-0.0844

-0.546**

-0.340

-0.0867

-0.352**

-0.590**

-0.281

(0.0799)

(0.0976)

(0.0900)

(0.244)

(0.246)

(0.272)

(0.156)

(0.222)

(0.337)

0.0122

-0.0724

-0.0252

0.141

-0.172

0.533**

-0.150

-0.197

-0.0659

(0.0950)

(0.112)

(0.107)

(0.267)

(0.233)

(0.265)

(0.191)

(0.276)

(0.307)

Observations

1785

1785

1785

1785

1785

1785

1785

1785

1785

State Trends?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

State Fixed Effects?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Year Fixed Effects?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

ln(p5) - ln(p50)

ln(p10) - ln(p50)

Notes: Standard errors are robust to heteroscedasticity and clustered at the state level. Standard errors are in parentheses. Years covered in panel
include 1980 to 2014. The first row of the table are estimates of the effect of ln(p5) – ln(p50) lower tail earnings inequality on the various crime
measures across the nine columns. The second row of the table are estimates of the effect of ln(p10) – ln(p50) lower tail earnings inequality on the
various crime measures across the nine columns.
Source: Author calculations from CPS MORG and FBI UCR data.
*** Significant at the 1 percent level.
** Significant at the 5 percent level.
*

Significant at the 10 percent level.
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TABLE 3.
INSTRUMENTAL V ARIABLE S TATE LEVEL P ANEL R EGRESSIONS -- RELATIONSHIP BETWEEN LN( P) - LN( P50) AND T RADITIONAL C RIME R ATES
Property Crime

Violent Crime

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)

Total

Burglary

Theft

Vehicle Theft

Total

Murder

Rape

Robbery

Assault

-0.0504

-0.0932

-0.0265

-0.553

-0.334

-0.290

-0.583**

-0.545

-0.149

(0.143)

(0.189)

(0.139)

(0.446)

(0.341)

(0.478)

(0.225)

(0.452)

(0.467)

-0.151

-0.353

-0.170

-0.383

-0.473

-0.153

-1.057***

-0.732

-0.0705

(0.241)

(0.290)

(0.233)

(0.742)

(0.585)

(0.644)

(0.370)

(0.867)

(0.722)

Observations

1785

1785

1785

1785

1785

1785

1785

1785

1785

State Trends?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

State Fixed Effects?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Year Fixed Effects?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

ln(p5) - ln(p50)

ln(p10) - ln(p50)

Notes: Standard errors are robust to heteroscedasticity and clustered at the state level. Standard errors are in parentheses. Years covered in panel
include 1980 to 2014. The first row of the table are estimates of the effect of ln(p5) – ln(p50) lower tail earnings inequality on the various crime
measures across the nine columns. The second row of the table are estimates of the effect of ln(p10) – ln(p50) lower tail earnings inequality on the
various crime measures across the nine columns. The independent variables in the far-left column are instrumented by the bindingness of the
minimum wage and its square (ie. the difference in the natural log of the minimum wage and the natural log of the median wage, along with its
square).
Source: Author calculations from CPS MORG and FBI UCR data.
*** Significant at the 1 percent level.
** Significant at the 5 percent level.
*

Significant at the 10 percent level.
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TABLE 4.
INSTRUMENTAL V ARIABLE F IRST S TAGE R EGRESSION
(1)

(2)

ln(p5) − ln(p50)

ln(p10) − ln(p50)

0.915***

1.131***

(0.166)

(0.101)

0.283**

0.555***

(0.0963)

(0.0607)

Observations

1785

1785

F-Test (2,50)

197.92

120.36

State Trends?

Yes

Yes

State Fixed Effects?

Yes

Yes

Year Fixed Effects?

Yes

Yes

[ln(MW)−ln(p50)]

[ln(MW)−ln(p50)]^2

Notes: Standard errors are robust to heteroscedasticity and clustered
at the state level. Standard errors are in parentheses. Years covered
in panel include 1980 to 2014. The first row of the table are
estimates of the effect of ln(MW)−ln(p50) on the two measures of
lower tail earnings inequality across both columns. The second row
of the table are estimates of the effect of [ln(MW)−ln(p50)]^2 lower
tail earnings inequality on the various crime measures across the
nine columns. The second row of the table are estimates of the effect
of ln(p10) – ln(p50) lower tail earnings inequality on the various
crime measures across the nine columns. The independent variables
in the far-left column are instrumented by the bindingness of the
minimum wage and its square (ie. the difference in the natural log
of the minimum wage and the natural log of the median wage, along
with its square).
Source: Author calculations from CPS MORG and FBI UCR data.
*** Significant at the 1 percent level.
** Significant at the 5 percent level.
*

Significant at the 10 percent level.
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TABLE 5.
INSTRUMENTAL V ARIABLE S TATE LEVEL P ANEL R EGRESSIONS -- RELATIONSHIP BETWEEN LN( P) - LN( P50) AND T RADITIONAL C RIME R ATES
C ONTROLLING FOR MEASURES OF C RIMINAL D ETERRENCE
Property Crime

Violent Crime

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)

Total

Burglary

Theft

Vehicle Theft

Total

Murder

Rape

Robbery

Assault

-0.0591

-0.111

-0.0353

-0.570

-0.359

-0.363

-0.551***

-0.542

-0.214

(0.141)

(0.180)

(0.144)

(0.430)

(0.339)

(0.406)

(0.202)

(0.453)

(0.446)

-0.164

-0.377

-0.183

-0.407

-0.504

-0.238

-1.022***

-0.727

-0.150

(0.240)

(0.285)

(0.236)

(0.732)

(0.583)

(0.596)

(0.352)

(0.868)

(0.704)

Observations

1785

1785

1785

1785

1785

1785

1785

1785

1785

Police Pop. Control?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Prison Pop. Control?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

State Trends?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

State Fixed Effects?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Year Fixed Effects?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

ln(p5) - ln(p50)

ln(p10) - ln(p50)

Notes: Standard errors are robust to heteroscedasticity and clustered at the state level. Standard errors are in parentheses. Years covered in panel
include 1980 to 2014. The first row of the table are estimates of the effect of ln(p5) – ln(p50) lower tail earnings inequality on the various crime
measures across the nine columns. The second row of the table are estimates of the effect of ln(p10) – ln(p50) lower tail earnings inequality on the
various crime measures across the nine columns. The independent variables in the far-left column are instrumented by the bindingness of the
minimum wage and its square (ie. the difference in the natural log of the minimum wage and the natural log of the median wage, along with its
square). Police per capita and prisoners per capita are included as control variables in these regressions as measures of criminal deterrence.
Source: Author calculations from CPS MORG and FBI UCR data.
*** Significant at the 1 percent level.
** Significant at the 5 percent level.
*

Significant at the 10 percent level.
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TABLE 6.
INSTRUMENTAL V ARIABLE S TATE LEVEL P ANEL R EGRESSIONS -- RELATIONSHIP BETWEEN LN( P) - LN( P50) AND T RADITIONAL C RIME R ATES
DECOMPOSED B ETWEEN T WO PERIODS
Property Crime

Violent Crime

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)

Total

Burglary

Theft

Vehicle Theft

Total

Murder

Rape

Robbery

Assault

-0.308**

-0.252

-0.392***

0.0524

-0.0967

-0.865*

-0.468

-0.147

0.0644

(0.143)

(0.210)

(0.118)

(0.407)

(0.235)

(0.486)

(0.365)

(0.266)

(0.308)

-0.143

-0.155

-0.244*

0.520

-0.103

-0.952**

-0.413

-0.178

0.133

(0.158)

(0.239)

(0.133)

(0.417)

(0.268)

(0.410)

(0.379)

(0.401)

(0.360)

-0.203

-0.320

-0.177

-0.144

-0.181

-0.521

-0.248

-0.234

-0.106

(0.155)

(0.213)

(0.150)

(0.336)

(0.187)

(0.345)

(0.163)

(0.245)

(0.280)

-0.377

-0.579

-0.360

-0.104

-0.281

-0.853

-0.524

-0.335

-0.121

(0.304)

(0.397)

(0.295)

(0.650)

(0.375)

(0.665)

(0.316)

(0.486)

(0.542)

Observations Panel A.

714

714

714

714

714

714

714

714

714

Observations Panel B.

1071

1071

1071

1071

1071

1071

1071

1071

1071

State Trends?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

State Fixed Effects?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Year Fixed Effects?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Panel A. 1980 - 1993
ln(p5) - ln(p50)

ln(p10) - ln(p50)

Panel B. 1994 - 2014
ln(p5) - ln(p50)

ln(p10) - ln(p50)

Notes: Standard errors are robust to heteroscedasticity and clustered at the state level. Standard errors are in parentheses. Years covered in panel
include 1980 to 2014. The first row of the table are estimates of the effect of ln(p5) – ln(p50) lower tail earnings inequality on the various crime
measures across the nine columns. The second row of the table are estimates of the effect of ln(p10) – ln(p50) lower tail earnings inequality on the
various crime measures across the nine columns. The independent variables in the far-left column are instrumented by the bindingness of the
minimum wage and its square (ie. the difference in the natural log of the minimum wage and the natural log of the median wage, along with its
square). Police per capita and prisoners per capita are included as control variables in these regressions as measures of criminal deterrence.
Source: Author calculations from CPS MORG and FBI UCR data.
*** Significant at the 1 percent level.
** Significant at the 5 percent level.
*

Significant at the 10 percent level.
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TABLE 7.
INSTRUMENTAL V ARIABLE S TATE LEVEL P ANEL R EGRESSIONS -- RELATIONSHIP BETWEEN LN( P) - LN( P50) AND T RADITIONAL C RIME R ATES
EXCLUDING P OTENTIALLY I NFLUENTIAL S TATES
Property Crime

Violent Crime

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)

Total

Burglary

Theft

Vehicle Theft

Total

Murder

Rape

Robbery

Assault

-0.0612

-0.195

0.0182

-0.614

-0.240

-0.507

-0.475**

-0.451

-0.0492

(0.168)

(0.212)

(0.158)

(0.493)

(0.326)

(0.315)

(0.196)

(0.501)

(0.415)

-0.184

-0.415

-0.149

-0.521

-0.475

-0.190

-0.744*

-0.742

-0.0761

(0.270)

(0.345)

(0.250)

(0.845)

(0.565)

(0.510)

(0.371)

(0.991)

(0.651)

Observations

1505

1505

1505

1505

1505

1505

1505

1505

1505

State Trends?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

State Fixed Effects?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Year Fixed Effects?

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

ln(p5) - ln(p50)

ln(p10) - ln(p50)

Notes: Standard errors are robust to heteroscedasticity and clustered at the state level. Standard errors are in parentheses. Years covered in panel
include 1980 to 2014. Eight states excluded from this panel. States excluded and deemed “statistically influential” include Alaska, Maine,
Mississippi, West Virginia, South Dakota, North Dakota, New Jersey and Washington DC. The first row of the table are estimates of the effect of
ln(p5) – ln(p50) lower tail earnings inequality on the various crime measures across the nine columns. The second row of the table are estimates of
the effect of ln(p10) – ln(p50) lower tail earnings inequality on the various crime measures across the nine columns. The independent variables in
the far-left column are instrumented by the bindingness of the minimum wage and its square (ie. the difference in the natural log of the minimum
wage and the natural log of the median wage, along with its square).
Source: Author calculations from CPS MORG and FBI UCR data.
*** Significant at the 1 percent level.
** Significant at the 5 percent level.
*

Significant at the 10 percent leve
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CPS DATA APPENDIX
Raw CPS data were used to estimate the wages at the different percentiles of the earnings
distribution for the annual state level analysis. To construct the consistent CPS dataset used in
this project, we used the Merged Outgoing Rotation Group (CPS MORG) for 1980-2014. We
employed these data rather than the March CPS because the outgoing rotation groups contain
approximately three times as many observations as the March CPS. Four primary adjustments
were made to the raw data, in order to produce a consistent series of hourly earnings for the
period 1980-2014. First, adjustments were made for top-coded weekly earnings using a lognormal imputation. Second, outliers were trimmed off, specifically excluding those values below
$1 and above $100 per hour (in constant 2014 dollars). Third, overtime, tips, and commission for
“hourly workers” were excluded from the dataset. Lastly, usual weekly hours were imputed for
those individuals who report that “hours vary” after 1994. All earnings figures were deflated
using the CPI-U to 2014 dollars.

