Adverse labor market outcomes and hate crimes

Abstract

Given the sharp increase in hate crimes reported in the United States during the
Great Recession and the coronavirus pandemic, a few studies attempted to examine
the relationship between unemployment and hate crimes. Particularly, because of
the strong covariance between unemployment and hate crimes observed during these
latter periods. However, this study finds that those current findings remain incon-
clusive due to several econometric issues that are likely to cause biased estimates of
the effect of unemployment on hate crimes. Given the limitations of the hate crime
dataset (for example, underreporting and data gaps), we contribute to the literature
by addressing econometric issues and by providing new findings concerning linkages
between unemployment and hate crimes. For the period considered here, using the
two-step system GMM estimator, this paper finds a nonlinear convex relationship
between the hate crime rate and the unemployment rate. Additionally, we high-
light the role of inertia in understanding the long-run effect of unemployment on
hate crimes. Although this study is likely to suffer from precision issues due to data
limitations, using fixed effects and a large sample size allow us to obtain consistent
parameter estimates.

Keywords: Federal Bureau of Investigation (FBI), hate crimes, unemployment,
generalized methods of moments.

1. Introduction

The Federal Bureau of Investigation (FBI) is required to enforce hate crime laws in
the United States. Meanwhile, current data suggest that hate crimes are rising at
an exponential pace (for example, see Figure 5 in Appendix A). While the causes
of this phenomenon remain inconclusive, historical data affirm that periods of high
unemployment have been associated with a moderate increase in the hate crime
rate (for example, see Figure 5 in Appendix A). Meanwhile, the empirical findings
concerning the relationship between unemployment and hate crimes remain incon-
clusive due to several factors discussed here. For policymakers, it is important to
understand the extent to which unemployment affects hate crimes in order to design
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effective policies to improve welfare in the United States, hence the importance and
motivation of this study. Therefore, using the best available data, this paper con-
tributes to the literature by providing additional empirical findings to attenuate the
uncertainty surrounding the effect of unemployment on hate crimes. For the United
States, there are multiple studies that focus on hate crimes, but there are only a
few studies that focus specifically on the empirical relationship between hate crimes
and unemployment (Gale et al., 2002; Curhthoys, 2008; Ryan and Leeson, 2011;
Anderson et al., 2020; Cai, 2021). While these previous studies provide meaningful
contributions to the literature, the empirical conclusions derived from these studies
remain inconclusive for the following reasons.

Firstly, those prior studies rely mainly on the static panel fixed effects model,
which neglects the impact of inertia in understanding the relationship between un-
employment and hate crimes. Here, this paper argues that the failure to account
for the lagged dependent variable leads to an omitted variable bias if there is truly
inertia in hate crimes (Fajnzylber et al., 2002). According to the literature, the
persistence of hate crimes may be due to systematic inertia in the criminal justice
system (McGuire, [2011)), including psychological inertia (Walters, 2016]).

More importantly, when there is inertia, the effect of unemployment on hate
crimes is stronger in the long run. Therefore, those studies that do not consider
the role of inertia in estimating the effect of unemployment on hate crimes can be
viewed as inconclusive. This paper contributes to the literature by relying on a
dynamic model that accounts for the effect of inertia in estimating the dynamic
relationship between the unemployment rate and the hate crime rate.

Secondly, those studies that examine linkages between unemployment and hate
crimes do not account for the plausibility of an endogenous relationship between
unemployment and hate crimes. It is widely known that the relationship between
property crime and unemployment is endogenous (Raphael and Winter-Ebmer, 2001;
imrohoroglu et al., 2004; Lin, 2008). According to the FBI, those property crimes
that are motivated by hate account for a significant proportion of aggregate hate
crimes in the United States. However, Gale et al.| (2002), |Curthoys| (2008), Ryan
and Leeson (2011)), and |Cai| (2021)) do not consider the plausibility of an endogenous
relationship between unemployment and hate crimes. Furthermore, apart from Cai’s
(2021) study, these latter studies rely on the panel fixed effects estimator, which
depends fundamentally on the strict exogeneity condition. Which is likely to be
violated, given the endogeneity issues that arise in modeling the dynamic relationship
between the unemployment rate and the hate crime rate.

This study argues that while the case for reverse causality is weaker, the case for
simultaneous causation and dynamic endogeneity is relatively stronger. Therefore,



this paper selects an estimator that accounts for these types of endogeneity. The
standard two-stage least squares estimator (2SLS) yields bias estimates when the
endogenous lagged dependent variable enters the matrix of instruments. Whereas
the two-step system GMM estimator increases consistency and efficiency, given the
key moment conditions discussed by Blundell and Bond| (1998)), which allow the
researcher to efficiently address both issues of simultaneity and dynamic endogeneity
in the same empirical framework. Therefore, following Fajnzylber et al. (2002), this
study proposes to rely on the two-step system GMM estimator to model the dynamic
relationship between the unemployment rate and the hate crime rate. Currently,
there is no study found in the empirical literature that relies on the two-step system
GMM estimator to estimate the effect of unemployment on hate crimes; hence a
minor contribution to the literature.

Thirdly, Gale et al|(2002), Curthoys (2008), Ryan and Leeson| (2011]), and (Cai
(2021)) find contrasting results concerning the effect of unemployment on hate crimes
(for example, these studies find positive and negative effects). The implication is
that the effect of unemployment on hate crimes is ambiguous and likely to be non-
linear. Therefore, following Liu’s (2018) theoretical suggestion, this study does not
inherently assume a linear relationship. Instead, this paper tests the prospect of
a nonlinear relationship between the hate crime rate and the unemployment rate.
Lastly, it is widely known that the official unemployment rate can be understated,
because the labor force excludes discouraged workers. Given these data misspecifi-
cations: relying solely on the unemployment rate to estimate the effect of adverse
labor market conditions on hate crimes can be misleading. Moreover, the official
unemployment rate is a lagging indicator, hence the importance of controlling for
different proxies of unemployment.

Evidently, current studies do not consider these data issues in modeling the rela-
tionship between hate crimes and unemployment, hence another contribution made
in this paper. More specifically, this study increases statistical robustness by intro-
ducing two additional variables to model adverse labor market conditions. These
two additional variables are the initial unemployment claims rate and the proportion
of adults out of the labor force. The initial unemployment claims rate is a leading
indicator of unemployment conditions.

More importantly, during the coronavirus period, the data show that the vari-
ance of the rate of change in the initial unemployment claims rate is extensively
higher than the variance of the rate of change in the actual unemployment rate.
For econometric purposes, this latter finding implies that the initial unemployment
claims rate may be relatively more useful in identifying large unemployment shocks
in the United States, especially during periods of poor macroeconomic conditions.



Standard economic theory predicts that the loss of employment income decreases the
opportunity cost of committing a crime, which increases the likelihood of engaging
in more criminal activities (Ryan and Leeson) 2011). The frustration-aggression hy-
pothesis predicts that adverse labor market outcomes can potentially lead to more
aggression against the protected classes due to frustration (Dollard et al. [1939).
Moreover, other theorists argue that the effect of unemployment on crime can also
be negative or ambiguous (Lee, 2018). Lee’s (2018) model shows that an increase in
the unemployment rate reduces aggregate income and the expected return on crime,
which in turn reduces the incentive to commit crimes.

In conclusion, the economic theory of crime affirms that the effect of unemploy-
ment on crime is likely to be ambiguous and influenced by key socioeconomic factors
(for example, the apprehension rate, education, and aggregate income). For this
study, the key empirical findings tend to be consistent with the economic theory of
crime. The empirical results show a nonlinear convex relationship between the hate
crime rate and the unemployment rate. For empirical robustness, this study relies
on the reduced-form estimates of a panel vector autoregression (VAR) model to test
the assumptions and consistency of the system GMM framework.

Firstly, the reduced-form estimates provide evidence of a dynamic simultaneous
causal relationship between the unemployment rate and the hate crime rate, which
indirectly supports the endogenous assumption imposed by the system GMM Model.
Secondly, while the panel VAR model is specified differently in contrast to the system
GMM model, the reduced-form estimates reiterate that the relationship between the
unemployment rate and the hate crime rate is nonlinear and convex.

The implication is that the relationship between unemployment and hate crimes
is not entirely positive as suggested by prior studies (Gale et al., 2002; Ryan and
Leeson, 2011; Anderson et al., 2020; and Cai, 2021). Therefore, the nonlinear convex
relationship found here is a relevant contribution to the literature. Section 2 provides
a review of the literature. Section 3 provides an overview of the dataset. Section
4 reports the key findings and discusses the underlying assumptions of the two-step
system GMM estimator. Section 5 tests for empirical robustness. The last section
summarizes the main empirical findings.

2. Empirical literature

For the United States, there are only a few studies that examine the specific relation-
ship between unemployment and hate crimes. (Gale et al.| (2002)), |Curthoys (2008]),
Ryan and Leeson (2011)), and (Cai (2021) find contrasting results concerning the effect
of unemployment on hate crimes. Moreover, these latter studies do not account for
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the persistence of hate crimes or the plausibility of an endogenous relationship be-
tween unemployment and hate crimes. |Gale et al. (2002)) , Ryan and Leeson| (2011),
and |Cail (2021]) impose a linear functional form on the empirical relationship between
unemployment and hate crimes. Whereas the economic theory of crime suggests a
nonlinear relationship. Here, this study makes the following relevant contributions
to literature. Firstly, this paper addresses the issues of endogeneity and functional
form misspecification in estimating the relationship between unemployment and hate
crimes.

Secondly, Section 3 controls for inertia and other key socioeconomic variables that
are useful in understanding the relationship between hate crimes and unemployment
(for example, preference for firearms, racial diversity, police activity, education, pop-
ulation density, and poverty). Lastly, this paper broadens the empirical literature
by introducing two additional variables to capture changes in adverse labor market
conditions. These two variables include the initial unemployment claims rate and
the proportion of people out of the labor force.

The following studies provide additional information needed for modeling the re-
lationship between unemployment and hate crimes. Wenger and Lentz (2021) show
the relevance of inertia in understanding hate crimes in the District of Columbia.
However, the latter study does not demonstrate the relevance of inertia in context
of understanding the effect of unemployment on hate crimes. Here, this study con-
tributes to the literature by showing that the impact of inertia worsens the effect of
unemployment on hate crimes in the long run. [Lin| (2008) relies on the 2SLS esti-
mator to estimate the endogenous relationship between unemployment and property
crimes.

Lin’s (2008) findings conclude that the ordinary least squares (OLS) estimator
underestimates the effect of unemployment on crime. This latter finding highlights
the endogeneity issue that arises in estimating the effect of unemployment on hate
crimes. Particularly, because hate crimes include property crimes that are motivated
by hate. For the case of Germany, [Falk et al.| (2011)) show the relative importance of
high unemployment in explaining right-wing crimes.

Raphael and Winter-Ebmer| (2001) show a positive relationship between crime
and unemployment in the United States. For less educated men, (Gould et al.| (2002])
find a significant relationship between wages and crime. Hence the relative impor-
tance of incorporating a proxy for education in modeling hate crimes. |Jawadi et al.
(2021) investigate the relationship between unemployment and crime in Europe by
relying on a time-varying vector autoregression model: they find that unemployment
shocks drive crime in the United Kingdom and in France. Imrohoroglu et al.| (2004)
show that strong economic performance and a higher probability of apprehension led



to the decline in property crimes observed in the United States between 1980 and
1996.

Oster and Agell (2007)) find a positive relationship between unemployment and
property crimes in Sweden. Dustmann et al| (2011) find a positive link between
unemployment and crime in the United Kingdom. Green et al.| (1998) show that
hate crimes are more frequent in predominantly white areas that have a high pro-
portion of minority immigrants. This latter finding shows the importance of racial
diversity in understanding bias-motivated crimes. |Krohn (1976) finds that coun-
tries with high unemployment and income inequality are more likely to experience
more crime. |[Almén (2017) shows that long-term unemployment is relatively more
robust in predicting violent crimes in Sweden. [Yearwood and Koinis (2011) find a
negative relationship between motor vehicle thefts and unemployment. This latter
finding highlights the uncertainty concerning the empirical link between crime and
unemployment.

3. Empirical methodology

3.1. Data

This section presents the key empirical variables and discusses the limitations of the
data. According to the FBI, a hate crime is a criminal offense that is motivated by
bias against a person’s race, color, disability, religion, national origin, sexual orien-
tation, or gender identity. More importantly, a hate crime involves two components:
an actual criminal offense and a bias. There is a widely held view that the FBI's
hate crime data are underreported and subject to bias reporting. Depending on the
severity of those latter factors, these external issues may affect the validity of the
empirical estimates.

However, although hate crime data are likely to be underreported, the current
available dataset does not suffer from zero reporting, which makes modeling hate
crimes less challenging (for example, see the aggregate hate crime data reported in
Table 5 in Appendix A). Moreover, the missing hate crime information only accounts
for two percent of the data. Therefore, although the missing information and the
underreporting issues are likely to affect the efficiency of the regression estimates, it
is equally true that the larger sample size is likely to mitigate the effect of sampling
errors on the consistency of the regressions estimates. Moreover, following a similar
approach taken by [Fajnzylber et al. (2002), the main empirical framework relies on
state-specific fixed effects to deal with the underreporting issue. If the systematic
measurement error in hate crime is due to underreporting, and it is truly time-



invariant, then the two-step system GMM estimator addresses this issue relatively
well (Fajnzylber et al., [2002).

On the other hand, if the measurement error in hate crime is time-varying, then
it would lead to large precision issues, depending on the magnitude of the classical
measurement error. In this scenario, the effect of unemployment on hate crimes is
likely to be insignificant due to Type II errors caused by large classical measurement
errors in the hate crime data. The essential point is that while the data limitations
are valid and can affect the efficiency of the regression estimates, those limitations
do not necessarily invalidate the research question or impact the ability to test the
effect of unemployment on hate crimes.

Particularly, because the sample size is extremely large, and those limitations can
be addressed in context of the empirical framework; assuming that the assumption
made concerning the underreporting issue is valid. Which is likely to be the case,
considering the stylized fact that the underreporting issue is widely viewed as a time-
invariant fixed effect in the empirical literature. Nevertheless, this study reports the
95 % confidence intervals to allow the readers to determine the extent to which the
precision issue is likely to affect the point estimates.

Lastly, this paper uses samples of different sizes as a means to test for the consis-
tency of the empirical estimates. Here, it is important to standardize the hate crime
data in order to obtain reliable empirical estimates that can be generalized for all
the states. Therefore, the main dependent variable is measured as follows:

aggregate hate crimes

hate = x 100, 000

state restdent population

For empirical robustness, following |Anderson et al. (2020)), this study considers
the racial crime rate as an additional dependent variable. The racial crime rate is
modeled as follows

racial — motivated crimes

race = , - x 100, 000
state resident population

Table 1 describes the key empirical variables. All the variables are state-level esti-
mates, except the oil variable. Here, an adverse labor market outcome is defined as a
state in which an individual is characterized as unemployed or out of the labor force.
For econometric purposes, estimating the effect of unemployment on hate crimes
requires controlling for key socioeconomic and macroeconomic factors. This study
relies on the following control variables: gun ownership, arrests per capita, racial
diversity, skilled labor growth, population density, oil shocks, and economic growth.



States laws on gun ownership vary significantly across the United States. The gun
ownership rate captures exogenous shocks in preference for firearms. This section
finds that the gun ownership rate is negatively associated with the hate crime rate.
Figure 1 shows that the hate crime rate varies significantly across the United States,
hence a key motivation for investigating the key factors that influence hate crimes
in the United States.
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Figure 1: Annual Average Hate Crime Rate Per 100,000 (2000-2022)
Data source: Federal Bureau of Investigation, “authors calculations”

Exogenous supply shocks driven by large swings in crude oil prices affect pro-
duction costs, which also affect unemployment. Additionally, this study controls for
population density. Particularly, because the data show that population per square
mile explains close to 60 % of the variance in the hate crime rate. Table 5 in Ap-
pendix A provides a summary of the descriptive statistics for the main variables
listed in Table 1. The key covariances between the control variables and the hate
crime rate are reported in Figure 5 in Appendix A. shows that modeling
the relationship between unemployment and crime requires controlling for other fac-
tors such as aggregate income and police activity. On one hand, this study relies on
median income shocks to capture the aggregate income effect. On the other hand,
this paper relies on arrests per capita as a proxy for police activity.

Moreover, the data show that historically liberal states have a higher average hate
crime rate in contrast to historically conservative states. However, Figure 2 equally
shows that historically liberal states experience less racial-motivated crimes per total
hate crimes in contrast to historically conservative states. For instance, North Dakota
has a relatively higher proportion of racial-motivated crimes in contrast to New York.
Whereas New York has a relatively higher average hate crime rate in contrast to



North Dakota. Furthermore, the FBI data show that the historically liberal states
such as Massachusetts, New Jersey, and the District of Columbia recorded the highest

average hate

crime rates between 2000 to 2022.

Variables

Description

hate

The aggregate hate crime data are public and emanate from the FBI. The aggregate hate
crime index includes seven different categories of biases: racial, religion, sexual orientation,
gender identity, disability, gender, and multiple. Bias-motivated crimes that fit under more
than one category are included in the multiple bias category.

race

out

For additional robustness, this study relies on the racial crime rate as an additional dependent
variable. Racial-motivated crime is the largest category of reported hate crime in the United

%tates The racial-motivated crime data emanate from the FBI.
1s variable measures the proportion of adults out of the labor force. e data are collecte

from Bureau of Labor Statistics (BLS).

U

This variable is the official unemployment rate: it is the number of unemployed adults who
are still searching for a job as a percentage of the civilian labor force. These data are collected
from the Bureau of Labor Statistics (BLS).

claims

This variable is the Tog level of aggregate weekly initial unemployment claims. These data
emanate from BLS.

claimsrate

This variable is computed by dividing aggregate initial unemployment claims by the state
resident population. The formula can be described as follows:

initial unemployment claims

- - x 100
restdent population

claimsrate =

quns

This variable offers state-level estimates of the gun ownership rate. The data emanate from
the RAND Corporation.

pop

This index provides a robust measure of population density. It is calculated by dividing the
number of state residents by the size of the state, which is measured in square miles. The
data emanate from the Census Bureau.

div

The diversity index provides a measure of racial diversity. The data emanate from the
Census Bureau’s voting and registration data. The index is computed by relying on the
annual standard deviation of the proportion of four different race groups observed during
all November elections. These four racial groups include: White alone-non-Hispanic, Black
alone, Asian alone, and Hispanic of any race. The variance of the four proportions is strictly
less than one and a high variance indicates less racial diversity. Therefore, to compute the
diversity index, this study subtracts the variance from one.

divzx

growth

This section considers a second proxy for diversity to improve robustness. This racial di-
versity index is measured by taking the rate of change in the proportion of minorities in
different states. We first compute the proportion of the white alone population and then
subtract the latter from 1. The raw data is available from the Census Bureau.

This variable provides a measure of aggregate income. The growth index represents the rea

median income growth rate by state. The data are collected from the Census Bureau.

skilled

This variable measures the rate of change in the proportion of people in the state with a
bachelor’s degree or higher. The data emanate from the Census Bureau.

otl

This variable measures the rate of change in crude oil prices. Annual oil price data are
collected from the US Energy Information Administration.

arrest

This variable measures the total number of police arrests per state residents. These data
come from the FBI.

Here, the

Table 1: Key Variables

data are organized in panel format, and the panel contains 51 cross

sections: 50 states, including the District of Columbia. The frequency of the data

is annual, an

d the range is from 2000 to 2022. For the racial diversity index (div):



the election data are only available every two years and relying on voter registration
data may introduce systematic biases in the empirical framework.

The index is subject to data gaps, which may cause large measurement errors.
There are various ways to deal with missing data (for example, one can rely on
mean imputation, or multiple imputation). However, this study relies on the last
observation carried forward method. Particularly, because the variance of the raw
index is extremely small (for example, the variance for each state is extremely close
to zero). The implication is that the data rarely changes, which means that the
previous information is likely to explain a significant portion of the next observation.
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Figure 2: Racial-Motivated Crimes % Aggregate Hate Crimes (Average Proportion, 2000-2022)
Data source: Federal Bureau of Investigation, “authors calculations”
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Therefore, this section argues that relying on other methods such as mean impu-
tation or multiple imputation may be more costly. Furthermore, the empirical cost
of this choice does not necessarily penalize the key empirical results. Particularly,
because this study relies on a second proxy for racial diversity. This alternative proxy
is measured by relying on the rate of change in the proportion of minorities in each
state. This additional proxy allows one to efficiently capture the effect diversity on
hate crimes. Nonetheless, both measures of racial diversity are positively associated
with the hate crime rate. For the two dependent variables, there are only a few
missing observations for the following states: Alabama, Arkansas, Hawaii, Missis-
sippi, and Wyoming. Nonetheless, this study relies on listwise deletion to address
this issue. Mainly, because the missing data are random and only accounts for two
percent of the 1,173 observations. For a small number of missing observations, the
cost of multiple imputation outweighs the empirical benefits.
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Furthermore, it is wise to acknowledge that there is a lack of data availability for
certain key control variables that are not included in this study, but may be useful
in modeling hate crimes (for example, immigration population per state, although
the latter may be indirectly captured by the population density index). Nonetheless,
exposing these data limitations allows the readers to better understand the chal-
lenges that arise in modeling hate crimes. Although this study is vulnerable to some
data issues, the control variables are numerous, and the number of observations is
extremely large. These two latter factors alleviate the impact of sampling errors on
the validity of the empirical estimates.

3.2. Generalized method of moments

This section discusses the underlying assumptions of the main empirical framework.
Firstly, Figure 3 reveals an ambiguous relationship between adverse labor market
conditions and the hate crime rate.
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Hate crime rate
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Hate crime rate
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Initial unemployment claims (log levels) Initial unemployment claims rate

Data source: "authors calculations”, Federal Bureau of Investigation, Bureau of Labor Statistics

Figure 3: Adverse Labor Market Outcomes and Hate Crimes (Covariance)

For this latter reason, this section tests the prospect of a nonlinear relationship
between hate crimes and adverse labor market conditions. Secondly, the lagged
dependent variable is clearly endogenous and this paper argues that unemployment
and hate crimes are simultaneously determined. These latter issues create some
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econometric problems that must be addressed in the regression model in order to
obtain unbiased regression estimates.

More importantly, including the lagged dependent variable in the matrix of in-
struments violates the strict exogeneity condition that is required for standard econo-
metric estimators such as the pooled OLS estimator and the panel fixed effects
2SLS estimator. Lastly, the issue of time-invariant unobserved heterogeneity must
be addressed in order to avoid an omitted-variable bias. Evidently, estimating the
unknown population effect of unemployment on hate crimes requires an empirical
framework that can address all these latter issues, namely: simultaneous causation,
the issue of time-invariant unobserved heterogeneity, and dynamic endogeneity. This
section presents an estimator that can efficiently address all these latter econometric
issues. Consider the following system of linear equations

Yt = oYsr1 + XooI' + Bs i A+ €54

- - - - - 1
AYsr = oAYs 1 + AX g I+ ABg A+ Negy @

Where s stands for states and ¢ denotes the time. A denotes the forward orthogonal
deviations (FOD) operator. Y, is the dependent variable (for example, hate,; or
racesy) and Yy, is the lagged dependent variable. Note that this section relies
strictly on the FOD operator, particularly because it retains more information in
the presence of data gaps (Arellano and Bover, [1995). €, is an error term, which
comprises two components: a vector of time-invariant unobserved state-specific fixed
effects (a;) and a vector of idiosyncratic shocks (u;). I' is a (K x 1) vector of co-
efficients to be estimated and A is an L x 1 vector of parameters to be estimated.
Bg. is an (N x L) matrix of L exogenous variables. X, is an (N x K) matrix of K
predetermined and endogenous variables.

Model (1) consists of a system of two equations: a levels equation and a forward
orthogonal deviations equation. The main idea is to derive a system estimator that
relies on the instruments and moments conditions of both equations. Therefore, ac-
cording to (Blundell and Bond}, [1998)), the two-step system GMM estimator can be
defined as a weighted average of the coefficients of the two equations specified in
Model (1). The empirical strategy consists of estimating both equations simulta-
neously. For efficiency purposes, the two-step system GMM estimator relies on an
optimal weighting matrix that minimizes the asymptotic variance of the estimator.

There are 51 cross sections (s) and 23 years of observations (7") for the most part
(for example, see Table 5 in Appendix A). s > T, which is a core requirement for us-
ing the system GMM estimator. Furthermore, the system GMM estimator addresses
the issue of unobserved heterogeneity more efficiently (Ullah et al. 2018): the levels
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equation relies on additional instruments, which are assumed to be uncorrelated with
the unobserved time-invariant fixed effects over time. Whereas the forward orthog-
onal deviations equation directly purges the time-invariant state fixed effects. The
system GMM estimator addresses the issue of endogeneity relatively more efficiently.
It does not explicitly require the strict exogeneity condition for those variables that
do not meet the latter condition.

Instead, it relies on weaker exogeneity conditions, which allow one to use the lags
of the predetermined and endogenous variables as valid exogenous instruments. More
importantly, the system GMM estimator emphasizes the use of internal instruments
in modeling the endogenous and predetermined variables. This unique approach
strengthens the instrument’s relevance condition. On the other hand, the pooled
OLS estimator and the panel fixed effects estimator tend to be less reliable when the
regressors are endogenous or weakly exogenous. Furthermore, the internal validity
of the empirical framework depends in part on the absence of second-order serial
correlation in the error term and on the quality of the matrix of instruments (for
example, the instrument relevance and exogeneity conditions must be satisfied).

This study relies on the Arellano-Bond test for serial correlation to examine
the relevance of first-order and second-order serial correlation in the error term.
According to [Roodman! (2009), first-order serial correlation is naturally expected.
Whereas second-order serial correlation in the error term highlights issues in the
specification of the model. Secondly, this section relies on Hansen’s (1982) test of
overidentification restrictions to examine the strength of the instruments (Hansen,
1982)). Roodman| (2009) warns about the issue of instrument proliferation. The idea
is that relying on too many instruments to model the endogenous or predetermined
variables may lead to bias estimates.

Consequently, Roodman| (2009) argues that one should ensure that the number
of instruments is lower than the number of cross sections. This can be achieved
by limiting the number of lags and by collapsing the matrix of instruments as in-
structed by [Roodman (2009)E] This paper follows Roodman’s (2009) suggestions in
addressing the issue of instrument proliferation. Here, the endogenous variables are
those that are simultaneously determined or subject to reverse causality. During the
coronavirus pandemic, both the hate crime rate and the unemployment rate jumped
simultaneously: the average hate crime rate jumped to 55% and the average un-

!This paper relies on Roodman’s (2009) xtabond2 estimator to collapse the matrix of instru-
ments. For replication purposes, the Roodman’s (2009) xtabond2 equation for Column 1 in Table
2 can be defined as follows: xtabond2 hate 1l.hate c.U##c.U pop, gmm(l1.hate pop, lag(l 9)
collapse) gmm(c.U##c.U,lag(2 8) collapse) r orthogonal nodiffs small two.

13



employment rate increased by an additional four percent in 2020 (for example, see
Figure 5 in Appendix A). Although correlation does not imply causality, the data
suggest that these two shocks are highly correlated during the coronavirus pandemic.
Therefore, one cannot simply reject the possibility of simultaneous causation between
hate crimes and unemployment.

Evidently, hate crimes can cause individuals to lose employment or cause busi-
nesses to close, leading to a small increase in unemployment. Alternatively, failure
to obtain unemployment can simultaneously lead to a small increase in hate crimes
(Ryan and Leeson, [2011). For instance, according to a Nevada Current’s (2023) re-
port, the recent mass shooting that took place at the University of Nevada Las Vegas
(UNLV) could have been racially-motivated and fueled by the shooter’s inability to
obtain employment opportunities at UNLV. Therefore, from a scientific perspective,
one cannot simply conclude or assume that the relationship between hate crimes and
unemployment is entirely unidirectional or purely exogenous.

Moreover, the relationship between property crimes and unemployment is subject
to reverse causation (Raphael and Winter-Ebmer 2001, Lin 2008). Note that aggre-
gate hate crimes include a significant portion of property crimes that are motivated
by hate. Henceforth, this study considers the relationship between hate crimes and
unemployment to be endogenous and not purely exogenous.

Concerning the types of instruments for the endogenous regressors: the system
GMM approach relies strictly on internal instruments. For instance, for the levels
equation, the instrument for the unemployment rate is the past lag (t—1) of the first-
difference of the unemployment rate. For the orthogonal deviations equation: the
instruments for the unemployment rate are simply the past lags of the unemployment
rate. Following Roodman| (2009), this study relies on deeper lags, which means that
the lag structure for the instruments of the endogenous variables starts from the
second lag.

The predetermined variables are those that are assumed to be weakly exoge-
nous, but uncorrelated with all future errors. Following [Blundell and Bond| (1998),
the lagged dependent variable is treated as predetermined. Additionally, for econo-
metric purposes, this section considers the following variables to be predetermined:
economic growth, population density, and skilled labor growth. This latter identifi-
cation is reasonable and necessary to remove any issues of reverse causation that may
arise in estimating the effects of economic growth, population density, and skilled
labor growth on hate crimes.

For the instruments of the predetermined variables: the system GMM approach
relies strictly on internal instruments. For the levels equation, the instrument for a
predetermined variable is the first-difference of the predetermined variable itself. For
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the orthogonal deviations equation, the instruments for the predetermined variable
are the past lags of the predetermined variable. Following [Roodman| (2009), the lag
structure for the instruments of the predetermined variables starts from the first lag.

This study treats oil shocks as strictly exogenous. Following |Lee (2018)), this
section considers police activity (for example, arrests per capita) to be strictly ex-
ogenous. Additionally, for empirical robustness, this section considers two additional
exogenous variables: racial diversity and gun ownership. This section argues that
gun ownership is exogenously determined by factors that are outside of the model
(for instance, preference, culture, and legislation). Lastly, racial diversity is treated
as exogenous, based on the argument that the latter is also influenced by outside fac-
tors (for example, preference for location and historical migration patterns). These
exogenous assumptions are widely used in the empirical literature, but they can be
challenged. Some researchers may choose to treat police activity, gun ownership,
and racial diversity as weakly exogenous. Nonetheless, from an empirical perspec-
tive, this study finds that treating these latter three variables as strictly exogenous
or weakly exogenous makes little to no difference in the empirical estimates.

3.3. Empirical results

This section reports the main empirical estimates. Tables 2 and 3 report the p-
values associated with the tests of overidentification restrictions and serial correla-
tion. Roodman| (2009) recommends using different lag structures to test the consis-
tency of the system GMM estimates. This section follows the latter recommendation
and finds that the use of different instruments does not affect the consistency of the
key parameter estimates. The implication is that the key empirical results are less
likely to be vulnerable to the instrument proliferation problem. Moreover, follow-
ing Roodman| (2009), this section ensures that the number of instruments is strictly
lower than the number of cross sections.

Table 2 reports the results for the aggregate hate crime rate. Whereas Table 3
displays the results for the racial-motivated crime rate. The key empirical results
in Tables 2 and 3 are highly consistent. The estimated p-values associated with the
Hansen test of overidentifying restrictions are largely above five percent and below
25 percent. As suggested by Roodman| (2009), these latter findings strengthen the
validity of the moment conditions implied by the system GMM estimator, which are
discussed extensively by Blundell and Bond (1998)). The p-values associated with
the Arellano-Bond test statistics show that the empirical results are less likely to be
vulnerable to second-order serial correlation.
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For the control variables, the key factors that explain the hate crime rate include
economic growth, racial diversity, inertia, oil shocks, police activity, and the gun
ownership rate. According to Lee| (2018), the apprehension rate is expected to be
negatively associated with crimes. This section corroborates the latter statement
to some extent. Arrests per capita is negatively associated with the hate crime
rate. Similar to Raphael and Winter-Ebmer’s (2001) findings, this section finds that
supply shocks (for example, oil shocks) are positively associated with the hate crime
rate. This is likely due to the fact that negative supply shocks affect the natural
rate of unemployment. An increase in real aggregate income is expected to increase
the opportunity cost of committing a crime (Imrohoroglu et al.| 2004)): therefore, an
increase in the real median income growth rate is expected to cause a decrease in
hate crimes. Here, real median income growth is found to be negatively associated
with the hate crime rate: this finding is consistent with Cai’s (2022) findings.

The significance of the lagged dependent variable validates the system GMM
approach and provides strong evidence of the persistence of hate crimes in the United
States (Wenger and Lantz, 2022). Current studies that examine the relationship
between unemployment and hate crimes completely ignore the issue of inertia, which
makes those latter studies inconclusive. Particularly, because the long-run effect of
unemployment on hate crimes depends on inertia. The persistence of hate crimes is
perhaps one of the most fundamental findings in understanding the dynamics of hate
crimes in the United States. Particularly, because this scientific evidence highlights
those key structural issues that affect hate crimes, which are difficult to capture with
the data (for example, systematic inertia in the judicial system). Population density
is highly significant in understanding hate crimes in the United States: areas that
are highly dense in terms of population per square mile experience more hate crimes
(for example, the District of Columbia has the highest population density index and
the highest average hate crime rate in the United States).

The education proxy is not significant in explaining the hate crime rate. However,
this may be due to the lack of statistical power caused by the lack of available
observations. The racial diversity index (divz) is highly significant in understanding
hate crimes. Racial diversity is positively associated with the hate crime rate. The
latter result can be explained by the frustration-hatred hypothesis Dollard et al.
(1939). According to Southwick (2000), access to guns enhances the art of self-
defense, which improves the victim’s likelihood of survival and reduces the aggressor’s
incentive to commit a crime. Here, this study corroborates the latter findings. The
gun ownership rate is significant and negatively associated with the hate crime rate.
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For the key variables of interest (for example, the adverse labor market vari-
ables), the empirical findings are highly significant and consistent with Liu’s (2018)
theoretical conclusions. This study finds a significant nonlinear convex relationship
between adverse labor market outcomes and the hate crime rate. Figure 4 displays
the relevant U-shaped relationships. The predicted values in Figure 4 emanate from
Columns 2, 6, and 8 in Table 2 and Column 2 in Table 3. On one hand, below an
estimated global minimum:

Ohateg 4 4072094
—=U"= =8
dU., {2 x 0256612} %

this study finds a negative association between the unemployment rate and the hate
crime rateE] Alternatively, above the turning point, one finds the opposite effect.
Where an increase in the unemployment rate leads to a significant increase in the hate
crime rate. As expected, the impact of unemployment on hate crimes is significant,
but relatively small, which makes more theoretical sense.

As discussed in Liu’s (2018) study, the ambiguous relationship between crime and
unemployment can be due to several reasons. On one hand, this study argues that
at lower levels of unemployment, below the turning point: the economy is strong,
workers’ bargaining power is relatively stronger, and the competition for jobs is
relatively lower. Therefore, a higher probability of obtaining employment coupled
with strong unemployment benefits increase the opportunity cost of committing a
hate crime, which reduces the incentive for hatred due to a lack of frustration (Dollard
et al} 1939). Therefore, at lower levels of unemployment, as the unemployment rate
increases, it is possible to observe a decrease in hate crimes. On the other hand,
at higher levels of unemployment, above the turning point: the economy is below
potential, and workers’ bargaining power is weaker, which increases labor competition
between the protected classes and the non-protected classes.

Therefore, the argument is that at excessive levels of unemployment, the low
potential for employment opportunities and poor economic incentives lead to more
competition, frustration, and hatred (Ryan and Leesonl 2011). Weak bargaining
power, increased competition, frustration, and the low probability of obtaining em-
ployment reduce the opportunity cost of committing a hate crime. Therefore, an
increase in the unemployment rate beyond the turning point is likely to cause a
moderate increase in hate crimes.

2If one chooses Column 2 in Table 1, the turning point yields an unemployment rate of eight
percent.
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The confidence intervals are reported in Tables 2 and 3. Those confidence intervals
reveal the uncertainty surrounding the effect of the unemployment rate on the hate
crime rate. It is possible that the main empirical results may be inconsistent or
vulnerable to a sample selection bias. However, this study does not find strong
empirical evidence to conclude that the system GMM estimates are inconsistent or
sensitive to different time samples.

Predictive Margins with 95% Cls Predictive Margins with 95% Cls

T T T T T T T T T T T T T T T T T 1
12 3 4 5 6 7 8 9 10 11 12 13 14 26 30 34 38 42 46 50
Unemployment rate % of base population out of the labor

Hate crime rate (predictions)
w

Hate crime rate (predictions)
w

Predictive Margins with 95% Cls Predictive Margins with 95% Cls

32

28
26 '
24 g

22

25

Racial-motivated crime rate (predictions)

Hate crime rate (predictions)

T T T T T T T T T T T s s s e e B N S e e
12 3 4 5 6 7 8 9 10 11 12 13 14 1.2 3 4 5 6 7 8 9 10 11 12 13 14
Initial unemployment claims rate Unemployment rate

Data source: "authors calculations", Federal Bureau of Investigation, Bureau of Labor Statisitics

Figure 4: Two-Step System GMM Estimates (Hate Crimes and Adverse Labor Market Outcomes)
(The 95 % confidence intervals are represented by the dotted orange lines)

For instance, Tables 9 and 10 in Appendix A report the system GMM estimates
for different time samples. These latter findings are highly consistent with the main
empirical results found in Tables 2 and 3. Furthermore, the long-run effects of unem-
ployment on hate crimes are reported in Table 11 in Appendix A. Given the relevance
of inertia, the long-run estimates are significantly larger. For additional empirical
robustness, this study relies on three additional econometric models to test the con-
sistency of the empirical estimates. The objective of this strategy is to compare
the system GMM model to other econometric approaches that are presumably less
efficient and reliable. Firstly, following a similar approach taken by Raphael and
Winter-Ebmer| (2001)), this study relies on the panel fixed effects 2SLS estimator to
estimate the effect of the unemployment rate on the hate crime rate.
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Secondly, following |Anderson et al.| (2020), this study relies on a dynamic panel
Poisson model to examine the effect of the unemployment rate on the expected count
of hate crimes (\). Lastly, this paper replicates those past studies that rely on the
panel fixed effects estimator to estimate the effect of the unemployment rate on the
hate crime rate. The dynamic panel Poisson regressions are reported in Table 6
in Appendix A. The 2SLS estimates are reported in Table 7 in Appendix A. The
panel fixed effects estimates are reported in Table 8 in Appendix A. The empirical
findings in Tables 6 and 7 are largely consistent with the two-step system GMM
estimates. However, as demonstrated in previous studies (Lin, 2008), the inability
to control for endogeneity in the Panel Poisson model underestimates the effect of
the unemployment rate on the hate crime rate.

For the 2SLS estimates, this study relies on the Hansen-J statistics to examine
the strength of the instruments (for example, the Hansen J-statistic examines the
exogeneity of the instruments or whether they are correlated with the error term).
For the 2SLS estimates: the unemployment rate is instrumented by using its own
lags, including the lags of oil shocks. From an empirical perspective, the diagnostic
tests reported in Table 7 reiterate that the 2SLS instruments are valid.

More importantly, because the 2SLS estimates rely on less instruments, the con-
sistency in the 2SLS estimates with respect to the system GMM estimates implies
that the system GMM results are less likely to be vulnerable to the issue of instru-
ment proliferation. Lastly, in contrast to the system GMM estimates, the panel fixed
effects model shows that the effect of the unemployment rate on the hate crime rate
is inconsistent and likely biased. Moreover, this study demonstrates that controlling
for inertia in the panel fixed effects model improves precision and reduces the error
variance (for example, the effect of the unemployment rate on the hate crime rate is
largely significant in Column 7).

4. Panel vector autoregression (robustness check)

This section tests the assumptions and the robustness of the main empirical frame-
work by relying on a panel vector autoregression (VAR) model. The panel VAR
approach models each variable as a function of the other, which allows one to effi-
ciently capture the systematic relationships between all the variables included in the
system. The panel VAR model is useful to justify the endogeneity assumption im-
posed by the system GMM model. The panel VAR model addresses endogeneity and
controls for unobserved heterogeneity by relying on the forward orthogonal transfor-
mation of the variables and by applying the GMM instrumental variable approach.
Therefore, the reduced-form estimates of the panel VAR model should produce con-
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sistent and efficient reduced-form estimates that can be used to test the consistency
and the assumptions of the system GMM model. Following Abrigo and Love| (2016),
consider the first-order panel VAR model

AZs,t = FAZs,tq + AAXSJ + Aesyt

where Z denotes a (3 x 1) column vector of endogenous variables (for example, the
unemployment rate, the quadratic term, and the hate crime rate). I' and A are two
(3 x 3) square matrices of coefficients to be estimated. €, is a composite vector that
includes the idiosyncratic errors and the state-specific fixed effects. Let W denote the
matrix of instruments, which includes the lags of the endogenous variables, including
the exogenous oil variable. It is assumed that the oil shock is strictly exogenous and
all instruments (1) are orthogonal to the errors. However, the key essential moment
condition is given as follows

E(Zs,t—p : A‘Es,t> - 07 P > 2

which implies that the deeper lags (Z;_2, Z;_3, ..., Z;—,) are those instruments that
are valid for the endogenous variables (Z;). The reduced-form estimates are reported
in Table 4.

(1) (2)

Us hates ¢
Usi—1 0.998*** -0.854***
[0.533,1.463]  [-1.405,-0.304]
U2, -0.003 0,048
-0.033,0.027]  [0.014,0.083]
hates ;4 0.370** 0.611**
[0.174,0.565]  [0.352,0.869]
oil 0.012* 0.007**
-0.016,-0.008]  [0.003,0.010]
# of observations 1037 1037
Lag structure (endogenous variables) (2 to b) (2 to b)

Table 4: Reduced-Form Estimates (Panel VAR)

For the panel VAR diagnostics, the unit root circle shows that the panel VAR
model is stable. From an empirical perspective, Table 4 shows that there is a rele-
vant dynamic simultaneous causal relationship between the unemployment rate and
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the hate crime rate. The relationship does not just run from unemployment to hate
crimes, but hate crimes also affect unemployment simultaneously over time. This
is another contribution to the literature on hate crimes. Additionally, the model’s
lag structure for the endogenous variables is consistent with the system GMM’s lag
structure. For the period considered here, the panel VAR estimates show that the
dynamic relationship between the unemployment rate and the hate crime rate is non-
linear and convex. More importantly, this section strongly supports the endogenous
assumption imposed in the main empirical framework in Section 3.

5. Conclusion

Certainly, there are some limitations to this study. These limitations emanate mainly
from data issues, which are externally driven and well addressed in this paper by
applying the appropriate statistical methods. For the period considered here, using
the best available data and a sound empirical framework, this study finds a nonlinear
convex relationship between the unemployment rate and the hate crime rate. While
this contribution is strongly empirical, the econometric relevance and contribution
should be considered and cannot be ignored. While developing policies based on
historical data is not highly recommended, the key findings provide some meaningful
insights into the historical relationship between unemployment and hate crimes.

For policy implications, an ambiguous and nonlinear relationship between unem-
ployment and hate crimes highlights the role of economic incentives and opportunity
costs in combating hate crimes. For instance, during periods of extreme unemploy-
ment, a drastic collapse in employment opportunities and workers’ bargaining power
can fuel animosity towards the protected classes due to the frustration induced by
increased competition in the labor market (Dollard et al., 1939)). Under these latter
conditions, designing policies to reduce incentives for hate crimes may be useful in
increasing the opportunity cost of committing a hate crime, which is likely to reduce
the hate crime rate.

While this paper demonstrates the importance of socioeconomic factors in under-
standing hate crimes, there is currently no paper found in empirical literature other
than this paper that illustrates the relevance of inertia in understanding the effect
of unemployment on hate crimes in the United States. The evidence of inertia in
hate crimes highlights the structural problems in the judicial system. Some studies
argue that the persistence of hate crimes may be due to systematic inertia in the
judicial system caused by institutional racism (Weitzer, [1996)), resistance to change
(Itskovich and Factor, 2023), and budget constraints (Mello, [2019). Therefore, re-
structuring the judicial system at the state level to incorporate laws that enhance
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punitive sentences for hate crimes may discourage future hate crimes and reduce the
effect of inertia.

As discussed in the data section, the problem of underreporting can affect the
ability of the police to collect data and fight hate crimes. Developing mechanisms
to facilitate access to reporting may reduce the underreporting issue and increase
public trust in the judicial system. Increasing economic incentives for investigating
hate crimes and enforcing them can boost the desire for judges and officers to fight
hate crimes more effectively. Ultimately, these policies would require a substantial
increase in non-discretionary spending. However, it is fair to argue that the positive
spillovers in society would be substantial.

This study finds a strong empirical relationship between hate crimes, population
density, racial diversity, and police activity. Therefore, during periods of excessive
levels of unemployment, increasing police monitoring is likely to be useful in com-
bating hate crimes in the United States; especially in dense areas where minorities
account for a sizable proportion of the state population.

Studies show that transfer payments can be useful in reducing the incentive to
commit a hate crime (imrohoroglu et al., 2004). During the coronavirus pandemic,
the hate crime rate increased significantly, although the size of unemployment bene-
fits increased simultaneously. However, without an increase in the size of unemploy-
ment benefits, the effect of unemployment on hate crimes could have been signifi-
cantly higher. While it is difficult to prove the latter hypothesis with the current
dataset, theoretically, an increase in the size of unemployment benefits during peri-
ods of high unemployment compensates a sizable part of the lost income, which is
likely to increase the opportunity cost of committing a hate crime (Lee, [2018)).

From an empirical perspective, this paper makes numerous contributions to the
literature. However, it is equally true that the empirical results are derived from
aggregate data. This factor limits the scope of the study. The diagnostics and
robustness tests indicate that the empirical results are consistent and robust (for
example, the dynamic panel Poisson model and the 2SLS estimates yield consistent
results). Nonetheless, despite the consistency in the empirical estimates: one should
remain cautious in generalizing and interpreting the ceteris paribus causal effects
found here. Mainly, because the underlying structure of the data or the economy may
change over time, which may affect the underlying results found here. Therefore, the
policy recommendations should be taken with moderation, particularly because this
scientific evidence is based on historical data. Nonetheless, for the period considered
here, given the sound econometric specifications, this study broadens the relevant
literature and provides robust statistical evidence of a significant nonlinear convex
relationship between the unemployment rate and the hate crime rate.
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Appendix A

Tables
Mean Std. Dev. Min Max N/s/T
Us,t overall 5.471995 2.026432 1.991667  13.73333 1173
between 1.027893 3.083696  7.209783 51
within . 1.752055 1.813662  12.84736 23
claimsrates,t overall 6.381549  4.195433 .9664829  40.06563 1173
between 1.998942 2.614294 13.64819 51
within . 3.698769  -.9961479 39.291 23
outs ¢ overall 34.78291 4.312381 24.66667  46.74166 1173
between 3.820496 28.36413  45.28261 51
within . 2.067471 28.93762 40.9561 23
claimss ¢ overall 12.20963 1.176729 9.243969  16.30042 1173
between 1.105831 9.87625 14.87894 51
within . 4298646 10.97089  14.25477 23
hates ¢ overall 2.65461 2.561401 .0204431  31.34473 1145
between 1.947757 420607 12.24196 51
within . 1.668637 -8.53848 21.75739 22.45
races,t overall 1.618121 1.431702 0 16.8019 1145
between 19563996 2347426 4.969628 51
within . 1.068887  -2.652262 13.4504 22.45
growths ¢ overall .518238 5.570956  -20.56522  18.72978 1122
between .480412 -.570462 1.948829 51
within . 5.550593  -20.67345 19.308 22
POPs ¢ overall 371.8576 1280.613 1.100452  10415.49 1173
between 1288.36 1.230945  9208.449 51
within . 106.101 -496.3558  1578.894 23
skilleds ¢ overall .5322304 7188286  -2.199999  3.899997 816
between .1394037 .23125 1.21875 51
within . 7054352  -2.092771  3.407231 16
oils ¢ overall 6.91586 28.64749  -64.95683  55.37617 1173
between 0 6.91586 6.91586 51
within . 28.64749  -64.95683  55.37617 23
gunss ¢ overall 38.88929 13.63519 3.4 69.4 850
between 13.48929 9.294118  63.65882 50
within . 2.717828 30.70694  49.59518 17
divs ¢ overall 6459578 .0825219 .5052504  .8475404 1173
between .0808265 5186648  .8204183 51
within . .0199891 5718488  .7156165 23
arrests,t overall .0425439 .0203123 0 .3679128 1173
between .0133411 .004521 .0688965 51
within . .0154256  -.0164063 .3529624 23
divzs ¢ overall 1463619 19432701 -2.616072  5.289137 612
between 2850601 -.2376303  1.431566 51
within .899979 -1.914822 4.896041 12

Table 5: Summary Statistics (Panel Data)
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Robustness Check

0 ) B o
)\S,t )\s,t )\s,t )\S,t
counts s | 0.001%% 0.0017% 0.001%% 0.001%%F
[0.000,0.001]  [0.001,0.001] [0.001,0.001] [0.000,0.001]
Ust -0.133**
-0.236,-0.030]
Uz, 0.008**
[0.001,0.015]
oils 4 0.001** 0,002+
[0.000,0.002] [0.001,0.003]
outs t -0.249*
10.511,0.013]
out? , 0.004*
-0.000,0.007]
arrests ¢ -4.961*
10.072,0.149]
claimsrates ¢ -0.021*
[-0.044,0.003]
claimsrategvt 0.001***
[0.000,0.002]
Ust—1 -0.136™**
[-0.206,-0.066]
U -1 0.008***
[0.004,0.012]
# of observations 1088 1088 1088 1088

95 % confidence interval in brackets
*p < 0.10, ** p < 0.05, ** p < 01

Table 6: Dynamic Panel Poisson Model (Hate Crimes)

29



(1) (2) (3) (4)

hates ¢ hates ¢ racest racest

Ust -0.704*** -0.477F* -0.270*** -0.357**

[-1.164,-0.244] [-0.777,-0.176] [0.440,-0.100] [-0.654,-0.060]
UZ, 0.040%* 0.028%#* 0.015%** 0.019*

[0.000,0.071]  [0.009,0.047]  [0.004,0.026] [-0.002,0.039]
hateg 1 0.695***

[0.598,0.792]
racesg i1 0.636™**
[0.537,0.735]

constant 5,167 2.509%** 1.564*** 2.945%**

[3.658,6.677)  [1.569,3.448] [1.008,2.119]  [1.990,3.900]
# of observations 1096 1088 1088 1096
Hansen J statistic Chi-square (P-value) 0.38 99 0.2381 0.1744
# of instruments 4 5 5 4

95 % confidence interval in brackets
*p < 0.10, ** p < 0.05, *** p < .01

Table 7: Dynamic Panel Fixed Effects 2SLS Model (Second Stage)
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(1) (2) (3) 4) () (6) (7)

hates t hates t hates ¢ hates ¢ hates t hates ¢ hates t
Usy -0.085** -0.174 -0.433**
[-0.152,-0.019) [-0.447,0.099] [-0.797,-0.069]
outs -0.055 -0.676
[-0.163,0.053] [-1.566,0.215]
claimsrate ¢ 0.038*** 0.033
[0.014,0.061] [-0.019,0.086]
(:laimsratez,t -0.001
[-0.002,0.001]
POPs ¢ 0.010*** 0.010*** 0.010*** 0.017%**
[0.010,0.010]  [0.010,0.010]  [0.010,0.010] [0.016,0.019]
growth -0.015%** -0.019** -0.022%** -0.005
[-0.026,-0.004] [-0.033,-0.004] [-0.035,-0.009] [-0.020,0.011]
skilleds ¢ 0.110 0.136 0.143 0.149
[-0.097,0.317] [-0.041,0.312] [-0.035,0.321] [-0.138,0.436]
out?, 0.010
' [-0.002,0.022]
U, 0.010 0.034**
' [-0.009,0.028]  [0.007,0.061]
hateg +_1 -0.180**
[-0.319,-0.042]
divzg ¢ 0.283**
[0.042,0.524]
constant 3.123%** 4.557** 2.413*** -1.557%* 10.330 -0.749* 2.7
[2.759,3.487]  [0.810,8.304] [2.263,2.564] [-1.813,-1.301] [-6.194,26.853] [-1.566,0.068] [-3.724,-1.818]
# of observations 1145 1145 1145 802 802 802 589

Table 8: Panel Fixed Effects Model
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Figure 5: Data Visualization (Key Variables)
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