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Abstract
This research analyzes the relationship between opioid prescription rates, mental health, and crime 
incidence in the United States. Utilizing data from 2012 to 2015 from 3142 counties, this study seeks to 
unravel the multifaceted impact of opioid prescription rate and mental health on crime rates in urban 
counties. A notable endogeneity issue surfaces in the relationship between law enforcement personnel 
and crime. To mitigate this challenge, we introduce an instrumental variable, the “annual average police 
wage.” Employing a fixed-effect approach, our findings reveal a compelling association—increasing 
the number of law enforcement personnel correlates with a reduction in the likelihood of robberies 
in urban counties. Estimations of the impact of opioid prescription rates on crime prove that opioid 
prescription rate is positively associated with all property crime categories in urban counties except 
expect motor vehicle theft. Furthermore, an upswing in the count of mental health providers is linked 
to a decrease in burglaries in urban areas. This analysis sheds light on the nuanced dynamics involving 
mental health, opioid abuse, and criminal activity, offering valuable insights for policymakers and 
practitioners alike.
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1. Introduction

According to the CDC’s definition, “mental health is the component of behavioral health that 
includes our emotional, psychological, and social well-being”. Therefore, mental health is a 
key part to overall health and is tightly associated to individuals’ physical health (CDC, 2025). 
An analysis of the US National Epidemiologic Survey on Alcohol and Related Conditions 
data by Van Dorn, Volavka, and Johnson (2012) found that people with serious mental illness 
were significantly more likely to commit a crime than people with no mental or substance use 
problems. This association between mental illness and violence is followed by researchers from 
many disciplines and the impact of mental wellness on crime is investigated by a number of 
researchers (Skeem and Mulvey, 2020; Cornaglia et al., 2014; Kury and Hebe, 2021; Odabasi, 
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2023a) A recent study including over 47,000 people reports that depressive symptoms and risk 
of violent crime are significantly associated with each other. 3.7% of men identified as clinically 
depressed committed violent crimes (Fazel et al, 2015). Similarly, Swanson et al.’s study based on 
more than 1,400 adult patients with mental disorders showed that nearly 19% committed violent 
crime during the last 6 months (Swanson et al., 2006).

A common thought is that there is a link between crime and drug abuse. Since 2010, there has been 
a significant increase in the use of prescription opioids for nonmedical purposes. According to 
statistics from the Substance Abuse and Mental Health Services Administration, nearly 11.5 million 
people take pain relievers for non-medical uses in the US (SAMSHA, 2019). While current research 
studies focus on the impact of opioid abuse on violence, crime literature is inconclusive regarding 
the impact of drug abuse on incidence of crime. In cases of violent crime, a statistically significant 
association between arrests and drug use is found (Donnelly 2021; Proctor and Kopak, 2022). On 
the other hand, their findings show that marijuana use may have an influence on the likelihood of 
being apprehended after committing these crimes. Similarly, Entorf and Winker (2008) provides 
an economic assessment of drug and incidence of violence in Germany within a Becker–Ehrlich 
model of crime supply. Their estimation with panel data from the German states indicates that drug 
offenses have a significant impact on property crimes such as robbery and theft.

It is important to note that while criminological literature considers that drug use and criminal 
activities are related to each other; the economic theory of crime has limited literature on the 
drugs and crime nexus. On the other hand, the studies in economic literature support the idea 
that higher prices are negatively associated with consumption of alcohol and illegal drug use 
(Scherbaum et al., 2021; Galenianos and Gavazza, 2017; Jacobi and Sovinsky, 2016).

The purpose of this study is to examine the impact of mental wellness and opioid abuse on the 
incidence of crime in U.S. counties. Opioids are a class of drugs that relieve pain, but they also 
carry a high risk of misuse, dependence, and addiction. This study addresses a research gap by 
examining how mental health and opioid prescription rate might influence the crime in urban 
counties, thereby contributing original insights into the intersection of crime literature and 
mental health economics. The remainder of this paper is organized as follows: Section 1 provides 
a review of literature on mental wellness, drug abuse, and crime. Section 2 provides a simple 
model of crime and theoretical background. Section 3 presents econometric methodology and 
data. Finally, the results and conclusion are discussed under section 4 and section 5.

2. Literature Review

2.1. Background on the Economics of Crime and Mental Well-being

Following Becker’s ground-breaking study (1968) on the economic aspects of crime, an increasing 
body of literature has centered on both the expenses associated with criminal activity and the 
factors that drive criminal behavior. (Gibbs et al., 2023; Bell et al., 2022; Kirchmaier et al., 2020).
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In 2011, the World Economic Forum (WEF) specified three approaches to estimate economic 
disease burden of mental health problems. One of the most commonly used approaches is the 
human capital approach, which estimates the economic cost of mental illness. Trautmann et al. 
(2016) indicate that indirect costs refer to the invisible costs which are related to disability, care 
seeking and loss of production due to work absence and early retirement. As reported by the 
WHO (2017), the cost of mental diseases to the world population is about $1 trillion in lost 
productivity each year.

The second commonly used approach is lost economic growth. The main idea behind this 
approach is that economic growth is related to labor and capital. An increase in healthcare 
expenditures and changes in saving rates and treatment costs can affect capital accumulation. 
Additionally, the impact of mental disorders on labor can be calculated only indirectly. In sum, it 
is possible to see that labor and capital are two factors of production that are likely to be negatively 
affected by mental health disorders. The final approach is related to Value of Statistical Life (VSL). 
The VSL method assumes that tradeoffs between money and risks may be used to estimate the 
risk of disability or death due to mental disorders (Trautmann et al., 2016).

A related question is whether mental diseases affect the economy by increasing incidence of 
crime. A total population study of 47,158 individuals conducted in Sweden explored the risks of 
violent crime in patients with mental disorders and aimed to estimate the association between 
mental disorders and violent crime in a cohort of twins (Fazel et al., 2015). Results show that after 
adjustment of familial, individual and sociodemographic factors, individuals with depression are 
more likely to commit violent crimes. In another study using a nationally representative online 
panel with 1,326 participants, McGinty et al. (2018) examine the link between serious mental 
illness and increased stigma. Data come from the March 2015 Current Population Survey and 
the 2012 American National Election Study. Results show that high crime rates and barriers to 
treatment have equal impact in increasing the public’s willingness to pay higher or additional 
taxes to improve the mental health system.

2.2. Background on Opioid Abuse and Crime

The economics of crime literature provides empirical evidences on violence may increase with the 
excessive consumption of illicit drugs (Odabasi, 2023b). Luca et al. (2015) examined the impact of 
alcohol prohibition on domestic violence against women in India. Using individual-level survey 
data, the authors found that alcohol prohibition can be an effective way to reduce both fatal and 
non-fatal crimes against women. The findings show that the prohibition of alcohol is associated 
with the reduction of 400 crimes against women per 10,000 people. This implies that nearly 
25% of the total crime against women in India can be reduced by alcohol prohibition. Another 
study was conducted by Dobkin and Nicosia (2009) by using monthly, county-level dataset. The 
authors examined the relationship between methamphetamine prices, methamphetamine use and 
crime outcomes in an econometric framework. Using panel data from 1994 to 1998, the authors 
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obtained two main findings. Firstly, the price of methamphetamine and methamphetamine use 
among arrestees are negatively related. The results show that as the price of methamphetamine 
tripled, methamphetamine use declined about 55%. Secondly, the authors found a statistically 
significant relationship between increase of methamphetamine consumption and robbery.

In addition to the impact of methamphetamine use on incidence of crime, Darke et al. (2010) 
provides a comparative rate of violence among methamphetamine and opioid users. To estimate 
the comparative levels of violence among methamphetamine and opioid users, a cross – sectional 
analysis was conducted. In the Sydney region of Australia, 118 methamphetamine users, 161 
heroin users and 121 regular users of both participated in face-to-face interviews. The findings 
indicated that across the whole sample, 82% had committed at least one violent crime and 74% had 
committed at least two crimes during the last 12 months. More particularly, the results show that 
methamphetamine users (51%) are more likely to commit a violent crime than opioid users (35%).

To the best of our knowledge, the present study is the first one to estimate the impact of mental 
health and opioid abuse in the incidence of crime for the United States in an economic framework. 
While the literature was not conclusive about the association of crime and mental health, the 
findings support that control variables such as education level, age, unemployment, and the number 
of law enforcement might be important factors which have an impact on incidence of crime.

3. Model

The analytical framework used in the present study is developed to seeks to examine the 
relationship between menal health related indicators and criminal activities Also, this study 
utilizes Dobkin and Nicosia’s empirical framework (2009). Including opioid use, mental health 
indicators and criminals’ characteristics provide us the following equation:
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Equation (1) presents a crime supply equation where 𝐶𝐶𝐶𝐶!" is the crime rate in 
county i, year t. 𝑀𝑀!" is the number of mental health providers, 𝑀𝑀𝑀𝑀 is the number 
of average mentally unhealthy days per year, 𝑃𝑃!" the opioid prescription rate, 
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼!" is the average physical inactivity rate per year, 𝐿𝐿!" is the number of law 
enforcement personnel, 𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈!" is the unemployment rate, 𝑀𝑀𝑀𝑀𝑀𝑀!" is the median 
household income, 𝐻𝐻𝐻𝐻!" is the high school graduation rate, 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃!" is the poverty 
rate, and 𝐷𝐷!" is the demographic variables which show the shares of population in 
particular age group and race. The error term  ε!"	covers the unobserved individual 
attributes. This model assumes crime rate is a function of opioid use, the number 
of mental health providers available in an area per 100,000, physical inactivity, 
the number of total law enforcement personnel, median household income, 
unemployment rate, high school graduation rate, and demographic indicators such 
as race, age, and gender (Table 1). 
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model to estimate the panel data (Burkhardt et al., 2019; Leslie and Wilson, 2020; 
Bondy et al., 2020). In the present study, the fixed effect approach is employed to 
estimate the equation (6). An important advantage of the fixed effect model is that 
it accounts for any unobserved time-invariant characteristics that can be correlated 
with the sum of the explanatory variables (Markowitz, 2005). 

For the data cleaning and merging phase RStudio programing is used, while 
regression analyses were performed with GRETL. 

3.1 Data 

For the analysis of the potential impact of mental health problems on crime, a 
panel dataset in 3142 U.S. counties during the period from 2012 to 2015 is used 
(Table 2). The study period was determined by data availability. The CDC 
provides opioid prescription data up to 2016, in addition to the other variables data 
availability, the upper limit of the time frame used in our analysis. The crime 
statistics used in this study come from the Federal Bureau of Investigation (FBI) 
Uniform Crime Reporting (UCR) Program (FBI, 2018). The FBI UCR gathers 
crime statistics from regional law enforcement agencies in the US. The dataset 
includes statistics on property crime including burglary, larceny-theft, motor 
vehicle theft and violent crime including murder, rape, robbery, and aggravated 
assault. In addition to crime and mental health indicators, the present study 
includes social and economic indicators. 

3.2 Dependent Variables 

The FBI UCR program provides statistics on the number of crimes that occur in a 
calendar year in urban counties. In this study, each crime category is calculated as 
a crime rate per 100,000 people by county. We benefit from the FBI’s method of 
separating urban and rural counties. 

Under violent crime, four crime categories are stated: murder, rape, robbery, and 
assault. The definition of murder excludes suicides, deaths caused by negligence 
and accidental deaths. 

The definition of rape includes sexual assaults and rapes by force. Robbery is 
defined as attempting or taking of anything by violence, force, threat of force or 
putting the victim in danger. The last crime type, aggravated assault, is defined as 
an unlawful attack or threatened assault with a weapon. 

Under property crime, three categories are stated: burglary, larceny-theft and 
motor vehicle theft. The definition of burglary includes any unlawful entry to 
commit a theft. Larceny theft is defined as any unlawful carrying, leading or riding 
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study, the fixed effect approach is employed to estimate the equation (6). An important advantage 
of the fixed effect model is that it accounts for any unobserved time-invariant characteristics that 
can be correlated with the sum of the explanatory variables (Markowitz, 2005).

For the data cleaning and merging phase RStudio programing is used, while regression analyses 
were performed with GRETL.

3.1 Data

For the analysis of the potential impact of mental health problems on crime, a panel dataset 
in 3142 U.S. counties during the period from 2012 to 2015 is used (Table 2). The study period 
was determined by data availability. The CDC provides opioid prescription data up to 2016, in 
addition to the other variables data availability, the upper limit of the time frame used in our 
analysis. The crime statistics used in this study come from the Federal Bureau of Investigation 
(FBI) Uniform Crime Reporting (UCR) Program (FBI, 2018). The FBI UCR gathers crime 
statistics from regional law enforcement agencies in the US. The dataset includes statistics on 
property crime including burglary, larceny-theft, motor vehicle theft and violent crime including 
murder, rape, robbery, and aggravated assault. In addition to crime and mental health indicators, 
the present study includes social and economic indicators.

3.2 Dependent Variables

The FBI UCR program provides statistics on the number of crimes that occur in a calendar year 
in urban counties. In this study, each crime category is calculated as a crime rate per 100,000 
people by county. We benefit from the FBI’s method of separating urban and rural counties.

Under violent crime, four crime categories are stated: murder, rape, robbery, and assault. The 
definition of murder excludes suicides, deaths caused by negligence and accidental deaths.

The definition of rape includes sexual assaults and rapes by force. Robbery is defined as attempting 
or taking of anything by violence, force, threat of force or putting the victim in danger. The last 
crime type, aggravated assault, is defined as an unlawful attack or threatened assault with a weapon.

Under property crime, three categories are stated: burglary, larceny-theft and motor vehicle theft. 
The definition of burglary includes any unlawful entry to commit a theft. Larceny theft is defined 
as any unlawful carrying, leading or riding away of property. Motor-theft is defined as a theft or 
attempt to theft a motor vehicle (FBI, 2018).

Table 1 shows the means and standard deviations of all of the variables for both urban counties. 
According to simple statistics, incidence of property crime (76.6) is nearly seven times more likely 
than incidence of violent crime (10.1) in urban counties. The statistics show that in both regions, 
murder has the lowest occurrence rate, and larceny theft has the highest possibility of occurrence.

Estimating the impact of mental wellness on the incidence of crime, the FBI’s Uniform Crime 
Reports (UCR) are used to obtain county-level crime statistics. The FBI UCR program provides the 
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number of crime statistics in each county. In the present study, the crime statistics are calculated as 
a number of crime occurrence per 100,000 in each county. The number of crimes in 100,000 people 
provides a better understanding about the density of criminal activities in each region.

3.3 Explanatory Variables

The second major component of our dataset is mental health related indicators: (1) Opioid 
prescribing rate, (2) physical inactivity rate, (3) mental health providers, and (4) mentally 
unhealthy days. The present study, the number of mental health providers per 100,000 is used 
to analyze the accessibility of help for mental disorders. The number of mental health provider 
statistics is obtained from the National Provider Identification (NPI) in accordance with the 
National Plan and Provider Enumeration System (NPPES). NPPES provider statistics may 
not fully provide actual provider availability, as the registry may include inactive providers or 
geographic misclassification. On the other hand, the NPPES system remains one of the most 
comprehensive national sources for provider data. The variable of mental health providers 
includes licensed clinical social workers, psychiatrists, psychologists, counselors, and family 
therapists. The association between physical inactivity and mental disorders is also discussed in 
previous literature (Sturm and Kohen, 2019). “Physical inactivity” data included in the present 
study show the percentage of the population who does not have time for physical activity. Physical 
activity statistics covers activities such as running, walking, golf, and gardening. The variable of 
“mentally unhealthy days” reports the chronic diseases in a population. This variable is obtained 
by the Behavioral Risk Factor Surveillance System (BRFSS). A survey is conducted to population 
over 18 years of age. BRFSS mental health statistics rely on self-reported “mentally unhealthy 
days,” which can be subjective and personal perception. (BRFSS, 2018).

A report released from the Bureau of Justice Statistics indicates that substance abuse is highly 
associated with increase in violence (BJS, 2008). In our study, the opioid prescription rate is 
included as another explanatory variable. The data come from the Centers for Disease Control 
and Prevention (CDC) (CDC, 2018). The CDC provides opioid prescriptions dispensed per 
100 persons per year at both state and county level. The data show the estimated rate of opioid 
prescriptions per 100 U.S. residents per year. Because of the prescription refills the statistics may 
be higher than 100 percent for some counties. In 2017, the CDC confirmed that the rates of 
drug overdose deaths have an increasing trend and have surpassed the rates of drug overdose 
deaths in urban counties. In addition, Keyes et al. (2014) found that increased sales of opioids in 
rural areas result in higher availability of opioids for nonmedical use. According to the authors’ 
findings, there are three main reasons behind the increased use of opioids: (i) there is an increased 
availability of prescription opioids, (ii) opioid use has a lower perception of harm than other illicit 
drugs, and (iii) opioids are often used to self-medicate for pain.

The next explanatory variable in the present study is the number of law enforcement personnel per 
100,000. The FBI UCR program defines the number of law enforcement personnel as those who 
ordinarily carry a firearm, have full arrest power, and are paid from governmental funds. In our 
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study, the number of law enforcement personnel data is obtained from the FBI Crime Uniform 
Program (FBI, 2018). Due to a problem of endogeneity between crime and the number of law 
enforcement personnel, it is likely to have biased results. To break down the endogeneity problem, 
an instrumental variable, “annual average police wage” from local governments, is employed. The 
annual average police wage data comes from the Bureau of Labor Statistics (BLS, 2018).

The common thought supports that the presence and availability of police protection is an 
important contributor to public safety. It is likely to have lower crime rate if the county residences 
provide more funding for public services.

Median household income, educational attainment, unemployment rate, poverty rate, and demographic 
indicators statistics come from the U.S. Census Bureau (The Census Bureau, 2018). Household income 
data includes the income level of householders who are 15 years and older. Median household income 
data are based on the average income distribution of all individuals. The data is calculated again by the 
changes in inflation rate with 2012 accepted as the base year. The Census Bureau Current Population 
Survey (CPS) provides information about county-level annual high school graduation rates. The ratio of 
the number of high school graduates to the population is calculated for each county.

The unemployment rate data are provided by The U.S. Census Bureau that measure the counties 
of the nation’s workforce, including labor force and unemployment rates. The poverty rate in 
each county presents the percentage of the individuals who have income less than poverty line. 
The poverty rate comes from the U.S. Census Bureau (The Census Bureau, 2016). According 
to the poverty statistics, Sioux, North Dakota has the highest poverty rate (40.4%) among 
nonmetropolitan counties. Lastly, as stated by Fazel et al. (2015), social – demographic factors 
have a significant impact on the occurrence of crime. To estimate the impact of gender, age, and 
race, nine demographic variables are included: percentage of population that identifies as African 
American, American Indian, Asian, other Pacific Islander, Hispanic, non-Hispanic, female, and 
population aged between 18 – 65 (see Table 2).

4. Estimation and Results

Tables 3 and 4 present the impact of mental health related factors and opioid prescribing rate on the 
incidence of violent and property crimes in urban counties. Table 3 presents five models for each violent 
crime, and Table 4 presents the four models for each property crimes. All the models are estimated by 
using fixed-effect approaches. The main advantage of the fixed-effect approach is that the fixed effect 
models can account for any unobserved time – invariant features that can estimate incidence of crime, 
and those may be correlated with some of the independent variables (Markowitz, 2005).

According to the results obtained from the fixed effect estimation, opioid prescribing rate is 
somehow surprisingly showing no statically significant impact on violent crime. On the other hand, 
the findings state that opioid prescribing rate is statistically significant and negative impact on the 
incidence of “all property crime”, “burglary”, and “grand larceny”. The coefficient of 0.055 for burglary 
shows that a one-unit increase in the opioid prescribing rate is associated with a 0.055-unit increase 
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in the burglary in urban counties, holding other factors constant. Similarly, the coefficient of 0.097 
for grand larceny indicates that a one-unit increase in the opioid prescribing rate is associated with 
a 0,097-unit increase in the burglary in urban counties, holding other factors constant.

It is important to note that there are some endogeneity issues with the estimations. To tackle down the 
endoeneity problem between the number of law enforcement personnel and crime, an instrumental 
variable: the annual average wages per employee by the local governments, is employed in the fixed-
effect estimations. The impact of the instrumental variable on the crime statistics is well-founded. Mas’s 
analysis shows that as the officers receive their salary demand, the arrest rate will increase. Additionally, 
if the officers lose arbitration cases, police performance will decrease (Mas, 2006). One of the main 
methodological concerns in this study is endogeneity. To address this, we first applied a Hausman 
specification test to detect the presence of endogenous regressors. In addition, a separate Hausman test 
was conducted to determine the appropriate econometric approach for the panel model. The significant 
result (p ≤ 0.001) indicated that the fixed-effects estimator was the most appropriate for our analysis.

Homoskedasticity is one of the key assumptions in panel data estimations. By performing a White 
test, it is expected to see if the squared residuals are related to the regressors or not. The null 
hypothesis states that the rrors are homoskedastic. The White test did not reject the null hypothesis, 
states that no evidence of heteroskedasticity in the model residuals (χ² = 12.4, p = 0.18).

Table 3 and 4 show the estimation results for the probability of violence in the urban counties 
of the U.S. The most salient result is that the number of mentally unhealthy days is positively 
associated with the incidence of rape, assault, and burglary. The number of mentally unhealthy 
days defines the burden of disabilities and chronic diseases in a population. The results show that 
a 1 unit increase in the number of mentally unhealthy days will increase the number of rapes 
by 8 per 100,000, assault by 66 per 100,000, and burglary by 131 per 100,000 in urban counties. 
Additionally, the physical inactivity rate shows positive association with assault, burglary, grand 
larceny, and motor vehicle theft. An increase in the physical inactivity rate increases the number 
of assaults by 10, burglary by 20, grand larceny by 37 per 100,000 population.

The estimation results provide evidence on the impact of the number of mental health providers 
on the urban area crimes. While an increase in the number of mental health providers helps 
to lower property crimes and burglary in urban counties, it does not show the same impact on 
violent crimes.

The FBI’s Preliminary Semiannual Uniform Crime Report, January – June 2017 reports that 
during the first six months of 2017, overall crime had a decreasing trend, though the number 
of murders increased by 1.5 percent (FBI, 2018). According to Rosenfeld’s recent study (2017), 
the rise in use of opioid painkillers was one of the strongest factors of the rise in overdose deaths 
(Fondevila, 2023). Our analysis also shows that there is a positive link between increased opioid 
use and property crimes but not violent crimes. The estimation results show that opioid use has 
a statistically significant impact on all property crimes, burglary and grand larceny but not on 
any other crime.
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As discussed previously, the model employed in the present study consisted of issues with 
endogeneity in the number of law enforcement and crime. One of the most common principles 
of deterrence theory is that an increase in the number of law enforcement personnel results in a 
decrease in the crime statistics. Empirical studies in crime literature employ several approaches 
to deal with these biased estimations. In our study, instrumental variable approach (IV) is utilized 
to tackle the potential endogeneity issue. The Quarterly Census of Employment and Wage data 
from the Bureau of Labor Statistics provides annual average salary statistics for justice, public 
order, and safety activities employees (NAICS 922) by local governments. The annual average 
wage per employee data is employed as an instrumental variable.

The results highlight that the number of law enforcement has a statistically significant impact 
on the robbery rates. In urban counties, each additional law enforcement employee decreases 
the robbery rates by 8 per 100,000 population, respectively. While one can see that any change 
in the number of law enforcement personnel has an impact on the robbery rates, it does not 
have an impact on the other crime categories. Previous crime literature provides similar findings 
(Fondevila, 2023).

Unemployment has the potential to motivate people to earn an income through illegal activities. 
The estimates in the tables support this common assumption. The strongest results are found for 
property crimes. A significant relationship between unemployment rate and property crimes of 
burglary, grand larceny, and motor vehicle theft was identified. A one percent point increase in 
the unemployment rate increases the burglary rate by 106 per 100,000. Similarly, an additional 
one percent point increase in the unemployment rate causes about 122 more grand larceny rate 
per 100,000. These estimated coefficients indicate that any change in the unemployment rate 
creates a stronger impact for crime motivation for property crimes in urban counties. Also, the 
unemployment rate has an impact on the incidence of murder and robberies.

Additionally, high school graduation is one of the strongest variables in our model. As stated by 
Lochner and Moretti (2004), schooling is one of the most significant factors which lowers the 
incarceration rate. Tables 3B and 4B show that with the exception of grand larceny and assault, 
an increase the high school graduation rate decreases the occurrence of crime in urban counties 
(Lochner and Moretti, 2004). The present study also provides evidence on the impact of demographic 
characteristics on urban area crimes. The share of native Hawaiian and Hispanic population has a 
positive association with the number of rapes, and female population density has a negative impact 
on the occurrence of rape in urban counties. On the other hand, the results do not provide any 
evidence on the impact of demographic indicators’ impact on increasing crime.

5. Conclusion

Mental health disorders have commonly been associated with incidence of violence. In addition 
to mental health problems, the opioid crisis in the United States has increased attention on the 
social and economic impacts of opioid misuse, in addition to its medical outcomes. Based on 
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this association between opiois prescribing rate, mental health, and crime, the main objective of 
this study is to determine whether better mental health outcomes can be used as a tool to reduce 
violence. This study aims to provide evidence on how mental health and opioid prescription rate 
are associated with crime in urban counties.

Following the rural–urban classification defined by the FBI, about 923 counties are included 
in the present study. A fixed-effects approach is employed to examine the extent to which the 
opioid prescribing rate and mental health–related factors affect the incidence of crime. The 
results emphasize the role of opioid prescribing rate, mentally unhealthy days, and high school 
graduation rate in crime prevention.

The results confirm that “number of mentally unhealthy days” and “number of mental health 
providers per 100,000 people” are two mental health related indicators linked to occurance 
of crime during the 2012-2015 in urban counties. These findings point out the importance of 
mental health problems in the occurence of crimes.

In addition to mental health related variables, estimations of the impact of opioid prescription 
rates on crime prove that opioid abuse is positively associated with all property crime categories 
in urban counties expect motor vehicle theft. This association may be explained by the economic 
and social stressors associated with opioid misuse, such as unemployment, poverty, and cultural 
norms, which can increase the likelihood of property crime.While several economic and social 
factors might be relating to the increase crime and opioid prescription rates, strong financial 
and behavioral pressures make property crimes more likely. Similarly, Giles and Malcolm (2021) 
report a strong positive association between property crime and the use of pain relievers, whereas 
the association with violent crime is relatively weak.

Another important finding points out the importance of education in reducing the incidence 
of violent and property crime in urban counties. The estimation results show that “high school 
graduation rate” is one of most significant socio-economic indicators included in the model. 
According to the results, counties with lower high school graduation rates tend to experience 
significantly higher levels of both violent and property crime. This suggests that educational 
attainment can serve as effective crime prevention strategies. Therefore it is expected to exhibit 
higher productivity in workforce and social coherence.

The results of this study can be used to provide empirical analyses to help policymakers reduce 
crime via mental health treatment. Policy makers should particularly focus on prescription 
monitoring, expanding access to addiction treatment services, and improving the availability of 
mental health care. It is important to note that an individual-level data and longer time period 
might provide better insights and more reliable results regarding the impact of mental health and 
opioid abuse on crime. Future studies should using individual-level data and longer time spans 
to yield more reliable evidence on the impact of mental health and opioid abuse on crime. An 
additional important point is about the potential overlap between opioid prescribing rate and 
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mental health related variables. However, the potential issue of multicollinearity may warrant 
further investigation in future research.

Lastly, opioid abuse and its impact has become a growing interest of the researchers. Investigating the 
relationship between crime and opioid use may motivate policy makers to reduce crimes in urban counties.
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Appendix
Table 1: Summary Statistics

Variables Mean Median Min Max
Demographics
African American 10.5 5.4 0 74.7
American Indian/ Alaskan Native 1.09 0.498 0 83.7
Asian 2.06 1.07 0 34.1
Native Hawaiian/ Other Pacific Islander 0.107 0.0616 0 2.42
Hispanic 9.51 4.68 0.3 95.6
Non-Hispanic 75.8 80.4 3.5 98.9
Female 50.4 50.6 34.1 58
Rural 41 32.9 0 100
Population aged 18-65 (percentage) 61.9 61.9 40.7 75.4
Opioid Prescribing Rates (per) 83.9 81 0 335
Physical Inactivity Rate (percentage) 25.4 26 0 43.5
Mental Health Providers (per 100,000) 160 30 0 24600
High School Education (percentage) 0.811 0.83 0 1
Mentally Unhealthy Days per year 3.31 3.4 0 7.2
Median Household Income 52.8 50.7 28.5 126
Unemployment Rate 6.62 6.3 2.2 27.4
Poverty Rate 14.99 14.60 3.30 40.40
Total Law Enforcement (per 100,000) 135 115 0 3290
Annual Average Police Wage 87389 93642 0 403624
Violent Crime (per 100,000) 94 55.5 0 2190
Murder (per 100,000) 1.34 0 0 64.4
Rape (per 100,000) 8.9 3.89 0 392
Robbery (per 100,000) 10.2 3.71 0 259
Assault (per 100,000) 72.5 39.1 0 1890
Property Crime (per 100,000) 735 538 0 12700
Burglary (per 100,000) 217 158 0 4320
Grand Larceny (per 100,000) 475 320 0 8270
Motor Vehicle Theft (per 100,000) 48.4 30.8 0 1020

Table 2: Definitions and Data Sources
Variables Definition Data Source

Opioid Prescribing Rates Retail opioid prescriptions dispensed per 100 
persons

U.S. Centers for Disease Control and 
Prevention

Number of mentally
unhealthy days

Number of self-reported days of poor mental 
health per year

The University of Wisconsin Population 
Health
Institute

Physical Inactivity Rate Percentage
The University of Wisconsin Population 
Health
Institute

Mental Health Providers Number of mental health treatment facilities 
per capita

National Plan and Provider 
Enumeration System
(NPPES)

High School Education High school completion rate U.S. Census Bureau

Total Law Enforcement Number of law enforcement personnel per 
100,000 FBI (UCR) Program
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Annual Average Police Wage  Annual wage rates for Justice and safety personnel U.S. Bureau of Labor Statistics
Median Household 
Income Median household income level U.S. Census Bureau

Demographics Percentage of population U.S. Census Bureau
Unemployment Rate Percentage of people not employed U.S. Census Bureau
Poverty Rate Percentage of people under poverty line U.S. Census Bureau
Violent Crime Number of violent crimes per 100,000 people U.S. Census Bureau
Murder Number of murder crime per 100,000 people FBI (UCR) Program
Rape Number of rape crime per 100,000 people FBI (UCR) Program
Robbery Number of robbery crime per 100,000 people FBI (UCR) Program
Assault Number of assault crime per 100,000 people FBI (UCR) Program
Property Number of property crime per 100,000 people FBI (UCR) Program
Burglary Number of burglary crime per 100,000 people FBI (UCR) Program

Larceny Number of grand larceny crime per 100,000 
people FBI (UCR) Program

Motor Theft Number of motor theft crime per 100,000 
people FBI (UCR) Program

Table 3: The Impact of Mental Health on Violent Crime in the US Urban Counties: Fixed Effect 
Regressions

Variables All Violent
Crime

Murder Rape Robbery Assault

Cons. 48.92 0.205** 2.621*** 2.383* 13.80***
(56.12) (0.087) (0.522) (1.865) (3.281)

Demographics
African American -0.778 0.409* 0.416 0.116 0.137

(4.301) (0.159) (0.809) (1.017) (5.003)
American Indian/ Alaskan Native 4.453 -0.656 3.133 -0.561 1.940

(14.83) (0.790) (2.805) (4.1003) (15.17)
Asian 7.921 -0.004 4.518 0.852 5.957

(16.45) (0.003) (2.742) (3.717) (13.09)
Native Hawaiian/ Other Pacific Islander -22.13 -0.178 17.81* 3.445 -39.81

(69.15) (1.990) (11.12) (13.87) (60.12)
Hispanic 17.94 -0.107 4.702* 0.133 10.31

(11.45) (0.943) (1.205) (3.624) (14.78)
Non-Hispanic 1.215 -0.436 -0.174 -0.107 1.687

(5.666) (0.199) (0.821) (1.557) (6.931)
Female 8.148 0.117 -3.001* -1.508 -1.671

(8.751) (0.297) (1.158) (1.996) (8.880)
Rural -0.650 -0.005 0.143 0.121 -0.345

(0.902) (0.002) (0.991) (0.141) (0.275)
Population aged 18-65 -9.931 0.351 -5.113 -1.113 -6.102

(10.44) (0.475) (3.651) (3.867) (13.96)
Opioid Prescribing Rates 0.044 -0.000 -0.002 -0.002 0.005

(0.091) (0.000) (0.002) (0.001) (0.007)
Mentally Unhealthy Days -3.715 0.008 0.084** 0.033 0.661**

(8.244) (0.007) (0.042) (0.069) (0.265)
Physical Inactivity Rate 0.522 0.001 -0.004 0.009 0.101***

(0.774) (0.001) (0.006) (0.009) (0.036)
Notes: Robust standard errors are reported in parentheses.
(*) p < 0.1; (**) p < 0.05; (***) p < 0.01.
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Table 3: The Impact of Mental Health on Violent Crime in the US Urban Counties: Fixed Effect 
Regressions (Continued)

Variables All Violent Crime Murder Rape Robbery Assault
Mental Health Providers -0.002 -0.000 -0.000 -0.000 -0.0004

(0.002) (0.000) (0.000) (0.000) (0.0002)
High School Education -50.94 -29.2*** -1.624*** -4.686*** -5.998

(52.01) (0.055) (0.330) (0.547) (2.075)
Total Law Enforcement -2.791 0.027 0.039 -0.008* -0.008

(5.068) (0.038) (0.148) (0.006) (0.290)
Median Household Income 0.241 0.0005 -0.004 0.02 -0.015

(0.444) (0.0007) (0.004) (0.03) (0.027)
Unemployment Rate 0.738 0.005** -0.019 0.056** 0.111

(1.151) (0.002) (0.015) (0.025) (0.097)
Poverty Rate 0.770 0.003 -0.014 0.031 0.058

(1.271) (0.001) (0.010) (0.018) (0.068)
R-squared 0.25 0.16 0.18 0.14 0.22
Observations 923 923 923 923 923
Notes: Robust standard errors are reported in parentheses.
(*) p < 0.1; (**) p < 0.05; (***) p < 0.01.

Table 4: The Impact of Mental Health in Property Crime in the US Urban Counties: Fixed Effect Regressions
Variables All Property Crime Burglary Grand Larceny Motor Theft
Const 15.2 26.71 80.06*** 8.894***

(26.59) (27.52) (17.97) (2.370)
Demographics
African American 9.001 1.489 9.754 1.761

(35.98) (13.88) (26.71) (1.954)
American Indian/ Alaskan Native -5.551 -14.10 -8.905 4.078

(123.9) (48.44) (60.90) (6.771)
Asian 109.1 25.09 56.89 7.442

(118.1) (37.09) (61.95) (7.961)
Native Hawaiian/ Other Pacific Islander 172.8 16.96 59.83 25.89

(444.9) (168.0) (245.4) (33.34)
Hispanic 47.89 9.807 40.96 6.219

(109.8) (41.08) (79.02) (8.007)
Non-Hispanic 31.48 11.325 17.67 1.997

(38.49) (17.19) (24.42) (2.707)
Female 40.61 0.791 -31.80 -8.859

(69.23) (29.88) (44.89) (4.612)
Rural 5.569 0.501 3.326 0.201

(5.980) (1.859) (4.561) (0.298)
Population aged 18-65 -37.88 -0.903 -20.22 -2.987

(118.9) (31.66) (44.32) (8.711)
Opioid Prescribing Rates 0.149*** 0.055*** 0.097** 0.002

(0.057) (0.016) (0.638) (0.005)
Mentally Unhealthy Days 2.416 1.315** 0.675 0.228

(2.148) (0.608) (1.451) (0.191)
Physical Inactivity Rate 0.595 0.203** 0.370* 0.057**

(0.294) (0.083) (0.119) (0.026)
Notes: Robust standard errors are reported in parentheses.
(*) p < 0.1; (**) p < 0.05; (***) p < 0.01.
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Table 4: The Impact of Mental Health on Property Crime in the US Urban Counties: Fixed Effect 
Regressions (Continued)

Variables All Property Crime Burglary Grand Larceny Motor Theft
Mental Health Providers -0.005*** -0.001 -0.004 -0.0002

(0.002) (0.000) (0.001) (0.0001)
High School Education -145.68*** -37.55*** -97.59 -13.20**

(16.81) (4,785) (91.35) (1,498)
Total Law Enforcement -12.97 -2.762 -10.52 0.353

(25.18) (5.810) (19.51) (0.747)
Median Household Income 0.322 -0.001 0.302 0.029

(0.219) (0.062) (0.408) (0.019)
Unemployment Rate 2.388*** 1.068*** 1.227 0.126*

(0.791) (0.224) (0.534) (0.070)
Poverty Rate 0.069 0.112 -0.092 0.084*

(0.556) (0.157) (0.375) (0.049)
R-squared 0.24 0.21 0.24 0.21
Observations 923 923 923 923
Notes: Robust standard errors are reported in parentheses.
(*) p < 0.1; (**) p < 0.05; (***) p < 0.01.


