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The Effect of Crime on Healthcare Utilization 

A Panel Data Approach 

By 

Christian R. Eiler 

The University of Wisconsin-Whitewater, Year 2017 

Under the Supervision of Dr. David Welsch 

This paper utilizes a behavioral model proposed by Andersen (1968) as motivation and a unique 

dataset compiled from three sources to test the effect that non-contemporaneous crime has on 

health care utilization. Using the Arellano-Bond estimation technique, results suggest that crime 

from the previous year and three years prior significantly decreases healthcare utilization. 

However, further investigation suggests that the effect is stronger in more urban counties with 

the third lag of crime being statistically significant and there is no evidence of an effect in 

smaller counties. Policy prescriptions are put forth that include safety vans for the ill in larger 

counties. 

vi.



1. Introduction

Health economics and the economics of crime have been studied extensively. Yet, the 

two of them have not been studied together relatively as frequent as other interdisciplinary 

topics. Joint examination of these topics has huge research potential and can have important 

implications such as explaining the health disparities in the U.S. People who live in high crime 

areas may not utilize healthcare services as frequently as they should. This may also help 

understand socio-economic disparities in health as those who live in high crime neighborhoods 

tend to be the poor and minorities. The few studies that do examine this relationship tend to lack 

a theoretical justification for their motivation and modeling techniques. This paper will aim to 

add to the literature on the costs of crime by combining the two topics by utilizing a theoretical 

justification for analysis and methods. This paper will examine the impact that non-

contemporaneous crime has on healthcare utilization (HCU) using a regional study approach. 

The focus will be on lags of crime rather than contemporaneous crime because 

victimization is not the mechanism of interest. Though it is possible that a victim might seek out 

care eventually due to stress induced injuries, it is not the immediate injury of the crime that is 

the direct cause. An individual might seek out care due to crime if stress and a sedentary lifestyle 

harms them as they become less willing to travel. Likewise, if the risk of running into a criminal 

is perceived to be a greater cost than the risk associated with not leaving the safety of one’s 

house, then HCU would be expected to decrease. The latter is the suggestion of this paper, with a 

near one-to-one tradeoff between criminal activity and HCU three years later. 

By providing insights into the relationship between crime and HCU, possible 

prescriptions can be enacted to increase social welfare. To determine which prescriptions to 



enact, a thorough understanding of the relationship must be understood. If the relationship is not 

understood, a faulty policy prescription could harm individuals and lower social welfare. A 

relationship between crime and HCU should also be considered when doing a cost-benefit 

analysis of possible crime lowering policies. Currently, most of the attention for crime reduction 

policies is spent on finding the optimal level of policing and incarceration. This optimal level 

may change when other costs, such as reductions in health and HCU are factored in. The 

direction and magnitude would change such cost-benefit analysis, and therefore provides a 

motivation for researching the relationship. 

The rest of the paper is structured as follows: Section 2 introduces the theory that 

serves as motivation for the empirical methods, Section 3 discusses previous literature, 

Section 4 discusses the data, Section 5 presents the methodology and models, Section 6 

offers a presentation of the results, and Section 7 discusses the results, and Section 8 

concludes. 

2. Theory

There have been relatively few papers that examine the relationship between health and 

crime due to the interdisciplinary nature of healthcare and crime. This paper utilizes a behavioral 

model (BM) proposed by Anderson (1968) as motivation and a unique dataset compiled from 

three sources to test the effect that non-contemporaneous crime has on HCU. There are three 

components in the BM that lead to HCU.  

First, there are predisposing characteristics, which can be defined as things that 

determine the willingness for an individual to seek out medical care, if it is of low cost. For 

example, culture is considered a predisposing characteristic. Culture may play a role in 
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determining beliefs about the efficacy of conventional health care compared to alternatives. 

These differences could make certain individuals less likely to seek out medical attention if their 

belief structure holds a less positive certainty about modern medical treatments. 

Secondly, there are enabling characteristics which include how accessible hospitals are 

and whether or not an individual has insurance. These are characteristics that lower the cost of an 

individual seeking out medical care. An individual cannot see a doctor if there are no doctors 

available, or if it is cost prohibitive.  

Lastly, there is the need for health care treatments that lead to HCU. An individual may 

believe that modern medicine is effective and may have access, yet will not go see a doctor 

unless there is a perceived or evaluated need for treatment. 

Crime could affect HCU through two mechanisms in the BM. Crime could lead to a need 

for health care, since as neighbors become less trustworthy of each other. This could make them 

less willing to expose themselves to potential harm by going outside and participating in healthy 

activities, as well as an increase in stress. This may not only affect health through a sedentary 

lifestyle and stress, but also an accumulation of neglecting preventive care. This would lead to a 

decrease in health over time, creating a need for HCU in the future. There is the tautological 

argument that being a victim of violent crime will create a need for medical attention. This is 

why the focus is on non-contemporaneous crime. If the amount of crime exclusively fits within 

the predisposing characteristics, one could argue that as crime increases, individuals are less 

willing to go outside and seek out medical care because doing so might put them in a vulnerable 

situation.  
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Crime could also enter the BM through the predisposing characteristic. Crime may be 

thought of as part of the societal aspect of an area. And, crime may affect an individual’s trust for 

their neighbors. If this fear becomes too great, the perceived cost of travel to the hospital may 

outweigh the cost of seeking out care. 

The theory can be formalized by stating that HCU is a function of predisposing 

characteristics, enabling characteristics, and need: 

𝐻𝐶𝑈(𝑝, 𝑒, 𝑛) 

and HCU goes into the individual’s utility function, 𝑈(𝐻𝐶𝑈). HCU can consist of the amount of 

times and individual goes to the doctor’s office for a health related visit. However, utility may 

also be a function of safety where the final form of utility follows the equation: 

𝑈(𝐻𝐶𝑈, 𝑆) 

where safety, S, is a variable consisting of having a level of safety in one’s home or risking harm 

by venturing out. Crime here can be thought of as an exogenous cost of HCU. Therefore, the cost 

function may follow the form: 

𝐵 = 𝐸[𝐼𝑛𝑗𝑢𝑟𝑦 𝑓𝑟𝑜𝑚 𝐶𝑟𝑖𝑚𝑒] ∗ 𝐻𝐶𝑈 + 𝐸[𝐼𝑛𝑗𝑢𝑟𝑦 𝑓𝑟𝑜𝑚 𝑆𝑒𝑑𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛] ∗ 𝑆 

where B, the budget, can be thought of as tolerance to harm. The costs of both safety and HCU 

are probabilities of getting injured from either encountering a criminal or not participating in 

healthy activities. HCU in this context would be hospital visits. If the utility is assumed to be 

well-behaved convex, then the cost of HCU and cost of a sedentary lifestyle can determine which 

share of HCU and safety is optimal. 

3. Literature Review
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The behavioral model has been adapted before in empirical analyses. In a meta-analysis 

of prior research by Babitsch et. al. (2012), common controls that fit within the three driving 

characteristics were highlighted. This meta-analysis identified 16 studies between 1998 and 2011 

that used the behavioral model, and the most common control variable in the studies was age. 

Other common controls include: education, ethnicity, health insurance, having an established 

family doctor, and evaluated health. However, since most papers that utilize the BM rely on 

survey data rather than regional data, having a family doctor cannot be included in my paper's 

regressions. The analysis of the sixteen papers did not state whether the BM was robust, but 

rather looked to describe the different methodologies that are used to implement the theory to 

empiricism. 

Stafford et al. (2007) suggested that there is relationship between the fear of crime and 

health. They estimate both a model using the least squares estimation technique as well as a 

logistic model. The measurements utilized in Stafford et al. the limitations where mental health is 

measured through survey where respondents who score a certain number are declared at risk of 

mental disorder. Stafford et. al. therefore, also assumes that all mental disorders are similar or 

have a similar relationship to crime. The authors also acknowledge the limitations to using 

surveys to measure the fear of crime. "The use of surveys to measure fear of crime has 

limitations, because many attitudes toward crime and wider social trends can be captured by 

items purporting to capture fear of crime." (Stafford, Chandola, & Marmot, 2007). This suggests 

that there may be a bias since individuals who report being afraid of crime may actually be 

reporting a social bias. They also attempt to measure the impact of crime on physical health by 

using the CASP-19 Quality of Life measure. Crime had a positive impact on both mental and 

physical health, but the largest impact came from areas with the highest crime. There is a major 

5



 
 

 
 

issue with this paper however. The respondents of the survey are all civil servants. The reported 

relationship may come from the fact that civil servants must act to keep their areas safe. If an 

area has high crime, the civil servant may react as if they failed their job. This sample bias poses 

an issue for this paper. 

Mathis et. al. (2015) investigate fear of crime in older adults living in urban 

neighborhoods and variations in their self-reported health. They analyze this by using survey 

data to form a regression model and make inferences. They show that there is a statistically 

significant impact of health on the fear of crime. Seniors who report a lower health are 21% more 

likely to report a fear of crime when controlling for ethnicity, gender, marital status, education, 

and environmental factors according to Mathis et. al. (2015). The issue with this paper is that the 

sample is limited to 217 older individuals living in Flint Michigan. The authors also only include 

white and black individuals which may bias the results. The paper does, however, suggest a 

statistically significant relationship between health and crime. The paper also provides a concern 

in the research question addressed by this paper. If there is heterogeneity in health that leads to 

different reactions to crime, there may be endogeneity in the model proposed by this paper 

through how much an individual cares about crime or there may be reverse causality. This will 

be addressed later. 

The most related research study to the question of this paper is done by Foster et. al. 

(2016), where the authors examine the impact of the fear of crime of mental health and find an 

opposite effect as Stafford (2007). The authors use a mixed effects model to examine the 

longitudinal effect of crime on psychological distress in Perth, Australia. They utilize data 

provided by RESIDE survey between the years of 2007 and 2011. The survey is only collected 

twice for those individuals, which could bias their results as the effect of crime on mental health 
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may have varying impacts across time, and not accounting for the impact between those years 

could bias the results. However, the authors find that there is not a bidirectional relationship 

between mental health and crime (Foster et. al. 2016). This suggests that mental health leads to a 

fear of crime but not the other way around. This is in agreement the findings of with Rooks and 

Kruger (2015). However, the method of checking statistical significance across two different 

models with switched variables of interest and dependent variables does not provide a check 

against endogeneity. They also found that the cross-sectional relationship between crime and 

psychological distress was positive and significant. One thing to note is how psychological 

distress is measured in the paper. They use the Kessler-6, which provides an at-risk measure of 

mental health disorders, however it does not provide a reliable measure of severity of the mental 

health disorder nor the type. This is similar to Stafford et al. (2007). With great heterogeneity 

amongst mental health disorders, the latent assumption in this paper is that all psychological 

disorders are the same and therefore have a homogenous impact on and from crime. 

None of the above papers use regional data, but rather utilize survey data. Ousey (2017) 

utilizes county level data in order to attempt a common explanation amongst crime and negative 

health outcomes. Ousey gets data on 524 counties in 2000 from the FBI's Uniform Crime 

Reporting unit, the Center for Disease Control's WONDER system, and the U.S. Census. Ousey 

then estimates three different models with the same dependent variables. One model's dependent 

variable is crime, another model has sexually transmitted infections as the dependent variable, 

and the third model has infant mortalities as the dependent variable. Generally, the coefficients 

are estimated to have the same directional impact across the three different models.   

4. Data
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County level data for this paper comes from three sources. All the data are regional, 

collected at the county level and spans the decade from 2000 to 2010. The number of hospitals 

and hospital admissions was extracted from the Area Health Resource Files' data access tool. The 

tool aggregates data from multiple sources including the Center for Disease Control. The total 

number of hospital admissions is measured by the number of times that persons are admitted to a 

hospital. This could end up counting the same person multiple times if they are admitted multiple 

times. This is not an issue since the question of this paper regard HCU and not the number of 

people that utilize hospitals. 

Demographic and educational data came from the household survey that is reported by 

the American Factfinder of the Census Bureau. The data of interest was the percentage of ethnic 

groups in each county as well as median income, educational attainment (percent below high 

school diploma, percent of high school graduates, and percent of bachelor's or higher), and 

percent of the county's population that is below the age of forty-five. 

Crime data is collected from the FBI's Uniform Crime Reporting Unit. This was the main 

limiting factor for the amount of observations. Not all jurisdictions either collect or report their 

data to the FBI. Therefore, there are a lot of counties that are not present in the dataset. This 

creates a limited regression model. Though it is limited, it is still a representation of the 

population. The descriptive statistics can be found in Table 1. 

One issue with the data, is that there are no Native Americans included in the regression 

sample. This is a result of the Census Bureau collecting data for tribal areas while the FBI 

doesn't keep crime statistics for these counties. All means of the sample fall within one standard 

deviation of the population data other than the percentage of the population that is Hispanic and 

education which are within two standard deviations. There is a second issue, that more rural 
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counties are under-represented. This can be seen in Figure 1. The counties are broken into five 

categories defined by the Census Bureau. Metropolitan counties are defined as either large, 

medium, or small depending on the size of the urban cities. There is also micropolitan and 

noncore counties. These are the rural communities. The figure shows that there is a 

disproportionate drop in the number of noncore counties represented in the regression. This is 

not a surprise due to the fact that crime reporting is not mandatory, and rural counties may not 

see crime reporting as important if it is not perceived to be prevalent. This will be investigated 

further with extra regressions that break the counties into metropolitan and non-metropolitan. 

5. Models

Since the underlying theory for the models estimated in this paper rely on the BM 

proposed by Andersen (1968), variables that control for three broad categories must be included. 

In order to control for predisposing characteristics, demographics, educational levels, income, 

and age are included. This is an attempt to control for culture and belief structures about medical 

care. In order to control for enabling characteristics, the amount of hospitals in a county and the 

percentage insured are included. Need characteristics create an issue. It may be argued that other 

controls may capture need characteristics, such as the percentage of those who are obese in a 

county. However, including a control such as obesity rates does not capture every reason that 

individuals may need care and assumes that obesity is the only reasons that an individual would 

utilize health care. For that reason, it seems more parsimonious to use the lag of hospital 

admissions. However, since this is also the dependent variable, econometric issues arise while 

using the lag of the dependent variable with the panel nature of the data.  

5.1 Fixed Effects Model 

9



 
 

 
 

One way to work around this issue is to not include it in the models. This is done with a 

fixed effects model. The models follow the form: 

 𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡 = 𝛽0 + ∑ 𝛽 𝑐𝑟𝑖𝑚𝑒𝑖𝑡
𝑡−1
𝑡−3 + 𝜌𝑿𝒊𝒕 + 𝜃𝑾𝒊𝑡 + 𝛼𝑖 + 𝜏𝑡 + 𝜀𝑖𝑡 (1) 

where 𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡 is the amount of hospital admissions in county 𝑖 at time 𝑡, 𝑐𝑟𝑖𝑚𝑒𝑖𝑡 are 

lags of total crime by years, 𝑿𝒊𝒕 is a vector of enabling characteristics that include the amount of 

hospitals in the county and the percentage of the county's population that has insurance, 𝑾𝒊𝑡 is a 

vector of predisposing characteristics that include the percentage of the population that is under 

the age of 45, the population estimate provided by the Census Bureau, the unemployment rate, 

the median income of the county, demographic controls that includes the percentage of the 

population that is black, the percentage of the population that is hispanic, the percentage of the 

population that is Asian, and the percentage of the population that is the remaining non-white 

ethnicities, educational controls that includes the percentage of the population that has a high 

school degree or equivalent and the percentage of the population that has a bachelor's degree or 

higher, 𝛼𝑖 are the county level fixed effects, 𝜏𝑡 are the time fixed effects, and 𝜖𝑖𝑡 is the 

idiosyncratic error. The issue with estimating this model is that they do not perfectly follow the 

theoretical model as they leave out a measure of need for medical care, an important part of the 

BM. 

5.2 Lagged Dependent Variable Model 

In order to include previous hospital admissions, a lagged dependent variable model is 

estimated via pooled OLS. Therefore, the model follows the form: 

𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡 = 𝛽0 + 𝛽1𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡−1 + ∑ 𝛽 𝑐𝑟𝑖𝑚𝑒𝑖𝑡
𝑡−1
𝑡−3 + 𝜌𝑿𝒊𝒕 + 𝜃𝑾𝒊𝑡 + 𝜏𝑡 + 𝜀𝑖𝑡 (2) 

10



where 𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡−1 is the lag of the hospital admissions. This model does not account for the 

county level fixed effects. This prevents any Nickell bias but it doesn’t include the county level 

unobserved heterogeneity. 

Nickell bias comes from endogeniety that is forced when a lag of the dependent variable 

is included in a fixed effects model. This is easiest to see in a first difference model which is a 

special case of the fixed effects model. Consider the model: 

𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡 = 𝛽(𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡−1 𝑋𝑖𝑡 𝑊𝑖𝑡) + 𝜖𝑖𝑡 

𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡−1 = 𝛽(𝑍𝑖𝑡 𝑋𝑖𝑡 𝑊𝑖𝑡) + 𝜈𝑖𝑡 

where hospital admissions is the dependent variable of interest, the endogenous variable or 

vector of endogenous variables is in this case the lag of hospital admissions, 𝑊𝑖𝑡 and  𝑋𝑖𝑡 are 

vectors of controls, 𝛽 and 𝜃 are vectors of coefficients, 𝑍𝑖𝑡 is a set of instruments, and 𝜖𝑖𝑡 and 𝜈𝑖𝑡 

are the error terms. It should follow that 

(
𝜖𝑖𝑡

𝜈𝑖𝑡
) ∼ 𝑁 ((

0
0

) , (
𝜎𝜖

2 𝜎𝜖𝜈

𝜎𝜖𝜈 𝜎𝜈
2 ) = ∑) 

where the upper and lower triangles of the variance covariance matrix, ∑, is equal to zero. 

However, endogeneity arises when they are non-zero which implies that something in the error 

term is driving the data generating process. One common cause is omitted variables, but in the 

fixed effects, including the lag of the dependent variable can cause it too. Consider the following 

within transformation of a first difference: 

𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡 − 𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡−1

= 𝛽1(𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡−1 − 𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡−2) + 𝛽2(𝑿𝑖𝑡 − 𝑿𝑖𝑡−1)  + ∆𝜖𝑖𝑡 
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𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡−1 − 𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡−2 = 𝜃1(𝒁𝑖𝑡 − 𝒁𝑖𝑡−1) + 𝜃2(𝑿𝑖𝑡 − 𝑿𝑖𝑡−1) + ∆𝜖𝑖𝑡−1 

where it necessarily follows that the 𝑐𝑜𝑣(∆𝜖𝑖𝑡, ∆𝜖𝑖𝑡−1) = 𝜎𝜖𝜈 ≠ 0. This was extended from the 

first difference to a 𝑡 > 2 fixed effects model by Nickell (1981). 

 In order to address the Nickell bias, an instrument is utilized. Instruments are required to 

have two characteristics. The first characteristic is that the instrument needs to be related to the 

endogenous variable or 𝜌𝑍𝐸 ≠ 0. The second characteristic is that the instrument cannot be 

related to the population error term in the structural equation. One instrument that would meet 

the first characteristic needed in the instrument is to use 𝑌𝑖𝑡−2 which was proposed by Anderson 

and Hsaio (1981), however that it is correlated with the differenced error terms. The problem 

with using the lag as an instrument is that the dependent variables are likely to be related to each 

other from one year to another, making 𝑌𝑖𝑡−2  related to the difference error terms. Therefore, it 

is often better to use the differenced lags as an instrument. The efficacy of the instruments will 

be tested using a Sargan overidentification test. The Sargan test runs a regression of the residuals 

from the second stage on the vector of covariates in the first stage. It then tests for joint 

significance amongst the instruments. 

5.3 Arellano-Bond 

A dynamic model is estimated in order to include the unobserved heterogeneity, and 

include the lag of the dependent variable, as proposed by Arellano and Bond. The Arellano-Bond 

method allows for the dependent variable to be lagged in the fixed effects model by 

instrumenting for the lag with differenced previous lags. This leads to a first stage that follows 

the form: 
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𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡−1 = 𝛽0 + 𝛽1∆𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡−2 + ∑ 𝛽 𝑐𝑟𝑖𝑚𝑒𝑖𝑡

𝑡−1

𝑡−3
+ 𝜌𝑿𝒊𝒕 + 𝜃𝑾𝒊𝑡 + 𝛼𝑖 + 𝜏𝑡 + 𝜀𝑖𝑡

The second stage, or structural equation, follows the form: 

𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡 = 𝛽0 + 𝛽1𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡−1
̂ + ∑ 𝛽 𝑐𝑟𝑖𝑚𝑒𝑖𝑡

𝑡−1

𝑡−3
+ 𝜌𝑿𝒊𝒕 + 𝜃𝑾𝒊𝑡 + 𝛼𝑖 + 𝜏𝑡 + 𝜀𝑖𝑡

where all the variables are defined as in equation 1 and equation 2, but 𝐻𝑜𝑠𝑝𝐴𝑑𝑚𝑖𝑛𝑠𝑖𝑡−1
̂  are the 

estimated values from the first stage. This is the model that both fits the theory, and takes 

advantage of the power of fixed effects. The assumption of the Arellano-Bond model is that the 

differenced error terms are not serially correlated. This is tested with an AR-test.  

There is also a concern that urban counties may be driving the effect in the regressions. 

To check for robustness, across urban and non-urban counties, two extra regressions were run. 

Counties were divided into different classifications of size according to the Census Bureau. The 

categories were large metropolitan, medium metropolitan, small metropolitan, micropolitan, and 

noncore. A regression with counties that were small metropolitan and larger was ran as well as a 

regression of smaller counties. 

Three lags are used because a deterioration of health may take a long amount of time. 

Originally, five lags were used, but no lags beyond three were significant. All models presented 

in this paper use the same sample as the Arellano-Bond with five lags to remain consistent and 

compare models across the same data.  

6. Results

Table 2 presents the main findings of the paper. Column (1) is the results from the 

Lagged Dependent Model Variable, Column (2) is the results from the Fixed Effects Model, and 
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Column (3) presents the results from the Arellano-Bond Model. The coefficients of interest are 

the effects of the three lagged terms of crime on hospital admissions. All coefficients of the 

lagged crime in the three models are graphed in Figure 2 for a visual comparison. 

The direction of the coefficients on the lags of crime in Fixed Effects Model suggest a 

negative association between crime and HCU with a coefficient of -0.494 and significance at the 

10% level. However, as crime is lagged beyond one year, the coefficient becomes positive with 

the second lag having a coefficient of 0.495 being significant at the 10% level. People may react 

to recent crime with a fear to travel. As time proceeds, the lack of travel may result in poor 

health and a buildup of stress. This would eventually force individuals to seek out medical care 

cancelling out the negative of the first lag. The coefficient on the third lag is not significant. This 

means that neither magnitude nor direction of the effect, if any, can be inferred.  

None of the coefficients on the lags of crime in the Lagged Dependent Variable model 

are significant. This suggests that crime has no effect on HCU, and since this model is 

theoretically justified, it may be tempting to accept the results. However, this model does not 

have the econometric benefits of a fixed effects model. 

The Arellano-Bond model shows consistency amongst the lags of crime. All coefficients 

on the lags of crime are negative. The first and third lag on the Arellano-Bond model with the 

first being significant at the 10% level and the third at all common levels of significance. The 

coefficient of the first lag is -0.995 and the coefficient on the second lag is -0.821. This suggests 

that crime can have a lasting effect on individuals' willingness to travel to the hospital. 

Individuals are most likely weighing the probability of harm from travelling as being greater than 

the harm of a sedentary lifestyle. The mechanism of the BM that crime appears to fit into is the 

predisposing characteristics. Individuals are unwilling to seek out care after crime has occurred 
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even three years prior. This is in line with the findings of Stafford et. al. but also shows that the 

results expand to realized crime and not just perceived crime. 

Coefficients on lags of crime in the Arellano-Bond model are all below the absolute value 

of one. Therefore, it would seem that the magnitude of the effect is relatively small when 

compared to other factors in the models. This is not the case since it is a near one to one trade off 

in both the first lag and third lag. Also, if there is a one standard deviation increase in crime in an 

area, then the effect would be quite large. 

The assumptions of the Arellano-Bond model were also tested and resulted with the 

Sargan test having a p-value of 0.23. This is good news for the model since the null hypothesis is 

that the instruments are valid and that cannot be rejected. The Arellano-Bond model also 

assumes that there is no serial correlation between the differenced errors. This was tested with an 

AR test and the result of the first three lags of the differenced errors can be seen in Table 3. The 

results suggest that the assumptions of the model are met. 

For the robustness check, the regression that consists of larger counties has coefficients 

which the third lag remains significant and negative with a coefficient of -1.03 and a robust 

standard error of 0.341. The first lag is no longer significant with a coefficient of -0.742 and a 

robust standard error of 0.553. The smaller counties have no significant coefficients on the lags 

of crime. Due to the lack of significance in the rural regression, it may be that crime is a health 

issue in urban areas whereas small areas are not affected by it. This is an interesting result and 

has policy targeting implications. Coefficients on the lags of crime can be found in Table 4. The 

AR test results can be found in Table 5. Table 5 suggests that only the larger counties meet the 

assumptions of the Arellano-Bond model. 
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7. Discussion 

If crime has a negative effect on hospital admissions in urban areas, it could be that 

individuals are weighing their probabilities of further injury due to crime as being greater than an 

evaluated injury due to stress and lack of movement. This implies that there is a cost to seeking 

medical care that is larger than the cost of not seeking care when expectation of crime is high. 

This ties health issues to crime, possibly not just through direct victimization but through other 

societal mechanisms. As individuals become less trusting of their neighbors, they will shelter 

away from them more often and not buy certain services that otherwise would be purchased, 

including healthcare. Though it is beyond the scope of this paper, it may be individuals 

vulnerable who are choosing to stay sheltered in their home and responding to the crime in a 

negative way as suggested by Foster et. al. (2016).  

This paper provided evidence that healthcare utilization should be considered when 

attempting to do a cost-benefit analysis of a policy aimed at affecting crime in larger areas. It is 

possible that areas that already have stressed healthcare systems could see an increase in 

utilization if crime is reduced. This paper doesn’t suggest that such areas should forgo attempting 

to reduce crime, but rather include the financial cost of increasing healthcare availability.  

Decreasing crime has typically been advocated for, but another implication of this paper 

could be direct healthcare policy. One policy prescription could be to develop outreach programs 

from hospitals that focus some efforts on crime ridden areas. A proper prescription might be one 

that encourages and educates those that live in high crime areas of the safest route to take to the 

nearest hospital. Another possible policy prescription might be to provide safety vans for those 

that would like to safely travel to the hospital. This has been done on college campuses before 

and could be expanded to larger areas that have experienced high crime rates.  
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8. Conclusion 

This paper suggests that non-contemporaneous crime has a negative impact on HCU in 

larger areas. This may not only have implications for policy, but also the targeting of such 

policy. Politicians should consider all of the effects of their proposals including the effect that 

reducing or ignoring crime can have on the healthcare industry (which is a large and growing 

industry). This paper proposed one way to look at the effect of crime on the industry and utilized 

methods that strengthen this papers suggestions. 

The strength of this paper compared to previous literature, is that it looked at actual crime 

rather than perceived threat of crime, and it was theoretically justified. More research that links 

health and crime is needed due to the comparatively low number of papers that do exist 

researching both together. This may prove to be difficult due to the fact that crime reporting is 

non-existent in a lot of smaller counties. This creates a lack in the ability to examine the 

relationship between crime, health or other topics. This can make policy decisions difficult to 

make for such areas. Not only should more investigations on the effects of crime happen, more 

papers that study the subject need to have a theoretical justification. 
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Appendix 

Table 1. 

Figure 1. 

Figure 2. 

Variable Mean Stand. Dev. Min. Max. Mean Stand. Dev. Min. Max.

Hospital Admissions 14,696.80    53,688.19    0 283,748.00     19,368.33    37,361.45    0 283,748.00     

Median Household Income 49,212.21    11,403.94    17,843.00 107,250.00     43,743.30    9,913.53      17,843.00 100,493.00     

Percent Insured 81.00            5.00 63.50          95.00 81.95            4.95 63.50          92.20 

Unemployment Rate 7.55 3.71 2.00            29.70 5.63 2.05 2.00            22.90 

Percentage White 80.83            12.93            18.90          97.40 80.56            12.57            26.40          97.80 

Percentage Black 9.48 12.12            0.10            73.60 3.24 8.27 0.10            64.20 

Percentage Asian 2.79 3.18 0 25.50 0.94 2.19 0 21.60 

Percentage Pacific 0.17 0.20 0 2.40 0.03 0.11 0 0.90 

Percentage Native American 0.65 3.68 0 65.40 0 0 0 0

Percentage Hispanic 7.08 10.84            0.10            77.00 0.54 0.92 0.10            9.30 

Percentage Other 2.71 3.79 0 25.80 1.53 3.47 0 25.80 

Population Estimates 173,013.60 241,840.10 24,324.00 3,145,515.00  164,893.90 285,284.60 24,324.00 3,010,759.00  

Percentage Under 45 Years Old 61.00            7.00 34.00          78.00 60.32            5.85 40.46          78.32 

Percentage Less than HS 12.72            6.06 1.20            35.20 6.85 13.64            1.20            35.20 

Percentage HS or equilivant 25.68            6.16 8.70            42.40 14.05            26.66            9.20            50.50 

Percentage Bacholers or Higher 27.84            10.01            9.80            60.90 12.01            27.13            9.80            59.80 

Crime 1,965.21      3,843.93      0 40,568.00        2,037.65      3,981.51      0 40,568.00        

Population Included in Regressions

Table1. Descriptive Statistics
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Table 2. 

 

 

 

 

 

Variable

Lagged 

Dependent 

Model

Fixed 

Effects

Arellano-

Bond

Lagged Hospital Admissions 0.95*** 0.315

(0.023) 0.242307692

First Lag of Crime -0.218 -0.494* -0.995*

(0.290) (0.290) (0.599)

Second Lag of Crime 0.193 0.495* -0.136

(0.316) (0.296) (0.68)

Third Lag of Crime 0.246 0.187 -0.821***

(0.246) (0.445) (0.312)

Amount of Hospitals 317.3** 3111.9*** 3802.8***

(134.449) (928.925) (1118.470)

Median Household Income 0.00994 -0.0316 -0.0707

(0.008) (0.041) (0.075)

Percentage Insured 563.9 4948.3 5731.2

(1253.111) (5208.736) (5117.142)

Unemployment Rate -6.314 75.55 114.3

(21.772) (78.697) (85.939)

Percentage Black† 5.083 19.01 21.12

(14.119) (27.955) (16.629)

Percentage Asian† -296.9* -333.6 353.4*

(157.925) (300.540) (210.357)

Percentage Hispanic† -25.32 36.43 -213.4

(25.836) (24.449) (139.477)

Percentage Other † -17.85 15.82 -87.36

(68.653) (113.00) (101.581)

Percentage HS or Equivilant‡ -11.14 -8.27 -6.867

(7.328) (17.229) (25.433)

Percentage Bacholers or Higher‡ 28.69** 15.72 -12.37

(14.637) (27.578) (37.484)

Population Estimate 0.00121 0.00378 0.0468

(0.002) (0.037) (0.043)

Percentage Under 45 Years Old 2090.6* 145.9 2271.8

(1142.404) (7295.00) (9877.391)

Year 2007 144.4 428 552

(240.667) (509.523) (613.333)

Year 2008 -151 373.6 444.2

(212.676) (485.194) (555.25)

Year 2009 -214.7 213 397

(255.595) (495.348) (863.043)

Year 2010 432.2* 461.6 660.5

(248.390) (397.931) (449.319)

constant -2539.2** 6387.4 -4843.3

(1197.735) (8404.473) (9686.600)

N 1268 1268 1268

reference groups are percentage white† and percentage below HS‡

robust standard errors in parentheses

* p<0.10, **p<0.05, *** p<0.01

Table 2. Regression Results
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Table 3. 

Table 3. AR Test 

Order z p-value 

1 -1.7505 0.0800  

2 .2084 0.8349  

3 .95569 0.3392  

 

Table 4.  

 

Table 5. 

 

 

 

Variable Larger Counties Smaller Counties

First Lag of Crime -0.7423 4.0583

(0.553) (2.788)

Second Lag of Crime -0.3242 0.0029

(0.741) (0.923)

Third Lag of Crime -1.0342*** 0.3736

(0.341) (0.504)

controls . .

N 524 744

Robust standard errors in paranthesis

* p<0.10, ** p<0.05, *** p<0.01

Table 4. Arellano-Bond by Size of County

Order z p-value z p-value

1 -1.7151 0.0863 -0.96265 0.3357

2 0.21797 0.8275 -0.81794 0.4134

3 0.99848 0.318 -0.5826 0.5602

Larger Counties Smaller Counties

Table 5. AR Test
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