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Abstract 

An understanding of the neighborhood effects of homeownership is essential when determining 

how to best direct community development efforts. This paper seeks to add to this understanding 

by estimating the impact of owner occupancy rates on violent crime. Using American Community 

Survey data and Baton Rouge Police Department arrest records, this paper estimates that a 1 

percentage point increase in homeownership rates results in a statistically significant decrease in 

violent crime incidents by 4.57% in relation to the East Baton Rouge average. Using geospatial 

data on lending institutions from The US Department of Housing and Urban Development and 

the US Census Bureau, instrumental variables are constructed which corroborate these results 

using a two-stage least squares analysis. 

 

Introduction 

This paper aims to deepen our understanding of the impacts of homeownership on neighborhood 

quality and community well-being. Homeownership has long been the foundation of the “American 

Dream,” and while Belsky (2013) found that fewer Americans view housing a safe investment 

following the Great Recession, the desire to own a home remains strong. Therefore, the significance 

of establishing the effects of owner occupancy are immediately apparent and have wide-ranging 

implications for both public and private investment. Furthermore, by isolating the impact of 

owner occupancy rates the basis of a clear causal relationship involving neighborhood effects can 

be established.1 

Community development efforts often stress the importance of homeownership as necessary to 

promoting sustainable development and revitalization. A 2006 US Department of Housing and 

Urban Development (HUD) publication, Ideas That Work, claims that “The benefits of 

homeownership do not end with the individual. Homeownership also benefits communities in 

 
1 The overwhelming majority of empirical evidence regarding the interaction of various neighborhood indicators, e.g. 

poverty, educational attainment, income, employment, housing cost burdens, demonstrate correlation, but fail to 

determine any motivational effects. 



myriad ways.” HUD does not expound upon the ways in which communities are enriched by 

increased rates of homeownership, however, potentially due to a lack of significant evidence 

indicating any specific benefits that can be directly tied to owner-occupancy rates.  

This lack of evidence is something noted by Haurin, Dietz, and Wienberg (2002) in their 

comprehensive review of theoretical and empirical assessments of neighborhood homeownership 

rates. They find that while the theoretical foundation suggesting that owner occupancy rates may 

have substantial neighborhood effects is reasonably established, empirical evidence is lacking. Even 

the accepted empirical understanding of neighborhood effects not directly related to 

homeownership exhibits geographic and spatial issues2 and suffers from an inability to determine 

the exogeneity of specific effects, they report. 

Using American Community Survey (ACS) data from 2013-2017 and Baton Rouge Police 

Department (BRPD) arrest records this paper aims to increase the body of empirical literature 

available on this issue. The choice of this data is deliberate and provides several advantages. ACS 

block group level data allows for a more precise look at neighborhood characteristics than relying 

on tract or zip level data. Additionally, Block (1979) has demonstrated the correlation between 

community violent crime rates and poverty, unemployment, and low rates of educational 

attainment, suggesting it as an appropriate indicator for neighborhood well-being. Combining an 

ordinary least squares (OLS) approach with instrumental variables (IV) this paper conclusively 

demonstrates a causal relationship between owner occupancy rates and violent crime rates. This 

casual effect of homeownership is demonstrated with a two-stage least squares (2SLS) approach 

using instruments based on geospatial data relating to mortgage financing and block group 

population concentrations establishing the exogeneity of owner occupancy. 

The remainder of this paper will proceed as follows: a brief review of available literature concerning 

this topic will be presented, and the reasoning behind the selection of OLS and 2SLS as 

identification strategies will be outlined alongside a rendering of the structural model developed 

for use here. Next, the data used to conduct this analysis will be discussed, addressing questions 

of sourcing and relevancy, and including the descriptive statistics which motivated this research. 

The results of this model will then be presented along with test statistics satisfying the significance 

of the findings. Finally, a brief summary containing policy implications will conclude this report.   

 

Literature Review 

There is relatively little empirical research on the impact of how individual neighborhood 

indicators interact with one another and manifest in aggregate neighborhood effects, and the body 

of literature devoted to homeownership is smaller still. One major impediment within this area is 

the difficulty of determining with precision the potency of a stimulus relative to any other. 

Weinberg et al. (2004) found that “neighborhoods can have a significant impact on individual 

 
2 Analyzing areas at a census tract or zip code level may not provide data with sufficient granularity to draw the 

most accurate conclusions.   



employment outcomes” but that individual effects, such as race, may overshadow neighborhood 

effects and confound a precise estimation of their impact. Brock and Durlauf (2002) propose a 

nested logistic regression model to address some of the endogenous confounding factors, but their 

focus is on how individual decisions are impacted by neighborhood effects, rather than how an 

exogenous change to one neighborhood statistic manifests itself in the community as a whole.   

That isn’t to imply that there is no research on how neighborhood indicators are related to 

community well-being. Mast (2010) finds a strong correlation between neighborhood indicators 

such as poverty, income, and crime, with general neighborhood quality at a census tract level. He 

does not, however, include owner occupancy rates in his analysis. A notable finding by Green et 

al. (1997) does link homeownership rates to increased high school educational attainment, up to 

9 percentage points for low-income households. Unfortunately, his findings are not as dramatic for 

incomes in higher quartiles.  

Some of the most rigorous analyses of homeownership and the impact it has on communities 

focuses on second order economic impacts using hedonic pricing models. After controlling for self-

selection, Coulson et al. (2003) found a willingness to pay for “Neighborhood Homeownership” to 

be about $5000 annually. That is, the marginal utility increase associated with a corresponding 

increase in neighborhood homeownership rates is estimated to be equivalent to $5000 per year. 

Corroborating this finding, Schwartz et al. (2006) estimate the impact of publicly subsidized 

housing to be increased property values, both in the area invested in, but in “spillover” areas as 

well. She and her coauthors indicate that the effect is greater in instances where owner-occupied 

homes are constructed, as opposed to rental properties. 

Actors in neighborhood development initiatives will be quick to point out, however, that an 

increase to property values risks displacing existing communities by pricing them out.3 Thus, 

empirical assessments tying homeownership rates to other neighborhood metrics are needed before 

the gap between theories indicating the social benefits of increased owner occupancy rates in a 

neighborhood and observed improvements can be definitively bridged.   

 

Empirical M odel 

The model developed for the purpose of this analysis is comprised of two significant components.  

First, multiple regression using OLS is conducted. The foundation of this analysis is the 

minimization of squared residuals; the difference between observed and predicted values given a 

predicted relationship between variables. This results in estimates of coefficients that suggest the 

nature and relative strength of the underlying relationship. To add robustness to results, and in 

 
3  Martin and Beck (2016) provide an in-depth look at how increased property values impact residential demographics 

suggesting that, while the effects are somewhat ambiguous, gentrification can lead to displacement, especially of 

residents who rent.  



an attempt to minimize omitted variable bias, control variables are included. The fully specified 

structural OLS model can be approximated as follows: 

Equation I. Structural OLS Model  

  

Respectively, these variables represent block group data for: violent crime rates, owner occupancy 

rates, median income, median property value, vacancy rates, employment rates, high school (or 

equivalent) educational attainment rates, bachelor’s degree or higher educational attainment rates, 

median selected monthly owner costs(SMOC)4 for housing units with a mortgage expressed as a 

percent of monthly income, median monthly gross rent5, and the median year of housing unit 

construction.6  

This linear approach is suitable for the first stage of analysis. To the right of the equation, linear 

measures are appropriate as the data economic theory suggests would benefit from logarithmic 

transformation is expressed as a median value and would not benefit from further transformation. 

On the left, transforming the rates of violent crime could account for skewed distribution, but no 

underlying theory indicates that these rates are best described using a particular distribution. 

Additionally, while much of the literature regarding crime rates uses the natural log, many papers 

analyze both logged and liner data, and Andreson (2014) suggests either may be appropriate in 

his comprehensive look on how to deal with geospatial crime data. Ultimately, while applying a 

logarithmic transformation may address heteroskedastic concerns, the methods necessary to deal 

with observations equal to zero negate the accuracy of the transformed rates, and treating them 

as unobserved introduces additional concerns. 

While the control variables included in this structural model are reasonably comprehensive, the 

very nature of data collection prevents an exhaustive list from being compiled. To minimize the 

impact of these inevitable omissions, fixed effects (FE) representing location and time7 are added. 

Mathematically, these fixed effects can be expressed within the general OLS equation as series of 

vectors and matrices. The reduced form of this FE model can be expressed as: 

Equation II. Reduced Form Model Including FE 

 
4 SMOC are defined by the US Census Bureau as: the sum of payments for mortgages, deeds of trust, contracts to 

purchase (or similar debts); real estate taxes; fire, hazard, and flood insurance on the property; utilities (electricity, 

gas, and water and sewer); and fuels (oil, coal, kerosene, wood, etc.). It also includes, where appropriate, the monthly 

condominium fee for condominiums and mobile home costs. 
5 Gross rent is the sum of rental payments and renter-paid utilities, as well as household fuels (oil, coal, kerosene, 

wood, etc.) paid for by the renter.  
6 Rates computed using US Census estimated block group population parameters. Dollar values expressed in 2018 

dollars using Bureau of Labor Statistics' Consumer Price Index Research Series.  

7 Zip code and year. 



Here  is a vector of control variables,  are vectors containing qualitative data on time and 

space, and  is a matrix of their interactions. The addition of these FE help capture any 

geographic spillover effects and render the resulting estimates consistent by removing unobserved 

heterogeneity. 

Second, the exogeneity of the independent variable of interest is established. To do so, a 2SLS 

identification strategy is adopted. The distance between mortgage lending institutions in the area 

of interest and their geospatial relation to block groups are represented by the inclusion of the 

instrumental variables: . These instruments were selected according to the underlying 

theory that they have some explanatory power over the instrumented variable, , but have no 

impact on the dependent variable, aside from second-order effects of their impact on . More 

precisely: instruments are correlated with the instrumented variable,8 and not correlated with the 

model’s error term.9 

Conceptually, 2SLS accounts for the portion of an independent variable correlated with the 

model’s error term. To do so,  is treated as a linear projection of itself calculated using all 

variables within the original structural model as well as the instrumental variables. That projection 

can be represented in relation to observed values as . This illustrates the separation 

of  into two parts, the first being the portion that is not correlated with the error term of the 

model, and the second being the portion which is. A second regression analysis is then conducted, 

using  in place of  and excluding instrumental variables. The estimates from this second 

regression can now be understood to capture the exogenous impact of  on . The two-

step method is established in equations III and IV. 

Equations III and IV. 2SLS Model  

III.  

IV.  

Where Γ is equal to a vector containing control variables and Π represents a matrix containing 

the model’s FE. 

It is important to note that this two-step method results in accurate estimates of beta values but 

treating predicted values as observations results in inaccurate standard errors. When using IV 

estimation in practice, a method determining estimates using a series of matrices results in 

accurate standard errors. 

  

 
8  

9 . 



Data 

The majority of the data10 used in this analysis is sourced from the 2013-2017 American 

Community Survey, an ongoing survey conducted by the US Census bureau that provides 

demographic and economic household information collated at a block group level. This degree of 

geographic aggregation is essential when it comes to community and neighborhood analysis, as 

increases in distance reduce the impact of our variables of interest while simultaneously allowing 

confounding factors to have a larger effect.11 And while Dubin et al. (1999) found that some 

indicators do exhibit spillover effects, selecting geographic aggregation units with relatively small 

areal extent allows for an analysis that acknowledges the negative relationship between distance 

and magnitude of effects while striking a balance between neighborhood and spatial impacts.      

Data on criminal arrests in Baton Rouge, Louisiana are made publicly available by the Baton 

Rouge Police Department.12 The crimes of violence used as indicators for this analysis follow 

Block’s 1979 indicators: assault, homicide, and robbery. The rationale behind this selection is 

twofold. First, the Bureau of Justice Statistics found that serious violent crimes such as aggravated 

assault and robbery were reported at rates above 60% for the years in which this analysis is 

interested, as opposed to reporting rates near 30% for property crimes, and homicide reporting 

rates are significantly higher. Second, there is a body of sociological theory that suggests 

neighborhood revitalization actually leads to an increase in petty criminal incidents. This may be 

because residents might be more likely to notify authorities to perceived wrong-doing as they begin 

to care more about their area or feel more agency when interacting with law enforcement. While 

a time series examination of neighborhoods across the US did not find this to be true (McDonald 

1986), it did see a reduction to personal crimes13 in areas that experienced urban revitalization, 

further suggesting that violent crime is a valid indicator. The rates are composed by year and 

block group, and expressed as rates per person in the block group in which they occurred. A 

uniform inflator of 1500 is applied to these rates to prevent regression coefficients from straying 

into the infinitesimal.14 When defining this variable in Equation V, let  and  represent the 

homicides, robberies, and assaults in block group “i” at time “t” and  the population in “i” at “t”. 

Equation V. Dependent Variable Definition 

 

The resultant number can be understood as the number of violent criminal incidents per capita 

per year, in a given block group, if all groups had a population of 1500. 

 
10 Owner occupancy rates, income, property value, vacancy rates, employment rates, educational attainment rates, 

selected monthly owner costs, gross rent, year of construction for housing units. 
11 Neighborhood effects are more discernible as areal context shrinks (Weinberg et al. 2004).  
12 With the exception of sexual crimes and crime committed by juvenile perpetrators. 
13 McDonald defined “personal crime” as robbery, rape, homicide, and assault. 
14 the mean value of block group population in East Baton Rouge Parish during the time period this analysis is 

concerned with is 1471.32 



Geospatial data used in this analysis is sourced from the US Census Bureau. Block group center 

points are obtained using the most current center of population data made available by the US 

Census. This is conceptually defined as the location in which a fulcrum must exist to perfectly 

balance a rigid two-dimensional surface representation in the shape of each block group if identical 

weights were placed so that each weight represents the location of a member of the population. 

Location coordinates for mortgage lending institutions were determined using a combination of 

HUD and Census data. A list of HUD approved mortgage lenders located in the Greater Baton 

Rouge Area was first complied, excluding servicers and originators engaging exclusively in 

financing multifamily dwellings as well as any lenders not open for the entirety of 2013 -2017.15 

This address information was then converted into location coordinates using the US Census 

Bureau Geocoder application.16 

While Dubin (1999) demonstrated the existence of negative spillover effects, Ellen and Voicu 

(2005) found significant spillover benefits. To capture possible spillover effects geographic fixed 

effects accounting for unobserved trends are determined by mapping census tracts to their 

respective zip codes. This is done using HUD-USPS ZIP Crosswalk Files. Using this resource, 

census tracts were mapped to the zip code in which the majority of the residential addresses were 

located, as determined by an average of all periods between January 2013 and December 2017.     

The two instruments used in this model deserve additional clarification on the rationale behind 

their creation and the significance of what they represent. Mortgage lending firm’s physical 

location is expected to have no effect on any variables of interest other than owner occupancy 

rates, rendering it an acceptable metric to base instrumental variables upon. While literature is 

limited, and primarily concerned with small business lending, there is adequate consensus that a 

lender’s proximity to a borrower both increases the chances of loan approval, and increases the 

interest rate faced by that borrower (Agarwal and Hauswald 2010). Furthermore, Degryse and 

Ongena (2005) found that lending institution spatial concentration is negatively correlated with 

interest rates. Therefore it logically follows that the indicators should be concerned with mortgage 

lending institution’s proximity to homeowners as well as to one other. The variable  

represents the standard deviation of the distances from lenders to block group population center 

points as shown in equation VI. It can be seen here that  for block group “i” is the squared 

sum of the differences in distance from “i’s” population center point and the mean value of these 

distances, divided by the total amount of lending institutions. This gives a general idea of the 

concentration of these lending institutions relative to block group “i.” The variable  is the 

number of lending institutions close to a block group, illustrated in equation VII. For the purposes 

of this model “close” has been defined as less than 3.468 miles from a block group’s center point. 

This number represents the median distance to the closest lender across all block groups in the 

area being analyzed, and generally agrees with Amel et al. (2008).17  

 
15 Available at: https://www.hud.gov/program_offices/housing/sfh/lender/lenderlist 
16 Available at: https://geocoding.geo.census.gov/geocoder 
17 Distance from institutions for mortgage lending, 25th percentile = 3 miles. 



Equations VI and VII. Instrumental Variable Definition 

Equation VI. Institutional Concentration Equation VII. Institutional Proximity 

clusteri = √
∑ (dist. ik − dist. i)2k=1

k
 

 

 

Descriptive Statistics 

The primary variables of interest in this analysis pertain to owner occupancy and violent crime 

rates. As can be seen in table II, violent crime rates are significantly lower in block groups with 

owner occupancy rates one standard deviation above the mean, this divergence constitutes the 

primary motivation for this analysis.  

Table I. Primary Variables of Interest 

Variable Observations Mean Std. Dev. Min Max 

 1,510 60.01561 26.89915 0 100 

 842 7.879421 8.966394 0 55.88674 

Variables: Owner occupancy and violent crime rates by block group. 

Sources: US Census Bureau, BRPD. 

 

While the mean value of violent crime in block groups with low owner occupancy rates is higher 

than the overall mean, the test statistic of 1.235 does not indicate a significant difference. However, 

within block groups with homeownership rates one standard deviation above the norm, violent 

crime rates are markedly lower, and the difference is highly statistically significant. 

Table II. Violence in Block Groups with Elevated/Depressed Levels of Homeownership 

Violence Violence if 
 

Difference T-stat Violence if 
 

Difference T-stat 

7.879421 

(8.966394) 

8.754201 

(9.429976) 

0.875 

(0.708) 

1.235 1.23722 

(2.264369) 

-6.642 

(0.909) 

-7.303* 

Violent crime rates in block groups with homeownership rates ± 1 standard deviation. 

*p<0.0001 

Sources: US Census Bureau, BRPD. 

 

Tables III and IV are concerned with control variables. In addition to the overview presented in 

table III, table IV continues presenting the divergence in neighborhood effects introduced in table 

II. As before, differences in control variables in block groups with elevated levels of owner 

occupancy rates are much more significant than those in areas with lower than average 

homeownership. This implies that increasing rates of owner occupancy may have a greater impact 

than decreases in homeownership. 

  



Table III. Control Variables 

Variable Observations Mean Std. Dev. Min Max 

 855 10.56633 9.096388 0 54.45544 

 855 89.65256 9.038405 48.96552 100 

 855 85.09376 12.43695 44.78178 100 

 855 30.36930 25.11213 0 100 

 855 1968.536 12.05737 1939 2005 

 826 45,534.20 30,327.90 9,206 211,342.3 

 784 161,999.4 117,532.7 31,038.62 1,145,356 

 741 892.6357 292.8859 381.1369 2,348.744 

 697 24.23759 8.734850 10 51† 

†ACS cost data reported as “50.0+” has been converted to 51 to allow for analysis. 

Variables: vacancy, employment, at least high school attainment, and college completion rates. Year of construction, 

income, property value, gross rent, SMOC costs/income medians. 

Source: US Census Bureau. 

 

Table IV. Control Variables with Elevated/Depressed Levels of Homeownership 

Variable Mean Mean where 
 

Difference Mean where 
  

Difference 

 10.56633 14.80180 4.235** 3.579635 -6.987** 

 89.65256 86.95272 -2.700* 95.31340 5.661** 

 85.09376 83.78007 -1.314 95.03417 9.940** 

 30.36930 31.26301 0.894 50.86239 20.493** 

 1968.536 1973.805 5.269** 1968.687 0.151 

 45,534.20 27008.02 -18526.180** 93658.05 48123.850** 

 161,999.4 160833.6 -1165.8 253391.0 91391.6** 

 892.6357 800.5753 -92.060** 1413.443 520.807** 

 24.23759 23.15843 -1.079 20.94646 -3.291* 

Control variables where homeownership rates are ± 1 standard deviation. 

** p<0.0001, * p<0.001 

Variables: vacancy, employment, at least high school attainment, and college completion rates. Year of construction, 

income, property value, gross rent, SMOC costs/income medians. 

Sources: US Census Bureau, BRPD. 

 

Table V continues describing the variables of interest by presenting an overview of the 

instrumental variables defined in equations VI and VII. It can be seen that the instruments’ 

correlation between the model’s error18 and the independent variable of interest satisfy both the 

exclusion and relevance conditions, respectively. Being indistinguishable from zero for the 

 
18 Residuals are calculated using the fully specified OLS model presented in equation II. 



former, and statistically different from zero for the latter at a 95% significance level justifies 

their use, indicating they are valid instruments. 

 

Table V. Instrumental Variables 

Variable Obs. Mean Std. Dev. Min Max   

 855 3.029991 .6333568 1.930938 4.666714 0.0606 

(0.1057)* 

0.0550 

(0.0325)* 

 855 1.578947 2.486126 0 11 0.0678 

(0.0701)* 

-0.0971 

(0.0002)* 

Instrumental variable overview including correlation and significance with fully specified model error and 

independent variable of interest. 

*p>|z|=0 

Variables: lending institution concentration, quantity of lenders close to a block group.  

Sources: HUD, US Census Bureau 

 

Results 

Results from various regression specifications can be found in Table VI. Coefficients on the primary 

variable of interest remain negative and significant for all specifications, although the standard 

deviation increases upon the addition of more controls. Of note is the coefficient on occupancy 

rates in the sixth specification, which is considerably larger, in absolute terms, than for any other 

specification.  

As previously indicated, the endogeneity of neighborhood effects with respect to one another 

confounds consistent estimation of their individual impacts. IV estimation allows for causal 

inferences to be drawn, by isolating the impact of homeownership from other neighborhood effects. 

Specification six establishes this impact. 

After controlling for omitted variable bias and establishing a causal relationship using instrumental 

variables, the exogenous impact of an increase to homeownership rates of one percentage point is 

estimated to decrease violent criminal incidents by 1 per every 4169 people. This coefficient can 

be put into further context by expressing it in relation to the mean value of violence.19 Doing so 

reveals that, on average, a one percentage point increase to owner occupancy rates will lead to a 

predicted 4.57% reduction in violent crime, ceteris paribus.  

The coefficients on variables representing college level educational attainment, the median year of 

housing unit construction, and selected owner’s costs in relation to income are also significant at 

all specifications. Without an additional identification strategy, however, their exogeneity in 

regards to  cannot be established.  
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Table VI. Estimated Coefficients (Std. Err. in Parentheses) 

Variable (1) (2) (3) (4) (5) (6) 

 
owner occupancy 

-0.0850*** 

(0.0099) 

-0.0969*** 

(0.0233) 

-0.0589*** 

(0.0095) 

-0.0861*** 

(0.0237) 

-0.0876** 

(0.0350) 

-0.3598*** 

(0.1196) 

 
percent empty 

 0.1277*** 

(0.0452) 

 0.1370*** 

(0.0455) 

 0.0494 

(0.0569) 

 
employment 

 -0.0061 

(0.0496) 

 0.0467 

(0.0546) 

 0.0612 

(0.0585) 

 
high school 

 0.0093 

(0.0440) 

 0.0633 

(0.0540) 

 0.0679 

(0.0532) 

 
4-year degree 

 -0.1002*** 

(0.0232) 

 -0.1476*** 

(0.0330) 

 -0.1772*** 

(0.0361) 

 
year built 

 -0.2074*** 

(0.0245) 

 -0.1229*** 

(0.0324) 

 -0.2022*** 

(0.0521) 

 
income 

 8.99e-06 

(2.27e-5) 

 2.7e-5 

(2.2e-5) 

 0.0002** 

(0.0001) 

 
property value 

 -1.17e-5*** 

(3.45e-06) 

 -1.19e-5*** 

(4.08e-06) 

 -1.94e-5*** 

(5.74e-06) 

 
rent & utilities 

 0.0004 

(0.0010) 

 -0.0003 

(0.0010) 

 0.0018 

(0.0015) 

 
SMOC/income 

 0.1647*** 

(0.0510) 

 0.2008*** 

(0.0556) 

 0.2601*** 

(0.0609) 

Constant 12.317*** 

(0.6940) 

419.895*** 

(47.0820) 

18.0520*** 

(1.6886) 

247.789*** 

(64.2693) 

  

Obs. 842 559 822 553 822 553 

R-squared 0.0638 0.4306 0.4176 0.5461 0.6682‡ 0.6784‡ 

FE† NO NO YES YES YES YES 

Instruments NO NO NO NO YES YES 

Estimated coefficients and standard error for all variables’ impact on violent crime across multiple specifications.  

†Fixed Effects include both temporal and geographic effects, ‡Uncentered R2  

*** p<0.01, ** p<0.05, * p<0.1 

Variables: vacancy, employment, at least high school attainment, and college completion rates. Year of construction, 

income, property value, gross rent, SMOC costs/income medians, geographic effects of zip code, temporal effects of 

year, lending institution concentration, lending institution proximity. 

Sources: US Census Bureau, HUD, BRPD  



Tests 

While the negative relationship between homeownership and violent crime is adequately 

demonstrated to be significant, a more detailed look at the robustness of the various models is 

fitting. In view of the significance of  in all specifications, it should come as no surprise that 

reported p-values for tests of joint significance return an f-statistic with a probability equal to 

zero at four decimals. What is of more interest is the relatively high and gradually increasing r-

squared values reported in Table VI for the models 2 and above. This is reinforces the concept 

that the relationship between these neighborhood indicators is suitably described using a linear 

relationship, and suggests the selection of controls and fixed effects are appropriate.  

When comparing these r-squared values, it is important to note that models 5 and 6 do not 

contain an intercept. This is a function of “partialling out” fixed effect regressors as well as the 

constant. This is done as the as the amount of exogenous regressors and excluded instruments is 

such that the robust covariance matrix is not of full rank. Partialling out FE and the constant 

allows for generalized method of moments and over-identification testing. Thus, the r-squared 

value reported for 5 and 6 is calculated without this “partialling out” for the express purpose of 

comparisons regarding goodness of fit relative to other specifications and should be understood 

as such. 

Perhaps more importantly, test results regarding the use of instrument variable regression can be 

found in Table VII. As one of the more notable findings of this model is determination of 

exogeneity of homeownership these results demand considerable attention. The first test reported, 

a Lagrange Multiplier (LM) test, is concerned with the relevancy of the instruments with a null 

hypothesis that the equation is under-identified. The rejection of this null indicates that the matrix 

is full column rank, and the model is appropriately identified. 

Table VII. 2SLS Tests of Identification. 

Kleibergen-Paap rk LM  statistic 

Chi-squared(2) p-value 

27.36 

0.0000 

Cragg-Donald Wald F statistic 12.80 

Kleibergen-Paap rk Wald F statistic 12.20 

Hansen J statistic 

Chi-squared(1) p-value 

2.180 

0.1398 

Stock-Yogo weak ID test 10% maximal IV size 19.93 

Stock-Yogo weak ID test 15% maximal IV size 11.59 

Stock-Yogo weak ID test 20% maximal IV size 8.75 

Stock-Yogo weak ID test 25% maximal IV size 7.25 

Instrumental variable assessment, satisfying questions of exclusion, relevancy, and under-identification.  

 



The two f-statistics reported, Cragg-Donald and Kleibergen-Paap, are measures of weak 

identification. Bound et al. (1995) point out multiple problems associated with weak instrumental 

variables, with increased bias and lack of consistency of estimators being some of the most 

concerning.20 These tests, based off of the eigenvalue of the matrix analog of the f-statistic derived 

from the first-stage regression21 are generally understood to require a minimum value of 10 to be 

considered adequate (Staiger and Stock 1994). Both of these statistics clearly satisfy that 

requirement, but Stock and Yugo (2002) provides another manner in which to determine the 

potential bias in the model. A comparison of the Cragg-Donald Wald statistic with the reported 

maximal IV size allows for a determination that this estimation is at most 15% biased, and can 

be considered valid. 

Concluding the tests specific to IV regression, the Hansen J-statistic is a measure of over-

identification based on the Sargan-Hansen test, consistent in the presence of heteroscedasticity 

and intended for use with robust standard error calculation. The null hypothesis here is that 

instrumental variables are uncorrelated with the error term, . The statistic and p-value of 2.18 

and 0.1398 indicate that we cannot reject the null, the instruments are specified correctly and 

excluded appropriately. 

In addition to the tests addressing IV estimation, the tests assessing the relative homoscedasticity 

of this model were also conducted. Potentially due to the clustering exhibited by the variable

, both tests resulted in the rejection of the null hypothesis of homoscedasticity at all 

reasonable significance levels. These results are reported in table VIII. 

Table VIII. Test of Homoscedasticity  

Pagan-Hall Test Statistic 

Chi-sq(11) p-value† 

36.853 

0.0001 

White-Koenker n(R2) Test Statistic 

Chi-sq(11) p-value† 

56.916 

0.0000 

Model error distribution tests, where H0: Disturbance is homoscedastic. 

†Tests conducted using model 6, absent the inclusion of FE.  
 

It is important to note that the tests of homoscedasticity were not conducted using the fully 

specified IV model. Due to technical limitations, fixed effects and their interactions were omitted. 

The inclusion of these additional variables, however, is highly unlikely to resolve any 

heteroscedastic issues, and should cast no doubt on the conclusions of these tests. It is entirely 

reasonable to assume that the fully specified IV model presented as model 6 would not satisfy the 

conditions necessary for homoscedasticity. 

 
20 Robust regression techniques can increase accuracy of estimates by reducing standard errors, but is generally 

ineffective in the case of weakly correlated instruments. 
21 Shown in equation III 



The presence of homoscedasticity does present some shortcomings for this model. Using robust 

estimation techniques resolves some of these issues, but the estimators reported in table VI are 

not statistically efficient.22 While they remain unbiased23 and consistent,24 the sampling error of 

these estimators is not the lowest possible. While this model would benefit from addressing the 

resultant heteroscedasticity, concerns arising from the possibility of this sample not being fully 

representative in no way negates the validity of the reported estimates.  

One method commonly used to render unruly data less heteroscedastic is the application of a 

natural log transformation. As mentioned previously, a significant portion of the academic 

literature regarding crime rates uses this transformation when analyzing data. However, when 

constructing this model, the loss of data accompanied by this method raised concerns regarding 

the ability of the findings to be generalized. Nonetheless, in the interest of addressing 

heteroscedastic concerns a replication of the previously described model with the inclusion of a 

logged dependent variable is produced here for comparison. This model is functionally identical to 

the two-stage method described in equations III and IV, where equation VI is replaced with the 

following equation: 

Equation VIII. Stage 2 Regression with Logged Dependent Variable. 

  

An analysis conducted using this model was performed and the results may be found below. 

Table IX. Impact of Owner Occupancy Rates on Logged Violent Crime (Model 7). 

Variable Obs. Coefficient  Robust Std. Error P>|z| 

 
owner occupancy 

452 -.0298801 .0126431 0.018 

Estimated coefficient of owner occupancy rates on logged violent crime rates. All fixed effects, instrumental variables, 

and control variables included in the fully specified model are included in the estimation of this coefficient. 

Coefficients on control variables remained directionally consistent at the same level of significance as model 6 in table 

VII. 
 

This coefficient can be interpreted as follows: an increase in owner occupancy of one percentage 

point results in an estimated 2.94% decrease in violent crime rates in block groups that already 

experience violent crime. It is important to note that the omission of block groups with no violent 

crime reported is a byproduct of logarithmic transformation. This results in model concerned only 

with areas where crime already exists. As a result, the predicted decrease in violent crime is not 

as notable as model in model 6, but the magnitude remains comparable and the direction identical. 

 
22   

Where 𝜏 represents expected value of the observed Fisher information, given unbiased estimation. 

23  

24  



While the findings of model 7 corroborate the results of the previously conducted analysis, test of 

identification bear reporting to reinforce its validity. As before, all test statistics regarding 

identification are sufficient to indicate that the model is properly identified, although slightly more 

bias may be present in this model. These statistics are reported in table X.25 

In addition to the identification test statistics described in table X, test statistics relating to the 

distribution of the error term are also reported. It can be seen that model 7 satisfies the Pagan-

Hall test for homoscedasticity but fails to satisfy the White-Koenker test. This could be due to 

the nature of the heteroscedastic disturbance being imperfectly captured by the Pagan test or 

could be due to the more restrictive White test resulting in a type 1 error. Model 7 appears to 

exhibit less signs of heteroscedasticity albeit with a corresponding decrease in overall 

generalizability.  

Table X. Natural Logarithm of Violence (Model 7) Tests Statistics. 

Kleibergen-Paap rk LM  statistic 

Chi-squared(2) p-value 

28.232 

0.0000 

Cragg-Donald Wald F statistic 11.449 

Kleibergen-Paap rk Wald F statistic 11.335 

Hansen J statistic 

Chi-squared(1) p-value 

2.366 

0.124 

Pagan-Hall Test Statistic 

Chi-sq(11) p-value† 

10.416 

0.4934 

White-Koenker n(R2) Test Statistic 

Chi-sq(11) p-value† 

31.368 

0.0010 

Instrumental variable assessment and model error distribution tests for model 7 (2SLS regression on the natural log 

of violent crime incidents) satisfying questions of exclusion, relevancy, and under-identification. 

†H0: Disturbance is homoscedastic, tests conducted absent the inclusion of FE. 

 

This general agreement between models 6 and 7 reinforces the primary findings of this analysis. 

The retention of zero-value observations in model 6 renders the findings drawn from it to be more 

readily generalized, and these findings are further substantiated by all other specifications.  

 

Conclusions 

As previously established, a clear causal link between homeownership rates and violent crime has 

immediate and expansive policy implications. The findings of this analysis, that an increase of one 

percentage point to homeownership rates results in a statistically strong decrease in violent 

criminal incidents of 1 per every 4169 people, suggest that policy makers and activists are well 

served by focusing on encouraging homeownership as a means of revitalizing disinvested 

 
25 A graphical comparison of residuals between model 6 and 7 can be found in the appendix. 



neighborhoods. This is consistent with the economic theory presented by Cox (1982) that 

homeowners display greater neighborhood activism due to the increased transaction costs related 

to moving and agrees with Logan and Molotch (2007) that homeowners exhibit greater attachment 

to their neighborhoods than renters. 

While the findings of this analysis are consistent with underlying theory and robust to multiple 

specifications, every model determined here would benefit from additional methods of dealing with 

heteroscedasticity. The author welcomes further analysis based off of this model, or an extension 

thereof.  

Regardless, by determining the exogenous nature of owner occupancy rates this model addresses 

the “chicken or the egg” question inherit in analyzing neighborhood effects. Selection of data for 

years 2013-2017 also acknowledges the changing nature of homeownership following the 2008 

housing crisis. This conforms to the suggestions of Rhoe and Lindblad (2013) in their analysis of 

homeownership and its social benefits, and indicates that while the nature of the housing market 

may have changed, there are still significant benefits of owner occupancy. Determining the 

exogenous stimulus of owner occupancy, and adding to the body of research conducted post-

housing crisis, this paper aims to contribute to the conversation regarding this important topic.  
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 Appendix 

Graph I. Equation IV (Observed Violent Crime Rates) Residuals. 

 

 

Graph II. Equation VIII (Natural Log of Violent Crime Rates) Residuals. 

 


