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Abstract 

Prior studies of spatial crime patterns often 

turn to the U.S. Census administrative units as 

proxies for neighborhoods. We know less about the 

feasibility of using areal interpolation methods to 

help estimate neighborhood-level regression models. 

We used ArcGIS Pro spatial interpolation methods 

to create neighborhood estimates of socioeconomic 

characteristics based on the Census data. Then, we 

examined the relationship between neighborhood 

characteristics, including racial heterogeneity, 

residential mobility, immigration, and concentrated 

disadvantage, and crime at several levels of analysis. 

We demonstrated that the spatial interpolation 

methods can offer reliable and accurate estimates of 

neighborhood measures when socioeconomic data are 

only available at the Census block group and tract 

levels. Moreover, we found a significant association 

between concentrated disadvantage and crime at all 

levels of analysis. This study has important 

implications for social and systems science research 

with focus on area characteristics to predict spatially 

distributed outcomes, including crime. 

 

Keywords: Areal Interpolation, Crime, Census Block 

Groups, Census Tracts, Neighborhoods 

1. Introduction  

Spatial analysis is used in many disciplines that aim 

to examine the spatial patterns and processes of various 

phenomena, such as population, environment, crime, 

health, and urbanization. For example, the field of 

criminology has focused on the role of space for nearly 

two centuries, with earliest examinations of crime 

patterns across space found in the works of Andre´-

Michel Guerry and Adolphe Quetelet in the early 

1800s (Guerry, 1833; Quetelet, 1842). Spatially 

informed research relies on geographic data and 

methods, such as geographic information systems 

(GIS), spatial statistics, and spatial analysis. The 

advancements in computing technology, including 

greater availability and accessibility to softwares and 

hardware, have made spatial analysis methods in 

general and crime mapping in particular grow more 

complex over time. At the same time, connections have 

been made across disciplines that made complex 

spatial analyses more accessible, especially with the 

utilization of open softwares like RStudio and QGIS 

and the rich online communities and forums that 

discuss the softwares. 

However, this body of work also faces some 

challenges, such as the choice of the spatial unit of 

analysis, the availability and quality of spatial data, and 

the validity and reliability of spatial models. Bursik 

and Grasmick (1989) presented a number of challenges 

found in studies of neighborhoods and crime, including 

but not limited to how to define the boundaries of 

neighborhoods. On the one hand, conceptualizing the 

neighborhood boundaries in terms of the residents’ 

definitions of where their neighborhoods begin and 

where they end would allow researchers to capture the 

social and spatial dynamics of neighborhoods and their 

role in crime. On the other hand, there are no 

systemically collected data on the income, housing, 

educational attainment, and similar characteristics for 

neighborhoods, presenting us with the challenge of 

data limitations at this level of aggregation. As a result, 

due to the difficulty of obtaining data on households at 

the neighborhood level, researchers must rely on 

alternative sources of data that are more readily 

available and consistently gathered across different 

geographic areas. 

This is where the U.S. Census data fill the void. The 

U.S. Census Bureau divides the country into various 

geographic units for statistical purposes. The smallest 

unit is the census block, which is a group of contiguous 

addresses bounded by visible features such as streets 

or waterways. The largest unit is the ZIP code, which 

is a five-digit code assigned by the US Postal Service 
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to identify areas for mail delivery. 

The findings of some prior studies seem to imply 

that the best measure is dependent upon the research 

questions and data a given researcher has at the time of 

the study. We believe that there is some merit to the 

data availability question, which seems to also confirm 

that prior studies have made some methodological 

sacrifices as a result of data availability. Thus, in this 

study we first assess the feasibility of applying spatial 

analytic methods commonly used in geography to the 

study of crime in the neighborhoods to overcome the 

limitations of the prior studies due to lack of data 

availability at the neighborhood level. Then, we 

estimate spatial areal interpolation models that 

examine the role of neighborhood characteristics in 

crime to demonstrate the feasibility of this approach 

for the spatial social and systems science research. 

2. Literature Review 

2.1. Neighborhood definitions 

Prior research points out the difficulties in reaching 

a consensus on the definition of a neighborhood and 

which boundaries to impose for aggregation of data to 

answer the best unit problem (Andresen, 2014; Foster 

and Hipp, 2011; Hart and Waller, 2013; Hipp, 2007; 

Logan, 2012; Spielman and Logan, 2013; Taylor, 

2012). When residents draw the area that represents 

their neighborhood, the boundaries offered always 

differ between participants even if their neighborhoods 

contain the same landmarks (Hart and Waller, 2013; 

Logan, 2012; Spielman and Logan, 2013; Taylor, 

2012). To illustrate, Hart and Waller (2013) asked 

study participants to draw the boundaries that best fit 

their neighborhood and found the boundaries to be 

different because each participant drew around their 

home as the center point. Such participant-centered 

neighborhoods are known in the literature as 

egocentric neighborhoods because they are based on 

the resident home location around which the 

neighborhood stretches, subjective to each resident 

rather than based on the social structure of the 

neighborhood they reside in (Logan, 2012; Spielman 

and Logan, 2013; Taylor, 2012). The complications in 

operationalizing neighborhood boundaries has led 

researchers to use proxies for neighborhoods. 

The most commonly used proxies for 

neighborhoods are census tracts (Grubesic and Durbin, 

2020; Liu and Martinez, 2019; Logan, 2012; Miles et 

al., 2015; Vogel, 2015; Wooldredge, 2002), followed 

by census blocks and block groups (Bader and 

Ailshire, 2014; Hart and Waller, 2013; Konkel et al., 

2019; Logan, 2012; Nesoff et al., 2019; Peng et al., 

2021; Taylor, 2012; Twinam, 2017; Wei and Grubesic, 

2017). The less commonly used are the ZIP code 

(Foster and Hipp, 2011; Hipp, 2007; Logan, 2012; 

Matisziw et al., 2008; Peng et al., 2021; Tita and Rodil, 

2010) because ZIP code polygons are not only large in 

size but are an arbitrary geographic designation for the 

purposes of US Postal Services mail delivery 

(Grubesic, 2008). Their utility is not well matched with 

political, social, or economic divisions of the area they 

encapsulate (Grubesic and Matisziw, 2006), and 

relative to the tracts, block groups and blocks, they are 

more heterogenous, thereby undermining the 

theoretical premise of neighborhoods being 

characteristically homogeneous (Hipp, 2007). 

Researchers studying social processes occurring in 

neighborhoods have repeatedly challenged the use of 

such administrative units (Foster and Hipp, 2011; Hart 

and Waller, 2015; Krieger et al., 2002; Tita and Radil, 

2010; Wooldredge, 2002). The boundaries of the 

census geographies are created, maintained, and 

updated for statistical purposes by the U.S. Census 

Bureau, and they offer a basis for regional and local 

planning (Castagneri and Loftin, 2022) but they are not 

intended to represent neighborhoods in which people 

live and experience social life. In fact, the 

administrative units have been found too rigid to 

capture most appropriately the social complexity of 

neighborhoods (Foster and Hipp, 2011; Kwan, 2012; 

Logan, 2012; Tita and Radil, 2010). Moreover, 

Wooldredge (2002) found that grouping homogenous 

residents by demographics of census tracts may 

represent the ecological basis for defining a natural 

neighborhood, whereas grouping residents by social 

influences and collaborations that represents the 

sociological basis for neighborhood processes may 

only be operationalized at a smaller level of analyses, 

such as street segments. 

The search for the best spatial unit continues with 

the efforts to include both the ecological structural 

basis and the social structural basis in the definition of 

the neighborhood boundaries. Prior studies have 

developed alternative units to conceptualize 

neighborhoods, such as tertiary communities (Foster 

and Hipp, 2011; Tita and Radil, 2010), resident defined 

neighborhoods (Hart and Waller, 2013; Logan, 2012; 

Spielman and Logan, 2012; Taylor, 2012), and land 

use defined neighborhoods (Liu and Martinez, 2019; 

Logan et al., 2010; Peng et al., 2021; Twinam, 2017). 

Tertiary communities, also known as t-communities, 

are thought to represent the pedestrian traffic or 

walkability around residents’ neighborhoods (Grannis, 

2005). Resident defined neighborhoods, or egocentric 

neighborhoods, are defined by overlaying individual 

participants’ maps of the area to create polygons of the 

neighborhood area (Hart and Waller, 2013). Land use 

defined neighborhoods take the available zoning data 
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that separates the neighborhoods based on commercial, 

residential, and recreational uses (Twinam, 2017). 

The alternative definitions of neighborhoods do not 

fully answer the best unit problem. Tertiary 

communities are not always adequate because human 

traffic patterns have crossed these boundaries as 

transportation services have expanded the reach of an 

individual for routine travel. Kwan (2012) found that 

individuals who travel across different areas during 

their daily routines experience additional social and 

cultural influences above and beyond that of the 

neighborhood where they live. Neighborhood 

definitions based on land use are also limited because 

as individuals travel through space and time they enter 

and leave various land use regions for different 

resources, but they may still consider them to be part 

of their neighborhood (Kwan, 2012). Limiting the 

neighborhoods to primarily residential land use creates 

a narrow definition of neighborhoods for those living 

in mixed land use neighborhoods in urban 

environments (Spielman and Logan, 2013). Resident 

defined neighborhoods also have limitations. When 

residents define their neighborhoods, t-community 

boundaries become inconsistent as the boundaries 

spread past the ones defined by the residents who live 

in the inner neighborhood (Spielman and Logan, 

2013). Those that live in the centroid of a 

neighborhood will show the highest correlation 

between neighborhood boundaries and landmarks, 

relative to individuals residing on the outer perimeter. 

2.2. Spatial research issues: Modifiable areal 

unit problem and aggregation 

Thinking about neighborhood boundaries in terms 

of the social processes is not the only topic to be 

concerned with when choosing the most appropriate 

unit of analysis for investigation. The modifiable areal 

unit problem (MAUP) warns researchers that 

depending on the choice of the unit of analysis and 

their respective size, the effects of independent 

variables on the dependent variable can vary in 

significance (Andresen, 2014; Hart and Waller, 2013; 

Kwan, 2012; Logan et al., 2010; Mair et al., 2020; 

Oberwittler and Wikström, 2009; Peng et al., 2021; 

Taylor, 2012; Tita and Radil, 2010; Vogel, 2015; 

Wooldredge, 2002).  

When the researchers modify the area under 

investigation by changing the classification method to 

visualize the data under investigation, the decision also 

changes the spatial patterns that are created by the data 

(Wei and Grubesic, 2017). Hart and Waller (2013) 

recommend that measuring consistency between 

neighborhoods and substituted units needs to account 

for size variations because proxies usually differ in 

their number and size from the city and municipality 

designated neighborhood boundaries. These variations 

in size will influence the counts from the target 

variables and the proxy variables on the dependent 

variable, such that proxies that are more similar in size 

and number as the municipally designated 

neighborhoods of the cities should be selected over 

those that are different.  

To illustrate, Milwaukee, WI has 190 municipally 

identified neighborhoods that are similar in size and 

number to the tracts. Following Hart and Waller’s 

(2013) recommendation, it would seem that tracts are 

suitable proxies for Milwaukee’s neighborhoods. At 

the same time, Hipp (2007) suggests that the 

theoretical reach of a variable across space should 

influence the size of the study units’ aggregation. For 

example, the service of restaurants and bars can expand 

beyond the original census block in which they are 

licensed to operate to patrons traveling from adjacent 

or distant blocks. Therefore, restaurants and bars 

should be aggregated to a larger unit of aggregation 

when measuring food access, while bus stops may be 

aggregated at a smaller level of aggregation because 

such places are more desirable when located within a 

short walking distance of travelers. 

Prior studies have also shown the importance of 

comparing different units to find the most significant 

size of the unit (Mair et al., 2020; Vogel, 2015; Tita 

and Radil, 2010), and smaller units have been found to 

have the most significant spatial effects (Kwan, 2012; 

Logan, 2012; Oberwittler and Wikström, 2009; 

Schnell et al., 2016; Wooldredge, 2002). Oberwittler 

and Wikström (2009) demonstrated the reasons why 

smaller units are better in the study of neighborhood 

processes, based on the comparison of numeric 

significance on the influence of factors at each level of 

aggregation. The MAUP warns that the finding of a 

statistically significant relationship may only be due to 

the modified size, known as the scaling problem. 

The selection of the appropriate size of the unit of 

analysis is not the only challenge faced by the spatial 

science researchers, who also must consider the issues 

related to the aggregation of their data. Data 

aggregation involves the collection and summary of 

data into a group that contains all data points, and this 

approach is used as a method of data collection and 

distribution to protect the confidentiality of the study 

respondents. For example, census socioeconomic data 

and crime data are normally aggregated into spatial 

units of analysis which are rarely small enough to 

pinpoint the exact household whose data are used in a 

study. MAUP differs from aggregation issues as the 

MAUP pertains to the analytical measures that modify 

the area to fit different spatial scales whereas 

aggregation is the collection of data and summary of 
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the data to such areas. Wooldredge (2002) found 

intercorrelations between tracts and official 

neighborhoods that show both spatial scales can be 

used to approximate each other, but the choice of 

aggregation creates boundary effects and does not 

portray spatial pattern effects. That is, crime count is a 

function of the boundaries of the unit of analysis to 

which the crime data are aggregated rather than the 

spatial diffusion of crime patterns that cross 

boundaries, like what is seen in kernel density hot spots 

mapping. As a result, data aggregation takes away the 

focus from the underlying spatial patterns that operate 

at lower levels of aggregation, such as street segments 

or raster cells. 

Hipp (2007) considered how aggregation of data to 

higher levels can hide spatial effects observable at the 

lower levels due to this spatial effect reason and 

suggested the aggregation approach should account for 

the spatial flexibility of the characteristics of the 

phenomenon and the area being studied. As 

demonstrated in Schnell et al. (2016), when crime at 

the street segment level is aggregated up to community 

areas the spatial effects of the variables at the street 

levels may not be strong enough to be picked up at the 

larger unit of aggregation. Or even though it may be 

significant at the smaller unit, it does not provide the 

same spatial effect at the aggregated unit. The smaller 

level of aggregation can identify hot spots of crime 

while aggregation of services, such as restaurants bars 

and liquor stores may be aggregated at larger units of 

aggregation. 

2.3. Areal interpolation for modeling 

neighborhood level processes  

Geospatial analysis tools such as ArcGIS areal 

interpolation (Qui et al., 2012) can aid researchers 

whose studies are limited by the unavoidable reliance 

on the Census data for investigating neighborhood 

processes. This method transforms the data from source 

zones to target zones when they are not nested within 

each other (Lam, 1983; Liu and Martinez, 2019; Qiu et 

al., 2012; Schaible et al., 2020). With parcel and census 

data, Lam (1983) suggested a method that preserves 

volume for accurate interpolations but warns that if 

source zones are unevenly distributed estimations can 

become less reliable. Liu and Martinez (2019) found 

that their areal interpolation method with ancillary data 

can disaggregate population counts and subpopulation 

counts with better accuracy than areal interpolation 

methods without ancillary data.  

Based on this review of the literature and the 

challenges found in neighborhood level studies, this 

study aims to fill the gap in the social and 

systems science research by relying on the areal 

interpolation methods to estimate regression models 

between neighborhood characteristics and crime at 

three different levels.  

First, we estimated socioeconomic data at the 

neighborhood level by using areal interpolation models 

to transform the source data from block groups 

and tracts to our target, i.e., neighborhood, areas. 

Next, we created factors using Principal Component 

Analysis to reduce complexity of the data and 

measure the main components of the theoretical 

constructs used in the criminological research focused 

on neighborhoods and crime. Finally, we evaluated 

the effects of the socioeconomic factors on crime at 

various levels of analysis, including census block 

groups, tracts, and neighborhoods, while considering 

spatial autocorrelation in the dependent variable. 

3. Data and Methods 

3.1. Research site  

Milwaukee is the most populated city in Wisconsin 

with a population of 592,951 covering 96.1 square miles 

of land area (U.S. Census Bureau, 2020). Milwaukee is 

on the coast of Lake Michigan in the southeastern part 

of the state. As shown in Figure 1, Milwaukee has 210 

census tracts and 567 census block groups. The city’s 

Department of City Development (DCD) developed a 

Neighborhood Identification Project which created the 

boundaries for Milwaukee’s 190 neighborhoods. In 

2020, Milwaukee had a total crime rate of 5,859.67 per 

100,000 inhabitants and 359.23 crimes per square mile. 

 

 
Figure 1. Boundaries of block groups, neighborhoods, and 

tracts for the City of Milwaukee as of 2020. 

3.2. Socioeconomic data 

We collected data from the 2020 American 

Community Survey (ACS) at both the census block 

group and census tract level to measure indicators of  

population,  racial  heterogeneity,  immigration, 

residential stability, and socioeconomic disadvantage. 

ACS Table B01003 provided the estimated counts of 
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total population for the city of Milwaukee. The racial 

heterogeneity index was calculated based on the ACS 

Table B02001 Racial Proportion using Blau’s (1977) 

heterogeneity formula. Residential stability was 

estimated based on the proportion living in the same 

household after one year (ACS Table B07201) and 

owner-occupied housing units (ACS Table B25003). 

Immigration was estimated based on the proportion of 

Hispanic or Latino origin (ACS Table B03003) and the 

proportion foreign born (ACS Table B99051). The 

concentrated disadvantage was based on the 

proportions of households receiving supplemental 

security income (ACS Table B10956), receiving 

public assistance income (ACS Table B19057), 

household income below the poverty level (ACS Table 

B17017), the proportion of population of that is 

unemployed (ACS Table B23025), and the proportion 

of single parent households with children under the age 

of 18 (ACS Table B11003). 

We used the Principal Component Analysis with 

varimax rotation to examine the socioeconomic data 

for underlying structures. The results of Principal 

Component Analysis suggested that variables were 

loaded into categories that can be conceptualized as 

residential stability, immigration, and disadvantage. 

Next, we conducted a reliability analysis to determine 

the utility of such latent variables for further analyses. 

While the proportion living in the same house for one 

year and the proportion of owner occupied households 

were strongly related to each other, the Cronbach’s 

Alpha for the variables that loaded onto the latent 

factor of residential stability (block group Cronbach’s 

alpha = 0.49, tract Cronbach’s alpha = 0.55, 

neighborhood block group Cronbach’s alpha = 0.53, 

neighborhood tract Cronbach’s alpha = 0.42) did not 

reach the level of reliability to warrant inclusion of 

these to two variables into the residential stability 

factor. Therefore, the proportion living in the same 

house for one year and the proportion of owner 

occupied households remained as individual variables 

in the regression models. However, the categories of 

concentrated immigration (block group Cronbach’s 

alpha = 0.71, tract Cronbach’s alpha = 0.73, 

neighborhood block group Cronbach’s alpha = 0.72, 

neighborhood tract Cronbach’s alpha = 0.73) and 

concentrated disadvantage (block group Cronbach’s 

alpha = 0.63, tract Cronbach’s alpha= 0.72, 

neighborhood block group Cronbach’s alpha = 0.71, 

neighborhood tract Cronbach’s alpha = 0.74) were 

supported by Cronbach’s alpha value of greater than 

0.6 and were used as latent variables in regression 

models.  

3.3. Areal interpolation 

For each census variable we used Esri’s ArcPro 

Geostatistical Wizard areal interpolate tool to 

transform the data collected at the census block group 

and tract levels and estimate them at the neighborhood 

level. We created two neighborhood socioeconomic 

estimations, one using block groups as the source data 

and the other using tracts as the source data. In doing 

so, we chose areal interpolation, rate type, and used the 

count of the variable of interest and the total population 

count from the corresponding table (population, 

households, or families). Variables that used multiple 

columns from the source data were summed before 

being used in the areal interpolation models. The 

variable of interest was used in the count field and the 

total population count as the population field. For 

racial heterogeneity, each race of interest was modeled 

before calculating Blau’s (1977) heterogeneity 

formula. For neighborhood population estimates, the 

total population for the census area was used as the 

count field and the population was the city population.  

Areal interpolation models were chosen separately 

for each variable both at the block group and tract 

level. Cross validation in ArcGIS uses the leave-one-

out method to estimate the model’s performance, such 

that it creates n subsets where n is the number of data 

points where one subset is the test set and the others (n-

1) are the training sets. This is run n times each with a 

new subset as the test set. This technique reduces bias 

and variance of the model evaluation, as it uses almost 

all the data for training and avoids overfitting.  

When constructing the models for areal 

interpolation, the model that had the best performing 

cross-validation statistics were selected (i.e., when the 

error values were closest to zero and root mean squared 

standardized error was closest to one). At the block 

group level, k-Bessel and exponential models had the 

best performing cross-validation statistics. At the tract 

level, exponential, pentaspherical, k-Bessel, rational 

quadratic, and tetraspherical models performed the 

best for the cross-validation statistics. 

3.4. Crime data 

Data on 2020 Milwaukee crimes including 

location and type of crime were collected from the 

Milwaukee OpenData site from the Milwaukee 

Crime Data (Historical) folder. In line with prior 

research, we selected the following crime types for 

analyses: arson, assault, burglary, criminal damage, 

homicide, locked vehicle break in, motor vehicle 

theft, robbery, and theft. The matched geocoded 

addresses (99.56 percent) were aggregated into 
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appropriate census block groups, tracts, and 

neighborhoods for total crime counts. The counts 

were then standardized by area size in square miles to 

create a total crime density measure that accounts for 

size variation across units of analysis. We decided 

against standardizing crime counts by residential 

population because we wanted to account for 

offenders and victims of crime traveling through 

space and crossing different units of analysis from 

that in which they reside. 

3.5. Spatial regression 

We used GeoDa to create a first order queen 

contiguity weight matrix for each level of analysis 

(block group, tract, and neighborhoods) and estimated 

four spatially lagged regression models that control for 

spatial autocorrelation in the dependent variable. 

Spatially lagged regression models are most suitable 

for analyzing data which violate the assumptions of 

OLS regressions regarding independent observations 

and homoskedasticity in error terms. This is because 

our crime data are spatially distributed, and 

observations of a crime incident are dependent on their 

proximity to another crime incident. In addition, 

heteroskedasticity is likely to occur because of the 

different size of the spatial units of analysis. 

Therefore, in the spatially lagged regression models 

we are able to overcome the limitations inherent in the 

spatially distributed data. 

4. Results 

4.1. Areal interpolation cross-validation results 

Table 1 shows the results for areal interpolation 

models, comparing the two data sources, block groups 

and tracts, and the cross-validation statistics. Overall, 

the models performed well. 

 

4.2. Descriptive statistics 

As shown in Table 2, in 2020, an average 

Milwaukee block group (N = 567) had 630.1 (SD = 

502.27) total crimes per square mile. Across 

Milwaukee tracts (N = 210), the average was 585.53 

(SD = 447.54) total crimes per square mile. Table 2 
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also shows the descriptive statistics for the control 

variables across Milwaukee block groups, 

neighborhood estimates based on block group data, 

and neighborhood estimates based on tract data. Both 

measures of the Milwaukee neighborhoods (N = 190) 

have an average of 369.06 (SD = 362.1) crimes per 

square mile. 

 

4.3. Principal component analysis 

The results of Principal Component Analysis 

suggested that the socioeconomic variables loaded 

into distinct categories that can be conceptualized as 

residential stability, immigration, and disadvantage, 

as shown in Table 3. 

 

4.4. Spatial regression 

The results of the spatial lag models that analyzed 

the association between crime and socioeconomic 

characteristics, estimated at block group, tract, and 

neighborhood levels, are presented in Table 4. The 

results show that some variables have a significant 

association with crime, while others do not. For 

example, for the block group and tract models, the 

proportion of owner occupied housing (B = -0.22, p 

< 0.001, and B = -0.21, p < 0.001, respectively) and 

disadvantage (B = 0.12, p < 0.001, and B = 0.17, p = 

0.004, respectively) are both significant predictors of 

crime, although in the opposite direction. Areas with 

higher levels of owner-occupied housing units 

experienced a lower number of crimes, whereas areas 

with higher levels of concentrated disadvantage 

experienced a greater number of crimes.  

At the neighborhood level, only the concentrated 

disadvantage term has a significant association with 

crime (B = 0.28, p < 0.001, and B = 0.27, p < 0.001, 

respectively). Therefore, neighborhoods with higher 

levels of concentrated disadvantage experienced 

larger numbers of crimes. Across all models, the 

spatial lag coefficient is positive and highly 

significant, indicating the presence of spatial 

spillover effects in crime across block groups, tracts, 

and neighborhoods.  

The R-Squared values suggests that the variables 

included in the models explain at least half of the 

 

Table 2: Descriptive statistics for the block groups, tracts, and Milwaukee neighborhoods 

        
  

        Milwaukee Neighborhoods (N = 190) 

 

Milwaukee Block 

Groups (N = 567)  Milwaukee Tracts (N = 210) Block Group Estimates Tract Estimates 

  Min Max Mean  SD Min Max Mean  SD Min Max Mean  SD Min Max 

Me

an  SD 

Crime Rate Per Square Mile 

16 3666.39 630.10 502.27 29 2831.

72 

585.53 447.

54 

0 2155.

26 

369.06 362.

10 

0 2155.

26 

369.

06 

362.10 

Total Population 

0 3394 1045.77 483.63 0 7060 2823.5

8 

122

5.26 

318 3140 1261.0

8 

470.

59 

645 8638 342

0.57 

1539.37 

Racial Heterogeneity 
0 0.86 0.39 0.21 0 0.79 0.42 0.18 0 0.76 0.43 0.17 0.06 0.75 0.43 0.16 

Proportion Living in the 

Same House After 1 Year 

0 1 0.84 0.13 0 0.97 0.83 0.11 0.42 1 0.83 0.09 0.44 1 0.84 0.08 

Proportion Occupied 

Housing Occupied by Owner 

0 1 0.41 0.23 0 0.97 0.39 0.2 0 1 0.45 0.21 0 0.97 0.44 0.21 

Concentrated Immigration 
-0.85 3.49 0 1 -0.9 3.32 0 1 -0.99 3.82 0 1 -0.97 4.13 0 1 

Proportion Foreign 

Born 

0 0.55 0.09 0.11 0 0.45 0.1 0.1 0 0.41 0.08 0.08 0 0.4 0.09 0.08 

Proportion Hispanic or 

Latino 

0 0.91 0.18 0.24 0 0.89 0.18 0.23 0 0.82 0.14 0.18 0 0.87 0.15 0.18 

Concentrated Disadvantage 
-1.75 4.1 0 1 -1.95 2.93 0 1 -1.68 2.41 0 1 -1.67 2.55 0 1 

Proportion Households 

with Single Parent and 

Children <18 

0 0.98 0.3 0.21 0 0.85 0.31 0.18 0 0.63 0.28 0.15 0 0.62 0.29 0.15 

Proportion Households 

with Public Assistance 

Income 

0 0.41 0.03 0.05 0 0.24 0.03 0.03 0 0.17 0.03 0.03 0 0.17 0.03 0.02 

Proportion Household 

Income Below Poverty 

Level 

0 0.79 0.25 0.17 0 0.73 0.25 0.15 0 0.55 0.21 0.13 0 0.52 0.21 0.13 

Proportion Households 

with Social Security Income 

0 0.61 0.11 0.1 0 0.38 0.11 0.08 0 0.28 0.09 0.06 0 0.28 0.09 0.06 

Proportion Population > 

or = 16 Unemployed 

0 0.29 0.04 0.04 0 0.19 0.04 0.03 0 0.16 0.04 0.02 0.01 0.11 0.04 0.02 

Total Square Mile Area 
0.02 3.76 0.17 0.26 0.1 4.94 0.46 0.54 0.01 3.23 0.51 0.44 0.01 3.23 0.51 0.44 

 

Table 3: Factor loadings for block groups, tracts, and Milwaukee neighborhoods  

    

Milwaukee Neighborhoods 

(N = 190) 

Concentrated Disadvantage 

Factor Loadings 

Block 

Groups 

(N = 567) 

Tracts  

(N = 210) 

Block 

Group 

Estimates  

Tract 

Estimates 

Proportion Families Single 

Parent Head of Household 

with Children <18 0.753 0.828 0.845 0.877 

Proportion Households with 

Public Assistance Income 0.506 0.605 0.620 0.674 

Proportion Household Income 

Below Poverty Level 0.804 0.855 0.810 0.871 

Proportion Households with 

Social Security Income 0.688 0.828 0.501 0.633 

Proportion Population > or = 

16 Unemployed 0.496 0.601 0.846 0.866 

Concentrated Immigration 

Factor Loadings         

Proportion Foreign Born 0.930 0.946 0.937 0.947 

Proportion Ethnicity Hispanic 

or Latino 0.930 0.946 0.937 0.947 
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variation in the dependent variable (R-Squared = 

0.63, R-Squared = 0.65, R-Squared = 0.52, R-

Squared = 0.51, for block groups, tracts, 

neighborhood level estimate based on block groups, 

and neighborhood level estimate based on tracts, 

respectively).  
Table 4: Regression Results for Models 1 - 4 dependent variable standardized crime rate per square mile.  

Model 1: Block Group Model 2: Tract Model 3: Neighborhood 

Block Group Estimate 

Model 4: Neighborhood 

Tract Estimate 

              
B p SE B p SE B p SE B p SE 

Total Population -0.04 
 

0.03 0.02 
 

0.04 -0.06 
 

0.05 -0.02 
 

0.05 

Racial Heterogeneity -0.03 
 

0.03 -0.03 
 

0.05 -0.01 
 

0.06 -0.04 
 

0.06 

Owner Occupied Housing -0.22 *** 0.04 -0.21 *** 0.06 -0.05 
 

0.08 -0.06 
 

0.08 

Same House One Year 0.02 
 

0.03 0.04 
 

0.05 -0.05 
 

0.06 -0.00 
 

0.06 

Immigration 0.06 
 

0.03 0.07 
 

0.05 0.10 
 

0.06 0.10 
 

0.06 

Disadvantage 0.12 *** 0.03 0.17 ** 0.06 0.28 *** 0.07 0.27 *** 0.08 

Spatial Lag Rho 0.67 *** 0.03 0.67 *** 0.06 0.52 *** 0.07 0.54 *** 0.07 

Constant 0.03 *** 0.03 0.02  0.04 -0.02  0.05 -0.02  0.05 

R-Squared 0.63 0.65 0.52 0.51 

Note: Coefficients are significant at .001, .01, and .05: p***, p**, p* 
     

5. Discussion 

To overcome the gaps in the literature and 

demonstrate the feasibility of the use of spatial areal 

interpolation methods in the study of neighborhoods 

and crime, this research builds on the prior studies 

that warn us to be mindful of the modifiable areal unit 

problem (MAUP) and the ecological fallacy that may 

arise when using different spatial units of analysis. 

Areal interpolation (Bader and Ailshire, 2014; Lam, 

1983; Liu and Martinez, 2019; Qiu et al., 2012) 

methods were used to take socioeconomic data 

aggregated at census block groups and census tracts 

and estimate the data to the boundaries of 

Milwaukee’s municipal neighborhoods, resulting in 

two areal estimations at the neighborhood level. 

Our study considers the issues of spatial research 

when it pertains to the MAUP (Andresen, 2014; Hart 

and Waller, 2013; Kwan, 2012; Logan et al., 2010; 

Oberwittler and Wikström, 2009; Peng et al., 2021; 

Taylor, 2012; Tita and Radil, 2010; Vogel, 2015; 

Wooldredge, 2002) by choosing three study 

boundaries for analysis including block groups, 

census tracks, and municipal neighborhoods. For 

instance, some neighborhood characteristics may 

have stronger or weaker effects depending on the 

level of aggregation or the spatial scale employed. 

Our spatial lag findings support that differing units of 

analysis will result in differences in the associations 

between independent variables on dependent 

variable. For example, owner occupied housing may 

be a significant influential variable at the block group 

and tract levels, but not at the neighborhood level. At 

the same time, the concentrated disadvantage 

measure was consistently and significantly 

associated with crime at each level of analysis. 

This study also expands the research in finding a 

consensus on the definition of a neighborhood and 

which best unit boundaries to impose for aggregation 

of data (Andresen, 2014; Foster and Hipp, 2011; Hart 

and Waller, 2013; Hipp, 2007; Lam, 1983; Logan, 

2012; Spielman and Logan, 2013; Taylor, 2012) by 

exploring municipally identified neighborhood 

boundaries in addition to the block groups and census 

tracts. Our results support the findings of prior 

studies that not all neighborhood proxies are 

appropriate for capturing the nature of 

neighborhoods, which are often complex and 

dynamic social constructs. The block groups and 

tracts in Milwaukee vary from the municipal 

neighborhoods in size, shape, and population density. 

While block groups and tracts may provide useful 

and convenient data for some purposes, it is advisable 

to consider the data sources, the methods, and the 

alternative proxies available before choosing the 

most suitable neighborhood proxy. When possible, 

future studies should continue to explore the use of 

areal interpolation methods and/or other alternative 

methods to overcome data limitations at the 

neighborhood level. As we show in this study, 

neighborhood level processes matter.  

5.1. Limitations 

As with prior studies, our study has a few 

limitations that should be considered in light of the 

findings. First, the use of areal interpolation is the 

process of making estimates from a source set of 

polygons to an overlapping but incongruent set of 

target polygons. However, this method can introduce 

errors due to the assumptions and techniques 

involved, such as the choice of interpolation model, 

the spatial heterogeneity of the data, and the accuracy 
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and resolution of the source and target polygons. 

Second, the Milwaukee Open Source historical crime 

database does not reflect the entire universe of crime 

as it only contains Group A crimes. Group A crimes 

are the most serious offenses reported by the 

Wisconsin Incident Based Reporting System 

(WIBRS) and include crimes against persons and 

property. However, aggregating these crimes into 

neighborhood boundaries may obscure the variations 

and patterns of different types of crimes, as well as 

the factors and contexts that influence them. 

Moreover, the crime data does not reflect any crimes 

that are not reported, detected, or recorded by the 

Milwaukee Police Department. Third, the use of 

ArcGIS geometry tools for calculating the square 

mile area of the polygons depends on the coordinates 

system and the projection used for the data. Some of 

the block groups and tracts have some water based 

square mileage, especially those on the edge of Lake 

Michigan. The square mile area calculations do not 

consider the area of water or other uninhabitable 

spaces within each unit of analysis.  

6. Conclusion 

In this paper, we demonstrate that social and 

systems science researchers do not have to rely on 

readily available data from administrative units that 

may not be theoretically suitable substitutes for 

neighborhood processes and boundaries. While 

census block groups and tracts may provide useful 

and convenient levels of aggregation for statistical 

purposes to support regional and local planning, we 

show the feasibility in using the areal interpolation 

methods to overcome the challenges and limitations 

common in the spatial research for studying crime 

patterns. Spatial interpolation methods, such as areal 

interpolation, offer possible solutions for various 

scientific fields whose research questions are limited 

by availability of data at specific geographic areas. 

We show here that the areal interpolation of 

sociodemographic data can be used in answering 

questions that are of interest to criminology, but these 

methods can be generalized to other disciplines, 

including epidemiology and healthcare, 

environmental studies, public policy and political 

science, urban planning and similar. For example, 

areal interpolation can be successfully used for 

disease mapping and mapping of health attitudes 

related to COVID-19 (Behal et al. 2022), access to 

healthcare facilities (Shrestha & Stopka, 2022), 

neighborhood-level health risk factors (Meng et al., 

2010) and similar. Future studies should consider the 

needs of their study for application of the spatial 

interpolation tools.  
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