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Abstract: Urban crime prevention remains a critical challenge intertwined with socioeconomic
disparities. This study investigates the spatial nexus between urban deprivation and crime decline in
Chicago from 2015 to 2022, addressing the question: How do changes in neighborhood deprivation
relate to crime reduction patterns? Using comprehensive crime incident and census tract Area
Deprivation Index (ADI) data, this study conducted exploratory spatial analysis, regression modeling,
and local bivariate relationship analysis. The findings reveal persistent hotspots of concentrated
deprivation on Chicago’s south and west sides, alongside a general citywide crime decline. However,
the current research uncovered significant spatial heterogeneity in both deprivation patterns and
crime reduction, challenging the achievement of equitable public safety outcomes. Surprisingly,
while crime incidents in 2015 and 2022 significantly predicted crime change, ADI scores were not
statistically significant predictors in our regression model. Local bivariate analysis exposed diverse
relationships between ADI changes and crime rate changes across neighborhoods, with 72.2% of
census tracts showing no statistically significant relationship. This underscores the complexity of
urban crime dynamics and the importance of local context in understanding these patterns. Our
research contributes a nuanced understanding of the intricate relationship between urban deprivation
and crime patterns, providing valuable insights for policymakers, law enforcement agencies, and
urban planners. These findings highlight the need for integrated, long-term strategies that address
both crime prevention and socioeconomic disparities, ultimately fostering safer, more equitable urban
environments and informing evidence-based interventions tailored to specific neighborhood contexts.

Keywords: socioeconomic disparities; geospatial analysis; environmental criminology; urban
inequality; spatio-temporal modeling

1. Introduction

Urban crime remains a critical challenge intertwined with socioeconomic disparities,
impacting public safety, quality of life, and sustainable development in cities worldwide.
Chicago, a major global city renowned for its diverse neighborhoods and vibrant cultural
fabric, has grappled with persistent crime issues despite substantial prevention efforts
over recent decades. Crime rates in Chicago have exhibited distinct geographic patterns,
often concentrated in economically disadvantaged communities and reflecting broader
socio-spatial inequalities [1,2].
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The complex relationship between urban crime and socioeconomic factors has been
a subject of extensive research. Previous studies have explored links between inequality,
concentrated disadvantage, and criminal activity in urban areas [3–6]. However, compre-
hensive longitudinal analyses examining the nexus between crime prevention efforts and
socioeconomic disparities remain limited, particularly in the context of rapidly evolving
urban environments.

The Area Deprivation Index (ADI) provides a comprehensive measure to assess
socioeconomic disadvantage at the neighborhood level. Developed by the University of
Wisconsin-Madison, the ADI incorporates seventeen socioeconomic indicators derived
from the American Community Survey (ACS) 5-year sample at the block group level [7].
These indicators cover various domains such as education, employment, income, housing,
household composition, and household resources, offering a multidimensional view of
deprivation within a geographic area.

Research on the ADI has highlighted its utility in capturing neighborhood-level dispar-
ities and its ability to predict various health and social outcomes. Studies have shown that
areas with higher ADI scores are associated with increased risks of adverse health outcomes,
including higher rates of chronic diseases, mortality, and poor mental health [7]. Addition-
ally, the ADI has been linked to disparities in access to healthcare services, educational
opportunities, and economic resources.

This study aims to address these knowledge gaps by investigating the longitudinal
spatial relationships between urban deprivation levels and crime decline in Chicago from
2015 to 2022. It utilizes comprehensive datasets on census tract ADI ranks and geocoded
crime incidents, combined with spatial analysis and hypothesis testing. Chicago provides
an opportune case study for examining the socio-spatial dimensions of urban crime, given
its complex social fabric, industrial past, and diverse neighborhoods [8,9].

Like many cities, Chicago grappled with rising violence in the late 20th century but
has seen general crime rate improvements in recent decades, albeit unevenly distributed
across communities [10]. However, persistent socio-spatial inequality poses challenges to
sustainable urban development goals and spatial justice principles emphasizing equitable
access to public safety and resources [11,12]. The disproportionate impacts of crime likely
perpetuate marginalization cycles in disadvantaged neighborhoods [13–17].

The conceptual framework for this study draws on theories of spatial justice and
environmental criminology. Spatial justice examines geographical inequalities in resource
distribution and access to opportunities [12,18]. Environmental criminology, on the other
hand, focuses on analyzing crime’s spatial patterns and environmental correlates [19]. By
integrating these perspectives, the current study revealed how socioeconomic disparities
and urban environments interact to influence crime patterns and prevention efforts.

Recent breakthroughs in geospatial technologies and big data analytics have trans-
formed our capability to analyze and comprehend urban crime patterns on unprecedented
scales and with remarkable detail [20,21]. These technological advances enable more de-
tailed explorations of the intricate relationships between socioeconomic factors and criminal
activities across various urban settings [22,23]. Additionally, the increasing emphasis on
smart cities and data-driven urban management has introduced new possibilities for inte-
grating crime prevention strategies with broader urban development plans [21,24]. This
comprehensive approach acknowledges the interconnected nature of urban issues and aims
to utilize synergies across different policy areas to build safer and more equitable cities.
This holistic approach recognizes the interconnected nature of urban challenges and seeks
to leverage synergies between various policy domains to create safer, more equitable cities.

To guide our investigation, this study focuses on two key research questions:

• How have crime patterns and neighborhood deprivation in Chicago evolved over
time and space from 2015 to 2022, and what is the relationship between these spa-
tial distributions?
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• What are the implications of the observed spatial relationships between urban depri-
vation and crime patterns for developing evidence-based policies and interventions
that promote spatial justice and foster safer, more equitable urban environments?

By addressing these questions, this study aims to generate valuable insights into the
socio-spatial dynamics of urban crime and deprivation. The findings from this study have
the potential to inform evidence-based policies and interventions that promote spatial
justice, address the disproportionate impacts of crime on marginalized communities, and
foster safer and more equitable urban environments.

This research contributes to the existing body of knowledge in several ways. First, it
provides a comprehensive longitudinal analysis of the relationship between neighborhood
deprivation and crime patterns in a major U.S. city, addressing a gap in the literature on long-
term trends in these dynamics. Second, by utilizing advanced spatial analysis techniques
and the multidimensional ADI measure, it offers a more nuanced understanding of the
complex interplay between socioeconomic factors and crime across different urban contexts.
Third, the study’s findings can inform targeted interventions and policy recommendations
that account for the spatial heterogeneity of urban crime and deprivation.

Moreover, this research aligns with broader global efforts to create sustainable, inclu-
sive cities as outlined in the United Nations Sustainable Development Goals, particularly
Goal No. 11: Sustainable Cities and Communities. By examining the spatial dimensions
of urban inequality and crime, the study contributes to the ongoing dialogue on how to
build resilient urban environments that provide opportunities and security for all residents,
regardless of their socioeconomic status or neighborhood.

2. Literature Review

The spatial dynamics of urban crime and its relationship to socioeconomic inequality
have been extensively studied using various spatial analysis techniques. This research is
grounded in the theoretical frameworks of spatial justice, which examines geographical
inequalities, and environmental criminology, which analyzes crime’s spatial patterns and
environmental correlates [12,18,25].

Empirical studies have consistently revealed concentrations of crime in socioeconom-
ically disadvantaged neighborhoods across diverse urban settings. Cluster analyses in
cities such as Miami, Cincinnati, and Coral Gables have demonstrated this pattern [4,26,27].
These findings underscore the importance of considering neighborhood-level socioeco-
nomic factors when examining crime patterns. Racial segregation has also been identified
as a predictor of spatial inequality and violence [28], although the specific relationships
between concentrated disadvantage and crime can vary significantly by location.

Several studies have directly tested socio-spatial relationships between inequality
and crime. In Chicago, income inequality and social disorganization were found to be
predictors of homicide rates [29–31]. The COVID-19 pandemic further highlighted the
spatial heterogeneity of crime trends, with different communities experiencing divergent
patterns [5]. Research in Massachusetts showed that incarceration patterns mapped onto
areas of disadvantage and specific demographic characteristics, providing evidence of
multidimensional inequality [32]. Even when controlling for spatial factors, race and
disadvantage remained associated with violence, emphasizing the importance of geospatial
modeling in crime analysis [33].

Researchers have leveraged geospatial methods to model various aspects of urban
environments and their relationship to crime. In Little Rock, a neighborhood violent
crime predictor was developed, incorporating multiple dimensions of inequality and
demonstrating predictive validity [6]. Studies in Los Angeles found that the presence of
fringe lenders in poor areas was associated with increased crime rates [34]. In Miami,
researchers discovered that neighborhood greenness predicted reduced youth violence,
even when controlling for disadvantage [35].

Advanced geospatial techniques have further contributed to disentangling complex
relationships between socioeconomic factors and crime. Spatial panel analyses of Chicago
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homicide rates revealed the temporal dynamics of social disorganization [36]. For southern
county homicides, spatial regression techniques were used to isolate the effects of inequal-
ity [37]. In Brazil, modeling demonstrated the spatial spillover effects of neighborhood
violence and poverty on local homicide rates [38]. Fixed effects spatial modeling in St. Louis
revealed localized college spillover effects on violent crime [39].

The consistent correlation between socioeconomic disadvantage and crime rates across
various urban settings underscores the necessity for targeted interventions in underprivi-
leged neighborhoods [40]. The variation in crime trends across different areas, particularly
during events like the COVID-19 pandemic, highlights the importance of localized crime
prevention and analysis strategies [41,42].

Advanced geospatial methods, such as spatial panel analyses and fixed effects mod-
eling, offer valuable insights into the intricate temporal and spatial dynamics between
crime and socioeconomic factors [42]. Environmental elements, including neighborhood
greenery and the presence of specific businesses, significantly influence local crime patterns,
indicating a need for comprehensive urban planning approaches [20,43].

The enduring link between race, socioeconomic disadvantage, and crime, even when
accounting for spatial factors, highlights the necessity of addressing systemic inequalities
within crime prevention strategies [44–46].

Despite these advancements, gaps persist in the literature, particularly regarding
longitudinal analyses specifically examining crime prevention and inequality. Addition-
ally, the interplay between deprivation and crime reduction in Chicago requires targeted
investigation through geospatial techniques. By addressing these gaps, future research
can contribute to a more comprehensive understanding of the relationship between urban
deprivation and crime patterns, informing evidence-based policies aimed at reducing
inequality and promoting safety in urban environments.

3. Methodology
3.1. Data Sources

This study relies on two primary data sources to investigate the spatial nexus between
urban deprivation evolution and crime decline in Chicago from 2015 to 2022:

I. Chicago Urban Crime Data: A comprehensive dataset containing geocoded crime
incidents in Chicago from 2015 to 2022, obtained from the Chicago Data Portal.
This dataset includes detailed information on various crime types, their spatial
coordinates (x, y), and temporal attributes (date and time of occurrence). The
Chicago Police Department publishes these data periodically through the Chicago
Data Portal. The spatial coordinates are measured using latitude and longitude. The
dataset includes all reported incidents of crime that occurred in the City of Chicago,
excluding data protected under the Illinois Sunshine Laws. As of our study period,
it contained over 1 million records. The data are based on crimes reported to the
Chicago Police Department, including both arrested and non-arrested incidents.

II. Chicago Area Deprivation Index (ADI) data: Developed by the University of Wisconsin-
Madison, the ADI incorporates seventeen socioeconomic indicators derived from the
American Community Survey (ACS) 5-year sample at the block group level. These
indicators cover domains such as education, employment, income, housing, household
composition, and household resources. ADI rankings are determined by calculating a
composite score based on these indicators, with each census block group receiving a
state rank from 1 to 10, where 1 indicates the lowest level of disadvantage and 10 the
highest. In Chicago, ADI rankings ranged from 1 to 10 in both 2015 and 2022, reflecting
the city’s diverse socioeconomic landscape.

3.2. Data Preprocessing
3.2.1. Crime Data Cleaning

The crime dataset underwent rigorous cleaning to ensure data quality and accuracy.
This process involved:
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• Removing duplicate entries based on unique incident identifiers
• Handling missing or invalid spatial coordinates by excluding records with null or

out-of-bounds coordinates
• Standardizing temporal information to a consistent date–time format

3.2.2. Crime Rate Change Calculation

Crime rate changes between 2015 and 2022 were calculated for each census tract using
the following formula:

Crime Rate Change = ((Crime Count 2022/Population 2022) − (Crime Count 2015/Population
2015))/(Crime Count 2015/Population 2015) × 100

This calculation provides a percentage change in crime rates, accounting for population
changes over the study period.

3.2.3. ADI Data Processing

ADI data from 2015 to 2022 were processed into a GIS-ready format using ArcGIS Pro
3.1. The block group level data were aggregated to the census tract level using population-
weighted averages to ensure consistency with the crime data spatial unit.

3.3. Exploratory Spatial Analysis
3.3.1. Optimized Hotspot Analysis

This research conducted an optimized hotspot analysis using the Getis-Ord Gi* statistic
to identify statistically significant clusters of high and low values for both crime rate changes
and ADI changes. The Getis-Ord Gi* statistic is calculated as follows:

G∗
i =

∑n
j=1 wijxj − x ∑n

j=1 wij

s

√
∑n

j=1(xj−x)
2

(n−1)∑n
j=1 w2

ij

(1)

where:

• G∗
i is the standardized statistic for tract I;

• xj is the crime rate in tract j;
• x is the mean crime rate;
• s is the standard deviation of crime rates;
• wij is the spatial weight between tracts i and j;
• and n is the total number of tracts.

The optimal distance band for spatial relationships was determined using incremental spa-
tial autocorrelation, which identifies the distance where spatial clustering is most pronounced:

Optimal Distance Band = argmaxd
Spatial Clustering Index

Spatial Autocorrelation Index
(2)

3.3.2. OLS Regression

The current study employed Ordinary Least Squares (OLS) regression to model the
relationship between crime changes (dependent variable) and various predictor variables,
including ADI scores and crime incidents. The full regression equation is:

Crime Change = β0 + β1(Crime2015) + β2(Crime2022) + β3(ADI2015) + β4(ADI2022) + ε (3)

where:

• β0 is the intercept;
• β1 to β4 are the coefficients for each predictor variable;
• ε is the error term.
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The study checked for multicollinearity using Variance Inflation Factors (VIF) and
assessed the normality of residuals using the Shapiro–Wilk test.

3.3.3. Local Bivariate Relationships Analysis

A local bivariate relationship analysis was conducted using Geographically Weighted
Regression (GWR) to examine the spatial variability in the relationship between changes
in Area Deprivation Index (ADI) rankings and crime change rates. The GWR model is
expressed as follows:

yi = β0(ui, vi) + ∑k βk(ui, vi)xik + ϵi (4)

where:

• (ui, vi) represents the coordinates of the ith point in space;
• β0(ui, vi) is the coefficient function for the kth variable at point I;
• xik are the explanatory variables at point I;
• ϵi is the error term.

Local relationships were categorized based on the sign and significance of the local
coefficients, applying a 90% confidence level. An adaptive kernel with a minimum of
30 neighbors was used for bandwidth selection to ensure robust local estimates.

3.4. Statistical Analysis

Descriptive statistics (mean, median, standard deviation, minimum, and maximum)
were calculated for key variables. This study tested for spatial autocorrelation in crime
rates and ADI scores using Global Moran’s I. The significance level for all statistical tests
was set at α = 0.05.

To address non-normality in the crime rate change distribution, this research applied
a log transformation to this variable before inclusion in the OLS regression model.

3.5. Software and Tools

The following software packages were used for data processing and analysis:

• ArcGIS Pro 3.3.0 for spatial data processing, visualization, and hotspot analysis
• Python 3.8 with pandas and geopandas libraries for data manipulation and geocoding

This methodology combines advanced spatial analysis techniques with robust statisti-
cal methods to provide a comprehensive examination of the relationship between urban
deprivation and crime patterns in Chicago. By employing both global and local analyti-
cal approaches, the current study aims to capture the complex spatial dynamics of these
phenomena and provide insights that can inform targeted policy interventions.

4. Results
4.1. Exploratory Spatial Analysis
4.1.1. ADI and Crime Trends

Our analysis of poverty dynamics from 2015 to 2022 revealed relatively stable depriva-
tion patterns across Chicago’s census tracts, informing our subsequent findings. Figure 1
illustrates the spatial distribution of ADI state ranks in 2015 and 2022, highlighting persis-
tent hotspots of concentrated deprivation, particularly on the city’s south and west sides.

The maps reveal a relatively stable pattern of socioeconomic deprivation over the
seven-year period. Both maps exhibit similar spatial distributions of ADI ranks, with
persistent hotspots of concentrated deprivation particularly evident on the city’s south and
west sides. This stability in deprivation patterns suggests that socioeconomic disparities
in Chicago are deeply entrenched and resistant to short-term changes. The consistency
between the 2015 and 2022 maps underscores the need for long-term, sustained efforts to
address urban inequality and improve socioeconomic conditions in the most disadvan-
taged neighborhoods.
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Figure 2 compares the spatial distribution of crime incidents in 2015 and 2022, revealing
a general decline in crime rates across the city over the study period.
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As shown in Figure 2, the 2015 map shows a higher density and intensity of crime
incidents across many areas of the city, particularly in the central and southern regions.
In contrast, the 2022 map reveals a general reduction in crime density, with fewer areas
exhibiting high concentrations of incidents. This overall decrease in crime incidents aligns
with our findings of a general decline in crime rates across Chicago during the study
period. However, the maps also highlight that crime reduction has not been uniform
across all neighborhoods, with some areas still experiencing higher crime densities in
2022. This spatial variability in crime reduction emphasizes the importance of localized,
context-specific approaches to crime prevention and public safety initiatives.



Societies 2024, 14, 139 8 of 15

To further examine these trends, this study calculated changes in ADI state ranks
(Figure 3) and percent changes in crime incidents (Figure 4) between 2015 and 2022.
Figure 3 illustrates the changes in ADI state ranks between 2015 and 2022 across Chicago’s
census tracts. The map reveals a complex pattern of socioeconomic shifts throughout the
city. The areas in green indicate improvements in ADI ranking (decreasing deprivation),
while the red areas represent declining ADI ranks (increasing deprivation). The spatial
distribution shows that changes in deprivation levels are not uniform across the city, with
some neighborhoods experiencing more significant shifts than others. This heterogeneity
in ADI changes underscores the dynamic nature of urban socioeconomic conditions and
highlights the importance of spatially targeted interventions to address evolving patterns
of disadvantage.
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4.1.2. Hotspot Analysis

This study conducted optimized hotspot analyses for both crime incident changes
and ADI changes between 2015 and 2022 (Figure 5). These maps reveal complex spatial
patterns, with crime and ADI increases and decreases occurring in different neighborhoods.
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Table 1 summarizes the key results from the optimized hotspot analysis.

Table 1. Summary of the key optimized hotspot analysis results.

Analysis Metric Result (Crime Rates 2015–2022) Result (ADI Change 2015–2022)

Number of Valid Input Features 869 869

Change Metrics

Min: −82.0,
Max: 100.0,

Mean: −25.27,
Std Dev: 25.81

Min: −6.0,
Max: 5.0,

Mean: 0.1653,
Std Dev: 1.1096

Number of Outlier Locations Removed 13 12
Optimal Fixed Distance Band 7293.7 m 2578.9875 m

Percent of Features with <8 Neighbors 0.2% 9.9%
Number of Output Features Identified 538 77

Output Features Passing FDR Correction 100% 100%

Key findings from the hotspot analysis include:

1. Statistically significant hotspots and coldspots were identified for both crime rates
and ADI changes.

I. The optimal distance band for crime rates (7293.7 m) suggests a more dis-
persed pattern compared to ADI changes (2578.9875 m).

II. Crime rate hotspots indicate areas with significant increases in crime, while
coldspots represent substantial decreases.

III. ADI change hotspots represent areas with increasing socioeconomic disad-
vantage, while coldspots indicate improving conditions.

IV. Both analyses highlight substantial variability in trends across Chicago’s neighborhoods.
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4.2. OLS Regression Results

An Ordinary Least Squares (OLS) regression was conducted to model the relationship
between crime changes and various predictor variables, including ADI scores and crime
incidents. Table 2 summarizes the regression results:

Table 2. Summary of OLS regression results.

Variable Coefficient Std. Error t-Value p-Value [95% Conf.
Interval]

Intercept 0.3997 0.155 2.572 0.010 [0.095, 0.705]
Crime incidents in 2015 −0.0043 0.001 −7.051 <0.0001 [−0.005, −0.003]
Crime incidents in 2022 0.0034 0.001 6.238 <0.0001 [0.002, 0.004]

ADI score in 2015 0.0407 0.038 1.076 0.282 [−0.034, 0.115]
ADI score in 2022 −0.0440 0.037 −1.176 0.240 [−0.117, 0.029]

Key findings from the OLS regression:

1. Crime incidents in 2015 and 2022 were significant predictors of crime change (p < 0.05).

I. ADI scores in 2015 and 2022 were not statistically significant predictors
(p > 0.05).

II. The model explains a relatively small proportion of the variance in crime
change (R-squared: 0.069).

III. Residual diagnostics suggest potential issues with non-normality and possi-
ble multicollinearity.

4.3. Local Bivariate Relationships Analysis

A local bivariate relationship analysis was conducted to explore the association be-
tween changes in ADI rankings and crime change rates from 2015 to 2022. In the analysis,
various types of relationships between changes in the Area Deprivation Index (ADI) rank-
ings and crime rate changes were identified. A positive linear relationship indicates that
improvements in ADI ranking are associated with a decrease in crime rate. Conversely, a
negative linear relationship shows that improvements in ADI ranking correlate with an
increase in crime rate. Some areas displayed undefined complex dynamics between ADI
and crime changes, highlighting intricate interactions. In many neighborhoods, there was
no significant association between changes in ADI and crime rates, indicating no clear
relationship between the two variables. These findings are summarized in Table 3, which
provides detailed statistical insights into the different types of relationships observed in
the study.

Table 3. Local bivariate relationships analysis summary table.

Variable Description

Dependent Variable Crime Change Rate (2015–2022)

Explanatory Variable ADI_change (Changes in ADI Rankings
2015–2022)

Number Of Neighbors 30
Number Of Permutations 199

Enable Local Scatterplot Pop-Ups CREATE_POPUP
Level Of Confidence 90%

Apply False Discovery Rate (Fdr) Correction APPLY_FDR
Scaling Factor (Alpha) 0.5

Key findings include:

2. Out of 869 census tracts, 627 (72.2%) showed no statistically significant relationship
between ADI changes and crime rate changes, as detailed in Table 4.
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I. A total of 84 tracts (9.7%) exhibited a positive linear relationship, indicating
that improved ADI rankings were associated with decreased crime rates.

II. There were 34 tracts (3.9%) showing a negative linear relationship, where
improved ADI rankings were associated with increased crime rates.

III. Undefined complex relationships were displayed in 92 tracts (10.6%), suggest-
ing more intricate dynamics between ADI and crime changes.

IV. The entropy results (Min: 0.1, Max: 0.9, Mean: 0.45, Median: 0.4) indicated
moderate variability in the strength of local relationships.

V. Applying False Discovery Rate (FDR) correction slightly reduced the number
of statistically significant relationships detected (from 242 to 220).

Table 4. Local relationship types and frequency.

Type of Relationship Frequency

Concave 23
Convex 9

Negative Linear 34
Not Significant 627
Positive Linear 84

Undefined Complex 92

These results underscore the complex and spatially heterogeneous nature of the rela-
tionship between socioeconomic conditions and crime dynamics in Chicago. The findings
highlight the importance of considering local contextual factors when examining these
relationships and developing targeted interventions for crime prevention and commu-
nity development.

5. Discussion

This study investigated the spatial nexus between urban deprivation and crime decline
in Chicago from 2015 to 2022, revealing a complex and nuanced relationship between
socioeconomic disparities and crime patterns. Our findings highlight the importance of
considering spatial dimensions when examining urban crime dynamics, aligning with the
growing body of literature emphasizing the role of place in criminological research.

The exploratory spatial analysis revealed persistent hotspots of concentrated depriva-
tion, particularly on Chicago’s south and west sides, corroborating previous research on the
city’s socio-spatial inequalities [1]. This spatial clustering of disadvantage underscores the
enduring nature of urban inequality and its potential impact on crime patterns. However,
it is important to note that our study’s reliance on administrative boundaries (census tracts)
may obscure finer-grained patterns of deprivation and crime, a limitation acknowledged in
similar studies.

Our analysis showed a general decline in crime rates across Chicago from 2015 to
2022, but with significant spatial variability. This finding is consistent with broader trends
of crime reduction in many U.S. cities over recent decades [47,48]. However, the uneven
distribution of crime reduction across neighborhoods highlights the persistent challenges
in achieving equitable public safety outcomes. This spatial heterogeneity aligns with the
observations of Campedelli et al. [5] during the COVID-19 pandemic, suggesting that local
contextual factors play a crucial role in shaping crime trends.

Interestingly, our OLS regression results showed that while crime incidents in 2015
and 2022 were significant predictors of crime change, ADI scores were not statistically
significant predictors. This finding contrasts with some previous studies that have found
strong links between socioeconomic factors and crime rates [29–31]. The relatively low
explanatory power of our model (R-squared: 0.069) suggests that the relationship between
deprivation and crime is more complex than can be captured by a simple linear model.
This limitation points to the need for more sophisticated analytical approaches, such as
those employed by Boessen et al. [39] using fixed effects spatial modeling.
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The local bivariate relationship analysis provided a more nuanced understanding
of the spatial variability in the association between ADI changes and crime rate changes.
The finding that the majority of census tracts (72.2%) showed no statistically significant
relationship between these variables highlights the importance of local context in under-
standing crime dynamics. This aligns with the principles of environmental criminology,
which emphasizes the role of specific environmental factors in shaping crime patterns [19].

The identification of both positive and negative linear relationships between ADI
improvements and crime rate changes in different neighborhoods underscores the com-
plexity of these dynamics. In some areas, improvements in socioeconomic conditions were
associated with decreased crime rates, supporting theories linking inequality reduction
to crime prevention [4]. However, the presence of negative relationships in other areas
suggests that the impact of socioeconomic changes on crime is not uniform and may be
mediated by other factors not captured in our study, such as social cohesion or collective
efficacy [28]. While our current dataset does not include direct measures of these factors,
future research could incorporate indicators such as voter turnout rates, community or-
ganization participation, or neighborhood watch presence as proxies for social cohesion
and collective efficacy, potentially helping to explain some of the unexpected findings in
our analysis.

A significant limitation of our study is its reliance on official crime data, which may
be subject to reporting biases and may not capture the full extent of criminal activity [49].
Future research could benefit from incorporating alternative data sources, such as victim-
ization surveys, to provide a more comprehensive picture of crime patterns.

Additionally, while our use of the Area Deprivation Index provides a multidimen-
sional measure of neighborhood disadvantage, it may not capture all relevant aspects of
socioeconomic conditions that influence crime. Future studies could explore additional in-
dicators or alternative measures of neighborhood disadvantage to provide a more nuanced
understanding of these relationships.

Our study’s focus on a single city, while providing depth, limits the generalizability
of our findings. Comparative studies across multiple urban contexts could help identify
common patterns and city-specific factors influencing crime–deprivation dynamics.

Despite these limitations, our research contributes to the ongoing dialogue on spatial
justice and equitable urban development [12]. The persistence of deprivation hotspots
and their potential influence on crime patterns underscores the importance of address-
ing broader issues of resource distribution in urban environments. Future research and
policy initiatives should aim to integrate crime prevention strategies with comprehensive
approaches to urban inequality, recognizing the complex interplay between socioeconomic
conditions, spatial dynamics, and criminal activity.

6. Conclusions

This study has provided a comprehensive spatiotemporal analysis of the relationship
between urban deprivation and crime patterns in Chicago from 2015 to 2022. By leveraging
extensive datasets on crime incidents and Area Deprivation Index (ADI) rankings, this study
has uncovered complex and spatially heterogeneous relationships between socioeconomic
disparities and crime dynamics across the city’s neighborhoods.

Our findings reveal persistent hotspots of concentrated deprivation, particularly
on Chicago’s south and west sides, alongside a general decline in crime rates over the
study period. However, the spatial variability in both deprivation patterns and crime
reduction highlights the challenges in achieving equitable public safety outcomes across all
communities. The complex relationships between ADI changes and crime rate changes, as
demonstrated by our local bivariate analysis, underscore the importance of considering
local context when examining urban crime dynamics.

These results have significant implications for urban policy and practice:
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I. Targeted Interventions: The identification of specific hotspots for both depriva-
tion and crime changes provides valuable information for policymakers and law
enforcement agencies. Resources and interventions should be tailored to address
the unique challenges faced by different neighborhoods, rather than applying
one-size-fits-all approaches. For example, Chicago’s Strategic Decision Support
Centers (SDSCs), implemented in high-crime districts, have shown promising
results in crime reduction. These centers combine real-time crime analysis, pre-
dictive policing, and community engagement. Additionally, the city’s Choose
to Change program, which provides mentoring and therapy to at-risk youth in
high-crime areas, has demonstrated success in reducing violent crime involvement.
Such targeted, data-driven interventions exemplify the approach recommended by
our findings.

II. Integrated Approach: Given the complex relationships between socioeconomic
factors and crime, efforts to improve public safety should be integrated with
broader initiatives to address urban inequality. This may include investments in
education, job training, affordable housing, and community development programs
in areas of concentrated disadvantage.

III. Spatial Justice: The persistence of deprivation hotspots underscores the need for a
renewed focus on spatial justice in urban planning and policy. Efforts should be
made to ensure more equitable distribution of resources and opportunities across
all neighborhoods, with particular attention to historically marginalized areas.

IV. Data-Driven Decision Making: Our study demonstrates the value of fine-grained
spatial analysis in understanding urban crime dynamics. Local governments and
agencies should invest in robust data collection and analysis capabilities to inform
evidence-based policymaking and resource allocation.

While our study provides valuable insights, it also highlights the need for continued
research in this area. Future studies could explore additional socioeconomic indicators, ex-
amine potential mediating factors, and employ more advanced spatial modeling techniques
to further unravel the complex relationships between urban deprivation and crime.

In conclusion, by unveiling the spatial nexus between urban deprivation and crime
decline in Chicago, this research contributes to a more nuanced understanding of urban
crime dynamics. It provides a foundation for evidence-based policies and interventions
aimed at creating safer, more equitable urban environments. As cities continue to grapple
with issues of crime and inequality, such spatially informed approaches will be crucial in
fostering sustainable, inclusive urban futures.
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