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Abstract. The COVID-19 pandemic has disrupted urban social and economic conditions worldwide, influencing crime trends and 

patterns. This study examines how socio-economic and built environment factors affect theft crime density in Chicago across 

different pandemic phases. Using both linear regression and machine learning models, we analyze crime data to identify key 

factors driving changes in theft crime trends, focusing on the role of built environment elements such as public facilities, 

commercial venues, and transportation hubs. Results indicate that built environment features have a significant impact on theft 

density, while socio-economic factors like unemployment and income inequality show variable effects across pandemic periods. 

These findings suggest that urban and social factors interact to influence crime patterns, with non-linear models capturing these 

complex relationships more effectively than traditional methods. For policymakers and urban planners, the results underscore the 

importance of incorporating built environment considerations into crime prevention strategies, particularly in adapting urban 

spaces to foster safer, more resilient communities in the post-pandemic era.  

Keywords: crime prediction, built environment, socioeconomic factors, machine learning, urban planning 

1. Introduction 

1.1. Background 

Chicago, known for its high crime rates, faces significant quality-of-life challenges due to crime, which impacts security, fosters 

poverty, and contributes to educational inequality. Crime and urban economy are deeply intertwined, with factors like economic 

disparity, limited social services, and inadequate urban planning often leading disadvantaged neighborhoods toward criminal 

activity. Understanding shifts in crime trends has become especially important with the COVID-19 pandemic’s disruptions to 

social and economic conditions. 

1.2. Literature Review  

Quantifying the built environment is a crucial first step in examining its impact on crime patterns. While socio-economic factors 

are relatively straightforward to measure using statistical data, the built environment poses challenges due to a lack of standardized 

variables. Previous studies have assessed built environment characteristics through physical features identified via surveys, 

fieldwork, or environmental audits [2, 14, 15]. 

Jeffery (2021) emphasizes the role of Crime Prevention Through Environmental Design (CPTED), which considers factors like 

urban functions, street networks, and green spaces. Certain features, such as dense commercial venues (e.g., hotels, retail stores) 

and high-access public transportation areas, are linked to increased crime rates, underscoring urban functionality’s role in crime 

prediction [15, 12]. 

Mixed findings on the built environment's influence on crime suggest limitations of traditional linear models [8, 18]. Recent 

studies advocate for non-linear models in environmental criminology to capture these complex relationships [7, 12]. While prior 

studies often focused on small areas due to data constraints, some broader analyses at the city level incorporate demographic and 
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policy dimensions but may miss the nuances of specific urban characteristics [17]. This study, therefore, explores the non-linear 

dynamics between built environment and socio-economic factors in influencing crime, affirming their interlinked effects. 

1.3. Hypotheses and Objectives 

This study examines the impact of the COVID-19 pandemic on crime trends in Chicago, focusing on three main hypotheses: 

Pandemic Impact on Crime: The study hypothesizes that COVID-19 has significantly affected crime density, leading to 

notable shifts in crime rates during and after the pandemic. 

Determinants of Crime: The built environment and socioeconomic factors are expected to play key roles in influencing crime 

density, with these influences varying across different phases of the pandemic. 

Crime Prediction: Using crime data combined with built environment and socioeconomic determinants, the study aims to 

develop a predictive model to forecast crime trends in Chicago, serving as a practical tool for urban planning and crime prevention. 

The study’s primary objective is to analyze and predict Chicago’s crime trends, especially regarding pandemic impacts. By 

examining shifts across different pandemic stages, the study seeks to identify patterns and determinants of crime, including 

socioeconomic and environmental factors, and understand how their influence fluctuates. An essential goal is to construct an 

accurate predictive model that can aid urban planning, public safety strategies, and decision-making in crime prevention. 

Additionally, this study contributes to existing literature by providing insights into the complex interplay between pandemics, 

urban environments, and crime rates, enhancing understanding of these relationships in an urban context. 

1.4. Conceptual Framework 

Criminal activity arises from the interaction between individuals motivated to commit a crime and the opportunity provided by a 

specific environment. Crime causation can be viewed from three perspectives: the motives and attitudes of offenders, the 

vulnerability of potential victims, and the role of the built environment and social conditions. This study focuses on the third 

perspective, analyzing how social and environmental characteristics influence crime density in Chicago. 

As shown in Figure 1, we measure Chicago’s built environment through variables like roads, restaurants, transportation, 

financial institutions, and recreational spaces, while the social environment includes indicators of social disadvantage, property, 

and household characteristics. Research shows that built environment features directly correlate with crime; for instance, mixed 

land use may attract outsiders, weakening social control. Studies also suggest that vibrant areas with many grocery stores and 

restaurants may increase neighborhood theft, while multifamily residential and commercial zones often experience lower burglary 

rates than single-use properties. 

 

Figure 1. Research framework 

2. Methodology 

2.1. Date and Sources 

In this study, crime-related factors are categorized into two primary groups based on literature review: 

Built Environment Factors: Elements of the built environment can significantly impact crime rates. Features like poor 

lighting, abandoned buildings, limited green spaces, and high traffic are associated with increased crime, while well-maintained 

spaces with adequate lighting and strong community presence often experience lower crime rates. Urban layout also plays a role: 

curved streets discourage through traffic and enhance resident monitoring, generally reducing crime, while grid-like streets can 

facilitate escape routes and may increase crime incidents. 

Specific amenities, such as schools, banks, and grocery stores, also influence crime rates in complex ways. Areas with a higher 

concentration of banks often report lower crime, likely due to increased economic stability and employment. Grocery stores can 

also contribute positively by improving access to food and quality of life, indirectly reducing crime. Green spaces have mixed 
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effects; while dense tree cover can conceal crime, green areas often foster social interaction and deter crime through community 

presence. Visible security measures, such as street cameras, also contribute to reduced crime locally. 

Socioeconomic Factors: Socioeconomic conditions strongly correlate with crime. Factors like poverty, unemployment, low 

education, and income inequality are commonly associated with higher crime rates. Poverty and unemployment are linked to crime 

through resource scarcity, stress, and instability. Education also plays a role, as lower educational attainment correlates with higher 

crime risk, often due to limited job opportunities. Income inequality, by weakening social cohesion and increasing perceived 

injustice, is also a significant predictor of crime rates. 

These environmental and socioeconomic factors provide a comprehensive framework for analyzing the interplay between 

surroundings, social conditions, and crime, offering insight into broader social and environmental influences on criminal behavior. 

2.2. Study Methodology 

2.2.1.  Traditional Regression 

This study applies three linear regression models—Ordinary Least Squares (OLS), Lasso, and Ridge—to examine the relationship 

between independent variables and crime rates, helping to identify factors linked to higher crime rates and predict levels across 

different areas. 

• Ordinary Least Squares (OLS): A straightforward linear model that minimizes the sum of squared errors between predicted 

and actual values, although it relies on assumptions about error distribution and multicollinearity. 

• Lasso and Ridge Regression: These models use regularization to address OLS limitations. Lasso (L1 regularization) selects 

essential features by setting some coefficients to zero, reducing overfitting, while Ridge (L2 regularization) shrinks 

coefficient magnitudes to handle multicollinearity. 

2.2.2.  Machine Learning Models 

Machine learning algorithms offer several advantages over traditional methods for crime analysis and prediction: 

• Handling Large, Complex Data: Machine learning models are designed for analyzing extensive datasets common in crime 

analysis. 

• Capturing Nonlinear Relationships: These models effectively capture nonlinear patterns often found in crime data, which 

linear regression models may miss. 

• Automatic Feature Selection and Ensembling: Machine learning algorithms can identify key predictors and use ensembling 

techniques, like Random Forests and Gradient Boosting, to improve accuracy. 

• Flexibility with Data Types: Machine learning models adapt well to various data types, including spatial and temporal 

data. 

This study uses five machine learning models: Random Forest, Extra Trees, Gradient Boosting, K-Nearest Neighbors, and 

Multi-Layer Perceptron Neural Network. Performance is evaluated using six metrics: RMSE, %RMSE, MAE, %MAE, precision 

(P), and R-squared. 

3. Descriptive Analysis 

3.1. Shifting Trend of All Crime Types 

This section examines the shifting trends of various crime types in Chicago across three temporal phases of the pandemic: pre-

pandemic, amid-pandemic, and post-pandemic. First, it assesses temporal changes in overall crime trends, identifying patterns and 

pinpointing significant events that may have influenced these changes. Special attention is given to the most frequently reported 

crime in Chicago—namely, theft—to analyze both temporal and spatial shifts from 2020 to 2022. This analysis aims to provide a 

thorough understanding of Chicago's evolving crime landscape and the potential impacts of COVID-19 and its associated 

containment measures on crime rates in the city. 

Figure 2 displays the rolling daily total of all reported crimes in Chicago from 2020 to 2022, highlighting a notable surge on 

May 25, 2020. This exponential increase in crime followed the death of George Floyd, an African American man who died during 

an encounter with police. His death triggered widespread protests, civil unrest, and a resurgence of the Black Lives Matter 

movement not only in Chicago but also across the United States and internationally. 
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Figure 2. Rolling sum of all crimes in Chicago (2020-2022) 

 (Source: self-drawn) 

Monthly aggregation of crime data reveals a fluctuating trend throughout the year, with crime rates typically rising during the 

summer months (Figure 3). This seasonal pattern may be attributed to heightened social activity and outdoor gatherings during 

warmer months compared to the colder winter period. Additionally, an overall increase in crime rates is observed in the post-

pandemic period of 2022, which could be linked to factors such as economic hardship or the relaxation of pandemic containment 

measures.  

 

Figure 3. Number of all crimes in Chicago by month and year (2020-2022) 

 (Source: self-drawn) 

The analysis indicates distinct trends across different crime categories during the pandemic. White-collar and drug-related 

crimes have consistently declined, while public order crimes initially decreased and then rose. Weapon offenses showed 

fluctuations, and violent crimes demonstrated a steady increase, particularly since the onset of the pandemic. Notably, property 

crimes saw a sharp increase following the COVID-19 outbreak, continuing on an upward trajectory. 

To analyze these diverse crime types effectively, crimes were grouped into seven primary categories: violent, drug-related, 

weapon offenses, white-collar, public order, property crimes, and others (Table 1). Temporal trends for these categories were 

visualized (Figure 4). The analysis revealed a consistent decline in white-collar and drug crimes during the pandemic, contrasting 

with a gradual increase in public order crimes following an initial dip and fluctuations in weapon offenses. Violent crimes displayed 

a steady rise throughout the pandemic period, with the most pronounced increases occurring early in the outbreak. This trend may 

be partially attributed to pandemic-induced financial instability, which likely contributed to an increase in property crimes. 

Table 1. Major categories of crime 

Primary Types Sub Types of Crime 

Violent Crimes Homicide, Assault, Battery, Stalking, Intimidation, Criminal Sexual Assault 

Weapons Crimes Weapons Violation 

Drug Crimes Narcotics, Drug Violations 
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Public Order Crimes 
Disorderly Conduct, Liquor Law Violation, Public Peace Violation, 

Prostitution, Offense Involving Children 

White Collar Crimes Deceptive Practice, Forgery 

Other Crimes 
Arson, Concealed Carry License Violation, Interference With Public Officer, 

Criminal Trespass, Other Offense 

Property Crimes Theft, Burglary, Robbery, Motor Vehicle Theft, Criminal Damage 

 

Figure 4. Temporal trend by six major crime categories in Chicago (2020-2022) 

(Source: self-drawn) 

Figure 5 illustrate the total number of crimes by each subtype of crimes and the shifting temporal trend by different crime types 

in Chicago. We observed that theft had the highest number of crimes, followed by battery, criminal damage, and assault. 

Furthermore, theft crimes exhibited an accelerating trend, highlighting the necessity for further analysis and exploration of the 

underlying causes behind theft crime changes. 

 

Figure 5. Total number of different sub-crime types in Chicago from 2020 to 2022 

 (Source: self-drawn) 

Table 1. (continued). 
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3.2. Shifting Trend of Theft Crime 

The shifting trend of theft crimes from 2020 to 2022 (Figure 6) reveals a decreasing pattern in the pre-pandemic period. However, 

following the easing of restrictions in July 2021, theft crimes began an overall upward trend, returning to pre-pandemic levels. 

Chicago’s phased reopening plan, "Protecting Chicago," initiated in May 2020, likely influenced these shifts in theft crime 

numbers, as the plan imposed varying restrictions on businesses, capacity, social distancing, and safety protocols across different 

phases. 

The lowest point in theft crimes, observed in February 2021, may be attributed to several factors. These include strict limitations 

on business operations and public gatherings, which reduced potential theft targets. Additionally, February is one of Chicago’s 

coldest months, which may have further deterred outdoor activities, limiting opportunities for theft. 

 

Figure 6. Change in number of theft crime in Chicago by month and year (2020-2022)  

(Source: self-drawn) 

A spatial analysis of theft crime distribution in Chicago was conducted, offering an overview of its spatial patterns before, 

during, and after the COVID-19 pandemic (Figure 7). The analysis reveals that while the city center remains the primary hotspot 

for theft crimes, the distribution has gradually dispersed over time, with new hotspots emerging in other areas of the city. This 

shift suggests a broadening spatial impact of theft crime beyond the central urban core. 

4. Prediction Models 

 

Figure 7. Distribution of test errors 
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To identify key variables influencing theft crime across different pandemic phases, we conducted a correlation analysis. Results 

showed that certain built environment features, such as food services, bicycle facilities, daily traffic, public services, bars, banks, 

health services, and ATMs, consistently correlated with theft crime throughout the pandemic. Additionally, socioeconomic factors, 

including unemployment rates and specific community areas, showed strong correlations in both pre- and post-pandemic phases. 

During the pandemic, variables such as bar density and proximity to police stations within a 1000m radius became more strongly 

correlated with theft crimes, reflecting shifts in influencing factors across different phases. 

4.1. Linear Models  

To assess the linear relationship between built environment, socioeconomic variables, and theft crime, we used Ordinary Least 

Squares (OLS) to analyze theft crime density across three phases: pre-pandemic, amid-pandemic, and post-pandemic. The baseline 

models yielded R² values of 0.599, 0.576, and 0.526, indicating that built environment and socioeconomic factors moderately 

explain variations in theft crime. 

 

Figure 8. OLS baseline models for pre-, amid- and post-pandemic theft crimes 

 (Source: self-drawn) 

To evaluate predictive accuracy, we split the data into 80% training and 20% testing sets and applied OLS, Lasso, and Ridge 

regression models with five-fold cross-validation to predict theft crime density across the pre-, amid-, and post-pandemic periods. 

Results indicated that OLS performed comparably to Lasso and Ridge, suggesting that regularization had minimal impact on model 

performance. 

Table 2.OLS, Lasso and Ridge results 

Dependent 

variable 
Regression model Train error Test error R2 (Train / Test) 

y1 

Pre-

pandemic 

theft crime 

OLS 1.52074 1.60073 0.59878 / 0.59759 

LASSO 1.52086 1.60028 0.59872 / 0.59782 

RIDGE 1.52084 1.60062 0.59873 / 0.59764 

y2 

Amid-

pandemic 

theft crime 

OLS 1.52074 1.60073 0.57640 / 0.59924 

LASSO 1.52085 1.60028 0.57640 / 0.59935 

RIDGE 1.52083 1.60062 0.57637 / 0.59938 

y3 

Post-

pandemic  

theft crime 

OLS 1.74680 1.98505 0.54505 / 0.52593 

LASSO 1.74703 1.98456 0.54493 / 0.52616 

RIDGE 1.74688 1.98475 0.54501 / 0.52607 
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4.2. Non-linear exploration 

After analyzing linearity with OLS, Lasso, and Ridge models, we applied machine learning models to explore non-linear 

relationships between built environment, socio-economic variables, and theft crime density. We used Random Forest, Extra Trees, 

Gradient Boosting, MLP-NN, and K-NN models. The Extra Trees model, which builds an ensemble of decision trees with 

randomly selected splits, emerged as the most suitable model for predicting post-pandemic theft crime in Chicago, given its lower 

RMSE and MAE and higher R² score (Table 2 and Figure 9). The normal distribution of test errors for the Extra Trees model 

further supports its reliability and accuracy (Figure 10).  

Table 3. Random Forest, Extra Trees, Gradient Boosting, MLP-NN, K-NN results 

Machine learning model RMSE MAE R2 

Random Forest 0.847 0.394 0.914 

Extra Trees 0.691 0.308 0.943 

Gradient Boosting 0.798 0.425 0.923 

MLP-NN 1.493 0.824 0.732 

K-NN 1.001 0.480 0.880 

                       

Figure 9. MAE and RMSE for machine learning models        Figure 10. Distribution of test errors 

                                            

This study highlights the strong influence of built environment features, such as school, grocery, and library density, road 

density, daily traffic volume, and density of banks, bicycle parking, and food services, on theft crime (Figure 11). These 

environmental features showed a stronger impact on theft crime density compared to socio-economic factors, aligning with the 

findings from our linear models. These results underscore the importance for urban planners and policymakers to consider built 

environment features in developing crime prevention strategies. 
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Figure 11. Feature importance of top 20 variables 

(Source: self-drawn) 

To further investigate, we used Partial Dependence Plots (PDPs) to analyze the threshold effects of specific features on theft 

crime density while considering average effects across other features. PDPs provided insights into complex relationships, showing 

that major environmental factors, including school, grocery, and library density, along with daily traffic, collectively contribute to 

higher theft crime density. The effects of socio-economic factors, however, were more nuanced. For instance, the PDP for median 

household income and percentage of households below the poverty line revealed threshold effects, where crime density initially 

rises with population increases but eventually levels off. This suggests a need for nuanced analysis of socio-economic factors in 

relation to crime trends. 

  

Figure 12. Partial Dependence Plots of representative built environment and socioeconomic features  

(Source: self-drawn) 

In summary, our comparison of linear and non-linear models indicates that non-linear machine learning models, with an R² 

score of 0.943, outperform linear models in capturing complex relationships influencing crime. This aligns with previous studies 

highlighting non-linear dynamics in factors affecting crime density. 

5. Conclusions  

Using a 500m fishnet grid and machine learning techniques, this study identified key variables affecting theft density in Chicago, 

with the Extra Trees (ETR) model outperforming others. This research findings highlight the significant role of built environment 

variables in influencing theft density, aligning with previous studies [4-6]. Results indicate that built environment features have a 

significant impact on theft density, while socio-economic factors like unemployment and income inequality show variable effects 

across pandemic periods. These findings suggest that urban and social factors interact to influence crime patterns, with non-linear 

models capturing these complex relationships more effectively than traditional methods. For policymakers and urban planners, the 

results underscore the importance of incorporating built environment considerations into crime prevention strategies, particularly 

in adapting urban spaces to foster safer, more resilient communities in the post-pandemic era. 
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