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Abstract

:

The coronavirus disease 2019 (COVID-19) pandemic has had tremendous and extensive impacts on the people’s daily activities. In Chicago, the numbers of crime fell considerably. This work aims to investigate the impacts that COVID-19 has had on the spatial and temporal patterns of crime in Chicago through spatial and temporal crime analyses approaches. The Seasonal-Trend decomposition procedure based on Loess (STL) was used to identify the temporal trends of different crimes, detect the outliers of crime events, and examine the periodic variations of crime distributions. The results showed a certain phase pattern in the trend components of assault, battery, fraud, and theft. The largest outlier occurred on 31 May 2020 in the remainder components of burglary, criminal damage, and robbery. The spatial point pattern test (SPPT) was used to detect the similarity between the spatial distribution patterns of crime in 2020 and those in 2019, 2018, 2017, and 2016, and to analyze the local changes in crime on a micro scale. It was found that the distributions of crime significantly changed in 2020 and local changes in theft, battery, burglary, and fraud displayed an aggregative cluster downtown. The results all claim that spatial and temporal patterns of crime changed significantly affected by COVID-19 in Chicago, and they offer constructive suggestions for local police departments or authorities to allocate their available resources in response to crime.
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1. Introduction


The recent coronavirus disease 2019 (COVID-19) has had widespread and unprecedented impacts on people’s daily lives, economic development, politics, and social harmony [1]. To reduce the transmission of the virus among people, stay-at-home orders and social distancing guidelines have been issued in many countries, changing the social environment of criminal activity. Thus, the COVID-19 pandemic had an impact on crimes [2]. Overall crimes have dropped sharply during the COVID-19 pandemic [3,4]. The relationship between the COVID-19 pandemic and crimes has varied in terms of types of crimes [5]. It was found that the social distancing guidelines have a statistically significant impact on certain types of crimes: some crimes may decrease (e.g., burglary and robbery), and some crimes may increase (e.g., domestic violence) [6]. It has been shown that robbery, shoplifting, theft, and battery have dropped during the COVID-19 pandemic in Los Angeles, while stolen vehicles, burglaries, assault with deadly weapons, intimate partner violence, and homicide have not been significantly affected [7]. One study also showed that most types of fraud have shown a significant increase, and the impact on older people has been more significant than that on younger people [4]. Although people have altered their routine activities during the COVID-19 pandemic, their cyber routines were not radically altered; thus, cyber victimization rates have not changed [2]. Recent studies have analyzed the impact of the COVID-19 pandemic on different types of crimes. However, the impact of the COVID-19 pandemic on the spatial and temporal distributions of crimes in a city is not well understood. Additionally, existing studies have mainly studied the impacts of the COVID-19 pandemic on crimes at the whole-city scale, and analysis of its impact on crimes at a relatively micro scale is rare. To our knowledge, only Campedelli et al. analyzed the impact of public interventions on several crimes at a relatively micro scale (community-wise) by the Structural Bayesian Time-Series during the COVID-19 [3].



This work is a case study to investigate the impacts that COVID-19 has had on the spatial and temporal patterns of crime in Chicago through spatial and temporal crime analyses approaches. Specifically, we analyzed the temporal pattern changes of different crimes at three temporal dimensions through the Seasonal-Trend decomposition procedure based on Loess (STL). Then, we explored the spatial pattern changes of different crimes in 2020 compared with 2019 by using the spatial point pattern test (SPPT) and utilized the local Moran’s I to identify local clusters and local spatial outliers.




2. Related Work


2.1. Crime and COVID-19


To investigate impacts of the COVID-19 pandemic on crime patterns, some works adopted various quantitative methodologies to analyze the changes in crime trends. In the early stages of COVID-19, Mohler et al. used the average statistics of different period trends to show that social distancing policies have had a statistically significant impact on a few specific crime types [6]. The interrupted time series analysis (ITSA) was applied to assess the impact of COVID-19 lockdown on trends of some crimes [8]. Ashby, Payne, and Morgan used seasonal auto-regressive integrated moving average (SARIMA) models to forecast the expected crime trends in 2020 in the absence of the pandemic, and then gained changes of crime trends by comparing with the actual frequency of crimes [5,9]. Similar to SARIMA models, Bayesian structural time-series (BSTS) models were used to estimate the crime trends affected by social distancing and shelter-in-place policies, as well as to detect the direction, magnitude, and significance of the trend changes [3,7]. After identifying differences between forecast trends and actual trends of crimes, some studies used Firth’s Logistic Regression or Binary Logistic Regression to investigate the factors associated with the crime trends changes [3,10]. Whereas, Abrams used a series of difference-in-difference regressions to quantify the variations of crime rate with crime types and locations [11].



In addition, some works have analyzed the effects of COVID-19 on some specific crimes based on criminal theories, such as activity theory [12], crime pattern theory [13], and general strain theory [14]. The COVID-19 containment policies and social distancing have impacts on people’s activities, crime patterns, and people’s emotions. It was found that routine activity theory and crime pattern theory are associated with the reduction in some types of crime, such as thefts, robberies, homicides, and some group-based offenses [3,15], whereas, the strain and negative emotions caused by the pandemic possibly boosting violent crimes [7,10]. It can be seen that intimate partner violence is increasing in many families, because of the economic impact of the COVID-19 pandemic and responses of social distancing measures added stressors in the home [3,7,15,16].




2.2. Spatial and Temporal Crime Analysis


To the best of our knowledge, the impact that pandemics have on the spatial and temporal distributions of crimes has not been studied before. However, other potential related studies have analyzed the impact of natural disasters (e.g., hurricanes and tornados) on the spatial and temporal distributions of crimes [17,18]. Leitner and Helbich investigated the spatial temporal impact of hurricanes on crimes in Houston, TX, through spatial and temporal crime analysis approaches, including kernel density estimation, spatial scan statistic [19], and geographically weighted regression [20], and determined spatial and temporal burglary clusters and the potential factors leading to the clusters. Moreover, some studies analyzed the impact of pandemics on other events. Campedelli and D’Orsogna used k-means to identify spatial clusters of disorder events, and then found their temporal dependence and self-excitability by Hawkes processes [21].



Spatial and temporal crime analysis approaches are effective for crime research. Many techniques have been developed to detect crime hotspots, measure crime displacement, estimate crime exposure risks, and identify the spatial stability of crime patterns. The hot spot matrix describes three types of temporal hotspots and three types of spatial hotspots, and a policing strategy can be made according to different combinations of temporal hotspots and spatial hotspots [22]. Spatial-temporal kernel density estimation [23,24], spatial scan statistic [19], and spatial and temporal analysis of crime (STAC) techniques [25] are commonly used to detect crime hotspots in spatial and temporal dimensions. Additionally, spatial-temporal kernel density estimation can be used to measure crime displacement [26]. The spatial point pattern test that measures the degree of similarity between two spatial point patterns can be applied to identify spatial stability of crime patterns [27,28,29]. Recently, colocation mining methods have been applied to investigate the spatial association between crime occurrences and city facilities [30,31,32].



In sum, existing studies have mainly studied the impact of the COVID-19 pandemic on crime temporal patterns, and the impact of policies to control the pandemic on crimes based on crime theories. To explore more comprehensive impacts of COVID-19 on crimes in Chicago, this work used the spatial and temporal crime analyses to examine spatiotemporal variations of crime during the pandemic.





3. Materials and Methods


3.1. Workflow


This work aims to explore the spatial and temporal variations of crimes in Chicago during the COVID-19 through spatial and temporal analysis, and the workflow is shown in Figure 1. After gathering and preprocessing crime data, the first step is to determine whether the temporal distribution of crime in Chicago changed significantly during the pandemic, by the Watson U2 test. Then, STL decomposition was used to identify temporal variations of crimes in Chicago during the COVID-19 in three aspects. Finally, SPPT was applied to identify the spatial variations of crimes in Chicago during the COVID-19, and local Moran’s I identified the spatial correlation of local changes in Chicago.




3.2. Study Area and Data


Chicago is the third-largest city in the United States, with a population of nearly 3 million. Chicago was divided into 77 community areas in Figure 2 by sociologists at the University of Chicago in the late 1920s. In Chicago, the first case of COVID-19 was reported on 24 January 2020. The total number of confirmed cases continued to increase and reached 53,956, of whom 2664 had died as of 30 June 2020. During this outbreak time, the government proposed the “Protecting Chicago” framework, which consisted of five phases: Strict Stay-at-Home, Stay-at-Home, Cautiously Reopen, Gradually Resume, and Protect. Among them, the Stay-at-Home order was issued on March 21 in 2020, and the Cautiously Reopen phase was instituted on May 31 in 2020 (as reported on the Chicago government homepage, https://www.chicago.gov/city/en/sites/covid-19/home.html, accessed on 9 March 2021). When the temporal distribution of crime changed drastically, we used those two time points to subdivide the trend of crimes in the analysis below.



There were 81,542 criminal cases in Chicago from February to June in 2020. Compared to the prepandemic year of 2019, total crime fell by 23.7%. Mohler et al. proposed that COVID-19 has different effects on various types of crime [6]. Campedelli et al. also found that there are interactions between different type crimes during the pandemic [3]. Therefore, we explored the spatial and temporal patterns of seven types of crime in Chicago, including theft, battery, criminal damage, assault, burglary, fraud, and robbery. Four of them were markedly reduced, per Table 1. Criminal damage and robbery did not change as much, just showing a slight decrease. However, burglary increased by 3.14% compared to 2019. In addition, crime data, community area data and census tract data in Chicago all came from the Chicago data portal (https://data.cityofchicago.org/, accessed on 9 March 2021). In the crime data, the location of the crime event is shifted from the actual location for partial redaction but falls on the same block. In this work, we aggregated the daily and hourly data for each type of crime in Chicago from February to June in 2020, 2019, 2018, 2017, and 2016, to offer the initial data for the Watson U2 test and STL decomposition. Moreover, we have transformed the crime data (.csv file) in Chicago to spatial point data, to offer the initial data for SPPT.




3.3. Methods


3.3.1. Time Series Decomposition


Some common temporal analysis approaches can be used for crime analysis, such as ITSA, Autoregressive integrated moving average (ARIMA) models, BSTS models, X11 decomposition, and Seasonal extraction in ARIMA time series (SEATS) decomposition. ITSA could be applied to access the effect of the policy on crime, based on the trends of crime before and after the point of the policy [8]. ARIMA models and BSTS models are often used for predicting the trend of crime in 2020 in the absence of the pandemic or some policies [3,7,33]. ITSA, ARIMA models, and BSTS models cannot identify the periodic variations or outliers of temporal distribution in crime. X11 decomposition and SEATS decomposition work only with quarterly and monthly data [34].



STL decomposition is a common algorithm in time series decomposition that uses locally weighted scatterplot smoothing (Loess) as a smoothing method [35]. It can identify different temporal trends, detect the outliers of crime events, and map the dynamics of events over time with high accuracy and resolution [36]. Moreover, STL decomposition can handle any type of seasonality. We can also control the smoothness of the trend-cycle in STL decomposition [34]. Therefore, we used STL decomposition to investigate temporal changes in crime from three dimensions.



To investigate the trend and periodic variations of different types of crimes from February to June 2020, we used STL decomposition to decompose the distribution of crimes (   Y v   ) at each moment into the seasonal component (   S v   ), trend component (   T v   ), and remainder component (   R v   ). Since the periodic fluctuation of crimes is relatively stable, the model used by STL is an additive model whose formula as follows:


   Y v  =  S v  +  T v  +  R v    v = 1 , ⋯ , N  



(1)







The seasonal component represents the periodic variation of crimes in weeks from February to June 2020. After trend smoothing, the overall trend of crimes within five months is shown in the trend component. The number of crimes fluctuates around this trend. The remainder component is the random noise in the time series obtained by eliminating the seasonal component and trend component. It can reflect the robust outliers of crime events. In this work, STL decomposition was implemented by the “stl” function in R.




3.3.2. Spatial Point Pattern Test


SPPT was used to identify changes or differences in two different spatial point patterns based on the unit area [27], and SPPT GUI is an open source in the GitHub (https://github.com/nickmalleson/spatialtest, accessed on 6 March 2021). In this paper, we used SPPT to compare the similarity of spatial distribution patterns of crime in 2020 and 2019, 2018, 2017, and 2016 and investigated the local changes in crime on a micro scale, to explore whether the pandemic had affected the spatial distribution of crime. In addition, we took a small sample of crime date to compare tests results of SPPT based on three kinds spatial unit (community area, census tract, and block). The global S-index value of census tracts is larger than community areas. The global S-index value of blocks is the largest, yet it needs too much computing time. Therefore, we took the Chicago census tract as the unit area of SPPT.



There are three parameters of SPPT, which are number of iterations, sample size, and confidence interval. Number of iterations is the number of repeatedly sampling of test dataset. Sample size is the percent size of test dataset randomly sampling, and confidence interval based on test dataset is used to determine the similarity significance of the two samples. In this work, the number of iterations was 200, simple size was 85 percent, and the confidence interval was 95 percent. These values of three parameters have been used in some spatial analysis [27,37,38,39]. SPPT identifies the spatial point patterns that diverge in which areas and aggregates the similarities at the local level into a global index [39,40]. Taking the calculation of the global S-index of crimes in 2020 compared with 2019 as an example, the test can be described briefly as follows:




	
Adopt crimes in 2020 as the base dataset and crimes in 2019 as the test dataset (the test detects spatial pattern variations of base dataset relative to test dataset).



	
Randomly sample 85% of the test dataset 200 times, and then calculate the percentage of crimes in census tracts to generate a 95% confidence interval; and



	
Determine whether the percentage of the basic data in the census tracts falls into the confidence interval, obtain the value of the local S-index, and calculate the global S-index.








There are two important values. One of them is the global S-index (the index of similarity), which is often used to confirm the similar degree of two spatial point patterns. Another is the local index, which is applied to identify statistically significant changes on the micro scale (local changes). The local S-index has three values (−1, 0, 1), which means the base dataset is lower than, similar, or higher than the test dataset in a spatial unit respectively. The global S-index value is the count of the local S-index which equal zero, and then divide the number of all spatial units. The value of the global S-index ranges from 0 (no similarity) to 1 (perfect similarity), and 0.80 is used as the threshold to indicate that two spatial point patterns are similar [23]. Furthermore, we used Moran’s I to explore the spatial autocorrelation of local changes to observe the impact of the epidemic on local areas.






4. Results and Analysis


4.1. Results


4.1.1. Criminal Temporal Patterns under the Effect of COVID-19


After aggregating the daily and hourly crimes from February to June in 2019 and 2020, this work used Watson’s U2 test [41] to detect whether the temporal distributions (taking the day or hour as a unit) of different crimes are similar in these two years. The test is often used to assess the similarity between each pair of samples and specifically suited to circular distributions [42]. The results of Watson’s U2 test included two parameters: one was the statistical value and the other was the p-value (statistical significance). When the p-value is smaller than 0.001 and statistical values are greater than 0.5, two distributions were significantly different; when the p-value is greater than 0.01 and statistical values are less than 0.2, two distributions were likely similar [43].



In the temporal distribution (day), the p-values of five crime types, excluding battery and fraud, were all less than 0.001, and the statistical values are greater than 0.5, indicating that their temporal distributions in 2020 are significantly different from those in 2019 in Table 2. We also tested the similarity degree of temporal distributions (day) of crime between 2019 and 2018, and found that the p-values for theft, assault, criminal damage, battery, and fraud were all greater than 0.001. This result proved that the temporal distributions (day) of crime had major changes during the COVID-19. Meantime, the p-values of seven type crimes are far greater than 0.01, and the statistical values are far less than 0.2 in the temporal distribution (h). Therefore, it reveals that the impacts of the COVID-19 on some crimes were significant at the scale of days, while the impacts of the COVID-19 for crimes were slight at the scale of hours.



The results of Watson’s U2 test in Table 2 suggest that the temporal distribution (h) of crime changed slightly compared with previous years. We examined daily distributions of different crimes in 2020 to explore the characteristics of temporal patterns in a day. The numbers of different crimes significantly decreased in the period from 5 am to 6 am (Figure 3). The distributions of theft and assault showed a similar pattern in which the number of incidents was sustained at high levels from 12 pm to 8 pm. The number of batteries and robberies was high from approximately 3 pm until midnight, whereas the number of frauds was low at night, high at noon. The number of criminal damages and burglaries were mainly aggregated in the middle of the night. Most of crime incidents occurred at noon and night to coincide with the distribution of crime before the pandemic.



To analyze the changes in the temporal patterns of crimes, this work used STL to decompose temporal crime data from February to June in both 2019 and 2020. We set the number of a seasonal cycle to seven observations to capture the weekly periodicity. Then, we made a comparison of the temporal patterns between 2019 and 2020 in three dimensions: the trend, the seasonal, and the remainder components.



According to the results of STL in Figure 4, the trend components showed the overall trends of crime in 2019 (left figure) and 2020 (right figure) were different. Compared to trends of growth of the main criminal types in 2019, crimes of theft, battery, assault, and robbery in 2020 decreased first and then increased. The trend of fraud reduced in stages, and trends of burglary and criminal damage were smooth, except a dramatically increased crest in early June 2020. We used black vertical lines to subdivide the trend component in Figure 4 into three stages, based on the time of two policies issued in the “Protecting Chicago” framework. The first black vertical line is on 21 March (when the Stay-at-Home issued), and the second vertical line is on 31 May (when the Cautiously Reopen issued). It showed a high-low-high phase pattern in assault, battery, robbery, and theft, and a high-low-low phase pattern in fraud. In the remainder components, we found that most types of crime had the largest outliers on 31 May 2020, such as theft, criminal damage, burglary, and robbery. Outliers of assault and battery were also large around 31 May 2020, while there were no similar characteristics of seven-types crime’s outliers in 2019. The occurrence of this phenomenon was closely related to the breaking of the George Floyd protests. For the seasonal component, Figure 4 shows the periodic variations of most crime types in 2020 were different from those in 2019, except for assault and criminal damage.



To carefully identify the periodic variations of crimes, we captured the seasonal distribution of seven types of crime during a week in Figure 4 (right). It showed that battery, criminal damage, and burglary types tend to reach a peak on Saturday, while other days are relatively stable (Figure 5). Assault has two peaks on Tuesday and Friday, theft has two peaks on Wednesday and Friday, and fraud has a minimum on Saturday. Robbery tends to peak on Friday and fall to a trough on Monday. According to the characteristics of weekly distributions and daily distribution (Figure 3) in crimes, the police department should pay more attention to several specific types of crime in different period units.




4.1.2. Criminal Spatial Patterns under the Effect of COVID-19


After the SPPT test, we found that the global S-index values were all less than 0.8 in Table A1 (shown in Appendix A). These values are low between 2019 (base dataset) and 2018 (test dataset), similar to the values between 2020 (base dataset) and 2019 (test dataset). The global S-index values described that the trend of the spatial distribution of crimes is not stable and usually changes greatly every year. We cannot determine whether the COVID-19 pandemic has impacted the spatial distributions of crimes with the global S-index values. However, results of the local S-index showed that changes in some local areas are relatively stable. Andresen et al. observed the spatial characteristics of crimes based on local changes and proved the importance of smaller spatial units of analysis prior to our research [39,40]. Thus, we investigated the variation of crimes in local spatial units in the follow part.



We subdivided the percentage difference of spatial units between 2020 and 2019 into several classes, when local S-index values are not equal to zero. Then, we used gradation color symbols to display the percentage differences (Figure 6). The results of local changes between 2020 and other years are displayed in the Appendix A Figure A1. It showed that local changes in some types of crimes have a similar pattern. There is an aggregation region of theft, battery, burglary, and fraud in the eastern business district. The aggregation region of burglary displays significant growth in crimes in 2020 compared with 2019, and other types show a significant decline in crimes in 2020 compared with 2019. These results indicated that there is a significant difference in the spatial pattern of crimes during the pandemic, and the differences of space mainly reflected on the microscopic scale.



To verify whether there are agglomerations of theft, battery, fraud, and burglary, we used the Moran’s I to analyze the autocorrelation of local changes. In this work, the Moran’s I was implemented by the functions of GeoDa (a space analysis software). The weighting of the Moran’s I is calculated by queen contiguity, which is considered to define the neighbor relation by common vertices and common sides of the polygons [44]. The Moran’s I includes two kind forms: the global Moran’s I [45] and the local Moran’s I [46]. The global Moran’s I is generally used to indicate the global spatial autocorrelation, while the local Moran’s I is utilized to discover hot spots and cold spots in data, as well as spatial outliers. Values of the global Moran’s I range from −1 to +1. Values above zero indicate positive spatial autocorrelation, and values below zero indicate negative spatial autocorrelation. Moreover, the significance of the global Moran’s I values can be transformed to p-value and Z-score. Table 3 shows that the p-values of all types of crime were less than 0.05 and that the Z-scores are larger than 1.96, which indicates that the spatial distributions of crimes were significantly autocorrelated [47]. The global Moran’s I values were all larger than 0, which proves that local changes in crime display a positive spatial autocorrelation. The significant autocorrelations of theft, battery, burglary, and fraud verified that the spatial distributions of some types of crimes are associated with the COVID-19 pandemic. Then, we used local Moran’s I to identify local clusters and local spatial outliers to observe specific regions that changed significantly.



The results of local Moran’s I display different clusters (including high-high clusters, low-low clusters, low-high spatial outliers, and high-low spatial outliers). In Figure 7, there are low-low clusters of theft, battery, fraud, and high-high clusters of burglary in east-central Chicago, which supported our previous proposal. We also found that both theft and burglary contain high-high clusters in southern Chicago. The high-low spatial outliers that represent the higher level of this region than surrounding areas should be noted as well. This work suggests that the police resources in east-central Chicago should be shifted to burglaries, and the crime incidents of theft and burglary on the south side of Chicago should be controlled together. These local clusters of different crimes in Chicago also provided useful information for police practices to prevent and tackle crimes.





4.2. Spatial and Temporal Analysis


4.2.1. Temporal Analysis


After the Stay-at-Home order was issued, many public places closed. People were forced to quarantine at home, and they have to maintain a distance of at least 6 feet when going outside. Based on routine activity theory and crime pattern theory, the Stay-at-Home order reduced suitable targets for crimes, and changed crime patterns in Chicago, so most crimes had a significant reduction after 21 March. Till May, the number of confirmed cases each day in Chicago was maintained in a stable range. The mayor cautiously gradually reopened some public places in the city at the end of May. The routine activities of people gradually returned to the same level that existed before the pandemic, which offered opportunity for more crimes. Therefore, theft, battery, assault, and robbery all significantly decreased after announcing the Stay-at-Home order and increased after announcing the framework of Cautiously Reopen. By contrast, the high-low-low phase pattern of fraud indicated that the impact of the COVID-19 was likely different on fraud. Moreover, the annual trends of criminal damage and burglary remained almost stable, but included a significant peak on 31 May. This could be associated with the event that occurred on this day, which led to the occurrence of crimes causing damage and loss of property [48].



In fact, the special event on 31 May is the George Floyd protests. During the protest event (May 29 to June 1), 25 people were killed and 85 were injured in Chicago. Moreover, there were large-scale increases in the crimes of robbery and burglary, especially on May 31, 2020. Because of the policies (such as the stay-at-home order and so on) taken by the government, many owners and customers of business locations moved away [10]. After the George Floyd protests breaking out, a large number of people gathered in the streets to protest. The gathered people, closed stores, and the absence of guardians likely created opportunities for crimes. Moreover, the George Floyd protests aroused the anger and rage emotions of people [48]. These feelings of anger and the strain caused by the pandemic have boosted violent crimes [7]. Therefore, the numbers of assaults, batteries, burglaries, robberies, and criminal damages increased rapidly. It is necessary for Chicago police departments undertake innovative measures to respond to a changing crime environment and pattern.



In addition, during the pandemic, most people were quarantined at home and the proportion of people who work normally was very small. The number of crimes should appear a relatively stable per week. However, this study found that the crime frequencies still saw peak values, which indicated that the COVID-19 pandemic had significant, but not total, impact on the periodic variations of a week. The routines of daily life help to retain some original characteristics of crimes [6], despite the dramatic shift in periodic variations compared to the prepandemic period.




4.2.2. Spatial Analysis


As Campedelli et al. indicated, crimes usually cluster in some areas, rather than being randomly distributed across the whole city [3]. The result of Moran’s I showed that the spatial distributions of theft, battery, fraud, and burglary are not random. There is an aggregation region of theft, battery, fraud, and burglary in the eastern business district of Chicago, which includes the Near North Side district and the Loop district and surrounding areas (see Figure 2 and Figure 7). This location coincides with the downtown Chicago and includes many famous attractions, museums, and parks. It is the most crowded area in Chicago and is usually a hot spot for crimes. As the wave of the COVID-19 pandemic poured in, senior centers, libraries, parks, and other city services were forced to close. Moreover, this region contains many commercial buildings with many employees who began to work at home during this period. The stay-at-home orders urged most people to quarantine at home, resulting in an insufficient flow of visitors here. Previous works have shown that the contextual characteristics of different areas would have an impact on some crimes [3], such as the fact that the busy streets of the city center can attract more cases of robbery and theft [49], and the commercial land can attract more violent crime [50]. The number of fraud incidents is deeply influenced by population density and the volume of traffic. Therefore, the number of theft incidents, battery incidents, and fraud incidents decreased considerably during this time when the city center became a deserted area. Unlike these crime types, the aggregation region of burglaries shows significant growth, which could result from many closed business districts and the lack of regulators. Furthermore, the breaking of the George Floyd protests in the city center at the end of May 2020 even prompted burglaries to peak. The aggregation region of burglaries suggested that the police department should take steps to prevent these crimes from increasing in this region again in the future.






5. Discussion and Conclusion


The recent COVID-19 pandemic has had unprecedented impacts on the security of society, economic development, people’s daily lives, criminal distribution, and so on, in Chicago. We investigated the changes of seven types of crime in Chicago over a complete period of the first wave pandemic (from 1 February to 31 June) based on spatial and temporal crime analyses. Our results show significant spatial and temporal changes of crimes during the pandemic.



The temporal pattern showed that the temporal distributions on the scale of days of some crimes in Chicago changed significantly during the pandemic, while the temporal distributions on the scale of hours changed slightly. Moreover, in STL decomposition, we found that changes in crime trends were related to government policies in response to the COVID-19 in Chicago, which was consistent with the results of Campedelli et al. that social distancing and shelter-in-place policies have impacts on crime [3]. The remainder components of some types of crimes have the largest outliers on 31 May, which proved that the George Floyd protests that occurred on this day greatly promoted the occurrence of crimes. In the spatial pattern, the results of local S-index showed that theft, battery, burglary, and fraud all displayed aggregative clusters downtown in Chicago, only burglary was a high-high cluster, while others were low-low clusters. Spatial clusters of different crimes indicated that the occurrence of crime does not randomly distribute in space, but aggregate in some spatial units of Chicago [3].



There are some limitations in this work. First, the long-term impact of the COVID-19 pandemic on crimes is unknown. Judging from the recovery of the number of crimes in the mid-late period, the impact of the pandemic on crime gradually began to shrink. People have begun to adapt to the existence of the COVID pandemic. Even if social distancing and stay-at-home orders still exist, the pandemic will not have a dramatic effect on people’s daily routine activities as before. It is necessary to explore the long-term impacts on crime with more data in future work. Second, we only considered the changes in crimes in the COVID-19 pandemic. This work does not identify some other specific factors that directly influence crimes. During the pandemic, the rate of people living in crowded houses, the vacant housing rate, and other factors all appear to have various effects on different crimes [3]. We will use some additional data (like population data, housing data, etc.) to address this gap in the future work. Third, the types of crimes in this study are aggregate crime categories in Chicago. We did not distinguish the different subcategories of a crime category, such as burglary consisting of residential and non-residential, which could be considered in future. Further, we will attempt some new approaches to explore the relationship between the pandemic and crimes in the future work.



In sum, we obtained following conclusions: (1) the spatial and temporal distribution of crimes in Chicago is not random under the COVID-19 pandemic; (2) there is a certain phase pattern in the trend components of assault, battery, fraud, and theft; (3) some crimes in Chicago were very sensitive to some policies or events during the pandemic, like the number of burglaries, criminal damages, and robberies boosting rapidly on 31 May 2020 (the time of the George Floyd protests breaking out); and (4) spatial distributions of battery, burglary, fraud, and theft had clusters in Chicago downtown. These conclusions are significance for the prevention and control of crimes when the second wave of the COVID-19 outbreak in Chicago, such as which types of crimes should be focused on, and which regions should be concerned with crime.
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Figure A1. Results of local changes in 2020 compared with 2019, 2018, 2017, and 2016. “2020-2019” in the figures means that the crime data of 2020 are the base dataset, and the crime data of 2019 are the test dataset. 
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Table A1. The global S-index values of different crimes between base dataset and test dataset. The spatial unit of SPPT is the census tract of Chicago. “2020-2019” in the table means that the crime data of 2020 are the base dataset, and the crime data of 2019 are the test dataset.






Table A1. The global S-index values of different crimes between base dataset and test dataset. The spatial unit of SPPT is the census tract of Chicago. “2020-2019” in the table means that the crime data of 2020 are the base dataset, and the crime data of 2019 are the test dataset.





	Base-Test (Dataset)
	Theft
	Robbery
	Assault
	Battery
	Burglary
	Criminal Damage
	Fraud





	2020-2019
	0.282
	0.402
	0.357
	0.367
	0.316
	0.31
	0.317



	2020-2018
	0.242
	0.341
	0.351
	0.343
	0.297
	0.306
	0.297



	2020-2017
	0.222
	0.372
	0.367
	0.337
	0.291
	0.311
	0.311



	2020-2016
	0.238
	0.356
	0.353
	0.310
	0286
	0.316
	0.301



	2019-2018
	0.337
	0.383
	0.372
	0.355
	0.325
	0.197
	0.352



	2019-2017
	0.321
	0.386
	0.366
	0.370
	0.301
	0.288
	0.367



	2019-2016
	0.301
	0.358
	0.330
	0.342
	0.325
	0.320
	0.343
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Figure 1. Workflow of the analytical process. 
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Figure 2. Community areas of Chicago. The black label is the code of each community area. Left table showed the community’s name of each code. 
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Figure 3. Temporal distributions (h) of different crimes, the number of crimes aggregated as hourly, from February to June in 2020. The ordinate represents the number of crimes, and the abscissa represents the hour of the day. 
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Figure 4. Seasonal-Trend decomposition procedure based on Loess (STL) decomposition for daily crime data (including seven types of crimes) from 1 February to 30 June in both 2020 and 2019. The number of observations of a seasonal cycle is 7. The decomposition includes three components: trend (red), seasonal (violet), and remainder components (green). Black vertical lines in the trend component indicate time nodes that divide the trend into three stages, whereas red vertical lines in the remainder component indicate the largest outliers. 
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Figure 5. A week variation in the seasonal component. It shows the weekly cyclical variation of different types of crimes in detail. 
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Figure 6. Differences in the percentages between 2020 and 2019 of different crimes’ spatial distributions based on the spatial unit when spatial point pattern test (SPPT) results are significant. Blue symbols indicate when the percentage for 2020 is significantly less than for 2019, and red indicates when the percentage is significantly larger. 
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Figure 7. The local Moran’s I for theft, battery, burglary, and fraud. Dark red regions represent the high-high clusters, dark blue regions represent the low-low clusters, light blue regions represent the low-high spatial outliers, and light red regions represent the high-low spatial outliers. 
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Table 1. The number of crimes of different crime types from February to June in 2020 and 2019, and the rate of crime change in 2020 relative to 2019.
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	Crime Type
	Number of Crimes (2019)
	Number of Crimes (2020)
	Rate of Change





	Assault
	8907
	7217
	Decrease by 18.97%



	Battery
	20,964
	17,158
	Decrease by 18.15%



	Burglary
	3660
	3775
	Increase by 3.14%



	Criminal damage
	11,094
	10,368
	Decrease by 6.54%



	Fraud
	7530
	5338
	Decrease by 29.11%



	Robbery
	3015
	2788
	Decrease by 7.53%



	Theft
	24,657
	16,223
	Decrease by 34.21%
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Table 2. Results of Watson’s test for different types of crimes (samples are from the temporal distribution of crimes from February to June in 2020 and 2019).
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	Crime Type
	Statistic (Day)
	p-Value (Day)
	Statistic (h)
	p-Value (h)





	Assault
	0.5996
	p < 0.001
	0.1083
	0.2366



	Battery
	0.2383
	0.0180
	0.0941
	0.3138



	Burglary
	9.2889
	p < 0.001
	0.1222
	0.1791



	Criminal damage
	8.5963
	p < 0.001
	0.0674
	0.5270



	Fraud
	0.1504
	0.1026
	0.0254
	0.9729



	Robbery
	4.1132
	p < 0.001
	0.0299
	0.9417



	Theft
	1.5205
	p < 0.001
	0.0260
	0.9697
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Table 3. Global Moran’s I of local changes between 2020 and 2019 in different crimes. The p-value is the significance level of Moran’s I, and the Z-value is the Moran’s I statistic standard deviation.
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	Crime Types
	Global Moran’s I
	p-Value
	Z-Score





	Theft
	0.425
	0.0003
	24.711



	Battery
	0.126
	7.981 × 10−11
	6.396



	Burglary
	0.221
	2.2 × 10−16
	11.201



	Fraud
	0.429
	2.2 × 10−16
	23.839
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