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Abstract

:

This study investigates the impacts of the noticeable change in mobility during the COVID-19 pandemic with analyzing its impact on the spatiotemporal patterns of crashes in four demographically different counties in Florida. We employed three methods: (1) a Geographic Information System (GIS)-based method to visualize the spatial differences in crash density patterns, (2) a non-parametric method (Kruskal–Wallis) to examine whether the changes in crash densities are statistically significant, and (3) a negative binomial regression-based approach to identify the significant socio-demographic and transportation-related factors contributing to crash count decrease during COVID-19. Results confirm significant differences in crash densities during the pandemic. This may be due to maintaining social distancing protocols and curfew imposement in all four counties regardless of their sociodemographic dissimilarities. Negative binomial regression results reveal that the presence of youth populations in Leon County are highly correlated with the crash count decrease during COVID-19. Moreover, less crash count decrease in Hillsborough County U.S. Census blocks, mostly populated by the elderly, indicate that this certain age group maintained their mobility patterns, even during the pandemic. Findings have the potential to provide critical insights in dealing with safety concerns of the above-mentioned shifts in mobility patterns for demographically different areas.
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1. Introduction


On 5 April 2021, the World Health Organization (WHO) announced that there were approximately 131 million confirmed COVID-19 cases all over the world [1]. The U.S., with more than 30 million COVID-19 cases and 554,064 total deaths, ranked first in the globe. Among the U.S. states, Florida ranked third after California and Texas in terms of the highest number of cases [2]. The Florida Department of Health announced 2,085,306 cases and 33,710 deaths due to coronavirus throughout the state, as of 5 April 2021 [3]. This issue becomes even more challenging when aging populations are considered, due to their cognitive, behavioral, and health limitations [4]. According to the Centers for Disease Control and Prevention (CDC), the older population (65+) and those with serious medical conditions such as lung disease, diabetes, and liver disease are at a higher risk of COVID-19 infection [2,5]. This is especially a serious issue in Florida, since more than 20% of the total population in the state are 65 years and older [6]. The expected growth among aging Floridians justifies a need to study the impact of the COVID-19 pandemic on mobility in the State of Florida, given its unique demographic characteristics and associated risks for the roadway users. In addition to the older population’s (65+) special needs and vulnerability to severe crashes, many researchers have recognized the need to study the severity and frequency of youth-involved roadway crashes and the relevant behavioral factors. For example, young drivers (aged 16 to 25) were found to be at greater risk of being involved in a crash that led to casualties compared with other age groups, and this greater danger was usually related to their propensity to take risks while driving [7] and lacking enough experience to handle critical adverse conditions while driving in various type of crashes [8]. Although most of the existing research has focused on the noticeable changes in mobility pattern during COVID-19 to limit person-to-person interaction, several important concerns remain unaddressed. In this study, we utilize the existing crash data during the COVID-19 pandemic to answer the following questions:




	(1)

	
How, and to what extent, did the COVID-19-induced decrease in traffic flow impact the pattern of the crash density?




	(2)

	
Were there any significant crash pattern differences in selected demographically different Florida counties during the pandemic?









As such, with an extensive suite of spatial and statistical models, this research examines the impacts of the COVID-19 pandemic on the crash density patterns in four Florida counties; namely, Escambia (a mid-size county), Hillsborough (a metropolitan county), Leon (a mid-size college-oriented county which includes the state capital), and Liberty (a rural county) between 15 March 2020 and 2 June 2020 (we name this time period as “2020 After COVID”). Note that these counties have been selected due to their distinct demographic differences. We compare these patterns with those associated with three different periods: (a) 26 December 2019 and 14 March 2020 (2020 Before COVID), (b) the same period in 2019, and (c) the same period in 2018. To the authors’ knowledge, this type of comparative work has not been done previously. As a potential application, the findings of this study can assist state and local agencies in strategic planning efforts for coping with unpredictable COVID-19 impacts on mobility patterns, to improve safety and enhance mobility for road users from different age groups with certain characteristics. This type of analysis can help planners and emergency officials distinguish more vulnerable age groups and impose more efficient countermeasures during the COVID-19 pandemic for targeted populations.




2. Literature Review


There is a vast amount of literature focusing on mobility and crashes; however, this paper specifically focuses on those works that study COVID-19-related traffic safety and operations studies. For more information on the crash literature, please refer to: [9,10,11,12,13]. Specifically, GIS-based crash clustering has been utilized by many agencies to identify roadway segments and intersections that pose a high crash risk [14,15,16]. There are several clustering methods found in the literature, including Getis-Ord (Gi*) statistics [17,18], Bayesian spatiotemporal modeling [19], k-nearest neighbor (KNN) algorithm [20,21], kernel density estimation (KDE) [22], spatial weights matrices [23]. One of the common methodologies used for such a spatial analysis is kernel density estimation (KDE) which can identify the density of events. KDE is also adopted by this study to calculate the density differences between each pair of datasets, given the frequent and successful utilization of this method by previous studies [24,25,26].



Recent studies investigate the COVID-19 pandemic impacts on transportation from various aspects, including spatiotemporal of migration pattern during restrictions induced by the COVID-19 pandemic [27], accessibility to healthcare facilities [28,29], and traffic crashes and operations. According to Road Ecology Center at the University of California-Davis, the number of traffic crashes, crash-related injuries, and deaths were reduced by half during the first three weeks of the shelter-in-place order issued in California. Moreover, they reported a 55% reduction in the number of vehicles on California’s highways and a saving of USD 40 million per day [30,31]. Similarly, a 60% decline in traffic crashes, a 43% decline in deaths, and a 64% decline in injuries were observed due to the COVID-19 curfew in Turkey [32]. Brodeur et al. (2020) also found a 50% reduction in traffic collisions and USD 7 billion to USD 24 billion savings due to avoided car collisions after a stay-at-home order was issued in the states of Alabama, Connecticut, Kentucky, Missouri, and Vermont [33]. Moreover, Alabama Law Enforcement Agency stated a 48% decline in crashes in April 2020 compared to April 2019 [34]. The Alabama Department of Transportation also reported a 50% decrease in traffic volumes from 5 April 2020 to 23 April 2020, compared to the same period of the previous year [34]. Furthermore, the North Carolina Department of Transportation reported a drastic decline in the number of total crashes after the pandemic compared to the same period of 2019 in both urban and rural areas [35].



Moreover, National Police Foundation statistics showed a drastic decrease in the total number of total crashes in Florida, Iowa, Ohio, Massachusetts, and Missouri during the COVID-19 pandemic, specifically in March and April 2020. However, the findings indicated an increase in the fatality rates compared to the same period in 2019. They suggested that reduced traffic congestion would lead to higher speeds and reckless driving on the roads [36]. Similarly, the Indianapolis Star newspaper reported an average of 39% decrease in the traffic in Indianapolis, Indiana, from 2 March to 30 March 2020. Moreover, the number of crashes across the state dropped from 15,800 in March 2019 to 11,200 crashes in March 2020 [37]. Parr et al. [38] investigated the traffic volume patterns on urban and rural roadways across Florida during the COVID-19 pandemic in March 2020 and compared them with similar dates in 2019. Their findings indicated that the traffic volumes were reduced by 47.5% statewide. Furthermore, they found that the traffic decline in South Florida was less than in other areas in the state and people in southern parts of the state traveled more, although they were at a higher risk due to the more concentration of COVID-19 cases. They did not, however, investigate how, and to what extent, this drastic change in traffic volume patterns during the pandemic impact crash occurrences.



COVID-19 global pandemic has also significantly changed human mobility and travel patterns [39], resulting in a reduction in vehicle miles travel [40] and daily travel time [41]. Information technology-based activities (e.g., telecommuting, telemedicine, telehealth, telelearning) have been offering safer alternatives to physical traveling during the pandemic [42]. An analysis of traffic patterns during this period has identified that reduction in VMT has a significant negative relationship with COVID-19 cases and deaths across the USA [43]. This shows that people tend to avoid unnecessary travel and reduce social interactions that would occur during transportation [44]. Indeed, Doucette et al. (2021) showed that the mean daily VMT was reduced by 43% during the COVID-19 pandemic. Results also reveal that this decrease in VMT also led to less crashes, regardless of the level of injury [45]. Some researchers focused on safety performance functions (SPF), which demonstrated a positive correlation between AADT and crash counts [46,47].



The issue of reduced vehicle usage and ownership and its corresponding impact on various aspects of sustainable development (e.g., air pollution, economics, and traffic operations) have also been widely explored in the literature [48,49,50]. Zero emission policies have also encouraged many people to actively contribute to decreasing private vehicle usage through promoting alternative modes of transportation (i.e., public transit and biking) [51]. The COVID-19 pandemic may fade away soon or later; however, there is a potential that its impact on people’s tendency toward staying at home, working remotely, and lower private vehicle usage could last for a long time [52]. This will result in reduced vehicle usage and there is a need to investigate how demographically different areas would respond to this in terms of traffic operations and safety.



On the contrary to existing work, this study intends to investigate crash density reduction patterns in areas with different demographic characteristics. From this perspective, Florida is a particularly interesting case study to assess the traffic safety impacts of the COVID-19 due to (a) a high number of traffic crashes (i.e., Florida is among the top three states in the U.S.), (b) a high number of COVID-19 cases, and (c) a significant percentage of the senior population living in the state [38].



The remainder of the paper is as follows. First, the required crash data are described, followed by a brief review of the developed GIS-based methodology. The Kruskal–Wallis test results obtained from the differences of crash density are also provided to indicate whether these differences are statistically different or not. The KDE results for each county are, then, presented as separate maps for each time pair to indicate the pattern of crash density from a county-wide perspective. The sets of time series are also provided to (a) depict the temporal distribution of the total number of crashes that occurred during the COVID-19 pandemic, and (b) make a comparison possible for the same number of days in 2019, 2018, and 2020 before the COVID-19 pandemic. Moreover, an index is defined to compare crash patterns between different years to confirm that the crash density difference in 2020 was mainly due to the COVID-19 pandemic, not any other factors, including safety improvement measurements. Furthermore, three separate negative binomial regression (NBR) models were developed to statistically investigate the contribution of socio-demographic and transportation-related parameters on the crash count decrease (CCD) during the COVID-19 pandemic. Finally, the paper concludes with a summary, limitations, and recommendations for future research.




3. Study Area and Data Description


In this study, four counties of Florida were selected: Escambia (a mid-size county), Hillsborough (a metropolitan county), Leon (a college-oriented county that includes the state capital), and Liberty (a rural county). The illustration of the study area is presented in Figure 1. We selected these counties due to their distinct population characteristics which can help examine the effects of demographics on the spatial patterns of the crash densities [53]. Table 1 summarizes the statistical characteristics for each county, including demographic characteristics, transportation-related factors, college/university enrollment, and curfew policy details.



3.1. Demographic Data and Curfew Information


According to the 2014–2018 American Community Survey (ACS) estimates, as of 2018, Hillsborough County is the fourth populated county in Florida. Therefore, this research considered this metropolitan county to have distinguishing demographic features compared to the other counties (See Table 1). Escambia and Leon County, on the other hand, are considered mid-size counties based on their population. As shown in Table 1, Leon County has the highest average percentage of the youth (18–29) population (29.8%) in census block groups among all the other counties. Table 1 also illustrates that 23% of the total population in Leon County are enrolled in junior colleges, colleges, universities, and professional schools. Therefore, it is possible to consider this county as college-oriented, with a significant annual enrollment of 64,891. Escambia County, on the other hand, has the highest average percentage of aging (65+) population (17.3%) compared to Hillsborough and Leon County. This research also considers Liberty County, a rural county with just 6 census block groups, located in northwest Florida. Liberty County, with a population density of less than 100 persons per square mile, is delineated as a rural area based on definitions provided by ACS. This county has the lowest number of the population among the 67 counties in the state (8365). These demographic differences may result in different crash patterns caused by COVID-19; thus, we intend to assess this assumption in this paper.



In order to assess the impact of the curfew declarations during COVID-19, the dates when authorities imposed these curfews were also identified. Table 1 provides details regarding curfew orders in the last row. Note that no curfews were imposed in Escambia and Liberty counties. However, Florida Governor Ron DeSantis declared a state of emergency on 9 March 2020, announcing the closure of schools on 13 March. By 17 March, the governor closed all bars and nightclubs, and on 20 March, all restaurants were closed for dine-in service.




3.2. Crash Data


Based on previous research, we assumed that the variation in mobility patterns during the COVID-19 pandemic might impact the crash patterns, regardless of vehicle type and manner of collision [30,31,32,33,34,35]. As such, we considered all types of crashes and extracted crash data from the Signal Four Analytics website maintained by the University of Florida [54]. This 80-day data includes those crashes that occurred between 15 March 2020 through 2 June 2020, and the same periods in 2018 and 2019. In order to prepare a dataset containing crashes that occurred during a certain time to conduct a before-after study, there was a need to focus on a sample study period that clearly demonstrated the crash count decrease caused by COVID-19. For this purpose, the current research considered 15 March 2020 as the date when the total number of infected people (active cases) reached more than 100 cases for the first time. On this date, city authorities gradually started to impose some restrictions (e.g., curfew, lockdown, and social distancing measurements) to remedy this pandemic. Moreover, the crash data for the same number of days before the period of the COVID-19 pandemic (80 days between 26 December 2019 and 14 March 2020) were also acquired [54].



Table 2 shows the number of crashes and the mean values of AADT (average annual daily traffic) in each county, where we see noticeable decreases in the number of crashes in all counties during COVID-19. The most significant decrease (60%) is associated with Leon County, the one that has some distinguishing characteristics due to its college-oriented feature. As expected, most of the youth population that reside in this county have left, since the universities, colleges, and other educational centers were temporarily closed during the COVID-19. In addition, the decreases in the total number of crashes resulted from the COVID-19 pandemic compared to 2018 and 2019 follow the same trend in all four counties. Moreover, Table 2 also indicates that the mean values for AADTs in 2019 were greater than AADTs in 2020.



Moreover, we calculated the crash count decreases (CCD) at urban U.S. census block groups to estimate the effects of the socio-demographic and transportation-related independent variables on CCD. This was done for both studied 2019 and 2020 time periods (starting right when the COVID-19 pandemic did in 2020). Figure 2 shows that the distributions of CCDs violate the assumption of Poisson regression (i.e., unconditional means of the responses (CCDs) are smaller than their variances); therefore, negative binomial regression was utilized in this study, which has an extra parameter to model this over-dispersion [9].



It is also worth mentioning that the current research focused on urban census block groups and disregarded the ones that were located in rural areas. The rural census block groups have experienced a minor increase in the number of crashes during the pandemic; however, the range of increase is noticeably lower compared to urban areas and therefore these changes are negligible (see Figure 8 and Table 5). This issue has been discussed in detail in the “Results and Discussions” section.





4. Methodology


4.1. Spatial Analysis to Estimate Crash Densities


To examine the changes in crash density patterns stemming from the COVID-19 pandemic, we developed a Geographic Information Systems (GIS)-based methodology at the county level [55]. For this purpose, we used a kernel density estimation (KDE)-based clustering approach to examine the differences between spatial distributions of crash density pattern during the COVID-19 pandemic, and the other three crash datasets of three selected time periods with the same number of days. We realize that the KDE method is very sensitive to variation in its bandwidth parameter. This is because small bandwidths might discard the critical clusters by diminishing connections between points, whereas very large bandwidths might fail to identify local clusters by averaging out the effect of closely connected points. Hence, bandwidths were selected based on trial and error for each county [56,57].




4.2. Crash Density Comparison and Statistical Testing


Following the spatial analysis, a comparative crash density index was defined to identify the variation in crash density patterns resulting from the COVID-19 pandemic. The density difference (DD) approach was first proposed and utilized by Ulak et al. (2016) and adopted by Ghorbanzadeh et al. (2020) [58,59,60]. The formula of DD is shown in Equation (1):


  D  D  i , j   =  D i  −  D j   



(1)




where   D  D  i , j     the density difference between the compared maps i and j, whereas    D i    and    D j    are the crash density values of the compared maps, respectively. We applied this measure for different time period crash density values as follows:


  D  D  2020   B e f o r e   C O V I D , 2020   A f t e r   C O V I D   =  D  2020   B e f o r e   C O V I D   −  D  2020   A f t e r   C O V I D    










  D  D  2019 , 2020   A f t e r   C O V I D   =  D  2019   −  D  2020   A f t e r   C O V I D    










  D  D  2018 , 2020   A f t e r   C O V I D   =  D  2018   −  D  2020   A f t e r   C O V I D    











Using three separate pairs of comparisons for each time period, we investigated the crash density differences in each county and assessed the assumption that the density difference does not follow the same pattern in counties that have various demographic characteristics. We also defined the fourth pair of comparisons between the same period of time in 2019 and 2018, in order to show that the variation in crash densities mainly resulted from the COVID-19 pandemic, not any other factors related to the safety improvement of infrastructure or other specific policies implemented to improve traffic safety.


  D  D  2019 , 2018   =  D  2019   −  D  2018    











Non-parametric methods have been widely used in literature, particularly in crash-related studies [61,62,63]. Distributions of all four datasets were not sufficiently normal based on skewness and kurtosis values. Thus, a non-parametric method, named Kruskal–Wallis one-way ANOVA, was employed to compare the density differences and determine if there are statistically significant differences between the crash density patterns.



In this research, we measured the pixel values in raster files corresponding with crash densities estimated by the KDE method for each period of time, during and before the COVID-19 pandemic. The Kruskal–Wallis method was performed to test the following hypothesis: There is a significant difference between crash densities due to COVID-19 and each one of the other datasets corresponding to time periods before COVID-19. This statistical method compares the means of two independent datasets to determine if there is a significant difference between each pair.




4.3. Modeling of the Reduction in Crash Counts


Crash counts are non-negative integer values by nature; hence, methods such as Poisson regression, negative binomial, and zero-inflated models are the most suited approaches to model crash counts [10,64]. Among these models, negative binomial regression (NBR) has been popular due to the overdispersion (the variance larger than the mean) problem that commonly occurs in crash data [65]. In this study, NBR models were developed to investigate the relationships between different demographics, socioeconomics, and transportation-related variables and crash count decrease (CCD) due to the COVID-19 pandemic. Before developing the NBR models, it was necessary to assign the total number of crashes to each census block group and calculate CCDs associated with them.



To deal with the assignment of crashes that occurred at the census block boundaries, this study proposed a proportional method that allocates these crashes to surrounding zones in proportion to the number of crashes (CC), which occurred completely inside the neighboring zones. The formula of CC is shown in Equation (2):


  C  C i  = C C  I i  +   ∑   j ∈  J i    C C  B  i j       C C  I i    C C  I i  + C C  I j       



(2)




where   C  C i    is the total number of crashes assigned to the census block group, which is the sum of crashes that occurred completely within this census block group, represented by   C C  I i    and the scaled crashes occurred at the shared boundaries (  C C  B  i j    ), based on the proportion of inside crashes in the pairs of neighboring census block groups. In Equation (2), i indexes the census block groups and    J i    is the set of blocks located in the surrounding of census block i and having shared boundaries with it.



Using the total crash counts at each census block group, Poisson regression models were developed and the quotient of residual deviance and degree of freedom were calculated in order to verify the need for NBR. Since these quotients were identified to be greater than one, the NBR models were considered [66].



A subset of predictor variables has been considered to develop NBR models for each county, based on the Pearson correlation coefficients, forward selection method, literature review, and authors’ prior knowledge. The dependent variable, crash count decrease—CCD—was formulized as shown in Equation (3):


  C C  D i  = C  C  i , 2019   − C  C  i , C O V I D    



(3)




where   C C  D i    is the crash count decrease in census block group i,   C  C  i , 2019     and   C  C  i , C O V I D     are the crash counts in ith census block during 2019 and the COVID-19 pandemic, respectively.   C C  D i    is a count variable that can only take non-negative integer values and the expectation of   C C  D i    is assumed to be    λ i   . The mathematical expression to represent the negative binomial regression to model the count data is as follows:


  P r o b   Y =  y i  | ε   =    e  −  λ i   e ε    ·   λ i    y i       y i  !   ,    y i  = 0 , 1 , 2 , …  



(4)






   λ i  =  e   ε i  + β  x i     



(5)




where    x i    is a vector of explanatory variables indicating socio-demographic characteristics of ith census block group,  β  is the vector of coefficients of the predictor variables associated with    x i   , and    ε i    is a random variable representing heterogeneity that accounts for unobserved factors and other random disturbances.



Table 3 lists the candidate predictor variables utilized in the statistical models, along with their descriptions. In the first step of the statistical analysis, the Pearson correlation coefficients between predictor variables were obtained to avoid multicollinearity. The correlation analysis also enabled us to keep the ones with the high correlation value to improve the goodness of fit while predicting the expected value of CCD in census block groups. The findings of NBR analyses are summarized in Table 6 and a discussion of these results is provided in the “Results and Discussions” section.





5. Results and Discussions


5.1. Statistical Comparison of Crash Densities


Table 4 shows the results of the Kruskal–Wallis test in terms of p-values for all pairs of time combinations. In the table, the “2020 After COVID” dataset was associated with the density values obtained by KDE for crashes that occurred during the pandemic. As the p-value is less than the significance level value of 0.05, we can conclude that crash densities for “2020 after COVID” in all four counties are significantly smaller than the crash densities of the other three time periods. This indicates that these differences in crash densities were not by chance. This result verifies that the number of crashes decreased during the COVID-19 pandemic compared to the other time periods.




5.2. Spatial Analysis of Change in Crash Densities


Figure 3, Figure 4, Figure 5 and Figure 6 display the crash density differences obtained for the Escambia, Hillsborough, Leon, and Liberty counties for the crashes that occurred between 15 March 2020 and 2 June 2020 (during the COVID-19 pandemic), as well as the same time periods in 2018 and 2019. As seen in Figure 3b,c, the crash densities during the pandemic have decreased significantly around the Pensacola city border in Escambia County, compared to both 2018 and 2019 (clearly shown with dark blue color).



Furthermore, Figure 3d discloses a decrease in the number of crashes during the pandemic compared with the before pandemic time period in the west and northwest Pensacola. A comparison between Figure 3a and Figure 3b–d clearly shows that the COVID-19 pandemic led to reduced number of traffic crashes in the county, specifically around the Pensacola city limit. Furthermore, it should be noted that Century, which is a small town located in the northern parts of the county, did not experience any crash density change and had approximately the same pattern during the selected periods.



Figure 4b–d show a decrease in the crash densities within the city borders of Temple Terrace located in northeastern Hillsborough County (e.g., Plant City, and more specifically, the City of Tampa). As seen, the crash densities have reduced drastically in Tampa and around the city center during the COVID-19 pandemic compared to the same time period in 2018 and 2019, as well as the time period before the pandemic. The obtained results show that all the areas in the City of Tampa limit experienced a fewer number of crashes during the pandemic. Note that Tampa also hosts the University of South Florida, which may have affected the results.



Similar to Hillsborough County, Figure 5b–d reveal that the crash densities have also decreased during the COVID-19 pandemic in the City of Tallahassee, the Capitol of Florida, which is located in Leon County compared to the studied before COVID-19 time periods.



Based on the findings provided in Figure 5b–d, we observe significant crash density decreases during the pandemic in most of the areas in Tallahassee and particularly around the city center, which clearly demonstrate the impacts of the COVID-19 pandemic on traffic crashes.



Figure 6a reveals an increase in the number of crashes in the vicinity of Bristol, the county seat of Liberty County in 2019, in comparison to the same period in 2018. Figure 6b,c present approximately similar patterns in Liberty and the crash densities during the pandemic seems to decrease in Bristol and outside the city borders; however, the amount of this decrease is very low. Figure 6d shows a crash density increase in Bristol during the COVID-19 outbreak compared to the days before the pandemic. As previously stated, Liberty is a rural county and the crash density differences are generally very small and therefore negligible. Based on Table 2, very few crashes were recorded in this county; therefore, the obtained results are expected.



Based on the findings, the highest crash density reduction during the COVID-19 pandemic was observed in the City of Tallahassee of Leon County. One explanation for this finding might be related to the college-oriented nature of this county. Florida State University and Florida Agricultural and Mechanical University are located in Tallahassee and the closure of schools affected the traffic crashes significantly. Moreover, the crash density did not change noticeably in Liberty County due to its rural nature, and it had almost the same pattern at every time period. Furthermore, the cities of Pensacola and Tampa approximately experienced the same amount of crash density decreases during the outbreak in comparison to the same time periods in 2018 and 2019.




5.3. Analysis of Temporal Variation in Crash Counts


For the temporal analysis, we plot time series for each county to delve further into the impacts of stay-at-home policies in different counties. Figure 7 shows time series plots that illustrate the temporal variations in the total number of crashes that occurred during COVID-19 between 15 March 2020 and 2 June 2020. Liberty County was discarded in the time series analysis due to the few numbers of crashes that occurred in this county during the pandemic (see Table 2). The average total number of crashes per day has been shown with black dash lines in Figure 7. Figure 7 indicates that the fewest number of crashes occurred during weekends in all counties. In Leon County, the average total number of crashes per day is equal to 13 during the COVID-19 pandemic and 41 out of 80 days had a higher number of crashes than the average. In Escambia County, on the other hand, the average total number of crashes per day is equal to 18 and there were 43 days with crashes more than average (see Figure 7a). Figure 7 also confirms the results obtained previously in Table 2, which shows that the most significant decrease (60%) is associated with Leon County. These results may possibly be due to Leon’s college-oriented nature and the temporary closure of the universities, colleges, and schools.



In Hillsborough County, 42 out of 80 days experienced higher than the average, which is 63 crashes per day. The City of Tampa also hosts the University of South Florida, which may have affected the results due to the possible extensive impact of university campus closure. Furthermore, Figure 7b shows an increase in the number of crashes after the curfew was imposed in Hillsborough County, which is very counter-intuitive. It is reasonable to think that the existence of the safety in numbers phenomenon could justify this conclusion that indicates lower traffic volume during the pandemic [38]. This may have increased the probability of crash occurrence in metropolitan regions [67]. Figure 7c, on the other hand, shows that the curfew resulted in a decrease in the total number of crashes in Leon County. This intriguing difference between counties and the counter-intuitive outcome of curfew order in Hillsborough deserves further research.




5.4. Modeling the Change in Crash Counts


In previous sections, the general distribution of decreases in crash densities during COVID-19 has been investigated, and we found that the highest decreases occurred within urban areas. This section intends to statistically examine how these differences were correlated with demographic factors in different counties. The census block groups were illustrated in Figure 8 and categorized based on the CCDs assigned to them. As expected, based on the KDE clustering, the census block groups with CCDs greater than 100 (in dark red) are located within city borders in Escambia, Hillsborough, and Leon counties.



Table 5 provides more details regarding the number of census block groups in each range of CBD. Given the purpose of this research, we removed the block groups that experienced an increase in crash counts during COVID-19 from the datasets. Thus, 32 (out of 190), 96 (out of 778), and 17 (out of 177) observations were removed from datasets that belong to Escambia, Hillsborough, and Leon county, respectively (see Table 5). Figure 8 illustrates that these disregarded census blocks have a lower range of increase compared to the others, and they have mostly occurred outside the city limits. In addition, Liberty County has only six census block groups and did not see a major crash increase during the pandemic. Therefore, we discarded this rural county in the NBR analysis (see Table 5).



The results of the proposed NBRs for CCDs assigned to the census block groups are presented in Table 6. In the table, the negative binomial regression coefficients (β) for each of the variables show the positive or negative contribution of predictor variables on the response variable (CCD) relatively along with the standard errors, p-values, and 90% level of significance for the coefficients. To determine whether the association between the crash count decrease and each demographic independent variable is statistically significant, we compare the p-value to assess the null hypothesis. Moreover, the variance inflation factors (VIFs) are estimated for all the variables for each county to ensure that there is no highly collinear relationship with the other variables and confirm that models are properly specified and functioning correctly.



According to Table 6, some of the selected regressors appear to be statistically significant at a 90% level of significance. Our dependent variable is the crash count decrease (CCD); therefore, the NBRs estimate the log of the expected CCD as a function of the regressors. The estimated coefficients for the “total population” variable in all three counties reveal a significant positive correlation between crash count decrease and census block group populations. This indicates that, for a highly populated census block group, the difference in the logs of expected CCD during the COVID-19 pandemic would also increase, given that the other predictor variables in the model are held constant (see Table 6). In other words, crash count decrease during the COVID-19 pandemic would be lower in the census blocks with lower population. Furthermore, crash counts assigned to census block groups located around highly populated areas tend to decrease more during the COVID-19 pandemic.



Moreover, the average household size regressor in census block groups is highly correlated with lower CCD in all three counties, as shown by negative coefficients. Therefore, it could be concluded that the more individuals in a household unit, the less travel has been generated during the COVID-19 pandemic, particularly only due to home-based shopping purpose trips [68,69]. As previous studies have revealed, the decrease in trip generation rate corresponds to a decrease in crash occurrence [70,71,72,73,74].



Among racial independent variables, variables corresponding to African American and white populations were removed from the subset of variables due to their insignificant correlation with CCDs for all three counties. Asian population ratio to total population variable represents completely different effects on CCD in Escambia and Leon counties. The findings suggest that the census block groups with a lower proportion of Asian in Leon County experience higher CCD. This indicates a lower number of crashes during COVID-19 in these block groups. However, in Escambia County, CCD would be expected to decrease in census block groups with a higher ratio of Asian population, while holding the other variables in the model constant. This may be due to the fact that Asian groups in Leon County follow restrictions more strictly [75]; however, further research is required to investigate this issue. The “Hispanic or Latino population” ratio is also among the variables that correlated with crash count decrease in a single model developed for Hillsborough. Hence, we could not generalize the conclusion to the other two counties.



Two specific age group ratios, namely youth (18–29) and the elderly (65+), have been considered in the NBR models to determine if they have significant correlations with CCD in census block groups. Based on Table 6, these regressors have different contributions to the models, given their different sign of coefficients and p-values. For Escambia County, neither youth (18–29) nor aging (+65) population ratios were highly correlated with CCD. On the other hand, the “Aging (+65)” ratio variable has a significant impact on CCD in Hillsborough County, due to the negative coefficient. That is, in Hillsborough, the census block groups populated with more aging people would be expected to have a lower crash count decrease during the COVID-19 pandemic. The lower CCD indicates that the number of crashes assigned to a census block group tends to remain unchanged. Thus, it could be concluded that aging (65+) populations living in Hillsborough County did not alter their mobility patterns during the pandemic. This vulnerable age group may need more help to utilize information technology for online shopping and medication, to avoid unnecessary trips during pandemics, since they are prone to the effects of COVID-19 [76].



Leon County had a great number of students enrolled at junior colleges, colleges, and universities. Thus, the young population ratio appears to be highly correlated with crash count decrease during the COVID-19 pandemic. Figure 8c also illustrates that the census block group with the highest CCD is located near universities (marked by a star on the map). It confirms the conclusion that the “youth (18–29) population” ratio in Leon County is highly correlated with crash count decrease; mainly because of the university closure during the COVID-19 pandemic, particularly around the campus area. It is worth mentioning that we had to drop “Households below Poverty Level” and “Aging 65+” variables from the model developed for Leon County in consideration of the existence of multicollinearity with “Young (18–29)”, which led to inflation in the regression model.



Based on Table 6, we see that the population with a disability has a positive coefficient for Escambia County. This indicates that the log of CCD is expected to increase. However, this variable does not have a significant contribution to the goodness of fit of the model in the other two counties. The different contributions of this variable in the models may be due to the different spatial distributions of these vulnerable populations in other counties. In Leon County, the census block groups with a noticeable percentage of the population with a disability appear to have more uniform distribution compared to Escambia County. In Escambia County, on the other hand, the census block groups with a high percentage of the population with a disability are mostly located within the City of Pensacola, the largest city in this county. As mentioned in the previous sections, census block groups located within the city border are prone to have more CCD, possibly due to more strict rules for curfew orders and less need for unnecessary travels during the COVID-19 pandemic, compared to the suburban areas (see Figure 8).



We also had a transportation-related variable, entitled “use of walk/bike”, to evaluate the assumption that states the following: The census block groups with a greater ratio of residents who use a bike or walk would have a higher decrease in the crash count during the COVID-19 pandemic. The positive coefficients of “use of walk/bike” variable in Leon County reveals that the COVID-19 pandemic had a more significant decreasing effect on the CCD in census block groups, populated with a higher number of people who prefer active modes for transportation (e.g., bicycling and walking) to work, compared to the ones with residents who prefer to use their own car (see Table 6). We also identify a high positive correlation between “use of bike/walk” and “zero vehicle ownership” in Leon County. This means that the residents of the census block groups having a noticeable percentage of bike/walk mode choice for “to work” trips, do not have any other options other than walking or biking. On the other hand, information technology-based activities (e.g., telecommuting, telemedicine, telehealth, and telelearning) also offer more safe substitutions during the pandemic in order to maintain social distancing. Thus, these census block groups would generate fewer trips during the pandemic, leading to more CCD.





6. Conclusions


The COVID-19 pandemic has been affecting our lives drastically, and many people have been going about their daily lives remotely. With an extensive suite of spatial and statistical models, this study investigated the impacts of the noticeable change in mobility during the COVID-19 pandemic by analyzing its impact on the spatiotemporal patterns of crashes in four demographically different counties in Florida. We tried to evaluate how demographically different areas respond to policies that intend to reduce travel. The results obtained from the Kruskal–Wallis test indicate that COVID-19 conditions led to statistically significant reductions in crash densities in all counties. KDE-based spatial visualization reveals the highest crash density decreases mostly occurred within city limits regardless of different demographic characteristics of counties.



In order to examine the possibility of different responses to CCD from each County with various demographic and transportation-related factors, three separate negative binomial regression models have been developed. Among all these factors, the age-related variables have the most noticeable correlation with differences in crash density distribution during the COVID-19 pandemic. Although both are mid-size counties, NBR models for Escambia and Leon provide different results. The contribution of the youth (18–29) population ratio in the model reveals a percentage CCD change of 65% for every unit increase in the ratio of youth population living in census block groups of Leon County. This is mainly because of the county’s college-oriented nature.



Moreover, in Hillsborough County, we see interesting results regarding the aging (65+) population. The census block groups populated with more aging people seem to have a lower crash count decrease during the COVID-19 pandemic. This may possibly be due to the fact that these seniors did not change their daily travel habits during the COVID-19 pandemic. This may also show a need for the governments to teach them new technologies related to communication, shopping and medicine, so that they can avoid unnecessary trips. The findings for Leon County also reveal that remote working and other telecommunication methods, including e-shopping, decrease trip generation, particularly in the context of bike/walk mode choice “to-work” trips. This leads to more crash count decreases in areas that utilize these types of transportation modes due to COVID-19.




7. Limitations and Future Work


Since the topic is focusing on the crash count decrease during the COVID-19 pandemic, we needed to add some additional variables to the dataset to justify whether the changes in crash frequency and distribution are attributed to the changes in exposure (i.e., people travel less during the COVID-19 pandemic) or other issues. These required attributes include, but are not limited to, vehicle miles traveled (VMT), road network configuration, vehicle type, temporary local traffic management, land use, and trip generation. Further investigation of these additional attributes enables us to establish a cross-section model, including all counties in Florida in different time periods and considering all relevant built environment, transport system, population profile, and traffic factors.



There are several future research directions. For example, the proposed approach can be extended to evaluate the crash severities instead of counts to answer the following questions: How would a decrease in the total number of trips affect the severity of crashes? Would the drivers tend to drive at a higher speed in this case? Moreover, some findings of this research may be site-specific. Therefore, another interesting area of research is to expand this research into other counties. The current research disregarded the rural census block groups that experienced a negligible increase in the number of crashes compared to urban groups. It would be interesting to focus on these regions in more detail. The temporal results can also be utilized to interpret three-dimensional mapping of crash density differences in future research [77]. Furthermore, applying more advanced methods like propensity score matching (PSM) and empirical Bayes (EB) could provide reliable findings for a before-and-after comparison. Moreover, several researchers incorporated land use variables and assigning their contributions to the various types of crashes [78,79,80], so further investigation is required to assess how land use correlates with crash density patterns during the COVID-19 pandemic.
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Figure 1. Study area. 
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Figure 2. Histogram for crash count decreases (CCD). 
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Figure 3. Crash density differences in Escambia County. (a) Between 2018 and 2019; (b) between 2020 After COVID-19 and 2018; (c) between 2020 After COVID-19 and 2019; and (d) between 2020 After COVID-19 and 2020 before COVID-19. 
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Figure 4. Crash density differences in Hillsborough County. (a) Between 2018 and 2019; (b) between 2020 After COVID-19 and 2018; (c) between 2020 after COVID-19 and 2019; and (d) between 2020 after COVID-19 and 2020 before COVID-19. 
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Figure 5. Crash density differences in Leon County. (a) between 2018 and 2019; (b) between 2020 After COVID-19 and 2018; (c) between 2020 after COVID-19 and 2019; and (d) between 2020 after COVID-19 and 2020 before COVID-19. 
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Figure 6. Crash density differences in Liberty County. (a) between 2018 and 2019, (b) between 2020 After COVID-19 and 2018, (c) between 2020 after COVID-19 and 2019, and (d) between 2020 after COVID-19 and 2020 before COVID-19. 






Figure 6. Crash density differences in Liberty County. (a) between 2018 and 2019, (b) between 2020 After COVID-19 and 2018, (c) between 2020 after COVID-19 and 2019, and (d) between 2020 after COVID-19 and 2020 before COVID-19.
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Figure 7. Time series. (a) Escambia County; (b) Hillsborough County; and (c) Leon County. 
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Figure 8. Crash count difference (CDC). (a) Escambia County; (b) Hillsborough County; (c) Leon County; and (d) Liberty County. 
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Table 1. Descriptive statistics associated with selected counties.






Table 1. Descriptive statistics associated with selected counties.





	
Characteristics

	
County




	
Escambia

	
Hillsborough

	
Leon

	
Liberty






	
Total number of census block group

	
191

	
881

	
177

	
6




	
Area [ac]

	

	
559,808.2

	
810,059.8

	
449,144.7

	
539,598.5




	
Total population

	
Sum

	
311,522

	
1,378,883

	
288,102

	
8365




	
Mean

	
1631

	
1565.1

	
1627.7

	
1394.2




	
STD

	
961.5

	
1230.3

	
850.9

	
665.1




	
Asian Population

	
Average Percentage

	
2.8%

	
3.3%

	
2.9%

	
0.1%




	
Sum

	
9886

	
55,157

	
10,107

	
20




	
Mean

	
51.8

	
62.6

	
57.1

	
3.3




	
STD

	
88.4

	
129.9

	
104.2

	
5.2




	
Hispanic or Latino Population

	
Average Percentage

	
5.4%

	
27.1%

	
6.2%

	
4.9%




	
Sum

	
17,293

	
386,478

	
18,050

	
484




	
Mean

	
90.5

	
438.7

	
101.9

	
80.6




	
STD

	
127.8

	
466.2

	
106.8

	
112.9




	
Population with a Disabilities

	
Average Percentage

	
7.7%

	
6.2%

	
6.1%

	
20.2%




	
Sum

	
23,025

	
78,548

	
17,077

	
800




	
Mean

	
120.5

	
89.1

	
96.5

	
133.3




	
STD

	
88.5

	
74.2

	
80.9

	
48.1




	
Aging (+65) Population

	
Average Percentage

	
17.3%

	
15.5%

	
13.5%

	
17.9%




	
Sum

	
50,472

	
189,676

	
35,700

	
1305




	
Mean

	
264.2

	
215.3

	
201.6

	
217.5




	
STD

	
172.6

	
195.1

	
159.5

	
90




	
Young (18–29) Population

	
Average Percentage

	
18.3%

	
16.3%

	
29.8%

	
17.1%




	
Sum

	
62,136

	
235,380

	
87,422

	
1514




	
Mean

	
325.3

	
267.1

	
493.9

	
252.3




	
STD

	
458.6

	
333.4

	
522.6

	
172.4




	
Average Household Size

	
Sum

	
465.9

	
2285

	
419.4

	
17.4




	
Mean

	
2.4

	
2.6

	
2.37

	
2.91




	
STD

	
0.46

	
0.6

	
0.55

	
0.32




	
Household below Poverty Level

	
Sum

	
14,238

	
73,474

	
21,755

	
375




	
Mean

	
74.5

	
83.4

	
122.9

	
62.5




	
STD

	
69.2

	
84.8

	
149.8

	
16.9




	
Use of Walk/Bike

	
Sum

	
4082

	
13,676

	
4233

	
25




	
Mean

	
21.4

	
15.5

	
23.9

	
4.1




	
STD

	
77.8

	
34.7

	
42.4

	
9.3




	
Total Enrollment

	
22,388

	
89,409

	
64,891

	
0




	
Percentage to Total Population

	
7%

	
6%

	
23%

	
0%




	
Curfew starting date

	
NA

	
13 April

	
25 March

	
NA




	
Time

	
-

	
21:00–5:00

	
23:00–5:00

	
-
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Table 2. Crash data and Average Annual Daily Traffic (AADT).






Table 2. Crash data and Average Annual Daily Traffic (AADT).





	

	
Time Period

	
Escambia

	
Hillsborough

	
Leon

	
Liberty




	
Count

	
Change

	
Count

	
Change

	
Count

	
Change

	
Count

	
Change






	
Crash

	
2020 After COVID *

	
1480

	
-

	
5032

	
-

	
1078

	
-

	
20

	
-




	
2018 **

	
2442

	
39.4%

	
11,130

	
54.8%

	
2829

	
61.9%

	
27

	
25.9%




	
2019

	
2539

	
41.7%

	
11,112

	
54.7%

	
2702

	
60.1%

	
34

	
41.2%




	
2020 Before COVID ***

	
2194

	
32.5%

	
10,475

	
52%

	
2564

	
58%

	
33

	
39.4%




	
AADT

	
2019

	
13,652

	
22,804

	
14,628

	
2651




	
2020

	
13,051

	
19,781

	
12,900

	
2481








* 15 March until 2 June 2020 during COVID-19 pandemic. ** 15 March until 2 June 2018 (consider the same period of time in 2019). *** 26 December 2019 until 14 March 2020 before COVID-19 pandemic.
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Table 3. Description of variables.






Table 3. Description of variables.





	Predictor Variable
	Description





	Total Population [/104]
	Total population in census block group



	Average Household Size
	Average Household Size of Occupied Housing Units by Tenure



	African American (RP)
	Ratio of black or African American population to total population



	Asian (RP)
	Ratio of Asian population to total population



	Hispanic or Latino (RP)
	Ratio of Hispanic or Latino population to total population



	Young (18–29) (RP)
	Ratio of young (18–29) population to total population



	Aging (65+) (RP)
	Ratio of aging (65+) population to total population



	Population with a Disability (RP)
	Ratio of the population (20–64) years with a disability to total population



	Use of Walk/Bike for (RT)
	Ratio of use of walk/bike to total number of transportation to work



	Households below Poverty (RH)
	Ratio of households with income below poverty level to total number household



	CCD (Dependent Variable)
	Crash count decrease in each census block group during COVID-19 pandemic
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Table 4. Kruskal–Wallis test results.






Table 4. Kruskal–Wallis test results.





	
County

	
Pair of Comparison

	

	

	

	




	

	
Vs.

	
Mean

	
SD

	
     χ 2     

	
df

	
p-Value






	
Escambia

	
2020 After COVID *

	
2.118

	
5.281

	

	

	




	

	
2020 before COVID **

	
3.255

	
9.163

	
27,989

	
13,898

	
≈0




	

	
2019 ***

	
3.787

	
11.461

	
28,145

	
14,757

	
≈0




	

	
2018

	
3.634

	
11.039

	
28,511

	
14,871

	
≈0




	
Hillsborough

	
2020 After COVID

	
3.913

	
7.212

	

	

	




	

	
2020 before COVID

	
8.828

	
18.933

	
48,799

	
37,374

	
≈0




	

	
2019

	
9.306

	
19.64

	
48,944

	
38,026

	
≈0




	

	
2018

	
8.702

	
18.098

	
49,080

	
38,566

	
≈0




	
Leon

	
2020 After COVID

	
1.433

	
4.337

	

	

	




	

	
2020 before COVID

	
3.777

	
15.878

	
43,334

	
20,210

	
≈0




	

	
2019

	
3.803

	
15.874

	
42,236

	
19,136

	
≈0




	

	
2018

	
3.646

	
15.502

	
42,141

	
18,830

	
≈0




	
Liberty

	
2020 After COVID

	
0.040

	
0.083

	

	

	




	

	
2020 before COVID

	
0.063

	
0.08

	
52,036

	
45,836

	
≈0




	

	
2019

	
0.077

	
0.226

	
38,978

	
26,677

	
≈0




	

	
2018

	
0.063

	
0.19

	
37,486

	
19,918

	
≈0








* 15 March until 2 June 2020 during COVID-19 condition. ** 26 December 2019 until 14 March 2020 before COVID-19 condition. *** 15 March until 2 June 2018 (consider the same period of time in 2019).
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Table 5. Categorized crash count decrease during COVID-19 in each county.






Table 5. Categorized crash count decrease during COVID-19 in each county.





	
Range of Decrease

	
Number of Census Block




	
Escambia

	
Hillsborough

	
Leon

	
Liberty






	
<0 *

	
32

	
(16.8%) **

	
96

	
(10.9%)

	
17

	
(9.6%)

	
1

	
(16.7%)




	
0–10

	
122

	
(64.2%)

	
620

	
(70.6%)

	
111

	
(62.7%)

	
5

	
(83.3%)




	
11–50

	
34

	
(17.9%)

	
151

	
(17.2%)

	
48

	
(27.1%)

	
0

	
(0.0%)




	
51–100

	
1

	
(0.5%)

	
9

	
(1.0%)

	
0

	
(0.0%)

	
0

	
(0.0%)




	
>100

	
1

	
(0.5%)

	
2

	
(0.2%)

	
1

	
(0.6%)

	
0

	
(0.0%)








* Crash count increases during COVID-19 in census block group. ** Numbers in parentheses present the percentage to the total number of census block groups in each county.
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Table 6. Negative binomial regression analysis results, (a) Escambia County, (b) Hillsborough County, and (c) Leon County.






Table 6. Negative binomial regression analysis results, (a) Escambia County, (b) Hillsborough County, and (c) Leon County.





	
Regressors

	
Escambia County

	
Hillsborough County

	
Leon County

	




	
β

	
SE

	
p

	
90%

	
β

	
SE

	
p

	
90%

	
β

	
SE

	
p

	
90%






	
Intercept

	
3.52

	
0.813

	
   ≈ 0   

	
✓

	
3.25

	
0.318

	
   ≈ 0   

	
✓

	
3.752

	
0.48

	
   ≈ 0   

	
✓




	
Total Population [/104]

	
2.817

	
1 × 10−4

	
0.01

	
✓

	
1.33

	
3 × 10−5

	
   ≈ 0   

	
✓

	
2.771

	
9 × 10−5

	
0.003

	
✓




	
Asian (RP *)

	
2.81

	
0.02

	
0.163

	
✗

	
−0.195

	
8 × 10−3

	
0.811

	
✗

	
−4.508

	
0.018

	
0.014

	
✓




	
Hispanic or Latino (RP *)

	
−0.642

	
0.015

	
0.666

	
✗

	
1.005

	
2 × 10−3

	
   ≈ 0   

	
✓

	
0.377

	
0.014

	
0.789

	
✗




	
Average Household Size

	
−1.029

	
0.263

	
   ≈ 0   

	
✓

	
−0.652

	
0.091

	
   ≈ 0   

	
✓

	
−0.878

	
0.186

	
   ≈ 0   

	
✓




	
Youth (18–29) (RP *)

	
−1.597

	
0.01

	
0.108

	
✗

	
−0.299

	
5 × 10−3

	
0.512

	
✗

	
0.65

	
0.003

	
0.065

	
✓




	
Aging (65+) (RP *)

	
−0.329

	
0.013

	
0.805

	
✗

	
−1.61

	
4 × 10−3

	
   ≈ 0   

	
✓

	
-

	
-

	
-

	
-




	
Population with a Disability (RP *)

	
2.12

	
0.014

	
0.12

	
✗

	
0.261

	
6 × 10−3

	
0.672

	
✗

	
−0.55

	
0.012

	
0.642

	
✗




	
Use of Walk/Bike (RT **)

	
1.47

	
0.025

	
0.556

	
✗

	
−0.386

	
8 × 10−3

	
0.638

	
✗

	
2.154

	
0.013

	
0.087

	
✓




	
Households below Poverty Level (RH ***)

	
3.151

	
0.01

	
0.003

	
✓

	
1.416

	
4 × 10−3

	
   ≈ 0   

	
✓

	
-

	
-

	
-

	
-




	

	
N: 157; df: 148; AIC: 955.54

	
N: 776; df: 767; AIC: 4738.5

	
N: 155; df: 148; AIC: 1025.2




	

	
Residual deviance = 177.77

	
Residual deviance = 881.12

	
Residual deviance = 174.23




	

	
Dispersion parameter = 0.8332

	
Dispersion parameter = 0.8578

	
Dispersion parameter = 1.5209








* RP: The ratio of a specific population group to the total population in a census block group. ** RT: The ratio of a specific mean of transportation to the total means of transportation in a census block group. *** RH: The ratio of a specific parameter to the total number of households in a census block group. Note: Response variable is the crash count decrease between COVID-19 impacted data and the same time period in 2019 in each census block group.
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