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Abstract: The COVID-19 pandemic has had a substantial impact on the lives of city residents and
has reshaped working patterns, with a concomitant impact on traffic accidents. We correlated data
from multiple sources to explore the impact of residents’ mobility and residents’ travel behavior
on the spatiotemporal distribution characteristics of urban traffic accident hotspots and its internal
mechanism under the impact of the pandemic and subsequent policy measures. The results showed
that the pandemic and policy measures inhibited the mobility of residents, had a significant impact
on working patterns, and changed the composition structure of the purpose of residents’ travel
behavior, which substantially impacted the spatiotemporal distribution characteristics of urban
traffic accident hotspots. The quantity of traffic accidents decreased significantly, and the spatial
distribution characteristics of urban traffic accident hotspots changed substantially, with accident
hotspots changing from the single-center spatial distribution before the pandemic to the multi-center
spatial distribution during the pandemic; urban accident-prone areas changed from being mainly
distributed in the central business district before the pandemic to being more widely distributed
in public service areas during the pandemic. The results of this study may be helpful to better
understand the spatiotemporal distribution characteristics of urban traffic accident hotspots and their
intrinsic mechanism.

Keywords: traffic accident hotspot; spatiotemporal distribution characteristic; land use; the mobility
of residents; COVID-19 pandemic; geographic information system

1. Introduction

With the development of the economy and society, the process of urbanization accel-
erates, the number of residents’ car ownership increases, and the number of road traffic
accidents also increases. The report released by the World Health Organization (WHO)
shows that road traffic accidents kill 1.35 million people every year all over the world. A
previous report shows that road traffic accidents are the number one killer of people aged
5-29 [1]. Road traffic accidents not only cause casualties to individuals but also bring about
huge economic and social costs for families and society. These costs include the cost of
treatment for the dead and injured, as well as labor lost to the dead, those who are disabled
by injury, and family members who need to take time away from work or study to care for
the injured. Therefore, the road traffic safety problem is not only a traffic problem but also
a global social problem [2].

In order to ensure traffic safety, extensive studies have been conducted from multiple
perspectives, such as driver behavior [3], automatic collision avoidance technology [4], and
traffic conflict modeling [5,6]. These studies have effectively improved the level of road
traffic safety. Contemporaneously, with the development of the geographic information
system (GIS), based on massive traffic accident data, more and more scholars are using
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GIS to carry out spatial visualization of traffic accidents, identify traffic accident hotspots,
and determine the potential factors for the formation of traffic accident hotspots. Then,
measures are taken to improve the level of road traffic safety.

As is well known, the COVID-19 pandemic has significantly affected the lives of
urban residents [7,8]. In the face of the pandemic, governments worldwide reduced urban
residents’ freedom to travel by issuing stay-at-home orders and other policy measures
to inhibit the further spread of the pandemic. Faced with these restrictions, people have
had to change various aspects of their lifestyles. From online office to online education,
and from telemedicine to fresh product e-commerce, various new online service patterns
have emerged, which not only meet residents” work and life requirements under changed
circumstances but also significantly reduce residents’ travel requirements; these changes
have also had a remarkable influence on traffic accidents.

This study used resident mobility data, traffic flow data, and traffic accident data,
coupled with the construction of the kernel density estimation model and the Getis-Ord
Gi* model. Based on these, this study investigated the spatiotemporal distribution charac-
teristics and evolution of urban traffic accident hotspots before and during the pandemic
at different time granularities (that is, taking the year and month as the time interval,
respectively) to explore the impact of residents’ mobility and residents’ travel behavior on
the spatiotemporal distribution characteristics of urban traffic accident hotspots and its
internal mechanism under the impact of the pandemic and subsequent policy measures.
The remainder of this paper is organized as follows: Section 2 discusses the literature
related to the problem under study. Section 3 presents the data and methods. Section 4
discusses the influence of mobility restrictions during the COVID-19 pandemic on the
mobility of residents and urban traffic accidents. Finally, Section 5 discusses the results of
this paper and presents future research directions.

2. Literature Review
2.1. Traffic Accident Hotspots

Traffic accident hotspots refer to locations with high-density clusters of traffic acci-
dents. In recent years, based on substantial volumes of traffic accident data and with
the help of GIS platforms, in-depth studies on urban traffic accident hotspots have been
conducted [9-13]. GIS-based traffic accident hotspot identification methods include the
kernel density estimation method, the local Moran’s I, the Getis-Ord Gi* method, and
so on [14-16]. Some studies focus on highway traffic accident hotspots. Almoshaogeh
et al. [17] studied a highway in Saudi Arabia, identified traffic accident hotspots, and pro-
posed road safety improvement strategies. Some studies focus on regional traffic accident
hotspots. Erdogan et al. [18] studied the spatiotemporal distribution of traffic accident
hotspots in Turkey and then put forward effective preventive measures. More studies
focus on urban traffic accident hotspots. Zhai et al. [19] studied traffic accident hotspots in
Los Angeles and explored the influential factors related to traffic accident hotspots. Some
scholars have studied traffic accident hotspots from the perspective of roadway features or
human factors. Umair et al. [20] used the kernel density estimation method to identify traf-
fic accident hotspots in Rawalpindi, Pakistan, and then used Tobit and multiple regression
models to analyze the impact of built environment factors on traffic accidents. The results
showed that road conditions, informal stops, footpath/setback encroachments, green belt
availability, and traffic sign visibility have some effects on traffic accidents. Al-Aamri
et al. [21] conducted a study on traffic accident hotspots of MuscatGovernorate in the Sul-
tanate of Oman. The results showed that road intersections have a more significant impact
on traffic accidents than other road geometric features. Mesquitela et al. [22] correlated
data from multiple sources and applied the kernel density estimation and the Getis-Ord Gi*
method to identify and analyze traffic accident hotspots in Lisbon City. The results showed
that human factors are the main factors leading to traffic accidents. Scholars have also
studied urban traffic accident hotspots from other perspectives. Wang et al. [23] studied
the spatiotemporal distribution characteristics of traffic accident hotspots in Harbin from
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a seasonal perspective. The results showed that climate has a significant impact on the
spatiotemporal distribution of urban traffic accident hotspots. Rahman et al. [24] studied
the spatiotemporal distribution characteristics of traffic accident hotspots in Dammam,
Saudi Arabia, from the perspective of land use. The results demonstrated that the land use
type affects the formation and spatiotemporal evolution of traffic accident hotspots in the
city. From the perspective of traffic accident severity, Le et al. [25] conducted a comparative
study of traffic accident hotspots in Hanoi, Vietnam, with and without considering traffic
accident severity. The results showed that the hotspots of urban traffic accidents are rela-
tively similar when considering the severity of traffic accidents and without considering
the severity of traffic accidents.

2.2. The Influence of the COVID-19 Pandemic on Traffic Accidents

In academia, efforts have been made to understand the impact of the pandemic on
traffic accidents [26-28]. Rad and El-Basyouny [29] studied the impact of the COVID-19
pandemic on collision hotspots from the perspective of temporal and spatial distribution.
The results showed that there were fewer accident hotspots outside Edmonton’s central
area, while fatal collisions were concentrated close to the central area. Their study also
found a significant reduction in traffic accidents in April 2020, demonstrating the impact of
the COVID-19 pandemic on traffic accidents. From the perspective of regional differences,
Lin et al. [30] found that the impact of the pandemic on different demographic groups is
unequal, and regional income differences have a certain impact on the spatial distribution
characteristics of traffic accident hotspots. From the perspective of the number of traffic
accidents, Muley et al. [31] carried out a comparative study on the traffic volume and the
number of traffic accidents in the State of Qatar before and after the COVID-19 pandemic.
The results showed that the mobility restriction measures have a significant impact on traffic
volume and traffic accidents. After the implementation of mobility restriction measures,
the traffic volume and the number of traffic accidents declined significantly. Some scholars
have also conducted research on the number of casualties in traffic accidents. Cappellari
et al. [32] found that, during the pandemic, the traffic volume decreased significantly,
and the number of traffic accidents also decreased, but the number of casualties caused
by traffic accidents actually increased. Yasin et al. [33] found that the number of traffic
accidents decreased significantly during the pandemic, which encouraged high-speed
driving and led to a rise in road traffic fatalities. Some studies focus on the influence of
the pandemic on the severity of traffic accidents. Wang et al. [34] found that the number of
traffic accidents decreased significantly during the pandemic, whereas the average accident
severity increased rather than decreased. Bajor [35] found that the share of fatal accidents
increased significantly during the lockdown period. From the perspective of traffic accident
rate, Doucette et al. [36] studied the impact of the stay-at-home order on daily vehicle miles
traveled and the accident rate per vehicle in Connecticut. The results showed that after
the stay-at-home order was enacted, daily vehicle miles traveled decreased. Meanwhile,
considering the reduction in total vehicle mileage during the pandemic, the accident rate
per vehicle increased. Further studies have indicated that the driving behavior of some
drivers changed radically during the pandemic, which had a significant impact on traffic
accidents [37,38]. Many scholars have studied the impact of human factors on traffic
accidents. Adanu et al. [39] found that serious traffic injury accidents increased in Alabama
during the pandemic, in which drunk driving was an important factor leading to traffic
accidents. Shahlaee et al. [40] found an increase in the rate of fatal and serious injury crashes
during the COVID-19 stay-at-home order. Their research showed that the traffic volume
decreased dramatically during the stay-at-home order in Maine, and drivers responded to
the change by increasing their speed, with speeding largely contributing to the increase in
fatal and serious injury crashes. In Malaysia, Al-Hussein et al. [41] studied the impact of
COVID-19 on driver driving behavior using naturalistic driving data. The findings showed
that drivers committed increased infractions and swerved more aggressively during the
pandemic than at any other time. Dong et al. [42] studied the impact of drivers’ driving



Sustainability 2024, 16, 3440

40f19

behavior on traffic safety during COVID-19. The results showed that driver aggression
and inattention increased significantly during COVID-19, leading to a higher likelihood
of serious crashes. Based on multi-source data from Tennessee, Patwary and Khattak [43]
found that changes in drivers’ driving behavior before and after the pandemic were related
to factors such as traffic law enforcement, socioeconomic status, road conditions, and
other factors.

However, from the perspective of the pandemic, studying the impact of residents’
mobility and residents’ travel behavior on the spatiotemporal distribution characteristics of
urban traffic accident hotspots under the impact of the pandemic and subsequent policy
measures will be of great help in analyzing the spatiotemporal distribution characteristics
of traffic accident hotspots and their intrinsic mechanism at the urban level.

3. Materials and Methods
3.1. Research Area

We selected New York City as the study area. New York City is the largest city in the
United States and is considered the cultural, media, and financial center of the United States.
Like other cities around the world, New York City has been hit hard by the COVID-19
pandemic, which has had a significant impact on its residents’ lives.

3.2. Data
3.2.1. Resident Mobility Data

We obtained resident mobility data from the COVID-19 Impact Analysis Platform of
the University of Maryland [44,45]. The data provided by the platform include indicators
such as the proportion of residents staying at home and working from home, the number
of miles per person, trips per person, work trips per person, and non-work trips per person.
We collected daily resident mobility data from 1 January 2020 to 31 December 2020.

3.2.2. Traffic Flow Data

We used traffic flow data provided by the Metropolitan Transportation Authority of
New York City [46]. This dataset provides hourly traffic flow data, and these vehicle counts
are related to the traffic direction, which allowed us to aggregate the counts separately for
the five boroughs of New York City. We extracted hourly traffic flow data from 2019 to 2020
from this dataset to obtain the average annual daily traffic volume in New York City and
the borough of Manhattan.

3.2.3. Traffic Accident Data

We used traffic accident data from New York City provided by the New York City
Police Department [47]. This dataset includes fields such as the time of the accident and the
accident location. We extracted traffic accident data from 2016 to 2021 from this dataset and
deleted the missing data. Then, we used ArcGIS Pro version 3.2 [48] to perform geographic
analysis on the traffic accident data.

3.3. Methods
3.3.1. Kernel Density Estimation Method

As a non-parametric density estimation technique, the kernel density estimation
method may be applied in the GIS environment to create the density map of traffic accident
hotspots based on a specific road network. As an effective method for identifying traffic
accident hotspots in road networks, the kernel density estimation method can visualize the
spatial distribution and aggregation of traffic accident points, as demonstrated in various
studies [25,49-51].

The kernel density estimation function may be calculated as follows:

£ = oy k(D <1>

i=1
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where f(x) is the estimated density at the location x; 1 is the number of samples; & is the
bandwidth; a is the number of dimensions; K is the kernel function [52-54]; and d; is the
distance from the location x to the ith observation.

3.3.2. Getis-Ord Gi* Method

In order to effectively analyze the relationship between traffic-accident-prone areas
and land use type, the Getis-Ord Gi* method [55] was adopted for conducting hotspot
analysis. By obtaining a statistically significant z-score, we could assess whether a specific
area was prone to traffic accidents compared with adjacent areas and with the entire area
being analyzed. The z-score value of the Getis-Ord Gi* of the area may be calculated using
Equations (2)—-(4):

L wijxj — XY wi

G = - 2)
S \/ [y w2 (5 wi)?]
n—1
- L%
X==— ©
n 2
i=1%; —.2
5=/ 20 ®) (4)

where 7 is the number of geographical units; w; ; is the spatial weight between the geo-
graphic units i and j; x; is the number of events for the geographic unit j; X is the average
of the variable; and S is the standard deviation of the variable.

4. Results
4.1. The Influence of the COVID-19 Pandemic on the Mobility of Residents

Based on New York City resident mobility data, we examined the impact of the COVID-
19 pandemic and subsequent policy measures on the mobility of residents. Some studies
have shown that a substantial number of people migrated away (both temporarily and
permanently) from New York City once the pandemic started. Many moved to neighboring
states or even the suburbs [56-58]. In our study of the mobility of residents who still
live in New York City, we found that the pandemic and subsequent policy measures had
a significant impact on the mobility of residents. Figure 1 illustrates the changes in the
mobility of residents during the COVID-19 pandemic. As shown in the figure, the pandemic
and policy measures such as the stay-at-home order enacted by the mayor of New York
City in March 2020, the temporary closure of almost all tourist destinations (mainly in
the central business district), and increased law enforcement on the roads (to enhance
enforcement of government control measures) had a significant impact on the mobility
of residents.

The percentage of people staying at home increased sharply, from approximately 30%
in January and February to approximately 50% in March and April. With the relaxation of
government control measures, this percentage slowly dropped to approximately 35% after
July 2020, indicating that policy measures such as the stay-at-home order severely inhibited
residents’ travel demand (Figure 1a). The number of miles per person, trips per person,
and non-work trips per person changed in a similar pattern, showing a clear decline in
March and April and slowly recovering to the levels of January and February after July
(Figure 1c,d,f). However, the percentage of people working from home increased sharply,
from approximately 5% in January and February to approximately 40% in March and April.
Subsequently, this percentage continued to hover at a high level (Figure 1b), illustrating the
profound influence of the pandemic on resident working patterns. The number of work
trips per person changed similarly: after declining from a value of approximately 0.9 in
January and February to approximately 0.5 in March and April, the value sustained lower
levels (Figure 1e).
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Figure 1. Changes in resident mobility during the COVID-19 pandemic: (a) staying home; (b) working
from home; (c) trips/person; (d) miles/person; (e) work trips/person; (f) non-work trips/person.

By analyzing traffic flow data for New York City, we found that traffic flow underwent
a significant decline as COVID-19 curbed residents” mobility. Further analysis indicated
that, compared with 2019, the annual average daily traffic volume of New York City
decreased by 24.98% in 2020, whereas the annual average daily traffic volume of the
borough of Manhattan decreased by 31.06%. The pandemic severely suppressed residents’
travel demand for the purpose of commuting to work, resulting in a significantly greater
decline in traffic flow in the central business district than in the overall urban area during
the same period.

4.2. The Influence of the COVID-19 Pandemic on Urban Traffic Accidents

Based on the relevant data provided by OpenStreetMap [59], we processed the func-
tional zoning of land use in New York City (Figure 2) to analyze the relationship between
the travel behavior of residents and the spatial distribution characteristics of urban traffic
accident hotspots.

First, we compared the differences in traffic accident hotspots and numbers before and
during the pandemic (Figures 3 and 4). Compared to the pre-pandemic period, the spatial
distribution of traffic accident hotspots in New York City changed during the pandemic,
and the number of traffic accidents in Manhattan decreased significantly. From Figure 5,
we can see that the spatial distribution of traffic-accident-prone areas in New York City
also changed compared to the pre-pandemic period. The high positive z-score and low
p-value indicate significant clustering of high values. From the comparison of G*-statistics,
we can observe that the spatial pattern before the pandemic was more pronounced. Using
the hotspot analysis comparison tool in ArcGIS Pro, we compared the two hotspot analysis
result layers before and during the pandemic, identified using the Getis-Ord Gi* method,
and measured their similarity (Figure 6). The results showed that there are significant
differences in the spatial patterns of hot and cold spots before and during the pandemic.
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Figure 2. Land use functional zoning in New York City.
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Figure 3. Traffic accident hotspots in New York City: (a) before the pandemic; (b) during the pandemic.
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Figure 4. Differential map of the number of traffic accidents in New York City before and during
the pandemic.
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Figure 5. Spatial distribution of traffic accident cold and hot spots in New York City: (a) before the
pandemic; (b) during the pandemic.
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Figure 6. Difference comparison map of traffic accident cold and hot spots in New York City before
and during the pandemic.

Then, we analyzed the spatial and temporal distribution characteristics of traffic-
accident hotspots in New York City before and during the pandemic, with the year as the
time dimension. As shown in Figure 7, the number of traffic accidents in New York City
decreased significantly in 2020 and 2021 compared to the pre-pandemic period owing to
the pandemic and related policy measures. As shown in Figure 7a—d, before the pandemic,
traffic accident hotspots in New York City were concentrated mainly in the borough of
Manhattan. A comparison of Figure 7a—d with Figure 8 reveals that, during the pandemic,
the percentage of people working from home increased significantly. This occurrence
reduced residents” demand for work-related commuting, resulting in the spatial distribution
of traffic accident hotspots changing from the single-center spatial distribution to the multi-
center spatial distribution. As shown in Figure 9, the high positive z-score and low p-value
indicate significant clustering of high values. From the comparison of G*-statistics, we
can observe that the spatial pattern in 2016 was more pronounced. Combined with land
use type, Figure 9a—d illustrate that, before the pandemic, the purpose of residents’ travel
behavior was mainly for work, leading to more traffic accidents occurring in the central
business district, traffic-accident-prone areas were predominantly distributed in the central
business district of New York City and its surrounding residential areas. During the
pandemic, the spread of the epidemic changed residents” working patterns to some extent
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and the composition structure of the purpose of residents’ travel behavior and substantially
impacted the spatiotemporal distribution characteristics of urban traffic accidents, which
changed from a predominantly work-oriented focus before the pandemic to a work-life
orientation during the pandemic. After the start of the pandemic, traffic-accident-prone
areas were distributed to a greater extent in public service areas in the northern and central
regions of New York City (Figure 9e,f).
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Figure 7. Traffic accident hotspots in New York City, 2016-2021: (a) 2016; (b) 2017; (c) 2018; (d) 2019;
(e) 2020; (f) 2021.
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Figure 8. Enlarged view of traffic accident hotspots in New York City, 2020-2021: (a) 2020; (b) 2021.

We analyzed the impact of weather factors on traffic accidents in the city (as shown
in Figures 10-13). Considering the influence of the pandemic, we investigated the spatial
distribution of traffic accident hotspots in different months before and during the pandemic.
As shown in Figure 10, weather factors significantly affected traffic accidents in New York
City before the pandemic. When the weather was cold, the number of traffic accidents was
low and most pronounced in January (Figure 10a). During warm weather, the number of
traffic accidents was relatively high, with the number in May being the most pronounced
(Figure 10e). These results indicate that weather conditions affect residents’ travel to a
certain extent and have a certain impact on traffic accidents. As shown in Figures 11 and 13,
the high positive z-score and low p-value indicate significant clustering of high values.
From the comparison of G*-statistics, we can observe that the spatial patterns in February
and February 2020 were more pronounced. In terms of land use type, before the pandemic,
areas prone to traffic accidents were predominantly distributed in the central business
district of New York City (Figure 11). A comparison of Figures 12 and 13 indicates that,
compared with weather factors, the pandemic and consequent policy measures, such
as stay-at-home orders, had a more significant impact on traffic accidents. In January,
the number of traffic accidents in the pre-pandemic period was relatively low, whereas
the number of traffic accidents in the pandemic period was relatively high (Figure 10a
with Figure 12a). In May, the number of traffic accidents in the pre-pandemic period
was relatively high, whereas the number of traffic accidents in the pandemic period was
relatively low (Figure 10e with Figure 12e). As shown in Figure 12, the number of traffic
accidents in New York City was lowest in April 2020, indicating that the city’s stay-at-home
order implemented in March 2020 significantly curbed residents’ mobility. Combined with
Figure 1, a surge in the percentage of people staying at home and working from home
is visible; the number of miles and trips per person decreased significantly immediately
following the stay-at-home order, resulting in a decrease in traffic flow, which in turn
reduced the number of traffic accidents. As shown in Figure 13, under the dual influence
of the pandemic and government control, residents” working pattern was reshaped, with
an increase in the proportion of residents working from home, leading to a significant
change in the composition structure of the purpose of residents’ travel behavior; thus,
traffic-accident-prone areas shifted from the central business district to the public service
areas in the northern and central regions of New York City. The most notable period
of change was April 2020 (Figure 13d). This phenomenon reflects that changes in the
composition structure of the purpose of residents’ travel behavior will affect the spatial
distribution of traffic-accident-prone areas.



Sustainability 2024, 16, 3440

11 of 19

General G summary
Observed general G: 0.001529
Expected general G: 0.000954
Variance: 0.000000
Z-score: 24346869
p<0.001
Spots

-  Cold spot-99% confidence
I Cold spot-95% confidence

Cold spot-90% confidence
’ L -
1-95% confidence T Hot spot-95% confidence
I 101 5pot-99% confidence I 510t pot-99% confidence
/
(_| ~ )
¥ . — W
- -
- — Meters —-—— Meters
0 4000 8000 16,000 24,000 32,000 0 4000 8000 16,000 24,000 32,000

General G summary
Observed general G: 0.001425
Expected general G: 0.000954
Variance: 0.000000
Z-score: 26308994 &
p<0.001

Spots

-Colll spot-99% confidence
-Colll spot-95% confidence

Cold spot-90% confidence

(a)

(b)

N 2018
A

General G summary
Observed general G: 0.001399
Expected general G: 0.000954
Variance: 0.000000
Z-score: 23.812706
p<0.001

Spots
[ Cold $pot-99% confidence
[ Cold spo

Cold spo

% confidend

90% confidence

(&
»
Not significant
Hot spot-90% confidence »
T Hot spot-95% confidence

N 2019
A

General G summary
Observed general G: 0.001386
Expected general G: 0.000954
Variance: 0.000000
Z-score: 23.241393 4
p<0.001

Hot spot-90%
T Hot spot-95

I 110 poc99°% confidence

onfidence

I ot spot-99% confidence
LA
& e | .
b4 -
-
-—— Meters -—— Meter:
0 4000 8000 16,000 24,000 32,000 0 4000 8000 16,000 24,000 32,000
N 2020 N 2021
General G summary General G summary
Observed general G: 0.001213 Observed general G: 0.001210
Expected general G: 0.000954 Expected general G: 0.000954 Y
Variance: 0.000000 Variance: 0.000000
Z-score: 20.881356 Z-score: 21.924630
p<0.001 p<0.001
Spots Spots
B CoMd spot-99% confidence 2/ I Cold spot-99% confidence
[ Cold spot-95% confidence i { [ Cold spot-95% confidence
Cold spot-90% confidence > Cold spot-90% confidence
Not significant { Not significant
Hot spot-90% confidence » Hot spot-90% confidence »
T Hot spot-95% confidence €« i
T 510 spot-99% confidence I 10t spot-99% confidence
S -
g
/ - Meters / - Meters
0 4000 8000 16,000 24,000 32,000 0 4000 8000 16,000 24,000 32,000

(e)
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Figure 10. Monthly variation map of traffic accident hotspots in New York City before the pandemic,
2016-2019: (a) January; (b) February; (c) March; (d) April; (e) May; (f) June.
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Figure 11. Monthly variation map of the spatial distribution of traffic accident cold and hot spots
in New York City before the pandemic, 2016-2019: (a) January; (b) February; (c) March; (d) April;
(e) May; (f) June.
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Figure 12. Monthly variation map of traffic accident hotspots in New York City during the pandemic,
2020: (a) January 2020; (b) February 2020; (c¢) March 2020; (d) April 2020; (e) May 2020; (f) June 2020.



Sustainability 2024, 16, 3440

15 of 19

N

A

General G summary
Observed general G: 0.001269
Expected general G: 0.000954
Variance: 0.000000

Jan. 2020

Z-score: 16.967464
p<0.001 p<0.001
Spots Spots
I Cold spot-99% confidence

N Feb. 2020

General G summary
Observed general G: 0.001343
Expected general G: 0.000954
Variance: 0.000000
Z-score: 15.194170

[ Cold spot-99% confidence
[ Cold spot-95% confidence Y\ [ Cold spot-95% confidence
Cold spot-90% confidence R Cold spot-90% confidence
Not significant Not significant
Hot spot-90% confidence » Hot spot-90% confidence »
[ Hot spot-95% confidence I Hot spot-95% confidence
I 101 <pot-99% confidence I 101 <pot-99% confidence
& -
- e e oo
- -
-—— Meters -—— Meters
0 4000 8000 16,000 24,000 32,000 0 4000 8000 16,000 24,000 32,000
N Mar. 2020 N Apr. 2020
General G summary General G summary
Observed general G: 0.001254 =§‘.¥§ Observed general G: 0.001324
Expected general G: 0.000954 i Expected general G: 0.000954
Variance: 0.000000 Variance: 0.000000
Z-score: 13.380808 y Z-score: 10.622660
p<0.001 p<0.001
Spots (57 Spots 4
B ol spot99% confidence / B Cold spot99% confidence s
Cold spot-95% confidence Cold spot-95% confidence r
[ Cold spo confidence “ [ Cold spo confidence
Cold spot-90% confidence Cold spot-90% confidence
Not significant Not significant
Hot spot-90% confidence Hot spot-90% confidence »
[0 Hot spot-95% confidence I Hot spot-95% confidence -’
I 101 <pot-99% confidence I 1101 <pot-99% confidence
-
] ¥. - 4 -
-—— Meters [ == Meter:
0 4000 8000 16,000 24,000 32,000 0 4000 8000 16,000 24,000 32,000
N May 2020 N Jun. 2020
General G summary General G summary
Observed general G: 0.001274 N Observed general G: 0.001258 @
Expected general G: 0.000954 Expected general G: 0.000954
Variance: 0.000000 Variance: 0.000000 Y
Z-score: 12.609830 Z-score: 13.745762 "
p<0.001 p<0.001 o,
Spots Spots X
[ Cold spot-99% confidence [ Cold spot-99% confidence P,
[ Cold spot-95% confidence [ Cold spot-95% confidence %
¢ o Y4 = - - o
‘0ld spot-90% confidence by > Cold spot-90% confidence
Not significant ¢ Not significant
Hot spot-90% confidence » »
ooy | J oy
-~ -
-—— Meters -_—— Meters
0 4000 8000 16,000 24,000 32,000 0 4000 8000 16,000 24,000 32,000

(e)

U]

Figure 13. Monthly variation map of the spatial distribution of traffic accident cold and hot spots
in New York City during the pandemic, 2020: (a) January 2020; (b) February 2020; (c) March 2020;

(d) April 2020; (e) May 2020; (f) June 2020.
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5. Discussion

In this study, based on multi-source data, we investigated the spatiotemporal distri-
bution of urban traffic accident hotspots before and during the COVID-19 pandemic and
the internal mechanisms of their changes. We studied the impact of residents” mobility
and residents’ travel behavior on the spatiotemporal distribution characteristics of urban
traffic accident hotspots under the impact of the pandemic and the subsequent stay-at-
home order. This paper contributes to the in-depth understanding of the spatiotemporal
distribution characteristics of traffic accident hotspots and their intrinsic mechanism from
the urban level.

Based on resident mobility, traffic flow, and traffic accident data, we investigated the
intrinsic associations between the COVID-19 pandemic, the stay-at-home order, residents’
mobility, and traffic accidents. According to our findings, the pandemic and the stay-at-
home order significantly curbed the mobility of residents. The percentage of residents
staying at home and working from home increased significantly, whereas the number of
miles per person, trips per person, work trips per person, and non-work trips per person
decreased significantly. Our study revealed that as the pandemic was brought under
control, and the stay-at-home order was relaxed, the proportion of people staying at home
and the number of miles per person, trips per person, and non-work trips per person
slowly returned to the levels before the stay-at-home order, whereas the proportion of
people working from home and the number of work trips per person were sustained at
elevated and decreased levels, respectively. This finding demonstrates that the pandemic
has reshaped residents” working patterns to a significant extent, leading to an increase in
the proportion of residents working from home. The study on traffic flow in New York City
also confirmed this finding. During the pandemic, the decrease in traffic flow in Manhattan
was significantly higher than that of the overall traffic flow in New York, indicating that
the rise in the number of residents working from home significantly reduced residents’
work-oriented travel requirements, resulting in a significant decline in traffic flow related to
the central business district. The results show that the inhibition of residents” mobility from
the COVID-19 pandemic and stay-at-home order had a significant impact on the spatial
distribution of traffic accident hotspots, with the urban traffic accident hotspots changing
from the single-center spatial distribution before the pandemic to the multi-center spatial
distribution during the pandemic. However, it is worth noting that the temporal/spatial
patterns are not identical for all types of accidents. Krukowicz et al. [60] found no impact
on animal-vehicle crashes during the lockdown in the initial period of the COVID-19
pandemic (March-April 2020).

Based on land use functional zoning obtained by processing and traffic accident
data, we investigated the intrinsic associations between the COVID-19 pandemic, the
stay-at-home order, residents’ travel behavior, and traffic accidents. The research results
indicate that the pandemic and the stay-at-home order had a significant impact on residents’
travel behavior, and the composition structure of the purpose of residents’ travel behavior
changed significantly. The change in the composition structure of the purpose of residents’
travel behavior affected the spatial distribution of traffic-accident-prone areas; urban traffic-
accident-prone areas changed from being mainly distributed in the central business district
before the pandemic to being more widely distributed in public service areas during the
pandemic, indicating that the travel behavior of residents changes the spatial distribution
of urban traffic accident hotspots to a certain extent. We believe that the results of this study
may add insight into the impact of residents” mobility and residents’ travel behavior on
the spatiotemporal distribution characteristics of urban traffic accident hotspots and its
internal mechanism under the impact of the pandemic and the subsequent stay-at-home
order; it may also provide additional insight into the goal of achieving Vision Zero for
traffic accidents through policy measures. This study also has several limitations. Due to
the limitation of data availability, we only studied traffic accidents in New York City, so
the study area can be expanded to other cities and countries in the future. In addition, the
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current study takes motor vehicles as the research object. In the future, research objects can
be expanded to pedestrians, bicycles, and motorcycles.
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