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Abstract: The COVID-19 pandemic has had a global impact, disrupting the normal trends of our
everyday life. More specifically, the effects of COVID-19 on road safety are still largely unexplored.
Hence, this study aims to investigate the change in road safety trends due to COVID-19 using real-
time traffic parameters. Results from the extensive analyses of the 2017 to 2020 data of Interstate-4
show that traffic volume decreased by 13.6% in 2020 compared to the average of 2017–2019’s volume,
whereas there is a decreasing number of crashes at the higher volume. Average speed increased by
11.3% during the COVID-19 period; however, the increase in average speed during the COVID-19
period has an insignificant relationship with crash severities. Fatal crashes increased, while total
crashes decreased, during the COVID-19 period; severe crashes decreased with the total crashes.
Alcohol-related crashes decreased by 22% from 2019 to 2020. Thus, the road-safety trend due to the
impact of COVID-19 has evidently changed and presents a unique trend. The findings of the study
suggest a larger need for a more in-depth study to analyze the impact of COVID-19 on road safety, to
minimize fatalities on roads through appropriate policy measures.

Keywords: road-safety trend; COVID-19; fatalities; fatal and severe crashes

1. Introduction

Severe acute respiratory syndrome coronavirus 2 SARS-CoV-2, mostly known as
COVID-19, was first identified in December 2019 in Wuhan, Hubei, China [1], and the
World Health Organization (WHO) announced COVID-19 as a new disease on 7 January
2020 [2]. The first case in the USA was reported on 20 January 2020, in Washington State,
and, on 11 March 2020, WHO declared the outbreak of COVID-19 to be a pandemic [2].
As of 16 April 2022, across the world, more than 501 million people are infected with
COVID-19 and more than 6.2 million people have died from the disease [3]. In addition
to the loss of life, there have been significant economic losses, business closures, job
losses, and widespread disruption of educational, religious, cultural, and social activities,
which eventually result in huge negative impacts on quality of life [4]. Some notable
changes are also reported in the transportation sectors, particularly due to the immediate
lockdown/stay-at-home order to prevent the spreading of this infectious disease [5].

Particularly, road accidents are a global problem and result in an unacceptably high
socio-economic toll, which is placing a heavy burden on people’s health and economics [5,6].
Worldwide, each year, more than 1.35 million people die on roads, and 50 million suffer
severe injuries due to road crashes [7]. As driving behavior and traffic patterns have
significantly changed due to the impact of a global pandemic, it is expected that there
should be some effects on road crash patterns due to the impact of the global pandemic [8,9].
Hence, there is much interest in how road crash patterns are impacted by the global
COVID-19 pandemic, to ensure safer roads through adopting appropriate policies. This
has motivated the authors most to investigate the changed patterns of road crash trends
due to the impact of COVID-19.
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2. Literature Review

Safety researchers make an effort to assess or evaluate the effects of any change in a
traditional system, whether due to economic downfall [10], changes in any laws related
to traffic safety [11,12], the introduction of new technology [13], changes in any service
measure [14,15], and so on. Behnood and Mannering assessed the changes in pedestrian-
injury severity due to the effect of the global recession (the time period for this global
recession was from December 2007 to June 2009) [10]. Robertson et al. assessed the impacts
of television messages on safety-belt use [12]. Lee, Abdel-Aty and Park analyzed the
effects of marijuana-involved fatal crashes due to changes in five types of marijuana-
related law [11]. Park et al. analyzed before–after study effects and developed crash-
modification functions to assess the effects of adding bike lanes to urban arterials [14].
Yue et al. evaluated the performance of newly introduced forward-collision-warning
technology under different scenarios [13]. Abdel-Aty, Devarasetty and Pande assessed the
performance and safety effects of resurfacing projects on multilane arterials with partially-
limited access [15]. In this regard, as COVID-19, the global pandemic, has affected almost
all sectors around the world, it also drew the attention of the safety researchers.

A number of significant studies have been conducted to investigate different aspects
of road crashes due to the impact of COVID-19. An immediate study after the COVID-
19 outbreak by Vingilis et al. predicted that collisions, injuries, and deaths would be
reduced, since there would be less traffic. However, stress and anxiety among people,
the consumption of drugs and alcohol and, hence, impaired driving, speeding and stunt
driving activities would be increased [16]. Another study assessed the impact of lockdown
on road safety and found that a lockdown/stay-home order impacted only the road crashes
with nonserious or no injuries (a mostly decreasing trend), and they found no effect of
lockdown on serious or fatal injuries [17]. Another study reported that driving days per
week decreased by 37% and vehicle miles driven (VMD) decreased by 35% for teens;
however, older teens, ethnic minorities, and employed teens reduced their driving to
a lesser extent during COVID-19 restrictions and their driving behavior remained the
same [18]. Studies that were conducted a sufficient time after the COVID-19 outbreak gave
a real instinct.

The majority of the studies have reported that traffic volume decreased significantly
due to the impact of COVID-19, with this decrement even reaching 81% during the lock-
down period [19]. A study compared monthly traffic flow between 2019 and 2020 and
reported that traffic decreased 19% in March, 37% in April, 26% in May, 13% in June, 11%
in July, and 12% in August 2020 [20]. Most of the studies reported that the total number of
crashes was reduced due to the effect of COVID-19. However, different studies reported
different percentages based on the location and time of those studies, and they mostly
ranged from 20% to 76% [19,21–27]. Contrary to traffic volume, most of the studies reported
an increase in speed during the lockdown and the immediate reopening time. This range
varied from 6% to 31% from the previous time [19,28], and a study reported an increase by
2.27 km/h on average, compared to the forecasted evolution [27]. Although the intention
to drink and drive [29], and harsh-acceleration and harsh-braking events were reported
to be increased by up to 12% [19]; interestingly, traffic violations and distracted driving
decreased by 73% [26], and 43% [24], respectively. Ambiguous results were reported in
cases of fatal and other types of crash severities. Nonfatal injuries and serious injuries were
reported to be decreased by 63% [23] and 19% to 48% [23,25], respectively. Whereas some
studies reported an increment in fatal crashes by 18% [21], some reported that the number
remained the same during the pandemic [30], whereas some found it to be decreased by
68% to 72% [23,25].

From Table 1, it is evident that total crashes are reported to be decreased in all the
studies except the study of Qureshi et al. [17]. The decrement varied from 37% to 74.3%
in different studies. Fatal crashes showed larger variations in results and some studies
reported it to be increased, whereas many studies found fatalities to be decreased. The
National Highway Traffic Safety Administration (NHTSA) and the US Department of
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Transportation are publishing a series of quarterly reports on the different effects of COVID-
19 on road safety, and they, along with Qureshi et al. [17], reported fatal crashes to be
significantly increased during the lockdown/stay-at-home order period. However, the
other studies listed in Table 1 found that fatal crashes decreased or remained unchanged.
Severe crashes and property-damage-only (PDO) crashes decreased in the pandemic period.
All the studies reported a significant increase in speeding and speeding-related crashes and
behaviors, i.e., harsh accelerations and braking, distracted driving, etc. However, there is
a large variation in the reported values. Mobility and traffic volume were reported to be
decreased in all the listed studies.

As shown in Table 1, there are few studies that have an overall overview of road-
safety trends due to the impact of COVID-19. Another fundamental problem with the
aforementioned studies is that most of them analyzed the short-term immediate effects of
COVID-19, rather than projecting its true trend. Most of these studies considered a short
time range, i.e., during the lockdown and immediately before or after the lockdown, and
this produced a large variation in the results and even open contradictions between similar
studies. Particularly, there are very few attempts to investigate the change in road-safety
trends due to the impact of the global pandemic. This research gap has motivated the
authors to conduct this study, with the aim to explore the impacts of COVID-19 on road
safety from a long-term perspective using a large data set.

To achieve the objectives, the study will analyze the I-4 freeway data from 2017 to 2020.
In addition, the study will investigate basic traffic parameters, i.e., speed and volume, and
their changes during the time period. It is frequently reported that, during the COVID-19
period, people became socially disconnected and there was a large increase in drug, alcohol,
and distracted driving activities [31]. This study will analyze the effects of such activities
on road safety as well. Finally, the study will investigate the effects of these parameters on
total crashes and crash severity due to the influence of COVID-19, by developing a negative
binomial model and ordinal logistic regression model, respectively.

3. Methodology

This section is divided into three subsections to better explain how the study was
conducted. The rationale of selecting the study area is discussed in the first subsection,
the data collection process is described in the second subsection, and, finally, the basemap
preparation and result analyses techniques are discussed in the third subsection.

3.1. Study Area

The study area used in this research is a portion of the I-4 (Interstate-4) freeway. I-4
generally runs in an east–west direction from Daytona Beach to Tampa, Florida, bisecting
Orlando on its way [32]. This study selected part of I-4 that was 76.19 mile long, stretching
from the interchange of I-4 and Florida Turnpike interchange on the east side, to the
interchange of I-4 and I-275 (Interstate-275) on the west side, where I-4 ends. The rationale
for selecting this road was that it is a major corridor connecting major metropolitan areas
in Florida with heavy traffic. Since it passes through major population centers and rural
areas, it perfectly serves as the research target of this study.
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Table 1. Summary of key findings from the rigorous literature search.

Reference Total
Crashes Fatal Crashes Severe Crashes PDO Crashes Vehicle Speed Traffic

Volume/Mobility
Drug, Alcohol, and

Distracted-Driving Crashes

Lotan and Shinar [5] −67% −76%

Qureshi et al. [17] +1.12% +29.42% −5.52%

Katrakazas et al. [19] −41% −8% −42% +6% to +11% −25.86% to −73.96% Harsh accelerations and braking,
+12%; speed violations, +10% to +39%

Saladié, Bustamante
and Gutiérrez [22] −74.3% −41% −62.90%

Vandoros [23] −62% −68% −48% −63%

Barnes et al. [24] −47% Unchanged −46% −50% −38% to −50% −43%

Muley et al. [26] −37% −30% −73%

Katrakazas et al. [27] −49% +2.27 km/h per 100 km

Amberber et al. [28] −63% Harsh accelerations, +200%; speed
violations, +35%

NHTSA [33] Increased Over 100 mph, +87%;
speeding crashes, +8%; Citation, +14%

NHTSA [34] At least one drug, +27.36%; two or
more drugs +43.75%;

NHTSA [35] −31% to −35%

NHTSA [36] Increased −19% to −29%

NHTSA [37] Increased Above the speed limit
by 20 mph, +45%

NHTSA [38] −2% −16.60%

DeVoe et al. [39] −45% −33% Speeding crash, +35% −30% to −66%

Colorado DOT [40] +6% +150%

Wegman and
Katrakazas [41] −17.3% −12.70%

Note: All the values indicate the percentage change in the COVID-19 period compared to the pre-COVID-19 period. + value indicates that a particular variable has increased during the
COVID-19 period compared to the pre-COVID-19 period, and vice versa.
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3.2. Data Collection

Crash data can provide comprehensive information for crashes, including the number,
time, severity (fatal, incapacitating injuries, non-incapacitating injuries, possible injuries
and property damage only (PDO)), traffic volume, and speed at the moment of crash occur-
rence [42]. In this study, the crash data from 2017 to 2020 were collected from Signal Four
Analytics (S4A) and State Safety Office Geographic Information System (SSOGIS). These
two data sources were used to ensure the most accurate and complete crash information.
Crash information was matched within these two data sources to ensure completeness.
After collecting raw data and initial screening of the crash information from these two data
sources by cleaning repeated observations, 10,503 crashes were finally considered for the
analyses.

3.3. Basemap Preparation

Basemap was prepared to locate the crash in a particular segment of the I-4. The
segments were determined based on the detector location. Steps for preparing the basemap
are shown in Figure 1. On average, the length of road segments is 0.34 miles.
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Figure 1. Steps for preparing the basemap.

3.4. Real-Time Traffic Parameters Extraction

After preparing the basemap, real-time-speed and volume data were extracted from
the detector information. There are around 315 and 310 Microwave Vehicle Detection
Systems (MVDS) on the east and west I-4 road, respectively, and they provide traffic
parameters every 30 s. For each crash, traffic data of 5 min prior to the crash from upstream
and downstream Microwave Vehicle Detection System (MVDS) detectors closest to the
crash location were collected, aggregated, and, finally, the average value per minute was
used in this study [43]. Python was used to extract the aforementioned information. The
purpose of using traffic parameters aggregated into 5 min was to minimize the effects of the
crash-time-reporting error as well as to represent the traffic-state condition more accurately
during the time of crash occurrence.

3.5. Crash Modeling

As from the literature it is evident that there is ambiguity about the effects of COVID-
19 on different levels of crash severity, this study investigated such effects by incorporating
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the negative binomial model for total crashes and the ordinal logistic regression model
for different crash-severity levels. The rationale for selecting the negative binomial model
to investigate the effects of COVID-19 along with real-time-traffic parameters, i.e., speed
and volume, the influence of drugs and alcohol, and distracted driving activities, is that,
since over-dispersion is a common phenomenon in crash-data analyses, negative binomial
regression is one of the most appropriate and recommended techniques for total-crash
modeling [44]. In addition, this method is widely used in the literature to predict crash
frequencies [45]. On the other hand, the ordinal logistic regression model is very popular
to formulate crash-severity model since there are different levels of crash severities and the
severity data are ordinal and categorical [46,47]. In addition, the ordered logistic regression
model can capture the qualitative differences between different severity categories [48]. To
perform the negative binomial model and the ordinal logistic regression model, we used
the Stata statistical software (version 15). After obtaining all the variables required to fulfill
the objective of this study, extensive analyses were performed, which are described in the
next section.

4. Data Analyses and Results

This study used 2017 to 2020 data, where 2017 to 2019 data was considered as the
pre-COVID-19 stage and 2020 data as the during-COVID-19 stage. This section is divided
into different subsections to show the changes in, and impacts of, different variables, i.e.,
volume, speed, total crashes and crash severities, drugs, alcohol and distracted driving, and,
eventually, an attempt to investigate the trend of road-safety patterns due to the impact of
COVID-19 was made through statistical modeling.

4.1. Volume

From the analyses of the real-time-traffic volume data during the crash occurrence,
it was found that volume per minute at the location of the crash during a particular
crash occurring ranged from 1 to 434, with a mean of 44 for the pre-COVID-19 period.
Whereas, during the COVID-19 period, this range varied from 1 to 103 with a mean of 38.
Average traffic volume during a particular crash occurrence was down by 13.64% during
the COVID-19 period (year 2020) compared to the pre-COVID-19 period (year 2017 to 2019).

Figure 2 shows the monthly variation in volume from 2017 to 2020. In 2020, traffic
volume was reasonably lower due to the stay-home order. In particular, in Florida, the
stay-at-home order was issued on 20 March 2020 and the lockdown spanned between 3
April and 30 April, when the stay-at-home order was lifted [49]. However, in May to July
2019, there was another sharp decrease in traffic volume, with values even lower than the
ones in the same period of 2020, soon after COVID-19 mobility restrictions were levied.

To better apprehend the volume statistics, the volume-frequency distribution is shown
in Figure 3. Frequency distribution for the year 2020 was calculated by dividing the traffic
volume per minute at the location of the crash during a particular crash occurrence into
certain ranges, i.e., 0 to less than 10, 10 to less than 20, and so on, and then summing the
total number of crashes in those particular ranges to obtain the overall frequency for the
year 2020. Frequency distribution for the year of 2017–2019 was calculated by dividing the
traffic volume per minute at the location of the crash during a particular crash occurrence
into certain ranges, i.e., 0 to less than 10, 10 to less than 20, and so on, and then averaging
the total number of crashes with respect to the number of years in those ranges to obtain
the overall frequency for the year 2017–2019. Comparing parts (a) and (b) of Figure 3,
it is evident that, despite the changes in traffic volume, crashes were most frequent in a
particular range, and this was around 30 to 50, in both pre-COVID-19 and during-COVID-
19 periods. In addition, there was a decreasing trend in the number of crash occurrences
with the increase of volume. This implies that, as the number of vehicles increased in a
roadway section, the probability of a crash decreased for that section.
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4.2. Speed

Five minutes’ average aggregated speed at the crash location in the direction of crash
prior to the crash occurrence was analyzed in this study to investigate the speed trend.
The maximum and minimum speeds for crashes from 2017 to 2019 were 0 and 118 mph,
respectively, with a mean of 51.42 mph (variance (standard deviation of 17.92 mph)).
Whereas, in the year 2020, this range varied from 0 to 108 mph with a mean of 57.23 mph
(variance (standard deviation of 18.97 mph)). Compared to the 2017–2019 speed average,
in the year 2020, the speed of vehicles during crashes increased by 11.3%, and z-test results
showed that this difference was significant. Figure 4 shows the monthly variation in the
speed of vehicles when a crash occurred. Initially, the speed in 2020 was low compared
to the other years’ data; however, after February 2020, vehicles encountered crashes with
higher speed compared to the vehicles’ average speed from the year 2017 to 2019.
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Figure 4. Traffic speed trend at the locations of crashes during crash occurrence.

Frequency distribution of the 5 min average speed at the crash location in the direction
of crash prior to the crash occurrences is shown in Figure 5. Most of the crashes occurred on
the I-4 have a speed range between 60 mph and 80 mph. The posted speed limit was 65 mph.
This implies that most of the vehicles ran at a slightly higher speed than the posted speed
limit. However, in 2020, some vehicles showed a significantly higher speed than usual. On
the other hand, the number of crashes that occurred at a lower speed (0 to 65 mph) than the
posted speed limit was higher in 2017 to 2019 than in 2020, which also implies that vehicles
were running at a higher speed during the COVID-19 time than the pre-COVID-19 time.
This can be explained from the fundamental diagram [50,51]. According to the fundamental
diagram of traffic flow, when the volume drops, speed increases.

4.3. Total Crashes and Crash Severities

In this analysis, we followed the KABCO crash-severity scale, where K refers to a fatal
crash, A refers to incapacitating injury, B refers to a non-incapacitating injury, C refers to
a possible injury and O refers to property damage only. Total crashes are defined as the
‘All crash types in KABCO’, and severe crashes are defined as the ‘All crash types (KAB
severities)’ [42]. To capture this effect, monthly variation in the percentages of total crashes
vs. fatal crashes and severe crashes are shown in Figure 6.

Percentages of total crashes for a particular month were calculated by dividing the
total number of crashes of all KABCO severities of that particular month by the total
number of crashes of all KABCO severities of that particular year. Similarly, percentages
of fatal crashes for a particular month were calculated by dividing the number of fatal
crashes (K) of that particular month by the total number of crashes of all KABCO severities
of that particular year. In addition, percentages of severe crashes for a particular month
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were calculated by dividing the number of severe crashes (KAB) of that particular month
by the total number of crashes of all KABCO severities of that particular year. Figure 6a
shows that, from the beginning of 2020, the number of total crashes was decreasing, and it
reached the lowest point around April 2020, then again it returned to the initial stage. On
the other hand, the number of fatal crashes started to rise from February 2020 and reached
the peak around August 2020. However, the number of total crashes was continuously
fluctuating, and it showed several nadir points, particularly around October 2017 and June
2019, where there was no such impact of COVID-19 or any other observable events in the
studied area to change the outcomes. For the case of fatal crashes, the highest peak was
observed during July 2018, and, interestingly, there was no drop in the total crashes at that
time period. The peak obtained in January 2019 was higher than the peak obtained during
the COVID-19 period. Again, from Figure 6b, it is evident that, from January 2020 to May
2020, severe crashes were decreasing with the total crashes, and again, after that period, it
was increasing with the total crashes.
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Figure 6. Trend of changes in percentages of different crash severities. (a) Percentages of total crashes
vs. percentages of fatal crashes; (b) percentages of total crashes vs. percentages of severe crashes.

To observe these changes more clearly, crash rates per 100 million vehicle miles traveled
for different crash severities were also calculated. From Figure 7, it is evident that fatal
crashes showed a slight increase in 2018 compared to 2017, then a slight decrease in 2019
and ending with an increase again in 2020. Incapacitating injuries and non-incapacitating
injuries gradually decreased from 2017 to 2019 and slightly increased in 2020. Conversely,
possible injuries and property damage only crashes gradually increased from 2017 to 2020,
except the property damage only crashes decreased in the last year. However, these changes
are negligible, and, to investigate whether these are significant, a paired one tailed t-test
was performed.

The paired one tailed t-test showed that there was no significant differences between
the pre-COVID-19 and during-COVID-19 periods’ mean number of different crash sever-
ities (except property damage crashes only), i.e., K severities (p-value: 0.2016 > 0.05), A
severities (p-value: 0.3589 > 0.05), B severities (p-value: 0.2870 > 0.05), C severities (p-value:
0.3569 > 0.05), O severities (p-value: 0.02236 < 0.05).
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4.4. Drug, Alcohol, and Distracted Driving

To investigate this effect, the data from 2017 to 2019, and 2020 were analyzed, and
findings are shown in Table 2.

Table 2. Percentage changes for drug, alcohol, and distracted driving.

Year Alcohol Related Distraction Related Drug Related None

2017 636 18 3 1937
2018 679 30 3 2057

%Change 6.76 66.67 0.00 6.20

2018 679 30 3 2057
2019 773 32 3 1965

%Change 13.84 6.67 0.00 −4.47

2019 773 32 3 1965
2020 603 40 12 1713

%Change −21.99 25.00 300.00 −12.82

Table 2 shows that alcohol-related crashes had an increasing trend from 2017 to 2018
and 2018 to 2019; however, from 2019 to 2020, it decreased by 21.99%. However, distraction-
and drug-related crashes showed a constant increasing trend.

4.5. Trend of Crash Severities during COVID-19

Finally, a modeling effort was attempted to investigate the underlying impacts of the
considered variables on different crash severities. Ordinal logistic regression (OLR) model
and Negative Binomial (NB) model were used in this study as the preferred method to
perform such analyses [52–54]. Table 3 shows the OLR-model output for different crash
severities and Table 4 shows the NB model output for total crashes. From the model
results, the trend of crash severities was drawn to help the policymakers to understand the
underlying impacts of COVID-19 on road safety.
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Table 3. Ordinal logistic regression (OLR) model for different crash severities.

Dependent Variable Coef. Std. Err. z Value p-Value OR

KABCO = 1 1.010461 0.088434
KABCO = 2 2.140722 0.091144
KABCO = 3 3.636945 0.104126
KABCO = 4 5.607193 0.175417

Independent variable
COVID 0.175 0.051 3.470 0.001 1.192
speed 0.004 0.001 3.580 0.000 1.004

volume −0.008 0.001 −7.590 0.000 0.992
drug_alco 0.485 0.045 10.750 0.000 1.624

Model Fit Result
Chi-square (p value) 236.67 (0.0000)

Log-likelihood −8928.423
McFadden pseudo-R2 0.013

Table 4. Negative binomial (NB) model for total crashes.

Variables Coef. Std. Err. z Value p-Value

constant 0.31862 0.033265 9.58 0.000
COVID 0.034747 0.01947 1.78 0.074
speed 0.001513 0.000448 3.38 0.001

volume −0.00199 0.000381 −5.24 0.000
drug_alco 0.118017 0.017287 6.83 0.000

Model Fit Result
Chi-square (p value) 107.52 (0.000)

Log-likelihood −13,454.9
McFadden pseudo-R2 0.004

From Tables 3 and 4, it is evident that COVID-19 has a positive correlation with
crash severities, and both the OLR model and NB model are showing this relationship as
significant. However, the positive correlation implies that K events will have the highest
rate of increase due to the increase in COVID-19 effects, and O events will have the lowest
rate of increase due to the increase in COVID-19 effects. In other words, if the COVID-19
effect decreases, K events will decrease at the highest rate, and O events will decrease at
the lowest rate. Similar effects are found for the speed and drug, alcohol, and distracted
driving, and both the models show a significant correlation of these factors with the crash
severities. On the contrary, the volume shows a negative significant correlation with the
crash severities. That indicates that, if the volume on the road during the crash increases, O
events will be decreased at the highest rate, and K events will be decreased at the lowest
rate. In other words, if volume decreases, O events will be increased at the highest rate,
and K events will be increased at the lowest rate.

5. Discussion

COVID-19 has affected all aspects of life, and it has had significant effects on road
safety as well. This section summarizes the reasoning, interpretation, and long-term effects
of such changes based on the findings from this study. In addition, this section discusses the
policy implications of such findings and guides toward possible future research directions
to improve safety on roads during such pandemic situations.

First, the study analyzed the trends of traffic volume during the COVID-19 period
(2017–2019). The mean traffic volume per minute at the location of the crash during crash
occurrence dropped from 44 to 38, a 13.64% decrease. However, if we look at the range, it
was between 1 and 434 during the pre-COVID-19 period, and 1 and 103 during the COVID-
19 period. This implies that traffic volume varied widely during the COVID-19 period.
However, during the COVID-19 period, the range was very small, and it implies that, even
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in the peak period, there was very a much smaller number of vehicles on the road. Even
the analyses of monthly variation in volume revealed that, in each month, the volume was
reasonably low in 2020 compared to the previous years, i.e., 2017 to 2019 (except June 2019).
This implies that, in such a pandemic period or stay-at-home order period, roads had fewer
vehicles, and this gave wider freedom to road users. To apprehend the relation of traffic
volume with the crashes, crash frequency distribution was assessed, and it was found that
crashes were most frequent in a particular range, i.e., 30 to 50, irrespective of whether it
was the pre-COVID-19 or during-COVID-19 period. However, an interesting finding from
the analyses was that, as the number of vehicles increased on a roadway, the probability of
crashes decreased for that period. This is reasonable, since if there is much traffic on the
roads, drivers become more careful and their freedom to maneuver their vehicles or violate
the traffic regulations becomes limited [6]. To understand the effects of volume on crash
severities during the COVID-19 period, NB and OLR modeling were conducted. From the
modeling results, it was found that volume had a negative significant correlation with the
crash severities. This implies that if volume decreases, O events will be increased at the
highest rate, and K events will be increased at the lowest rate. This indicates that, on a
road with less traffic, there will be more severe and fatal crashes compared to a road with
normal traffic. The rationale for such a finding is justifiable from the earlier explanation of
the freedom of road users on a less traffic-volume road. Even if we compare the finding of
our study with the earlier studies, it is very consistent with their findings regarding traffic
volume changes during the pandemic period [5,19,22,24,26,28,35,36,38,39,41,55].

Then, the speed trends in the pre-COVID-19 and during-COVID-19 period were
analyzed. Speed increased by 11.3% during the pandemic period compared with the
2017–2019 data. However, the mean speed of 57.23 mph during the pandemic with a
standard deviation of 18.97 represented a wider variation in speed during the pandemic
period compared with the mean speed of 51.42 mph with a standard deviation of 17.92 mph
during the pre-COVID-19 period. This implies that there were more variations in speed
among the vehicles running during the pandemic period. Furthermore, from the frequency-
distribution analyses, it was found that vehicles show a significantly higher speed during
COVID-19 compared to the pre-COVID-19 period. Total crashes that occurred at a lower
speed than the posted speed limit were higher in 2017 to 2019 than in 2020. Modeling results
from NB and OLR models showed that speed has a positive significant correlation with
crash severity, and this implies that K events will have the highest rate of increase due to
the increase in speed, and O events will have the lowest rate of increase due to the increase
in speed. The rationale for such a finding is that, as there was less traffic on road during
2020 compared to 2017–2019, the drivers had much freedom to speed up their vehicles. In
addition, as per this modeling result, the more drivers speed up their vehicle; the more
likely they are to experience fatal and severe crashes. The speeding-related findings are
consistent with many of the earlier studies [19,27,33,37,39,40].

The analyses of total crashes and crash severities revealed that the number of total
crashes started to fall at the beginning of COVID-19, and it continued till the end of the
stay-at-home order period. Then, it started to return to the normal level. This is reasonable,
since the mobility and traffic volume fell after the beginning of COVID-19, and people
limited their movement in fear of an uncertain disease; therefore, there were few vehicles on
roads, resulting in a lower number of crashes. However, after that period, the stay-at-home
order was lifted, and people felt that this might be the end of this unknown disease, as
the total cases of COVID-19 infections and deaths started to fall also during that time
period. Furthermore, fatal crashes continued to increase from the beginning of COVID-19
till August 2020. This can be explained by the previous discussion on volume and speed. As
there were few vehicles on the roads, drivers on roads were reckless and they utilized their
full freedom to overspeed. In addition, they had limited perception power of their speed
and front-case scenarios, as there might not have been any leading vehicles in front of them
to guide them in such scenarios. When any sudden change in the environment occurred,
they might be unprepared to handle such cases, and, since they were at high speed, they
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experienced crashes with a higher severity. Although this is out of the scope of the current
study, still, one prediction regarding the crash types is that, in such scenarios, they were
more likely to experience off-road crashes as the sudden change in environment should
persuade them to change their driving maneuvers and, thus, lose control, and eventually
experience fatal and severe crashes [56]. Such explanations are validated through the
crash-rate analyses, which showed that the fatal crash rate was highest in 2020 among all
the 4 years. Since the total crashes decreased and fatal crashes increased, it is expected that
the PDO crashes should decrease as well, and the crash rate for different crash severities
showed that PDO crashes decreased in 2020 compared with all the previous 3 years. These
findings are consistent with previous literature and also clarified the issues raised by some
articles [5,19,26,27,33,36,37,39].

Finally, the analyses of drug, alcohol, and distracted driving revealed that distraction
and drug-related crashes increased by around 25% and 300% in 2020 compared to 2019.
This also validated the earlier findings and explanations. As, due to the effects of COVID-19,
people were socially disconnected and in distress, there was an increase in the consumption
of drugs, and social disconnection caused distraction [57], which eventually led them
to have fatal and severe crashes during that period, which is consistent with our earlier
explanations and the previous literature [19,28,33,34,40].

The findings of the current study have a great implication for practitioners, policy-
makers, and researchers. First, the findings of the study demand special guidelines for all
the road users during such a pandemic/unusual/stay-at-home period. In such a situation,
as the traffic volume will decrease, the limited number of road users might overspeed
their vehicles. In addition, as people become socially disconnected, lose their jobs and
normal life, they are likely to be in distress. Hence, there is a high chance that they might
become addicted to drugs and, hence, drugs, alcohol, and distracted driving might be
increased. Hence, a special policy should focus on such aspects to control and limit the
behavior of road users during such a pandemic or unusual period. In addition, it is very
usual that road users will try to utilize the opportunity if there is a lack of monitoring
bodies to implement the traffic rules and regulations. Hence, the study highly suggests
having 24/7 monitoring bodies to control the behaviors of road users in such situations. As
this study is limited to a particular study area and dataset, more in-depth studies should
consider rigorous policy-making perspectives to ensure safety on roads during pandemics
and unusual situations.

6. Conclusions

This study explored the change in road-safety trends due to the impact of COVID-19.
Data of Interstate-4 (I-4) from 2017 to 2020 were analyzed considering the 2017 to 2019
data as the pre-COVID-19 period and 2020 data as the during-COVID-19 period. The
traffic volume of 2020 was reduced by 13.64% compared to the 2017–2019 traffic volume.
This result is consistent with the findings mentioned in Table 1. The rationale for such a
finding may be due to the lockdown/stay-at-home order, as most people restricted their
unnecessary trips [58], and, hence, the volume dropped compared to the pre-COVID-19
period. Frequency distribution of volume showed that, as the number of vehicles increased
in a roadway section, the probability of a crash decreased. This might be due to the fact that,
when there are other closer vehicles, people become more careful driving, and, hence, the
risk of exposure to crashes decreases. Speed was increased by 11.3% due to the effect of the
global pandemic, and most of the crashes occurred in the speed range 60 mph to 80 mph.
This aligns with the findings listed in Table 1. The rationale for such findings can be justified
by the fact that, as the traffic volume dropped, people felt more confident in driving, and
they could not perceive and control their surrounding environment since it was different
during the lockdown/stay-at-home order period than their normal driving period [8]. In
addition, the model results showed that, during the year 2020, there was no significant
relationship between crash severities and speed. From the crash severities’ analyses, it was
found that total crashes decreased while the fatal crashes increased; however, severe crashes
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also decreased with the same pattern as total crashes. Alcohol-related crashes decreased
by 22% in the year 2020, and drug- and distraction-related crashes showed an irregular
pattern. As there was ambiguity regarding the results of the different types of crashes listed
in Table 1, the result of this study is in line with the findings from the series of reports of
NHTSA [33–38]. This result can be justified by the fact that, as the overall mobility dropped
significantly during this period, it is reasonable that the total number of crashes dropped.
However, as the vehicles were at high speed, and drug, alcohol, and distracted driving
were increased significantly, crashes that occurred at that time were highly likely to be
fatal/severe [59]. The findings of this study have clarified some ambiguous findings from
the previous literature and can be used for making policies to improve road safety during
pandemic periods.

Future studies can incorporate additional significant and relevant variables and extend
the works by comparing different types of road facilities to identify the more rigorous
changes in road-safety trends due to the global pandemic and suggest appropriate policy
measures to improve road safety.
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