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Abstract: This study utilizes multilevel ordinal logistic regression (M-OLR), an approach that accounts
for spatial heterogeneity, to assess the dynamics of crash severity in Virginia, USA, over the years
2018 to 2023. This period was notably influenced by the COVID-19 pandemic and its associated
stay-at-home orders, which significantly altered traffic behaviors and crash severity patterns. This
study aims to evaluate the pandemic’s impact on crash severity and examine the consequent changes
in driver behaviors. Despite a reduction in total crashes, a worrying increase in the proportion of
severe injuries is observed, suggesting that less congested roads during the pandemic led to riskier
driving behaviors, notably increased speed violations. This research also highlights heightened
risks for vulnerable road users such as pedestrians, cyclists, and motorcyclists, with changes in
transportation habits during the pandemic leading to more severe crashes involving these groups.
Additionally, this study emphasizes the consistent influence of environmental and roadway features,
like weather conditions and traffic signals, in determining crash outcomes. These findings offer vital
insights for road safety policymakers and urban planners, indicating the necessity of adaptive road
safety strategies in response to changing societal norms and behaviors. The research underscores the
critical role of individual behaviors and mental states in traffic safety management and advocates for
holistic approaches to ensure road safety in a rapidly evolving post-pandemic landscape.

Keywords: crash severity; road safety; COVID-19 pandemic; driver behavior; vulnerable road users;
roadway characteristics; traffic safety management; multilevel ordinal logistic regression

1. Introduction
1.1. Background

Throughout history, global pandemics have emerged as pivotal events, compelling
societies to navigate unprecedented challenges and re-evaluate established norms. The
profound societal and health impacts of past pandemics, such as the Spanish flu of 1918, un-
derscore the transformative power of such crises [1,2]. As the 21st century has progressed,
the concept of ‘global connectivity’ has gained prominence, defined as the increased inter-
linking of countries and cultures through advancements in travel and communication [3].
This connectivity has undeniably brought the world closer. However, it has also enhanced
the capability for diseases to spread rapidly and extensively [3,4]. This dual nature of
global connectivity, serving as a catalyst for both unity and the potential for swift disease
transmission, illustrates the complex dynamics of our modern interconnected world.

Transportation, a cornerstone of modern interconnected societies, has undergone
significant evolution over the years [5]. The expansion of road networks coupled with
increased vehicle ownership has not only facilitated enhanced mobility but also reshaped
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urban infrastructures, economies, and societal behaviors [5–7]. However, these advance-
ments have also ushered in challenges. The rising frequency and severity of road traffic
crashes have become major concerns [8–10]. Despite advancements in safety technologies
and regulatory measures, these crashes remain a pressing issue, affecting health outcomes
and having broader socio-economic implications [8,9,11–13]. The World Health Organiza-
tion, among other institutions, has consistently highlighted road traffic crashes as a global
health risk [12].

Against this backdrop, the world was confronted with the emergence of the COVID-19
pandemic in late 2019 [14]. Originating in Wuhan, China, this health concern rapidly
escalated on a global scale. By March 2020, the World Health Organization officially
declared it a pandemic [15]. As of 4 October 2023, global statistics reveal an alarming
771.2 million cases and a death toll nearing 6.96 million [16]. In response, nations around
the world implemented strict containment strategies, such as lockdowns and travel bans,
aiming to curb the virus’s spread. These containment measures had a profound and
immediate effect on transportation systems worldwide.

Lockdowns led to a significant reduction in daily commutes, non-essential travel,
and overall traffic volume [17]. Travel bans halted international and domestic flights,
reducing air travel to unprecedented lows. The cessation of non-essential services and the
shift to remote working models contributed to a drastic decline in vehicular movement
on the roads. These changes, while essential for public health, resulted in a dramatic
transformation of transportation dynamics, leading to reduced traffic congestion and
altered traffic patterns. Initial data suggested potential improvements in road safety
due to decreased vehicular movement [18]. However, subsequent findings revealed a
more complex scenario, as these changes in transportation also brought about unforeseen
challenges and safety concerns. This necessitates a deeper understanding of the pandemic’s
multifaceted effects on transportation safety, highlighting how these dramatic shifts in
movement patterns have reshaped road use and safety considerations.

1.2. Impacts of the COVID-19 Pandemic on Transportation Safety Dynamics

During the COVID-19 pandemic, transportation and road safety emerged as focal
points of active research [18–27]. The profound implications of the pandemic on global
health and socio-economic landscapes have been extensively recognized [28,29]. As na-
tions contended with the immediate health repercussions, an array of secondary effects
began to unfold across diverse societal sectors. Specifically, transportation and road safety
drew substantial academic and policy attention, underscoring the multifaceted challenges
introduced by this unprecedented global event.

Safety experts continuously strive to understand the impact of various changes on
established systems, which could be due to economic fluctuations [7,30], amendments in
traffic safety laws [31], or modifications in service measures [32]. For instance, Behnood
and Mannering conducted a study to evaluate the effects of the global economic recession
on the severity of pedestrian injuries [30]. This exploration is part of a broader effort to
assess how significant changes in societal and economic conditions can influence safety
parameters [7].

Several early studies attempted to evaluate the immediate repercussions of the pan-
demic on road safety [18,25,26]. Vingilis et al. postulated that, given the decline in vehicular
activity during lockdowns, there would be an evident reduction in crashes, injuries, and
deaths [26]. This initial hypothesis was rooted in the simple premise that fewer vehicles
on the roads would naturally lead to fewer crashes [18,26,33]. Concurrently, the National
Highway Traffic Safety Administration (NHTSA) conducted a nationwide study in 2020
to assess the traffic safety environment during the pandemic’s early months [18]. Their
findings, based on data from emergency medical services and hospital trauma centers,
affirmed the prediction of reduced vehicular movement, substantiated by a sharp decline
in vehicle miles traveled (VMT) [18].



Sustainability 2024, 16, 1233 3 of 26

However, the reduction in traffic and crashes did not paint the entire picture. Both
Vingilis et al. and the NHTSA pointed to an increase in certain risk-associated behaviors
on the roads, such as speeding, drug and alcohol consumption, and reduced seat belt
use [18,26]. Qureshi et al., in their study focused on Missouri, U.S., found that while
traffic crashes resulting in minor or no injuries significantly declined during the lockdown,
there was not a corresponding reduction in crashes leading to severe or fatal injuries [25].
This counterintuitive trend, observed even in other regions such as Connecticut [22] and
Maharashtra, India [20], highlighted a concerning aspect: the severity of crashes appeared
to be on the rise.

Building on these observations, Islam et al. investigated road safety trends throughout
2020 on a Florida freeway [24]. While their findings mirrored the NHTSA’s observation
of reduced traffic volume, they also noted an increase in the severity of crashes when
compared to previous years. Additionally, while drug-related crashes saw a staggering
rise, alcohol-related crashes showed a decline.

Other researchers sought to delve deeper into the underlying factors influencing these
trends [19,21]. Dong et al. (2022) conducted a multigroup structural equation modeling
(SEM) that highlighted an increase in both aggressive and inattentive driving behaviors
during the pandemic, pointing to factors like speeding, alcohol consumption, and distrac-
tions as significant contributors to the heightened crash severity [21]. These findings align
with those presented by Adanu et al. (2022), further corroborating the observed patterns of
riskier driving behaviors during the pandemic period [19]. Surveys of drivers in the U.S.
and Canada yielded mixed insights, with a notable proportion of respondents admitting to
riskier driving behaviors during the pandemic, while others claimed to have experienced
no change in their habits [34].

Despite the depth and breadth of these investigations, a comprehensive synthesis of
the multi-dimensional impacts of the pandemic on road safety is still evolving. Most studies
have predominantly focused on the early stages of the pandemic, which, while insightful,
might not encapsulate the pandemic’s evolving impact. The dynamic interplay between
societal behaviors, policy interventions, and global events demands further exploration.
Therein lies the need for longitudinal studies that provide a broader perspective on the
pandemic’s influence on road safety over time.

1.3. Research Objectives and Contributions

The existing body of literature on road safety during the COVID-19 pandemic, while
informative, contains significant gaps. Many studies are confined to the early stages
of the pandemic, often missing the crucial subsequent shifts in road safety dynamics. A
comprehensive approach that encompasses periods before, during, and after the pandemic’s
stay-at-home orders is vital. This broader perspective will not only provide insights into
the immediate effects of the pandemic but also deepen our understanding of its long-
term implications for transportation safety. Therefore, conducting a thorough study that
addresses these research gaps is essential.

In this context, road safety has emerged as a pivotal area of inquiry in the aftermath
of the COVID-19 pandemic. Despite numerous studies having explored the immediate
impacts of pandemic-induced disruptions, a substantial gap remains in comprehending
how road safety dynamics evolved throughout different stages of the pandemic. This study
aims to fill this gap by providing an exhaustive examination of the shifts in crash severity
across these varying phases.

Research Objectives:

1. Temporal Analysis and Impact Assessment: Investigate the factors influencing crash
severity across three distinct phases: pre-pandemic, during the stay-at-home order
as a response to the pandemic, and post-pandemic. Quantify the marginal impact of
these factors to discern changing dynamics and priorities in road safety.
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2. Behavioral Assessment: Examine the driving behaviors during these phases to un-
derstand the effects of external disruptions, such as the pandemic and associated
stay-at-home orders, on driving tendencies and, subsequently, crash severity.

3. Policy Implications: Derive actionable insights that can inform and shape future road
safety measures, especially in the context of global disruptions. This includes evaluating
the resilience and efficacy of existing safety measures during such unprecedented events.

The research contributions of this effort can be summarized as follows:

1. In-depth Temporal Insights: By undertaking a comprehensive analysis across dis-
tinct phases of the pandemic, this research furnishes stakeholders with a nuanced
understanding of the evolving road safety challenges. It not only maps the shifting
dynamics but also pinpoints specific factors that have seen increased prominence or
attenuation during these periods.

2. Behavioral Revelations: Through a dedicated assessment of driving behaviors, this
study reveals the intricate interplay between external events (like a pandemic and
associated restrictions) and individual driving habits. Such revelations can help in
crafting interventions that resonate more effectively with the driving public, thereby
promoting safer road behaviors.

3. Strategic Recommendations: The findings from this research are poised to have
significant policy implications. The insights provided can guide decision-makers
in tailoring road safety strategies that are both effective in standard scenarios and
resilient to global disruptions. By evaluating the robustness of current measures, this
research also paves the way for more adaptive and responsive safety protocols.

In essence, this research endeavors to enrich the understanding of road safety dynam-
ics amidst global disruptions like the COVID-19 pandemic. It aspires to not only shed light
on the multifaceted impacts but also to proffer insights that can influence and enhance
future road safety measures, ensuring adaptability and efficacy in dynamic contexts.

1.4. Structure of the Paper

The remainder of the paper will be structured as follows: it begins with the “Methodol-
ogy” section, which offers a detailed outline of the comprehensive research framework used
in this study. This section includes a thorough description of the dataset and elaborates on
the multilevel ordinal logistic regression (M-OLR) method employed for analysis.

Following the “Methodology” section, the “Results” and “Discussion” sections are
dedicated to presenting the findings of the study. These sections delve into the impact
of various factors affecting road safety, with particular emphasis on the influence of the
COVID-19 pandemic. They provide an in-depth discussion of how these factors contributed
to changes in crash severity and driver behaviors during the study period.

Subsequently, the “Operational and Management Implications” section discusses the
practical implications of this study’s findings. It focuses on how these insights can be
utilized to inform and enhance traffic safety management and policy making, especially in
the context of evolving road safety challenges in the post-pandemic era.

This paper then concludes with the “Conclusions” section, summarizing the key
insights and contributions of the research. This section highlights the significant shifts in
crash severity and driver behaviors observed during the study period, underscoring this
study’s contributions to the field of road safety research.

Finally, this paper acknowledges its limitations and suggests future research directions
in the “Study Limitations and Future Directions” section. This part emphasizes the need
for a broader geographical scope in future studies and suggests exploring further into the
trends and patterns of road safety, particularly in the wake of the COVID-19 pandemic.
This structured approach ensures a comprehensive and logical flow of information, guiding
the reader through the various aspects of the study.
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2. Methodology
2.1. Data Description

The crash dataset used for this research was sourced from the Virginia Department
of Transportation (VDOT), encompassing crash occurrences within the State of Virginia,
USA. This study primarily aims to discern the impact of the stay-at-home orders on crash
severity. It is noteworthy that the Governor of Virginia promulgated a “Stay at Home”
executive order on 30 March 2020, which remained in effect until 10 June 2020 [35]. In
light of this, the crash datasets were divided into distinct periods for analysis. One dataset
corresponded to the duration from 30 March 2020 to 10 June 2020. Two subsequent datasets
represented the analogous period in the pre-COVID-19 years of 2018 and 2019. Lastly, three
datasets represented the post-COVID-19 lockdown phases in 2021, 2022, and 2023.

In this dataset, crash severity was defined using the KABCO scale. This scale can be
broken down into five distinct levels: fatal, incapacitating, non-incapacitating, potential
injuries, and property damage without injury. This classification was determined based on
the most severe injury sustained by any individual involved in the crash. Crash outcomes
were further grouped into three categories: severe injury (covering fatal and incapacitating
injuries), minor injury (including non-incapacitating and potential injuries), and PDO. The
distribution of crash severity across different years is detailed in Table 1, providing a clear
breakdown of crash severity trends from 2018 to 2023.

Table 1. Distribution of crash severity categories across different years in Virginia, USA.

Variable Category
2018 2019 2020 2021 2022 2023

Count Percentage% Count Percentage% Count Percentage% Count Percentage% Count Percentage% Count Percentage%

Crash
severity

PDO 16,489 65.27% 16,629 65.47% 10,045 66.06% 15,431 66.20% 16,210 67.01% 16,747 67.03%
Minor injury 7369 29.17% 7371 29.02% 4114 27.06% 6339 27.20% 6511 26.92% 6759 27.05%
Severe injury 1406 5.57% 1401 5.52% 1046 6.88% 1540 6.60% 1468 6.07% 1479 5.92%

Number of observations 25,264 100% 25,401 100% 15,205 100% 23,310 100% 24,189 100% 24,985 100%

This comprehensive dataset encompasses data from 23 distinct planning districts
within Virginia. Several variables have been evaluated, with their descriptive statistics
elucidated in Table 2. These variables encompass aspects like crash characteristics (type of
crash, hit and run), driver behavior and risk factors (alcohol consumption, seat belt usage,
distractions, drowsiness, drug use, and speed violation), driver demographic characteristics
(senior and young drivers), vulnerable road users (involvement of motorcyclists, bicyclists,
and pedestrians in crashes), roadway characteristics (presence of traffic signals, roadway
alignment, mainline, presence of a work zone, urban vs. rural setting, and posted speed),
temporal characteristics (weekday vs. weekend occurrences), weather conditions, and
external factors (involvement of animals).

Table 2. Descriptive statistics of variables included in the crash severity models.

Variable Category
2018 2019 2020 2021 2022 2023

Count Percentage% Count Percentage% Count Percentage% Count Percentage% Count Percentage% Count Percentage%

Crash
type

Angle 6388 25.28% 6792 26.74% 3803 25.01% 6407 27.49% 6660 27.53% 6706 26.84%
Fixed object 4916 19.46% 4733 18.63% 4273 28.10% 4726 20.27% 4989 20.63% 4970 19.89%

Head-on 467 1.85% 503 1.98% 369 2.43% 591 2.54% 535 2.21% 591 2.37%
Other 2496 9.88% 2500 9.84% 1914 12.59% 2408 10.33% 2542 10.51% 2903 11.62%

Rear-end 8571 33.93% 8386 33.01% 3412 22.44% 6679 28.65% 6841 28.28% 7108 28.45%
Sideswipe 2426 9.60% 2487 9.79% 1434 9.43% 2499 10.72% 2622 10.84% 2707 10.83%

Traffic
signal

No 20,094 93.54% 20,336 80.06% 12,358 81.28% 18,569 79.66% 19,264 79.64% 20,077 80.36%
Yes 5170 20.46% 5065 19.94% 2847 18.72% 4741 20.34% 4925 20.36% 4908 19.64%

Hit and
run

No 23,574 93.31% 23,666 93.17% 13,961 91.82% 21,251 91.17% 22,205 91.80% 22,926 91.76%
Yes 1690 6.69% 1735 6.83% 1244 8.18% 2059 8.83% 1948 8.20% 2059 8.24%

Motorcycle No 24,761 98.01% 24,849 97.83% 14,793 97.29% 22,748 97.59% 23,640 97.73% 24,438 97.81%
Yes 503 1.99% 552 2.17% 412 2.71% 562 2.41% 549 2.27% 547 2.19%
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Table 2. Cont.

Variable Category
2018 2019 2020 2021 2022 2023

Count Percentage% Count Percentage% Count Percentage% Count Percentage% Count Percentage% Count Percentage%

Weather
condi-
tion

Adverse condition 4334 17.15% 4146 16.32% 2847 18.72% 2651 11.37% 3751 15.51% 3376 13.51%
No Adverse

condition 20,930 82.85% 21,255 83.68% 12,358 81.28% 20,659 88.63% 20,438 84.49% 21,609 86.49%

Roadway
align-
ment

Curve 3494 13.83% 3518 13.85% 2726 17.93% 3257 13.97% 3449 14.26% 3559 14.24%

Straight 21,770 86.17% 21,883 86.15% 12,479 82.07% 20,053 86.03% 20,740 85.74% 21,426 85.76%

Mainline
No 2572 10.18% 2531 9.96% 3221 21.18% 634 2.72% 627 2.59% 709 2.84%
Yes 22,692 89.82% 22,870 90.04% 11,984 78.82% 22,676 97.28% 23,562 97.41% 24,276 97.16%

Senior
No 20,948 82.82% 20,947 82.47% 12,913 84.93% 19,433 83.37% 20,015 82.74% 20,415 81.71%
Yes 4316 17.08% 4454 17.53% 2292 15.07% 3877 16.63% 4174 17.26% 4570 18.29%

Young No 20,370 80.63% 20,677 81.40% 12,583 82.76% 18,772 80.53% 19,554 80.84% 20,257 81.08%
Yes 4894 19.37% 4724 18.60% 2622 17.24% 4538 19.47% 4635 19.16% 4728 18.92%

Work
zone

No 24,764 98.02% 24,635 96.98% 14,126 96.30% 22,322 95.76% 23,179 95.82% 24,078 96.37%
Yes 500 1.98% 766 3.02% 562 3.70% 988 4.24% 1010 4.18% 907 3.63%

Alcohol
No 23,846 94.39% 23,970 94.37% 14,126 92.90% 22,009 94.42% 22,882 94.60% 23,616 94.52%
Yes 1418 5.61% 1431 5.63% 1079 7.10% 1301 5.58% 1307 5.40% 1369 5.48%

Belted
No 950 3.76% 940 3.70% 897 5.90% 1171 5.02% 1096 4.53% 1165 4.66%
Yes 24,314 96.24% 24,461 96.30% 14,308 94.10% 22,139 94.98% 23,093 95.47% 23,820 95.38%

Bike
No 25,129 99.47% 25,260 99.44% 15,098 99.30% 23,195 99.51% 24,060 99.47% 24,879 99.58%
Yes 135 0.53% 141 0.56% 107 0.70% 115 0.49% 129 0.53% 106 0.42%

Distracted
No 20,134 79.69% 20,563 80.95% 12,436 81.79% 18,957 81.33% 19,861 82.11% 20,599 82.45%
Yes 5130 20.31% 4838 19.05% 2769 18.21% 4353 18.67% 4328 17.89% 4386 17.55%

Drowsy No 24,495 96.96% 24,642 97.01% 14,784 97.23% 22,634 97.10% 23,451 96.95% 24,283 97.19%
Yes 769 3.04% 759 2.99% 421 2.77% 676 2.90% 738 3.05% 702 2.81%

Drug No 25,046 99.14% 25,185 99.15% 14,963 98.41% 23,026 98.78% 23,942 98.98% 24,752 99.07%
Yes 218 0.86% 216 0.85% 242 1.59% 284 1.22% 247 1.02% 233 0.93%

Pedestrian
No 25,001 98.96% 25,090 98.78% 15,060 99.05% 23,081 99.02% 23,944 98.99% 24,642 98.63%
Yes 263 1.04% 311 1.22% 145 0.95% 229 0.98% 245 1.01% 343 1.37%

Speed
violation

No 20,252 80.16% 20,468 80.58% 11,805 77.64% 18,527 79.48% 19,215 79.44% 19,861 79.49%
Yes 5012 19.84% 4933 19.42% 3400 22.36% 4783 20.52% 4974 20.56% 5124 20.51%

Area
type

Urban 19,240 76.16% 19,440 76.53% 10,754 70.73% 17,572 75.38% 18,467 76.34% 18,983 75.98%
Rural 6024 23.84% 5961 23.47% 4451 29.27% 5738 24.62% 5722 23.66% 6002 24.02%

Animal
No 24,158 95.62% 24,264 95.52% 14,237 93.63% 22,195 95.22% 22,978 94.99% 23,656 94.68%
Yes 1106 4.38% 1137 4.48% 968 6.37% 1115 5.78% 1211 5.01% 1329 5.32%

Weekend
No 18,757 74.24% 18,760 73.86% 11,494 75.59% 17,072 73.24% 18,060 74.66% 18,134 72.58%
Yes 6507 25.76% 6641 26.14% 3711 24.41% 6238 26.76% 6129 25.34% 6851 27.42%

Posted
speed is
50 mph
or more

No 16,646 65.89% 16,889 66.49% 10,019 65.89% 15,442 66.25% 16,136 66.71% 16,616 66.50%

Yes 8618 34.11% 8512 33.51% 5186 34.11% 7868 33.75% 8053 33.29% 8369 33.50%

Crash Trends and the Impact of COVID-19

The analysis of crash data from 2018 to 2023 illustrates significant fluctuations in the
total number of crashes, as shown in Figure 1, with a marked impact observed following
the onset of the COVID-19 pandemic. Prior to the pandemic, the total number of crashes
remained relatively stable, with 25,264 in 2018 and 25,401 in 2019. However, in 2020,
coinciding with the widespread implementation of stay-at-home orders and reduced travel
activities, there was a notable decrease in total crashes, dropping to 15,205. This reduction
reflects the immediate impact of stay-at-home orders on road traffic volumes. Although
there was a gradual recovery in the subsequent years, the total number of crashes did
not return to the pre-pandemic levels, indicating lasting changes in travel behavior and
road use.

Alongside the total crash numbers, the rate of severe injuries within these crashes
underwent a notable change post-pandemic. While severe injuries accounted for approxi-
mately 5.5% of crashes in 2018 and 2019, this figure rose sharply to 6.88% in 2020. Following
2020, the rate of severe injuries remained elevated compared to pre-pandemic levels, with
6.60% in 2021, 6.07% in 2022, and 5.92% in 2023. These figures suggest the lasting impact of
the pandemic on road safety, with a higher rate of severe injuries persisting even as overall
crash numbers began to recover.
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2.2. Crash Severity Modeling
2.2.1. Ordinal Logistic Regression

Crash severity data are inherently ordinal. Typically, these data can be categorized
into levels such as “no injury”, “minor injury”, and “severe injury”. Ordinal logistic regres-
sion (OLR) was chosen for this study due to its suitability for modeling ordinal outcome
variables [9,24]. The basic idea behind OLR is to model the cumulative probabilities of ob-
serving an outcome up to and including a particular category. The model estimates the odds
that an outcome falls into a particular category or below, compared to all higher categories.

The general form of the ordinal logistic regression model can be represented as:

log
(

P(Y ≤ k)
1 − P(Y ≤ k)

)
= αk −

(
β1X1 + β2X2 + · · ·+ βpXp

)
(1)

In the model specification, P(Y ≤ k) represents the cumulative probability of the
response falling into category k or any category bellow it. The term αk serves as the
threshold specific to category k. The predictor variables in the model are denoted as
X1, X2, . . . , Xp, and their corresponding coefficients are represented by β1, β2, . . . , βp.

2.2.2. Multilevel Ordinal Logistic Regression

Hierarchical or multilevel data are characterized by observations at a lower level being
nested within one or more higher levels. This structure is commonplace in various fields.
For instance, medical research may nest patients within hospitals, political studies might
nest voters within districts, and education often nests students within schools. In many
traffic safety studies, crash data are clustered or grouped by nature. For instance, crashes
might occur within specific intersections, along specific road segments, or within certain
jurisdictions [9,36]. This hierarchical structure can introduce dependencies among the ob-



Sustainability 2024, 16, 1233 8 of 26

servations within the same group, violating the assumption of observations’ independence
in traditional regression models [9,36]

To account for this clustered structure, a multilevel ordinal logistic regression (M-OLR)
with a random intercept was employed [9]. This approach extends traditional ordinal
logistic regression by adding random effects to capture the variability between clusters,
providing more accurate results [9].

The general form of the MOLR with a random intercept can be represented as:

log

(
P
(
Yij ≤ k

)
1 − P

(
Yij ≤ k

)) = αk − u0j −
(

β1X1ij + β2X2ij + · · ·+ βpXpij
)

(2)

In the multilevel model context, Yij denotes the outcome for the ith observation within
the jth cluster. The term P

(
Yij ≤ k

)
signifies the cumulative probability that this outcome

falls into category k or a lower category for the ith observation in the jth cluster. The model
incorporates αk as the threshold for category k, while u0j is introduced as the random
intercept corresponding to the jth cluster. The predictor variables in the model, specific
to each observation and cluster, are denoted as X1ij, X2ij, . . . , Xpij, while their respective
coefficients are denoted as β1, β2, . . . , βp.

2.3. Average Marginal Effects

Average marginal effects (AMEs) provide an intuitive way to understand the change
in the probability of an outcome due to a unit change in a predictor variable, averaged
over all observations. Unlike specific marginal effects which might be calculated at specific
values of the predictors, AMEs provide an average effect that is more generalizable to the
entire dataset.

For any given predictor variable, the marginal effect for an individual observation is
calculated as:

MEi = η(xk = endi, x−k = x−k,i)− η(xk = starti, x−k = x−k,i) (3)

In the described formula, xk represents a specific predictor of interest, while x−k,i
signifies all other predictors, set to their observed values for the ith observation. The terms
starti and endi correspond to the starting and ending values of the predictor xk for the
ith observation. Notably, for binary predictor variables, the conventional approach is to
designate the observed value as the starting value and its opposite as the ending value.

After computing the marginal effect for every observation in the dataset, the average
marginal effect is derived by averaging these individual effects:

AME =
1
N

N

∑
i=1

[η(xk = endi, x−k = x−k,i)− η(xk = starti, x−k = x−k,i)] (4)

The advantage of the AME lies in its interpretability. The AME offers insights similar
to the coefficient in a linear regression model, allowing researchers to explain the effect of a
predictor “on average” across the entire sample, providing a more holistic understanding
of the predictor’s influence.

2.4. Temporal Transferability Test

This study focused on understanding the changing dynamics of factors affecting crash
severity, influenced by the COVID-19 pandemic, using data from 2018 to 2023. Given this
temporal scope, it was crucial to test whether the model’s parameters remained relevant
and consistent throughout, especially considering the unprecedented disruptions during
this period [19,36]. Additionally, it was essential to determine whether distinct models
were required for different timeframes or if a singular, holistic model using the entire
dataset sufficed.
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To make this determination, a likelihood ratio test was utilized. The test’s formulation
is presented as:

χ2 = 2 ×
[

LL(βTotal)−
n

∑
i=1

LL(βi)

]
(5)

In this equation, LL(βTotal) denotes the log-likelihood at the model’s convergence
using the complete dataset from 2018 to 2023. Conversely, each LL(βi) represents the
log-likelihood at convergence for specific segmented time intervals, such as pre-pandemic,
during the pandemic, and post-pandemic phases. In the formulation, n stands for the total
number of distinct data subsets considered.

The resultant χ2 statistic follows a chi-squared distribution. The degrees of freedom
are computed according to the difference between the total parameters from all segmented
models and the number of parameters from the comprehensive model.

A crucial aspect of these tests was the consistent usage of the same variables across
all models, ensuring uniformity in the assessment [19,36]. The value obtained from the χ2

statistic guided the decision on whether to adopt separate models for distinct time periods
or employ a comprehensive model spanning the entire study duration.

3. Results
3.1. Model Comparison

In this study, crash severity levels were analyzed using two distinct models: the
ordinal logistic regression (OLR) model and the multilevel ordinal logistic regression (M-
OLR) model. This approach was chosen in response to the recognized influence of spatial
heterogeneity on injury severity in traffic crashes [9]. The M-OLR model, in particular, was
implemented to effectively account for cluster-specific effects that are inherent in such data.

The comparative analysis of these models, as shown in Table 3, reveals distinct in-
sights. The likelihood ratio statistics for the OLR and M-OLR models are 19,236.52 and
19,217.14, respectively, indicating that both models are statistically significant at a 99%
confidence interval. This suggests that each model has merit in explaining the variations in
crash severity.

Table 3. Model comparison statistics.

Model LL(β) LL(0) Degree of
Freedom

Likelihood Ratio
Test for LL(β) vs.

LL(0)
AIC BIC

Likelihood Ratio
Test Statistic for
M-OLR vs. OLR

Ordinal logistic regression
(OLR) model −100,847.13 −110,465.39 26 19,236.52 201,746.3 202,002

1681.46
Multilevel ordinal logistic
regression (M-OLR) model −100,006.4 −109,614.97 27 19,217.14 200,066.8 200,332.4

However, a more detailed examination favors the M-OLR model. The likelihood ratio
test comparing the OLR and M-OLR models shows a significant difference, with a value
of 1681.46 (df = 1) and a p-value of <0.001. This indicates a statistically superior fit of the
M-OLR model over the OLR model. Further supporting this conclusion is the comparison
of the Akaike information criterion (AIC) and the Bayesian information criterion (BIC). The
M-OLR model demonstrates a lower AIC (200,066.8) and BIC (200,332.4) compared to the
OLR model’s AIC (201,746.3) and BIC (202,002).

These metrics highlight the efficiency of the multilevel ordinal logistic regression
(M-OLR) model in handling hierarchical crash data and variability. This capability is crucial
for the study, aligning with the objective to understand the evolving nature of crash severity
during the COVID-19 pandemic. During this period, there were diverse changes in driving
behavior and road use, necessitating a model capable of capturing spatial heterogeneity.
The M-OLR model, with its superior statistical fit and lower information criteria values,
is established as the most robust choice for analysis. It adeptly captures nuanced shifts
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in crash severity patterns during the pandemic, rendering it the most appropriate and
insightful tool for meeting the specific objectives of this research.

3.2. Temporal Transferability Results

In examining the impact of the COVID-19 pandemic on crash severity, the study con-
ducted a temporal transferability test to evaluate whether the model’s parameters remained
consistent throughout this period. The objective was to ascertain whether separate models
were warranted for different phases of the pandemic or if one comprehensive model could
suffice for the entire duration.

The results of the likelihood ratio test were significant. The test yielded a chi-squared
statistic of 310.84 with 135 degrees of freedom and a p-value less than 0.001. This significant
outcome indicates that the factors influencing crash severity did indeed vary over the
different phases of the study period.

These findings suggest that a single model would not be suitable for accurately captur-
ing the nuances of crash severity throughout the entire period. Instead, adopting separate
models is necessary to account for the varied impacts of the pandemic. This approach
acknowledges the temporal variability and ensures a more precise understanding and
modeling of crash severity during a period marked by significant disruptions and changes.

3.3. Modeling Results

This section presents the detailed outcomes of the comprehensive modeling analysis,
the results of which are systematically organized across Tables 4–9. These tables encapsulate
a wide array of parameters, categorically grouped to enhance clarity and facilitate a nuanced
understanding of the diverse factors influencing crash severity. The parameters are divided
into several key groups: driver demographic characteristics, roadway characteristics, crash
characteristics, temporal characteristics, vulnerable road users, driver behavior and risk
factors, weather conditions, and external factors. Each of these groups capture specific
elements that play a critical role in determining the severity of road crashes. The ensuing
subsections delve into the effects of these groups, providing an in-depth discussion of how
each category contributes to the overall dynamics of crash severity.

Table 4. Results of the severity model and average marginal effects for the year 2018 (a blank table
cell denotes that the variable was not statistically significant for that year).

Variable Category Estimated
Parameter

Standard
Error

Z-Stat p-Value
Marginal Effects

PDO Minor
Injury

Severe
Injury

Crash type

Fixed-object - - - - - - -
Head-on 0.8135 0.0961 8.47 <0.001 −0.1819 0.1262 0.0557

Other −0.1414 0.0640 −2.21 0.027 0.0291 −0.0223 −0.0068
Rear-end −0.0643 0.0353 −1.82 0.068 0.0134 −0.0102 −0.0032

Sideswipe −0.6266 0.0573 −10.93 <0.001 0.1187 −0.0934 −0.0253
Angle *

Traffic signal Yes 0.2351 0.0349 6.75
<0.001

−0.0486 0.0367 0.0119
No *

Hit and run
Yes −0.3930 0.0592 −6.64

<0.001
0.0754 −0.0588 −0.0166

No *

Motorcycle Yes 2.5647 0.0929 27.6
<0.001

−0.5052 0.2066 0.2986
No *

Weather condition
No adverse condition 0.0911 0.0373 2.44 0.015 −0.0183 0.0140 0.0043
Adverse condition *

Roadway alignment Straight - - - - - - -
Curve *

Mainline
Yes 0.2334 0.0481 4.85

<0.001
−0.0460 0.0355 0.0105

No *
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Table 4. Cont.

Variable Category Estimated
Parameter

Standard
Error

Z-Stat p-Value
Marginal Effects

PDO Minor
Injury

Severe
Injury

Work zone
No - - - - - - -

Yes *

Senior
Yes 0.1770 0.0362 4.88

<0.001
−0.0365 0.0276 0.0089

No *

Young Yes - - - - - - -
No *

Alcohol
Yes 0.3970 0.0588 6.75

<0.001
−0.0843 0.0627 0.0217

No *

Belted
No 2.1935 0.0697 31.48

<0.001
−0.4595 0.2365 0.2230

Yes *

Bike
Yes 2.4310 0.1607 15.12

<0.001
−0.4829 0.2077 0.2752

No *

Distracted
Yes - - - - - - -

No *

Drowsy Yes 0.3511 0.0767 4.58
<0.001

−0.0742 0.0552 0.0190
No *

Drug Yes 0.4916 0.1399 3.51
<0.001

−0.1055 0.0773 0.0282
No *

Pedestrian
Yes 2.9499 0.1274 23.15

<0.001
−0.5427 0.1588 0.3839

No *

Speed violation Yes 0.0918 0.0355 2.59
<0.001

−0.0188 0.0143 0.0045
No *

Area type Urban −0.1656 0.0415 −3.99
<0.001

0.0340 −0.0258 −0.0082
Rural *

Animal
Yes −1.3165 0.1050 −12.54

<0.001
0.2114 −0.1709 −0.0405

No *

Posted speed is
50 mph or more

Yes - - - - - - -
No *

Weekend
Yes - - - - - - -

No *

Intercept
PDO|minor injury 0.9102 0.0854

Minor injury|
severe injury 3.4524 0.0905

Intercept variance Planning districts 0.0485 0.0165

Log-likelihood at
convergence −18,389.174

Log-likelihood
at zero −20,058.065

AIC 36,824.35

BIC 37,011.5

Likelihood ratio 36,337.782

Number
ofobservations 25,264

* Reference category.

3.3.1. Driver Behavior and Risk Factors

Examining the role of driver behavior and risk factors in crash severity across the years
2018 to 2023 yields significant insights, particularly with regard to alcohol use, seatbelt
usage, distracted driving, drowsiness, drug use, and speed violations.

Regarding alcohol involvement, it consistently increased the likelihood of both minor
and severe injuries. For instance, in 2018, the marginal effect for minor injuries was 0.0627,
and for severe injuries, it was 0.0217. This trend persisted across the years, peaking in 2021
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with the marginal effects of minor and severe injuries being 0.0761 and 0.0334, respectively.
This pattern, alongside a consistent decrease in PDO outcomes, suggests that crashes
involving alcohol are more prone to result in injuries.

Transitioning to the issue of seatbelt non-usage, the data reveal a significant elevation
in injury risk. In 2018, the impact was pronounced with marginal effects of 0.2365 for minor
injuries and 0.223 for severe injuries, a trend that remained stable over the years. This
highlights the vital role of seatbelt usage in crash severity mitigation.

When it comes to distracted driving, its impact was less consistent across the years,
with significant results only in 2020. This year saw an increase in the probability of minor
(0.0107) and severe injuries (0.0044), shedding light on the risks associated with distraction
while driving. This result is consistent with other studies [19,23,37], which also highlight
the increasing concern around distracted driving during stay-at-home order.

Concerning drowsy driving, its influence on crash severity was significant in select
years. In 2018, drowsy driving was associated with increased likelihoods of minor (0.0552)
and severe injuries (0.019), indicating a notable risk. However, this effect was not consis-
tently significant in all years. For example, in 2019, the marginal effects were lower, with
0.026 for minor injuries and 0.0086 for severe injuries, and in 2022, the effects were 0.0233
for minor injuries and 0.0087 for severe injuries. These fluctuations suggest a varied impact
of drowsiness across different years, underlining the importance of considering temporal
variations in risk factor analysis.

Drug use consistently resulted in higher injury risks, with an upward trend in both
minor and severe injury likelihood. The marginal effect for severe injuries notably increased
from 0.0282 in 2018 to 0.0473 in 2022, indicating a growing severity in drug-related crashes.

Lastly, the issue of speed violations consistently correlated with a higher likelihood of
both minor and severe injuries. In 2018, the marginal effects for minor injuries were 0.0143
and for severe injuries 0.0045, with a notable increase in subsequent years, peaking in 2022
for minor injuries (0.0343) and severe injuries (0.0126).

3.3.2. Driver Demographic Characteristics

The analysis of driver demographic characteristics, specifically focusing on senior and
young drivers, provides valuable insights into their impact on crash severity.

For senior drivers involved in crashes, there is a noticeable tendency toward increased
injury severity. This is evidenced by the marginal effects indicating a growing likelihood of
both minor and severe injuries. In 2018, the marginal effect for minor injuries was 0.0276,
gradually rising to 0.038 in 2022. Similarly, the likelihood of severe injuries showed an
upward trend, moving from 0.0089 in 2018 to 0.0142 in 2022. These results suggest that
crashes involving senior drivers are more likely to result in injuries rather than being
confined to property damage only. Concurrently, the negative effect on PDO outcomes,
with marginal effects ranging from −0.0365 in 2018 to −0.0521 in 2022, further supports
this observation.

In contrast, the impact of young drivers on crash outcomes varied over the years. In
2018 and 2022, there were no statistically significant effects noted in their involvement
in crashes. However, in the other years, young drivers showed a propensity for being
involved in PDO crashes, as evidenced by positive marginal effects, such as 0.022 in 2019.
This contrasts with the negative marginal effects observed for minor and severe injuries
in these years—for example, −0.0168 for minor injuries and −0.0052 for severe injuries in
2019. This pattern indicates that accidents involving young drivers are less likely to lead to
injuries and more prone to result in property damage.
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Table 5. Results of the severity model and average marginal effects for the year 2019 (a blank table
cell denotes that the variable was not statistically significant for that year).

Variable Category Estimated
Parameter

Standard
Error

Z-Stat p-Value
Marginal Effects

PDO Minor
Injury

Severe
Injury

Crash type

Fixed-object −0.1643 0.0472 −3.49 <0.001 0.0342 −0.0260 −0.0083
Head-on 0.8524 0.0932 9.15 <0.001 −0.1909 0.1288 0.0621

Other −0.2064 0.0646 −3.2 <0.001 0.0428 −0.0325 −0.0102
Rear-end −0.1317 0.0351 −3.75 <0.001 0.0276 −0.0208 −0.0067

Sideswipe −0.6914 0.0567 −12.19 <0.001 0.1323 −0.1035 −0.0289
Angle *

Traffic signal Yes 0.2797 0.0351 7.96
<0.001

−0.0581 0.0436 0.0145
No *

Hit and run
Yes −0.4512 0.0600 −7.52

<0.001
0.0862 −0.0671 −0.0191

No *

Motorcycle Yes 2.5987 0.0902 28.8
<0.001

−0.5069 0.1985 0.3084
No *

Weather condition
No adverse condition 0.0430

0.0384 4.74 <0.001 −0.0363 0.0278 0.0085Adverse condition *

Roadway alignment Straight −0.1448 0.0430 −3.37 0.001 0.0298 −0.0225 −0.0073
Curve *

Mainline
Yes 0.2543 0.0491 5.18

<0.001
−0.0501 0.0386 0.0115

No *

Work zone
No - - - - - - -

Yes *

Senior
Yes 0.1870 0.0359 5.2

<0.001
−0.0386 0.0291 0.0095

No *

Young Yes −0.1093 0.0359 −3.04 0.002 0.0220 −0.0168 −0.0052
No *

Alcohol
Yes 0.3999 0.0589 6.79

<0.001
−0.0849 0.0627 0.0222

No *

Belted
No 1.9837 0.0704 28.17

<0.001
−0.4220 0.2321 0.1899

Yes *

Bike
Yes 2.3617 0.1565 15.09

<0.001
−0.4708 0.2064 0.2645

No *

Distracted
Yes - - - - - - -

No *

Drowsy Yes 0.1672 0.0789 2.12 0.034 −0.0346 0.0260 0.0086
No *

Drug Yes 0.5023 0.1396 3.6
<0.001

−0.1077 0.0782 0.0294
No *

Pedestrian
Yes 2.9597 0.1205 24.56

<0.001
−0.5410 0.1527 0.3883

No *

Speed violation Yes 0.1515 0.0357 4.24
<0.001

−0.0311 0.0235 0.0076
No *

Area type Urban −0.1370 0.0424 −3.23 0.001 0.0281 −0.0212 −0.0069
Rural *

Animal
Yes −1.0244 0.0972 −10.54

<0.001
0.1761 −0.1407 −0.0354

No *

Posted speed is
50 mph or more

Yes - - - - - - -
No *

Weekend
Yes - - - - - - -

No *

Intercept
PDO|minor injury 0.8347 0.0977

Minor injury|
severe injury 3.3823 0.1020

Intercept variance Planning districts 0.0733 0.0251
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Table 5. Cont.

Variable Category Estimated
Parameter

Standard
Error

Z-Stat p-Value
Marginal Effects

PDO Minor
Injury

Severe
Injury

Log-likelihood at
convergence −18,401.541

Log-likelihood
at zero −20,080.761

AIC 36,853.08

BIC 37,056.65

Likelihood ratio 3358.44

Number
ofobservations 25,401

* Reference category.

3.3.3. Vulnerable Road Users

The results concerning vulnerable road users, encompassing motorcyclists, bicyclists,
and pedestrians, provide valuable insights into the dynamics of crash severity, particularly
when these groups are involved in crashes. These results were statistically significant in all
the examined years, indicating a consistent impact of these road user categories on crash
outcomes. However, a significant shift in crash patterns is observed, particularly when
comparing the pre- and post-COVID-19 pandemic periods.

Analyzing motorcycle-related crashes revealed a notable escalation in crash sever-
ity, especially in the post-COVID-19 era (2020–2023). During the pre-COVID-19 years
(2018–2019), there was an increased likelihood of minor and severe injuries, with marginal
effects ranging from 0.1985 to 0.2066 for minor injuries and from 0.2986 to 0.3084 for severe
injuries. Concurrently, the probability of crashes resulting in property damage only (PDO)
was lower, as indicated by negative marginal effects between −0.5052 and −0.5069.

However, the post-COVID-19 period showed intensified severity in motorcycle-related
crashes. The likelihood of PDO crashes decreased further, as evidenced by the marginal
effects from −0.5186 to −0.5369. Simultaneously, there was a significant increase in the
likelihood of severe injuries, with marginal effects ranging from 0.3271 to 0.3729. The
probability of minor injuries showed a slight decrease, with marginal effects moving from
0.164 to 0.1943. This shift in crash severity pattern post-COVID-19 underscores the need for
targeted interventions in motorcycle safety.

For bicycle-related crashes, the pre-COVID-19 years of 2018 and 2019 showed an
increased likelihood of resulting in severe and minor injuries, with marginal effects for
severe injuries between 0.2645 and 0.2752 and for minor injuries between 0.2064 and 0.2077.
During this period, the likelihood of PDO outcomes was lower, as indicated by negative
marginal effects approximately between −0.4708 and −0.4829.

The post-COVID-19 years, from 2020 to 2023, saw a pronounced shift towards more
severe outcomes in bicycle-related crashes. The probability of severe injuries significantly
increased, with marginal effects escalating from 0.2527 to 0.3532. The likelihood of minor
injuries slightly decreased, ranging from 0.1738 to 0.1958, while the trend for PDO incidents
remained negative and became more pronounced, indicating a further reduction in the
likelihood of crashes resulting only in property damage, with marginal effects from −0.4484
to −0.527.

Pedestrian-related crashes in the pre-COVID-19 years of 2018 and 2019 exhibited a
high likelihood of both minor and severe injuries. The marginal effects for minor injuries
ranged from 0.1527 to 0.1588, and for severe injuries, they ranged from 0.3839 to 0.3883.
These crashes also showed a strong negative trend for PDO outcomes, with marginal effects
from −0.541 to −0.5427.

This trend of increased injury severity in pedestrian-related crashes became more
pronounced post-COVID-19, from 2020 to 2023. During this period, the likelihood of
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severe injuries surged dramatically, with marginal effects escalating from 0.377 to a peak of
0.4677. Simultaneously, there was a decrease in the likelihood of minor injuries, although
it remained significant, with marginal effects varying from 0.1017 to 0.167. The trend for
PDO outcomes persisted in its negative direction, indicating a consistently low probability
of pedestrian-related crashes resulting in property damage only, with marginal effects
ranging from −0.5439 to −0.5705. These findings regarding pedestrian-related crashes are
critical in addressing the research objective, which focuses on understanding the evolving
nature of crash severity and the specific impact on vulnerable road users during the
COVID-19 pandemic.

3.3.4. Crash Characteristics

In terms of crash types, head-on collisions consistently showed a significant impact
on crash severity, with a pronounced increase in the likelihood of both minor and severe
injuries across all years. This trend underscores the particularly dangerous nature of
head-on collisions. Sideswipe crashes also demonstrated a notable effect, predominantly
increasing the likelihood of property-damage-only (PDO) outcomes. Interestingly, the
impact of other crash types, such as rear-end and fixed-object collisions, varied across the
years, indicating changing patterns in crash dynamics over time.

The “Hit and Run” category further illuminated the complexities of crash severity.
Crashes involving a hit and run consistently resulted in higher likelihoods of PDO outcomes
while simultaneously decreasing the probabilities of minor and severe injuries. This pattern
was observed across all years, suggesting the persistent influence of hit and run incidents
on the nature and consequences of crashes.

Table 6. Results of the severity model and average marginal effects for the year 2020 (a blank table
cell denotes that the variable was not statistically significant for that year).

Variable Category Estimated
Parameter

Standard
Error

Z-Stat p-Value
Marginal Effects

PDO Minor
Injury

Severe
Injury

Crash type

Fixed-object −0.2933 0.0551 −5.32 <0.001 0.0579 −0.0410 −0.0169
Head-on 0.6059 0.1109 5.46 <0.001 −0.1307 0.0836 0.0471

Other −0.3386 0.0769 −4.4 <0.001 0.0663 −0.0471 −0.0192
Rear-end −0.2726 0.0517 −5.28 <0.001 0.0539 −0.0381 −0.0158

Sideswipe −0.5787 0.0736 −7.87 <0.001 0.1091 −0.0787 −0.0304
Angle *

Traffic signal Yes 0.2110 0.0491 4.3
<0.001

−0.0412 0.0290 0.0122
No *

Hit and run
Yes −0.5695 0.0732 −7.78

<0.001
0.1006 −0.0740 −0.0266

No *

Motorcycle Yes 2.8319 0.1044 27.13
<0.001

−0.5369 0.1640 0.3729
No *

Weather condition
No adverse condition 0.1626 0.0487 3.34

<0.001
−0.0307 0.0220 0.0087

Adverse condition *

Roadway alignment Straight - - - - - - -
Curve *

Mainline
Yes 0.1692 0.0477 3.54

<0.001
−0.0319 0.0229 0.0090

No *

Work zone
No - - - - - - -

Yes *

Senior
Yes 0.1828 0.0503 3.63

<0.001
−0.0357 0.0252 0.0105

No *

Young Yes −0.1074 0.0483 −2.23 0.026 0.0204 −0.0146 −0.0058
No *

Alcohol
Yes 0.3886 0.0691 5.62

<0.001
−0.0782 0.0542 0.0240

No *
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Table 6. Cont.

Variable Category Estimated
Parameter

Standard
Error

Z-Stat p-Value
Marginal Effects

PDO Minor
Injury

Severe
Injury

Belted
No 1.9092 0.0726 26.31

<0.001
−0.4070 0.2203 0.1866

Yes *

Bike
Yes

2.2251
0.1771 12.57

<0.001
−0.4484 0.1956 0.2527

No *

Distracted
Yes 0.0784 0.0467 1.68 0.093 −0.0151 0.0107 0.0044

No *

Drowsy Yes - - - - - - -
No *

Drug Yes 0.6073 0.1310 4.64
<0.001

−0.1251 0.0842 0.0410
No *

Pedestrian
Yes 3.2539 0.1687 19.29

<0.001
−0.5695 0.1017 0.4677

No *

Speed violation Yes 0.2342 0.0447 5.24
<0.001

−0.0458 0.0323 0.0135
No *

Area type Urban - - - - - - -
Rural *

Animal
Yes −1.0710 0.1115 −9.61

<0.001
0.1726 −0.1302 −0.0424

No *

Posted speed is
50 mph or more

Yes 0.1505 0.0441 3.41
<0.001

−0.0290 0.0206 0.0085
No *

Weekend
Yes 0.0910 0.0421 2.16 0.031 −0.0176 0.0125 0.0051

No *

Intercept
PDO|minor injury 1.0813 0.0972

Minor injury|
severe injury 3.4130 0.1035

Intercept variance Planning districts 0.09045 0.029941

Log-likelihood at
convergence −10,959.499

Log-likelihood
at zero −12,214.296

AIC 21,969

BIC 22,159.73

Likelihood ratio 2509.594

Number
ofobservations 15,205

* Reference category.

Table 7. Results of the severity model and average marginal effects for the year 2021 (a blank table
cell denotes that the variable was not statistically significant for that year).

Variable Category Estimated
Parameter

Standard
Error

Z-Stat p-Value
Marginal Effects

PDO Minor
Injury

Severe
Injury

Crash type

Fixed-object - - - - - - -
Head-on 0.7602 0.0874 8.7 <0.001 −0.1662 0.1089 0.0573

Other −0.2043 0.0650 −3.14 0.002 0.0403 −0.0294 −0.0109
Rear-end −0.1461 0.0384 −3.8 <0.001 0.0291 −0.0211 −0.0080

Sideswipe −0.5894 0.0570 −10.34 <0.001 0.1086 −0.0811 −0.0275
Angle *

Traffic signal Yes 0.3236 0.0373 8.68
<0.001

−0.0647 0.0462 0.0186
No *

Hit and run
Yes −0.5489 0.0566 −9.69

<0.001
0.0987 −0.0737 −0.0250

No *
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Table 7. Cont.

Variable Category Estimated
Parameter

Standard
Error

Z-Stat p-Value
Marginal Effects

PDO Minor
Injury

Severe
Injury

Motorcycle Yes 2.6294 0.0876 30
<0.001

−0.5186 0.1847 0.3338
No *

Weather condition
No adverse condition 0.1694 0.0465 3.64

<0.001
−0.0323 0.0236 0.0087

Adverse condition *

Roadway
alignment

Straight −0.2601 0.0452 −5.75
<0.001

0.0521 −0.0372 −0.0149
Curve *

Mainline
Yes 0.3807 0.0965 3.95

<0.001
−0.0696 0.0517 0.0180

No *

Work zone
No 0.3247 0.0800 4.06

<0.001
−0.0601 0.0445 0.0156

Yes *

Senior
Yes 0.2588 0.0385 6.73

<0.001
−0.0516 0.0369 0.0148

No *

Young Yes −0.0716 0.0369 −1.94 0.053 0.0138 −0.0101 −0.0038
No *

Alcohol
Yes 0.5269 0.0611 8.62

<0.001
−0.1095 0.0761 0.0334

No *

Belted
No 1.7703 0.0623 28.4

<0.001
−0.3845 0.2172 0.1673

Yes *

Bike
Yes 2.5065 0.1763 14.21

<0.001
−0.4953 0.1842 0.3112

No *

Distracted
Yes - - - - - - -

No *

Drowsy Yes - - - - - - -
No *

Drug Yes 0.4255 0.1220 3.49
<0.001

−0.0876 0.0611 0.0265
No *

Pedestrian
Yes 3.0323 0.1363 22.24

<0.001
−0.5572 0.1326 0.4246

No *

Speed violation Yes 0.1639 0.0373 4.4
<0.001

−0.0324 0.0233 0.0091
No *

Area type Urban - - - - - - -
Rural *

Animal
Yes −1.1359 0.1030 −11.03

<0.001
0.1808 −0.1389 −0.0419

No *

Posted speed is
50 mph or more

Yes 0.0951 0.0351 2.71 0.007 −0.0186 0.0134 0.0052
No *

Weekend
Yes - - - - - - -

No *

Intercept
PDO|minor injury 1.4962 0.1475

Minor injury|
severe injury 3.8037 0.1504

Intercept variance Planning districts 0.0530 0.0185

Log-likelihood at
convergence −16,983.456

Log-likelihood
at zero −18,674.154

AIC 34,016.91

BIC 34,218.33

Likelihood ratio 3381.396

Number
ofobservations 23,310

* Reference category.
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3.3.5. Roadway Characteristics

The investigation into roadway characteristics and their impact on traffic crashes
reveals intricate dynamics in how various elements affect crash severity. Each component,
from traffic signals to road alignments, mainline roads, work zones, urban or rural settings,
and speed limits, plays a distinct role in shaping traffic safety outcomes.

Over the six-year span, traffic signals consistently demonstrated a significant impact
on crash outcomes. Specifically, they showed a tendency to reduce the probability of
property-damage-only (PDO) crashes, as evidenced by negative marginal effects in each
year (e.g., −0.0486 in 2018, decreasing further to −0.0647 in 2021). Concurrently, there was
an observed increase in the risk of minor and severe injuries. The marginal effects for minor
injuries ranged from 0.0367 in 2018 to a peak of 0.0462 in 2021, and for severe injuries, the
marginal effects ranged from 0.0119 in 2018 to 0.0186 in 2021.

This pattern suggests that while traffic signals effectively organize traffic flow and
prevent certain types of crashes, they may also create scenarios where crashes, when they
do occur, are more likely to result in injuries. This is particularly evident in the increased
marginal effects for injuries over the years [8,9].

The influence of roadway alignment fluctuated in its significance, with straight align-
ments in some years (like 2019, 2021, and 2022) associated with a higher chance of PDO
incidents but a lower risk of injuries compared to curved roads.

Mainline roads were consistently linked with fewer PDO incidents but a higher proba-
bility of injuries. This pattern is likely due to the nature of mainline roads, which typically
involve higher speeds and more traffic, leading to more serious outcomes in crashes.

The presence of work zones, particularly in 2021 and 2022, significantly influenced
traffic crashes. Work zones appeared to mitigate the severity of crashes. Their presence was
associated with fewer injuries, suggesting that the caution induced by work zones, despite
complicating traffic flow, might reduce the severity of crashes that do occur.

Urban versus rural area distinctions were significant in 2018, 2019, and 2023. Urban
areas tended to have more PDO incidents but fewer injuries than rural areas.

Lastly, roads with posted speeds of 50 mph or more were notably significant in 2020,
2021, and 2022. These roads had fewer PDO incidents but a higher incidence of injuries,
which aligns with the understanding that higher speeds increase crash severity [9].

Table 8. Results of the severity model and average marginal effects for the year 2022 (a blank table
cell denotes that the variable was not statistically significant for that year).

Variable Category Estimated
Parameter

Standard
Error

Z-Stat p-Value
Marginal Effects

PDO Minor
Injury

Severe
Injury

Crash type

Fixed-object −0.1261 0.0467 −2.7 0.007 0.0254 −0.0186 −0.0068
Head-on 0.6794 0.0900 7.55 <0.001 −0.1485 0.0999 0.0486

Other −0.2025 0.0644 −3.14 0.002 0.0403 −0.0297 −0.0106
Rear-end −0.1784 0.0382 −4.67 <0.001 0.0356 −0.0262 −0.0094

Sideswipe −0.6408 0.0561 −11.42 <0.001 0.1179 −0.0893 −0.0286
Angle *

Traffic signal Yes 0.2822 0.0370 7.63
<0.001

−0.0562 0.0410 0.0152
No *

Hit and run
Yes −0.4482 0.0571 −7.85

<0.001
0.0816 −0.0616 −0.0199

No *

Motorcycle Yes 2.7258 0.0896 30.42
<0.001

−0.5313 0.1881 0.3432
No *

Weather condition
No adverse condition 0.1596 0.0406 3.93

<0.001
−0.0305 0.0227 0.0078

Adverse condition *

Roadway
alignment

Straight −0.1156 0.0449 −2.58 0.01 0.0228 −0.0167 −0.0061
Curve *

Mainline
Yes 0.5226 0.1031 5.07

<0.001
−0.0929 0.0706 0.0223

No *
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Table 8. Cont.

Variable Category Estimated
Parameter

Standard
Error

Z-Stat p-Value
Marginal Effects

PDO Minor
Injury

Severe
Injury

Work zone
No 0.2216 0.0768 2.88 0.004 −0.0416 0.0311 0.0105

Yes *

Senior
Yes 0.2614 0.0371 7.04

<0.001
−0.0521 0.0380 0.0142

No *

Young Yes - - - - - - -
No *

Alcohol
Yes 0.2241 0.0628 3.57

<0.001
−0.0449 0.0326 0.0123

No *

Belted
No 1.8175 0.0646 28.14

<0.001
−0.3934 0.2257 0.1677

Yes *

Bike
Yes 2.5123 0.1651 15.21

<0.001
−0.4975 0.1958 0.3017

No *

Distracted
Yes - - - - - - -

No *

Drowsy Yes 0.1610 0.0810 1.99 0.047 −0.0320 0.0233 0.0087
No *

Drug Yes 0.7191 0.1318 5.45
<0.001

−0.1521 0.1047 0.0473
No *

Pedestrian
Yes 3.1578 0.1322 23.88

<0.001
−0.5705 0.1293 0.4412

No *

Speed violation Yes 0.2359 0.0367 6.43
<0.001

−0.0469 0.0343 0.0126
No *

Area type Urban - - - - - - -
Rural *

Animal
Yes −1.0523 0.0987 −10.66

<0.001
0.1700 −0.1321 −0.0379

No *

Posted speed is
50 mph or more

Yes 0.1040 0.0348 2.99 0.003 −0.0203 0.0149 0.0054
No *

Weekend
Yes 0.0684 0.0329 2.08 0.038 −0.0134 0.0098 0.0035

No *

Intercept
PDO|minor injury 1.6612 0.1522

Minor injury|
severe injury 4.0272 0.1552

Intercept variance Planning districts 0.0822 0.0271

Log-likelihood at
convergence −17,321.734

Log-likelihood
at zero −18,990.115

AIC 34,695.47

BIC 34,905.9

Likelihood ratio 3336.762

Number
ofobservations 24,189

* Reference category.

3.3.6. Temporal Characteristics

The analysis of temporal characteristics in traffic crashes, specifically examining the
impact of weekends versus weekdays, presents an intriguing pattern over the years 2018
to 2023. In 2018, 2019, and 2021, the data indicate that the occurrence of crashes on
weekends had no statistically significant difference in terms of property damage only (PDO),
minor injuries, or severe injuries when compared to weekdays. This lack of significance
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suggests a uniform risk profile for traffic crashes irrespective of the days of the week during
these years.

However, a significant shift was observed in 2020, 2022, and 2023. In 2020, 2022,
and 2023, weekends were associated with a decreased likelihood of PDO crashes but an
increased likelihood of both minor and severe injuries. This pattern suggests a change in
driving behaviors or traffic patterns during weekends, potentially influenced by broader
societal or policy shifts. This observation aligns with findings from other studies, as
indicated in [37], where similar results were noted.

3.3.7. Weather Conditions

The analysis of the impact of weather conditions on crash severity revealed a consistent
pattern, particularly concerning the role of clear weather. Clear weather conditions were
associated with an increase in the likelihood of both minor and severe injuries across
all years. This trend remained stable over the six-year period, underscoring a persistent
underestimation of risks during clear weather [8,9].

In 2018, clear weather increased the probability of minor injuries by 1.4% and severe
injuries by 0.43%. This pattern continued consistently, with 2023 witnessing an even higher
increase in minor injuries by 2.54% and severe injuries by 0.86% under similar conditions.
These results highlight the importance of maintaining cautious driving behavior and an
awareness of potential risks, even in favorable weather conditions.

3.3.8. External Factors

The analysis of the impact of animal involvement in traffic crashes presents a clear and
consistent pattern across the years. Animal involvement in traffic crashes has a significant
impact on the nature and severity of these crashes.

Throughout the six-year period, the presence of animals in traffic crashes consistently
increased the probability of property-damage-only (PDO) crashes while simultaneously
decreasing the likelihood of both minor and severe injuries. This pattern suggests that
while animal involvement often leads to traffic disruptions or crashes, these crashes are
less likely to result in human injury compared to other types of crashes.

Table 9. Results of the severity model and average marginal effects for the year 2023 (a blank table
cell denotes that the variable was not statistically significant for that year).

Variable Category Estimated
Parameter

Standard
Error

Z-Stat p-Value
Marginal Effects

PDO Minor
Injury

Severe
Injury

Crash type

Fixed-object −0.1619 0.0449 −3.60 <0.001 0.0329 −0.0241 −0.0088
Head-on 0.5338 0.0867 6.16 <0.001 −0.1165 0.0793 0.0372

Other −0.3256 0.0622 −5.24 <0.001 0.0646 −0.0479 −0.0167
Rear-end −0.2776 0.0370 −7.51 <0.001 0.0555 −0.0410 −0.0145

Sideswipe −0.7060 0.0548 −12.88 <0.001 0.1310 −0.0992 −0.0318
Angle *

Traffic signal Yes 0.2319 0.0360
6.45 <0.001

−0.0459 0.0337 0.0123
No *

Hit and run
Yes −0.5074 0.0566 −8.97 <0.001 0.0914 −0.0695 −0.0219No *

Motorcycle Yes 2.6708 0.0888
30.09 <0.001

−0.5214 0.1943 0.3271
No *

Weather condition
No adverse condition 0.1784 0.0429 4.16 <0.001 −0.0339 0.0254 0.0086
Adverse condition *

Roadway
alignment

Straight - - - - - - -
Curve *

Mainline
Yes 0.1485 0.0887

1.67 0.094
−0.0282 0.0211 0.0071

No *
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Table 9. Cont.

Variable Category Estimated
Parameter

Standard
Error

Z-Stat p-Value
Marginal Effects

PDO Minor
Injury

Severe
Injury

Work zone
No - - - - - - -

Yes *

Senior
Yes 0.2524 0.0361

6.99 <0.001
−0.0501 0.0367 0.0134

No *

Young Yes −0.0801 0.0363 −2.21 0.027
0.0154 −0.0115 −0.0040

No *

Alcohol
Yes 0.3310 0.0606

5.46 <0.001
−0.0671 0.0485 0.0185

No *

Belted
No 1.8486 0.0632

29.26 <0.001
−0.3977 0.2277 0.1700

Yes *

Bike
Yes 2.7777 0.1875

14.82 <0.001
−0.5270 0.1738 0.3532

No *

Distracted
Yes - - - - - - -

No *

Drowsy Yes - - - - - - -
No *

Drug Yes 0.6485 0.1332
4.87 <0.001

−0.1359 0.0947 0.0412
No *

Pedestrian
Yes 2.8947 0.1137

25.46 <0.001
−0.5439 0.1670 0.3770

No *

Speed violation Yes 0.2190 0.0356 6.14
<0.001

−0.0433 0.0318 0.0115
No *

Area type Urban −0.1294 0.0420 −3.08 0.002
0.0254 −0.0187 −0.0067

Rural *

Animal
Yes −1.1868 0.0985 −12.04 <0.001

0.1870 −0.1467 −0.0403
No *

Posted speed is
50 mph or more

Yes - - - - - - -
No *

Weekend
Yes 0.0622 0.0320 1.95 0.052 −0.0121 0.009 0.0032

No *

Intercept
PDO|minor injury 0.9663 0.1236

Minor injury|
severe injury 3.3651 0.1269

Intercept variance Planning districts 0.0808 0.0266

Log-likelihood
at convergence −17,795.257

Log-likelihood
at zero −19,568.601

AIC 35,638.51

BIC 35,833.54

Likelihood ratio 3546.688

Number
ofobservations 24,985

* Reference category.

4. Discussion

The COVID-19 pandemic has markedly reshaped road safety dynamics and crash
severity, challenging established correlations between traffic patterns and road crashes. Tra-
ditionally, a rise in vehicle miles traveled (VMT) correlates with increased road crashes [19].
Yet, during the pandemic, marked by decreased mobility and stay-at-home orders, a more
intricate set of factors influencing crash rates and severities emerged, extending beyond
traditional traffic metrics.
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Before the pandemic, crash severity indicators largely adhered to patterns influenced
by familiar factors like road conditions, driver behavior, and environmental factors. The on-
set of COVID-19, however, brought about significant deviations in these trends, indicative
of a link between the pandemic and changes in driving behaviors.

Despite a global reduction in travel, many regions saw an unexpected increase in traffic
fatality rates during the pandemic [19,21,23–25,37–39]. This paradoxical outcome highlights
the significant role of driver-specific factors in crash severity, particularly when standard
road and environmental conditions remained constant. The period saw a relaxation in
traffic law enforcement, and studies suggest an increased propensity for risky behaviors
significantly impacting road safety during these times [19,23,24,26,37,38,40].

Notably, there was a rise in risky driving behaviors, likely spurred by reduced traffic
volumes, higher speeds, and a false sense of security on less congested roads. The data
show an increase in alcohol- and drug-related crashes and speed violations in the pandemic
year, reflecting increased risk-taking among drivers.

Concurrently, the pandemic saw a rise in alcohol consumption, possibly a response to
heightened stress, anxiety, and depression [19,23,41]. This increase in alcohol use, coupled
with relaxed traffic regulation enforcement, likely led to more dangerous driving practices,
including aggressive behaviors, as our study’s findings suggest.

A particularly significant shift was noted among vulnerable road users like pedestri-
ans, cyclists, and motorcyclists. While these groups have always faced certain risks, the
post-2020 period saw a marked increase in crash severity involving them. This change is
possibly due to a pandemic-induced shift in transportation modes, with more individu-
als opting for walking, biking, and motorcycles, leading to increased severity in related
crashes [19,23,38,39,42–47].

The pandemic era thus underscored the importance of a comprehensive understanding
of crash causation factors, accentuating the influence of individual behaviors and psycho-
logical states on road safety. It highlighted the need for adaptable traffic safety strategies
and policies capable of effectively addressing such unprecedented global changes, ensuring
road safety amidst evolving traffic patterns and societal norms.

5. Operational and Management Implications

The results of this study offer crucial insights that have direct implications for op-
erational and management strategies in traffic safety. Recognizing the key factors that
contribute to crash severity can act as an essential resource for traffic safety managers,
urban planners, and policymakers. This knowledge is especially significant in managing
road safety during unprecedented events such as the COVID-19 pandemic, helping to
inform and guide strategies aimed at mitigating risks and enhancing overall traffic safety.

A key finding is the increased risk of severe injuries among motorcyclists, cyclists,
and pedestrians. This necessitates the implementation of enhanced safety measures, such
as improved infrastructure, including dedicated bike lanes and pedestrian pathways,
better lighting for increased visibility, and enhanced crosswalks. Additionally, awareness
campaigns to educate drivers about the presence and rights of these vulnerable road users
are essential.

Risky driver behaviors, especially during clear weather conditions, have been shown to
increase crash severity. Addressing this issue requires targeted enforcement and education
strategies, such as stricter enforcement of speed limits, DUI checks, and awareness cam-
paigns highlighting the risks of complacent driving during favorable weather conditions.

The varying significance of weekends in crash severity across different years suggests
the need for a dynamic approach to traffic management. Law enforcement and traffic
management agencies might need to increase patrols or modify traffic control measures
during weekends, particularly in areas with higher weekend traffic or social activities.

The study of roadway characteristics indicates that features like traffic signals, road
alignments, and mainline roads consistently affect crash outcomes. Enhancing these
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features through advanced traffic signal systems, improved signage and road markings,
and better road maintenance can significantly contribute to safety.

Interestingly, work zones appeared to mitigate the severity of crashes. Operational
strategies should focus on maintaining this trend by ensuring clear signage, proper barrier
placement, and safe routing of traffic through or around work zones.

The distinction between urban and rural crash dynamics necessitates tailored safety
strategies. Urban areas might require more focus on managing high-density traffic and
protecting pedestrians and cyclists, while rural areas may benefit from improved road
maintenance and measures to address high-speed driving.

Given the increased severity of crashes on roads with higher speed limits, it is crucial
to enforce and possibly re-evaluate speed limits, especially in areas with a history of severe
crashes. This measure should be complemented by continuous monitoring and analysis
of crash data, which will guide policy and operational decisions, ensuring that strategies
remain relevant and effective in addressing evolving road safety challenges. This integrated
approach is essential for developing responsive and proactive road safety measures.

Finally, ongoing public education campaigns are essential to keep road users informed
about safety measures, changes in traffic patterns, and the importance of responsible
driving behavior. Through these comprehensive strategies, traffic management authorities,
policymakers, and road safety advocates can significantly contribute to reducing crash
severity and enhancing overall road safety.

6. Conclusions

This study, conducted in Virginia, USA, from 2018 to 2023, utilized multilevel ordinal
logistic regression (M-OLR) to investigate the nuances of crash severity and road safety.
A key aspect of this approach was accounting for spatial heterogeneity across different
regions, ensuring a comprehensive understanding of crash severity dynamics during the
unique conditions of the COVID-19 pandemic. This study aimed to explore how the
pandemic, particularly the imposition of stay-at-home orders, led to significant changes in
traffic behaviors and crash severity patterns.

A key finding of this research is the notable shift in crash severity during the pandemic.
Despite the overall reduction in the number of traffic crashes, there was a concerning in-
crease in the proportion of severe injuries. This trend was primarily attributed to changes in
driver behaviors, heightened by the relaxation of police enforcement during the pandemic.
Riskier driving practices, such as increased speed violations on less congested roads, were
more prevalent. These behaviors evidently contributed to the increased severity of crashes.

Moreover, this study underscored significant changes in the risks faced by vulnerable
road users, including pedestrians, cyclists, and motorcyclists. The pandemic-induced shift
in transportation modes, with more individuals adopting walking, cycling, and motorcycle
use, correlated with an increase in crash severity for these groups. This necessitates a focus
on developing safety measures specifically for these road users, particularly as traditional
travel patterns are disrupted.

Furthermore, the analysis has demonstrated that environmental and roadway charac-
teristics, such as weather conditions and traffic signals, maintained a consistent influence
on crash severity across the years.

In conclusion, as societies transition towards post-pandemic norms, the insights
gained from this research are vital for informing future road safety policies and strategies.
Policymakers, urban planners, and road safety experts are urged to integrate these learnings
into their efforts to enhance road safety. The experience of the pandemic period offers a
unique perspective that can guide the development of more effective measures to ensure
safer roads for all users in the face of evolving challenges.

7. Study Limitations and Future Directions

This study, while offering substantial insights, has its limitations that require acknowl-
edgment, alongside suggestions for future research directions.
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The first limitation lies in the study’s regional focus. While the findings provide an
in-depth understanding of crash dynamics in Virginia, USA, extrapolating these results
to other regions with differing road conditions, traffic behaviors, and cultural driving
norms requires caution. Future studies should consider broadening their geographical
scope to validate these findings across diverse locales. Expanding research to include
varied infrastructural and cultural settings would not only test the generalizability of the
current findings but also cater to a global audience, thus enriching the study’s applicability
and relevance.

Additionally, the study period coincided with rapid technological changes and signifi-
cant shifts in policies, especially due to the COVID-19 pandemic. This evolving landscape
offers fertile ground for further research. Future studies could explore how emerging
remote work trends are reshaping traffic patterns. Understanding these shifts is crucial
for adapting road safety strategies to the changing societal and technological landscapes,
ensuring that they remain effective and relevant.

Another critical aspect highlighted by this study is the increased risk to vulnerable
road users, such as cyclists and pedestrians. While the study provides a macroscopic view
of the risks involved, there is a need for more focused research on specific safety measures
and urban planning strategies to enhance their safety.

In conclusion, this study lays the groundwork for a comprehensive understanding of
crash severity dynamics but also opens avenues for further exploration. Future research
addressing these limitations and exploring suggested areas can significantly contribute to
ongoing efforts to enhance road safety and mitigate crash severity.
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