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ABSTRACT 

The U.S. Department of Transportation (USDOT) needs to respond quickly and adapt to the coronavirus 
(COVID-19) to ensure continuation of critical infrastructure support and relief for the American people. 
Since early March 2020, the COVID-19 pandemic has had significant impact on traffic across the United 
States. It is clear to see that traffic patterns, traffic demands, and duration alter with COVID status. 
Therefore, there is a critical research need to study the impact of COVID on traffic patterns and to 
analyze the relationships among traffic demand patterns, daily confirmed cases/deaths, state policies, 
public perceptions, etc. In this research, we investigate the impact of COVID-19 on traffic safety in 
different stages, focusing on Salt Lake County, Utah. Statistical methods are employed to determine if 
there are any differences in the effects of the pandemic. Further, the effect of COVID-19 on traffic 
patterns in Salt Lake County and Utah County from January 2019 to July 2021 was analyzed. Different 
vehicle miles traveled (VMT) patterns in the pre-pandemic stage, early stage of the pandemic, and late 
stage of the pandemic are identified. Finally, a knowledge-based traffic prediction model utilizing an 
innovative approach that integrates machine learning with graph theory is proposed to forecast traffic 
patterns in the near future. 
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EXECUTIVE SUMMARY 

During the early stages of the pandemic, transportation networks experienced a significant decrease in 
traffic demand. However, as local businesses, schools, and other establishments began to reopen and daily 
COVID cases declined, traffic demands gradually increased over time, particularly with express delivery 
truck traffic. In some states, traffic demands have even returned to pre-pandemic levels. It is evident that 
COVID status has influenced traffic patterns, demands, and durations. Therefore, there is a pressing need 
for research to examine the impact of COVID on traffic patterns and analyze the relationship between 
traffic demand patterns, daily confirmed cases/deaths, state policies, public perceptions, and other factors. 
Despite numerous studies focusing on this issue, most have only investigated the earlier stages of the 
pandemic when health emergencies were still prevalent and vaccines were not widely available to the 
general public. As travel restrictions expire, non-pharmaceutical interventions ease, and public 
perceptions shift, it becomes crucial to investigate the pandemic's impact on traffic safety during the latter 
stages of the pandemic. 

In this research project, researchers examined the influence of COVID-19 on traffic safety across various 
stages, with a particular focus on Salt Lake County, Utah. Statistical techniques are employed to 
determine whether the pandemic’s effects vary over time. Negative binomial models are used to examine 
crash frequency, while binary logit models are used to investigate crash severity. These models take into 
account exposure, environmental factors, and human factors. Furthermore, Welch’s t-test and pairwise t-
test are utilized to investigate any potential secondary effects of the pandemic on factors not directly 
related to the pandemic in the statistical models. 

Researchers then analyzed the impact of COVID-19 on traffic patterns in Salt Lake County and Utah 
County from January 2019 to July 2021. The study identified distinct vehicle miles traveled (VMT) 
patterns during the pre-pandemic, early pandemic, and late pandemic stages. The researchers discovered 
that VMT is significantly influenced by the severity of the pandemic (as measured by the number of new 
cases), policies, and individual/societal risk perceptions regarding travel during the pandemic. 

Finally, a novel traffic prediction model that combines machine learning with graph theory to forecast 
traffic patterns in the near future is developed. The proposed approach incorporates human knowledge, 
resulting in improved model performance. The model’s effectiveness is demonstrated through its high 
level of accuracy in predicting traffic patterns. 

The traffic patterns identified in this research project can aid agencies in comprehending the effects of 
COVID-19 on traffic mobility, potentially assisting with long-term urban planning objectives during the 
post-pandemic period. To enhance traffic safety in the “new normal” phase, stakeholders should 
implement measures to discourage driving under the influence and reduce crashes involving commercial 
vehicles. State departments of transportation (DOTs) and other responsive agencies can utilize the 
developed prediction model to prepare for upcoming traffic demand patterns in the near future. 
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1. INTRODUCTION 

1.1 Problem Statement 

Since early March 2020, the COVID-19 pandemic has had significant impacts on U.S. traffic due to the 
quarantine rules of many states and the “work-from-home” style of many residents. The weekday VMT 
traffic pattern changed from a typical two-peak pattern (morning peak followed by a drop and then 
afternoon peak) to gradually increasing to a single  afternoon peak (Skip Descant, 2020). One reason for 
the changes is that home-based work reduces the early morning travel needs and provides people with 
new flexibility for midday in-person errands. 

Beside the commute traffic pattern changes, some researcher also observed a sharp increase in on-demand 
delivery and e-commerce (AASHTO Journal, 2020). Hence, at the early stage of the pandemic, a great 
reduction in traffic demands was observed on transportation networks. Later, with the process of re-
opening local businesses, schools, etc., and the decrease in daily COVID confirmed cases, traffic 
demands have gradually increased over time, especially with express delivery truck traffic, and have even 
recovered to pre-pandemic levels in some states (Glaeser et al., 2020). It is clear to see that traffic 
patterns, traffic demands, and duration change with COVID status.  

Therefore, there is a critical research need to study the impact of COVID on traffic patterns and analyze 
the relationships among traffic demand patterns, daily confirmed cases/deaths, state policies, public 
perceptions, etc. Existing studies show that the crash frequency has reduced from the start of the 
pandemic until June 2021, mainly due to the reduced traffic volume. The crash severity has increased 
with the increase of risky driving behavior, including speeding, driving under the influence (DUI), and 
not using seat belts.  

Although many researchers have focused on this problem, most studies focus only on the earlier stage of 
the pandemic when health emergencies were in place and vaccines were not widely available to the 
public. As travel restrictions expired, nonpharmaceutical interventions relaxed, and public perceptions 
changed, studies (Glaeser et al., 2020; Gong et al., 2022; Mahmoudi & Xiong, 2022) found that the traffic 
volume started to recover to a level comparable to the pre-pandemic level. As mentioned earlier, existing 
studies have pointed out that the change in traffic safety is primarily related to the change in mobility. 
Therefore, critical research needs to investigate the pandemic’s impact on traffic safety during the latter 
stage of the pandemic, which motivates the research in this project. 

1.2 Objectives  

The primary objective of this research project is to help DOTs and other responsive agencies to better 
understand the long-term impacts of COVID on transportation safety and vehicular traffic patterns in 
different time stages. 

The secondary objective of this research project is to predict the near-future traffic demand patterns with 
the novel knowledge-based machine learning model, and help state DOTs prepare for near-future traffic 
demand patterns during the post-pandemic period. 
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1.3 Scope 

Task 1: Literature review 

Task 1 focuses on conducting a literature review on COVID-19’s impact on transportation in other states 
and areas. 

Task 2: Analysis of the effect of COVID-19 on traffic safety 

This task aims to illustrate the correlations between COVID-related social factors and transportation 
safety performances on Salt Lake County, Utah, in different stages. 

Task 3: Analysis of the effect of COVID-19 on traffic patterns 

This task focuses on the analysis of the effect of COVID-19 on traffic patterns in Salt Lake County and 
Utah County from January 2019 to July 2021. Different vehicle miles traveled (VMT) patterns in the pre-
pandemic stage, early stage of the pandemic, and late stage of the pandemic are identified. 

Task 4: Propose a knowledge-based machine learning model for traffic prediction 

For the task of incorporating human knowledge, a traffic prediction model based on an innovative 
approach integrating machine learning with graph theory is proposed to forecast traffic patterns in the 
near future.  

1.4 Outline of Report  

This report documents the findings of the research and proceeds with the following sections: 
• Introduction 
• Literature review  
• Impact of COVID-19 on traffic safety 
• Impact of COVID-19 on travel pattern 
• Knowledge-based machine learning for near-future prediction 
• Conclusions and key findings 
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2. LITERATURE REVIEW 

2.1 Review of the Impact of COVID-19 on Traffic Safety 

There have been several studies focusing on the effects of the COVID-19 pandemic. The National 
Highway Traffic Safety Administration (NHSTA) conducted a nationwide study (Wagner et al., 2020) in 
October 2020 to examine the traffic safety environment of the second quarter of 2020. The study employs 
data from emergency medical services (EMS) and hospital trauma centers to learn about the impact on 
motor vehicle crashes and fatalities. The results show that VMT reduced sharply due to the travel 
restrictions. Moreover, crashes and crash fatalities were also reduced, while the fatality rate was 
increased. The contributing factors to the increase in fatality rate include a decrease in seat belt use, an 
increase in speeding, and an increase in alcohol and drug (including marijuana and opioids) use. Three 
subsequent updates (Research, 2021a, 2021b; USDOT, 2021) to the aforementioned study were made to 
include the new data from July 2020 to June 2021. To a large extent, the increases in risky traffic safety 
behaviors, including speeding, alcohol and drug use, and the decrease in seat belt use, continued 
throughout 2020, resulting in an increase in severe injury rates. As for the first half of 2021, although the 
trip-taking rate rebounded, the severe injury rate was still higher than the pre-pandemic level but lower 
than 2020. Seat belt use remained low, and speeding remained prevalent. However, the data regarding 
alcohol and drug use were not available.  

Many other studies investigate traffic safety during the pandemic’s earlier “lockdown” stage. A study 
(Qureshi et al., 2020) was conducted in Missouri to investigate the relationship between the mandated 
societal lockdown and traffic crashes. Crash data from January 1, 2020, to May 15, 2020, were used. The 
modeling shows that traffic crashes resulting in minor or no injuries were significantly reduced but not in 
those resulting in severe or fatal injuries during the “lockdown” stage. In other words, the total number of 
crashes was reduced, but the severe injury rate was increased, which aligns with the NHTSA studies. 
Similar results can also be found in a case study in Connecticut (Doucette et al., 2021), as well as in a 
case study (Pathak et al., 2022) in Maharashtra, India. Another study (Jie Zhang et al., 2021) conducted in 
New York City also found that person miles traveled are positively related to the number of people 
involved in crashes while the stay-at-home policy has a negative impact. A study (Koloushani et al., 
2021) of the spatiotemporal impact of COVID-19 on traffic crashes in Florida also shows the reduction in 
crash frequency and reductions are less in areas populated by the elderly. In general, studies show that 
during the earlier lockdown, the total number of traffic crashes was reduced, mainly due to the travel 
restrictions. The number of crashes that lead to severe injuries and deaths is unlikely to be impacted, 
which results in a higher severe injury rate.  

Some other studies extend beyond the lockdown period toward the end of 2020. One study (Islam et al., 
2022) employs real-time traffic parameters to investigate the change in road safety trends of a freeway in 
Florida during 2020. The traffic volume decreased in 2020 compared with the 2017-2019 average 
volume. The total number of crashes decreased in 2020. The rate per 100 million VMT of crashes leading 
to fatalities, incapacitating injuries, and non-incapacitating injuries is high in 2020 compared with the 
2017-2019 average. In other words, the crash severity also increased. These findings are similar to the 
series of NHTSA studies. Interestingly, while drug-related crashes increased by 300% in 2020, alcohol-
related crashes decreased by 22%. A time series analysis (Sekadakis et al., 2021) employs 10-year 
(January 2010 to August 2020) road crash, fatality, and slight injury data from Greece to investigate the 
pandemic’s impact on traffic safety. The results show that the total number of road crashes decreased due 
to the traffic volume decrease, but fatality and slightly injured rates significantly increased. Another 
interesting finding is that the percentage reduction of crashes and traffic volume is disproportionate, 
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which may indicate that more crashes occurred with regard to the prevailing traffic volume. Another 
study in New York City (N. Dong et al., 2022) employs survival analysis to explore the effects of the 
pandemic on different modes of transportation. Crashes that involved injuries and fatalities from March 1, 
2020, to December 4, 2020, were used. The modeling results reveal that pedestrian and cyclist safety is 
improved owing to the increased percentage of people staying at home, while the likelihood of injuries for 
motor vehicle drivers rises. Another interesting finding is that nonpharmaceutical interventions 
implemented increased motor vehicle drivers’ crash risk. To summarize, the reduction in crash frequency 
and the increase in crash severity increased throughout 2020, even after the lockdown period. 

As the crash severity increased during the pandemic, some studies explored the contributing factors to 
crash severity, especially the change in driving behaviors. A statistical analysis (X. Dong et al., 2022) 
found that aggressiveness (speeding, use of alcohol, and improper passing) and inattentiveness (failure to 
use seat belts, distraction, and failure to signal) of drivers increased significantly during the pandemic, 
leading to a higher likelihood of severe crashes. A survey of U.S. and Canadian drivers (Vanlaar et al., 
2021) suggests that the majority of respondents indicated their behavior did not change; however, notable 
proportions indicated they were more likely to engage in risky driving behaviors such as speeding, drunk 
driving, and distracted driving during the pandemic. Two other surveys regarding drunk driving during 
the lockdown period show different results for different countries. A U.S. survey (Watson-Brown et al., 
2021) shows increased drunk driving, while an Australian survey (Manning et al., 2021) shows the 
opposite result. This may be due to cultural differences as well as different policies. A descriptive analysis 
(Katrakazas et al., 2020) of Greece and Saudi Arabia found that the pandemic increased speeds, extreme 
events, and the use of mobile phones. Another simulation study (Sekadakis et al., 2022) shows that 
pandemic response measures alter driving behavior by increasing mobile phone use and driving speed.  

To summarize, existing studies show that crash frequency was reduced from the start of the pandemic 
until June 2021, mainly due to the reduced traffic volume. Crash severity has increased due to the 
increase of risky driving behavior, including speeding, DUI, and not using seat belts. However, most 
studies focus only on the earlier stage of the pandemic when health emergencies were in place and the 
vaccine was not widely available to the public. As travel restrictions expired, nonpharmaceutical 
interventions relaxed, and public perceptions changed, studies (Glaeser et al., 2020; Gong et al., 2022; 
Mahmoudi & Xiong, 2022) found that traffic volume started to recover to a level comparable to pre-
pandemic levels. As mentioned earlier, existing studies have indicated that the change in traffic safety is 
primarily related to the change in mobility. Therefore, critical research needs to investigate the 
pandemic’s impact on traffic safety during the latter stage of the pandemic. 
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2.2 Review of the Impact of COVID-19 on Vehicular Traffic 

Since early March 2020, the global COVID-19 pandemic has placed pronounced impacts on various 
aspects of society. In addition to the loss of life and illness, the pandemic has resulted in a great impact on 
traffic across the U.S. Many studies found that at the early stage of the pandemic, traffic was reduced 
significantly due to the travel restrictions imposed by the government, fear of getting sick, lower levels of 
economic and social activity, and the work-from-home style of many residents (Katrakazas et al., 2020; 
Kim, 2021; Jinbao Zhang & Lee, 2021). Later, during the process of re-opening local businesses, schools, 
etc., and the decrease in daily confirmed COVID cases, traffic demands gradually increased (Glaeser et 
al., 2020). It is clear to see that traffic patterns, traffic demands, and duration change with COVID status. 

As restrictions were relaxed due to fewer COVID cases and the rollout of the vaccines, a return to a post-
pandemic “normality” is ongoing and will likely lead to a recovery of mobility to levels comparable to the 
past. However, there are few studies investigating how traffic patterns will appear at the latter stage of the 
pandemic or even post-pandemic. A policy analysis conducted by Rothengatter et al. (Rothengatter et al., 
2021) discussed the impacts of COVID-19 on different travel modes. However, they ignored car travel. 
Another European long-term travel demand study by Christidis et al. (Christidis et al., 2021a) was 
conducted to investigate the post-pandemic recovery of transportation. They found that travel by car will 
likely return to the 2019 level around 2025. Unfortunately, their analysis was based on a 2018 travel 
survey rather than either recent traffic data or travel surveys. Therefore, there is a critical research need to 
study the impact of COVID-19 on traffic patterns in the latter stage of the pandemic based on recent data, 
and to analyze the relationships among traffic patterns, daily confirmed cases/deaths, government 
policies, economics, and other factors. Such research results will be valuable for responsive agencies such 
as state DOTs to better understand the long-term impacts of COVID-19 on transportation and prepare for 
the near-future traffic demand pattern. 
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3. IMPACT OF COVID-19 ON TRAFFIC SAFETY  

3.1 Overview 

In this section, we investigate the impact of COVID-19 on traffic safety in different stages, focusing on 
Salt Lake County, Utah. Statistical methods are employed to determine if there are any differences in the 
effects of the pandemic. Crash frequency and severity are studied using negative binomial models and 
binary logit models, respectively, while accounting for exposure, environmental factors, and human 
factors. Additionally, Welch’s t-test and pairwise t-test are used to explore any potential indirect effects of 
the pandemic on non-pandemic-related factors in the statistical models. 

The results reveal that crash frequency is significantly lower than that of the pre-pandemic period 
throughout the pandemic. However, during the latter stages, crash frequency significantly increases due to 
relaxed restrictions. The severity levels of crashes were higher in the earlier stages of the pandemic, 
resulting from increased traffic speed, DUI prevalence, reduced seat belt use, and increased presence of 
commercial vehicles. It later decreased to a level comparable to that of the pre-pandemic period due to the 
reduction of speed and increased seat belt use. For the “new normal” phase, stakeholders should take 
measures to deter DUI and decrease commercial vehicle-related crashes to improve traffic safety. 

3.2 Methodology 

The study aims to investigate the impact of COVID-19 on both crash frequency and severity. Therefore, 
two sets of models are employed for crash frequency and severity analysis. Statistical models were 
employed to study the direct impact of the pandemic while accounting for the impact of other 
confounding factors. Widely used negative binomial (NB) models are utilized for crash frequency 
modeling, and logit models are utilized for crash severity analysis. 

Moreover, one primary objective of the study is to understand whether the impact of the pandemic 
changes during its entire course. To achieve the objective, three different types of models are developed: 

1. Models verifying the existence of the pandemic impact: Although many existing studies have 
pointed out that the pandemic has impacts on traffic safety, it is still worth verifying the 
existence of the impact using local data. In these types of models, apart from other explanatory 
variables, a binary dummy variable is employed to indicate whether a specific day falls in the 
pandemic period (crash frequency analysis), or a particular crash occurred during the 
pandemic (crash severity analysis). 

2. Models examining the difference of the impact between the earlier and the latter stages of the 
pandemic: In these types of models, apart from other explanatory variables, a trinary dummy 
variable is utilized to indicate whether a specific day (crash frequency analysis) or a specific 
crash (crash severity analysis) falls before the pandemic or in the earlier or the latter stages of 
the pandemic. 

3. Models exploring the impact of different pandemic quantifiers: It should be noted that in the 
aforementioned two types of models, the dummy pandemic indicators are the only pandemic-
related variables. Therefore, the objective of this type of model is to understand the impact of 
various pandemic quantifiers (such as pandemic-related policies or number of new cases).  
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In total, six statistical models (2 types of analyses × 3 types of objectives) are developed. 

Apart from the statistical models, further analysis is conducted to investigate the possible indirect effect 
of the pandemic by influencing other non-pandemic-related explanatory variables (such as environmental 
and human factors) in the statistical models. The analysis aims to provide insights that can benefit 
transportation agencies and policymakers. Contributing factors derived from the statistical models are 
compared to see whether they are statistically different before and during the pandemic as well as at the 
earlier and latter stages of the pandemic in terms of crash frequency and severity.  

Crash Frequency Modeling: Negative Binomial Model 

The study employs the widely used NB model to model the impact of COVID-19 on daily crash 
frequency (Lord & Mannering, 2010). An NB modal can be specified as follows: 

𝜆𝜆𝑖𝑖 = exp(𝜷𝜷𝑿𝑿𝒊𝒊 + 𝜀𝜀𝑖𝑖) (3.1) 

𝑃𝑃(𝑦𝑦𝑖𝑖) =  
Γ �𝑦𝑦𝑖𝑖 + 1

𝛼𝛼�

Γ(𝑦𝑦𝑖𝑖 + 1)Γ �1
𝛼𝛼�

�
1
𝛼𝛼

1
𝛼𝛼 + 𝜆𝜆𝑖𝑖

�

1
𝑎𝑎

�
𝜆𝜆𝑖𝑖

1
𝑎𝑎 + 𝜆𝜆𝑖𝑖

�

𝑦𝑦𝑖𝑖

(3.2) 

where 𝑃𝑃(𝑦𝑦𝑖𝑖) is the probability of entity 𝑖𝑖 having 𝑦𝑦𝑖𝑖 crashes in a given time period and Γ(∙) is the gamma 
function; 𝜆𝜆𝑖𝑖 is the Poisson parameter, which is the expected number of crashes in the given time period; 
𝑿𝑿𝒊𝒊 is a set of explanatory variables; 𝜷𝜷 is the corresponding coefficient set; 𝜀𝜀𝑖𝑖 is the error term and 
exp (𝜀𝜀𝑖𝑖) is gamma-distributed with mean 1 and variance 𝛼𝛼. Akaike information criterion (AIC) and 
pseudo-R2 are used as the goodness-of-fit measures. 

Crash Severity Modeling: Binary Logit Model 

As for the crash severity analysis, crashes were classified into two classes: 1) with visible injury (K: fatal, 
A: incapacitating injury, and B: non-incapacitating injury); and 2) without visible injury (C: possible 
injury and O: no injury), and the class acts as the dependent variable of the crash severity analysis. 
Therefore, a binary logic modal is used to investigate the probability of a crash leading to injuries 
(positive outcome) against no injury (negative outcome) (Sze & Wong, 2007). A negative binomial modal 
can be specified as follows: 

𝑔𝑔(𝑥𝑥) = 𝜷𝜷𝑿𝑿𝒊𝒊 (3.3) 

𝜋𝜋(𝑥𝑥) =
exp�𝑔𝑔(𝑥𝑥)�

1 + exp�𝑔𝑔(𝑥𝑥)�
(3.4) 

where  𝑿𝑿𝒊𝒊 is a set of explanatory variables; 𝜷𝜷 is the corresponding coefficient set; 𝑔𝑔(𝑥𝑥) is a latent 
variable; and 𝜋𝜋(𝑥𝑥) is the conditional probability of the positive outcome, i.e., a crash leads to injuries. 
Akaike information criterion (AIC) and pseudo-R2 are also used as the goodness-of-fit measures. 
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Comparison: Welch’s T-Test & Holm–Bonferroni Method 

When the only single comparison between two groups is needed, Welch’s t-test (Welch, 1947) is 
employed since two groups may have unequal sizes and/or possibly unequal variances. Welch’s t-test 
defines the statistic 𝑡𝑡 by: 

𝑡𝑡 =
𝑥𝑥1��� − 𝑥𝑥2���

�𝑠𝑠1
2

𝑁𝑁1
+ 𝑠𝑠22
𝑁𝑁1

(3.5)
 

where  𝑥𝑥�𝚤𝚤, 𝑠𝑠𝑖𝑖, 𝑁𝑁𝑖𝑖 are the sample mean, standard deviation, and size of sample 𝑖𝑖. The degree of the freedom 
𝑑𝑑𝑑𝑑 associated is calculated as follows: 

𝑑𝑑𝑑𝑑 ≈
�𝑠𝑠1

2

𝑁𝑁1
+ 𝑠𝑠22
𝑁𝑁2
�
2

𝑠𝑠14
𝑁𝑁12(𝑁𝑁1 − 1) + 𝑠𝑠24

𝑁𝑁22(𝑁𝑁2 − 1)

(3.6) 

When multiple comparisons are conducted simultaneously, pairwise t-tests are employed. To control the 
possible family-wise error rate, p-values are adjusted by Holm–Bonferroni method (Holm, 1979). The 
Holm-Bonferroni method first sorts 𝑚𝑚 p-values of the pairwise t-tests into order lowest-to-highest 
𝑝𝑝1, … ,𝑝𝑝𝑚𝑚, and their corresponding null hypotheses 𝐻𝐻1, … ,𝐻𝐻𝑚𝑚. Starting from 𝑝𝑝1, at step 𝑘𝑘, test whether 
𝑝𝑝𝑘𝑘 < α

𝑚𝑚+1−𝑘𝑘
. If so, reject 𝐻𝐻𝑘𝑘 and continue to test the larger p-values. This ensures that the family-wise 

error rate is less than the preset significant level α. It should be noted that although this method could 
control the family-wise error rate, it could sacrifice statistical power. 

3.3 Data 

The study selects the most populous metropolitan county, Salt Lake County in the State of Utah, as the 
study area (Figure 3.1). Five datasets are used in the study: 1) crash data from January 2019 to April 
2022; 2) factors related to the pandemic; 3) Traffic data, including vehicle miles traveled (VMT) and 
speed of freeways within the county; and 4) weather conditions. 
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Figure 3.1  Freeways and the Weather Station in Salt Lake County of the State of Utah 

Detailed crash data were collected from the Numetric system of the Utah Department of Transportation 
(UDOT), including crash time, injury severity, manner of collision, vehicles’ characteristics, 
characteristics of people involved, and environmental conditions. Since the most important crash 
contributing factor, i.e., the exposure measure (such as VMT and traffic volume), is only available in 
detail for freeways during the study period, this study will only focus on crashes that occurred on the 
freeways. The daily number of crashes is used as the dependent variable of the crash frequency analysis. 
Several variables describing the crash’s characteristics that are both available from the database and 
possibly related to the injury severity according to the existing studies were selected for the crash severity 
analysis. These include the manner of collision (AASHTO, 2010), light condition (H. Zhou et al., 2020), 
adverse roadway surface condition (Papadimitriou et al., 2019), adverse weather (J. Yuan et al., 2019), 
whether a commercial vehicle was involved in the crash (Chen et al., 2021), whether a driver was 
distracted (X. Dong et al., 2022), whether a driver was drowsy (X. Dong et al., 2022), whether a driver 
was driving under the influence (DUI), whether a motorcycle was involved in the crash (Chang & Wang, 
2006), whether an older driver was involved in the crash (Yue et al., 2019), whether an overturn/rollover 
occurred (Conroy et al., 2006), and whether a driver was unrestrained (not wearing a seat belt) (USDOT, 
2021). Further data cleaning was conducted for injury severity analysis to exclude crash records with 
missing or unknown values of these variables of interest.  

The VMT of freeways in Salt Lake County, namely Interstate 15, Interstate 80, Interstate 215, State Road 
85, and State Road 201, is used to quantify vehicular traffic. The average speed across the freeway is also 
collected as it may correlate to the crash severity (Wagner et al., 2020). It should also be noted that the 
crash data also refer to the same freeways. The VMT and speed data were collected from the UDOT 
Performance Measurement System (PeMS) (Utah Department of Transportation, 2019) during the study 



10 

 

period. Weather conditions such as daily average temperature and total precipitation were collected from 
the nearest airport weather station (Salt Lake City International Airport, located at 40.77069°N, 
111.96503°W, as shown in Figure 3.1) through the National Oceanic and Atmospheric Administration 
(Find a Station | Data Tools | Climate Data Online [CDO] | National Climatic Data Center [NCDC], 
n.d.). The weather station is used because other weather stations in the study area are either located in 
mountainous areas far away from the freeways or unable to provide data every day. 

 Several factors related to the pandemic are collected as explanatory variables. The number of daily new 
COVID-19 confirmed cases and the percentage of deaths among the new confirmed cases were collected 
from the Utah Department of Health (Coronavirus | Keeping Utah Informed on the Latest Coronavirus 
Updates, n.d.). Many existing studies use the number of confirmed cases to quantify the severity of the 
pandemic. Those indicating the severity of diseases caused by the virus (i.e., deaths) are used to provide 
additional information. Note that using the absolute numbers of deaths may raise collinearity issues since 
they are highly correlated with the number of cases, and the rates are utilized instead. Pandemic-related 
policies (Coronavirus | Keeping Utah Informed on the Latest Coronavirus Updates, n.d.) were also 
reviewed. Two binary policy indicators, namely whether there were lockdown policies restricting travel 
directly and whether there were mask mandates that potentially influence people’s willingness to travel, 
were then summarized. When a certain policy is effective on a specific day, the indicator is set to “1”; 
otherwise, it was set to “0”.  

Moreover, two dummy pandemic indicators were created. The first binary dummy variable, “During 
Covid,” was employed in the first type of models to indicate the existence of the pandemic. The selection 
of the cutoff date is straightforward. March 12, 2020, which is when the first COVID-19 case was 
confirmed in the State of Utah, was chosen. If a crash occurred before March 12, 2020, the value of the 
dummy variable was assigned to be 1, otherwise, it was assigned to be 0. The second trinary variable, 
“Covid Stage,” was employed in the second type of models to indicate the progression of the pandemic. It 
has three values: 0, 1, and 2, to indicate pre-pandemic, the earlier stage of the pandemic, and the latter 
stage of the pandemic. Besides March 12, 2020, the other cutoff date for earlier and latter stages of the 
pandemic is April 10, 2021, when the statewide mask mandate expired. The date was selected for several 
reasons. First, new statewide travel restrictions and mask mandates were never issued after that date 
(although the mask mandate was briefly placed in Salt Lake County during the outbreak related to the 
omicron variant), which could indicate the state government’s policies have changed. Second, COVID 
vaccines were widely available, and the public started to be fully vaccinated after the date. Thus, the risk 
perception toward COVID-19 may be changed. Last, but most importantly, an earlier study by the authors 
(Gong et al., 2022) found that the VMT of Salt Lake County was restored to a level comparable to pre-
pandemic levels around the date (see Figure 3.3), meaning the impact of the pandemic on mobility is 
decaying. 

There were 17,038 crashes during the entire study period, and 16,748 crashes are used in the crash 
severity analysis after the data cleaning. Table 3.1 shows the number of crashes that occurred before and 
during each stage of the pandemic. The descriptive statistics of the variables used in the analysis can be 
found in Table A and Table B in the appendix.  
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Table 3.1   Number of Crashes Occurred During the Whole Study Period 
Period Number of Crashes Crashes Used in Severity Models 

Before Pandemic (During Covid = 0/Covid Stage =0) 7,295 7,221 
During Pandemic 
(During Covid =1) 

Earlier Stage (Covid Stage =1) 4,128 4,078 
Later Stage (Covid Stage =2) 5,565 5,449 

3.4 Results and Discussion 

3.4.1 Impact of COVID Pandemic on Crash Frequency 

Trends 

Figure 3.2 shows the number of crashes with the progression of the pandemic (note that although the 
statistical modeling uses daily data, weekly data are employed here for better illustration). Although crash 
frequency is significantly less than that of pre-pandemic levels during the whole course of the pandemic, 
it varied considerably between the earlier and latter stages. During the earlier stage of the pandemic, the 
number of crashes dropped dramatically when the lockdown was in place. Once the travel restrictions 
were relaxed, crash frequency gradually increased, but it remained low compared with the pre-pandemic 
period. However, at the latter stage of the pandemic, crash frequency gradually increased to slightly less 
but comparable to the pre-pandemic level. Another outbreak related to the omicron variant briefly 
reduced the crash frequency, and it is increasing to the previous level.  

 
Figure 3.2  Weekly Number of Crashes versus Number of New COVID Cases 
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Modeling Results 

The results of the three different types of NB models are shown in Table 3.2. Note that the variance 
inflation factor (VIF) of all variables in the three models was checked to avoid the collinearity issue. All 
VIFs are less than 5, which indicates that the collinearity issue should not be concerned (43).  

Table 3.2  Estimates of Crash Frequency Models 
Variable Estimates Std. Error Z Value P Value 
With Only Binary Covid Indicator 
(Intercept)** -19.2407  1.3060  -14.7325  <0.0001 
Ln (VMT)** 1.3834  0.0816  16.9581  <0.0001 
Average Temperature** -0.0066  0.0008  -8.1761  <0.0001 
Total Precipitation** 1.7904  0.1193  15.0028  <0.0001 
During Covid: Yes** -0.1082  0.0319  -3.3950  0.0007 
Observations 1216 
AIC 7929.3 
Pseudo-R2 0.474 
With Only Trinary Covid Indicator 
(Intercept)** -17.7010  1.3407  -13.2032  <0.0001 
Ln (VMT)** 1.2875  0.0837  15.3756  <0.0001 
Average Temperature** -0.0064  0.0008  -8.0544  <0.0001 
Total Precipitation** 1.7416  0.1187  14.6738  <0.0001 
Covid Stage: Earlier** -0.1997  0.0387  -5.1647  <0.0001 
Covid Stage: Later  -0.0429  0.0356  -1.2032  0.2289 
Observations 1216 
AIC 7915.2 
Pseudo-R2 0.487 
With Covid Quantifier 
(Intercept)** -16.8858  1.3409  -12.5931  <0.0001 
Ln (VMT)** 1.2379  0.0837  14.7831  <0.0001 
Average Temperature** -0.0071  0.0008  -8.8887  <0.0001 
Total Precipitation** 1.7112  0.1179  14.5093  <0.0001 
Number of New Covid Cases -0.00002 <0.0001 -0.8347  0.4039  
Death Rate 0.0469  0.0355  1.3214  0.1864  
Lockdown: Yes** -0.5601  0.0901  -6.2153  <0.0001 
Mask Mandate: Yes** -0.1369  0.0389  -3.5178  0.0004  
Observations 1216 
AIC 7900.2 
Pseudo-R2 0.502 

* Statistically significant at 0.05 level. 
** Statistically significant at 0.01 level. 
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According to Table 3.2, the exposure measure VMT is significantly and positively related to crash 
frequency, which is expected (AASHTO, 2010). Precipitation is significantly positively associated with 
crash frequency since it may lead to adverse road surface conditions and low visibility (Sheather, 2009), 
and thus increase the crash risk. Although the effect is relatively low, daily average temperature is 
negatively related to crash frequency. A possible reason is that during the winter when the temperature is 
low, precipitation is likely to be in the form of snow, which leads to an even higher risk (Qiu & Nixon, 
2008). The aforementioned variables are statistically significant in all three models.  

As for the pandemic-related parameters, in the first model, the COVID dummy variable is statistically 
significant with a negative coefficient, meaning that crash frequency was reduced during the pandemic 
while accounting for other confounding factors. However, while accounting for the other factors, the 
second model reveals that crash frequency reduction is only statistically significant during the earlier 
stage of the pandemic, which is also found in many other existing studies (N. Dong et al., 2022; Doucette 
et al., 2021; Ebrahim Shaik & Ahmed, 2022; Islam et al., 2022; Katrakazas et al., 2020; Koloushani et al., 
2021; Pathak et al., 2022; Qureshi et al., 2020; Research, 2021a, 2021b; Sekadakis et al., 2021; Wagner et 
al., 2020), but not during the latter stage of the pandemic.  

The results of the third model reveal some possible reasons for the difference. Both pandemic-related 
policies are found to be significantly and negatively related to crash frequency, while the lockdown has a 
stronger impact. Note that the lockdown policy was only in place during the early pandemic stage, and the 
number of days when wearing masks is mandated is significantly higher early in the pandemic (see Table 
B in the appendix for more details). The differences in policies contribute to the different crash 
frequencies between the earlier and latter stages of the pandemic. While the lockdown is widely known to 
reduce the crash frequency (Islam et al., 2022; Koloushani et al., 2021; Qureshi et al., 2020; Wagner et 
al., 2020), the mask mandate’s positive impact on traffic safety is found for the first time. We suspect that 
pandemic-related policies may be related to human factors that are not explicitly modeled. First, 
pandemic-related policies may impact the public’s risk perception (Duan et al., 2020), which in turn 
impacts their travel and driving behaviors. Second, government policies directly alter travel behaviors. In 
addition to the lockdown orders that directly restrict traveling, the so-called “social distancing” policies 
encourage remote working during the earlier pandemic stage, and working from home is negatively 
related to crash frequency (Abdel-Aty et al., 2013).  

Discussion 

Admittedly, the pandemic may also indirectly impact crash frequency by influencing other factors, as 
suggested by earlier research (N. Dong et al., 2022; Doucette et al., 2021; Ebrahim Shaik & Ahmed, 
2022; Islam et al., 2022; Katrakazas et al., 2020; Koloushani et al., 2021; Pathak et al., 2022; Qureshi et 
al., 2020; Research, 2021a, 2021b; Sekadakis et al., 2021; Wagner et al., 2020). Table 3.3 shows the 
results of Welch’s t-test and pairwise t-test, while Figure 3.3 shows the number of crashes against the 
VMT. The significantly higher VMT during the latter stage of the pandemic could also be a contributing 
factor to the higher crash frequency compared with the earlier stage of the pandemic.  
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Table 3.3  Results from Welch’s T-Test and Pairwise T-Test for Crash Frequency Analysis 
Variable Before/During Stages (Adjusted P Values Only) # 

T Value P Value Before/Earlier Before/Later Earlier/Later 

Number of Crashes 6.8209 <0.0001** <0.0001** 0.0033** <0.0001** 

Ln (VMT) 7.7957 <0.0001** <0.0001** 0.0341* <0.0001** 

Average Temperature -4.0518 0.0001** 0.0027** 0.0007** 0.6141 

Total Precipitation 3.0739 0.0022** 0.0006** 0.1251 0.1251 

Mask Mandate: Yes N/A N/A N/A <0.0001** 

* Statistically significant at 0.05 level. 
** Statistically significant at 0.01 level. 
# The t values of pairwise t-tests may be misleading since the p values were adjusted. Therefore, they were omitted. 

 
Figure 3.3  Weekly Number of Crashes versus VMT 

3.4.2 Impact of COVID Pandemic on Crash Severity 

Trends 

Figure 3.4 shows the percentage of injury crashes (“Injury Rate”) with the progression of the pandemic. 
Different from the crash frequency, the crash severity increased significantly during the earlier stage of 
the pandemic, but it generally reduced to a level comparable to the pre-pandemic during the later stage.  
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Figure 3.4  Weekly Average Injury Rate versus Number of New COVID Cases 

Modeling Results 

The results of the three different types of binary logit models are shown in Table 3.4. VIFs were also 
checked to clear the concern of the collinearity issue.  

Table 3.4  Estimates of Injury Severity Models 
Variable Estimates Std. Error Z Value P Value 
With Only Binary Covid Indicator 
(Intercept)** -6.4105  0.8011  -8.0019  <0.0001 
Average Speed** 0.0536  0.0123  4.3471  <0.0001 
During Covid: Yes 0.0496  0.0636  0.7802  0.4352  
Manner of Collision: Angle** 1.6022  0.0987  16.2384  <0.0001 
Manner of Collision: Head On** 1.5014  0.2741  5.4767  <0.0001 
Manner of Collision: Single Vehicle 0.0369  0.0789  0.4683  0.6396  
Manner of Collision: Parked Vehicle 0.3537  0.4362  0.8108  0.4175  
Manner of Collision: Rear to Rear -10.4082  199.9480  -0.0521  0.9585  
Manner of Collision: Rear to Side 0.8487  1.0603  0.8004  0.4235  
Manner of Collision: Sideswipe Opposite Direction 0.8689  0.5211  1.6673  0.0955  
Manner of Collision: Sideswipe Same Direction** -0.6036  0.1022  -5.9083  <0.0001 
Daylight Condition -0.1331  0.0681  -1.9526  0.0509  
Commercial Vehicle Involved* 0.2166  0.0975  2.2230  0.0262  
Distracted Driving Involved** 0.5656  0.1085  5.2140  <0.0001 
Drowsy Driving Involved** 0.8825  0.1666  5.2968  <0.0001 
DUI Involved** 1.1897  0.1109  10.7312  <0.0001 
Motorcycle Involved** 2.6310  0.1974  13.3286  <0.0001 
Older Driver Involved** 0.4411  0.0955  4.6174  <0.0001 
Overturn or Rollover Involved** 1.6846  0.1112  15.1462  <0.0001 
Unrestrained Involved** 1.7704  0.1353  13.0840  <0.0001 
Observations 16748 
AIC 8023.1 
Pseudo-R2 0.126 
With Only Trinary Covid Indicator 
(Intercept)** -6.2137  0.8169  -7.6061  <0.0001 
Average Speed** 0.0505  0.0126  4.0238  0.0001  
During Covid Earlier Stage: Yes 0.0986  0.0785  1.2565  0.2089  
During Covid Later Stage: Yes 0.0120  0.0733  0.1639  0.8698  
Manner of Collision: Angle** 1.5969  0.0988  16.1637  <0.0001 
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Variable Estimates Std. Error Z Value P Value 
Manner of Collision: Head On** 1.4963  0.2737  5.4659  <0.0001 
Manner of Collision: Single Vehicle 0.0318  0.0791  0.4019  0.6878  
Manner of Collision: Parked Vehicle 0.3504  0.4357  0.8041  0.4213  
Manner of Collision: Rear to Rear -10.4440  200.0260  -0.0522  0.9584  
Manner of Collision: Rear to Side 0.8351  1.0602  0.7877  0.4309  
Manner of Collision: Sideswipe Opposite Direction 0.8580  0.5220  1.6436  0.1003  
Manner of Collision: Sideswipe Same Direction** -0.6075  0.1023  -5.9403  <0.0001 
Daylight Condition -0.1319  0.0681  -1.9353  0.0530  
Commercial Vehicle Involved* 0.2187  0.0975  2.2434  0.0249  
Distracted Driving Involved** 0.5653  0.1085  5.2106  <0.0001 
Drowsy Driving Involved** 0.8857  0.1666  5.3159  <0.0001 
DUI Involved** 1.1921  0.1108  10.7545  <0.0001 
Motorcycle Involved** 2.6349  0.1974  13.3492  <0.0001 
Older Driver Involved** 0.4436  0.0956  4.6418  <0.0001 
Overturn or Rollover Involved** 1.6832  0.1113  15.1290  <0.0001 
Unrestrained Involved** 1.7715  0.1352  13.0988  <0.0001 
Observations 16748 
AIC 8024 
Pseudo-R2 0.127 
With Covid Quantifier 
(Intercept)** -6.3187  0.8127  -7.7753  <0.0001 
Average Speed** 0.0523  0.0125  4.1954  <0.0001 
Number of New Covid Cases 0.0000  0.0001  -0.0152  0.9879  
Death Rate -0.0196  0.0853  -0.2300  0.8181  
Lockdown: Yes 0.1432  0.2140  0.6690  0.5035  
Mask Mandate: Yes 0.0594  0.0824  0.7200  0.4715  
Manner of Collision: Angle** 1.6000  0.0988  16.2020  <0.0001 
Manner of Collision: Head On** 1.4953  0.2739  5.4589  <0.0001 
Manner of Collision: Single Vehicle 0.0359  0.0789  0.4545  0.6495  
Manner of Collision: Parked Vehicle 0.3525  0.4358  0.8090  0.4185  
Manner of Collision: Rear to Rear -10.4314  200.0034  -0.0522  0.9584  
Manner of Collision: Rear to Side 0.8442  1.0602  0.7962  0.4259  
Manner of Collision: Sideswipe Opposite Direction 0.8555  0.5217  1.6398  0.1011  
Manner of Collision: Sideswipe Same Direction** -0.6050  0.1022  -5.9176  <0.0001 
Daylight Condition -0.1310  0.0683  -1.9171  0.0552  
Commercial Vehicle Involved* 0.2191  0.0975  2.2466  0.0247  
Distracted Driving Involved** 0.5646  0.1085  5.2046  <0.0001 
Drowsy Driving Involved** 0.8874  0.1667  5.3231  <0.0001 
DUI Involved** 1.1905  0.1108  10.7429  <0.0001 
Motorcycle Involved** 2.6337  0.1974  13.3388  <0.0001 
Older Driver Involved** 0.4432  0.0956  4.6365  <0.0001 
Overturn or Rollover Involved** 1.6826  0.1113  15.1215  <0.0001 
Unrestrained Involved** 1.7725  0.1353  13.1018  <0.0001 
Observations 16748 
AIC 8028.7 
Pseudo-R2 0.126 

* Statistically significant at 0.05 level. 
** Statistically significant at 0.01 level. 
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The effects of the variables related to the manner of collisions, the characteristics of vehicles involved, 
and the drivers’ behavior are in line with previous studies. Speed is positively and significantly related to 
crash severity(X. Dong et al., 2022; Wagner et al., 2020). Angle, head-on, overturn, and rollover crashes 
tend to be severer and sideswipe crashes are likely less severe (AASHTO, 2010). The severity of crashes 
with commercial vehicles (Chen et al., 2021) and/or motorcycles (Chang & Wang, 2006) involved tends 
to be severe. Crashes with the older driver (Yue et al., 2019) involved are likely to be severer. Risky 
driving behavior, including DUI (Watson-Brown et al., 2021), distracted driving (X. Dong et al., 2022), 
drowsy driving (X. Dong et al., 2022), and unrestrained (not wearing the seat belt) (X. Dong et al., 2022; 
Wagner et al., 2020) could increase the crash severity. 

Interestingly but not surprisingly, all pandemic-related variables are not statistically significant even at the 
0.05 level in all three models. Similar results can be found in an earlier study (X. Dong et al., 2022), 
which found that the conventional statistical model suggests an insignificant impact of the pandemic on 
crash severity. 

Discussion 

Another important conclusion of the aforementioned study (X. Dong et al., 2022) is that the pandemic 
does have indirect effects on driving behavior, e.g., increasing aggressiveness and inattentiveness of 
drivers, which leads to a higher likelihood of severe crashes. Thus, a plausible reason for the 
insignificance of the pandemic-related variables is that the impact of the pandemic can be well explained 
by the other variables including speed and crash characteristics. 

Therefore, to investigate the possible contributing factors to different crash severity levels before and 
during the different stages of the pandemic, the mean values of explanatory variables were compared. 
Table 3.5 presents the results of the comparison. 

Table 3.5  Results of Welch’s T-Test and Pairwise T-Test for Crash Severity Analysis 
Variable Before/During Stages (Adjusted P Values Only) # 

T Value P Value Before/Earlier Before/Later Earlier/Later 
Whether a Crash Leads to Injuries -2.9360 0.0033** 0.0001 0.3534 0.0033 
Average Speed (mph) -4.0576 0.0001** <0.0001** 0.4612 <0.0001** 
Manner of Collision: Angle -0.1120 0.9108 0.1478 0.1613 0.0117* 
Manner of Collision: Head On 2.2980 0.0216** 0.4559 0.0207* 0.4559 
Manner of Collision: Sideswipe Same 
Direction 

-4.7202 <0.0001** 0.0001 0.0004** 0.5093 

Commercial Vehicle Involved -5.4457 <0.0001** <0.0001** <0.0001** <0.0001** 
Distracted Driving Involved 2.2421 0.0250* 0.2679 0.0789 0.6115 
Drowsy Driving Involved -2.1976 0.0280* 0.0638 0.3475 0.3475 
DUI Involved -6.2752 <0.0001** <0.0001** <0.0001** <0.0001** 
Motorcycle Involved -1.9716 0.0487* 0.2229 0.2987 0.6345 
Older Driver Involved 0.6186 0.4978 0.1269 0.4790 0.0536 
Overturn/Rollover Involved -1.9865 0.0470* 0.0023** 0.9624 0.0030** 
Unrestrained Involved -2.8160 0.0049** 0.0225* 0.0997 0.3776 

* Statistically significant at 0.05 level. 
** Statistically significant at 0.01 level. 
# The t values of pairwise t-tests may be misleading since the p values were adjusted. Therefore, they were omitted. 
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According to the results of pairwise t-tests and descriptive statistics (see Table  B in the appendix for 
more details), during the earlier stage of the pandemic, the average speed is increasing, which is also 
found by other earlier studies (X. Dong et al., 2022; Research, 2021a, 2021b; USDOT, 2021; Vanlaar et 
al., 2021; Wagner et al., 2020). The increase in DUI and decrease in seat belt use are the major findings of 
a series of NHTSA’s national studies (Research, 2021a, 2021b; USDOT, 2021; Wagner et al., 2020), 
which also be found in this study. The proportion of crashes that involves commercial vehicles increased, 
leading to an increase in crash severity according to the results of all three logic models. The change in 
crash types exhibits mixed effects. Crashes with overturn/rollover involved increased but the less severe 
sideswipe crashes also increased. Overall, the crash severity increased during the earlier stages of the 
pandemic. 

However, the situation got improved with the progression of the pandemic. The use of the seat belt 
increased to a level that is comparable to the pre-pandemic. The percentage of overturn/rollover crashes 
also decreased to the pre-pandemic level, but the percentage of less severe sideswipe crashes is still 
higher than the pre-pandemic. Even the concerning DUI is decreasing, although it is still more frequent 
than the pre-pandemic. The only major issue is that the percentage of crashes that involve commercial 
vehicles remains higher than in the pre-pandemic and even higher than in the earlier stage of the pre-
pandemic, which may be due to the increased truck traffic caused by the growth of online shopping and 
on-demand delivery (Gong et al., 2022). All these factors together lead to a decrease in crash severity 
during the later stages of the pandemic to a level comparable to the pre-pandemic. 

There might be two possible reasons for the change in the crash severity between the earlier and the latter 
stage of the pandemic. First, during the earlier pandemic, when the public feared getting infected, those 
still on the road may have had higher degrees of risk acceptance (Vanlaar et al., 2021). Therefore, they 
may have had a higher probability of not using seat belts, which has gradually changed with the change in 
the public’s risk perception toward COVID-19, especially when people were getting vaccinated. When 
more and more people started driving again during the latter pandemic stage, the average level of risk 
acceptance returned to the pre-pandemic level. Second, surveys indicate that people started, or increased, 
substance use to cope with pandemic-related stress or emotions (Wagner et al., 2020), which could have 
also increased the probability of DUI, even during the latter pandemic stage. However, with the relaxation 
of the restrictive measures in the latter stage of the pandemic, people are gradually returning to their 
normal lives, which may relieve the pandemic-related stress or emotions, leading to reduced drug and 
alcohol use.  

3.4.3 Outlook and Policy Discussions 

While crash frequency increased and crash severity decreased to the pre-pandemic levels, we could 
expect an overall safety performance is similar to, if not better than, the case before the pandemic. 
However, the new normal is never an “old normal.” First of all, two issues regarding crash severity still 
need attention. First, although the percentage of crashes involving DUI is decreasing, it still remains 
higher than in pre-pandemic days. Effective law enforcement and public campaigns are needed to deter 
DUI (NHTSA, 2022; Wagner et al., 2020). Second, the percentage of commercial vehicle-involved 
crashes is increasing even during the latter stage of the pandemic because of the increased popularity of 
online shopping and on-demand delivery (AASHTO Journal, 2020; Christidis et al., 2021b). Educational 
programs for commercial vehicle drivers, internal monitoring of drivers’ behavior by their companies, 
and external regulations (Chen et al., 2021; T. Zhou & Zhang, 2019) may help to reduce commercial 
vehicle-related crashes. Moreover, although living with COVID-19 is inevitable, there are still some 
uncertainties. Since the virus is evolving rapidly, a possible new variant could lead to widespread 
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infection and/or a drastic increase in deaths, like what the omicron variant did during the 2021-2022 
winter season. During the possible seasonal endemic, travel volumes may again decrease, seat belt use 
may again decrease, and policies such as mask-mandates may again be invoked. All of these can impact 
traffic safety. The impacts of possible seasonal endemics should be considered to make traffic-safety-
related policies more robust. Nevertheless, the impact of the COVID-19 pandemic on traffic safety can 
serve as a valuable reference for policymakers in response to future pandemics. 

3.5 Conclusion 

The global COVID-19 pandemic has significantly impacted traffic safety across the U.S. However, few 
studies investigated the pandemic’s impact on traffic safety during the latter stage of the pandemic. 
Therefore, this study employs several statistical methods to investigate whether the impact of COVID-19 
on traffic safety differs during the different stages. Freeways of Salt Lake County, Utah, were selected as 
the study sites. Negative binomial models and binary logit models were utilized to study the effects of the 
pandemic on crash frequency and severity, respectively, while accounting for the exposure, 
environmental factors, and human factors. Welch’s t-test and pairwise t-test are employed to investigate 
the possible indirect effect of the pandemic by influencing other non-pandemic-related explanatory 
variables in the statistical models. The results show that crash frequency is significantly less than that of 
the pre-pandemic during the entire course of the pandemic while accounting for the other factors. 
However, it is significantly higher during the latter stage due to the relaxed restrictions. Crash severity 
levels increased during the earlier pandemic stage due to increased speed, the prevalence of DUI, reduced 
seat belt use, and increased presence of commercial vehicles. But later it was reduced to a level 
comparable to pre-pandemic times, owing to reduced speed and increased seat belt use comparable to pre-
pandemic levels. As for the incoming new normal, stakeholders may need to take action to deter DUIs 
and reduce commercial-vehicle-related crashes to improve traffic safety. 
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4. IMPACT OF COVID-19 ON TRAVEL PATTERN 

4.1 Overview 

In this section, the effect of COVID-19 on traffic patterns in Salt Lake County and Utah County from 
January 2019 to July 2021 is analyzed. Different vehicle miles traveled (VMT) patterns in the pre-
pandemic stage, early stage of the pandemic, and late stage of the pandemic are identified. 

The results indicate that VMT is significantly affected by the severity of the pandemic (measured by the 
number of new cases), policies, and individual/societal risk perceptions of traveling during the pandemic. 
In the early stage of the pandemic, vehicular traffic decreases due to government restrictions and 
individuals’ risk perception. However, in the latter stage of the pandemic, with the relaxation of travel 
restrictions and increasing vaccine rates, vehicular traffic has either recovered to or exceeded pre-
pandemic levels. Specifically, truck traffic is higher than the pre-pandemic level due to the growth of 
online shopping and on-demand delivery. 

The traffic patterns revealed in this chapter can assist agencies in better understanding the impacts of 
COVID-19 on traffic mobility and potentially support long-term urban planning strategic goals during the 
post-pandemic period. 

4.2 Data Description 

4.2.1 Research Area 

The study selects the major metropolitan counties, Salt Lake County and Utah County, in the State of 
Utah as the study area. These two counties are the most populous in Utah and account for more than 55% 
of the state’s population (2020 estimate). The majority difference between the two counties is the political 
diversity. Salt Lake County is one of Utah’s more politically diverse areas while Utah County is less 
diverse. This translates into differences in county policies toward the pandemic. 

This study focuses on traffic patterns of freeways due to data availability. Figure 4.1 shows the freeways 
in the study area. The traffic dynamics of two main freeway corridors, Interstate-15 and Interstate-80, and 
other smaller freeways, including Interstate 80, Interstate 215, State Road 85, State Road 201, State Road 
92, U.S. Route 6, and U.S. Route 189, are studied. There are 850 lane miles and 540 lane miles covered 
for Salt Lake County and Utah County, respectively. 
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Figure 4.1  Freeways in Salt Lake County and Utah County in the State of Utah 

4.2.2 Data 

County-wide VMT of all freeways are used to quantify the vehicular dynamic. The VMT data were 
collected from the UDOT Performance Measurement System (PeMS) (Utah Department of 
Transportation, 2019) from January 2019 to the first week of July 2021, which gives the traffic patterns 
before and during the pandemic. VMT for all vehicle types and trucks are collected and analyzed 
separately. 

Various factors related to the pandemic and vehicular traffic are also collected as explanatory variables. 
New COVID-19 confirmed cases and the percentage of fully vaccinated individuals over 12 years of age 
are received from the Utah Department of Health (The State of Utah, 2021a). The former is a direct 
quantifier of the pandemic’s severity, which has been used by several existing studies (Kim, 2021); the 
latter impacts people’s risk perception in traveling. 

Traffic is intrinsically related to the economy. Economic factors are also used as explanatory variables to 
capture the unexplained heterogeneity by the pandemic-related factors. The monthly unemployment rate 
and daily news sentiment index are obtained from the Utah Department of Workforce Services (Utah 
Department of Workforce Services, 2021) and the Federal Reserve Bank of San Francisco (Shapiro et al., 
2017). The unemployment rate can affect traffic as fewer people will be willing to drive due to economic 
hardship, especially commuting trips. The daily news sentiment index is a measure of economic sentiment 
based on a lexical analysis of economics-related news articles from 24 major U.S. newspapers. The 
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developers of the index created a sentiment scoring model based on publicly available lexicons with a 
news-specific lexicon constructed by the developers. The scores of individual articles are then aggregated 
into a daily time-series measure of news sentiment that is statistically adjusted to account for changes in 
the composition of the sample across newspapers. Then the index is constructed as a trailing weighted 
average of time series, with weights that decline geometrically with the length of time since article 
publication. The index provides information regarding economic downturns and overall sentiment in the 
public eye.  

Weather conditions could affect traffic operations. For example, traffic volumes could be reduced by 
rainstorms and from snowstorms (Maze et al., 2006). Weather-related parameters such as temperature, 
precipitation, and snow depth were collected from the National Centers for Environmental Information 
(National Centres for Environmental Information (NCEI), 2020). The weather observing station at the 
Salt Lake International Airport was selected for weather data in Salt Lake County, and another station at 
Spanish Fork Power House was selected for the weather data in Utah County (their locations are shown in 
Figure 4.1 as blue stars). These weather stations were selected since they are located near analyzed 
freeways. All aforementioned data are numeric. 

Another important factor is pandemic-related policy. For instance, lockdown orders could significantly 
reduce the traffic volume (Kim, 2021). Important statewide and county-level policies (State of Utah, 
2021b) are listed in Figure 4.2 and include deceleration of state of emergency, mask mandates, 
administration of vaccines, and others. Some policies restrict traveling directly while others influence 
people’s willingness to travel. Policy indicators are pre-processed as 0-1 dummy variables. When a 
certain policy is effective at a specific time, the dummy variable was set to 1; otherwise, it was set to 0.   

2019
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Before COVID-19 
started in Utah

State of 
Emergency

State of Utah 
declares COVID-19 a 
state of emergency
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Update to State 
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Figure 4.2  Milestones of Pandemic-Related Policies 
 

 

All data are aligned with VMT data and aggregated by week. In other words, economic and weather data 
are collected from January 2019 to the first week of July 2021, while pandemic-related data and policies 
are collected once they are available until the first week of July 2021. 
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4.3 Results and Discussion 

VMT is highly affected by the severity of the pandemic (quantified by the number of new cases), policies, 
and individual/societal risk perceptions of traveling during the pandemic. Figure 4.3 shows the VMT for 
all types of vehicles (Total VMT) and trucks for two counties with the progression of the pandemic. It 
should be noted that the Truck VMT shown in the figure is scaled up by 10 times for better illustration. 
The most prolonged decrease in VMT occurs during the initial phase of the pandemic. After travel 
restrictions regarding COVID-19 were announced (around the second week of March 2020), total VMT 
dropped significantly by around 38.9% for Salt Lake County (72.9 million miles vs. 44.6 million miles) 
and 36.7% for Utah County (37.7 million miles vs. 23.8 million miles) in one month. Truck VMT also 
dropped by 26.2% (4.6 million miles vs. 3.6 million miles) and 19.8% (3.4 million miles vs. 2.7 million 
miles) for Salt Lake and Utah Counties, respectively. Travel restrictions issued by the state government 
and public concerns regarding the virus both lead to this large and prolonged drop. 

 
Figure 4.3  VMT versus Number of New COVID Cases (Truck VMT is Scaled up by 10 Times for Better 

Illustration) 
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Once restrictions were relaxed and public perceptions shifted, even during rising case counts, starting 
from the last week of April 2020, VMT began to recover to pre-pandemic levels. By mid-June 2020, total 
VMT recovered to 89.9% (65.6 million miles) and 99.6% (37.5 million miles) of pre-pandemic levels for 
Salt Lake and Utah Counties, respectively. Truck VMT shows a similar trend. Note that the VMT 
recovered faster and stronger for Utah County. To this date, there is not a huge difference in pandemic-
related policies between the two counties; the differences are likely due to the different risk perceptions of 
the residents living/traveling in the two counties. Interestingly, implementing mask mandates did not 
significantly reduce VMT.  

During the late months of 2020 and the beginning of 2021, VMT began to drop again. This decrease can 
partially be attributed to holidays during this time of year, especially for truck VMT. However, the total 
VMT of the first week in 2021 (52.6 million miles for Salt Lake County and 29.9 million miles for Utah 
County) is less than that of the first week in 2020 (57.9 million for Salt Lake County and 31.8 million 
miles for Utah County). The slight drop can be attributed to increased state restrictions and the highest 
case count totals of COVID-19. These high case counts and restrictions remained throughout early 2021, 
causing the decline in VMT to stagnate as the high case counts persisted.  

During the latter stage of the pandemic, the vaccines plays an important role in the recovery of traffic. 
Figure 4.4 shows the changes in VMT with the percentage of fully vaccinated individuals over 12 years of 
age. COVID vaccines began to be administered in the State of Utah in December 2020 during the peak of 
the pandemic. In the ensuing months, as vaccines became more available, new confirmed cases began to 
decrease significantly. A Pearson correlation study reveals that total VMT is positively correlated to the 
percentage of fully vaccinated individuals with coefficients of 0.837 and 0.937 for Salt Lake and Utah 
counties, respectively (Figure 4.4). At the end of the study period, VMT gradually recovered to, if not 
exceeded, pre-pandemic levels. In late June 2021, the total VMT is 75.8 million miles for Salt Lake 
County and 32.5 million miles for Utah County, which respectively yields a 2.2% and 6.8% increase 
compared with total VMT of late February 2020. Again, VMT increased faster and more so for Utah 
County due to similar reasons. Truck VMT increased by more than 10% (4.6 million miles vs. 5.2 million 
miles) for Salt Lake County. A possible reason is the significant growth of online shopping and on-
demand delivery during the pandemic (AASHTO Journal, 2020; Christidis et al., 2021a; Shamshiripour et 
al., 2020). These trends increased during the crisis as a response to limitations in retailing, risk aversion, 
and social distancing. The growth of online shopping requires more delivery truck trips, then in turn 
significantly increases the truck VMT.  



25 

 

 

 

  

Figure 4.4  VMT versus Percentage of Fully Vaccinated People (Truck VMT is Scaled up by 10 Times 
for Better Illustration) 

In summary, the pandemic significantly impacts the traffic in Utah’s Salt Lake County and Utah County. 
At the earlier stage, traffic drops significantly due to the direct travel restrictions. Once the restrictions 
have been reduced, traffic has gradually recovered while the recovering process may be impacted by the 
pandemic if it is severe. As the vaccinated population continuously grows, traffic in both counties has 
fully recovered to the pre-pandemic level. The recovery is much faster than the forecast by Christidis et 
al. (2021), which stated that vehicular traffic will return to the pre-pandemic level around 2025. Truck 
traffic even increased as a result of ever-increasing online shopping activities.  
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4.4 Conclusion 

The global COVID-19 pandemic has had a great impact on the traffic across the U.S. However, there are 
few studies investigating the pandemic’s impact on vehicular traffic at the latter stage of the pandemic. 
Therefore, this section studied the change of freeway traffic patterns in two metropolitan Utah counties, 
Salt Lake County and Utah County, during the pandemic. We conclude that: 

1. Vehicular traffic is decreased during the early stage of the pandemic due to the government 
restrictions and individuals’ risk perception in traveling. 

2. With the relaxation of travel restrictions and COVID vaccines, vehicular traffic has recovered to, 
if not exceeded, pre-pandemic levels. 

3. Truck traffic at the latter stage of the pandemic is higher than the pre-pandemic level due to the 
growth of online shopping and on-demand delivery. 

The summarized traffic patterns at the latter stage of the pandemic could help transportation agencies 
better understand the impacts of COVID-19 on traffic mobility. These can also potentially support the 
long-term urban planning strategic goals during the post-pandemic periods. For example, relevant 
agencies need to prepare adequate facilities such as truck parking and rest facilities in response to 
increasing truck traffic. 
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5. KNOWLEDGE-BASED MACHINE LEARNING FOR TRAFFIC 
PREDICTION 

5.1 Overview 

In this chapter, a traffic prediction model based on an innovative approach integrating machine learning 
with graph theory is proposed to forecast traffic patterns in the near future.  

The evaluation results show that the proposed prediction model has a highly desirable performance on 
root mean squared error (RMSE) and mean absolute percentage error (MAPE). The MAPE is between 
0.38% and 1.74% for different jurisdictions. On average, the model outperforms the traditional long short-
term memory model by 31.20% in terms of RMSE. 

The model performance reassures that incorporating human knowledge helps to improve model 
performance. The developed prediction model could be used by responsive agencies such as state DOTs 
to prepare for near-future traffic demand patterns. 

5.2 Methodology 

Recently, graphical neural networks (GNN) have been used in various traffic forecasting studies, such as 
traffic flow (Tang & Zeng, 2021) and speed (Zhao et al., 2020) prediction, vehicular trajectory estimation 
(Li et al., 2021), and travel demand forecasting (Xiong et al., 2020). As traffic networks are naturally 
graphs, GNN-based models are able to capture spatial dependency of traffic data, and thus outperform 
previous forecasting models such as autoregressive integrated moving average model, support vector 
regression, and recurrent neural network (RNN) based models, such as long short-term memory (LSTM) 
(Jiang & Luo, 2021; J. Yuan et al., 2019; Zhao et al., 2020). In other words, the graphs used in almost all 
existing GNN-based traffic forecasting studies focus on obtaining spatial information. A typical traffic 
graph is defined as 𝐺𝐺𝑡𝑡 = (𝑉𝑉,𝐸𝐸,𝐴𝐴), where 𝑉𝑉 is the set of nodes such as roadway segment/traffic detectors 
for microscopic models or specific geographical areas for macroscopic models; 𝐸𝐸 is the set of edges 
between nodes, which show the spatial connectivity; 𝐴𝐴 is the adjacency matrix representing the “edge 
weight” such as distances (Jiang & Luo, 2021). 

In this study, although the problem could be formulated into a time series forecasting, we are specifically 
interested in modeling the impacts of external factors on vehicular traffic. A preprint paper reveals that 
adding human knowledge as a form of “knowledge graph” to the existing GNN-based traffic forecasting 
model could improve the model performance (Zhu et al., 2020). Therefore, we adopted this idea and 
developed a knowledge graph depicting the relationships between the factors mentioned in the previous 
section. The directed knowledge graph 𝐺𝐺𝑘𝑘 = (𝑉𝑉𝑘𝑘 ,𝐸𝐸𝑘𝑘 ,𝐴𝐴𝑘𝑘) is shown in Figure 5.1, where node set 𝑉𝑉𝑔𝑔 
consists of VMT and impact factors; edge set 𝐸𝐸𝑔𝑔 represents the “possible” impact relations (the edge 𝑒𝑒𝑖𝑖𝑖𝑖 
exists if the node 𝑖𝑖 has possible impact on node 𝑗𝑗); the adjacency matrix 𝐴𝐴𝑔𝑔 is a binary matrix showing the 
existence of edges only. The complex knowledge graph clearly demonstrates that these factors are highly 
intercorrelated, which might indicate that simple regression models may fail due to collinearity. 
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Figure 5.1  Knowledge Graph Depiction 

Therefore, the forecasting problem is formulated as learning the mapping function 𝑑𝑑 on the premise of 
knowledge graph 𝐺𝐺𝑘𝑘 and the factor matrix 𝑋𝑋 and calculate 𝑋𝑋𝑇𝑇 in next 𝑇𝑇 timestamps. In this study, a one-
step forecast (one week ahead) is considered as longer-term forecasting and may not be valid due to the 
rapid change in pandemic and policy status: 

𝑋𝑋𝑡𝑡+1 =  𝑓𝑓�𝐺𝐺𝑘𝑘; (𝑋𝑋𝑡𝑡−𝑛𝑛, … ,𝑋𝑋𝑡𝑡−1,𝑋𝑋𝑡𝑡  )� (5.1) 

where 𝑋𝑋𝑡𝑡+1 is the values of all factors at the timestamp 𝑡𝑡 + 1 although we are only interested in the VMT, 
and 𝑛𝑛 is the length of historical time series, which is a tunable factor. 

The model used to learn the mapping is a graph convolutional networks-long short-term memory (GCN-
LSTM). It is a variant of the model proposed by Zhao et al. (2020). The model consists of two parts 
(Figure 5.2): the graph convolution network (GCN) (Defferrard et al., 2016), a popular GNN model used 
to obtain the relationships between factors from the knowledge graph, and the LSTM (Hochreiter et al., 
1997) used to obtain the temporal dependency. 
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Figure 5.2  GCN-LSTM Model Structure 

The basic concept behind the GCN model is using a filter to capture the feathers between a node and its 
first-order neighborhood. The GCN can then be built by stacking multiple convolutional neural network 
layers: 

𝐻𝐻(𝑙𝑙+1) =  𝜎𝜎 �𝐷𝐷�−
1
2𝐴̃𝐴𝐷𝐷�−

1
2𝐻𝐻(𝑙𝑙)𝜃𝜃(𝑙𝑙)� (5.2) 

where 𝐴̃𝐴 =  𝐴𝐴𝑘𝑘 + 𝐼𝐼𝑛𝑛 is the adjacency matrix, including self-connections of the nodes; 𝐼𝐼𝑛𝑛 is an n-degree 
identity matrix representing self-connections; 𝐷𝐷� = ∑ 𝐴̃𝐴𝑖𝑖𝑖𝑖𝑗𝑗 is the degree matrix of the graph representing 
the neighborhood information; 𝐻𝐻(𝑙𝑙) is the output matrix the layer 𝑙𝑙 and the 𝜃𝜃(𝑙𝑙) is the associated trainable 
parameters; 𝜎𝜎(∙) is the sigmoid function. 

Figure 5.3  Illustration of a GCN Filter (Adopted from Zhao et al., 2020) 
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Incorporating GCN with LSTM, we get:  

ℎ𝑡𝑡 = 𝑜𝑜𝑡𝑡𝑅𝑅𝑒𝑒𝑅𝑅𝑅𝑅(𝑐𝑐𝑡𝑡) (5.3) 

𝑜𝑜𝑡𝑡 =  𝜎𝜎(𝑊𝑊𝑜𝑜[𝑑𝑑(𝐴𝐴𝑘𝑘 ,𝑋𝑋𝑡𝑡),ℎ𝑡𝑡−1] + 𝑉𝑉𝑜𝑜𝑐𝑐𝑡𝑡) (5.4) 

𝑐𝑐𝑡𝑡 = 𝑓𝑓𝑡𝑡𝑐𝑐𝑡𝑡−1 + 𝑖𝑖𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝑊𝑊𝑐𝑐[𝑓𝑓(𝐴𝐴𝑘𝑘 ,𝑋𝑋𝑡𝑡),ℎ𝑡𝑡−1]) (5.5) 

𝑑𝑑𝑡𝑡 = 𝜎𝜎�𝑊𝑊𝑓𝑓[𝑑𝑑(𝐴𝐴𝑘𝑘 ,𝑋𝑋𝑡𝑡),ℎ𝑡𝑡−1] + 𝑉𝑉𝑓𝑓𝑐𝑐𝑡𝑡−1� 𝑓𝑓

𝑖𝑖𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝑖𝑖[𝑓𝑓(𝐴𝐴𝑘𝑘 ,𝑋𝑋𝑡𝑡),ℎ𝑡𝑡−1] + 𝑉𝑉𝑖𝑖𝑐𝑐𝑡𝑡−1) (5.7) 

where ℎ𝑡𝑡 is the output of LSTM unit at the timestamp 𝑡𝑡, while the forecast is the output of the final LSTM 
layer (as shown in Figure 5.3); 𝑜𝑜𝑡𝑡 is the “output gate” that modulates the amount of memory content 
exposure; 𝑊𝑊s are trainable matrixes; 𝑓𝑓(𝐴𝐴𝑘𝑘 ,𝑋𝑋𝑡𝑡) is the final output of the stacked GCN layers; 𝑉𝑉s are 
diagonal matrixes; 𝑐𝑐𝑡𝑡 is the “memory” maintained by the unit at 𝑡𝑡 and is updated by partially forgetting 
the existing memory by factor gate 𝑓𝑓𝑡𝑡 and adding a new memory content through input gate 𝑖𝑖𝑡𝑡. Note that 
normally the activation function used in LSTM is the hyperbolic tangent function (tanh). However, the 
tanh activation does not perform well in this forecasting problem according to extensive algorithm 
trainings done by the research team. Since the rectified linear unit (ReLU) activation functions could be 
used in RNNs with right initialization of the weights (Le et al., 2015), the ReLU activations are adopted. 

The loss function used in training is mean square errors between the predicted factors and the observed 
ones. Adam optimizer was selected to minimize the loss.  

Forecasting models are developed for two counties separately since their demographics are very different. 
For example, as stated in the last section, residents of two counties have different political views and, in 
turn, impact their risk perceptions on the virus and traveling during the pandemic. Such unobserved 
heterogeneity could not be modeled using the existing data. Therefore, in total, four models (2 counties × 
2 VMT types) are developed.   

The model is evaluated by two benchmark models, the persistence model and a fine-tuned LSTM. The 
persistence model is widely used as the benchmark for time series forecasting problems. A persistence 
model assumes that the future value of a time series is calculated under the assumption that nothing 
changes between the current time and the forecast time. Note that although GCN-LSTM is able to 
forecast all input factors at the future timestamps, only VMT is used to quantify the model performance. 
Two evaluation metrics are employed, which are root mean squared error (RMSE) and mean absolute 
percentage error (MAPE) as follows: 
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5.3 Results and Discussion 

Table 5.1 shows the specifications and hypermeters used in the GCN-LSTM model and the benchmarking 
LSTM. As stated earlier, due to the rapid change of pandemic and policy status, only the data from the 
latter stage of the pandemic, i.e., after the rollout of vaccines, was selected to develop the forecasting 
model. Twenty weeks of data are used for training, and the last four weeks of data are used for testing. 
During the training, an early stopping technique was employed to prevent overfitting. For GCN-LSTM, 
the data from the past two weeks were used to construct the direct input according to the model tuning. 
The tuning process shows that adding previous timestamp data into the knowledge graph improves the 
model performance, possibly because some independent variables may have delayed impacts on the 
others. Therefore, 𝑋𝑋𝑡𝑡+1,𝑔𝑔 is calculated as follows: 

𝑋𝑋𝑡𝑡+1,𝑔𝑔 =  𝑑𝑑𝑔𝑔�𝐺𝐺𝑘𝑘; (𝑋𝑋𝑡𝑡−1,𝑋𝑋𝑡𝑡  )� (5.10) 

However, for LSTM, the tuning process indicates that adding previous timestamp data may distort the 
memory since it does not have a structure that allows the interactions between independent variables. 
Thus, the 𝑉𝑉𝑅𝑅𝑇𝑇𝑡𝑡+1,𝑙𝑙 is as follows: 

𝑉𝑉𝑅𝑅𝑇𝑇𝑡𝑡+1,𝑙𝑙 =  𝑑𝑑𝑙𝑙(𝑋𝑋𝑡𝑡−1) (5.11) 

Table 5.1  Model Configuration 
Model GCN-LSTM LSTM 

Layer Configuration GCN: (16,10) N/A 
LSTM: (20, 20, 40, 40, 40, 40, 20, 20) 20 

Learning Rate 0.001 0.01 
Optimizer Adam Adam 
Past Data Used Two weeks One week 

Table 5.2  Model Performance 

County Vehicle 
Type 

Persistence LSTM GCN-LSTM 
RMSE 

(106 Miles) MAPE RMSE 
(106 Miles) MAPE RMSE  

(106 Miles) MAPE 

Salt 
Lake 

Total 2.3979 2.98% 0.9440 
(-60.63%) 

1.25%  
(-58.08%) 

0.6374 
(-73.42%) 

0.72%  
(-75.90%) 

Truck 0.2480 4.53% 0.1449 
(-41.56%) 

2.19%  
(-51.57%) 

0.1006 
(-59.45%) 

1.74% 
(-61.67%) 

Utah 
Total 1.8757 3.09% 0.9327 

(-50.28%) 
1.76%  

(-42.91%) 
0.5943 

(-68.32%) 
1.39%  

(-55.01%) 

Truck 0.0689 1.93% 0.0236 
(-65.76%) 

0.64%  
(-66.62%) 

0.0176 
(-74.46%) 

0.38% 
(-80.43%) 

Average 
Performance 
Improvement 

Persistence / LSTM Persistence / GCN-LSTM LSTM / GCN-LSTM 
RMSE MAPE RMSE MAPE RMSE MAPE 

-54.56% -54.80% -68.91% -68.25% -31.20% -31.48% 
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The GCN-LTSM is developed using Python programming language with the support of machine learning 
packages StellarGraph (Data61, 2018), Keras (Chollet, 2015), and TensorFlow (Abadi et al., 2016). 

Table 5.2 shows the performance of GCN-LSTM and other benchmark models for different scenarios (2 
counties × 2 vehicle types). The table shows that GCN-LSTM obtains the best forecast performance for 
all four scenarios in terms of both evaluation metrics. On average, GCN-LSTM reduced RMSE by 
31.20% and MAPE by 31.48% compared with traditional LSTM models. Thus, incorporating knowledge 
regarding the interrelationships between explanatory factors significantly improves the model’s prediction 
ability, which is also confirmed by previous studies (Y. Yuan et al., 2021; Zhu et al., 2020). 

 
Figure 5.4  Prediction Results of the Models (Up Left: Total VMT for Salt Lake County; Up Right: Total 

VMT for Utah County; Down Left: Truck VMT for Salt Lake County; Down Right: Truck 
VMT for Utah County) 

To better understand the GCN-LSTM model, the prediction results of the model and the benchmarks on 
testing data are visualized (Figure 5.4). The results show that: 

1. Persistence models fail to forecast future VMTs due to the rapid change of the pandemic status. 
Take the total VMT of Salt Lake County as an example. The total VMT of the fourth week (74.5 
million miles) increased by 5.4% (70.7 million miles) in three weeks. This also implies that long-
term forecasting during the pandemic might not be valid. 
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2. Both LSTM and GCN-LSTM are able to capture the general increasing trend of VMT. GCN-
LSTM has smaller prediction errors for almost all prediction points. This re-confirms that human 
knowledge helps to improve model performance. 

3. However, a sudden drop of VMT exists from the third week to the fourth. Both LSTM and GCN-
LSTM models have poor capability in predicting this drop. LSTM failed to predict drops for all 
scenarios while GCN-LSTM only captured the drop when predicting the truck VMT of Utah 
County. We speculate that the main cause is uncaptured randomness. Prediction models tend to 
make smoother predictions. 

5.4 Conclusion 

A prediction model based on innovative GCN-LSTM is developed to forecast traffic patterns in the near 
future. GCN-LSTM is able to capture the interrelations between the explanatory variables. The evaluation 
results show that the proposed prediction model has a highly desirable performance. The highest MAPE 
of the model among all four scenarios (2 counties × 2 vehicle types) is only 1.74% while the lowest is 
0.38%. The model outperforms the benchmarking persistence models and LSTM models by -68.91% and 
-31.20% in terms of RMSE. This reassures that incorporating human knowledge helps to improve model 
performance. The developed prediction model could be used by responsive agencies such as state DOTs 
to prepare for the near-future traffic demand pattern. 
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6. CONCLUSION 

6.1 Summary 

In response to the COVID-19 pandemic, the U.S. Department of Transportation must quickly adapt to 
ensure the continuation of critical infrastructure support and relief for the American people. Since March 
2020, the pandemic has significantly impacted traffic across the country, with traffic patterns, demands, 
and durations changing in response to COVID status. Thus, there is a crucial need for research to study 
the impact of COVID on traffic patterns and analyze the relationship among traffic demand patterns, daily 
confirmed cases/deaths, state policies, public perceptions, etc. This study focuses on Salt Lake County, 
Utah, to investigate the impact of COVID-19 on traffic safety in different stages using statistical methods. 
The study also analyzes the effect of COVID-19 on traffic patterns in Salt Lake County and Utah County 
from January 2019 to July 2021, identifying different vehicle miles traveled (VMT) patterns during the 
pre-pandemic stage, early pandemic stage, and late pandemic stage. Finally, the study proposes a 
knowledge-based traffic prediction model that integrates machine learning with graph theory to forecast 
traffic patterns in the near future. 

6.2 Findings 

According to the findings regarding traffic safety, crash frequency throughout the pandemic was 
significantly lower than that of the pre-pandemic period, even when considering other factors. However, 
during the latter stage of the pandemic, it increased significantly due to the relaxation of restrictions. In 
the early stages of the pandemic, crash severity levels increased due to higher speeds, increased DUI 
incidents, decreased seat belt usage, and more commercial vehicles on the roads. However, crash severity 
levels later decreased to levels comparable to the pre-pandemic period due to reduced speeds and 
increased seat belt use. To enhance traffic safety in the incoming “new normal,” stakeholders should take 
measures to prevent DUIs and reduce commercial vehicle-related crashes. 

For traffic patterns, during the early stage of the pandemic, vehicular traffic decreased as a result of 
government restrictions and individuals’ risk perceptions regarding travel. However, as travel restrictions 
were relaxed and COVID vaccines became available, vehicular traffic gradually recovered and, in some 
cases, even exceeded pre-pandemic levels. Furthermore, during the latter stage of the pandemic, truck 
traffic was higher than pre-pandemic levels due to the rise in online shopping and on-demand delivery. 
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6.3 Limitation and Challenges 

There are limitations in this project. First, the study was only conducted for freeways due to limited data 
availability. Subsequent studies may assess arterials’ safety performance during the pandemic’s different 
stages. Second, due to the need for detailed local survey data, human factors were not included in the 
statistical modeling of crash frequency. Further studies on the relationship between human factors and 
crash frequency during the latter pandemic stage are desirable. Third, the pandemic may have 
complicated impacts on traffic beyond the VMT. For example, during the pandemic, traffic patterns 
changed from the typical two-peak pattern (morning peak followed by a drop and then afternoon peak) to 
a gradually increasing to a single afternoon peak in some metropolitan areas (Loo & Huang, 2022; Skip 
Descant, 2020). The authors attempted to model the change in traffic patterns by introducing speed-
related factors, but the resultant models suffered from multicollinearity issues. A good future direction 
could be conducting a real-time safety analysis (J. Yuan et al., 2019), which focuses on the occurrence of 
each crash. It can model the impact of real-time traffic and environmental factors closely preceding the 
crash. Fourth, the statistical models used in this study can be improved, e.g., by using random parameter 
models to consider the unobserved heterogeneity. 
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8. APPENDIX 

Table A  Descriptive Statistics of Variables Used in Crash Frequency Analysis 
Variable Pandemic Statistics 

Mean S.D. Minimum Maximum 
Daily Number of Crashes Before 16.6934  11.2159  0 110 

During Total 12.5071  8.3181  1 77 
Earlier 10.4506  7.1871  1 77 
Later 14.6224  8.8637  1 76 

Non-Covid-Related Independent Variables 
Ln (VMT) (The unit of VMT is mile) Before 16.0861  0.1957  15.4264  16.3018  

During Total 15.9944  0.1983  15.1075  16.2719  
Earlier 15.9316  0.2046  15.1075  16.1946  
Later 16.0591  0.1690  15.4753  16.2719  

Average Temperature (℉) Before 50.6133  18.6965  16 90 
During Total 55.1887  19.2418  16 91 

Earlier 54.8456  19.1433  23 90 
Later 55.5417  19.3612  16 91 

Total Precipitation (inch) Before 0.0536  0.1313  0 0.8500 
During Total 0.0311  0.1044  0 0.9100 

Earlier 0.0252  0.0852  0 0.8500 
Later 0.0372  0.1208  0 0.9100 

Covid-Related Independent Variables 
Numerical Variable Covid Stage Descriptive Statistics 

Mean S.D. Minimum Maximum 
Number of New Covid Cases Earlier 368.1722  349.3825  0 1646 

Later 517.8047  903.7283  24 5810 
Death Rate (%) Earlier 0.1804  0.6748  0 6.3830  

Later 0.1014  0.3524  0 2.3474  
Categorial Variables Covid Stage Yes (1) No (0) 

Count % Count % 
Lockdown Earlier 52 13.1646 343 86.8354 

Later 0 0 384 100% 
Mask Mandate Earlier 287 72.6582 108 27.3418 

Later 42 10.9375 342 89.0625 
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Table B  Descriptive Statistics of Variables Used in Crash Severity Analysis 
Variable Pandemic Yes (1) No (0) 

Count % Count % 
Whether a Crash Leads to Injuries Before 521 7.22% 6700 92.78% 

During Total 804 8.44% 8723 91.56% 
Earlier 387 9.49% 3691 90.51% 
Later 417 7.65% 5032 92.35% 

Categorical Independent Variables 
Manner of Collision  Angle Before 352 4.87% 

During Total 468 4.91% 
Earlier 231 5.66% 
Later 237 4.35% 

Front to Rear Before 3312 45.87% 
During Total 3565 37.42% 

Earlier 1298 31.83% 
Later 2267 41.60% 

Head On (front-to-
front) 

Before 46 0.64% 
During Total 36 0.38% 

Earlier 19 0.47% 
Later 17 0.31% 

Single Vehicle Before 2016 27.92% 
During Total 3209 33.68% 

Earlier 1548 37.96% 
Later 1661 30.48% 

Parked Vehicle Before 22 0.30% 
During Total 33 0.35% 

Earlier 16 0.39% 
Later 17 0.31% 

Rear to Rear Before 4 0.06% 
During Total 3 0.03% 

Earlier 3 0.07% 
Later 0 0.00% 

Rear to Side Before 6 0.08% 
During Total 4 0.04% 

Earlier 2 0.05% 
Later 2 0.04% 

Sideswipe Opposite 
Direction 

Before 17 0.24% 
During Total 14 0.15% 

Earlier 8 0.20% 
Later 6 0.11% 

Sideswipe Same 
Direction 

Before 1446 20.02% 
During Total 2195 23.04% 

Earlier 953 23.37% 
Later 1242 22.79% 

Daylight Condition Before 5238 72.54% 1983 27.46% 
During Total 6765 71.01% 2762 28.99% 

Earlier 2823 69.23% 1255 30.77% 
Later 3942 72.34% 1507 27.66% 
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Adverse Roadway Surface Condition Before 1970 27.28% 5251 72.72% 
During Total 1881 19.74% 7646 80.26% 

Earlier 778 19.08% 3300 80.92% 
Later 1103 20.24% 4346 79.76% 

Adverse Weather Before 1559 21.59% 5662 78.41% 
During Total 1447 15.19% 8080 84.81% 

Earlier 622 15.25% 3456 84.75% 
Later 825 15.14% 4624 84.86% 

Commercial Vehicle Involved Before 681 9.43% 6540 90.57% 
During Total 1147 12.04% 8380 87.96% 

Earlier 453 11.11% 3625 88.89% 
Later 694 12.74% 4755 87.26% 

Distracted Driving Involved Before 474 6.56% 6747 93.44% 
During Total 545 5.72% 8982 94.28% 

Earlier 239 5.86% 3839 94.14% 
Later 306 5.62% 5143 94.38% 

Drowsy Driving Involved Before 117 1.62% 7104 98.38% 
During Total 198 2.08% 9329 97.92% 

Earlier 92 2.26% 3986 97.74% 
Later 106 1.95% 5343 98.05% 

DUI Involved Before 204 2.83% 7017 97.17% 
During Total 443 4.65% 9084 95.35% 

Earlier 219 5.37% 3859 94.63% 
Later 224 4.11% 5225 95.89% 

Motorcycle Involved Before 46 0.64% 7175 99.36% 
During Total 86 0.90% 9441 99.10% 

Earlier 39 0.96% 4039 99.04% 
Later 47 0.86% 5402 99.14% 

Older Driver Involved Before 691 9.57% 6530 90.43% 
During Total 890 9.34% 8637 90.66% 

Earlier 348 8.53% 3730 91.47% 
Later 542 9.95% 4907 90.05% 

Overturn/Rollover Involved Before 211 2.92% 7010 97.08% 
During Total 330 3.46% 9197 96.54% 

Earlier 170 4.17% 3908 95.83% 
Later 160 2.94% 5289 97.06% 

Unrestrained Involved Before 113 1.56% 7108 98.44% 
During Total 205 2.15% 9322 97.85% 

Earlier 94 2.31% 3984 97.69% 
Later 111 2.04% 5338 97.96% 

Numerical Independent Variables 
Variable Covid Descriptive Statistics 

Mean S.D. Minimum Maximum 
Average Speed (mph) Before 64.3535  3.7825  47.2906  70.1399  

During Total 65.5001  2.2703  55.4369  68.5575  
Earlier 66.4314  1.8597  55.4369  68.5575  
Later 64.8031  2.2999  55.8201  68.4569  
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