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Executive Summary

This study focuses on six diverse California counties: Imperial, Los Angeles, Riverside, San
Bernardino, San Diego, and San Francisco, each representing a unique blend of demographics,
landscapes, and socioeconomic characteristics. The dataset spans from 2000 to 2020, capturing a
comprehensive array of variables falling into three main categories: demographics, economics, and
pollution. The outcome variable of interest is total vehicle miles traveled (VMT) by commercial
vehicles primarily used for transportation purposes.

Key Findings

e Total VMT Trends: Total commercial VMT tends to be at its lowest around 2000, with a
notable decline in the early 2010s likely due to the lasting effects of the 2008 global
financial crisis and fluctuating fuel prices.

o Correlation Analysis: Total VMT demonstrates positive correlations with trips, CO,

emissions, NO, emissions, and fuel consumption. It shows negative correlations with
unemployment and poverty across all counties, indicating higher total VMT is associated
with increased trips and emissions but lower unemployment and poverty rates.

e [ ASSO Regression:

o A smaller subset of variables was selected, with vehicle population and fuel
consumption showing significant positive impacts on total VMT in multiple
counties.

o Pollution variables CO, and PM, s were selected, while economic factors such as
median income and number of employed were chosen in specific counties.

e Elastic Net Regression:

o Elastic net regression included a greater number of variables for each county,
highlighting the balance between feature selection and managing multicollinearity.

o Vehicle population, number of trips, and fuel consumption were consistently
selected across all counties.

o CO; and PM;s pollution variables were chosen for all counties, while other
pollution variables were not selected uniformly.

o Economic factors like the number of employed and the house price index were
included in multiple counties.
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Implications

Economic Influence: Total commercial VMT appears heavily influenced by economic

factors, especially during the aftermath of the 2008 financial crisis.

Policy Insights: Understanding the impact of economic conditions, pollution, and other

factors on total VMT is crucial for informing transportation and environmental policies.

Variable Importance: Vehicle population, fuel consumption, and pollution variables (CO,

and PM,5) emerge as key predictors of total commercial VMT.

Recommendations

Policy Adaptations: Policymakers should consider economic fluctuations when designing
transportation policies, especially for commercial vehicle operations.

Environmental Considerations: Strategies to reduce CO, and PM,;s emissions from

commercial vehicles could have significant impacts on total VMT.

Further Research: Future studies could explore additional factors influencing total

commercial VMT and consider longitudinal effects for a more comprehensive
understanding.

Conclusion

In conclusion, this study provides valuable insights into the dynamics of total commercial VMT

across diverse California counties. By analyzing correlations, LASSO and elastic net regression

results, and historical trends, we uncover key predictors and trends influencing commercial vehicle

travel. These findings can inform policymakers, urban planners, and environmental agencies in

developing strategies for sustainable transportation and economic resilience. For detailed analyses

and specific findings, refer to the complete study.
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1. Introduction

Vehicle miles traveled (VIMT) serves as a fundamental cornerstone in the analysis of transportation
dynamics, offering invaluable insights into the utilization and effectiveness of transportation
infrastructures. With its comprehensive scope, VMT encapsulates the cumulative distance covered
by all vehicles across specific regions, enabling policymakers and transportation stakeholders to
discern patterns, identify challenges, and formulate strategic interventions (Federal Highway
Administration, n.d.). Given its pivotal role, VMT has been the focal point of sustained scrutiny
and examination over time, reflecting its criticality in gauging the evolving landscape of
transportation systems. In line with projections by the Federal Highway Administration (FHWA),
the trajectory of national VMT is poised to witness a 22% surge from 2019 to 2049 (Federal
Highway Administration, 2020). This anticipated growth trajectory underscores the multifaceted
drivers propelling the expansion of VMT, with diverse vehicle categories making substantive
contributions to this upward trend.

Among the components of VMT, light-duty vehicles represent the largest portion of vehicular
travel, encompassing various personal vehicles used for daily commuting, errands, and recreational
purposes. Following closely are single-unit trucks, which include delivery vans, service vehicles,
and small freight carriers, contributing substantially to urban logistics and last-mile transportation.
Additionally, combination trucks, comprising tractor-trailers and heavy-duty freight vehicles, play
a pivotal role in long-haul freight transportation, facilitating the movement of goods across vast
distances. The Federal Highway Administration's forecasts project a 17% increase in light-duty
vehicle VMT by 2049, reflecting ongoing societal trends such as population growth, urbanization,
and economic expansion. In contrast, single-unit truck VMT is anticipated to surge by 101%,
underscoring the vital role of local and regional freight networks in supporting supply chains and
commerce. Similarly, combination truck VMT is projected to rise by 57% over the same period,
driven by increased demand for goods movement and intermodal transportation solutions. This
anticipated growth in commercial VMT highlights the importance of investigating the primary
factors influencing transportation patterns and infrastructure utilization, as it has significant
implications for urban mobility, environmental sustainability, and overall economic development.
Effective transportation planning and policy development are essential to address the challenges
and opportunities associated with this anticipated surge in vehicular travel, ensuring that
infrastructure investments align with evolving mobility needs, environmental objectives, and
societal priorities.

Understanding the factors driving the growth in commercial VMT is crucial for developing
sustainable and efficient transportation strategies. This paper aims to delve into the key
determinants of commercial VMT growth, analyzing factors such as economic trends,
demographic shifts, and variables related to pollution. Several attempts have been made to identify
factors that affect VMT. Brownstone and Golob (2009) examined the relationship between
residential density, vehicle usage, and energy consumption. Their study explores how variations in

MINETA TRANSPORTATION INSTITUTE 3



residential density influence travel behavior and energy usage patterns. Findings suggest that
higher residential density is associated with reduced vehicle usage and lower energy consumption,
highlighting the potential role of urban planning policies in promoting sustainable transportation
practices. McMullen and Eckstein (2012) examined the relationship between vehicle miles
traveled (VMT) and economic activity in the United States, questioning the conventional wisdom
that economic growth leads to increased VMT. Using time series techniques, they empirically test
tor Granger causality between VMT and various measures of national economic activity. The
findings suggest that, in most cases, the causal relationship is from economic activity to VMT,
indicating that exogenous shocks to VMT are unlikely to affect national GDP negatively, though
the relationship varies across different stages of the business cycle and is not significant for urban
areas. Woldeamanuel and Kent (2014) examined the determinants of per capita vehicle miles
traveled (VMT) in California. The findings suggest that factors such as income, fuel prices, vehicle
ownership, and land use significantly influence VMT trends in the state. Newmark et al. (2015)
investigated the relationship between income, location efficiency, and vehicle miles traveled
(VMT), focusing on affordable housing as a climate strategy. The study examines how housing
location influences transportation behavior and its implications for VMT patterns. They suggest
that affordable housing located in transit-rich areas can contribute to reduced VMT, highlighting
the potential role of housing policies in addressing climate change through transportation-related
emissions reductions. Loder, Tanner, and Axhausen (2017) investigated the impact of local work
and residential balance on Vehicle Miles Traveled (VMT) using a new direct approach. Their
methodology involves analyzing detailed GPS data to measure VMT for individuals in Switzerland
directly. The results show that a balanced distribution of work and residential locations can
significantly reduce VMT, indicating the importance of spatial planning policies in mitigating
transportation-related environmental impacts.

In addition to exploring the relationship between commercial VMT and other factors, our focus
extends to forecasting commercial VMT. Kumapley and Fricker (1996) examined the importance
of VMT estimates in transportation planning, emphasizing the necessity for objective comparisons
between different estimation methods. Their review of methods used by the Indiana Department
of Transportation (INDOT) compares statewide VMT estimates derived from INDOT's traffic
count-based method with those from a non-traffic-data cross-classification VMT estimation
model, revealing a tendency for INDOT's traffic count-based estimates to be 10 to 20 percent
higher than estimates from the cross-classification model. Polzin et al. (2004) aimed to forecast
tuture vehicle miles of travel in the United States, employing a methodology that involves
analyzing transportation data and trends to develop predictive models. Their findings indicate an
upward trend in vehicle miles of travel over the forecasted period, underscoring the importance of
infrastructure planning and transportation policy development to accommodate increasing travel
demand. Additionally, Williams et al. (2016) explored diverse methodologies for estimating and
torecasting VMT, including statistical modeling, travel demand models, and data-driven
approaches. Their findings provide the necessity of tailored methodologies to enhance VMT
prediction accuracy for effective transportation planning and policy decisions.
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The structure of this paper is outlined as follows. Section 2 provides a detailed exposition of the
data and methodology, elucidating the data sources, input-output variables, and summarizing their
respective statistics. Subsequently, the paper delves into a discussion on the modeling approach,
commencing with multiple linear regression and addressing any encountered limitations. Section
3 elucidates the findings derived from LASSO regression and elastic net regression, accompanied
by an evaluation of forecasting capabilities. And Section 4 presents concluding remarks.

MINETA TRANSPORTATION INSTITUTE 5



2. Data and Methodology
2.1 Data and Data Collection

In this study, we focus on six diverse California counties: Imperial, Los Angeles, Riverside, San
Bernardino, San Diego, and San Francisco, each with its unique blend of demographics,
landscapes, and socioeconomic characteristics. These counties represent a broad spectrum of
California's geographical and cultural diversity, from the bustling metropolis of Los Angeles to
San Diego's coastal regions, and from the agricultural heartland of Imperial County to the urban
center of San Francisco. By examining these counties together, we aim to capture the multifaceted
nature of California's communities and better understand the relationships among VMT,
demographics, economics, and pollution. Figure 1 provides a visual representation of the
geographic distribution of these counties, offering a glimpse into the vast and varied terrain they
cover across the state.

Figure 1. A Map Showing all Imperial, Los Angeles, Riverside, San Bernardino,

San Diego, and San Francisco Counties
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The following provides some brief characteristics of each county in Figure 1.
1. Imperial County:
e Located in the southeastern part of California, bordering Mexico

e Known for its agriculture, particularly in the production of lettuce, carrots, and other
vegetables
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e Desert climate with hot summers and mild winters
e Lower population density compared to other counties
2. Los Angeles County:
e The most populous county in the United States, with a diverse population

e Home to the city of Los Angeles, known for its entertainment industry (Hollywood),
beaches, and cultural diversity

e Diverse economy with sectors including entertainment, technology, finance, aerospace, and
tourism

e Varied geography ranges from beaches to mountains to urban areas
3. Riverside County:
o Located east of Los Angeles County, it is one of the fastest-growing counties in California

e Known for its desert landscape, but also includes urban areas like Riverside and Palm
Springs

e Economy includes agriculture, tourism (especially around Palm Springs), and healthcare
e Warm climate with hot summers and mild winters

4. San Bernardino County:
e The largest county in the United States by area

e Diverse geography with deserts, mountains (including part of the San Bernardino
Mountains), and valleys

e Economically diverse with industries such as logistics, manufacturing, healthcare, and
tourism

e Includes cities like San Bernardino and Ontario, as well as parts of the Mojave Desert
5. San Diego County:

e Located in the southwestern corner of California, bordering Mexico

MINETA TRANSPORTATION INSTITUTE 7



e Known for its mild climate, beautiful beaches, and outdoor recreational opportunities
e Home to the city of San Diego, a major center for biotechnology and defense industries

e Strong military presence with military bases like Naval Base San Diego and Marine Corps
Base Camp Pendleton

6. San Francisco County:

e Located in northern California, it is a compact county that includes the city of San
Francisco

e Known for its iconic landmarks such as the Golden Gate Bridge, Alcatraz Island, and
Fisherman's Wharf

e Diverse economy with a focus on technology (Silicon Valley is nearby), tourism, finance,
and healthcare

e High cost of living, particularly in the city of San Francisco, but also offers a rich cultural
scene and diverse population

These counties collectively represent a wide range of characteristics, from bustling urban centers
to rural agricultural areas, and from desert landscapes to coastal regions. Each county contributes
uniquely to California's diverse economy, culture, and landscape. The dataset used in this study
has been sourced from two primary sources: https://fred.stlouisted.org and
https://arb.ca.gov/emfac/.

Spanning the extensive timeframe from 2000 to 2020, the dataset comprises a comprehensive array
of variables falling into three main categories: demographics, economics, and pollution variables.
The demographics category encompasses a range of population-related metrics, offering insights
into the size, composition, and distribution of communities within the studied counties. Within
the economics category, various economic indicators have been gathered, shedding light on factors
such as employment rates, income levels, and economic activities prevalent in these regions over
the two-decade period. Lastly, the pollution variables capture data on environmental factors,
including air quality, emissions, and other pollution-related metrics sourced from the California
Air Resources Board. This rich dataset provides a multifaceted view of the dynamic interplay
between demographics, economic dynamics, and environmental factors within the selected
counties, offering a valuable resource for our analysis and exploration of the trends and patterns
across the years. Table 1 provides the variable names and their descriptions.

MINETA TRANSPORTATION INSTITUTE 8
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Table 1. Variable Descriptions

Variables

Descriptions

Median Income
Unemployment
Employed

GDP

House Price Index
SNAP

Poverty
Population
Premature

Vehicle Population
Trips

NOx

PM.;

PM,

CO,

NO,

CO

SO«

Total VMT

Median household income (in Dollars)

Unemployment rate (in %)

Employed Person (10,000s)

County Gross Domestic Product (in 1,000,000 Dollars)
All-Transaction House Price Index

Supplemental Nutrition Assistance Program Benefit Recipients
Estimate of People of All Ages in Poverty

Resident Population (in 1,000)

Age-Adjusted Premature Death Rate (Rate per 100,00)
County Vehicle Populations

Number of Trips

Nitrogen Oxides

Particulate matter 2.5 with diameter 2.5 microns or less
Particulate matter 10 with diameter 10 microns or less
Carbon Dioxide

Nitrogen Dioxide

Carbon Monoxide

Sulfur Dioxide

Total Vehicle Miles Traveled

MINETA TRANSPORTATION INSTITUTE



Table 2. Summary Statistics of the Variables

Imperial LA Riverside SB SD SF

Mean Mean Mean Mean Mean Mean

(Std Dev.) (Std Dev.) (Std Dev.) (Std Dev.) (Std Dev.) (Std Dev.)
County Pop 167.35(13.71) 9890.43(143.7) 2142.38(264.04) 2024.71(124.81) 3109.86(172) 824.07(39.22)
MedIncome 38517.3(5171.5) 55019.7(9786.1) 56011.5(8958.3) 52885.5(7473.6) 63331.1(11220.9) 78654.2(23118.0)
Unemploymt 21.51(4.97) 7.63(2.9) 7.89(3.21) 7.59(3.21) 6.10(2.62) 5.47(2.12)
Employed 5.48(0.38) 454(18.84) 87.2(11.40) 81.5(6.05) 143(5.56) 46.6(5.90)
GDP 6.46(1.60) 572(121) 65.0(168) 68.8(16.2) 179(38.2) 114(32.4)
Poverty 34891.2(4800.42) 1599259(169982) 297845.9(66878.5) 328084.55(54825.43 372518(63651) 92432(12287.66)
SNAP 29981(11015.2) 913117(2335907) 186389(94208) 268405(109656) 186438(89060) 41974(12008)
Premature 314.93(61.06) 290.88(28.4) 332.38(32.65) 349.39(43.3) 279.9(16.58) 313.34(32.44)
House Price 149.03(36.05) 200.28(49.46) 173.5(45.16) 184.81(48.61) 179.27(37.57) 185.059(49.8)
Vehicle 16762.36(1715.94) 316782.38(24255.41)  85431.73(11929.06) 103323.56(12433.73  118388.04(11996.87) 11808.76(748.67)
Trips 248126.5(24868.8) 4488793.77(331079.9) 1224863.1(167823.9) 1485832.8(171787.3  1636303.9(154277.4) 158379.2(9712.8)
NOx 12.62(5.44) 132.46(50.56) 62.15(26.21) 69.71(29.49) 42.46(14.91) 3.59(1.15)
PM, ;s 0.34(0.17) 3.37(1.75) 1.69(0.83) 1.81(0.89) 1.06(0.48) 0.084(0.038)
PM, 0.35(0.17) 3.52(1.83) 1.77(0.87) 1.89(0.93) 1.11(0.5) 0.087(0.0399)
CO, 1758.76(112.14) 22782.63(1481.59) 8728.57(619.77) 10194.44(679.15) 7809.24(544.73) 781.09(49.74)
NO, 0.25(0.017) 2.95(0.18) 1.26(0.092) 1.46(0.096) 0.96(0.057) 0.091(0.0058)
CO 5.57(2.69) 79.88(38.97) 20.17(9.07) 27.19(12.16) 25.38(11.51) 2.63(1.28)
SO, 0.051(0.055) 0.57(0.56) 0.25(0.27) 0.29(0.31) 0.195(0.19) 0.019(0.018)
Total VMT 1184033(81406) 16199054(118237) 5906822.2 (513502.7) 6889779(54967) 5552359.5(488700.4) 498712.7(32774)
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The outcome variable in our study is total VMT, which represents the total vehicle miles traveled
by commercial truck vehicles primarily used for transportation purposes. In accordance with the
California Vehicle Code CVC §260, a commercial vehicle is one that is required to be registered
and is used for transporting persons for hire, compensation, or profit, as well as for the
transportation of property. Specifically, a motor truck is defined as a motor vehicle designed, used,
or maintained primarily for transporting property.

While our dataset does not explicitly designate vehicles as commercial or private, we have classified
them based on their Vehicle Class. For this study, we have focused on vehicles with a Vehicle Class
of 4 or higher, excluding passenger cars, light-duty trucks with a gross vehicle weight rating
(GVWR) less than 6000 Ibs, buses, motor homes, and motorcycles. The commercial truck vehicles
considered in our analysis fall into the following categories:

o Medium-duty vehicles (GVWR 6000-8500 Ibs)

o Light-heavy duty trucks (GVWR 8501-10,000 Ibs)

o Light-heavy duty trucks (GVWR 10,001-14,000 Ibs)

e Medium-heavy duty trucks (GVWR 14,001-33,000 Ibs)

o Heavy-heavy duty trucks (GVWR greater than 33,000 lbs)

By focusing on these categories, we aim to capture the VMT of trucks primarily used for
commercial purposes, which play a significant role in transporting goods and services across the
studied California counties. This classification allows us to analyze and understand the trends and
patterns in the travel behavior of these commercial truck vehicles over the period from 2000 to
2020, providing valuable insights into their impact on transportation systems and the environment.
Figure 2 provides examples of trucks in different truck classes.
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Figure 2. Examples of Trucks in Truck Class
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(Source: https://afdc.energy.gov/data)

Figure 3 presents correlation plots illustrating the relationships between the input variables and
the outcome variable, total VMT, across the six selected California counties. These plots are color-
coded, with blue indicating a positive correlation and red indicating a negative correlation,
providing a visual representation of the linear relationships between variable pairs. Notably, the
pollution variables (excluding CO, and NO,) exhibit negative correlations with the economics
and demographics variables across all counties. This may suggest that as pollution levels increase,
there tends to be a decrease in economic and demographic indicators such as income levels,
population density, and employment rates. However, the implication can also be the opposite.

Furthermore, the analysis reveals that total VMT demonstrates positive correlations with the
number of trips, CO, emissions, NO, emissions, and fuel consumption. This may imply that as
total VMT increases, there is a corresponding rise in the number of trips taken, as well as in CO,
and NO, emissions and fuel consumption. In our regression models, we consider VMT as the
outcome variable and emissions as independent variables. It helps to understand how changes in
the independent variables are associated with the changes in the outcome variable; but it only
shows correlation, not causation. Conversely, total VMT shows negative correlations with
unemployment and poverty, indicating that higher levels of total VMT are associated with lower
unemployment rates and poverty levels across the counties.

For a broader perspective, correlation plots (Figure 6) for the entire dataset have also been included
for comparison. These plots provide insights into the overall trends and relationships among the
variables across the entire dataset spanning from 2000 to 2020. By examining these correlations,
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we can gain a deeper understanding of how various factors, such as pollution, economic indicators,
and demographics, are interrelated and how they influence total VMT in the context of the
selected California counties. These visualizations serve as valuable tools for exploring the complex

dynamics at play within these regions and their implications for transportation and environmental
policies.
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Figure 3. Correlation Plots Correlation Plots of the Variables Among Trucks
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Figure 4 presents line plots depicting the total commercial VMT for each of the six California
counties over the period from 2000 to 2020. A notable trend in the plots is that VMT tends to be
at its lowest around the year 2000, with the exception of San Francisco County. However, across
all counties, there is a sharp decrease in VMT around the early 2010s. This decline can likely be
attributed to the lasting effects of the 2008 global financial crisis, which significantly impacted the
economy.

During the aftermath of the financial crisis, high unemployment rates and slow economic recovery
led to reduced consumer spending, including on transportation. This cautious approach to
spending could have translated into fewer trips being taken and subsequently reduced VMT among
commercial vehicles. Additionally, the economy's gradual recovery during this period may have
influenced people to be more mindful of their spending, especially on transportation-related
expenses. Another factor to consider is the volatility of fuel prices during the early 2010s.
Fluctuating fuel costs can have a substantial impact on driving habits, with higher fuel prices often
prompting individuals and businesses to cut down on unnecessary trips or find ways to save on fuel
expenses.

Comparing the plots in Figure 4 with the correlation plots for the entire dataset in Figure 5, it
becomes evident that total VMT for commercial vehicles differs significantly from the overall
VMT trends (whole data). The commercial VMT appears to be more heavily influenced by
economic factors, particularly the financial crisis, highlighting the vulnerability of commercial
transportation to economic downturns. This insight underscores the importance of understanding
how economic conditions can shape transportation behaviors and emphasizes the need for adaptive
policies and strategies to mitigate the impacts of such fluctuations on commercial VMT and the
broader economy.
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Figure 4. Line Plot of VMT for Commercial Trucks
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Figure 5. Line Plot of VMT for the Whole Data
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Population,

Figure 6. Correlation Plots for the Whole Dataset
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2.2 Methodology

Linear regression is a versatile and widely applied statistical approach crucial for understanding
relationships within data. It stands as a foundational method in data analysis due to its simplicity
and interpretability. The core purpose of linear regression is to model and quantify the linear
association between one or more independent variables (x) and a dependent variable (y). This
relationship is expressed through a linear equation:

Vi = Bo+ Bixiy + Baxiz o +Pixy + € fori=1,..., n.

Here, y is the outcome variable, g, is the intercept, B, 5,, ..., B) are the coefficients representing
the effect of each input variables x,, x,, ..., x,, and ¢ is the error term. The list of input variables
was presented in Table 1. In the context of predicting the commercial VMT, linear regression can
help quantify the impact of socioeconomic factors like poverty and median income on VMT.
While median income may be influenced by other factors, such as geographical location, our
primary interest lies in its effect on commercial VMT. Moreover, median income can be
considered an independent variable because it reflects the overall economic status of an area, which
impacts the demand for goods and services, and subsequently, commercial VMT.

To estimate the parameters, 3, By, B, ..., B> the ordinary least square (OLS) estimation method
is often used. This method provides what is called the Best Linear Unbiased Estimator (BLUE).
Many of the software packages provide parameter estimates based on the OLS method. Under the
OLS method, we attempt to minimize the objective function.

Z[Yi — (Bo + Bixi1 + BaXip +++ +Brxip)]%

However, this approach encounters difficulties when the number of observations (n) is smaller
than the number of input variables (k). This is because the inverse matrix under the OLS does not
exist when n < k, presenting a challenge in estimating the parameters effectively. In our dataset,
this becomes particularly problematic as we have n = 21 years and k = 21 variables, resulting in an
equal number of variables and observations. As a result, the parameters 8, ;, B,, ..., ) cannot be

reliably estimated using the ordinary least squares (OLS) method.

To address this challenge, a penalty term can be introduced into the objective function as follows:

n k k
z[yi — (Bo + Prxis + Baxiz +- +Pixu)]? + az|ﬁj| +(1- a)z ,sz .
i=1 =1 j=1

Here, ¢ is the regularization parameter. When = 1, this method is known as the least absolute
shrinkage and selection operator (LASSO) regression, and when ¢ = 0, it is referred to as the “ridge
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regression.” Any value of o between 0 and 1 is often considered the elastic net regression. This
penalty term offers a solution for our dataset, where the number of input variables matches the
number of observations. In our analysis, we explore two cases: o = 1 (LASSO regression) and ¢ =
0.5 (elastic net regression). LASSO regression helps to prevent overfitting by encouraging the
model to select only the most relevant features for prediction. Elastic net regression, on the other
hand, combines the strengths of LASSO and ridge regression. It is particularly valuable when we
want to perform feature selection and regularization simultaneously, enhancing the model's
interpretability and robustness.

In our study, we utilize the total commercial VMT (y) as the dependent variable, while the other
input variables (x’s) are considered predictors. Additionally, we incorporate the lagged total VMT
variable, which examines whether the previous year's total VMT has any influence on the current
total VMT. This allows us to explore potential temporal dependencies in the data, providing
insights into how past VMT levels may affect current VMT patterns.
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3. Analyses and Results

In this section, we discuss the analyses and findings derived from the LASSO and elastic net
regression methods. Prior to conducting these analyses, all variables underwent standardization
using the z-score method, expressed as:

X—mean

"~ standard deviation’

This standardization process ensures that all variables are on a comparable scale, facilitating the
comparison of the impact of parameter estimates on the outcome variable across the different input
variables. By standardizing the data, we are able to assess the relative importance of each input
variable in influencing the total commercial VMT (outcome variable). The z-score transformation
provides a standardized representation of each variable's deviation from its mean in terms of
standard deviations. This normalization is particularly beneficial when working with regression
models, as it places all variables on a common scale. Consequently, the coefficients obtained from
the LASSO and elastic net regression analyses can be directly compared to gauge the strength and
direction of their impact on the total commercial VMT.

In our analysis, the parameter estimates obtained from these regression techniques reveal which
variables have the most significant effect on total commercial VMT, allowing us to identify key
predictors that contribute to variations in commercial vehicle miles traveled. This standardized
approach ensures a fair and meaningful comparison of the coefficients, aiding in the interpretation
of the results and the identification of influential factors in the transportation patterns across the
selected California counties.

3.1 LASSO Regression

As discussed in the preceding section, LASSO regression introduces a penalty term to the
conventional linear regression model's sum of squared residuals. This penalty term is the absolute
value of the coefficients, which results in some coefficients being shrunk to precisely zero. This
aspect of LASSO regression facilitates variable selection by effectively eliminating less influential
predictors from the model. By shrinking coefficients, LASSO regression imposes a constraint on
the estimates, aiding in the prevention of overfitting and promoting the development of simpler
and more interpretable models.

Tables 2 and 3 display the variables that have been chosen by the LASSO regression and elastic
net regression, respectively. Since LASSO regression shrinks the parameter estimates to zero,
eliminating the variables, it provides a smaller number of input variables than the elastic net
regression. The p-values presented in the table are derived from fitting a multiple linear regression
model based on this subset of selected variables. These p-values indicate the significance of each
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term within the linear model, providing insights into which variables are statistically significant
predictors of the total commercial VMT.

In Table 2, it is evident that vehicle population has a positive influence on total commercial VMT
in four counties. Similarly, fuel consumption demonstrates a positive impact on this outcome
across all six counties. Specifically, vehicle population was a selected variable in four counties, with
statistical significance found in three of them. On the other hand, fuel consumption was selected
in all six counties, with statistical significance present in four of them. Regarding the pollution
variables (NOx, PM,s, PM;,, CO,, NO,, CO, and SOx), the model only selected CO, and
PM,5, and the remaining variables were not included. Among the economic factors, median
income was chosen in three counties, the number of employed was selected in four counties, and
poverty was included in two counties.
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Table 3. Output from the LASSO Regression

Imperial Variable Estimate Std Error tvalue Pr(>|t])

Population 2.33E-01 5.30E-02 4.387 0.000735 o

CO, -2.38E-01 1.60E+00 -0.149 0.883907

Fuel 1.09E+00 1.61E+00 0.679 0.508936

MedIncome 8.10E-02 4.98E-02 1.626 0.127939

Employed 9.91E-02 7.34E-02 1.35 0.20017

Premature -1.19E-01 3.82E-02 -3.121 0.008118 -
Los Angeles Variable Estimate Std Error t value Pr(>|t|)

Trips 2.73E-01 7.44E-02 3.661 0.00326 -

Fuel 9.20E-01 8.66E-02 10.631 1.84E-07 o

MedIncome 3.56E-01 1.33E-01 2.676 0.02019 *

Employed 6.78E-02 5.80E-02 1.168 0.26553

Poverty 8.18E-02 4.90E-02 1.669 0.12091

Premature 2.96E-02 5.57E-02 0.532 0.60436

House Price -1.99E-01 8.19E-02 -2.432 0.03161 *
Riverside Variable Estimate Std Error t value Pr(>|t|)

Population 3.32E-01 2.54E-02 13.046 3.18E-09 o

PM,s 2.53E-04 2.44E-02 0.01 0.9919

Fuel 7.87E-01 2.85E-02 27.62 1.30E-13 o

Poverty -6.59E-02 3.09E-02 -2.131 0.0513

Premature -1.39E-01 2.12E-02 -6.557 1.28E-05 o
San Bernardino Variable Estimate Std Error t value Pr(>|t])

Population 3.67E-01 2.62E-02 14.036 1.22E-09 o

CO, -3.42E-01 9.54E-01 -0.358 0.725622

Fuel.Consumpti  1.12E+00 9.62E-01 1.162 0.264849

Employed 3.52E-02 2.83E-02 1.243 0.234336

Premature -9.62E-02 1.97E-02 -4.885 0.000241 o
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San Diego Variable Estimate Std Error t value Pr(>|t])
Population 1.07E+00 8.13E-01 1.317 0.2104
Trips -8.24E-01 8.16E-01 -1.011 0.3305
Fuel 8.33E-01 6.65E-02 12.53 1.24E-08 o
Employed 1.42E-02 3.39E-02 0.419 0.682
Premature -3.57E-02 3.07E-02 -1.163 0.2658
House Price 1.35E-01 4.76E-02 2.827 0.0143 *
San Francisco Variable Estimate Std Error t value Pr(>|t])
Trips 6.03E-02 3.69E-02 1.634 0.13676
PM., s -4.28E-01 1.77E-01 -2.425 0.03827 *
Fuel 1.07E+00 5.53E-02 19.431 1.17E-08 o
Population 4.88E-02 1.97E-01 0.247 0.81023
MedIncome -7.40E-02 1.96E-01 -0.378 0.71412
Unemployment  1.65E-01 5.28E-02 3.12 0.01232 *
GDP All 3.22E-01 1.56E-01 2.064 0.06906
SNAP -2.93E-01 7.11E-02 -4.117 0.00261 *
Premature -2.20E-01 5.24E-02 -4.19 0.00234 *
House Price 1.57E-01 9.69E-02 1.62 0.13963
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3.2 Elastic Net Regression

Elastic net regression represents a variant of linear regression that merges the regularization
penalties of both LASSO and ridge techniques. This method is specifically crafted to address
scenarios characterized by a multitude of features, some of which may exhibit correlations with
each other. Elastic net regression stands out as a potent approach for linear regression when dealing
with datasets encompassing numerous features that are potentially correlated among themselves.
By blending the characteristics of LASSO and ridge regularization, the elastic net provides a
balance between feature selection and managing multicollinearity. Elastic net regression offers a
comprehensive solution by simultaneously performing feature selection and mitigating the effects
of multicollinearity. By finding the optimal balance between these two aspects, the elastic net
enables the creation of robust and interpretable models, making it a valuable tool for uncovering
meaningful insights from complex datasets.

Table 3 displays the outcomes of the elastic net regression, which has resulted in the inclusion of
a greater number of variables for each county compared to the results in Table 2. This increase in
selected variables can be attributed to the characteristic of elastic net regression, which does not
force parameter estimates to shrink toward zero, as LASSO regression does. Specifically, in this
table, the variable representing vehicle population was included for five counties, the number of
trips for all six counties, and fuel consumption for all six counties. Moreover, both CO, and/or
PM, s pollution variables were chosen for all six counties, while other pollution variables were not
selected, aligning with the findings from LASSO regression. Among the economic factors, the
number of employed individuals was included for four counties, and the house price index was
selected for three counties.
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Table 4. Output from the Elastic Net Regression

Imperial Variable Estimate Std Error tvale Pr(>|t|)
Population Vehicle 3.03E+00 5.08E-01 5.974 9.27E-05 o
Trips -3.09E+00 5.61E-01 -5.512 0.000183 ok
CO; -9.03E-03 9.28E-01 -0.01 0.992417
Fuel Consumption 1.05E+00 9.32E-01 1.122 0.285626
MedIncome 2.02E-01 5.01E-02 4.028 0.001988 -
Employed 5.25E-02 6.10E-02 0.861 0.407647
GDP.All 2.21E-01 7.75E-02 2.85 0.015802 *
Premature -9.71E-02 2.33E-02 -4.165 0.001576 -
Los Angeles Variable Estimate Std Error t vale Pr(>|t])
Population Vehicle -3.57E-02 1.02E+00 -0.035 0.9725
Trips 2.31E-01 1.06E+00 0.218 0.8313
CO; -1.61E+00 1.07E+00 -1.512 0.1564
Fuel Consumption 2.31E+00 1.10E+00 2.101 0.0574
Employed 6.58E-02 4.08E-02 1.611 0.1331
Poverty -9.91E-02 7.69E-02 -1.289 0.2217
House Price Index 1.19E-01 7.70E-02 1.547 0.1478
Riverside Variable Estimate Std Error t vale Pr(>|t])
Population Vehicle 2.55E+00 1.03E+00 2.463 0.0315 *
Trips -2.33E+00 1.08E+00 -2.148 0.05486
PMs,s -1.10E-01 6.73E-02 -1.638 0.1296
CO; -5.22E-01 9.42E-01 -0.554 0.59069
Fuel Consumption 1.40E+00 9.59E-01 1.455 0.17357
Poverty -4.06E-03 6.43E-02 -0.063 0.95079
SNAP -3.77E-02 9.93E-02 -0.38 0.71128
Premature -1.01E-01 2.68E-02 -3.75 0.00321 -
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San Bernardino Variable Estimate Std Error tvale Pr(>|t|)
Population Vehicle 1.97E+00 1.10E+00 1.783 0.098
Trips -1.65E+00 1.14E+00 -1.45 0.1708
CO; -3.56E-01 9.18E-01 -0.388 0.7043
Fuel Consumption 1.17E+00 9.27E-01 1.262 0.229
Employed 7.27E-02 3.76E-02 1.934 0.0751
Premature -7.37E-02 2.45E-02 -3.011 0.01 *
San Diego Variable Estimate Std Error t vale Pr(>|t])
Population Vehicle 1.79E+00 6.61E-01 2.707 0.019058 *
Trips -1.55E+00 6.63E-01 -2.332 0.037945 *
CO; -1.51E+00 4.72E-01 -3.2 0.007635 *
Fuel Consumption 2.39E+00 4.89E-01 4.886 0.000374 o
Employed 2.42E-02 2.61E-02 0.926 0.372466
Premature -8.28E-03 2.50E-02 -0.332 0.745792
House Price Index 1.22E-01 3.66E-02 3.341 0.005881 *
San Francisco Variable Estimate Std Error tvale Pr(>|t|)
Trips 5.54E-02 2.74E-02 2.024 0.077586
PM., s -2.17E-01 1.49E-01 -1.45 0.185233
CO; -1.49E+00 5.11E-01 -2.906 0.019718 *
Fuel Consumption 2.47E+00 4.81E-01 5.127 0.000899 o
Population County 2.78E-01 1.66E-01 1.674 0.132572
MedIncome 1.71E-02 1.48E-01 0.116 0.910797
Unemployment 1.63E-01 3.90E-02 4.178 0.003087 *
GDP All 1.30E-01 1.33E-01 0.983 0.354392
SNAP -3.15E-01 5.32E-02 -5.927 0.000351 o
Premature -1.21E-01 5.16E-02 -2.341 0.047354 *
House Price Index 2.26E-01 7.55E-02 2.991 0.017297
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3.3 Forecasting Capabilities

In order to assess the forecasting capability of each model, we have used adjusted R2. R-squared
(R?) is a statistical measure that represents the proportion of the variance in the dependent variable
(the variable one is trying to predict) that is explained by the independent variables (the variables
used for prediction) in a regression model. In simple terms, it tells us how well the independent
variables explain the variability of the dependent variable. The formula for R? is as follows:

R2 =1— SSres X
SStotal

Here, SS

res
values and the predicted values by the model, and S§,_,,, is the total sum of squares, which

is the sum of squared residuals, which measures the differences between the actual

measures the total variability in the dependent variable.

R? ranges from 0 to 1. A higher R? indicates that the independent variables explain a larger
proportion of the variance in the dependent variable. For example, an R? of 0.80 means that the
independent variables in the model explain 80% of the variability in the dependent variable.
However, R? has a limitation. It tends to increase as more independent variables are added to the
model, even if they are not improving the model's performance. This can lead to overfitting, where
the model fits too closely to the training data but performs poorly on new, unseen data.

Adjusted R-squared (adjusted R?) addresses this issue by penalizing the addition of unnecessary
variables to the model. It considers the number of independent variables in the model and adjusts
R? accordingly. The formula for adjusted R2 is as follows:

(1-R®)(n-1)

adjusted R? = 1 —
n—k-1

where 7 is the number of observations and % is the number of independent variables in the model.
Adjusted R? ranges from -co to 1. It will be lower than R? when unnecessary variables are added to
the model, and it will be equal to R? when all variables are necessary and contribute to the model's
performance.
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Table 5. R? and Adjusted R? Values from LASSO Regression

LASSO Imperial Los Angeles Riverside San Bernardino  San Diego San Francisco
Truck R? 0.9941 0.9964 0.9979 0.9966 0.9959 0.9975
Adjusted R? 0.9914 0.9942 0.9971 0.9953 0.994 0.9948
Whole R? 0.9986 0.999 0.9939 0.9934 0.9967 0.9865
Adjusted R? 0.9978 0.9976 0.9927 0.991 0.9947 0.9828
Table 6. R? and Adjusted R? Values from Elastic Net Regression
Elastic Net Imperial Los Angeles  Riverside San Bernardino  San Diego San Francisco
Truck R? 0.9984 0.9925 0.9985 0.9971 0.9978 0.9988
Adjusted R? 0.9973 0.9881 0.9975 0.9957 0.9965 0.9972
Whole R? 0.9986 0.9985 0.9942 0.9977 0.9979 0.9924
Adjusted R? 0.9978 0.9968 0.9916 0.996 0.9955 0.9868
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Tables 5 and 6 display the outcomes of the LASSO and elastic net regression models, respectively.
These models incorporate multiple input variables, and to gauge their performance, we focus on
the adjusted R? metric. Adjusted R? penalizes the model as the number of input variables increases,
providing a more robust measure of goodness of fit. Upon examination of both models, it is evident
that all counties' models exhibit adjusted R? values exceeding 0.98. This indicates that the selected
input variables, as determined by the models, collectively explain at least 98% of the variability in
commercial vehicle miles traveled (VMT). In other words, with their chosen inputs, the linear
models considered in this analysis effectively account for the vast majority of the variation observed
in commercial VMT across the selected California counties. This high adjusted R? value suggests
that the variables selected by the models are strong predictors of commercial VMT, capturing the
underlying trends and patterns with remarkable accuracy. The models' performance, as indicated
by the adjusted R? values, underscores the effectiveness of the chosen variables in explaining the
fluctuations in commercial VMT over the study period.
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4. Summary & Conclusions

This study focused on six California counties: Imperial, Los Angeles, Riverside, San Bernardino,
San Diego, and San Francisco, each offering a unique blend of demographics, landscapes, and
socioeconomic characteristics. By analyzing these counties together, the aim is to capture the
multifaceted nature of California's communities. The dataset spans from 2000 to 2020 and
includes variables falling into three main categories: demographics, economics, and pollution. The
primary outcome variable is total commercial vehicle miles traveled (VMT), representing the total
miles traveled by commercial trucks used for transportation purposes.

The analysis employs linear regression, LASSO regression, and elastic net regression to understand
the relationships between various factors and total commercial VMT across the six counties.
LASSO and elastic net regressions allow for feature selection and regularization, which is
particularly valuable when dealing with datasets with many variables. The results reveal key
predictors influencing total commercial VMT, including variables such as vehicle population, fuel
consumption, CO; and PM,; pollution, median income, number of employed individuals, and

poverty.

The correlation plots illustrate relationships between input variables and total VMT, highlighting
positive correlations with the number of trips, CO, emissions, NO, emissions, and fuel
consumption, as well as negative correlations with unemployment and poverty. The positive
correlation suggests that policies aimed at reducing total VMT could have multiple benefits, such
as lower emissions and reduced fuel consumption. This can guide policymakers in prioritizing
interventions that target VMT reduction to achieve environmental and energy conservation goals.
The negative correlations with unemployment and poverty indicate that economic and social
factors are important considerations in transportation policy. Policies that stimulate economic
growth and reduce poverty could indirectly influence VMT and its associated impacts.

The key findings include the positive impact of vehicle population and fuel consumption on total
VMT, the selection of CO, and PM, ;s pollution variables, and the influence of economic factors
such as median income and employment on transportation patterns. The analysis also highlights
the vulnerability of commercial transportation to economic fluctuations, as seen during the
aftermath of the 2008 financial crisis. These findings can inform the development of targeted
policies aimed at managing and optimizing commercial transportation, improving air quality, and
addressing socioeconomic disparities. By understanding the interplay of demographics,
economics, and pollution on the total commercial VMT, stakeholders can work towards
sustainable and efficient transportation systems that benefit the economy and the environment
across California's various counties.

In conclusion, this study sheds light on the factors influencing total commercial VMT in six diverse
California counties over a two-decade period. Through the application of various regression
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techniques, significant predictors have been identified, providing valuable insights for
policymakers, urban planners, and transportation authorities.
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Appendix A

Table 7. LASSO Regression for the Whole Data

Imperial (Whole) Estimate Std Error t value Pr(>|t|)

PM, s -4.20E-01 3.68E-02 -11.417 8.41E-08 o
CO; 3.96E-01 1.38E-01 2.866 0.014185 *
Fuel Consumption 1.86E-01 1.33E-01 1.404 0.18571
MedIncome 2.78E-01 3.98E-02 6.992 1.45E-05 o
Unemployment -1.22E-01 2.96E-02 -4.139 0.001374 *
Poverty 1.08E-01 2.48E-02 4.332 0.000976 o
House Price Index -1.32E-01 2.07E-02 -6.381 3.50E-05 o
Los Angeles Estimate Std Error t value Pr(>[t])

Trips -3.03E-01 7.64E-02 -3.959 0.004185 *
X.PM,s_TOTEX -2.41E-01 2.07E-01 -1.161 0.27914
X.CO_TOTEX 5.36E-01 2.42E-01 2.211 0.057966 .
Fuel Consumption 7.86E-01 8.75E-02 8.985 1.88E-05 o
Population County 2.11E-01 1.63E-01 1.299 0.23015

Employed 1.03E-01 6.40E-02 1.612 0.145582

GDP.All 1.13E+00 1.82E-01 6.177 0.000266 o
Poverty -9.29E-02 7.20E-02 -1.29 0.23305

SNAP 3.53E-02 9.89E-02 0.357 0.730288
Premature 1.50E-01 8.31E-02 1.804 0.108942

House Price Index -1.11E-01 1.09E-01 -1.022 0.336681

Riverside Estimate Std Error t value Pr(>|t|)

PM., s -4.84E-01 7.86E-02 -6.165 1.36E-05 o
Fuel Consumption 6.64E-01 6.22E-02 10.664 1.12E-08 o
Employed -3.81E-02 1.20E-01 -0.317 0.755
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Imperial (Whole) Estimate Std Error t value Pr(>|t])

San Bernardino Estimate Std Error t value Pr(>|t])

PM., s -3.78E-01 1.25E-01 -3.029 0.00902 *
Fuel Consumption 5.38E-01 6.27E-02 8.579 6.01E-07 o
Unemployment -4.18E-02 3.10E-02 -1.349 0.19872

Employed 4.35E-01 1.77E-01 2.465 0.02724 *
House Price Index -1.82E-01 6.07E-02 -2.999 0.00956 *
San Diego Estimate Std. Error t value Pr(>|t|)

Trips -1.67E-01 6.91E-02 -2.412 0.032779 *
Fuel Consumption 5.97E-01 4.02E-02 14.862 4.32E-09 o
Population County 1.03E+00 4.48E-02 22.907 2.85E-11 o
Unemployment -1.18E-01 3.37E-02 -3.485 0.004501 *
Poverty -2.44E-01 5.46E-02 -4.463 0.000775 o
Premature 9.42E-02 5.43E-02 1.734 0.108539

House Price Index -4.04E-02 5.15E-02 -0.784 0.448346

San Francisco Estimate Std. Error t value Pr(>|t|)
Population Vehicle 8.77E-04 5.14E-02 0.017 0.9866

Fuel Consumption 1.17E+00 5.55E-02 21.001 1.55E-12 o
Employed 1.77E-01 9.05E-02 1.953 0.0698

GDP.All 8.31E-01 1.14E-01 7.271 2.74E-06 o
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Table 8. Elastic Net Regression for Whole Data

Imperial (Whole) Estimate Std. Error t value Pr(>|t])

PMas -4.20E-01 3.68E-02 -11.417 8.41E-08 o
CO, 3.96E-01 1.38E-01 2.866 0.014185 *
Fuel Consumption 1.86E-01 1.33E-01 1.404 0.18571
MedIncome 2.78E-01 3.98E-02 6.992 1.45E-05 o
Unemployment -1.22E-01 2.96E-02 -4.139 0.001374 *
Poverty 1.08E-01 2.48E-02 4.332 0.000976 o
House Price Index -1.32E-01 2.07E-02 -6.381 3.50E-05 o
Los Angeles Estimate Std. Error t value Pr(>|t|)

Trips -2.52E-01 7.01E-02 -3.596 0.005786 -
CO, -2.90E-01 2.75E-01 -1.056 0.318294

Fuel Consumption 1.15E+00 2.39E-01 4.801 0.000973 o
Population County 1.01E-01 7.88E-02 1.278 0.233303
Employed 2.29E-01 4.68E-02 4.899 0.000849 o
GDP.All 8.17E-01 1.38E-01 5.921 0.000223 o
Poverty -7.01E-02 6.51E-02 -1.078 0.309208

SNAP 1.25E-01 9.88E-02 1.268 0.236631
Premature 3.04E-01 3.51E-02 8.65 1.18E-05 o
House Price Index -2.63E-01 6.69E-02 -3.93 0.003459 *
Riverside Estimate Std. Error t value Pr(>[t])

NOx -4.83E-02 2.03E-01 -0.238 0.8155
PM,;_TOTEX -4.44E-01 1.07E-01 -4.169 0.0011 -
CO,_TOTEX 2.53E-01 4.51E-01 0.562 0.5836

Fuel Consumption 3.42E-01 4.96E-01 0.691 0.502

Employed 2.30E-01 3.25E-01 0.707 0.4919

GDP.All -2.08E-01 2.48E-01 -0.841 0.4157
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Imperial (Whole) Estimate Std. Error t value Pr(>|t])
San Bernardino Estimate Std. Error t value Pr(>|t])
PM., s -3.95E-01 8.94E-02 -4.425 0.001019 *
CO; 1.70E-01 3.75E-01 0.453 0.659378
Fuel Consumption 3.96E-01 3.74E-01 1.058 0.312735
MedIncome -3.00E-02 8.43E-02 -0.355 0.729126
Unemployment 5.67E-02 6.73E-02 0.841 0.418072
Employed 5.90E-01 1.92E-01 3.068 0.010703 *
Poverty -1.18E-01 5.44E-02 -2.177 0.052124
House Price Index -3.00E-01 5.50E-02 -5.449 0.000201 o
Estimate Std. Error t value Pr(>|t|)
Trips -2.64E-01 8.97E-02 -2.945 0.01635 *
PM, s -1.20E-01 2.34E-01 -0.512 0.620865
CO; -4.08E-01 2.71E-01 -1.508 0.165937
Fuel Consumption 9.16E-01 2.38E-01 3.857 0.003862 *
Population County 1.21E+00 2.22E-01 5.449 0.000406 o
Unemployment -1.53E-01 3.69E-02 -4.138 0.002528 *
Poverty -2.41E-01 6.68E-02 -3.612 0.005641 *
SNAP -3.35E-01 1.65E-01 -2.027 0.073233
Premature 6.40E-02 5.30E-02 1.208 0.258003
House Price Index -1.76E-02 5.38E-02 -0.327 0.751114
Estimate Std. Error t value Pr(>|t|)
Population Vehicle 2.43E-02 5.08E-02 0.478 0.641979
CO; -9.87E-01 5.39E-01 -1.831 0.094273
Fuel Consumption 2.17E+00 4.82E-01 4.499 0.000902 o
Population County 3.39E-01 2.06E-01 1.645 0.128121
Employed -2.79E-01 2.12E-01 -1.319 0.213843
GDP.All 1.09E+00 1.86E-01 5.875 0.000107 o
SNAP -2.76E-02 1.21E-01 -0.229 0.823401
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Imperial (Whole) Estimate

Std. Error

t value

Pr(>]t])

House Price Index -1.75E-01

1.03E-01

-1.701

0.117097
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