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Abstract

:

In the United States, several studies have looked at the association between automobile ownership and sociodemographic factors and built environment qualities, but few have looked at household travel characteristics. Their interactions and nonlinear linkages are frequently overlooked in existing studies. Utilizing the 2017 US National Household Travel Survey, the authors employed an extreme gradient boosting tree model to evaluate the nonlinear and interaction impacts of household travel characteristics and built environment factors on vehicle ownership in three states of the United States (California, Missouri, and Kansas) that are different in population size. To develop these models, three main XGBT parameters, including the number of trees, maximal depth, and minimum rows, were optimized using a grid search technique. In California, the predictability of vehicle ownership was driven by household travel characteristics (cumulative importance: 0.62). Predictions for vehicle ownership in Missouri and Kansas were dominantly influenced by sociodemographic factors (cumulative importance: 0.53 and 0.55, respectively). In all states, the authors found that the number of drivers in a household plays a vital role in the vehicle ownership decisions of households. Regarding the built environment attributes, deficiencies in cycling infrastructure were the most prominent attribute in predicting household vehicle ownership in California. This variable, however, has threshold connections with vehicle ownership, but the magnitude of these relationships is small. The outcomes imply that improving the condition of cycling infrastructure will help reduce the number of vehicles. In addition, incentives that encourage the households’ drivers not to buy new vehicles are helpful. The outcomes of this study might aid policymakers in developing policies that encourage sustainable vehicle ownership in the United States.
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1. Introduction


In the United States, each household has an average of 1.88 vehicles [1]. In 2017, the rate of households with no vehicle was roughly 9%, implying that over 90% of families had access to at least one light vehicle [1]. The growing use of automobiles has resulted in a slew of severe consequences, including traffic jams, pollution, and poor health outcomes [2,3]. In the United States, figuring out how to slow the rise of vehicle ownership has now become a pressing concern.



Planners from all over the globe have offered measures to improve the built environment (e.g., [4,5,6,7,8]). Past research has shown that certain aspects of the built environment are connected to vehicle ownership, supporting the proposal. Some of these aspects include the condition of the cycling and walking environment [9], population density [10,11,12,13], urban area size [14,15], and type of living area [14,16]. Vehicle ownership is typically viewed as a result of a household’s demographic and socioeconomic profile [17]. Several investigations utilized monthly or average income to predict vehicle ownership. Home ownership, size of the household, number of children, adults, and employees in the household have all been identified as crucial determinants of vehicle ownership [17,18,19,20,21,22,23].



While sociodemographic and built-environment attributes have been widely utilized to predict vehicle ownership globally, studies have rarely employed household travel characteristics indicators, such as household drivers’ count, household members’ count on the trip, and household vehicle used on the trip. These variables are important because they can be assumed as indicators of independent trips. Independent trips mean each household member may have a different life responsibility and, in turn, different travel needs. Thus, they might be encouraged to buy more vehicles.



According to past studies, the majority of built environment variables exhibit nonlinear relationships with vehicle ownership [24,25,26,27,28,29,30]. Some recent studies reveal that a considerable number of built environment variables have threshold relationships with vehicle ownership, and the nonlinear trends are inconsistent (e.g., [28]). Nonlinear relationships may help policymakers comprehend the influence of a variety of built-environment characteristics on vehicle ownership, and it will be interesting to see if this discovery holds true in various urban and rural settings. This aids policymakers and planners in fine-tuning their plans. Despite the fact that the nonlinear relationships between the built environment variable and vehicle ownership have been assessed by several studies, only a very limited number of studies has evaluated the relationships between household travel characteristics and vehicle ownership. As a result of this information, policymakers may be able to give households incentives to drive less.



Several advanced machine learning techniques and mathematical formulations have been used to solve different engineering and planning problems [31,32,33,34,35,36,37,38,39,40]. To keep abreast with the advancement of machine learning techniques and their vast applications across the world, the authors utilize extreme gradient boosting trees (XGBT) to examine the main determinants of vehicle ownership and highlight their nonlinear interactions, employing data from the 2017 US National Household Travel Survey (NHTS). The following are the questions that this research aims to answer: (1) How important are built environment attributes, household travel characteristics, and sociodemographic characteristics in influencing household vehicle ownership decisions in the United States? (2) Does vehicle ownership have a nonlinear relationship with household travel characteristics and built environment factors? (3) To what extent do key household travel characteristics mediate the links between key built-environment variables and vehicle ownership?



This research adds to the literature in three main ways. Initially, it adds to the research of vehicle ownership in several US states with diverse populations. Furthermore, this research evaluates the significance of several factors in determining car ownership, as well as the relevance of policy and incentive implementation in various US states. It also demonstrates that the majority of household travel characteristics and built environment variables have inconsistently nonlinear connections, bolstering the scant body of evidence and providing recommendations for planning approaches in US states. Lastly, this research shows how important household travel characteristics, as well as their interactions with major built-environment variables, play a significant role in limiting vehicle expansion in each state.



To the best of the authors’ knowledge, to date, no study has employed XGBT to reveal the complex relationships between built environment attributes, household travel characteristics, and sociodemographic characteristics in predicting household vehicle ownership. This research assists policymakers in providing families with motivation to reduce their vehicle ownership. In addition, this study can show the capabilities of the XGBT algorithm to reveal the complex relationships between various variables in transportation science.



The following sections make up the remainder of this paper. A literature overview of research that used NHTS data for various purposes is included in Section 2. The modeling method, data, and variables are introduced in Section 3. The results of the models used in this investigation are described in Section 4. The findings, implications, and limitations of the study are discussed in Section 5. The final section outlines the most important findings.




2. Background: Employment of NHTS Dataset


The National Household Travel Survey (NHTS) is the official source on the travel behaviour of the American public, which is carried out by the Federal Highway Administration (FHWA). These data are the singular national dataset that allows the study of personal and household travel patterns. It encompasses non-commercial travel on a daily basis in all commute modes and the features of the travellers, their households, and their vehicles. Several researchers employed these data for different purposes, including investigation of trends in taxi use and ride hailing [41,42,43], determining the occurrence of rural and urban cycling [44,45], ownership and usage assessment of unconventional fuel vehicles [46], preferences of public transportation users [47], and so on. A summary of some studies that used 2017 NHTS data is shown in Table 1.



The information presented in Table 1 reveals some shortcomings in the employment of NHTS data. First, a few studies predicted vehicle ownership using these data (e.g., [5]). Second, a very limited number of variables was used to perform the analysis by different studies. For example, no indicator of household travel characteristics (e.g., household drivers’ count, household members’ count on the trip, and household vehicle used on the trip) was used by these studies. In addition, a very limited number of built environment attributes were employed (e.g., the condition of walking and cycling infrastructure). Third, a narrow range of statistical analyses were employed by different studies. Most studies used traditional statistical analysis techniques or simple descriptive analysis. Traditional statistical methods such as regression models have strict assumptions regarding the quality of the data. In addition, these methods do not reveal the nonlinear relationships between the target variable and inputs effectively. Lastly, most studies did not differentiate between the US states or cities in terms of population size or other characteristics, which may cause some serious differences in the prediction results.




3. Methodology


3.1. Extreme Gradient Boosting (XGBT)


The XGBT model was used to determine the primary correlates of vehicle ownership and their complex relationships. XGBT was originally developed for data science [50], but it has also been used increasingly in urban planning and transportation science (e.g., [51,52,53]). The XGBT algorithm is a more regularized variant of the gradient boosting tree (GBT). In comparison to the GBT, the XGBT is better at generalization and takes less time to train [54]. Additionally, GBT and XGBT are better than traditional statistical methods (e.g., linear regression) in a number of ways. Firstly, they outperform conventional techniques in terms of data fitting. Secondly, they are capable of dealing with a variety of different sorts of data, such as categorical and continuous. Thirdly, they are insensitive to outliers and can deal with incomplete data in a flexible manner. Fourth, they help solve the problem of multicollinearity [28,55]. Furthermore, GBT and XGBT may fit any irregular connection between variables, and modelers are not required to estimate their correlations in advance. According to previous research, vehicle ownership has a nonlinear connection with the factors that are associated with it, and the complex patterns vary according to the factor [28]. While traditional statistical approaches may describe nonlinear interactions via variable transformation, the transformation is ineffective due to the irregular nonlinearity.



Owing to its advantages of high reliability and considerable flexibility, XGBT, an advanced supervised method presented by Chen and Guestrin [50] under the Gradient Boosting architecture, has been well acknowledged in Kaggle machine learning contests. XGBT’s loss function provides an extra regularization term to the objective function that attempts to smooth the ultimate learning weights and prevent over-fitting [50]. To optimize the loss function, it furthermore employs 1st or 2nd order gradient statistics. Additionally, XGBT enables row and column sample selection to address this problem, in addition to providing regular terms to avoid over-fitting. Because parallel and distributed computation allow for rapid learning, faster model exploration is conceivable. The XGBT architecture will be simply described in the subsequent paragraphs.



The aggregate of the prediction scores,    f m   (   a i   )    of all trees can be represented as the predicted output      b i   ^    of the XGBT model:


     b i   ^  =   ∑   m = 1  M   f m   (   a i   )  ,  f m  ∈ γ  



(1)




where  γ  represents the regression trees’ space,  M  shows the regression trees’ number, and the attributes associated with sample  i  are denoted by    a i   . Every leaf node  j  in a particular dataset has a forecast score    f m   (   a i   )   , commonly referred to as leaf weight.    s j    is the leaf weight and regression values of entire samples at this leaf node   j ,   where   j ∈    {  1 , 2 , … Q  }   . In the tree, the leaves’ number is shown by Q.



In machine learning issues, objective functions become the most fundamental expression, and the boosting process repeats until the objective function minimization is limited in order to estimate the number of functions used in the model, which establishes the regularized objective function as follows:


  θ =   ∑   i = 1  h  z  (   b i  ,    b i   ^   )  + α Q +  1 2  β   ∑   j = 1  Q   s j 2   



(2)




where,  h  is the number of data samples provided, and    ∑  i = 1  h  z  (   b i  ,    b i   ^   )      is the training loss function that describes how well the model fits the training sets. For punishing the model’s complexity,   α Q +  1 2  β  ∑  j = 1  Q   s j 2    is a regularization term. The complexity cost of adding an extra leaf is  α , the regularization hyper-parameter is  β , and the L2 norm of leaf node j weights is    s j 2    in the regularization term.



Every recently introduced tree learns from its previous trees and adjusts the residuals in the estimated values in the incremental learning procedure. As a result, all of the trees’ iteration outcomes have already been included in     b ^  i   (  m − 1  )     . Consequently,     b ^  i   ( m )      can denote     b ^  i   (  m − 1  )    +  f m   (   a i   )    for the mth repetition, and the objective function “C” is represented as:


  θ =   ∑   i = 1  h  z  (   b i  ,   b ^  i   (  m − 1  )    +  f m   (   a i   )   )  + α Q +  1 2  β   ∑   j = 1  Q   s j 2   



(3)







The 2nd order Taylor expansion is employed to optimize the objective effectively in the general situation for the first term loss training function.


   θ m  ≃   ∑   i = 1  h   [  z  (   b i  ,   b ^  i   (  m − 1  )    +  d i   f m   (   a i   )   )  +  1 2   e i   f m 2   (   a i   )   ]  + α Q +  1 2  β   ∑   j = 1  Q   s j 2   



(4)




where    d i  =  σ    b ^    (  m − 1  )      z  (   a i  ,   b ^  i   (  m − 1  )     )    and    e i  =  σ    b ^    (  m − 1  )     2    z  (   a i  ,   b ^  i   (  m − 1  )     )    are the loss function’s first and second-order gradient statistics. In step m, the constant terms can be subtracted to obtain the approximate objective:


   θ m  ≃   ∑   i = 1  h   [   d i   f m   (   a i   )  +  1 2   e i   f m 2   (   a i   )   ]  + α Q +  1 2  β   ∑   j = 1  Q   s j 2   



(5)







A tree is characterized as a vector of scores in branches and a leaf index mapping function that transfers an instance to a leaf j, and this procedure is written as    ∑  i = 1  h   f m   ( a )  =  ∑  j = 1  Q   s j    and Equation (5) can be rephrased as:


   θ   ( m )    =   ∑   j = 1  Q   [   (    ∑   i ∈  I j     g i   )   s j  +  1 2   (    ∑   i ∈  I j     e i  + α  )   s j 2   ]  + β Q  



(6)







With a fixed tree structure, quadratic function programming is used to select the perfect branch weight scores on every leaf node    s j *    as well as the extreme value of    θ   ( m )   *   :


   s j *  = −    ∑  i ∈  I j     d i     ∑  i ∈  I j     e i  + β    



(7)






   θ   ( m )   *  = −  1 2    ∑   j = 1  Q       (   ∑  i ∈  I j     d i   )   2     ∑  i ∈  I j     e i  + β   + α Q  



(8)







Equation (8) is a framework scoring function that determines the suitability of a specified vector of leaf scores. A lower value is preferable since it fits the data more effectively. In practical uses, a greedy method has been used to discover an ideal tree structure to prevent an endless number of alternative tree architectures. To develop an XGBT model, it is important to fine-tune three main XGBT parameters, including the number of trees, maximal depth, and minimum rows. Once we have trained the XGBT model, it is possible to evaluate the significance of every predictor in forecasting the response. In addition, XGBT can assess the partial dependence and association between predictors and target variables after controlling for other variables in the model. Chen and Guestrin [50] provide more thorough descriptions of the XGBT algorithm.




3.2. Data


The data come from the 2017 National Household Travel Survey (NHTS), which is conducted by the US Department of Transportation [56]. The 2017 NHTS is the 8th in a series of nationally representative cross-sectional surveys on the daily commute conducted at random times. Data were gathered from stratified random samples of households in the United States. The 2017 NHTS consists of two main processes: (1) a mail-based household recruiting survey that gathered data on the household, transport, and travel behavior; and (2) a predominantly web-based person-level retrieval survey that asked about travel on a study-assigned day.



There were 458 variables in this dataset. As previously mentioned, the main goal of this present study is to reveal the nonlinear relationship between the count of household vehicles (vehicle ownership) and sociodemographic, household travel characteristics, and built environment attributes. Consequently, based on literature, only variables that were related to household vehicle ownership were employed. These variables and their descriptions are shown in Table 2. It is worth stating that there are a limited number of built-environment variables in the NHTS. For example, only two variables, namely “reasons for not walking more = infrastructure” and “reasons for not biking more = infrastructure,” assessed the condition of walking and cycling environments. Thus, the authors considered these variables as two indicators of the condition of the walking and cycling environments. Finally, 14 variables were used as inputs in this study’s analysis, and one variable, household vehicle counts, was used as the target variable.



In this study, the authors evaluated different states with different populations. To this end, three categories of the population were considered: (1) high-population states, (2) medium-population states, and (3) low-population states. Regarding the population of US states, the authors used the United States Census Bureau [57] as the principal source. As previously stated, a list of US states that was provided by the United States Census Bureau was used. The states in this list were sorted by population. Then, this list was simply divided into the three categories. In each category, the state that had the highest population was selected. For the first category, California (CA) was selected. Missouri (MO) was selected for the second category. For the low-population states, Kansas (KS) was selected. The authors then selected 5000 samples in each state. This sampling approach prevents any bias resulting from over- or under-sampling. A flowchart of this study is presented in Figure 1.





4. Results


4.1. Nonlinear Models Development and Performance Assessment


One XGBT model was constructed for each of the three US states based on population differences in this study. These three models were developed using a set of parameters, and each of these parameters has its own value. This study employed the grid search technique to discover the optimized value of these parameters. Table 3 shows the optimum values of the XGBT models’ parameters.



To develop the XGBT models, the data were divided into training and testing sets with a ratio of 80:20. In addition, to avoid overfitting and reduce the generalization error, this study employed a 10-fold cross validation approach. The performance of these three models was evaluated using two famous performance criteria, including linear correlation (R) and mean absolute error (MAE). Equations (9) and (10) illustrate the mathematical forms of these criteria.


  R =    ∑  i = 1  h   (   k i  −   k ¯  i   )   (   s i  −   s ¯  i   )       ∑  i = 1  n     (   k i  −   k ¯  i   )   2     (   s i  −   s ¯  i   )   2       



(9)






  M A E =    ∑  i = 1  n   |   k i  −  s i   |   h   



(10)




where    k i    and    s i    signify nth actual and predicted values, respectively;     k ¯  i    and     s ¯  i    indicate the average values of actual and predicted values, respectively; h shows the number of samples in the dataset. Table 4 shows the outcomes of the models’ evaluations. As can be seen, the highest training performance belonged to Kansas.




4.2. Variables’ Importance


Table 5 shows the cumulative importance (CI) of all variables in forecasting vehicle ownership. In California, household travel characteristics were the most influential factors in predicting vehicle ownership (CI: 0.62). In Missouri and Kansas, sociodemographic factors were the most important predictors of household vehicle ownership (CI: 0.53 and 0.55, respectively).



Figure 2 shows the variables’ importance in three different states of the US with different population sizes for vehicle ownership prediction. The number of drivers in a household (B) was the most important variable in California and Missouri. The importance of the number of drivers in a household was slightly lower in Kansas than that of home ownership (F).



In California, the second most important variable for the prediction of vehicle ownership was deficiencies in cycling infrastructure, followed by deficiencies in walking infrastructure. Several variables, including the count of adults in a household over the age of 18, household vehicle used on the trip, household members’ count on the trip, count of person trips on travel day, household living area (urban or rural), and count of children aged 0 to 4 in the household, had no contribution to vehicle ownership prediction in California.



Household income, which was followed by the number of adults in the household over the age of 18, was the second most influential variable in Missouri for predicting vehicle ownership. The number of children aged 0 to 4 in the household and the household vehicle used on the trip had no effect on the car ownership prediction in Missouri.



As mentioned above, in Kansas, home ownership was the most important variable, and the second most important variable for vehicle ownership forecasting was household drivers’ count, followed by household members’ count. In Kansas, the zero-contributed variables included population density, the number of children aged 0 to 4 in the household, the number of person’s trips on the travel day, and the household vehicle used on the trip.




4.3. Nonlinear Associations with Car Ownership


The nonlinear associations between the predicted number of household vehicles and each state’s two most important variables are provided in this section. Figure 3 shows associations between predicted household vehicle counts and various variables in three different US states.



In California, there is a cubic relationship between the number of drivers in the household (DRVRCNT) and the household vehicle count. When the number of household drivers is within the range of two, it has a negligible effect on vehicle ownership. Beyond the threshold, it has a positive relationship with vehicle ownership. However, when the DRVRCNT exceeds six, the impact of the DRVRCNT is saturated. The cubic relationships for Missouri and Kansas are different. In Missouri, when the DRVRCNT is in the range of one to four drivers, it has a strong positive relationship with vehicle ownership. However, when the DRVRCNT is beyond four drivers, vehicle ownership starts to decrease. In Kansas, the cubic relationship between vehicle ownership and DRVRCNT is predominantly concave between 1 and 3 drivers. It seems that when the DRVRCNT exceeds four, the impact of the DRVRCNT is saturated in Kansas. Overall, the best range of DRVRCNT for cutting down on car ownership in California is between zero and two drivers. This range for Missouri and Kansas is between four and five. These findings corroborate prior research indicating that the number of drivers in a household has a considerable impact on vehicle ownership (e.g., [58,59,60,61]). No study, however, has examined the nonlinear relationship between the number of drivers in a household and vehicle ownership. As a result, the findings from this research are unique.



In the cubic relationship between vehicle ownership and deficits in cycling infrastructure (BIKEINFRA), it seems that when the BIKEINFRA is within the range of three, its impact on vehicle ownership is greater than when it is within the range of four to seven. This means that when Californian households are disappointed to find adjacent paths, trails, sidewalks, or parks, they lose their inclination to bike and switch to buying new vehicles. Several studies confirmed that providing adequate infrastructure for biking may encourage people to substitute this mode for private vehicles, but to the authors’ best knowledge, very few studies have assessed the influence of this factor on vehicle ownership. In addition, no study has specifically examined the nonlinear relationship between these factors and vehicle ownership.



In Missouri, the cubic connection between household income (HHFAMINC) and vehicle ownership indicates that when household income is between 10,000 and 14,999 USD, it has a minor influence on vehicle ownership. It has a positive correlation with vehicle ownership after the threshold is exceeded. When the HHFAMINC crosses nine (125,000–149,999 USD), the HHFAMINC’s effect becomes saturated. Several previous studies reported the positive and linear relationship between household income and vehicle ownership (e.g., [19]), but very few studies have assessed the nonlinear relationship between household income and vehicle ownership (e.g., [62]).



In Kansas, there is a strong link between home ownership (HOMEOWN) and the number of vehicles in a household, so possessing a home increases the likelihood of owning more vehicles. Since home ownership can be assumed as an indicator of family wealth, the positive relationship between home ownership and vehicle ownership is not surprising and has been reported in several previous studies (e.g., [19,62]).




4.4. Impacts of Interactions on Vehicle Ownership


A strong positive relationship between the number of drivers in the household and vehicle ownership in all states was observed. This association implies that if the number of drivers in the household was lowered, vehicle ownership would decline substantially. This section looks at how household travel characteristics (HTCs) in each state moderate the effects of the most relevant BEA factors on vehicle ownership. BIKEINFRA was the most significant BEA variable in California, whereas HBPPOPDN and URBRUR were the most significant BEA variables in Missouri and Kansas, respectively. In all states, DRVRCNT was the most influential HTC variable. Figure 4 shows the change in predicted household vehicle counts when biking infrastructure conditions change from one to seven, a household living area changes from urban to rural, and population density increases from a category of 50 to a category of 30,000.



DRVRCT has a complex moderating influence on the relationship between the built environment and household vehicle count. For example, when biking infrastructure conditions change from one to seven, predicted household vehicle counts for all the number of drivers in a household increase, but the predicted household vehicle count growth varies by the number of drivers in a household (Figure 4a). When the number of drivers in a household is one, the smallest increment (0.28) in the number of household vehicles occurs. A medium increase (1.13) in the number of household vehicles occurs when the number of household drivers is two. Finally, when there are three people who drive in a household, the number of vehicles in the household increases the most (1.56). This suggests that the number of drivers in a household strengthens the positive influence of the deficiencies in biking infrastructure on vehicle ownership in California. The interaction effect of household living area (urban or rural) and DRVRCT on predicted household vehicle counts has a similar pattern in Kansas (Figure 4c). As living areas change from urban (1) to rural (2), vehicle ownership increases and the growth varies by the number of drivers in a household. When the household has four drivers, the largest increase in vehicle ownership occurs, suggesting that the number of drivers in a household amplifies the population density’s positive effect on vehicle ownership.



As shown in Figure 4b, in Missouri, DRVRCT also moderates the impact of population density on predicted household vehicle counts. When the population density rises from 50 to 30,000, the predicted number of household vehicles decreases as well. When a household has two drivers, the number of household vehicles decreases the most (−2.14), whereas when a household has three drivers, the number of household vehicles decreases the least (−0.89). These findings show that having more drivers in a household can lessen the negative effects of high population density on vehicle ownership.





5. Discussions


It was expected that the number of drivers in the households plays a dominant role in predicting the count of the households’ vehicles. However, very few studies have investigated the direct effects of the count of households’ drivers on vehicle ownership. Some studies [61,63] found positive associations between the total number of household vehicles, vehicle usage, and energy consumption, which can be interpreted as indirect indicators of vehicle ownership trends. A possible reason that the number of drivers in the household became the most important household travel characteristics variable in predicting vehicle ownership in the three US states could be the direct and positive relationship between this variable and the number of adults in the households. Having more adults in a household means that people have different responsibilities and can travel independently. Thus, each adult household member may require their own vehicle, which cannot be shared with others due to time constraints. The importance of the number of drivers in the household in all three states shows that this variable is a determinant of households’ vehicle ownership regardless of the state’s population size.



Many previous studies have confirmed that providing adequate cycling and walking facilities encourages people to use these modes more frequently (e.g., [64,65,66]). At least for recreational or short trips, this may also encourage people to replace vehicles with walking and cycling [67,68]. These may be the causes of emerging deficiencies in cycling facilities as an important predictor of vehicle ownership in California. Having poor cycling facilities may increase the tendency of adult household members to buy more vehicles. According to The League of American Bicyclists [69], among all the US states, California, Missouri, and Kansas are ranked 4, 35, and 37, respectively, in terms of their suitability for cycling. Thus, the emergence of biking infrastructure conditions in California as an important factor is sensible. California has better conditions in terms of infrastructure and funding, education and encouragement, legislation and enforcement, policies and programs, and evaluation and planning than the other two states [69]. In addition, other factors such as biking culture, topography, and integration of walking and cycling facilities with public transport services can make a difference among the US states in terms of adoption of walking and biking instead of using private vehicles.



5.1. Findings’ Implications


The practical examinations in the earlier sections accomplished the investigation objectives by revealing the characteristics of households that belonged to different US states and different populations. The results have significant implications for households’ vehicle ownership. This paper’s analysis clearly showed that the number of drivers in the household and deficiencies in cycling infrastructure heavily impacted the household vehicle numbers. Moreover, the results revealed that these variables are determinants of household vehicle ownership regardless of the state’s population. Thus, to discourage households from possessing multiple vehicles, any policy that reduces the impact of these variables is desired.



The members of the household have varying life commitments and travel requirements. As a result, considering all family members’ needs and encouraging them to share their vehicles with other family members rather than purchasing more vehicles is a daunting task. However, some solutions, including using a minivan, flexible working time, using micro-mobility for first and last connections, and sending children to schools near the house, can be used to reduce the number of drivers in the household.



Improvements to the cycling infrastructure in all states (especially Kansas) should be at the center of attention. Some measures include the construction of paths, trails, or parks near housing units; the construction of sidewalks along all local and arterial streets; and the consistent assessment of sidewalks to ensure that they can serve all people, regardless of physical ability [64].



In most states, regardless of their population, the BEAs could not have the highest cumulative contribution to household vehicle ownership. Most BEAs had a minor impact on reducing vehicle ownership growth in the short term, but a BEA that made alternate modes of transportation competitive with a vehicle may have created a positive circle between the BEA and vehicle ownership in the long term. However, since transportation infrastructure and construction persist for years, a motorized-oriented urban layout is difficult to reverse once it has been established. Moreover, the motorized-oriented metropolitan structure will foster people’s intention to purchase vehicles, which will be harmful to sustainable mobility.




5.2. Limitations


The study has significant limitations. First, the NHTS dataset is one of the largest household travel survey datasets in the world. However, its built environment indicators are limited. Some of these overlooked factors are location and transit accessibility (e.g., distance to the central business district and distance to the nearest metro/bus stop). Thus, future studies can employ other datasets containing more built-environment attributes and apply the XGBT method to perform their analysis. Additionally, it is suggested that the NHTS consider the factors mentioned above since these factors allow researchers to conduct a more comprehensive study regarding the issue of vehicle ownership in the US. Second, the NHTS includes items regarding reasons for not walking and biking. However, there are no items regarding the deficiencies in public transportation, particularly public buses. Future studies may complement the NHTS dataset with field observations on public transport infrastructure conditions. Finally, the authors believe that a sample of 5000 per state were enough to analyze the nonlinear relationship between vehicle ownership and other variables. However, future studies can use a larger sample to perform their analysis.





6. Conclusions


By means of data from the US National Household Travel Survey, this research utilized an extreme gradient boosting tree (XGBT) model to investigate the importance of sociodemographic factors, the HTCs, and the BEAs to vehicle ownership and their nonlinear associations with vehicle ownership. It is one of the few studies that look at how key HTCs moderate the effects of important BEAs on vehicle ownership in three different states in the United States with different populations. However, this study could not find a substantial difference in the results based on the states’ populations. The main findings of this study for each state are as follows:




	
In California, the predictability of vehicle ownership was driven by household travel characteristics (CI: 0.62). In this state, the number of drivers in a household and the deficiencies in cycling infrastructure were the two most important factors in predicting vehicle ownership.



	
In Missouri, sociodemographic factors were dominant factors in predicting vehicle ownership (CI: 0.53). The number of drivers in a household and household income were the two most important predictors of vehicle ownership in Missouri.



	
In Kansas, sociodemographic factors were the most influential factors in predicting vehicle ownership (CI: 0.55). Home ownership and the number of drivers in a household were the most influential factors in vehicle ownership in Kansas.








The outcomes demonstrate that the number of drivers in a household plays a dominant role in households’ choice of vehicle ownership in the three US states. Crowded families with many drivers are more likely to possess more vehicles. In addition, deficiencies in the cycling infrastructure are another vital determinant of vehicle ownership in California. These two variables in California are the most significant predictors, accounting for 0.74 of the predictive capabilities. Identifying effective strategies to discourage households’ drivers from buying new vehicles and improving the cycling infrastructure is key to sustainable transport in these states.



Policymakers could utilize land use and transport strategies to transform the built environment. The BEAs have a modest impact on vehicle ownership, and several BEAs may be used as proxies for the number of drivers in a household. Because practically all BEAs have a minor impact on their own, policymakers will need a combination of tactics if they intend to restrict vehicle ownership using land use and transport policy.



Some of the findings of this study are unique. For example, the nonlinear relationship between vehicle ownership and the number of drivers in a household has not been assessed by the previous studies. Thus, policymakers can use the findings of this study (thresholds, relationships, and interaction effects) to propose strategies to cope with the growth of vehicle ownership in the US.



Several factors are only connected with vehicle ownership when they fall within a specified range. It can result in a subjective interpretation of the associations between variables if the nonlinear associations are overlooked. This can lead planners and researchers to misjudge the significance of these variables and inaccurately signify their associations with vehicle ownership. More significantly, these ranges provide policymakers with recommendations about how to efficiently reduce the increase in vehicle ownership.



The findings of this research also showed that the XGBT can be successfully applied to reveal the complex relationships between the input variables and the target variables. Future studies can use this method to solve other issues in transportation science. To get more accurate results, they can combine the XGBT with other machine learning techniques, such as those that were proposed in Kumar et al. [70], Golilarz et al. [71], Golilarz et al. [72], Najafi Moghaddam Gilani et al. [73], Gilani et al. [74], and Tao et al. [75].
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Figure 1. Flowchart of this study. 
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Figure 2. Importance of variables by different US states: (A = BIKEINFRA; B = DRVRCNT; C = HBPPOPDN; D = HHFAMINC; E = HHSIZE; F = HOMEOWN; G = NUMADLT; H = TRPHHACC; I = TRPHHVEH; J = URBANSIZE; K = URBRUR; L = WALK_DEF; M = WRKCOUNT; N = YOUNGCHILD). 
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Figure 3. Relationships between predicted household vehicle counts and various variables in three different US states. 
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Figure 4. Relationships between essential BEA variables in each state and vehicle ownership variations moderated by key HTC variables. (a): Increase of vehicle ownership when condition of walking infrastructure changes from 1 to 7; (b): decrease in vehicle ownership as population density increases from 50 to 50,000 people; (c): increase in vehicle ownership as people’s living environments shift from urban to rural. 
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Table 1. Some recent studies that employed 2017 NHTS data.
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	Study
	Study Aim
	Variables Used
	Analysis Technique(s)





	Conway, Salon, and King [41]
	To report on taxi usage patterns and the rise of ride-hailing services.
	Sociodemographic, personal trips
	Descriptive analysis, logistic regression



	Godfrey et al. [48]
	To address some of the most pressing concerns affecting public transit.
	Sociodemographic
	Descriptive analysis



	Li, Liu, and Jia [46]
	To look at the current state of conventional car ownership and usage, as well as renewable fuels vehicle ownership and consumption.
	Sociodemographic
	Descriptive analysis



	Tribby and Tharp [44]
	To determine the prevalence of cycling patterns by city, as well as the features that best distinguish cyclists from non-cyclists.
	Sociodemographic
	Logistic regression



	Das [43]
	To determine the impact of ride hailing service uptake on sustainable mobility options.
	Sociodemographic, built environment attributes
	Logistic regression



	Jiao, Bischak, and Hyden [42]
	To determine the effect of shared mobility on trip production.
	Sociodemographic, built environment attributes
	Negative binomial (NB) model



	Porter, Kontou, McDonald, and Evenson [45]
	To describe the overall impediments to riding as self-reported.
	Sociodemographic
	Descriptive analysis



	Sadeghvaziri and Tawfik [49]
	To learn more about how the elderly travel.
	Sociodemographic
	Descriptive analysis



	Jin and Yu [47]
	To gain a better understanding of the fundamental reasons why people avoid taking public transportation by looking at the viewpoints of various users.
	Sociodemographic, descriptive analysis
	



	Sabouri, Tian, Ewing, Park, and Greene [5]
	Using regional household travel data and constructed environmental characteristics from 32 regions across the United States, vehicle ownership models were assessed.
	Sociodemographic, built environment attributes
	Logistic regression
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Table 2. Variables’ description.
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Variable

	
Description

	
Value






	
Independent variable




	
HHVEHCNT

	
Household vehicles’ count

	
[0–12]




	
Sociodemographic (SD)




	
HHFAMINC

	
Household income ($)

	
(1) <10,000; (2) 10,000–14,999; (3) 15,000–24,999; (4) 25,000–34,999; (5) 35,000–49,999; (6) 50,000–74,999; (7) 75,000–99,999; (8) 100,000–124,999; (9) 125,000–149,999; (10) 150,000–199,999; (11) >200,000




	
HHSIZE

	
Household members’ count

	
[1–13]




	
HOMEOWN

	
Home ownership

	
(1) own; (2) rent




	
NUMADLT

	
Count of adults in the household over the age of 18

	
[1–10]




	
WRKCOUNT

	
Household workers’ count

	
[1–7]




	
YOUNGCHILD

	
Count of children aged 0 to 4 in the household

	
[1–5]




	
Household travel characteristics (HTC)




	
DRVRCNT

	
Household drivers’ count

	
[0–9]




	
TRPHHACC

	
Household members’ count on the trip

	
[0–10]




	
TRPHHVEH

	
Household vehicle used on trip

	
(1) yes; (2) no




	
Built environment attributes (BEA)




	
BIKEINFRA

	
Deficiencies in cycling infrastructure *

	
(1) no adjacent paths or trails; (2) no sidewalks or sidewalks are in poor condition; (3) no adjacent parks; (4) 1 and 2; (5) 1 and 3; (6) 2 and 3; (7) 1, 2, and 3




	
HBPPOPDN

	
Category of population density (persons per sqmi) in the household’s home census block group

	
50 = 0–99; 300 = 100–499; 750 = 500–999; 1500 = 1000–1999; 3000 = 2000–3999; 7000 = 4000–9999; 17,000 = 10,000–24,999; 30,000 = 25,000–999,999




	
URBANSIZE

	
Size of the urban area in which the residence is located

	
(1) 50,000–199,999; (2) 200,000–499,999; (3) 500,000–999,999; (4) 1 million or more without heavy rail; (5) 1 million or more with heavy rail; (6) not in urbanized area




	
URBRUR

	
Household in urban/rural area

	
(1) urban; (2) rural




	
WALKIFRA

	
Deficiencies in walking infrastructure *

	
(1) no adjacent paths or trails; (2) no sidewalks or sidewalks are in poor condition; (3) no adjacent parks; (4) 1 and 2; (5) 1 and 3; (6) 2 and 3; (7) 1, 2, and 3








* These variables were originally employed in the NHTS to evaluate reasons for not walking or cycling, and their acronyms are WALK_DEF and BIKE_DFR, respectively.
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Table 3. Values of key parameters of XGBT models in three US states.






Table 3. Values of key parameters of XGBT models in three US states.





	Parameter
	CA
	MO
	KS





	Number of trees
	1
	70
	80



	Maximal depth
	10
	80
	60



	Minimum rows
	4.9 × 10−324
	4.9 × 10−324
	4.9 × 10−324
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Table 4. XGBT models’ performance.






Table 4. XGBT models’ performance.





	
Criterion

	
CA

	
MO

	
KS






	
R

	
Train

	
0.814

	
0.934

	
0.995




	
Test

	
0.817

	
0.935

	
0.965




	
MAE

	
Train

	
0.664

	
0.303

	
0.246




	
Test

	
0.662

	
0.308

	
0.244
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Table 5. Cumulative importance of variables for predicting vehicle ownership in three states of the US.






Table 5. Cumulative importance of variables for predicting vehicle ownership in three states of the US.





	
State

	
Cumulative Importance




	
Sociodemographic (SD)

	
Built Environment

Attributes (BEA)

	
Household Travel Characteristics (HTC)






	
CA

	
0.08

	
0.30

	
0.62




	
MO

	
0.53

	
0.12

	
0.35




	
KS

	
0.55

	
0.20

	
0.25
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