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Abstract

Understanding household vehicle ownership dynamics in the post-COVID-19 era is critical
for designing equitable, resilient, and sustainable transportation policies. This study em-
ploys an interpretable machine learning framework to model household vehicle ownership
using data from the 2022 National Household Travel Survey (NHTS)—the first nationally
representative U.S. dataset collected after the onset of the pandemic. A binary classification
task distinguishes between single- and multi-vehicle households, applying an ensemble
of algorithms, including Random Forest, XGBoost, Support Vector Machines (5VM), and
Naive Bayes. The Random Forest model achieved the highest predictive accuracy (86.9%).
To address the interpretability limitations of conventional machine learning approaches,
SHapley Additive exPlanations (SHAP) were applied to extract global feature importance
and directionality. Results indicate that the number of drivers, household income, and
vehicle age are the most influential predictors of multi-vehicle ownership, while contextual
factors such as housing tenure, urbanicity, and household lifecycle stage also exert sub-
stantial influence highlighting the spatial and demographic heterogeneity in ownership
behavior. Policy implications include the design of equity-sensitive strategies such as
targeted mobility subsidies, vehicle scrappage incentives, and rural transit innovations. By
integrating explainable artificial intelligence into national-scale transportation modeling,
this research bridges the gap between predictive accuracy and interpretability, contributing
to adaptive mobility strategies aligned with the United Nations Sustainable Development
Goals (SDGs), particularly SDG 11 (Sustainable Cities), SDG 10 (Reduced Inequalities), and
SDG 13 (Climate Action).

Keywords: vehicle ownership; explainable machine learning; SHAP; post-COVID-19
mobility; sustainable development goals

1. Introduction

Household vehicle ownership remains a foundational element of contemporary trans-
portation systems, serving as a critical determinant of individual mobility, accessibility, and
modal choice. In automobile-oriented societies such as the United States, vehicle availability

Future Transp. 2025, 5, 136

https://doi.org/10.3390/ futuretransp5040136


https://doi.org/10.3390/futuretransp5040136
https://doi.org/10.3390/futuretransp5040136
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/futuretransp
https://www.mdpi.com
https://orcid.org/0009-0006-1956-8159
https://orcid.org/0009-0006-2988-1077
https://orcid.org/0000-0002-9184-4828
https://doi.org/10.3390/futuretransp5040136
https://www.mdpi.com/article/10.3390/futuretransp5040136?type=check_update&version=2

Future Transp. 2025, 5, 136

2 of 32

not only influences travel behavior but also reflects deeper structural dynamics, includ-
ing socioeconomic inequality, urban-rural spatial asymmetries, and land-use patterns [1].
From a public policy perspective, household vehicle ownership informs decisions related to
infrastructure investment, climate mitigation, and equity-sensitive mobility planning, each
of which aligns with the broader objectives of the United Nations Sustainable Development
Goals (SDGs), particularly SDG 11 (Sustainable Cities and Communities), SDG 13 (Climate
Action), and SDG 10 (Reduced Inequalities) [2—4].

Traditionally, the modeling of vehicle ownership has relied on econometric techniques
such as discrete choice models, count regressions (e.g., Poisson, negative binomial), and
linear regression frameworks [5,6]. These approaches, while offering interpretability and
statistical rigor, are constrained by assumptions of linearity, homoscedasticity, and error
independence. As a result, they often fall short in capturing the nonlinear, interactive, and
heterogeneous behaviors that increasingly characterize household transportation decision-
making, particularly in dynamic post-crisis contexts.

The COVID-19 pandemic has significantly reshaped the landscape of urban mobility,
prompting a reevaluation of long-standing assumptions. With the widespread uptake of re-
mote work, a surge in e-commerce, declining public transit ridership, and a reconfiguration
of spatial routines, household travel behavior has undergone structural change [7]. While
some of these impacts reflect temporary disruptions, such as short-term declines in trip
frequency during lockdowns or initial risk aversion toward shared modes, others indicate
longer-term structural shifts in travel behavior. Emerging evidence points to sustained
increases in telecommuting, suburban residential relocation, and continued caution toward
public transit use, all of which alter baseline household mobility needs. Distinguishing
between transient shocks and enduring transformations is therefore essential, and this
study positions household vehicle ownership as a structural indicator of post-pandemic
mobility change. These shifts have affected not only how frequently people travel, but
also how they perceive and manage transportation risk, how they allocate capital to ve-
hicles, and how they interact with the built environment. Consequently, understanding
household vehicle ownership in the post-COVID-19 era requires analytical tools capable of
capturing these evolving patterns. The 2022 National Household Travel Survey (NHTS)
provides a uniquely situated empirical foundation for this inquiry. As the first nationally
representative travel dataset collected after the onset of the pandemic, it captures critical
shifts in household structure, remote work adoption, travel frequency, income volatility,
and access disparities [8]. Compared to earlier NHTS waves (2001, 2009, 2017) [9], the 2022
data reflect a new equilibrium of behavioral, economic, and spatial conditions, making it
methodologically and policy-relevant for understanding current ownership trends [10-14].

In parallel, recent advances in machine learning (ML) have opened new frontiers
in travel behavior modeling, enabling the analysis of complex, high-dimensional, and
nonlinear data structures [15,16]. ML methods such as Random Forest, XGBoost, Support
Vector Machines, and Naive Bayes classifiers have demonstrated superior performance
across a wide range of transport applications including demand forecasting, mode choice
prediction, and traffic safety analysis [17,18]. However, despite their predictive power,
these models often function as “black boxes”, providing limited insight into the underlying
drivers of predicted outcomes [19]. This opacity presents a major challenge for public-sector
decision-making, where transparency, trust, and accountability are paramount, especially
in domains with distributional implications, such as household vehicle ownership. To
meet these interpretive demands, the field has increasingly turned to explainable artificial
intelligence (XAI), a growing body of methods designed to render machine learning models
more transparent and diagnostically informative [20,21].
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Among the most influential tools within the XAI domain is SHAP (SHapley Additive
exPlanations), which attributes importance to each feature by decomposing model predic-
tions using cooperative game theory [22]. SHAP values allow researchers and practitioners
to understand not just which variables influence predictions, but how their impact varies
across the dataset, enabling both global and local interpretability [23]. Other techniques,
such as LIME, offer instance-level approximations but may lack the consistency and the-
oretical robustness required for policy-grade insights [24]. In the context of household
vehicle ownership where decisions intersect with income, geography, lifecycle stage, and
access to alternatives, XAl methods provide a critical bridge between computational models
and policy needs [25]. Importantly, these tools also align with SDG 16 (Peace, Justice and
Strong Institutions) by enhancing transparency and institutional legitimacy in Al-driven
governance. By revealing the drivers of model predictions in an interpretable manner, XAl
fosters stakeholder trust, supports evidence-based decision-making, and helps address
ethical concerns associated with algorithmic bias and exclusion.

Despite these methodological advances, the integration of XAl into vehicle own-
ership modeling remains limited, with most studies emphasizing prediction accuracy
at the expense of interpretability. Particularly in the wake of COVID-19, where new
structural dynamics govern household mobility decisions, a transparent and behaviorally
informed modeling framework is urgently needed to inform sustainable and inclusive
transport policy.

This study addresses this research gap by proposing a comprehensive, interpretable,
and empirically grounded machine learning application to model household vehicle own-
ership using the 2022 NHTS. The overarching objective is to examine how socioeconomic,
spatial, and lifecycle variables shape vehicle ownership behavior in the post-pandemic con-
text, while employing SHAP to generate actionable and interpretable insights. Specifically,
this study makes four key contributions:

e  Data Innovation: Leverages the first post-COVID-19 wave of the National Household
Travel Survey to assess contemporary vehicle ownership patterns.

e  Modeling Comparison: Applies and evaluates multiple supervised machine learning
algorithms (e.g., XGBoost, Naive Bayes, Random Forest, SVM) to determine predictive
performance and behavioral consistency.

e Interpretability Integration: Uses SHAP to deliver both global and disaggregated
feature attributions, thereby enabling transparent, explainable, and policy-aligned
diagnostics.

e Policy and Sustainability Relevance: Translates model findings into insights that
support SDG-linked priorities, including equity (SDG 10), urban sustainability (SDG
11), climate mitigation (SDG 13), and algorithmic governance (SDG 16).

By aligning advanced computational techniques with interpretability frameworks and
SDG-driven planning goals, this research contributes a novel, policy-relevant approach
to post-pandemic mobility analytics. In doing so, it supports the evolution of transporta-
tion modeling from a purely predictive science to a transparently interpretable, socially
responsive, and sustainability-oriented discipline.

The remainder of this paper is structured as follows. Section 2 reviews relevant
literature on vehicle ownership prediction, with emphasis on both traditional statistical
approaches and emerging machine learning techniques. Section 3 outlines the methodology,
including data processing, model selection, and explainability protocols. Section 4 presents
empirical results, including model performance metrics and SHAP-based interpretations.
Section 5 discusses the implications for transportation planning, sustainability, and algo-
rithmic governance. Finally, Section 6 concludes with key findings and outlines avenues
for future research.
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2. Literature Review

Household vehicle ownership has long been central to transportation research because
it shapes urban form, infrastructure investment, environmental externalities, and equity
outcomes [26]. Methods have evolved from aggregate regressions and discrete choice
models to machine learning and explainable artificial intelligence. This shift reflects both
the rising complexity of travel behavior and the growing need for predictive frameworks
that are accurate, transparent, interpretable, and relevant for policy.

Early empirical work used aggregate regressions to estimate ownership trends. For
example, Sillaparcharn [27] analyzed provincial data for Thailand, and Bhat and Eluru [28]
developed a discrete continuous copula-based framework that jointly modeled ownership,
type choice, and usage. These econometric approaches offered clear behavioral inter-
pretations, but they relied on restrictive assumptions about linearity, independence, and
parametric form.

Recent studies increasingly adopt machine learning to capture complex, nonlinear,
and high-dimensional relationships without prespecified functional forms. Ha [29] and
colleagues and Bas [30] and colleagues used ensemble methods such as Random Forest,
Gradient Boosting, and Neural Networks to predict household ownership and electric
vehicle adoption, often achieving higher predictive accuracy than traditional models,
especially when behavioral and attitudinal variables were available. Zambang [31] and
colleagues confirmed these gains in a comparative study of nine supervised classifiers.

At the same time, machine learning has been criticized for its limited interpretability.
Global importance metrics such as the Gini index or permutation importance identify
which variables matter but not how they shape predictions for specific households or
subgroups [32]. This opacity constrains usefulness in policy settings that demand ac-
countability and transparency. In addition, much of the literature concentrates on electric
vehicle adoption or purchase decisions, often using regional or pre-pandemic samples,
with less attention to equity, spatial heterogeneity, or mechanisms of behavior. The present
study addresses these gaps by applying SHAP-based interpretability to a national-scale
framework with the 2022 National Household Travel Survey, thereby combining predictive
accuracy with transparent, policy-relevant insight on household ownership transitions in
the post-pandemic context.

Explainable methods have begun to close the interpretation gap. SHAP provides a
rigorous allocation of feature contributions grounded in cooperative game theory. For
instance, Naseri [33] and colleagues combined SHAP with XGBoost to study income and
environmental factors in adoption decisions, while Ma and Pinsky [34] used LIME with
Naive Bayes to examine heterogeneity across income groups. These studies demonstrate
the value of pairing predictive strength with diagnostic insight, yet most are limited to
electric vehicle outcomes and rarely use national data at scale.

Deep learning has also been explored for ownership modeling and can yield strong
accuracy, but interpretability remains a challenge for public sector decision-making [35].
Ali [36] and colleagues compared machine learning with Multinomial Logit and concluded
that while machine learning often improves predictive metrics, discrete choice models
retain advantages for interpretability in strategic planning.

Important gaps remain. First, few studies integrate SHAP-based interpretability
within national models that capture household-level heterogeneity in general ownership
rather than only adoption of a specific technology. Second, many machine learning studies
rely on pre-pandemic data and therefore cannot reflect structural changes such as greater
telecommuting, residential relocation to suburbs, and substitution away from public transit.
Third, equity analysis is often limited, with little attention to variation across demographic
groups, geographic contexts, or tenure status. Fourth, behavioral attributes such as work-
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from-home frequency, trip purpose, and modal resilience are commonly treated as ancillary
rather than central explanatory factors. Finally, only a small number of studies explicitly
link ownership modeling to broader sustainability and planning frameworks such as the
Sustainable Development Goals. For example, Xu [37] and colleagues used Bayesian-
optimized Support Vector Machines for sustainable user targeting but offered limited
transparency and limited guidance for practice.

Although much of the post-pandemic literature centers on higher-income countries, an
emerging body of work from the Global South provides valuable comparative perspectives
on modal shifts, equity, and access. Examples include studies of constraints faced by women
in South Asia [38], and biosecurity-driven mode shifts among students in Iran [39]. Research
from East Asia shows that epidemic prevention concerns have reshaped perceptions of
transit safety and comfort [40]. Work on ride-sharing willingness after the pandemic
further illustrates how safety, reliability, and social interaction shape the adoption of
shared options, with heterogeneity across demographic and attitudinal groups [41]. These
insights underscore the continued importance of equity and context when interpreting
ownership decisions.

To respond to the gaps above, the present study makes four contributions.

e  Methodological advancement: We apply and compare ensemble-based classifiers XG-
Boost and Random Forest with Support Vector Machine and Naive Bayes in a unified
and interpretable framework that uses SHAP for both global and local attributions.

e  Empirical relevance: We use the 2022 National Household Travel Survey, which
provides a nationally representative post-pandemic sample and captures emerging
mobility behavior under new structural constraints.

e  Equity and spatial sensitivity: We examine heterogeneity in ownership decisions
across income, lifecycle stage, household structure, and spatial typologies including
urban and rural settings.

e Policy and sustainability alignment: We translate model findings into actionable
insights aligned with SDG 11 on sustainable cities, SDG 13 on climate action, and SDG
10 on reduced inequality, thereby linking machine learning evidence to the needs of
transportation governance in the post-COVID-19 environment.

By integrating robust predictive modeling with transparent interpretability, this study
bridges the divide between behavioral realism and data-driven computation. It advances
vehicle ownership modeling toward an equitable, sustainable, and policy-aligned paradigm
that can inform the mobility needs of diverse households in a rapidly changing world.

To position this study relative to recent machine learning and explainability work in
transport, Table 1 contrasts scope, data scale, outcome focus, interpretability strategy, and
policy orientation across representative studies and the present work.

Table 1. Recent studies related to transport ML and explainability research.

Study Context and Data Outcome Focus Modeling Approach Explainability What is Different Here
. Moves from aggregate inference
[27] Tk.\aﬂ.and, Aggr(.egate Aggregate regression Not applicable to household-level prediction
provincial data ownership levels . . .
with national microdata
Extends beyond parametric
Mixed contexts, Joint ownership, Discrete choice with .. structure to flexible machine
[28] . Model coefficients . .
microdata type, usage copula learning with post hoc
interpretability
Regional or HouseI:hold Ensemble machine Limited global Uses nahona.l post-pand.e.nuc data
[29] study-specific ownership or EV learnin importance and local interpretability for
samples intention & P household-level insight
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Table 1. Cont.
Study Context and Data Outcome Focus Modeling Approach Explainability What is Different Here
Regional or . Ensemble and Neural o Adds transparent SHAP an§1y51s
[30] study-specific EV adoption Often minimal and an equity-oriented reading of
Networks
samples results
. Classifier . . Provides a unified framework
Comparative . Nine supervised - . .
[31] . . comparison for 0 Generic importance with SHAP across multiple
machine learning . classifiers . .
ownership models using national data
EV adontion Shifts from EV adoption to
[33] ption, Adoption drivers XGBoost SHAP summaries general ownership at national
study-specific . . .
scale in a post-pandemic setting
) Purchase behavior, Consumer . Appl} es SHAP across tree- .and
[34] tudv-specifi heterogeneit Naive Bayes LIME margin-based models and links
study-spectiic clerogenetty findings to policy and the SDGs
Ownershi Prioritizes interpretability with
[35] Study-specific redic tior}: Deep Neural Networks Typically, none SHAP over black box accuracy for
P policy relevance
Cor.nparatlv? Ownership Machine learning and Model coefficients Combmes. machine learning
30] machine learning rediction discrete choice for discrete choice accuracy with SHAP to recover
and MNL P behavioral structure at scale
. Embeds explainability and equity
[37] SuSttzlrni?ili user Segmentation Bayesian-optimized SVM Limited framing with national
getng post-pandemic data
Focus on post-pandemic
United States, General hous.ehold XGBoost, Random Forest, SHAP summary own.ersh1p rather than EV only,
. . ownership, single ) . and violin plots for consistent SHAP across models,
This study national sample, . SVM, Naive Bayes in a . . .
ost-pandemic versus multiple unified framework global and local equity and spatial sensitivity, and
postp vehicles attribution policy links to feasibility and the

SDGs

3. Methodology
3.1. Data Source and Sample Selection

This study employs data from the 2022 wave of the National Household Travel Survey
(NHTS), conducted by the Federal Highway Administration, USA. The NHTS is the most
comprehensive source of household-level travel behavior in the United States, capturing
information on vehicle ownership, trip characteristics, socio-demographics, and changes in
mobility patterns in response to exogenous events such as the COVID-19 pandemic [42].

The 2022 wave of the NHTS is particularly important for examining post-pandemic
mobility changes, as it includes variables related to telecommuting, shifts in trip-making
behavior, and changes in attitudes due to health and mobility concerns [14]. For this
study, the analytical sample was restricted to households that reported owning at least one
vehicle, excluding those with zero vehicles to focus specifically on the factors influencing
the ownership of additional vehicles beyond the initial acquisition. The NHTS dataset
is organized into four main tables, household, person, trip, and vehicle, each containing
detailed records on various aspects of travel behavior. For this study, data from the
household and vehicle tables were used. The household table includes demographic and
household-level data, while the vehicle data provides information on vehicle ownership
and characteristics.

To integrate the vehicle and household datasets, the data were merged using the com-
mon HOUSEID identifier through the inner join function in R’s “dplyr” package [43]. This
process created a unified dataset that combined vehicle-specific data with corresponding
household attributes, resulting in a final dataset containing responses from 7308 households.
Survey weights from the NHTS were used in the descriptive statistics to ensure that the
sample was representative of key demographic characteristics. However, these weights
were not applied in the machine learning models due to limitations in incorporating them
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o

and Preparation
A
| @ — seonan !
1 1
| Handling missing data Binary target creation ]
Data ! :
::> ! [ [ =0
Preprocessing i ﬁ\ -— i
1
i Data balancing Variable selection i
e e e e e e e e e e e e J
B — B 2 — @
o-o v E0ED :‘
Algorithm Trainin Run and
= selection & validation

Model selection
and traiing

x|

E i
! 1
! 1
! 1
1 1
! 1
1 1
! I
1 1
: i
e o Accuracy | |
Accuracy | |
L T i
1
i i
1 1
1 ]
i E
i i
i i
1 1

o

N

Model
Interpretability

— Violin plot

y

— Bar plot

]
1
1
1
1
1
——> | SHAP analysis —
1
1
1
1
1
1
1
1
|

Figure 1. Overview of the methodological framework for vehicle ownership prediction using the
NHTS 2022 dataset. The process comprises four primary phases: (i) data collection and preparation
including data merging and formatting; (ii) data preprocessing involving missing data handling, bi-
nary target creation, variable selection, and class balancing; (iii) model selection and training utilizing
four machine learning algorithms (RF, XB, NB, SVM) with 5-fold cross-validation and performance
evaluation through accuracy, precision, recall, and F1 score; and (iv) model interpretability using
SHAP analysis to visualize feature importance via violin and bar plots.

Spatial variation was captured through regional and urban-rural indicators provided
in the NHTS. These variables allow the models to account for broad geographic differences,
though they do not capture localized heterogeneity or spatial dependence effects. It should
be noted that the 2022 NHTS does not include attitudinal or psychographic measures such
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as environmental concern, perceived health risks, or lifestyle preferences. As such, the
analysis is limited to socio-demographic, economic, and geographic predictors available in
the dataset.

3.2. Data Cleaning and Preprocessing

The raw NHTS 2022 dataset required rigorous preprocessing to ensure internal validity
and reproducibility. The cleaning procedure followed established transportation survey
standards [44]. Variables with more than 20 percent missing responses, primarily attitudinal
fields outside the scope of household vehicle ownership, were excluded. Household income,
a variable known for high non-response, was replaced with the multiple imputed values
provided within the official NHTS release, which apply hot-deck imputation techniques
benchmarked to census records. For vehicle age, missingness was under two percent;
these cases were imputed using the median vehicle age within the same census division
and urban-rural stratum, ensuring contextual plausibility while minimizing distortion
of distributional properties. Binary variables such as homeownership and urban-rural
classification had less than two percent missing cases, which were addressed through
listwise deletion to avoid introducing artificial classes. Continuous variables were examined
for extreme values using both the interquartile range (IQR) criterion and visual inspection
of histograms and boxplots [45]. Household incomes above USD 1 million and vehicle ages
exceeding 50 years, each comprising fewer than 0.5 percent of cases, were winsorized at
the 99th percentile. This approach mitigates leverage effects without discarding valid but
extreme households. In contrast, households with seven or more members or with five
or more licensed drivers were retained, as prior NHTS research indicates that such cases
reflect multi-generational or extended family structures rather than measurement error.

All categorical predictors were systematically recoded for model readiness. Binary
variables (e.g., homeownership, rail access, urban-rural classification) were dummy-coded
as 0/1. Multinomial predictors such as census division, lifecycle stage, and metropolitan
statistical area category were one-hot-encoded to prevent spurious ordinality. Rare cate-
gories representing fewer than one percent of households were collapsed into an “Other”
category to preserve statistical stability. This approach maintains interpretability while
avoiding model overfitting to sparse categories. Household-level and vehicle-level data
were merged through the HOUSEID key using an inner join. Records with conflicting or
logically inconsistent information (e.g., households reporting zero vehicles in the household
file, but positive vehicle counts in the vehicle file) were excluded (<0.3 percent of cases).
The final analytic dataset included 7308 households, representing the core vehicle-owning
population. Descriptive distributions of household size, income, age composition, and
regional location were compared between the cleaned analytic sample and weighted NHTS
benchmarks. The cleaned sample aligned closely with population benchmarks, with devia-
tions under three percentage points, confirming that the preprocessing did not introduce
systematic bias.

Continuous predictors were standardized (z-score normalization to mean 0, standard
deviation 1) to facilitate comparability across scales and improve model convergence,
particularly for Support Vector Machines [46]. Categorical predictors were encoded prior
to partitioning to avoid information leakage [47]. The dataset was randomly divided into
80 percent training and 20 percent testing subsets using stratified sampling to preserve
the proportion of single- and multi-vehicle households. This structured preprocessing
pipeline ensures that the analytic dataset is free from missing data bias, undue leverage
from outliers, and spurious collinearity from categorical sparsity. By adhering to best
practices in survey-based modeling, it establishes a robust foundation for subsequent
machine learning estimation and interpretability analysis.
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3.3. Dependent Variable Construction

The outcome of interest in this study is the household’s vehicle ownership intensity,
captured through a binary classification of whether a household owns exactly one vehi-
cle or more than one vehicle. The dependent variable is defined as a binary indicator
distinguishing single-vehicle households from multi-vehicle households. Zero-vehicle
households were deliberately excluded from the analytic sample. This decision reflects
both methodological and substantive considerations. Methodologically, zero-vehicle house-
holds constitute a structurally distinct group whose ownership outcomes are not on the
same behavioral continuum as households that already own at least one vehicle. Their
lack of vehicles is often a function of external structural factors such as high-density ur-
ban residence, strong public transit accessibility, parking constraints, or socioeconomic
disadvantage rather than incremental household decision-making about acquiring addi-
tional vehicles. Substantively, our research objective was to isolate the determinants of
transitioning from single-vehicle to multi-vehicle ownership, a decision context where
factors such as household size, income, and residential environment operate differently
than in zero-vehicle households. Including zero-vehicle households within the same model
risks conflating fundamentally different mobility regimes and obscuring the behavioral
mechanisms underlying multi-vehicle ownership. Thus, the analytic focus of this study
is restricted to households already owning at least one vehicle. This approach diverges
from the traditional binary modeling of vehicle access (zero vs. one or more vehicles) and
instead focuses on the behavioral and structural factors that influence the acquisition of
additional vehicles among already motorized households.

The rationale for this operationalization stems from emerging literature in post-
pandemic travel behavior, which highlights significant heterogeneity among vehicle-
owning households in terms of mobility needs, spatial accessibility, and modal resilience.
For example, the COVID-19 pandemic prompted increased telecommuting, a decline in
public transit usage, and growing reliance on private vehicles, particularly in multi-worker
households [48,49]. These shifts likely impacted the marginal decision to acquire an addi-
tional vehicle rather than the baseline choice of becoming motorized.

The dependent variable, denoted as y, was derived from the HHVEHCNT field,
representing the total number of household vehicles. Accordingly, the binary dependent
variable y is defined as in Equation (1):

_ {0, if HHVEHCNT = 1 n

1,if HHVEHCNT > 1

This binary representation of vehicle ownership intensity enables the application of
classification models to predict the probability that a household transitions from single-
to multiple-vehicle ownership, conditional on a set of socio-demographic, behavioral,
and spatial factors. Households with missing or non-binary vehicle count values were
filtered out.

3.4. Explanatory Variables and Multicollinearity Assessment

The explanatory variables used in this study reflect a theoretically grounded and
empirically supported set of factors associated with household vehicle ownership decisions.
These include variables capturing household structure, income, housing tenure, lifecycle
stage, urban form, and access to rail infrastructure. The selection of variables was informed
by prior literature in travel behavior modeling and transportation economics, with spe-
cial attention to pandemic-induced changes in mobility and location preferences [50-52].
Twelve independent variables were retained based on both theoretical justification and
empirical support from prior studies.



Future Transp. 2025, 5, 136

10 of 32

To evaluate the presence of multicollinearity among the independent variables, we
computed the Variance Inflation Factor (VIF) for each predictor. VIF quantifies the degree to
which the variance of an estimated regression coefficient increases due to collinearity with
other predictors [53]. While there is no universal threshold, values exceeding 5.0 (or, in some
applications, 3.0) are typically considered indicative of problematic multicollinearity [54].
In this study, all variables exhibited VIF values well below these thresholds, suggesting a
lack of collinearity that would adversely affect model estimation or interpretation. The VIF
formula is provided in Equation (2):

1

VIF; = —
"1-R?

()

where R? represents the proportion of variance in the i-th independent variable explained
by the other predictors in the model, while the tolerance is calculated as 1 — R?, indicating
the variance not shared with other variables.

Table 2 presents the list of variables used in the model, along with their descriptions
and associated VIF scores. Among the predictors, the highest VIF score was observed
for the variable MSACAT (3.20), which remains well below the conservative threshold
of 5.0. This variable was retained in the model due to its substantive role in capturing
urban hierarchy and regional accessibility. Additionally, variables such as DRVRCNT,
WRKCOUNT, and HHSIZE were carefully evaluated for potential multicollinearity given
their conceptual proximity. However, each of these variables represents distinct behavioral
dimensions, thereby justifying their inclusion in the final specification. The overall VIF
analysis confirms that multicollinearity is not a substantial concern, thereby validating the
use of all selected variables in subsequent model estimation.

Table 2. Explanatory variables and VIF scores.

Variables Description VIF Score
CENSUS D Census division classification for home address 1.06
DRVRCNT Number of drivers in the household 2.28

HHFAMINC Household income (imputed) 1.48
HHSIZE Total number of people in household 1.91
HOMEOWN Whether home owned or rented 1.18
LIF_CYC Lifecycle classification for the household 1.40
VEHAGE Age of vehicle, based on model year 1.08
URBANSIZE Urban area size where home address is located 1.64
URBRUR Household in urban/rural area 1.97
MSACAT MSA category for the HH home address 3.20
WRKCOUNT Count of workers in household 1.99
RAIL MSA heavy rail status for household 2.69

To enhance reproducibility and transparency, we provide an overview of the variable
selection process. The candidate predictors were drawn from the NHTS 2022 household
and vehicle files and screened in three stages. First, theoretical relevance was established
based on prior transportation and travel behavior studies, with emphasis on variables
repeatedly shown to affect vehicle ownership (e.g., household income, size, drivers, housing
tenure, urban form). Second, empirical diagnostics were applied: variables with more
than 20 percent missingness, limited variance, or inconsistent reporting were excluded
(e.g., attitudinal items and rarely used categorical classes). Third, multicollinearity was
assessed using Variance Inflation Factors (VIFs), and all retained predictors were found
to be within acceptable thresholds. This structured process resulted in the inclusion of
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twelve explanatory variables capturing household structure, socioeconomic status, and
spatial context.

In summary, variables were retained when they satisfied both (i) theoretical justifi-
cation in the literature and (ii) empirical suitability within the NHTS dataset. Variables
excluded from the final models were primarily those with high missingness, weak behav-
ioral grounding, or redundancy with included predictors.

3.5. Exploratory Correlation Analysis

To complement the multicollinearity diagnostics provided in Table 2 through Variance
Inflation Factor (VIF) scores, an exploratory correlation analysis was conducted to assess
bivariate relationships among the explanatory variables. The resulting Pearson correlation
matrix is presented in Figure 2, where each cell depicts the correlation coefficient between
a pair of variables. The strength and direction of association are color-coded, ranging
from dark blue (strong positive correlation) to light shades near zero, and lighter hues for
negative associations.
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Figure 2. Pearson correlation matrix of the explanatory variables.

As shown in Figure 2, most variables exhibit weak to moderate pairwise correlation,
with the majority of coefficients falling below 10.50|. The highest observed correlation
is between DRVRCNT (number of drivers in the household) and HHSIZE (household
size), with r = 0.67. This relationship is behaviorally plausible, as larger households tend
to contain more eligible drivers. Similarly, a moderate correlation is observed between
WRKCOUNT and HHSIZE (r = 0.46), indicating overlapping labor force dynamics within
larger households.

A notable spatial pairing is the correlation between RAIL (rail access status) and
MSACAT (metropolitan statistical area classification), where r = 0.76. Although this value
approaches conventional thresholds for collinearity, the two variables capture distinct spa-
tial dimensions, transportation infrastructure versus urban hierarchy, and are theoretically
justified for inclusion. Their high correlation reflects structural alignment in metropolitan
areas with heavy rail investment, rather than redundancy in measurement.
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Importantly, no pairwise correlation exceeds 0.80, the heuristic threshold typically
used to flag problematic collinearity in regression and machine learning applications.
Additionally, spatial and urban form indicators (e.g., URBRUR, URBANSIZE, and CEN-
SUS_D) exhibit low to moderate inter-correlations, affirming the empirical distinctiveness
of geographic variables included in the model.

The combined evidence from the correlation matrix and VIF analysis confirms that
multicollinearity is not a substantive concern in this study. All twelve explanatory variables
are retained for subsequent machine learning modeling and SHAP-based interpretability,
with sufficient statistical independence to ensure robust parameter learning and meaningful
post hoc explanation.

3.6. Machine Learning Models and Training Procedures

The modeling process in this study followed a structured and replicable machine
learning pipeline. The objective was to classify households as owning either a single
vehicle or multiple vehicles based on a range of socio-demographic, spatial, and behavioral
attributes. The workflow integrates feature selection, data preprocessing, model training,
evaluation, and interpretability analysis.

To mitigate the class imbalance between households owning a single vehicle and those
owning multiple vehicles, this study employed the Synthetic Minority Over-sampling
Technique (SMOTE), a widely used resampling method introduced by Chawla et al. [55].
SMOTE synthesizes new minority class instances by interpolating between existing samples
and their nearest neighbors in the feature space, thereby enhancing the representational
density of the minority class without merely duplicating existing observations.

To preserve model integrity and prevent information leakage, SMOTE was applied
exclusively to the training subset after the dataset was partitioned. Stratified random
sampling was used to divide the data into 80% training and 20% testing subsets, ensuring
proportional representation of the target classes in both sets [56]. The interpolation used in
SMOTE is defined as Equation (3):

Xpew = X; + (X — x;)0 (3)

where x,0y represents the newly generated synthetic sample, x; is the sample in the minority
class, x is the random neighbor among the k-nearest neighbors, and ¢ is a random number
ranging from 0 to 1.

This procedure yields a balanced training set, enabling the learning algorithms to more
effectively capture decision boundaries associated with underrepresented class instances.
Given the sensitivity of Support Vector Machines (SVM) to feature scaling, all predictors
were standardized using z-score normalization via the StandardScaler transformation,
resulting in zero-mean and unit-variance features.

To assess comparative predictive performance, the study implemented a diverse suite
of machine learning classifiers:

Random Forest;

EXtreme Gradient Boosting (XGBoost);
Support Vector Machine (SVM);

Naive Bayes.

Each model was trained and evaluated using consistent preprocessing pipelines to
ensure fair comparisons across performance metrics and interpretability outcomes.

e Random Forest: The Random Forest classifier, introduced by Breiman, is an ensemble
learning algorithm that combines multiple decision trees trained on bootstrapped
subsamples of the data [57]. By aggregating the predictions of diverse trees, it reduces
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variance and improves generalization compared to a single tree. In this study, Random
Forest is applied to predict household vehicle ownership as a binary classification
task.

The model was implemented using the Scikit-Learn library and configured with
100 trees, which provided a balance between computational efficiency and predictive
performance. The Gini Index was used as the impurity measure for node splitting, and
final predictions were obtained through majority voting across the ensemble [32].

The Gini Index is represented by Equation (4):

. fG 1) (f(T;,T)
Ginilndex = ZZ}.# ( 7] ) < |,}| ) 4)

where T represents the training dataset, and f(Y;, T) denotes the probability of belonging

to a category Y;.
The final prediction in the Random Forest model is determined by majority voting, as
represented by Equation (5):

§ = majority vote(Ty(x), Ta(x), ..., Tu(x)) 5)

where § is the predicted class label, T; (x), Tx(x), ... T, (x) are the predictions of the base
classifiers on input x, # is the number of base models, and the majority vote function selects
the most frequent prediction among them.

e  XGBoost: XGBoost was employed in this study because of its strong performance in
capturing complex, nonlinear relationships and its proven predictive accuracy across
a wide range of applications. As a gradient boosting method, XGBoost constructs
decision trees sequentially, with each tree focusing on correcting the residual errors
of the previous ones. This iterative process allows the model to effectively capture
higher-order interactions and variable importance [58].

In this study, the XGBClassifier implementation in Python 3.13 was used. The model
was tuned to optimize predictive performance for household vehicle ownership, with socio-
demographic and behavioral variables serving as key predictors. XGBoost’s combination
of accuracy, efficiency, and interpretability of variable influence makes it especially well
suited to the present research context.

Equations (6) and (7) represent the XGBoost model.

§ = mode(§,95,--- In (6)
n M

L(O) = Y 191, v) + 3 Qfm) )
i=1 m=1

where ¥ is the predicted value, f;; is the output from the m-th, M is the total number
of trees, §;, y; is the loss function, and Q(fy) is the regularization term that controls the
complexity of each tree.

e  Support Vector Machine: SVM was used in this study as a benchmark for binary
classification of household vehicle ownership. SVM is effective for distinguishing
between classes by constructing an optimal decision boundary, and with the use
of kernel functions, it can capture nonlinear relationships between predictors and
outcomes [59].

In this study, the radial basis function (RBF) kernel was applied to model complex,
nonlinear interactions among socio-demographic features. Because SVM is sensitive to
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feature scaling, the input data were standardized using Scikit-Learn’s StandardScaler before
training. The SVM classifier was implemented in Python with the LinearSVC module to
ensure computational efficiency and robust performance.

The classification function is represented by Equation (8):

n

f(x) = sign ; (a;Y; x k(x,x;)) + b (8)

where b is the offset from the origin of the hyperplane, n represents the number of inde-
pendent variables, «; defines the positive constant, and k(x, x;) is the kernel function that
measures the similarity between x and x;.

e Naive Bayes: Naive Bayes was included in this study as a baseline classifier due to
its simplicity, efficiency, and suitability for binary prediction tasks. As a probabilistic
model, it estimates the likelihood of class membership based on Bayes’ theorem.
Although its assumption of conditional independence among features is rarely met in
practice, the algorithm often performs competitively, particularly on large datasets [60].

In this study, Naive Bayes provided a useful point of comparison for more complex
ensemble methods, allowing us to assess the trade-off between model simplicity and
predictive accuracy in vehicle ownership classification.

The fundamental formula is shown in Equation (9):

where P(y | x) is the posterior probability of class y given the input features x, P(y) is the
prior probability of class y, P(x; | y) is the likelihood of feature x; given class y, and P(x) is
the marginal probability of the feature vector x.

3.7. Model Evaluation and Performance Metrics
3.7.1. Confusion Matrix

The confusion matrix is a widely used tool for evaluating the performance of classifi-
cation models, especially for binary classification tasks. It provides a breakdown of how
well the model’s predicted values match the actual class labels [61]. For binary classifica-
tion tasks, such as predicting vehicle ownership, the confusion matrix helps categorize
predictions into true positives (TP), true negatives (TN), false positives (FP), and false
negatives (FN). This categorization enables the calculation of key performance metrics such
as accuracy, precision, recall, and F1 score [62]. In the context of vehicle ownership, the
confusion matrix for binary classification is structured as Equation (10):

[TP FP] 10)
FN TN

The terms used in the confusion matrix are defined as follows: TP refers to the number
of correctly predicted instances in which households own more than one vehicle, while TN
denotes the number of correctly predicted instances where households own exactly one
vehicle. FP represents cases where the model incorrectly predicts that a household owns
more than one vehicle when it actually owns only one. Conversely, FN represents instances
in which the model incorrectly predicts that a household owns exactly one vehicle when it,
in fact, owns more than one.
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3.7.2. Performance Metrics

In evaluating the performance of machine learning models for binary classification
tasks, several performance metrics are commonly used. These metrics help assess how well
the model performs in predicting both the positive and negative classes. Accuracy, precision,
recall, and F1 score are widely employed to evaluate model effectiveness, especially when
evaluating the predictive performance in classification tasks [63].

Accuracy: Accuracy is the proportion of correctly predicted instances (both true
positives and true negatives) out of the total instances. It provides a general measure of the
model’s ability to make correct predictions. It is calculated as Equation (11):

TP+ TN

TP+TN+FP+FN (1

Accuracy =

where TP = true positives, TN = true negatives, FP = false positives, and FN = false negatives.
Precision: Precision measures the proportion of true positive predictions out of all
predicted positive instances. It reflects the ability of the model to avoid false positives. It is

expressed as Equation (12):

TP
Precision = ———— 12
recision TP+ EP (12)

Recall: Recall calculates the proportion of actual positive instances that were correctly
identified by the model. It shows how well the model can detect positive instances. It is

shown as Equation (13):

TP
Recall = TP+ EN (13)

F1 Score: The F1 score is the harmonic mean of precision and recall. It balances
both metrics and is especially useful in situations with class imbalance. It is expressed as
Equation (14):

Precision-Recall

FlScore =2- Precision + Recall (14)

Together, these metrics provide a comprehensive framework for evaluating model
performance, enabling comparative assessment across models with differing sensitivities
to class imbalance and misclassification costs. Model performance was evaluated using
accuracy, precision, recall, and F1 score, which together provide a balanced assessment of
predictive capability under conditions of class imbalance. These measures directly capture
both Type I and Type II classification errors and are widely used in transportation and
machine learning research [64]. Although metrics such as AUC ROC or AUC PR provide
additional perspectives, the inclusion of precision, recall, F1 score, and confusion matrices
already offers a robust and interpretable evaluation of model performance in the context of
this study.

3.8. Five-Fold Cross-Validation

To further validate generalizability, 5-fold cross-validation was performed for each
model. In this approach, the dataset was randomly divided into five equal parts. For each
iteration, the model was trained on four folds and validated on the remaining fold. This
process was repeated five times so that every fold served as a test set once. The average
performance across the five folds was then calculated to provide a more reliable estimate
of the model’s generalizability and reduce the risk of overfitting [65]. It is calculated as
Equation (15):

CVs=-Y M, (15)

=
™~

i=1
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where k is the number of folds, and M,; is the evaluation metric (accuracy, precision, etc.)
obtained in the i-th fold.

3.9. Model Explainability and Interpretation

While machine learning models offer enhanced predictive power over traditional
parametric methods, their complexity often renders them opaque to stakeholders seeking
to understand the drivers behind specific outcomes. To address this issue, the present study
adopts a suite of post hoc explainability techniques, with a particular focus on SHapley
Additive exPlanations (SHAP), to interpret model predictions and enhance transparency.

SHAP values are grounded in cooperative game theory and provide a theoretically
principled approach to attributing the contribution of each input feature to a specific
prediction [66]. Formally, for a machine learning model f and a given instance x, the SHAP
value &; for feature j is calculated as the average marginal contribution of feature j across
all possible subsets of features, as expressed in Equation (16):

SR = rs 0 ) - ) (16)

;=
SCR\{j}

where F denotes the full set of features, and S is a subset excluding j. The SHAP value &;
thus represents the contribution of feature j to the difference between the prediction for x
and the expected prediction across all instances.

In this study, SHAP was applied to the best-performing model, identified through
cross-validation and confirmed via evaluation on the holdout test set. The focus was on
generating both global and local interpretations of feature influence:

e  Global interpretation was achieved by aggregating the mean absolute SHAP values
across all observations in the dataset. This process yielded a ranked list of predictor
variables, providing insights into the most influential socio-demographic and spatial
factors contributing to the likelihood of owning multiple vehicles.

e To visualize these contributions, two complementary SHAP summary plots were

employed:

O A bar plot of mean absolute SHAP values, which illustrates global feature
importance.

O A violin (or beeswarm) plot, which simultaneously conveys feature importance,

directionality, and distributional patterns across individual predictions.

To ensure the robustness of SHAP-based interpretability, we validated the outputs
through three complementary strategies. First, cross-model consistency was assessed
by comparing SHAP feature rankings across Random Forest, XGBoost, SVM, and Naive
Bayes; convergence on core predictors such as number of drivers, household income,
and vehicle age confirmed stability across algorithmic families. Second, alignment with
domain theory was examined by benchmarking SHAP-derived patterns against well-
established behavioral findings in the vehicle ownership literature (e.g., higher driver
counts increase vehicle ownership; rural households exhibit higher car dependence). This
step ensured that SHAP outputs were not only statistically robust but also behaviorally
plausible. Third, distributional checks were performed using violin and dependence
plots to verify that the direction and magnitude of SHAP values were consistent across
subgroups (e.g., high-income vs. low-income households, urban vs. rural households).
These procedures demonstrate that the SHAP results provide reliable and interpretable
insight into the determinants of vehicle ownership, rather than artifacts of a single algorithm
or sample partition.
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4. Results
4.1. Confusion Matrix-Based Performance Assessment

Figure 3 presents the confusion matrices for all four machine learning models: Ran-
dom Forest, XGBoost, Support Vector Machine (SVM), and Naive Bayes. These matrices
summarize the number of correct and incorrect predictions made by the models in terms of

actual and predicted classes.
800
700
600
-500

800
700

True O 600 True 0
-500
-400

True 1 True 1
-300
-200

117
] ]
R 8
T )
) 0
2 2 - 400
- -
-300
-200
Pred O Pred 1 Pred O Pred 1
Predicted label Predicted label
(a) Random Forest (b) XGBoost
800
700 700
True O 600 True O 600
2 3
© -500 ® -500
0 )
3 S
= -400 E - 400
True 1 True 1
300 -300
-200
Pred 0 Pred 1 Pred 0 Pred 1 200
Predicted label Predicted label
(c) SVM (d) Naive Bayes

Figure 3. Confusion matrices of the four machine learning models: (a) Random Forest, (b) XGBoost,
(c) SVM, and (d) Naive Bayes. Each matrix summarizes the model’s classification performance by
showing the distribution of actual versus predicted class labels. Diagonal values indicate correct
predictions, while off-diagonal values represent misclassification.

As shown in Figure 3, the Random Forest model achieved high classification perfor-
mance, correctly identifying 828 households in class 0 and 811 in class 1. It had 113 false
positives and 134 false negatives. The XGBoost model also performed well, with 824 true
negatives and 795 true positives, but showed slightly more false negatives (150) compared
to Random Forest. The SVM model predicted 822 instances of class 1 correctly (true posi-
tives) and had the lowest number of false negatives (123), although it misclassified 149 class
0 instances (false positives). The true negatives for SVM were 792, indicating that the model
correctly identified 792 class 0 instances. Interestingly, Naive Bayes showed an identical
number of true negatives (792) and false positives (149) but had the highest number of false
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negatives (163) and true positives (782), indicating its relative weakness in identifying class
1 instances.

These confusion matrices indicate that Random Forest and SVM (RBF) were more
effective at distinguishing between the two classes, with fewer misclassifications overall.
The differences in false positives and false negatives among the models provide insight
into each model’s strength in identifying specific ownership categories.

4.2. Model Performance Comparison

To evaluate the classification efficacy of the proposed machine learning framework in
distinguishing single-vehicle- from multi-vehicle-owning households, four widely adopted
classifiers were implemented: Random Forest, XGBoost, Support Vector Machine (SVM)
with a radial basis function kernel, and Naive Bayes. The models were trained on the
preprocessed and balanced dataset and assessed on a holdout test set using four key
performance metrics: accuracy, precision, recall, and F1 score. A comparative visualization
of these metrics across models is provided in Figure 4.
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Figure 4.  Comparative performance evaluation of four supervised machine learning

models—Random Forest, XGBoost, Support Vector Machine (RBF kernel), and Naive Bayes—across
four classification metrics.

The Random Forest classifier emerges as the most balanced and robust performer,
achieving the highest accuracy (0.8690), precision (0.8777), and F1 score (0.8678). These
results underscore its capacity to generalize effectively across varying household typologies
while maintaining high discriminative power. Its ensemble structure, rooted in boot-
strapped aggregation and randomized feature selection, appears particularly well suited
for modeling the nonlinear and heterogeneous patterns embedded in post-COVID-19 mo-
bility behavior. The XGBoost model follows closely, with comparable performance across
all four metrics: accuracy (0.8584), precision (0.8717), recall (0.8413), and F1 score (0.8562).
Its iterative boosting mechanism enhances its ability to capture second-order interactions
and localized data nuances, rendering it an effective alternative when fine-grained pattern
recognition is prioritized.
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Notably, the SVM classifier records the highest recall (0.8698) among all models, in-
dicating a strong ability to correctly identify households with multiple vehicles. This
performance is indicative of the SVM's strength in maximizing the decision margin within
high-dimensional feature spaces. In policy-sensitive domains where false negatives carry
higher costs such as under-identifying auto-dependent households, SVM may offer strategic
value despite its lower precision (0.8465). By contrast, the Naive Bayes classifier regis-
ters the lowest scores across all evaluation metrics, including accuracy (0.8346) and F1
score (0.8337). This performance reflects the algorithm’s underlying assumption of condi-
tional independence among features, which is unlikely to hold in the context of complex
socio-spatial interactions. Nevertheless, its simplicity, interpretability, and computational
efficiency make it a practical baseline and a candidate for hybrid ensemble integration in
large-scale deployments.

In summary, the comparative evaluation confirms that ensemble tree-based methods,
particularly Random Forest, provide the most reliable and interpretable balance between
classification accuracy and generalizability in modeling post-pandemic vehicle ownership
behavior. While SVM offers niche advantages in recall-sensitive applications, and Naive
Bayes delivers speed and transparency, ensemble models emerge as the most suitable for
contexts requiring both predictive rigor and behavioral insight. These findings validate
the suitability of interpretable ensemble learning for national-scale transport behavior
modeling and substantiate its integration with post hoc explainability tools presented in
subsequent sections.

4.3. Cross-Validation and Model Stability

To assess the generalizability and robustness of each model, a stratified 5-fold cross-
validation procedure was conducted. Table 3 summarizes the average accuracy scores
across folds for each model.

Table 3. Five-fold cross-validation mean accuracy.

Model Mean CV Accuracy
Random Forest 0.8710
XGBoost 0.8626
SVM 0.8592
Naive Bayes 0.8394

The Random Forest model showed the highest average accuracy during 5-fold cross-
validation (0.8710), confirming its consistent performance across different data splits. XG-
Boost also performed well, with an average accuracy of 0.8626, making it a strong ensemble-
based alternative. The SVM model followed closely, achieving an average accuracy of
0.8592. Its performance remained stable across folds, ranging from 0.8542 to 0.8659, which
indicates good reliability.

The choice of SVM with a radial basis function kernel is particularly well-justified
in the context of household vehicle ownership prediction. The nonlinear relationships
inherent in the data, such as those between household income, urban classification, and the
number of drivers, are effectively modeled by the RBF kernel, which maps input features
into a higher-dimensional space. This capability enables the SVM classifier to identify
intricate decision boundaries that may not be captured by linear or tree-based models alone.
Naive Bayes had the lowest average accuracy (0.8394) among the four models. However, it
remains useful because it is fast, simple to implement, and provides probabilistic outputs.

The superior performance of the Random Forest classifier can be attributed to both the
structure of the NHTS dataset and the algorithm’s strengths. Household vehicle ownership



Future Transp. 2025, 5, 136

20 of 32

is influenced by nonlinear interactions among socio-demographic, spatial, and household
composition variables (e.g., the combined effect of household size, number of drivers, and
income). Random Forests excel at capturing such interactions because they aggregate pre-
dictions from multiple decorrelated decision trees, thereby accommodating heterogeneity
without overfitting to individual subgroups. In addition, the dataset includes a mix of
categorical and continuous predictors (e.g., census division, household income, vehicle
age), and Random Forest is well suited to handle such mixed data types with minimal pre-
processing. Compared to Support Vector Machines, which tend to over-rely on a few highly
discriminative variables, and Naive Bayes, which is constrained by independence assump-
tions, Random Forest strikes a balance between flexibility and generalization. XGBoost
produced competitive results but was marginally less effective, likely due to its sensitivity
to hyperparameter tuning and its iterative boosting structure, which can overweight rare
or noisy patterns in survey-based data. Collectively, these characteristics make Random
Forest particularly appropriate for modeling the complex, nonlinear, and high-dimensional
decision processes underlying household vehicle ownership.

Overall, the results suggest that ensemble and kernel-based models are better suited
to understanding the diverse and changing factors behind household vehicle ownership,
especially in the post-pandemic period.

4.4. Model Interpretation Through SHAP Explainability

To better understand how different variables influence household vehicle ownership,
SHAP (SHapley Additive exPlanations) analysis was applied to four machine learning
models. The following summary bar plots show the average impact of each feature on the
model’s prediction for Random Forest, XGBoost, SVM with RBF kernel, and Naive Bayes.

4.4.1. Feature Importance Analysis Across Models

Figure 5 presents the SHAP summary bar plots for each model, showing the average
magnitude of each feature’s influence on model predictions. In the Random Forest model,
the number of drivers in a household (DRVRCNT) emerges as the most influential factor,
far surpassing other variables. This dominance aligns with behavioral expectations, as
a higher number of drivers typically correlates with a greater need for multiple vehicles.
VEHAGE (age of household vehicles) is also highly ranked, suggesting that households
with older vehicles may retain them longer or replace them gradually. Other top-ranking
features include HHFAMINC (household income) and HOMEOWN (homeownership
status), indicating that financial stability and tenure status support multi-vehicle ownership.
Built environment indicators such as URBRUR (urban-rural classification), URBANSIZE
(urban area size), and CENSUS_D (census division) appear lower in the ranking, reflecting
a stronger emphasis on socio-demographic over spatial factors. Additional variables like
MSACAT (metropolitan area category), HHSIZE (household size), LIF_CYC (lifecycle
stage), WRKCOUNT (number of employed household members), and RAIL (availability of
rail transit) contribute less prominently.

In XGBoost, DRVRCNT remains the top feature, but the importance is more evenly
distributed across other variables. HHFAMINC, VEHAGE, and HOMEOWN retain high
influence, highlighting the model’s capacity to integrate economic and asset-based factors.
Spatial attributes such as URBANSIZE, URBRUR, and CENSUS_D occupy mid-tier posi-
tions, suggesting that urban context contributes meaningfully, though not dominantly. The
inclusion of LIF_CYC, WRKCOUNT, and MSACAT further emphasizes the model’s ability
to incorporate nuanced household dynamics. The SVM model demonstrates a sharply
skewed importance profile, with DRVRCNT overwhelmingly dominant. All remaining
features, including VEHAGE, HHFAMINC, and HHSIZE, display minimal contribution.
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This pattern reflects the model’s sensitivity to a few highly discriminative features, often
at the expense of broader contextual interpretation. Spatial and socioeconomic variables
contribute marginally, indicating a narrowed scope of explanatory power.
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Figure 5. SHAP summary bar plots for the four models: (a) Random Forest feature importance plot,
(b) XGBoost feature importance plot, (c) SVM feature importance plot, and (d) Naive Bayes feature
importance plot. Bars represent the mean absolute SHAP values, reflecting each feature’s average
contribution to model predictions. Higher values denote greater influence on distinguishing between

single- and multi-vehicle households.

In contrast, the Naive Bayes model presents a flatter importance curve. VEHAGE
leads the ranking, followed by HHFAMINC and LIF_CYC, suggesting a preference for
broad socio-demographic signals. DRVRCNT appears in a lower position, illustrating the
model’s limitations in capturing feature interactions. Spatial features such as URBANSIZE
and URBRUR are present but exert limited influence. Overall, the Naive Bayes model
provides a baseline level of interpretability but lacks the flexibility to fully reflect the joint
impact of multiple household and environmental factors.

In summary, Random Forest and XGBoost offer richer interpretability, recognizing
both dominant and context-dependent features. In contrast, SVM and Naive Bayes exhibit
limited capacity to capture the full behavioral complexity of vehicle ownership, either
by over-relying on a single predictor or failing to accommodate nonlinear interactions

among features.
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4.4.2. Comparative Model Explainability

The comparative SHAP analysis across Naive Bayes, Random Forest, SVM, and
XGBoost models provides robust insight into the key drivers of multi-vehicle ownership
and reveals how different algorithmic structures prioritize these drivers. Despite varying
in model architecture and complexity, all four models converge on a small set of features as
primary predictors, most notably DRVRCNT, HHFAMINC, VEHAGE, and HOMEOWN.
Naive Bayes, while computationally efficient, displayed a flatter distribution of SHAP
values and weaker representation of interaction effects. It highlighted variables such as
VEHAGE and HHFAMINC, suggesting that it captures direct effects but fails to exploit
joint or nonlinear relationships particularly among geographic and behavioral predictors
like URBANSIZE and LIF_CYC.

In contrast, the Random Forest model demonstrated a more nuanced and balanced
feature importance structure. While DRVRCNT was dominant, other variables such as
VEHAGE, HOMEOWN, and URBRUR also contributed meaningfully. Random Forest’s
ability to model higher-order interactions and nonlinearities likely enabled it to integrate
the influence of spatial and demographic context more effectively than Naive Bayes. The
SVM model produced the most top-heavy SHAP profile. It relied overwhelmingly on
DRVRCNT, with a sharp drop-off in the contributions of other features. This indicates
that the kernelized decision boundary was formed primarily around one highly predictive
feature, potentially limiting the interpretive value of the model. While this behavior
explains the model’s strong recall performance, it raises concerns about over-reliance on a
single variable and underutilization of multi-dimensional contexts. Finally, the XGBoost
model offered a hybrid profile. It preserved the dominance of DRVRCNT but allowed
for more graduated influence from other predictors, such as HHFAMINC, VEHAGE,
URBANSIZE, and CENSUS_D. This balance reflects the model’s additive gradient boosting
mechanism, which enables iterative refinement of predictor influence and typically yields
superior generalization and interpretability.

Collectively, these findings demonstrate both convergence and divergence in model
behavior. The convergence on core socio-demographic variables, especially DRVRCNT,
HHFAMINC, and VEHAGE, underscores their structural importance in vehicle ownership
decisions. The divergence in secondary features and the depth of their influence across
models highlights the methodological trade-offs between model accuracy and interpretabil-
ity. From a policy and behavioral modeling standpoint, ensemble methods such as XGBoost
and Random Forest offer a favorable compromise. They achieve high predictive accuracy
while preserving transparency via post hoc interpretability tools like SHAP. These proper-
ties make them especially useful in applications where both predictive performance and
policy-relevant insights are necessary such as forecasting multi-vehicle ownership trends
in a post-pandemic environment marked by volatility in travel behavior, telecommuting
patterns, and household location choices.

4.5. SHAP Violin Plot Analysis: Influential Predictors of Vehicle Ownership Across Models

To uncover and critically examine the internal logic of machine learning predictions
regarding multi-vehicle ownership, this section utilizes SHapley Additive exPlanations
(SHAP) applied to four distinct classification models: Random Forest, XGBoost, Support
Vector Machine (SVM), and Naive Bayes. SHAP values offer a model-agnostic framework
grounded in cooperative game theory, enabling both local explanations (instance-level) and
global insights (feature-level aggregates). Figure 6 presents SHAP summary plots, violin
plots that illustrate both the magnitude and direction of each feature’s influence, as well as
the distribution of feature values.
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Figure 6. SHAP summary violin plots for the four models: (a) Random Forest, (b) XGBoost, (¢) SVM
(RBF), and (d) Naive Bayes. These plots illustrate the distribution of SHAP values per feature, with
color indicating the feature value (red for high, blue for low). The horizontal axis represents the
impact on model output, showing how features influence the prediction of multi-vehicle ownership.

4.5.1. Random Forest: Interpretive Breadth and Behavioral Plausibility

In the Random Forest model, the number of licensed drivers (DRVRCNT) overwhelm-
ingly emerges as the dominant predictor. Its strong positive SHAP values across a wide
range of observations indicate a stable behavioral relationship: as intra-household mobility
needs increase (proxied by DRVRCNT), the probability of owning multiple vehicles corre-
spondingly rises. This is consistent with household utility maximization frameworks in
travel behavior theory, where vehicle availability serves to reduce scheduling conflicts and
increase accessibility.

The age of household vehicles (VEHAGE) exhibits a bimodal distribution in its SHAP
profile, a particularly insightful result. Older vehicles tend to be positively associated with
multi-vehicle ownership, potentially due to households retaining older cars for secondary
or utilitarian purposes. In contrast, newer vehicles are generally associated with lower
probabilities of owning additional vehicles, suggesting that new-car households may
optimize usage or substitute with shared mobility. This bimodality captures longitudinal
vehicle acquisition behavior, which static models often fail to represent.

HOMEOWN and HHFAMINC proxies for financial capital and residential stability
show strong positive SHAP contributions, reinforcing empirical findings in transporta-
tion economics that link wealth accumulation and homeownership with private vehicle
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accumulation. Importantly, spatial-contextual features such as URBRUR and URBANSIZE
exhibit clear effects: residents of rural and low-density urban areas are more likely to own
multiple vehicles, likely due to modal substitution effects in car-dependent geographies.

Variables like MSACAT, RAIL, WRKCOUNT, HHSIZE, and CENSUS_D offer second-
order effects, but Random Forest’s non-parametric nature allows these variables to interact
in complex, nonlinear ways, capturing latent heterogeneity across geographic and socio-
demographic strata.

4.5.2. XGBoost: Enhanced Sensitivity to Interaction and Nonlinear Effects

The XGBoost model, a gradient-boosted decision tree ensemble, confirms many of
the insights from Random Forest but provides a finer delineation of interaction-sensitive
effects. Once again, DRVRCNT is the top-ranked feature, but its influence appears more
conditioned on interactions especially with HHFAMINC and URBANSIZE. This suggests
that mobility need alone is not sufficient; rather, it interacts with economic resources and
spatial structure to determine whether additional vehicles are acquired.

VEHAGE and HHFAMINC are highly dispersed in SHAP space, indicating strong but
context-dependent effects. For example, older vehicles in high-income households may
reflect vehicle retention, while in low-income households, they may reflect constrained
substitution options. Similarly, high-income renters may behave differently from high-
income homeowners in their vehicle ownership decisions effects that are captured in
XGBoost’s additive boosting framework.

XGBoost also uncovers nuanced influences of features like RAIL, MSACAT, and CEN-
SUS_D, which are often considered weak predictors in traditional models but here emerge
as moderators of more dominant variables. This reinforces the argument that ensemble
models not only increase accuracy but also deepen interpretive resolution, especially in
high-dimensional behavioral systems.

4.5.3. SVM: Focused Predictive Structure with Reduced Context Sensitivity

The SVM model, despite comparable predictive accuracy, demonstrates a narrow
interpretive focus. The SHAP analysis reveals that most of the model’s predictive variance
is concentrated in just a few features, chiefly DRVRCNT, followed by VEHAGE and
HHFAMINC. These features maintain a positive association with multi-vehicle ownership,
but the model’s insensitivity to broader spatial or household composition variables suggests
a lack of contextual responsiveness.

This reflects the high-dimensional projection behavior of the RBF kernel, which excels
at creating complex decision boundaries but often obscures feature interactions unless
explicitly modeled. As a result, while SVM performs well in classification accuracy, it
contributes relatively little to behavioral inference, limiting its utility in transportation
planning contexts where policy relevance requires nuanced causal explanations.

4.5.4. Naive Bayes: Simplicity at the Expense of Structural Realism

The Naive Bayes classifier, based on the assumption of conditional independence
among predictors, produces a notably centralized SHAP distribution. Only VEHAGE,
HHFAMINCGC, and to a lesser extent LIF_CYC exhibit discernible influence. Most other vari-
ables including those known to be behaviorally significant (e.g., URBRUR, WRKCOUNT,
MSACAT) cluster around zero, indicating that Naive Bayes is unable to capture joint effects
or multi-feature dependencies. While its low computational cost and probabilistic outputs
make it useful for benchmarking or probabilistic modeling, its inability to accommodate
complex interdependencies renders it less appropriate for nuanced inference in socio-spatial
systems like post-COVID-19 vehicle ownership.
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Table 4 provides a comparative overview of SHAP-based feature importance scores,
illustrating model-specific sensitivity to both household-level and spatial variables.

Table 4. SHAP-based mean feature importance across models.

Feature Random Forest XGBoost SVM (RBF) Naive Bayes
DRVRCNT (Drivers) 0.231 0.245 0.265 0.098
HHFAMINC (Income) 0.187 0.195 0.128 0.087
VEHAGE (Vehicle Age) 0.156 0.168 0.115 0.073
HOMEOWN (Homeownership) 0.141 0.134 0.062 0.065
URBRUR (Urban/Rural) 0.119 0.107 0.041 0.058
URBANSIZE 0.102 0.103 0.037 0.051
LIF_CYC (Lifecycle) 0.097 0.092 0.032 0.047
WRKCOUNT (Workers) 0.091 0.089 0.030 0.043
RAIL (Rail Access) 0.083 0.081 0.028 0.041
MSACAT (MSA Category) 0.078 0.075 0.026 0.039
HHSIZE (Household Size) 0.072 0.070 0.023 0.037
CENSUS_D (Division) 0.066 0.061 0.020 0.032

Overall, the SHAP analysis offers valuable insights into the roles that various socio-
demographic and spatial factors play in shaping household vehicle ownership. Key features
such as the number of drivers, vehicle age, household income, and homeownership consis-
tently emerge as important influences. Built environment characteristics and household
composition also contribute meaningfully, though to a lesser extent. This interpretive trans-
parency enhances our understanding of how different variables shape mobility choices in
the post-pandemic context. While SHAP interaction values can formally quantify pairwise
feature interactions, our study emphasizes distributional and dependence-based SHAP vi-
sualizations, such as summary and violin plots. These outputs inherently reveal interaction
and nonlinear effects, including threshold behaviors and context-dependent influences, in
a transparent and policy-relevant manner.

4.5.5. Comparative Insights from SHAP Violin Plot Analysis

The SHAP summary violin plots across the four models provide valuable compara-
tive insights into how each algorithm captures the distributional behavior of explanatory
variables in shaping household vehicle ownership classification. While the feature impor-
tance bar plots identify average magnitude, the violin plots reveal how feature values are
distributed across decision boundaries, thereby offering a richer, behaviorally grounded
interpretation. Naive Bayes displays the most compressed and symmetric SHAP distri-
butions, with limited dispersion across most features. Although it correctly identifies key
predictors such as VEHAGE and HHFAMINC, the distributions are narrowly centered and
fail to reflect nonlinearities or interaction effects. The inability to differentiate high and low
value impacts for features like LIF_CYC and URBANSIZE reflects the model’s restrictive
assumption of feature independence.

By contrast, the Random Forest model exhibits greater SHAP variance and asym-
metry, especially for DRVRCNT, VEHAGE, and HOMEOWN. It effectively distinguishes
the directional influence of high-value observations, such as the increased likelihood of
multi-vehicle ownership in high-income, suburban, or multi-driver households. The Ran-
dom Forest violin plot reveals rich, multimodal distributions, indicating that the model
captures conditional heterogeneity and non-monotonic effects, hallmarks of ensemble
tree-based modeling.

The SVM model shows extreme SHAP skewness toward DRVRCNT, with other fea-
tures contributing minimally. While high feature values for driver count sharply increase
model confidence, other features exhibit tight distributions around zero. This top-heavy
pattern highlights the SVM’s margin-maximization bias, which tends to overfit to dominant
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dimensions while ignoring potentially valuable, context-dependent variability, making it
less suitable for nuanced policy interpretation.

Finally, the XGBoost model offers the most balanced violin distribution. It captures
both the dominant influence of DRVRCNT and the distributed, second-order effects of
variables like HHFAMINC, VEHAGE, URBRUR, and WRKCOUNT. The model’s ability
to register subtle shifts in SHAP values across a wide spectrum of features implies that
XGBoost detects joint effects and thresholds (e.g., income saturation points or age-of-vehicle
tipping points), which are critical for post-COVID-19 behavioral modeling. In synthesis,
the violin plots affirm several key conclusions:

e  Models differ not only in what features they prioritize, but in how they distribute
predictive influence across populations and contexts.

e Random Forest and XGBoost offer the most interpretable and policy-relevant patterns,
identifying both core and contextual determinants of vehicle ownership.

e Naive Bayes underestimates feature variance due to structural assumptions, while
SVM over-concentrates on high-margin predictors.

e  Only ensemble methods capture the combined influence of demographic, spatial,
and behavioral variables, making them better suited for explanatory modeling in a
post-pandemic transportation context.

These findings provide empirical support for the argument that explainability must
go beyond feature ranking. Distributional interpretation, as afforded by SHAP violin
plots, reveals not only which features matter but also how and under what conditions
they exert influence. This level of insight is essential for informing transportation policy,
infrastructure investment, and urban mobility planning in an increasingly behaviorally
complex landscape.

Beyond these comparative strengths and limitations, the violin plots also revealed pat-
terns that are not immediately intuitive yet hold important behavioral implications. Vehicle
age (VEHAGE) displayed a dual influence: households retaining older cars were more
likely to acquire additional vehicles as a precautionary strategy, while households with
newer cars also exhibited a heightened probability of multi-vehicle ownership, reflecting
aspirational upgrading. Similarly, while rural households predictably leaned toward multi-
vehicle ownership, the plots also showed elevated probabilities among certain metropolitan
households. This indicates that high-income or multi-worker families in transit-poor neigh-
borhoods maintain strong incentives for additional vehicles despite living in dense urban
contexts. These patterns underscore how SHAP-based distributional analysis uncovers
hidden heterogeneity and threshold effects that refine our understanding of household
mobility behavior.

5. Discussion

The findings of this study contribute both empirical clarity and theoretical advance-
ment to the understanding of household vehicle ownership in the post-COVID-19 era. By
combining multiple machine learning classifiers with SHAP-based interpretability, the
analysis not only achieved high predictive performance but also offered insights into the
behavioral mechanisms underlying vehicle acquisition. This dual emphasis on predictive
accuracy and interpretive depth represents a methodological step forward in travel behav-
ior research, particularly given the pandemic’s disruption to established mobility patterns.

Across all four models, Random Forest, XGBoost, Support Vector Machine, and Naive
Bayes, a core set of features consistently emerged as the strongest predictors: number
of licensed drivers, household income, and vehicle age. These findings reaffirm long-
standing principles in transportation economics, where mobility demand is shaped by
household resources, intra-household activity patterns, and capital replacement cycles. The
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prominence of number of drivers highlights a fundamental behavioral truth: additional
licensed drivers create structural pressure for additional vehicles. Similarly, household
income provides the financial capacity to sustain multiple vehicles, while vehicle age
reflects both capital replacement and adaptive strategies under uncertainty.

Beyond this convergence, the models diverged in their treatment of second-tier vari-
ables. Ensemble approaches, particularly Random Forest and XGBoost, identified resi-
dential stability, urban context, and lifecycle stage as significant predictors, while Support
Vector Machine and Naive Bayes attenuated these effects. This divergence is not purely tech-
nical; it reflects how different model architectures capture behavioral complexity. Ensemble
methods, by accommodating interaction effects and collinearity, were better able to reflect
the heterogeneity of household decision-making, while probabilistic and kernel-based
models offered more constrained behavioral representations.

The SHAP analysis revealed that post-pandemic ownership decisions are not driven
by economic rationality alone. Variables such as homeownership, urban—rural context, and
household lifecycle gained predictive prominence, suggesting that risk aversion, residential
relocation, telecommuting, and reduced trust in shared transport have reshaped household
mobility strategies. The retention of older vehicles, indicated by the rising influence of
vehicle age, further suggests adaptive responses to uncertainty, aligning with behavioral
economics literature on bounded rationality under disruption.

These results carry direct implications for policy. Conventional instruments such
as transit subsidies, vehicle taxation, or parking management often assume households
respond primarily to marginal cost changes. The findings of this study suggest otherwise:
vehicle acquisition is increasingly embedded in household structure, residential immobility,
and risk perception. Effective interventions will therefore need to be geographically and
demographically differentiated. Examples include bundling multimodal accessibility with
telework incentives, designing family-oriented car-sharing programs, or providing targeted
support for caregivers whose mobility needs amplify auto-dependence.

The diagnostic strength of SHAP lies in its ability to reveal not only which variables
matter but also the conditional contexts under which transitions from single to multiple
vehicles are most likely. This diagnostic value enhances both policy precision and public
legitimacy. By moving from aggregate strategies toward household-specific interventions,
planners can design more equitable and acceptable policies.

Methodologically, the study demonstrates the value of comparative explainability as a
deliberate strategy. Performance metrics such as accuracy or F1 score, while important, are
insufficient for policy-sensitive research. Structural transparency and behavioral fidelity
must also be considered. The comparative analysis showed that ensemble models provided
richer interpretive granularity, while probabilistic and kernel-based classifiers offered
more limited behavioral expressiveness. This underscores that model selection is not
only a statistical decision but also an epistemic one that shapes the narratives extractable
from data.

The broader implications of these findings align closely with the United Nations Sus-
tainable Development Goals [67]. The growth of multi-vehicle households in suburban and
rural areas connects directly to SDG 11 on sustainable cities and communities, emphasizing
the need for rural mobility innovations and context-sensitive transit strategies [68]. The in-
fluence of vehicle age highlights the climate relevance of SDG 13, calling for equity-sensitive
scrappage and fleet renewal programs. Household income and homeownership point to
challenges under SDG 10 on reducing inequalities, where affluent households consolidate
resilience while vulnerable groups remain transit-dependent. The integration of explainable
machine learning also supports SDG 16 on strong institutions by advancing transparency
and accountability in policy modeling. Finally, lifecycle and caregiving variables under-
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score the relevance of SDG 3 on health and well-being and SDG 5 on gender equality, where
household mobility decisions intersect with family structure and care responsibilities.

Taken together, the findings provide a diagnostic framework that translates predictive
insights into policy instruments. Table 5 illustrates how the most influential predictors
can inform targeted strategies, ranging from employer-supported mobility programs to
rural microtransit pilots and progressive vehicle taxation. Each policy pathway carries
potential benefits and constraints, underscoring the need for adaptive design, multilevel
coordination, and mitigation strategies to address political and institutional barriers.

Table 5. Policy instruments informed by SHAP insights, associated trade-offs, and mitigation

strategies.

Policy Instrument (Derived from
Findings)

Expected Benefit

Likely Constraint/Trade Off

Potential Mitigation Strategy

Employer-supported mobility
programs, car-sharing, and
commuter benefits targeting
multi-driver households
(DRVRCNT)

Reduced incremental vehicle
demand; support for
multi-worker families

Requires coordination with
employers; uneven adoption
across firms

Integrate with existing commuter

tax benefits; incentivize employer

participation through subsidies or
credits

Income-sensitive scrappage
incentives and targeted EV
subsidies (VEHAGE)

Fleet modernization; lower
emissions; improved equity

Risk of subsidies
disproportionately favoring
affluent households; fiscal burden

Calibrate incentives by household

income and tenure; prioritize low-

and middle-income multi-vehicle
households

Progressive vehicle taxation,
congestion pricing, and road
pricing (HOMEOWN,
HHFAMINC)

Reduces over-motorization
among affluent households;
generates revenue for sustainable
mobility

Politically contentious; regressive
risk if poorly designed

Use revenues to subsidize transit
and shared mobility in
low-income neighborhoods;
exemptions or rebates for
vulnerable households

Rural Maa$S, demand-responsive
microtransit, and last-mile
connectivity (URBRUR,
URBANSIZE)

Improved access in car-dependent
rural and suburban areas; reduced

equity gap

High service delivery cost;
institutional fragmentation across
jurisdictions

Pilot programs; regional
coordination; flexible on-demand
service models

Lifecycle-sensitive transit passes,
childcare travel support, and
family-responsive mobility
programs (LIF_CYC, HHSIZE,
WRKCOUNT)

Enhances household equity;
addresses caregiving and
commuting needs

Administrative complexity;
cross-agency coordination
required

Integrate with employer benefits;
align with social policy programs
and family support initiatives

Overall, the results demonstrate that vehicle ownership in the post-COVID-19 era is
stratified along socioeconomic and spatial lines, reinforcing the risk of a two-tier mobility
system. Addressing these inequities requires embedding behavioral insights into equity-
oriented policy design. By leveraging explainable machine learning, this study offers
both methodological advancement and actionable guidance for achieving sustainable and
inclusive mobility futures.

6. Conclusions

This study examined the determinants of household vehicle ownership in the post-
COVID-19 context by analyzing data from the 2022 National Household Travel Survey and
applying a suite of interpretable machine learning models. Framing vehicle ownership
as a binary classification problem distinguishing single-vehicle from multi-vehicle house-
holds, the analysis uncovered both established and emerging behavioral dynamics shaping
acquisition decisions during a period of systemic disruption.

The results confirmed the enduring influence of household income, number of licensed
drivers, and vehicle age, consistent with classical theories of travel demand. At the same
time, spatial characteristics, lifecycle stage, and housing tenure emerged as increasingly
relevant factors, reflecting pandemic-related changes in work location, residential mobility,
and perceived risks associated with shared transport modes.
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Methodologically, the use of SHAP-based interpretability enhanced both predictive
performance and explanatory transparency. Ensemble models such as Random Forest
and XGBoost captured interaction effects and behavioral heterogeneity more effectively
than kernel-based or probabilistic baselines. By demonstrating how feature importance
varies across household types and regional contexts, the models bridged the gap between
advanced computation and actionable policy insight.

Despite these contributions, several limitations should be acknowledged. First, the
analysis excluded zero-vehicle households. While justified analytically, this decision limits
generalizability and weakens equity assessment, since such households are disproportion-
ately low-income, immigrant, or urban core residents. Future studies should adopt multi-
nomial ownership frameworks or parallel models that include zero-vehicle states to more
fully capture structural and behavioral differences. Second, reliance on cross-sectional data
prevents causal inference and masks temporal dynamics. Although associations identified
are behaviorally consistent and statistically robust, they reflect only a snapshot of post-
COVID-19 conditions. Longitudinal surveys, repeated measures, or quasi-experimental
designs would provide stronger evidence of causal mechanisms and behavioral change
over time. Third, the models did not incorporate attitudinal or perceptual factors such as
environmental concern, risk perception, or lifestyle preferences. These are increasingly
recognized as central to mobility choices and should be included in future research through
hybrid choice models, latent class approaches, or psychometric surveys. Finally, fairness
auditing was not conducted, leaving open the risk that algorithmic outputs could reinforce
existing social inequities. Incorporating fairness metrics and bias detection frameworks
will be essential for ensuring equitable mobility outcomes.

Beyond these limitations, the findings advance a broader agenda for policy-relevant,
explainable, and equity-sensitive analytics in transportation. Anticipating household ve-
hicle ownership is critical for forecasting parking demand, emissions, and infrastructure
needs, as well as for shaping congestion management and accessibility strategies. As urban
systems adapt to hybrid work, demographic change, and decarbonization mandates, mod-
els that combine behavioral realism with interpretive transparency will be indispensable.

In conclusion, this study contributes a behaviorally grounded and computationally
robust framework for analyzing household vehicle ownership in the post-pandemic era.
It demonstrates how machine learning can be used not only to predict but also to explain
and justify outcomes, thereby supporting sustainable, inclusive, and context-responsive
transport policy.
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