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ABSTRACT
Recent advancements in automated vehicle (AV) technologies have ignited considerable public interest, emphasizing the need to examine the potential disparities in the acceptance of these technologies across diverse communities. This study investigates the differences in public interest toward the adoption of automated vehicles between burdened (BCs) and non-burdened communities (non-BCs) using the 2017-2019 Puget Sound Household Travel Survey data. The study uniquely captures the burden indicators prevalent among census tracts in the Puget Sound region by integrating the newly released Transportation Communities data with the comprehensive Puget Sound household travel survey at the census tract level. Public interest toward the ownership of AVs is selected as the dependent variable with five ordered outcomes, namely “Not interested at all,” “Somewhat uninterested,” “Neutral,” “Somewhat interested,” and “Very interested”. The key explanatory variables include household sociodemographic and socioeconomic attributes, level of education, current mode of commute, and indicators of transportation insecurity. The study applies a rigorous and robust statistical model, i.e., a segmented ordered logit model, to model the impact of key enforcers and barriers to AV ownership in burdened and non-burdened communities. In addition to the inference-based statistical model, the study estimates a robust Artificial Intelligence technique, namely Random Forest, for enhanced prediction of public sentiments toward AV adoption, which is expected to assist in transportation planning. By addressing the potential disparities in the public acceptance of automated vehicles, this research can guide the development of targeted outreach programs and policy interventions tailored to bridge the gap between BCs and non-BCs.
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1. INTRODUCTION
The advent of automated vehicles (AVs) is set to redefine our roadways, urban landscapes, societal welfare, and environmental health (1). As urban planners and policymakers ponder the influence of AVs on future travel behaviors, infrastructure demands, and urban morphology, the transformative potential of these technologies becomes increasingly evident (2, 3). Despite the prevailing uncertainties surrounding AVs' impact on travel demand, road capacity, and the provision of public services, one of the salient advantages of autonomy in vehicles lies in the liberation of commuters from the constraints of active driving, thereby reclaiming valuable time for productivity or leisure during transit (3). AVs present a multitude of benefits, including enhanced mobility for populations with limited access, such as the elderly, disabled, and minors; improved traffic management and congestion reduction (4, 5); and the reclamation of urban space currently dedicated to parking (6–8). According to the National Household Travel Survey of 2017, American workers devote an average of 26.3 minutes daily to their work commute, with a notable fraction exceeding an hour. The integration of AVs into daily travel could transform these minutes into moments of efficiency and utility (9). Beyond the immediate benefits, the adoption of AVs promises a significant reduction in traffic-related incidents and fatalities (3, 10), relief from the stress of long commutes (11), optimized in-vehicle time utilization (12), and contributions to environmental conservation through diminished fuel consumption and reduced greenhouse gas emissions (13, 14). 
With the expanding market share of AVs, it is imperative to investigate disparities in technology acceptance across various community strata. Burdened Communities (BCs), often plagued by infrastructural and resource deficits, may exhibit distinct patterns of interest in AVs compared to their non-burdened counterparts. The Biden-Harris administration's Justice40 initiative underscores the commitment to ensuring that federal investments in transport and environmental innovation are equitably distributed, with at least 40% of benefits reaching BCs (15). This study embarks on a journey to discern the differential public interests in AV ownership between BCs and non-BCs in pursuit of an inclusive future where the fruits of technological advancement are accessible to all. It delves into the nuances that drive divergences in AV adoption rates, focusing on the infrastructural and socioeconomic characteristics, and transportation-burden indicators that may influence these disparities. The identification of contrasting factors that shape public interest toward AV ownership in BCs and non-BCs is critical to ensure a modern, intelligent, and efficient transportation system all over the country. 
This study seeks to explore the differences in public interest toward the ownership of automated vehicles in BCs and non-BCs by identifying the key reasons for differences in AV adoption. The main objective of the study is to foster equitable growth by identifying the key enforcers and barriers to AV adoption in BCs and non-BCs. The study aligns with the USDOT's vision to bridge the gap between BCs and non-BCs by reducing infrastructural, socioeconomic, and technological disparities. The study findings are expected to shed light on the gaps in transportation infrastructure, socioeconomic characteristics, and policymaking in BCs. The findings can provide valuable guidance for federal and state policymakers in formulating strategies to mitigate such inequalities to promote equitable growth and technology adoption.
2. LITERATURE REVIEW
Typically employed direct metrics for gauging the acceptance of AVs encompass variables such as the intent to use or purchase (16–18), the willingness to pay (WTP) for these technologies (19–21), and preferences in mode selection among personal AVs (PAVs), shared AVs (SAVs), and traditional vehicles as revealed in stated preference surveys (22–24). The adoption and acceptance of AVs is a multifaceted issue, influenced by a constellation of demographic, behavioral, and psychological factors. The determinants of public acceptance of AVs are categorized into three main groups: demographic factors, travel behavior, and psychological aspects (25). 
Demographically, significant variations are evident across different population segments regarding AV acceptance. Gender differences play a notable role; studies have consistently shown that men are more inclined towards AV technology than women (20, 26). Age is another critical factor, with younger individuals displaying a greater openness to AVs compared to older demographics (19, 27). Additionally, income levels correlate with adoption rates, where higher-income individuals are more predisposed to early adoption of AVs (17, 28). Education also emerges as a significant predictor, with a higher level of educational attainment generally leading to a positive outlook on AV acceptance (29, 30). Vehicle autonomy levels and urban residency also positively correlate with AV adoption, suggesting that those with more advanced current vehicles and urban dwellers are more likely to be early adopters (18, 29). 
Travel behavior characteristics have been linked to attitudes towards AVs. For instance, individuals with experiences of car crashes (19, 31) and those engaged in carsharing or ridesharing (23, 29, 30) are inclined to perceive more benefits in Shared AVs (32, 33). Factors such as longer travel distances/times, diverse transportation modes, and varied activity time allocations also correlate with a higher willingness to pay for AVs (20, 23, 34). Notably, transportation-burdened groups, including the disabled and those unable to drive under certain conditions, are more likely to opt for AVs (18, 35). Bansal et al. (15) observed that individuals who typically commute to work alone have an increased willingness to invest in owning AVs. They show a higher propensity to pay for the convenience and benefits that AVs offer. Menon et al. found that people who have moderate distances to travel for their daily commutes are more open to the idea of forgoing ownership of personal vehicles. This shift in preference is particularly evident with the availability of shared AVs. Their findings suggest a trend toward reliance on SAVs among this commuter group (16). 
Psychological determinants play a pivotal role in shaping AV adoption intentions. Technological proficiency is repeatedly identified as a positive influencer of AV adoption (19, 21, 27, 29). Notably, the enjoyment derived from driving serves as a deterrent to AV usage (21, 27, 36). Other psychological factors promoting AV use include environmental consciousness (24, 27, 36) and the perceived value of time (27).
The existing literature on AV adoption presents a comprehensive overview of various factors influencing individuals' willingness to embrace this technology. Studies predominantly focus on demographic attributes, commute behaviors, and psychological tendencies, underscoring the diverse motivations behind AV acceptance. However, a notable research gap exists in understanding how these factors play out distinctly in BCs compared to non-BCs. This gap highlights the need for a deeper investigation into the unique challenges faced by BCs in the context of AV technology. Addressing this gap is crucial for developing equitable transportation policies and ensuring that the benefits of AVs are accessible to all sections of society, regardless of their socioeconomic status. The exploration of AV adoption in BCs is a vital step towards fostering inclusive growth and bridging technological disparities in our evolving urban landscapes. This study attempts to fill the research gap by exploring the distinguishing factors that determine public interest toward AV ownership in BCs and non-BCs.
3. CONCEPTUAL FRAMEWORK
The conceptual framework for this study is structured to investigate the multifaceted relationship between household characteristics, travel behavior, indicators of Burdened communities, and the emerging public interest in AVs (Figure 1). The study hypothesizes that significant differences exist in public interest toward owning an AV in BCs and non-BCs. The domain of household characteristics encompasses factors intrinsic to the household that may influence interest in AVs. These factors include Household Size, household socioeconomic characteristics i.e., household income, vehicle and home ownership, and household sociodemographic characteristics i.e., householder age, gender, education, employment, etc. All these factors heavily influence the household's economic conditions, access to transportation, and potential readiness for new technology adoption. The second domain of travel behavior covers the daily transportation choices and patterns of householders, including mode choice, telecommuting, and workplace location. The third domain encompasses specific challenges faced by BCs including but not limited to a lack of alternative travel modes, high prevalence of life-threatening diseases, exposure to environmental hazards, social deprivation, and vulnerability to adverse climatic conditions. The dependent variable, public interest in owning an AV, is posited to be a direct outcome of the interplay between household characteristics, travel behavior, and the contextual factors present within burdened communities. The study aims to illuminate how these variables correlate with the inclination to adopt AV technology and to discern if the patterns of interest differ significantly between BC and non-BC groups.
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Figure 1. Conceptual Framework of the Study.
4. DATA DESCRIPTION
The data for this study are collected from two different sources, including the 2017-2019 Puget Sound Household Travel Survey (PSHTS) and the newly released USDOT Equitable Transportation Communities (ETC) databases. PSHTS provides socio-demographics, travel, and vehicle information at the household level. On the other hand, in the USDOT's ETC database, BCs are designated based on 48 indicators. These indicators are grouped into five major categories of burdens namely Transportation Insecurity, Health Vulnerability, Environmental Burden, Social Vulnerability, Climate, and Disaster Risk Burden. A unique and comprehensive dataset of households at the census tract level is created after linking these databases. First, the vehicle, and person files were merged with the household file of the Puget Sound database to obtain the vehicle and person-specific information. In the next step, the ETC data file was merged with the previously merged Puget Sound data file based on the census tract FIPS code. The final merged dataset contained 3,373 households of the Puget Sound region (i.e., Greater Seattle: King, Kitsap, Pierce, and Snohomish counties). However, some observations were removed from the data because they contained extreme values or outliers (e.g., household size of 8 and above, number of workers of 5 and above). The final cleaned dataset contains 3367 observations where each observation represents a unique household. The dataset was split into two segments based on the overall Burdened census tract indicator to uncover the differences in public interest toward AV adoption in BCs and non-BCs. The data for households in the overall Burdened census tracts consists of 683 observations while the dataset for households in non-BCs amounts to 2684 observations. The response variable for the study is public interest toward owning an AV which is an ordinal variable with 5 levels namely “Not interested at all,” “Somewhat uninterested,” “Neutral,” “Somewhat interested,” and “Very interested.” Table 1 presents a two-way frequency distribution of the categorical variables in the study with the overall burden indicator.
TABLE 1. Descriptive Statistics of Key Categorical Variables in BCs and non-BCs
	Variables
	Categories
	Frequency
(N = 3367)
	%

	Non-BCs (N =2684)
	BCs 
(N =683)

	
	
	
	
	Frequency
	%
	Frequency
	%

	Interest in owning AV (Dependent Variable)
	Not interested at all
	756
	22.45
	590
	21.98
	166
	24.30

	
	Somewhat uninterested
	658
	19.54
	518
	19.29
	140
	20.50

	
	Neutral
	634
	18.83
	515
	19.19
	119
	17.42

	
	Somewhat interested
	676
	20.08
	540
	20.12
	136
	19.91

	
	Very interested
	643
	19.10
	521
	23.96
	122
	17.86

	Household Income
	Less than $25,000
	304
	9.03
	201
	7.48
	103
	15.08

	
	$25,000 to $49,999
	507
	15.06
	349
	13.00
	158
	23.13

	
	$50,000 to $74,999
	514
	15.27
	390
	14.53
	124
	18.15

	
	$75,000 to $99,999
	468
	13.90
	382
	14.23
	86
	12.59

	
	$100,000 to $199,999
	1248
	37.07
	1058
	39.42
	190
	27.82

	
	$200,000 or more
	326
	9.68
	304
	11.33
	22
	3.22

	Householder Age
	Under 18 years
	14
	0.42
	11
	0.41
	3
	0.44

	
	18-34 years
	916
	27.21
	716
	26.68
	200
	29.28

	
	35-44 years
	754
	22.39
	595
	22.17
	159
	23.28

	
	45-54 years
	532
	15.80
	436
	16.24
	96
	14.05

	
	55-64 years
	528
	15.68
	420
	15.65
	108
	15.81

	
	65 and above
	623
	18.50
	506
	18.85
	117
	17.13

	Householder Gender
	Male
	1634
	48.53
	1325
	49.37
	309
	45.24

	
	Female
	1733
	51.47
	1359
	50.63
	374
	54.76

	Householder Education
	Less than Bachelor’s degree
	892
	26.49
	634
	23.62
	258
	37.77

	
	Bachelor’s degree or higher
	2475
	73.51
	2050
	76.38
	425
	62.23

	Travel Mode
	Walk or Bike/E-bike
	299
	8.88
	242
	9.02
	57
	8.34

	
	Carpool
	162
	4.81
	137
	5.10
	25
	3.66

	
	Drive alone
	2160
	64.15
	1749
	65.16
	411
	60.18

	
	Public transit
	746
	22.16
	556
	20.72
	190
	27.82

	Type of Residence
	Apartments/Condos
	1404
	41.70
	1033
	38.49
	371
	54.32

	
	Mobile home (RV, Van)
	53
	1.57
	34
	1.27
	19
	2.78

	
	Single-family house
	1576
	46.81
	1334
	49.70
	242
	35.43

	
	Townhouse
	334
	9.92
	283
	10.54
	51
	7.47

	Commuter benefit — Flexible Time
	Not Offered
	2293
	68.10
	1785
	66.51
	508
	74.38

	
	Offered and availed
	702
	20.85
	602
	22.43
	100
	14.64

	
	Offered but not availed
	372
	11.05
	297
	11.06
	75
	10.98

	Household with AFV
	1= Yes
	266
	7.90
	225
	8.38
	41
	6.00

	
	0 = No
	3101
	92.10
	2459
	91.62
	642
	94.00

	Transportation insecurity indicator
	1= Yes
	393
	11.67
	290
	10.80
	103
	15.08

	
	0 = No
	2974
	88.33
	2394
	89.20
	580
	84.92

	Health Vulnerability
	1= Yes
	688
	20.43
	342
	12.74
	346
	50.66

	
	0 = No
	2679
	79.57
	2342
	87.26
	337
	49.34

	Climate Vulnerability
	1= Yes
	2537
	75.35
	1921
	71.57
	616
	90.19

	
	0 = No
	830
	24.65
	763
	28.43
	67
	9.81

	Social Vulnerability
	1 = Yes
	572
	16.99
	145
	5.40
	427
	62.52

	
	0 = No
	2795
	83.01
	2539
	94.60
	256
	37.48

	Environmental Burden indicator
	1= Yes
	1554
	46.15
	1018
	37.93
	536
	78.48

	
	0 = No
	1813
	53.85
	1666
	62.07
	147
	21.52



The descriptive statistics presented in Table 1 provide an overview of the categorical variables across Burdened communities (BC) and non-Burdened communities (non-BCs). The data represents household-level responses, with each row corresponding to a unique household. The data reveal that within both community types, a considerable portion of the population is not interested in owning AVs, with 21.98% in non-BCs and an even higher 24.30% in BCs. This indicates a notable level of resistance or apathy towards AV technology, which is slightly more pronounced in burdened areas. Conversely, the proportion of households that express a 'Very interested' stance is highest in non-BCs at 23.96%, compared to 17.86% in BCs, suggesting that while there is significant interest in AV technology, it is less prevalent in underserved areas. The 'Somewhat interested' category remains fairly consistent across both community types, hovering around the 20% mark. It is interesting to note that the 'Neutral' responses are relatively uniform across both BC and non-BC groups, with non-BCs at 19.19% and BCs at 17.42%. This could indicate a segment of the population that is undecided or lacks enough information to form a definitive opinion on AV ownership.
When examining household income, the data shows that higher income brackets have a greater representation in the non-BC group, particularly those earning $100,000 to $199,999, constituting 39.42% of the non-BC sample. In contrast, this bracket represents 27.82% of the BC group, indicating that income disparity could be a factor in AV interest. A higher percentage of young adults (18-34 years) in BCs show interest in AVs (29.28%) compared to non-BCs (26.68%). Gender distribution is fairly even in non-BCs but uneven in BCs with a slight female majority. There is a significant difference in educational attainment, with a higher proportion of individuals holding a bachelor’s degree or higher in non-BCs (76.38%) compared to BCs (62.23%), suggesting a correlation between education level and community advantage. Driving alone is the most common travel mode, particularly in non-BCs (65.16%), which may indicate a higher reliance on personal vehicles and possibly a greater interest in AV technology. Residents of apartments and condos represent a significant portion of the population, particularly in BCs  (54.32%), which may influence attitudes towards AVs, given potential urban dwelling constraints. A majority of households do not receive commuter benefits, with a slightly higher proportion in non-BCs (11.06%) not availing themselves of such benefits even when offered.
Households with AFVs are a minority but more prevalent in non-BCs (8.38%), which may indicate a propensity towards adopting newer vehicle technologies in more affluent areas. Health vulnerability is substantially higher in BCs (50.66%), potentially affecting perceptions and practical considerations of AV technology adoption. Climate vulnerability is also markedly higher in BCs (90.19%), which may influence transportation needs and preferences, including AVs. Social vulnerability and environmental burden indicators are significantly higher in BCs (62.52% and 78.48%), suggesting that these factors should be considered in the development and deployment of AV technologies to ensure equitable access and adoption.

TABLE 2. Descriptive Statistics of Key Continuous Variables in overall Burdened and non-Burdened Communities
	Variables
	Median
	SD
	Min
	Max
	Non-BCs (N =2684)
	BCs (N =683)

	
	
	
	
	
	Median
	SD
	Min
	Max
	Median
	SD
	Min
	Max

	Household size
	2
	1.06
	1
	7
	2
	1.06
	1
	7
	2
	1.04
	1
	7

	No. of workers
	1
	0.79
	0
	4
	1
	0.79
	0
	4
	1
	0.79
	0
	4

	No. of adults
	2
	0.61
	1
	5
	2
	0.60
	1
	5
	2
	0.64
	1
	5

	Average commute time to work (mins)
	28.14
	4.80
	9.05
	51.56
	27.09
	4.72
	9.05
	51.56
	29.54
	4.58
	22.55
	50.98

	Percent households with no vehicle
	8.5
	14.93
	0
	76.8
	7.3
	11.41
	0
	50.8
	17.4
	21.11
	0
	76.8

	Avg. drive time to grocery (mins)
	2.85
	2.22
	0.68
	42.92
	2.51
	2.25
	0.68
	22.76
	2.95
	1.96
	1.10
	42.92

	Avg. drive time to medical facilities (min)
	2.72
	2.58
	0.72
	46.02
	2.61
	2.60
	0.72
	25.05
	2.79
	2.46
	0.79
	46.02

	Avg. drive time to point of interest (min)
	4.33
	2.76
	1.71
	48.79
	3.74
	2.80
	1.71
	24.62
	4.40
	2.48
	2.42
	48.79


Note: SD = Standard Deviation; Min = Minimum; Max= Maximum
Table 2 presents the descriptive statistics of key continuous variables for households in both Burdened and non-Burdened communities. The median household size for both BCs and non-BCs is 2, with a similar standard deviation (SD) around 1. This indicates a typical household composition across communities. The number of workers and adults per household also does not differ significantly between the two community types, with medians of 1 for workers and 2 for adults. The average commute time to work is slightly higher in BCs (29.54 mins) compared to non-BCs (27.09 mins), with both communities showing a similar range and variability. This suggests a marginally longer commute time for BC households, which could impact daily routines and transportation needs. There is a notable difference in the percentage of households with no vehicle. BCs have a higher median percentage (17.4%) compared to non-BCs (7.3%), indicating greater vehicle dependency or accessibility in non-BCs. The average drive times to grocery stores, medical facilities, and other points of interest are higher in BCs, with medians of 2.95, 2.79, and 4.40 minutes, respectively, compared to 2.51, 2.61, and 3.74 minutes in non-BCs. This may reflect more scattered service distribution or the use of slower means of transport to access these services in BCs.
5. METHODOLOGY
The study methodology involves the collection of household socioeconomic, sociodemographic, and travel behavior characteristics from the 2017-2019 Puget Sound Travel Survey and indicators of transportation burden from the ETC dataset. The two datasets are combined based on a common identifier (census tract FIPS code). After applying data cleaning protocols, an inference-based statistical model (segmented ordered logit model) is estimated to quantify the impact of correlates of AV adoption in BCs and non-BCs. In addition to the frequentist ordered logit model, a supervised machine learning model, namely Random Forest is also employed to predict the levels of public interest toward AV ownership in BCs and non-BCs using predictions from multiple decision trees. The study framework is presented in Figure 2.        
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Figure 2. Overall Study Framework

5.1 Ordered Logit Model
A typical mathematical formulation of the ordered logit model is given in Equation 1.
[bookmark: _Hlk139976358]                                                                                                                     (1)
[bookmark: _Hlk139976333]                                                                                                                                  (2)
Where Y denotes the response variable, Y* is a continuous latent variable whose values are derived from the ordinal data. Y* equals the product of the coefficient vector β’ and explanatory variable vector X, plus an error term ε. The ordinal response, denoted as j, indicates the category where the observed Y falls. αj represents the cut points or the boundaries of intervals on the continuous scale of Y*, meaning that Y is assigned the j category when Y* lies in the jth interval. 
An expression for the ordered logit model is given in Equation 3.

                                                       (3)

Equation 3 indicates that for different categories j of the response variable Y, the effect of explanatory variables x1, x2, …, xn is captured by a single coefficient β, which is important in interpreting this model (32, 37–40).  

5.2 Random Forest
Breiman proposed a machine-learning algorithm called Random Forest (RF) in 2001 (41). A random forest consists of multiple independent basic classifiers known as decision trees. Each classifier operates on its own when presented with a test sample, and the category label of the sample is determined by aggregating the voting results from each classification. It builds an ensemble of decision trees using the bootstrap sampling method, which repeatedly selects training sets from the original data with replacement. Using a bagging technique, random operations are used in selecting sample subsets to create training sets from the original samples. Bagging is used again to select subsets of features from the entire set. Additionally, the importance of each feature can be ranked based on its contribution to the final decision. Incorporating random operations in the random forest greatly improves its classification performance (42–49).
The selection of the random forest algorithm for this study is justified by its ability to efficiently handle large datasets with multiple input variables, a characteristic essential for navigating the intricate socio-demographic and psychological factors influencing AV acceptance. Its ability to manage high-dimensional data without overfitting ensures that the model remains accurate and generalizable, even when dealing with a multitude of predictor variables. Furthermore, the random forest's capacity to handle both numerical and categorical data seamlessly aligns with the varied nature of the dataset employed in this study. Notably, the algorithm provides insightful feature importance rankings, allowing for an intuitive understanding of which factors most significantly impact public interest in AVs. This aspect is particularly valuable in distinguishing the nuanced differences in AV adoption between BCs and non-BCs. The random forest algorithm's robustness, versatility, and interpretability make it an optimal choice for delivering comprehensive and reliable insights into the determinants of AV adoption in diverse community settings.

5.3 Performance Measures
Four performance measures are used to evaluate the predictive performance of the statistical and ML models in this study. These measures include accuracy, precision, recall, and F1 score. 
5.3.1 Accuracy
Classification accuracy is the ratio of correctly classified observations by the model to the total number of observations in the dataset. Since the categories of the response variable are fairly evenly distributed in both segments (BCs and non-BCs) implying no issue of class imbalance, hence, accuracy is an appropriate performance measure in this case. It can be calculated using Equation 4.

                                                                               (4)
5.3.2 Precision
Precision for a specific class of the response variable is the ratio of the correctly classified events in a class to the total number of events classified in that class. Precision is obtained using Equation 5.                               
                                                               (5)
5.3.3 Recall
Recall for a specific class of the response variable is the ratio of the correctly classified events in a class (True positives) to the sum of the correctly and incorrectly classified events related to the target class (True positives + False negatives). Recall is obtained from Equation 6.
                                                                     (6)
5.3.4 F1 score 
The F1 score considers both precision and recall in the model’s performance evaluation and provides a balanced overall model performance measure. The higher the F1 score of a class, the better the predictive performance of the model specific to that class. The F1 score is calculated using Equation 7.
                                                                                                       (7)

6. RESULTS
Table 3 presents the results of an ordered logit model estimated to analyze the public interest in owning an AV. The model is segmented into two groups (Overall Burdened and non-Burdened) based on burden indicators from the USDOT's Transportation Communities dataset. Key findings from the overall model indicate that households with higher income ($100,000 to $199,999, and $200,000 or more) show a statistically significant positive association with interest in AVs, indicating that wealthier households are more interested in owning AVs. Living in a single-family house is found to be positively associated with AV interest compared to living in a townhouse. Younger individuals (18-34 years old) are significantly more interested, whereas those aged 65 and above are less interested in owning AVs. Individuals who carpool or drive alone are significantly interested in AVs compared to those who primarily use public transit. Householders offered commuter benefits, whether availed or not, show a higher interest in AVs. Male householders exhibit a significantly higher interest in AVs compared to female householders. In the non-BCs model, similar trends are observed, with younger and middle-aged householders (18-34 years and 35-44 years old) showing more interest in owning an AV and those aged 65 and above showing less interest. Male householders are found significantly positively associated with a higher interest in AV adoption in this model. In the BCs model, the positive association with a higher interest in AV for a male householder is significant and stronger than in the overall model. The effect of commuter benefits offered and availed is also significant in this model. Households with AFV (Alternative Fuel Vehicle) are more likely to be interested in AVs. This association is statistically significant, as indicated by the low p-values across the pooled and non-BC models. Individuals with a bachelor’s degree or higher are found associated with a higher interest in AVs compared to those with less education in the pooled and non-BC models. However, this effect was not statistically significant in the BCs model. Householders who are very concerned about how AVs will react to the driving environment are significantly associated with less interest in AV ownership. This result is consistent across all models. Longer drive times to points of interest are positively associated with AV interest in BCs, suggesting that those who spend more time driving see more value in AVs. A higher percentage of no-vehicle households is associated with lower interest in AVs in the pooled and BC models. Longer commute times to work in census tracts in BCs are associated with a higher interest in AV ownership. There is a significant negative relationship between the concern for AV equipment safety and interest in AVs in the non-BCs model. Concern for AV performance in poor weather conditions also shows a negative relationship, but it is only marginally significant in the BC model. Thresholds (μ1, μ2, μ3, μ4) indicate the cut-off points between the different ordered levels of the dependent variable, which is the interest in AV ownership. These values help to understand how the probabilities of being in a particular category change with variations in the independent variables.
Referring to the model goodness-of-fit statistics, the models yield pseudo R2 values of 0.20, 0.23, and 0.16 for the pooled model, non-BCs model, and the BCs model respectively. The models generally indicate a better fit as values of McFadden's pseudo R2 in the range of 0.20-0.40 are indicative of a better statistical fit (50–54). The Akaike Information Criterion (AIC) and the Bayesian Information Criterion (BIC) are measures of the relative quality of statistical models for a given set of data. Generally, lower values of these criteria suggest a better model fit.
The likelihood ratio test for segmented models suggests that the segmentation of the model is appropriate. The computed chi-squared distributed likelihood ratio is greater than the critical chi-square value at 13 degrees of freedom and 1% significance level. Hence, the null hypothesis (that a non-segmented model is sufficient) is rejected, indicating that different segments (like BC and non-BC) have significantly different determinants of interest in AVs.
TABLE 3. Results of Pooled and Segmented Ordered Logit Model
	Variables
	Overall Model
	Non-BC Model
	BC Model

	
	Coefficient (t-stat)
	p-value
	Coefficient
(t-stat)
	p-value
	Coefficient
(t-stat)
	p-value

	Household Income 
(Base: Less than $25k)
	

	$25,000 – $49,999
	-0.03 (-0.19)
	0.852
	-------------
	------
	------------
	------

	$50,000 – $74,999
	0.16 (1.21)
	0.227
	-------------
	------
	-----------
	------

	$75,000 – $99,999
	0.08 (0.60)
	0.549
	--------------
	------
	------------
	-----

	100,000 - $199,999
	0.25 (1.99)*
	0.047
	--------------
	-----
	----------
	-----

	200,000 or more
	0.47 (2.97)*
	0.003
	--------------
	-----
	----------
	-----

	Residence Type
(Base: Townhouse)
	
	
	
	
	
	

	Mobile home (RV, Van)
	-0.29 (-1.13)
	0.257
	-----------
	------
	------------
	-----

	Apartments/ Condos
	0.008 (0.07)
	0.941
	------------
	------
	------------
	-----

	Single-family house
	0.19 (1.98)*
	0.048
	-----------
	------
	------------
	-----

	Householder Age 
(Base: Below 18 years)
	
	
	
	
	
	

	18-34 years old
	0.38 (4.97)*
	0.000
	1.26 (2.70)*
	0.000
	1.83 (3.07)
	0.000

	35-44 years
	0.72 (1.21)
	0.227
	0.99 (2.12)*
	0.034
	0.52 (0.56)
	0.573

	45-54 years
	0.63 (0.83)
	0.406
	0.87 (1.85)
	0.064
	0.51 (0.55)
	0.583

	55-64 years
	0.32 (1.13)
	0.257
	0.49 (1.04)
	0.300
	-0.08 (-0.09)
	0.925

	Age 65 years and above
	-0.34 (-3.79)*
	0.000
	-0.38 (-3.81)*
	0.000
	-0.41 (-2.06)*
	0.039

	Travel Mode 
(Base: Public Transit)
	
	
	
	
	
	

	Walk/Bike
	-0.10 (-0.83)
	0.406
	-0.15 (-1.05)
	0.294
	------------
	-----

	Carpool
	0.35 (2.23)*
	0.026
	0.38 (2.18)*
	0.030
	-------------
	------

	Drive alone
	0.19 (2.25)*
	0.025
	0.07 (0.80)
	0.426
	------------
	------

	Commuter Benefits —Flexible Timings
(Base: Not Offered) 
	
	
	
	
	
	

	Offered but not availed
	0.25 (2.39)*
	0.017
	0.27 (2.18)*
	0.030
	0.06 (0.25)
	0.804

	Offered and availed
	0.29 (3.44)*
	0.001
	0.13 (1.31)
	0.189
	0.48 (2.38)*
	0.017

	Gender of Householder
(Base: Female)
	
	
	
	
	
	

	Male Householder
	0.34 (5.23)*
	0.000
	0.24 (3.33)*
	0.001
	0.52 (3.57)*
	0.000

	Household with AFV
(Base: No)
	
	
	
	
	
	

	Yes
	0.32 (2.73)*
	0.006
	0.38 (2.94)*
	0.003
	------------
	------

	Householder Education
(Base: Less than bachelor’s degree)
	
	
	
	
	
	

	Bachelor’s degree and higher
	0.17 (2.22)*
	0.026
	0.25 (2.85)*
	0.004
	-------------
	-----

	Concerned about AV's Reaction to Driving Environment 
(Base: Not Very Concerned)
	
	
	
	
	
	

	Very Concerned
	-1.37 (-20.69)*
	0.006
	-1.03 (-12.58)*
	0.000
	-1.06 (-5.58)*
	0.000

	Average Drive Time to Point of Interest (mins) 
	0.036 (2.29)*
	0.022
	---------------
	------
	0.14 (3.90)*
	0.000

	Percentage of No-vehicle households
	-0.01 (-4.16)*
	0.000
	---------------
	------
	-0.02 (-5.38)*
	0.000

	Average Commute Time to Work (mins)
	-----------------
	-------
	--------------
	------
	0.19 (2.18)*
	0.030

	Concern regarding AV Equipment Safety
(Base: Not Very Concerned) 
	
	
	
	
	
	

	Very Concerned
	---------------
	------
	-0.91 (-11.27)*
	0.000
	-----------
	----

	Concern regarding AV’s Performance in Poor Weather (Base: Not Very Concerned) 
	
	
	
	
	
	

	Very Concerned
	--------------
	-------
	---------------
	------
	-0.38 (-1.97)*
	0.049

	Telecommute Frequency (Base: Never)
	
	
	
	
	
	

	Less than monthly
	---------------
	
	-0.05 (-0.39)
	0.694
	------------
	-----

	A few times per month
	---------------
	
	0.75 (3.35)*
	0.001
	------------
	-----

	Less than 4 days a week
	---------------
	
	0.05 (0.35)
	0.730
	------------
	-----

	More than 4 days a week
	---------------
	
	-0.11 (-0.57)
	0.566
	------------
	-----

	Thresholds
	

	µ1
	-1.53
	-1.17
	-0.18

	µ2
	-0.47
	-0.11
	0.90

	µ3
	0.42
	0.82
	1.76

	µ4
	1.61
	2.05
	3.03

	Summary Statistics
	

	Number of Obs.
	3367
	2684
	683

	Number of parameters K
	27
	23
	17

	LL (0)
	-5412.05
	-4316.15
	-1094.25

	LL (β)
	-4318.22
	-3388.39
	-895.64

	McFadden Pseudo R2
	0.20
	0.21
	0.18

	Chi-Square LR
	2187.66
	1855.52
	397.22

	Prob > Chi-Square LR
	0.000
	0.000
	0.000

	AIC
	8690.44
	6822.78
	1825.28

	BIC
	8855.73
	6958.36
	1902.23

	Segmentation LR test
	
	
	

	Computed Chi-square distributed LR
	67.94

	Degrees of freedom
	13

	Critical Chi-square ( α=0.01)
	27.68

	Conclusion
	Reject Null Hypothesis. Segmentation is appropriate.


6.1 Prediction Results
Predictions on public interest toward AV ownership were obtained from the estimated ordered logit models for BCs and non-BCs. The ordered logit model yielded a prediction accuracy of 69.63% for the non-BC dataset and 65.40% for the BC data. Table 4 provides the confusion matrices for the non-BCs and BC models obtained from the Ordered Logit model.
TABLE 4. Confusion Matrices for Non-BCs and BCs —Ordered Logit Model 
	                                Non-BCs Data (N = 2684)                       
	

	Observed Outcomes
	Predicted Outcomes
	Total

	
	Not at all Interested
	Somewhat uninterested
	Neutral
	Somewhat interested
	Very Interested
	

	Not at all Interested
	415
	78
	43
	31
	23
	590

	Somewhat uninterested
	56
	347
	63
	34
	18
	518

	Neutral
	19
	62
	342
	57
	35
	515

	Somewhat interested
	13
	18
	59
	389
	61
	540

	Very Interested 
	19
	23
	48
	55
	376
	521

	Total
	522
	528
	555
	566
	513
	

	Performance Measures
	
	

	Accuracy
	69.63%
	

	Precision
	0.79
	0.66
	0.62
	0.69
	0.73
	

	Recall
	0.70
	0.67
	0.66
	0.72
	0.72
	

	F1 Score
	0.74
	0.66
	0.64
	0.70
	0.72
	

	                                    BCs Data (N = 683)
	

	Observed Outcomes
	Predicted Outcomes
	Total

	
	Not at all Interested
	Somewhat uninterested
	Neutral
	Somewhat interested
	Very Interested
	

	Not at all Interested
	103
	23
	19
	12
	9
	166

	Somewhat uninterested
	23
	92
	12
	8
	5
	140

	Neutral
	5
	18
	65
	23
	8
	119

	Somewhat interested
	6
	13
	16
	79
	22
	136

	Very Interested 
	6
	10
	15
	18
	73
	122

	Total
	143
	156
	127
	140
	117
	

	Performance Measures
	
	
	
	
	
	

	Accuracy
	60.32%
	

	Precision
	0.72
	0.59
	0.51
	0.56
	0.62
	

	Recall
	0.62
	0.66
	0.55
	0.58
	0.60
	

	F1 Score
	0.67
	0.62
	0.53
	0.57
	0.61
	



6.2 Results of Random Forest
Like the ordered logit model, the random forest classifier was also trained on the entire data for BCs and non-BCs. An extended grid search was performed to determine the optimal hyperparameters of the model with 10-fold cross-validation. Hyperparameters of the random forest include the number of decision trees, the number of variables considered for splitting the trees’ nodes “mtry”, minimum node size (also called tree depth), and a fraction of the sample used for fitting the model. A range of parameter values for the number of trees (50, 100, 150, 200, 300), “mtry” (3, 6, 8, 10, 12, 15), minimum node size (1, 3, 5, 7, 10, 12), and the sample fraction (0.5, 0.6, 0.7, 0.8), resulting in 720 different combinations, were considered in the grid search. The optimal hyperparameters obtained through the grid search consist of 150 trees, 6 variables for splitting the node, a tree depth of 5, and a sample fraction of 0.8, resulting in a minimum cross-validation error of 0.52. Figure 3 presents the results of the grid search for the first ten combinations of the model hyperparameters ranked according to increasing cross-validation error.


Figure 3. Hyperparameter Tuning of Random Forest Classifier 

The confusion matrices for the non-BCs and BCs datasets are presented in Table 5. The model yields a prediction accuracy of 87.44% for the non-BCs and 83.60% for the BCs data. The enhanced prediction accuracy for the random forest model provides evidence of the superior predictive performance of ML models to statistical parametric models.
TABLE 5. Confusion Matrices for Non-BCs and BCs —Random Forest Classifier
	                                Non-BCs Data (N = 2684)                       
	

	Observed Outcomes
	Predicted Outcomes
	Total

	
	Not at all Interested
	Somewhat uninterested
	Neutral
	Somewhat interested
	Very Interested
	

	Not at all Interested
	520
	38
	21
	7
	4
	590

	Somewhat uninterested
	24
	447
	26
	13
	8
	518

	Neutral
	7
	39
	425
	37
	7
	515

	Somewhat interested
	3
	4
	33
	482
	18
	540

	Very Interested 
	5
	6
	15
	22
	473
	521

	Total
	559
	534
	520
	561
	510
	

	Performance Measures
	
	

	Accuracy
	87.44%
	

	Precision
	0.93
	0.84
	0.82
	0.86
	0.93
	

	Recall
	0.88
	0.86
	0.83
	0.89
	0.91
	

	F1 Score
	0.90
	0.85
	0.82
	0.87
	0.92
	

	                                    BCs Data (N = 683)
	

	Observed Outcomes
	Predicted Outcomes
	Total

	
	Not at all Interested
	Somewhat uninterested
	Neutral
	Somewhat interested
	Very Interested
	

	Not at all Interested
	146
	9
	6
	5
	0
	166

	Somewhat uninterested
	7
	121
	5
	4
	3
	140

	Neutral
	3
	7
	99
	8
	2
	119

	Somewhat interested
	2
	2
	21
	102
	9
	136

	Very Interested 
	4
	3
	4
	8
	103
	122

	Total
	162
	142
	135
	127
	117
	

	Performance Measures
	
	
	
	
	
	

	Accuracy
	83.60%
	

	Precision
	0.90
	0.85
	0.73
	0.80
	0.88
	

	Recall
	0.88
	0.86
	0.83
	0.75
	0.84
	

	F1 Score
	0.89
	0.85
	0.78
	0.77
	0.86
	





Figure 4. Random Forest Variable Importance Plot — BCs
Figure 4 presents the most important variables in the RF model for BCs. The “percentage of households with no vehicles,” “average drive time to point of interest,” and “average commute time to work variables” were found as the three most important variables in the model. These variables explicitly reflect the transportation challenges faced by BCs and can give more valuable insights into the development of public interest toward AV adoption in BCs.
Figure 5 presents the most important variables in the RF model for non-BCs. The “concerns related to AV equipment safety,” “concern related to AVs’ reaction to its driving environment,” “male householders,” and “households with Alternative Fuel Vehicles” were found as the most important variables in the model. These variables address concerns related to AVs’ performance in their driving environment and environmental considerations by households having AFVs in non-BCs. Notably, the variables found most important by the random forest classifier in BCs and non-BCs are the same as those found statistically significant in the ordered logit model. This indicates that the results of the random forest model complement the results obtained from the statistical ordered logit model. 

Figure 5. Random Forest Variable Importance Plot — Non-BCs
7. DISCUSSION
The segmented ordered logit model offers a nuanced understanding of public interest in AVs across BCs and non-BCs. The model reveals a clear positive association between wealthier households and interest in AVs. This finding is consistent with previous studies as (17, 28) found similar results. This trend underscores the need for policies that make AV technology more accessible and affordable for lower-income groups. Subsidizing AV costs or incentivizing manufacturers to lower prices could enhance access to this technology for lower-income groups. Single-family homeowners display more interest in AVs compared to townhouse dwellers. This may be due to the greater availability of parking in detached homes. Urban planning could focus on expanding AV-compatible infrastructure in multi-family residential areas to equalize interest across housing types. Younger individuals were found significantly more interested in AVs, while those aged 65 and above were found to be less interested. This finding is also consistent with previous research as young people have been found more willing to adopt innovative technologies than older people (19, 27). For older adults, AVs can offer enhanced mobility, especially for those facing driving challenges. Awareness campaigns and training programs can help familiarize this demographic with AV benefits, potentially increasing their interest. The significant interest in AVs among carpoolers and solo drivers suggests that AVs could offer a more personalized and efficient commuting experience. This finding conforms to previous literature (23, 29, 30). Policies encouraging shared AV services could capitalize on this interest, promoting environmental sustainability and reducing traffic congestion. Householders offered commuter benefits, regardless of usage, show a higher interest in AVs. This indicates that even the perception of support for commuting alternatives can positively influence attitudes toward new technologies. Expanding commuter benefit programs to include AV-related incentives could boost interest. Male householders exhibit a higher interest in AVs. To balance this gender disparity, targeted outreach and educational initiatives could be implemented, focusing on addressing specific concerns and interests of female householders. Higher education correlates with greater AV interest. This finding is validated by previous literature (29, 30). This suggests that educational campaigns tailored to varying educational backgrounds can be effective, especially in BCs where traditional outreach methods might be less impactful. Concerns about AV equipment safety and performance in poor weather conditions negatively impact interest in AVs. Addressing these safety concerns through rigorous testing and transparent communication of safety standards can alleviate apprehensions. In BCs, longer driving times to points of interest are positively associated with AV interest. This suggests a potential market for AVs in areas where residents face longer commutes. Developing AV services tailored to these longer commutes, perhaps with features catering to comfort or productivity, could enhance appeal. Higher percentages of no-vehicle households correspond with lower interest in AVs. This presents an opportunity for public transit systems to integrate AVs for first and last-mile connectivity, offering a first-hand experience and potentially increasing interest among non-vehicle owners. In BCs, longer commute times are linked to higher interest in AVs. Implementing AV-based solutions in these areas could significantly improve daily commutes, enhancing quality of life and work productivity. Concerns related to AV performance in adverse weather in BCs suggest a need for AV technologies that can reliably operate in diverse weather conditions. Investing in technology that enhances AV performance in challenging weather could mitigate these concerns.
8. 
LIMITATIONS
Despite insightful findings, this study is subject to certain limitations. The study utilizes travel behavior data from the Puget Sound Household Travel Survey which means that the results are reflective of a specific geographical area. Extrapolating these findings to other regions of the United States might not accurately represent the diverse travel behaviors and household characteristics found nationwide. Additionally, the survey respondents’ responses related to interest in AV ownership are based on their perceptions of traveling in AVs. These hypothetical experiences may not align with actual experiences of using AVs, potentially leading to discrepancies between the survey responses and real-world user interactions with this technology. Despite these limitations, the study offers valuable perspectives on how self-driving technologies could impact the current transportation landscape, serving as a foundational reference for further research in this evolving field.
9. CONCLUSIONS
This study entails a comprehensive exploration of public interest in AV adoption, focused on distinguishing the motivating factors of AV adoption between BCs and non-BCs. The objective of the study was to highlight the distinct indicators of AV acceptance in underserved communities and provide insights to guide equitable transportation planning and policy-making. Employing data from the Puget Sound Household Travel Survey, enriched with the Transportation Communities dataset, the study used a segmented ordered logit model to parse out the intricate relationships between various sociodemographic, socioeconomic, and psychological factors and the level of interest in AVs. The robust statistical approach was complemented by the application of a Random Forest algorithm, enhancing the predictive accuracy of public sentiments toward AV adoption. The findings revealed stark contrasts in AV adoption between BCs and non-BCs. In higher-income households, predominantly in non-BCs, there was a pronounced positive association with interest in AVs. This trend was also mirrored in the preference patterns among male householders and younger individuals (aged 18-34), who showed a significantly higher interest compared to their counterparts. Conversely, in BCs, the enthusiasm for AVs was markedly influenced by factors like longer commute times, the presence of households with no vehicles, and concerns related to AV’s reaction to the driving environment and adverse weather conditions. This study stands out for its focused examination of AV acceptance across disparate socio-economic backgrounds. By delving into both BCs and non-BCs, it provides a nuanced understanding of the variables influencing AV adoption. The integration of comprehensive survey data with advanced statistical modeling and AI/ML techniques offers a unique contribution to the body of knowledge on AV adoption, particularly in the context of equity and social justice in transportation. While the study provides crucial insights, it also opens avenues for future research. Future studies could explore the impact of evolving AV technologies and changing societal attitudes over time, especially in BCs. Investigating the long-term effects of AV implementation on urban sprawl, environmental sustainability, and transportation equity may prove to be a valuable contribution. Additionally, qualitative research involving focus groups and interviews could provide deeper insights into the subjective factors influencing AV adoption decisions in different community segments. The findings highlight the need for targeted policies and programs that address the specific concerns and requirements of BCs. These could include subsidies or financial incentives for AV adoption, educational campaigns tailored to different demographic groups, and infrastructural development to support AV technologies in underprivileged areas. The study underscores the importance of considering social equity in the advent of AVs and suggests that policymakers should prioritize inclusive strategies to ensure that the benefits of AV technology are equitably distributed across all segments of society.
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Random Forest- Tuning of Hyperparameters
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Variable Importance Plot - Burdened Communities

Importance	Percentage of Zero Vehicle Households	Average Drive Time to Point of Interest	Average Commute Time to Work	Concern: AV Reaction to Driving Environment	Householder Education more than Bachelors Degree	Male Householder	Householder Age 65 and above	Flexible Times Offered and Availed	Concern: AV Performance in Poor Weather	88	76	54	46	38	32	28	24	22	Variables
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Variable Importance Plot - Non-Burdened Communities 

Importance	Concern: AV Equipment Safety	Concern: AV Reaction to Driving Environment	Male Householder	Households with AFVs	Householder Education more than Bachelors Degree	Flexible Time Offered but Not Availed	Telecommute few times per month	Householder Age 18-34 years	Travel mode - Carpool	Householder Age above 65 years	94	70	54	45	32	28	24	21	18	16	Variables


Importance
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