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ABSTRACT 
Large Language Models (LLMs) are increasingly being explored as a potential means of generating travel survey data, particularly as traditional household activity-travel surveys face growing challenges related to declining response rates, increasing costs, respondent burden, and sampling limitations. While recent studies suggest that state-of-the-art LLMs can generate human-like responses in narrowly defined travel choice settings, such as mode choice among existing transportation alternatives, little is known about their ability to produce coherent, human-like responses across an entire transportation survey spanning multiple behavioral domains and including emerging transportation technologies. To address this gap, we use Gemini 2.5 Pro to generate synthetic survey responses for each respondent in the 2025 U.S. Nationwide Transportation Heartbeat of America (THA) survey based solely on the respondent’s observed individual, household, and geographic characteristics. We then evaluate the resulting dataset along three complementary dimensions: (a) its ability to reproduce aggregate trends in travel behavior, (b) its ability to maintain internal response consistency, while also remaining appropriately sensitive to question wording; and (c) its ability to replicate meaningful behavioral differences across population subgroups. The results show that the LLM-generated responses reasonably reproduce aggregate patterns for relatively simple outcomes, such as driver status and vehicle ownership. However, for more behaviorally complex outcomes, the synthetic responses exhibit compressed variation, excessive concentration in dominant response categories, unrealistic attitudinal consistency, and limited ability to reproduce behavioral heterogeneity across population subgroups. Overall, the findings suggest that, while current LLMs show promise as tools for complementing traditional survey methods, they should not yet be viewed as substitutes for human respondents in comprehensive transportation surveys.
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INTRODUCTION
Large Language Models (LLMs) have been emerging as powerful tools with promising applications across a wide range of domains. They are being explored based on capabilities extending well beyond traditional natural language processing tasks, to include pattern recognition, logical reasoning, and decision-making (Naveed et al., 2025). LLMs are pre-trained on large and diverse corpora, such as news articles, web-based discussion groups, and books, enabling them to absorb a wide range of human opinions and perspectives (Zhao et al., 2026). This allows LLMs to internalize patterns of human thought, language, and social behavior, enabling them to potentially emulate key aspects of human cognition and decision-making (Wang et al., 2024). While not necessarily guaranteeing their performance in making realistic behavioral inferences, this capacity to learn associations between human attributes, contexts, and responses supports the idea that LLM outputs may vary with contextual information. In this sense, their value lies not only in the diversity of ideas they encode, but also in their potential sensitivity to social and geographic context-dependent narratives (Li et al., 2024a).
The aforementioned abilities of LLMs arise from their generative architecture and the way they process contextual information. Specifically, as deep generative neural networks equipped with in-context learning (ICL), they are optimized to predict the next word (or part of the word) in a sequence based on preceding context. This predictive emphasis enables modern LLMs to adapt their responses to different scenarios, personas, or question formats, making them suitable for interactive applications and potentially capable of emulating human respondents in survey-like settings (Brown et al., 2020; Chang et al., 2024). The natural question, then, is whether LLMs can serve as viable surrogates for human respondents in survey-based research (Aher et al., 2023; Brand et al., 2023). From a methodological standpoint, recent advances in LLM development make this possibility increasingly plausible, particularly given the growing challenges with survey data collection (including being costly, time-consuming, and resource-intensive, as well as facing challenges related to respondent fatigue, declining response rates, and difficulties in reaching underrepresented populations; see National Research Council, 2013; Bonnel and Munizaga, 2018; Wang et al., 2023a).
This possibility has prompted research on whether LLM-generated survey datasets, sometimes referred to as “silicon samples,” could complement traditional survey methods or serve as an auxiliary data source. While many existing studies examining this avenue have originated in the areas of political forecasting (Argyle et al., 2023; Li et al., 2024b), public opinion formation (Hua et al., 2024; Lee et al., 2024; Ma, 2025), economic decision-making (Horton, 2023), psychological behavior patterns (Demszky et al., 2023; Dillion et al., 2023), and social studies (Simmons, 2023; Geng et al., 2024), similar studies have also begun to emerge in the travel behavior field. Examples include those assessing the potential of LLMs to provide responses related to travel mode choice (Mo et al., 2023; Liu et al., 2024; Alsaleh and Farooq, 2025; Nishida et al., 2025), trip planning (Chaudhuri et al., 2025; Karmakar et al., 2025; Shao et al., 2025), value of travel time (VOT) estimation (Yan et al., 2026), route choice modeling (Wang et al., 2025), and travel diary generation (Li et al., 2024c). Collectively, these studies suggest that LLMs can reproduce certain travel behavior patterns under specific task settings, especially when provided with detailed profiles, examples, and/or contextual information. However, they also indicate that discrepancies remain between simulated and observed human responses. For instance, Liu et al. (2024) examined GPT-3.5 and GPT-4 and found that when the LLM was given only the relevant information about a mode choice instance (just the exogenous variables) and asked to predict the traveler’s most probable mode choice (a zero-shot approach), its predictions were behaviorally misaligned with observed human responses. Alignment with observed responses improved when the prompt in GPT-4 included a few example mode choice instances (with both exogenous variables and the corresponding observed outcome; referred to as a few-shot approach), or when the prompt included a traveler persona representing the traveler’s underlying habits, valuations, attitudes, and behavioral preferences (a persona loading approach). However, studies have found that the effectiveness of few-shot prompting depends on the demonstration examples provided, and may even decline when too many examples are included (Tang et al., 2025). In another study, Yan et al. (2026) analyzed VOT using GPT-4o, Gemini-2.5 Pro, and Claude-Sonnet-4, showing that all three demonstrated human-like sensitivity to travel purpose, income, and time-cost trade-offs. But the LLMs differed substantially in the magnitude and direction of sensitivity to travel contexts and income elasticity, suggesting the need for rigorous validation of LLMs before their application. 
The studies just discussed, and many other transportation studies discussed later in Section 2, have examined the predictive performance of LLMs in a variety of relatively specific choice contexts (such as travel mode choice, route choice, or VOT estimation). But, to the best of the authors’ knowledge, no prior study has systematically evaluated whether LLMs can generate coherent responses across a full-length transportation survey covering multiple behavioral domains. In such full-length survey settings, LLMs will need to (a) replicate population trends across multiple dimensions simultaneously, while also (b) maintaining individual-level covariations and human-like consistency across the many responses (at least at a general level, as has been established in investigations of human responses in surveys; see Krosnick et al., 2018; Bessette et al., 2021), and (c) preserving subgroup heterogeneity. Whether LLM-generated responses can reliably meet each of these three criteria when generating full-length survey responses, particularly in the context of travel behavior, remains largely underexplored. 
Motivated by this gap, this paper seeks to assess the ability of a state-of-the-art LLM (Gemini 2.5 pro; ‎Google Gemini, 2026) to generate human-like survey responses when conditioned on respondent characteristics. Using data from the Transportation Heartbeat of America (THA) survey (Robbennolt et al., 2025), we generate a corresponding synthetic response for each human respondent in the THA survey, enabling a direct comparison between human and LLM-generated data. We evaluate the resulting LLM-generated dataset along multiple dimensions, exploring responses both in the context of currently available/familiar mobility options (such as walking and public transportation use) and niche and emerging topics (such as potential use of electric vehicles and autonomous vehicles). Through this systematic comparison, the study identifies both the strengths and limitations of a state-of-the-art LLM as synthetic survey data generator and provides guidance on how such models may (or may not) be integrated into survey-based design, data collection, and analysis workflows in travel behavior research. 
The remainder of this paper is organized as follows: Section 2 provides an overview of the literature on data generation using LLMs, focusing specifically on the three evaluation criteria just discussed. Then, Section 3 describes the data collection process for a baseline sample of human respondents used as a reference for comparison as well as the collection of the LLM-generated data. Section 4 then describes the data comparison process between these two datasets while Section 5 presents the main results. Finally, Section 6 discusses broader implications for policy and future data collection, and Section 7 concludes with recommendations and suggestions for future research efforts. 

LITERATURE OVERVIEW
[bookmark: _Hlk223884462]A growing number of studies are now examining the extent to which LLMs can mimic human survey responses. While some studies have supported their use as surrogates for human respondents, others have raised concerns regarding their validity. Among these earlier studies, Argyle et al. (2023) demonstrated that the Generative Pre-trained Transformer -3 (GPT-3) can reproduce the viewpoints of demographically varied subpopulations within the domain of U.S. politics and public opinions.[footnoteRef:2] Similarly, Kozlowski et al. (2024) showed that GPT-3-simulated respondents representing different ideological profiles can replicate observed partisan differences in COVID-19 attitudes at rates significantly greater than chance. Conversely, other studies have raised important methodological concerns regarding the reliability of LLM-generated survey data. For instance, using questions on abortion and unauthorized immigration from the 2020 American National Election Studies (ANES), Li et al. (2025a) found that the LLM-generated responses exhibited severe homogenization, particularly underrepresenting minority opinions. Similarly, Boelaert et al. (2025) concluded that the LLMs used in their study (GPT, Llama, and Mixtral) could not reliably replicate human research subjects for opinion or attitudinal research due to topic-dependent biases and unrealistic homogeneity. Collectively, these studies suggest that while LLMs show promise as tools for generating synthetic survey data at scale, their use as substitutes for human respondents warrants further investigation. Building on this emerging body of work, the remainder of this section reviews three areas that parallel the investigation we undertake: (a) the ability of LLM to identify overall trends in attitudes, preferences, and behaviors, (b) the ability of LLM to balance response consistency and sensitivity to item wordings (particularly in the context of attitudinal responses), and (c) the ability of LLM to distinguish preferences and behaviors across population subgroups. [2: GPT-3 is an LLM based on the Transformer neural network architecture (Vaswani et al., 2017). GPT-3 was pretrained on a large corpus of text using a self-supervised learning objective, enabling it to perform a broad range of natural language tasks, including zero-shot and few-shot prediction, without task-specific parameter updates (Brown et al., 2020).] 


[bookmark: _Hlk223908201]Identifying Overall Trends in Attitudes, Preferences, and Behaviors 
The first line of basic face-validity assessment is to examine whether survey responses generated by LLMs accurately capture population-level trends. This concern applies both to general-purpose pre-trained models and models fine-tuned for specific domains, since any biases present in the underlying training data may persist or even be reinforced in the generated responses (Bolukbasi et al., 2016; Li et al., 2025b). This issue is particularly concerning because of limited transparency surrounding the training data used to develop many large-scale pre-trained LLMs (Longpre et al., 2024). Unlike human survey datasets that are deliberately constructed for research purposes using pre-specified and well-documented sampling strategies, the training data used for LLMs are largely drawn from publicly available web content, including social media platforms, online forums, and other user-generated text (Liu et al., 2025a). Consequently, the patterns learned by LLMs reflect the types of information and narratives that appear most frequently in online text rather than information collected through structured measurement. Indeed, most contemporary LLMs rely heavily on “Common Crawl,” one of the largest publicly available web-scraped datasets for training purposes, even though web crawling processes do not incorporate explicit mechanisms to ensure mirroring of the “entire web” (Baack, 2024). As a result, such sources may overrepresent certain demographic groups, viewpoints, and styles of expression, while underrepresenting others (Santurkar et al., 2023; Li et al., 2024d). 
Furthermore, even if LLMs were trained on and were able to access all web content, empirical evidence shows that a relatively small minority of users generate a disproportionate share of online content. For example, on platforms such as Facebook, Amazon, and Twitter, about 5% of users are responsible for roughly half of all posts and edits. Similarly, the first versions of half of all English-language Wikipedia articles were created by only 0.04% of registered editors (Baeza-Yates, 2018). Thus, web-based text corpora often reflect highly active contributors rather than the broader population. Additionally, differences in internet usage across demographic groups can further affect this representativeness. For instance, the training dataset used for GPT-2 was constructed by scraping text from webpages linked in posts of Reddit (Radford et al., 2019), a platform whose daily active users are disproportionately located in the United States, are male, and young (Hernandez, 2025). Such demographic imbalances can influence which perspectives and topics become prevalent in LLM training data. As a result, web-scale training corpora may overrepresent highly visible online viewpoints, even including harmful or exclusionary views (Bender et al., 2021). When models learn from such data, their outputs may reproduce or amplify these patterns rather than reflecting broader population views. 
Finally, reliance on historical web-based training data raises questions about whether LLMs possess sufficient knowledge to generate reliable responses about emerging or future trends. Humans can reason about unfamiliar or hypothetical situations through mental simulation and counterfactual thinking, even when direct experience or data are limited (Byrne, 2007, 2017). In contrast, LLMs learn patterns from text available in their training corpora, limiting their knowledge to topics already discussed online to some extent. Consequently, their performance may be poor in attitudes toward emerging or context-specific issues, such as new transportation technologies/policy instruments and under-represented local mobility concerns. Indeed, empirical evidence shows that LLM performance depends strongly on how frequently relevant information appears in their training corpora, with models performing better on widely represented knowledge than on less documented topics (Holmes et al., 2023; Kandpal et al., 2023; Sun et al., 2024). Even if these emerging topics are represented, their coverage may be at a high-level or in a reactionary manner, reflecting vocal opinions rather than the broader population. For example, early opinions about new technology are usually shaped by discussions driven by a small group of early adopters (Frattini et al., 2014). Thus, emerging technologies often experience a “peak of inflated expectations,” where discourse is dominated by overenthusiasm despite modest real-world adoption (Borup et al., 2006; Shi and Herniman, 2023), followed by (typically) a phase of relative disillusionment before stabilizing at more realistic levels (Dedehayir and Steinert, 2016). Consequently, if training data disproportionately capture early hype, LLMs may overestimate technology adoption. Conversely, for technologies with limited real-world deployment and few first-hand usage narratives, public discourse may be more strongly shaped by uncertainty, perceived risk, and lack of trust (Kenesei et al., 2022). In such cases, LLM-generated responses may emphasize uncertainty and non-adoption. Predicting adoption for these technologies may therefore be particularly challenging because LLM performance depends on the prevalence and quality of relevant information in the training data (Kandpal et al., 2023). This issue is especially relevant for transportation, an evolving field shaped by emerging technologies such as electric vehicles (EVs), autonomous vehicles (AVs), and urban air mobility (UAM), whose future adoption and impacts remain uncertain (Huang et al., 2023). Hence, this study seeks to examine whether LLMs can reproduce the adoption intention of emerging transportation modes.


Balancing Response Consistency and Sensitivity to Item Wordings
A second concern in LLM-generated survey data is whether LLMs can maintain internal consistency across multiple survey items while remaining sensitive to wording and context. In traditional surveys, human respondents exhibit both of these properties to a meaningful degree. Basically, psychological studies suggest that humans possess an intrinsic drive to maintain cognitive harmony and coherence among their beliefs, attitudes, and behaviors as if their opinions exist in internally consistent clusters (Morvan and O’Connor, 2017), even if their responses may still vary slightly due to differences in wording, framing, or their frame of mind at different points in the survey (Krosnick et al., 2018). For LLM-generated data to be analytically useful, LLMs must replicate this behavior by maintaining a relatively stable persona and producing coherent responses across the entire survey instrument, while still allowing reasonable variation due to item wordings and context. Although there is growing evidence regarding the ability of these models to replicate human text and maintain context-specific consistency across long prompts (Wang et al., 2023b), the extent to which LLMs truly achieve this balance remains an open question. Prior research shows that LLM outputs can be highly sensitive to subtle variations in prompt wording, and LLMs may not be able to hold semantic consistency in long conversations. Thus, even minor paraphrasing while preserving the central meaning may lead to different or incorrect responses, especially in long conversations (Ye et al., 2023; Raj et al., 2025).
This issue is especially important for studies relying on latent attitudinal constructs, as capturing these aspects of behavior requires both structured consistency across related items within the responses representing a single respondent as well as systematic variation across respondents. A good deal of research in the psychological domain (as well as across other fields, such as transportation) has employed such latent attitudinal constructs and developed techniques to capture underlying attitudes while reflecting meaningful differences in preferences across the indicators used for measurement. In the context of LLM-based survey responses, some recent work has used similar techniques using multi-item instruments, such as psychological learning scales and health-related surveys, and evaluated whether the resulting responses reproduce expected attitudinal latent factor structures (Vogelsmeier et al., 2025; Villarreal-Zegarra and Bellido-Boza, 2026). However, a limitation of these existing studies that have specifically assessed response consistency by examining attitudinal latent constructs is that they do not include human comparison datasets and instead assess the plausibility of the latent constructs resulting from LLM-generated data against theoretical expectations and prior psychometric findings. Furthermore, despite the fact that many transportation planning studies incorporate such attitudinal constructs (Bhat and Dubey, 2014; Kroesen et al., 2017), to the best of our knowledge, this issue has not yet been examined in the transportation domain. We address this gap by evaluating whether LLM-generated responses maintain internal coherence across related survey items and whether the latent constructs derived from these responses align with those observed in human data. 

Distinguishing Preferences and Behaviors among Population Subgroups
A final concern regarding LLM-generated synthetic data is whether they can accurately reproduce behavioral differences across population subgroups. This capability is essential in transportation research because heterogeneity in preferences and behaviors across population subgroups is central to understanding travel demand and designing targeted interventions (Zheng et al., 2021; Barri et al., 2022). If synthetic data do not preserve this heterogeneity, downstream analyses may homogenize the population and produce misleading conclusions.
Argyle et al. (2023) labeled this issue as “algorithmic fidelity,” which they defined as the degree to which complex relationships between ideas, attitudes, and socio-cultural contexts within a model mirror those observed across human population subgroups. They provided one of the strongest early arguments that LLMs can exhibit algorithmic fidelity. They conditioned GPT-3 on socio-demographic backstories from real American National Election Studies (ANES) respondents. Then, they assessed algorithmic fidelity for a vote prediction task mainly through one-variable subgroup checks (such as comparing the voting behavior of men in the ANES data with that of men in the generated data) and reported high correspondence between GPT-3 and ANES vote choices for most of these groups. Bisbee et al. (2024), using ChatGPT 3.5 Turbo-generated persona responses matched to respondents from the 2016-2020 ANES, found that synthetic responses often approximated human responses in aggregate, but exhibited substantially less variation than the human respondents. Across subgroups defined by race/ethnicity and party identification, ChatGPT-generated responses were often more extreme than those of comparable human respondents. In particular, synthetic responses exaggerated out-group antipathy along partisan and ideological lines, while evaluations of racial and religious groups exhibited compressed variation and subgroup-level distortions. Similarly, Santurkar et al. (2023) examined how closely LLM responses align with public opinion across the overall U.S. population as well as within sixty demographic groups and found substantial misalignment. The study also identified specific groups whose perspectives were particularly poorly represented in model outputs, including older adults and widowed individuals. Consistent with the Santurkar et al. (2023) study, a recent industry report applying the same demographic-persona approach to political polling found that while the resulting synthetic samples could often recover the direction of a national partisan signal, they did not preserve the individual- or subgroup-level structure needed to replace real survey data (Morris et al., 2026).
Finally, a small but growing body of work has begun to address this question of algorithmic fidelity in transportation contexts, though these studies often evaluate heterogeneity in a rather limited way. Li et al. (2024c) tested algorithmic fidelity indirectly by examining whether adding age, income, and occupation improves the realism of generated travel diaries. They found that finer-grained demographic combinations produced trajectories that more closely resembled real-world mobility patterns, demonstrating that individual attributes meaningfully shape LLM-generated behavior. Yan et al. (2026) took a more direct approach by examining how LLM-generated VOT estimates vary across traveler profiles and trip contexts, including income, gender, age, educational attainment, and travel purpose. Their findings showed that LLMs responded to these factors in directions broadly consistent with human evidence, though the magnitude of income sensitivity differed notably from human benchmarks. Liu et al. (2025b) incorporated socio-demographic information through a persona inference and loading framework. In their approach, they first inferred personas from detailed observations that included respondents’ socio-demographic characteristics and repeated observed choices, and then used a learned persona-loading function based on behavioral embeddings to condition LLM-based mode choice predictions. They showed that this approach outperformed lightweight LLM-based alignment methods in both aggregate mode-share prediction and individual choice accuracy. Sameen et al. (2025) synthesized qualitative traveler personas from demographic, household, spatial, and travel survey data using an LLM and then assigned quantitative scores to theory-guided latent attitudes (including time sensitivity, cost sensitivity, tech affinity, pro-car attitude, environmental concern, convenience/comfort, and spontaneity). They then provided a limited subgroup-level validation of the LLM-generated personas by examining whether the synthesized latent attitudes varied plausibly across ridesourcing users and non-users, as well as across age, income, and vehicle-availability segments, and concluded that the generated personas captured meaningful behavioral differences across traveler groups.
Taken together, these earlier studies offer encouraging early evidence that LLMs can reflect meaningful demographic variation in travel behavior. However, they share an important limitation: each evaluates heterogeneity across a narrow set of demographic variables and a single behavioral outcome, without systematically assessing how LLM-generated responses align with human behavior across a wide range of outcomes and demographic characteristics. The current study addresses this gap directly by estimating discrete choice models for a broad range of travel-related outcomes and evaluating whether LLM-generated responses reproduce the sensitivity of these outcomes to individual, household, and geographical characteristics. 

Present Study in Context
Recent transportation studies have begun exploring whether LLMs can support travel behavior analysis by predicting or generating different forms of mobility behavior. The body of existing transportation-focused studies using LLMs for travel behavior analysis is summarized in Table 1, highlighting several aspects of each study with relevance to the current analysis. This includes (1) the scope of the LLM-generated output (including the specific mobility dimension considered, and the general data/analysis approach), (2) the study goal (identified as being either for the prediction of specific outcome behaviors or data generation, as discussed further in the next paragraph), (3) the exogenous variables provided to the LLM as the basis for the LLM responses, (4) the comparisons made to validate the LLM-generated data (comparisons with existing literature versus comparisons with actual individual-level ground truth data), (5) the assessment criteria used (that is, which of the three considerations as discussed in Sections 2.1 through 2.3 were used for assessment), and (6) whether each study considered emerging transportation mobility topics.  
In the context of Table 1, there are several salient aspects of the current study. First, regarding the scope and goals of the data collection effort, many existing studies employ LLMs to predict a specific outcome within a predefined choice setting (see the “Prediction” sub-column under the “Study goal” main column of Table 1). These studies generally focus on fairly isolated behavioral outcomes, such as a single mode choice instance (Mo et al., 2023; Chen et al., 2024; Liu et al., 2024; Alsaleh and Farooq, 2025; Liu et al., 2025b; Nishida et al., 2025), several of which are targeted for integration as predictive modeling components into larger transportation planning frameworks (Mo et al., 2023; Alsaleh and Farooq, 2025; Liu et al., 2025b; Nishida et al., 2025). In contrast, and more closely aligned with the current study, a second set of studies uses LLMs in a more generative role, producing synthetic mobility, behavioral, or travel-planning outputs (see the "Data generation" sub-column). Within this group, some studies generate direct-use travel plans or itineraries as an end product for the traveler (Chaudhuri et al., 2025; Karmakar et al., 2025; Shao et al., 2025), while others generate behavioral or survey-like data intended for downstream modeling and analysis (Li et al., 2024c; Liu et al., 2025c; Sameen et al., 2025; Wang et al., 2025; Yan et al., 2026). The current study is more closely aligned with the latter set of studies, as it aims to generate synthetic responses that can be used for travel behavior analysis. But rather than focusing on specific choice tasks or isolated transportation behaviors as in earlier studies, we consider the case of a complete transportation survey covering a wide range of attitudes and behaviors, enabling us to evaluate LLM performance across various transportation domains as well as investigate consistency in LLM responses across the entire survey.
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[bookmark: _Ref229156244]Table 1: Recent Travel Behavior Modeling Studies Using LLMs
	[bookmark: _Hlk230700446]Study
	Scope of LLM-generated output
	Study goal
	Exogenous variables provided
	Comparison
	Assessment criteria
	Consideration of emerging topics

	
	
	Prediction
	Data generation
	Socio-demographic
	Geographic
	Context-specific
	Attitudes/ personas
	Literature
	Ground truth
	Aggregate trends
	Response consistency 
	Subgroup heterogeneity
	

	Mo et al. (2023)
	· Mode choice and trip purpose predictions with explanations
· Text embeddings of travel scenarios as features for supervised models
	•
	
	•
	
	•
	
	
	•
	
	
	
	•

	Chen et al. (2024)
	· Decision and reasoning to wait and continue by metro or abandon metro during delays 
	•
	
	
	
	•
	
	
	• 
	
	
	
	

	Liu et al. (2024)
	· Mode choice predictions and reasonings
· Persona-loaded prompts from LLM-inferred traveler traits
	•
	
	•
	
	•
	•
	
	•
	•
	
	
	•

	Alsaleh and Farooq (2025)
	· Mode choice predictions and rationales across SP and RP datasets
	•
	
	•
	
	•
	
	
	•
	•
	
	
	•

	Liu et al. (2025b)
	· Mode choice predictions
· Personas inferred from socio-demographics and repeated observed choices
· Persona-loaded prompts selected using learned behavioral embeddings
	•
	
	•
	
	•
	•
	
	• 
	•
	
	•
	•

	Nishida et al. (2025)
	· Mode choice model generalizable across alternative sets
	•
	
	•
	
	•
	
	
	•
	
	
	
	•

	Chaudhuri et al. (2025)
	· Multi-day itineraries under persona and constraint settings
	
	•
	•
	•
	•
	•
	
	
	
	
	
	

	Karmakar et al. (2025)
	· Disruption-aware travel itineraries revision
	
	•
	
	•
	•
	•
	
	
	
	
	
	

	Shao et al. (2025)
	· Personalized multi-day travel plans
· Structured user preference profiles inferred from review histories
	
	•
	
	•
	•
	•
	
	
	
	
	
	

	Li et al. (2024c)
	· Mobility patterns inferred from anonymized trajectories and individual profiles
· Personalized travel diaries through motivation reasoning
	
	•
	•
	•
	•
	
	
	•
	•
	
	•
	

	Liu et al. (2025c)
	· Daily activity schedules, tours and travel plans
· Plan revisions from simulated feedback
	
	•
	•
	•
	•
	•
	
	
	
	
	
	

	Sameen et al. (2025)
	· Structured persona with motivation, behavioral tags, and brief justification
· Personas scored on theory-grounded latent attitudes
	
	•
	•
	•
	
	
	•
	
	
	
	•
	

	Wang et al. (2025)
	· Repeated daily route choice and reasoning
	
	•
	•
	•
	•
	•
	•
	
	•
	
	
	

	Yan et al. (2026)
	· SP rankings for 13 driving alternatives with explanations
	
	•
	•
	
	•
	
	•
	
	•
	
	•
	

	Current Study
	· Survey responses on travel behaviors, vehicle ownership, mode-use, teleworking, package receiving, policy preferences, and emerging technology familiarity/adoption intention
	
	•
	•
	•
	
	
	
	•
	•
	•
	•
	•




Second, compared with prior transportation studies using LLMs, our approach differs in the exogenous variables provided to the model and the way traveler characteristics are represented. Many previous studies provide LLMs with socio-demographic information, geographic details, context-specific attributes (such as travel times and costs by alternative modes in a mode choice prediction effort), and sometimes predefined attitudes or personas (see the main column of Table 1 labeled “Exogenous variables provided”). Some studies additionally incorporate attitudes as inferred behavioral traits (such as time and cost sensitivity, flexibility, or comfort preferences) to construct personas, and some others provide attitudes as explicit persona descriptions (including traveler types such as “laid-back travelers” or “adventure seekers,” as well as traveler spending preferences such as “luxury” or “budget-conscious”). In contrast, we consider attitudes while allowing the LLM to implicitly construct a persona for each respondent rather than assigning predefined personas or specifying latent preferences a priori. The LLM prompt includes socio-demographic and geographic attributes available from the THA survey dataset (including age, gender, employment status, educational attainment, race, ethnicity, income level, household composition, housing tenure type, housing unit type, and zip code). By including the respondent’s zip code, we explicitly anchor each synthetic agent within a local geographic context. Thus, our approach examines whether LLMs can generate contextually grounded and coherent responses across an entire survey instrument by generating a persona and associated attitudes for each respondent, using only observable respondent characteristics. 
Third, we consider the Transportation Heartbeat of America (THA) survey, a U.S. national travel behavior survey undertaken in late 2024 and early 2025 (see Robbennolt et al., 2025), as an empirical benchmark (reference) dataset. Synthetic responses for each individual represented in the THA survey are generated by Gemini 2.5 Pro, conditioned on individual/household socio-demographics and their respective geographic contexts.[footnoteRef:3] This enables direct comparison between human and model-generated responses at both aggregate and subgroup levels across the survey. As shown in the main column of Table 1 labeled “Comparison,” some existing studies compare their results with literature or existing theory rather than with ground truth data. Also, among those studies that have made direct comparisons with ground truth data, it is typical to use publicly available datasets, most commonly the Swissmetro dataset (see Mo et al., 2023; Liu et al., 2024; Alsaleh and Farooq, 2025; Liu et al., 2025b; Nishida et al., 2025). This dataset was collected in 1998 (not aligning with the timing of collection of LLM-based data/predictions or the knowledge available to these models) and has since been widely available through prior literature and online repositories. Consequently, the possibility that the dataset itself, or behavioral patterns derived from it, appeared in LLM training corpora cannot be ruled out. Hence, strong performance of LLMs on such public benchmark data may overestimate the capabilities of LLM data generation. Alsaleh and Farooq (2025) acknowledge this issue by comparing datasets with different levels of accessibility (open-access: Swissmetro, London Passenger Mode Choice, and proprietary restricted-access: Brightwater survey). However, their results do not directly isolate prior exposure effects, as performance differences are instead attributed to choice-set complexity and stated- versus revealed-preference survey design, with no accessibility-specific analysis reported. To address this concern, the present study uses the more recent (and not yet publicly available) THA survey as the reference dataset and generates responses using a version of Gemini with a knowledge cutoff date (the specific point in time when an LLM's training data concludes) aligning with the THA survey data collection period (see Section 3). This eliminates the possibility that the generated responses reflect exact training patterns rather than inferred respondent behavior, while aligning the survey response timing with the model’s knowledge base. [3: Gemini 2.5 Pro is a natively multimodal “thinking” model developed by Google DeepMind that uses a sparse mixture-of-experts transformers architecture and supports text, image, video, and audio inputs. It was pretrained on a large and diverse corpus comprising publicly available web documents, code in multiple programming languages, images, audio, and video. Its long-context processing and advanced reasoning capabilities enable it to perform complex reasoning, coding, and multimodal understanding tasks (Comanici et al., 2025).] 

Fourth, in terms of assessment criteria (the sixth main column of Table 1), we undertake a detailed investigation of (1) the ability of LLM-generated survey data to reproduce aggregate trends of transportation behaviors (see Section 5.1), (2) the ability of the LLM to generate attitudinal profiles and respond with an appropriate level of consistency across the survey (see Section 5.2), and (3) the ability of the LLM to respond to the provided exogenous variables to capture subgroup heterogeneities in transportation behaviors (see Section 5.3). While a good number of existing studies have made these types of comparisons in aggregate (see the “Aggregate trends” sub-column under the main column labeled “Assessment Criteria” in Table 1), we are aware of no existing studies of data generation in the transportation context that consider consistency of attitudinal responses, and only a few that consider heterogeneity in responses across population subgroups. While some existing studies in other domains have developed latent constructs using LLM-generated data (as discussed in Section 2.2), these studies generally do not include human comparison datasets and instead assess plausibility against theoretical expectations and prior psychometric findings. In contrast, we compare attitudinal latent constructs generated using the LLM to those generated using the corresponding benchmark data, enabling an assessment of how well the LLM reproduces the latent attitudinal structures and associated relationships. In terms of subgroup heterogeneity, we estimate comparable models of several transportation outcomes as functions of exogenous socio-demographic and geographic characteristics using reference and LLM-generated datasets. As discussed in Section 2.3, previous studies have examined related forms of heterogeneity, but with a more limited scope. We go beyond that by considering a wider range of transportation behavioral outcomes, identifying differences in the ability of the LLM to make predictions for each outcome. 
Finally, and aligning with this last point, we include a variety of both well-established and emerging transportation topics to assess LLM performance across a range of outcomes. While a few existing studies have attempted to assess such emerging topics (see the final column of Table 1), quite a few of these have used the Swissmetro dataset, which (as already discussed) is a relatively dated reference dataset. Instead, we consider currently emerging and evolving topics such as the adoption of EVs, AVs, and UAM, as well as relevant transportation policy topics. The consideration of a variety of outcome types enables us to identify the ability of LLMs to accurately reproduce future behaviors, rather than simply representing existing trends, an important element in a rapidly evolving transportation environment.

DATA COLLECTION AND DATA GENERATION
Reference Survey Dataset Collection and Overview
[bookmark: _Ref228236881]This study uses data from the first wave of the Transportation Heartbeat of America (THA) Survey, conducted in the United States between October 2024 and January 2025. The survey was administered through an online panel managed by a commercial firm and was designed to reflect the U.S. adult population (see Robbennolt et al., 2025). To achieve this, a quota-based sampling approach was used, with target proportions set across a range of socio-demographic characteristics. This helped ensure that the sample captures adequate variation across key groups defined by race, age, gender, education, household income, area type (urban or rural), and census division. The survey was collected only from adults aged 18 and above living in the U.S. The survey included several attention checks and quality control questions throughout to ensure response reliability. Specifically, two attention questions were included, instructing participants to select a specific response option to show that they were paying attention. Additionally, several consistency checks were employed to ensure response reliability (for instance, respondents who reported a vehicle with a purchase year more than one year prior to the model year were excluded; similarly, individuals reporting children in their household as employed full-time or drivers were excluded). Finally, a minimum timing cutoff of 10 minutes was applied to remove low-quality responses (the median response time in the final sample was 18.15 minutes). The final dataset consists of 8,030 individual responses and serves as the reference dataset for all subsequent analyses. Descriptive statistics for this reference dataset are provided in Table 2 alongside corresponding 5-year estimates from the American Community Survey (ACS) for 2024 (U.S. Census Bureau, 2026).

Table 2: Descriptive Statistics of the Reference Sample and 2024 ACS 5-Year Estimates
	Variable
	Reference dataset
	ACS
	Variable
	Reference dataset
	ACS

	Individual characteristics
	Household characteristics

	Age
	Annual household income

	18-24 years old
	9.7
	11.9
	$49,999 or less
	39.2
	34.3

	25-34 years old
	15.1
	17.4
	$50,000 to $100,000
	30.5
	29.1

	35-44 years old
	19.3
	16.9
	$100,000 and above
	30.3
	36.6

	45-54 years old
	17.1
	15.6
	Presence of children

	55-64 years old
	15.6
	16.2
	Household without children under 18
	64.4
	71.5

	65 years old and above
	23.2
	22.0
	Household with children under 18
	35.6
	28.5

	Gender
	Housing tenure type

	Male
	46.6
	48.8
	Owner-occupied housing units
	59.2
	60.0

	Female
	53.1
	51.2
	Renter-occupied housing units
	35.5
	34.8

	Other
	0.3
	-
	Others
	5.3
	5.2

	Educational attainment
	Housing unit type

	High school or less
	33.0
	36.4
	Single family housing
	66.6
	62.4

	Some college
	29.5
	27.9
	Apartment
	19.8
	32.4

	Bachelor or higher
	37.5
	35.7
	Others
	13.6
	5.2

	Employment status 
	Residential location by census division in the U.S.[footnoteRef:4] [4: New England: Connecticut, Maine, Massachusetts, New Hampshire, Rhode Island, and Vermont; East North Central: Illinois, Indiana, Michigan, Ohio, and Wisconsin; East South Central: Alabama, Kentucky, Mississippi, and Tennessee; West North Central: Iowa, Kansas, Minnesota, Missouri, Nebraska, North Dakota, and South Dakota; West South Central: Arkansas, Louisiana, Oklahoma, and Texas; Pacific: Alaska, California, Hawaii, Oregon, and Washington; South Atlantic: Delaware, District of Columbia, Florida, Georgia, Maryland, North Carolina, South Carolina, Virginia, West Virginia; Mountain: Arizona, Colorado, Idaho, Montana, Nevada, New Mexico, Utah, and Wyoming; Middle Atlantic: New Jersey, New York, and Pennsylvania.] 


	Employed full-time
	45.6
	45.6
	New England 
	8.3
	4.7

	Employed part-time 
	11.1
	14.6
	East North Central
	13.1
	14.2

	Others
	43.3
	39.8
	East South Central
	9.4
	5.8

	Race
	West North Central
	8.2
	6.4

	White
	63.0
	61.0
	West South Central
	13.2
	12.1

	Black
	14.9
	12.2
	Pacific
	13.0
	16.0

	Others
	22.1
	26.8
	South Atlantic
	12.9
	20.4

	Ethnicity
	Mountain
	8.6
	7.6

	Hispanic
	20.1
	19.3
	Middle Atlantic
	13.3
	12.8

	Non-Hispanic
	79.9
	80.7
	
	
	


The dataset provides detailed information on multiple aspects of travel behavior and preferences. These include attitudes toward transportation and mobility, lifestyle and personality traits, current travel behavior, views on transportation investments and policies, familiarity with emerging technologies, and patterns of online activity participation. In addition, built environment characteristics, such as population density, employment density, road network density, job accessibility, low wage worker density, and distribution of vehicles, were appended to each respondent from the Environmental Protection Agency Smart Location Database based on the respondent’s ZIP code (Chapman et al., 2021). 
Overall, the survey statistics and ACS estimates shown in Table 2 are reasonably close in the aggregate. Besides, in the current context (including for aggregate comparisons between the reference and LLM-generated datasets), even the relatively minor differences are not of concern because demographic details for each individual (from the THA survey) were provided to Gemini as inputs for data generation (as discussed in the following section). Thus, with matching demographic variables in the reference and LLM-generated datasets, all comparisons at the population and sub-population levels may be made directly without the need for any weighting.

Synthetic Dataset Generation by LLM and Overview
Synthetic survey responses were generated using Gemini 2.5 Pro. This model was appropriate for the current context because it is suitable for the complex reasoning tasks involved with detailed survey responses, and had a knowledge cutoff in January 2025 (the model was trained only on data available as of January 2025, and was unable to access any information/data after this cutoff; Hundertmark, 2025), aligning almost exactly with the THA survey collection window. For the data generation, each individual respondent from the THA survey was simulated by providing the model with a respondent profile created using a comprehensive set of socio-demographic attributes replicating those solicited in the THA survey: zip code, age, gender, race, ethnicity, level of educational attainment, employment status, household income, housing tenure type, housing unit type, and household composition. These profiles were formatted into structured text descriptions that were provided to the model as background information for each response.
For each agent, the LLM was then prompted to complete the entire THA survey instrument as if it were that individual. The prompt included (i) the agent’s socio-demographic profile, (ii) detailed instructions emphasizing that responses must be selected strictly from the predefined answer options, and (iii) the full list of survey questions presented in sequence. Importantly, the prompt explicitly instructed the model to answer all applicable questions and to skip a question only when the survey logic required it. For example, if an agent was specified as unemployed, the model was instructed not to answer employment-related follow-up questions. It was also asked to report its answers in a consistent format, listing the question ID followed by the selected response. 
The same quality control checks were included for the LLM-generated responses as were used in the THA survey (including the trap questions and consistency checks, but not the timing checks). Notably, Gemini passed all data quality checks for every respondent. Gemini also consistently reproduced the input demographic and location information for each respondent when asked in the survey and correctly reproduced the respondent’s state of residence based on their provided zip code for every respondent when asked as part of the survey. 

DATASET COMPARISON METHODOLOGY
The assessment of the differences between the reference dataset and LLM-generated dataset follows the three-step structure described above to compare (1) the overall aggregate trends in transportation behaviors and outcomes, (2) the level of internal consistency in attitudinal responses assessed using a confirmatory factor analysis, and (3) the sensitivity of the LLM to socio-demographic and geographic variables through an individual-level modeling effort. These assessment methods are described in the remainder of this section. 

Comparing Overall Aggregate Trends in Attitudes, Preferences and Behaviors
First, the two datasets were compared in terms of their aggregate distribution. The statistical significance of distributional differences between the datasets was initially evaluated using Pearson’s Chi-square statistic. The Chi-square statistic assesses the extent to which observed categorical response frequencies differ from the frequencies expected under distributional equivalence between the two datasets. The test statistic for each variable of interest is given by:

		







where  is the number of individuals in the dataset,  is the number of possible outcome categories,  is the proportion of individuals selecting the  outcome category in the reference dataset, and  is the proportion of individuals selecting the  outcome category in the LLM-generated dataset. The resulting test statistics may be compared to the critical chi-square value with  degrees of freedom to test for a difference in the distributions. However, due to the large size of the datasets, it should be noted that a Chi-square distribution test will often turn up significant even under relatively modest differences in category shares (Sullivan and Feinn, 2012). 
Accordingly, Cramér’s V was also calculated for each outcome distribution, which provides a standardized effect-size measure of association for categorical variables while accounting for contingency table dimensionality (Cramér, 1999). Cramer’s V (specifically for the current case of comparing two datasets with the same size) is calculated as:

		

where  denotes the Pearson Chi-square statistic calculated above. The statistic ranges from 0 to 1, where values closer to 0 indicate stronger similarity between the reference and LLM-generated distributions and larger values indicate greater distributional divergence. Unlike Chi-square statistics, Cramér’s V provides a scale-independent measure of the substantive magnitude of categorical differences and is therefore more appropriate for evaluating distributional similarity or divergence for large samples.
	In our analysis, we considered a total of 14 mobility-related dimensions for the aggregate comparison between the THA and LLM-generated datasets, as discussed further in Section 5.1. 

Comparing Levels of Internal Consistency of Attitudinal Responses
To examine whether related attitudinal responses exhibit coherent common-factor structures across respondents, we estimate corresponding confirmatory factor analysis (CFA) models using the reference and the LLM-generated datasets. This effort serves two purposes. First, it allows us to assess whether the LLM generates response patterns across related questions that support coherent latent constructs comparable to those observed in the reference data. Second, it allows us to assess the sensitivity of the model to differences in item wording by comparing responses across the indicators associated with each latent construct. As noted in Section 2.2, human respondents are expected to exhibit some variation in their responses depending on how an item is worded, while remaining broadly consistent with their underlying beliefs. Realistic LLM-generated responses should similarly reflect such variation, while maintaining a high level of consistency across statements representing similar underlying attitudes or beliefs.
We consider three specific latent constructs: (1) pro-transit orientation, (2) pro-environmental disposition, and (3) perception of online shopping (in)accessibility. These three constructs were selected because they span distinct categories of attitudinal and lifestyle-related constructs that are routinely used in mobility literature to explain travel behaviors. The first two are more directly connected to transportation attitudes, capturing mode-related preferences and broader lifestyle-related values. Notably, both are commonly used in travel behavior analysis and have been shown in the literature to be associated with observable respondent characteristics, including individual- and household-level demographics (Lavieri et al., 2017; Chng et al., 2019; Etezady et al., 2021; Shaw et al., 2021). These constructs may therefore be relatively easier for the LLM to infer from the respondent profile. The third relates more to specific accessibility perceptions, in this case for online shopping. As such, it is more experience based and likely to be shaped by a number of factors such as privacy and security concerns, prior online shopping experience, perceived ease of use, and local service quality, many of which are not directly observed in the respondent profile. Thus, this third latent construct provides a meaningful test of whether LLM-generated data can capture experience-based constructs that are harder to infer from a respondent profile, a capability that would need to hold if LLM-generated data are to be useful for the many mobility applications (such as e-commerce and delivery demand or accessibility planning) where such experience-based constructs are central.
The first pro-transit construct is based on ordinal-scale responses to three indicator queries eliciting preferences for (a) transit-accessible residential locations, (b) positive perceptions toward public transportation as a travel mode, and (c) productive use of time spent in, on, or waiting for transportation vehicles. The second pro-environment construct is similarly based on ordinal-scale responses to three other indicator queries reflecting preferences for (a) less-polluting transportation modes, (b) active travel propensity, and (c) broader commitments toward environmentally friendly lifestyles. And the final construct, online shopping (in)accessibility perception construct is also based on ordinal-scale responses to three other indicator queries corresponding to (a) challenges associated with products or services ordered through online platforms, (b) ordering difficulties, and (c) unreliable deliveries.
The indicators for each of the latent constructs were determined through an exploratory factor analysis (EFA) of a broader set of candidate survey items using the THA data. Then, the selected set of indicators for each latent construct was used for the CFA using both datasets. Appendix A provides the detailed mathematical formulation of the CFA framework, which includes a structural equation modeling component (that captures the effect of individual- and household-level demographics on the latent constructs, as well as any correlations across the latent constructs themselves) and a measurement equation modeling component (that captures the loadings of the latent constructs on the propensities underlying the ordinal indicators). 
To provide an intuitive and scale-comparable assessment of how the LLM associates respondent characteristics with the attitudinal constructs, we compare the effects of the exogenous variables in the structural component of the CFA model. Specifically, each latent construct l for individual i is expressed as

		


Because the CFA models are estimated separately for the reference and LLM-generated datasets, the scales of  may differ across the two datasets, and the raw elements of  are therefore not directly comparable. Accordingly, the effects are normalized separately for each latent construct and dataset. For individual i,  the predicted latent score is first computed as

		



The variance of the  is then calculated across individuals i (labeled as )  Because the variance of  is fixed at one for identification, the total standard deviation of the latent construct is computed as

		


Then, the elements of the normalized coefficient vector  represent the expected effects of a one-unit change in each exogenous variable on , expressed relative to the total standard deviation of that latent construct. Comparing these normalized effects across the reference and LLM-generated datasets allows us to assess whether the LLM translates the characteristics on which each synthetic respondent is conditioned into attitudinal orientations in a manner consistent with the relationships observed in the reference data.

Comparing Preferences and Behaviors among Population Subgroups
Finally, the two datasets are compared based on their ability to differentiate behaviors among population subgroups. Specifically, rather than making single-group comparisons of the behavioral outcomes, we use a predictive modeling approach to identify behavioral differences across the population. Comparing the results of models based on the reference and the LLM-generated data highlights important ways that the LLM incorporates the provided persona details and the extent to which this aligns with real-world findings. To keep the analysis focused and streamlined, in this disaggregate part of the analysis, we select eight of the 14 dimensions examined in the “aggregate trends” section. Thus, in total, sixteen models are estimated, eight using the reference dataset and eight using the LLM-generated dataset. Of these eight dimensions, six take the form of a traditional univariate ordered-response probit model. But for the remaining two dimensions, corresponding to intentions to use electric vehicles (EVs) and autonomous vehicles (AVs) (full self-driving vehicles), only those familiar with each technology were asked about adoption intention. Thus, in these two cases, to accommodate any unobserved factors that may simultaneously impact knowledge with these technologies and the actual adoption intentions, we jointly model a binary selection equation for EV/AV knowledge and the adoption outcome (which is only available for those with this prior knowledge) for the THA data. However, the corresponding joint models could not be estimated using the LLM-generated data because, as discussed in Section 5.1 later, the LLM responses indicated near-universal EV and AV familiarity, leaving insufficient variation in the familiarity outcome. Therefore, univariate ordered-response probit models were estimated for EV and AV adoption intentions using the LLM-generated data. 
	Based on the estimates obtained from the estimated models, average treatment effects (ATEs) are computed to provide an intuitive and policy-relevant summary of subgroup-specific behavioral relationships. First, we assign each individual to a base level of an exogenous variable of interest (for instance, assigning all individuals as <25 years old), while retaining the values of all other exogenous variables, and calculate the probability of each individual selecting each outcome level. We then assign each individual to a treatment level (for instance, assigning all individuals as 25-34 years old) and again calculate the probability of each individual selecting each outcome level. The final ATE values are the differences in these probabilities averaged across the entire sample. For the continuous variables, the base level is taken as the 25th percentile value and the treatment is the 75th percentile value for each variable. Furthermore, for the household composition variable measuring the number of children in the household, the ATEs are calculated for a one-unit increase from zero to one child. Then, to further compare the resulting ATE estimates between the two datasets, the relative deviation of the LLM-based ATE from the THA-based ATE is calculated as the percentage difference between the two values relative to the absolute value of the THA-based ATE. Positive values indicate that the LLM-based ATE is numerically larger than the reference-based ATE, while negative values indicate that it is numerically smaller. 

RESULTS
Ability to Identify Overall Trends in Attitudes, Preferences, and Behaviors 
This section evaluates the extent to which the LLM-generated dataset reproduces the aggregate distributional patterns observed in the reference dataset for 14 mobility-related dimensions, as shown in Table 3. These include driver status (whether an individual currently drives), vehicle ownership[footnoteRef:5], typical mode use frequencies for four travel modes (private vehicle, public transportation, walking, and ride-hailing), typical telework (full-day remote work) frequency, package receiving frequency, opinions related to three transportation policies (investments in safety, investments in public transportation, and congestion pricing), and intentions to use three emerging technologies (electric vehicles, autonomous vehicles, and urban air mobility). The categories for each of these mobility-related dimensions, as well as the corresponding descriptive statistics, are presented in Table 3. Given the large sample size, Chi-square tests indicated significant distributional differences for all variables except current driver status. Thus, Cramer’s V was used as an additional measure of divergence (note that values below 0.10 indicate negligible difference, 0.10-0.20 weak, 0.20-0.40 moderate, 0.40-0.60 relatively strong, 0.60-0.80 strong, and above 0.80 very strong difference between the distributions; see Rea and Parker, 2014).  [5:  Vehicle ownership is defined as the number of motorized vehicles available in the household, including cars, trucks, SUVs, vans, and motorcycles, whether owned, leased, or a company vehicle, and excluding electric bicycles and electric scooters.] 

The LLM-generated data demonstrate strong performance only in replicating basic factual characteristics. In particular, the distribution of current driver status exhibits negligible difference (Cramér’s V = 0.021), indicating that the model can accurately reproduce simple, widely shared population attributes. Similarly, vehicle ownership also shows only moderate divergence from the true levels observed in the reference dataset, suggesting that LLM-generated data capture the aggregate distributions of these basic transportation behaviors reasonably well. However, even in these cases, there are a few notable differences. For instance, the LLM-generated data overestimate two-vehicle households, underestimate one-vehicle households, and consistently underrepresent households with more than two vehicles. 
[bookmark: _Ref228237052]Table 3: Comparison of Key Variables between the Reference and LLM-generated Datasets with Chi-square and Cramer’s V Statistics
	Variable
	Reference dataset (%)
	LLM-generated dataset (%)
	Chi-square statistic
	Cramér’s V

	Driver status

	No
	14.0
	12.5
	7.3
	0.021

	Yes
	86.0
	87.5
	
	

	Vehicle ownership

	0
	8.5
	12.7
	660.6
	0.203

	1
	40.6
	32.4
	
	

	2
	34.1
	46.8
	
	

	3
	11.1
	6.6
	
	

	4
	4.0
	0.3
	
	

	5 or more
	1.7
	1.2
	
	

	Mode use frequency

	Private vehicle (drive alone)

	This is not available to me
	15.9
	12.7
	1332.7
	0.288


	This is available but I never use it
	4.2
	22.5
	
	

	I use it less than one day per month
	3.3
	1.0
	
	

	I use it 1-3 days per month
	4.8
	2.0
	
	

	I use it 1-2 days per week
	11.9
	7.5
	
	

	I use it 3 or more days per week
	59.9
	54.3
	
	

	Public transportation

	This is not available to me
	31.2
	26.2
	1631.3

	0.319

	This is available but I never use it
	36.8
	64.0
	
	

	I use it less than one day per month
	11.8
	3.7
	
	

	I use it 1-3 days per month
	7.7
	3.7
	
	

	I use it 1-2 days per week
	5.9
	1.4
	
	

	I use it 3 or more days per week
	6.6
	1.0
	
	

	Walk

	This is not available to me
	17.1
	0.1
	5487.1
	0.585

	This is available but I never use it
	23.8
	1.4
	
	

	I use it less than one day per month
	14.7
	1.6
	
	

	I use it 1-3 days per month
	12.1
	34.3
	
	

	I use it 1-2 days per week
	11.3
	28.5
	
	

	I use it 3 or more days per week
	21.0
	34.1
	
	

	Ride-hailing

	This is not available to me
	25.2
	3.4
	3775.3
	0.485

	This is available but I never use it
	37.2
	81.0
	
	

	I use it less than one day per month
	19.3
	13.5
	
	

	I use it 1-3 days per month
	10.6
	2.0
	
	

	I use it 1-2 days per week
	4.9
	0.0
	
	

	I use it 3 or more days per week
	2.8
	0.1
	
	

	Telework frequency

	Do all of your work for the day at home

	Never
	44.5
	77.2
	1615.2
	0.422

	Less than 1 day per month
	10.4
	13.1
	
	

	1-3 days per month
	11.5
	5.3
	
	

	1-2 days per week
	15.2
	4.3
	
	

	3 or more days per week
	18.4
	0.1
	
	

	
Package receiving frequency

	Receive packages (other than food or groceries) delivered by large providers (e.g., UPS, FedEx, Amazon)

	Never
	6.2
	0.6
	2727.9
	0.412

	Less than 1 day per month
	26.5
	1.5
	
	

	1-3 days per month
	40.6
	66.4
	
	

	1-2 days per week
	19.6
	20.2
	
	

	3 or more days per week
	7.1
	11.3
	
	

	Opinions regarding transportation policies

	The primary goal of transportation investments should be to reduce crashes and improve safety

	Strongly disagree
	2.2
	0.0
	5721.4
	0.597

	Somewhat disagree
	4.9
	0.0
	
	

	Neither agree nor disagree
	21.6
	0.3
	
	

	Somewhat agree
	41.4
	12.6
	
	

	Strongly agree
	29.9
	87.1
	
	

	We should invest more in public transportation in urban areas

	Strongly disagree
	4.4
	0.2
	3064.9
	0.437

	Somewhat disagree
	5.7
	0.1
	
	

	Neither agree nor disagree
	22.2
	11.6
	
	

	Somewhat agree
	34.8
	76.5
	
	

	Strongly agree
	32.9
	11.6
	
	

	Congestion pricing (charging drivers at busy times) is unfair

	Strongly disagree
	4.5
	1.6
	6681.2
	0.645

	Somewhat disagree
	7.5
	49.4
	
	

	Neither agree nor disagree
	23.5
	40.7
	
	

	Somewhat agree
	30.4
	8.0
	
	

	Strongly agree
	34.1
	0.3
	
	

	Intention to use emerging transportation technologies

	Electric vehicles

	I don’t know what it is
	4.1
	0.0
	4126.9
	0.527

	I will not use them
	32.2
	3.5
	
	

	I will use them
	48.2
	95.5
	
	

	I am not sure if I will use them
	15.5
	1.0
	
	

	Autonomous vehicles

	I don’t know what it is
	11.0
	0.0
	7463.5
	0.722

	I will not use them
	44.5
	12.6
	
	

	I will use them
	27.9
	0.2
	
	

	I am not sure if I will use them
	16.6
	87.2
	
	

	Urban air mobility (flying shuttles or air taxis)

	I don’t know what it is
	23.4
	0.0
	3460.8
	0.582

	I will not use them
	34.2
	42.9
	
	

	I will use them
	24.5
	0.1
	
	

	I am not sure if I will use them
	17.9
	57.0
	
	



In terms of the data related to mode use frequencies (the third-row panel in Table 3), a notable discrepancy appears for driving a private vehicle alone. Hereafter, private vehicle use refers specifically to driving alone. Although only 4.2% of respondents in the reference data report that a private vehicle is available to them but they never use it, Gemini assigns 22.5% of respondents to this category. Correspondingly, the LLM-generated data underrepresent several occasional-use categories, compressing wider private vehicle use patterns into non-use. Similarly, LLM-generated data also underestimate public transportation usage levels, which could lead to underestimation of public transportation demand. Further, relatively strong divergences are found between the distributions for walking frequency, and ride hailing frequency. For instance, the LLM-generated data portray walking as nearly universally available, whereas 17.1% of THA respondents report that it is unavailable. Walking was also portrayed as more frequently used by LLM-generated data than it is in reality. Also, for ride hailing, Gemini selected “this is available to me, but I never use it” for 81% of respondents, compared with 37.2% in the reference dataset.
The results for the patterns of teleworking and package receiving are also informative. Telework patterns in the LLM-generated dataset show a strong divergence from the reference data, indicating that the LLM does not accurately represent contemporary work arrangements. LLM-generated data heavily concentrate responses in the “never” category (77.2% compared to 44.5% in reference data), while dramatically underrepresenting all levels of regular teleworking. This suggests that the rapid growth and uptake of telework in recent years may not yet have penetrated the LLM’s training data strongly enough to be reflected accurately in its responses (U.S. Census Bureau, 2022). Thus, the results indicate that LLMs may struggle with such emerging or rapidly changing topics. On the contrary, in case of the use of delivery services, the model overestimates usage. While it correctly identifies the most prominent category and the extreme cases, it distorts the overall distribution. This may reflect the opposite problem from telework: delivery services are widely visible in online discourse since they capture target audience through online advertising. So, the LLMs may amplify their salience rather than reproducing their actual aggregate frequency.
The LLM-generated data again exhibit a tendency to over-concentrate responses in specific categories on questions related to opinions about transport policies (see the penultimate row panel of Table 3). For instance, for the question of more investment in public transportation, LLM-generated data place a disproportionately large share of respondents in the “somewhat agree” category, while underrepresenting both strong disagreement and agreement. This indicates that the model captures general support for public transportation investment but compresses the diversity of opinions into a narrow range of moderate agreement. This pattern of accurately identifying the majority response, but then overrepresenting it compared to the reference data is present across many of the behaviors considered here and aligns with the findings of Wu et al. (2025) regarding reduced heterogeneity in LLM responses. Furthermore, for the congestion-pricing question, the LLM fails to reproduce even the overall direction of public opinion. While the majority of respondents in the reference dataset somewhat or strongly agree that congestion pricing is unfair, the LLM-generated responses are concentrated in the “somewhat disagree” and “neither agree nor disagree” categories. Thus, caution is needed if LLM is to be used for studying less commonly studied policies or public opinions, particularly regarding new or evolving transportation topics. 
Finally, the aggregate trends for the emerging transportation modes show some of the largest divergences between the datasets. The most consistent difference is that the LLM assumes near-universal familiarity with all three technologies, with almost no agents indicating that they do not know what EV, AV, or UAM are, despite a good number of respondents in the reference dataset indicating that they are unaware of these technologies. Moreover, the LLM-generated data strongly overestimate EV adoption, with nearly all respondents indicating willingness to use them. This pattern is consistent with the inflated expectations surrounding emerging technologies discussed in Section 2.1, where online discourse may present new technologies more optimistically than broader population sentiment. In contrast, for AVs and UAM, Gemini shifts responses toward uncertainty or non-adoption while substantially underestimating adoption intention. As discussed in Section 2.1, this may reflect the opposite issue: for technologies with very limited real-world deployment and scarce first-hand usage narratives, LLM-generated responses may emphasize uncertainty or non-adoption rather than accurately representing broader population sentiment.
Overall, the LLM-generated data can approximate dominant choices in some cases and reasonably reproduce distributions for simple, widely shared characteristics. However, it fails to capture the distributional diversity observed in the reference data, often over-concentrating responses in fewer categories. As a result, even at the aggregate level, caution is needed when relying on LLM-generated data, particularly in the case of less common or rapidly changing topics.

 Ability to Balance Response Consistency and Sensitivity to Item Wordings  
To assess whether LLM-generated responses can generate attitudinal profiles and represent these across-related survey items, we undertake a CFA based on the three latent constructs of (1) pro-transit orientation, (2) pro-environmental disposition, and (3) perception of online shopping (in)accessibility. We begin by examining the distributions of the latent-factor indicators in both datasets, presented in Figure 1. Notably, even at this aggregate level, the figure shows a clear and consistent difference between the reference and LLM-generated responses across all attitudinal indicators, mirroring the trends just discussed in Section 5.1. In the reference data, responses are distributed across the full Likert scale, with meaningful shares of disagreement, neutrality, and agreement. In contrast, LLM-generated responses are concentrated in a narrower set of categories, primarily “neither agree nor disagree” and “somewhat agree,” with very limited representation of strong opinions. Overall, Figure 1 suggests that the LLM-generated responses capture the broad direction of some attitudes, such as overall support for public transportation, but fail to represent the strength and variability of these attitudes. Thus, they portray a population that appears more moderate, less critical, and less polarized than the reference population. 
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[bookmark: _Ref227805877]Figure 1: Distribution of Indicators of Latent Constructs across Datasets
To examine whether the LLM-generated responses maintain consistency across related attitudinal indicators while still preserving the natural variation arising from differences in item wording, Figure 2 presents stacked bar charts for selected pairs of indicators from each of the latent constructs for pro-transit orientation and perception of online shopping (in)accessibility. Within each panel, each bar shows the distribution of responses to the indicator on the vertical axis among respondents selecting a given response to the indicator on the horizontal axis (thus, the sum of the percentages within each stacked bar is 100%). 
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	(a) Cross-tabulation of reference dataset responses to two indicators of pro-transit orientation
	(b) Cross-tabulation of LLM-generated responses to two indicators of pro-transit orientation
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	(c) Cross-tabulation of reference responses to two indicators of perception of online shopping (in)accessibility
	(d) Cross-tabulation of LLM-generated responses to two indicators of perception of online shopping (in)accessibility


Figure 2: Cross-tabulations of Responses to Attitudinal Indicators across Datasets

[bookmark: _Ref226768216]Panel (a) shows a clear ordered relationship between the two pro-transit indicators in the reference data. The modal (used here in a statistical sense) response to the statement about choosing a home with access to public transportation corresponds to the response given to the statement about liking public transportation for every horizontal-axis category. At the same time, substantial proportions select neighboring response categories, while progressively fewer respondents select categories that are further away on the response scale, producing a gradual transition across the bars. This pattern indicates that respondents express generally consistent pro-transit orientations without mechanically providing identical responses to the two differently worded indicators. A similar but somewhat more diffuse ordered pattern characterizes the two online-shopping indicators in panel (c): the modal response category of the vertical-axis corresponds to the horizontal-axis category for all the five stacked bars, but the responses are more broadly distributed across neighboring categories. For example, among those who strongly agree that they have difficulty ordering online, 38.8% strongly agree and 25.6% somewhat agree that they routinely encounter challenges with ordered products or services. This weaker concentration is behaviorally plausible because the items capture related but distinct experiences, and the broader dispersion indicates that the responses preserve a common underlying relationship while reflecting differences in item meaning.
The LLM-generated responses preserve some of the ordinal relationships between the pro-transit indicators but fail to reproduce the smoother variation observed in the reference data. Panel (b) shows an extremely concentrated relationship at the right end of the figure: 97.0% of those who strongly agree with liking public transportation provide the corresponding strongly agree response for choosing a home with public transportation access, while 91.5% of those who somewhat agree also provide the corresponding somewhat agree response. Such near-deterministic correspondence suggests that Gemini treats the two indicators as almost interchangeable when respondents express positive attitudes. The synthetic responses show some variation in the first three response categories, corresponding to those who disagree or are neutral about liking public transportation as a means of travel, but this variation is much more skewed than in reference data, with responses heavily concentrated in a single category within each bar. The discrepancy is more pronounced for the online-shopping (in)accessibility indicators in panel (d). For the first three response categories, Gemini overwhelmingly assigns a neutral response to the statement about routinely encountering challenges with online purchases. Responses become more differentiated only among those who agree that they have difficulty ordering what they need online, but the gradual dispersion across neighboring categories is still absent. This pattern suggests that Gemini may be overly sensitive to the semantic distinction between difficulty placing an online order and encountering challenges with the products or services ordered online, limiting its ability to represent their shared underlying construct consistently.
Taken together, the results indicate that the LLM can preserve the broad ordinal relationships between related indicators but does not reproduce the balance between attitudinal consistency and sensitivity to differences in wording observed in the reference responses. These issues are examined further by comparing the structural components of the latent variable models estimated separately using the reference and the LLM-generated data. The latent variable model estimation results are reported in Table B.1 and B.2 in Appendix B. Because the latent variables are scaled separately in the two models, the raw structural coefficients are not directly comparable. Therefore, the coefficients are normalized by the standard deviation of the corresponding latent construct to obtain scale-normalized structural effects. These scale-normalized/standardized effects, reported in Table 4, are used to compare the relationships between respondent characteristics and latent attitudes across the two datasets.

Table 4: Comparison of Standardized Structural Effects in Reference- and LLM-Based Latent Construct Models
	Latent variable structural equation model
	Standardized structural effects

	
	Pro-transit orientation
	Pro-environmental disposition
	Perception of online shopping (in)accessibility

	
	THA
	Gemini
	THA
	Gemini
	THA
	Gemini

	Age (<25 years old)
	
	
	
	
	
	

	25-34 years old
	0.085
	-0.205
	0.095
	-0.167
	-
	0.241

	35-44 years old
	0.074
	-0.310
	0.093
	-0.248
	-
	0.429

	45-54 years old
	-
	-0.383
	-
	-0.322
	-0.172
	0.525

	55-64 years old
	-0.142
	-0.426
	-0.129
	-0.428
	-0.297
	0.504

	65 years old and above
	-0.233
	-0.470
	-0.271
	-0.479
	-0.392
	0.187

	Education level (high school or less)
	
	
	
	
	
	

	Some college
	-
	0.239
	-0.045
	0.257
	-0.085
	-0.352

	Bachelor or higher
	0.129
	0.410
	0.077
	0.474
	-0.148
	-0.493

	Employment status (not employed)
	
	
	
	
	
	

	Employed full time 
	-
	-0.112
	0.038
	-0.131
	0.081
	-0.399

	Employed part time
	-
	-
	-
	0.058
	0.085
	-0.281

	Race (not White or Black)
	
	
	
	
	
	

	White
	-0.223
	-0.264
	-0.192
	-0.330
	-0.120
	-0.094

	Black
	0.100
	0.187
	-
	-
	-0.124
	0.185

	Number of children in the household
	-0.031
	-
	-0.016
	-0.016
	-
	0.069

	Number of adults in the household
	0.029
	0.036
	-
	0.014
	-
	-

	Annual household income (< $50,000)
	
	
	
	
	
	

	$50,000-$99,999
	-0.050
	0.105
	-0.076
	0.170
	-0.169
	-0.591

	$100,000 and above
	-
	0.335
	-
	0.405
	-0.147
	-0.880

	Housing tenure type (own)
	
	
	
	
	
	

	Rent
	0.081
	0.417
	-
	0.222
	-0.069
	0.158

	Other tenure type
	-
	0.110
	-
	-
	-
	0.525

	Housing unit type (other housing type)
	
	
	
	
	
	

	Single family housing
	-
	-0.198
	-
	-0.081
	-
	-0.212

	Apartment
	0.250
	0.515
	0.218
	0.307
	-
	-0.184



The structural effects in Table 4 indicate that the attitudes generated in the LLM dataset are more strongly associated (higher magnitudes of the standardized coefficients) with respondents’ individual- and household-level demographic characteristics than those observed in the reference dataset. This results in relationships that are more monotonic than those in the reference data. For example, the LLM-generated data show increasingly negative age effects on pro-transit orientation and pro-environmental disposition constructs across all age groups. In the reference data, however, the relationships are less uniform, with positive effects among some younger and middle-aged groups and negative effects emerging mainly among older respondents. The discrepancies are even more pronounced for perception of online shopping (in)accessibility. The reference data show negative effects only among respondents aged 45 and above, which may be because older respondents order online less frequently and hence do not strongly identify with the perceived online-shopping (in)accessibility indicators. However, the LLM-generated data show positive effects for every age group, indicating a fundamentally different relationship between age and perceived online-shopping (in)accessibilities. As discussed in Section 4.2, this third construct is more experience-based, which, in particular, the LLM-generated data are not able to relate appropriately with respondent age or other demographics. Further, the LLM-generated model, across all latent constructs, also distorts the effects of educational attainment, employment status, race, household composition, income, housing tenure and unit type, with many effects being exaggerated, introduced where none are observed in reference data, or reversed. For example, the reference data indicate that households with annual incomes of $50,000–$99,999 have less favorable pro-transit and pro-environmental orientations than lower-income households, while the LLM-generated data suggest the opposite. 
Overall, the attitudes generated appear to be more strongly and systematically tied to observable respondent characteristics than those in the reference data. This is also reflected in the number of statistically significant structural effects: across the three latent constructs, only five effects of observed respondent characteristics turned up to be statistically insignificant in the LLM-generated model, compared with twenty-two in the reference model. This overreliance on individual- and household-level socio-demographic attributes may indicate that the model is not generating sufficiently rich and nuanced intrinsic attitudinal heterogeneity that can be carried through consistently across related survey items. This could be a contributing reason behind the compressed response variation observed in the indicator distributions and raises concerns about using LLM-generated data to represent latent preferences, beliefs, or attitudes in downstream behavioral models. 

Ability to Distinguish Preferences and Behaviors among Population Subgroups  
As discussed in Section 4.3, for our disaggregate analysis to examine the ability of LLM-based data to distinguish preferences and behaviors among population subgroups, we consider eight outcomes from the 14 outcomes considered in the aggregate trends analysis. These are vehicle ownership; mode use frequencies of private vehicle, public transportation, and walking (including walking to public transportation stops); teleworking and package receiving frequencies; and EV and AV adoption intentions. The full model estimation results obtained from the reference THA dataset and the LLM-generated data are available from the authors. However, while the model estimation results reveal key differences between the datasets, the coefficient estimates themselves do not indicate the magnitude of the response differences between the estimates from each dataset. Thus, to better illustrate how policy-relevant estimates would change based on the predictions made using each of the two models, we compute average treatment effects (ATEs) for exogenous variables in each model. To keep the discussion concise and streamlined, Table 5 reports the THA- and LLM-based ATEs, along with their relative deviations, for one selected category of interest and for select exogenous variables for each outcome. Specifically, the ATEs are calculated for owning three or more vehicles; being in the highest private vehicle use and walking frequency categories; using public transportation at all; teleworking and receiving packages at least once per week; and expressing an intention to adopt EVs and AVs (the ATEs for all response levels of each of the eight outcomes and for each exogenous variable are available from the authors). 

Table 5: Average Treatment Effect across Models
	
	Vehicle ownership: 3 or more
	Private vehicle use frequency: 3+ days/week 
	Public transportation use frequency: Uses it
	Walking frequency: 3+ days/week

	
	ATE
	D (%)
	ATE
	D (%)
	ATE
	D (%)
	ATE
	D (%)

	
	THA
	Gemini
	
	THA
	Gemini
	
	THA
	Gemini
	
	THA
	Gemini
	

	Individual characteristics

	Age (<25 years old)
	
	
	
	
	
	
	
	
	
	
	
	

	25-34 years old
	-0.059
	0.000
	100.0
	0.000
	0.035
	100.0
	-0.042
	-0.029
	31.0
	-0.058
	-0.068
	-17.2

	35-44 years old
	-0.095
	0.023
	124.2
	0.000
	0.044
	100.0
	-0.046
	-0.041
	10.9
	-0.052
	-0.121
	-132.7

	45-54 years old
	-0.091
	0.035
	138.5
	0.000
	0.065
	100.0
	-0.081
	-0.043
	46.9
	-0.083
	-0.135
	-62.7

	55-64 years old
	-0.056
	0.016
	128.6
	0.043
	0.045
	4.7
	-0.119
	-0.044
	63.0
	-0.125
	-0.168
	-34.4

	65 years old and above
	-0.073
	0.027
	137.0
	0.053
	0.056
	5.7
	-0.170
	-0.037
	78.2
	-0.162
	-0.166
	-2.5

	Gender (male)
	
	
	
	
	
	
	
	
	
	
	
	

	Female
	0.016
	-0.020
	-225.0
	-0.023
	0.000
	100.0
	-0.075
	0.000
	100.0
	-0.072
	0.087
	220.8

	Education level (high school or less)
	
	
	
	
	
	
	
	
	
	
	

	Some college
	0.048
	0.034
	-29.2
	0.051
	0.020
	-60.8
	0.000
	0.020
	100.0
	0.000
	0.043
	100.0

	Bachelor’s degree or higher
	0.029
	0.025
	-13.8
	0.088
	0.000
	-100.0
	0.019
	0.036
	89.5
	0.019
	0.089
	368.4

	Employment status (not employed)
	
	
	
	
	
	
	
	
	
	
	

	Employed full time
	0.057
	0.102
	78.9
	0.214
	0.331
	54.7
	0.033
	0.000
	-100.0
	0.000
	0.000
	0.0

	Employed part time
	0.056
	0.087
	55.4
	0.118
	0.169
	43.2
	0.027
	-0.020
	-174.1
	0.024
	0.055
	129.2

	Race (not White or Black)
	
	
	
	
	
	
	
	
	
	
	
	

	White
	0.000
	0.033
	100.0
	0.063
	0.040
	-36.5
	-0.045
	-0.028
	37.8
	0.000
	0.000
	0.0

	Black
	-0.057
	-0.026
	54.4
	0.000
	0.000
	0.0
	0.000
	0.028
	100.0
	0.000
	0.000
	0.0

	Ethnicity (not Hispanic)
	
	
	
	
	
	
	
	
	
	
	
	

	Hispanic
	0.000
	0.000
	0.0
	0.000
	0.000
	0.0
	0.000
	0.011
	100.0
	0.000
	0.000
	0.0

	Household characteristics
	
	
	
	
	
	
	
	
	
	
	
	

	No. of children in the household (zero)
	
	
	
	
	
	
	
	
	
	
	

	 One
	0.060
	0.062
	3.2
	0.019
	0.032
	68.4
	-0.009
	0.000
	100.0
	0.000
	0.030
	100.0

	Annual household income (<$50,000)
	
	
	
	
	
	
	
	
	
	
	

	$50,000-$99,999
	0.166
	0.299
	80.1
	0.108
	0.150
	38.9
	0.000
	0.000
	0.0
	0.000
	0.000
	0.0

	$100,000 and above
	0.240
	0.430
	79.2
	0.145
	0.200
	37.9
	0.025
	0.011
	-56.0
	0.000
	0.000
	0.0

	Housing tenure type (own)
	
	
	
	
	
	
	
	
	
	
	
	

	Rent
	-0.115
	-0.311
	-170.4
	-0.071
	-0.176
	-147.9
	0.043
	0.075
	74.4
	0.020
	0.055
	175.0

	Other tenure type
	-0.066
	-0.225
	-240.9
	-0.155
	-0.166
	-7.1
	0.063
	0.027
	-57.1
	0.036
	-0.031
	-186.1

	Residential neighborhood characteristics

	Road network density
	-0.034
	0.000
	100.0
	0.000
	0.000
	0.0
	0.135
	0.029
	-78.5
	0.057
	0.037
	-35.1




Table 5 (Continued)
	

	Teleworking frequency: At least once per week
	Package receiving frequency: At least once per week
	EV adoption intention: I will use it
	AV adoption intention: I will use it

	
	ATE
	D (%)
	ATE
	D (%)
	ATE
	D (%)
	ATE
	D (%)

	
	THA
	Gemini
	
	THA
	Gemini
	
	THA
	Gemini
	
	THA
	Gemini
	

	Individual characteristics

	Age (<25 years old)
	
	
	
	
	
	
	
	
	
	
	
	

	25-34 years old
	0.000
	0.010
	100.0
	0.000
	0.000
	0.0
	0.000
	0.000
	0.0
	0.041
	0.000
	-100.0

	35-44 years old
	0.000
	0.000
	0.0
	-0.030
	0.000
	100.0
	0.000
	0.000
	0.0
	0.031
	0.000
	-100.0

	45-54 years old
	-0.047
	0.000
	100.0
	-0.051
	0.000
	100.0
	-0.068
	0.000
	100.0
	0.000
	-0.001
	-100.0

	55-64 years old
	0.000
	0.000
	0.0
	-0.085
	-0.027
	68.2
	-0.151
	-0.016
	89.4
	-0.086
	-0.002
	97.7

	65 years old and above
	-0.052
	0.000
	100.0
	-0.087
	-0.044
	49.4
	-0.243
	0.000
	100.0
	-0.166
	-0.002
	98.8

	Gender (male)
	
	
	
	
	
	
	
	
	
	
	
	

	Female
	0.000
	0.000
	0.0
	0.000
	0.027
	100.0
	-0.104
	0.000
	100.0
	-0.115
	0.000
	100.0

	Education level (high school or less)
	
	
	
	
	
	
	
	
	
	
	

	Some college
	0.036
	0.013
	-63.9
	0.032
	0.037
	15.6
	0.058
	0.010
	-82.8
	0.000
	0.001
	100.0

	Bachelor’s degree or higher
	0.145
	0.020
	-86.2
	0.049
	0.046
	-6.1
	0.133
	0.017
	-87.2
	0.042
	0.001
	-97.6

	Employment status (not employed)
	
	
	
	
	
	
	
	
	
	
	

	Employed full time
	-0.065
	-0.202
	-210.8
	0.035
	0.307
	777.1
	0.000
	0.000
	0.0
	0.000
	0.001
	100.0

	Employed part time
	0.000
	0.000
	0.0
	0.000
	0.139
	100.0
	0.000
	0.000
	0.0
	0.000
	0.001
	100.0

	Race (not White or Black)
	
	
	
	
	
	
	
	
	
	
	
	

	White
	-0.056
	0.000
	100.0
	0.024
	0.036
	50.0
	-0.039
	-0.012
	69.2
	-0.025
	0.000
	100.0

	Black
	0.000
	0.000
	0.0
	0.000
	0.000
	0.0
	0.074
	0.000
	-100.0
	0.032
	0.000
	-100.0

	Ethnicity (not Hispanic)
	
	
	
	
	
	
	
	
	
	
	
	

	Hispanic
	0.000
	0.000
	0.0
	-0.017
	0.027
	258.8
	0.041
	0.000
	-100.0
	0.030
	0.000
	-100.0

	Household characteristics
	
	
	
	
	
	
	
	
	
	
	
	

	No. of children in the household (zero)
	
	
	
	
	
	
	
	
	
	
	

	 One
	0.000
	0.000
	0.0
	0.028
	0.048
	71.4
	0.019
	0.000
	-100.0
	0.016
	0.000
	-100.0

	Annual household income (<$50,000)
	
	
	
	
	
	
	
	
	
	
	

	$50,000-$99,999
	0.000
	0.000
	
	0.086
	0.128
	48.8
	0.000
	0.032
	100.0
	0.000
	0.001
	100.0

	$100,000 and above
	0.077
	0.016
	-79.2
	0.181
	0.289
	59.7
	0.047
	0.054
	14.9
	0.044
	0.002
	-95.5

	Housing tenure type (own)
	
	
	
	
	
	
	
	
	
	
	
	

	Rent
	-0.050
	-0.007
	86.0
	-0.037
	-0.081
	-118.9
	0.000
	-0.021
	-100.0
	0.000
	-0.001
	-100.0

	Other tenure type
	-0.053
	-0.015
	71.7
	-0.095
	-0.133
	-40.0
	0.000
	-0.026
	-100.0
	0.000
	-0.001
	-100.0

	Residential neighborhood characteristics

	Road network density
	0.038
	0.000
	-100.0
	0.000
	0.000
	0.0
	0.072
	0.000
	-100.0
	0.038
	0.000
	-100.0





To illustrate the interpretation of the ATEs and their relative deviations, consider the vehicle ownership results for individuals aged 25-34. In the first numeric row under the vehicle ownership outcome in Table 5 for the THA-based model, the value of “-0.059” indicates that in a population of 1000 adults aged 25-34, approximately 59 fewer would own three or more vehicles compared to a population of 1000 adults aged 18-24. The corresponding value for the LLM-based model is “0.000,” indicating that the LLM-based model does not predict any difference in the vehicle ownership rate among these two groups. Finally, the percent deviation between the two ATE values is 100% (shown as D% in Table 5), indicating that the LLM model completely misses the treatment effect in the observed data. Also, because THA-based ATE serves as the denominator in the relative deviation calculation, the deviation is not defined when the THA-based ATE is equal to zero. Therefore, we assign a value of 0% when both ATE values are zero, indicating alignment between the two models. When the THA-based ATE is zero and the LLM-based ATE is non-zero, we assign a value of 100%, with the sign indicating the direction of the LLM-based effect, to indicate that the effect is present only in the LLM-based model. The remainder of this section discusses these results selectively, focusing on the relative levels of alignment and discrepancies between the reference and LLM-based models ATEs than on the specific empirical interpretations. 
Overall, while there are important areas of alignment between the models based on the real THA data and the LLM-generated data, there are significant discrepancies. For instance, consider the age-related effects across the models. In some cases, the LLM-generated data capture the broad direction of some age-related patterns, particularly for outcomes with relatively clear and almost monotonic trends, such as public transportation use, walking, and package receiving frequency. Even for these outcomes, however, some effects are missing, particularly in the package receiving model. For outcomes with less monotonic age patterns, such as vehicle ownership and teleworking frequency, Gemini performs poorly, predicting effects in the opposite direction for vehicle ownership and literally no age-based heterogeneity for teleworking. For private vehicle use frequency, the reference model indicates a greater propensity for use among respondents aged 55 and above, while the LLM-based model predicts significant differences for nearly every age group from the base group. More importantly, for the EV and AV adoption intention models, the reference data show clear age-related declines in adoption intention, but Gemini does not capture these trends accurately and predicts mostly zero or negligible age effects. This suggests that Gemini performs particularly poorly in capturing age-based heterogeneity in preferences toward emerging transportation technologies. Thus, the LLM’s performance in capturing age effects is inconsistent across outcomes, reinforcing the need to assess the suitability of LLM-generated data separately for each behavioral domain.
Gender effects show alarmingly weak alignment, as the LLM-generated data fail to reproduce the ATEs correctly across nearly all outcomes. This may reflect two related issues. First, as discussed in Section 2.1, uneven gender representation in web-based training corpora may limit the model’s ability to learn gender-based behavioral differences that are observable in systematically collected survey data. Second, it reflects the concern about algorithmic fidelity raised in Section 2.3: even when gender is provided as a conditioning variable, the LLM does not preserve the gender-based behavioral differences observed in the THA models. 
Compared to gender, the LLM-generated data show relatively better alignment for educational attainment and employment status, generally reproducing the direction of the effects observed in the reference data. The effect of part-time employment on public transportation use frequency is the only case in which the direction is reversed. However, the LLM-based models also miss some effects observed in the reference data (effects of a bachelor’s degree or higher on frequent solo driving and of full-time employment on public transportation use) and produce some additional effects that are not statistically significant in the reference models (effects of some college education on public transportation use, walking, and AV adoption intention; of part-time employment on weekly package receiving and AV adoption intention; and of full-time employment on AV adoption intention). Aside from these, the relatively better alignment may reflect clearer differences in commuting patterns, work arrangements, technology use, and lifestyles across these groups, or stronger representation of these distinctions in the training data.
In case of race and ethnicity, the LLM-generated data exhibit a more systematic pattern of mobility differences than the reference data. Across the vehicle ownership, private vehicle and public transportation use frequency models, the LLM-generated ATEs portray White respondents as more automobile-oriented and Black and Hispanic respondents as more transit-oriented. Specifically, the LLM-generated models indicate that White respondents are more likely to own three or more vehicles and to use a private vehicle frequently, but less likely to use public transportation. They also indicate that Black respondents are less likely to own three or more vehicles and that both Black and Hispanic respondents are more likely to use public transportation. In the reference models, however, only a subset of these relationships is statistically significant. Thus, the synthetic data provide broader statistical support for a race/ethnicity pattern, while the reference data show a more mixed picture, even though some of the relationships that are significant in the THA data have larger effect magnitudes. Interestingly, the broader trend produced by the LLM is not implausible, as prior research shows that in the U.S., White households are generally more automobile-oriented, while Black and Hispanic populations rely more heavily on public transportation (Brown, 2017; Blumenberg et al., 2020; Wang and Renne, 2023). The concern, however, is that the LLM reproduces these generalized race-mobility associations more consistently than they appear in the reference data, potentially imposing a simplified racial pattern on outcomes for which the survey shows more limited or nuanced differences. This aligns with Bisbee et al. (2024), who show that even if LLM-generated responses appear plausible at an aggregate level, it may be substantially distorted when disaggregated by race.
For household-level attributes, the LLM-generated data show mixed performance. For example, although the effect of a child in the household is broadly consistent with reference data for several outcomes, some notable discrepancies remain. In particular, the reference data indicate that public transportation use decreases as the number of children in the household increases from zero to one, consistent with studies showing that children can increase household car reliance through escorting, scheduling, and household-task coordination demands (Oakil et al., 2014; Klein and Smart, 2019). In contrast, the LLM-based model identifies no significant effect of having a child on public transportation use, thereby missing a key effect with important social and policy implications. The LLM-based models also introduce a significant effect of having a child on walking where none is observed in the reference data and fail to reproduce the effects on EV and AV adoption intentions. These discrepancies may arise because the mobility implications of having a child are highly context-dependent, varying with the child’s age, school or childcare arrangements, parental work schedules, vehicle availability, and the allocation of escorting responsibilities. 
The results are more consistent for household income and housing tenure, for which the LLM-generated data generally follow the patterns observed in the THA data. Among the outcomes unrelated to emerging technologies, the only mismatch for these variables is the reversal of the positive effect of other housing tenure types on frequent walking. This relatively better alignment may be because household income and housing tenure are broad indicators of household resources and socioeconomic position, with well-documented associations with vehicle ownership, mobility, and mode use (Sun and Zacharias, 2021; Wang and Renne, 2023). These broad and frequently documented relationships may therefore be more strongly represented in the LLM’s training data. 
Finally, among the built-environment variables, road network density showed the greatest alignment in the estimated probit models and was therefore included in the ATE comparisons in Table 5. Yet, even for this variable, the LLM-based model misses or underestimates several significant ATEs with important policy implications. Specifically, Gemini misses the negative effect of road network density on vehicle ownership, underestimates its positive effects on public transportation use and frequent walking, and fails to reproduce its positive effect on teleworking.
Overall, the subgroup-level results indicate that the LLM-generated data do not perform uniformly across all behavioral domains; rather, they reproduce broad and commonly documented socioeconomic patterns more reliably than complex or context-dependent behavioral relationships. The largest discrepancies arise for effects that are nuanced, non-monotonic, or mediated by unobserved constraints. These findings reinforce that LLM-generated survey data should not be evaluated only using aggregate distributions, because even when aggregate patterns appear plausible, the conditional relationships needed for subgroup analysis and policy evaluation may be substantially distorted.

POLICY IMPLICATIONS 
The ATE results discussed above show how reliance on LLM-generated data could affect policy interpretation. Four key implications emerge from this analysis, which are discussed in the following subsections.

[bookmark: _Ref229239845]Aggregate Alignment Masking Subgroup-level Distortions
The deviations between the ATE values show that even when aggregate trends are reasonably replicated by LLM-generated data, important subgroup heterogeneity can still be masked. This is most evident for vehicle ownership, private vehicle and public transportation use frequency. As discussed in Section 5.1, these outcomes were among the relatively better-performing cases in the aggregate comparison. However, the ATE results show that this aggregate alignment does not translate into reliable subgroup-level inference. In the vehicle ownership model, the LLM-generated data exaggerate the effects of employment, income, and housing tenure. Consequently, high vehicle ownership appears more strongly concentrated among employed individuals, and higher-income and owner-occupied households, and much less likely among renters and households in other tenure arrangements. Similar patterns appear in private vehicle and public transportation use models. For private vehicle use frequency, the LLM-generated data overpredict the positive effects of employment and income and substantially exaggerate the negative effect of renting. In the public transportation use model, the LLM-generated data miss the positive association between full-time employment and public transportation use observed in the reference data, reverse the positive effect of part-time employment, and overpredict public transportation use among renters. The first two models also underpredict the positive effect of educational attainment higher than high school on high vehicle ownership and frequent private vehicle use, while the public transportation model introduces a positive effect for some college where none is observed in the reference model and amplifies the positive effect of a bachelor’s degree or higher. Taken together, these patterns suggest that the LLM-generated data may encode broad and familiar narratives about travel behavior, such as employed individuals and those from higher-income households being more auto-oriented, and renters being more transit-oriented. However, these narratives do not fully reflect the complex behavioral structure observed in the reference data.
From a policy perspective, this matters because such distortions could lead to misleading conclusions about where auto dependence and transit dependence are concentrated. If LLM-generated data were used for forecasting or policy evaluation, they could overstate the strength of the relationship between employment, income, and frequent solo driving, potentially biasing demand or revenue forecasts for congestion pricing and workplace parking policies. Also, they could make transit usage appear too narrowly concentrated among renters, reducing attention to transit needs among less educated, employed or higher-income travelers. Thus, even when aggregate distributions appear reasonably aligned, subgroup-level validation remains essential before LLM-generated data can be used for targeted policy design.

Misrepresentation of Mobility Constraints and Behaviors
A second policy concern is that the LLM-generated data can misrepresent subgroup-level variations in mobility constraints and behaviors, which are central to transportation planning. For instance, in the aggregate comparisons in Section 5.1, the LLM-generated data portrayed walking as almost universally available and more frequent than in reality. These results are even more pronounced for specific demographic groups, as highlighted by the ATE results. Specifically, the decline in walking with age is overstated in the LLM-generated data, while the negative gender effect on walking observed in the reference data is reversed. If used for policy analysis, these patterns could make walking appear more widespread and less constrained than it is in reality, while masking possible accessibility- and gender-related barriers. At the same time, overstating the age-related decline in walking could exaggerate age-based barriers and divert attention from other groups that may also require pedestrian facility improvements.
In contrast to walking, Section 5.1 shows that the LLM-generated data underrepresent regular teleworking. The ATE results reveal that this underrepresentation is accompanied by weak subgroup differentiation. Although both datasets show that higher education and higher income are associated with a greater probability of teleworking at least once per week, these effects are strongly underpredicted in the LLM-generated data. The LLM-generated data also miss the positive effect of road network density, which in the reference data may reflect more urbanized settings where larger employers and congestion-related commute burdens make remote work more attractive. By missing this, the LLM-generated data understate the spatial effect of teleworking. This could weaken the understanding of how telework affects commute demand and peak-period traffic, while also leading planners to overlook where telework could meaningfully reduce commuting pressure or reshape travel patterns.

Challenges in Representing Emerging Modes
A third concern is the limited ability of the LLM-generated data to address emerging technologies. For EVs, the LLM-generated data assume near-universal awareness and almost universal adoption intention, which can mask the practical, financial, and informational barriers that shape EV adoption. In contrast, for AVs, the LLM-generated data assume near-universal awareness but concentrate responses in uncertainty, which may overstate the barriers to adoption. Thus, in both cases, the LLM-generated data provide a distorted view of the constraints surrounding emerging mode adoption. These findings also connect to the misrepresentation of mobility constraints discussed in Section 6.2.
Moreover, the reference data show lower EV adoption intention among older adults and female respondents, but these effects are strongly underpredicted or missed in the LLM-generated data. For older adults, this may obscure the need for more age-friendly EV design and support, as they may be more cautious toward newer technologies or may require simpler user interfaces, easier charging systems, and clearer visual guidance. For female respondents, the reference data prompt the need to investigate gender-specific concerns, which could be related to perceived loss of control, safety concerns (especially if escorting children), and household travel responsibilities. By missing these effects, the LLM-generated data could erase subgroup-specific barriers that may be important for EV outreach, design, and infrastructure planning. The concern is even greater for AV adoption intention. In the reference data, AV adoption intention varies meaningfully by age, gender, education, race and ethnicity, household composition, income, road network density, and census division. In the LLM-generated data, however, most of these effects are reduced to zero or near zero, largely erasing this heterogeneity. Consequently, the LLM-generated data provide little guidance regarding which population groups are more receptive to AVs and which may require targeted outreach or policy interventions.
These findings support the discussion in Section 2.1 on emerging technologies and their representation in LLM training corpora. EVs and AVs are both emerging transportation technologies, but web-based training corpora may capture them at different stages of maturity. By the time of data generation, EVs had already become relatively prominent in public discourse, and early-adopter experiences and positive narratives may have been disproportionately represented online. Consequently, the LLM may overstate general EV readiness and mask barriers faced by specific groups. Compared with EVs, AVs remain less familiar in everyday use and may therefore be represented more strongly through uncertainty, safety concerns, and skepticism about readiness. This may explain why the LLM-generated data suggest little AV adoption and provide almost no useful subgroup information. This erasure of AV effects is especially consequential because AVs are still in an early phase of deployment, making subgroup-specific public responses important for planning, communication, and deployment strategies. Therefore, the weak performance of the LLM-generated data-based AV model raises concerns about relying on LLM-generated data for policy analysis in emerging technology contexts where real-world experience remains limited.  

Subgroup Fidelity across Categories
As already noted, the LLM-generated data perform particularly poorly for the emerging technology outcomes. Still, even across the remaining outcomes, the results show that the LLM does not reproduce all subgroup relationships equally well. 
Income is the most consistently captured explanatory variable in terms of significance and directional consistency across the models, although its effects are often exaggerated. Moreover, as discussed in Section 6.1, the effects of other factors that also play important roles in transportation planning and forecasting, such as educational attainment, employment status, and housing tenure type, appear to be distorted in the LLM-generated data. Gender effects are particularly poorly reproduced, with most relationships either missed or reversed. Thus, even where income effects are directionally correct, the distortion of these other variables leaves planners with an incomplete understanding of what drives the outcomes and limited leverage for policy intervention. For instance, the fact that full-time employed individuals have a greater propensity for public transportation use has important planning implications that are missed in the LLM-generated data-based results. These results point to important ways to reduce commute-based demands among workers who may be more willing to use services, which may be an effective way to reduce peak-period demands to high-density employment centers. Thus, missing these results using the LLM-generated data would reduce the effectiveness of policy interventions targeting demand reductions for peak-period commutes, because the potential for shifting demand to public transportation would be underestimated. Similarly, the reference data show that road network density has a substantial positive effect on public transportation use. However, the LLM-generated data suggest only a minimal effect. If planners relied on these results, they might deprioritize infill development and street connectivity in transit-oriented development corridors, thereby weakening a core urban-design strategy for supporting public transportation use.
Adding to this challenge, there is no clear systematic pattern to these distortions. While it does appear that the LLM responds to the input demographic and geographic profiles (leading to significant effects based on these factors), they often do not match the reference data or expected theoretical relationships well. Some of the effects align strongly with stereotypical behaviors attributed to specific demographic groups, rather than teasing out the rich mixed and nuanced responses across demographic groups that exist in reality. 
Overall, the study shows very mixed performance of LLM based on different explanatory variables. Because of the significant variation in the performance across the variables and outcomes, there is little evidence suggesting that the estimates can be trusted without further validation, which defeats the purpose of using synthetic data to extend knowledge into data-scarce contexts. Furthermore, the distortion of magnitudes makes even directionally correct effects unreliable for identifying where interventions will be most effective and how much behavior change to expect. Thus, the results indicate that the LLM-generated data are likely to be unsuitable for many of the transportation planning applications that are reliant on differentiation of behaviors and subgroup-level inference.

CONCLUSION
Survey data have long been a cornerstone of empirical social research, providing an important avenue to systematically measure how individuals think, behave, and interact within complex social systems. Such data serve as a critical component of transportation planning, providing the empirical foundation for understanding how people move and why they make the choices they do, enabling forecasts to support travel demand management and policymaking. As LLMs become progressively more capable of producing structured, human‑like responses, the possibility that they could play a role in these processes becomes increasingly appealing. Still, given widespread uncertainties about the capabilities of these models, their ability to accurately and reliably represent human behaviors and preferences, and the rapidly changing nature of transportation behaviors and decision making that need to be well represented, these models need to be studied carefully. This study examined whether LLM-generated survey responses can reproduce the distributional, attitudinal, and subgroup-level structure of human responses in a broad transportation survey setting. Using the Transportation Heartbeat of America survey as the reference dataset, we generated one synthetic response for each human respondent using Gemini 2.5 Pro, conditioned on individual- and household-level demographic, and geographic characteristics. We then evaluated the LLM-generated data across three dimensions: the ability to identify overall trends in attitudes, preferences, and behaviors; the ability to consistently maintain and represent realistic attitudinal profiles across the survey; and the ability to distinguish preferences and behaviors across population subgroups.
The results show that the LLM-generated data performed reasonably well in identifying population-level trends for some simple outcomes, such as driver status and vehicle ownership. This performance, however, did not extend to more behaviorally complex outcomes. Instead, the LLM-generated responses showed compressed variation, overstated dominant or moderate categories, and reflected simplified narratives about travel behavior, all of which can lead to systematic misrepresentations of mobility behaviors if LLM-generated data are used for policy analysis.  Besides, cross-tabulations of attitudinal indicators showed that the LLM used in this paper either treats similarly worded indicators as nearly interchangeable or becomes overly sensitive to wording differences that human respondents appear to reconcile through a shared underlying construct. Furthermore, LLM-generated attitudes were found to be more strongly and systematically tied to observable demographic and household characteristics than those in the reference data, suggesting an overreliance on profile attributes and insufficient representation of unobserved attitudinal heterogeneity. Together, these findings raise concerns about using LLM-generated survey data to represent latent preferences, beliefs, or attitudes in downstream behavioral models. Finally, the analysis of population subgroup heterogeneity showed that the LLM-generated data did not consistently reproduce the socio-demographic and built-environment relationships observed in the reference data. The findings also suggest that these errors were not random; rather they reflect systematically distorted mobility patterns that could translate into policy-relevant misinterpretations. 
Overall, the results indicate that conditioning an LLM on observable individual- and household-level socio-demographic, and geographic characteristics, is not sufficient to ensure algorithmic fidelity in transportation survey data generation. The model may recognize that these characteristics matter, but it does not reliably reproduce how they matter across different travel behavior outcomes. The current results suggest that significant caution should be employed when using LLMs for the generation of synthetic samples in transportation context. While the raw model outputs may appear human-like and aggregate assessments may even appear theoretically reasonable, current LLM-based models exhibit significant limitations and may systematically bias resulting estimates and analyses. Therefore, we recommend that such models and the synthetic samples they produce should not yet be treated as substitutes for empirically collected human survey data in travel behavior research without careful validation against ground truth. These findings do not imply that LLM-generated data have no role in transportation research. These models are continuing to evolve rapidly, and their capabilities are likely to continue to improve in the coming years. They may indeed be capable of providing important insights, particularly regarding behaviors that are more stable over long time-horizons and are broadly generalizable. Further, responses generated with current state-of-the-art LLMs may be useful for survey pretesting, identifying possible response patterns, developing hypotheses, or exploring how transportation topics are represented in online discourse. 
There are several additional avenues for future research. First, this study evaluates one LLM, one prompting framework, and one nation-wide transportation survey. Future work should examine whether the observed patterns persist across different models, prompt designs, model settings, and survey contexts. Such comparisons would be particularly valuable given the topic and knowledge dependent performance of LLM observed in this study. Second, future work should examine how much contextual grounding is needed to improve behavioral fidelity. Richer prompts could incorporate local transportation context, such as public transportation and pedestrian infrastructure availability, EV and AV market penetration trends, or local employment environments that may shape telework feasibility. Third, future research can investigate the specific elements of the survey data generation process that contribute the most to response compression and subgroup distortion, including prompt format, survey length, question ordering, and response-option structure. 
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[bookmark: _Hlk200011688]For the mathematical formulation of the latent construct model, let  be the index for the latent constructs  and label each latent construct as . In the current context . Then, the  vector of latent constructs may be written as . Each of these latent constructs is identified using a series of ordinal indicators (shown in Figure 1 in Section 5.2), labeled as . Then, let  be the number of categories for the nth ordinal indicator  and let  be the corresponding index . Then, each indicator may be written based on an underlying latent variable  whose horizontal partitioning leads to the observed selection. These underlying variables may be written as a function of the three latent constructs as:

		


























with , assuming that the individual chooses the  ordinal category.  is an  vector of loadings of each latent construct on the ordinal indicator, the  terms represent thresholds to be estimated, and  represents the standard normal random error. For each indicator, the thresholds must be ordered , with , , and . Stack these thresholds into the vectors  and matrix .Then, also stack the N underlying continuous variables  into an  vector  and error terms  into an  vector . Define the  matrix , and stack the N lower thresholds  into an  vector  and the N upper thresholds  into another vector . Then the equation for the ordinal indicators may be written in matrix form:

		
Finally, each latent construct may be written as a function of exogenous variables as:

		
















[bookmark: _Hlk198814491]where  is a  vector of observed variables,  is a corresponding  vector of coefficients, and  is a random error term that is assumed to be standard normally distributed. These components may again be stacked across the latent constructs into the  matrix , and the  vectors  and . In order to accommodate unobserved factors that may also jointly influence multiple latent variables, we allow a multivariate normal correlation structure for . , where  is an  column vector of zeros, and  is an  correlation matrix. Then, the equation for the latent constructs may be written in matrix form as: 

		


Thus, the estimation of the CFA for the latent constructs takes the form of a maximum likelihood estimation, identifying the vector  corresponding to the loadings of the latent constructs on the indicators while simultaneously the multivariate regression of the latent constructs on the covariates allows for the identification of the coefficients in the vector . 


APPENDIX B

Table B.1: CFA Results for Attitudinal Latent Constructs for Reference Dataset
	Latent variable structural equation model
	Pro-transit orientation
	Pro-environmental disposition
	Perception of online shopping (in)accessibility

	
	Coeff
	t-stat
	Coeff
	t-stat
	Coeff
	t-stat

	Age (<25 years old)
	
	
	
	
	
	

	25-34 years old
	0.118
	2.888
	0.132
	3.253
	-
	-

	35-44 years old
	0.103
	2.685
	0.129
	3.385
	-
	-

	45-54 years old
	-
	-
	-
	-
	-0.226
	-5.651

	55-64 years old
	-0.198
	-4.781
	-0.179
	-4.409
	-0.390
	-9.106

	65 years old and above
	-0.325
	-8.342
	-0.375
	-9.718
	-0.515
	-12.141

	Education level (high school or less)
	
	
	
	
	
	

	Some college
	-
	-
	-0.062
	-2.379
	-0.112
	-3.106

	Bachelor or higher
	0.180
	6.693
	0.107
	3.611
	-0.195
	-5.334

	Employment status (not employed)
	
	
	
	
	
	

	Employed full time 
	-
	-
	0.053
	2.271
	0.107
	3.066

	Employed part time
	-
	-
	-
	-
	0.112
	2.249

	Race (not White or Black)
	
	
	
	
	
	

	White
	-0.311
	-9.978
	-0.266
	-9.496
	-0.158
	-4.386

	Black
	0.140
	4.072
	-
	-
	-0.163
	-3.498

	Number of children in the household
	-0.043
	-3.398
	-0.022
	-1.713
	-
	-

	Number of adults in the household
	0.041
	4.173
	-
	-
	-
	-

	Annual household income (< $50,000)
	
	
	
	
	
	

	$50,000-$99,999
	-0.070
	-2.516
	-0.105
	-3.786
	-0.222
	-6.202

	$100,000 and above
	-
	-
	-
	-
	-0.193
	-4.871

	Housing tenure type (own)
	
	
	
	
	
	

	Rent
	0.113
	4.309
	-
	-
	-0.091
	-2.883

	Other tenure type
	-
	-
	-
	-
	-
	-

	Housing unit type (other housing type)
	
	
	
	
	
	

	Single family housing
	-
	-
	-
	-
	-
	-

	Apartment
	0.349
	9.687
	0.302
	9.481
	-
	-

	Latent variable measurement equation model
	Loading
	t-stat
	Loading
	t-stat
	Loading
	t-stat

	If I moved, I would try to choose a home where I had access to public transportation
	0.967
	75.806
	-
	-
	-
	-

	I like the idea of public transit as a means of travel for me personally
	1.001
	74.017
	-
	-
	-
	-

	I try to make good use of the time I spend in, on, or waiting for transportation vehicles
	0.617
	52.216
	-
	-
	-
	-

	I use less polluting means of transportation (e.g., walking, biking, and public transportation) as much as possible.
	-
	-
	1.019
	78.898
	-
	-

	I try to make as many of my trips as possible by walking or bicycling
	-
	-
	0.980
	73.701
	-
	-

	I am committed to an environmentally-friendly lifestyle
	-
	-
	0.530
	44.341
	-
	-

	I routinely encounter challenges with products or services I order online
	-
	-
	-
	-
	0.749
	47.925

	I have difficulty ordering what I need online
	-
	-
	-
	-
	0.725
	45.584

	Delivery times are long or inconsistent where I live 
	-
	-
	-
	-
	0.659
	43.071

	Correlations between latent variables
	
	
	Coeff
	t-stat
	Coeff
	t-stat

	Pro-transit orientation
	-
	-
	0.768
	88.464
	0.156
	9.920

	Pro-environmental disposition
	-
	-
	-
	-
	0.230
	15.004

	Perception of online shopping (in)accessibility
	-
	-
	-
	-
	-
	-




Table B.2: CFA Results for Attitudinal Latent Constructs for LLM-generated Dataset
	Latent variable structural equation model
	Pro-transit orientation
	Pro-environmental disposition
	Perception of online shopping (in)accessibility

	
	Coeff
	t-stat
	Coeff
	t-stat
	Coeff
	t-stat

	Age (<25 years old)
	
	
	
	
	
	

	25-34 years old
	-0.317
	-5.414
	-0.244
	-4.404
	0.363
	4.520

	35-44 years old
	-0.480
	-8.300
	-0.363
	-6.589
	0.646
	8.040

	45-54 years old
	-0.594
	-10.057
	-0.470
	-8.394
	0.790
	9.658

	55-64 years old
	-0.660
	-10.876
	-0.626
	-10.928
	0.758
	9.210

	65 years old and above
	-0.729
	-12.142
	-0.700
	-12.362
	0.282
	3.593

	Education level (high school or less)
	
	
	
	
	
	

	Some college
	0.371
	10.379
	0.376
	11.089
	-0.529
	-10.168

	Bachelor or higher
	0.636
	17.217
	0.692
	19.703
	-0.741
	-13.146

	Employment status (not employed)
	
	
	
	
	
	

	Employed full time 
	-0.174
	-5.222
	-0.192
	-5.881
	-0.600
	-11.746

	Employed part time
	-
	-
	0.085
	2.315
	-0.422
	-6.029

	Race (not White or Black)
	
	
	
	
	
	

	White
	-0.410
	-11.912
	-0.482
	-16.390
	-0.142
	-2.850

	Black
	0.290
	7.923
	-
	-
	0.278
	4.305

	Number of children in the household
	-
	-
	-0.023
	-2.193
	0.104
	5.213

	Number of adults in the household
	0.056
	4.120
	0.021
	1.649
	-
	-

	Annual household income (< $50,000)
	
	
	
	
	
	

	$50,000-$99,999
	0.162
	4.562
	0.248
	7.363
	-0.889
	-16.374

	$100,000 and above
	0.519
	12.846
	0.592
	15.414
	-1.324
	-19.550

	Housing tenure type (own)
	
	
	
	
	
	

	Rent
	0.646
	17.037
	0.325
	9.425
	0.237
	4.541

	Other tenure type
	0.171
	3.322
	-
	-
	0.790
	8.555

	Housing unit type (other housing type)
	
	
	
	
	
	

	Single family housing
	-0.307
	-7.261
	-0.119
	-2.993
	-0.319
	-5.432

	Apartment
	0.799
	15.449
	0.448
	9.279
	-0.277
	-3.914

	Latent variable measurement equation model
	Loading
	t-stat
	Loading
	t-stat
	Loading
	t-stat

	If I moved, I would try to choose a home where I had access to public transportation
	0.340
	68.641
	-
	-
	-
	-

	I like the idea of public transit as a means of travel for me personally
	0.305
	67.290
	-
	-
	-
	-

	I try to make good use of the time I spend in, on, or waiting for transportation vehicles
	0.215
	49.467
	-
	-
	-
	-

	I use less polluting means of transportation (e.g., walking, biking, and public transportation) as much as possible.
	-
	-
	0.408
	78.045
	-
	-

	I try to make as many of my trips as possible by walking or bicycling
	-
	-
	0.300
	58.795
	-
	-

	I am committed to an environmentally-friendly lifestyle
	-
	-
	0.242
	58.149
	-
	-

	I routinely encounter challenges with products or services I order online
	-
	-
	-
	-
	0.104
	20.060

	I have difficulty ordering what I need online
	-
	-
	-
	-
	0.421
	36.220

	Delivery times are long or inconsistent where I live 
	-
	-
	-
	-
	0.137
	23.172

	Correlations between latent variables
	
	
	Coeff
	t-stat
	Coeff
	t-stat

	Pro-transit orientation
	-
	-
	0.889
	94.222
	-0.147
	-5.839

	Pro-environmental disposition
	-
	-
	-
	-
	-0.181
	-7.501

	Perception of online shopping (in)accessibility
	-
	-
	-
	-
	-
	-
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