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This study evaluates large language models (LLMs) for travel behavior prediction under different levels
of labeled-data availability. We compare three LLM-based frameworks: zero-shot direct prompting, textual-
gradient prompt optimization from a small labeled budget, and supervised prediction using LLM text
embeddings. These methods are benchmarked against multinomial logit, random forests, neural networks,
and TabPFN under a budget-matched protocol on Swissmetro mode choice, London mode choice, and NHTS
trip-purpose prediction. The results show a clear data-availability pattern. In scarce-label settings, direct LLM
prediction is competitive with, and sometimes significantly better than, supervised/tabular baselines. Textual-
gradient optimization can learn prompts that match expert hand-crafted prompts without manually encoded
numerical cues, although its gains are task-dependent. As labeled budgets grow, conventional supervised and
tabular models become stronger. Diagnostic tests further suggest that LLM predictions respond to supplied
travel-time and travel-cost structure rather than simply memorizing benchmark records, while generated

explanations should be treated as auditable but imperfect rationales.

1. Introduction

Understanding human travel behavior has always been a crucial
part of transportation planning. Travel behavior is a broad concept
that consists of many attributes, such as the mode of transportation,
the purpose of the travel, the choice of destination, and the time of
departure. Consider travel mode choice as an example, which refers
to how people make decisions on their means of travel. In the task
of predicting mode choices, making accurate predictions is useful for
both agencies and individuals. For agencies, it facilitates providing
better transit services and forecasting travel conditions in the short
term, while informing transportation infrastructure investments, better
policies, and land use planning in the long run. In the traditional Four-
Step Model for future demand and performance analysis, the mode
share of a given population is estimated using mode split models (Ben-
Akiva and Lerman, 1985). For individuals, on the other hand, mode
choice prediction embedded in map applications helps them to make
sound travel decisions. Conventional mode choice analysis relies on
using numerical data to construct a mathematical model to represent
human preferences (Mo et al., 2018, 2021). One example is the dis-
crete choice model, where mode choice probabilities are calculated
assuming people make choices to maximize their utilities (Ben-Akiva
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and Lerman, 1985). More recently, machine learning methods such as
random forests, support vector machines, and neural networks have
been increasingly applied to mode choice prediction, often matching or
exceeding discrete choice models in predictive accuracy while offering
complementary behavioral insights (Kamkar et al., 2025; Srisurin et al.,
2026; Ali and Fissha, 2026; Abulibdeh, 2023; Wang et al., 2024c). This
line of work spans diverse contexts, from intercity and tourism travel
to school and work commuting (Arreeras et al., 2025; Srisurin et al.,
2026).

Recently, large language models (LLMs) have generated substan-
tial research interest because of their ability to interpret instructions,
integrate heterogeneous information, and produce natural-language
reasoning. Trained on large text corpora and scaled to billions of
parameters, LLMs can execute diverse tasks with limited task-specific
supervision (Zhao et al., 2023). In transportation, recent studies have
shown that GPT-style models can support mobility prediction and, in
some sequential forecasting settings, outperform time-series machine
learning models (Wang et al., 2023b). However, whether LLMs can
support individual travel behavior prediction, and under what data
conditions they are useful, remains unclear.
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In response to the above inquiry, this study investigates the ca-
pability of large language models (LLMs) to predict individual travel
behavior, with two mode-choice datasets and one trip-purpose dataset
serving as parallel case-study tasks. A central theme of our analysis is
the data-availability spectrum: methods differ not only in accuracy but in
how many task-specific labeled examples they require. We propose and
evaluate three LLM-based prediction frameworks positioned along this
spectrum. The first framework adopts a zero-shot prompting approach,
in which prompts describe the travel behavior task, individual travel
characteristics, and traveler attributes. The second framework, which
is the methodological focus of this work, introduces a textual-gradient
automatic prompt optimization approach that removes the need for hand-
engineered reasoning cues: starting from a minimal prompt, an LLM
repeatedly inspects its own prediction errors on a small labeled set,
writes a natural-language critique of the prompt, and edits the prompt
to reduce those errors. The third framework leverages LLM-generated
text embeddings as high-level feature representations, which are sub-
sequently used as inputs to supervised learning models for prediction
under small-sample settings. To assess these frameworks rigorously, we
adopt a budget-matched evaluation protocol that compares them against
classical travel behavior models (multinomial logit, random forest, and
neural networks) and a state-of-the-art in-context tabular foundation
model (TabPFN). The results are organized as a sequence of ques-
tions: prompt generation, prompt transferability, model performance
under matched budgets, and direct prompting versus hidden-feature
prediction. This organization treats Swissmetro, London, and NHTS as
equally important prediction tasks while making the empirical storyline
explicit.

This paper makes the following contributions:

We present a unified study of LLMs for travel behavior pre-
diction that spans the data-availability spectrum, covering zero-
shot prompting, textual-gradient prompt optimization, and LLM-
embedding-based supervised learning, evaluated on Swissmetro
mode choice, London mode choice, and NHTS trip-purpose pre-
diction.

We introduce a textual-gradient automatic prompt optimization
method that learns the prediction prompt from a small labeled
budget, replacing the hand-crafted reasoning cues used in prior
LLM prompting. This directly addresses concerns of manual pro-
mpt engineering, domain-knowledge leakage, and prompt sensi-
tivity, and yields interpretable, transferable prompts.

We propose a budget-matched evaluation protocol and bench-
mark the LLM-based frameworks against classical models and a
strong in-context tabular foundation model (TabPFN) at identical
labeled-data budgets across three datasets.

Through extensive experiments with multiple proprietary and
open-source LLMs, we show that learned prompts can match or
exceed expert hand-crafted prompts without manual reasoning
cues, and that LLM-based methods are most competitive in the
extreme low-data regime before supervised and tabular models
overtake them at larger labeled budgets.

The remainder of this paper is organized as follows. The literature
review is presented in Section 2. Section 3 describes the LLM-based
prediction frameworks. Section 4 presents the case studies and empiri-
cal results. Section 5 concludes the paper and discusses future research
directions.

2. Related work
2.1. Recent developments in large language models

Large language models (LLMs) typically refer to Transformer-based
language models with very large numbers of parameters, which have

been shown to excel in many complex tasks (Zhao et al., 2023).
Wei et al. (2022a) demonstrates that some emergent abilities appear

Transportation Research Interdisciplinary Perspectives 38 (2026) 102124

only in larger models and cannot be predicted from smaller mod-
els’ performance. Newer models such as GPT-3.5, GPT-4 (OpenAl,
2024a), Gemini (Team, 2024), and Llama (Touvron et al., 2023a,b;
Teams, 2024) demonstrate strong capabilities in language processing,
quantitative reasoning, planning, and learning (Bubeck et al., 2023).
Moreover, Gurnee and Tegmark (2023) show that LLMs can encode
structured knowledge about space and time in their activations. Prod-
ucts such as ChatGPT have made LLM interfaces widely accessible,
further accelerating research and public interest in this field (Zhao
et al., 2023).

Beyond their performance on complex tasks, LLMs have introduced
a new application-development paradigm based on prompt interfaces
and APIs rather than training task-specific models from scratch (Zhao
et al.,, 2023). Their performance often depends on prompt design.
Common methods for improving LLM task performance include in-
context learning, which expresses tasks and demonstrations in natural
language (Brown et al., 2020; Dong et al., 2022); chain-of-thought
prompting, which elicits intermediate reasoning (Chu et al., 2024); and
plan-and-solve prompting, which decomposes complex tasks into steps
(Wang et al., 2023a; Zhou et al., 2023).

LLMs also have limitations that must be considered when using
them for prediction (Zhao et al., 2023). One limitation is hallucination:
generated text may be internally inconsistent or unverifiable (Bang
et al., 2023; Huang et al., 2025). Another challenge is limited recency,
since large pretrained models are not updated in real time (Zhao et al.,
2023). A third limitation is inconsistent reasoning, where the model’s
stated rationale and final answer are not always aligned (Wei et al.,
2022b).

2.2. Large language model as a predictor in human mobility

Because LLMs perform well on many language-centered tasks, re-
searchers have begun using them to support classification, reasoning,
and decision-support workflows across fields. ChatGPT has been shown
to achieve high accuracy on language-related classification tasks, such
as genre recognition, personality prediction, political opinion inference,
and hateful-speech detection (Liu et al., 2023; Kuzman et al., 2023;
Amin et al., 2023; Zhang et al., 2023; Huang et al., 2023). Similarly,
the use of LLMs in transportation has grown rapidly in recent years,
including applications in traffic forecasting, human mobility prediction,
demand prediction, and data imputation (Zhang et al., 2024).

In human mobility, a series of experiments have demonstrated the
semantic and reasoning capabilities of LLMs. Before GPT-style models
became widely available, several studies used pre-trained language
models to predict mobility. Xue et al. (2022), Xue and Salim (2022)
convert mobility data into language descriptions to fine-tune language
models, while Kobayashi et al. (2023), Gong et al. (2024), and Wu et al.
(2024) examine encodings and embeddings for mobility prediction in
Transformer architectures. With commercial LLMs, Luo et al. (2024)
show that GPT-style models can infer trajectory patterns from data,
while Wang et al. (2023b) demonstrate that GPT-style models can infer
next locations from semantic sequential-mobility prompts converted
from historical locations. In their setting, LLM predictions outper-
form traditional time-series models such as LSTM and Multi-Head
Self-Attentional (MHSA) neural networks. Additional studies show that
trajectory or time-series prediction can be improved by incorporating
behavioral theories (Shao et al., 2024), agentic logical thinking (Wang
et al.,, 2024a; Li et al., 2024b,a; Feng et al., 2025), pattern seeking
(Qin et al., 2025; Wang et al., 2024a; Li et al., 2024b), and additional
semantic data (Liang et al., 2023).

LLMs have also been applied to trip planning, one downstream
application of transportation prediction. Prior work shows that per-
formance can improve by leveraging multiple information sources and
queries (Xie et al., 2024; Fang et al., 2024; Singh et al., 2024) and by
decomposing planning tasks into multiple steps (Tang et al., 2024; Xie
and Zou, 2024).
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Fig. 1. Conceptual framework

Although existing research shows promise for using LLMs as pre-
dictors, most studies focus on sequential mobility prediction, and rel-
atively little work has examined LLMs for travel behavior prediction
tasks. For travel choice prediction, a few studies analyze how historical
personalized information can improve prediction (Zhai et al., 2024;
Wang et al., 2024b; Chen et al., 2024). Liu et al. (2024) introduce
persona loading and few-shot examples to reduce the misalignment
between LLM predictions and human behavior. However, there has not
been a systematic study of zero-shot and scarce-label LLM prediction
for mode choice and trip-purpose inference, which are the focus of this
study.

3. Methodology
3.1. LLM prediction and embedding primitives

Large language models (LLMs) are neural network-based architec-
tures designed to process and generate human language text. Recent
LLMs are usually built upon the transformer architecture. This archi-
tecture employs a deep neural network with self-attention mechanisms,
allowing for the modeling of long-range dependencies in sequences of
text. The size and scale of LLMs have grown exponentially, with models
containing hundreds of millions or even billions of parameters. The
increase in model size directly correlates with improved performance
on various NLP tasks.

Pre-training is a crucial phase in the development of LLMs, where
the model is exposed to massive amounts of text data to learn the
statistical properties of language, including grammar, semantics, and
world knowledge. The primary objective of pre-training is to train the
model to predict the next word in a sentence or sequence of words.
This task, known as language modeling, allows the model to capture the
statistical regularities and contextual dependencies within the training
data. Note that different LLMs (e.g., BERT and GPT) may have different
pre-training tasks. In this study, we introduce the pre-training based on
GPT’s framework for unsupervised multitask learning (Radford et al.,
2019). The objective of pre-training can be expressed as:

"u
0" = arg max Z Zlog]P (wl(.") | w(]"),w(zu),
uel i=1

w,:0) €]
where U is the training corpus, u indexes a text sequence in the corpus,
n, is the length of sequence u, and w™ is the ith token of that sequence.

i

Given the trained parameter 6*, we can use the model to generate
answers for various tasks:

s* = argmax P(s | (Input, Task); 6%) 2
s

where s* is the output sequence with the largest probability (or rel-
atively large probability depending on the searching algorithm and
degree of randomness). s* is generated word by word until the “[End]”
token is found. For example, asking the LLM to solve an addition
problem can be expressed as

“The answer is 28 [End]” = arg max P(s | “What is 3+25? [End]”; 6%)
s

3

In the real-world implementation, the “[End]” token will be automati-
cally added to the input sequence and will not be displayed at the end
of the output sequence.

Besides generating text sequences, LLMs can also be used to obtain
text embeddings from the internal layers before the final text-output
layer. Specifically, denote the embedding model as f(-;0%). Then the
text embedding (denoted as h) for the input task can be obtained as:

C)

h € RY is usually used as a feature representation for downstream
supervised learning tasks. Its dimension H depends on the specific
LLM architecture. Because LLMs are pretrained on large and heteroge-
neous corpora, h may improve prediction performance when only small
training samples are available.

h = f ((Input, Task); 6*)

3.2. Conceptual framework

Because LLMs provide a generalized multitask solver, they can be
used as predictors for travel behavior. The central organizing principle
of this paper is data availability: different transportation agencies and
research settings have different amounts of labeled local data. We there-
fore consider three LLM-based prediction modes along a supervision
spectrum. At one end, a zero-shot direct-prediction mode uses no task-
specific labels and relies on a hand-crafted prompt. With a small labeled
budget, a textual-gradient optimizer learns the prompt automatically.
Finally, when a supervised training set is available, LLM embeddings
can be used as high-level features in conventional predictive models.
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Your task is to predict a person's travel mode choice from Train, Car, and Swissmetro based on travel time,
travel cost information of each mode, and the person's attributes.

Your task is to predict a person's travel purpose from Commute, Entertainment, and Others based on origin,
destination, trip departure time, travel mode, and the person's attributes.

Fig. 2. Example prompts for task descriptions.

The “(Input, Task)” in Eq. (2) is referred to as a prompt. In this
study, prompts are constructed in two ways. The hand-crafted prompt
includes (1) task descriptions, (2) structural data, (3) descriptive data,
and (4) reasoning guidance with domain knowledge (Section 3.3).
Because this design requires expert effort and can embed manual
reasoning cues, we also introduce an automatic alternative that learns
the prompt from a small labeled budget (Section 3.4).

The overall framework of LLM-based travel behavior prediction is
shown in Fig. 1, using a travel mode choice task and a trip purpose
prediction task as illustration examples. The input information (avail-
able alternatives, travel characteristics, and social demographics) is
first organized and embedded into a prompt. As shown in the middle
of the figure, the prompt can be obtained by two prompt-engineering
methods: (i) an expert hand-crafted prompt that encodes domain knowl-
edge and reasoning guidance (Section 3.3), or (ii) an automatically
learned prompt produced by textual-gradient optimization from a small
labeled budget (Section 3.4). Both methods yield a prompt that is fed
into the same LLM. Depending on how the LLM output is used, we
obtain two prediction frameworks: Framework 1 directly generates the
predicted behavior together with its supporting reasons (no supervised
training step is needed), whereas Framework 2 uses the LLM’s prompt
embedding as a feature vector for a downstream supervised model
(Section 3.5).

After processing by the LLM, the output is used in one of two
ways. For direct prediction, a text-generation LLM returns both the
predicted behavior and a natural-language reason. For embedding-
based prediction, a text-embedding model (OpenAl, 2024b) maps each
sample n to a hidden vector h,; a supervised model is then trained on
these vectors and used to predict the travel behavior label.

3.3. Zero-shot direct prediction with hand-crafted prompts

Building upon existing prompting strategies, we carefully develop
context-inclusive prompts that incorporate relevant contextual infor-
mation to enhance travel behavior prediction. Detailed components are
described as follows.

3.3.1. Task description

The task in this study is travel behavior prediction, which may
include travel mode choice, trip purpose, departure time, duration,
destination, and related outcomes. In the task description, we specify
the available options and the input information provided to the model.
Example prompts are shown in Fig. 2.

3.3.2. Structural data

People’s travel behavior is strongly influenced by travel charac-
teristics, such as origin, destination, travel time, and travel cost. The
prompts should include this information in a concise and organized
way. In this study, we use a dictionary format to organize the travel
characteristics. Examples are shown in Fig. 3.

3.3.3. Descriptive data

Individual attributes may also affect people’s travel behavior. This
information is included in a descriptive way (instead of using dummy
binary variables as typical mathematical models). Examples are shown
in Fig. 4.

3.3.4. Reasoning guidance with domain knowledge

The ability of LLMs to perform complex reasoning can be improved
by designing prompts with strategies such as chain-of-thought (Wei
et al.,, 2022a) and plan-to-solve prompting (Wang et al., 2023a). The
essential idea is to guide LLMs on how to use the given information.
This guidance is especially important when using LLMs to predict
travel behavior without any task-specific training data. The prompts
should include task-relevant domain knowledge and common behav-
ioral considerations. The example of travel mode choice is shown in
Fig. 5.

The first three aspects are domain knowledge. This can be cus-
tomized based on input features and the specific task. The last para-
graph is used to guide LLMs for numerical comparison. It is known
that arithmetic and symbolic reasoning are challenging tasks for LLMs
without well-designed prompts (Rae et al., 2021). Even for a simple task
like providing LLMs with three numbers A, B, and C, and asking them
to sort the numbers, LLMs can make many mistakes (this problem may
be mitigated with more advanced LLMs). Therefore, we add the last
paragraph, telling LLMs which mode has the lowest travel time or travel
cost, and how large the relative differences are. Experiments show
that this tends to be an effective way to enable LLMs for arithmetic
reasoning in this context.

3.3.5. Interpretation and output

The last part of the prompt specifies the LLM output. We ask the
model to return both a prediction and a short reason supporting that
prediction. The reason makes the output auditable and helps diagnose
whether the model is using the intended information. Asking for an
explanation may also encourage more structured reasoning, similar
to plan-to-solve prompting (Wang et al., 2023a), where explicitly re-
questing intermediate calculation steps can improve performance. The
example prompt for travel behavior prediction is shown in Fig. 6. We
also specify a JSON-style output format so that predictions and reasons
can be extracted consistently.

3.3.6. Summary

An example of the final prompt is shown in Fig. 7. The sequence
for different components is reorganized. It is worth noting that we do
not include any training data information in the prompt (i.e., zero-
shot), which allows the model to be used in any new context for travel
behavior prediction.

3.4. Textual-gradient prompt optimization

The zero-shot framework in Section 3.3 relies on a hand-crafted
prompt: a domain expert manually specifies reasoning-guidance cues
(e.g., which mode has the lowest cost and the associated percentage
savings) and the decision heuristics. While effective, this design has
three drawbacks that were also raised in review. First, it requires
substantial expert effort and must be re-engineered for each new task
or context. Second, injecting precomputed cues (such as the lowest-cost
mode and savings percentages) blurs the line between the LLM’s rea-
soning and human feature engineering, making it difficult to attribute
performance to the model itself. Third, prompt performance is known to
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Example 1: Travel mode choice

The travel time and cost for each mode is expressed as the following dictionary format: {Travel time:
{Train: 202, Car: 160, Swissmetro: 97}, Travel cost: {Train: 108, Car: 136, Swissmetro: 140}}

Example 2: Travel purpose

The trip information is expressed as the following dictionary format: {Origin: Home, Destination: Office,
Departure time: 8:00 AM, Travel mode: Train}

Fig. 3. Example prompts for including travel characteristics.

The person is not a current Train user. He/She does not own the Train annual pass. ]

The person is a 32-year-old woman. She has a full-time job as a designer. Her office is in the CBD area. ]

Fig. 4. Example prompts for individual attributes.

Please consider the following aspects: ‘\\\
1. People are more likely to choose a travel mode with less travel cost and travel time, especially those
with significant cost or time saving. The trade off between time and cost can be quantified using value of
time.

2. Regular Train users may prefer to use Train.

3. Owners of Train annual pass are more likely to choose Train.

Swissmetro has the lowest travel time. Choosing it will save 39% travel time compared to Car and save 52%
travel time compared to Train. Train has the lowest travel cost. Choosing it will save 21% travel cost
\\iimpared to Car and save 23% travel cost compared to Swissmetro. 4//

Fig. 5. Example prompts for reasoning guidance with domain knowledge.

|
I
Please infer what is the mostly likely travel mode that the person will choose. Organize your answer in a
JSON object with two keys: "prediction" (the predicted travel mode) and "reason" (explanation that
supports your inference).

Example 1: Travel mode choice

Fig. 6. Example prompts for interpretation and output.

Example 1: Travel mode choice N

. Your task is to predict a person's travel mode choice from Train, Car, and Swissmetro based on travel
time, travel cost information of each mode, and the person's attributes.

The travel time and cost for each mode is expressed as the following dictionary format: {Travel time:
{Train: 202, Car: 160, Swissmetro: 97}, Travel cost: {Train: 108, Car: 136, Swissmetro: 140}}

. Swissmetro has the lowest travel time. Choosing it will save 39% travel time compared to Car and save
52% travel time compared to Train. Train has the lowest travel cost. Choosing it will save 21% travel cost
compared to Car and save 23% travel cost compared to Swissmetro.

. The person is not a regular Train user. He/She does not own the Train annual pass.

| Please infer what is the mostly likely travel mode that the person will choose. Organize your answer in
a JSON object with two keys: “"prediction” (the predicted travel mode) and “"reason" (explanation that
supports your inference).

. Please consider the following aspects:

1. People are more likely to choose a travel mode with less travel cost and travel time, especially those
with significant cost or time saving. The trade off between time and cost can be quantified using value of
time.

2. Regular Train users may prefer to use Train.

3. Owners of Train annual pass are more likely to choose Train.

. J

Fig. 7. Example complete prompts for travel behavior prediction.
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be sensitive to wording, so a single hand-written prompt may be neither
optimal nor robust. To address these issues, we propose a method that
learns the prompt automatically from a small labeled budget, rather
than hand-crafting it.

Our approach adapts the idea of textual-gradient prompt optimiza-
tion (Pryzant et al., 2023; Yuksekgonul et al., 2024) to travel behavior
prediction. The key insight is to treat prompt optimization as an
analogue of gradient descent, but in the space of natural-language
text instead of continuous parameters. We denote a pretrained LLM
by LLM,, where 6 collects its (frozen) parameters and a superscript
indicates the role the model plays in the loop—a predictor LLMgpred,
a critic LLMycriic, and an editor LLMgea: (these can be the same or
different underlying models). Let p denote an instruction prompt and
let LLM_prea(p, x) be the prediction of the predictor LLM for input x
under prompt p. Given a small labeled set B = {(x;,y;)} ,.'; . (the entire
supervision budget), the empirical prediction loss of a prompt is

=% Y 1[LLMpnea(p.x) # ] . ®)
B (x;,y;)EB

Because L(p) is not differentiable with respect to the text p, we replace
the numerical gradient with a textual gradient: a natural-language cri-
tique of why the current prompt produces errors. Concretely, we collect
the misclassified examples £(p) = {(x;,y;,) € B : LLMgprea(p, X;) # ¥;}
and query a critic LLMcriic to summarize what the prompt is missing
or misleading,

6 = LLMcritic (p, £(P)) » ©)

where § is the textual gradient (e.g., “the prompt does not tell the
model to weigh the travel time-cost trade-off, nor to account for
habitual train use”). An editor LLMk4« then performs the gradient step,
rewriting the prompt in the direction indicated by the critique,

P = LLMkdi (p, 6) , )

under the constraint that the rewrite stay general and not reference
specific data points or reveal answers. To reduce the variance of this
stochastic update and avoid local optima, we generate m candidate
edits per prompt and retain the best k prompts (a beam) ranked by
their accuracy on B. The procedure iterates for T steps and returns
the best prompt found. Crucially, the same budget B is used both to
compute the textual gradient and to select among candidates, so the
method consumes only B labeled examples in total. The full procedure
is summarized in Algorithm 1; a concrete optimization step taken from
our experiments is shown in Fig. 8.

Algorithm 1 Textual-gradient prompt optimization

Require: minimal prompt p,; labeled budget B = {(x;,y,)} l_‘; \; steps T}
beam width k; candidates per prompt m; predictor LLMgpred, critic
LLMgcmic, editor LLMGEdn

1: P < {py} > initialize beam

2: fort=1,...,T do

3: C<7P > elitism: keep current prompts

4: for pe P do

5: E(p) < {(x;,y;) € B : LLMyprea (p, x;) # ¥;} > errors on the
budget

6: if £(p) # @ then

7: 6 < LLMcritc (p, £(p)) > textual gradient

8: C « CU{LLMgeau (p, 5)V, ..., LLMkai (p, )™} 1> gradient
step

9: P « top-k prompts in C by accuracy on B > beam selection

10: return argmax,p (1 — £(p))

To make the procedure concrete, Fig. 8 shows one real optimization
step from our Swissmetro experiments (gpt-4o-mini, B = 100). Starting
from the minimal prompt p, which merely states the task, the predictor
mislabels several budget examples (e.g., predicting Swissmetro when
the true choice is Car). The critic LLM turns these errors into a textual
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gradient 5—a natural-language critique observing that the prompt fails
to weigh the value of time versus cost, to consider familiarity with each
mode, and to account for irregular usage patterns. The editor LLM then
rewrites the prompt accordingly, producing an optimized prompt p*
that explicitly asks the model to reason about these factors. Notably, the
optimized prompt adds general reasoning guidance rather than data-
specific cues, which distinguishes it from the hand-crafted prompt in
Section 3.3.

This method occupies a distinct point on the data-availability spec-
trum: it requires far less supervision than training a model from scratch,
yet, unlike pure zero-shot prompting, it can exploit a handful of labeled
examples to tailor the prompt to the task. In practice we optimize the
prompt using an inexpensive LLM and then deploy the resulting prompt
across models, so the optimization cost is incurred only once. Because
the learned prompt is plain text, it remains fully interpretable and can
be inspected, edited, and reused.

3.5. Embedding-based supervised prediction

Large language models (LLMs) encode semantic and contextual
information into high-dimensional embedding vectors that can be lever-
aged for downstream prediction tasks. In the context of travel be-
havior prediction, we extract an embedding h, for each sample n,
typically representing a traveler, trip record, or textual description of
the travel context. This embedding h, serves as a compact yet expres-
sive representation of the traveler’s behavioral features, preferences,
and context.

To predict the travel behavior label y, (e.g., mode choice, trip
purpose, or destination), we use h, as input to a supervised learning
model parameterized by f. Let DTTain = {(h",y,,)}:]:"fi" denote the
supervised training set, where N, is the number of labeled training
examples. The model is trained to minimize the empirical loss over this
set:

Nirain
p* =arg m}n Z ¢, (SupervisedModel(h,; B). v, ) (8
n=1

Here, 7, (-,-) denotes a sample-wise loss function that quantifies the
discrepancy between the predicted and true labels. For classification
tasks, ¢, is typically the cross-entropy loss, while for regression tasks,
it may be the mean squared error or other appropriate metrics.

This approach decouples representation learning (handled by the
LLM) from the prediction model, allowing flexibility in choosing down-
stream models, such as logistic regression, random forests, gradient
boosting machines, or neural networks, based on task-specific require-
ments and computational considerations. Notably, the use of h, as input
enables generalization across diverse travel contexts, especially when
the embeddings capture high-level behavioral semantics informed by
large-scale pretraining.

3.6. Diagnostic methodology for memorization and explanations

We explicitly test whether strong direct-prompting performance
comes from reasoning over the provided traveler and trip attributes
or from memorizing familiar dataset patterns. The diagnostic idea is
simple: if an LLM is reasoning from the input, its prediction should
change when we make a different alternative clearly dominant, and it
should remain stable when we change only superficial numeric values
while preserving the same relative decision structure. Let D¢ be a
diagnostic set and let A denote the set of feasible labels or alternatives.
Since the prompt contains the full task description and the sample-
specific information, we write p(x,) as the complete prompt constructed
for observation x, € DP*2, For a predictor LLM with parameters 6, the
direct prediction is

Fo(p(x,)) = LLMF™ (p(x,)) . ©
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o Minimal prompt p
Predict a person’s travel mode choice among Train, Car, and
Swissmetro from the information provided. Travel time (min): {Train:

125, Car: 96, Swissmetro: 44}.. Travel cost: {Train: 48, Car: 56,
Swissmetro: 50}. Not a regular Train user; no Train annual pass

predictor LLM 4prea makes predictions on budget B

y

e A mis-predicted example (from the budget)

Predicted: Swissmetro (wrong) Correct: Car

Reason: shortest travel time and competitive cost, so the predictor
overemphasizes time savings.

critic LLM ycritic = textual gradient §

9 Textual gradient 6 (natural-language critique)

- The prompt is too simplistic.
- It does not emphasize the trade-off between travel time and cost.
- It ignores familiarity with each mode and irregular usage patterns.

Repeat T times

The model needs guidance on how to weigh these factors.

editor LLM yraic applies & mtimes

v

Q Optimized prompt p*

1) LLMgkdit generate m candidate

and cost, ... decision, ...

L J
Y
original prompt + m candidate rewrites

2) evaluate on budget B

rewrites based on & (accuracy/score) (e.g., k=2)
Original Rewrite 1 Rewritem | — | 0-42 Rewrite m
prompt p Focus on Incorporate (score 0.81)
(minimal the trade time, cost, — 0.78
prompt) off . familiarity, L

i —
bett.ween and |rr_egu|ar top-k
ime usage in your Rewrite 1

3) keep top-k prompts

(score 0.78)

Fig. 8. Example textual-gradient optimization step.

The first diagnostic is a dominance probe. For each alternative a €
A, define a counterfactual transformation T§°m(~) that makes alterna-
tive a unambiguously preferable according to task-relevant observable
attributes while keeping the rest of the input unchanged. A model
that reasons from the supplied attributes should switch to the made-
dominant alternative. We measure

: > X BT ) =a] . (10)

DomAcc(p,0) = ——
D
|DPiag || A| ey

To inspect which alternatives drive this aggregate result, we also report
the alternative-specific dominance accuracy

LS 1[5 (p(TE ) =d], aed AD

DomAcc,(p,0) = ———
Diag .
ID l x,€DPiag

The second diagnostic is an order-preserving transformation probe.
Let T°9(.) denote a transformation that changes surface numerical
values while preserving the relative structure that should determine the
decision, such as the ordering or trade-off pattern among alternatives.
Memorization of exact records would make predictions sensitive to
these value changes; reasoning over the input structure should preserve
the original prediction. We report the agreement

OrdAgree(p.0) = —— 3 1[55(p(T™(x,)) = 3 (p(x)] . (12)
| DPiag | e

We also diagnose explanation reliability. Let #y(p(x,)) be the natural-

language reason generated together with the prediction, and let C

(Po(p(x,))) be the set of factual claims in the reason that can be checked

against x,. For each claim ¢ € C(?y(p(x,))), define a verifier v(c,x,) €
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Case-study tasks used in the unified evaluation.

Transportation Research Interdisciplinary Perspectives 38 (2026) 102124

Dataset Prediction task

Choice labels

Primary input information

Swissmetro Mode choice

London LPMC Mode choice

NHTS Trip purpose

Train, Car, Swissmetro

Walk, Cycle, Public
transport, Drive
Working, Shopping,
Social, Others

Alternative travel time/cost
and traveler attributes

Trip attributes and traveler
attributes

Household, person, trip
timing, trip duration, and
travel mode attributes

{1,0,—1} as follows: v(c,x,) = 1 if ¢ is directly supported by the
attributes in x,; v(c,x,) = 0 if ¢ cannot be verified from the available
attributes in x,; and v(c, x,) = —1 if ¢ contradicts the attributes in x,,.
We then summarize factual consistency and contradiction as

Zx,,eDDiﬂg Zfec(fe(l’(xn))) 1[v(e, x,) = 1]
Zx,,eDDiﬂg [C(Fo(p(x, )

2, DD Dcec(y i, Lve, x,) = —1]
2. epviee [CPo(p(x,))]

These diagnostics do not prove causal reasoning in a philosophical
sense. They directly test the empirical distinction needed in this pa-
per: whether the LLM’s prediction and rationale are grounded in the
supplied attributes or in memorized surface records.

Cons = , (13)

Contr =

14

4. Case study
4.1. Evaluation design

The empirical study follows the same data-availability logic as the
methodology. We evaluate three travel-behavior prediction tasks in
parallel: Swissmetro mode choice, London mode choice, and NHTS
trip-purpose prediction. This design compares how each model-method
combination behaves across tasks as the labeled-data budget changes.
We then use the combined results table to discuss label efficiency, cross-
dataset consistency, prompt learning, and embedding-based feature
augmentation. Finally, we report diagnostic analyses on prompt trans-
ferability, possible data contamination, and explanation reliability.

4.1.1. Datasets

The first mode-choice task uses the Swissmetro stated-preference
survey dataset (Bierlaire et al., 2001). The survey analyzes the poten-
tial adoption of Swissmetro, a proposed maglev underground system,
relative to car and train. The data contain 1004 individuals and 9036
responses, with travelers choosing among train, car, and Swissmetro
under different travel-time, travel-cost, and traveler-attribute condi-
tions. The second mode-choice task uses the London Passenger Mode
Choice (LPMC) survey (Hillel et al., 2018), with four alternatives: walk,
cycle, public transport, and drive. The third task uses the 2017 U.S.
National Household Travel Survey (NHTS), which records daily trips,
socio-demographic features, and trip purposes. We group trip purpose
into four categories: working, shopping, social, and others. Table 1
summarizes the three tasks.

For each dataset, we use balanced sampling to construct labeled
training subsets of three sizes — a labeled-data budget of B € {10, 100,
1000} examples — together with a fixed test set of 200 examples.
Balanced sampling preserves the class proportions in each labeled
subset. To enable a fair, budget-matched comparison across methods,
all methods that consume labeled data (the supervised benchmarks and
the textual-gradient prompt optimizer) receive the same sampled subset
at each budget and are evaluated on the same held-out test set. For
the textual-gradient method, the budget B is used both to compute
the textual gradient and to select prompts (Section 3.4), so its total
supervision equals B. Results are averaged over 5 random samples
(seeds), and we report the mean and standard deviation.

Tables 2-4 report detailed summaries for the Swissmetro, London
LPMC, and NHTS feature sets.

Table 2

Swissmetro training and testing data statistics.
Features Mean Std Min Max
Train travel time (min) 161.2 77.3 31 1049
Train cost (Swiss franc) 87.4 65.1 8 576
Car travel time (min) 138.7 96.8 32 1560
Car cost (Swiss franc) 86.9 46.9 8 520
Swissmetro travel time (min) 85.7 53.5 8 790
Swissmetro cost (Swiss franc) 108.3 82.7 11 768
Regular train user (Yes = 1) 0.35 0.48 0 1
Own train annual pass (Yes = 1) 0.13 0.34 0 1

Table 3

London LPMC training and testing data statistics.
Features Mean Std Min Max
Trip distance (m) 4605.3 4782.4 77.0 40941.0
Walking travel time (h) 1.129 1.118 0.025 9.278
Cycling travel time (h) 0.362 0.352 0.006 3.052
Public transport access time (h) 0.160 0.092 0.000 1.189
Public transport rail time (h) 0.090 0.177 0.000 1.467
Public transport bus time (h) 0.172 0.190 0.000 2.147
Public transport interchange time (h) 0.044 0.078 0.000 0.865
Public transport interchanges 0.369 0.619 0.000 4.000
Driving travel time (h) 0.282 0.252 0.000 2.061
Transit fare (pounds) 1.563 1.535 0.000 13.490
Driving fuel cost (pounds) 0.832 0.823 0.000 10.090
Driving congestion charge (pounds) 1.071 3.178 0.000 10.500
Driving traffic delay share 0.336 0.201 0.000 1.250
Age 39.5 19.2 5.0 99.0
Female (Yes = 1) 0.526 0.499 0.000 1.000
Driving license (Yes = 1) 0.617 0.486 0.000 1.000
Car ownership 0.981 0.752 0.000 2.000

Table 4

NHTS training and testing data statistics.
Features Mean Std Min Max
With child (Yes = 1) 0.39 0.49 0 1
Primary activity last week is work (Yes = 1) 0.89 0.31 0 1
Trip duration less than 10 min (Yes = 1) 0.39 0.48 0 1
Trip duration greater than 25 min (Yes = 1) 0.28 0.45 0 1
Travel mode is walk/bike (Yes = 1) 0.08 0.27 0 1
Travel mode is drive (Yes = 1) 0.90 0.31 0 1
Travel mode is taxi/rideshare (Yes = 1) 0.00 0.07 0 1
Travel mode is transit (Yes = 1) 0.01 0.12 0 1
Travel on weekends (Yes = 1) 0.24 0.43 0 1
Only one person in trip (Yes = 1) 0.59 0.49 0 1

4.1.2. Compared methods and implementation

We compare the LLM-based methods with four benchmark models:
multinomial logit (MNL), random forest (RF), neural networks (NNs),
and TabPFN (Hollmann et al., 2023, 2025). MNL is the canonical travel
behavior prediction model, while random forests and neural networks
are widely used machine-learning baselines for mode-choice prediction
(Wang et al., 2024c; Kamkar et al., 2025; Abulibdeh, 2023). TabPFN is
a transformer pre-trained on large collections of synthetic tabular tasks;
it performs in-context tabular classification without per-task gradient
training and is currently among the strongest small-data baselines. It is
therefore a demanding comparator in the low-data regime and a useful
analogue to the LLM setting: both TabPFN and LLMs bring a pre-trained
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Table 5
Prompt-generation comparison.
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Dataset LLM configuration Budget Minimal Hand-crafted Text-gradient
(predict / critic / edit)
Predict/critic/edit: B=10 0.432 +0.023 0.586 + 0.052 0.576 +0.029 (1 33.3%)
. GPT-3.5-turbo B=100  0.432+0.023 0.586 + 0.052 0.559 +0.036 (1 29.4%)
Swissmetro
Predict/critic/edit: B=10 0.547 +0.037 0.520 + 0.047 0.562 +0.050 (1 2.7%)
GPT-40-mini B =100 0.547 £ 0.037 0.520 + 0.047 0.592 +0.042 (1 8.2%)
Predict/critic/edit: B =10 0.343 £0.024 0.433 +0.029 0.401 +0.051 (1 16.9%)
. - = 0,
London LPMC GPT-3.5-turbo B =100 0.343 +£0.024 0.433 +0.029 0.440 +0.018 (1 28.3%)
Predict/critic/edit: B =10 0.403 +£0.011 0.376 +0.013 0.392 +0.031 (I 2.7%)
GPT-40-mini B =100 0.403 +£0.011 0.376 +0.013 0.407 +0.058 (1 1.0%)
Predict/critic/edit: B =10 0.363 +0.012 0.362 + 0.024 0.350 +£0.026 (I 3.6%)
NHTS GPT-3.5-turbo B =100 0.363 +0.012 0.362 + 0.024 0.377 +£0.021 (1 3.9%)
Predict/critic/edit: B=10 0.373 +£0.013 0.361 +0.022 0.369 +0.016 (| 1.1%)
GPT-40-mini B =100 0.373 +0.013 0.361 +0.022 0.362 +0.027 (I 2.9%)

prior to a new prediction task, but they differ in whether the prior is
tabular or language-based.

The LLM experiments use GPT-3.5 (gpt-3.5-turbo-1106), GPT-4
(gpt-4-turbo-2024-04-09), GPT-40, GPT-40-mini, Llama 3.1 8B, and
Llama 3.1 70B, depending on the analysis. The final prompts used for
the case studies are reported in Appendix A. We set the temperature to
0 to reduce output randomness. The supervised baselines are trained
and tuned separately for each budget-specific training split, using only
the training data. For MNL, model coefficients are estimated on the
corresponding budget split; in the sklearn multinomial-logistic imple-
mentation used for London LPMC and NHTS, the inverse regularization
strength is selected from C € {0.1, 1,10} by stratified cross-validation,
while the Swissmetro MNL uses the specified utility model estimated by
maximum likelihood. For RF, we tune the number of trees, maximum
depth, and minimum leaf size; for NN, we tune the hidden-layer
structure, L, penalty, and learning rate. Grid search uses up to three
stratified folds, capped by the smallest class count in the budget sample.
TabPFN uses its standard in-context classification setting. The em-
bedding experiments use text-embedding-3-small on the same
prompt-style input text used for direct prediction; the native 1536-
dimensional embeddings are standardized before fitting the MNL, RF,
and NN heads, and no dimensionality reduction is applied. For the
textual-gradient optimizer, we use T = 6 optimization steps, a beam
width of k = 2, and m = 2 candidate edits per step. In the prompt-
generation analysis, the predictor, critic, and editor LLMs are set either
to GPT-3.5-turbo or to GPT-4o0-mini; the optimized prompt is then
evaluated either with the same predictor LLM or transferred to other
predictor LLMs.

4.2. Results

4.2.1. Prompt generation by textual gradients

We first isolate the prompt-generation question before comparing
LLMs with non-LLM baselines. The purpose of textual-gradient opti-
mization is to replace the expert hand-crafted prompt with a prompt
learned from a small labeled budget. Table 5 therefore compares three
prompt designs across the case-study tasks: a minimal prompt with
no expert reasoning cues, the expert hand-crafted prompt, and the
learned prompt produced by textual-gradient optimization. We report
the predictor-critic-editor configurations available in the experiments
at budgets B = 10 and B = 100. Minimal and hand-crafted prompts
use no labeled examples, so their values are repeated across bud-
get rows. The percentages in parentheses report the textual-gradient
change relative to the minimal prompt; green upward arrows indicate
improvement and red downward arrows indicate decrease.

The results show that textual-gradient optimization can recover
competitive prompts without manually injected numerical cues, but its
gains are task-dependent. On Swissmetro, the learned prompt improves
over the minimal prompt for both GPT-3.5-turbo and GPT-40-mini. For

GPT-3.5-turbo, the minimal prompt performs poorly (0.432), while the
learned prompt reaches 0.576 at B = 10, essentially matching the
expert hand-crafted prompt. For GPT-40-mini, textual-gradient opti-
mization improves over both the minimal and hand-crafted prompts,
reaching 0.592 at B = 100. The newly completed GPT-3.5 runs for
London LPMC and NHTS show a similar pattern when the starting
prompt is weak: on London, textual-gradient optimization raises GPT-
3.5 from 0.343 to 0.440 at B = 100, slightly exceeding the expert
prompt (0.433); on NHTS, all GPT-3.5 prompt variants are closer, but
the learned prompt is best at B = 100 (0.377). In contrast, for GPT-4o-
mini the minimal prompts are already strong on London and NHTS,
so the learned prompt is close to the minimal prompt rather than
consistently better. This supports a more precise methodological claim:
learned prompts can achieve performance comparable to expert hand-
crafted prompts while avoiding hard-coded lowest-cost, lowest-time,
and percentage-savings statements, and the largest gains appear when
the starting prompt leaves room for improvement.

Table 6 compares the prompt content for one task, Swissmetro
mode choice. The minimal prompt mainly states the prediction task
and provides the raw travel attributes. The hand-crafted prompt adds
expert domain knowledge and per-observation computed cues, includ-
ing which mode has the lowest time or cost and the corresponding
percentage savings. The textual-gradient prompt instead learns general
behavioral principles. A representative optimized prompt states: “Your
task is to analyze and predict an individual’s travel mode choice among
Train, Car, and Swissmetro, taking into account various influencing fac-
tors such as familiarity with each mode, the perceived trade-offs between
time and cost, and any irregular usage patterns that may affect their
decision-making process. Consider how these elements interact to shape their
preferences and choices in travel”. Thus, the learned prompt recovers the
same broad concepts as the expert prompt — habitual mode use and
the time-cost trade-off — but does not encode row-specific arithmetic
cues.

4.2.2. Prompt transferability across predictor LLMs

The previous subsection evaluates prompt optimization when the
same LLM is used as predictor, critic, and editor. We next ask whether
a prompt optimized with one predictor—critic—editor configuration re-
mains useful when deployed with another predictor LLMg‘ed. Table 7
focuses on deployment predictor LLMs that are not already shown as
prompt-generation configurations in Table 5, and separates results by
the LLM configuration that produced the textual-gradient prompt.

The transfer results show that textual-gradient prompts remain
useful when deployed with larger GPT-family predictors, but they do
not uniformly dominate fixed prompts. On Swissmetro, both GPT-
3.5- and GPT-40-mini-sourced prompts improve over the minimal and
hand-crafted prompts for GPT-4-turbo and GPT-40. On London, GPT-
4o is already strong with fixed prompts, while the transferred GPT-
4o0-mini prompt remains competitive (0.499). On NHTS, the hand-
crafted prompt is strongest for both GPT-4-turbo and GPT-40, while
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Table 6
Swissmetro prompt-design comparison.
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Prompt design Main content

Interpretation

Minimal prompt

States the task, available alternatives, travel time
and cost, and traveler attributes.

Measures the LLM’s unaided reasoning
from the raw prompt representation.

Expert hand-crafted
prompt

and percentage savings.

Adds domain rules about cost, time, value of time,
regular train use, and annual-pass ownership; also
includes per-row lowest-time/lowest-cost modes

Strong but manually engineered; part of
the reasoning is supplied by the
researcher.

Textual-gradient

Adds general learned guidance about familiarity

Competitive with the hand-crafted

prompt with each mode, time—cost trade-offs, and irregular prompt while replacing manual cues
usage patterns. with data-driven natural-language
guidance.
Table 7

Prompt transfer to additional predictor LLMs.

Dataset Direct predict LLM Minimal Hand-crafted Text-grad from GPT-3.5 Text-grad from GPT-4o0-mini
Swissmetro GPT-4-turbo 0.565 +0.043 0.569 + 0.040 0.583 +0.031 0.583 +0.035
GPT-40 0.561 +0.023 0.558 +0.044 0.579 +0.032 0.575 £ 0.026
London LPMC GPT-4-turbo 0.413 £0.032 0.433 £0.016 0.441 £ 0.040 0.440 £ 0.034
GPT-40 0.501 +0.046 0.497 +0.039 0.483 +0.068 0.499 +0.042
NHTS GPT-4-turbo 0.364 +£0.015 0.397 £0.018 0.380+0.016 0.358 £0.015
GPT-40 0.368 +0.010 0.426 + 0.026 0.366 + 0.024 0.375+£0.013

the GPT-3.5-sourced textual-gradient prompt improves GPT-4-turbo
over the minimal baseline (0.364 to 0.380). Overall, the table sup-
ports prompt transferability as a useful option, especially when the
transferred prompt captures task structure not fully expressed in a
minimal prompt, while also showing that expert prompts can remain
competitive on some tasks.

4.2.3. Budget-matched model comparison

We now compare prediction frameworks under the same labeled-
data budget. Table 8 reorganizes the evidence by budget: B = 0
corresponds to direct LLM prediction without supervised learning, B =
10 and B = 100 include textual-gradient prompt optimization and
supervised baselines trained on the same number of examples, and
B = 1000 reports only the supervised and tabular baselines. This scope
reflects both the methodological purpose and the computational cost of
the LLM-based procedures. Textual-gradient optimization is intended
for the scarce-label regime; extending it to B = 1000 would require
many additional predictor, critic, and editor API calls across seeds,
datasets, candidate edits, and optimization steps, making the run time
and API cost disproportionate to the main question of label efficiency.

To compare the LLM-as-direct-predictor framework against the su-
pervised baselines, the “Direct LLM” rows report the best-performing
LLM configuration at each budget (the underlying model and prompt
are listed in the table footnote); gray cells mark the best method within
each budget block. The comparison shows a cross-over rather than
universal LLM dominance. At B = 10, the best direct-LLM configuration
is the top method on all three tasks, exceeding every supervised and
tabular baseline—consistent with the LLM prior being most valuable
when labels are scarce. At B = 100 the picture is mixed: direct LLM
remains best on Swissmetro (0.592), whereas MNL becomes strongest
on London (0.512) and NHTS (0.407). At B = 1000, the conventional
supervised and tabular models dominate because they can exploit the
larger labeled sample, whereas prompt optimization is no longer the
natural tool. No single LLM is uniformly best across tasks: GPT-3.5-
turbo and the small, recent GPT-40-mini account for most of the best
direct-LLM entries.

The analysis in Appendix B tests these differences with paired
McNemar exact tests on the same test samples, with Holm—-Bonferroni
correction within each dataset-budget family. The statistical results
sharpen the budget-dependent interpretation. On Swissmetro at B =
10, the textual-gradient direct LLM is significantly better than every

10

comparator, including the minimal prompt, the hand-crafted prompt,
TabPFN, MNL, RF, and NN. At B = 100, however, its Swissmetro advan-
tage is no longer significant relative to the minimal prompt, TabPFN,
or MNL, although it remains significant relative to the hand-crafted
prompt and the weaker RF/NN baselines. On London at B = 100, the di-
rection is reversed: TabPFN, MNL, RF, and NN significantly outperform
the textual-gradient LLM. On NHTS, almost all pairwise differences are
not significant after correction. Thus, the significance analysis supports
the main conclusion that the LLM advantage is strongest in the scarce-
label regime and should not be generalized as uniform dominance
across tasks or budgets.

4.2.4. Direct prompts versus hidden-feature prediction

Finally, we compare the two LLM-based prediction frameworks:
using the LLM as a direct text predictor versus using LLM hidden
representations as features for a supervised model. Table 9 reports the
unified embedding sweep using text-embedding-3-small and supervised
MNL, random forest, and neural-network heads under the same labeled
budgets. We restrict this comparison to B = 10 and B = 100, where
LLM-based methods are most relevant; extending the embedding sweep
to B = 1000 would require embedding thousands of additional training
records across datasets, seeds, and model heads, producing a large
number of API calls and substantially longer run time.

The embedding sweep clarifies that hidden-feature prediction is
useful but not uniformly superior to direct prompting in the scarce-
label regime. At B = 10, direct prompt prediction is stronger on all
three tasks, consistent with the idea that the LLM’s internal prior is
especially valuable when only a handful of labels are available. At
B = 100, embedding-based heads become more competitive on London
and NHTS, where the neural-network and random-forest heads slightly
exceed or match the direct textual-gradient prompt, but they still lag
behind the direct prompt on Swissmetro. Thus, direct prompting is
the more label-efficient LLM framework at very small budgets, while
embedding features become a reasonable supervised alternative as the
labeled budget grows.

4.2.5. Robustness and explanation diagnostics

We use the diagnostic tests to answer a direct question: is strong
Swissmetro zero-shot performance caused by reasoning over the given
travel attributes, or by memorization of a canonical benchmark dataset?
Following the methodology in Section 3.6, Table 10 reports DomAcc,
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Table 8

Budget-matched model comparison.
Budget Model / framework Swissmetro London LPMC NHTS
B=0 Direct LLM (best zero-shot)" 0.586 + 0.052 0.433 +0.029 0.408 +0.022
B=10 Direct LLM (best)" 0.576 + 0.029 0.401 +0.051 0.369 +0.016
B=10 TabPFN 0.488 + 0.037 0.335 +0.059 0.326 +0.045
B=10 MNL 0.455 +0.059 0.365 + 0.056 0.325+0.017
B=10 Random forest 0.452 +0.077 0.365 + 0.053 0.324 +0.033
B=10 Neural network 0.464 + 0.067 0.345 + 0.063 0.310 +£0.025
B =100 Direct LLM (best)" 0.592 + 0.042 0.499 +0.042 0.380 + 0.016
B =100 TabPFN 0.567 +0.039 0.501 +0.029 0.363 + 0.046
B =100 MNL 0.589 +0.018 0.512 + 0.028 0.407 + 0.016
B =100 Random forest 0.540 + 0.040 0.474 +0.037 0.394 £+ 0.007
B =100 Neural network 0.512 +0.052 0.459 +0.044 0.375 +0.023
B =1000 TabPFN 0.646 + 0.028 0.592 +£0.031 0.443 +£0.015
B = 1000 MNL 0.605 + 0.032 0.568 +0.037 0.445 + 0.004
B = 1000 Random forest 0.621 + 0.027 0.567 + 0.037 0.434 +0.025
B = 1000 Neural network 0.632 + 0.030 0.575 +0.030 0.428 +0.017

T“Direct LLM” reports the best-performing model and prompt per task at each budget. B=0
(hand-crafted prompt): GPT-3.5-turbo on Swissmetro and London, Llama-3.1-70B on NHTS. B=10
(textual-gradient): GPT-3.5-turbo on Swissmetro and London, GPT-4o-mini on NHTS. B=100
(textual-gradient): GPT-40-mini on Swissmetro; GPT-40 with the GPT-40-mini-discovered prompt
on London; GPT-4-turbo with the GPT-3.5-discovered prompt on NHTS. Gray cells mark the best
result within the B =10 and B = 100 comparison blocks.

Table 9
Direct prompting versus LLM embeddings.
Budget Framework Swissmetro London LPMC NHTS
B=10 Direct prompt prediction 0.562 + 0.050 0.392 +0.031 0.369 +0.016
B =10 Embedding + MNL 0.458 +0.043 0.328 +£0.032 0.314 £ 0.045
B=10 Embedding + random forest 0.448 +0.047 0.323 +£0.033 0.317 £ 0.053
B=10 Embedding + neural network 0.448 +0.030 0.316 + 0.040 0.324 +0.044
B =100 Direct prompt prediction 0.592 + 0.042 0.407 £ 0.058 0.362 + 0.027
B =100 Embedding + MNL 0.486 + 0.029 0.429 +0.034 0.354 +£0.018
B =100 Embedding + random forest 0.512 +£0.015 0.426 +0.015 0.364 +0.027
B =100 Embedding + neural network 0.490 +0.015 0.437 £ 0.025 0.364 +0.020
Table 10 Table 11
Memorization probe. Explanation faithfulness diagnostics.
Model DomAcc DomAcc, OrdAgree Model Cons Contr
GPT-4o-mini 0.879 0.94/0.85/0.85 0.875 GPT-3.5-turbo 100.0% 0.0%
GPT-3.5-turbo 0.604 0.29/0.71/0.81 0.900 GPT-4-turbo 98.6% 3.9%
. . . Llama-3.1 8B 99.7% 0.7%
DomAcc, reports Train/Car/Swissmetro. The dominance probe uses 80 held-out Llama-3.1 70B 99.3% 2.9%

Swissmetro rows and constructs one counterfactual per alternative by setting that
alternative’s travel time and cost to near-zero. The rescale probe multiplies all travel
times and costs by the same constant and reports OrdAgree.

DomAcc,, and OrdAgree: whether the model switches to an artificially
dominant mode overall and by alternative, and whether its prediction is
stable when all exact time and cost values are rescaled while preserving
their relative structure.

The high OrdAgree for both GPT-40-mini and GPT-3.5-turbo shows
that their predictions are not keyed to memorized exact Swissmetro
numeric records. GPT-40-mini also has high DomAcc, predicting the
made-dominant alternative in 87.9% of counterfactual cases, which
shows that its predictions respond to changes in the supplied attributes.
GPT-3.5-turbo is less reliable in the dominance test, especially when
Train is made dominant, indicating weaker counterfactual reasoning
rather than exact-record memorization. Overall, these diagnostics sup-
port the central interpretation that the observed performance is mainly
driven by input-sensitive reasoning over travel-time and travel-cost
structure, while still leaving open the possibility of broader pre-training
familiarity with the task domain.

We also evaluate the reliability of the natural-language explana-
tions. For each generated reason, we check factual claims that can
be verified from the inputs, including the lowest travel-time mode,
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the lowest travel-cost mode, regular train use, and annual-pass status.
Table 11 reports Cons and Contr from Section 3.6. The explanations
are largely consistent with the provided facts, but we do not treat
them as guaranteed causal explanations. Instead, they are best viewed
as auditable rationales that help diagnose when the model is using
relevant attributes and when it is attributing preferences not present
in the input.

Table 12 illustrates the same point qualitatively. In Case 1, the
LLM correctly predicts Swissmetro and gives an explanation grounded
in the input attributes. In Case 2, the prediction is wrong but the
explanation is internally reasonable. Cases 3 and 4 show the limits
of explanation-based interpretability: the model can make reasoning
mistakes or attribute an unstated preference to the traveler. These
examples motivate the systematic faithfulness diagnostics above and
support a qualified interpretation of LLM explanations.

4.2.6. Prompt sensitivity diagnostics

The prompt-generation results show that learned prompts can match
or exceed expert hand-crafted prompts, but it is still useful to under-
stand which parts of the expert prompt matter. We therefore retain
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Table 12
Example cases of using LLMs for travel mode choice prediction.

Case 1: Correct prediction and reasonable explanations

Input: {Travel time: {Train: 106, Car: 90, Swissmetro: 34}, Travel cost: {Train: 72, Car: 70, Swissmetro: 78}}.
The person is not a regular Train user. He/She does not own the Train annual pass.

Prediction: Swissmetro (MNL prediction is Car)

Actual: Swissmetro

Reason: Based on the given information, the person is not a regular Train user and does not own the Train

annual pass. Swissmetro offers the lowest travel time, saving 62% compared to Car and 68% compared
to Train. Although Car has the lowest travel cost, the significant time saving of Swissmetro makes it the
most likely choice for the person.

Case 2: Wrong prediction but reasonable explanations

Input: {Travel time: {Train: 114, Car: 96, Swissmetro: 55}, Travel cost: {Train: 82, Car: 80, Swissmetro: 105}}.
The person is not a regular Train user. He/She does not own the Train annual pass.

Prediction: Car (MNL prediction is Car)

Actual: Train

Reason: Based on the given information, the person is not a regular Train user and does not own the Train

annual pass. Considering the trade-off between travel time and cost, the person is likely to choose the
Car as it has the lowest travel cost and the difference in travel time compared to Swissmetro is not
significant enough to outweigh the cost savings.

Case 3: Wrong prediction and unreasonable explanations

Input: {Travel time: {Train: 124, Car: 96, Swissmetro: 59}, Travel cost: {Train: 83, Car: 80, Swissmetro: 133}}.
The person is a regular Train user. He/She does not own the Train annual pass.

Prediction: Train (MNL prediction is Train)

Actual: Swissmetro

Reason: The person is a regular Train user, and regular Train users prefer to use Train. Although Swissmetro has

the lowest travel time, the person’s preference for Train and the absence of a Train annual pass make it
more likely for the person to choose Train over Swissmetro. Additionally, Car has the lowest travel cost,
but the person’s regular use of Train and preference for it make it more likely for the person to choose
Train over Car despite the cost difference.

Case 4: Wrong prediction and hallucinated explanations

Input: {Travel time: {Train: 95, Car: 130, Swissmetro: 92}, Travel cost: {Train: 29, Car: 44, Swissmetro: 32}}.
The person is not a regular Train user. He/She does not own the Train annual pass.

Prediction: Swissmetro (MNL prediction is Train)

Actual: Train

Reason: Based on the given information, the person is not a regular Train user and does not own the Train

annual pass. Swissmetro has the lowest travel time, saving 29% compared to Car and 3% compared to
Train. Although Train has the lowest travel cost, the person’s attributes suggest a preference for time

saving, making Swissmetro the most likely choice.

the original ablation study on the Swissmetro mode-choice task. The
ablation keeps the same input information but changes how it is
represented:

+ Exclude reasoning guidance: We remove the sentences of “Swiss-
metro has the lowest travel time. Choosing it will save 39% travel
time compared to ...” from the prompt, which guide the LLM to
compare cost and travel time.

Exclude domain knowledge: We remove the sentences of “Please
consider the following aspects: 1. People are more likely to choose
... from the prompt, which provides domain knowledge on how
people typically make their decisions.

Change structural data to non-structural data: Instead of using
structural data as inputs (for example, {Travel time: {Train: 202,
Car: 160, Swissmetro: 97}}), we directly tell the LLM about this
information with descriptive sentences (e.g., the travel time of
train is 202 min).

As shown in Table 13, prompt design plays a markedly differ-
ent role for GPT-3.5 and GPT-4. For GPT-3.5, excluding reasoning
guidance leads to the largest performance degradation, with accuracy
dropping by 5.8%, suggesting that explicit comparative reasoning cues
are critical for this model to weigh attributes such as travel time
and cost. Changing structural data to non-structural, descriptive inputs
also decreases accuracy by 4.4%, highlighting the importance of or-
ganized input representation. In contrast, GPT-4 remains largely stable
across ablation settings, with accuracy decreases below 1% in all cases.
This robustness suggests that stronger LLMs are less dependent on
manually specified prompt components, which is consistent with the
transferability results above.
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5. Conclusion and future work

This study investigates large language models (LLMs) as data-
efficient complements to conventional travel behavior prediction meth-
ods. The paper is organized around a data-availability spectrum: zero-
shot direct prediction when no labeled local data are available, textual-
gradient prompt optimization when only a small labeled budget can
be collected, and embedding-based supervised prediction when LLM
representations can be combined with conventional classifiers. The
case study treats Swissmetro mode choice, London mode choice, and
NHTS trip-purpose prediction as parallel tasks, but presents the results
through four focused comparisons: prompt generation, prompt trans-
ferability, budget-matched model performance, and direct prompting
versus hidden-feature prediction. This framing clarifies that the rel-
evant question is not whether LLMs universally replace models such
as MNL, random forests, neural networks, or TabPFN, but where each
framework is useful as labeled data become more available.

Across the three tasks, the empirical results show a consistent cross-
over pattern. In the extreme low-data regime, LLM-based prediction
is highly competitive and often outperforms supervised or tabular
baselines given the same labeled budget. As the budget grows, however,
supervised and tabular foundation models overtake the direct LLM
predictors. The paired significance tests confirm that this advantage
is statistically strongest for Swissmetro at B = 10, while several
apparent differences at B = 100 and on NHTS are not significant after
correction. The textual-gradient method provides a practical middle
point on this spectrum: it can learn a reusable prompt from a small
labeled set, match or exceed expert hand-crafted prompts without
manually injected reasoning cues, and transfer across predictor LLMs.
Its gains are context-dependent, which reinforces the importance of
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Table 13
Ablation study results for the Swissmetro mode choice dataset.
Model Prompt design Performance
Accuracy (Decrease %)* F1 Score
Full prompt 0.586 + 0.052 0.572 + 0.058
LLM-GPT-3.5 Exclude reasoning guidance 0.552 + 0.036 (—5.8%) 0.526 + 0.039
’ Exclude domain knowledge 0.583 + 0.052 (—0.5%) 0.571 + 0.052
Change structural data to non-structural data 0.560 + 0.037 (—4.4%) 0.538 + 0.040
Full prompt 0.570 + 0.054 0.569 + 0.054
LLM-GPT-4 Exclude reasoning guidance 0.565 + 0.044 (—0.8%) 0.562 + 0.043
Exclude domain knowledge 0.569 + 0.050 (—0.2%) 0.568 + 0.052
Change structural data to non-structural data 0.567 + 0.044 (—0.5%) 0.565 + 0.043

2 Values in the parenthesis represent the mean accuracy decrease compared to the full prompt.

evaluating prompt-learning methods under a budget-matched protocol
rather than treating prompt optimization as a universally beneficial
step. The embedding comparison further suggests that LLMs can con-
tribute useful high-level representations for small-sample supervised
learning, although the available results favor direct prompt prediction
at the smallest budget and show embedding-based heads becoming
more competitive at B = 100 on London and NHTS.

The diagnostic analyses directly test the reasoning-versus-memor-
ization concern. Counterfactual tests on Swissmetro show that the LLM
responds to relative travel-time and travel-cost structure rather than
simply reproducing memorized benchmark values. The explanation
analysis shows that generated rationales are often factually consistent
with the input and useful for auditing model behavior, but they should
not be treated as guaranteed causal explanations: the model can still
make reasoning errors or attribute unstated preferences to travelers.

Several directions remain for future research. First, the evaluation
should be extended to larger and more diverse datasets, additional
travel behavior tasks such as departure time choice, route choice, and
activity scheduling, and repeated experimental runs that better sepa-
rate model capability from sampling and decoding variance. Second,
prompt optimization can be improved through richer search strate-
gies, alternative selection criteria for very small budgets, and reusable
prompt libraries for transportation tasks. Third, future work should
study few-shot and in-context learning strategies that expose LLMs
to representative examples without leaking test labels, especially for
learning quantitative trade-offs such as value of time or cost sensitiv-
ity. Finally, practical deployment requires continued work on privacy,
computational cost, hallucination reduction, calibration, fairness, and
explanation faithfulness before LLM-based predictors can be used in
decision-critical transportation planning workflows.
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Appendix A. Prompts

For each of the three datasets we report the prompts used in the
three direct-prediction settings: the minimal zero-shot prompt (task
statement only), the expert hand-crafted prompt (with domain-know-
ledge cues), and the textual-gradient learned prompt. The minimal
prompts are listed in Table A.14; the hand-crafted prompts are pre-
sented as examples below, where all changeable parts are underlined
and differ across samples; and the learned prompts are listed in Table
A.l6.

In addition to the task statement, every prompt appends the cor-
responding structured input (travel times/costs and traveler attributes
for mode choice; trip context for trip purpose) and the JSON output
instruction (see Table A.15).

Appendix B. Statistical significance of the budget-matched com-
parison

We assess whether the accuracy differences in the budget-matched
comparison (Table 8) are statistically significant using McNemar’s exact
test, the standard paired test for two classifiers evaluated on the same
test instances. Unlike a comparison of mean accuracies, McNemar
conditions on each individual example, so it tests whether two methods
make systematically different errors rather than whether their averages
differ. We pair predictions at the level of the individual test sample
and pool the five seeds, giving n = 5 x 200 = 1000 paired samples per
comparison. The reference method is the textual-gradient prompt (GPT-
4o0-mini); dacc is its accuracy minus the comparator’s, so a positive
value means the textual-gradient prompt is more accurate. Within each
(dataset, budget) family of six comparisons we control the family-wise
error rate with the Holm-Bonferroni correction; reported significance
uses the Holm-adjusted p-values (*p < 0.05, **p < 0.01, **p < 0.001;
unmarked entries are not significant) (see Table B.17).

The tests support a budget-dependent reading of the results. In the
extreme low-data regime on Swissmetro (B=10), the textual-gradient
prompt is significantly more accurate than every comparator, includ-
ing the minimal and hand-crafted prompts and all supervised/tabular
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Table A.14
Minimal (zero-shot) prompts.
Task Minimal prompt
Swissmetro mode choice Your task is to predict a person’s travel mode choice among Train, Car, and
Swissmetro from the information provided.
London LPMC mode Your task is to predict a person’s travel mode choice among Walk, Cycle,
choice Public transport, and Drive from the information provided.
NHTS trip-purpose Your task is to infer the purpose of a person’s trip among working, shopping,
prediction social, and others from the information provided.
Table A.15
Expert hand-crafted prompt examples.
Task Prompt
Swissmetro mode Your task is to predict a person’s travel mode choice from Train, Car, and Swissmetro
choice based on travel time, travel cost information of each mode, and the person’s attributes.

The travel time and cost for each mode is expressed as the following dictionary format:
{Travel time: {Train: 94, Car: 56, Swissmetro: 36}, Travel cost: {Train: 62, Car: 36,
Swissmetro: 71}}

Swissmetro has the lowest travel time, Choosing it will save 36% travel time compared
to Car and save 62% travel time compared to Train. Car has the lowest travel cost.
Choosing it will save 49% travel cost compared to Swissmetro and save 42% travel cost
compared to Train.

The person is a regular Train user. He/She does not own the Train annual pass.

Please infer the most likely travel mode that the person will choose. Organize your
answer in a JSON object with two keys: “prediction” (the predicted travel mode) and
“reason” (explanation that supports your inference).

Please consider the following aspects:

1. People are more likely to choose a travel mode with less travel cost and travel time,
especially those with significant cost or time saving. The trade-off between time and
cost can be quantified using value of time.

2. Regular Train users prefer to use Train.

3. Owners of Train annual pass are more likely to choose Train.

London LPMC Your task is to predict a person’s travel mode choice from Walk, Cycle, Public transport,
mode choice and Drive based on travel time, travel cost of each mode, and the person’s attributes.
Travel time (min): {Walk: 19.5, Cycle: 8.4, Public transport: 12.0, Drive: 5.6}. Travel
cost (GBP): {Walk: 0, Cycle: 0, Public transport: 1.5, Drive: 0.25}.
Drive has the lowest travel time. Walk has the lowest travel cost.
The person is 21 years old, male, and the household owns 1 car(s). The trip distance is
697 m.
Please infer the most likely travel mode. Organize your answer in a JSON object with
two keys: “prediction” (one of Walk, Cycle, Public transport, Drive) and “reason”.
Please consider the following aspects:
1. People prefer modes with less travel time and cost (the trade-off can be quantified by
value of time).
2. Short trips favor walking or cycling; long trips favor driving or public transport.
3. Households owning more cars are more likely to drive; zero-car households rely on
walking, cycling, or public transport.

NHTS trip-purpose Your task is to infer the purpose of a person’s trip, classifying it into one of four
prediction categories: “working”, “shopping”, “social”, and “others”. You will make the inference
based on the following information related to the socio-demographic information and
trip information of the traveler.
The person lives in a household with child. As of last week, His/her primary activity is
working.
The trip happens on weekdays and starts after S5pm. The trip lasts less than 10 minutes.
The mode of transportation is not walking or biking. There were 2 or more people on
the trip.
Please also consider the following reasoning rules to support your inference:
1. Trips that happen on weekends are more likely to be social or shopping trips
2. Trips that happen before 10am are more likely to be working trips. Trips that happen
after 5pm are more likely to be social trips
3. A trip with only one person is highly likely to be a working trip
4. Trips with walking or biking transportation mode are highly likely to be social trips
5. Working and social trip duration is usually longer than 25 min
6. People with child are more likely to trip purpose of “others”, such as school or
daycare
7. If the person’s primary activity last week is working, it is more likely to be a
working trip
Please follow the above reasoning rules strictly and avoid violating them. Infer the most
likely trip purpose. Organize your final answer in a JSON object with two keys:
“prediction” (the predicted travel purpose) and “reason” (explanation that supports your
inference in one paragraph).
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Textual-gradient learned prompts.

Task

Learned prompt

Swissmetro mode

choice

London LPMC mode

choice

NHTS trip-purpose

Your task is to analyze and predict an individual’s travel mode choice among Train,
Car, and Swissmetro, taking into account various influencing factors such as familiarity
with each mode, the perceived trade-offs between time and cost, and any irregular
usage patterns that may affect their decision-making process. Consider how these
elements interact to shape their preferences and choices in travel.

Your task is to assess the provided information to identify an individual’s likely travel
mode—Walk, Cycle, Public transport, or Drive. Pay particular attention to demographic
factors such as age and household car ownership, as these significantly influence travel
preferences. Additionally, evaluate the impact of trip distance and the specific context
surrounding these demographic factors on travel time and cost. Clearly outline how to
balance the importance of travel time versus travel cost in various scenarios to develop
a well-rounded understanding of the individual’s travel behavior.

Your task is to determine the likely purpose of a person’s trip, categorizing it as

prediction working, shopping, social, or other. Consider contextual factors such as the time of day,
household composition, trip duration, and the number of individuals involved, as these
elements can provide valuable insights into the trip’s intent. Aim for clarity in
distinguishing between overlapping purposes while making your inference.
Table B.17

Per-sample McNemar significance of the textual-gradient prompt versus each comparator (dacc =

textual-gradient minus

comparator; positive favors the LLM). Holm-adjusted significance over n = 1000 paired samples (5 seeds x200).

Dataset Budget vs. minimal vs. hand-crafted vs. TabPFN vs. MNL vs. RF vs. NN
Swissmetro B=10 +0.018* +0.066** +0.078** +0.111%* +0.114%* +0.102%**
B=100 +0.038 +0.086** +0.019 -0.003 +0.046* +0.074**
B=10 —-0.009 +0.016 +0.057 +0.027 +0.027 +0.047
London LPMC B=100 +0.006 +0.031 ~0.094" ~0.105* ~0.067* ~0.052°
NHTS B=10 -0.004 +0.009 +0.044 +0.045 +0.046 +0.060*
B=100 —-0.012 +0.001 —0.001 —-0.045 —-0.032 -0.013

baselines. As the labeled budget grows, this advantage narrows: at
B=100 the learned prompt is statistically indistinguishable from the
minimal prompt, TabPFN, and MNL on Swissmetro, though it still
significantly exceeds the hand-crafted prompt and the weaker tree/net-
work baselines. On London at B=100 the direction reverses — the tuned
supervised and tabular models significantly outperform the LLM —
while on NHTS almost no pairwise difference survives correction. These
results justify the cautious, budget-conditioned language used in the
main text: the LLM’s advantage is statistically real mainly in the scarce-
label regime, and conventional models become significantly preferable
once enough local labels are available.

Data availability

Data will be made available on request.
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