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Abstract

Conventional experimental designs often require the use of simplified and stylized stimuli—
constraints that may limit the realism, generalizability, and practical relevance of findings. This
paper presents an AI-driven research design for consumer experiments that enables the use of
myriad unaltered real-world product descriptions as stimuli. The authors develop an interpretable
AI model termed labGPT to analyze experimental data. Comprising a partitioned deep learning
neural network paired with a foundational large languagemodel, labGPT generates structured, low-
dimensional, and interpretable numerical representations that can be employed in statistical models
of consumer responses, enabling hypothesis testing. The authors conduct Monte Carlo simulations
showing that labGPT recovers true parameters even when textual stimuli included unobserved
nuisance variations. They empirically study preference dynamics in a choice experiment with
1,000 consumers who were shown about 50,000 wine tasting notes randomly sampled from almost
120,000 wines in themarket. The findings reveal that initial wines (despite being entirely incidental)
shape subsequent preferences in the context of richly detailed verbal stimuli. By enabling the
integration of complex, unstructured stimuli into experimental designs, the proposed approach
enhances the realism, generalizability, and practical relevance of consumer research in complex
information environments. Detailed researcher’s guide and Python code are provided.

Keywords: Research Design, Interpretable Artificial Intelligence, Large Language Models, Con-
sumer Behavior, Marketing Research, Marketing.
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Real-world product descriptions can be complex, elaborate, and diverse. For instance, when

choosing a vacation destination, consumers may encounter detailed verbal descriptions of destina-

tions. Bali (Indonesia) might highlight its stunning beaches, ancient temples, and a diverse range

of activities like surfing and yoga retreats. Nairobi (Kenya) may be portrayed through its lively

city-meets-safari appeal, with bustling Maasai craft markets and the opportunity to spot lions,

giraffes, and other wildlife in the nearby national park. Other destinations may showcase entirely

different experiences, with each description spotlighting different scenery, cultures, and activities.

That inherent richness helps consumers anticipate these experiences, but poses a challenge for

researchers: how much of this complexity should be incorporated into an experiment?

To study what drives consumer choices, experimental researchers tend to adopt one of two

approaches. Some researchers condense, abbreviate, and stylize real-world product descriptions.

For example, previous studies presented vacation experiences to participants using stylized displays

(e.g., “A = (average décor, $120 per night)”; Frederick, Lee, and Baskin (2014), Studies 1a–1s) or

abbreviated descriptions (e.g., holiday destinations described by name only; Sharot, Velasquez, and

Dolan (2010), Study 1). While this approach may exclude content integral to the original allure

of the products, it allows researchers to isolate the causal influence of a focal aspect of product

descriptions on consumer response by affording greater control over nuisance variables (Calder,

Phillips, and Tybout 1981; Camerer 1997; Wilson, Aronson, and Carlsmith 2010).

Alternatively, some researchers select one (or very few) real-world product descriptions (e.g.,

movie synopsis in Chang and Pham (2018), Study 5) as naturalistic stimuli that closely mimic the

complex and diverse materials presented to consumers in the real world. The rich stimuli can help

activate the same psychological processes that affect real-world consumer choices and enhance

mundane realism1 (Camerer 1997; Morales, Amir, and Lee 2017; Wilson, Aronson, and Carlsmith

2010), but also introduce unintended variability.

The two approaches reflect the inherent trade-off between control and generalizability in

experimental design—an ongoing debate in consumer research framed as rigor versus relevance

1The extent to which the research setting is similar to the real world (Wilson, Aronson, and Carlsmith 2010).
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(e.g., Lutz 2018; Lynch Jr et al. 2012; Pham 2013) or internal versus external validity (e.g., Calder,

Phillips, and Tybout 1982; Lynch Jr 1982; Mukhopadhyay, Raghubir, and Wheeler 2018). Moreover,

these design choices affect construct validity—whether the operationalized variables accurately

reflect the intended theoretical constructs (Campbell and Cook 1979; Wells and Windschitl 1999).

Crucially, because conventional approaches tend to include only one or a handful of stimuli

(compared to real-world product availability), they are subject to the stimulus-sampling problem

(albeit to differing degrees): observed effects may be due to idiosyncrasies of the specific stimulus

rather than the intended conceptual construct, so that the findings may not be generalizable to

other stimuli (e.g., Clark 1973; Pham 2013; Wells and Windschitl 1999). This raises two concerns.

First, it can undermine the study’s internal validity when the stimulus sample for each experimental

condition is biased with uncontrolled confounds such that confounds may be driving the effect,

inflating Type 1 error (Judd, Westfall, and Kenny 2012). Moreover, Wells and Windschitl (1999)

point out that “the failure to sample stimuli can threaten construct validity. . .when ‘the operations

which are meant to represent a cause or effect can be construed in terms of more than one

construct’ (Campbell and Cook 1979, p. 59)” (p. 1116). Second, it can challenge the study’s

external validity, because the use of a small sample of stimuli may not generalize to other stimuli

in the larger category (e.g., Baribault et al. 2018; Judd, Westfall, and Kenny 2012). Scholars

have recently speculated that many failures to replicate experimental results may stem from the

stimulus-sampling problem (e.g., Westfall, Judd, and Kenny 2015).

In this research, we propose an experimental design that addresses the trade-off between

experimental control (through simplified stimuli) and generalizability (through real-world stimuli).

We are interested in contexts where (a) for each product, its verbal description is rich and (b) across

products, their descriptions are varied and may not align with one another. These conditions

amplify the stimulus-sampling problem yet are common in many consumer contexts, such as

vacation planning, wine selection, and other hedonic experiences. Traditional experimental designs

expose participants to a few select samples identical within conditions, allowing for conventional

methods like ANOVA to compare participant responses across conditions. In contrast, our approach
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allows each participant to be exposed to distinct stimuli randomly selected from a corpus of

real-world product descriptions–to facilitate stimulus sampling–resembling a series of micro-

experiments. This requires a novel analytical approach. The primary methodological challenge is

the analysis of participants’ responses to diverse, unstructured stimuli while maintaining control

across varying stimulus characteristics.

To this end, we introduce labGPT, an interpretable AI model designed to process unstructured

product texts. It employs a large language model (LLM) to generate high-dimensional represen-

tations of the unstructured texts, which it then transforms into structured, lower-dimensional,

and interpretable representations. Each component of the output is designed to be a “knowledge

representation” of a key focal attribute, serving as a numerical proxy for human cognition of

that attribute that is amenable to computational reasoning (Carvalho, Pereira, and Cardoso 2019;

Levesque 1986; Tenenbaum et al. 2011). This interpretability, combined with dimensionality

reduction, ensures that the model’s outputs maintain substantive meaning and are practical for

use in statistical models of participant behavior. It also enables the development of statistical

controls for nuisance variables, ensuring stimulus comparability in data analysis. Consequently,

labGPT allows researchers to integrate large, diverse real-world product texts into experimental

designs, enabling both within- and between-subjects hypothesis testing.

To demonstrate the effectiveness of labGPT, we conducted Monte Carlo simulations and

empirical investigations using real-world stimuli and actual participant data. Our simulations

provide evidence in controlled data conditions with known ground truth, showing that labGPT

recovers true parameters even when textual stimuli included unobserved nuisance variations. We

conducted an empirical study of preference dynamics in wine decisions, where 1,000 consumers

evaluated 32 pairs randomly drawn from nearly 120,000 wines and described using real-world

tasting notes. Across participant choices for about 50,000 unique wines2, we find that consumer

preferences are initially malleable. Once preferences are shaped by initially presented wines

2Each wine description averaged 53 words (SD = 11.86). Representative examples illustrating the complexity and
variability of these wine descriptions are provided in Table A6 in Web Appendix §F.1. The inclusion of such rich and
diverse stimuli would be impracticable using traditional experimental designs with the same number of participants.
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(entirely incidental), subsequent decisions appear aligned with those first options (we term this

“product anchors”). These results align with the notion that preference dynamics is influenced by

the selective accessibility of knowledge regarding wine regions and varietals embedded in the

unstructured texts. To further verify the phenomenon and ensure that it is not due to labGPT’s

analytic method, we conducted a follow-up experiment in a different category (coffee) using a

conventional approach with controlled stimuli. The convergence of results across these studies—

one analyzed using labGPT and the other using traditional methodology—establishes both the

efficacy of labGPT as an alternative experimental design and supports our broader empirical

findings. Taken together, the evidence shows that while complex, unstructured stimuli remain

challenging for traditional methods, our analytical framework overcomes this hurdle and yields

generalizable insights by statistically accounting for stimulus variability.

labGPT offers a promising alternative for investigating consumer behavior in contexts where

product descriptions are rich and complex in the real world—and often conveyed in unstructured

texts. Examples include hedonic experiences, financial products like mutual funds, diverse sus-

tainability initiatives, and many others. Our approach allows an extensive array of real-world

product descriptions to be used as experimental stimuli—a large random sample from the ecological

distribution (range of products available in the market). It enables flexibility in several facets of

experimental design: (1) improved stimulus sampling through the inclusion of a wider variety of

real-world product descriptions, (2) increased statistical power through multiple distinct product

presentations per participant, and (3) improved generalizability through greater overall coverage

of product offerings in the market. While existing methods are valuable for theory testing using

simpler stimuli, labGPT provides a complementary tool, allowing experiments to incorporate stim-

ulus complexity akin to those in real-world settings. By bridging the gap between conventional

experiments using controlled stimuli and the richness of real-world product descriptions, we hope

our method can help researchers study consumer behavior in information-rich environments.

We organize our paper as follows. First, we introduce our proposed methodology, the data

structures it generates, and the statistical models required for data analysis. We discuss why
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existing analytical methods are not suitable for these data structures and outline the key properties

necessary for theory testing and analysis. Next, we develop an interpretable AI model, labGPT, to

address these properties, focusing on accuracy and tractability. These properties are crucial for

method adoption by researchers and practitioners. We then present Monte Carlo simulations to

assess labGPT’s performance and demonstrate its application in an empirical investigation into a

novel consumer behavior question that may be challenging to test using conventional experiments.

We further report validation analyses, including both perturbation analyses and supplemental

evidence from a follow-up experiment. Finally, we conclude with a discussion of the implications,

limitations, and potential applications of our proposed methodology.

To complement this paper, we provide three key resources (with detailed Python code and

extensive documentation as a Jupyter notebook): (1) a comprehensive researcher’s guide (Web

Appendix §B) detailing the analytical model (transformation of unstructured stimuli into inter-

pretable representations and their subsequent use in theory testing); (2) perturbation analyses

(Web Appendix §C) to assess and validate the performance of labGPT; and (3) detailed numerical

simulations (Web Appendix §D) to demonstrate the efficacy and robustness of the proposed

methodology, facilitating research accessibility and transparency. Through these resources, we

aim to make our methodology more accessible to a wider audience, for researchers interested in

using our methodology or adapting it to a different context and study.

METHOD DEVELOPMENT

Traditional experimental designs in consumer research typically involve a few standardized

conditions, where participants within each condition are exposed to identical stimuli. This

standardization enables researchers to apply conventional statistical methods to compare responses

across conditions. For example, in a typical study, participants’ responses can be modeled using a

linear model:

𝑦𝑖 = 𝛼 + 𝛽𝐷𝑐 (𝑖) + 𝛾𝑠 (𝑖) + 𝜖𝑖, (1)
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where 𝑦𝑖 represents the response of participant 𝑖; 𝛼 is the intercept; 𝛽 is the hypothesized effect

and 𝛾 are coefficients for covariates describing systematic factors. The independent variables are

𝐷𝑐 (𝑖), a dummy variable indicating whether participant 𝑖 is in condition 𝑐 , and 𝑠 (𝑖), any covariates

(e.g., participant characteristics). For simplicity, we omit a task index 𝑡 , though this framework

can accommodate studies with multiple tasks, task-varying effects, and task-specific stimuli (i.e.,

task-varying 𝛽 , 𝛾 , and 𝑠 (𝑖)), in addition to accommodating interaction terms between the condition

dummies and the covariates of interest.

It is typical for stimuli to be identical for participants in the same condition. In this sce-

nario (and if 𝑠 (𝑖) = 0), hypothesis testing on 𝛽 is equivalent to performing ANOVA, assessing

whether group means differ significantly by analyzing variances within and between groups. If

𝑠 (𝑖) ≠ 0, hypothesis testing on 𝛽 is equivalent to performing ANCOVA, which similarly assesses

whether group means differ significantly by analyzing variances within and between groups while

accounting for covariates 𝑠 (𝑖). However, this analytical approach assumes that the stimuli are

comparable across conditions and any observed differences in responses can be attributed solely

to the experimental manipulation 𝐷𝑐 (𝑖) or covariates 𝑠 (𝑖). When participants are presented with

diverse, unstructured real-world stimuli—such as complex product descriptions—the stimuli may

vary in numerous ways and any extraneous variations embedded within them, known as nuisance

variables, can confound the effects of the focal variables. Prior studies have shown that traditional

designs, which treat stimuli as fixed (and fail to account for variations across stimuli), can inflate

the empirical Type 1 error rate (Judd, Westfall, and Kenny 2012; Wickens and Keppel 1983).

One strategy might be to manually code the nuisance variables, translating them into control

variables. However, manually coding nuisance variables may be unfeasible due to the many

nuanced differences (e.g., tone, style, voice, formality) that are hard to identify and isolate (Clark

1973), but may influence respondent behavior. For instance, one product description might use

vivid and emotive language to create an immersive experience, while another might rely on

technical jargon or minimalist phrasing to convey sophistication. While this characteristic may

be irrelevant to the research question, it may still influence consumer behavior. In addition, this
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approach may be unfeasible due to scale. For instance, our empirical study employed 50,000

distinct stimuli, selected from a set of 120,000 descriptions—a substantial sample size that would

likely rule out manual coding.

We propose an alternative strategy: the use of AI to systematically extract statistical controls

for the nuisance variables and incorporate them into the analysis. Specifically, we introduce

an interpretable AI model, labGPT, to transform the complex and unstructured stimuli into

interpretable, low-dimensional, and structured numerical representations. This transformation

allows us to specify statistical models that account for stimulus variability and facilitate robust

hypothesis testing and theory development. In particular, we consider linear models of the form:

𝑦𝑖 = 𝛼 + 𝛽𝐷𝑐 (𝑖) + 𝛾𝑠 (𝑖) + 𝛿𝑐 (𝑖) + 𝜖𝑖, (2)

where 𝛿 represents coefficients for the statistical controls of nuisance variables, and 𝑐 (𝑖) are the

controls, which are algorithmically extracted from the stimuli. 𝑐 (𝑖) are distinct from 𝑠 (𝑖) in that,

whereas 𝑐 (𝑖) are nuisance variable controls derived from labGPT, 𝑠 (𝑖) are any observed differences;

the latter of which can be controlled in traditional experiments.

To illustrate our approach, consider controlling for the stimuli’s color in an experimental

setting. One strategy might be to present participants with stimuli of random colors and include

color as a covariate in the model (i.e., as 𝑠 (𝑖, 𝑗), for the 𝑗 th stimulus). By randomizing color and

incorporating this information as a covariate, we can rule out color as a confounding factor when

estimating 𝛽 . Now, suppose that the color of each stimulus is unknown to the researcher a priori. A

possible strategy might be to use an algorithm to automatically code a control variable indicating

color, enabling the aforementioned approach. This is analogous to the approach we propose.

We provide a complementary approach for experimental design and analysis. In contexts

where real-world verbal descriptions are sufficiently simple, traditional methods may suffice.

However, in more complex contexts where such descriptions are rich, existing experimental

design methods may impose substantial constraints on the types of research questions that can be
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investigated and the extent to which the study stimuli approximate real-world descriptions. In

such scenarios, we view our proposed methodology as a complement to existing approaches.

We organize this section as follows. First, we introduce labGPT, our custom AI system for

extracting interpretable representations and nuisance controls from unstructured stimuli. We

discuss the conceptual background for using natural language processing and AI in this context,

linking knowledge representations from cognitive psychology with LLMs and AI systems. We

provide a detailed explanation of how labGPT operates. Next, we outline the general step-by-step

procedure for conducting a study using our proposed research design and introduce perturbation

analysis as a key technique for validating the robustness of the methodology. To facilitate adoption,

the web appendix provides a detailed researcher’s guide to our model, including Python code

for all analytical components (see Web Appendix §B). To conclude this section, we discuss how

labGPT’s structured, algorithmic approach enhances research objectivity and reproducibility,

facilitating research practices like pre-registration and stimulus sampling.

labGPT: An Interpretable AI Model for Theory Testing

At the core of human cognition lies knowledge representation. Humans represent information

about the external world and the stimuli they encounter, using this information for decision-making

and problem-solving (Markman 2013). Similarly, LLMs that emulate human cognition encode

unstructured inputs into high-dimensional numerical knowledge representations—embeddings in a

vector space. This is because the encoding process is essential for enabling LLMs to understand and

utilize human knowledge; when systematically encoding, processing, and retrieving information,

LLMs mirror the intricate relationships between human concepts and how humans organize and

access knowledge (Mikolov et al. 2013). Embeddings capture human conceptual understanding

while remaining amenable to mathematical analysis (Brown et al. 2020; Radford et al. 2019).

Converging evidence supports this theorizing between LLM encodings and human knowledge

representations. LLMs reliably predict human cognitive processes, including brain activity (Gold-

stein et al. 2025; Storrs et al. 2021), vocabulary comprehension (Griffiths, Steyvers, and Tenenbaum
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2007; Landauer and Dumais 1997), and lexical semantic categorization (Landauer, Foltz, and Laham

1998). For example, Goldstein et al. (2025) show that encoding models based on OpenAI’s embed-

dings linearly predict neural activity along the brain’s speech-language pathway–from hearing

sounds to understanding what is said–during everyday conversations. Other studies apply LLMs

to investigate consumer evaluations and behaviors, such as similarity and healthfulness judgments

(Battleday, Peterson, and Griffiths 2021; Gandhi et al. 2022; Peterson, Abbott, and Griffiths 2018).

Taken together, a growing body of literature in cognitive psychology and neuroscience show how

LLM encodings can approximate human conceptual knowledge for downstream tasks (e.g., Bhatia

and Richie 2022; Goldstein et al. 2025; Laverghetta Jr et al. 2022).

Nevertheless, three key challenges emerge when considering the use of LLM encodings for

hypothesis testing. LLM encodings are inherently unstructured—they lack explicit organization.

They are high-dimensional, often consisting of thousands of dimensions, which can pose computa-

tional challenges and reduce statistical power—an issue that is particularly crucial when working

with typical sample sizes in laboratory studies. And they lack interpretability; that is, individual

dimensions of the encoding do not correspond to specific, understandable features, making it

challenging to relate these dimensions to theoretical constructs of interest or to link them directly

to participant responses.

To address these challenges, we propose an interpretable AI model (labGPT) that combines

an LLM with a two-stage specialized neural network architecture to develop structured, low-

dimensional, and interpretable attribute representations from verbal descriptions. First, the LLM

is used to develop LLM encodings. Second, a fully connected feedforward network compresses the

original high-dimensional LLM encodings into a lower-dimensional intermediate representation

(Johnson 1984). This network, illustrated in Figure 1 as taking a 12-dimensional LLM Encoding

(labeled Input Layer in the figure) and processing it through two sequential 8-node hidden layers

(labeled Hidden Layer 1 and Hidden Layer 2), produces an intermediate representation.3

3Figure 1 depicts the labGPT architecture as applied to a wine description (an exemplar of the complex and expressive
data the model is designed to handle). The figure uses arbitrary (and few) nodes and layers for expositional clarity.
In practice, labGPT is designed to adapt to context (depending on dataset features, such as textual intricacy and
attribute granularity) through automatic tuning (e.g., Keras Tuner). For instance, our empirical application uses

11



Figure 1: Schematic of labGPT Architecture
Note: A simplified illustration of the labGPT architecture. An LLM maps an unstructured, real-world product
description to an encoding. A fully connected network (a 12-dimensional input layer and two 8-node hidden layers)
compresses the LLM encoding to produce a 8-dimensional intermediate representation. A partitioned network (a
4-node interpretable layer, partitioned into 2 attribute-specific components) maps the intermediate representation to
2 distinct attributes. The components of the partitioned network are depicted in blue and red.

A partitioned feedforward network then maps the intermediate representation (i.e., the output

of Hidden Layer 2 in the figure) to an interpretable layer that is partitioned into distinct components.

Each component is dedicated to predicting a distinct attribute during training.4 Consequently,

labGPT learns to compress the LLM encoding and extract attribute-relevant information (Bishop

1995; Hornik, Stinchcombe, and White 1989), embedding it in an attribute-specific vector space

(i.e., the vector space of an attribute’s representations). The output from each component of the

OpenAI’s text-embedding-3-large, which generates a 3,072-dimensional encoding. The final interpretable layer in
our study has 16 nodes (corresponding to 16 output dimensions, 8 for each of 2 attributes). This adaptability in
configuration is a key strength of labGPT.

4This approach is different from (standard) networks where the complete output of a preceding layer is used to predict
an attribute (Caruana 1997).
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interpretable layer serves as the corresponding attribute’s representation.

Thus, labGPT learns to perform both data compression (via its first network) and the extraction

of attribute-specific information (via its second network), as is required for the effective analysis

of participant responses to unstructured stimuli. To further ensure interpretability in the attribute-

specific components, the (external) LLM encoding is frozen during training, and labGPT is trained

using the following multi-term loss function.

The primary term of the loss function focuses on accurately predicting the attributes (e.g.,

province, varietal) associatedwith each output node. In addition, the function includes a contrastive

loss term that seeks to encourage the attribute-specific vector spaces to be more distinct (i.e., it

encourages the representations of one attribute to be distinct from the representations of other

attributes), and another contrastive loss term to encourage the representations of the distinct levels

within each attribute to be distinct from one another (i.e., for each attribute-specific vector space

to be expansive). The loss function balances interpretability and performance, as the primary loss

term benefits from the interpretable layer being only sufficiently large to express the key attribute-

specific information in the product descriptions—a larger layer can lead to less precise training

and lower performance on validation loss—whereas the contrastive loss terms benefit from larger

dimensional spaces, as these facilitate orthogonality in the attribute- and attribute-level-specific

representations.

Finally, statistical controls for the nuisance variables are developed by projecting the LLM

encodings onto the orthogonal complement of the subspace spanned by the attribute-specific

representations. The orthogonal complement of any subspace 𝑊 is the subspace of vectors

orthogonal to every vector in𝑊 . This ensures that the nuisance controls are, by construction,

orthogonal to the attribute representations.

Step-by-Step Procedure for Implementing the Research Design

Conducting a study using our proposed research design involves five key steps, depicted in

Figure 2 and elaborated upon in the researcher’s guide (see Web Appendix §B). The procedure,
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Figure 2: Procedure of a Study Using labGPT

supported by detailed Python code provided in the web appendix, is modular and adaptable,

enabling researchers to modify key elements—such as stimuli, experimental manipulations, or

statistical models—without extensive reconfiguration. The steps offer a structured yet flexible

workflow that accommodates a wide range of experimental contexts and research objectives.

Below, we provide an overview of each step, along with references to the corresponding sections

in the researcher’s guide for further details.

1. Obtain Product Descriptions: Begin by collecting a comprehensive set of product descrip-

tions. These can be sourced from existing datasets, collected from e-commerce platforms, or

generated using AI models. Ethical considerations, such as compliance with privacy regula-

tions (e.g., GDPR) and data-sharing agreements, must be addressed throughout this process.

For detailed guidance on sourcing, generating, and ethically handling product descriptions,

refer to Step 1 in the researcher’s guide (Web Appendix §B.1.1).

2. Collect Participant Data: Expose participants to the compiled product descriptions under
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experimental conditions. Our design supports various experimental formats, including

within-subjects, between-subjects, and mixed designs. Collect participant responses using

standard methods such as surveys or choice tasks, adhering to established best practices in

experimental research. The researcher’s guide (Web Appendix §B.1.2) provides further details

on integrating these complex stimuli into standard data collection procedures.

3. Convert Descriptions to Numerical Representations: Transform the unstructured

product descriptions into high-dimensional numerical representations (“embeddings”) using

a LLM. This encoding process captures the semantic richness of the descriptions. Researchers

can choose between API-based models (e.g., OpenAI’s text-embedding-3-large, used in our

wine study) and locally hosted, open-source alternatives (e.g., Nvidia’s NV-Embed-V2). API-

based models can be highly cost-effective; for instance, embedding approximately 120,000

unique descriptions in our wine study incurred minimal costs (around $2). Alternatively,

locally hosted models offer stability, complete budget control, and enhanced data privacy.

Step 3 of the researcher’s guide (Web Appendix §B.1.3) provides a comprehensive walkthrough

of this process, including code examples and considerations for selecting an appropriate LLM.

4. Refine into Interpretable Representations: Refine the high-dimensional embeddings

using labGPT, a partitioned neural network designed to generate structured, interpretable,

and low-dimensional representations. labGPT maps each attribute of interest to a distinct

numerical component, facilitating clear comparisons across diverse stimuli.5 Additionally,

labGPT derives statistical controls for nuisance variables by orthogonalizing intermedi-

ate representations, ensuring extraneous textual variations do not confound the analysis.

Validate these representations using perturbation analyses to confirm robustness against

irrelevant textual variations. The researcher’s guide (Web Appendix §B.1.4) provides detailed

instructions and code for implementing labGPT, including model training, validation, and the

5In the spirit of transfer learning common in GPT models, the representations derived from labGPT for specific
attributes (such as region and varietal in our wine study) can be viewed as specialized, pre-trained embeddings for
this domain. Researchers working with the same stimuli could potentially leverage these existing representations
directly for related analyses, bypassing the need for retraining. We thank the review team for this insight.
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generation of statistical controls.

5. Analyze Participant Data: Integrate the refined representations with participant responses

to perform rigorous data analysis. By combining attribute-specific encodings and nuisance

controls in regressionmodels or other statistical frameworks, researchers can test hypotheses

about consumer behavior while accounting for the richness and variability of the stimuli. Step

5 of the researcher’s guide (Web Appendix §B.1.5) discusses how to integrate these representations

into statistical models, including code examples and guidance on interpreting the results.

Validating labGPT Robustness: Perturbation Analyses

A potential concern with AI-driven analyses, such as those using labGPT, is their sensitivity to

superficial changes in input text that are irrelevant to the core constructs being studied. To address

this concern and validate the robustness of our research findings, we present perturbation analy-

ses. This method systematically evaluates whether labGPT’s extracted representations—and the

resulting conclusions drawn from them—remain stable when controlled, irrelevant modifications

are introduced to the textual stimuli. The objective is to ensure that the focal constructs identified

by the model (e.g., attributes) are not unduly influenced by these extraneous textual changes, and

to verify that the method’s nuisance controls effectively capture such incidental variability.

The core principle involves introducing controlled modifications (perturbations) designed to

alter stylistic elements without changing core attributes, thereby simulating realistic textual noise.

Using methods detailed in Web Appendix §C, such perturbations can include appending irrelevant

marketing phrases (e.g., ‘Limited stock!’) or employing an LLM to subtly adjust tone or phrasing.

These perturbed descriptions are presented to the trained model to generate perturbed variants of

the attribute representations.

The evaluation comprises two steps. First, we assess the stability of the numerical repre-

sentations derived from original versus perturbed text. This can involve calculating similarity

metrics (like the RV coefficient) between the original attribute representations and the perturbed

attribute representations. In this case, a high similarity indicates robustness. Alternatively, a
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lower similarity between the original nuisance controls and the perturbed nuisance controls

indicates successful capture of the perturbations. Second, we repeat the final statistical analysis

(e.g., regression models) using the perturbed representations and compare the resulting coefficient

estimates, significance levels, and overall model fit to those obtained using the original represen-

tations. Stability across these evaluations confirms that observed effects stem from genuine (focal)

theoretical constructs rather than superficial (non-focal) textual artifacts. Full implementation

details, code examples, and further discussion of perturbation analyses as a validation tool are

provided in Web Appendix §C.

Enhancing Objectivity and Pre-Registration in Experimental Research

Crucially, our proposed research design enhances research objectivity and reproducibility.6 Tradi-

tional experimental designs involving unstructured stimuli often require numerous subjective

decisions about stimulus selection, simplification, and analysis—decisions that can introduce

researcher degrees of freedom and unintentionally compromise reproducibility. Our framework

transforms this process into a structured, end-to-end algorithmic pipeline where key components

can be precisely pre-specified and pre-registered before data collection or analysis. For instance,

researchers can commit a priori to: an embedding method (e.g., a specific versioned API or open-

source model like NV-Embed-v2), the labGPT architecture or a systematic procedure for determining

it (e.g., using automated tools like Keras Tuner within defined parameters, as demonstrated in our

Web Appendix §F.2), a stimulus sampling strategy (e.g., random sampling from a real-world corpus)

to reduce stimulus-selection bias, and an analytical plan, including independent and dependent

variables, derived representations, nuisance controls, and models for hypothesis testing.

By leveraging real-world stimuli and automating the generation of representations and controls

within this pre-defined algorithmic framework, the entire process can be executed automatically.

This approach addresses the “garden of forking paths” problem (Gelman and Loken 2013), where

seemingly innocuous analytical decisions can drastically alter research conclusions. By reducing

6We thank the review team for pointing this out.
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subjectivity and minimizing researcher degrees of freedom related to stimulus selection, data

processing, and data analysis, this approach strongly supports open science practices like pre-

registration, enhancing replicability, and bolstering the overall credibility of research findings by

limiting opportunities for (1) biased stimulus selection (Wells andWindschitl 1999) and (2) post-hoc

analytical decisions (Gelman and Loken 2013). Our detailed researcher’s guide and accompanying

code (Web Appendix §B) are designed to facilitate such transparent and reproducible workflows.

MONTE CARLO STUDIES EVALUATING LABGPT’S PERFORMANCE

Before applying labGPT to real-world experimental data, we validate its performance under

controlled conditions. The study design, Python code, results, and extensive discussion are

presented in Web Appendix §D. Below, we provide a synopsis.

We aim to evaluate labGPT’s ability to recover the true underlying parameters of a data-

generating process for experimental participant data in the presence of unobserved variations

(nuisance variables) in the stimuli. We examine two challenges: (1) isolating focal variables from

extraneous nuisance variables (e.g., stylistic variations) embedded within the product descriptions,

and (2) effectively incorporating these nuisance variables into econometric models of participant

responses to ensure consistent and precise inference. By creating synthetic data with known

ground truth, we can assess how accurately labGPT isolates focal attributes, controls for nuisance

variation, and captures experimental effects—even when product descriptions vary systematically

in unobserved variables.

We center our simulations on the following hypothetical marketing research scenario: in-

vestigating whether presenting information about an environmental issue in one domain (op-

erationalized as overfishing) can activate related concerns and influence preferences in another

(specifically, for organic versus non-organic packaged salads). We test labGPT’s ability to infer

this spillover effect despite confounding nuisance variables (unobserved stylistic variations); our

focus here is on methodological validation, not the substantive question itself.

To simulate key challenges in the use of real-world stimuli, we systematically vary the style
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of product descriptions across three types: Factual, Engaging, and Creative. Specifically, in the

simulation, participants are presented with product descriptions that vary in attributes (organic,

size, type, weight) and are randomly assigned to either a control group or a treatment group. To

simulate an unobserved correlation between nuisance variables and the focal variables of interest,

the treatment group is exposed to a higher proportion of Engaging and Creative descriptions (8

Engaging, 12 Creative, and 4 Factual descriptions per participant across 24 tasks), while the control

group sees a higher proportion of Factual descriptions (12 Factual, 8 Engaging, and 4 Creative

descriptions per participant across 24 tasks)—we treat the differences in styles as unobserved and

therefore potential confounds.

To evaluate labGPT’s effectiveness in accounting for unobserved stylistic differences, we

compare its performance against several analytical approaches, including three key benchmark

models (summarized in Table 1):

1. Traditional (No Controls): A traditional model that omits nuisance controls entirely. This

reflects a common approach when such variations are unobserved but is likely to yield

biased estimates in our confounded setup.

2. Traditional (Empath Controls): A feasible benchmark representing conventional text

analysis approaches. It uses general-purpose text features derived from the open-source

Empath library, mirroring the practice of using summary psycholinguistic variables (like

those from LIWC). Since LIWC is proprietary, we construct an open-source equivalent by

applying Singular Value Decomposition to the approximately 200 category scores generated

by Empath for each description. The resulting low-dimensional Empath features serve as

general-purpose nuisance controls, offering reproducibility and accessibility but potentially

lacking the specificity to fully capture targeted confounds.

3. Oracle (Style Dummies): An infeasible ‘oracle’ model that directly incorporates dummy

variables for the unknown description styles. This represents the theoretical best possible

performance under perfect information regarding the nuisance variable, but is unrealistic in

practice where style is unobserved.
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4. labGPT: Our proposed model, which uses interpretable AI to extract low-dimensional,

attribute-specific representations and orthogonal nuisance controls from the high-

dimensional LLM embeddings. This approach is designed to flexibly and automatically

control for unobserved confounds in unstructured text.

Table 1: Comparison of Analytical Approaches

Model Controls for Style? How? Feasible?

No Controls No None Yes
Empath Controls Partial Empath features Yes
Oracle (Style Dummies) Yes Style dummies No
labGPT Yes LabGPT nuisance controls Yes

Programming Framework and Statistical Models

We implement the comparison using a simulation involving the following eight steps:

1. Setup, Ground Truth, and Base Data: Establish the true causal parameters for experi-

mental effects (e.g., treatment effect, attribute preferences, interaction) and generate a base

set of product descriptions systematically varying the focal attributes (in this case: organic

status, size, type, and weight of salads).7

2. LLM-Based Product Description Generation: Use a LLM to create multiple stylistic

variations (e.g., Factual, Engaging, Creative) for each base description. This introduces

realistic textual diversity and serves as the unobserved stylistic confound central to the

simulation’s challenge.

3. Embed the Product Descriptions: Convert all generated textual descriptions into high-

dimensional numerical embeddings using a standard embedding model (OpenAI’s text-

embedding-3-large).

7Specific attribute levels used were: Size (small, medium, large, extra-large), Type (spring mix, iceberg lettuce,
radicchio, spinach, arugula), Weight (5–20 oz).
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4. Generate Empath Controls: Create conventional text-based controls to serve as a feasible

benchmark. This involves applying a standard lexical analysis library (Empath) to the

descriptions and reducing the resulting feature vectors (via Singular Value Decomposition).

5. Train the Interpretive AI Model (labGPT): Train the labGPT neural network on the

embeddings (from Step 3) to produce two key sets of predictors: (1) Low-dimensional, inter-

pretable representations corresponding to the focal product attributes. Nuisance controls

derived from the residual embedding variation orthogonal to the attribute representations.

6. Simulate Participant Responses: Generate synthetic participant responses (e.g., ratings)

using a utility function. This function incorporates the ground truth parameters (Step 1), the

product’s focal attributes, the description’s style (Step 2), the experimental condition, and

random error. The simulation design ensures that assignment to the experimental condition

is correlated with the style of description encountered, thereby introducing the intended

omitted variable bias challenge.

7. Apply labGPT and Evaluate Performance: Estimate regression models predicting the

simulated participant responses (Step 6) using the interpretable attribute representations

and orthogonal nuisance controls (from Step 5).

8. Estimate Benchmark Models and Compare Performance: Estimate regression models

using different sets of predictors:

• Empath: Attribute predictors plus the benchmark lexical controls (from Step 4).

• Oracle: Attribute predictors plus dummy variables indicating the true (but typically

unobserved) description style (feasible only in simulation).

• No Controls: Attribute predictors only, ignoring style.

Product 𝑗 is characterized by the tuple
(
Organic 𝑗 , Size 𝑗 ,Type 𝑗 ,Weight 𝑗 ,Treatment 𝑗 , Style 𝑗

)
.

Organic 𝑗 is a binary indicator for whether the product is organic; Size 𝑗 and Type 𝑗 are categorical

variables representing the product’s size and type, respectively; Weight 𝑗 is a continuous variable

for the product’s weight; Treatment 𝑗 is a binary indicator for experimental condition (treatment or

control); and Style 𝑗 represents the style of the product description (Factual, Engaging, or Creative),
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with the distribution of styles varying systematically between the treatment and control groups.

Participant 𝑖’s latent utility for product 𝑗 is modeled as follows:

preference𝑖 𝑗 = 𝛼 + 𝛽1Treatment 𝑗 + 𝛽2Organic 𝑗 + 𝛽3(Treatment 𝑗 × Organic 𝑗 )

+ 𝛽4Size 𝑗 + 𝛽5Type 𝑗 + 𝛽6Weight 𝑗 + 𝛽7Style 𝑗 + 𝜀𝑖 𝑗 ,

where 𝛼 is the intercept; 𝛽1, 𝛽2, and 𝛽3 capture the treatment effect, the organic premium, and

their interaction (spillover effect), respectively; 𝛽4, 𝛽5, and 𝛽6 represent the effects of size, type,

and weight, respectively; 𝛽7 quantifies the effect of description style; and 𝜀𝑖 𝑗 is the random error.

The style effect term 𝛽7Style 𝑗 acts as the unobserved confound. The No Controls model ignores

this term entirely, risking omitted variable bias. The Empath Controls model attempts to capture

this term using general-purpose text features. The labGPT model uses nuisance controls derived

from the orthogonalized residuals of the embeddings after accounting for focal attributes. The

Oracle model requires infeasible knowledge: it directly includes style dummies, and therefore

perfect knowledge, to control for the unknown style confound. Comparing how well each feasible

approach (No Controls, Empath Controls, labGPT) recovers the key causal parameters 𝛽1 and 𝛽3 in

the presence of the confounding 𝛽7Style 𝑗 term allows us to evaluate their practical effectiveness.

Results and Discussion

The Monte Carlo simulations highlight a critical challenge in experimental research: the presence

of unobserved variables, such as stylistic variations in product descriptions, that can confound

traditional analyses. Table 2 presents the coefficient estimates for the four models, illustrating this

challenge and demonstrating the relative effectiveness of different approaches in addressing it:

(1) our labGPT estimator, which incorporates nuisance controls derived algorithmically from the

product descriptions; (2) a traditional estimator without explicit controls for style (i.e., without

controls for nuisance variables); (3) a traditional estimator that includes style dummies (an infeasi-

ble ‘oracle’ model that has impracticable knowledge on the nature and distribution of nuisance

variables); and (4) a traditional estimator using feasible controls derived from Empath features.
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While feasible in this simulation, the oracle model (3) is impractical in real-world settings where

variables such as style are commonly unobserved. The Empath features model (4) is, instead, the

typical compromise in applied research.

The results reveal that the traditional estimator without style controls produces severely biased

and inconsistent estimates for the key causal parameters. As shown in Table 2, the coefficient for

the treatment effect (Condition, 𝛽1) is significantly overestimated (0.887) compared to the ground

truth (0.25), representing a relative bias of over 250%, and its 95% confidence interval [0.842, 0.933]

excludes the true value. This bias arises because the unobserved stylistic variations (Factual,

Engaging, Creative) are correlated with both the treatment assignment and the outcome, creating

an omitted-variable problem. Specifically, participants in the treatment group are more likely to

see Engaging and Creative descriptions, while those in the control group are more likely to see

Factual descriptions. When style is omitted from the model, its effect (𝛽7) is erroneously attributed

to the treatment (𝛽1), leading to inaccurate causal inference. This underscores a core issue with

traditional approaches when dealing with unobserved confounds in complex, unstructured data.

In contrast, the traditional estimator that includes style dummies accurately recovers the

true parameters, as shown by the close alignment of its estimates with the ground truth (e.g.,

Condition estimate of 0.220). This model serves as an important, albeit unfeasible, benchmark:

it represents the best possible performance under perfect information about the confounding

nuisance variables. Its reliance on observing and quantifying style, however, makes it impractical

in real-world scenarios where such nuances are typically unobserved and costly to label.

The Empath controls model, representing a feasible and typical text analysis approach, reduces

the bias compared to the naive model but fails to fully recover the ground truth. The estimated

treatment effect is 0.466 (SE = 0.021, 95% CI: [0.424, 0.508]). While this is a substantial improvement

over the naive estimate (0.887), it is still nearly double the true value (0.25), and the confidence

interval does not include the true value. This suggests that while general-purpose lexical controls

derived from libraries like Empath can mitigate some confounding, they lack the specificity to

fully capture nuisance variables, resulting in continued bias in causal estimates. The model fit
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Table 2: Comparison of Model Estimates from Monte Carlo Simulation

labGPT No Style Oracle Empath

Condition (𝛽1 = 0.25) 0.239 (0.021) 0.887 (0.023) 0.220 (0.020) 0.466 (0.021)
[0.198, 0.280] [0.842, 0.933] [0.181, 0.260] [0.424, 0.508]

✓ ✗ ✓ ✗

Condition × Organic (𝛽3 = 0.50) 0.496 (0.029) 0.517 (0.033) 0.521 (0.027) 0.489 (0.029)
[0.438, 0.553] [0.452, 0.581] [0.469, 0.574] [0.432, 0.546]

✓ ✓ ✓ ✓

Organic (𝛽2 = 0.50) 0.498 (0.020) 0.505 (0.023) 0.497 (0.019) 0.525 (0.021)
[0.458, 0.537] [0.460, 0.551] [0.460, 0.534] [0.485, 0.566]

✓ ✓ ✓ ✓

Weight (𝛽6 = 0.10) 0.101 (0.002) 0.100 (0.002) 0.099 (0.001) 0.100 (0.002)
[0.098, 0.104] [0.097, 0.104] [0.097, 0.102] [0.097, 0.103]

✓ ✓ ✓ ✓

R-squared 0.608 0.401 0.605 0.534
Controls Included Nuisance None Dummies Empath
labGPT Controls Yes No No No
Style Dummies No No Yes No
Empath Controls No No No Yes
Size Dummies Yes Yes Yes Yes
Type Dummies Yes Yes Yes Yes
Standard errors in parentheses, 95% confidence intervals in brackets.
✓ indicates true value falls within 95% CI, ✗ indicates it does not.
Ground truth values: Condition(𝛽1)=0.25, Condition×Organic(𝛽3)=0.50, Organic(𝛽2)=0.50, Weight(𝛽6)=0.10.
‘labGPT’ includes labGPT nuisance controls, ‘No Style’ includes no controls, ‘Oracle’ includes style dummies,
and ‘Empath’ includes Empath controls. All models include size and type dummies.

(𝑅2 = 0.535) also remains considerably lower than the Oracle and labGPT models.

By comparison, labGPT offers a practical and effective solution to this challenge. By algo-

rithmically deriving nuisance controls that capture the unobserved stylistic variations, labGPT

recovers all true underlying parameters reported in Table 2 with high accuracy and precision. The

estimated treatment effect (0.239) closely aligns with the ground truth (0.25), and its confidence

interval [0.198, 0.280] includes the true value. Similarly, the interaction effect estimate (0.496) is

very close to the ground truth (0.50) and its confidence interval [0.438, 0.553] contains the true

value. Furthermore, the main effects for Organic (0.498 vs. 0.50) and Weight (0.101 vs. 0.10) are

accurately recovered. This demonstrates the method’s effectiveness in mitigating the confounding
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bias and facilitating accurate inference across the model. The overall model fit (𝑅2 = 0.608) is also

comparable to the infeasible Oracle model (𝑅2 = 0.605).

Overall, these simulations demonstrate the varying effectiveness of different approaches for

analyzing complex, unstructured data in experimental settings. Traditional methods omitting

controls yield biased results for causal parameters in the presence of confounding nuisance vari-

ables. Feasible alternatives using general-purpose text features like Empath controls can partially

mitigate this bias but may be insufficient, still resulting in biased causal inference. The infeasible

oracle model sets an accuracy benchmark but is impractical in real-world settings. labGPT offers

a feasible approach that achieves high accuracy in recovering causal effects–comparable to the

oracle model–by generating tailored, orthogonal nuisance controls. This makes it an effective

solution for rigorous causal inference in experiments with real-world verbal stimuli.

PREFERENCE DYNAMICS IN UNSTRUCTURED REAL-WORLD PRODUCT DESCRIPTIONS

Normative theories view consumer preferences as stable and merely retrieved during decision mak-

ing (Rabin 1998). This view has been challenged by mounting evidence showing that preferences

are often constructed based on how options are presented in the decision-making environment

(Payne et al. 2000; Slovic 1995). This constructive process can extend to subsequent decisions

as consumers learn their preferences, navigate attribute trade-offs, and build confidence in their

judgments (Amir and Levav 2008; Hoeffler and Ariely 1999; Yoon and Simonson 2008).

Making repeated choices can stabilize preferences. These findings align with studies on

anchoring—individuals initially anchor on accessible numerical information as a reference point

and, with cognitive effort, adjust closer to or farther from that anchor (Ariely, Loewenstein, and

Prelec 2003; Spicer et al. 2022). Much anchoring evidence relies on numbers, with some evidence

extending the anchor to semantic words (Chernev 2011). Previous studies on preference dynamics

typically employ structured choice contexts in which options are defined by two simpler, aligned

attributes (Amir and Levav 2008; Donkers et al. 2020; Yoon and Simonson 2008).

However, consumers in real-world settings often encounter options described with unstruc-
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tured text—wine tasting notes and coffee flavor narratives—rich with subjective features that may

not align across options. Learning from earlier choices is more difficult in such environments

because (1) the consequences of a choice can be hard to trace back to specific antecedents (Ein-

horn and Hogarth 1981), and (2) the concreteness of the information can affect its meaning and

implications for decision making (Ebbesen and Konecni 1980; Martin, Seta, and Crelia 1990), often

requiring more cognitive effort (Stone and Schkade 1991). Therefore, some scholars (Ebbesen

and Konecni 1980; Einhorn and Hogarth 1981; Gigerenzer 1991) argue that judgment phenomena

observed with simpler, stylized stimuli may not occur in information-rich environments; it remains

unclear whether initial product descriptions affect subsequent decisions.

We examine how consumers develop preferences when making sequential choices from real-

world, unstructured product texts. In two experiments, participants repeatedly viewed pairs of

products described in prose. They are asked to either choose their preferred option (our wine

study) or indicate a relative preference (our coffee study). For each participant, each product in

the sequence is drawn randomly (without replacement) from about 120,000 wines or 36 coffees.

We posit that preferences for such complex, verbally described products are initially constructed

but become largely invariant, exhibiting consistency in subsequent choices. When consumers

encounter products described in prose, they need to devote effort to assess this information. Product

options encountered at the outset can activate the accessibility of select semantic knowledge

about the options (Mussweiler and Strack 2001; Strack and Mussweiler 1997) and set standards of

comparison (Mussweiler 2003). Because an anchor’s influence grows when people actively read or

think about the anchor (Chapman and Johnson 1999), the initial products provide a reference frame

for consumers to discover their preference structure (i.e., attribute trade-off weights), thereby

aligning subsequent preferences with the initial, incidental product anchors.

Testing this hypothesis ideally involves presenting to participants a large, randomly selected

set of real-world descriptions, such that each product is described in prose, initial products (the

anchor) are incidental, and the characteristics across products may not align. labGPT can help

facilitate this empirical examination. It can transform complex prose descriptions (unstructured
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texts) into (1) structured, low-dimensional, and interpretable numerical representations of focal

product attributes, which helps us compute similarity metrics, and (2) statistical (nuisance) controls

for non-focal, confounding variations across the unstructured texts (e.g., stylistic features). Thus,

labGPT facilitates the analysis of experiments using large, ecologically valid stimulus sets, which

would be challenging via conventional experiments.

The purpose of our empirical investigation is twofold. First, we test our anchoring hypothesis in

sequential decisions for products described in prose. Second, we demonstrate and validate labGPT

as a methodology enabling such research. We begin with a large-scale experiment using real-

world wine descriptions–an ideal context due to its reliance on complex, subjective language. We

analyze participants’ choices via the representations generated by labGPT. To provide converging

evidence—and to ensure our results reflect the phenomenon itself rather than artifacts of any

method—we conduct a follow-up experiment in a different category (coffee) using controlled

stimuli amenable to traditional analysis techniques. Together, these studies allow us to gauge the

generalizability of the anchoring effect and the validity of our proposed methodology.

Context and Product Descriptions

The domain of wine consumption presents a suitable context for our research question. Wine,

valued for its sensory and hedonic experiences (Bisson et al. 2002), is a category characterized by

substantial differentiation (Lynch Jr and Ariely 2000). Each wine’s unique profile—shaped by its

region of origin (terroir) and grape varietal (MacNeil 2015; Robinson 2015)—is typically conveyed

in unstructured texts. This differs substantially from simplified stimuli often used in controlled

experiments. Wine descriptions in the real-world marketplace are rich in sensory detail and

nuance—the complexity makes wine an ideal context for examining our hypothesis of anchoring.

We next describe how we apply the labGPT approach to this study.

As an initial step (corresponding to Step 1 in Figure 2), we obtain a comprehensive dataset

containing the verbal descriptions (tasting notes) of 119,955 wines fromWine Enthusiast, a globally

recognized publication. These tasting notes are generated through extensive blind taste tests,
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where professional tasters describe each wine’s character and consumption experience without

access to identifying labels such as the producer, name, varietal, or region. They are essential for

communicating the nuanced profiles of wines to consumers and are often adapted by retailers into

point-of-sale marketing materials. For instance, “shelf talkers” (small descriptive cards attached

to store shelves) help consumers navigate their choices by providing descriptions of the wines’

characteristics (see panels 3a and 3b in Figure 3 for examples). We incorporated this extensive set

of real-world wine descriptions in our experiment, facilitated by our proposed methodology. This

helps enhance the study’s mundane realism by mirroring the materials consumers encounter in

real-world retail environments. It also improves ecological validity—by sampling a large, diverse

corpus of real-world product descriptions, the observed findings are more likely to generalize to

other real-world wine choices.

(a) Close-up of shelf talkers.

(b) Shelf talkers in context. (c) Word cloud of taste descriptors.

Figure 3: Illustrative Wine Descriptions and Vocabulary.
Notes: Panels (a) and (b) show wine shelf talkers. Panel (a) provides a close-up view, while Panel (b) shows them in a
retail context (image from ’The pros and cons of shelf talkers,’ by Vicki Denig at SevenFifty Daily, reproduced with
permission). Panel (c) displays a word cloud of the 1,000 most frequent taste descriptors found in the dataset.

Figure 3c (see panel (c) in Figure 3), a word cloud of the top 1,000 taste descriptors in the tasting

notes, illustrates the inherent complexity of the vocabulary used in the tasting notes; representative

examples illustrating the complexity and variability of wine descriptions are provided in Web
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Appendix §F.1 (Table A6). Specifically, the vocabulary used to describe wine tastes is remarkably

rich and varied, ranging from common terms like “dry,” “full-bodied,” or “oaky” to more unusual

descriptors such as “flinty,” “barnyard,” or “bruised.” Occasionally, it might appear peculiar,

capturing unique notes like “green bell pepper,” “petrol,” “wet stone,” or “bubblegum.” This

extensive vocabulary poses a key challenge for traditional experimental methods that often rely

on simpler stimuli, underscoring the need for labGPT.

Our conceptualization is that initially presented options activate selective semantic knowledge:

participants draw on the more accessible, relevant attributes in the initial products and use them

as reference points for later evaluations (Mussweiler 2003; Mussweiler and Strack 2001; Strack

and Mussweiler 1997). In the context of wines, those diagnostic cues tend to be “region” and

“varietal,” which appear in tasting notes and why retailers use these attributes to organize and

display their products (e.g., Wine.com, a large US-based online wine shop, as well as many online

or bricks-and-mortar stores). Moreover, varietal-region attributes are intrinsically linked to a

wine’s taste, its cultural roots, and geographical-climatic provenance (MacNeil 2015). As these

attributes are crucial for consumers evaluating wines (Latour and Latour 2010; Rocklage, Rucker,

and Nordgren 2021), participants are likely to access and draw on region and varietal when

forming preferences. Focusing our analysis on these attributes therefore maps onto our proposed

mechanism: early activation of salient varietal-region concepts in the initial products serve as the

semantic reference frame that shapes subsequent decisions.

Our final dataset comprises descriptions of 119,955 wines from 427 wine-growing regions and

708 wine-grape varietals. Each record includes a wine’s name, region, varietal, and tasting note

(averaging 53 words in length; SD = 11.86 words). We use these descriptions to conduct a study

on consumer preference dynamics in sequential decision-making.

Experimental Design and Participant Data

We collected participant data in collaboration with Qualtrics, a global leader in market research

(Step 2 in Figure 2). We engaged 1,000 consumers from Australia (250 participants), New Zealand
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(200 participants), and the United States (550 participants), ranging in age from 25 to 89, with

50.5% women. Participants met three criteria: a minimum age of 25 years (set for ethical reasons),

currently employed, and reported wine consumption of at least one glass in the prior 28 days.

The majority (86.5%) reported consuming at least one glass of wine per week. We instructed

our service provider to ensure that the participants’ demographics were representative of the

wine-consuming population in their respective countries. Consequently, our findings are relevant

to various businesses, such as wineries, wine distributors, and retailers.

Each participant completed 32 sequential decision tasks. In each task, participants saw a pair

of wines–each selected randomly without replacement from our corpus of 119,955 real-world

product descriptions–and were asked to indicate their preferred option. Each wine was described

by its name and tasting notes (including varietal and region), mirroring the information presented

to consumers in retail settings. This demonstrates labGPT’s flexibility, as it (a) allows participants

to encounter many different options and (b) presents wines in prose descriptions, resembling how

consumers encounter these products in the real-world.

We opted for the relatively long sequence of 32 decision tasks, even though our method

accommodates any length (including a single task). Extending the sequence offers a more stringent

test of our hypothesized anchoring effect: Gigerenzer (1991) argued that judgment phenomena

such as anchoring may dissipate when people make repeated choices over a longer sequence. The

extended sequence also allows us to examine possible anchors in different parts of the sequence.

The stimulus-randomization procedure, where each wine is selected randomly without re-

placement from the product corpus, offers three methodological benefits. First, each participant

encountered a unique initial product anchor (the first pair). As the anchor is arbitrary, no single

wine (or its varietal or region) can drive the effect, reducing potential bias from a specific stimulus.

Second, randomization ensured exogenous variation in our key measure of semantic similarity.

Given that participants encountered a unique sequence of options, the similarity between options

in any given task and the options in the initial anchor task (or any other candidate anchor

task) varied randomly across participants and sequences, providing a clean, participant-specific
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treatment effect for estimating the anchoring effect.

Third, randomization allowed us to conduct placebo tests, where options presented at later

sequence positions can be treated as pseudo-anchors to assess whether they (incorrectly) predict

earlier choices. Since participants cannot be aware of options in future tasks, and the set and

sequence of options was random, the similarity of options in the current task to those in future

tasks served as placebo tests: hypothesis tests wherein the same analysis is applied to variables

where no real effect is expected or possible, helping to rule out alternative explanations. For

example, in our wine study, we analyze the relationship between current choices and similarity to

future options, expecting a null result, as any significant finding would suggest our method is

prone to identifying artifacts (spurious correlations) rather than true anchoring effects.

Overall, by leveraging the labGPT method, our study effectively addressed the stimulus-

sampling problem identified in the literature (e.g., Baribault et al. 2018; Wells and Windschitl 1999)

and other alternative explanations (to be discussed in the study’s results section).

Our dataset comprises 32,000 choice tasks involving 49,548 unique wines (41.3% of available

wines) from 367 wine-growing regions and 566 grape varietals. This broad sampling ensured

substantial individual exposure to diversity: on average, each participant encountered 28.6 (SD =

2.99) unique wine regions and 31.6 (SD = 3.02) unique varietals across their 32 tasks. Participants

reported strong interest (M = 5.59) and liking (M = 6.22) for wine on seven-point scales (1 = ‘not

at all’; 7 = ‘very’). Their task involvement, measured using three items (e.g., ‘I could relate to the

overall situation of evaluating wines’; 1 = ‘strongly disagree,’ 7 = ‘strongly agree’; 𝛼 = .74), was

high (M = 5.73). Participants also found the wine descriptions moderately easy to understand (M

= 5.43 on a 7-point scale from ‘very difficult’ to ‘very easy’). All observations were included in our

analyses (i.e., no data exclusions).

Variable Operationalization and Model

To test our anchoring hypothesis—that preferences revealed in subsequent choices align with

initial product anchors—we developed measures based on the cosine similarity of the labGPT-
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derived attribute representations of the options. Specifically, for each option presented in a given

choice task (left or right), we first calculated its similarity to a specific candidate anchor task.

This ‘option-level similarity score’ was defined as the sum of the cosine similarity between that

option’s attribute representations and the attribute representations of the two options shown in

the anchor task.8 Higher scores indicate greater similarity between a presented option and the

options previously seen in the anchor task.

Our binary dependent variable was coded 1 if the left option was chosen and 0 if the right

option was chosen. The key independent variable used to predict this choice was the difference

between the option-level similarity scores for the left and right options relative to each specific

anchor task. A positive coefficient for this differenced variable would indicate that participants

were more likely to choose the option that was more similar to the options presented in the

anchor task (an assimilation effect). A negative coefficient would indicate a preference for the

more dissimilar option to those in the anchor task (a contrast effect). A non-significant coefficient

would suggest that similarity to that anchor task did not explain participants’ choices. Based on

this operationalization, we defined the following variables by changing the position of the anchor

in the sequence:

1. Similarity to Options in the First Task (SimFirst): For each option in the current task, we

summed its similarity to each of the options in the first task. We then differenced the

similarities of the two options in the current task. A positive and significant coefficient on

this variable would provide support for our hypothesized anchoring effect.

2. Similarity to Options in the Previous Task (SimPrev): We followed the same procedure as for

SimFirst, replacing the options in the first task with the options in the previous task. The

coefficient on this variable tests for the recency effect.

8The specific labGPT architecture used to generate these representations was systematically determined using
hyperparameter optimization to ensure objectivity and reproducibility (see Web Appendix §F.2 for details). Post-hoc
analysis confirmed a substantial degree of practical orthogonality between the resulting 8-dimensional province
and varietal representations. The median pairwise cosine similarity between average attribute vectors was 0.262
(IQR: 0.079–0.510), with over half (54.5%) of pairs exhibiting similarity below 0.3 (and 28% below 0.1), indicating they
capture distinct information.
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3. Similarity to Options in the Next Task (SimNext): We followed the same procedure as for

SimFirst, replacing the options in the first task with the options in the next (i.e., subsequent)

task. As the options in the next task are unknown at the time of decision-making, the

coefficient on this variable serves as a placebo test. We expect a nonsignificant coefficient,

ruling out alternative explanations such as preference heterogeneity.

4. Similarity to Options in the Last Task (SimLast): We followed the same procedure as for SimFirst,

replacing the options in the first task with the options in the last task. As the options in the

last task are also unknown at the time of decision-making, the coefficient on this variable

also serves as a placebo test.

For a closer examination of preference dynamics and to rule out alternative explanations, for

each task 𝑡 , we additionally calculated similarity to the second task (SimSecond), two tasks before

the current task (SimTwo Before), two tasks after the current task (SimTwo After), and the second-

to-last task (SimSecond Last) using the same procedure. Each variable was defined only when the

corresponding anchor task fell within the valid task range (e.g., SimTwo Before was defined only for

tasks 𝑡 ≥ 3, and SimTwo After was defined only for tasks 𝑡 ≤ 31).

We fit a hierarchical Bayesian model where the utility that participant 𝑖 assigns to option 𝑘 in

task 𝑡 is represented as:

𝑢𝑖𝑘𝑡 = 𝛽0𝑖 + 𝛽1𝑖SimFirst
𝑖𝑘𝑡

+ 𝛽2𝑖SimPrev
𝑖𝑘𝑡

+ 𝛽3𝑖SimNext
𝑖𝑘𝑡

+ 𝛽4𝑖SimLast
𝑖𝑘𝑡

+ 𝛽5𝑖SimSecond
𝑖𝑘𝑡

+ 𝛽6𝑖SimTwo Before
𝑖𝑘𝑡

+ 𝛽7𝑖SimTwo After
𝑖𝑘𝑡

+ 𝛽8𝑖SimSecond Last
𝑖𝑘𝑡

+
5∑︁

𝑞=1
𝛿𝑞𝑖Nuisance𝑞𝑖𝑘𝑡 + 𝜀𝑖𝑘𝑡 .

𝜀𝑖𝑘𝑡 is i.i.d. Gumbel, yielding a logit choice model.

To systematically test our hypothesis while ruling out potential alternative explanations, we

estimate a sequence of nested fixed-effects models. Model 1 includes only the four focal similarity

terms (SimFirst, SimPrev, SimNext, SimLast) to test our hypothesis, with the recency (SimPrev) and
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placebo (SimNext, SimLast) terms as internal controls. Building on this, Model 2 incorporates the

four additional similarity measures (SimSecond, SimTwo Before, SimTwo After, SimSecond Last) to further

assess any observed anchoring effect. Separately, Model 3 augments Model 1 by adding the five

labGPT-derived nuisance controls (Nuisance𝑞) to account for irrelevant stylistic variations in

the stimuli descriptions. Model 4 then integrates all components, estimating a model with all

eight similarity measures and the five nuisance controls included, representing the fully specified

fixed-effects model.

To account for individual differences in sensitivity to these factors, we next introduce

participant-level heterogeneity. Model 5 builds upon the specification of Model 3, allowing

the coefficients for the intercept, the four focal similarity effects (SimFirst, SimPrev, SimNext,

SimLast), and the five nuisance control effects (𝛿𝑞𝑖 ) to vary across participants. Model 6 introduces

participant-level heterogeneity based on the fully specified Model 4. This model allows all

fixed-effect coefficients—intercept, all eight similarity effects, and all five nuisance control

effects—to vary by participant, providing the most flexible representation of individual differences.

Results

The results, detailed in Table 3, indicate that participants anchored their preferences to the wines

presented in the initial task, consistently favoring wines with similar attributes in subsequent

choices.9 The coefficient for “Similarity to First Task” is positive and credibly different from

zero across all seven models with this predictor, including these four models (posterior mean

ranging from 0.038 to 0.041, 95% CIs exclude 0), those that include only single predictors (see

Web Appendix §F.4.1), and those that omit nuisance controls and heterogeneity (Models 1 and 2;

see Web Appendix §F.4.2). In contrast, the coefficients for similarity to other candidate anchors

(e.g., wines shown in the previous, next, or last tasks) and the additional similarity terms were

non-significant across all of these specifications.

9Full results for single-predictor models are provided in Table A9 in Web Appendix §F.4.1, fixed-effects models (M1,
M2, M3, and M4) including nuisance controls in Table A10 in Web Appendix §F.4.2, and the fully heterogenous
models (M5 and M6) including all fixed and random effects in Table A11 in Web Appendix §F.4.3.
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Table 3: Results: Wine Study

Effect Model 3 Model 4 Model 5 Model 6

Intercept 0.083*** 0.083*** 0.089*** 0.090***
(0.012) (0.012) (0.013) (0.013)

Similarity to First Task 0.038*** 0.039*** 0.038** 0.041**
(0.013) (0.013) (0.015) (0.015)

Similarity to Previous Task 0.015 0.016 0.015 0.016
(0.013) (0.014) (0.014) (0.015)

Similarity to Next Task -0.010 -0.009 -0.010 -0.009
(0.013) (0.014) (0.014) (0.014)

Similarity to Last Task -0.005 -0.004 -0.004 -0.002
(0.013) (0.014) (0.015) (0.016)

Similarity to Second Task — -0.001 — -0.003
— (0.014) — (0.016)

Similarity to Two Tasks Before — -0.011 — -0.011
— (0.014) — (0.015)

Similarity to Two Tasks After — -0.008 — -0.012
— (0.014) — (0.014)

Similarity to Second-to-Last Task — 0.012 — 0.011
— (0.014) — (0.016)

LOOIC 38694 38700 38320 38292
Nuisance Controls Included Yes Yes Yes Yes
Full Heterogeneity Included? No No Yes Yes

Note. Fixed-effects estimates (posterior means) from Bayesian hierarchical logistic regres-
sions. Standard errors are reported in parentheses. ∗𝑝 < 0.05, ∗∗𝑝 < 0.01, ∗∗∗𝑝 < 0.001.
Dashes (—) indicate that the variable is not included in the model. Nuisance control
fixed-effect estimates and heterogeneity estimates (standard deviations of participant-level
random effects for M5 and M6) suppressed for brevity and reported in Web Appendix
§F.4.3.

The nonsignificant coefficient for “Similarity to Previous Task” indicates that the data does not

support recency accounts. Moreover, the coefficients for “Similarity to Next Task” and “Similarity

to Last Task” act as placebo tests: as participants were unaware of the options in later tasks, their

current choices should not be driven by similarity to these future options. Their nonsignificance

aligns with this expectation and suggests the observed effect of initial (incidental) anchor is not

an artifact of unobserved preference heterogeneity correlating choices across random tasks.

Model fit comparisons using the Leave-One-Out Information Criterion (LOOIC) reveal that
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accounting for individual differences substantially improves explanatory power. Models 5 and 6,

which incorporate participant-level heterogeneity, provide a considerably better fit than their fixed-

effects counterparts (Models 3 and 4, respectively). Among the models presented, Model 6, which

allows all fixed effects fromModel 4 to vary across participants, achieves the best overall fit (LOOIC

= 38292).10 These findings suggest that once an initial reference point is established, consumers

maintained coherent preferences aligned with the characteristics of those initial options, even after

accounting for nuisance variables and substantial individual-level heterogeneity in preferences.

Moreover, we estimated models incorporating the position of each task in the sequence and its

interaction with the similarity to the options in the first task. The interaction term was non-

significant, suggesting that the anchoring effect does not diminish over the experiment, ruling out

fatigue as an alternative explanation.11 These results are detailed in Web Appendix §F.4.4.

labGPT played a crucial role in developing our independent measures. Our conceptual frame-

work posits that the initial options activate selective semantic knowledge about key product

attributes (region and varietal), rather than superficial textual differences. To capture this, labGPT

generated low-dimensional numerical representations for each attribute that were, by construction,

orthogonal to nuisance variables. This orthogonalization ensured that the resulting similarity mea-

sures reflected only the similarity of these attributes, uncontaminated by potentially confounding

factors such as description style—a feature critical to theory testing in our experimental design.

Robustness Check: Perturbation Analysis Results

To confirm the robustness of our findings, we applied the perturbation analysis technique described

previously. Perturbations were generated using OpenAI’s GPT-4.1, prompted specifically to slightly

expand each description while maintaining tone, style, and core attributes (e.g., region, varietal).

This process created a parallel dataset where descriptions were subtly elaborated upon without

altering their fundamental meaning or factual content, allowing us to test labGPT’s resilience to

nuanced textual variations.

10Detailed LOOIC comparisons are provided in Web Appendix §F.4.
11We thank the review team for this suggestion.
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We conducted two key evaluations to confirm representations and key findings. First, we com-

pared the numerical attribute representations derived by labGPT from the original and perturbed

wine descriptions using the RV coefficient—a multivariate generalization of the squared Pearson

correlation coefficient. Second, we reconstructed the variables for the anchoring analysis using

the perturbed embeddings and re-estimated Models 1-4.

The RV coefficient analysis confirmed the robustness of labGPT’s extracted representations

to these perturbations. The RV coefficients comparing the original and perturbed embeddings

were 0.972 for region embeddings and 0.980 for varietal embeddings, indicating a high degree

of alignment. To assess whether these observed similarities were statistically significant, we

conducted permutation tests comparing the observed RV coefficients to those expected under a null

hypothesis of no systematic alignment. The resulting p-values were extremely low (𝑝𝑠 < 0.0001

for both region and varietal embeddings), indicating that the alignment between original and

perturbed embeddings was highly unlikely to be due to chance. These findings suggest that labGPT

effectively treated the perturbations as nuisance variables, maintaining stable representations of

the focal constructs of region and varietal.

The re-estimated statistical models using the perturbed embeddings also yielded results consis-

tent with those obtained from the original data. As shown in Table 4, the similarity to the first task

(i.e., anchoring effects) remained significant across all models, with estimates ranging from 0.036

to 0.042 (all 𝑝𝑠 < 0.001). Other similarity measures, such as similarity to recent or subsequent

tasks, remained nonsignificant, consistent with the original findings.

Validation Study: Experiment Using Controlled Stimuli (Coffee Descriptions)

We conducted a validation study to further verify the anchoring phenomenon observed in our

wine study and offer convergent evidence against method-specific artifacts. To provide evidence

from a different product category, we situate our study in coffee which, like wine, offers rich

sensory experiences and is often presented in texts. We employed conventional design with

experimentally controlled descriptions and conventional analytical techniques. This allows us
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Table 4: Results: Perturbation Analyses of Wine Study

Effect Model 1 Model 2 Model 3 Model 4

Intercept 0.082*** 0.083*** 0.083*** 0.084***
(0.011) (0.012) (0.011) (0.012)

Similarity to First Task 0.036*** 0.041*** 0.036*** 0.042***
(0.013) (0.014) (0.013) (0.013)

Similarity to Previous Task 0.012 0.017 0.012 0.018
(0.013) (0.014) (0.013) (0.014)

Similarity to Next Task -0.004 -0.007 -0.005 -0.008
(0.013) (0.014) (0.013) (0.014)

Similarity to Last Task -0.008 -0.008 -0.009 -0.008
(0.013) (0.014) (0.013) (0.014)

Similarity to Second Task — 0.000 — 0.001
— (0.014) — (0.014)

Similarity to Two Tasks Before — -0.014 — -0.013
— (0.014) — (0.014)

Similarity to Two Tasks After — -0.006 — -0.006
— (0.014) — (0.014)

Similarity to Second-to-Last Task — 0.018 — 0.018
— (0.014) — (0.014)

Nuisance Controls Included No No Yes Yes

Note. Fixed-effects estimates (posterior means) from Bayesian hierarchical logistic regres-
sions. Standard errors are reported in parentheses. ∗𝑝 < 0.05, ∗∗𝑝 < 0.01, ∗∗∗𝑝 < 0.001.
Dashes (—) indicate that the variable is not included in the model. Nuisance control fixed-
effect estimates suppressed for brevity.

to verify the findings observed in the wine study, generalize the anchoring phenomenon to a

different category, and show that the findings reflect the phenomenon and not due to the method.

Specifically, we focused on two key coffee attributes—aroma and taste—each with six possible

levels (aroma: floral, fruity, nutty, chocolatey, spicy, earthy; taste: bitter, sweet, acidic, sour, umami,

balanced). This structure yielded 36 unique attribute combinations. To generate coffee profiles,

we used ChatGPT’s autocomplete feature to create a short, standardized description for every

aroma–taste pairing. Specifically, we prompted ChatGPT with the stem: “This coffee’s [adjective]

[aroma level] and [adjective] [taste level]. . . ” such that each description (1) referenced the correct

attributes, (2) maintained a neutral and concise tone, and (3) followed a single-sentence structure.

To make the mock texts appear as realistic coffee profiles, we prompted ChatGPT to include a
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short phrase on the sensory experience of the aroma-taste pairing, while keeping the underlying

aroma–taste attributes constant. The coffee stimuli averaged 24 words in length (median = 24

words), with comparable detail and complexity across the set. By standardizing and aligning these

attributes, we could leverage the attribute overlaps as a similarity metric.

A total of 362 undergraduate students (69.9% women, average age = 21.6) participated in this

study in exchange for course credit. Each participant evaluated 18 pairs of coffee descriptions,

indicating their relative preference on a 7-point scale (1 = strongly prefer Option A, 7 = strongly

prefer Option B). Each coffee in each pair was randomly selected, without replacement, from

the set of 36 coffees. While all participants were presented with the same set of coffees, the

specific pairings and sequences varied across participants. After completing the evaluation tasks,

participants provided basic demographic information (gender, age). Detailed methods are available

in Web Appendix §E.

To test the effect of initial product anchors on participant preferences, we defined a similarity

measure based on the extent of the match between the attribute levels of the options in each task

and those in the initial task. This served as our key independent measure of similarity, where a

larger value indicated greater alignment with the options shown in the initial task.

To rule out alternative explanations, we implemented three controls. First, the options shown

in the initial task, as well as all subsequent options, were chosen at random, ensuring that any

observed similarity effects were not driven by systematic patterns in the order of the options.

Second, we computed additional similarity measures to test for recency effects and placebo effects.

Specifically, akin to the measures in our wine study, we calculated similarity to the options shown

in the previous task (to test recency) and similarity to options in the next and last tasks (as placebo

tests); we expected non-significance for these latter measures if primacy drove choices. Third,

further analyses included similarity measures relative to other tasks (e.g., the second task, tasks

two steps before/after, and the second-to-last task). The non-significance of these additional

measures would suggest that these other positions in the sequence did not affect focal preferences.

Under these controlled conditions, we replicated the anchoring effects observed in our main

39



wine study. The results, detailed in Web Appendix §E, revealed that similarity to the options

presented in the first task significantly predicted participants’ subsequent preferences (𝑝𝑠 < 0.001),

while similarities to options from previous, next, last, or other temporally distant tasks did not (all

NS). This overall pattern, combined with the randomization, makes unobserved heterogeneity an

unlikely explanation and confirms that the anchoring effect observed in our main study is not

contingent on wines nor an artifact of labGPT.

Study Discussion

We examined the dynamics of consumer preferences in sequential decision-making for complex,

verbally described products, focusing on how initially encountered products influence subsequent

choices. The findings revealed a consistent pattern of preference alignment, whereby partici-

pants generally favored options similar to initially presented options (though entirely incidental).

Specifically, similarity to the wines encountered in the first task significantly predicted subsequent

choices, whereas similarities to wines from previous, next, or final tasks did not.

The robustness of this anchoring effect was confirmed through two validation exercises. First,

perturbation analyses verified that our core findings—particularly the significant influence of

similarity to the initial task—remained stable even when irrelevant textual modifications were

intentionally introduced into the product descriptions. This indicates that the anchoring effect was

driven by underlying product attributes captured by labGPT rather than superficial linguistic or

stylistic variations. It shows that labGPT could account for these extraneous textual modifications.

Second, a validation study replicated the anchoring phenomenon, using controlled stimuli

from a different product category (coffee) and employing conventional analytical methods. In this

study, similarity was defined by explicit attribute overlaps rather than AI-derived representations.

Participants again exhibited preferences aligned with the attributes of coffee options presented

in their initial task. Thus, this replication provided converging evidence supporting both our

substantive conclusions regarding preference anchoring and the methodological efficacy of labGPT

in generalizing the effect to real-world products.
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Taken together, these findings support the notion that consumer preferences are initially

malleable but are defined by early (though arbitrary) product exposures and become largely

invariant in later choices, thereby exhibiting consistency. Our results rule out revealed-preferences,

fatigue, and preference-updating accounts, reinforcing the idea that initial exposures to verbally

described products can serve as powerful reference points that guide later choices in information-

rich environments. The effect emerges as a robust and generalizable phenomenon, providing

convergent validation of our proposed research design and methodology (labGPT).

GENERAL DISCUSSION

We introduce an experimental design that accommodates many, diverse real-world verbal stimuli

while exerting statistical control for stimulus variability. At its core is labGPT: an explainable

AI model that transforms the unstructured verbal descriptions into structured representations

of (1) focal variables and (2) statistical controls for non-focal variations, facilitating analysis of

participant responses to unstructured stimuli. It is conceptually grounded in recent evidence

showing LLM encodings closely mirror human brain’s operation for speech and meaning and

can be used to understand downstream tasks. labGPT transforms the inherently unstructured

LLM encodings through a two-stage network into structured, low-dimensional, interpretable

representations that can be used for theory development (see Figure 1).

We conduct Monte Carlo simulations to demonstrate labGPT’s effectiveness in approximating

experimental control. In controlled conditions using synthetic data with known ground truth, the

results show that labGPT recovers true parameters when textual stimuli included unobserved

variations. labGPT results closely approximate the estimates and confidence intervals of an

infeasible Oracle benchmark with perfect knowledge of ground truth.

In addition, to illustrate labGPT, we empirically study preference dynamics in wine, where

1,000 consumers each evaluated 32 pairs randomly drawn from nearly 120,000 real tasting notes.

Across participant choices for about 50,000 unique wines, the results reveal that preferences

for verbally described products are initially malleable. Despite being entirely incidental, wines
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presented at the outset become product anchors in shaping later decisions. A follow-up experiment

(coffee) replicated the effect. The results support the notion that preference dynamics is affected

by the selective accessibility of knowledge about key attributes (e.g., region and varietal) as

shaped by product anchors. By systematically sampling stimuli from a large real-world corpus and

controlling for non-focal variation across stimuli, labGPT helps facilitate stimulus sampling for

products typically described in prose and strengthens the study’s internal and external validity. Our

proposed labGPT—based design seeks to complement traditional designs for studying consumer

behavior.

Contributions

We contribute to consumer behavior research in four ways. First, we present an alternative

experimental design for studying consumer behavior in information-rich environments where

products are conveyed in prose. Common contexts include hedonic consumption, complex financial

products, and sustainability initiatives. Specifically, hedonic experiences are often described in

prose to help consumers anticipate these experiences. However, as Alba and Williams (2013)

observe, “consumer researchers have been inclined to frame the issue narrowly, in part because

many integral characteristics of hedonic consumption can be devilishly difficult to investigate

via traditional experimental paradigms” (p. 3). labGPT facilitates research endeavors by making

such contexts experimentally tractable. For example, our experiments test a novel consumer

insight: verbally described products can become anchors in repeated choices. This builds on

classic anchoring research, a judgment phenomenon typically studied using simpler stimuli

that, it is speculated, may not occur in information-rich environments (Ebbesen and Konecni

1980; Gigerenzer 1991). labGPT can be used to help resolve conflicting theoretical predictions

arising from discrepancies in product presentations between simpler, stylized stimuli and detailed,

real-world stimuli.

Second, we address the stimulus-sampling problem. To mitigate this problem, scholars rec-

ommend that the stimulus sample be enlarged (Westfall, Judd, and Kenny 2015) and treated as
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a random factor, viewing each stimulus as one of many possible items drawn from its larger

population and sampling stimuli in the same manner as sampling participants (e.g., Baribault et al.

2018; Judd, Westfall, and Kenny 2012). labGPT facilitates these design suggestions for stimulus

selection. We presented 1,000 participants with approximately 50,000 real-world wine descriptions

randomly sampled from a pool of 119,955 wines produced across 427 wine-growing regions and

708 wine-grape varietals. This sampling approach minimizes the likelihood that the observed

effects are driven by extraneous features specific to a particular wine—a concern in conventional

experiments that rely on a small set of carefully pretested stimuli designed to elicit specific effects

(Pham 2013)—improving the study’s internal validity. The observed effects are also likely to

generalize to the approximately 70,000 wines that were randomly excluded from the experiment,

as the stimuli were chosen randomly and presented in their original form. This directly enhances

the external validity of the study findings. Moreover, the existing approach of manual coding (like

our analysis in the coffee experiment) would be impractical for our wine experiment. Given that

participants each saw randomly sampled wines, manual coding would require approximately 2.5

billion distances. labGPT efficiently computes these distances, accounting for nuisance variables

and thereby helping to preserve the research’s internal validity. While traditional experiments rely

on orthogonal, factorial designs for causal inference, our proposed approach combines large-scale

randomization, continuous attribute representation, and statistical nuisance controls to facilitate

causal inference. Allowing each participant to be shown a distinct, randomly sampled subset

of stimuli leverages the between-item variance that Judd, Westfall, and Kenny (2012) highlight,

thereby increasing statistical power without increasing the participant sample size.

Third, our proposed research design can help enhance research objectivity and reproducibility.

Traditional designs can involve numerous researcher decisions in (1) designing the experiments,

such as stimulus simplification and selection, and (2) data analysis methods. These researcher

degrees of freedom can inadvertently compromise research reproducibility. Our framework allows

the inclusion of real-world stimuli without abbreviation, facilitates stimulus selection from market

coverage, and offers a structured, end-to-end methodological pipeline where key parts of the
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analytical plan (e.g., embedding models) can be pre-specified and pre-registered. Not only does it

mitigate the stimulus-sampling problem, it overcomes the “garden of forking paths” (Gelman and

Loken 2013) problem in some conventional approaches. labGPT supports open science practices

like pre-registration, enhancing replicability and the overall credibility of the findings.

Finally, we build on cognitive psychology and neuroscience work showing that LLM em-

beddings align closely (and linearly) with human brain’s own hierarchical codes for speech and

meaning (Goldstein et al. 2025). These embeddings can serve as proxy for consumer concep-

tual knowledge for downstream tasks. However, LLMs are inherently unstructured and high-

dimensional, with thousands of unlabelled dimensions. Even though they can predict downstream

tasks such as food-health judgments (Gandhi et al. 2022), it remains unclear which specific con-

structs or semantic features drive these judgments. To facilitate their use for theory testing in

consumer behavior, we propose labGPT which combines LLM with a two-stage specialized neural

network architecture to develop structured, lower-dimensional, and interpretable representations.

Our approach conceptually parallels recent work like Goldstein et al. (2025) to reduce dimension-

ality but goes further to interpret dimensions for theory testing. labGPT is also designed to adapt

to context and different dataset features through automatic tuning (see Web Appendix §F.2).

Limitations, extensions, and directions for future research

Embeddings for images, audios, and videos

labGPT focuses on unimodal (text) product descriptions. We opted to start with text because

textual stimuli are prevalent and current AI embeddings are more advanced and accurate with text.

However, both our method and existing embedding models can handle multimodal data inputs,

such as multimodal product descriptions. These advances suggest promising enhancements to

our design’s capabilities. As large multimodal models improve, it would be interesting for future

research to test consumer behavior theories involving other forms of unstructured stimuli, such

as images, audios, videos, and even virtual and augmented reality.
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Stimulus sampling method

Large-scale randomization ensures sufficient variation across the attribute space and, on average,

approximates balance across attribute levels. In our wine experiment, for each participant and

each task, we randomly sampled a wine in each pair from a large real-world corpus. In practice, the

same sampling considerations and methods used for participants (e.g., simple random, stratified,

cluster sampling) can be applied to stimulus selection. Some sampling methods may be better

suited for certain research questions, such as how consumers perceive Old World versus New

World wines or the effectiveness of messages that are concise, medium, or lengthy. In these

situations with specified bins, researchers can use stratified sampling via wine-provenance or

word-count strata for more balanced groupings. We discuss this flexibility in stimulus sampling

method and provide guidance in the researcher’s guide (Web Appendix §B).

Discovering latent dimensions

A promising direction for future research is to use labGPT to uncover latent dimensions from

unstructured texts. To test preference dynamics in our main study, we chose a context in which we

know which attributes are likely important to consumers, because this allows us to transform the

unstructured tasting notes into a theory-based attribute representation to identify the source of any

potential anchoring effects. We can thus more cleanly isolate semantic anchors on theoretically

relevant dimensions, in line with our conceptual rationale that products activate select semantic

knowledge about the options based on identified key attributes. While we opted for a deductive

approach, it is possible to use labGPT to inductively uncover other key latent dimensions. Future

research can compare how theory-driven and data-driven dimensions shape preference dynamics.

Consumer contexts with rich, unstructured texts and using multiple dimensions

Relatedly, future research can implement labGPT-based research designs to study other consumer

contexts in which unstructured texts are rich and common. For example, one can study what

makes online consumer reviews more useful using the procedure in Figure 2 by (a) collecting
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a corpus of reviews (step 1), (b) using labGPT to identify the underlying dimensions that affect

review usefulness (step 3), and (c) validating the causal impact of these dimensions on review

usefulness (steps 2, 4 and 5). Suppose that researchers want to further verify the internal validity

of the test, they could develop controlled manipulations of the identified dimensions and use a

traditional design in a laboratory study. This parallels our overall empirical strategy for assessing

semantic anchoring with labGPT-based wine experiment and the controlled coffee experiment.

Some consumer contexts involve extensive texts describing numerous aspects of the options.

For example, insurance and financial products are often presented in rich, extensive texts, and

consumers may consider multiple attributes. Such contexts remain challenging to study using

conventional methods. Given that labGPT can handle large, diverse product spaces (with high-

cardinality categorical variables) through continuous representation, it would be interesting to

examine how consumers consider multiple dimensions in decision making using labGPT.

High-level psychological constructs

An important direction for future research is to assess the extent to which labGPT can be applied to

study abstract or holistic psychological constructs. In our experiments, we examinedmore concrete

drivers of judgments—specified product attributes—because these attributes are well defined and

appropriate for our research question. Because labGPT uses supervised training to disentangle

focal constructs from other variations in texts, we speculate that it is better suited when the focal

constructs can be reasonably defined and labeled for the supervised training process, even if these

constructs are abstract. For instance, it could potentially be used to extract quantifiable aspects of

narratives like sentiment arcs (Toubia, Berger, and Eliashberg 2021) or the prevalence of specific

thematic elements (Toubia et al. 2019) if these can be reliably labeled in a training set. However,

labGPT is likely less suited for capturing purely holistic or highly subjective interpretations where

defining clear targets is difficult (e.g., assessing the overall ‘persuasiveness’ of entirely different

narrative structures without breaking them down into measurable components). An area for

future research could involve integrating unsupervised topic modeling or clustering techniques

46



prior to labGPT’s supervised stage to help define relevant dimensions within highly abstract texts.

Emerging product categories

Generative AI offers the ability to create descriptions when real-world stimuli are limited, such

as in emerging or novel product categories12, or when study objectives require more controlled

descriptions that mimic real products (e.g., the coffee descriptions in our follow-up experiment).

Here, researchers could adopt a human-in-the-loop framework, where humans guide the AI in

generating stimuli or assist in selecting from AI-generated stimuli (e.g., using platforms like

MTurk). This approach could enable researchers to craft realistic stimuli with ease and low cost.

Managerial Implications

The use of real-world stimuli enhances the potential for counterfactual analysis, because inferences

drawn from the study relate directly to actual products rather than simplified abstractions. For

example, our statistical model maps the preferences of 1,000 consumers in the US, Australia,

and New Zealand for all 119,955 wines in our dataset. For wine producers and retailers, this

detailed preference mapping could inform predictions of wine choices and preference-based

metrics relevant to sales and market share for different orderings of wine pairings. The estimated

preference structure offers potential as a foundation for marketing decision tools that, similar to

other structural econometric models, may inform the optimization of marketing strategies. As

AI advances, we hope labGPT enables researchers to use naturalistic stimuli in experiments that

parallel how these products are presented in the marketplace, helping to advance the study of

consumer behavior in information-rich environments.

12We illustrate this capability in our researcher’s guide (see Web Appendix §B).
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