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Abstract

Traditional experiments often rely on a few, stylized stimuli, which can limit realism and undermine
generalizability beyond the sampled stimuli—known as the stimulus-sampling problem. To address
these challenges, this paper introduces BRIDGE, a novel analytical method that enables the use
of many unaltered real-world descriptions as experimental stimuli. Leveraging foundational
generative AI embeddings, BRIDGE develops (1) structured, low-dimensional, and interpretable
representations of focal constructs and (2) statistical controls for non-focal nuisance variations,
facilitating causal inference. The authors validate the method through extensive Monte Carlo
simulations, two coffee certification experiments, and a large-scale wine choice experiment (plus
its validation study). The results show that BRIDGE recovers true parameters even when textual
stimuli contain unobserved nuisance variations, and can effectively account for different sources
of confounding. In a large-scale choice experiment, 1,000 participants evaluated approximately
50,000 unique product descriptions randomly sampled from a corpus of nearly 120,000. Results
show that entirely incidental initial products can shape participants’ subsequent preferences. By
incorporating many unaltered product texts into experiments, BRIDGE enhances the realism,
generalizability, and practical relevance of consumer research in information-rich environments.
A detailed researchers’ guide and Python package bridge are provided.

Keywords: Research Design, Interpretable Artificial Intelligence, Generative AI, Consumer Behav-
ior, Marketing.

2



Real-world product descriptions can be complex, elaborate, and diverse. For instance, when

choosing a vacation destination, 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. Consumers

may be presented with many such product descriptions in free-form, unstructured texts. That

richness helps consumers anticipate experiences and evaluate products but poses a challenge for

researchers: How much of this real-world complexity should experimental stimuli retain?

Using stimuli with rich detail can help activate the same psychological processes that affect

real-world consumer choices, enhancing both experimental and mundane realism (Camerer 1997;

Morales, Amir, and Lee 2017; Wilson, Aronson, and Carlsmith 2010).1 However, the inherent

variability of real-world descriptions can make it difficult to ensure comparability across stimuli. A

category may have hundreds or thousands of product descriptions, which may differ in countless

ways, from what is said (“content,” e.g., attributes, claims, information) to how it is said (“form,”

e.g., words used, style, length). Causal inference requires isolating the effect of a focal element

embedded in the unstructured text (e.g., surfing, cultural heritage, wildlife) while holding constant

the many other features that co-vary with it.

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). Yet this control
1Experimental realism is the degree to which the experiment engages participants psychologically; mundane

realism is the extent to which a study mirrors real-life situations, tasks, and environments (Wilson, Aronson, and
Carlsmith 2010).
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comes at a cost: with only a handful of select stimuli per condition, the observed effects may

be due to idiosyncrasies of the specific stimuli rather than the intended construct (Clark 1973;

Pham 2013; Wells and Windschitl 1999). This is the stimulus-sampling problem, and variation

in unstructured texts tend to amplify it: the potential stimulus space of unstructured texts is far

larger than that of structured stimuli, making it difficult to sample representatively.

The stimulus-sampling problem undermines a study’s internal validity (Simonsohn, Monteale-

gre, and Evangelidis 2024), as the sample may be biased by uncontrolled confounds, inflating

Type I error (Judd, Westfall, and Kenny 2012; Wickens and Keppel 1983). It threatens construct

validity2 (Wells and Windschitl 1999), as specific features of a sampled stimulus may introduce

alternative construct interpretation, and external validity, as findings may not generalize beyond

stimuli used (e.g., Baribault et al. 2018; Judd, Westfall, and Kenny 2012). Scholars have speculated

that past failures to replicate experimental results may stem from the stimulus-sampling problem

(e.g., Westfall, Judd, and Kenny 2015).

In this paper, we propose BRIDGE (Behavioral Research through Interpretable, Dimensionality-

reduced Generative AI Embeddings), a novel data analysis methodology that enables a funda-

mentally different approach to stimulus sampling. Under this approach, participants in a single

experiment can be exposed to distinct stimuli randomly selected from a corpus of real-world

product descriptions, resembling a series of micro-experiments.

BRIDGE facilitates the analysis of participants’ responses to diverse, unstructured stimuli while

maintaining control across varying stimulus characteristics. It (1) uses a large language model

(LLM) to generate high-dimensional, unstructured numerical embeddings of the unstructured

stimuli and (2) transforms these embeddings into lower-dimensional, interpretable “knowledge

representations” of the product attributes described in the stimuli, serving as numerical repre-

sentations that are amenable to computational reasoning (Carvalho, Pereira, and Cardoso 2019;

Levesque 1986; Tenenbaum et al. 2011). The lower dimensionality and interpretability of these
2As Wells and Windschitl (1999) point out, “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’
(Cook and Campbell 1979, p. 59)” (p. 1116).
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knowledge representations make them practical for use in theory-driven hypothesis testing with

key, defined product attributes, as they can be incorporated in statistical models of participant

behavior. BRIDGE also enables the development of statistical controls for nuisance variables to

ensure stimulus comparability, extending conventional ANOVA/ANCOVA-style testing to settings

with many varied real-world stimuli, while also encompassing conventional experimental designs

as special cases. In doing so, it facilitates broader stimulus sampling, increases statistical power

through multiple distinct product presentations per participant, and improves generalizability

through greater coverage of product offerings in the market.

We organize our paper as follows. We develop BRIDGE, describing the data structures it

addresses. We present a synthetic-data study identifying key boundary conditions. We demonstrate

our methodology using multiple experiments. The first two experiments use controlled stimuli

and conventional designs to provide evidence that the inference obtained from BRIDGE (without

explicit confound specification) is comparable to an “unconfounded” benchmark that uses direct

knowledge of the confound structure to yield consistent and efficient estimates. In the third

experiment, we illustrate the use of BRIDGE in addressing a novel consumer research question

that would be challenging to investigate using conventional experimental designs. This laboratory

experiment involves 1,000 participants who are each presented with the real-world descriptions

of 32 pairs of wines randomly sampled from nearly 120,000 available on the market; each wine

description averaging 53 words (SD = 11.86) and the experiment encompassing almost 50,000

unique wines. The inclusion of such rich and diverse stimuli would be impracticable using

traditional experimental designs with the same number of participants. We present validation

studies comprising both perturbation analyses and follow-up experiments to further support our

findings. We conclude with a discussion of the potential applications of BRIDGE methodology, its

limitations, and possible directions for future research.
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BRIDGE: METHOD DEVELOPMENT

The traditional experimental approach—using a few, simplified, and stylized stimuli—is subject to

the stimulus-sampling problem. Identified as the “language-as-a-fixed-effect fallacy” (Clark 1973)

and later framed as the stimulus-sampling problem (Wells and Windschitl 1999), this issue arises

when idiosyncratic features of the selected stimuli are confounded with the intended construct. It

threatens a study’s internal validity when the selected stimuli produce effects for reasons other

than the hypothesized one, such as through uncontrolled confounds (Simonsohn, Montealegre, and

Evangelidis 2024). It undermines construct validity when the specific features of the stimuli offer

alternative construct explanations for an effect, making it unclear whether the operationalized

variable accurately reflects the intended theoretical construct (Cook and Campbell 1979; Wells

and Windschitl 1999). It challenges external validity, as the findings may not generalize to the

larger population of stimuli in the category (Baribault et al. 2018; Pham 2013; Westfall, Judd, and

Kenny 2015). In addition to these validity concerns, treating stimuli as fixed rather than random

when stimuli are sampled from a broader population inflates Type I error rates (Judd, Westfall, and

Kenny 2012). Furthermore, these issues are amplified by the file drawer problem (Rosenthal 1979):

if stimuli that yield significant results are more likely to be reported, they are disproportionately

likely to be adopted in future studies. This selective reuse truncates the distribution from which

stimuli are drawn, further inflating the probability of false conclusions and skewed inference.

Past failures to replicate experimental results have been speculated to stem, in part, from the

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

Recent work has proposed managing the stimulus-sampling problem ex ante at the design

stage. The “Mix-and-Match” framework (Simonsohn, Montealegre, and Evangelidis 2024) provides

a systematic procedure for stratified sampling of diverse stimuli within each condition and

matching them across conditions to manage confounds. Its accompanying “Stimulus Plots” enable

exploratory assessment of stimulus variation by comparing observed heterogeneity in results to

that expected under homogeneity.
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Several features of the questions and contexts that BRIDGE targets, however, present challenges

for such design-centered approaches. When stimuli are unstructured real-world descriptions, the

nuisance dimensions (non-focal variation) along which they vary can be numerous, latent, and

difficult to identify a priori, let alone measure and balance across conditions. In addition, when

stimuli vary simultaneously on multiple dimensions (e.g., attributes), the number of potential

strata grows multiplicatively with each added dimension. While Simonsohn, Montealegre, and

Evangelidis (2024) recommend a small number of categories (e.g., five) rather than exhaustive

crossing, selecting which dimensions to stratify on requires knowing which dimensions matter,

which may be difficult to obtain with unstructured stimuli. Stimulus Plots provide a valuable

diagnostic for detecting stimulus variation, but their diagnostic value also depends on having

sufficient observations per stimulus, a requirement that becomes harder to meet as the number of

stimuli in a study grows.

BRIDGE complements design-based approaches by addressing these challenges ex post at the

analysis stage, in contexts where researchers aim to test hypotheses using many unstructured

textual stimuli (e.g., real-world wine tasting notes, financial product summaries, and sustainability

initiative narratives). BRIDGE offers a unified model that pools information across stimuli while

accounting for non-focal variation. Rather than requiring the careful curation of select stimuli

before an experiment, it enables researchers to sample at scale from large, real-world corpora. It

does so by using an interpretable AI model to decompose each stimulus into (1) structured, low-

dimensional representations of the focal attributes and (2) statistical controls for latent nuisance

variables.

In short, where Mix-and-Match manages confounds by carefully curating what is shown,

BRIDGE manages them by algorithmically controlling for variation in the analysis of what was

shown. It scales to settings where curation in advance may be difficult, such as when stimuli are

many distinct real-world product descriptions. To understand BRIDGE, consider the standard

analytical framework that it builds upon. In a traditional experiment, responses are analyzed
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using a linear model:

yi = α + βDc(i) + γcovariates(i) + δattributes(i) + ϵi, (1)

where yi represents the response of participant i; α is the intercept; β is the hypothesized effect; γ

are coefficients for covariates describing systematic factors; and δ are coefficients for stimulus at-

tributes. Dc(i) is a dummy variable indicating whether participant i is in condition c, covariates(i)

are participant covariates (e.g., participant characteristics), and attributes(i) are attributes of

interest (e.g., the emotional tone in which a description is written); the latter two pre-defined,

based on theory. 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

and γ), in addition to accommodating interaction terms between the condition dummies and the

covariates of interest.

In many experiments covariates(i) = 0 and attributes(i) = 0, and hypothesis testing on β is

equivalent to ANOVA. If covariates(i) ̸= 0, hypothesis testing on β is equivalent to ANCOVA,

which assesses if the group means differ while accounting for the covariates. If attributes(i) ̸= 0,

it is typical to employ a regression equation and use Wald tests to examine if β, γ, or δ = 0. This

reduces to a t-test on β when considering only the treatment effect.

The stimulus-sampling problem arises directly from a key assumption in this approach: any

systematic difference in responses must be attributable solely to the experimental manipulation

Dc(i) or the covariates(i). When participants are presented with diverse, unstructured real-

world stimuli, the stimuli inevitably vary in numerous ways beyond the focal attributes. Not

accounting for these extraneous variations (known as nuisance variables) violates that assumption,

confounding measurement by offering alternative explanations.

Consequently, experimenters often choose few, simplified, and/or stylized stimuli. This ap-

proach improves comparability across conditions, with idiosyncratic (non-systematic) variation

absorbed by the error term, ϵi. However, in prioritizing experimental control to protect internal

8



validity, this approach often simplifies stimuli and variety, diminishing construct and external

validity.

Paradoxically, this approach also undermines the internal validity that it seeks to protect.

Failing to account for the random variability introduced by the stimulus sample leads to underes-

timated error terms and, consequently, inflated “false positive” rates—increasing the likelihood of

concluding an effect exists when it does not (Judd, Westfall, and Kenny 2012; Westfall, Judd, and

Kenny 2015; Wickens and Keppel 1983).

One strategy to address these issues is to introduce many real-world descriptions as stimuli

and manually code the nuisance variables, translating them into control variables. However, this

strategy faces several difficulties. First, the relevant nuisance variables may not be known a priori—

the many nuanced dimensions along which real-world descriptions differ (e.g., tone, style, voice,

formality) are often hard to identify and isolate (Clark 1973). 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. Such characteristics

may be irrelevant to the research question yet still influence participant responses. Second, even

if identifiable, the number of nuisance dimensions can be large, and including a control for each

can quickly exhaust the information in the data. Consider, for example, the number of possible

brands in the market for a typical consumer product such as running shoes; controlling for brand

may require many fixed effects in a conventional model. Third, the sheer scale of coding may

be prohibitive. Our wine study, for example, used 50,000 distinct stimuli selected from a set of

120,000 descriptions—a volume that would be difficult via manual coding.

BRIDGE employs an alternative strategy: it uses AI to systematically extract knowledge

representations for key attributes and statistical controls for the nuisance variables and incorporate

them into the analysis. This enables the specification of models of the form:

yi = α + βDc(i) + γcovariates(i) + δattribute(i) + ζcontrols(i) + ϵi, (2)
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where ζ represents coefficients for the statistical controls of nuisance variables, and controls(i)

are the controls, which are algorithmically extracted from the stimuli. controls(i) are distinct

from attributes(i) in that, whereas attributes(i) capture observed focal differences of interest that

are often manipulated or controlled in traditional experiments, controls(i) represent variables

that are algorithmically extracted to absorb the latent, unobserved nuisance variation.

To illustrate, consider an experiment where the stimuli vary in color. If color were known, a

researcher could control for it by including it in the model, thereby ruling it out as a confounding

factor when estimating β. Now, suppose color were unknown a priori. A strategy might be to

use an algorithm to automatically code color, thereby enabling a similar analytical approach.

This is analogous to BRIDGE but differs in scale and complexity: rather than a single observable

attribute like color, BRIDGE is designed to identify and control for multiple, latent nuisance

dimensions—tone, style, formality, and more—simultaneously.

If stimuli of many colors are introduced, adding a coefficient for each color leads to the inclusion

of many coefficients. A fixed-length numerical representation (for color, RGB—a three-dimensional

representation) leads to a more efficient econometric model. As BRIDGE is designed for real-world

descriptions that can vary in many ways, it similarly develops low-dimensional representations of

the potentially high-dimensional nuisance variables in stimuli as statistical controls.

Section Roadmap. Next, we provide a detailed explanation of how BRIDGE operates. We

outline the general step-by-step procedure for conducting a study using BRIDGE and introduce

perturbation analysis as a technique for validating the methodology. To facilitate adoption, we

provide a web appendix with a detailed researcher’s guide, introducing a Python package that

includes all analytical components (see Web Appendix §B). Last, we discuss how BRIDGE’s

structured, algorithmic approach enhances research objectivity and reproducibility, facilitating

research practices like pre-registration.
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BRIDGE: An Interpretable AI Model for Theory Testing

BRIDGE is developed to address two challenges in the use of semantic embeddings (large language

models [LLM]) for hypothesis testing. First, semantic embeddings are inherently unstructured—

they lack explicit organization. Consequently, they lack interpretability: 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. Second, they are high-dimensional, often consisting of thousands of dimensions, which

can pose computational challenges and reduce statistical power—an issue that is particularly

crucial when working with typical sample sizes in laboratory studies.

Given a set of theory-defined focal attributes, BRIDGE uses a fully connected feedforward net-

work to compress a high-dimensional, unstructured semantic embedding into a lower-dimensional

intermediate representation (Johnson 1984).3 As illustrated in Figure 1, the compression network

consists of two stages: a projection layer and a reduction layer. The projection layer initially

reduces the dimensionality of the embedding by exploiting the structure of the encoding; in the

case of Matryoshka representations (Kusupati et al. 2022), this is simply a masking layer, as

the embeddings have a nesting structure that permits truncation without information loss; in

other architectures, a learnable projection to initially reduce dimensionality may be useful. The

reduction layer, a feedforward network whose depth and width are discoverable through automatic

tuning [e.g., Optuna; Akiba et al. (2019)], further compresses the projected embedding to produce

a low-dimensional intermediate representation. A partitioned feedforward network maps this

intermediate representation to an interpretable layer that is partitioned into distinct components,

each of which is dedicated to predicting a distinct attribute during training.4 The network learns

to further compress the intermediate representation and extract attribute-relevant information
3BRIDGE is embedding-agnostic: any semantic embedding can serve as input. However, the quality of the

input embeddings affects the precision of the extracted representations. For instance, using BERT embeddings
(768 dimensions) in place of OpenAI text-embedding-3-large (3,072 dimensions) yields anchoring coefficients in the
expected direction but attenuated and nonsignificant (β̂ = 0.011–0.015 vs. 0.038–0.039). See Web Appendix §F.6 for
details.

4This approach is different from (standard) feedforward networks where the complete output of a preceding layer
is used to predict an attribute (Caruana 1997).
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(Bishop 1995; Hornik, Stinchcombe, and White 1989), embedding it in an attribute-specific vector

space. The output from each component of the interpretable layer serves as the corresponding

attribute’s representation.

Figure 1: Schematic of BRIDGE Architecture
Note: An LLM maps an unstructured product description to a 3,072-dimensional embedding. A compression network—
consisting of a projection layer and a reduction layer—compresses this embedding to produce a 16-dimensional
intermediate representation. A partitioned network maps the intermediate representation to attribute-specific
vector spaces (e.g., Region and Varietal components). The original LLM embedding is projected onto the orthogonal
complement of the attribute-specific subspace to derive nuisance controls. Both the attribute representations and
nuisance controls feed into the statistical model.

To ensure interpretability in the attribute-specific components, BRIDGE is trained using a

multi-term loss function:

L =
K∑

k=1
L

(k)
CE︸ ︷︷ ︸

classification

+ λ
1
N

N∑
i=1

K∑
k=1

log
1 +

∑
j∈Mi\{i}

exp
(

cos(ek,i, ek,j)
τ

)
︸ ︷︷ ︸

contrastive

(3)

where K is the number of focal attributes; L(k)
CE is the cross-entropy classification loss for attribute

k; ek,i is the ℓ2-normalized representation for attribute k of stimulus i; Mi denotes the mini-batch

containing stimulus i; τ is a temperature parameter; and λ is the contrastive weight (the bridge
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package supports automatic tuning of these values via Optuna; see Web Appendix §F.2).

The classification term focuses on accurately predicting the attributes (e.g., region, varietal)

associated with each output node. The contrastive term serves two complementary purposes: it

encourages the attribute-specific vector spaces to be distinct from one another (between-attribute

distinctiveness), and encourages the representations of distinct levels within each attribute to be

well-separated (within-attribute expansiveness). The loss function balances interpretability and

performance, as the classification 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

term benefits from larger dimensional spaces, as these facilitate orthogonality in the attribute-

and attribute-level-specific representations.

Statistical controls for the nuisance variables are developed by projecting the original LLM

representations 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 in W . 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 BRIDGE involves five key steps. As depicted in Figure 2 (for a detailed

discussion on each step, see Web Appendix §B), Step 1 is collecting product descriptions. These

can be sourced from existing datasets, collected from e-commerce platforms, or generated using

AI models. Step 2 involves participant data collection. BRIDGE supports within-subjects, between-

subjects, and mixed experimental designs. It (a) converts the unstructured product descriptions

to high-dimensional numerical representations (“embeddings”) in Step 3 and (b) refines these

representations into a partitioned neural network, which generates structured, interpretable,

and low-dimensional representations in Step 4. BRIDGE maps each attribute of interest to a
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Figure 2: Procedure of a Study Using BRIDGE

distinct numerical component, facilitating clear comparisons across diverse stimuli.5 BRIDGE also

derives statistical controls for nuisance variables by orthogonalizing intermediate representations,

ensuring extraneous textual variations are controlled. BRIDGE thus produces two outputs: (i) low-

dimensional, attribute-specific representations that capture how focal constructs are conveyed in

text, and (ii) orthogonal nuisance controls that absorb residual, non-focal textual variation. These

outputs serve different inferential roles downstream—nuisance controls adjust for unobserved

textual confounding, while the attribute representations capture within-attribute variation in how

an attribute is expressed. Before proceeding to analysis, researchers should validate the trained

model by reporting classification accuracy and weighted F1 for each focal attribute on a held-out

test set, confirming that the learned representations preserve the intended attribute distinctions. In

Step 5, researchers leverage the refined attribute representations to analyze participant responses.
5Representations derived from BRIDGE (e.g., for region and varietal in our wine study) can be viewed as pre-trained

embeddings. Researchers working with the same stimuli could potentially leverage these existing representations
directly, bypassing the need for retraining.
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Validation: Perturbation Analyses

To evaluate whether the extracted representations in Step 4—and the downstream statistical

conclusions in Step 5—are robust to nuisance variation, BRIDGE introduces a validation technique

termed perturbation analyses. The objective is twofold: to ensure that the model’s focal attribute

representations remain stable with the inclusion of confounding variation, and to verify that its

nuisance controls effectively absorb any introduced noise.

The procedure involves introducing controlled modifications (perturbations) to the stimuli

that alter non-focal elements without changing focal attributes. For example, this might involve

appending marketing phrases (e.g., “New Design!”, “Limited Stock!”) to an existing product

description to deliberately introduce confounding nuisance variation. These perturbed descriptions

are then processed by the trained BRIDGE model and used in the downstream econometric model.

Evaluation proceeds in two steps. First, representational stability is assessed by calculating

similarity metrics (e.g., the RV coefficient) between the original and perturbed outputs. Robustness

is indicated by high similarity across the attribute representations, coupled with low similarity

across the nuisance controls (confirming the controls captured the injected noise). Second, the final

statistical analysis is replicated using the perturbed representations. If the resulting coefficient

estimates, significance levels, and model fit align with the original findings, it confirms that

the observed effects stem from genuine theoretical constructs, as the deliberately introduced

confounders, and the alternative explanations that they present, are effectively absorbed by the

model. Full implementation details and code are provided in Web Appendix §C.

Enhancing Research Transparency, Objectivity, and Reproducibility

BRIDGE enhances research transparency, objectivity, and reproducibility by mapping the research

process into a structured, end-to-end algorithmic pipeline that can be precisely pre-specified and pre-

registered before data collection and analysis. Traditional experimental designs often require nu-

merous subjective decisions about stimulus selection, simplification, and data analysis—decisions

that can introduce researcher degrees of freedom, unintentionally compromising reproducibility
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and credibility (the “garden of forking paths” problem, Gelman and Loken 2013). BRIDGE allows

researchers to commit a priori to: (1) a real-world dataset and a stimulus sampling strategy (e.g.,

random sampling) to reduce stimulus-selection bias, (2) an embedding method (e.g., an open-source

model such as NV-Embed-v2) to encode the stimuli, (3) a BRIDGE architecture or a systematic

procedure for determining it (e.g., using automated tools like Optuna within defined parameters,

as shown in Web Appendix §F.2), and (4) a complete analytical plan, including independent and

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

Leveraging a complete real-world dataset and executing a pre-defined, pre-registered framework

reduces subjectivity and minimizes researcher degrees of freedom related to stimulus selection,

data processing, and analysis. Our detailed researcher’s guide and accompanying code (Web

Appendix §B) are designed to facilitate such transparent and reproducible workflows. A fully

reproducible example based on our Coffee Certification Experiments—including pipeline code,

experiment data, and pre-computed outputs—is provided alongside the bridge package.

MONTE CARLO STUDIES EVALUATING BRIDGE’S PERFORMANCE

We first apply BRIDGE to synthetic data under controlled conditions, which provide a clear ground

truth of treatment effect and confound structure; this study allows us to validate its inferential

performance. The complete study design and Python code are presented in Web Appendix §D;

below, we provide an overview and key results.

Confounds can threaten inference in two ways. First, when the confound co-varies with the

treatment and directly shifts preferences (Kirk 2013), it creates an omitted variable bias on the

main effect of the treatment. We term this channel, main effect confounding. Second, when it

changes the effective strength of a focal attribute, it acts as an unobserved moderator (Blackwell

and Olson 2022). In this case, it creates an omitted variable bias on the interaction of the treatment

with the attribute. We term this channel, interaction effect confounding.

The implications for theory development are complex as these channels can elevate both Type

I and Type II errors. If there is no treatment effect, a bias can lead to a false positive (a Type I
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error). If the bias attenuates the estimate, it can lead to a false negative (a Type II error).

Simulation Study Design

Consider an experiment investigating whether exposure to one environmental concern (factory-

farmed meat) shifts consumer preferences towards another environmental feature (organic farm-

ing). Participants are randomly assigned to a treatment condition (information about the detrimen-

tal effects of factory farming) or a control condition (no such information). They then evaluate

24 packaged salads. Each salad is described by a product description that conveys its attributes—

organic status, size, type, and weight—in natural language. The researcher’s goal is to estimate

the causal effect of the information about factory farming on preferences for a meat-free meal

option, and whether it spills over to the organic premium.

Crucially, the study aims to use real-world descriptions to address the stimulus sampling

problem and boost generalizability. Furthermore, the real-world product descriptions obtained by

the researcher vary in elaboration: some are terse and factual, others are vivid and creative.

This variation can create a confound. For instance, if the treatment-condition participants

were to encounter more elaborately written descriptions, a naive analysis would not be able to

discriminate between the treatment effect and the utility/disutility from elaboration. In addition,

elaboration may also amplify how much consumers value the organic attribute: a vividly described

organic salad may command a larger premium than a tersely described one. Consequently, not

only may the analysis yield a positive bias on the treatment effect (and therefore a false positive, a

Type I error) but also a positive bias on organic interacted with the treatment (also a false positive,

another Type I error).

Therefore, the objective is to recover the true treatment effect and the true interaction effect

without observing the confound (elaboration), using only the stimuli themselves. The five estima-

tors we evaluate represent a hierarchy of approaches to this challenge, from ignoring the confound

entirely (No Controls) to exploiting privileged knowledge of the style assignments (Oracle). The

question is whether BRIDGE, which learns nuisance controls and attribute representations from
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the descriptions, can match the infeasible Oracle.

Data-Generating Process (DGP)

We simulate data for N = 1,000 participants, randomly assigned to a treatment or control condi-

tion, each completing 24 evaluation tasks on a 13-point Likert scale. To introduce a confound, we

treat product descriptions as differing in elaboration across three styles—Factual (least elaborate),

Engaging (moderately elaborate), and Creative (most elaborate). We present participants in the

treatment condition with a greater proportion of Engaging and Creative descriptions (8 Engaging,

12 Creative, and 4 Factual per participant), and the control group with more Factual descriptions

(12 Factual, 8 Engaging, and 4 Creative per participant); these differences in style allocation are

unobserved.

The Oracle estimator is efficient but uses knowledge of the unobserved confound (description

style). It is therefore infeasible. Feasible estimators use only the observed information (product

descriptions, product attributes). The objective of the simulation is to establish the efficacy of

BRIDGE as a feasible estimator, to match both the known ground truth in the estimation and the

estimates from Oracle estimator.

Formally, product j is characterized by the tuple
(
Organicj, Sizej, Typej, Weightj, Treatmentj, Stylej

)
,

where Organicj and Treatmentj are binary indicators, Sizej and Typej are categorical, Weightj is

continuous, and Stylej ∈ {Factual, Engaging, Creative}. Intensityj ∈ {0, 1, 2}, maps the three

styles to increasing levels of descriptive elaboration. Participant i’s latent utility for product j is:

preferenceij = α + β1Treatmentj + β2
(
1 + λ · Intensityj

)
· Organicj + β3(Treatmentj × Organicj)

+ β4Sizej + β5Typej + β6Weightj + θ · (Intensityj − 1) + εij,

where β1 = 0.25, β2 = 0.50, and β3 = 0.50 capture the treatment effect, organic premium, and

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

(with β6 = 0.10); and εij ∼ N(0, 1).

The parameter θ controls the additive effect of style on preferences (main effect confounding),
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shifting utility by −θ, 0, and +θ for Factual, Engaging, and Creative descriptions, respectively.

The parameter λ controls the moderating effect of description intensity on the organic premium

(interaction effect confounding). When λ > 0, the organic effect becomes style-specific: β2 for

Factual, β2(1 + λ) for Engaging, and β2(1 + 2λ) for Creative.

Analytical Approaches

We evaluate five estimators:

1. Oracle (including Style Dummies): An infeasible estimator that includes dummies de-

scribing the unobserved confound structure alongside style × organic interaction terms.

2. BRIDGE: Interacts BRIDGE’s orthogonal nuisance controls and attribute representations

with the organic indicator to capture both main effect and interaction effect confounding,

without observing style.

3. No Controls: Omits text controls entirely; assumes there is no confound.

4. Linear Projection: A feasible estimator that includes nuisance controls derived by using

Ridge regression on the attribute labels and then applying singular value decomposition

(SVD) to the residuals—a linear decomposition of the original LLM embedding.

5. Empath Controls: A feasible estimator that includes control variables derived from the

Empath psycholinguistic library (Fast, Chen, and Bernstein 2016), which uses deep learning

(neural embeddings trained on 1.8 billion words) to generate pre-validated measures.

Results

We examine parameter vectors corresponding to four scenarios (no confounding: θ = 0, λ = 0; low

confounding: θ = 0.05, λ = 0.05; moderate confounding: θ = 0.25, λ = 0.25; high confounding:

θ = 0.5, λ = 0.5). Figure 3 describes the estimated treatment effect and interaction effect

(treatment × organic) for 250 different simulations (where we vary the seed). In each subplot, a

dot represents an estimate for one random seed, the diamond indicates the mean bias, and vertical

bars span the 2.5th–97.5th percentile interval. The dashed line at zero indicates no bias.
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(a) Treatment effect (β1 = 0.25)

(b) Treatment × Organic interaction (β3 = 0.50)

Figure 3: Estimation bias (estimate − true value) across four confounding levels: no confounding
(θ = 0, λ = 0), low (θ = 0.05, λ = 0.05), moderate (θ = 0.25, λ = 0.25), and high (θ = 0.50,
λ = 0.50). Each dot represents one of 250 random seeds; diamonds indicate the mean bias; vertical
bars span the 2.5th–97.5th percentile interval. The dashed line at zero indicates no bias. Or
= Oracle (infeasible), Br = BRIDGE, NC = No Controls, LP = Linear Projection, Em = Empath
Controls.

BRIDGE closely approximates the Oracle—the efficient but infeasible estimator—across all four

scenarios (Figure 3). For both the treatment effect and the treatment × organic interaction, the

BRIDGE and Oracle bias distributions are centered on zero and are virtually indistinguishable,

regardless of confounding intensity. The same holds for the three style-specific organic effects,

where BRIDGE and Oracle are again virtually identical across all confounding levels (see Web

Appendix §D for the corresponding figures). In contrast, the three alternatives align with the true

values only in the absence of confounding (θ = 0, λ = 0). Even at low confounding (θ = 0.05,

λ = 0.05), the No Controls estimator shows substantial treatment bias. At moderate confounding

(θ = 0.25, λ = 0.25), all three alternatives are severely biased on the interaction effect and, to
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varying degrees, on the treatment effect. These biases are reflected in coverage rates: an accurate

estimator’s 95% confidence interval should contain the true value in 95% of the simulations (237.5

of 250). With moderate confounding, No Controls, Linear Projection, and Empath’s coverage of

the true treatment effect drops to 0, 99, and 179, respectively, while coverage of the true interaction

effect to just 26, 4, and 30. In contrast, BRIDGE and Oracle closely match the expected rate on

both the treatment effect (240 and 244) and the interaction effect (236 and 237).

Table 1: Monte Carlo Simulation Results (θ = 0.25, λ = 0.25)

Oracle BRIDGE No Controls Linear Projection Empath Controls

Treatment (β1 = 0.25) 0.240 (0.021) 0.248 (0.021) 0.428 (0.019) 0.208 (0.020) 0.292 (0.020)
[0.199, 0.280] [0.207, 0.288] [0.390, 0.466] [0.169, 0.248] [0.253, 0.330]

✓ ✓ ✗ ✗ ✗

Treatment × Organic (β3 = 0.50) 0.512 (0.029) 0.512 (0.029) 0.567 (0.027) 0.593 (0.027) 0.563 (0.027)
[0.454, 0.569] [0.455, 0.569] [0.513, 0.621] [0.540, 0.645] [0.510, 0.616]

✓ ✓ ✗ ✗ ✗

Organic, Factual (β2 = 0.50) 0.518 (0.024) 0.518 (0.024) 0.577 (0.019)† 0.565 (0.019)† 0.588 (0.019)†

[0.470, 0.566] [0.470, 0.565] [0.539, 0.615] [0.528, 0.602] [0.550, 0.626]
✓ ✓ ✗† ✗† ✗†

Organic, Engaging (0.625) 0.611 (0.027) 0.608 (0.027) — — —
[0.557, 0.664] [0.556, 0.661]

✓ ✓

Organic, Creative (0.75) 0.688 (0.032) 0.689 (0.031) — — —
[0.626, 0.751] [0.628, 0.750]

✓ ✓

R-squared 0.481 0.481 0.452 0.479 0.470
Seed 118. Standard errors in parentheses, 95% confidence intervals in brackets.
✓ indicates ground truth falls within the 95% CI, ✗ indicates it does not.
†Pooled organic coefficient; these estimators cannot decompose by style.
Style-specific organic effects for BRIDGE and Oracle computed via the delta method.
All models include size and type dummies.

Table 1 presents coefficient estimates and 95% confidence intervals for all estimators in the

moderate confounding condition (θ = 0.25, λ = 0.25). The Oracle, which observes the unobserved

style assignments, recovers all five focal coefficients: treatment (β̂1 = 0.240, CI [0.199, 0.280]), the

treatment × organic interaction (β̂3 = 0.512, CI [0.454, 0.569]), and style-specific organic effects

of 0.518, 0.611, and 0.688 for Factual, Engaging, and Creative (true values: 0.50, 0.625, 0.75). This

privileged information eliminates confound-related uncertainty, but it is unavailable to researchers

in practice: style assignments are unobserved. The Oracle thus serves as a benchmark for the best

achievable inference.

BRIDGE, without observing style, approaches the Oracle. The treatment effect (β̂1 = 0.248, CI
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[0.207, 0.288]) and the treatment × organic interaction (β̂3 = 0.512, CI [0.455, 0.569]) are both

consistent with the ground truth. The style-specific organic effects—0.518, 0.608, and 0.689—

are virtually indistinguishable from the Oracle. The mechanism is the interaction of BRIDGE’s

learned representations with the organic indicator: both the nuisance controls and the attribute

representations carry style-related information that differs systematically between organic and

conventional descriptions, serving as continuous proxies for the unobserved style × attribute

interaction. Web Appendix Table~WA1 reports the full coefficient vector. To recover style-specific

organic effects, we use the delta method: for each style s, we project β̂2 to the conditional mean

nuisance and attribute representation profile for style s, with standard errors computed from the

gradient and the relevant covariance submatrix.

The absence of any text controls leads to severe bias. The No Controls estimator overestimates

the treatment effect by 71% (β̂1 = 0.428 versus the true 0.25) because the main effect confound

is erroneously attributed to treatment. The treatment × organic interaction is similarly inflated

(β̂3 = 0.567 versus the true 0.50), reflecting interaction effect confounding.

Linear Projection underestimates the treatment effect (β̂1 = 0.208, CI [0.169, 0.248], excluding

the true 0.25) and fails on the interaction (β̂3 = 0.593, CI [0.540, 0.645], excluding the true 0.50).

The linear decomposition absorbs some style variance but cannot fully capture the relationship

between style and attribute effects.

Empath lexical features overestimate the treatment effect (β̂1 = 0.292, CI [0.253, 0.330],

excluding the true 0.25) and fail on the interaction (β̂3 = 0.563, CI [0.510, 0.616], excluding the

true 0.50). More broadly, all three feasible alternatives yield a single pooled organic coefficient

(∼ 0.57) that collapses the style-varying effects; none can distinguish the Factual-specific effect

(0.50) from the Creative-specific effect (0.75). Only BRIDGE’s interactive specification—where

nuisance controls and attribute representations are interacted with the organic indicator—captures

both confound channels, recovering the three latent effects that the Oracle specifies with discrete

dummies.
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Discussion

The results demonstrate that BRIDGE recovers the full set of structural parameters—treatment,

organic × treatment interaction, and style-specific organic effects—matching the infeasible Oracle

across all five focal coefficients.

Each alternative estimator fails differently, illustrating the distinct confound channels at work.

Under main effect confounding alone, lexical controls such as Empath may plausibly absorb the

dominant style axis and recover the treatment effect. But when textual features (such as extent of

elaboration or elaboration style) also moderate attribute strength (the λ channel), these methods

collapse the attribute effect to a single average, yielding biased estimates of the interaction effect.

In these scenarios, only our BRIDGE specification is both feasible and accurate.

These limitations of alternative approaches carry practical implication. In real-world appli-

cations, the attribute space is typically large and semantically structured—our wine study, for

example, involves 426 regions and 708 varietals. More fundamentally, consumer decisions likely

exhibit interaction effect confounding: a terse mention of “Burgundy” and an evocative paragraph

about Burgundian terroir both indicate the same region, but likely differentially activate consumer

associations and preferences.

These considerations delineate a practical complexity boundary. When product descriptions

are simple and few, conventional designs with carefully controlled stimuli likely suffice and

algorithmic nuisance controls add little incremental value. BRIDGE becomes necessary in product

contexts where many varied descriptions are the norm in the real-world marketplace: in such

information-rich environments, it is only a joint specification of learned attribute representations

and orthogonal nuisance controls that captures both confound channels successfully, providing a

feasible approach to unbiased inference.

Because the confound structure is unknown ex ante and real-world descriptions plausibly

induce confounding, BRIDGE remains the robust default. It matches simpler methods when they

suffice (as the statistical controls are by design orthogonal to the product’s attributes, including

these controls even when the nuisance variables play a minimal role does not affect consistency,
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as illustrated in Figure 3). And it is the only feasible and accurate approach that can handle both

channels of confounding. The empirical studies that follow further validate BRIDGE: controlled

coffee experiments establish the efficacy of BRIDGE’s nuisance controls, while a large-scale wine

study applies BRIDGE in a high-dimensional attribute space.

COFFEE CERTIFICATION EXPERIMENTS

Having established BRIDGE’s performance in controlled Monte Carlo simulations with specified

confound structure, we test BRIDGE in experiments with human participants. Researchers often

do not observe whether (and which) non-focal features of the stimuli co-vary with the focal

treatment–the confound structure may not be known in advance. Even when a specific confound

is suspected, accounting for it typically requires creating additional stimulus versions, running

follow-up studies, or collecting more measures (for covariate adjustments). BRIDGE addresses

potential confounds by extracting nuisance controls from the stimuli without explicit confound

specification.

To examine the efficacy of BRIDGE, we situate our experiments in coffee certification framing:

fair trade in Experiment 1 and organic in Experiment 2. Product texts that include certification

information can vary in length, sometimes in systematic ways. For example, a fair trade or

organic disclosure may be conveyed succinctly (e.g., a certification label only) or elaborately (e.g.,

sourcing and standards information) compared to products without the certification disclosure.

Such variation can introduce a text-length confound that obscures the true treatment effect.

In the experiments, we deliberately introduce a text-length confound to assess BRIDGE’s

performance. Participants evaluate a pair of coffee descriptions and are randomly assigned to

conditions in which the treatment description is shorter than, matched to, or longer than the

control description. The matched condition is the standard stimulus-control design in which the

stimuli differ only on the focal dimension, approximating an “unconfounded” treatment effect;

in the remaining conditions, the treatment effect is confounded by description length. We then

examine whether BRIDGE’s nuisance controls (which are constructed without explicitly specifying
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length as a confound) recover treatment-effect estimates comparable to the matched benchmark

and how it compares with other conventional estimators.

Method

Participants and design.

Participants were recruited from Prolific U.S. panel, who completed these mutually exclusive

studies for a small monetary compensation. In each experiment, they were randomly assigned to

one of the three between-subjects conditions (treatment framing length: shorter-than-control,

length-matched, longer-than-control). Experiment 1 recruited 353 participants (43.9% women;

55.5% men; 0.6% non-binary; Mage = 44.9; https://aspredicted.org/7dt3ev.pdf). Experiment 2

recruited 352 participants (49.7% women; 48.9% men; 1.1% non-binary; 0.3% prefer not to say; Mage

= 44.7; https://aspredicted.org/fz6y8h.pdf).

Procedure and measures.

Participants evaluated a pair of coffee descriptions—one with certified framing (treatment; Ex-

periment 1: fair trade, Experiment 2: organic) and one without (control)—and indicated their

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

B). All participants were presented with the same two underlying coffee profiles (nutty/balanced;

chocolatey/full-bodied). For each participant, certified framing was randomly assigned to one

profile, and the left/right placement of the options was randomized. We varied the treatment

description length (short, medium, or long); the control description was always medium length.

This design yields a length-matched benchmark condition (medium treatment, medium control),

and provides a controlled setting to assess how experimentally induced “nuisance” variation in

text length (shorter-than-control, length-matched, longer-than-control) can affect inference about

the focal treatment effect. Finally, participants provided basic background information (gender,

age). Detailed stimulus materials and methods are available in Web Appendix §E.
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Model Specifications.

The key dependent variable is participants’ 7-point recoded preference, ranging from −3 (strongly

prefer the Base Option [control option]) to 3 (strongly prefer the Comparison Option [certification-

framed option]). We fit two Bayesian linear regressions: the Naïve and Proposed models. The

models are designed to test, using different approaches, the extent to which participants’ prefer-

ences are influenced by the certified frame (treatment) when its length is also varied (confound).

Specification 1: Naïve Model As in our preregistrations, the first model estimates the effect

of treatment frame on recoded preference using a Bayesian linear regression with condition

indicators. The treatment/medium-length condition served as the reference category.

In Experiment 1, the utility that participant i assigned to the Comparison Option was repre-

sented as:

ui = β0 + β1I(FairTrade+Shorti) + β2I( FairTrade+Long i) + εi. (4)

where ui represents the utility of participant i for the Comparison Option; β0 is the intercept,

representing the effect of fair-trade/medium-length option; FairTrade+Shorti and FairTrade+Longi

are the dummy variables for the corresponding conditions; β1 and β2 are the coefficients capturing

the influence of shorter or longer description length on participants’ preference, and; εi is an i.i.d.

Gaussian error term.

A significant intercept β0 indicates that the fair-trade/medium frame differs significantly from

the non-fair trade/medium control. Significant β1 or β2 coefficients indicate additional effects of

the shorter or longer fair-trade frame relative to the fair-trade/medium frame.

In Experiment 2, a parallel utility function was specified for certified organic framing. We

estimated each experiment separately; results are reported in Web Appendix §E.

Specification 2: BRIDGE This model adds a vector of nuisance controls generated by our

BRIDGE method to estimate the utility that participant i assigned to the Comparison Option.

These controls are extracted from the orthogonalized residuals of the LLM embeddings relative
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to the learned focal attribute representations. BRIDGE does not require (1) knowledge of the

experimental conditions nor (2) specification of what the confound is; it learns the nuisance

structure directly from the text. Thus, the estimator is both feasible and flexible.

Specifically, we represent utility as:

ui = β0 + z⊤
i γ + εi. (5)

where ui represents the utility of participant i for the Comparison Option; β0 is the intercept,

representing the effect of certified/medium-length option; zi is a K ×1 vector of nuisance controls

for participant i, constructed using the BRIDGE method; γ is a K × 1 vector of coefficients

corresponding to the nuisance controls, and; εi is an i.i.d. Gaussian error term.

Additional Specification: Word-Count Model A model that tests the extent to which adding

word count as a variable controls for the specific confound (length) in measuring β0 (the effect of

treatment frame).

Results: Relative preference for certified coffee

All completed observations were included in our analyses. Experiments 1 and 2’s key findings

from the Naïve and the Proposed models are described in Table 2. Detailed methods, stimuli, and

model specifications are provided in Web Appendix §E.

Naïve Model

Given that certification can be conveyed with varying elaboration, we first report the naïve

treatment effect implied by each implementation (shorter, length-matched, and longer). These

correspond to the estimates a conventional study would obtain if it used only that version of the

treatment text. As shown in Table 2, when description length is matched (both medium-length),

in both experiments we observe that treatment framing increases the 7-point recoded preference,

by +1.32 in Experiment 1 (fair trade) and +.97 in Experiment 2 (organic). This estimate serves

27



Table 2: Coffee Certification Experiments

Experiment 1: Fair Trade Experiment 2: Organic

Estimator Estimate 95% CI Estimate 95% CI

Naive (matched) 1.32 [0.96, 1.69] 0.97 [0.56, 1.38]
Naive (shorter) 0.16 [−0.22, 0.52] 0.38 [−0.02, 0.78]
Naive (longer) 1.29 [0.88, 1.69] 1.26 [0.89, 1.61]
Naive (pooled) 0.92 [0.70, 1.14] 0.88 [0.66, 1.11]
Word Count 0.80 [0.57, 1.04] 0.76 [0.51, 0.99]
BRIDGE 1.24 [1.00, 1.49] 1.02 [0.51, 1.54]

Note. Naive (matched/shorter/longer) estimates are derived from a single Bayesian
linear regression with condition indicators (medium-length as reference): matched
= β̂0, shorter = β̂0 + β̂1, longer = β̂0 + β̂2. Naive (pooled) is the weighted average
of the condition-specific effects, with weights proportional to sample sizes. Word
Count controls for the word-count difference ∆wc between treatment and control
descriptions. BRIDGE uses one nuisance control extracted from AI text embeddings;
results with two nuisance controls are similar. All models use Gaussian errors and are
estimated separately by experiment. All 95% CIs are posterior credible intervals.

as our key benchmark: it holds constant the confound (description length) while keeping the

descriptions comparable (with residuals randomized across participants), corresponding to the

standard stimulus-control approach. However, designing perfectly controlled stimuli may be

difficult or not always possible. When the treatment text is shorter than the control text, the

estimated effect of treatment framing reduces to +.16 in Experiment 1 and +.38 in Experiment

2; in each respective experiment, the shorter-than-control estimate is substantially smaller than

the length-matched estimate and not within its 95% CI. When it is longer than the control text,

the estimated effect is +1.29 in Experiment 1 and +1.26 in Experiment 2, both comparable to the

respective length-matched benchmark (within its 95% CI).

We lay out these three scenarios to illustrate how the presence of a confound can affect

inference using conventional approaches. These estimates reflect situations in which the confound

(description length) is observed. When the confound is mixed and unobserved (e.g., when a

researcher is unaware or ignores length differences by pooling across scenarios), the naïve pooled

estimate is +0.92 and +0.88 in Experiments 1 and 2, respectively. In Experiment 1, uncontrolled

variation in description length attenuates the effect of fair-trade framing (about 30% smaller)
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relative to the length-matched benchmark; in Experiment 2, the pooled estimate is comparable

to the organic benchmark. Uncontrolled nuisance variations in experimental texts can lead to

materially different conclusions (e.g., underestimating the treatment effect, increasing the risk of

a false negative). Thus, even in a randomized experiment, differences in treatment versus control

text length can skew inferences about a focal treatment effect embedded in the stimulus text.

BRIDGE

In Experiment 1, BRIDGE (β̂0 = 1.24, 95% CI [1.00, 1.49]) recovers the treatment effect compa-

rable to the length-matched benchmark (β̂0 = 1.32; posterior difference δ = −0.081, 95% CI

[−0.528, 0.361]). In Experiment 2, BRIDGE (β̂0 = 1.02, 95% CI [0.51, 1.54]) similarly recovers

the benchmark (β̂0 = 0.97; δ = .051, 95% CI [−0.626, 0.707]). In both experiments, BRIDGE

effectively recovers the unconfounded treatment effect without knowledge of the experimental

conditions. The results also suggest a stronger certification effect for fair-trade framing relative to

organic.

Word-Count Model

If the researcher is aware of the text-length confound, one possibility is to treat it as a covariate and

statistically control for it. We fit a linear model controlling for the word count difference between

the treatment and control descriptions. In Experiment 1, this yields β̂0 = 0.796 with a slope of .021

per word of difference, producing condition-specific estimates of 0.564 for the shorter condition (10

words), 0.796 for the matched condition (21 words), and 1.450 for the longer condition (52 words). In

Experiment 2, the corresponding model yields β̂0 = .756 with a slope of 0.018, producing estimates

of 0.508 (shorter, 10 words), 0.756 (matched, 24 words), and 1.306 (longer, 55 words). Across both

experiments, the word-count model overcorrects at the matched condition; in Experiment 1, this

difference (overcorrection by 0.528) is significant (95% CI [−0.971, −0.096] does not contain 0). A

standard word-count covariate does not adequately capture the relationship between description

length and preference, mischaracterizing the treatment effect across conditions.
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Coffee Certification Experiments Discussion

Experiments 1 and 2 show that confounding variation in text length can distort the estimated

effect of certified framing under conventional analyses. Conceptually, the design aligns with the

Monte Carlo study but with real participants. The pooled naïve estimates are consistent with

main effect confounding: uncontrolled length variation attenuates the treatment effect relative

to the length-matched benchmark. The inclusion of word-count does not reliably recover the

benchmark, suggesting standard covariate adjustments might not be adequate for this confounding.

In contrast, even when the confound was not explicitly specified, BRIDGE recovers treatment

effects comparable to the length-matched benchmark in the respective experiments. This motivates

the use of BRIDGE’s nuisance control, as it helps isolate the treatment effect while flexibly

accounting for nuisance variation in text. Broadly, the experiments show that BRIDGE can

complement careful stimulus design by providing a safeguard when residual or unanticipated

confounding variation remains.

PREFERENCE DYNAMICS IN UNSTRUCTURED REAL-WORLD PRODUCT DESCRIPTIONS

Next, we demonstrate how BRIDGE can (1) enable the sampling of myriad unaltered real-world

product texts as study stimuli, addressing the stimulus-sampling problem, and (2) apply to

hypothesis-testing in information-rich environments.

Normative theories view consumer preferences as stable and merely revealed during decision

making (Rabin 1998). Mounting evidence, however, shows that preferences are often constructed

based on how options are presented (Payne et al. 2000; Slovic 1995). Making repeated choices

can stabilize preference as consumers learn their preferences (Amir and Levav 2008; Hoeffler

and Ariely 1999). The findings align with 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 to semantic words (Chernev 2011).

Previous studies on preference dynamics employ structured choice contexts in which options are
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defined by two simpler, aligned attributes (Amir and Levav 2008; Donkers et al. 2020).

However, consumers in real-world settings often encounter options described with unstruc-

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 choose their preferred option (our wine study) or

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

the sequence is drawn randomly (without replacement) from 119,955 wines or 36 coffees.

We posit that preferences for 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 (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.

To test this hypothesis, we present each participant with a sequence of choice tasks involving

pairs of randomly selected, real-world product descriptions in prose. We design the experiment so
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that (1) the initial products (anchors) are randomly chosen and therefore incidental; (2) subsequent

products are also randomly chosen, ensuring exogenous variation in the distance between these

subsequent products and the anchors; and (3) the real-world product descriptions are unaltered

(unabridged and non-stylized), where their characteristics might not align.

We illustrate the use of BRIDGE to analyze participants’ decisions. Such an analysis would be

intractable using conventional methods like ANOVA because no two participants face the exact

same choice task (effectively placing each participant in a unique condition) and because of the

nuisance variables inherent in real-world descriptions. To provide converging evidence, we then

conduct a follow-up experiment (Web Appendix §G) using a limited number of controlled stimuli.

Although this approach foregoes the benefits of broad stimulus sampling, it yields data that are

amenable to traditional analysis techniques, ensuring our results reflect the phenomenon itself

rather than method artifacts.

Context and Product Descriptions

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. As an initial

step (Step 1 in Figure 2), we obtain a comprehensive dataset containing the verbal descriptions

(tasting notes) of 119,955 wines from Wine Enthusiast, a globally recognized publication.

These tasting notes are developed through extensive blind taste tests, 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. We incorporated this extensive set of real-world wine descriptions in our

experiment, facilitated by our proposed methodology. This aligns the study materials more closely

with what consumers encounter in real-world retail environments. By sampling a large, diverse

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

to other real-world wine choices.
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Our conceptualization is that the activation of salient concepts in initial products can serve

as a semantic reference frame (Mussweiler 2003; Strack and Mussweiler 1997). A wine’s taste,

cultural roots, and geographical-climatic provenance are shaped by its region of origin (terrior)

and grape varietal (MacNeil 2015). Retailers often 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). As participants are likely to draw on taste expectations associated with

region and varietal when forming preferences (Latour and Latour 2010; Rocklage, Rucker, and

Nordgren 2021), we focus our analysis on these attributes.

Our final dataset comprises descriptions of 119,955 wines from 426 wine-growing regions

and 708 wine-grape varietals—a vast product space. Each record includes a wine’s name, region,

varietal, and tasting note (averaging 53 words in length; SD = 11.86 words). BRIDGE fit the data

well: it achieved 98.2% classification accuracy for region (426 classes) and 98.0% for varietal (708

classes), far exceeding chance baselines of 0.23% and 0.14%, respectively. Detailed classification

metrics including weighted F1 scores are reported in Web Appendix §F.2. A sensitivity analysis

examining the impact of training data size on classification performance is reported in Web

Appendix §F.3.

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

(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.

Each participant completed 32 sequential tasks. In each task, participants saw a pair of wines—
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each selected randomly without replacement from our corpus of 119,955 real-world product

descriptions—and were asked to pick their preferred option. Each wine was described by its name

and tasting note. This shows BRIDGE’s flexibility, as it (a) allows participants to encounter many

different options and (b) presents wines in prose, resembling how consumers encounter these

products in the real-world.

We opted for a relatively long sequence of 32 decision tasks. This 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.

Variable Operationalization and Model

Two options were shown in each choice task. Our dependent variable was 1 if the option on the

right (“right-option”) was chosen and 0 if the option on the left (“left-option”) was chosen. To

examine anchoring, we differenced the similarity of the right-option to a candidate anchor and

the similarity of the left-option to the same anchor. A positive (and significant) coefficent on

this “right minus left” variable would indicate that participants were more likely to choose the

option on the right when it was more similar to the anchor. Based on this operationalization, we

construct four independent variables examining the effect of different anchor positions:

1. Similarity to Options in the First Task (SimFirst): the anchor is the pair of options in the first

task; its coefficient tests the hypothesized anchoring effect.

2. Similarity to Options in the Previous Task (SimPrev): the anchor is the pair of options in the

immediately preceding task; its coefficient tests for the recency effect.

3. Similarity to Options in the Next Task (SimNext): the anchor is the pair of options in the

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

its coefficient serves as a placebo test. We expect a nonsignificant coefficient, ruling out

alternative explanations such as pre-existing preferences (revealed preferences).
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4. Similarity to Options in the Final Task (SimFinal): the anchor is the pair of options in the final

task. Like SimNext, its coefficient serves as a placebo test.

To rule out alternative explanations, we also 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 one-before-the-final task (SimOne Before Final).

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

task t is:

uikt = β0i + β1iSimFirst
ikt + β2iSimOne Before

ikt + β3iSimOne After
ikt + β4iSimFinal

ikt

+ β5iSimSecond
ikt + β6iSimTwo Before

ikt + β7iSimTwo After
ikt + β8iSimOne Before Final

ikt

+
N∑

q=1
δqiNuisanceqikt + εikt.

εikt is i.i.d. Gumbel, yielding a logit choice model. N = 5, chosen based on the elbow of the scree

plot of the nuisance variables.

We estimated a sequence of nested fixed-effects models. Model 1 includes the four focal

variables (SimFirst, SimPrev, SimNext, SimFinal). Model 2 incorporates the four additional variables

(SimSecond, SimTwo Before, SimTwo After, SimOne Before Final). Model 3 augments Model 1 by adding the

BRIDGE-derived nuisance controls (Nuisanceq). Model 4 includes all eight variables and the

nuisance controls. In addition, to account for individual-level differences in sensitivity to these

variables, we introduce participant heterogeneity through random effects. Model 5 builds upon

Model 3, allowing for heterogeneity in the intercept, the four focal similarity variables (SimFirst,

SimPrev, SimNext, SimFinal), and the nuisance controls (δqi). Model 6 introduces participant-level

heterogeneity on all variables—the intercept, all eight similarity measures, and the nuisance

controls.

We developed measures based on the cosine similarity of the BRIDGE-derived attribute rep-

resentations of the options. Specifically, we used the sum of the cosine similarity between an

option’s attribute representations and the attribute representations of the two options shown in
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an anchor task.6 Higher scores indicate greater similarity between a presented option and the

options in the anchor task.

Each option was selected at random (without replacement from the corpus) for each participant.

Participants encounter exogenous variation in both the anchors and the options presented in the

tasks. Thus, the similarity measures vary randomly across both participants and tasks, providing

exogenous variation for estimating the anchoring effect and examining alternative explanations.

This stimulus-randomization procedure ensures that no single wine (or its varietal or region)

could drive the focal variable, reducing potential bias from a specific stimulus.

Results

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. All observations were

included in our analyses (i.e., no data exclusions).

Table 3 indicates participants anchored their preferences to the wines presented in the initial

task, consistently favoring wines which were similar to these initial wines in subsequent choices.7

The coefficient for “Similarity to First Task” was positive and different from zero across all seven

models with this predictor, including these six models (posterior mean ranging from 0.038 to 0.042,

ps range from 0.002 to 0.014), and those that include only single predictors (see Web Appendix

§F.4.1). This finding indicates that once the product options in the initial task established a

reference frame, participants’ subsequent preferences remained largely invariant and consistent
6The BRIDGE architecture used to generate these representations was determined using hyperparameter opti-

mization 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 region 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.

7Full results for single-predictor models are provided in Table WA8 in Web Appendix §F.4.1, fixed-effects models
(M1–M4) with nuisance control estimates in Table WA9 in Web Appendix §F.4.2, and the fully heterogeneous models
(M5 and M6) including all fixed and random effects in Table WA10 in Web Appendix §F.4.3. We report exact posterior
p-values computed from the 4,000 MCMC draws: pexact = 2 × (1 − pd), where pd is the proportion of posterior draws
on the same side as the point estimate; no distributional assumptions are required.
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with that initial anchor, even though the anchor was incidentally encountered.

In contrast, the coefficients for similarity to other candidate anchors (e.g., wines shown in the

previous, next, or final tasks) and the additional similarity terms were indistinguishable from zero

across all models. For “Similarity to Previous Task,” the 95% credible interval includes zero, which

does not support recency accounts. The same holds for “Similarity to Next Task” and “Similarity

to Final Task,” indicating that the observed effect of the initial (incidental) anchor is not an artifact

of revealed preferences.

Model fit comparisons using the Leave-One-Out Information Criterion (LOOIC) reveal that

accounting for individual differences improves explanatory power. Models 5 and 6, which incor-

porate participant-level heterogeneity, both outperform their fixed-effects counterparts (Models 3

and 4), with Model 6 achieving the best fit overall (LOOIC = 38,293 vs. 38,320 for Model 5).

We also 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’s 95% credible

interval included zero, suggesting that the anchoring effect does not diminish over the experiment,

ruling out fatigue as an alternative explanation.8 These results are detailed in Web Appendix

§F.4.4.

To further disentangle the mechanism underlying the effect, we decomposed the similarity-

to-first-task measure into two components: similarity to the wine that the participant (i) chose

in the first task (SimChosen First) and (ii) did not choose (SimUnchosen First). If the anchoring effect

reflects stable preferences, participants should prefer wines resembling their initial choice and

SimChosen First should drive the effect. Instead, the results reveal that only similarity to the unchosen

wine was significant (β̂ = 0.072, 95% CI [0.033, 0.110], p < 0.001); the similarity to the chosen

wine was not (β̂ = 0.004, 95% CI [−0.034, 0.042], p = 0.841). This asymmetry is consistent with

the notion that the initial, arbitrary product anchor set the reference frame for comparison, driving

subsequent choices. Full results of the decomposition model are reported in Web Appendix §F.4.5.

Comparing models with and without nuisance controls (e.g., Model 1 vs. Model 3) shows
8We thank the review team for this suggestion.
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Table 3: Key Results: Wine Study

Effect Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Intercept 0.084 0.084 0.083 0.083 0.089 0.089
(0.012) (0.012) (0.012) (0.012) (0.012) (0.013)

Similarity to First Task 0.039 0.041 0.038 0.039 0.038 0.042
(0.014) (0.014) (0.014) (0.014) (0.015) (0.016)

Similarity to Previous Task 0.017 0.017 0.015 0.016 0.015 0.016
(0.014) (0.014) (0.013) (0.014) (0.015) (0.015)

Similarity to Next Task -0.007 -0.007 -0.009 -0.009 -0.010 -0.009
(0.014) (0.014) (0.014) (0.014) (0.014) (0.014)

Similarity to Final Task -0.003 -0.003 -0.005 -0.004 -0.004 -0.002
(0.014) (0.014) (0.014) (0.014) (0.015) (0.015)

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

Similarity to Two Tasks Before — -0.011 — -0.012 — -0.011
— (0.014) — (0.014) — (0.015)

Similarity to Two Tasks After — -0.009 — -0.009 — -0.013
— (0.014) — (0.013) — (0.015)

Similarity to Second-to-Final Task — 0.013 — 0.012 — 0.010
— (0.014) — (0.014) — (0.016)

LOOIC 38766 38772 38694 38700 38320 38293

Nuisance Controls Included No No Yes Yes Yes Yes
Full Heterogeneity Included? No No No No Yes Yes

Note. Fixed-effects estimates (posterior means). Standard errors reported in parentheses. Dashes (—) indicate the
variable is not included. 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.

that adding these controls does not substantially shift the anchoring coefficient (0.039 vs. 0.038).

This stability reflects a key feature of BRIDGE’s architecture: because the similarity measures

are computed from representations that are already partitioned to isolate attribute signal from

nuisance variation, the nuisance controls are largely redundant. In contrast, when similarity is

computed from unpartitioned full embeddings—which conflate focal attributes with non-focal

variation (e.g., writing style)—the nuisance controls become essential for detecting the effect

(see Benchmark Comparisons in Web Appendix §F.5). Moreover, as the Monte Carlo simulations

demonstrate, BRIDGE’s nuisance controls provide meaningful corrections when confounding

variations are present. The coffee certification experiments further validated that the nuisance

controls can provide additional safeguard, when a confound was present in the experiments by
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design. Thus, BRIDGE presents a doubly robust approach to inference—on the one hand, its

attribute representations are orthogonal to the nuisance variation and enable the specification of

lower-dimensional and tractable measurement strategies; on the other hand, it develops nuisance

controls for additional adjustment.

Robustness Check: Perturbation Analysis Results

We applied the perturbation analysis technique described previously. OpenAI’s GPT-4.1 was

prompted 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 BRIDGE’s resilience to nuanced textual variations.

We conducted two key evaluations to confirm representations and key findings. First, we

compared the numerical attribute representations derived by BRIDGE 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 BRIDGE’s extracted representations

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

were 0.972 for region representations and 0.980 for varietal representations, 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 (all

ps < 0.001 for both region and varietal representations), indicating that the alignment between

original and perturbed representations was highly unlikely to be due to chance. These findings

suggest that BRIDGE 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-
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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 Final 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-Final Task — 0.018 — 0.018
— (0.014) — (0.014)

Nuisance Controls Included No No Yes Yes

Note. Fixed-effects estimates (posterior means). Standard errors reported in parentheses.
Dashes (—) indicate the variable is not included. Exact posterior p-values and 95% credible
intervals for all coefficients are reported in Web Appendix §F.4. Nuisance control fixed-effect
estimates suppressed for brevity.

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 (ps range from 0.001 to 0.006). Other similarity measures, such as similarity to recent or

subsequent tasks, remained nonsignificant, consistent with the original findings.

Benchmark Comparisons

To assess whether BRIDGE’s neural architecture provides meaningful gains over simpler alter-

natives, we estimated the Model 3 specification using similarity measures derived from three

alternative representation methods: raw embedding similarity, nuisance-only similarity, and linear

projection. All benchmarks used the same underlying embeddings (OpenAI text-embedding-3-
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large, 3,072 dimensions) and included BRIDGE-derived nuisance controls.

Raw Embedding Similarity. Computing cosine similarity directly in the full 3,072-dimensional

embedding space yields a significant anchoring coefficient when nuisance controls are included

(β̂ = 0.215, 95% CI [0.030, 0.398]). However, without nuisance controls, the same full-embedding

similarity measure fails to reach significance (β̂ = 0.177, 95% CI [−0.005, 0.354]). This contrast is

meaningful: recall that adding nuisance controls to the BRIDGE-derived similarity measures barely

shifts the anchoring estimate (0.039 vs. 0.038). The difference is that BRIDGE’s representations

isolate attribute signal by construction, making nuisance controls redundant. When similarity is

instead computed from unpartitioned embeddings that conflate attributes with stylistic variation,

the nuisance controls become essential for recovering the effect. In both cases, the credible

intervals remain substantially wider than BRIDGE’s (0.368 and 0.359 vs. 0.059), reflecting the noise

introduced by irrelevant dimensions.

Nuisance-Only Similarity. Computing similarity using only the nuisance dimensions—which

capture description style, tone, and length orthogonal to the focal attributes—yields a null result

(β̂ = −0.007, 95% CI [−0.030, 0.015]). This confirms that the anchoring effect is driven by attribute

similarity, not by superficial textual resemblance between descriptions.

Linear Projection. As an alternative to BRIDGE’s neural architecture, we estimated a linear

projection baseline using Ridge regression to predict attributes from embeddings, followed by

SVD on the residuals to construct nuisance controls. This approach produced a marginal result

(β̂ = 0.135, 95% CI [−0.000, 0.269], p = 0.051), with a credible interval approximately 5 times

wider than BRIDGE’s. While the linear projection recovers the correct sign, its substantially wider

credible interval reflects greater noise in separating attribute signal from nuisance variation. This

empirical pattern aligns with the Monte Carlo simulations: with 426 regions and 708 varietals,

the high-cardinality attribute space and the rich, diverse language of wine descriptions create

precisely the conditions under which BRIDGE’s nonlinear architecture provides substantive gains

over linear decomposition.

Replacing BRIDGE’s nuisance controls with 10 SVD-reduced Empath features does not alter
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the anchoring estimate (0.040 vs. 0.039), confirming that the effect is robust to the choice of

control specification; full benchmark results, including Empath psycholinguistic controls and

attribute-only (Jaccard) similarity comparisons, are detailed in Web Appendix §F.5.

Validation: Replication with Controlled Coffee Stimuli and Conventional Analytical

Methods

A study using controlled stimuli and conventional analytical methods replicated the observed

product-anchoring effect in a different product category (coffee), providing converging evidence

that the effect is not an artifact of BRIDGE. In this study, similarity was defined by attribute

overlaps rather than AI-derived representations. Participants again exhibited preferences aligned

with the attributes of options presented in their initial task. Full details of the experimental design,

variable operationalization, model specifications, and results are provided in Web Appendix §G.

Study Discussion

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

verbally described products. Our findings support the notion that preferences are initially malleable

but become defined by early (though arbitrary) product exposures, and remain largely invariant

in later choices—thus exhibiting consistency. The results rule out revealed-preferences, fatigue,

and preference-updating accounts. Perturbation analyses verify that our findings are robust to

irrelevant modifications of the stimuli. A follow-up coffee experiment replicated the effect using a

conventional, controlled design, establishing the effect as robust and generalizable across product

categories and analytical approaches.

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 BRIDGE: an interpretable

AI model that transforms unstructured verbal stimuli into structured numerical representations

of (1) focal variables and (2) orthogonal statistical controls for non-focal variation, facilitating
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the analysis of participant responses to unstructured verbal descriptions for theory testing. This

approach conceptually draws from recent evidence showing that LLM semantic encodings closely

mirror human brain’s operation for meaning and can be used to understand downstream tasks

(Goldstein et al. 2025). BRIDGE facilitates stimulus sampling, strengthens a study’s internal and

external validity, and accommodates various theory testing paradigms including within-subject,

between-subject, and mixed designs.

We conducted Monte Carlo simulations to investigate BRIDGE’s effectiveness in establishing

statistical control in experiments with many textual descriptions as stimuli. Even when the

nuisance variation directly shifted preferences (main effect confounding) and moderated the

strength of focal attributes (interaction effect confounding)—the two channels by which nuisance

variation can confound experimental measurement—BRIDGE recovered the full set of structural

parameters: treatment effects, interaction effects, and style-specific attribute effects. It matched

the infeasible Oracle estimator, which is efficient (and hence ideal) but impracticable as it relies

on information that is typically unavailable to the researcher (e.g., full confound structure). In

contrast, both baseline models with no controls and traditional controls-only approaches, such as

incorporating Empath lexical variables or deriving controls through linear projection, provided

biased inference. Moreover, BRIDGE presents a feasible inference approach as it develops both

nuisance controls and learned attribute representations using only information that is observed

and available to the researcher.

In coffee certification experiments (with human participants) where a stimulus confound

was deliberately introduced, BRIDGE—operating without explicit knowledge of this confound—

recovered treatment effect estimates comparable to a stimulus-controlled, unconfounded baseline,

even when a standard covariate adjustment was inadequate. These experiments show that BRIDGE

can also be applied to conventional experimental designs with a small number of carefully con-

structed stimuli, as it provides additional safeguard for remaining nuisance variations.

To demonstrate BRIDGE with many diverse real-world stimuli, we studied preference dynamics

in wine, where 1,000 consumers each evaluated 32 pairs randomly drawn from nearly 120,000
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real-world tasting notes. Across participant choices for approximately 50,000 unique wines, the

results revealed that preferences for verbally described products were initially malleable. Despite

being entirely incidental, wines presented at the outset became product anchors that shaped later

decisions. A controlled anchoring study replicated the effect. The results support the notion that

preference dynamics are affected by the selective accessibility of knowledge about key attributes

(e.g., region and varietal) as shaped by product anchors.

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 finan-

cial products, and sustainability initiatives. For example, hedonic experiences are often described

in prose to help consumers anticipate them. However, as Alba and Williams (2013) observe, “con-

sumer 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). Through BRIDGE, such contexts become experimentally tractable.

In addition, BRIDGE can be used to resolve conflicting theoretical predictions arising from dis-

crepancies in product presentations between simpler, stylized stimuli and detailed, real-world

stimuli. BRIDGE can be used in both large-scale designs with unaltered real-world descriptions (as

exemplified by our wine study) and conventional designs with controlled stimuli (as exemplified

by our coffee certification experiments).

Second, BRIDGE addresses the stimulus-sampling problem. To mitigate this problem, scholars

recommend enlarging the stimulus sample (Westfall, Judd, and Kenny 2015) and treating it as

a random factor, viewing each stimulus as one of many possible items sampled from a larger

population (e.g., Baribault et al. 2018; Judd, Westfall, and Kenny 2012). BRIDGE facilitates

these design recommendations. While traditional experiments rely on orthogonal, factorial

designs for causal inference, BRIDGE combines large-scale randomization, continuous attribute

44



representation, and statistical nuisance controls to minimize the likelihood that the observed

effects are driven by extraneous features specific to a particular stimulus—a common concern

in conventional experiments that rely on a small set of carefully pretested stimuli (Pham 2013;

Simonsohn, Montealegre, and Evangelidis 2024)—improving internal validity. Furthermore, when

stimuli are chosen randomly and presented in their original form, the observed effects are more

likely to generalize beyond the sampled stimuli, improving external validity. Moreover, existing

methods of manual coding are often impractical at scale. In our wine experiment, for instance,

manually coding the relationships between randomly sampled wines would require computing

approximately 2.5 billion distances. BRIDGE efficiently computes these distances, accounting for

nuisance variables. Finally, presenting each participant with a distinct, randomly sampled subset

of stimuli leverages the between-item variance highlighted by Judd, Westfall, and Kenny (2012),

thereby increasing statistical power without increasing the participant sample size.

Third, our proposed research design enhances research objectivity and reproducibility. Tra-

ditional designs can involve numerous researcher decisions regarding (1) experimental design,

such as stimulus simplification and selection, and (2) data analysis. These researcher degrees

of freedom can inadvertently compromise research reproducibility. Our framework allows for

the inclusion of real-world stimuli without abbreviation or stylization, broad sampling to reflect

ecological distributions and achieve market coverage, and a structured, end-to-end methodological

pipeline that can be pre-specified and pre-registered. These features can help mitigate the “garden

of forking paths” problem (Gelman and Loken 2013), enhancing replicability and the overall

credibility of the findings.

Fourth, BRIDGE builds on cognitive psychology and neuroscience research demonstrating that

semantic embeddings align closely (and linearly) with the human brain’s own hierarchical codes

for speech and meaning (Goldstein et al. 2025), and can serve as a proxy for consumer conceptual

knowledge in downstream tasks, such as food-health judgments (Gandhi et al. 2022). However,

these embeddings are inherently unstructured and high-dimensional, comprising thousands of

unlabeled dimensions, making it unclear which specific constructs or semantic features drive con-
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sumer judgments. BRIDGE transforms semantic embeddings into structured, lower-dimensional,

and interpretable representations—adaptable to specific contexts and dataset features through

automatic tuning (see Web Appendix §F.2)—that can be used for theory testing. Our Monte Carlo

simulations further establish that BRIDGE’s nonlinear architecture is not merely a design choice

but a methodological necessity; simpler linear decompositions of the same embeddings provide an

incomplete account of the confounding factors, while BRIDGE recovers the full effect structure.

Limitations, Extensions, and Directions for Future Research

Expanding research contexts

Future research can use BRIDGE to study other text-rich consumer contexts. For example, re-

searchers could study what makes online consumer reviews more useful by (a) collecting a corpus

of reviews, (b) using BRIDGE to identify the underlying dimensions that affect review usefulness,

and (c) validating the impact of these dimensions. To further verify these findings, researchers

could develop controlled manipulations of the identified dimensions for use in a traditional labo-

ratory study. This parallels our overall empirical strategy for assessing semantic anchoring with

the BRIDGE-based wine experiment and its accompanying coffee validation study.

Consumer contexts often involve extensive descriptions of numerous aspects of an option.

For example, insurance and financial products may be presented in rich, extensive texts, and

consumers may consider multiple attributes simultaneously. Such contexts remain challenging to

study using conventional methods. Given that BRIDGE can handle large, diverse product spaces

(with high-cardinality categorical variables) through continuous representation, it offers a unique

opportunity to examine how consumers navigate multiple dimensions in complex decision-making

environments.

Our investigations focused on textual stimuli because they are prevalent and embedding-based

measurement is currently more mature in text settings. However, as multimodal embedding

models mature, BRIDGE can be extended to handle multimodal data inputs, including multimodal

product descriptions. It would be interesting for future research to use BRIDGE to test consumer
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behavior theories involving other forms of unstructured stimuli, such as images, audio, video, and

even virtual and augmented reality.

An important direction is to assess the extent to which BRIDGE can be used to study abstract

or holistic psychological constructs. Because BRIDGE uses supervised training to disentangle

focal constructs from other variations in text, it is suited to contexts where the focal constructs

can be reasonably defined and labeled. For instance, BRIDGE can be used to examine sentiment

arcs in narratives (Toubia, Berger, and Eliashberg 2021) if these can be labeled in a training

set. However, it is likely less suited for constructs where defining clear targets is difficult (e.g.,

assessing the overall ‘persuasiveness’ of myriad narrative structures without breaking them down

into measurable components). Future research could integrate unsupervised topic modeling or

clustering techniques prior to BRIDGE’s supervised stage to help define dimensions within highly

abstract texts.

Methodological extensions

A promising direction for future research is to use BRIDGE to inductively uncover latent dimensions

from unstructured texts. To test preference dynamics in our wine study, we chose a context in

which we know which attributes are likely important to consumers; this allowed us to deductively

transform the unstructured tasting notes into a theory-based attribute representation. However,

BRIDGE could be applied to inductively uncover latent dimensions. Future research could compare

how theory-driven versus data-driven dimensions shape preference dynamics.

Researchers can also expand upon the stimulus sampling strategies employed in our studies.

While large-scale random sampling ensures sufficient variation across the attribute space and

approximates balance across attribute levels, typical sampling methods for participants (e.g.,

simple random, stratified, or cluster sampling) can be used for stimulus selection. Some sampling

methods may be better suited for specific research questions, such as the use of stratified sampling

(e.g., by wine provenance) to ensure balanced groupings when studying Old World versus New

World wines. We discuss this flexibility in stimulus sampling methods and provide guidance in
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the researcher’s guide (Web Appendix §B).

Generative AI offers the ability to create descriptions when real-world stimuli are limited, such

as in emerging or novel product categories9, or when study objectives require highly controlled

descriptions that mimic real products (e.g., the coffee descriptions in our certification and anchoring

experiments). In these cases, researchers could adopt a human-in-the-loop framework, where

humans guide the AI in generating stimuli or assist in selecting from AI-generated options (e.g.,

using platforms like MTurk). This approach enables researchers to craft realistic stimuli with ease

and at a low cost, further broadening the applicability of BRIDGE-based experimental designs.

Managerial Implications

The use of real-world stimuli enhances the potential for counterfactual analysis, as the inferences

drawn relate to actual products whose descriptions were used as stimuli, rather than to simplified

and stylized abstractions. For example, our wine study estimates the preference structure of

1,000 consumers in the US, Australia, and New Zealand across a catalog of 119,955 wines. 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 under different product

assortments or pairings. Much like structural econometric models that map economic theory to

real-world behavior, these outputs may provide a foundation for marketing decision tools that

inform the optimization of marketing strategies.

As AI advances, we hope BRIDGE enables researchers to design experiments with naturalistic

stimuli that parallel how products are presented in the real-world marketplace, advancing the

study of consumer behavior in information-rich environments.

9We leveraged this capability in our simulations and in our coffee certification studies, and illustrate it in our
researcher’s guide (see Web Appendix §B).
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