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Abstract

Background: Consumer neuroscience has identified loss aversion and reward anticipation as
two core mechanisms shaping purchase decisions, but traditional measurement methods such as

fMRI and EEG remain expensive and difficult to scale.

Methods: This narrative review synthesizes peer-reviewed literature on prospect theory,
dopaminergic reward circuitry, consumer neuroscience, and recent work on large language
model (LLM) based digital twins and silicon sampling to evaluate whether LLMs can

approximate these mechanisms.

Results: One recent consumer digital-twin study reported 86% future-purchase prediction
accuracy using individualized fine-tuning on Amazon transaction data, and a large-scale
behavioral benchmark found that even the best-performing LLMs achieved only modest

simulation fidelity (40.80/100) across 20 diverse human-behavior datasets. Available studies



have not established that LLMs replicate the behavioral asymmetry of loss aversion, the temporal

dynamics of reward anticipation, or individual variation in these mechanisms.

Conclusion: Current evidence suggests that LLMs function as useful behavioral prediction tools
for consumer research but have not yet been shown to reproduce the mechanistic processes

documented in consumer neuroscience.

Keywords: consumer neuroscience; loss aversion; reward anticipation; digital twins; silicon

sampling; neuromarketing; prospect theory; generative Al

1. Introduction

Traditional models of consumer decision-making assume rational agents who maximize utility
through deliberate calculation, but empirical evidence shows that systematic deviations from
rationality are driven by psychological and neural mechanisms. Neuromarketing and consumer
neuroscience have illuminated the biological foundations of these deviations, showing that
purchasing behavior emerges from the interplay between emotional systems and higher-order
cognitive control." Two forces are especially visible in this tension: loss aversion, where the pain
of losing outweighs equivalent gains, and reward anticipation, where expectation of future
reward provides strong motivation independent of consumption itself.>* These mechanisms help
explain why consumers overpay to avoid losses, pursue anticipated pleasure through impulsive

purchases, and show predictable irrationalities that defy strict economic rationality.*

Loss aversion was first formalized by Kahneman and Tversky through prospect theory, which
proposes that losses are weighted more heavily than equivalent gains in the value function that
governs risky choice.'* The behavioral parameter A (lambda), which captures this asymmetry, is
frequently estimated near 2.0, indicating that losses carry roughly twice the subjective weight of
equivalent gains.” Subsequent research has proposed links between loss aversion and
norepinephrine signaling, and between reward-related risk taking and dopamine.” Neuroimaging
studies have shown that framing effects during decision-making are associated with amygdala
activation, while reduced susceptibility to framing is associated with prefrontal cortex activity.®
Meanwhile, reward anticipation is associated with activity in the mesolimbic dopamine pathway,

including the ventral tegmental area, nucleus accumbens, and prefrontal cortex.® This



anticipatory signaling is thought to help explain why consumers browse extensively, add items to

carts, and experience excitement that may exceed the value of the eventual purchase.’

Consumer neuroscience has mapped these patterns with increasing precision, but practical
application remains restricted.® EEG and fMRI studies have achieved 80-90% accuracy in
classifying purchase intent from neural signals, but high costs, small samples, and ethical
concerns limit scalability.” The field identifies Al integration as a top research priority, but no
systematic evaluation exists comparing neuroscience-derived decision criteria against scalable
computational alternatives.® This creates a substantial analytical gap: while researchers have
documented the behavioral and biological basis of consumer irrationality, cost-effective tools to

simulate and predict it at population scale remain limited.

Recent advances in large language models (LLMs) offer a potential solution through digital
twins: personalized LLM agents calibrated on individual behavioral data. One recent study
reported 86% future-purchase prediction accuracy using individualized fine-tuning and retrieval-
augmented generation on Amazon consumer data.® Techniques like silicon sampling use the
biases absorbed during LLM training to simulate consumer panels at low cost.’ Yet fundamental
questions remain. Can these synthetic agents replicate not just average behavioral outcomes, but
the specific decision patterns associated with loss aversion and reward anticipation? Where do

they systematically deviate from human decision-making?

This paper addresses that gap through a narrative review. We first establish behavioral and
neurobiological benchmarks for loss aversion and reward anticipation using the consumer
neuroscience literature. We then assess whether current LLM architectures reproduce the
approximately 2:1 loss-gain asymmetry observed in prospect-theory studies, the temporal
dynamics of reward anticipation, and the individual variation documented in behavioral and
neuroimaging research. Our analysis reveals both capabilities and limitations, providing a

framework for evaluating Al-based consumer models.

Contribution Statement: While recent studies have begun to examine prospect-theory-
consistent behavior in LLMs, prior work has not systematically applied neuroscience-derived
evaluation criteria — specifically behavioral, computational, and neurobiological benchmarks —
to LLM-based consumer digital twins of the kind designed to simulate individualized purchasing

behavior. This paper synthesizes consumer neuroscience and generative Al literatures to



establish explicit evaluation criteria and uses those criteria to identify where LLM consumer
simulations succeed at behavioral prediction and where they have not yet demonstrated
mechanistic correspondence with documented neural processes. The result is a framework that
researchers can use to distinguish behavioral prediction from reproduction of underlying decision

mechanisms in Al-based consumer research.

The remainder of this paper proceeds as follows. Section 2 describes the review methodology.
Section 3 details the neuroscience of loss aversion, reward anticipation, and the theoretical
predictions these mechanisms generate. Section 4 examines LLM-based consumer simulation,
including silicon consumers, generative Al prediction, and benchmarking methods. Section 5
synthesizes findings, evaluates LLLM evidence against each proposed benchmark, and discusses

limitations and future research. Section 6 concludes.

2. Methods

Review Type: Narrative Review

This paper follows a narrative review design. Literature was identified through searches of
Google Scholar, PubMed, IEEE Xplore, and SSRN conducted between April and June 2026

mon

(final search: June 28, 2026). Search terms included combinations of: "loss aversion,” "reward

anticipation,” "consumer neuroscience," "neuromarketing,” "LLM digital twins," "silicon

sampling,"” "generative AI consumer behavior,” and "prospect theory lambda." No formal

systematic search protocol was registered in advance.

Articles were included if they (a) reported empirical, review, or theoretical findings on loss
aversion or reward anticipation in consumer or economic decision-making contexts, (b)
described LLM-based methods for simulating consumer behavior, or (c) proposed benchmarking
frameworks for evaluating AI behavioral simulation against human data. Sources were
prioritized if they appeared in peer-reviewed journals or established conference proceedings.
Preprints hosted on SSRN or arXiv and working papers were included when peer-reviewed
alternatives on the same topic were unavailable, but are identified as such in the reference list
and are treated with appropriate caution in the synthesis. Blog posts, news articles, and non-
scholarly web sources were excluded. Duplicates identified across databases were removed

manually.



A total of 22 sources met these criteria and form the evidence base for this review. Of these, 16
are peer-reviewed journal articles or conference papers, two are working papers (one SSRN/MSI,
one Harvard Business School), two are published in open-access journals, and two are preprints
(one arXiv, one identified through forward citation tracing). Sources were initially identified by
keyword search; a second pass of forward and backward citation tracing was conducted to
identify primary neuroimaging studies and directly relevant LLM behavioral studies that did not
surface in initial keyword results. Source classification: peer-reviewed (16), working papers (2),
open-access (2), preprints (2). Because this is a narrative rather than systematic review, the
search and selection process was not exhaustive, and the findings should be interpreted as a

conceptual synthesis rather than a comprehensive summary of all available evidence.
3. Neuroscience of Consumer Decision-Making

3.1 Loss Aversion

Loss aversion is one of the most well-documented biases in consumer behavior. Numerous
studies show that losing money, time, or status produces stronger subjective responses than
gaining the same amount. In prospect-theory studies, the behavioral loss-aversion parameter A is
frequently estimated near 2.0, indicating that the subjective weight of losses is approximately
twice that of equivalent gains.” This behavioral asymmetry helps explain why consumers may
avoid switching brands, overpay to keep a current subscription, or hesitate to sell products they

already own, even when doing so would be economically rational.

Research in consumer neuroscience has linked this behavioral pattern to underlying neural
systems. Sokol-Hessner and Rutledge proposed a framework in which norepinephrine is
associated with loss aversion and the expectation of negative outcomes, while dopamine is more
strongly associated with reward pursuit and risk taking for gains.”? This suggests that loss
aversion may emerge from the interaction between distinguishable neurochemical systems,
although the precise mechanistic relationship between neurotransmitter activity and behavioral A

remains an active area of investigation.

Neuroimaging studies have provided additional evidence. De Martino and colleagues found that
framing effects during risky choice were associated with amygdala activation, while individuals

who were less susceptible to framing showed greater activity in orbital and medial prefrontal



cortex.” This finding is consistent with dual-process accounts in which rapid emotional responses
interact with slower deliberative processing, but the relationship is more nuanced than a simple
"emotional amygdala versus rational prefrontal cortex" model. Multiple brain regions contribute
to valuation and choice, and their interactions are context-dependent.” A complementary
neuroimaging study by Tom and colleagues found that a broad network of regions — including
midbrain dopaminergic areas and the ventral striatum — showed increasing activity as potential
gains rose but decreasing activity as potential losses rose, and that individual differences in this
neural asymmetry predicted behavioral loss aversion.' These results locate loss aversion not in a
distinct fear circuit but in the same reward-valuation system that codes for gains, operating with

a steeper response to potential losses.

In a marketing or shopping context, loss aversion manifests in concrete ways. Limited-time
offers such as "only 2 hours left" make the potential loss of a discount feel more intense than the
possible gain of saving extra money. Subscription models leverage loss aversion by making
cancellation feel like losing a benefit rather than avoiding a cost. The endowment effect, where
people value an object more simply because they own it, is another behavioral expression of loss
aversion."” Neuromarketing experiments using EEG, fMRI, or skin-conductance measures have
found stronger physiological responses to loss-framed messages compared to gain-framed

messages.’

Loss aversion is not uniform across individuals. Personality, risk tolerance, and clinical status all
influence the magnitude of the effect. Some studies suggest that higher anxiety is associated with
stronger loss-related responses, while more impulsive or risk-seeking individuals may show
attenuated loss aversion.” This variation means that a successful model of consumer behavior
must account for more than average behavioral tendencies and should preserve meaningful

individual differences.

3.2 Reward Anticipation

If loss aversion explains why consumers avoid losses, reward anticipation explains why they
pursue expected pleasure. In consumer behavior, anticipation can be as important as the outcome
itself: people are frequently motivated not just by what they will receive, but by the expectation
that something good is coming. The excitement of browsing, comparing, and choosing can

engage reward-related neural systems before any actual product is bought or used.



At the biological level, reward anticipation is associated with dopamine activity in the
mesolimbic reward pathway. This circuit includes the ventral tegmental area (VTA), the nucleus
accumbens (NAcc), and the prefrontal cortex (PFC), which together support the detection,
valuation, and pursuit of rewarding outcomes. Several studies have observed strong striatal
activity during reward anticipation, with anticipation and receipt showing partly distinct spatial
and temporal neural signatures.*'® Knutson and colleagues demonstrated using event-related
fMRI that anticipation of increasing monetary rewards selectively recruits the nucleus
accumbens, while anticipation of punishments did not produce the same activation — a temporal
dissociation that has been replicated in studies of purchase decisions and financial risk-taking. '**

This helps explain why shopping can feel exciting before purchase and why that excitement may

diminish after the item is obtained.?

This anticipatory process also explains many common consumer behaviors. People add items to
their cart and leave them there, revisit product pages, or delay checkout while still feeling
psychologically engaged with the possibility of buying. In these cases, the consumer is not
making a purely utilitarian calculation but is responding to motivational signals generated by
expectation. Marketing strategies take advantage of this by using scarcity, countdowns,
exclusivity, and aspirational imagery, all of which may intensify the feeling that a reward is close

at hand.

Reward anticipation does not operate in isolation. It interacts with systems that evaluate price,
risk, identity, and social meaning. A product that signals status may trigger stronger anticipatory
responses than a product with the same practical value but less social appeal.* This is one reason
why standard economic models tend to underestimate the role of desire, excitement, and
expectation in purchase decisions. Human choice is driven not only by what people receive, but

by how strongly they anticipate receiving it.

3.3 Evaluation Criteria for LLM Consumer Simulation

The neuroscience and behavioral economics literatures generate specific, testable predictions
about consumer decision-making. These can be organized into two categories: behavioral
benchmarks, which describe observable choice patterns, and neurobiological benchmarks, which

describe the underlying physiological processes.



Behavioral benchmarks. First, the prospect-theory value function predicts a consistent
asymmetry in which losses carry approximately twice the subjective weight of equivalent gains
(A = 2.0).> A consumer model should reproduce this asymmetry in choice data. Second,
consumers should show measurable changes in behavior during anticipation phases, not only at
the point of outcome. Third, individual differences in both loss sensitivity and reward
responsiveness should be preserved across different consumer profiles, rather than being

averaged away.

Neurobiological benchmarks. At the neural level, loss aversion has been associated with
norepinephrine-mediated threat processing and amygdala activity during framing tasks, while
reward anticipation has been associated with dopaminergic activity in the mesolimbic pathway.**
These associations suggest that a model claiming to simulate the mechanisms of consumer
choice, rather than merely predicting its outcomes, would need to demonstrate correspondence
with the temporal, spatial, or pharmacological signatures observed in neuroimaging and

15,16

neurochemical studies. Behavioral agreement alone cannot establish equivalence of

underlying mechanisms.

These two levels produce distinct evaluation criteria for LLM-based digital twins. At the
behavioral level: (a) do LLMs reproduce the approximate loss-gain asymmetry? (b) do they
capture anticipatory dynamics? (c) do they reflect individual differences? At the neurobiological
level: do LLMs produce outputs that correspond to the physiological patterns observed in human
neuroimaging studies? The distinction matters because a model that reproduces behavioral
choice patterns without correspondence to underlying mechanisms is a useful predictor but not a

mechanistic simulator.
4. LLM-Based Consumer Simulation

4.1 Silicon Consumers

Neuromarketing originally attempted to study consumer decisions by measuring neural activity
directly."” Studies using fMRI, EEG, eye tracking, and skin conductance showed that consumers
do not always make decisions in fully rational ways; prices, brands, and advertisements can
activate reward, threat, and attention systems that influence what people buy.”® Over time,

machine learning models applied to these signals improved the ability to classify consumer



responses, with some reviews reporting accuracies in the 80-90% range for preference
prediction.” But even with these advances, neural measurement remains expensive, narrow, and

difficult to scale, which has pushed researchers toward alternative approaches.®

This logistical bottleneck has led to the emergence of silicon sampling, in which researchers use
LLMs to generate synthetic consumer responses.” These models can simulate consumers
exhibiting patterns consistent with bounded rationality: approximate human choices combined
with systematic errors that resemble human biases.>*" By creating digital twins, personalized
LLM agents adapted to individual behavioral data through fine-tuning and retrieval-augmented
generation, researchers can predict purchasing decisions with high accuracy in specific settings.
Li, Wei, and Wang reported 86% average future-purchase prediction accuracy across 304
individualized digital twins built on Amazon consumer data.? While traditional neuromarketing
identifies the biological correlates of consumer behavior, LLMs provide a scalable way to predict

it at a population level.*®

However, silicon consumers are not merely a cheaper substitute for traditional research. They
also provide a way to test where Al can capture the decision patterns that define actual consumer
choice. A useful LLM consumer should not only predict a product choice but also show
sensitivity to price framing, brand loyalty, and trade-offs between utility and emotion.’ If a
model can reproduce these behavioral patterns consistently, it can serve as a meaningful proxy

for human respondents in early-stage marketing research.

At the same time, the limits of silicon consumers must be acknowledged. Current LL.M-based
consumer models are generally not trained to reproduce measured neural activity, and behavioral
calibration does not by itself provide evidence of neurobiological correspondence." They can
reproduce consumer language and choice logic, but behavioral agreement alone cannot establish
that the model is generating those outputs through the same processes as a human brain.** Their

strength lies in behavioral approximation rather than mechanistic simulation.

4.2 Generative Al Prediction

Generative Al prediction refers to the use of large language models and other generative systems
to forecast what consumers are likely to do based on past behavior, preferences, and context.

Compared with traditional methods, which often rely on surveys or limited statistical models,



generative Al can process much larger and more complex datasets and identify patterns that

manual analysis may miss."

Technically, general-purpose LLMs are predominantly pretrained on text data; consumer digital
twins are then adapted using consumer-specific information through fine-tuning and retrieval-
augmented generation.® In marketing, this can help companies predict consumer responses before
a campaign or product launch.” Brand, Israeli, and Ngwe showed that LLM-based market
research can generate consumer-like responses and realistic willingness-to-pay estimates,
suggesting that generative Al can serve as a practical tool for faster and cheaper early-stage

testing.’

Generative Al is also useful for personalization. These models can create marketing content
tailored to a user’s likely preferences." This matters because consumers do not all respond in the

same way, and better predictions lead to more relevant messages and stronger engagement.

However, generative Al does not process information through the same biological systems as a
human brain. It can capture statistical regularities in consumer behavior, but current LLM-based
consumer models lack the biological substrate measured in human neuroimaging and
neurochemical studies." Li et al. showed that digital twins are most effective when carefully
calibrated to individual data, suggesting these models are useful tools but not complete

replacements for human behavioral research.?

The central question is whether generative AI can capture the specific decision patterns
associated with loss aversion and reward anticipation, or whether it can only approximate final
behavioral outcomes.® Because current consumer digital-twin systems are not trained to
reproduce measured neural activity, behavioral calibration alone does not provide evidence of

neurobiological correspondence.

4.3 Benchmarking Al against Behavioral and Neural Evidence

To determine whether generative Al can function as a consumer model, it is not sufficient to
evaluate only final purchase prediction. The real test is whether these models can match the
specific behavioral and neural patterns that shape human choice. Benchmarking allows

researchers to compare Al outputs with what neuroscience and behavioral economics have



documented in humans, rather than simply grading the AI on whether it predicted the correct

final outcome.!!

At the behavioral level, researchers can use the lambda coefficient from prospect theory to
measure whether an Al shows loss-gain asymmetry comparable to what is observed in human
choice data.” They can also use sequential decision tasks to assess whether AI models capture
temporal changes in motivation across anticipation and outcome phases, or whether they merely

predict final choices.®?

Hu et al. provided the most comprehensive benchmark to date. Their SimBench study aggregated
20 diverse behavioral datasets and found that even the best-performing LLMs achieved only
modest simulation fidelity (40.80 out of 100), with particular difficulty simulating specific
demographic groups." This finding is important because it suggests that LLMs struggle most
precisely where individual and group differences matter most, which is one of the three

evaluation criteria proposed in Section 3.3.

Li et al. showed that individualized digital twins can predict specific shopping outcomes with
high accuracy in their particular framework, but high prediction accuracy does not by itself
establish that the model captures the reasons those choices were made.® An Al can correctly
predict what someone will buy while generating that prediction through entirely different
computational processes than those documented in human neuroimaging studies. This is why
separate behavioral and neurobiological benchmarks are needed: they move the evaluation
beyond final outcomes and ask whether the Al reproduces the specific patterns associated with

human decision-making.

Evidence on whether LLMs reproduce prospect-theory-consistent framing and loss-aversion
effects at the behavioral level is mixed. Suri and colleagues experimentally demonstrated that
GPT-3.5 exhibits several human-like decision heuristics — including framing effects, the
endowment effect, anchoring, and representativeness — in patterns broadly consistent with the
processes that underlie loss aversion and effort reduction in humans."” However, more recent
work comparing LLM predictions with human choices across 51 scenarios and 9,600 model
responses against 2,104 human participants found that while GPT-3.5 matched average human
risk preferences, it showed reversed framing effects — treating gain-framed options as cues for

increased risk rather than caution, opposite to the pattern predicted by prospect theory — and



GPT-4 was indiscriminately risk-averse across social contexts.'® An arXiv preprint by Payne
similarly found that prospect theory often anticipates LLM behavior across risky scenarios, but
that context — particularly the framing of scenarios — substantially shifts the results, with
military versus civilian framings producing markedly different apparent loss-aversion effects."
Taken together, these findings suggest that LLMs can produce behavioral outputs that
superficially resemble human decision patterns under risk, but that the underlying processes —
and therefore the reliability of the correspondence — remain uncertain and context-dependent.
This is precisely what makes the behavioral-versus-neurobiological distinction proposed in
Section 3.3 essential: surface-level resemblance in behavioral outputs does not establish

mechanistic correspondence.
5. Discussion

5.1 Evidence Synthesis

This review examined whether LLM-based digital twins can approximate human loss aversion
and reward anticipation in consumer decision-making. Table 1 summarizes the current state of

evidence for each evaluation criterion proposed in Section 3.3.

Table 1. Summary of evaluation criteria: human evidence versus LLM evidence.

Criterion Human Evidence LLM Evidence Status Key Sources
Loss/gain Well-established in No direct A benchmark Not established Sokol-Hessner &
asymmetry (A~  |behavioral prospect-theory [reported for consumer Rutledge (2019)
2.0) studies LLM twins
Anticipatory Neuroimaging shows Minimal direct temporal |Not established  [Peterson (2005);
temporal dynamics (distinct anticipation vs.  |comparison in LLM Evans (2026)
receipt responses in striatalstudies
regions
Individual Significant person- and  [Personalized twins show |Partially supported |Li et al. (2025); Hu
variation context-dependent some behavioral et al. (2026)
variability in A and reward [personalization; SimBench
sensitivity finds difficulty with
demographic subgroups
Purchase Human transaction 86% in one individualized |Supported in Li et al. (2025)
prediction accuracyloutcomes as ground truth |consumer twin study specific setting
(Amazon data, 304 twins)
Overall behavioral [Human behavioral Best LLM achieved Limited Hu et al. (2026)
simulation fidelity [variability across 20 40.80/100; difficulty with
diverse datasets specific demographic




|groups |

As Table 1 shows, the strongest current evidence for LLM consumer digital twins lies in
purchase-prediction accuracy within specific, well-calibrated settings. The weakest areas are
those most relevant to this review's central question: whether LLMs reproduce the behavioral
asymmetries and temporal dynamics associated with loss aversion and reward anticipation.
Recent studies have begun to examine LLM behavior under loss-framing and risk paradigms,
with mixed findings: some work finds framing effects consistent with human patterns, while
others find reversed or context-dependent effects.'”'*'® However, these studies have not
examined individualized consumer digital twins of the kind built by Li et al., and no study to
date has directly measured whether such a consumer twin produces a loss-aversion coefficient
comparable to human prospect-theory estimates or exhibits the temporal dynamics of reward

anticipation documented in neuroimaging literature.

The gap between prediction and mechanistic correspondence is where current generative Al most
clearly falls short. A model can generate accurate behavioral predictions while producing those
predictions through entirely different computational processes than those documented in human
neuroimaging studies. Metrics such as the lambda coefficient and temporal response profiling
could help researchers determine where LLM outputs align with human decision patterns at a

deeper level than final outcomes.*>"!

5.2 Strengths and Limitations

This review has several strengths. It bridges two literatures, consumer neuroscience and
generative Al, that are rarely connected in existing work. It distinguishes behavioral from
neurobiological benchmarks and proposes explicit evaluation criteria. It also provides a synthesis

table that future researchers can extend as new evidence becomes available.

However, several limitations should be acknowledged. First, this is a narrative review with 22
included sources, which is broader than the original submission but still does not constitute a
comprehensive coverage of any single literature it draws on. The literature search was not
registered in advance, the search strategy used keyword combinations and citation tracing rather

than formal Boolean strings with pre-specified databases, and the selection of sources was not



exhaustive. Important work may have been missed, and the synthesis reflects the judgment of the
authors rather than a reproducible screening protocol. The neuroscience sections in particular
rely primarily on a small set of landmark studies — the primary neuroimaging literature on loss
aversion and reward anticipation is substantially larger than what is reviewed here. Future work
should engage more comprehensively with meta-analyses of loss-aversion neural correlates and

the growing experimental literature on LLM prospect-theory behavior.

Second, this paper is entirely theoretical: no original experiments, simulations, or quantitative
analyses were conducted. The evaluation criteria proposed here have not been empirically tested,
and the conclusions about LLM limitations are inferred from existing studies rather than from
direct experimentation. Third, the literature on LLM-based consumer simulation is very recent.
Several of the sources reviewed are preprints or working papers that have not yet undergone
extensive independent replication. The Li et al. digital-twin result (86% accuracy) comes from
one specific framework with one dataset, and the SimBench fidelity score (40.80/100) aggregates
across diverse tasks that may not all be directly relevant to consumer behavior. Both findings
should be treated as preliminary. Fourth, this review does not address all cognitive biases
relevant to consumer behavior. Loss aversion and reward anticipation were selected as focal

mechanisms, but anchoring, social proof, and other biases also influence purchasing decisions.

5.3 Implications and Future Research

The framework presented here has implications for both researchers and practitioners. For
researchers, the separation of behavioral from neurobiological benchmarks provides a starting
point for designing experiments that go beyond accuracy metrics. Future work should directly
test whether LLMs produce lambda coefficients comparable to those observed in human
prospect-theory experiments, whether they exhibit distinct response patterns across anticipation
and outcome phases in sequential purchasing scenarios, and whether they can simulate

meaningful individual differences when calibrated on diverse consumer profiles.

For marketing practitioners, the findings suggest that LLM-based consumer simulations are best
suited for early-stage research where speed and scale matter more than mechanistic
understanding. They should not be treated as replacements for studies that require understanding

of emotional or neurobiological drivers. When the goal is to understand why consumers make



certain choices rather than predicting what they will choose, neuroscience-based methods remain

necessary.

6. Conclusion

This review argues that LLM-based digital twins can approximate broad behavioral patterns of
consumer choice, but current evidence does not establish that they reproduce the mechanisms
associated with loss aversion and reward anticipation. At the behavioral level, prospect-theory
research documents a consistent asymmetry in which losses carry roughly twice the subjective
weight of gains (A ~ 2.0).> At the neurobiological level, loss aversion has been linked to
norepinephrine-mediated threat processing and amygdala involvement, while reward anticipation
has been linked to dopaminergic activity in the mesolimbic pathway.?*> Both mechanisms vary
across individuals and operate through biological processes that current LLM architectures are

not designed to model.

One consumer digital-twin study has demonstrated strong prediction accuracy in a specific
setting, and a large-scale behavioral benchmark has found that LL.M simulation fidelity remains
modest overall. Neither finding addresses whether LLMs reproduce the specific behavioral
asymmetries or temporal dynamics documented in consumer neuroscience. Until future research
directly tests the evaluation criteria proposed here, LLM-based consumer models should be
treated as useful behavioral predictors rather than mechanistic simulators of human decision-

making.
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