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Synthetic participants, commonly defined as artificially created profiles that simulate human responses, 
behaviours and decisions, are increasingly used as a complementary tool to traditional research methods. 
Despite their growing adoption, however, their capabilities, limitations and appropriate applications 
remain poorly systematised. This article develops a structured framework for understanding and deploying 
synthetic participants in business contexts. First, it introduces a functional classification based on primary 
objectives: declarative (intent-based), behavioural (action-based) and conversational (multi-agent) models. 
Second, it reviews key studies within each category, identifying common performance patterns and practical 
applications. Third, it proposes a differentiated methodological approach grounded in a quantitative-first 
perspective, integrating behavioural economics through structured libraries and tailoring models to specific 
use cases. Using a controlled experimental replication, the paper demonstrates that synthetic participants 
can approximate human data under structured conditions.
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Introduction
The rapid proliferation of synthetic participants 

suggests a potential shift in how market research is 
conducted, offering clear advantages in scalability, 
speed and the ability to conduct research in contexts 
that would otherwise be inaccessible. Yet, despite their 
promise, the current landscape presents important 
challenges.

First, in the business context, we have heard of 
many approaches that rely heavily on the generation 
of synthetic participants from qualitative inputs, 
such as high-level buyer persona descriptions de-
rived from small-scale interviews and grounded in 

descriptive, self-reported data. Furthermore, outputs 
are sometimes evaluated through subjective expert 
judgement rather than standardised quantitative 
metrics. For instance, Schramowski et al. (2022) 
assess GPT-3-based respondents by primarily using 
qualitative ratings of plausibility. This matters be-
cause decisions made based on plausible-looking but 
mis-calibrated outputs carry substantial business 
risk.  Second, there is limited integration of psy-
chological and behavioural economics constructs, 
which might be a significant limitation, as AI systems 
struggle to reproduce cognitive biases, heuristics 
and context-dependent preferences without explicit 
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structuring. Aher et al. (2023) show that LLMs only 
exhibit human-like loss aversion and fairness when 
these mechanisms are embedded in the task design 
as behavioural dictionaries or knowledge bases.

Third, many synthetic panel solutions are built 
as generalised tools that favour ease of use over 
rigorous, bespoke, contextualised approaches. This 
makes their outputs difficult to distinguish from those 
obtained through ad hoc prompt-based generation 
with general purpose LLMs.

The significant and widely anticipated advantages, 
combined with these challenges and the limited 
number of publicly available business case studies 

outside academia, contribute to a mix of enthusiasm 
and a degree of scepticism among organisations 
considering their adoption.

What Types of Synthetic Participants Exist, 
and What Are Their Potential Business 
Applications?

This article aims to provide a simple classification 
of the types of synthetic participants that can be 
developed, along with the business areas in which 
they can be applied (see Table 1).

This classification may evolve as the field develops 
and new use cases emerge. For now, though, we believe 

Table 1: Types of Synthetic Participants: Objectives and Business Applications

Type Objective Main Business 
Applications

Advantages Challenges

Declarative 
(Intent-Based) 
Models

To simulate 
responses to 
structured or 
semi-structured 
survey 
instruments. 
Currently account 
for most published 
applications.

Market research, 
Customer 
Experience

Scalable survey 
prototyping, 
access to hard-to-
reach populations, 
counterfactual 
scenario testing, 
hybrid approaches 
improve depth 
and efficiency.

Inflated effect 
sizes, compressed 
response 
distributions, 
high sensitivity to 
prompt phrasing, 
inherent intention-
behaviour gap.

Behavioural 
(Action-Based) 
Models

To replicate 
specific reactions 
or behaviours 
in response to a 
stimulus, rather 
than stated 
intentions.

UX research, 
Pricing, Marketing

Can match or 
exceed human 
specialist 
performance on 
usability tasks, no 
fatigue, detailed 
interaction logs 
at scale, persona-
aligned journey 
simulation.

Compressed 
variability, fails to 
replicate cognitive 
inertia or bounded 
attention, explicit 
behavioural 
scaffolding required 
for realistic 
behaviour.

Conversational 
(Multi-Agent) 
Models

To simulate 
conversations 
between two or 
more agents using 
a multi-agent 
architecture 
guided by scripts 
or structured 
instructions.

Sales, Customer 
Service

Enables testing of 
sales scripts and 
communication 
strategies at scale, 
allows study of 
opinion dynamics 
and information 
diffusion.

Risk of 
anthropomorphism, 
WEIRD-centric 
cultural bias, value 
lock-in, plausible 
outputs may mask 
mechanistically 
different cognition.
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it offers a practical framework that helps researchers 
and practitioners grasp the diversity and distinct 
purposes of synthetic participants.

What Does the Literature Tell Us About the 
Performance of Synthetic Participants?

Declarative Synthetic Participants
Declarative or intent-based, synthetic participants 

are designed to provide survey-like responses. They 
can generate large volumes of responses quickly and 
support rapid prototyping of questionnaires and 
experimental designs before human deployment 
(Aher et al., 2023; Arora et al., 2025; Doudkin et al., 
2025; Park et al., 2023; MRS, 2024). Beyond efficiency, 
these models help explore counterfactual scenarios 
and hard-to-reach populations (Aher et al., 2023; Lin 
& Dia, 2025).

A study by Arora et al. (2025), in which a human-LLM 
hybrid approach ultimately led to efficiency and 
effectiveness gains in quantitative and qualitative 
evaluations of a food company, demonstrates clear 
business applications. Results indicated that qual-
itative LLM-generated responses were superior in 
depth and insightfulness.

However, research consistently demonstrates that 
declarative models inflate effect sizes, with Fisher 
z values and standardised effects often two to three 
times larger than those observed in human samples, 
and produce narrower, smoother response distribu-
tions, underrepresenting population heterogeneity 
(Dillion et al., 2023; Doudkin et al., 2025; Maier et al., 
2025; Stamatogiannakis et al., 2025; Ustiyanovych & 
Krpan, 2025). They are also highly sensitive to prompt 
phrasing, with small changes significantly altering 
reported attitudes or preferences (Gao et al., 2024; 
Tjuatja et al., 2024).

Additionally, although highly useful for acceler-
ating market research, both private companies and 
public institutions should remain aware that any 
declarative research method, whether based on real 
humans or synthetic participants, will exhibit a gap 
relative to actual behaviour, as shown in Sheeran’s 
meta-analysis, where intentions explain only around 
28% of the variance in real-world behaviour (Sheeran, 
2002). This is primarily because these methods rely on 
self-reports of people’s views, attitudes and intentions 
(e.g., “I want to save money every month”), which 

can diverge from actual behaviour due to contextual 
or emotional factors, habits or shifts in priorities at 
the moment of decision-making (e.g., failing to save 
due to unexpected expenses).

“Any declarative research method, 
whether based on real humans or synthetic 
participants, will exhibit a gap relative to 
actual behaviour.”

Behavioural Synthetic Participants
Behavioural – or action-based – synthetic partic-

ipants focus on what agents do rather than what they 
say, simulating concrete interactions with interfaces, 
products or decision environments. 

In UX research, they can execute long interaction 
sequences without fatigue, identify usability issues 
and provide detailed feedback at scale (Lu et al., 2025; 
Zhong et al., 2024). For example, Zhong et al. (2024) 
report that GPT-4, used as an expert evaluator of 
interface screenshots, detects 73–77% of usability 
problems versus 57–63% for human specialists, 
demonstrating that behavioural agents can match 
or exceed human performance in some metrics. 

Behavioural synthetics have evolved beyond UX, 
though. A study by Mansour et al. (2025), for instance, 
consisted of mining historical e-commerce data 
to build Persona Aligned Agentic Retail Shoppers 
(PAARSs), used to simulate personalised journeys 
from product discovery all the way to purchase. 

Nevertheless, limitations remain. Behavioural 
synthetics often confirm compressed variability, 
inflated treatment effects and stereotyped pat-
terns, failing to capture real-world noise, cognitive 
inertia or bounded attention (Doudkin et al., 2025; 
Stamatogiannakis et al., 2025; Ustiyanovych & Krpan, 
2025). Embedding psychological and behavioural 
economics constructs, such as heuristics, loss aver-
sion, social norms or context-dependent preferences, 
is challenging, requiring explicit scaffolding to 
approximate realistic behaviour (Aher et al., 2023; 
Maier et al., 2025). Technical safeguards, such as 
semantic similarity ratings, retrieval-augmented 
generation and iterative calibration against human 
benchmarks, can help mitigate bias and overconfi-
dent inferences (Cui et al., 2024; Maier et al., 2025; 
Suh et al., 2025).
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Conversational Synthetic Participants
Conversational models simulate dialogues between 

agents. They are particularly useful for testing sales 
scripts, customer service interactions and commu-
nication strategies (Lu et al., 2025), but they also 
enable the study of opinion dynamics and information 
diffusion, as shown in Park et al. (2023) and Qu and 
Wang (2024).

However, these models raise important epistemo-
logical concerns, as they can produce highly plausible 
conversations while relying on fundamentally differ-
ent mechanisms from human cognition (Shanahan et 
al., 2023). This creates a risk of anthropomorphism, 
where outputs are misinterpreted as genuine hu-
man-like understanding (Mitchell & Krakauer, 2023; 
Vallor, 2024).

Additionally, conversational models are particular-
ly vulnerable to cultural bias and value lock-in. They 
often reproduce WEIRD-centric perspectives, leading 
to systematic misrepresentation of non-Western or 
underrepresented groups (Agnew et al., 2024; Amini, 
2025; Santurkar et al., 2023).

Our Approach to Synthetic Participants

Our Vision
When our team at Neovantas began exploring 

synthetic participants, we quickly became convinced 
that integrating them as a tool into companies’ 
research and experimentation methodologies could 
provide a clear, short-term competitive advantage. 

As we started working on real projects, it soon 
became apparent that a ‘one-size-fits-all’ approach 
would likely be suboptimal. A declarative synthetic 
participant model, designed to answer surveys, is 
fundamentally different from a behavioural model, 
designed to simulate concrete actions in terms of con-
figuration, prompting, input and output. Furthermore, 
even within these categories, the business objective, 
whether UX, pricing or debt collection, requires 
entirely different approaches. In practice, we are 
developing specific, specialised synthetic participant 
models, each with its own logic, tailored to each use 
case according to the business need. Moreover, we 
apply a quantitative approach, both in preparing the 
model’s input and in validating the results.

In addition, we hypothesised that enriching syn-
thetic participants’ input with a context drawn from 

behavioural economics and psychology, through 
structured knowledge libraries, would help synthetic 
participants’ responses and behaviours more closely 
resemble human reality. This would allow for better 
output calibration and enrich the reasoning behind 
the participants’ answers or decisions.

“We are developing specific, specialised 
synthetic participant models, each with 
its own logic, tailored to each use case 
according to the business need.”

Putting It to the Test
To test this hypothesis, we conducted the same 

exercise with declarative synthetic participants, 
comparing results with and without this enriched 
input from the libraries. The original exercise we 
selected was a randomised controlled trial conducted 
in 2017 with 199 Spanish working adults aged 35 to 65, 
who were surveyed about their willingness to save 
(WTS) for retirement and their impulsiveness. The 
study aimed to evaluate whether exposing a treatment 
group to a pension calculator would increase their 
WTS by making the benefits of saving more tangible. 
The intervention led to a statistically significant WTS 
increase of 25% (p = 0.044).

Our goal was to see whether exposing 199 synthetic 
participants, matched to the original population in 
sociodemographic characteristics such as age and 
gender, and financial attributes such as income and 
financial literacy, to the same pension calculator 
stimulus would produce similar results, with WTS 
as the outcome. We also aimed to assess whether 
enriching the input with structured knowledge li-
braries on the most relevant behavioural economics 
and psychology principles for saving decisions would 
bring the outcomes even closer to the original results.

To achieve this, we created two libraries:
Behavioural library. This dictionary described each 

bias, its mechanism and manifestation in the context 
of WTS, its interaction across sociodemographic 
variables and under a saving saliency treatment. 
Interaction rules guided the direction and intensity 
of activation. Each bias was drawn from research 
on behavioural economics and financial behaviour. 

Impulsiveness library. Impulsiveness scores were 
generated for each synthetic participant using the 
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Barratt Impulsiveness Scale, BIS-11, a 30-item instru-
ment. Responses were sampled from the empirical 
distributions observed in the original dataset, and 
total scores were computed accordingly. 

In this case, both libraries were created as JSON 
files and retrieved by the model through prompting.

The ‘basic’ solution, made up of synthetic partic-
ipants generated without a behavioural knowledge 
base, produced the weakest distributional fit. KS 
statistics2 in this condition ranged from 0.82 to 0.83, 
and real distributions diverged substantially across 
nearly the entire outcome range. This pattern is 
consistent with the literature, in that ‘one-size-fits-
all’ generative models tend to produce WTS estimates 

2	�  The Kolmogorov-Smirnov (KS) statistic is a measure of the biggest difference between two datasets.

that are both more uniform and more concentrated 
around the centre of the scale than the real data, 
thus underrepresenting the natural spread of the 
human distribution. 

“Introducing a behavioural library 
produced a meaningful improvement 
representing a reduction in distributional 
divergence of approximately 15% relative to 
the baseline.”

Introducing a behavioural library produced a 
meaningful improvement. The GPT-5.4-mini model 
achieved a KS statistic of 0.70 in the library-only 

Figure 1: Comparison between synthetic models generated without dictionaries (top) and with behavioural and impulsiveness 
dictionaries (bottom).
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condition, representing a reduction in distributional 
divergence of approximately 15% relative to the 
baseline (even though it still indicates meaningful 
residual divergence). Including the Impulsiveness 
library yielded a KS statistic of 0.54 with the standard 
prompt configuration, reflecting a substantive gain 
(see Figure 1).

Despite these findings, a systematic tendency 
to overestimate WTS persisted, particularly due 
to occasional high-value outliers that distorted 
the upper tail of the distribution. This suggests an 
inherent fault within generative models, i.e., they 
are unable to naturally reproduce the inertia that 
characterises real savings behaviour.

As synthetic users are still in an embryonic stage, 
exercises grounded in known human distributions 
are essential to assess fidelity. For transparency, the 
original experimental results were not used as model 
inputs or prompts, thereby avoiding potential bias. 
Instead, the behavioural libraries were constructed 
from a comprehensive review of the academic lit-
erature, modelling the effects of stimuli such as the 
calculator on WTS.

“The behavioural libraries were construct-
ed from a comprehensive review of the ac-
ademic literature, modelling the effects of 
stimuli such as the calculator on WTS.”

While this approach is innovative, it requires 
further validation. We are therefore pursuing two 
next steps: replicating the study with a new sample 
and synthetic population to test consistency, and 
using known results to develop guidelines for building 
reliable synthetic participants when human reference 
data is unavailable.

Conclusion
These results support a differentiated and mod-

ular approach to building synthetic participants 
by separating the sociodemographic buildup (who 
the participant is) from the behavioural library 
(what cognitive principles are likely active, and how 
strongly). Many solutions offer quick and adaptable 
synthetic models that include sociodemographic data 
but overlook behavioural profiling and contextual-
isation. The limitations of this approach have been 
widely discussed in the literature, even before the 

development of AI models; demographic profiling 
and segmentation without a behavioural layer often 
paints an incomplete picture of the subjects of study, 
especially when gauging a behavioural outcome.  

Synthetic participants are best suited to contexts 
where outputs will be used to inform rather than 
replace human judgement. They are most defensi-
ble as an augmentation tool useful for hypothesis 
generation, rapid prototyping and scenario testing, 
and they are least suited to situations involving high 
emotional complexity, culturally specific behaviour 
or underrepresented populations. Embedding be-
havioural economics constructs is feasible where 
the relevant decision environment is sufficiently 
understood, whilst biases can be operationalised 
as structured knowledge libraries that modulate 
how synthetic participants respond across profiles 
and conditions – as our experiment demonstrates. 
The same logic extends to adaptation over time: 
as economic conditions, social norms and digital 
behaviours evolve, static libraries will drift from 
reality. Periodic recalibration against human ref-
erence data is therefore not an optional refinement 
but a structural requirement.

Synthetic participants are increasingly useful 
tools for specific, well-defined tasks when their 
construction is grounded in empirical data, explicit 
psychological theory and transparent calibration 
procedures. The framework proposed in this article 
is offered as a starting point for that kind of respon-
sible deployment: one that treats the limitations of 
synthetic participants as design parameters to be 
managed rather than as obstacles to be minimised.

“Embedding behavioural economics 
constructs is feasible where the relevant 
decision environment is sufficiently 
understood, whilst biases can be 
operationalised as structured knowledge 
libraries that modulate how synthetic 
participants respond.”

Three practical implications stand out for practi-
tioners. First, quantitative calibration against human 
benchmark distributions should be treated as an 
essential check, as distributional fit metrics make 
deviations visible before they influence decisions. 
Second, anchoring synthetic outputs to empirically 
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grounded knowledge bases, through structured 
libraries or retrieval-augmented approaches, can 
reduce the idealisation bias that unconstrained 
generative models exhibit. Third, the question of 
what synthetic participants are actually good for 
should remain at the centre of deployment decisions. 
Used within aforementioned boundaries, they are a 
powerful addition to the behavioural researcher’s 
toolkit; used beyond them, they carry risks that are 
well-documented and avoidable.
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