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Promise, Progress  
and Limits of  

Synthetic Respondents

Marketing teams depend on timely, reliable 
insights into consumer attitudes and pref-
erences. Yet, traditional consumer surveys 

are becoming harder to deploy efficiently: They 
are costly, slow to field and increasingly affected 
by declining response rates. These pressures have 
intensified interest in scalable, low-cost alterna-
tives that can support insight generation when 
time or budgets are tight. Recent advances in large 
language models (LLMs) have introduced one such 
possibility: synthetic sampling, where an LLM is 
asked to answer survey questions “as if” it were 
a consumer with a specified demographic profile. 
This approach creates synthetic datasets from 
virtual respondents – also referred to as silicon 
samples – and is beginning to gain attention in 
professional market research. If accurate, it could 
complement traditional surveys by enabling rapid 
simulations of consumer reactions or early-stage 
concept testing. However, existing evidence is 
mixed, and most validations come from non-mar-
keting domains. An open concern is whether LLMs 
reflect real consumer choices and sentiment and 
realistic variability. We present a study with syn-
thetic respondents, using two different measure-
ment approaches in a realistic marketing funnel 
scenario (Box 1).
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How synthetic respondents performed 
compared to human respondents
Overall, the synthetic responses predicted individ-
ual answers significantly better than chance and 
successfully captured broad trends. However, syn-
thetic data consistently overestimated positive 
attitudes – especially toward well-known brands – 
and showed significantly less variation across 
respondents compared with real participants.

Correct patterns, inflated likelihoods and 
ratings
As expected, real participants were significantly 
more likely to select well-known brands than less-
er-known brands across the brand funnel, and the 
synthetic data correctly reproduced this overall 
pattern. However, the synthetic responses signifi-
cantly overestimated brand selection for well-
known brands (see Figure 1). On average, synthetic 
participants matched real participants’ choices 

„

Synthetic data 
consistently 

overestimated 
positive attitudes and 

showed significantly 
less variation across 

respondents compared 
with real participants.

“

Study focus: consumer 
perceptions of soft drink 
brands
We developed a questionnaire focusing 
on consumer perceptions of soft drink 
brands, a category with high familiarity 
among U.S. consumers. The survey in-
cluded four well-known brands (Coca-Co-
la, Pepsi, Sprite, 7UP) and four substan-
tially less familiar brands (Dry, Moxie, 
Blue Sky, Orangina). This allowed us to 
assess whether synthetic data could 
appropriately differentiate responses to 
widely recognized versus niche brands.

Real data as a benchmark
We collected real survey data from a 
representative U.S. sample and sur-
veyed 461 U.S. consumers who regularly 
purchased soft drinks. The sample was 
recruited online and quota-matched to 
national demographics across age, gen-
der and ethnicity. This real-world dataset 
provided the baseline against which we 
compared the LLM-generated “digital 
twin” responses.

Synthetic sample: digital twins 
created from real demographic 
profiles
To generate synthetic survey responses, we 
created a “digital twin” for each participant 
that mirrored their demographic profile, 
including age, gender, education, occupa-
tion, financial situation, location, ethnicity 
and language. The LLM was then prompt-
ed to answer the same survey questions 
as the real participants, following the 
same logic as for the real consumers. This 
approach allowed us to produce synthetic 
responses that could be directly compared 
with real consumer data across both brand 
choices in the brand funnel and ratings 
of brand attitudes, providing a practical 
test of LLM-based synthetic sampling for 
marketing research. We used GPT-4o, the 
state-of-the-art model at the time of data 
collection, to generate the digital twins and 
their responses via the API with standard 
parameters.

Measurement: brand 
selection and brand attitudes
Real and synthesized participants com-
pleted a series of brand selection ques-
tions covering brand awareness, brand 
consideration and brand purchase. For 
each funnel stage, they selected specific 
brands. For each selected brand, human 
participants and digital twins answered 
four brand attitude questions on 7-point 
Likert scales. These items captured per-
ceptions such as perceived quality and 
likelihood to recommend.

Taking it further: testing an 
alternative method – 
semantic similarity ratings
LLMs are optimized for generating 
natural language rather than discrete 
numerical values. Therefore, we tested 
whether results for Likert scales would 
improve when responses were first 
generated in text form and subsequently 
mapped to a numeric scale via semantic 
similarity rating. 

Comparing responses from real and synthetic respondents using two different approaches
B O X  1
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about 79% of the time, showing that while 
LLM-generated data captures overall patterns, it 
tends to significantly exaggerate consumers’ like-
lihood of selecting brands. A similar pattern 
appeared for brand attitude ratings when the 
model provided direct Likert-scale responses. Real 
participants rated well-known brands higher than 
lesser-known ones, and synthetic data reflected 
this trend. Yet, synthetic ratings were systemati-
cally more positive for both brand types, with the 
largest bias toward well-known brands (see Fig-
ure 2). Overall, on a 7-point Likert scale, synthetic 
answers deviated from real answers by an average 
of 1.2 points.

Lower variability compared to real responses
While capturing average consumer responses is 
important, it’s equally critical for synthetic data to 
reflect the diversity of opinions across individuals. 
Comparing distributions of both brand selections 

and numerical brand attitude ratings generated 
through direct Likert-scale elicitation, we found 
that synthetic responses were significantly less 
variable than real responses, particularly for well-
known brands. Overall, this suggests that LLM-gen-
erated data tends to produce a more uniform pat-
tern of responses compared with the natural diver-
sity observed among human participants.

Semantic similarity ratings improve realism
Comparing the distributions of brand attitude rat-
ings from real respondents, direct Likert-scale elic-
itation and semantic similarity rating for our sur-
vey shows a clear pattern: Semantic similarity rat-
ing produces greater variability than direct Likert 
scale elicitation, indicating improved realism (see 
Figure 3). However, it still overestimates brand 
attitudes and exhibits less variation than real 
respondents. Both synthetic methods underesti-
mate the variability observed in human 

„

Semantic similarity 
rating is an improvement, 

but not a replacement 
for real data.

“

The LLM generates a natural-language 
response to the survey question, aiming 
to replicate the tone and nuance of a 
real consumer statement. For example, 
when asked, “How likely is it that you 
would recommend this company?” the 
model might respond, “Soft drink brand 
X is a solid choice, so I’d likely recom-
mend it.” Each Likert score is represent-
ed by a set of reference statements, 
also generated by the model, to capture 
diverse linguistic expressions for that 
level of intent. For instance, a score of 5 
on a 7-point Likert scale might include 
statements such as “I’d probably rec-
ommend this company, though I’m not 
entirely convinced.”
To map the response to the scale, 
semantic similarity is computed be-
tween the generated answer and each 
reference statement set using text 
embeddings, and the Likert-scale score 
with the highest similarity is selected 
as the final rating.
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Comparison of brand selection results across types of brands between 
data from real and synthetic respondents
F I G U R E  1

Comparison of brand attitudes across types of brands between data 
from real and synthetic respondents
F I G U R E  2

responses, though semantic similarity rating 
shows partial improvement compared to direct 
Likert scale elicitation. In short, semantic similarity 
rating is an improvement, but not a replacement 
for real data.

Implications for market research: where 
synthetic data fits today

This study examined how well LLMs can simulate 
human survey responses using personalized “digi-
tal twins,” highlighting both their potential and 
current limitations for market research. LLMs tend 

to overgeneralize or default to socially desirable 
responses, limiting their ability to reflect the 
nuance and diversity of real consumer opinions. As 
a result, synthetic survey data may currently be 
most suitable for early-stage concept testing or 
lower-stakes applications, rather than decisions 
requiring precise insights.

Looking ahead: improving synthetic survey 
accuracy

However, LLMs are advancing quickly, and new 
methods are emerging to address key limitations 
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in synthetic survey data. One promising direction is 
better answer-elicitation techniques, such as using 
the semantic similarity rating we present in Box 1, 
where the model generates a natural language 
response that is later mapped to a Likert scale. This 
plays to the model’s strength in text generation 
and can produce more human-like judgments. Fur-
ther improvements may come from incorporating 
richer individual-level information, such as psycho-
logical traits or behavioral patterns, and integrat-
ing external context like product reviews or eco-
nomic indicators, using retrieval-augmented gen-
eration (RAG). Together, these advancements 
could make synthetic data more realistic and rep-
resentative of real consumer attitudes.

Balancing efficiency with ethics

For marketers, AI offers exciting possibilities: It can 
streamline research processes, reduce costs and 
quickly generate large datasets. Yet caution is 
needed, as biases and overgeneralizations can 
skew results and potentially mislead strategy. For 
consumers, AI could enable more agile, responsive 
marketing, but oversimplification of preferences 
risks producing less personalized or even irrelevant 
offerings. For society, widespread reliance on AI in 
market research raises ethical concerns, including 
the reinforcement of stereotypes, marginalization 
of minority viewpoints and potential disruption of 
traditional research roles. Careful oversight and 
new skill sets will be needed to ensure AI contrib-
utes responsibly to market insights without ampli-
fying bias or inequality.
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„

Synthetic survey data 
may currently be most 

suitable for early-stage 
concept testing or lower-

stakes applications, 
rather than decisions 

requiring precise insights.

“

Brand attitude distributions, comparing real responses with synthetic data 
generated via direct Likert-scale elicitation and semantic similarity rating
F I G U R E  3
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