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Title: 

AI Simulations of Audience Attitudes and Policy Preferences: “Silicon Sampling” Guidance 

for Communications Practitioners 

Abstract 

This working paper reviews and translates a broad array of academic research on "silicon 

sampling"—using Large Language Models (LLMs) to simulate public opinion—and offers 

guidance for practitioners, particularly those in communications and media industries, 

conducting message testing and exploratory audience-feedback research. Findings show 

LLMs are effective complements for preliminary tasks like refining surveys but are generally 

not reliable substitutes for human respondents, especially in policy settings. The models 

struggle to capture nuanced opinions and often stereotype groups due to training data bias 

and internal safety filters. Therefore, the most prudent approach is a hybrid pipeline that 

uses AI to improve research design while maintaining human samples as the gold standard 

for data. As the technology evolves, practitioners must remain vigilant about these core 

limitations. Responsible deployment requires transparency and robust validation of AI 

findings against human benchmarks. Based on the translational literature review we 

perform here, we offer a decision framework that can guide research integrity while 

leveraging the benefits of AI. 
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Introduction 

As the capabilities of large language models (LLMs), such as OpenAI’s ChatGPT, 

Google’s Gemini, and Anthropic’s Claude, have improved, many professionals have begun 

experimenting with leveraging generative AI technologies as a test bed for scoping 

potential audience/public response. Public relations, advocacy, and communications 

practitioners have begun experimenting with using LLMs throughout the survey pipeline, 

using them for everything from synthetic focus groups and pilots to pre-testing framings and 

simulation machines of the general public and its policy preferences. Figuring out how to 

appropriately apply LLMs in the survey pipeline can be a daunting task, especially because 

the technological landscape is evolving so rapidly and LLMs can complete most 

survey-related tasks cheaply and quickly. In this paper, we argue that just because LLMs 

can complete most survey-related tasks does not mean they should. In fact, we explicitly 

caution against using LLMs as substitutes for human respondents during survey 

administration, or “silicon sampling,” due to a number of limitations in current models. While 

pure substitution may not be appropriate, we do highlight other steps in the survey pipeline 

where LLMs can be used in exploratory ways as complements, so long as practitioners 

consider a number of factors that can influence LLM output. We also walk through which 

subdomains under the umbrella of “public opinion” that LLMs may be best suited for. 

In this paper, we first walk through the classical survey pipeline, from design to 

administration to analysis, and explore what types of tasks LLMs are well-suited for within 

that pipeline. We then walk through how LLM design decisions and user prompting impact 

LLM outputs. Lastly, we provide a set of questions, visualized in Figure 1, that practitioners 

can use to guide their design process and evaluate their own work, as well as others’ work 

in this space. Given that this is an emerging area of practice, we seek to point to strategies 

that have analytical validity and may have efficacy, as well to provide cautionary guidance 

where appropriate. 

To develop these guidelines, we reviewed findings from about 30 academic papers, 

particularly focusing on well-cited pieces of literature in the space, which are summarized in 
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Table 2. We searched databases such as Google Scholar using the keywords “silicon 

sampling” and related terms. We prioritized recent studies that captured newer trends 

among LLM development and that explicitly performed an experiment to evaluate LLMs as 

human substitutes. We supplemented these articles with highly-cited, more general works 

about LLMs, focusing, when possible, on literature directly published by AI companies. We 

also relied on additional, more general papers throughout this review, but only papers that 

conducted an experiment explicitly evaluating LLMs in contexts related to silicon sampling 

were included in Table 2. 

While this paper provides general guidance for practitioners, it has notable 

limitations. First, LLMs continue to develop and improve across a variety of areas and 

benchmarks, so our literature review and recommendations represent a point in time. 

Second, much of our guidance presumes users will not have large engineering teams to 

tune and test highly customized models, meaning that we are focused mostly on using the 

models “as is,” without significant modifications. 

Where (or Where Not) to Incorporate LLMs in a Survey Workflow  

LLMs as Survey Designers  

LLMs can serve as a helpful starting point for practitioners when designing surveys across 

domains. At their most basic, LLMs can be used to edit human-written survey questions, 

either by proofreading initial drafts of questions or providing guidance on wording. 

Practitioners can simply prompt LLMs with drafts of questions and a description of the goal 

of the survey and get feedback in a conversational way [1]. LLMs as editors have been 

helpful in other domains, such as scientific writing [2], and can help survey designers catch 

errors or tighten up ambiguous question or answer phrasing. Successes in non-survey 

domains can be extended to this use case, as certain models have shown an ability to 

identify key components of survey questions and provide constructive feedback on their 

phrasing [3]. Anecdotally LLM-generated feedback on survey vagueness has been 
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consistent with accepted academic practices, and LLMs may be able to identify ambiguous 

or leading answer choices [4]. 

When prompting LLMs for feedback, practitioners should be aware of known biases 

and tendencies within AI models. LLMs have been known to display sycophantic behaviors, 

like excessively agreeing with or flattering users [5]. To get the maximum value out of LLMs 

at this stage, practitioners should actively try to use objective statements in prompts or 

explicitly prompt for critiques by asking things like “Why might this question be difficult for 

survey takers to understand?” Practitioners can also ask questions like “What is the point of 

this question?” to explore if the question is effectively conveying what the practitioner 

hopes. 

Although an LLM’s ability to write effective survey questions has not been studied 

systematically, there are a number of ways practitioners can leverage LLMs during the 

question writing process, so long as they sanity check the outputs. For very early stage 

exploratory tasks in consumer product research, such as A/B message testing, LLMs can 

be used to get signals on a potential product or service. LLMs seem to be able to give at 

least some basic insights on the magnitude and direction of human preferences in 

consumer product settings [6]. LLMs are also able to summarize information that is likely 

established in their pretraining dataset [7], [8], so practitioners could prompt LLMs to 

summarize existing digitized survey data if they believe the survey is in the LLM’s training 

dataset. Guidance for thinking through this can be found in later sections. These initial 

LLM-provided signals or summaries can be good starting points for resource-constrained 

practitioners when deciding on which areas to focus on or questions to prioritize. 

LLMs may also be helpful in adapting questions written for one cultural context or 

language to another [9], and LLMs in this role have shown promise. One study found that 

GPT-4 was able to generate questions from English to German as well as conventional 

translation methods [10]. Another study found that human survey takers found 

LLM-adopted questions across cultural contexts were slightly clearer and less biased than 

traditional questions [9]. More generally, research has shown that LLMs can highlight 
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phrases that may be interpreted differently by different cultures [3]. Preemptively identifying 

confusing phrases can save practitioners valuable time and money during later stages of 

the survey process. 

LLMs as Pilot-Testers  

Related to using LLMs as survey designers, practitioners can also use LLMs as 

exploratory pilot-testers to finalize their surveys and save time and money in early-stage 

iteration. The effectiveness of this may depend on what domain practitioners are interested 

in. For reasons that will be outlined in the section “LLMs as Survey Takers,” pilot-testing will 

likely be more effective (although not guaranteed and still requiring human validation) on 

non-controversial, non-political topics where practitioners can count on some priors 

(reasonably well formed beliefs) already within the distribution of public opinion.  

To conduct meaningful pilot-tests, practitioners can instruct LLMs to take on different 

personas with different attributes and then practitioners can administer their survey to the 

LLM-personas. There are, to our knowledge, no well-defined guidelines yet on how to 

decide how many, or which, personas to include or how to prompt for them. Discussions in 

later sections will help practitioners understand how (or how not) to conduct persona-based 

pilot-testing; but at a high level, practitioners should keep in mind that many models 

struggle to accurately represent specific groups. Practitioners should also keep in mind that 

if they administer pilot-testing surveys to an LLM with no additional demographic details, 

the LLM will give answers that reflect its default settings, which in many cases are biased 

toward, for example, certain US viewpoints. 

In general, this process can generate a cost- and time-efficient initial data set that 

practitioners can analyze to assess their initial hypotheses before running full-scale human 

surveys [11]. Specifically, initial data could help practitioners understand which 

sub-populations to focus on when running the survey for humans [4] or which questions 

have low consensus and thus should be prioritized. In keeping with general survey best 

practices, practitioners should ensure their pilot-test questions meet a minimum standard of 
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accepted quality (e.g., they do not have middle options, “I don’t know” as an answer choice, 

or asymmetrically worded answer choices). This is especially important when pilot-testing 

with LLMs because LLMs do not answer biased questions in the same way humans do [12] 

and so pilot-tested results from biased questions can be misleading for practitioners. The 

intention at this stage is not to generate a finalized dataset, but rather simply to refine 

potentially confusing survey questions and prioritize which questions to ask and which 

audiences to target. 

LLMs as Survey Takers 

​ Despite these many caveats about pilot-testing, it may be tempting to use LLMs as 

full-on substitutes for humans in survey research, especially as representative surveys 

become harder to conduct. While some research has highlighted the potential of LLMs in 

this role [13], the research literature to date suggests caution in terms of using LLMs as 

pure human substitutes, especially for topics where practitioners expect there to be high 

variance among human answers (divisive topics), for political topics, or for topics that 

involve multiple levels of thinking. 

The evidence suggests that any research that aims to use LLMs as human 

substitutes should leverage expert validation before relying on LLM-simulated opinions, 

especially for making consequential decisions involving public communications, product 

rollouts, policy framing, or other real-world media or messaging tasks. Although similar in 

appearance, pilot-testing should not be mistaken for real audience data and cannot support 

firm conclusions. 

Inaccurate Distribution of Answers 

LLMs are unreliable as human substitutes because many models consistently fail to 

accurately capture the distribution of human responses across certain topics [7], [14], [15], 

[16], [17], [18], generally presenting a narrower range of opinions than can be found in real 

data [6], [19], [20], [21]. Many models tend to collapse opinion differences across divisive 

topics, like race or religion [21], but do not collapse opinion differences for common current 
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political topics (e.g., gun rights, immigration, transgender rights, abortion, etc.). In fact, 

various research papers have actually shown that certain models tend to overemphasize 

the ideological differences for such topics and present political groups as more polarized 

than they are in practice [7], [21], [22]. This somewhat inconsistent distribution collapse or 

expansion makes it difficult to rely on LLMs for capturing the full range of public opinion 

across topics and thus limits the usefulness of LLMS as human substitutes. 

When using LLMs for pilot-testing, practitioners should avoid political and divisive 

topics, where these distribution problems are most pronounced. For all pilot-testing, 

validate LLM outputs against non-LLM sources. When creating personas, be particularly 

cautious about including political attributes, as some research shows this dramatically 

alters LLM responses in unpredictable ways [21]. 

Stereotyping Certain Groups 

​ Not only do LLMs fail to capture the full range of human opinion, some models also 

tend to perform particularly poorly, either exaggerating differences for the group or failing to 

capture within-group variation, for Independents [17], non-Hispanic Black Americans [23], 

[24], conservatives, nonbinary individuals, and people of Middle-Eastern or Hispanic 

background [24]. Other research has found that when prompted to consider a certain 

country’s perspective, responses from tested models do shift but in a way that may reflect 

cultural stereotypes rather than a nuanced understanding of the population of interest [25]. 

Additionally, when querying in non-English languages, answers from certain models do not 

necessarily reflect the opinions of the non-English language speakers [25]. Some research 

suggests that certain models cannot predict the opinions of any demographic group 

consistently [6]. If this is true, it makes using LLMs to gauge opinions of different 

sociodemographic groups particularly unreliable, as we would not even be able to 

anticipate where errors may arise. As previously mentioned, practitioners trying to build 

personas for early stage-pilot testing should keep this stereotyping in mind and think of the 

early-stage data as providing directional signals at best. Practitioners should always sanity 

check the outputs with non-LLM data. 
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Non-Human Cognitive Patterns 

​ While we may anthropomorphize LLMs, they have not been shown to actually mimic 

human behavior or reasoning. Tested LLMs don’t make the same errors as humans - they 

fail to mimic meta-cognitive signals like uncertainty, fatigue, or emotional response during 

certain tasks [26] and avoid cognitive errors that are expected of humans on certain 

psychological tasks [27]. Some tested models are more goal-directed, showing less 

exploratory behaviors relative to humans when browsing websites [26]. They also tend to 

be hyper-accurate, giving perfect estimates for obscure quantities [7], [28], such as the 

melting temperature of aluminum, despite the fact that humans are unlikely to know such 

information. These non-human attributes mean LLMs cannot be relied on to capture public 

opinion in domains where practitioners expect there should be public uncertainty, like 

science, or where human reasoning processes are of interest to the practitioner. 

Augmenting LLMs & Future Techniques to Monitor 

Although there is not yet a clear consensus, two emerging techniques, fine-tuning 

and Retrieval-Augmented-Generation (RAG), may make LLMs more effective as human 

substitutes in the future. Fine-tuning may allow practitioners to extend survey findings to 

new subpopulations or domains, while RAG could increase the reliability of LLMs by 

grounding responses in a specific corpus. Both techniques require additional, external 

datasets, so they may only be helpful in situations where the workflow bottleneck is not 

collecting human samples but rather extending or analyzing existing human survey data. 

Fine-tuning involves taking a trained model and using new, labeled data to calibrate 

the model further for a specified task1. Typically, fine-tuning involves actually changing 

weights on open-sourced models. OpenAI, which has primarily closed-source models, does 

offer an abstracted ability to fine-tune models. RAG involves supplementing LLMs’ 

knowledge base with internet access of a new external database, which does not 

necessarily need to be labeled. When prompted, LLMs will supplement the provided prompt 

1 Fine-tuning is different from few-shot prompting - providing examples of desired “call” and 
‘responses’ to LLMs in their context windows, which will be discussed more later.  
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with information gained from a search of the provided external database. In general, this 

process may help models overcome limitations for knowledge-intensive tasks [8].  

Among the limited published papers on fine-tuning so far, outcomes have been 

generally positive, with a few negative studies mixed in. One study found that fine-tuning 

certain models with additional public opinion survey data help the models better generalize 

opinions for unseen populations, question waves, and topics [29]. Another found that 

fine-tuning LLMs on behavioral data substantially improved their ability to generate 

human-like actions in simulated online shopping tasks [30]. There have been even fewer 

studies, to date, about using RAG techniques to supplement silicon sampling. One study 

did find that incorporating RAG improved the accuracy of simulated political opinions [8]. 

Another study, however, found that significant differences between human and tested 

model performance on economic games persisted despite fine-tuning and RAG [31]. 

Findings for these techniques are mixed, and both techniques are more resource-intensive 

than out-of-the-box use, making them impractical for many practitioners. We recommend 

waiting for more research to come out on fine-tuning and RAG for silicon sampling 

purposes, before using either technique for extending or analyzing human survey data. 

LLMs as Survey Interpreters 

LLMs may be helpful when analyzing human survey data after collection, at least for 

certain types of data. One potential use case is having LLMs annotate or classify existing 

open-ended data to simplify later analysis tasks for humans. So far, there have been mixed 

results on this front. Some studies have shown LLMs can do such tasks accurately [32], 

while others have shown models struggle with text-processing tasks [33] or perform barely 

better than random guessing at classification style tasks [34]. Practitioners who use LLMs 

in this way should validate the outputs. Practitioners should be hesitant using LLMs to 

identify or explain causal relationships in data through prompting methods alone have 

yielded mixed results [49] and unexpected failure modes [50].  

In general, practitioners should be cautious about privacy considerations when 

sharing human survey data with LLMs, especially when using interfaces such as ChatGPT 
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and especially when survey data contains personally identifiable information (PII) or 

sensitive responses. If practitioners have serious privacy concerns, they will need to deploy 

open-source models on their personal servers, although this requires significant additional 

resources and may not be feasible for many practitioners. 

How (or How Not) to Incorporate LLMs in a Survey Workflow 

After practitioners have decided where they would like to insert an LLM into their 

survey workflow, they then have to figure out exactly how to go about doing that. There are 

three main open questions at this stage (1) Which model to use? (2) How to adapt it and 

prompt it such that it can complete the task? and (3) How to interpret or validate the 

outputs? We explore these questions below. 

Model Selection 

It may be tempting to think of each model version, from each AI company, as 

relatively interchangeable – settling for the first model you try, or just using the one with the 

best name recognition. In reality, different design decisions mean that LLMs perform very 

differently across discrete tasks. Therefore, we recommend understanding key components 

of model design and how different designs impact downstream LLM outputs. With this basic 

understanding, practitioners should have the starting knowledge and vocabulary to 

navigate effectively the evolving LLM landscape. Even if practitioners do not have flexibility 

in which model to use, due to cost considerations or other constraints, a basic 

understanding of model decisions will still give practitioners a competitive edge in 

interpreting and utilizing LLM outputs. 

The following section discusses different model attributes to consider when choosing 

a model. Figure 1 summarizes the design characteristics of models made available by 

OpenAI, Anthropic, Meta, Google, and Mistral AI. Figure 1 also includes references to 

academic studies that referenced each model. Table 2 provides high-level summaries of 

each academic paper. Due to the rapid evolution of the space and the relative lag of 

academic publishing, models in Figure 1 are no longer state-of-the-art. We still include 
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Figure 1 and Table 2 to help practitioners understand what types of experiments have 

been conducted. With that being said, practitioners should be cautious not to overextend 

the cited experiments. Various research papers have suggested that results can vary 

across combinations of topic, model, and model-checkpoint. Some research has even 

suggested that the same model can produce different results at different points in time [7]. 

Therefore, as a general rule of thumb, it is always recommended to start the model 

selection process by performing simple benchmarking and project-specific tasks [15].
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Figure 1: A visual summary of academic research for a select number of mod-
els. Each circle within the model boundary represents a cited paper that in-
cluded that model. The color of each circle represents the domain — Politics &
Law, Economics & Consumer Behavior, Psychology & Human Behavior, Social
Media & Online Behavior, Science — of the paper; papers that covered multi-
ple domains are represented with multiple colors. The borders of each model
represent the estimated model size. Size classifications are based on estimated
numbers of parameters and break down as follows: Small ( 10B), Medium
(> 10B, 100B), Big (> 100B, 1T ), and Large (> 1T ).



 

Model Size (Parameters) 

​ Model size refers to the number of “parameters” or “weights” within a given model. In 

general, larger models – those with more than a few billion parameters – generally tend to 

be more accurate and versatile than smaller models [38], as they may be able to retain 

more knowledge from training data than models with fewer parameters (and therefore 

perform better on tasks where the factual knowledge needed is in their training data set 

[39].) Although it is not recommended to use either large or small models as human 

substitutes for survey responses – it is strongly recommended to avoid using small (< 10B 

parameters) models for this task and certain complementary tasks. Small models struggle 

to follow lengthy, multi-step instructions [40], fail to illuminate opinion differences between 

sociodemographic groups [33], and, when presented with multiple-choice survey style 

questions, tend to select answers labeled “A” [19]. Although larger language models offer 

benefits, such models also tend to be more costly, energy-intensive, and slower to run. 

Model Alignment 

​ Model alignment refers to the methods, such as Reinforcement Learning from 

Human Feedback (RLHF) [41] or Constitutional AI [42], undertaken by companies to 

ensure that models align with human values, goals, and preferences. While the specific 

alignment methods used vary across companies and models, a general goal is to produce 

harmless LLMs. While a noble goal for broader LLM use, this harmless alignment may 

have undesirable consequences for silicon sampling – such as refusal to perform a certain 

task or inhabit certain viewpoints [15]. Additionally, aligned LLMs have exhibited a tendency 

to provide innocuous answers for certain sensitive topics, even when being prompted with 

demographic information that, in reality, should alter the expressed opinion [17], and 

aligned models may be less likely to produce negative responses compared to base 

models [15], [18]. 

As previously alluded to, a crucial takeaway is that model alignment impacts the 

distribution of LLM outputs, typically narrowing or altering the range of opinions expressed 
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in a way that does not accurately reflect general human opinion. Some research has 

hypothesized that aligned models may better represent training data or 

scientists than the general public. As a result, models may present the illusion of 

consensus where, in reality, public opinion is more nuanced, such as on issues of climate 

change [23] or misrepresent public opinions on topics such as recent Supreme Court 

rulings [37]. 

As previously mentioned, in order to maximize the efficacy of using LLMs as human 

surrogates, it is important to understand, at least at a high level, what each AI company 

focuses on during alignment and how that may impact downstream tasks. However, the 

exact alignment procedures used for each model are not publicized. Below, in Table 1, we 

provide starting references for each major AI Company’s stated alignment processes. 

AI Company Alignment Procedures 

OpenAI (ChatGPT) InstructGPT, Reinforcement Learning from 
Human Feedback 

Anthropic (Claude) Constitutional AI, Reinforcement Learning 
from AI Feedback 

Google DeepMind (Gemini) Reinforcement Learning from Human 
Feedback, Recursive Reward Modeling, 
Debate 

Meta (LLaMa) Supervised Fine-Tuning, Rejection Samplin
Direct Preference Optimization,  

Table 1: References, where possible, to the stated alignment procedures of four major A
companies 

Training Data 

​ Practitioners should try to consider the scope - particularly the temporal scope2 - of 

the training dataset used by models. Knowing the model's cutoff date is essential for 

2 After the model has been trained, there is a cutoff date such that no new information is included in the 
models pretraining data.  
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understanding which events the model has prior data on. Research has shown that LLMs 

do a poor job extending the knowledge in their training, especially for policy issues where 

models tend to overgeneralize their understanding of ideological differences to new policy 

issues outside their temporal scope [22].  

​ In addition to thinking through what is temporally relevant, practitioners should think 

about what types of data may be present and how that will impact the LLMs ability to 

provide accurate answers on certain topics. Although no company has made its exact 

training datasets available, general knowledge of training datasets and ongoing research 

has highlighted a few trends. Whether it is because of the training data or some other 

model design specification, many language models have been shown to have default 

settings that do not represent the general public. The default settings of many models 

appear to reflect publics in the United States [7] or European or South America countries 

[25]. Some iterations of ChatGPT in particular have shown a pro-environmental, 

left-libertarianism default [35]. Many of the stereotypes and misrepresentations discussed 

previously may be because of skewed training data, so practitioners should consider 

whether or not their use case is likely to fall within the scope of an LLM’s training corpora 

before relying on LLMs for assistance. 

Reasoning vs. Non-Reasoning Models 

Relatively new to the LLM scene are “reasoning models” or models that are 

specialized to answer questions that require complex, multi-step reasoning, such as math 

proofs, complex decision making, and chain-of-thought reasoning [43]. Reasoning models 

are typically more costly than non-reasoning models, and there has been some research 

indicating that “reasoning” models display limited ability to execute generalizable reasoning 

and experience accuracy collapse once problems get too complex [44]. As previously 

mentioned, research has shown that LLM reasoning is not akin to human reasoning. 

Because current silicon sampling involves direct prompting for opinion, rather than complex 

problem-solving, non-reasoning models are likely sufficient for most practitioners’ purposes. 
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Model Specifications 

​ Even after practitioners have selected a model, there are still decisions to make - the 

most important being how to prompt the model efficiently. In general, with many knobs to 

turn and a rapidly evolving landscape, we recommend that practitioners keep detailed 

records of what model, model version, model temperature, and prompt practitioners used 

and on what date they accessed the model. 

Prompt Engineering 

​ Various research [6], [21], [31], [33] suggests that small variations in prompt wording, 

as well as choosing to include or exclude certain demographic information, can lead to 

large, sometimes unexpected variations in LLM output. With that in mind, perhaps the best 

advice is to experiment with different prompts to ensure that results are as robust as 

possible. One concrete thing to keep in mind is the size of the context window3. 

Practitioners should ensure that relevant instructions fall inside the context window of the 

model they are using.  

Another decision practitioners must make when it comes to prompting is whether 

they will be doing “zero-shot” or “few-shot” prompting. In zero-shot prompting, no examples 

are provided to the LLM. In few-shot prompting, practitioners give LLMs examples of 

queries and expected responses. While few-shot prompting may be helpful to help models 

understand appropriate formatting for examples or learn more about a given task, some 

research has shown that LLMs tend to over-attend to examples provided [31], meaning 

few-shot prompting may have undesired consequences and lead to a narrowing of 

expected outputs around provided examples. Perhaps the best advice is to experiment with 

different prompt phrasings to ensure prompts are robust and experiment with including or 

excluding certain information to understand how it may influence the outcomes. 

3 The number of tokens that a model can accept as its input prompt 
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Model Temperature 

A less important parameter that practitioners should have awareness of is model 

temperature. Temperature is a tunable LLM parameter (typically in the settings) meant to 

control the randomness of an LLM’s output. Theoretically, low temperatures make LLM 

outputs more deterministic, leading to more repetitive, less diverse, output. High 

temperatures, theoretically, therefore lead to more “creative” and unconventional outputs. 

That being said, research suggests that in practice the connection between “creativity” and 

temperature is weak [45], and that “higher” or more notionally creative temperatures lead to 

less accuracy and incoherent text [46]. Though practitioners may see much written about 

temperature, it is best to avoid relying too heavily on it as a parameter of interest in current 

LLM iterations. 

Unreliable Self-Explanations 

Finally, an important thing to keep in mind when using LLMs is that their 

self-explanations, although seemingly helpful, especially for survey research, do not 

actually reflect the actual reasoning process of the model [47]. Practitioners should be wary 

of relying heavily on these self-reported explanations throughout other stages of the survey 

research pipeline as well.  

Practitioner’s Decision Tree Guidance 

Taking all of these insights together, we summarize results and operationalize them 

as practical guidance for practitioners: Figure 2 provides a summary of what types of 

questions practitioners should consider when incorporating LLMs into survey workflows. 

The multiple-step decision process recommended here can, we hope, provide practitioners 

with more careful guidance, weighing the risks and opportunities associated with using 

generative AI models to make estimates about potential audience responses and public 

opinion, whether attitudes, preferences, or intended behaviors. 
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Figure 2: A decision tree with questions practitioners should ask themselves
at each step of the LLM-integration process for survey research.



 

Conclusion 

The new world of LLMs is filled with promises about what the technology can do. 

Certainly, there are new capabilities available now that were not available a few years ago. 

Still, as this field evolves it is important for practitioners to stay current, as new frontier 

models offer new capabilities. 

For communications professionals, research into using AI for opinion research offers 

a clear takeaway: these tools are powerful supplements, but not substitutes, for human 

respondents. LLMs excel in the early stages of research—they are great for pre-testing 

surveys, refining question wording, and exploring initial messaging concepts. However, 

they are not yet reliable for capturing or estimating theoretical public opinion on their own. 

Current models consistently struggle to reflect the full diversity of human thought. They 

tend to stereotype certain demographic groups, and their reasoning processes are 

fundamentally different from that of humans. Safety filters potentially deepen these 

problems by narrowing response options; inherent biases in model training data means an 

LLM may not be able to represent the audiences you need to understand. 

Therefore, the most effective approach is to use LLMs to strengthen survey design 

while relying on human samples as the gold standard for final data. Certainly, using LLMs 

as a kind “red team” or catalyst for internal scenario planning may be useful. But the 

outputs may not be anywhere close to scientific, potentially leading practitioners astray. As 

AI technology evolves, practitioners must remain vigilant about these core challenges, 

especially the tendency for models to oversimplify complex opinions or misrepresent 

marginalized voices. To use these tools responsibly, the best advice is to maintain 

transparency about one’s methods and build in robust processes to validate AI findings 

against real human feedback. By treating LLMs as powerful but imperfect assistants that 

enhance—rather than replace—human insight, communications and media professionals 

doing message and product testing can leverage their benefits while protecting the integrity 

of one’s practical research. 
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Title Ref Method Domain Dataset Task For-
mat

Results

AgentA/B Auto-
mated and Scalable
Web A/B Testing
and Interactive LLM
Agents

[26] Zero-Shot
Prompting
with Demo-
graphics

Social Media
& Online
Behavior

Custom
Collected
Dataset

Predicting
next web
action

Positive - Humans and AI
Agents showed similar outcomes
when using websites, but both
took di↵erent paths to get there
- with humans more exploratory
and the AI Agents more goal-
directed

Artificially Intelli-
gent Opinion Polling

[32] Zero-Shot
Prompting

Politics &
Law (US)

Custom
Collected
Dataset

Classification,
Social Media
Data

Mixed - Models tested were
better suited annotating exist-
ing, unstructured sample data.
Lack of explainability makes
LLMs unsuitable for silicon
sampling

Balancing Large
Language Alignment
and Algorithmic Fi-
delity in Social Sci-
ence Research

[15] Zero-Shot
Prompting
with Demo-
graphics

Politics &
Law (US)

Existing
Academic
Study

Open-Ended Mixed - Significant variations
in performance across model
family, prompt, and research
objectives. Alignment processes
heavily impact model ability
to complete tasks related to in-
group/out-group sentiment

Better Aligned with
Survey Respondents
or Training Data?
Unveiling Political
Leanings of LLMs on
U.S. Supreme Court
Cases

[37] Zero-Shot
Prompting

Politics &
Law (US)

SCOPE Multiple
Choice

Negative - Tested models ex-
hibited strong alignment with
training corpora but did not
align with human opinions re-
garding the Supreme Court

Beyond Believabil-
ity: Accurate Human
Behavior Simula-
tion with Fine-Tuned
LLMs

[30] Few-Shot
Prompting,
Fine-Tuning

Economics
& Consumer
Behavior

Custom
Collected
Dataset

Predicting
next web
action

Positive - Incorporating
domain-specific, context-aware
human behavioral data via fine-
tuning improved accuracy for
online shopping behavioral sim-
ulations

Can AI Language
Models replace hu-
man participants?

[36] Few-Shot
Prompting

Psychology
& Human
Behavior

Existing
Academic
Study

Likert-Style Positive - Strong alignment be-
tween GPT models and human
moral judgments

Can Large Lan-
guage Models Cap-
ture Public Opinion
about Global Warm-
ing? An Empirical
Assessment of Algo-
rithmic Fidelity and
Bias

[23] Zero-Shot
Prompting
with De-
mograph-
ics & Issue-
Related Co-
variates

Science Custom
Collected
Dataset

Multiple
Choice

Mixed - Including demographic
and issue-related covariates sig-
nificantly enhances model accu-
racy when probing global warm-
ing; models performed poorly
for non-Hispanic Black Ameri-
cans

CoMPosT: Charac-
terizing and Evalu-
ating Caricature in
LLM Simulations

[24] Zero-Shot
Prompting
with Demo-
graphics

Politics &
Law (US),
Psychology
& Human
Behavior

Custom
Collected
Dataset

Open-
Ended,
Question-
Answering
Interview

Negative - GPT models failed
to capture multidimensionality
of certain groups and perpetu-
ated stereotypes

Continued on next page
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Table 3 Continued from previous page
Title Ref Method Domain Dataset Task For-

mat
Results

Diminished
Diversity-of-Thought
in a Standard Lan-
guage Model

[16] Zero-Shot
Prompting,
Zero-Shot
Prompting
with Demo-
graphics

Politics &
Law (US),
Economics
& Consumer
Behavior,
Psychology
& Human
Behavior

Existing
Academic
Study

Multiple
Choice,
Open-Ended

Negative - LLMs were only
able to replicate about a third
of the original findings and
gave uniform answers for cer-
tain questions where humans
had high variation (a “correct
answer” e↵ect) and were very
sensitive to changes in order an-
swers

Do LLMs Exhibit
Human-like Re-
sponse Biases? A
Case Study in Sur-
vey Design

[12] Zero-Shot
Prompting

Politics &
Law (US)

Existing
Academic
Study

Multiple
Choice

Negative - Tested models do
not exhibit human-like behavior
across a range of biased ques-
tions

Human-Like Intu-
itive Behavior and
Reasoning Biases
emerged in Large
Language Models
but disappeared in
ChatGPT

[27] Zero-Shot
Prompting

Psychology
& Human
Behavior

Custom
Collected
Dataset

Semantic
Illusion and
Cognitive
Reasoning
Tests

Mixed - Tested GPT models
outperform humans on these
psychological tasks, avoiding
the cognitive traps embedded in
the tasks, unlike earlier models
which fall for the traps

Ideology and Pol-
icy Preferences in
Synthetic Data: The
Potential of LLMs
for Public Opinion
Analysis

[7] Zero-Shot
Prompting,
Zero-Shot
Prompting
with Demo-
graphics

Politics &
Law (South
Korea)

Existing
Academic
Study

Multiple
Choice

Mixed - Tested LLMs can
replicate key survey patterns,
including demographic and ide-
ological patterns, but also tend
to overemphasize ideological dif-
ferences on contentious issues

Language Model
Fine-Tuning on
Scaled Survey Data
for Predicting Dis-
tributions of Public
Opinions

[29] Zero-Shot
Prompting
with Demo-
graphics,
Few-Shot
Prompting
with Demo-
graphics,
Fine-Tuning

Politics &
Law, Science

General So-
cial Survey
(2022)

Multiple
Choice

Positive - Fine-tuning LLMs
with public opinion survey data
improves their ability to predict
human response distributions
and generalize to unseen pop-
ulations, question waves, and
topics

Large Language
Models as Simulated
Economic Agents:
What can We Learn
from Homo Silicus?

[48] Zero-Shot
Prompting

Economics
& Consumer
Behavior

Existing
Academic
Research

Likert-Style,
Multiple
Choice

Positive - Tested GPT models
were able to recover findings
from experiments with actual
humans relatively cheaply

Machine Bias. How
Do Generative Lan-
guage Models An-
swer Opinion Polls?

[14] Zero-Shot
Prompting
with Demo-
graphics

Politics &
Law (Mul-
tiple Coun-
tries)

World Val-
ues Survey

Multiple
Choice

Negative - Tested models can-
not replace research subjects
for opinion/attitudinal research
and have a ‘machine bias’ that
randomly varies across topics

On LLM Augmented
AB Experimentation

[34] Zero-Shot
Prompting,
Few-Shot
Prompting,
Fine-Tuning

Social Media
& Online
Behavior

Existing
Academic
Research

A/B Testing Mixed - In certain situations,
models perform only slightly
higher than random guessing.
The most promising method
involved fine-tuning LLMs to
produce engaging headlines and
then using the fine-tuned LLM
for ratings

Continued on next page
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Title Ref Method Domain Dataset Task For-

mat
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Out of One, Many:
Using Language
Models to Simulate
Human Samples

[13] Zero-Shot
Prompting
with Demo-
graphics

Politics &
Law (US)

ANES
(2016/2020),
Existing
Academic
Study

Open-
Ended, Mul-
tiple Choice

Positive - Tested GPT mod-
els showed similarity with hu-
man samples that was deeper
than surface level, capturing
nuanced, multifaceted human
opinions

Questioning the
Survey Responses
of Large Language
Models

[19] Zero-Shot
Prompting

Politics &
Law (US)

American
Commu-
nity Survey
(2019)

Multiple
Choice

Negative - Tested models are
biased towards selecting an-
swers labeled with letter ‘A’
and, when adjusting for this
bias, trend toward uniformly
random survey responses

Random Silicon
Sample: Simulat-
ing Human Sub-
Population Opinion
Using Large Lan-
guage Model Based
on Group-Level De-
mographic Informa-
tion

[17] Zero-Shot
Prompting
with Demo-
graphics

Politics &
Law (US)

ANES
(2020)

Multiple
Choice

Mixed - Tested models can
replicate responses similar
to U.S. public opinion polls;
replicability depends on de-
mographic group and topic.
Models also show bias towards
‘harmless’ responses when dis-
cussing sensitive topics

Sensitivity, Perfor-
mance, Robustness:
Deconstructing the
E↵ect of Sociodemo-
graphic Prompting

[33] Zero-Shot
Prompting
with Demo-
graphics

Social Media
& Online
Behavior

Existing
Academic
Study

Text Classi-
fication

Mixed - Sociodemographic
prompting is not robust;
prompt formulation and model
choices lead to large variance
in answers. Adding such infor-
mation helps in some tasks, but
not others. More than half of
the labels are incorrectly classi-
fied

Should you use
LLMs to simulate
opinions? Quality
checks for early-stage
deliberation

[20] Zero-Shot
Neutral
Prompting
& Zero-Shot
Prompting
with Demo-
graphics

Politics &
Law, Science

Custom
Collected
Dataset

Likert-Style Negative - No models tested
passed all quality control
checks, meaning they do not
pass a minimum threshold for
silicon sampling reliability

Simulating Human
Opinions with Large
Language Models:
Opportunities and
Challenges for Per-
sonalized Survey
Data Modeling

[18] Zero-Shot
Prompting
with Demo-
graphics

Economics
& Consumer
Behavior

Custom
Collected
Dataset

Binary
Outcomes,
Likert-Style

Mixed - Tested models were
able to approximate aggregate
rankings but produced overly
positive results and reduced
variance compared to real data.
No sociodemographic character-
istic predicted accuracy

Synthesizing Public
Opinions with LLMs:
Role Creation, Im-
pacts, and the Fu-
ture to eDemocracy

[8] Zero-Shot
Prompting,
RAG

Politics &
Law (US)

Cooperative
Election
Study
(2021)

Likert-Style Mixed - Prompting alone led
to high adherence on questions
across models; RAG framework
further improved adherence,
but evaluative dataset may have
already been present in LLM
training data

Continued on next page
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mat
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Synthetic Replace-
ments for Human
Survey Data? The
Perils of Large Lan-
guage Models

[21] Zero-Shot
Prompting
with Demo-
graphics

Politics &
Law (US)

ANES Feeling
Thermome-
ter

Negative - Tested models
showed less variation than hu-
man answers. Models exagger-
ated outgroup apathy in pol-
itics but underestimated out-
group apathy in race/religion.
Responses were not repeatable
across three di↵erent times

Take Caution in Us-
ing LLMs as Human
Surrogates

[31] Zero-Shot
Prompting,
Few-Shot
Prompting,
RAG, Fine-
Tuning

Economics
& Consumer
Behavior

Custom
Collected
Dataset

Open-Ended Negative - Significant di↵er-
ences between humans and
tested models in reasoning
depth, response distributions,
and sensitivity to game framing,
even with advanced techniques
like RAG or Fine-Tuning

The Political Ide-
ology of Conver-
sational AI: Con-
verging Evidence
on ChatGPT’s pro-
environmental, left-
libertarian orienta-
tion

[35] Zero-Shot
Prompting

Politics
& Law
(Germany,
Netherlands)

Existing
Academic
Study

Likert-Style Mixed - Using Wahl-O-Mat,
StemWijzer, and Political Com-
pass, tested GPT models ex-
hibited a pro-environmental,
left-libertarian political orienta-
tion

Towards Measuring
the Representation
of Subjective Global
Opinions in Lan-
guage Models

[25] Zero-Shot
Prompting
with Coun-
try Informa-
tion

Politics
& Law
(Global)

Pew Global
Attitudes
Survey,
World Val-
ues Survey

Multiple
Choice

Negative - By default,
models tend to mimic
USA/European/South Ameri-
can countries. Responses shift
to reflect the country’s perspec-
tive when prompted, but may
reflect cultural stereotypes

Using Large Lan-
guage Models to
Simulate Multiple
Humans and Repli-
cate Human Subject
Studies

[28] Zero-Shot
Prompting
with (Im-
plied) De-
mographics

Economics
& Consumer
Behavior,
Psychology
& Human
Behavior

Existing
Academic
Study

Open-
Ended, Mul-
tiple Choice

Mixed - Models were able to
recreate economic, psycholin-
guistic, and social psychology
experiments but had a hyper-
accuracy distortion

Using LLMs for Mar-
ket Research

[6] Zero-Shot
Neutral
Prompting
& Zero-Shot
Prompting
with Demo-
graphics

Economics
& Consumer
Behavior

Existing
Academic
Study

Multiple
Choice,
Open-Ended

Mixed - Models can reflect
some willingness-to-pay di↵er-
ences between customer groups,
but fail to reflect other di↵er-
ences and do not reflect any
group particularly well

Table 3: A summary of academic papers that have explored the feasibility of silicon sampling through experiments.
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