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The road ahead…
• My experience with the Beacon panel isn’t unlike the experiences of 

others who develop, use and maintain probability panels.  We all know 
that:

Probability panels are built on chance, 
but their future shouldn’t be left to it.

The future of probability panels won’t be 
determined by how random our samples are—
but by how intentional our designs become.



The road ahead is NOW!

“Probability sampling is NOT dead yet—not by far. But it 
will starve to death if no one invests in its modernization…

We must protect what we know works, while of course 
remaining unafraid to experiment…”  

– Torbjörn Sjöström, AAPORnet Post, February 18, 2026



Thinking about  the Future…
• The scientific advantages of probability panels remain clear. 

• I know I am preaching to the proverbial choir here 

• But the operational realities of sustaining them are becoming more challenging —
• participation declines
• costs increasing
• Increased competition (alternate data sources and nonprobability panels)
• Continued expectations for timely, high-quality, but cost effective data

• And this raises a design question for the AI era: how do we use new tools to refine 
and sustain probability panels, in particular, to protect their use moving forward — 

• not by replacing chance, but by designing more intelligently around it?



Refi ning our Design?
• In AI, we often talk about keeping humans in the loop — as if human 

involvement is something that needs to be preserved.

• But probability panels have always been human-in-the-loop systems.
• They rely on people not only as participants but also expertise from humans 

for design, analysis, inference and interpretation.

• The design question in my mind isn’t whether humans are in the loop 
— they always are.

• The real question is where does AI belongs in this loop?



Bringing AI into our Design?
• Used thoughtfully, AI can enable optimization in several parts of the 

loop that are operationally complex, data-rich, and time-sensitive — 
• helping us detect problems earlier, adapt more intelligently, and reduce 

burden on both respondents and panel infrastructure.

• But there are parts of the loop where AI should inform decisions, not 
make them — particularly where inference, transparency, 
reproducibility and scientific validity are concerned.

• Designing smarter probability panels in the AI era requires being clear 
about this distinction: using AI to improve how panels operate, while 
ensuring that inference and scientific validity remain grounded in 
human design and statistical reasoning.



The LAIndscape Forward…

• Smarter probability panels won’t necessarily be fully automated — 
but current trends suggest they will become intentionally 
augmented with AI thoughtfully placed in the loop.

• AI may not operate within just one part of the loop, but could 
function independently and in tandem in several parts of it.

• Either as AI enabled software/service-ware or as one or more Agents, for 
example.



Tracing AI Use in Surveys…
• Barari et al. (2025) and Rothchild et al. (2025) have proposed the framing 

of Role-Based considerations for AI in Survey Research:
• AI as Assistant/Research Colleague
• AI as the Interviewer
• AI as the Respondent
• AI as Processor/Labeler/Modeler
• AI as Briefer/Reporter

• Buskirk and colleagues (2025) report on the early findings from a 
systematic literature review that frames the current work in using LLMs 
within Survey Research using a process and task-specific lens – LLMs 
being deployed for tasks within:

• Pre-data Collection Phase (e.g. questionnaire and sample design; pretesting, etc.)
• Data Collection Phase (e.g. data retrieval; synthetic response generation, etc.)
• Post-Data Collection Phase  (e.g. data processing/coding, analysis/modeling, etc.)



The LAIndscape Forward…
• As AI enters probability panels in these different roles—as interviewer, 

respondent, designer, and analyst—the question shifts from whether it 
can be used to whether it should be used, and how.

• Working in this space over the past 5 years I have found it useful to 
think about this in terms of both promise and precaution.

• At each point in the panel workflow, AI introduces new capabilities—but it also 
changes how data are generated, how decisions are made, and how information 
is processed. 

• These changes can amplify known sources of error and introduce new ones that 
are not yet fully understood.

• The literature is beginning to provide concrete examples of both—
applications that show real promise, and others that highlight the need 
for precaution.



Promises and Precaut ions of AI in Survey Research
• With a focal point of probability-based panels and framing this work 

through the lens of Promises and Precautions, I will highlight :
• Where AI has already been introduced into the panel workflow

• What has shown promise—and what has not

• What precautions have we already identified

• What new risks and threats this technology may introduce

• And how probability panels themselves can play a critical role in shaping and 
strengthening the emerging AI ecosystem

• Ways to leverage historical Panel Data Assets to Improve Operations



So what  are LLM’s Anyway?

These models are not 
deterministic so they 
can generate diverse 
and creative responses.

They learn patterns and relationships from large volumes of textual data 
to understand the structure of a language.  These patterns are encoded 
into millions and billions of parameters that create the “model.” 

These models can then be 
used to generate new text 
based on inputs by predicting 
the most probable sequence of 
words to follow… 

A semi-technical, detailed and comprehensive 
overview of LLMs: https://arxiv.org/pdf/2307.06435 

https://arxiv.org/pdf/2307.06435


The AI Hierarchy

Artificial 
Intelligence (AI)Machine 

Learning (ML)

Deep 
Learning (DL) Natural 

Language 
Processing 
(NLP)

Generative AI
LLMs

Artificial Intelligence (AI): The broadest concept, encompassing 
any system that can exhibit human-like intelligence.

Machine Learning (ML): A subfield of AI that focuses on 
algorithms that can learn from data without explicit 
programming. 

Deep Learning: A subfield of ML inspired by the 
structure and function of the brain. It uses artificial 
neural networks with multiple layers to learn complex 
patterns from large amounts of data.

Natural Language Processing (NLP): A 
subfield of AI concerned with the 
interaction between computers and 
human language. NLP tasks include text 
generation, translation, sentiment 
analysis, and question answering.

Generative AI: A subfield of 
AI focused on algorithms 
that can create new content, 
like text, images, or music. 

Large Language Models (LLMs): A type of 
generative AI model trained on massive 
amounts of text data to create human-
quality text in a variety of applications.

Source Attribution: Gemini based on prompt: “can you generate 
a diagram that shows the relationship between ML, AI, Deep 
Learning, NLP, Generative AI and LLMs”, October 2024.



Tracing LLM Use within Survey Research
• Buskirk and colleagues (2025) report the 

preliminary findings from a systematic literature 
review of LLMs being used to complete tasks 
within the survey research process. 

• Queried 3 Databases using 62 “Survey” and 10 
“LLM” keywords that appeared between 2019 and 
2025:

• Semantic Scholar
• Web of Science
• arXiv  

• To be included in the final review paper had to use 
LLMs within the survey research process

• Data could be survey specific or an alternate data source 
being used for generating/understanding public opinion, 
broadly defined

• In total we had 136 eligible papers for final, full review

Preliminary Work:  
https://openreview.net/pdf?id=0Hxhwa56Yg 

https://openreview.net/pdf?id=0Hxhwa56Yg
https://openreview.net/pdf?id=0Hxhwa56Yg


Tracing LLM Use in Survey Research…

Keusch et al. (2026, forthcoming work).  
Preliminary work has appeared here: https://openreview.net/pdf?id=0Hxhwa56Yg 

https://openreview.net/pdf?id=0Hxhwa56Yg


Tracing LLM Use Data Science 

Attribution: https://arxiv.org/pdf/2508.11698 

https://arxiv.org/pdf/2508.11698


The Promise of LLMs within the Pre-Data 
Col lect ion Phase:  AI as Col laborator/Assistant

In their article "Keeping Users Engaged During 
Repeated Administration of the Same 
Questionnaire: Using Large Language Models to 
Reliably Diversify Questions" Yun and colleagues 
(2024) explored the application of Large Language 
Models (LLMs) to generate varied versions of 
standardized questionnaires to mitigate fatigue. 

https://arxiv.org/pdf/2311.12707 

Results of their experiment with three groups: Original Scale, LLM Generated Scale 
Variants and LLM Variants+Commentary revealed:
•Acceptable levels of convergent validity of LLM items with original items ;

•Slightly lower but reasonable internal consistency;

•Both LLM groups had higher compliance with respondent interactions with data collection; 

•LLM based commentary was viewed as artificial and possibly distracting from data collection.

https://arxiv.org/pdf/2311.12707


The Promise of LLMs within the Pre-Data 
Collect ion Phase:  AI as Col laborator/Assistant

Buskirk and colleagues (2025) examined how various zero-shot prompt 
components impacted the quality of survey items generated from 
ChatGPT 3.5.  

Including the word "survey" in the prompt significantly increased the 
likelihood that generated items conformed to questionnaire design 
conventions and were written at more accessible reading levels. 

However, the benefit of this term varied depending on how response 
formats were specified. Prompts that combined "survey" with 
"response options" yielded the strongest performance across quality 
indicators, though interaction effects showed that these benefits were 
not consistent across all conditions. 

Prompts that used only the word "question" and omitted explicit guidance on 
response formats produced the lowest-quality outputs across nearly every 
outcome. These items were often open-ended, ambiguous, or structurally unsound.

https://papers.ssrn.com/sol3/ 
papers.cfm?abstract_id=5377878   

https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5377878
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5377878
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5377878


Precaut ions for LLMs within the Pre-Data 
Col lect ion Phase:  AI as Col laborator/Assistant
Barends and de Vries (2024) use ChatGPT 4.0 to generate a short 
version of the HEXACO inventory and compare it to current 
abbreviated versions used in practice.  

The results indicate that there were no differences found between 
the ChatGPT short inventory compared to the abbreviated version 
used by humans in psychometric properties such as internal 
consistency, convergent and discriminant validity and criterion-
related validity.

However, GPT was not able to discernably improve its original 
inventory on either internal consistency or content validity even 
when instructed to.  ChatGPT covered all facets per trait and was 
not able to modify this tendency, specifically.

ChatGPT made several mistakes when generating negatively 
keyed items.

https://www.tandfonline.com/doi/full/
10.1080/00223891.2024.2444454 

https://www.tandfonline.com/doi/full/10.1080/00223891.2024.2444454
https://www.tandfonline.com/doi/full/10.1080/00223891.2024.2444454


Precaut ions for LLMs within the Pre-Data 
Col lect ion Phase:  AI as Col laborator/Assistant

https://journals.sagepub.com/doi/
abs/10.1177/14707853251389789 

Olson and Buskirk (2025) examine readability calculations 
for 60 survey questions performed by commonly 
available AI tools, at three time points over 2024-2025.  
We compare these to a “gold standard” online readability 
assessment tool (Readable.com), and calculations derived 
from R and Python functions. 

The findings suggest that open-source tools are still the 
most robust methods for readability assessments at this 
point, even though LLM skills are evolving.  

Some LLM models were prone to errors in identifying and 
correctly interpreting building blocks of readability 
equations, especially around monosyllabic words and 
word counting.

https://journals.sagepub.com/doi/abs/10.1177/14707853251389789
https://journals.sagepub.com/doi/abs/10.1177/14707853251389789


The Promise of LLMs within the Data 
Collect ion Phase:  AI as Interviewer

https://arxiv.org/pdf/2410.01824 

Wuttke and colleagues (2024) recently 
investigated whether LLMs (ChatGPT 4) 
can effectively replace human 
interviewers to conduct scalable 
conversational interviews thereby 
balancing depth and scalability.

Utilized Humans and LLMs to conduct 
interviews based on predefined 
questionnaires covering political topics.

Of all violations in interviewer behavior AI had 
a majority of the “ask follow-ups” and “don’t 
be judgy”  fails.  Compared to text input, AI 

interviews may be longer but less elaborate.

Of all violations in interviewer behavior Humans 
had a majority of “active listening” fails.

https://arxiv.org/pdf/2410.01824


The Promise of LLMs within the Data 
Collect ion Phase:  AI as Interviewer

• Experimental evidence from Shoubik et al. 
(2025) further demonstrates that AI interviewers 
(via SmartProbe LLM) can improve open-ended 
response quality

• in a randomized survey experiment with 1,200 
participants, AI-generated conversational probes 
substantially increased response specificity and 
detail, even with minimal fine-tuning to the domain 
or question context.

• AI Chatbot was successfully able to identify when 
elaboration was needed.

• The Chatbot assigned condition had slightly higher 
dropout after first probe compared to the equivalent 
point in the standardized condition, but those who 
remained reported only slightly less favorable 
experiences, even after receiving multiple probes by 
the end of the survey.

https://arxiv.org/pdf/2504.13908 

https://arxiv.org/pdf/2504.13908


Precaut ions for LLMs within the Data 
Col lect ion Phase:  AI as Interviewer

Tirumala and colleagues (2025) examined the fitness for 
use of AI interviews compared to IVR technology in both 
quantitative and qualitative contexts.

AI interviews appear to provide more functionality than 
current IVR systems for quantitative survey projects but 
their overall utility for quantitative and qualitative projects 
may depend heavily on context and purpose:

• when human interviewers are unavailable; 
• nuanced emotional detection is not essential
• topics are highly sensitive and prone to social desirability bias.

https://openreview.net/pdf?id=Z4vRAcchxt 

https://openreview.net/pdf?id=Z4vRAcchxt


Precaut ions for LLMs within the Data 
Col lect ion Phase:  AI as Interviewer

• Cuevas et al. (2025) deploy a set of  conversational agents working in tandem 
to interview 399 participants and find that while AI interviewers can:

• enhance engagement and lower respondent burden, 
• lag behind human-facilitated interviews when dealing with sensitive questions, 

contextual complexity, or participant expectations about interviewer roles. 

• Research on “modular conversational agents” for surveys shows promise for 
building domain-aware interviewers capable of incorporating specialized 
knowledge bases, but it also underscores risks related to (Yu et al. 2024):

• inconsistent probing and in varying order
• privacy and data-security concerns [non-enterprise versions of Closed LLMs should be 

avoided]
• potential biases stemming from opaque model training corpora



The Promise of LLMs within the Data 
Collect ion Phase:  AI as Respondents

• Silicon samples/synthetic respondents represent a large 
opportunity but also a large threat to the validity of panels.

• Here, large language models are used to generate sets of responses to 
survey instruments, often conditioned on demographic, attitudinal, or 
contextual information, to approximate how members of a target 
population might answer. 

•
Argyle and colleagues (2023): 
Introduced the concept of 
“silicon samples” and criteria for 
assessing “algorithmic fidelity” 
for LLMs and report nuanced 
similarities between human and 
AI generated responses.

https://bit.ly/ArgyleEtAl2023 

https://bit.ly/ArgyleEtAl2023


The Promise of LLMs within the Data 
Collect ion Phase:  AI as Respondents

Sun and colleagues (2023): Improved upon 
the concept of silicon samples by introducing 
so called “random silicon sampling” and 
showed it performed as well or better than 
silicon sampling for many tasks.

https://arxiv.org/pdf/2402.18144 

https://arxiv.org/pdf/2411.10109 

Park and colleagues (2024) used the content of 
two-hour in-depth qualitative interviews of 
participants to create synthetic responses from 
LLMs.  The respective synthetic respondents 
replicated the actual human respondent answers 
to a battery of GSS items 85% as accurately as 
humans replicated their own responses.

https://arxiv.org/pdf/2402.18144
https://arxiv.org/pdf/2411.10109


The Promise of LLMs within the Data 
Collect ion Phase:  AI as Respondents

Ehrett and colleagues (2024) explore the use of open 
LLMs (Llama and Alpaca) for data augmentation for 
a specific text-classification task.

Using open-ended responses collected as part of a 
small survey to hospital staff, LLMs were used to 
generate synthetic data like those collected within 
the survey. 

Leveraging the survey data and labelled synthetic data, the team then applied another set 
of LLMs for classifying responses into thematic categories. 

Evaluation included both the data creation and classification tasks taken together as a 
two-step approach.  Llama 7B followed by RoBERTa was the optimal combination of all 
tested (AUC=0.87).



Precaut ions for LLMs within the Data 
Col lect ion Phase:  AI as Respondent
• Unlike classical imputation or synthetic data methods based on explicit 

probabilistic models (e.g., multiple imputation by chained equations or 
predictive mean matching), these responses emerge from (Argyle et al. 2025) :

• an opaque combination of prompts
• patterns learned from massive but not necessarily representative training corpora
• post-training alignment procedures

• The validity of these samples, or inferences derived using them, depend on an 
aggregate effect of these opaque components – making error or quality very 
difficult to quantify.

• von der Heyde (forthcoming, 2026) is tracing new errors that are introduced by 
incorporating LLMs into the various stages of the survey research process 
[Coming to AAPOR, 2026].



Precaut ions for LLMs within the Data 
Col lect ion Phase:  AI as Respondent

Bisbee and colleagues (2023) report contrary 
findings that suggest that silicon samples 
generate responses that are far less variable 
compared to actual survey respondents’ 
responses.  They also remark that results can 
be highly dependent on prompt and LLM 
version being used.

https://bit.ly/BisbeeEtAl2024 

Santurkar and colleagues (2023) provide evidence 
of a lack of representation of opinions from older 
widowed women in LLM output among others.  
They also found  that language models tuned with 
reinforcement learning from human feedback are 
more aligned with left-leaning, liberal views. https://proceedings.mlr.press/v202/

santurkar23a/santurkar23a.pdf 

https://bit.ly/BisbeeEtAl2024
https://proceedings.mlr.press/v202/santurkar23a/santurkar23a.pdf
https://proceedings.mlr.press/v202/santurkar23a/santurkar23a.pdf


Precaut ions for LLMs within the Data 
Col lect ion Phase:  AI as Respondent
• Westwood (2025) demonstrates that autonomous AI 

agents, operating from a simple prompt, can evade 
current detection methods and produce high-quality 
survey responses that demonstrate reasoning and 
coherence expected of human responses. 

• This capability illustrates possible compromises to the 
integrity of responses from panelists or survey 
participants, writ large under current monitoring 
conditions.

• These responses while synthetic, represent a deeper 
threat in that they are unintentionally gathered and 
offered by potentially bad actors – and can adversely 
steer results.   

Attribution: https://doi.org/10.1073/pnas.2518075122 

https://doi.org/10.1073/pnas.2518075122


Sizing the Threat  of Autonomous AI Responses

• To appreciate the extent to which the threats 
demonstrated by Westwood (2025) requires an 
understanding of the architecture of the 
generation process.

• Using two-layer design autonomous agents 
first extract the questions and then respond to 
them.

• While such a system could be run on a 
personal computer the question about 
whether “typical” panel participants would 
actually use such tools (or even develop them) 
for their use on the panel is outstanding. 

Attribution: Figure 1, Westwood (2025): 
https://doi.org/10.1073/pnas.2518075122  

https://doi.org/10.1073/pnas.2518075122


Precaut ions for LLMs within the Data 
Col lect ion Phase:  AI as Respondent

Companies are now offering and specializing in providing synthetic samples (or a mix of them 
with human responses) to researchers at costs that are far cheaper than fielding/obtaining 
probability samples either outright or from probability panel providers.



The Promise of LLMs within the Post-Data 
Collect ion Phase:  AI as Pre-Processor

https://journals.sagepub.com/doi/
10.1177/20531680241311510 

Allamong and colleagues (2025) used ChatGPT 4o with 
different zero-shot prompts to correct misspellings in 
open-ended survey responses from ANES data from 
1996 to 2020.  

GPT was shown to correct 85-90% of the misspellings 
identified in a random subsample by human coders and 
outperformed R software designed to do the same task.

The authors show that failure to correct misspellings at 
scale could result in significant underestimates in the 
amount of emotionality present in the responses.

https://journals.sagepub.com/doi/10.1177/20531680241311510
https://journals.sagepub.com/doi/10.1177/20531680241311510


The Promise of LLMs within the Post-Data 
Collect ion Phase:  AI as Labeler/ Classifi er

https://arxiv.org/abs/2304.06588 

Törnberg (2023) compared MTurk Qualified workers with 
Chat-GPT 4 (at two temperatures) and two political 
science experts for coding political party of 500 political 
candidates based on posted tweets.
Accuracy of ChatGPT was above 90% compared to 
between 80 and 85%, on average for the human coders. 

Gilardi and colleagues (2023) compared the accuracy of MTurkers 
and ChatGPT 3.5 on different annotation tasks (relevance, stance, 
topics and frame detection) using a sample of Tweets and News 
Articles.  
• Authors found that ChatGPT zero-shot accuracy exceeded that 

of MTurkers for almost all tasks and higher intercoder agreement 
for all tasks.  

• Cost per annotation for ChatGPT was $0.003, 30 times cheaper 
than MTurk.

https://www.pnas.org/doi/epdf/10.1073/pnas.2305016120 

https://arxiv.org/abs/2304.06588
https://www.pnas.org/doi/epdf/10.1073/pnas.2305016120


Precaut ions for LLMs within the Post-Data 
Col lect ion Phase:  AI as Labeler/ Classifi er

Mellon and colleagues (2024) compared the 
accuracy of six LLMs (with few-shot prompting) to 
supervised ML and human coders for categorizing 
the “most important issue” using data from the 
British Election Study Internet Panel.

The LLMs did not all perform sufficiently well!

• For larger LLM models (i.e. Claude-1.3 ) the 
performance was just behind human coders.

• While larger LLMs were functionally close to human 
performance, smaller, open-sourced LLMs fell behind 
by nearly 20 percentage points or more.  

• In particular, PaLM-2 and Llama-2 were worse across 
all metrics and scenarios.

Attribution: https://journals.sagepub.com/doi/10.1177/20531680241231468 

Human 
Coders

Machine 
Learning Models

https://journals.sagepub.com/doi/10.1177/20531680241231468


Leveraging Panel Resources with LLMs

• Probability panels are the gold standard for data collection and being able to further 
leverage that strength with great questions is paramount to maximizing total quality.

• One resource panels have is lots of prior survey items.  What if you could leverage this 
rich resource as a way to jump start generation of new items?  

https://onlinelibrary.wiley.com/doi/full/10.1111/peps.12543 

Leveraging LLMs to be trained on such a bank of items for the express 
purpose of generating many more items is possible and a framework 
for this approach has been reported by Hernandez and Nie (2022).

• They applied a Chat-GPT 2 model to learn the structure of personality items 
from 3300 plus items from the International Personality Item Pool to generate 
over 1,000,000 new items (that were about 1 word shorter, on average and 
were about 6 points lower on Flesch Reading Ease metrics).

• They also used embeddings from another model to determine which items 
were proximal to other items with high degrees of accuracy.

https://onlinelibrary.wiley.com/doi/full/10.1111/peps.12543


Leveraging Panel Resources with LLMS…
• Think about the value of public-release tables and possibly 

custom tables that could be used for TABULAR LLM development 
and testing – See Wu, Ritter and Xu (2025), for examples.  

• Not many such “benchmark” data exist for public opinion or 
behavioral data.

• Fine tuning of LLMs using current information stored in tables 
from probability panels could be leveraged if these tables were 
first serialized – made more AI readable with natural language 
representation (see Hegselmann et al., 2023).

https://arxiv.org/pdf/2210.10723 Figure 1 from Hegselmann et al., 2023

https://arxiv.org/pdf/2508.00217 

https://arxiv.org/pdf/2210.10723
https://arxiv.org/pdf/2508.00217


Panel’s Learning from Panel Data
• Molnar (2026) and Kim et al. (2025) discuss the current 

state of Tabular Foundation Models which are AI 
models that are trained on Tables as input.

• These models learn structure within tables and then apply 
that learning to infer structure in new tables.

• If Panels prepared tables of imputations used over time 
as part of the training data, these TFMs could then 
apply that learning to this year’s data table to complete 
the imputation task.

• With an explainable layer added on to these models 
(explainable AI) you could learn more about what 
variables have driven trends over time, for example.  

• A TFM trained on regular tables from the panel’s 
paradata could also be another way to learn more 
about response, participation and attrition.

https://arxiv.org/pdf/2505.14415 

https://arxiv.org/pdf/2505.14415


Rapid Focus Grouping at  Scale

• Imagine being able to leverage panels for representative consensus 
round emerging topics for which no common questions yet exist because 
the topic is new and emergent.

• Rosenberg and colleagues (2025) use Conversational Swarm Intelligence 
from Biology along with LLMs to conduct rapid group-based insights from 
open-ended questions whose answers are not known in advance.

• The output of such systems not only capture the preferences of the group 
but also through conversational analysis, the reasons supporting or 
refuting those preferences.

• In pilot testing the results indicate that compared to traditional chat 
rooms this method can increase contributions from the group as a whole 
and reduce the gap between the most and least verbose group members.  

• Results also indicate that for some studies involving political candidate 
preferences, group insight convergence, with groups as large as 81 participants, 
can be achieved in a matter of minutes.

https://arxiv.org/pdf/2309.03220   

https://arxiv.org/pdf/2309.03220


A Prob-AI-l ity Panel for our Col lect ive Futures…
• What if a probability panel could be constructed for multiple AI and societal 

purposes including:
• Key set of national benchmarks – that could evolve over time and be used as 

possible sources of alignment for LLM models to minimize biases

• Track people’s use of AI and possible job displacements at national/regional level

• Possible source of representative reinforcement learning for LLM models (currently 
we have seen that reinforcement with convenience samples portends liberal 
leaning biases)

• A means for data to seed larger predictive models we could use for imputation and 
other predictive tasks

• this could be standardized, more transparent and perhaps adopted as one 
methodological approach multiple sources use

• A means for rapid, in-depth interviews to be conducted and analyzed quickly and 
at scale

• As a source for augmenting training data for LLMs into the future –
• Making datasets more readable to machines and with topline reports that can be 

discovered in training sets and retrievals.



Planning for a Better Future, Together!
• Experiment with LLMs within your workflow 

• Sharing fitness for use of LLMs that can improve panel efficiency could be 
used by all as a way to ensure a more stable future for our gold standard 
of probability sampling. 

• Consider submitting your work to upcoming special issue of POQ 
dedicated to exploring AI in survey research and public opinion.

• Co edited by Link, Kreuter and Buskirk
• More info: https://lnkd.in/eKCUxvWd

https://lnkd.in/eKCUxvWd
https://lnkd.in/eKCUxvWd
https://lnkd.in/eKCUxvWd


Planning for a Better Future, 
Together!

• Probability sampling is generally transparent with 
known/computable selection probabilities and 
designs publicly reported.  

• We don’t want to weaken the transparency of our gold 
standard method with LLM-based approaches to 
sustain, manage or infer from such samples that can’t 
be described reasonably.

• Consider using the forthcoming tool for reporting how 
and what you did in terms of LLM use in a standardized 
way to help pave the way for our future!

https://hannahcha417.github.io/aapor-disclosure-checklist

https://hannahcha417.github.io/aapor-disclosure-checklist
https://hannahcha417.github.io/aapor-disclosure-checklist
https://hannahcha417.github.io/aapor-disclosure-checklist
https://hannahcha417.github.io/aapor-disclosure-checklist
https://hannahcha417.github.io/aapor-disclosure-checklist


THANK YOU!

Quest ions?

Comments?
tbuskirk@odu.edu 

Please see me afterwards 
for a commemorative 
Conference Pin highlighting 
CIPHER and this Talk!

mailto:tbuskirk@odu.edu
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