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Abstract

The integration of large language models (LLMs) into surveys presents op-
portunities for mitigating ongoing challenges regarding coverage, sampling,
measurement, and nonresponse, all the while making survey research more
efficient. However, LLMs can also introduce new challenges. As LLMs
have only emerged rather recently as a potential tool in the survey method-
ologists” toolbox, how their use can improve versus worsen survey data
quality has not been systematically investigated. In this paper, I present
an overview of the potential applications of LLMs in survey research, and
highlight their possible pitfalls. I identify three main roles LLMs can play in
the survey research process: they can act as research assistants, interview-
ers, and respondents, with potential applications in all stages of the survey
research process. I also discuss how LLM training, alignment, and model
architectures, as well as research design choices can inhibit survey data
quality, concluding that LLM-induced errors need to be investigated both
methodologically and empirically, and that, short of mitigating ensuing
biases, humans need to remain in the loop for making all humans count.

1 Introduction

Obtaining high-quality data is crucial for making valid inferences about people’s attitudes
and behaviors, be it in the context of research or policymaking. Therefore, safeguarding
data quality lies at the heart of survey methodology. While survey researchers continue to
face challenges in coverage, sampling, measurement, and nonresponse, the digitalization of
society has allowed them to explore a variety of new options for collecting or supplementing
survey data. Most recently, large language models (LLMs) have been the target of large
hopes for alleviating existing challenges in survey research. However, LLMs are based on
Internet data, which is not generated with the primary goal of producing population-level
estimates and correlates (Groves & Lyberg, 2010; Salganik, 2019). As a result, LLMs may
come with similar pitfalls as other digital data sources regarding inferences about human
attitudes and behavior, which can jeopardize data quality. For example, coverage error
might arise due to the digital divide (Lutz, 2019) and the selective corpora used for building
LLMs. Thus, who is being counted in LLMs’ input and output data likely does not represent
all populations and their subgroups equally, both in terms of scope and quality. In addition,
LLMs’ idiosyncratic data-generating processes put into question who does the counting —
researchers, data curators, data annotators, algorithms? — and what is being counted and how
it is being counted: Measurement error might arise, for example, because online behaviors are
not always valid indicators of attitudes or behaviors (e.g., Jungherr et al., 2017), and LLMs’
output of most likely next words in a sentence might not be valid indicator of social science
concepts. Thus, LLMs not only have the potential to mitigate, but also to amplify existing
biases regarding the understanding of different populations and constructs of interest. Who
counts in LLM-augmented survey research continues to hinge on fundamental questions of
representation and measurement.

With this paper, I present an overview of potential applications of LLMs in survey research
based on a narrative review of existing literature, and discuss possible pitfalls in relation to
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data quality. Providing a resource for survey methodologists as well as practitioners, this
work contributes to the development of LLM-augmented survey research.

2 DPotential Applications of LLMs in the Survey Research Process

In general, three main potential application areas for LLMs within the survey research
process can be identified (Bail, 2024; Kreuter, 2025) — LLMs acting as research assistants,
LLMs acting as interviewers, and LLMs acting as respondents. As such, use cases for LLMs
are conceivable in all stages of the survey research process, where they could possibly help
address errors impacting data quality while being more efficient than humans. This section
provides an overview of the potential applications of LLMs in the survey research process
before, during, and after data collection. For a graphic overview, see Figure Al in the
Appendix.

2.1 Pre-data collection

In the questionnaire design phase, LLMs have some potential to reduce human-induced
validity issues. Built for creative text generation, possible applications of LLMs include
developing new questions (Gotz et al., 2023; Hernandez & Nie, 2022; Konstantis et al., 2023;
Laverghetta Jr. & Licato, 2023; Lee et al., 2023; Maiorino et al., 2023; Zou et al., 2024), items for
scales and indices, experimental vignettes or images (Bail, 2024; Demszky et al., 2023; Sarst-
edt et al., 2024), or entire questionnaires. Here, they likely need more instruction compared
to a seasoned survey methodologist. LLMs might be more helpful when evaluating existing
questions (Hommel, 2023; Olivos & Liu, 2024) and suggesting improvements (Jacobsen et al.,
2025; Thirunavukarasu & O’Logbon, 2024) regarding readability, social desirability, leading
or biased wording, or different literacy levels and cultural contexts. Another major use
case for LLMs in this stage is translating questionnaires, either by providing multilingual
translations with context-aware adjustments (Adhikari et al., 2025), or by checking existing
translations for accuracy, consistency, and meaning preservation. As such, LLMs could be
integrated as one of the translators or as an adjudicator in the TRAPD approach (Translation,
Review, Adjudication, Pretest, Documentation; Harkness, 2003; Metheney & Yehle, 2024),
which usually features two independent human translations and a human adjudicator in
case of disagreements.

During pre-testing, LLMs have the potential to mitigate measurement error by identifying
patterns in pilot surveys (Kreuter, 2025). With even deeper integration, LLMs could act
as virtual or simulated respondents (see subsection 2.2). In the form of audio or video
avatars, such virtual respondents could be used for interviewer training ahead of personal
interviews (Thirunavukarasu & O’Logbon, 2024), simulating diverse groups’ interpretations
of and reactions to the questions (Dillion et al., 2023; Grossmann et al., 2023).

Regarding sampling and recruitment, LLMs could somewhat aid in defining the target
population and suggest appropriate sampling frames based on the research questions
and analyses of previous surveys and research papers. They could both review existing
sampling plans, highlighting potential biases or limitations and making suggestions for
improvement, and summarize best practices and recommend new sampling designs. They
could also possibly reduce sampling error more practically (Barari et al., 2024), for example
in the processing of address-based samples. Closer to their original purpose of creatively
generating human-like text, LLMs could be used for creating recruitment material and
adapting it to different media formats, which could aid in reducing nonresponse error based
on unit nonresponse. While LLMs thus could potentially be used in these parts of the survey
research process, this has not been done in prior research.

2.2 Data Collection

LLMs have major potential in the data collection phase of survey research. Here, they could
augment interviewing by dynamically adapting the questionnaire based on previously
given responses, for example through probing questions (Barari et al., 2024; Geisen, 2024)
or by detecting acute respondent burden, inattentiveness, item nonresponse, or imminent
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breakoff and deploying real-time mitigation strategies. Dynamic, LLM-generated probing
questions could also be used to scale up in-depth interviewing by integrating them into
web surveys (Jacobsen et al., 2025). The automatic creation and real-time fielding of new
survey items from open-ended responses would allow for the standardized measurement
of relevant emerging topics (Velez, 2025). The increased relevance and responsiveness of
such dynamic surveys could help improve survey engagement, thereby reducing both
measurement and nonresponse error.

Beyond assisting human interviewers, LLMs could also be deployed as independent inter-
viewers conducting text- or voice-based interviews (Grossmann et al., 2023; Barari et al.,
2024; Lerner, 2024). For example, LLMs can be set up as chatbots for creating an online
text-based conversational interviewing format for self-administration (Cuevas et al., 2023;
Wuttke et al., 2024; Xiao et al., 2020; Zarouali et al., 2023). Alternatively, they can power
artificial audio or video avatars in web-based surveys. Telephone surveys with LLM-based
interviewers (e.g., Lang & Eskenazi, 2025; Leybzon et al., 2025) present another option.
Regardless of mode, these implementations of dynamically responsive LLM interviewers
would make such semi-automated, “personal” survey administration more flexible than the
pre-programmed versions of previous decades (Conrad et al., 2015; 2019). This way, LLMs
might be able to help address comprehension issues by providing examples or answering
respondents’ follow-up questions (Jansen et al., 2023), and (in the audio-based formats) ease
participation by visually or reading-impaired persons.

However, while augmenting or replacing human interviewers could have a positive impact
on response quality and completion rates, thereby reducing measurement and nonresponse
error (Lerner, 2024), the lack of human touch could also lead to less engagement, acting in
the opposite direction (Lang & Eskenazi, 2025).

Another highly prominent application of LLMs is that of simulating respondents through
LLM-based synthetic samples, which can be relevant for several stages of the survey re-
search process.

To create synthetic samples, an LLM is prompted to generate an artificial dataset of sur-
vey responses to the question(s) of interest. LLMs can be provided with individual-level
information about humans, for example socio-demographic and attitudinal information
collected in surveys, and are then asked to respond to survey questions from the respective
person’s perspective (e.g., Argyle et al., 2023; Bisbee et al., 2024; Simmons & Hare, 2023).
This persona-based approach allows researchers to approximate specific target populations,
simulating a vast array of individual positionalities and response distributions. This has
been argued to address generalizability concerns (Grossmann et al., 2023) and help address
coverage and sampling errors, potentially making LLM-based synthetic samples better-
suited for social science research than the convenience samples used in many studies (Bail,
2024).

Synthetic samples could be used to supplement existing survey data during instrument de-
velopment, data collection, and processing, and could potentially aid in reducing four major
components of total survey error — coverage, sampling, measurement, and nonresponse.
During pre-testing (e.g., Webb, 2024), they can help save resources needed for actual surveys
of humans for the main fieldwork (e.g., Hewitt et al., 2024). For example, they can be used
for conducting preliminary analyses (Bail, 2024; Sarstedt et al., 2024; Thirunavukarasu &
O’Logbon, 2024), allowing for, e.g., estimation of effect sizes for hypothesis generation, or
power analyses for optimal sample design (Demszky et al., 2023; Grossmann et al., 2023).
Furthermore, (partially) substituting human participants with LLM-generated counterparts
could reduce respondent burden, for example by minimizing harm in case of potentially
distressing or sensitive survey topics or experiments containing misinformation, or sim-
ply by reducing the amount of questions respondents need to be asked. Other potential
advantages proposed are that synthetic respondents do not require the creation of complex
sampling schemes or costly incentives (Dillion et al., 2023), and might not exhibit human
response bias or interview fatigue (e.g., Dillion et al., 2023; Grossmann et al., 2023; Jansen
et al., 2023, but see subsection 3.3). Due to such considerations, some researchers have
even suggested LLM-synthetic samples could completely substitute survey data (e.g., Aher
et al., 2023; Argyle et al., 2023; Horton, 2023). While the outright replaceability of human
respondents during data collection is contested (see Agnew et al., 2024, for a review of
positions), synthetic samples could be employed for imputing missing data due to unit- or
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item-nonresponse after data collection — for example on sensitive topics or with hard-to-
reach populations (Grossmann et al., 2023; Jansen et al., 2023; Kalinin, 2023; Holtdirk et al.,
2024) - or by generating data for single items previously unasked (Kim & Lee, 2023).

2.3 Post-data collection

Upon the completion of data collection, multimodal LLMs (LLMs able process and/or
generate image, audio, or video data) have major potential in helping with data processing.
This includes digitizing survey data, for example by transcribing audio data from in-person,
phone, or web-based interviews (Revilla et al., 2025; Tewari & Hosein, 2024) or transforming
scans of paper-based (mail) questionnaires into tabular data with optical character recogni-
tion. While this is yet to be explored, it could render specialized machines for such efforts
obsolete. LLMs could also aid in structuring previously unstructured data used to augment
surveys for learning about attitudes and behaviors, such as social media data (Cerina &
Duch, 2023) or donations of individual-level digital behavioral data. More generally, they
could perform a range of code-based data wrangling tasks (Jaimovitch-Lopez et al., 2023).
Such applications could reduce human-generated processing errors.

LLMs could then be used for quality checks, further mitigating measurement error. They
could detect low-quality or outright fraudulent responses by analyzing response patterns
and identifying inconsistent responses, for example based on the content of open-ends
(Lebrun et al., 2024). This applies not just to human responses: Because LLMs can not only
be used for detecting fraudulent responses, but also for creating them (Veselovsky et al.,
2025), detecting such LLM-bot responses can be achieved through prompt injections in
questionnaires targeting LLMs (Hohne et al., 2025) or even be aided by LLMs (Lerner, 2024).
For personal interviews, LLMs could also check interviewer adherence to the interview
scripts by matching them against the interview transcripts, safeguarding measurement
quality.

Further, LLMs could make the coding text, image, or audio data much more efficient (see
Ziems et al., 2024, for a systematic review). In the survey context, such data can, for example,
come from open-ended responses (e.g., von der Heyde et al., 2025), social media, voice-based
responses, or surveys asking respondents to upload pictures of their surroundings (see
Iglesias et al., 2024, for an illustration). The advantage of using LLMs lies in their speed
and scalability, allowing researchers to code an entire corpus of data instead of just a sam-
ple. Examples of such applications include sentiment analysis, named-entity recognition,
identifying political affiliations, or the presence or absence of a specific concept (Bail, 2024;
Demszky et al., 2023; Gilardi et al., 2023; Ahnert et al., 2025; Cerina & Duch, 2023; Térnberg,
2024). Beyond such coding tasks with a predefined coding scheme, LLMs could be asked
to develop coding schemes based on theory or based on the data given, i.e., unsupervised
labeling or topic modeling (Ornstein et al., 2024; Pham et al., 2024). Researchers hope that
LLMs could minimize human coders’ subjectivity, inconsistency, and lack of attention (Bail,
2024), thereby minimizing measurement and processing error — however, human validation
is still recommended.

Smaller gains in reducing time and processing error could be achieved by having LLMs gen-
erate standardized and easy-to-use variable labels for datasets or entire codebooks. Given
information about the data structure, they can also assist in writing code for data processing
and analysis in a variety of programming languages, such as R or Python. LLMs could
assist in calculating and adjusting survey weights based on census data. With harmonizing
efforts, LLMs could furthermore efficiently match and map variables from different surveys
to ensure comparability, or even help integrate social media or administrative data and
survey data (Jansen et al., 2023).

During data analysis, LLMs could assist by summarizing tabular (quantitative), textual
(open-ended or qualitative interview), or audio survey data into text, providing both high-
level overviews and detailed findings (Thirunavukarasu & O’Logbon, 2024). They could
also be used for (writing code for) generating data visualizations or for generating captions
for existing ones (Liew & Mueller, 2022; Thirunavukarasu & O’Logbon, 2024; Wang et al.,
2025). Ultimately, LLMs could draft complete reports based on structured survey data
(Sultanum & Srinivasan, 2023).
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As is evident from this review of potential applications, LLMs could help make survey
research more efficient, while also reducing some common forms of human-induced errors.
However, as has been the case for other new forms of data, methods, and technology (e.g.,
Couper, 2013; Sen et al., 2021), integrating LLMs into the survey research process can also
incur new forms of errors and issues that survey methodologists need to be aware of. The
following section points out some of the potential challenges for data quality when using
LLMs in survey research.

3 Data Quality Challenges in LLM-Augmented Survey Research

Not long after their wider release, LLMs’ output was found to be biased — also in relation to
aspects of central importance for researching human attitudes and behaviors: LLMs exhibit
cultural and psychological biases, including a tendency towards reflecting or assuming
WEIRD (Western, Educated, Industrialized, Rich, and Democratic) norms and traits (e.g.,
Bianchi et al., 2023; Havaldar et al., 2023; Johnson et al., 2022; Masoud et al., 2025; Pala-
cios Barea et al., 2023; Ramezani & Xu, 2023; Atari et al., 2023, but see Niszczota et al., 2025).
Politically, several studies suggest that the default outputs of LLMs skew left (e.g., Batzner
et al., 2024; Hartmann et al., 2023; Motoki et al., 2023; Rettenberger et al., 2025), partially
moderated by the assumed ideology of populations using the input language (Li et al., 2024;
Walker & Timoneda). Further, LLMs exhibit worse performance in non-English languages
(e.g., Schott et al., 2023; Zhang et al., 2023), reproducing assumptions and stereotypes asso-
ciated with English-speaking contexts (Ghosh & Caliskan, 2023; Oztiirk et al., 2025; Wang
et al., 2024a). Even in English, LLMs reproduce negative stereotypes about sexual and racial
minorities and more complex intersectional identities (Gross, 2023; Gupta et al., 2024; Hada
et al., 2023; Haim et al., 2024; Ma et al., 2023; Nagireddy et al., 2024; Ostrow & Lopez, 2025).
Such biases in LLM outputs can stem from multiple underlying roots (Hovy & Prabhumoye,
2021; McCoy et al., 2023). These include the pre-determined input provided to LLMs, i.e.,
training data, annotation, and alignment processes; the model architecture, i.e., their pur-
pose and design; and the research design, i.e., prompting and hyperparameters controlled
by the researchers themselves. Biases in these roots can have direct impacts on the quality
of survey data generated, processed, and analyzed with the help of LLMs. This section
discusses these potential error sources and their consequences in more depth. For a tabular
overview of potentials and pitfalls, see Table A1l in the Appendix.

3.1 Training and alignment

While LLM training data corpora contain a large selection of human-generated text, this
selection is not balanced. The corpora likely do not feature the diversity of attitudes and
behaviors present in human populations, due to a dual selection bias: the digital divide
impacts the composition of the “sampling frame” of potential training texts representing
humans vis-a-vis the target populations. The non-randomness of texts selected for training
corpora impacts the composition of the “sample” of actual training texts vis-a-vis the
“sampling frame”. Such biases can be especially detrimental when generating or processing
survey data, but also when it comes to adapting or administering questions with LLMs.
Although models based on biased data can sometimes make correct predictions, those
predictions are neither reliable nor valid, as the Google Flu Trends example (Lazer et al.,
2014) shows. With human attitudes and behaviors fluctuating, knowledge of what data
was used to arrive at the predictions, and how those sources might impact the outcome, is
crucial for social science inference.

Regarding the digital divide, bias is potentially introduced at several levels: First, there are
cross-national differences in Internet access and behavior (Union, 2022; Schumacher & Kent,
2023). Although global Internet penetration rates are by now high, people without Internet
access almost exclusively live in non-WEIRD countries (Crockett & Messeri, 2023; Union,
2022). Second, there are cross-sectional differences related to platform selection, production
of Internet text, and type of text production. These differences include sociodemographic,
socioeconomic, and attitudinal factors, such as age, education, and ideology (Blank, 2013;
Hoffmann et al., 2015; Shaw & Hargittai, 2018; Tucker et al., 2018; Hargittai, 2020; Kim et al.,
2021) and interact with the cross-national differences (Schumacher & Kent, 2023). Because



Published as a conference paper at COLM 2025

of these disparities, even if Internet text was randomly selected for LLM training, certain
populations and subgroups would be systematically under- or overrepresented (see also
”Big Data Error”: Amaya et al., 2020). The determinants of differences in online behavior
correlate with many key outcomes of interest in social science research (Dutwin & Buskirk,
2023). This can lead to coverage bias when using LLMs for survey research, as the attitudes
and behaviors of, e.g., older, less educated or skilled people and such with marginalized
identities are less likely to be featured in LLM input (and therefore, output), simply because
they are featured less on the Internet (Crockett & Messeri, 2023). As a result, LLMs might
struggle with accurately representing such groups or individuals when tasked to mimic
respondents, code and analyze responses, or during questionnaire design and evaluation.
For example, research suggests that LLMs are better able to emulate the attitudes of Western,
English-speaking, developed populations, particularly the U.S. (Qu & Wang, 2024; von der
Heyde et al., 2024) and do not represent all demographic subgroups equally well, even
within the U.S. (Bisbee et al., 2024; Sanders et al., 2023; Santurkar et al., 2023). Beyond such
biases undermining the multivariate analyses social scientists typically care about, the lack
of variance in responses observed in these and similar studies also raises questions about
the feasibility of synthetic samples in pre-testing. For example, when conducting power
analyses, LLM-generated data would suggest implausibly low sample sizes.

However, the selection of LLM training data is not random (see Clemmensen & Kjeersgaard,
2023, for a discussion of the distinction between representative vs. diverse data in Al). On
the contrary, LLM training corpora tend to be composed of sources authored by rather
homogeneous communities, such as curated books, the English Wikipedia, and Reddit
(Brown et al., 2020; Roberts, 2022; Kuntz & Silva, 2023; Shaw & Hargittai, 2018). What is true
for sampling in general and has been confirmed in the context of survey research using Big
Data also holds for LLM training data and inferences based on them: bigger is not always
better, as coverage bias can persist and might only be amplified (Hargittai, 2015; Bradley
et al.,, 2021). Web scraping, which is used to create a large part of LLM training datasets, can
lead to sampling bias (Foerderer, 2023). As a result, minority languages and the perspectives
of certain (sub)populations are likely underrepresented (Buschek & Thorp; Kuntz & Silva,
2023). The explicit and implicit attitudinal and behavioral biases expressed by the authors of
the texts in the selected datasets not only risk getting encoded, but being disproportionately
amplified in LLMs (Bender et al., 2021). For example, Heseltine & Clemm von Hohenberg
(2024) found that LLMs performed worse when labeling non-English political texts (see also
von der Heyde et al., 2025, for a survey research application). This could lead to a distorted
image of how underrepresented groups think and act, based on generalization or (out-group)
stereotypes, either explicit or implicit in the training data, rather than (in-group) authentic
content (see also Demszky et al., 2023; Linegar et al., 2023). This has major implications for
the data quality of synthetic samples generated with LLMs: they can only be as diverse as
the populations on which they were trained (Dillion et al., 2023; Grossmann et al., 2023).
In part, such issues might be tackled by fine-tuning ! LLMs with relevant social media or
survey data (e.g., Ahnert et al., 2025; Holtdirk et al., 2024). Nevertheless, this limitation can
undermine the goals of supplementing traditional survey data for marginalized subgroups
that are harder to survey — they likely cannot be captured by LLM-generated data either.

Measurement challenges also arise when considering that some of the data featured in LLM
training corpora is not necessarily an objective reflection of human preferences. Social media
users’ interaction with platforms is a function of its affordances and algorithms. Individuals
might use certain expressions to make their content more engaging (Buschek & Thorp),
leading to an overestimation of certain concepts. The fact that digital behavioral data is
not primarily generated for social science data collection also introduces validity issues
that transfer to LLMs, which during their training process might infer concepts from this
data that are not actually correct. For example, it has been shown that mentions of political
content in social media are an indicator of attention to politics rather than support of the
mentioned person or issue (Jungherr et al., 2017).

In addition to these potential biases associated with the training data, label bias can occur
when considering the attributes of the workers annotating LLM training data and aligning

IFurther training (optimizing) of LLMs with a dataset of input-output pairs for the specific use
case.
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LLMs through their feedback (Grossmann et al., 2023; Hovy & Prabhumoye, 2021). For
example, intra- and interpersonal variance in motivation and attention during such tasks
can lead to skews in the data LLMs learn from. More consequentially, systematic misinter-
pretations due to different backgrounds can occur. These include differing interpretations of
constructs between annotators, as well as mismatches between a text’s author’s intended
meaning and the annotator’s interpretation, possibly due to linguistic or cultural unfamil-
iarity (c.f. D’Ignazio & Klein, 2020). While the former may lead to certain interpretations
being overrepresented in LLMs or LLMs having no clear understanding of a concept when
they should have, the latter can incur misreporting of human attitudes and behavior when
using LLMs in survey research, both in terms of measurement and representation.

Finally, the temporality of training data implies that off-the-shelf LLMs are not by default
up to date with current developments, including changes in language use and global
political, economic, and social realities. This can lead to measurement and representational
challenges when using LLMs in survey research, as LLMs may produce output based
outdated understandings of attitudes and behaviors (e.g., von der Heyde et al., 2024). For
example, an LLM might wrongly label a survey response as not containing racist attitudes
although the connotation of the term used has since changed to express racism, resulting
in faulty measurement. Representational issues could arise if, e.g., training data cutoffs
preclude the realignment of political ideology and attitudes. For example, in the context of
war, left-leaners have traditionally been considered more dove-ish, and right-leaners more
hawkish, but this relationship has reversed in the context of the war in Ukraine — something
LLMs fail to pick up on if their training data cut off before the invasion (Sanders et al., 2023).

3.2 Model architecture

LLMs’ design and purposes can also impact output data quality for survey research. Off-
the-shelf LLMs’ optimization processes tend to focus on tasks and benchmarks that are not
directly related to survey research applications (Huckle & Williams, 2025; Sarstedt et al.,
2024). McCoy et al. (2023) demonstrate that LLM output is skewed towards tasks and
problems that are known to be more commonly mentioned in Internet text, regardless of
task complexity. This is likely also the case for survey research tasks in general (e.g., solving
math problems as a high-resource 2 task vs. simulating respondents as a low-resource
task), and specific subtasks (e.g., simulating respondents of populations better represented
through the training process as a higher-resource task vs. simulating underrepresented
respondents). Relatedly, although LLMs have an extensive general vocabulary, they might
have trouble with less common or domain-specific terms (Jansen et al., 2023). It is likely
that LLMs are better-positioned for tasks closer to their original purpose of text generation
and processing — that is, as a research assistant before (instrument development) and after
(data labeling) data collection. Thus, LLMs might only be useful for survey research in
very constrained settings — for specific tasks, topics, and populations (Dillion et al., 2023).
Accordingly, the majority of current studies employing LLMs for survey-related tasks can
be considered a lower bound (Bail, 2024), since they tend to focus on high-resource contexts:
English-speaking and Western, predominantly U.S.-American populations (e.g., Argyle
et al., 2023; Bisbee et al., 2024; Cerina & Duch, 2023; Kim & Lee, 2023; Mellon et al., 2024;
Rytting et al., 2023; Sanders et al., 2023; Santurkar et al., 2023). The representational and
measurement issues detailed in subsection 3.1 might inhibit the generalizability of these
studies’ findings, and survey methodologists need to investigate whether LLMs, or a specific
LLM (see subsection 3.3), is fit for the purpose they want to employ it for.

Further, how LLMs transform textual input into semantic representations can lead to
biases. The associations LLMs generate between words during their training processes
(embeddings) might be biased (e.g., Ball et al., 2025), possibly as a result of explicit or
implicit biases in the training data as well as the tokenizers. In addition to the biases listed
above, such erroneous associations could arise from spurious correlations in the training
data which the LLM identifies as a pattern, since it relies on the input as a representation
of reality (Grossmann et al., 2023). Such biases might only be masked by debiasing efforts,

2Tasks that are easy for an LLM to complete because it has been provided with more training data
enabling it to fulfill the task, like common logical problems or English-language text.
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i.e., the LLM is prevented from explicitly generating harmfully stereotypical output, but the
underlying biases might still carry through the way it performs, e.g., opinion prediction or
labeling tasks.

In addition, measurement challenges arise when considering what LLM output technically
represents: the conditional probability of the previous (prompt and completion) words
being followed by said output. In other words, while LLMs produce human-like text out-
put, it is unclear whether that output represents (and therefore can approximate) human
cognitive processes (Dillion et al., 2023). This puts into question construct validity, as such
probabilities might not actually reflect social science constructs. More fundamentally, it
is not entirely transparent how LLMs arrive at their ultimate output, also considering it
is probabilistic rather than deterministic (e.g., Grossmann et al., 2023). However, under-
standing the data-generating processes behind social science data lies at the foundation
of inference. Measurement quality is further complicated because the generated natural
language outputs sometimes do not match what the underlying probabilities would suggest
(Wang et al., 2024b). Thus, whether researchers use the text output at face value or whether
they work with the underlying probabilities makes a difference for inference.

Another model design aspect potentially leading to errors is LLMs’” more explicit features,
especially when using them for data generation. On the one hand, they tend to be pro-
grammed to always be helpful and provide a satisfactory and confident response — even
when the information in the training data would suggest an ambiguous response or none at
all, e.g., due to lacking information. While this may solve missing data problems commonly
found in survey research, it does not mirror human reality. For example, when using LLMs
to simulate respondents, LLMs might respond where (certain) humans would refuse. Al-
though this feature is often presented as desirable or even the point of using LLM-generated
data in the first place, it challenges the validity of LLM-generated responses, as they do not
mirror human behavior. On the other hand, guardrails designed for ensuring LLMs do not
give overly sexist, racist, or otherwise harmful responses could lead to such perspectives
not being captured by LLM output (Grossmann et al., 2023; Demszky et al., 2023), although
they do exist among humans. Similar to social desirability in surveys, this “machine desir-
ability” can negatively impact measurement. Relatedly, due to their preprogrammed goal
of agreeableness, LLMs might have a tendency for acquiescence bias (Bail, 2024; Dentella
et al., 2023).

3.3 Research design

Moving from developer-determined specifications to researcher-determined factors, data
quality can also be impacted by the specific choice of LLM. Each LLM is made up of a unique
combination of training data, alignment processes, weights, and overall model architecture.

For example, it has been found that GPT base models® tend to reflect more lower-income,
conservative views, whereas instruction-tuned GPT models have a liberal elite bias (Dillion
et al., 2023). The choice of LLM might in turn be impacted by its affordances, such as
the accessibility, user interface, or usage limits. LLMs vary in speed and cost as well
as optimization for specific languages or tasks. They might also have different default
values for hyperparameters, which researchers might be induced to carry forward as to
not “artificially” alter the model, possibly resulting in less-than-optimal and incomparable
output. Therefore, different LLMs may perform differently given the same survey research
process task — the question then is not only whether an LLM can perform a task, but which
LLM. This poses a challenge for generalizability claims of which tasks can be augmented
by LLMs, and for best practice recommendations. This challenge is compounded by the
fast-paced (and often intransparent or uncontrollable) updates to (proprietary) LLMs, which
may not always carry performance improvements for the specific task at hand, impacting
reliability.

Further, the variability of model hyperparameters potentially inhibits data quality of LLM-
augmented survey research. For example, while the amount of randomness in LLM outputs
can be reduced by lowering the temperature, thereby increasing reliability by forcing the

3LLMs that have not undergone alignment based on human feedback.
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LLM to always pick the most likely option, this also reduces within-group variability to a
level unlikely found in humans: If given two output choices, for example, two response
options to an attitudinal question or two categories for a text classification, one with a
probability of 0.51 and one with 0.49, an LLM with minimum temperature would be forced
to always choose the option with 0.51, even though, in reality, almost 50 percent of cases fall
into the other category. Although experiments with different hyperparameters can yield
insights into their optimization, the exact impact of these variables on the data-generating
process within LLMs is opaque, challenging validity.

Finally, LLMs’ sensitivity to prompt wording (e.g., Bisbee et al., 2024; Gui & Toubia, 2023;
Pezeshkpour & Hruschka, 2024) poses another challenge for data quality in LLM-augmented
survey research. Both choice and order of words and response options in the prompt input
can impact the output. While the survey pre-testing literature is informative about which
subtle questionnaire changes induce changes in human response behavior (e.g., Schuman
& Presser, 1996), there is no generalizable or systematic information about this for LLMs.
For example, Tjuatja et al. (2024) found that LLMs do not mirror human response biases,
but exhibit idiosyncratic ones. There is competing evidence regarding LLM robustness to
the order of options in closed-ended questions (e.g., Moore et al., 2024, vs. Pezeshkpour &
Hruschka, 2024). In addition, simply adding more information (e.g., more detailed category
descriptions for coding open-ended responses, or more information about respondents to
be impersonated) might not necessarily lead to better output quality; research indicates that
LLMs do not retain all information equally well in longer prompts, but sometimes tend to
“forget” the middle part (Liu et al., 2024). Whether “system” prompts specifying overall
task context and behavior ahead of individual requests (e.g., “You are a thorough survey
researcher”) can improve this is subject to debate (e.g., Zheng et al., 2024, vs. Frohling et al.,
2024).

4 Conclusion

As this review has demonstrated, LLMs have the potential to mitigate existing data quality
challenges in survey research, increase them, or introduce new ones, with both representa-
tional and measurement-related consequences. It is not clear how exactly their errors play
out in applied research. Traditionally, error frameworks have been developed and used for
identifying and quantifying the errors that can arise at different steps of the survey research
process. As has been the case for other new data sources (see Daikeler et al., 2024, for a
review), such frameworks need to be adapted to integrate LLMs (see section 5).

At the very least, the potential existence of such errors put into question the generalizabil-
ity of singular studies showcasing the successful application of LLMs to different survey
research tasks. Many of these studies have been conducted in high-resource contexts, and
LLMs were not a priori designed for survey research. Additionally, the relevance of LLM
strengths and weaknesses varies across tasks in the survey research process. Thus, any
survey-related application of LLMs needs to be evaluated for the specific task and context it
is to be employed in.

As has become evident through this paper, LLMs have the potential to revolutionize survey
research — for better or for worse. Compared to the long history of survey research meth-
ods, LLMs have emerged rather recently, which is why their applications to the field and
their potential challenges have yet to be systematically evaluated and addressed. With the
necessary knowledge about their potentials and limitations, as well as human supervision
and validation, it is possible that LLMs can be integrated with more tried and tested tools to
provide a better picture of how societies think and act.

5 Limitations
While this overview has outlined the potentials and pitfalls of using LLMs in survey research,
several limitations call for future research:

Systematic review of empirical findings. As a narrative review, this paper is mainly
conceptual and only presents empirical findings as representative examples of potential
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applications. As such, it aims to encourage methodologists and practitioners to engage more
deeply with the specific aspects discussed. Although this is a comprehensive overview, the
studies featured in it were not selected systematically. A more systematic literature review
could quantify and synthesize the state of empirical implementation of the different potential
applications and their respective findings, giving detailed insight into the conditions of
success and failure. Such a review could also highlight gaps in methodological and empirical
research, inviting further examination.

Concrete guidelines. Relatedly, developing an overview of approaches and best practices
and error mitigation strategies for ensuring data quality for different kinds of survey-
related LLM applications is a task for future work. For these efforts, it would be valuable
if survey researchers engaged with the natural language processing (NLP) community,
which has been working on understanding and improving LLMs from a technical point of
view. Developing a shared vocabulary (see, e.g., Simmons & Hare, 2023) can help create
synergies for improving data quality for and of LLMs. Beyond this, including a broader
range of stakeholders, for example, pollsters, interviewers, respondents, and annotators,
can highlight practical needs and ethical concerns for LLM integration. The considerations
discussed in this paper can offer a starting point for such a dialog.

Adaptation of TSE framework. While the present paper separately discusses how LLMs
can improve or worsen data quality in the survey research process, future research should
develop a standardized and unified error framework that allows researchers to quantify
biases, consider tradeoffs, and have specific standards for acceptable performance. Several
of the error sources previously identified for multinational surveys (Pennell et al., 2017),
Big Data (Amaya et al., 2020), and digital trace data (Sen et al., 2021) can likely be trans-
ferred to LLM-assisted survey research. In addition, as this review has highlighted, LLMs’
idiosyncratic features and research designs can also introduce new error sources, calling
for yet another adaptation of the Total Survey Error (TSE) framework (Groves et al., 2009;
Groves & Lyberg, 2010) to the LLM-augmented reality of survey research, organized either
along applications or along error sources. Integrating traditional, previously identified,
and LLM-specific errors into a unified framework would be a helpful contribution to both
the survey research community and the NLP community that is developing LLMs, which
would be provided with guidance for identifying biases, contributing to efforts to mitigate
them.
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A Appendix
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Figure Al: Roles and applications of LLMs in the survey research process.

Stage | LLM Role I Applications | Potentials Pitfalls
overall * Speed * Accuracy
* Labor-/ cost-efficiency * Computational resources & expertise

Pre-data Research Assistant Questionnaire design Increased scope for target-group Cultural, demographic, and linguistic
collection Questionnaire translation adaptation biases
Questionnaire evaluation
Sampling & recruitment material
design

Flexibility (mode, content, time)
Timeliness (emerging topics)
Standardization (emerging topics)
Accessibility (multi-mode)
Scalability (in-depth interviews)
Reduced interviewer effects

Scalability Cultural, demographic, political,
Avoidance of respondent burden & linguistic, temporal biases

Lack of rapport / human touch
Reliability

Data collection

bias (duration, sensitive topics) * Validity
* Simulating hard-to-survey * Reliability
populations * (Lack of) variability
+ Timeliness (emerging * Non-human response behavior
topics/prediction) * Machine desirability
* Imputation
Post-data i . Itimodal data p ing: . i ¢ Cultural, demographic, and linguistic
collection structuring, classification, * Scalability biases
curation * Reduced human errors * Misinterpretation

+ Data analysis Reliability

Table Al: Summary of data quality potentials and pitfalls of using LLMs in survey research.
Items with major impact are boldened. LLM training data, alignment, model architecture, and
research design can affect data quality overall.
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