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SUMMARY 
Large language models (LLMs) are transforming survey research by expanding the capacity to process, code, and 
analyze open-ended data. Automated coding can significantly reduce the time and effort required of human 
coders, but questions remain about reliability, bias, and implications for data quality. This research addresses 
these gaps by leveraging the General Social Survey (GSS), which provides nationally representative data and 
includes a recent innovation: respondents classifying their own open-ended answers. Using this methodology, the 
GSS can serve as a benchmark for evaluating LLM performance using respondent-provided classifications as well 
as expert (i.e., human) code as reference standards, also referred to as “ground truth.”  

Specifically, this research applies LLM-based coding methods to open-ended responses from the 2024 GSS follow-
on questionnaire, focusing on two domains: the most important issues facing America today and respondents’ 
household composition. These questions differ in complexity. The first elicits nuanced attitudinal responses, 
whereas the second captures factual information that can be difficult to measure using standard closed-ended 
question batteries. Respondents were asked to classify their open-ended responses into predefined GSS response 
categories, enabling direct comparison between the LLM coding versus respondent-provided classification. The 
dual-input coding design within the GSS follow-on allows us to measure accuracy, consistency, and potential 
sources of error in automated coding. Moreover, the GSS provides a unique opportunity to evaluate LLM-based 
coding against traditional human coding approaches while also offering a rich source of contextual information 
that can inform prompt design. 

Overall, this research finds that while human coding and review remain important, LLMs can effectively support 
the coding of open-ended survey responses. Notably, GPT-5-Mini (which requires substantially fewer 
computational resources than more advanced reasoning models) achieved coding accuracy comparable to that 
of expert human coders and the more computationally intensive Claude Sonnet 4.5 model. Both LLMs and human 
coders achieved higher accuracy when classifying factual responses about household composition than when 
classifying attitudinal responses concerning the most important issues facing the nation. We find that both the 
human coder and LLMs approached the attitudinal verbatims similarly, with higher agreement particularly with the 
GPT models. We also examine differences in coding accuracy across prompting conditions, tradeoffs involving 
cost and processing time, and implications for data cleaning and survey design. 

  



 
 

  

3 

SIGNIFICANCE OF STUDY 
This research contributes to an emerging literature on LLM-assisted coding, grounded in the General Social Survey 
(GSS), one of the most widely used sources of data on the attitudes and behaviors of the U.S. public. The GSS is 
a platform that provides demographic information about respondents, their attitudes on a myriad of issues, and 
decades of attitudinal trends that can enrich prompt engineering. Our research differs from others in that we 
leverage the GSS at the design stage to collect data that enables a richer evaluation of LLM-assisted coding of 
open-ended survey responses. Our contribution is threefold. 

First, this research evaluates LLM performance within a high-quality, nationally representative survey context 
rather than on convenience datasets or standalone coding exercises. By leveraging the GSS, the study assesses 
whether findings from the growing LLM literature generalize to population data collection efforts, while taking 
advantage of the rich contextual information available within the survey infrastructure. 

Second, the study advances methodological operationalizations of “ground truth” in open-ended coding. The 2024 
GSS follow-on captures respondents’ open-ended answers, respondents’ own classifications of those answers, 
and classifications produced by expert coders and LLMs. This design creates a unique opportunity to compare 
respondent meaning, expert interpretation, and model-based classification within a unified framework. Rather than 
assuming a single correct classification, this approach allows us to examine how different sources of 
interpretation converge or diverge when applied to the same respondent-generated text. As a result, the study 
evaluates not only coding accuracy, but also the broader question of what may constitute valid classification in 
open-ended survey measurement. 

Third, the study contributes to a growing literature on prompt engineering for AI-assisted survey research by 
evaluating whether survey-specific contextual information improves coding performance. Drawing on respondent 
demographic characteristics and historical response distributions available within the GSS, we assess whether 
contextual information commonly used by survey researchers can also enhance LLM-assisted classification. This 
provides practical evidence on how survey infrastructure and auxiliary data may be incorporated into automated 
coding workflows. 

Taken together, these contributions extend existing research on LLM-assisted coding by evaluating model 
performance within a nationally representative survey, introducing multiple reference standards for assessing 
coding quality, and examining the role of contextual information in prompt design. The findings provide practical 
guidance for integrating open-ended questions, respondent self-coding, expert review, and LLM-assisted coding 
into future survey workflows and questionnaire design. 
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BACKGROUND 

Large Language Models  
Large language models (LLMs) are transforming social science research. Because LLMs are capable of simulating 
human-like reasoning, judgment, conversation, and behavior, they are well-suited to assist with a range of research 
tasks, including research design, data collection, data analysis, and scientific reporting (Grossmann et al. 2023; 
Ziems et al. 2024). LLMs allow for the augmentation of survey research broadly (Rothschild et al. 2025) and, in 
particular, more efficient coding of open-ended survey responses (Mellon et al. 2024; Buskirk et al. 2025; 
Rothschild et al. 2026). 

Why use LLMs for response coding? LLMs offer several conveniences over alternative machine learning (ML) 
methods for open-ended response classification: they do not require a large dataset of labelled training data, they 
are highly inexpensive (in some cases, costing no more than 1¢ to classify a single open-ended response), and 
they can be conversationally instructed to perform tasks via “prompting”. Although researchers are able to utilize 
cutting-edge LLMs (e.g., GPT-5.1) via chatbot applications (e.g., ChatGPT) “off the shelf” without the traditional 
burdens of ML classification, several factors have been shown to impact classification performance and require 
consideration including: prompting techniques (also called prompt engineering or context engineering), model 
selection (particularly the choice of large versus small models), and fine-tuning (whether a model is further trained 
on task-specific examples of correct outputs). Throughout these decisions, humans remained involved in the 
coding process and prompt engineering. 

What factors influence the performance of LLMs in response coding? Recent research has investigated the 
downstream impacts of different LLM configurations on the quality of classification outputs. Concerning prompt 
engineering, two popular approaches are known as few-shot prompting, where the LLM is given task instructions, 
the relevant codebook, and example inputs that belong to each code category (Brown et al. 2020), or zero-shot 
prompting,  where the LLM is only provided instructions and the codebook with no guiding examples (Kojima et al. 
2022). Increasingly, findings reveal that few-shot prompting improves the performance of open-ended coding 
relative to zero-shot prompting (Mellon et al. 2024; Von der Heyde et al. 2025). 

Other research examines the impacts of the model itself. Von der Heyde et al. (2025) find that, beyond the usage 
of few-shot prompting, the best success was achieved when using a model fine-tuned on previously coded open-
ended survey responses – that is, enhancements to the model led to bigger gains than enhancements to the 
prompts. Foundational research on “scaling laws” suggests that increasing model size, training data, and compute 
leads to predictable improvements in performance, typically reflected in lower error and higher accuracy across 
tasks (Kaplan et al. 2020; Kostina et al. 2025). However, more recent research complicates this narrative, 
documenting diminishing returns to scale and instances where smaller language models outperform larger so-
called “reasoning” models on narrowly defined or simpler classification tasks (Chen et al. 2025; Kumar et al. 2025). 
This has led to a growing recognition that “bigger is not always better,” and that performance reflects an interaction 
between model size, data characteristics, and human activities such as prompt design. 

Open questions. Despite rapid progress, several important factors in open-ended classification remain 
underexplored, particularly the inclusion of contextual, task-specific information in prompts. One key gap concerns 
the incorporation of respondent-level demographic information or question-level metadata into prompts, mirroring 
their use as covariates in traditional statistical classification models. Indeed, survey researchers often utilize 
respondent characteristics, design features, or question context as informative auxiliary variables, whether in 
imputation, nonresponse adjustment, or models of open-ended text such as topic models (Andridge & Little 2010; 
Roberts et al. 2014). 
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A related open question concerns the use of historical information or past trends in response patterns, which can 
be conceptualized as analogous to lagged outcomes in panel or time-series models. In many survey settings, 
particularly repeated cross-sections such as the General Social Survey (GSS), it is possible to observe stable 
question wording and track changes in response distributions over time. Prior work in survey research emphasizes 
the importance of temporal consistency and trend analysis for understanding public opinion and measurement 
properties (see, for instance, Petty & Krosnick 2014), yet these dynamics are largely absent from current research 
on LLM-assisted open-ended response classification. 

Taken together, these gaps motivate the present study, which leverages a unique design feature to generate high-
quality ground-truth data for evaluating classification performance, which we describe next. 

The General Social Survey Follow-On Questionnaire  
The General Social Survey (GSS) is a nationally representative survey that has been conducted since 1972 to 
measure the attitudes and opinions of people in the United States (GSS n.d.). Primarily conducted every two years, 
the GSS added a web-based follow-on questionnaire (also called GSS Next) in 2022 to ask respondents additional 
questions and field survey question experiments. The follow-on questionnaire of the 2024 GSS asked respondents 
two open-ended questions: the respondents’ household composition (HHTYPE) and the most important issues 
facing America today (TOPPROB). The GSS provides a unique and novel opportunity to compare traditionally 
implemented open-ended coding efforts (i.e., manual coding with human labor) with LLMs and has expansive data 
to test prompts with additional contexts, such as by including demographic information about the respondents 
who provided the open-ended response, and any past trends of data. 

The variable HHTYPE (household type) is a commonly constructed variable from household rostering or from 
other available questions asking about household composition in the household module of the baseline 
questionnaire. In the 2024 GSS baseline, the variable was constructed using traditional methods, but the follow-
on to the 2024 baseline presented a new set of questions. In the 2024 follow-on questionnaire, respondents were 
first asked an open-ended question to describe their household: “Please describe your household- how many 
people live in your household and what is each of their relationship with you and each other.” On the next screen 
of the web instrument, respondents were asked, “Given what you said, which of these matches your household?” 
and a list of the HHTYPE response categories was provided. Exhibit 1 displays the first screen respondents saw 
on the left, and the next screen they were shown on the right. 

Unlike HHTYPE, the variable TOPPROB (the most important issues facing America) has only been asked of GSS 
respondents in 2010 and 2021. However, in the 2024 follow-on questionnaire, and similar to HHTYPE, respondents 
were first asked an open-ended question: “What do you think is the most important issue for America today?” On 
the next screen of the web instrument, respondents were asked, “Which of the following issues matches your 
answer to the previous question?” and a list of the TOPPROB response categories was shown. Exhibit 2 displays 
the first screen respondents saw on the left and the next screen they were shown on the right. 

The follow-up questions to both HHTYPE and TOPPROB open-ended questions are a way to validate the 
respondents’ verbatim text by asking them to self-code their open-ended response with the follow-up question in 
each instance. In this research, we use the follow-up questions HHTYPE1_NEXT and TOPPROB1_NEXT to 
measure the accuracy of how the human coder and LLMs code the open-ended response that was asked in the 
first question. For purposes of this research, we refer to these responses as the “ground truth” moving forward. 
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Exhibit 1. Example of HHTYPE respondent-facing screens from the 2024 GSS follow-on web questionnaire. 

 

 

 

 

 

 

 

 

 

 

 

 
Note: Variable names HHTYPE and HHTYPE1_NEXT were not shown to respondents. They are included here for ease of 
interpretation. HHTYPE1_NEXT was shown separately to respondents. 

Exhibit 2. Example of TOPPROB respondent-facing screens from the 2024 GSS follow-on web questionnaire. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: Variable names TOPPROB and TOPPROB1_NEXT were not shown to respondents. They are included here for ease of 
interpretation. TOPPROB1_NEXT was shown separately to respondents. 
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METHODS 
To investigate the utilization of LLMs to code verbatim respondent answers, we use open-ended HHTYPE (n=920) 
and TOPPROB (n=923) responses from the 2024 GSS Next follow-on questionnaire, self-administered via the web. 
Motivated by open questions around the impacts of model type and prompting on LLM coding performance, this 
study poses the following research questions: 

RQ1. Does the performance of response coding differ across different LLM models?  

RQ1a. Does including contextual information in prompts improve response coding performance?  

RQ2. Does LLM response coding performance differ between factual (household composition) and opinion 
(societal issues) questions?  

RQ3. How does the performance of LLM response coding compare to expert human response coding? 

Analytic Plan 
Models. To address our research questions, we evaluate1 coding outcomes across three specific LLMs of various 
capacities from small and fast, to larger “reasoning” models: GPT‑5‑mini, GPT‑5, Claude‑Sonnet-4.5.  These models 
were chosen for three key reasons. First, we wanted to analyze outcomes across both large and small models. 
Second, we were limited to models within the NORC secure compute environment, which, as we began the project, 
included multiple varieties of ChatGPT, Claude, and Microsoft Copilot. We eliminated Copilot from contention 
based on advice from colleagues as well as the absence of a convenient programmatic pipeline to it. We selected 
more contemporary models out of concern for the discontinuation of older models, such as ChatGPT4 models, 
which had public access issues during the planning phase. Ultimately, we selected what we viewed as the standard 
large and small ChatGPT models (GPT-5 and GPT-5-mini, respectively), as well as the best non-ChatGPT model 
we had secure access to (Claude-Sonnet-4.5). 

Outcomes. To evaluate the quality of the LLM-generated codes, we compare LLM coding results with respondent 
self-coded data, examining the degree of agreement, and identifying systematic category-level differences. The 
manual coding is completed by a researcher with over 4 years of experience coding GSS open-ended data, whose 
coding results we herein refer to as “expert code” in the results below. Additionally, we analyze the accuracy of the 
coding with respect to the respondent’s own coding, which we refer to as the “self code” and treat as the “ground 
truth" for our primary analysis.2 As a secondary analysis (see Appendix C) we elicit the LLM for a confidence score 
for each of its predicted response codes. 

This research has two sources of “ground truth” to test coding accuracy. First, this research uses the respondent’s 
own coding, which is captured in GSS variables HHTYPE1_NEXT and TOPPROB1_NEXT, and follows their paired 
open-ended questions, as “ground truth” and the primary measure to test how accurate the LLMs and expert coder 
are. Second, the expert code can also serve as a reference point for coding open-ended responses, which we use 
as “ground truth” in supplemental analyses of the TOPPROB coding.3 This design mimics two different scenarios 
for coding survey data – relying on respondent self-report, and utilizing expert coding instead of respondent self-
report, and allows us to test against both scenarios with limited survey questions. Having multiple forms of “ground 

 
1 To standardize our evaluation, this analysis employs a programmatic API-based approach. All model prompting workflows 
and data analysis was conducted in R. 
2 Though we operationalize this data as ground truth for the purposes of this study, this data is also subject to measurement 
error (Chew et al. 2026). Previous work has shown that when the self-coding task is presented in the format of a yes/no 
question, codes suffer from acquiescence bias or an inflation of false positives (Barari et al. 2025). 
3 We also conducted this analysis for HHTYPE and have omitted the results (which largely align with TOPPROB) for brevity. 
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truth” allows us to test the coding accuracy of the expert code and LLMs against the respondent, as well as the 
coding accuracy of the LLMs against the expert code. In either case, at least one human remains in the loop as 
the gold standard for each test: the respondent themselves, or the expert reviewer. We note, however, that both 
sources may still experience different forms of measurement error.   

Prompt Conditions. Across each model and question type, we evaluate how prompt design influences LLM 
response codes by determining whether a second prompt with more contextual information improves the 
accuracy. 

For each set of verbatim responses (HHTYPE and TOPPROB), we compare coding results across two zero-shot 
prompting strategies: base prompts and contextual prompts. Base prompts consist of concise, direct instructions 
guiding the LLM to assign the most appropriate category label to a respondent’s open-ended answer (e.g., "Your 
task is to assign the most appropriate category label from the list below to a respondent's open-ended answer"). 
In contrast, contextual prompts provide additional contextual information tailored to each variable to assess 
whether expanded guidance affects coding decisions. For HHTYPE, we include respondent demographic 
characteristics such as sex, age, nativity, marital status, household generational composition, and number of 
children as supplemental information4 in the second prompt. For TOPPROB, we provide previous TOPPROB trends 
from the 2010 and 2021 GSS as supplemental information in the second prompt. Both sets of prompts for 
HHTYPE and TOPPROB can be found in Appendix A and Appendix B, respectively.  

Code Preparation, Prompt Engineering, and Significance Testing 
Code Preparation. To prepare the verbatim responses for LLM coding, we first exported the verbatim responses 
for both HHTYPE and TOPPROB from the raw 2024 GSS follow-on data file. Next, we removed any personal 
identifying information from the verbatim data sets and kept the GSS respondent ID assigned to each verbatim 
response. This resulted in 920 HHTYPE and 923 TOPPROB verbatim cases to be coded. 

Each set of code for HHTYPE and TOPPROB, aside from the differences in the second prompt design detailed 
above in the Analytic Plan, has similar coding designs tailored to each LLM. Each set of code relied on the same 
pipeline to communicate with the various models – importing the open-ends from an Excel file into R, and stripping 
out any columns that we did not want to allow the LLMs to access; reading in a system prompt; a batch processing 
script which automatically imposed model, maximum spend, delimiters, batch sizes, and all inputs and outputs. 
Following model output, pipelines diverged to address each model-specific, batch-specific error, cleaning up poorly 
formatted output, misaligned columns, and other errors that were localized on a batch level. 

We specified relatively large batches for these prompts, relative to other open-ended coding approaches we have 
encountered – up to 25 cases per batch, with an automatic provision in our R code to re-send a batch if output did 
not match minimum parameters in terms of output columns. However, this did not prevent models from providing 
misaligned or other erroneous output. For example, when addressing the other specified codes in TOPPROB, 
Claude-Sonnet-4.5 would occasionally misalign a batch and output each additional code as its own column, rather 
than keeping them all in a single column separated by commas. Some model batches produced unspecified 
numeric codes outside of the bounds of the code frames. However, we allowed these codes to persist, as they 
represented coding failures that we are interested in accounting for. We believe that smaller batch sizes are likely 
to reduce these errors in the future, but with the tradeoff of idiosyncratic batch failures occurring more often and 
requiring more post-processing cleanup. 

These workflows and issues both demonstrate the necessity of human oversight for LLM coding of open-ended 
responses. While we tested several different iterations of the workflow, standardization process, and error 

 
4 Specifically, we use GSS variables SEX, AGE, USCITZN, MARITAL, FAMGEN, and CHILDS to represent demographic 
characteristics for each respondent in this prompt. 
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correction process, the one that we ultimately deployed involved the most human labor to produce outcomes. 
Other workflows with fewer standardization steps tended to produce higher batch failure rates, or LLMs failing to 
code all batches.  

Prompt Engineering and Output. Our prompts utilized a standard structure: a single line identifying the LLM’s 
persona for the coding activity, followed by a task specification. Next, we included the verbatim question text and 
code frame for the LLM to use. Then, we included any additional information – a default instruction to think 
carefully before assigning numeric responses, as well as other information for Prompt #2. Finally, we ended on a 
set of classification rules, specifying formatting and expected output independent from other instructions. Please 
see Appendix A and B for the prompts, which include classification rules. 

Each prompt was iterated 3-5 times before producing the final results analyzed in this report, identifying missing 
rules relating to output and formatting, as well as specifying codes. We utilized a persona-based approach for 
prompting, instructing each LLM, “You are an expert survey research coder trained in coding open-ended responses 
with high precision,” to set the initial conditions for open-ended coding, but did not include any other persona-based 
information. Initial prompts did not include any instructions for the standard GSS missing value codes (primarily 
.s for Skipped), while the final version of the prompts includes instructions for handling these values. These 
iterations further emphasize the need for human review in the process of working with LLMs – a naive prompting 
strategy with the same outline of steps (persona, task, verbatim question text, classification rules, and formatting) 
would produce less accurate and reliable results than our iterated prompts.  

Results were generated quickly once prompts were finalized. All three LLMs processed the data in less than 30 
minutes per prompt by set of open-ended verbatims. Claude-Sonnet-4.5 was significantly faster than the two 
ChatGPT models, resolving coding within about 10 minutes for each prompt, while GPT-5-Mini was the slowest, 
taking more than 25 minutes per prompt. However, Claude-Sonnet-4.5 also required the most error correction in 
post-processing. Individual batches (25 verbatims) of Claude-Sonnet-4.5 prompts would fail at a rate of 2-4 per 
prompt, while both ChatGPT models saw fewer than one failure per prompt (1 overall for GPT-5, none for GPT-5-
Mini). 

Statistical Tests. To test for statistically significant differences in accuracy (i) between pairs of coders and (ii) 
between prompt conditions, we use the two-sample test for equality of proportions with Yates’ continuity 
correction applied5 where the respondent self-coded ”ground truth” was treated as “correct” coding response. We 
conducted these tests both overall per question as well as for individual categories within each question. Given 
the volume of statistical tests, we adjust p-values for multiple hypothesis testing via the Benjamini-Hochberg (BHq) 
procedure (Benjamini & Hochberg, 1995). In general, as we show in great detail in the results that follow, we did 
not surface many statistically significant differences between models and the expert coder or between prompting 
conditions. 

In the next section, we provide specific code frame details and results per HHTYPE and TOPPROB analyses. 

 
5 Tests use R’s prop.test(correct = TRUE), a continuity-corrected test for differences in independent proportions. 
Because models were evaluated on the same cases, McNemar’s paired test would ordinarily be preferable. However, model-
specific failures mean each paired comparison would use a different subset of valid cases, so paired-test accuracies may not 
match the reported marginal accuracies or be comparable across pairs. We therefore use marginal accuracy comparisons, 
treating failures as missing at random. 
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RESULTS  

Household Type (HHTYPE) Coding and Results 
First, we investigate the coding accuracy of open-ended responses for respondents to describe their household, 
“Please describe your household- how many people live in your household and what is each of their relationship 
with you and each other.” We provided the HHTYPE code frame seen in Exhibit 3 in the LLM coding prompts to 
guide the LLMs on how to assign verbatim responses to household categories. These are the same categories 
presented in the second household composition question shown to respondents (HHTYPE1_NEXT, see Exhibit 
1).  

Exhibit 3. HHTYPE Code Frame. 

Value Label Response Category 

1 Married couple, no children in the household 
2 Single parent 
3 Other family relationship (e.g., cousins, grandparents, aunts & uncles), no children in the household 
4 Single adult 
5 Cohabiting couple, no children in the household 
6 Non-family relationship (e.g., friends, coworkers), no children in the household 
7 Married couple, children in the household 
8 Cohabiting couple, children in the household 
9 Other family relationship, children in the household 

10 Non-family relationship, children in the household 
11 None of these 

HHTYPE Coding Results Across Models and Prompts 

We use responses to the second question in the HHTYPE series, HHTYPE1_NEXT, as the source of truth for the 
accurate code as it is the respondents’ self-coded answer to the open-ended question that was asked first. Exhibit 
4 reports the overall coding accuracy of expert and LLM code, compared to the respondents’ answers in 
HHTYPE1_NEXT across Prompt #1 (direct instructions) and Prompt #2 (including demographic background). 
Please see Appendix A for the detailed language used. 

Overall, the human coder produced the highest coding accuracy (81%), though differences in performance with 
the LLMs in either prompting condition were not statistically significant (either before or after adjustment for 
multiple comparisons). 

Prompt accuracy varies by LLM, but only by a small amount. In general, the smallest model, GPT-5-mini, performs 
nominally better than the larger models GPT-5 (not significantly) and Claude-Sonnet-4.5 (p < 0.1 across both 
prompt conditions). 

Exhibit 4. HHTYPE Overall Accuracy. 

Prompt Strategy Expert Code GPT-5-Mini GPT-5 Claude-Sonnet-4.5 

Prompt #1  81% 
79% 79% 77% 

Prompt #2 (+Change) 80% (+1%) 78% (-1%) 76% (-1%) 
Note: Accuracy is determined according to the respondent's self-categorization HHTYPE1_NEXT. The highest accuracy by 
prompt is indicated in bold. 



 
 

  

11 

Exhibit 4 also reports on any overall coding improvement from Prompt #1 (direct instructions) to Prompt #2 
(including demographic background). Of the LLMs, including demographic information (Prompt #2) marginally 
improved the accuracy of GPT-5-mini (<1%), but not the larger models GPT-5 and Claude-Sonnet-4.5, which appear 
to classify less accurately with the inclusion of demographic information of the respondents. Changes in model 
performance between prompting conditions are not statistically significant. 

HHTYPE Coding Results Across Household Categories 

Coding accuracy among household categories is highest for open-ended responses describing married couples 
and single adults across both Prompt #1 (direct instructions) and Prompt #2 (including demographic background) 
(Exhibit 5 and Exhibit 6). Because the human coder was not influenced or guided by additional information, such 
as the LLMs, the expert code accuracy results are shown in both Exhibit 5 and Exhibit 6 as a reference, but the 
prompt manipulation is not relevant to the expert code accuracy results. We also report all errors produced by the 
LLMs in the last rows of Exhibit 5 and Exhibit 6. 

Exhibit 5 reports on the coding accuracy of the expert code and the LLMs across household categories by using 
only direct instructions in Prompt #1. Households where the respondent is married (accuracy ranging from 83% 
to 96%), living as a single adult (88% to 93%), or describe their household composition as including non-family 
members with children present (81% to 90%) have the highest coding accuracy from the expert code and the 
LLMs. The household categories with the lowest coding accuracy, and the most difficult for the expert code and 
LLMs, include cohabiting (accuracy ranging from 42% to 47%), other family (12% to 41%), and non-family (33% to 
66%) arrangements where children are present, and the “None of these” category (2% to 9%). 

Exhibit 5. HHTYPE Prompt #1 Accuracy. 

Household Category Expert Code GPT-5-Mini GPT-5 Claude-Sonnet-4.5 
 

Married, no children 96% 95% 94% 94% 
 
 

Married, with children 87% 89% 88% 83% 
 
 

Single parent 70% 59% 64% 62% 
 
 

Single adult 93% 89% 88% 89% 
 
 

Cohabiting, no children 69% 72% 68% 68% 
 
 

Cohabiting, with children 43% 47% 47% 42% 
 
 

Other Family, no children 67% 58% 50% 50% 
 
 

Other Family, with children 13% 35% 41% 41% 
 
 

Non-family, no children 90% 82% 82% 82% 
 
 

Non-family, with children 33% 33% 67% 67% 
 
 

None of these 3% 7% 9% 7% 
 
 

Uncodeable/Error N/A 0% 0% 0% 
 
 

Note: Accuracy results are compared to the respondent's self-categorization HHTYPE1_NEXT. The highest accuracy by 
household category is indicated in bold. The “uncodeable/error” row represents the amount of error produced by the LLM. 

Exhibit 6 reports on the coding accuracy of the expert code and the LLMs across household categories by using 
the demographic information of respondents in Prompt #2. Specifically, we include respondent demographic 
characteristics such as sex, age, nativity, marital status, household generational composition, and number of 
children as supplemental information in the second prompt to determine if additional demographic contexts 
improve the coding accuracy and data quality of the simple directive output (Prompt #1). 



 
 

  

12 

Exhibit 6. HHTYPE Prompt #2 Accuracy. 

Household Category Expert Code GPT-5-Mini GPT-5 Claude-Sonnet-4.5 
 

Married, no children 96% 96% 94% 91% 
 
 

Married, with children 87% 89% 87% 81% 
 
 

Single parent 70% 60% 63% 63% 
 
 

Single adult 93% 92% 88% 84% 
 
 

Cohabiting, no children 69% 68% 68% 68% 
 
 

Cohabiting, with children 43% 47% 45% 41% 
 
 

Other Family, no children 67% 50% 58% 50% 
 
 

Other Family, with children 13% 35% 29% 41% 
 
 

Non-family, no children 90% 82% 82% 82% 
 
 

Non-family, with children 33% 67% 67% 67% 
 
 

None of these 3% 7% 9% 12% 
 
 

Uncodeable/Error N/A 3% 0% 2% 
 
 

Note: Accuracy results are compared to the respondent's self-categorization HHTYPE1_NEXT. The highest accuracy by 
household category is indicated in bold. The “uncodeable/error” row represents the amount of error produced by the LLM. 

Including demographic information greatly improves the coding of non-family households with children (by 33%) 
and marginally improves married and single household categories (1% to 2% improvement) in the GPT-5-mini 
model (Exhibit 7). Prompt #2 slightly improves coding of respondents who describe ”other family” households with 
no children (7%) present in the GPT-5 model, and there is a small improvement for coding of single parent and 
“none of these” categories (1% to 5%) in the Claude-Sonnet-4.5 model. However, including the additional 
demographic context lowered the coding accuracy in some categories (e.g., other family households with children 
coded by GPT-5), as well as produced more coding errors. Differences in the accuracy of any particular category 
between Prompt #1 and Prompt #2 are not statistically significant across any model. 

Exhibit 7. HHTYPE Prompt Improvement from Prompt #1 to Prompt #2. 

Household Category GPT-5-Mini GPT-5 Claude-Sonnet-4.5 

Married, no children 0.9% -0.4% -2.7%  
Married, with children 0.0% -1.0% -2.0% 

 
 

Single parent 1.3% -1.3% 1.3% 
 
 

Single adult 2.2% -0.4% -4.8% 
 
 

Cohabiting, no children -4.0% 0.0% 0.0% 
 
 

Cohabiting, with children 0.0% -2.6% -1.6% 
 
 

Other Family, no children -7.7% 7.7% 0.0% 
 
 

Other Family, with children 0.1% -11.8% -0.1% 
 
 

Non-family, no children 0.0% 0.0% 0.0% 
 
 

Non-family, with children 33.4% 0.0% 0.0% 
 
 

None of these 0.0% 0.0% 4.7% 
 
 

Uncodeable/Error 2.8% 0.0% 2.3% 
 
 

Note: Improvement accuracy results are compared to the respondent's self-categorization HHTYPE1_NEXT. The best 
improvement (i.e., higher than 0%) by household category is indicated in bold. The “uncodeable/error” row represents the 
amount of error produced by the LLM. 

In sum, the expert code and LLM code accuracy perform similarly across household categories in terms of 
household structures that are representative of married couples with and without children, single adults, and non-
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family households with no children (e.g., roommates). The expert code and LLMs have more difficulty parsing out 
single parent, cohabiting, other family, and non-family households with children present. Overall, the LLM that 
performs best with coding household composition open-ended responses is GPT-5-Mini, with or without having 
the demographic characteristics of the respondents. Moreover, GPT-5-Mini offered the best improved coding of 
non-family households with children, after being given the additional demographic context. 

America’s Top Problems (TOPPROB) Coding and Results 
Next, we use the same framework to investigate the coding accuracy of open-ended responses to the attitudinal 
question, “What do you think is the most important issue for America today?” We provided the TOPPROB code 
frame seen in Exhibit 8 in the LLM coding prompts to guide the LLMs on how to assign verbatim responses to 
their appropriate categories. These are the same categories presented in the second question shown to 
respondents (TOPPROB1_NEXT, see Exhibit 2).  

Exhibit 8. TOPPROB Code Frame. 

Value Label Response Category 

1 Health care 
2 Education 
3 Crime 
4 The environment 
5 Immigration 
6 The economy 
7 Terrorism 
8 Poverty 
9 None of these 

TOPPROB Coding Results Across Models and Prompts 

We use the second question in the TOPPROB series, TOPPROB1_NEXT, as the source of truth for an accurate code 
as it is the respondents’ self-coded answer to the open-ended question that was asked first. Exhibit 9 reports the 
overall coding accuracy of expert and LLM code, compared to the respondents’ answers in TOPPROB1_NEXT 
across Prompt #1 (direct instructions) and Prompt #2 (including previous TOPPROB trends). As described in the 
Methods section, the previous TOPPROB trends are from the 2010 and 2021 GSS. Please see Appendix B for the 
detailed language used.  

Overall, the coding accuracy of the TOPPROB open-ended questions is lower than that of household composition 
discussed in the previous sections. In TOPPROB coding, LLM GPT-5 produced a slightly better coding accuracy 
(64% to 65%) across both prompt strategies, compared to the other LLMs and the expert code. The expert code 
falls mid-range at 63% accuracy of the TOPPROB open-ended responses. 

Exhibit 9. TOPPROB Overall Accuracy. 

Prompt Strategy Expert Code GPT-5-Mini GPT-5 Claude-Sonnet-4.5 

Prompt #1  
63% 

64% 65% 61% 
Prompt #2 (+Change) 65% (+1%) 65% (+0%) 58% (-3%) 

Note: Accuracy results are compared to the respondent's self-categorization TOPPROB1_NEXT. The highest accuracy by 
prompt is indicated in bold. 
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Prompt accuracy slightly varies by LLM. In general, GPT-5 performs only nominally (though not statistically 
significantly) better than its smaller counterpart, GPT-5-Mini, and better (statistically significantly so) than the large 
LLM Claude-Sonnet-4.5 in both the Prompt #1 (p = 0.03) and Prompt #2 (p = 0.03) conditions. 

Exhibit 9 also reports on any overall coding improvement from Prompt #1 (direct instructions) to Prompt #2 
(including previous TOPPROB trends). Of the LLMs, including previous trend information (Prompt #2) marginally 
improved the coding accuracy of GPT-5 and GPT-5-Mini (<1%), but not Claude-Sonnet-4.5 (and none in a 
statistically significant way). Prompt #1 is not significantly different from Prompt #2 across any model’s 
performance. 

TOPPROB Coding Results Across Categories 

Coding accuracy among American issues categories is highest for open-ended responses that do not fit in the 
code frame topics (last category “None of these”), health care, and the economy across both Prompt #1 (direct 
instructions) and Prompt #2 (including TOPPROB trend history) (Exhibit 10 and Exhibit 11). Because the human 
coder was not influenced or guided by additional information, such as the LLMs, the expert code accuracy results 
are shown in both Exhibit 10 and Exhibit 11, but the prompt manipulation is not relevant to the expert code 
accuracy results. We also report all errors produced by the LLMs in the last rows of Exhibit 10 and Exhibit 11. 

Exhibit 10 reports on the coding accuracy of the expert code and the LLMs across American issue categories by 
using only direct instructions in Prompt #1. American issues described by respondents that do not fit in the 
substantive code frame topics, thus were coded in the “None of these” category, have a high coding accuracy by 
the expert code (92%) and the LLMs (ranging from 88% to 93%). Next, the economy (59% to 68%), immigration 
(51% to 52%), and health care (49% to 56%) categories fall into an intermediate level of coding accuracy. American 
issue categories with the lowest coding accuracy, and the most difficult for the expert code and LLMs, include 
education (26% to 31%) and terrorism (14% to 18%). Differences in accuracy between each of the GPT models and 
Claude-Sonnet-4.5 were statistically significant for the “None of these” category (p <0.01). Otherwise, differences 
in performance across classifiers are not statistically significant, suggesting that large differences may be artifacts 
of the small incidence of the corresponding categories. 

Exhibit 10. TOPPROB Prompt #1 Accuracy. 

Problem Category Expert Code GPT-5-Mini GPT-5 Claude-Sonnet-4.5 
 

Health care 56% 52% 53% 49% 
 
 

Education 26% 31% 27% 27% 
 
 

Crime 46% 47% 48% 49% 
 
 

The environment 52% 45% 48% 43% 
 
 

Immigration 51% 52% 52% 52% 
 
 

The economy 60% 68% 68% 59% 
 
 

Terrorism 14% 14% 14% 18% 
 
 

Poverty 41% 36% 33% 43% 
 
 

None of these 92% 92% 93% 88% 
 
 

Uncodeable/Error N/A 1% 0% 3% 
 
 

Note: Accuracy results are compared to the respondent's self-categorization TOPPROB1_NEXT. The highest accuracy by 
category is indicated in bold, though the improvement is not necessarily statistically significant (we note where it is in the 
main text). The “uncodeable/error” row represents the amount of error produced by the LLM. 

Exhibit 11 reports on the coding accuracy of the expert code and the LLMs across American issue categories by 
using the previous TOPPROB trends in Prompt #2. Specifically, we include 2010 and 2021 TOPPROB trends by 
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category as supplemental information in the second prompt to determine if additional trend information improves 
the coding accuracy and data quality of the simple directive output (Prompt #1). 

Exhibit 11. TOPPROB Prompt #2 Accuracy. 

Problem Category Expert Code GPT-5-Mini GPT-5 Claude-Sonnet-4.5 
 

Health care 56% 53% 53% 45% 
 
 

Education 26% 29% 27% 26% 
 
 

Crime 46% 48% 51% 43% 
 
 

The environment 52% 45% 48% 45% 
 
 

Immigration 51% 52% 51% 51% 
 
 

The economy 60% 67% 69% 57% 
 
 

Terrorism 14% 14% 18% 19% 
 
 

Poverty 41% 38% 36% 45% 
 
 

None of these 92% 93% 93% 83% 
 
 

Uncodeable/Error N/A 0% 0% 4% 
 
 

Note: Accuracy results are compared to the respondent's self-categorization TOPPROB1_NEXT. The highest accuracy by 
category is indicated in bold, though the improvement is not necessarily statistically significant (we note where it is in the 
main text). The “uncodeable/error” row represents the amount of error produced by the LLM. 

Including TOPPROB trend information 2010 and 2021 in Prompt #2 improves some categories marginally (<4% 
improvement) and lowers the accuracy of others (Exhibit 12). By American issue category, the environment sees 
a slight improvement by GPT-5-Mini (<1%) and Claude-Sonnet-4.5 (2.6%) models; terrorism sees a small 
improvement by GPT-5 (3.5%) and Claude-Sonnet-4.5 (<1%); and the poverty category sees improvement across 
all models (ranging 2% to 3.5%). By LLM as a whole, GPT-5 sees the most improvement across categories, followed 
by GPT-5-Mini, then Claude-Sonnet-4.5.  Differences in the accuracy of any particular category between Prompt 
#1 and Prompt #2 are not statistically significant across any model. 

Exhibit 12. TOPPROB Prompt Improvement from Prompt #1 to Prompt #2. 

Problem Category GPT-5-Mini GPT-5 Claude-Sonnet-4.5 
 

Health care 1.0% 0.0% -4.0% 
 

 
Education -2.0% 0.0% -0.9% 

 
 

Crime 1.6% 2.4% -6.6% 
 

 
The environment 0.1% 0.0% 2.6% 

 
 

Immigration 0.0% -0.7% -0.9% 
 

 
The economy -1.3% 0.4% -2.2% 

 
 

Terrorism 0.0% 3.5% 0.9% 
 

 
Poverty 1.8% 3.5% 2.2% 

 
 

None of these 1.5% 0.3% -4.6% 
 

 
Uncodeable/Error 0.5% 0.0% 0.9% 

 
 

Note: Accuracy results are compared to the respondent's self-categorization TOPPROB1_NEXT. The best improvement (i.e., 
higher than 0%) by category is indicated in bold, though the improvement is not necessarily statistically significant (we note 
where it is in the main text). The “uncodeable/error” row represents the amount of error produced by the LLM. 

In sum, as with the household coding, the expert code and LLM code accuracy perform similarly across American 
issue categories, with GPT-5 performing slightly better than the other LLMs and the expert code. Moreover, GPT-
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5 saw improvement among some categories by including TOPPROB trend information in Prompt #2, and did not 
produce any coding errors in Prompt #1 or Prompt #2 results. 

Overall, the coding accuracy of the TOPPROB open-ended questions is much lower than that of the household 
composition discussed in the previous sections. Though GPT-5 had the highest accuracy (64% with Prompt #1, 
65% with Prompt #2), and the expert code was close in accuracy (63%), these numbers are still low compared to 
the accuracy provided in the household composition coding (81% accuracy by the expert code, 79% to 80% 
accuracy with GPT-5-Mini). This is primarily due to the nature of the question being asked. Accuracy among 
categories is highest when respondents are clear in their response; otherwise, responses are difficult to code. For 
example, if a respondent provided the verbatim response, “economic stability,” and then chose the category 
“Economy” for the second response, both human coder and LLMs are more likely to code this response accurately. 
On the other hand, if a respondent only provides “the divisiveness” as their verbatim response and then chooses 
the category “Economy” for the second response, neither human coder nor the LLMs will provide the “correct” 
coding.  

In a certain respect, the respondent-driven codes come from a different context than the expert or LLM codes – 
they may represent two separate questions, rather than an attempt to assign a close-ended code to an open-ended 
response. From this perspective, both the expert and LLM coders are at a disadvantage, having been presented 
with a different task than the human “ground truth” measure.  

TOPPROB Open-Ends: How Does LLM Coding Compare to Human Coding? 
Due to the nature of having a lot of variance in the verbatim responses from the question asking about the “most 
important issue for America today,” and the low accuracy of both expert code and LLM code with the respondents’ 
“ground truth” measure, we provide an additional analysis of using the expert code as “truth” and how accurate the 
LLM coding is with a human coder.6 This additional analysis was conducted for household type as part of our 
standard assessments of the role of human oversight, but not shown here as the expert code and LLM code were 
relatively high (~80% accurate, see Exhibit 4). 

Without using the respondents’ self-coded answer recorded in TOPPROB1_NEXT as the ground truth, the LLMs 
have a much higher accuracy compared to the expert code (e.g., the human coder) (Exhibit 13). These results 
indicate that both human coder and LLMs approached the attitudinal verbatims similarly. Using the expert code 
as ”truth” in this scenario, GPT-5 has the highest accuracy across both prompts (92%), followed by GPT-5-Mini 
(91%), and Claude-Sonnet-4.5 last (81% to 85%). Differences in accuracy between each of the GPT models and 
Claude-Sonnet-4.5 are statistically significant (p <0.01), though not with each other and not across prompt 
conditions. 

Exhibit 13. TOPPROB LLM Overall Accuracy Against Expert Code. 

Prompt Strategy GPT-5-Mini GPT-5 Claude-Sonnet-4.5 

Prompt #1  91% 92% 85% 
Prompt #2 (+Change) 91% (+0%) 92% (+0%) 81% (-4%) 

Note: Accuracy results are compared to the expert code of TOPPROB open-ended responses. The highest accuracy by prompt 
is indicated in bold. 

 
6 This design matches the standard way that open-ended codes are usually processed in the General Social Survey (such as 
occupation, industry, and religion), with the expert reviewer providing the “ground truth” and overruling respondent 
complications in the process.  
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Using the expert code as the ”ground truth” instead of the respondent’s open-ended answers, LLM coding accuracy 
among American issues categories is generally high across both Prompt #1 (direct instructions) and Prompt #2 
(including TOPPROB trend history) (Exhibit 14 and Exhibit 15).  

Exhibit 14 reports on the coding accuracy of the LLMs across American issue categories by using only direct 
instructions in Prompt #1. Interestingly, LLM coding has the highest accuracy with expert code in the category of 
terrorism (100% across all three LLMs), which had one of the lowest accuracy performances when compared to 
the respondents’ self-coded categorization. Categories with the lowest coding accuracy compared to the expert 
code include education (71% to 83%) and poverty (62% to 68%). As before, differences between the GPT models 
and Claude-Sonnet-4.5 are statistically significant for selected categories (“The economy”, p <0.01, “None of these”, 
p < 0.01), however, no other differences in accuracy between models are statistically significant for any category. 

Exhibit 14. TOPPROB Prompt #1 Accuracy Against Expert Code. 

Problem Category GPT-5-Mini GPT-5 Claude-Sonnet-4.5 

Health care 91% 93% 87%  
Education 83% 78% 71% 

 
 

Crime 98% 98% 86% 
 
 

The environment 85% 90% 88% 
 
 

Immigration 94% 94% 84% 
 
 

The economy 95% 96% 90% 
 
 

Terrorism 100% 100% 100% 
 
 

Poverty 62% 62% 68% 
 
 

None of these 92% 93% 85% 
 
 

Uncodeable/Error 1% 0% 3% 
 
 

Note: Accuracy results are compared to the expert code of TOPPROB open-ended responses. The highest accuracy by 
category is indicated in bold. The “uncodeable/error” row represents the amount of error produced by the LLM. 

Exhibit 15 reports on the coding accuracy of the LLMs compared to the expert code across American issue 
categories by using the previous TOPPROB trends in Prompt #2. Including 2010 and 2021 TOPPROB trends to 
guide Prompt #2 improved some categories and lowered the accuracy in others (Exhibit 16).  

Exhibit 15. TOPPROB Prompt #2 Accuracy Against Expert Code. 

Problem Category GPT-5-Mini GPT-5 Claude-Sonnet-4.5 

Health care 93% 93% 74%  
Education 78% 78% 77% 

 
 

Crime 93% 95% 79% 
 
 

The environment 85% 90% 81% 
 
 

Immigration 92% 93% 91% 
 
 

The economy 94% 96% 81% 
 
 

Terrorism 75% 100% 67% 
 
 

Poverty 71% 67% 68% 
 
 

None of these 92% 92% 82% 
 
 

Uncodeable/Error 0% 0% 4% 
 
 

Note: Accuracy results are compared to the expert code of TOPPROB open-ended responses. The highest accuracy by 
category is indicated in bold. The “uncodeable/error” row represents the amount of error produced by the LLM. 
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Exhibit 16. TOPPROB Prompt Improvement Against Expert Code. 

Problem Category GPT-5-Mini GPT-5 Claude-Sonnet-4.5 
Health care 1.5% 0.0% -13.3%  

Education -5.6% -0.1% 6.3% 
 
 

Crime -4.6% -2.3% -7.1% 
 
 

The environment 0.0% 0.0% -7.0% 
 
 

Immigration -2.1% -0.2% 6.8% 
 
 

The economy -0.6% 0.0% -8.9% 
 
 

Terrorism -25.0% 0.0% -33.3% 
 
 

Poverty 9.5% 4.8% 0.1% 
 
 

None of these 0.7% -0.6% -2.9% 
 
 

Uncodeable/Error -0.5% 0.0% 0.9% 
 
 

Note: Accuracy results are compared to the expert code of TOPPROB open-ended responses. The best improvement (i.e., 
higher than 0%) by category is indicated in bold. The “uncodeable/error” row represents the amount of error produced by the 
LLM. 

By LLM, there is variation across models with categories that see some, little, or no improvement. While both GPT-
5-Mini and Claude-Sonnet-4.5 have categories with better and lower improved accuracy, GPT-5 shows very little 
change after including previous TOPPROB trends to guide Prompt #2. The same statistical differences in category 
performance between GPT and Claude-Sonnet-4.5 in Prompt #1 appear for Prompt #2. 

In sum, while the coding accuracy of both expert code and LLMs compared to the respondents’ self-coding 
(TOPPROB1_NEXT, the respondents’ “ground truth”) was decent (ranging from 58% to 65% accuracy, see Exhibit 
10), the LLMs’ accuracy was much closer to the expert code (81% to 92%) across both prompting strategies. GPT-
5 had the highest accuracy to the expert code at 92% accurate overall and performed well across most categories 
except poverty and education. As before, GPT-5 saw improvement by including TOPPROB trend information in 
Prompt #2, particularly in the poverty category, and did not produce any coding errors in Prompt #1 or Prompt #2 
results. These results indicate that the human coder and LLMs approached coding the attitudinal verbatims 
similarly. GPT-5 continued to perform the best for this set of verbatim responses, compared to the other models.   

 

DISCUSSION 

This research evaluates LLM-assisted response coding on a subset of GSS respondents (i.e., the GSS follow-on 
study), and the findings offer insights that can inform future large-scale applications, help address gaps and build 
on LLM-assisted coding literature, and provide empirical data to advance the future of AI-driven survey 
methodology. To investigate the utilization of LLMs to code verbatim respondent answers, we use open-ended 
responses about household composition (HHTYPE) and attitudes about American issues (TOPPROB) from the 
2024 GSS Next follow-on questionnaire. The GSS provides a unique and novel opportunity to compare traditionally 
used open-ended coding efforts (i.e., manual coding with human labor) with LLMs and has a breadth of data to 
test prompts with additional contexts. 

Summary of Findings 
In general, we find that accuracy is comparable between LLMs and expert coders, regardless of prompt type or 
model. However, taking the accuracy performances in our sample at face value, the expert coder had the highest 
accuracy in coding household composition and was on par with LLMs for coding American issues. Similar to other 
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research (e.g., Chen et al. 2025; Kumar et al. 2025), we find that the smaller model performed well, while larger 
models performed with less accuracy, depending on the coding frame. Specifically, the smaller LLM (GPT-5-Mini) 
performed better regarding coding accuracy of household composition, compared to the two larger LLMs used 
(GPT-5 and Claude-Sonnet 4.5). Regarding the coding of American issues, however, GPT-5 performed the best, 
and only marginally better than GPT-5-Mini. Interestingly, the most “powerful” LLM we tested, Claude-Sonnet-4.5, 
performed the worst, which was among the most consistent and statistically significant findings. This could be due 
to factors associated with the size of Claude-Sonnet-4.5, as discussed in Limitations below. 

LLMs demonstrate a much higher accuracy in classifying responses to factual questions, such as household 
composition, than responses to attitudinal questions, such as asking respondents to describe what they think is 
the top issue in America today. Even though there are complex household arrangements, in general, respondents 
were clear about their household composition, and in turn, would categorize their household in the follow-up 
question (e.g., HHTYPE open-ended question followed by HHTYPE1_NEXT described in this report).  

By contrast, the attitudinal question was more difficult for the human coder and LLMs to code. This may be due 
to the nature of the question being asked. In the open-ended question asked first, respondents provided a wide 
array of responses describing top issues in America, but had difficulty fitting their responses into the categories 
presented in the follow-up question (e.g., the TOPPROB open-ended question followed by TOPPROB1_NEXT 
described in this report). Because of the high variance in these responses, we provide an additional analysis using 
the expert code as “truth” and assessing how accurate the LLM coding is compared to that of the expert coder. 
Interestingly, we find that both the expert coder and LLMs approached the attitudinal verbatims similarly, with 
higher agreement particularly with the GPT models, raising questions around the meaning and measurement of 
“ground truth.” This finding points to the distinction between respondent meaning, expert classification, and model 
classification. 

Timing and Cost Comparison 
As discussed so far, the accuracy of coding methods across prompting strategies has varied; the expert coder 
does a good job coding both sets of verbatim responses, with GPT-5-Mini performing the best of the LLMs for 
coding household composition, and GPT-5 performing the best of the LLMs for coding attitudinal responses about 
American issues. However, we also want to know if using LLMs is more time and cost-efficient than solely relying 
on human coding. 

In general, base prompting is faster for LLMs compared to contextual prompts (e.g., including demographic 
characteristics of respondents or previous data trends), though the costs remain relatively low. It is important to 
note that these high-level takeaways do not include the time or human labor costs associated with writing prompts, 
writing and troubleshooting R scripts, preparing secondary data for the contextual prompts, or doing quality checks 
of the coding output. Instead, timing and cost represent the metrics produced based on the LLM usage. Nor do 
our estimates for expert coding include previous time working with the GSS data, prior rounds of open-ended 
coding addressing similar questions, and the educational background and training that have gone into the general 
knowledge of open-ended coding approaches. No fair comparison may exist between these approaches.  

Generally speaking, no individual LLM’s value is solely evident in the time it takes to run and the cost of computing. 
These both underestimate the human tweaking and error correction necessary to produce analyzable results. 
More time was spent troubleshooting R scripts and developing quality checks than on each prompt to run and 
produce results. However, the pipeline established by this work may prove both beneficial and efficient for enabling 
future rounds of research, much more directly than additional expert coder experiences.  
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Considering Human-in-the-loop Processes Using LLMs for Data Processing and Survey Design 

While this study shows that LLMs can do a decent job of coding open-ended responses, human intervention may 
still be required to make them more accurate, efficient, and effective. This research has shown that LLMs make 
useful tools for coding open-ended responses; however, human review is still necessary to check accuracy, apply 
judgment, and ensure the design and output are appropriate for the research. Having a “human-in-the-loop” 
process maintains high data quality while also pushing forward AI development in survey research. 

Finally, this research also considers broader implications for survey design. If LLM-assisted coding proves reliable, 
it could inform discussions about shorter questionnaires and reduce respondent burden by replacing lengthy 
question batteries with open-ended questions coded by AI. These potential changes may improve respondent 
engagement and data richness, lower survey costs, and address important questions about the transparency and 
reproducibility of automated workflows.     

Limitations 
There are limitations to this study. First, we do not account for temperature settings across LLMs, which can 
control the randomness and range of a model’s application (Li et al. 2025). Although we do provide all three LLMs 
directives through prompting, more attention in this area could alter the coding results, particularly among the 
largest model Claude-Sonnet-4.5.  

There are, of course, limitations to using LLMs to code open-ended responses, as this area is still relatively new in 
survey research. Troubleshooting can be difficult because model outputs may vary across prompts and contexts, 
and problems such as inconsistency and uneven reasoning are not always easy to diagnose. Type and size of 
model also matter, as well as settings such as temperature, since these choices can affect how stable, precise, or 
creative the output becomes. Last, the quick evolution of LLMs can also present challenges to reproducibility and 
will require ongoing oversight. 

Data for Download 
For transparency, we provide researchers with the data mentioned in this report, including the coding output of 
the expert code, LLMs, and LLM confidence scores for both HHTYPE and TOPPROB variables. Please visit 
gss.norc.org/get-the-data to download the data. The dataset does not include the verbatim responses. 
Researchers interested in this restricted data can email gss@norc.org or learn how to prepare a GSS Sensitive 
Data Application here.  
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APPENDIX A: HHTYPE PROMPTS 
For transparency, we included the prompt language used in Prompt #1 and Prompt #2 to guide LLM coding of 
HHTYPE verbatim responses in this research. Differences between the two prompts are highlighted in the body of 
Prompt #2. 

Prompt #1 
 
You are an expert survey research coder trained in coding open-ended responses with high precision.  
Your task is to assign the most appropriate category label from the list below to a respondent's open-ended answer.  
The responses correspond to this question: Please describe your household - how many people live in your household and what is each of their 
relationships with you and each other 
 
Assign the responses to this question into the following categories: 
1. Married couple, no children in the household 
2. Single parent 
3. Other family relationship (e.g. cousins, grandparents, aunts & uncles), no children in the household 
4. Single adult 
5. Cohabiting couple, no children in the household 
6. Non-family relationship (e.g. friends, coworkers), no children in the household 
7. Married couple, children in the household 
8. Cohabiting couple, children in the household 
9. Other family relationship, children in the household 
10. Non-family relationship, children in the household 
11. None of these 
 
Think carefully about each option before you assign a final numeric code to each open-ended response.  
 
# Classification rules 
- Assign the most applicable numeric label from the list, or .S if the response contains only .s, for skipped 
- Return the ID of the case, the numeric code that best fits the response, and a confidence in the accuracy of the assigned code. 
- Output must be in the following format: 
  ID:assigned code:confidence 
- Confidence must be a number from 0 to 1 (two decimal places). 
- Do NOT output explanations, reasoning, or additional text. 
- Use only the values listed for the categories above. 
- Base coding on meaning, not mere word overlap. 
- Do not infer beyond the response content. 
 

Prompt #2 
 
You are an expert survey research coder trained in coding open-ended responses with high precision.  
Your task is to assign the most appropriate category label from the list below to a respondent's open-ended answer.  
The responses correspond to this question: Please describe your household - how many people live in your household and what is each of their 
relationships with you and each other 
 
Assign the responses to this question into the following categories: 
1. Married couple, no children in the household 
2. Single parent 
3. Other family relationship (e.g. cousins, grandparents, aunts & uncles), no children in the household 
4. Single adult 
5. Cohabiting couple, no children in the household 
6. Non-family relationship (e.g. friends, coworkers), no children in the household 
7. Married couple, children in the household 
8. Cohabiting couple, children in the household 
9. Other family relationship, children in the household 
10. Non-family relationship, children in the household 
11. None of these 
 
To help you assign responses, review the other demographics information included with each case: 
marital_status: The respondent's marital status. 
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num_child: Number of children the respondent has ever had. 
age: The respondent's age. 
sex: The respondent's sex. 
us_born: If the respondent was born in the US or not. 
 
Think carefully about each option before you assign a final numeric code to each open-ended response.  
 
# Classification rules 
- Assign the most applicable numeric label from the list, or .S if the response contains only .s, for skipped 
- Return the ID of the case, the numeric code that best fits the response, and a confidence in the accuracy of the assigned code. 
- Output must be in the following format: 
  ID:assigned code:confidence 
- Confidence must be a number from 0 to 1 (two decimal places). 
- Do NOT output explanations, reasoning, or additional text. 
- Use only the values listed for the categories above. 
- Base coding on meaning, not mere word overlap. 
- Do not infer beyond the response content. 
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APPENDIX B: TOPPROB PROMPTS 
For transparency, we included the prompt language used in Prompt #1 and Prompt #2 to guide LLM coding of 
TOPPROB verbatim responses in this research. Differences between the two prompts are highlighted in the body 
of Prompt #2. 

Prompt #1 
 
You are an expert survey research coder trained in coding open-ended responses with high precision.  
Your task is to assign the most appropriate category labels from the list below to a respondent's open-ended answer.  
The responses correspond to this question: What do you think is the most important issue for America today? 
 
Categorize the responses to this question into one of the following topics: 
1. Healthcare 
2. Education 
3. Crime 
4. The environment 
5. Immigration 
6. The economy 
7. Terrorism 
8. Poverty 
9. Something else 
 
Think carefully about each option before you assign a final numeric code to each open-ended response.  Respondents were also asked if any other 
codes apply. After you select the most applicable code, please assign additional codes which correspond to the other categories, if possible. Do not 
reassign the original code a second time.  
 
# Classification rules 
- Assign the single most relevant numeric code from the list, or .S if the response contains only .s, for skipped 
- Include any additional numeric codes as necessary, each separated by "," 
- Return the ID of the case, the numeric code or codes that best fits the response, and a confidence in the accuracy of the assigned code. 
- Output must be in the following format: 
  ID:assigned code:additional codes:confidence 
- Confidence must be a number from 0 to 1 (two decimal places). 
- Do NOT output explanations, reasoning, or additional text. 
- Use only the values listed for the categories above. 
- Base coding on meaning, not mere word overlap. 
- Do not infer beyond the response content. 
 

Prompt #2 
 
You are an expert survey research coder trained in coding open-ended responses with high precision.  
Your task is to assign the most appropriate category labels from the list below to a respondent's open-ended answer.  
The responses correspond to this question: What do you think is the most important issue for America today? 
 
Categorize the responses to this question into one of the following topics: 
1. Healthcare 
2. Education 
3. Crime 
4. The environment 
5. Immigration 
6. The economy 
7. Terrorism 
8. Poverty 
9. Something else 
  
Think carefully about each option before you assign a final numeric code to each open-ended response.  Respondents were also asked if any other 
codes apply. After you select the most applicable code, please assign additional codes which correspond to the other categories, if possible. Do not 
reassign the original code a second time.  
  
You can also consider the historical trend for TOPPROB when assigning initial codes. The existing trend for the TOPPROB data are as follows: 
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In 2010, 22% of people felt that health care was the most important issue for America and that increased to 32.2% in 2021. 
In 2010, 18.8% of people felt that education was the most important issue for America and it decreased to 12.7% in 2021. 
In 2010, 1.7% of people felt that crime was the most important issue for America and it increased to 3.8% in 2021. 
In 2010, 4% of people felt that the environment was the most important issue for America and it increased to 11.8% in 2021. 
In 2010, 4.4% of people felt that immigration was the most important issue for America and it decreased to 4.0% in 2021. 
In 2010, 37.7% of people felt that the economy was the most important issue for America and it decreased to 21.8% in 2021. 
In 2010, 7.8% of people felt that terrorism was the most important issue for America and it decreased to 2.4% in 2021. 
In 2010, 2.7% of people felt that poverty was the most important issue for America and it increased to 7.5% in 2021. 
In 2010, 1% of people felt that none of the response options was the most important issue for America and it increased to 3.8% in 2021. 
  
# Classification rules 
- Assign the single most relevant numeric code from the list, or .S if the response contains only .s, for skipped 
- Include any additional numeric codes as necessary, each separated by "," 
- Return the ID of the case, the numeric code or codes that best fits the response, and a confidence in the accuracy of the assigned code. 
- Output must be in the following format: 
  ID:assigned code:additional codes:confidence 
- Confidence must be a number from 0 to 1 (two decimal places). 
- Do NOT output explanations, reasoning, or additional text. 
- Use only the values listed for the categories above. 
- Base coding on meaning, not mere word overlap. 
- Do not infer beyond the response content. 
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APPENDIX C: CONFIDENCE SCORES 
In addition to analyzing the accuracy of the coding with respect to the respondent’s own coding, we elicited each 
LLM for a confidence score for each of its predicted response codes. LLM self-reported confidence scores may 
have limited utility. Some researchers (Tian et al. 2023) have found that confidence scores can be well-calibrated, 
while others (Yang et al. 2024; Xiong et al. 2024) show evidence that LLMs report confidence similar to how 
humans report it, tending towards over-confidence regardless of actual accuracy. 

Exhibits C1 and C2 display the results previously shown in Exhibits 4 and 9, respectively, with the average of 
confidence scores for predictions from each of the three models. Interestingly, the LLM-reported confidence score 
reports in the opposite direction with GPT-5-mini reporting a lower average confidence compared to GPT-5 and 
Claude-Sonnet-4.5, though still performing with a higher coding accuracy. In general, we do not surface convincing 
evidence that confidence scores are strong predictors of performance. 

Exhibit C1. HHTYPE Model Accuracy and Confidence. 

Prompt Strategy GPT-5-Mini GPT-5 Claude-Sonnet-4.5 

Prompt #1  79% 79% 77% 
Confidence 86% 90% 93% 

Prompt #2 (+Change) 80% (+1%) 78% (-1%) 76% (-1%) 
Confidence 86% 90% 91% 

Note: Accuracy is determined according to the respondent's self-categorization HHTYPE1_NEXT. The highest accuracy by 
prompt is indicated in bold. 

Exhibit C2. TOPPROB Model Accuracy and Confidence. 

Prompt Strategy GPT-5-Mini GPT-5 Claude-Sonnet-4.5 

Prompt #1  64% 65% 61% 
Confidence 88% 87% 86% 

Prompt #2 (+Change) 65% (+1%) 65% (+0%) 58% (-3%) 
Confidence 86% 86% 85% 

Note: Accuracy results are compared to the respondent's self-categorization TOPPROB1_NEXT. The highest accuracy by 
prompt is indicated in bold. 
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