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The recent development and wider accessibility of large language models (LLMs) have spurred
discussions about how these language models can be used in survey research, including classi-
fying open-ended survey responses. Due to their linguistic capacities, it is possible that LLMs
are an efficient alternative to time-consuming manual coding and the pre-training of supervised
machine learning models. As most existing research on this topic has focused on English-lan-
guage responses relating to non-complex topics or on single LLMs, it is unclear whether its
findings generalize and how the quality of these classifications compares to established meth-
ods. In this study, we investigate to what extent different LLMs can be used to code open-ended
survey responses in other contexts, using German data on reasons for survey participation as an
example. We compare several state-of-the-art LLMs of the GPT, Llama, and Mistral families,
and several prompting approaches, including zero- and few-shot prompting and fine-tuning, and
evaluate the LLMs’ performance by using human expert codings. Overall performance differs
greatly between LLMs, and only a fine-tuned LLM achieves satisfactory levels of predictive
performance. Performance differences between prompting approaches are conditional on the
LLM used. Finally, LLMs’ unequal classification performance across different categories of
reasons for survey participation results in different categorical distributions when not using
fine-tuning. We discuss the implications of these findings, both for methodological research on
coding open-ended responses and for their substantive analysis, and for practitioners processing
or substantively analyzing such data. Finally, we highlight the many trade-offs researchers need
to consider when choosing automated methods for open-ended response classification in the age
of LLMs. In doing so, our study contributes to the growing body of research about the conditions
under which LLMs can be efficiently, accurately, and reliably leveraged in survey research and
their impact on data quality.
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data (e.g., Argyle et al., 2023; Kim & Lee, 2023), or de-
tecting non-human respondents in online surveys (e.g., Le-
brun et al., 2024). Due to their linguistic capacities, includ-
ing their adaptability to different topics, the detection of
nuance, implicitness, and intent in low-information multi-
lingual textual input, and flexibility in generating textual
output, LLMs also offer promising potential for classifying
open-ended survey responses, which often are short and do
not provide explicit context. For example, using LLMs for
coding free-text social media data has successfully been ap-
plied for efficiently capturing detailed public opinion data
(Ahnert et al., 2024; Cerina & Duch, 2023)—an application
that could be transferred to open-ended responses. Other
popular semi-automated classification approaches for open-
ended responses, such as support vector machines or ran-
dom forests (e.g., Haensch et al., 2022; Landesvatter, 2024),
are less adaptable across different languages and often re-
quire substantial expertise, pre-processing, and training data
coded by humans (Landesvatter, 2024). Since LLMs could
potentially eliminate the need for these time- and exper-
tise-intensive requirements, it is possible that they are an
efficient alternative for classifying open-ended responses in
survey research. While researchers have begun to explore
this application of LLMs (Landesvatter, 2024; Mellon et al.,
2024; Rytting et al., 2023) and were largely successful,
most of these studies have focused on English-language re-
sponses, responses relating to non-complex topics, or on
single LLMs and prompting strategies. It is thus unclear
to what extent existing findings generalize to other LLMs,
prompting strategies, languages, and more complex topics.
Furthermore, research has raised concerns about the repro-
ducibility of LLM-generated output due to their non-deter-
ministic design (Barrie et al., 2024), an issue that can ex-
tend to the coding of open-ended responses when it comes
to the reliability of the coding, for example when new sur-
vey data is available. Overall, the exact conditions of the
applicability of LLMs for coding open-ended survey data
and the quality of these classifications, also compared to
more established methods, have yet to be understood.

In this project, we are the first to investigate to what
extent different LLMs can be used to code non-English
(German) open-ended responses on survey motivation given
a predefined set of categories. We examine performance and
reliability, and the dependency of these indicators on two
factors—model selection and prompting approach. Specif-
ically, we ask:

RQ1: Are there differences between LLMs regarding the
performance and reliability of the coding?

RQ2: Are there differences between prompting approaches
regarding the performance and reliability of LLM-based
coding?

— RQ2a: Does providing detailed descriptions of cate-
gories improve the performance and reliability of the
coding?

— RQ2b: To what extent does few-shot prompting impact
the performance and reliability of the coding compared
to zero-shot prompting?

— RQ2c: Does fine-tuning an LLM on a subset of pre-
coded response data improve the performance and relia-
bility of the coding?

To do so, we contrast proprietary and open-source
LLMs—GPT-40, Llama 3.2, and Mistral NeMo, which are
the most capable multilingual models of their respective
families to date. We compare their category assignments
when using zero-shot prompting (i.e., not providing exam-
ples) with and without category descriptions and few-shot
prompting (i.e., providing exemplary classifications), and
fine-tuning (i.e., further training of the LLM), and evaluate
them against the codings of human experts. We also discuss
the LLMs’ performance in contrast to other classification
methods reported in previous studies. By comparing the
use of different LLMs and prompting approaches for clas-
sifying open-ended survey responses in German, our study
uniquely contributes to the growing body of research about
the conditions under which LLLMs can be efficiently, accu-
rately, and reliably leveraged in survey research and about
the impact of LLM use on data quality.

2 Background

There are three main types of approaches to coding open-
ended survey responses: traditional human coding, super-
vised machine learning methods, and the still-emerging use
of LLMs, each with distinct strengths and challenges. In
this section, we review these methods, highlighting the po-
tential of LLMs that yet needs to be explored.

In manual coding, human coders assign responses to pre-
defined categories. While considered mostly accurate, this
approach is time-intensive and costly, especially for large
survey datasets or such with multiple open-ended questions
(Landesvatter, 2024; Haensch et al., 2022). Costs are com-
pounded when wanting to increase validity and reliability
by having responses classified by several coders. These fac-
tors contribute to the sparseness of open-ended questions in
survey instruments, despite such items allowing for deeper,
authentic insights into how individuals think and act (Haen-
sch et al., 2022).

Supervised methods attempt to address this resource-
intensiveness by combining manual coding of a training
dataset with machine learning algorithms, such as support
vector machines (SVMs; Joachims, 2001) or gradient boost-
ing (Schonlau & Couper, 2016). Applications to political
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(Grimmer & Stewart, 2013) and economic texts (Gentzkow
et al., 2019) as well as other survey responses (Haensch
et al. 2022; Schierholz & Schonlau, 2021) demonstrated
their utility. But while these sophisticated approaches can
somewhat reduce costs and time, they still require a substan-
tial amount of human-coded data and expertise and compu-
tational resources for model training in order to achieve sat-
isfactory results, making them inefficient. They also strug-
gle with short open-ended survey responses, which often
lack sufficient context. In addition, they are usually only
trained for one specific language and topic, making them
not easily transferable across studies and less feasible for
multilingual studies.

Transformer-based models, such as BERT, are able to
capture nuanced relationships in text due to their ability
to generate contextual embeddings. This offers improved
classification performance for open-ended survey questions
(Meidinger & ABenmacher, 2021; Gweon & Schonlau,
2024). For example, Schonlau et al. (2023) demonstrated
BERT’s effectiveness for coding German-language survey
questions, such as the GLES “most important problem”
question. However, applying BERT to survey data poses
similar challenges as supervised methods, as open-ended
responses are often too short to utilize the models’ full
potential, and fine-tuning them to the specific types of
(con)text requires expertise and computational resources
(e.g., Schonlau et al., 2023). While BERT is an analytical
language model designed primarily for specific tasks like
classification or entity recognition at the sentence or docu-
ment level, modern-day generative large language models
such as GPT-4 are designed to perform a broader range of
generative and context-adaptive language processing tasks,
including handling complex dialogs, summarization, and
multilingual text generation. Such general-purpose LLMs
thus show potential to address limitations of earlier ap-
proaches when applied to open-ended survey responses,
like handling short responses when given only general
information on their context, not necessarily requiring pre-
coded data for training or fine-tuning, and being flexibly
usable across languages. In addition, since off-the-shelf
LLMs do not require large programming expertise, are
relatively cost-effective, and can follow natural language
instructions, they are more accessible to a broader group
of survey researchers than other semi-automated methods.
LLMs have brought promising advancements to labeling
other types of social science text data, such as social media
data and political texts, with studies finding that LLMs were
at least on par or even outperformed supervised methods
(Ahnert et al., 2024; Ornstein et al., 2024; Tornberg, 2024),
making them applicable for substantive downstream analy-
ses, like predicting public opinion (Cerina & Duch, 2023;
Ahnert et al., 2024; Heseltine & Clemm von Hohenberg,
2024). Research specifically evaluating the applicability of

LLMs for coding open-ended survey responses, however,
continues to be scarce. In addition, LLMs’ rapid evolu-
tion requires constant reevaluation of their precision and
domain-specific applicability (Pangakis et al., 2023).

Rytting et al. (2023) tasked GPT-3 to code 7500 English
open-ended responses on keyword descriptions of U.S.
partisans into binary and ternary categories. The LLM-
based coding matched the (poor) performance of human
crowdworkers and experts in terms of inter-coder agree-
ment. It also came close to the performance of a supervised
approach while needing substantially fewer labelled ex-
amples. Mellon et al. (2024) come to similar conclusions
when testing a larger and more recent variety of open- and
closed-source LLMs for coding several thousand open-
ended responses to the “most important issue” question
in the British Election Study into 50 categories. Bench-
marked against a trained human coder, LLMs’ accuracy of
classifications varied between and within model families.
Compared to a range of supervised approaches, the general-
purpose LLMs performed much better, with BERT-based
methods still outperforming SVMs.

Using LLMs for coding open-ended survey responses
thus appears like a promising method for survey research-
ers. However, these studies represent a best-case scenario
of relatively easy tasks, as they cover English-language data
about standard societal and political issues that are likely
much-discussed in LLM training data and do not require
much expertise for coding. Research on logical reason-
ing tasks suggests that LLMs tend to struggle with tasks
that are comparably complex, but less commonly appear-
ing in their training and alignment processes (McCoy et al.,
2023). In addition, there is ample evidence that LLMs are
biased against non-English language contexts in a variety
of other tasks (e.g., Durmus et al., 2024; Johnson et al.,
2022; Li et al., 2024; Wang et al., 2024). For example,
Tornberg (2024) found that GPT-4 can be used for labeling
non-English social media data, but Heseltine and Clemm
von Hohenberg (2024) observed decreased speed and ac-
curacy compared to English-language texts. Once again,
these studies examined comparatively simple tasks, namely
binary labeling of sentiment and political affiliation.

Beyond these limitations, there is competing evidence
regarding specific LLM performance and prompting strate-
gies: It is unclear whether all (families of) LLMs are equally
suited for classifying open-ended responses. For example,
most studies on using LLMs for coding social science text
data investigated models of the GPT family, but came to
conflicting conclusions regarding different model versions
(e.g., Bosley et al., 2023 vs. Rytting et al., 2023 for GPT-3;
Ornstein et al., 2024 vs. Heseltine and Clemm von Ho-
henberg, 2024 and Tornberg, 2024, for GPT-4; Mellon
et al., 2024 vs. Ahnert et al., 2024, for Llama). Consid-
ering proprietary vs. open-source model families, Mellon
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et al. (2024) found that the closed-source Claude models
matched human coding best, followed by GPT-4, whereas
Llama and PaLM performed much worse, and some other
open-source LLM families were unable to complete the task
at all.

Furthermore, existing research uses competing prompt
designs. Some studies suggest zero-shot prompting (i.e.,
not providing examples for the labeling task, only the pos-
sible labels) is sufficient for labeling other types of short
social science text data (Cerina & Duch, 2023), even in non-
English languages (Tornberg, 2024). In contrast, studies ap-
plying LLMs specifically to open-ended survey responses
used few-shot prompting (Mellon et al., 2024; Rytting et al.,
2023). In this approach, the authors included the coding
scheme along with three examples in the prompt, some-
times supplemented by detailed category descriptions. Hal-
terman and Keith (2024) found that including more detailed
definitions of the categories and positive as well as negative
examples had a positive impact on labeling quality. How-
ever, Mellon et al. (2024) report that providing a full cod-
ing guide appeared to “distract” the LLMs. Finally, Mellon
et al. (2024) suggest that fine-tuning, i.e., re-training LLMs
on pre-labeled survey responses would likely further im-
prove results. Ahnert et al. (2024) successfully used fine-
tuning, albeit not for open-ended survey data.

Given this scarce and competing evidence, it remains un-
clear whether and which existing findings about the appli-
cability of LLMs for coding open-ended survey responses
generalize. In this study, we seek to close this gap by test-
ing different LLMs and prompting strategies for multi-class,
single-label classification of a more specific topic in Ger-
man open-ended survey data.

3 Data and Methods

3.1 Open-ended Survey Data & Coding Scheme

In order to test the applicability of LLMs for coding Ger-
man-language open-ended survey responses, we use data
from a German probability-based mixed-mode panel, the
GESIS Panel.pop Population Sample (Bosnjak et al., 2018,
GESIS, 2024). Randomly sampled from municipal popu-
lation registers, the panel includes over 5000 respondents
and covers the population of German-speaking permanent
residents of Germany aged 18+. Participants are invited to
the 20-minute survey waves bimonthly, receiving a prepaid
incentive of five euros with every invitation. For the years
2014 to 2020, the survey includes an annual, non-manda-
tory open-ended question on survey motivation. There, the
panelists are asked to give their most, second-most, and
third-most important reason for participating in the panel

on three separate lines (see Figure Al in Appendix II for
question wording). This questionnaire design leads to uni-
dimensional answers usually containing only one category,
making the item very favorable for coding (Haensch et al.,
2022). Thus, while the response format should present an
easy test case for LLMs, the specificity and complexity of
the topic in terms of categorical dimensions, as well as
the German language, present a harder task. The dataset
contains a total of approximately 25,000 responses to the
question on survey motivation across survey waves. For
our study, we rely on a random sample of 20 % of that data
(5072 responses) coded independently by two survey re-
searchers (Cohen’s kappa = 0.91, with remaining disagree-
ments resolved by a more senior expert) based on a cod-
ing scheme for survey motivation adapted to the GESIS

You are a survey expert classifying open-ended responses to the question why individuals
participate in a survey. Assign these reasons for participating to exactly one of the following
categories.

The categories are:

INTEREST.

CURIOSITY:

LEARNING

TELL OPINION.
INFLUENCE.

INCENTIVE.

FUN.

ROUTINE.

DUTIFULNESS

HELP SCIENCE.

HELP POLITICIANS

HELP SOCIETY:

HELP, NOT FURTHER SPECIFIED.
BREVITY:

ANONYMITY:
PROFESSIONALISM.
RECRUITMENT:
RECRUITER

OTHER SURVEY CHARACTERISTICS
IMPORTANCE IN GENERAL
OTHER

NO REASON

Make your best guess, even if it is hard.

Respond in the following format: Reason for participating | CATEGORY.

Do not give an explanation for your classification, but return only the reason for participating and
Yyour classification.

Examples:
[Example reason | CATEGORY 1]
[Example reason | CATEGORY 2]

[]
[Example reason | CATEGORY 22]

Classify the following reason for participating:

[open-ended response]

Fig. 1

English translation of prompt used for LLM-based classifi-
cations of the open-ended survey question. Categories and,
in the detailed approach, descriptions (green font) were
randomized across individual queries. In the few-shot ap-
proach, examples (blue font) were randomly selected, the
selection being held constant, but presented in random or-
der across queries. For details of descriptions and examples
used, see Appendix I.
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Panel.pop by the survey researchers (see Haensch et al.,
2022 for details). The human codes are not necessarily re-
quired for employing LLMs (see below for a discussion of
prompting approaches), but serve as a ground truth to com-
pare the LLM-based classifications to. Indeed, when not
fine-tuning an LLM, using it would require only a fraction
of the human-coded examples necessary for training tra-
ditional supervised methods—for example, Haensch et al.
(2022) used 5000 human-coded responses to train an SVM.

For the LLM-based classifications, we use the same cod-
ing scheme as was used by the human coders. It spans
22 categories, featuring both intrinsic, extrinsic, and sur-
vey-related reasons for participation (Porst & von Briel,
1995; Haensch et al., 2022). It also includes catch-all cate-
gories: No reason captures explicit statements of not having
a reason for participation, “don’t know”s, as well as non-
meaningful fillers such as “???”. In contrast, Other con-
tains meaningful statements that cannot be assigned to any
other category. For English translations of the categories,
see Fig. 1. A more detailed coding scheme with definitions
and examples for all categories and their groups can be
found in Appendix I.

3.2 LLM Selection & Configuration

We test and compare powerful and popular LLMs of three
different model families that are state-of-the-art at the time
of writing. Models of one of the industry leaders, OpenAl,
are popularly used by the public and researchers without
large computational expertise due to their user-friendly ac-
cessibility. Despite OpenAl’s lack of transparency and re-
producibility as a proprietary provider (Palmer et al., 2023),
it thus is reasonable to include one of their models in our
research as a realistic use case. GPT-40 (GPT henceforth)
is OpenAl’s flagship model at the time of writing, which,
according to the developers, features considerable improve-
ments in non-English languages over earlier versions, while
being more time- and cost-efficient (OpenAl, 2024a, b). It
is also supposed to be more capable of domain-specific or
complex tasks and detailed labeling.

In line with calls for accessible and reproducible Al re-
search (e.g., Spirling, 2023; Weber & Reichardt, 2023), we
also test two open-source LLMs. These are downloaded and
run locally, ensuring sensitive data remains private and is
not shared with third parties. This is crucial as open-ended
responses may inadvertently contain personal information,
such as addresses, risking re-identification.! Running LLMs
locally also ensures reproducibility by using stable model

! To ensure a similar level of privacy for the proprietary GPT model,
we (fine-tune and) run it on AzureOpenAl, which provides private in-
stances of GPT models on European servers.

versions, unaffected by updates to cloud-based APIs (Spir-
ling, 2023). Llama-3.2-3B-Instruct (Llama henceforth) is
the more capable of the two multilingual LLMs of Meta’s
Llama 3.2 suite, the most recent and powerful one at the
time of writing (Meta, 2024a, b). While the open-source
suite also features larger models (11B and 90B), those are
not optimized for multilingual dialog and not available in
Europe, making them infeasible for the project at hand and
international survey research more broadly. Mistral-NeMo-
Instruct-2407 (Mistral henceforth) is the most recent mul-
tilingual model by the European open-source developers
Mistral. It is specifically designed for global, multilingual
applications (MistralAl, 2024a) and supposed to be pa-
rticularly strong in, among other languages, German. We
access these models via the Huggingface platform (Meta,
2024b, MistralAl, 2024b).

To investigate the exact conditions under which LLMs
can be used to code German open-ended survey responses,
we employ different approaches.

Zero-shot prompting: In the least supervised approach, we
simply ask the LLMs to classify the open-ended responses
without any additional information apart from the coding
scheme (i.e., no examples or definitions of responses be-
longing to the specific categories).

Zero-shot prompting with category descriptions: Along
with the coding scheme, we provide the LLMs with defini-
tions for each category.

Few-shot prompting: In few-shot prompting, an LLM is
given a few examples to guide its output along with the cod-
ing scheme, providing an efficient alternative to training the
LLM with task-specific data. To test how few-shot prompt-
ing impacts the performance of LLMs for open-ended re-
sponse classification, we provide the LLMs with one ex-
ample response per category (so 22 examples in total) in
the prompt. The examples are randomly selected from the
examples featured in the coding scheme, containing actual
answers featured in the dataset of responses to be classified.
They are presented in random order in the prompt. The ex-
amples are not removed from the classification dataset.

Fine-tuning: Fine-tuning involves further training the
model on a smaller, domain-specific dataset to improve
its performance on particular tasks. While less efficient
because of the need for more human-coded training exam-
ples, fine-tuned LLMs might yield more accurate results
than using LLMs out-of-the-box. Exploring whether fine-
tuning a model on humanly pre-coded response data thus
helps understand LLMs’ potential in classifying open-
ended responses.



360 LEAH VON DER HEYDE, ANNA-CAROLINA HAENSCH, BERND WEISS, JESSICA DAIKELER

However, depending on the LLM, fine-tuning requires
even more extensive computing resources. This is not only
a limitation for practitioners, but also for our test case.
We therefore select only GPT-40 for fine-tuning, due to
its straightforward and easily available fine-tuning services,
making it a likely choice for researchers wishing to employ
this approach. We fine-tune the LLM by splitting the dataset
into a training and a test subset. As is common for fine-tun-
ing tasks, we randomly select 80% of responses of each
category based on the human classification (4048 in total)?
for training the LLM before asking it to classify the remain-
ing 1024 responses using the zero-shot prompt. Results for
the fine-tuned approach thus reflect the LLMs’ performance
on the test set alone. We specify four epochs? for fine-tun-
ing, i.e., four iterations through the training data, and use
default values for batch size (the number of examples used
in a single training pass; around 0.2% of the training dataset,
ten in our case) and learning rate (rate at which the LLM
updates its weights (i.e., internal settings) based on the new
data, balancing between learning too slowly, risking ineffi-
ciency, and too quickly, risking instability). Appendix II.6
reports the loss and token accuracy curves of the fine-tuning
process.

Since we want to maximize reliability and the task of
coding responses according to a set of predefined categories
does not require creativity but consistency, we set the LLM
temperature to 0, thereby flattening the LLM’s underlying
probability function to produce more deterministic outputs.
For best comparability, we use the same temperature for all
models, leaving all other parameters at model default.

3.3 Prompt Design

We tell the LLMs to impersonate a survey expert classify-
ing open-ended responses and instruct them to assign each
response to exactly one category. The order of categories
(and their descriptions in the detailed approach, and exam-
ples in the few-shot approach, respectively) is randomized
in each prompt to avoid any biases due to order effects
(Brand et al., 2023; Pezeshkpour & Hruschka, 2024). To
minimize missing values, we ask the LLMs to make a best
guess in difficult cases. We instruct the LLMs to report the

2 We train the LLM with the zero-shot prompt including the responses
in their raw form as input, not correcting any spelling mistakes or sim-
ilar. As output, we use the desired completion format (see prompt de-
sign).

3 Using four epochs for fine-tuning is a deliberate choice, balancing
generalization and task-specific adaptation. While this is not the de-
fault, it represents a compromise between the lower range typically suf-
ficient when using validation sets (i.e., 1-2 epochs) and OpenAl’s rec-
ommendation to increase the number of epochs for tasks with a small
set of ideal outputs, such as classification.

response along with its classification. Finally, to avoid un-
necessarily long answers, we ask the LLMs not to justify
their response (as especially Mistral has been found to do
previously, see, e.g., von der Heyde et al., 2024), but do
not specify a maximum output length. Fig. 1 shows an En-
glish translation of the prompt. In line with the language of
the responses they are being asked to classify, we prompt
the LLMs in German, including the instructions and cod-
ing scheme. The original German version of the prompt, as
used in the study, can be found in Appendix II (Figure A2).

We prompt each survey response separately and with re-
freshed LLM memory, to ensure that responses are classi-
fied independently of one another. We therefore specify the
task directly in the main prompt (not the system prompt),
thereby repeating the task for every open-ended response to
be classified. Before we feed the full dataset to the LLMs,
we test each LLM with only 15 responses to determine
its general capacity to fulfill the task. We run each query
twice per LLM to be able to evaluate its reliability. All
data is generated in November 2024, except the classifica-
tions obtained from the fine-tuned version of GPT, which
is generated in January 2025.

3.4 Analysis

We extract each LLM’s classifications of the open-ended
responses and analyze their performance and the resulting
descriptive distributions. Benchmarking against the human-
generated classifications, we analyze the LLMs’ classifica-
tion performance overall and per category. Because our case
is one of multiclass-classification and the benchmark cate-
gories are unevenly distributed (see Fig. 4), we use macro
F1 scores* as our primary overall performance metric (Hand
et al., 2024). In imbalanced datasets, regular F1 scores can
be misleading if an LLM tends to assign the modal cate-
gory. Macro F1 addresses this by averaging across the per-
category F1 scores, giving equal weight to minority cate-
gories.

If an LLM failed to assign a response to exactly one
category (i.e., it did not assign any category or assigned
more than one category), the output is recorded as missing
(i.e., an explicit category called “NA”) but retained for the
analysis. This approach avoids artificially inflating the F1
scores for categories where most responses were not clas-
sified, but the remainder classified correctly,” and allows
us to investigate the reliability of missing classifications.

4 Generally, F1 scores range from 0 to 1, with higher values indicat-
ing better predictive performance. For a more detailed description, see
Appendix IL.4.

5 The overall macro F1 scores exclude “missing” as an assigned cate-
gory, as it is not meaningful or valid.
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To facilitate comparison to other studies and classification
methods, we report additional metrics (weighted F1, ac-
curacy, intraclass correlation coefficients, Cohen’s kappa)
in Appendix II (Table Al). Since Haensch et al. (2022)
previously tested an SVM on the same data, we are able
to compare LLM performance to that of a supervised ap-
proach without explicitly having to employ that approach
ourselves (see the discussion). To do so, we calculate the
median F1 score as the unweighted median across cate-
gories. We then compare the distribution of coding scheme
categories across LLMs and prompting approaches and to
the distribution of the human-coded benchmark data. We
also report the frequency and categorical distribution of the
responses each LLM fails to classify as well as the reason
for failure (see Appendix II.3). For all analyses, we rely on
the first iteration of classifications per LLM and prompting
approach, independent of whether this iteration exhibited
better or worse performance than the second one, in order
not to bias our results by selecting on performance.

To assess the LLMs’ reliability, we calculate the ICC for
two-way agreement between the two iterations of classifi-
cations per LLM and prompting approach.

Data (pre-)processing, classification (for GPT), and anal-
yses are conducted in R (version 4.3.2, R Core Team, 2024),
especially using the packages AzureAuth (Ooi et al., 2019),
caret (Kuhn, 2008), irr (Gamer et al., 2019), and tidyverse
(Wickham et al., 2019). Classifications from Llama and
Mistral are obtained using Python, especially using the
packages accelerate (Accelerate, n.d.), huggingface_hub
(Hub Client Library, n.d.), pandas (McKinney 2010), Py-
Torch (Paszke et al., 2019), tgdm (Casper da Costa-Luis
et al., 2024), and transformers (Wolf et al., 2020).

4 Results

4.1 RQ1: Differences Between LLMs

4.1.1 Performance

We first compare differences between LLMs in classifica-
tion performance overall (macro F1) and per category (F1).
Across prompting approaches, classification performance
is much better when using GPT than when using Mistral,
which still has a slight edge over Llama (see Fig. 2). GPT
performance also fluctuates much less between prompting
approaches (macro F1 around 0.7 for the three approaches
that were examined for all three LLMs). Nevertheless, even
using the best-performing prompting approach for an open-
source LLM does not come near the GPT performance.

GPT LLAMA Mistral

zero-shot

Macro F1
zero-shot with description 1.00

few-shot

fine-tuned with zero-shot prompt

Fig. 2

Macro F1 scores by LLM and prompting approach.

Similar patterns emerge when considering other perfor-
mance metrics (see Table Al).

All LLMs examined exhibit approximately the same per-
formance patterns across categories (see Fig. 3). They per-
form exceptionally well on the categories incentive, interest,
and fun (macro F1 around 0.9), as well as on anonymity,
routine, and tell opinion, and exceptionally poor (macro F1
between 0.02 and 0.3) on no reason, non-identifiable/other,
and other survey characteristics. The LLMs thus perform
very well on the three categories most commonly defined
by the human coders, but not on the next two most com-
mon categories, which are non-substantive catch-all cate-
gories. For the remaining categories, performance tends to
decrease along with frequency of occurrence. The overall
pattern is mirrored across types of reasons (extrinsic, intrin-
sic, survey-related): GPT’s performance tends to be better
than that of Llama and Mistral, which improves with few-
shot prompting. There are some cases that stand out, which
help explain the overall performative edge GPT has over the
open-source models. GPT outperforms Llama and Mistral
especially in fell opinion, routine, importance in general,
influence, dutifulness, curiosity, and professionalism, and to
a lesser extent also in the help categories, although Llama
and especially Mistral improve under few-shot prompting.°

4.1.2 Distributions

The differences in LLMs’ classification performance across
categories result in different frequencies of categories (see

¢ For learning under zero-shot prompting (with and without descrip-
tions) and for recruiter when prompting with descriptions, no macro
F1 scores can be calculated for Llama, indicating that there were no
true positives and no false positives (i.e., the LLM did not assign any
of the responses to that category) for these categories. The same is true
for Mistral for the category no reason under zero-shot prompting.
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GPT  LLAMA Mistral GPT  LLAMA Mistral GPT LLAMA Mistral GPT  LLAMA Mistral
Incentive Interest Fun No reason
zero-shot 0.75 0.35 0.21 0.06
zero-shot with description 0.67 0.12 0.26 0.09
few-shot 0.15 0.19 0.1
fine-tuned with zero-shot prompt
Non-identifiable/Other Tell opinion Help society Help science

zero-shot

zero-shot with description
few-shot

fine-tuned with zero-shot prompt

Routine Recruitment
zero-shot 0.53 0.69 0.32
zero-shot with description 0.75 0.74
few-shot 0.53 0.58
fine-tuned with zero-shot prompt
Influence Dutifulness
zero-shot 0.36

0.79 0.34
0.68

zero-shot with description
few-shot
fine-tuned with zero-shot prompt

Learning Anonymity
zero-shot 0.64
zero-shot with description
few-shot
fine-tuned with zero-shot prompt
Recruiter Brevity
zero-shot 0.62 0.13
zero-shot with description 0.64 0.06
few-shot 0.64 0.38

fine-tuned with zero-shot prompt

Fig. 3

Per-category F1 scores by LLM and prompting approach.

Fig. 4), although the overall shape of the distribution is
similar to the human-coded benchmark. While the LLMs’
good performance on classifying incentive, interest, and fun
leads to the proportion of responses in these categories be-
ing close to the human benchmark, their poor performance
on other categories manifests in substantially lower propor-
tions than the human data would suggest. This includes non-
identifiable/other, which is among the five most frequently
identified categories according to the human coders. Llama
and Mistral additionally assign too few cases to no reason,
but code more responses as curiosity than both humans
and GPT, where they also perform worse in terms of F1
scores. Conversely, the proportion of responses assigned to
tell opinion tends to be lower when using Llama. In con-
trast, Mistral assigns disproportionately many responses to
tell opinion, and, to a smaller degree, to help society, help
science, and recruitment—the categories where GPT tends
to outperform.

The proportion of missing (including ambiguous) assign-
ments is (initially) higher for the open-source models than
for GPT. Just as with performance and overall distribu-
tion, GPT is also less sensitive to prompting approaches
than other LLMs when it comes to missing classifications,
whereas the performance of Llama and Mistral depends on

0.07
0.56
0.49

0.67
0.65
0.72

0.54 0.17 0.49

0.71 0.42 0.46
0.75 0.48 0.43

0.74 0.56 0.58

Other survey characteristics Importance in general

0.64 0.07 0.15
0.7 0.44 0.49
0.67 0.4 0.6
0.75

F1

Help, not further specified
0.62 0.28 0.26

Curiosity
0.69 0.15 0.23

0.69 0.28 0.38
0.31 0.56

0.67 0.27 0.44
0.69 0.56 0.38

Professionalism Help politicians

0.41
0.49

0.38
0.54
0.47

the prompting approach. Both open-source models eventu-
ally return better results than GPT when considering the
amount of missing classifications. When using GPT, miss-
ing classifications occur almost exclusively for responses
labeled as no reason by human coders (Figure A3), with
over 60 % of responses lacking a classification. In contrast,
missing classifications are more evenly distributed across
all categories when using Llama (which also misses as-
signments for close to 60% of no reason responses) or
Mistral. This partly helps explain the poor classification
performance for the no reason category; however, missing
values cannot account for the poor performance on other
categories (see Appendix II.5 for full confusion matrices;
and Appendix II.3 for F1 scores when omitting missing
values).

4.1.3 Reliability

Turning to reliability of the classifications, Mistral’s out-
put is identical across the two iterations, proving to be
the only LLM tested where setting the temperature to zero
and setting a seed actually results in the desired behav-



USING LARGE LANGUAGE MODELS FOR CODING GERMAN OPEN-ENDED SURVEY...
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Professionalism
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Fig. 4

Distribution of coding categories by LLM and prompting approach. n = 5072 for zero-shot (with and without description)

and few-shot prompting, n = 1024 for fine-tuned prompting.

ior—returning identical and therefore reliable output.” Yet,
the other two LLMs also exhibit high reliability (ICC >0.93,
see Table 1). There are only minimal differences, with GPT
being slightly more reliable than Llama.

In sum, there are differences between LLMs in terms
of performance and, to a lesser extent, reliability when
coding German open-ended survey responses. Disregarding
prompting approaches, using GPT results in higher classi-
fication performance than using Llama or Mistral, but per-
formance under GPT is still subpar, both in absolute terms
and relative to other methods (e.g., Haensch et al., 2022)
when not using fine-tuning (see below). While all LLMs
exhibit high reliability across iterations, Mistral has a slight
edge, reproducing the exact same classifications.

7 Tt is possible that the discrepancies in the other two LLMs are caused
by the temperature not being implemented as zero by the LLMs (de-
spite setting it as such), but a very small number, for mathematical
reasons. Temperature is a normalization parameter for the LLM’s un-
derlying softmax function; setting it to zero would result in division by
zero. We briefly discuss the implications of this in the next section.

4.2 RQ2: Differences Between Prompting Approaches

4.2.1 Performance

When comparing differences in classification performance
between prompting approaches across LLMs, performance
is best for few-shot prompting and worst for zero-shot
prompting in terms of macro F1. However, the size of the
difference depends on the LLM used. There is a strong
improvement in performance from zero-shot prompting
to few-shot prompting when using the open-source mod-
els—for both models, there is a 0.18 difference in macro
F1 scores (see Fig. 2). The same pattern emerges when
considering other performance metrics (Table Al), and
when investigating classification performance per category
(Fig. 3). However, for singular combinations of LLM used
and category classified, performance is worse when pro-
viding the LLM with descriptions than when using simple
zero-shot prompting (e.g., fun, no reason, help science), or
when providing examples relative to providing descriptions
(e.g., recruitment, anonymity, non-identifiable/other). This
is more often so for the open-source LLMs than for GPT.
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Table 1

ICC (two-way agreement) between two rounds of coding
per LLM and prompting approach.

Approach GPT-40 Llama3.2 Mistral NeMo
Zero-shot 0.99 0.95 1.00

With descriptions 0.99 0.94 1.00
Few-shot 0.99 0.95 1.00
Fine-tuned 0.99 - -

Most notably, GPT’s performance drastically improves
when employing fine-tuning, achieving a macro F1 of
0.87—a 16-point difference over few-shot prompting and
a satisfactory level in general. This jump can largely be
attributed to much-improved classification in the non-sub-
stantive categories. For other categories, a mixed picture
emerges, with large improvements for six categories, but
minor improvements for the remainder—in part because
few-shot prompting already led to high levels of perfor-
mance.

4.2.2 Distributions

Although all prompting approaches examined approxi-
mately result in very similar distributions of categories,
few-shot prompting tends to approximate the distribution
of the human-coded data best (Fig. 4). This is especially the
case for interest and tell opinion. Large differences remain
especially for non-identifiable/other, help science, and help
society. Few-shot prompting also results in substantially
fewer responses that were not coded successfully, with a re-
duction of almost four fifths for Mistral. As a consequence,
there are almost no missing classifications under few-shot
prompting, except for no reason (Figure A3). Fine-tuning
results in a distribution that perfectly matches the human
classifications, with only four classifications missing in
total (all belonging to the no reason category).

4.2.3 Reliability

All LLMs exhibit high reliability (>0.93) regardless of ap-
proach when considering ICCs (see Table 1). Mistral is
completely deterministic in all approaches, GPT is consis-
tently very reliable across approaches, including fine-tun-
ing, and Llama is slightly less reliable when provided with
descriptions.

To summarize, the prompting approach used does make
a difference in terms of performance, but not so much
in terms of reliability of coding German open-ended sur-

vey responses. Providing detailed descriptions of categories
tends to improve classification performance over zero-shot
prompting, and few-shot prompting further improves it, es-
pecially for the open-source LL.Ms. Fine-tuning leads to
the best overall performance and the largest improvement
compared to other prompting approaches when using GPT.
Reliability is high regardless of the prompting approach
used.

5 Summary and Discussion

In our study, we assessed the performance and reliability
of three powerful, multilingual LLMs (GPT-40, Llama
3.2, and Mistral NeMo), when classifying German open-
ended survey responses on a specific and complex topic
given a pre-defined coding scheme. We also investigated
differences depending on the prompting approach used.
Overall, performance differed greatly between LLMs, and
only a fine-tuned LLM achieved satisfactory levels of pre-
dictive performance (macro F1 of 0.87). In general, GPT
performed best, and, disregarding fine-tuning, few-shot
prompting led to the second-best performance (macro F1
of 0.71 for GPT), echoing the findings of previous studies
on English data on less specific topics (Haltermann &
Keith, 2024; Mellon et al., 2024). Performance differences
between prompting approaches were conditional on the
LLM used—the prompting approach was not as impor-
tant when using GPT, but made a big difference for other
LLMs, especially Mistral. While the LLMs correctly identi-
fied most of the responses belonging to the most frequently
occurring (and most easily identifiable) categories, they
struggled with non-substantive catch-all categories. Limita-
tions in performance in these categories may arise because
human coders classified responses such as “don’t know”,
“xxx”, and blank responses as no reason. The LLMs often
failed to categorize such data, instead treating it as if it
contained no response. This is problematic for open-ended
response classification more broadly. Responses belonging
to such categories are quite common regardless of question
topic, as many survey respondents lack the time or moti-
vation to respond to open-ended questions, either giving
non-substantive or nonsensical responses that practically
correspond to item-nonresponse (Krosnick and Presser,
2010). In our case, LLMs’ unequal classification perfor-
mance across different categories of reasons for survey
participation results in different categorical distributions
when not using fine-tuning. Such discrepancies could also
have consequences for further inferential analyses of the
coded data. Thus, LLM-coded open-ended responses could
paint a very different picture of the concept being measured
by a survey item than human coding would.
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Our study shows that using off-the-shelf (i.e., non-fine-
tuned) LL.Ms is not necessarily superior to other compu-
tational methods for coding open-ended responses. Com-
paring our results to those of Haensch et al. (2022), who
used an SVM on the same data, even few-shot performance
proved to be below expectations when going beyond the
most obvious and common categories (median F1 0.83 vs.
0.72 at best). This is at odds with Mellon et al.’s (2024)
findings regarding English-language survey responses on
a more common topic: Although that study also reported
that GPT models were superior to Llama models, it also
found that the LLMs, when provided with the full cod-
ing scheme including descriptions and examples for over
50 categories, were much better at classifying British re-
sponses to the commonly discussed “most important prob-
lem” question than established supervised approaches, in-
cluding BERT and SVMs. Rytting et al. (2023) came to
similar conclusions even for the by now outdated GPT-3
under few-shot prompting, albeit for a task with only three
categories. It thus appears that the applicability of LLMs
for coding open-ended responses depends not just on the
LLM and prompting approach used, but also on the topic
(in terms of specificity and categorical complexity) and pos-
sibly language of the responses.

However, as our findings show, LLMs have the poten-
tial to match or even outperform other methods when fine-
tuned. Using the zero-shot prompt on the fine-tuned GPT
achieved a macro F1 of 0.87 (median F1 0.88), with dra-
matic improvements for non-substantive responses. This re-
sulted in perfectly matched distributions between human-
and LLM-coded responses and virtually no missing classifi-
cations. Although this confirms speculations in terms of im-
proved effectiveness over off-the-shelf usage (Mellon et al.,
2024), it does not yet fulfill the hopes of being a resource-
efficient alternative to established methods. This is because
fine-tuning LL.Ms requires a sufficiently large set of human-
coded benchmark data and more computational resources
and expertise, similar to established methods, with which
researchers are often more familiar. In addition, such es-
tablished methods usually do not require payment, whereas
proprietary LLMs (potentially requiring less programming
expertise if providing user-friendly interfaces for fine-tun-
ing) do. Additionally, this approach, as all others, relies on
a pre-defined coding scheme, which may not readily ex-
ist for all open-ended questions practitioners might want to
have classified.

While all three models we examined were very reliable
in their classifications across two iterations, only Mistral
showed the desired behavior of identical output when set-
ting the model temperature to zero and setting a seed. The
possibility that setting the temperature to the least prob-
abilistic setting does not actually guarantee deterministic
behavior can be unintuitive for survey researchers not fa-

miliar with LLMs in-depth, potentially risking a false sense
of confidence. Yet, even the deviating LLMs in our study
were more reliable than previous studies suggested (e.g.,
Heseltine & Clemm von Hohenberg, 2024), making re-
solvement by human coders (which, in the aforementioned
study, did not exhibit higher agreement) obsolete. However,
reproducibility over longer periods of time, e.g., for several
survey waves featuring the same open-ended item, is not
guaranteed when using non-local models, due to them being
subject to change or deprecation. This highlights the need
for regular validation with humans in the loop (see also
Weber & Reichardt, 2023), even under high performance
(which we only observed for the fine-tuned approach).

Our results also highlight the trade-offs between propri-
etary and open-source LLMs in terms of cost, privacy, relia-
bility, and performance. Open-source models such as Llama
and Mistral, available on platforms such as Huggingface,
are free to use and can be run locally, ensuring privacy and
reproducibility by avoiding third-party servers and model
updates. However, running them requires considerable com-
puting resources and expertise, which not all researchers
may have access to. In contrast, proprietary models like
GPT, while user-friendly, incur costs per token (i.e., input
and output length), which can be high for large datasets or
complex instructions.® In our case, open-source LLMs un-
derperformed compared to proprietary ones in coding open-
ended responses, and fine-tuning a GPT model was the most
successful approach. Finally, the speed of advancement of
LLMs presents researchers with the challenge of working
towards a moving target, where working with reliable and
reproducible model versions may not present the state of
the art.

Our work gives rise to some further considerations and
possible improvements. First, more experiments with dif-
ferent prompting strategies (Schulhoff et al., 2024) could
be explored to see whether fine-tuned performance can
be neared or made more cost-effective. For example, even
more explicit instructions emphasizing the importance of al-
ways assigning a category and exactly one category might
improve results especially for non-substantive responses.
Researchers could also investigate whether breaking down
the task into a two-step process would reduce its complex-

8 Per iteration through the dataset, we spent about EUR10 for zero-
shot prompting with GPT, EUR20 for zero-shot prompting with de-
scriptions, EUR15 for few-shot prompting, and EURG60 for fine-tuning
and zero-shot prompting the fine-tuned model. Considering that in our
case, inference took between two and six hours per iteration depend-
ing on the prompting approaches when self-hosting Llama and Mis-
tral on a A100 GPU, if renting such resources cost around EUR2 per
hour, this would result in an estimated cost of EUR 4-12 per iteration.
Fine-tuning on the same dataset might require four to six hours, adding
a one-time cost of about EUR10-15. However, precise cost estimation
is difficult due to variability in model size, hardware availability, batch
optimization, and additional engineering overhead.
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ity by shortening the coding scheme information to be pro-
cessed per prompt, and lead to more satisfactory results.
In this prompt-chaining approach, the LLM could first be
asked whether a specific category would be suitable for
an answer. After having iterated across all possible cate-
gories in the coding scheme, the LLM could then be asked
for the best-suited category from among the set of those
it identified as suitable. Such an approach would allow for
more examples per category in the first step without nega-
tively impacting the LLM’s context capacity (see, e.g., Mel-
lon et al., 2024), thereby possibly improving performance.
For fine-tuning, future research should focus on systematic
experiments to identify the minimum amount of human-
coded data needed for effective performance, balancing re-
source efficiency with accuracy. Additionally, LLMs’ inner
workings, including how they process different languages
relative to one another, are somewhat opaque and not al-
ways consistent (see e.g., Zhang et al., 2023)—they might
be better aligned to follow English instructions and coding
schemes regardless of the language of the text to be classi-
fied. It is thus possible that LLMs perform better on non-
English text classification when instructed in English, i.e.,
when only the survey response is in the native language.
This would allow for simultaneous coding and translation
of open-ended survey responses (Heseltine & Clemm von
Hohenberg, 2024). Future research could investigate this by
employing the English translation of our prompt.

Second, our study focused on the performance and reli-
ability of LLM-coded open-ended survey responses, with-
out investigating the impact of the method on the findings
of substantive analyses. Replications of earlier substantive
analyses that used more established classification methods
with a fine-tuned LLM could complement our research. As
part of such an analysis, taking into account uncertainty
could shed light on whether distributional differences be-
tween LLM-based and human classifications are systematic.
This could be done by analyzing the LLM’s internal token
probabilities (i.e., the probability with which the output is
chosen), choosing the majority category after multiple iter-
ations using an LLM’s default temperature, or by directly
asking the LLM for its certainty in a specific label (e.g., Tian
et al., 2023). However, if human coders are inconsistent,
models may be unfairly penalized, leading to deceptively
low accuracy metrics. Even high inter-rater agreement (e.g.,
Cohen’s kappa) can mask systematic errors made consis-
tently by humans and mimicked by the model. In addition,
human coders could, consciously or unconsciously, intro-
duce biases based on their positionalities and stereotypes,
which also may affect the coding and the evaluation metrics
of the LLM.

Relatedly, LLMs might detect patterns or nuances hu-
mans do not, especially when not constrained by a fixed
coding scheme. Using LLMs for unsupervised approaches,

such as topic modeling (e.g., Ornstein et al., 2024), could
address this concern while also making the ex-ante devel-
opment of coding schemes for new survey items obsolete
(Mellon et al., 2024), further increasing efficiency com-
pared to supervised methods. However, results from unsu-
pervised approaches are challenging to evaluate due to the
absence of ground truth labels and because the interpre-
tations of discovered patterns are often subjective (Pham
et al. 2024). In addition, even if humans are subjective, the
large discrepancy between human and LLM-based codes
in our study suggests the latter are systematically mistaken
(see Frohling et al., 2024, for a suggestion for diversify-
ing LLM annotation). Depending on the complexity of the
response data, it thus appears that off-the-shelf LLMs are
not able to capture human reasoning as expressed in open-
ended survey responses when not fine-tuned with human-
coded benchmark data.

6 Conclusion

At a time when LLMs are revolutionizing survey research,
there have been high hopes for their applicability to coding
open-ended survey responses. Other studies have demon-
strated singular LLMs’ promising potential when tasked
to code responses in comparatively easy contexts. How-
ever, we have shown that these findings do not necessarily
generalize to other topically or linguistically more com-
plex contexts: There is no one-size-fits-all kinds of open-
ended response data regarding the LLM or prompting ap-
proach used. Even for the same data, using just any LLM
for coding does not work equally well, nor does it work
automatically without humans in the loop. Instead, it re-
quires careful prompt engineering or, even better, fine-tun-
ing with data pre-coded by humans. When coding German
open-ended responses on a very specific topic with a com-
plex classification scheme, LLM performance is generally
low and differs greatly between LLMs. In addition, differ-
ences in prompting approaches are conditional on the LLM
used. Comparing GPT, Llama and Mistral, using a fine-
tuned version of GPT resulted in the highest classifica-
tion performance. When not fine-tuning, however, classi-
fication quality is low compared to other, “easier” applica-
tion contexts (English-language responses to more common
survey items) and other classification methods (supervised
machine learning models). LLMs may thus be an effective
and possibly efficient alternative in such easier settings, pro-
vided a pre-defined coding scheme exists—but success is
not guaranteed. Our results indicate that the specific LLM
and prompting approach to be used for coding open-ended
responses needs to be thoroughly validated before deploy-
ment. For more difficult (con)texts, fine-tuning on human-
coded data increases the chances of success. Thus, as of
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now, humans still need to be in the loop for the coding and
analysis of open-ended survey responses.
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