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Abstract

The use of large language models (LLMs) for
generating responses to multiple-choice style
questionnaires that were originally intended
to be answered by humans is often a helpful
or even necessary task, for example in per-
sona simulation or during LLM alignment. Al-
though the input and output versatility of gen-
erative LLMs is beneficial when adapting such
questionnaires to machine use, it can be detri-
mental when mapping the generated text back
to a closed set of possible answer options for
evaluation or scoring. In this paper, we inves-
tigate the performance of smaller models for
the classification of LLM outputs into the avail-
able answer options of multiple-choice ques-
tionnaires. We consider fine-tuned encoder-
transformers as well as a rule-based approach
on three datasets with differing answer option
complexity. Surprisingly, we find that the best-
performing neural approach still underperforms
in comparison to our rule-based baseline, indi-
cating that simple pattern-matching of answer
options against LLM outputs might still be the
most competitive solution for cleaning LLM
responses to multiple-choice questionnaires.

1 Introduction

Large language models are increasingly being used
to simulate realistic human-aligned responses to
questionnaires originally intended for humans in
so-called persona simulation (e.g., see Aher et al.,
2023; Argyle et al., 2023; Horton, 2023; Lu and
Wang, 2024), or to assess the characteristics of
the models themselves (e.g., see Binz and Schulz,
2023; Bodroza et al., 2024; Li et al., 2024; Lu
et al., 2023; Miotto et al., 2022; Pellert et al., 2024,
Serapio-Garcia et al., 2025) in the emerging field of
machine psychology (Hagendorff et al., 2024). A
commonly used tool in such settings are multiple-
choice questionnaires with a fixed set of answer op-
tions (also called closed-ended questions), which
also occur frequently when evaluating the natural
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language understanding capabilities of LLMs with
collective evaluation benchmarks such as MMLU
(Hendrycks et al., 2020), SuperGLUE (Wang et al.,
2018), and BIG-bench (Ghazal et al., 2013), mak-
ing closed-ended questions one of the simplest and
most commonly used answer formats.

For generative LLMs, simulating human respon-
dents or generating a large number of responses to
a closed-ended question is as simple as prompting
the LLM with a question and the corresponding set
of answer options from which to choose. However,
given the variability and noise in these outputs, one
is then faced with the task of mapping LLM re-
sponses back to the set of answer options, which is
non-trivial due to LLM verbosity, hallucination, or
a model’s failure to comprehend the question. In
small-scale experiments, such responses may be an-
notated by human experts, but such an approach is
laborious and increasingly impractical with grow-
ing scale — rendering automated matching of LLM
outputs to the set of answer options the most fea-
sible solution for cleaning LLM responses. While
constrained decoding has been proposed as a solu-
tion for directly mapping token probabilities to an-
swer options, this has been found to be problematic
(Wang et al., 2024a). Likewise, one might adapt
generative LL.M-as-a-judge approaches used fre-
quently for scoring open-ended questions (Li et al.,
2025), but would then struggle with the recursive
issue of needing to clean the judge’s outputs.

Contributions. To address this problem, we in-
vestigate dependable, generalizable, and domain-
agnostic approaches for mapping noisy, LLM-
generated questionnaire responses to a discrete
range of answer options. In particular, we

(7) propose four variations of a simple general-
purpose classifier architecture that can be im-
plemented by fine-tuning encoder-based mod-
els, which we evaluate against a rule-based
pattern-matching baseline;
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(7i) create a dataset of manually annotated re-
sponses generated by a variety of state-of-the-
art LLMs to multiple-choice questions from
three sources with differing complexity of an-
swer options for evaluating the classifiers.

2 Related Work

Text classification is a central task in natural lan-
guage processing (NLP) and has a wide range of
applications, including question answering (QA).
Historically popular choices of classification algo-
rithms have included Naive Bayes algorithms, Sup-
port Vector Machines (SVM), K-Nearest Neigh-
bor (KNN) algorithms, Gradient Boosting Trees,
or Random Forests. In recent years, a growing
body of literature has developed around large lan-
guage models for text classification (Fields et al.,
2024; Gasparetto et al., 2022; Kostina et al., 2025;
Li et al., 2022; Minaee et al., 2022), and remark-
able results have been achieved with these models
(Cunha et al., 2025; Kaliyar et al., 2021; Sun et al.,
2023; Zhang et al., 2025), rendering traditional
models all but obsolete. However, while genera-
tive LLMs can potentially offer a single versatile
solution to text classification, they are time- and
resource-intensive — for an in-depth exploration of
the trade-off between performance improvements
and resource- and time-requirements, see Kostina
et al. (2025). Furthermore, despite achieving state-
of-the-art results, these classifiers also show signif-
icant limitations in their applicability, as recently
demonstrated by Vajjala and Shimangaud (2025)
and Xu et al. (2024).

In resource-constrained settings or for large
amounts of data to classify, smaller language mod-
els tend to offer better performance-to-time trade-
offs. In particular, encoder-architectures such as the
one proposed for BERT (Devlin et al., 2018) are de-
signed to be fine-tuned for text classification tasks.
Recent work from Gweon and Schonlau (2023)
and Schonlau et al. (2023) finds that using a BERT-
based model is preferable for automatically clas-
sifying open-ended questions than non-pretrained
models. For classifying responses to closed-ended
questions, we find that the task of extractive ques-
tion answering within the two-sentence structure
of BERT-style models corresponds well to the task
of classifying whether a generative LLM response
contains a valid answer option, and we therefore fo-
cus on such model architectures. The only directly
related work with a similar approach of which we

are aware is by Schelb et al. (2025), from which
we take inspiration for the classifier design and use
one of their annotated data sets as a starting point
for our experiments.

3 Problem Statement

Closed-ended questions require LLMs to answer
by choosing one out of a finite number of avail-
able answer options. However, even state-of-the
art generative LL.Ms often produce responses that
include content beyond the requested answer, such
as reasoning explanations, source citations, answer
refusals, etc. In order to use such LLM responses in
downstream analyses, it is necessary to match the
responses to the answer options that are associated
with the question. The set of possible responses
can be separated into two classes: valid responses
containing a single answer option and invalid re-
sponses containing no or multiple answer options.

Answer Option Class. All LLM responses that
correspond to one of the provided answer options
fall into this class, and a suitable classifier should
be able to determine which answer option is the
best match. For example, consider the following
question from the Regulatory Focus Questionnaire
(Higgins et al., 2001):

Input prompt: Choose your answer
to the question "Do you often do
well at things that you try?" by
choosing from the following list
of options:

. never or seldom

1

2.

3. sometimes
4

5

. very often.
LLM Response: The best response
is "sometimes 3."

While the response does not match an answer op-
tion perfectly and contains added reasoning, it
matches the valid answer option 3. sometimes
and should be classified accordingly.

[None] Class. In contrast, the [None] class is
comprised of responses that should not be matched
to an answer option and consists of two possible
cases: not present and inconclusive.

In some responses, a valid answer option might
not be present. For example, consider the following
response to the question from the above example:
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LLM Response: As an AI language
model, I cannot help with that.

Likewise, some generated outputs may be in-
conclusive due to ambiguity, for example when
the LLM generates responses containing multiple
answer options or a mixture of fragments from
multiple answer options. For example, consider the
following responses:

LLM Response: The correct answer
is: 3. sometimes and 1. never or
seldom

LLM Response: 1. sometimes

In the following, we discuss the design of clas-
sifiers that are capable of deciding which answer
options a generated LLM response matches best or
whether it should be classified as [None].

4 Classifier Design

Given the wide range of styles that answer op-
tions for multiple-choice questions may take, rang-
ing from numbered Likert-scale answer options to
trivia, our goal is the design of a generalizable,
domain- and data-agnostic classifier. Here, the un-
derlying intuition utilizes the 2-input structure that
is common to pre-trained encoder-transformer mod-
els. Specifically, we fine-tune the model to recog-
nize patterns: whether the input that corresponds to
the generative LLM response semantically matches
the input that corresponds to a given answer option.
Formally, we therefore define answer classification
as the task of mapping an LLM output to one of n
predefined answer options for each question item.
Based on this intuition, we consider four different
designs for a neural classifier that can be imple-
mented using any BERT-variant model, as well as
a rule-based baseline. For a schematic view of the
base classifier design, see Figure 1.

4.1 Rule-based Classifier (RbC)

As a baseline, we consider a rule-based classifier
leveraging string-matching. The classifier first to-
kenizes the answer option into components (e.g.,
3. sometimes would be split into the two tokens
3 and sometimes). After removing noise from the
response text and preprocessing it by lower-casing
and removing punctuation, the classifier checks
the response for occurrences of each answer op-
tion token by matching whole tokens. For answer
options consisting of multiple tokens, the occur-
rence of each distinct token scores as a fractional

G Do you often do well at things that you try? answer options
2 o 1d say that I sometimes
m do well at different things
that I try.”

[ LLM- generated response ] & [

¥
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Figure 1: Schematic overview of the classifier design: to
classify one LLM response, a fine-tuned binary classifier
receives an input pair (answer option - LLM response)
for each possible answer option, including a [None]
answer option representing an invalid response. Each
input pair is assigned a probability value, from which
the answer option with the highest probability value is
selected as the most likely answer.

value towards this answer option (such that the
maximum score for each answer option is 1, inde-
pendent of its length), and then selects the high-
est scoring answer option. If no match is found
or two options tie for the highest score, the re-
sponse is classified as [None]. We note that al-
ternative rule-based approaches are feasible (e.g.,
fuzzy-matching, entailment-based scoring, or IR-
style retrieval scoring), but here use the simplest
rule-based approach that can still perform closed-
ended answer classification.

4.2 Model-based Classifiers

The model-based classifiers are BERT-variant mod-
els trained to classify noisy LLM responses vs. one
of a set of multiple-choice options as a binary 1-
vs-all classification task, with an added class for
[None]. To facilitate the prediction of [None] Class
responses, we explore two alternatives: entropy-
based classification and a traditional multi-class
approach with a dedicated [None] class.

4.2.1 Entropy-based Classifiers

To decide whether a response corresponds to an
answer option in the Answer Option Class, the
entropy-based models work as a typical 1-vs-all
classifier by taking pairs of answer options together
with the LLM response and computing a probabil-
ity for each individual answer option-response pair.
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The answer option with the highest probability is
then predicted as output. However, to predict re-
sponses in the [None] Class, the model utilizes
an entropy-based approach, in which we compute
the entropy over the distribution of answer options
probabilities. If the entropy is sufficiently high
to cross an empirically determined threshold, the
model is assumed to be unable to determine a suit-
able class and [None] is predicted instead. This
approach ensures flexibility of a single fine-tuned
model with an arbitrary number of answer options.
For further details on the entropy calculation, see
Appendix B.

Based on the above intuition, we consider three
design variants utilizing an entropy threshold that
only differ in their approach to including [None]
Class answers in their training data.

Original Entropy Model (EM-0O). The base
model we consider here was originally proposed by
Schelb et al. (2025) for classifying Likert-scale an-
swer options in psychometric questionnaires. The
defining feature of this classifier is the absence of
any [None] Class instances in the training data.

Entropy Model Variant 1 (EM-1). As an alter-
native to the base entropy approach, we consider a
variant that adds instances from the [None] class
to the training data. Specifically, [None] Class in-
stances occur as negative samples for the Answer
Option Class, meaning that [None] Class answers
are added to the training data for each answer op-
tion with an associated binary classification label of
0. For example, the training data would include an
instance (As an AI language model, I cannot
help with that | 3. sometimes | @).

Entropy Model Variant 2 (EM-2). As a further
addition, we consider a model that also includes
negative examples for the [None] Class to help the
model distinguish it from positive instances of the
Answer Option Class. To this end, instances of
[None] Class responses are added with a [None]
answer option. For example, the training data could
include an instance (The evidence strongly
supports 3.sometimes | [None] | 0).

4.2.2 No-Entropy Model (NEM)

As a more traditional setup, we also consider a
no-entropy design in which we simply model the
task as a binary 1-vs-all classifier with the addition
of a dedicated [None] label, for which we include
both positive and negative instances in the training

data. Therefore, labels for instances of the [None]
Class can be predicted directly without need for an
entropy threshold.

Effectively, for each classifier design, we pro-
gressively expand the included training data and the
resulting classifier versions differ in the degree to
which the [None] Class answer is included during
training. For a schematic overview of the training
data composition of each classifier see Appendix
Table 4. For further details on the model designs,
see Appendix B.

5 Data

To develop a versatile classifier capable of accom-
modating a wide range of diverse questionnaires,
we consider a variety of formats for closed-ended
questions. Specifically, we follow the traditional
classification of question formats by Stevens (1946)
into measurement scales based on data type: nom-
inal, ordinal, interval, and ratio. In our selection
of dataset and the generation of training data, we
therefore consider these formats as possible LLM
response types that the classifiers have to handle.
For a detailed discussion, see Appendix A.

5.1 Training Data Generation

To train the classifiers, we require annotated LLM
responses for several multiple-choice question-
naires covering the two classes we identified in
Section 3: the Answer Option Class representing
LLM responses that correspond to a single valid
answer option for a multiple-choice question, and
the [None] Class containing ambiguous (i.e., in-
conclusive) responses or those matching no answer
options (i.e., not present). For both cases, we gener-
ate synthetic data by utilizing a template-filling ap-
proach in which we insert answer options into tem-
plates simulating (slightly) verbose LLM responses
to a question from a questionnaire. The Answer Op-
tion Class templates are explicitly handcrafted to
resemble common outputs from generative LLMs.
Using templates for LLM responses allows for bet-
ter control of the training data and easier imple-
mentation of modifications, this also reduces the
likelihood of unexpected behavior emerging from
the use of actual outputs in the training data, which
could introduce excessive noise. The [None] Class
training data contains also real [None] Class re-
sponses generated by LLMs, since answers that do
not contain any answer option and can therefore be
completely unrelated to the questionnaire are more
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difficult to reduce to common templates, given the
wide variety of responses this set can include.

Answer Option Class Data. To generate data
for the Answer Option Class, we utilize a set
of 67 handcrafted templates from Schelb et al.
(2025) that were created with the aim of resem-
bling outputs from LLMs answering the Regula-
tory Focus Questionnaire (Higgins et al., 2001).
For example, a template might be The evidence
strongly supports <answer option>, where
(answer option) can be filled with an answer op-
tion such that we know the correct label of the
generated response. The answer options are kept
the same as in Schelb et al. (2025) since the Regu-
latory Focus Questionnaire conveniently provides
a number of answer options wide enough to cre-
ate variation in the templates (i.e., numerical/non-
numerical/mixed, with labeling/ without labeling,
etc.), but limited enough to be able during train-
ing to evaluate classification performance for each
answer option separately. In addition to the hand-
crafted templates, we also generate up to 20 para-
phrased variations for each template using Llama
3.1 70B (Dubey et al., 2024). To ensure data qual-
ity and prevent the rephrasing model from stray-
ing too far, we compute Sentence-BERT embed-
dings (Reimers and Gurevych, 2019) for the origi-
nal template and the rephrased version and discard
rephrases for which the cosine similarity with the
original lies in the bottom quartile.

[None] Class Data. For the [None] Class, we
instead generate instances in which the presented
answer options are inconclusive (i.e, ambiguous) or
not present. Inconclusive responses are generated
in the same way as for the Answer Option Class
samples by populating handcrafted templates with
answer options. However, we use templates that are
filled with two answer options, such as I am not
sure, the answer could be (answer option
1) or (answer option 2). Due to the large
number of combinations for answer options, we
did not paraphrase templates in this category.

To generate instances containing no valid answer
options (not present responses), we reuse the dis-
carded paraphrases from the Answer Option Class
with a cosine similarity in the bottom 10th per-
centile. Furthermore, we prompt three generative
LLMs (Qwen 2.5 3B, Llama 3.1 8B and 70B) with
incomplete instructions by providing a question
from a questionnaire without providing any answer
options.

Data Labeling. To generate labels for the train-
ing data in both classes, we pair the filled templates
with (in)correct answer options and assign the cor-
responding binary label, depending on whether
the answer option used in the response (input 1)
matches the answer option (input 2). For exam-
ple, a positive training example is (I think 3.
sometimes | 3. sometimes | 1), while a nega-
tive one is (It is 3. sometimes | 2. | 0).

We apply this generation scheme to each of the
three data sources that we discuss in the follow-
ing section. In each case, we sample the training
dataset uniformly across available answer options
to guarantee a balanced number of training sam-
ples per answer option. For further details on the
training dataset generation, see Appendix A.2.

5.2 Benchmark Data Generation

In order to evaluate the performance of the clas-
sifier variants, we generated and annotated real
LLM responses to questions from three question-
naire datasets that we chose to represent classifica-
tion scenarios of increasing difficulty. The Reg-
ulatory Focus Questionnaire (RFQ) is a single-
task and single answer-type questionnaire (Hig-
gins et al., 2001), the AI2 Reasoning Challenge
(ARC) is single-task but multi-answer type (Clark
et al., 2018), while the Measuring Massive Mul-
titask Language Understanding Pro Task Dataset
(MMLU-Pro) is both multi-task and multi-answer
type (Wang et al., 2024b). Between the datasets we
included all four answer types (nominal, ordinal,
interval and ratio) as well as formats (numeric-only,
non numeric-only, and mixed).

We generated answers to the questions from each
of the datasets by prompting 5 to 8 different gener-
ative LLMs. The LLM responses were then anno-
tated independently by four annotators, each with a
graduate education in NLP. Answers with differing
annotations were discarded (due to the ease of this
task for human annotators, this occurred in less
than 10% of cases). For further details on the data
creation and annotation, see Appendix A.5.

RFQ Data. For the RFQ data, we expand the
annotated dataset from Schelb et al. (2025). Over-
all, we collect and annotate 1068 responses to the
RFQ, generated by prompting eight different mod-
els: Qwen 2.5 0.5B and 7B and 32B and 72B (Yang
et al., 2024), Llama 3.1 8B and 70B (Dubey et al.,
2024), Zephyr 7 (Tunstall et al., 2023), and Gem-
ini 3 Pro (Team et al., 2025). Each model was
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Dataset Task Type Answer # Answer Size % Answer Option /
Type Options  (# samples) [None] Class
RFQ Single-task Single-type 5 1068 90% / 10%
(Psychometric Test) (Likert-scale)
ARC Single-task Multi-type 4 481 97% 1 3%
(Domain-Specific QA)
MMLU-Pro Multi-task Multi-type 2-10 498 78% 1 22%

Table 1: Overview of the three evaluation datasets and their main characteristics.

prompted to answer the RFQ question items with
three different prompt variants (see Appendix A.5).
The RFQ answer options are ordinal and consist
of 5-point Likert-scales — for an example question
with answer options, see Section 3.

ARC Data. Our second dataset consists of 481
LLM answers to questions from ARC (Clark et al.,
2018), which is a corpus of science questions, each
with four possible answer options including non-
ordinal answers. To increase variation in the answer
formats, we randomly assign either numerical (i.e.,
1., 2., 3.,4.), alphabetical (i.e., A., B, C., D.) or no
answer class labels to the answer options for each
question item. We prompted five different answer-
ing models to each answer a randomly sampled
subset of 100 questions from ARC, namely Qwen
2.572B, Llama 3.1 70B, Gemma 2 9B (Team et al.,
2024), Zephyr 7B and Gemini 3 Pro. An example
question from the ARC data is:

Question: A signal from the brain to
a muscle in the arm is transmitted by
which structures?

Answer Options: A. sensory neurons,
B. interneurons, C. motor neurons, D.
mechanoreceptor neurons.

MMLU-Pro Data. For the third dataset, we use
498 answers to a modified subset of the Measuring
Massive Multitask Language Understanding Pro
Task (Wang et al., 2024b) dataset. This dataset is
the most complex and comprised of different an-
swer types and answer formats (only-numerical,
non-numerical, and mixed). We sample the data
to ensure a broad range in the number of answer
options per question, ranging from 2 to 10. Sim-
ilar to ARC, the answer options are additionally
randomly assigned numerical, alphabetical or no
answer class labels. We then prompt five different
LLM:s to respond to approximately 100 randomly
sampled questions: Qwen 2.5 72B, Llama 3.1 70B,
Gemma 2 9B, Mixtral 8x7B (Jiang et al., 2024),

Datasets ——
RbC{ '® RFQ —o—
ARC
®  MMLU-Pro
1
NEM —e—
)
3 ——
=
2 EM-0 ——
=
——
EM-1 —e—
——
EM-2 —e—

0.0 0.2 0.4 0.6 1.0

Classification Accuracy

0.8

Figure 2: Accuracy scores for the classifier designs on
all three datasets. Error bars represent the 95% confi-
dence interval over 100 bootstrap samples.

and Gemini 3 Pro. An example question from the
MMLU-Pro dataset is:

Question: What is the (approximate)
value of lemon juice on the pH scale?
Answer Options: 1,0, 9, 2, 10, 12, 14,
5.7,8.

An overview of the resulting manually annotated
evaluation data is provided in Table 1.

6 Experiments

To evaluate the proposed models, we conduct two
sets of experiments: an evaluation of classifier de-
sign performance, and an investigation into the
impact of modeling choices.

6.1 Experiment 1: Classifier Comparison

We evaluate all classifier designs on each of the
three datasets to evaluate the classifiers’ versatility
and robustness across questionnaires with differ-
ing answer types, answer formats, answer labeling,
domain, and LLM output quality.

Setup. We implement all neural classifier designs
using a ROBERTa model (Liu et al., 2019), which
we train for 1 training epoch using 1:3 positive-to-
negative sample ratio. We measure classification
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accuracy, precision, recall and F1-scores as well as
training-times for each classifier.

Results. In Figure 2, we show the performance
of all classifiers on each of the three datasets (for
the complete results, see Appendix Table 7). Sur-
prisingly, we find the rule-based classifier to have
the best performance overall as well as the best
performance across all metrics (see Appendix Ta-
ble 6), even on datasets with the most complex
answer options. The performance of the neural
classifiers trails closely with no significant differ-
ence between the designs — NEM performs slightly
better on MMLU than the entropy-based designs,
but worse on ARC.

When considering runtimes (see Appendix Ta-
ble 6), the entropy-based design train substantially
faster than the NEM design by a factor of 2, while
inference times are negligible across all models —
yet still orders of magnitude above the rule-based
classifier, which also has no training time.

Qualitative Analysis. Upon manual inspection
of the results, we find that the entropy-based de-
signs notably fail to classify any [None] Class an-
swers for the ARC and MMLU-Pro datasets. A
possible explanation are the experimentally deter-
mined entropy thresholds (see Appendix Table 5)
for [None] Class answer selection for these data
sets, which are potentially too high. Notably, we
find that the generative LLMs produced responses
with increased verbosity and proportion of [None]
Class answers for the more complex datasets (see
Appendix Table 10). This is also reflected in the
graded classification performances of all tested
classifiers (see Figure 2), which indicates that, as
expected by design, the RFQ was the easiest dataset
to classify and the MMLU-Pro the most difficult.
All classifier versions performed generally worse
on more verbose answers, regardless of model size
or architecture, and more often underperformed
on responses generated by smaller LLMs (see Ap-
pendix Table 10).

6.2 Experiment 2: Parameter Sensitivity

We further assess the impact of design choices on
the performance of the neural classifier designs.
Since all performed comparably in Experiment 1,
we only use one model-based classifier design in
the following experiments. We choose the NEM
design, as overall it was the best performing model-
based classifier from Experiment 1.

1.0

—_—e e
T~

o o
o o

Classification Accuracy
I
N

—e— RFQ
ARC
—e— MMLUPRO

o
N

0'(?I.:l 1:2 1:3 1:4 1:5 1:6 1.7 1:8 1:9 1:10

Negative Samples Ratio

Figure 3: NEM classification accuracies vs. negative
sample ratio in the training data. Shaded areas represent
the 95% confidence interval on 100 bootstrap samples.

Proportion ClassSize @ RFQ ARC MMLU
[None] (# samples) -Pro
1:1 792 0.90 0.83 0.65
1:2 1584 0.89  0.88 0.73
1:3 2376 0.84 0.82 0.64

Table 2: Training dataset characteristics and NEM clas-
sifier accuracy for each of the tested [None] Class pro-
portion variations.

6.2.1 Negative Sample Ratio

Setup. Based on the intuition that in a 1-vs-all set-
ting, negative classifications are more common, we
test ten different proportions of negative samples
in the training dataset by fine-tuning the classifier
on splits ranging from 1 to 10 negative samples
per positive sample. For each of the resulting clas-
sifiers, we compute the classification accuracy on
each of the three benchmark datasets.

Results. As shown in Figure 3 (for details see
Appendix Table 8), varying the negative sample
ratio does not yield significant variations in the
classifier’s performance. The 1:3 ratio chosen for
Experiment 1 achieves comparable or superior per-
formances to higher ratios across all three datasets.
Furthermore, this choice of ratio results in a smaller
training dataset than higher ratios and therefore re-
duces training overhead.

6.2.2 Proportion of [None] Class Data

Setup. We also experimented with the proportion
of training data from the [None] Class in relation to
the Answer Option Class by training classifiers on
proportions of 1:1, 1:2, 1:3 of data from the Answer
Option Class compared to the [None] Class.

Results. As shown in Table 2, varying the
amount of training data from the [None] Class
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Model Size RFQ ARC MMLU
-Pro

ALBERT 12M 0.78 0.51 0.43

DistilBERT 66M 0.87 0.44 0.48

DistilRoBERTa
RoBERTa

&8M 096 0.60 0.59
125M 090  0.83 0.65

Table 3: Model features and resulting classifier accura-
cies for each of the tested BERT variants.

results in a slight performance improvement for
the 1:2 proportion on the ARC and MMLU-Pro
datasets (Table 2) when compared to the equal pro-
portion used in Experiment 1. Given that the ARC
has a lower proportion of [None] samples than the
RFQ, this result does not seem to depend merely on
an increased proportion of [None] Class responses
in these two datasets (see Table 1). However, when
comparing to the results of Experiment 1, even the
improved performances were still at best equal to
the rule-based classifier’s scores.

6.2.3 BERT-variant Model Comparison

Setup. To investigate the impact that the choice
(and size) of pre-trained model has on the clas-
sifier design, we compare four different BERT
model variants. Specifically, we consider the AL-
BERT (Lan et al., 2020) base model (12M), Distil-
BERT (Sanh et al., 2019) base cased (66M), Dis-
tilIRoBERTa base (83M) and RoBERTa (Liu et al.,
2019) base (125M), which we chose to cover dif-
ferent size variants of similar encoder models. As
in the previous experiments, all classifier variants
are tested on all three datasets.

Results. From the results shown in Table 3,
we find the best performing models to be the
DistilRoBERTa-based classifier and the RoOBERTa-
based classifier that we used in Experiment 1. No-
tably, none of the parameter variations for the clas-
sifier leads to higher performances than the rule-
based classifier. Considering runtimes, we find neg-
ligible differences in training times and inference
times between the models (see Appendix Table 9).

7 Discussion and Outlook

Our results for closed-ended questions stand in
contrast to the findings of Gweon and Schonlau
(2023) for classifying LLM responses to open-
ended questions, whose fine-tuned neural models
outperformed a training-free alternative. While this
finding is, to some degree, expected as transformer

models should cope better with the semantic vari-
ation that is higher in free text responses than in
closed-ended questions, we find it particularly in-
teresting that the rule-based classifier has a higher
performance even on datasets with a high answer-
option complexity, for which one would expect
models with better semantic modeling to perform
better. Given the already high performance of this
simple rule-based classifier originally intended as
a baseline, we did not explore more complex rule-
based approaches, which might yield even better
results. Even for the best fine-tuned model (Dis-
tilRoBERT?a), its best classification performance
on the RFQ data (see Table 3) merely matches the
accuracy of the rule-based model. Given the large
amount of used training data for fine-tuning in our
experiments (> 35, 000 training samples), we take
this as an indication that the underperformance of
model-based classifiers cannot solely be attributed
to a lack of exposure to suitable training data and
that there are fundamental limitations in their capa-
bility of identifying answer options patterns in the
generated LLLM responses.

Given the considerably higher computational
costs associated with fine-tuning a model-based
classifier, the rule-based classifier appears to be
the overall better option in our evaluation. The
RoBERTa-based model achieved performance met-
rics closest to the rule-based method while demon-
strating lower training times and comparable clas-
sification times to other, even smaller, BERT-based
models (see Appendix Table 9). This supports the
findings by Cunha et al. (2025) and Gweon and
Schonlau (2023), who have also concluded that
RoBERTa offers the best cost-performance effec-
tiveness among BERT-based models. However, it
remains more resource-intensive, even in its dis-
tilled form, than the rule-based alternative. Re-
cently, other works by Cunha et al. (2025), Gweon
and Schonlau (2023), and Vajjala and Shimangaud
(2025) explored a variety of model-based classi-
fication approaches (including fine-tuning BERT
models) and showed varying performances and no-
tably no universally top-performing solution, with
traditional methods achieving competitive or supe-
rior results in several applications than LLM-based
approaches.

Finally, in the context of answer classification,
distinguishing responses into two categories — An-
swer Option Class and [None] Class — appears to
be a crucial factor in selecting a classifier for cate-
gorizing LLM-generated answers. While elegant
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in design and flexibility, the entropy-based mod-
els struggled to classify [None] Class responses in
both the ARC and MMLU-Pro datasets. In contrast,
NEM showed a substantially higher performance
to these classifier designs, especially in the MMLU-
Pro dataset, which contains the highest number of
[None] Class answers (see Figure 2). Since the
proportion of [None] Class answers may vary sig-
nificantly depending on the answering model (see
Appendix Table 10), this insight may be of cru-
cial importance when selecting a suitable model
for classifying the responses of a specific LLM in
practice.

In summary, choosing the best tool for answer
classification should take into consideration several
factors beyond performance metrics, such as the
specific survey instrument, the available compute
resources, and implementation times. Considering
these factors, neural models are a reliable and ver-
satile solution, especially when handling complex
outputs such as answers to open-ended questions
and noisy responses from lower-performance mod-
els, but our findings indicate that in the standard
context of closed-ended questionnaires, rule-based
methods are a valid and less resource-intensive
alternative. Training data and code for our experi-
ments are available on Github'.

Limitations

While we were careful in the design and execution
of our experiments and the selection and handling
of the data, we see caveats in the application of our
findings — in particular due to the possibility of bias
during data annotation.

Impact of Annotation. During the manual in-
spection of generative LLM responses, we noticed
that the measured performances of classifier de-
signs are likely dependent on design decisions in
the annotation process. For example, annotating
an LLM response of (3) for an answer option 3.
sometimes is defensible as both a match and a mis-
match, depending on interpretation. While we have
no reason to suspect that the relative performance
of neural classifiers would necessarily change as a
result of a different annotation scheme, their over-
all performance likely would. In comparison to
the rule-based classifier, however, the performance
of neural models might improve the more lenient
annotators are in accepting semantically similar

"https://github.com/astrlg/classifiers_for_mcq_llmresponses

LLM responses (for details on our annotations, see
Appendix A.S5).

Impact of LLM size. Our results also reveal that,
unsurprisingly, the performance of LLMs in an-
swering questionnaires accurately tends to depend
on the size of the model, with smaller LLMs strug-
gling more to generate valid responses. This, of
course, also impacts the performance of classifiers
— and in particular the rule-based classifier — who
must cope with interpreting these noisy outputs.

Data Contamination. Given the prevalence of
some of our data sources (in particular the RFQ),
there is a risk that the transformer models we used
were pre-trained on some of this data. However, as
one would expect data contamination to increase
the performance in comparison to a rule-based clas-
sifier, not decrease it, we do not consider this to be
an issue in the interpretation of our findings.
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A Classifier Data

A.1 Answer Classifier Data

To systematize answer types that the tested classi-
fier versions should handle, we choose the tradi-
tional classification of Stevens (1946), due to its
exhaustiveness and simplicity. Question types are
simply classified on the answer data type (nominal,
ordinal, interval, ratio). Nominal data comprises re-
sponses that fall into discrete categories (e.g., True
or False questions, or multiple-choice questions),
where answer options may also be numbered, but
these numbers do not imply any order, e.g., Ques-
tion: “Which of these supermarkets in your opin-
ion sells the best-quality fresh vegetable?”, Answer
Options: “l. Asda, 2. Morrisons, 3. Safeway, 4.
Sainsbury’s, 5. Somerfield, 6. Tesco”. Ordinal data
instead requires respondents to arrange nominal
categories based on a specific criterion outlined in
the question such as ranking scales, e.g., Question:
“How confident do you feel today?”, Answer Op-
tions: “Very Confident, Somewhat Confident, Not
Confident”. Interval scales feature answer items
arranged on a scale with an arbitrary zero point,
where the distance between each point is numer-
ically equal, these are usually rating scales such
as Likert scales, Stapel scales, and Semantic Dif-
ferential Scales, e.g., Question: “Please rate our
product between I to 5 on how much you are sat-
isfied.”, Answer Options: “l star, 2 stars ,3 stars,
4 stars, 5 stars”. Finally, a ratio scale is a specific
type of interval scale in which there is a mean-
ingful zero point, e.g., Question: “Of the last 10
cans of baked beans that you bought, how many
were Heinz?”, Answer Option: “None, 1, 2, 3, 4,
5”. Further subdivisions can be applied to answer
types: the number of possible answer options (2
or more), scales can be balanced or unbalanced,
unipolar or bipolar, partly labeled or completely
labeled, with or without a middle point, etc. We
do not consider such fine-grained distinctions to be
meaningful for response classification in our eval-
uation context, and therefore do not intentionally
include them in our benchmark datasets.

A.2 Training Dataset Generation: Positive
Samples

A.2.1 Answer Option Class

Response Template Generation. To generate

training data for the Answer Option Class, we first

use the same dictionary of 67 handcrafted tem-

plates from Schelb et al. (2025). These templates

are created with the aim of resembling outputs from
question-answering models, e.g., The evidence
strongly supports (answer option), where
(answer option) is then filled in with an answer
option, e.g., The evidence strongly supports
3.sometimes. Each of the templates is combined
with all possible answer options. The answer op-
tions consist of the answer items from the Regu-
latory Focus Questionnaire (RFQ) (Higgins et al.,
2001). There are four different answer option sets
in the RFQ, these are: [1. never or seldom,
2., 3. sometimes, 4., 5. very often];
[1. certainly false, 2., 3., 4., 5.
certainly truel; [1. never or seldom, 2.,
3. sometimes, 4., 5. alwaysl; [1. never
or seldom, 2., 3. sometimes, 4., 5. many
times]. The complete RFQ is reported below in
the relevant Appendix Section A.5. The RFQ an-
swer options are modified so as to include all ba-
sic answer formats, i.e., only numeric, only non-
numeric, or mixed. Therefore the answer options
found in each template can consist of only the an-
swer class (e.g. 1.), or only the answer label (e.g.
never or seldom), or both (e.g. 1. never or
seldom or never or seldom 1.). Each template
is filled with each of the three variations for each
of the answer options. The mixed-type answers
are split across templates between variation 1 (1.
never or seldom) and variation 2 (never or
seldom 1.). In total 2145 filled templates, uni-
formly sampled across answer option variations,
are generated.

Paraphrased Templates. To increase the diver-
sity of the Answer Option Class, we generate ad-
ditional examples by instructing Llama 3.1 70B
(Dubey et al., 2024) to paraphrase the filled-in tem-
plates. Only the Answer Option Class templates
require augmentation and therefore they are the
only paraphrased templates. This is the initial set
of all positive training samples for the Answer Op-
tion Class. The same paraphrasing model, prompt
and instructions as in Schelb et al. (2025) are used.
The paraphrasing model is instructed to generate
multiple distinct paraphrases of a given statement
from the original templates, we randomly select 20
strategies from a set of 61 handcrafted predefined
instructions for generating paraphrases. The result-
ing generated sentences are separated by newlines
and filtered for empty values to create several para-
phrased versions of the original statement. Any
paraphrased sample with a cosine similarity below
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the 25th percentile, between generated paraphrase
and reference template, is then discarded. The
cosine similarity score is computed using Sentence-
BERT embeddings (Reimers and Gurevych, 2019).
The remaining valid paraphrases amount to 26500
samples.

The filled-in handcrafted templates and the para-
phrased templates are then combined into a single
dataset. Samples from this dataset are then filtered
for duplicates and sampled uniformly across an-
swer option variations (i.e., humeric, non-numeric,
mixed). Each answer option (e.g., 1. never or
seldom) ended up having 792 positive samples
overall, of which 1/3 (264 samples) represent the
answer option in its numeric-only variation (e.g.,
1.), 1/3 represent the answer option in its "non-
numeric" variation (e.g., never or seldom), and
1/3 in its mixed variation (e.g., 1. never or
seldom). Where the answer options are only nu-
merical (i.e, answer options 2. and 4.), we sample
792 positive samples for the numeric-only varia-
tion. In total, considering both templates and para-
phrases, there are 10296 positive samples for the
Answer Option Class.

A.2.2 [None] Class

[None] Class Samples. For the [None] Class, a
distinction is made between two types of [None]
Class answers, these are inconclusive and not
present answers. Inconclusive answers refer to
responses which are ambiguous, i.e., they contain
answer options without a clearly identifiable choice,
e.g. The correct option would be 5. very
often or 2. where the valid answer options are
1. never or seldom, 2., 3. sometimes, 4.,
5. very often. Not present answers are instead
responses in which no answer option is present
and the response is irrelevant with regard to the
question, e.g. As I reflect on my life, I
would say that I feel like I have indeed
made progress toward being successful in
my life., where the valid answer options are 1.
never or seldom, 2., 3. sometimes, 4., 5.
very often.

Not Present [None] Samples. Not present
[None] Class answers are not generated from hand-
crafted templates, but from a combination of two
subsets. The first subset consists of discarded para-
phrased templates from the Answer Option Class.
These are paraphrases with a cosine similarity be-
tween paraphrased response and answer option,

calculated using Sentence-BERT embeddings, be-
low the 10th percentile. The second subset con-
sists of “real-world” irrelevant outputs from three
models (Qwen2.5 3B, Llama 3.1 8B, Llama 3.1
70B) prompted to answer the RFQ questions. The
prompt given to the models is the following: “Ques-
tion: <question item>", where question item is re-
placed by each of the RFQ questions. The models
are prompted to respond without being given the
list of valid answer options for each question. We
then randomly sample 264 answers from the two
combined subsets, to match the amount of positive
samples for each answer option variation of the
Answer Option Class.

Inconclusive [None] Samples. Inconclusive tem-
plates can be of two types: mismatched or
multiple-answer. In the mismatched case (e.g.,
1. certainly true) an answer class number
(e.g., 1.) is attributed to the wrong answer label
(e.g. certainly true). In the multiple-answer
case instead any two answer options are present in
the template (e.g., very often 5. or sometimes
3.). The same 67 handcrafted templates from the
base dataset are adapted and expanded to include
two answer options in the mismatched or multiple-
answer version. Each template is then completed
by sampling a random combination of two different
answer options, we repeat the sampling 10 times.
After filtering for empty values and duplicates,
and after uniformly sampling across answer option
variations, we then populate the final inconclusive
dataset with 264 samples for the mismatched tem-
plates and 264 samples for the multiple-answer
templates. As for the Answer Option Class, also
the inconclusive answer options have 264 positive
samples for each variation.

The [None] Class Templates amount in total to
792 samples, i.e., equal to the number of samples
for each answer option of the Answer Option Class
(with 264 samples for each of the three variations
of an answer option). All positive samples (Answer
Option Class and [None] Class combined) amount
to 11088 in total.

A.3 Training Dataset Generation: Negative
Samples

Negative samples are then generated for the An-
swer Option Class and the [None] Class not present
samples by randomly assigning incorrect answer
options to each previously response sample, and
labeling them as non-corresponding. An example
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of a negative sample for the Answer Option Class
is the following: As an AI language model,
I cannot help with that (this is a [None]
Class sample), paired with the answer option 3.
sometimes, and labeled @. An example of a nega-
tive sample for the [None] Class not present sam-
ples is instead: sample The evidence strongly
supports 3.sometimes (this is an Answer Op-
tion Class sample), paired with the answer op-
tion [None], and labeled @. Negative samples for
[None] Class inconclusive samples instead are not
created by randomly sampling answer options from
the Answer Option Class. Instead, the answer op-
tion to pair with the inconclusive sample, is ran-
domly sampled from one of the two answer options
present in the inconclusive response sample. For
example if the inconclusive sample is My choice
is 3. or 4., this response sample is paired with
either answer option 3. or 4., and labeled @. For
each positive sample, 3 negative samples are gener-
ated, for a total of 33264 negative samples (Answer
Option Class and [None] Class combined).

A.4 Final Training Dataset Generation

The final training data is created by merging to-
gether both positive and negative samples from the
Answer Option Class and the [None] Class, for a
total of 44352 samples. This dataset is then split
with an 80/20 ratio into a train dataset (35481 sam-
ples) and a validation dataset (8871 samples). This
is the resulting training dataset used for the NEM
classifier. The training datasets for the other three
model-based classifier variations are generated sim-
ilarly by simple exclusion of a single sample subset
depending on the model design. For the EM-O
the excluded subset is the whole [None] Class, for
the EM-1 model this is the whole set of negative
samples for the [None] Class, and for the EM-2
model this is the subset of positive samples for the
[None] Class.

A.5 Test Dataset Generation
A.5.1 Dataset 1: RFQ

The same annotated dataset from Schelb et al.
(2025) is repurposed and expanded. This dataset
consists in total of 2,750 responses to the Regu-
latory Focus Questionnaire (RFQ) (Higgins et al.,
2001) for each of three prompt variants (reported
below), 25 different personas (randomly sampled
from the list of names published by Aher et al.,
2023, each in combination with the title Ms. or
Mr.) and seven different models: Qwen 2.5 0.5B

and 7B and 32B and 72B (Yang et al., 2024), Llama
3.1 8B and 70B (Dubey et al., 2024), Zephyr 7B
(Tunstall et al., 2023). This results in a total of
41,250 responses. Of these, 500 responses were
randomly sampled and annotated independently by
two annotators (one with a psychology/data science
background and one with a computer science back-
ground). This dataset was then expanded by ran-
domly sampling an additional 500 responses from
the initial response dataset. An additional answer-
ing model was then added (Gemini 3 Pro, Team
et al., 2025) and prompted (with the same three
prompt variants) to answer 132 additional question
items. The additional two subsets were annotated
separately by two different annotators than the first
500 answers (one with a psychology/data science
background and one with a linguistics background).
Responses with disagreeing annotations were ex-
cluded. The final dataset consists of 1062 annotated
answers.

Questionnaire instruction: 7his set of questions
asks you HOW FREQUENTLY specific events ac-
tually occur or have occurred in your life. Please
indicate your answer to the question by selecting
the appropriate number.

1. Question: Compared to most people, are you
typically unable to get what you want out of life?
Answer Options: /. never or seldom, 2., 3. some-
times, 4., 5. very often

2. Question: Growing up, would you ever “cross
the line” by doing things that your parents would
not tolerate?

Answer Options: /. never or seldom, 2., 3. some-
times, 4., 5. very often

3. Question: How often have you accomplished
things that got you “psyched” to work even harder?
Answer Options: /. never or seldom, 2., 3. some-
times, 4., 5. many times

4. Question: Did you get on your parents’ nerves
often when you were growing up?

Answer Options: /. never or seldom, 2., 3. some-
times, 4., 5. very often

5. Question: How often did you obey rules and
regulations that were established by your parents?
Answer Options: /. never or seldom, 2., 3. some-
times, 4., 5. always

6. Question: Growing up, did you ever act in ways
that your parents thought were objectionable?
Answer Options: /. never or seldom, 2., 3. some-
times, 4., 5. very often

7. Question: Do you often do well at different
things that you try?
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Answer Options: /. never or seldom, 2., 3. some-
times, 4., 5. very often

8. Question: Not being careful enough has gotten
me into trouble at times.

Answer Options: /. never or seldom, 2., 3. some-
times, 4., 5. very often

9. Question: When it comes to achieving things
that are important to me, 1 find that I don’t perform
as well as I ideally would like to do.

Answer Options: [. never or seldom, 2., 3. some-
times, 4., 5. very often

10. Question: [ feel like I have made progress
toward being successful in my life.

Answer Options: . certainly false, 2., 3., 4., 5.
certainly true

11. Question: I have found very few hobbies or
activities in my life that capture my interest or
motivate me to put effort into them.

Answer Options: [. certainly false, 2., 3., 4., 5.
certainly true

Prompt 1.
Instructions: Choose from the list of answer
options to answer the question. Answer the
question using only the provided answer options. If
none of the options are correct, choose the option
that is closest to being correct.

Question: <instruction item>

Answer Options: <answer options>

Answer:

Prompt 2.

Objective: Act like you are (persona), a survey
participant answering a questionnaire. (question-
naire instruction)

Instructions: Choose from the list of answer
options to answer the question. Answer the
question using only the provided answer options. If
none of the options are correct, choose the option
that is closest to being correct.

Question: <instruction item>

Answer Options: <answer options>

Answer:

Prompt 3.

Objective: Act like you are (persona), a survey
participant answering a questionnaire. (question-
naire instruction)

Instructions: Choose from the list of answer
options to answer the question. Answer the
question using only the provided answer options. If
none of the options are correct, choose the option

that is closest to being correct.

Output format: The solution must be provided in
this format: {"answer": "answer option"}.
Question: <instruction item>

Answer Options: <answer options>

Answer:

A.5.2 Dataset 2: ARC

The second dataset consists of the AI2 Reasoning
Challenge (ARC) (Clark et al., 2018). The dataset
consists of a corpus of grade-school science
questions each with four possible answer options
to choose from. Out of 7,787 available questions,
we randomly sampled 500 questions, of which
250 questions come from the Easy subset and
250 questions come from the Challenge subset.
Each answer-option set was additionally randomly
assigned either a numerical (i.e., 1., 2., 3., 4.),
alphabetical (i.e., A., B., C., D.) or no answer label.
Then each of five different answering models was
prompted to answer a randomly sampled subset of
100 questions, out of the 500 questions previously
sampled. The prompted models were: Qwen 2.5
72B, Llama 3.1 70B, Zephyr 7B, Gemini 3 Pro and
Gemma 2 9B (Team et al., 2024). Each model was
prompted to respond using the second prompt used
in the RFQ adapted to this dataset. The prompt was
chosen as to be a prompt of medium complexity.
The same annotators who annotated the expanded
RFQ dataset annotated the ARC dataset as
well. Items annotated differently were discarded.
The final dataset consists of 481 annotated answers.

Prompt.

Instructions: Choose from the list of answer op-
tions to answer the question. Answer the question
using only the provided answer options. If none of
the options are correct, choose the option that is
closest to being correct.

Question: <instruction item>

Answer Options: <answer options>

Answer:

A.5.3 Dataset 3: MMLU-Pro

The questions included in the dataset consist of
items from the Measuring Massive Multitask
Language Understanding Pro (MMLU-Pro) task
dataset (Wang et al., 2024b), which expands the
MMLU task dataset (Hendrycks et al., 2020) to
include more questions and number of possible
answer options. This dataset comprises items with
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four to ten answer options of nominal, interval
and ratio type. In addition, we modified the
MMLU-Pro dataset to have equal subsets of
questions differing by number of answer options.
This was achieved by reducing the number of
answer options for a portion of the 10- and 9-
answer option subset (the most numerous question
subgroup in the original dataset). Randomly
sampled questions were selected from this subset,
and then the correct answer option was retained
with the addition of other randomly sampled
answer options from the question’s answer list.
For example, to populate the subset of 3-answer
option questions, we kept the correct answer to
the question and randomly sampled two other
items from the answer option list of the question
item. To further increase the variability of the
answers, the answer options were additionally
randomly assigned numerical, alphabetical or no
answer labels (as done for the ARC dataset). The
original test dataset consists of 12.032 questions
divided into 14 topic categories (e.g. animals,
movies, sports, etc.), from which an equal number
of answers is sampled based on number of answer
options. The resulting sampled subset consists of
500 question items. This benchmark dataset was
created by asking five different models to each
respond to one fifth of the items from the sampled
set of questions. The prompted models were:
Qwen 2.5 72B, Llama 3.1 70B, Gemma 2 9B and
Mixtral 8x7B (Jiang et al., 2024). In addition to
the initial 500 items, 126 more questions were
sampled (again uniformly across answer option
number and topic) to prompt Gemini 3 Pro. The
models were chosen based on relevance in the
field, differing sizes and reported performances
on the MMLU-Pro task. The answers from all
models were then merged and, after filtering out
empty answers and duplicate question-answer
pairs, each response was labeled with the most
likely answer option. The same annotators from
the RFQ expanded dataset and the ARC dataset
annotated this dataset as well. Items with differing
annotations were discarded. The final dataset
consists of 498 annotated answers. The prompt for
the MMLU-Pro dataset was chosen to have the
less complex format possible, while still retaining
a common part to the other datasets’ prompts.

Prompt.
Question: <instruction item>
Answer Options: <answer options>

Answer:

A.5.4 Dataset Annotations

The RFQ dataset was annotated by four different
annotators. 500 answers were annotated indepen-
dently by two annotators (one with a computer sci-
ence background and one with a psychology/data
science background). The remaining 626 answers
were annotated by a different pair of annotators,
again independently from each other (one with
a linguistics background and one with a psychol-
ogy/data science background). Where annotations
did not match, the response samples were discarded.
For the RFQ dataset 10 out of 1078 answers were
discarded. For the ARC 19 answers out of 500
were discarded. For the MMLU-Pro 126 out of 600
answers were discarded. The increasingly higher
number of disagreeing annotations correlates with
the increasing difficulty of the question sets, result-
ing in progressively noisier LLM outputs that were
challenging to classify also for the annotators. An-
notations for all three datasets followed the same
annotation guidelines (reported below).

Answer Option Class. If one and only one an-
swer option was present in the response sample and
unambiguously identifiable, the response sample
was labeled with that answer option, for example:

Answer Options: 1. never or
seldom, 2., 3. sometimes, 4., 5.
very often, [None]

Response Sample: I would select
answer option 1. never or seldom.
Annotation: 1. never or seldom

When partial answer options were present, they
were matched to an answer option only if the an-
swer option was uniquely and unambiguously iden-
tifiable, for example:

Answer Options: 1. never or
seldom, 2., 3. sometimes, 4., 5.
very often, [None]

Response Sample: seldom
Annotation: 1. never or seldom

[None] Class. Response samples labeled as
[None] were of five possible types:

i) No identifiable answer option was present in the
response sample, for example:

Answer Options: 1. never or
seldom, 2., 3. sometimes, 4., 5.
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very often, [None]

Response Sample: As I reflect on
my life, I would say that I feel
like I have indeed made progress
toward being successful in my
life.

Annotation: [None]

ii) Multiple answer options were present in the
response sample, with no clear choice, for example:

Answer Options: 1. never or
seldom, 2., 3. sometimes, 4., 5.
very often, [None]
Response Sample:
option would be 5.
or 2.

Annotation: [None]

The correct
very often

iii) An answer option with the incorrect numerical
or alphabetical label was present in the response,
for example:

Answer Options: 1. never or
seldom, 2., 3. sometimes, 4., 5.
very often, [Nonel]

Response Sample: 4. very often
Annotation: [None]

iv) Partial answer options were present in the re-
sponse sample but were not sufficient to uniquely
and unambiguously match them to a single answer
option, for example:

Answer Options: 1. never or
seldom, 2., 3. sometimes, 4., 5.
very often, [None]

Response Sample: often

Annotation: [None].

Here "often" could be matched to both answer op-
tion 4. and answer option 5. very often

v) A paraphrased answer option was present in the
response without numerical, alphabetical or other
labeling for unambiguous answer option identifica-
tion, for example:

Answer Options: 1. never or
seldom, 2., 3. sometimes, 4., 5.
very often, [None]

Response Sample: Ms. Nez:
Compared to most people, I would
say that I am able to get
what I want out of 1life more
often than not. While there may

Positive Class [None]Class

Models Positive Negative Positive Negative

samples samples samples samples
NEM v v v v
EM-1 v v v
EM-2 v v v
EM-O v v
RbC

Table 4: Training data comparison of all tested classifier
versions.

have been occasional setbacks or
challenges, I would say that I
am rarely, if ever, wunable to
achieve my goals,
Annotation: [None]

B Models

In Experiment 1 we compare four different model-
based classifiers. The four models differ in training
data composition (see Table 4) and in the method
used for the [None] Class detection. An explana-
tion of each model is provided below.

B.1 Rule-based Classifier (RbC)

This model is based on token overlap to determine
which answer option exhibits the highest lexical
similarity to the response generated by an LLM
answering a question item. Initially, each answer
option is divided into two parts: a label part and
an answer class part (for example, 5. and always).
The frequency of token overlap within each part
of the response is counted. The answer option that
accumulates the highest total overlap score is identi-
fied as the best choice. If two answer options share
the same score (inconclusive) or there is no token
overlap (not present) then the outcome is classi-
fied as [None]. Additional heuristics are added to
handle both numerical and non-numerical labeling,
text normalization to lower-case and exclusion of
only partially-overlapping answer options.

B.2 Entropy Models (EM-1, EM-2, EM-O)

The entropy-based models (EM-1, EM-2, EM-
O) closely resemble the model-based judge
from Schelb et al. (2025), and differ mostly in
the training data composition. The entropy-based
models consist of a BERT-based (RoBERTa, Liu
et al., 2019) fine-tuned classifier, which assigns
probabilities to input pairs consisting of i) an LLM-
generated response to a question item and ii) an
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Model RFQ ARC MMLU-Pro
EM-1 0.54 1.0 1.0
EM-2  0.81 0.98 1.0
EM-O 0.49 1.0 1.0

Table 5: Entropy Thresholds used in Experiment 1 for
models EM 1, EM 2 and EM-O on each benchmark
dataset.

answer option to the question item. After comput-
ing the probability for each match (i.e., for each
response-answer option pair), this classifier com-
putes the entropy of the probability distribution of
the input-pair values. It then matches responses
to the option [None], only when the entropy value
is above an experimentally-found threshold. The
entropy (H) is normalized to account for differing
numbers of answer options and is calculated as

Hyox — H(X)

H(X)=
( ) Hmax*Hmin

where

n

H(X) == p(z:)log(p(x:)).

i=1

The three entropy-based models all share the
design described above, but differ in the represen-
tation of the [None] Class in their training dataset
(see Table 4). The Entropy-based Model Original
(EM-O) corresponds to the model-based judge de-
veloped by Schelb et al., 2025). For this classifier
version, the [None] Class is completely absent
from the training data. For the Entropy-based
Model version 1 (EM-1), the training dataset does
also not include negative samples for the [None]
Class, however [None] Class response samples are
present in this case among the negative samples for
the Answer Option Class. For the Entropy-based
Model version 2 (EM-2) instead, the training
dataset does also include negative samples for the
[None] Class. The three entropy-based classifier
versions therefore differ in the degree to which
they include the [None] Class in their training
datasets. All other features remain unchanged
between these entropy-based classifier variations.

Entropy Threshold. For each of the models us-
ing an entropy-threshold to classify the [None]
Class (i.e., EM 1, EM 2 and EM-O), the entropy
threshold to be used was determined by testing

threshold values between O and 1 (given that the
entropy is normalized) in steps of 0.01. Each of the
threshold values was used for classification on each
of the three test datasets and performance was then
calculated. For each model evaluated in each of the
three datasets the entropy-threshold value yielding
the best classification performance was selected for
Experiment 1. For each model and test dataset a
different optimal entropy threshold was found. The
final entropy thresholds for each of the models are
shown in Table 5.

B.3 No-Entropy Model (NEM)

The No-Entropy Model (NEM) is also a BERT-
based (RoBERTa, Liu et al., 2019) classifier, which
is fine-tuned to evaluate each response by compar-
ing it against all possible answer options. The input
pairs in this case do not only include the answer
options predefined in the questionnaire, but there
is an additional match to evaluate, consisting of
the response and the [None] Class option. This
model therefore evaluates the match probability
between response and answer option by adding
among the possible answer options the [None] op-
tion representing the [None] Class (see Figure 1).
The No-Entropy Model was the best performing
model-based classifier in Experiment 1 and there-
fore was selected as the classifier version to be
tested in Experiment 2.
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Model Training Data Size Training Time (min) Classification Time (min) Classification Accuracy

RFQ ARC MMLU RFQ ARC MMLU

-Pro -Pro
NEM 35481 15.79 1.04 0.39 0.57 0.90 0.83 0.65
EM-1 32946 8.17 2.18 0.82 2.07 0.88 0.87 0.62
EM-2 34847 8.43 2.11 0.97 1.03 0.89 0.86 0.60
EM-O 32946 8.20 1.10 0.45 1.03 0.88 0.88 0.61
RbC 0 0 0.010 0.01 0.01 0.96 0.90 0.74

Table 6: Training datasets and classification details for each classifier version tested in Experiment 1, including
runtimes on an Nvidia A40 GPU.

Model Accuracy Precision

RFQ ARC MMLU-Pro RFQ ARC MMLU-Pro
NEM 0.90 0.83 0.65 0.91 0.83 0.73
EM-1 0.88 0.87 0.62 0.88 0.87 0.62
EM-2 0.89 0.86 0.60 0.88 0.86 0.60
EM-O 0.88 0.38 0.61 0.88 0.88 0.61
RbC 0.96 0.90 0.74 0.96 0.88 0.72
Model Recall F1

RFQ ARC MMLU-Pro RFQ ARC MMLU-Pro
NEM 0.90 0.83 0.65 0.88 0.83 0.68
EM-1 092 0.87 0.62 0.89 0.87 0.62
EM-2 0.89 0.86 0.60 0.87 0.86 0.60
EM-O 0.88 0.88 0.64 0.87 0.88 0.61
RbC 0.96 0.90 0.74 0.96 0.88 0.73

Table 7: Performance metrics for each tested classifier version in Experiment 1.

Negative Samples Ratio  Training Data Size (# samplesy RFQ ARC MMLU-Pro

1:1 17740 090 0.80 0.67
1:2 26610 090 0.80 0.60
1:3 35481 090 0.83 0.65
1:4 44351 0.81  0.67 0.61
1:5 53222 090 072 0.53
1:6 62092 090 072 0.59
1:7 70962 092 0.79 0.66
1:8 79833 091  0.68 0.54
1:9 88703 090 0.80 0.64
1:10 97574 085  0.62 0.56

Table 8: Training datasets and classification details across ten different negative sample ratios tested in Experiment
2 Negative Sample Ratio.

Model Size  Training Time (min) Classification Time (min) Classification Accuracy
RFQ ARC MMLU-Pro RFQ ARC MMLU-Pro
ALBERT 12M 19.62 0.92 0.34 0.51 0.78 0.51 0.43
DistilBERT 66M 13.56 0.56 0.21 0.32 0.87 0.44 0.48
DistilRoBERTa  83M 16.12 0.60 0.23 0.34 0.96 0.60 0.59
RoBERTa 125M 15.79 1.04 0.39 0.57 0.90 0.83 0.65

Table 9: List of BERT-based classifiers and their characteristics compared in Experiment 2 BERT-variant Model
Comparison.
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Model Dataset

RFQ
Answer Answer Model Class EM-O EM-1 EM-2 NEM RbC
Length Time (min) Performance Proportions
Qwen 2.5-0.5B 2.2 n/a n/a 0.70/0.30 0.72 0.87 0.70 0.70 0.96
Qwen 2.5-7B 3.5 n/a n/a 1.00/0.00 0.94 0.96 1.00 1.00 0.97
Qwen 2.5-32B 21.7 n/a n/a 0.98/0.02 0.88 0.76 0.91 0.94 0.98
Qwen 2.5-72B 18.5 n/a n/a 1.00/0.00 0.92 0.80 0.94 0.98 0.99
Llama 3.1-8B 14.6 n/a n/a 0.97/0.03 0.96 0.95 0.97 0.97 0.98
Llama 3.1-70B 3.7 n/a n/a 1.00/0.00 0.91 0.97 1.0 0.99 0.99
Zephyr 7b-beta 40.0 n/a n/a 0.62/0.38 0.73 0.76 0.71 0.71 0.81
Gemini 3 Pro 6.1 45.5 n/a 1.00/0.00 1.0 0.99 0.99 1.00 1.00
ARC
Answer Answer Model Class EM-O EM-1 EM-2 NEM RbC
Length Time (min) Performance Proportions
Qwen 2.5-72B 26.4 10.47 0.89 0.99/0.01 0.90 0.88 0.92 0.88 0.93
Llama 3.1-70B 29.6 10.80 0.76 0.88/0.12 0.74 0.72 0.75 0.65 0.73
Gemma 2-9b-it 15.6 4.49 0.89 1.00/0.00 0.96 0.92 0.88 0.92 0.95
Zephyr 7b-beta 25.0 3.96 0.73 0.96/0.04 0.80 0.82 0.77 0.72 0.85
Gemini 3 Pro 6.42 10.67 0.91 1.00/0.00 1.0 1.0 0.97 0.97 1.0
MMLU-Pro
Answer Answer Model Class EM-O EM-1 EM-2 NEM RbC
Length Time (min) Performance Proportions
Qwen 2.5-72B 85.7 28.09 0.48 0.76/0.24 0.59 0.58 0.57 0.61 0.70
Llama 3.1-70B 67.2 28.66 0.54 0.92/0.08 0.61 0.69 0.60 0.65 0.71
Mixtral 8x7B 329 22.07 0.42 0.87/0.13 0.72 0.77 0.71 0.70 0.83
Gemma 2-9b-it 75.8 17.92 0.44 0.77/0.23 0.63 0.56 0.65 0.67 0.69
Gemini 3 Pro 85.8 28.09 0.49 0.64/0.36 0.55 0.57 0.54 0.63 0.74

Table 10: List of answering models used to generate questionnaire responses to be classified. Answer Length is
measured in number of tokens. Model performance refers to the answering model’s proportion of correct answers in
the task. Class Proportions represent the proportions of responses between the Answer Option Class and the [None]
Class. The classification accuracy on the responses from each answering LLM is reported for each classifier version.
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