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Abstract

Annotated data is essential for most NLP tasks,
but creating it can be time-consuming and chal-
lenging. Argumentation annotation is espe-
cially complex, often resulting in moderate hu-
man agreement. While large language models
(LLMs) have excelled in increasingly complex
tasks, their application to argumentation an-
notation has been limited. This paper investi-
gates how well GPT-4o and Claude can anno-
tate three types of argumentation in Swedish
data compared to human annotators. Using full
annotation guidelines, we evaluate the mod-
els on argumentation schemes, argumentative
spans, and attitude annotation. Both models
perform similarly to humans across all tasks,
with Claude showing better agreement with hu-
mans than GPT-4o. Agreement between mod-
els is higher than human agreement in argumen-
tation scheme and span annotation.

1 Introduction

Annotated data is essential in most natural lan-
guage processing (NLP) tasks, including seman-
tic and pragmatic analysis. While pretrained large
language models (LLMs) have reduced the need
for large amounts of annotated training data, la-
beled data remains crucial for evaluation. However,
creating high-quality annotated data can be time-
consuming and expensive, especially when faced
with the complex aspects of linguistic meaning in-
volved in annotating a phenomenon like argumen-
tation.

Annotating argumentation is a challenging task,
as it involves not only identifying opinions but how
they are argued for. Argumentation in itself can
often be implicit and context-dependent, and some-
times even subjective, which can lead to differing
opinions among annotators. In NLP, the study of
argumentation is usually done within the field of
argumentation mining, which aims to automati-
cally retrieve and analyze argumentation (Stede

and Schneider, 2018; Lawrence and Reed, 2020).
Because of the complexity of the task, argumen-
tation annotated datasets used in this field often
report lower agreement than annotation of other
phenomena in NLP (Lytos et al., 2019; Lindahl and
Borin, 2024). These challenges make argumenta-
tion especially suitable for investigation.

In recent years, LLMs have excelled at differ-
ent complex tasks, often outperforming previous
baselines (Brown et al., 2020; Chowdhery et al.,
2022). Often, these models are not fine-tuned on
data, but instead instructed through prompts to per-
form various tasks, such as classification. This way
of prompting is more similar to annotation of data,
rather than training and then classifying. This simi-
larity between prompting and annotation has given
rise to several studies comparing how well LLMs
annotate (Pavlovic and Poesio, 2024), with poten-
tial advantages in speed and cost (Ding et al., 2023).
Recently, models are able to handle longer inputs
(compare OpenAI’s GPT-4’s context window of
8102 tokens to GPT-4o’s 128k), making it possible
to prompt models with actual annotation guidelines
rather than shortened instructions.

Despite the capabilities of LLMs, not many stud-
ies have yet compared argumentation annotation of
humans to that of models. Because of this, in this
study, three Swedish datasets annotated with differ-
ent types of argumentation are used to evaluate how
well two LLMs, GPT-4o and Claude Sonnet, can
annotate argumentation. The datasets are annotated
for argumentation schemes, spans of argumentation
and attitude, respectively. Because these tasks are
complex and human annotators often disagree, we
are also interested to see how the models anno-
tate in cases of disagreement. For example, is there
some annotators the models align with more? More
specifically, this study asks:

1. How well can LLMs annotate argumentation,
given annotation guidelines?
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2. How do models annotate when humans dis-
agree?

In answering these questions, this paper con-
tributes a novel analysis of the models’ capabilities
as annotators of argumentation in three different
tasks. As far as the author is aware, there are no
other studies which analyse argumentation anno-
tation of these kinds. We find that both models
can annotate similarly to humans in all argumenta-
tion annotation tasks, with Claude showing better
agreement with humans than GPT-4o. In the argu-
mentation scheme and argumentation span task the
agreement between the two models is higher than
between human annotators.

2 Related work

In many tasks, it has been shown that LLMs can
perform comparably to human annotators. For
example, Gilardi et al. (2023) use ChatGPT for
four annotation tasks (stance, topic, relevance, and
frames) and find that the model performs similarly
to, or better than, human annotators in these tasks,
compared to an aggregated gold standard. Simi-
larly, in Aldeen et al. (2023) GPT’s performance
in several classification tasks is presented. They
find that the model overall performs well but strug-
gles with sarcasm and emotion detection. Other
areas where LLMs have been used for annotation
are stance classification (Liyanage et al., 2024) and
grammatical annotation (Morin and Marttinen Lars-
son, 2025). However, not all studies find that LLMs
perform well. LLMs seem to struggle with more
complex tasks, for example Wei et al. (2024) find
that LLMs under-perform in the task of event ex-
traction.

As mentioned in the previous section, the differ-
ence between annotation and classification in these
kinds of studies is not always clear. In some stud-
ies (for example in Liyanage et al. (2024) models
are not given instructions similar to that of what
a human annotator would receive, but instead a
shortened version. As pointed out by Pavlovic and
Poesio (2024), most studies compare model output
to a curated gold standard, without direct compari-
son to the other annotators.

An exception to this is Rønningstad et al. (2024),
who annotate entity-level sentiment in Norwegian
texts by prompting ChatGPT. They compare the
model’s and five human annotators’ annotations
to a curated dataset. Accuracy and Cohen’s κ is
lower for ChatGPT, with the exception of an outlier

annotator. They also find that ChatGPT’s errors
deviate from the other annotators’ labels more than
the human annotators’ labels. Another example is
the study by Li and Conrad (2024), who annotate
stance using open source LLMs. They find that
LLMs show lower agreement with human annota-
tors in cases where human annotators themselves
disagree. They also find that in these cases, the
stance is less explicit than in other examples.

In argumentation mining, studies have shown
that LLMs can perform well on different tasks.
For example, Abkenar et al. (2024) perform ar-
gument discourse unit classification and relation
classification using open source models. Chen et al.
(2024) explore the argumentation mining tasks of
detecting claims, stance and evidence types. They
find that GPT-3.5-Turbo performs best on com-
plex tasks. Cabessa et al. (2025) fine-tune open
source models and achieve state of the art results
for component classification, relation classification
and identification. Gorur et al. (2025) find that
open source LLMs can outperform the baseline in
identifying argumentative relations. There are also
examples of LLMs being used to generate argu-
mentation (Rocha et al., 2023). However, LLMs
have not been successful at all tasks. Ruiz-Dolz
and Lawrence (2023) find that GPT-4 performs
below other models in their fallacy detection and
classification task.

When looking specifically at annotation of ar-
gumentation, there are few studies. Mirzakhme-
dova et al. (2024) examine the annotation of argu-
ment quality. In this task, inter-annotator agree-
ment (IAA) among human annotators is between
0.37–0.40 (expert and novice annotators). They
calculate IAA across several runs with the same
model, treating each run as a new annotator, and it
is significantly higher (between 0.73–0.98). They
also compare model annotations to human anno-
tations in cases where there is perfect agreement
between human annotators, and find that there is
moderate agreement between the models and hu-
mans for most categories. Schaefer (2025) inves-
tigate how LLMs can aid in annotation of sematic
argument type and find that the models can per-
form the task but with similar performance to a
BERT model. They did not compare their results
to individual human annotators.
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3 Datasets

These datasets represent different annotation ap-
proaches in argumentation mining, with varying
complexity, document length and genre. The
datasets are all in Swedish. All datasets were an-
notated by annotators with a background in lin-
guistics and with Swedish as their native language.
Letters are used to represent the annotators below,
for example ‘annotator A’. Note, however, that the
annotators differ between the annotation tasks. The
annotations of these datasets are not available on-
line, thus the risk of the model being informed by
the annotations beforehand is minimal. Dataset
statistics are seen in Table 1 below. Note that in the
following sections all examples are translated from
Swedish to English.

Annotation Documents Tokens

Avg.
doc.
size

Arg. schemes 30 editorials 20561 685
Arg. spans 9 threads 28465 3162
Attitude 500 tweets 15510 31

Table 1: Dataset statistics

3.1 Argumentation schemes

This dataset consists of 30 Swedish editorials from
(Lindahl et al., 2019), with topic such as energy pol-
itics and unemployment. The editorials are anno-
tated with Walton’s argumentation schemes by two
annotators. An argumentation scheme describes
how inferences are being made in an argument,
for example “Argument from popular opinion”.
The annotation task consisted of finding arguments,
made up by a conclusion and one or more premises.
This argument was then labeled with an argumenta-
tion scheme. Components were annotated as spans,
and a span could have multiple roles (e.g. conclu-
sion in one argument and premise in another) and
be used several times. An example of an annotated
argumentation scheme is given below.

Premise: ‘But against this, one must weigh the obvious risks

that an expansion of nuclear power entails.’

Conclusion: ‘The waste must be stored for hundreds of years.’

Scheme: ARGUMENT FROM CORRELATION TO CAUSE

In this task, the annotators were instructed to
use the book by Walton et al. (2008), which in-
troduces and describes argumentation schemes, as

guidelines. Although the book covers many differ-
ent argumentation schemes, the number of scheme
types available for annotation was restricted to 30.
Because it was not feasible to provide the whole
book to the model, a list of descriptions of these 30
schemes was used instead. Below is an example of
a scheme description.

ARGUMENT FROM SIGN:

Premise: A is true in this situation.

Premise: Event B is generally indicated as true when its sign,

A, is true in this kind of situation.

Conclusion: B is true in this situation.

Descriptions of the scheme types mentioned in
this paper are found in appendix B. For a more
detailed description of the annotation process, see
Lindahl et al. (2019).

3.2 Argumentative spans
This dataset consists of 9 threads from two
Swedish online discussion forums (Lindahl, 2020).
They are annotated with argumentative spans by
8 annotators. The guidelines are approximately
2,800 tokens, with examples and diagnostic
tests. The guidelines also provide a definition of
argumentation and a discussion of what is to be
considered argumentative. An annotated example,
agreed upon by most annotators is seen below.
Bold indicates argumentation.

“I think we should eliminate home economics
in schools. I consider it degrading to women.
The 1800s called and wants the school’s view of
women back. What do you others think?”

For a more detailed description of this annotation
process and annotation disagreement, see Lindahl
(2020) and Lindahl (2024).

3.3 Attitude
This dataset consists of 4280 tweets from Swedish
political parties and party leaders (Lindahl, 2024,
2025). The aim of the annotation was to iden-
tify what the tweet author expressed an attitude or
stance towards. This was done by marking spans
of text that represented what the author expressed
negative or positive attitudes about. For example,
see below where bold indicates negative attitude:

“Now every penny needs to go to-
wards counteracting the municipal cri-
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sis. Therefore, we say no to increased
Swedish EU fees. The EU bureaucrats
will have to cut their coat according to
their cloth.”

The guidelines describe the task and provide
examples. This annotation study employed four
annotators, and each tweet was annotated by a com-
bination of three annotators. A subset of the tweets
was annotated by all four annotators. From the
tweets annotated by all four annotators, 500 were
chosen for annotation in this study. For a more
detailed description of the annotation process and
annotation disagreement, see Lindahl (2025) and
Lindahl (2024).

4 Method

For this study, the models GPT-4o
(gpt-4o-2024-08-06) (OpenAI et al., 2024) and
Claude Sonnet (claude-3-7-sonnet-20250219)1

were chosen. For both models, the temperature
was set to 0. This was to make the results
more consistent and deterministic. GPT-4o was
chosen because it is one of the most prominent
and well-known models, and one of the most
commonly used ones in annotation studies. It
was also is one of the most cost effective models.
Claude was chosen to provide a comparison with a
different model architecture and it also performed
well in preliminary experiments. Initially, in
order to compare the results to an open source
model, experiments were run with Llama 3.3-8B.2

However, this model did not perform well enough
to be included in this study, possibly due to the
model size. A larger Llama model was not used
due to computational constraints.

For each annotation task, the model was given
a prompt which consisted of the original annota-
tion guidelines together with short supplemental
instructions. The prompt also included an example
to be annotated. Both the prompt and examples
were all in Swedish. The length of the guidelines
is seen in Table 2.

Editorials Online forum Tweets
Tokens 3426 2786 2349

Table 2: Length of the guidelines, tokens

1https://docs.anthropic.com/en/docs/
about-claude/models/overview

2https://www.llama.com/models/llama-3/

The guidelines were not changed from the origi-
nal annotation task, with the exception of removal
of tool-specific instructions. The supplementary
instructions introduced the task and the guidelines,
and told the model in which format it should return
the annotations.

As previous studies have reported (Rønningstad
et al., 2024; Atreja et al., 2024), care must to be
taken when crafting instructions. When writing in-
structions in this study, variations in wording were
found to influence the annotations, and developing
instructions that produced the correct output took
some trial and error. In this process, both models
were included, in order to develop instructions that
worked for both of them. For example, mention-
ing the guidelines early in the instructions would
increase the number of annotations returned in the
correct format. An example of a prompt can be
seen below, see appendix A for the other.

“Your task is to annotate text spans
that you consider to contain argumenta-
tion. Here are the annotation guidelines
[guidelines]. The text is from an online
forum, where each post is marked with
"==". Divide the annotations per post.
Make the annotations in json format, as
a single object. Here is the text: [docu-
ment].”

The prompt was sent for each document to be an-
notated. In the case of the argumentation schemes
and the argumentative spans, a document would
be an editorial or a thread, respectively. For the
attitude annotation, ten tweets were sent at a time.

The guidelines for the argumentative spans and
attitude tasks included annotated examples. In the
argumentation scheme task, the guidelines did not
include annotated examples. This was done in or-
der to keep the annotation task as similar as possi-
ble to the original annotation setup.

5 Results

In general, the models struggled with keeping
within the instructions and often added extra knowl-
edge. For example, they would add a motivation for
the annotation despite being explicitly asked not to.
The models would also often correct the spelling of
misspelled words, which made it challenging to au-
tomatically compare annotations. Some examples
were returned without annotation or annotated in
the wrong format. Due to these issues, around 100
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tweets could not be included in the evaluation. In
the editorials and the online threads, all examples
were included.

5.1 Argumentation schemes
This task concerned the annotation of argumenta-
tion schemes in editorials. Comparing the anno-
tated editorials, we found that Claude annotated
more tokens than the annotators, while GPT-4o an-
notated fewer tokens, as seen in Table 3. GPT-4o
annotated about half as many tokens as the two an-
notators. However, for both models the number of
annotated tokens varied between editorials, some-
times matching the same number of tokens as the
human annotators. Annotator A and Claude anno-
tated a similar number of arguments, and likewise
did annotator B and GPT-4o.

A B GPT-4o Claude
Anno. tokens 62% 59% 34% 71%
Arguments 345 195 187 372
Avg. nr.
premises 1.26 2.03 1.15 1.33

Table 3: Annotation statistics

Looking at types of argumentation schemes, the
models annotated many of the same schemes as
the humans, but not necessarily for the same argu-
ments. The most common scheme for both models
were ’Argument from Consequences’ (31% of the
schemes for GPT-4o and 23% for Claude). This
is the second most common scheme for both hu-
man annotators. The second most common scheme
for GPT-4o, ’Argument from Example’, was not
used at all by the other annotators. The second
most common scheme for Claude, ’Argument from
cause to effect’, which is the fourth most common
scheme for both annotators.

In this annotation, an annotated span represent-
ing a component can be used in more than one
argument, and take on both the role of premise and
conclusion (in separate arguments). For this reason,
agreement is first compared on token-level and then
on individual arguments. Table 4 shows agreement
in Krippendorff’s α (Krippendorff, 2018) between
annotators and models on whether a token is an-
notated as being part of an argument component,
as well as agreement on the separate component
types. Overall, Claude agrees more with the human
annotators than GPT-4o does. Adding Claude’s an-
notation to the humans annotations increases the
agreement. GPT-4o agrees more on conclusions

than on premises, while the agreement between
Claude an humans is similar for both components.
Interestingly, the highest agreement is between the
two models, without including the human annota-
tors. It should be noted that agreement in general
is quite low, reflecting the complexity of the task.

Arg. vs.
non-arg Conclusion Premise

H 0.15 0.19 0.22
GPT+H 0.03 0.12 0.074
CL+H 0.16 0.16 0.18

CL+GPT 0.26 0.23 0.21
All 0.13 0.15 0.13

Table 4: α for the schemes. H = Humans, GPT = GPT-
4o, CL = Claude

Agreement between humans and models varied
between editorials, between 0.26– -0.26 for GPT-
4o and between 0.38– -0.05 for Claude. One edi-
torial had lowest agreement between both models
and humans, as well as low agreement between
the human annotators. Inspecting this editorial the
annotators (both models and humans) have found
different arguments. However, as seen in the exam-
ple below, one conclusion was annotated by all, but
together with different premises and schemes.

Conclusion All: ‘It is not difficult to understand that the

Social Democrats talk more about how many people are em-

ployed than about how many lack employment.’

Premise A: ‘If there are many who are unemployed, it is bad

to talk about how many lack employment.’

Premise A: ‘Many are unemployed’

Premise B: ‘The Social Democrats have, as is well known,

replaced their old slogan ”full employment´´ with ’work for

all.”

Premise B: ‘When it comes to ’work for all,’ the Social

Democrats are more vague about the goal.’

Premise Claude: ‘When it comes to ’work for all,’ the Social

Democrats are more vague about the goal.’

Premise GPT-4o: ‘At his press conference in Malmö on Fri-

day, the Prime Minister, apparently deliberately, downplayed

the significance.’

Figure 2 shows pair-wise agreement between
annotators. Both models agree more with annotator
A, and Claude agrees the most with all.

Looking instead at the individual arguments and
their components, there are 25 arguments between
all with the same conclusion. Out of these 25, 6
share at least one premise. In these arguments,
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Figure 1: Pair-wise α on token-level, for the schemes

the models often agreed on the scheme, while the
humans more often disagreed.

Manually inspecting the annotated arguments
further, more examples of annotators (both models
and humans) choosing the same conclusion but
different schemes and premises is found. Likewise,
there are examples of components being used as
both premise and conclusion, as in the example
below.

Premise GPT-4o& A, Conclusion Claude: ‘On election day,

the individual voter is sovereign.’

Premise Claude & A, Conclusion GPT: ‘This is the founda-

tion of democracy.’

Conclusion A: ‘Therefore, our appeal to our readers is this:

take the opportunity to decide how our country should be gov-

erned over the next three-year period.’

Scheme A: ARGUMENT FROM CONSEQUENCES

Scheme GPT-4o: ARGUMENT FROM POPULAR OPINION

Scheme Claude: ARGUMENT FROM POSITION TO KNOW

5.2 Argumentation spans
In this task, the models were asked to annotate
threads from online forums with spans that they
considered to be argumentation. Similar to the pre-
vious task, GPT-4o annotated fewer tokens than
most of the other annotators in the online forums.
The model annotated 17.4% of the tokens as argu-
mentative, as compared to between 20–44% for the
other annotators. There is however an outlier anno-
tator who has annotated even fewer tokens. Claude
annotated 33.6% as argumentative. Agreement on
token level is seen in Table 5. Agreement between
the two models and humans, both together and

Figure 2: Pair-wise α for the online forum

separately is very close to the agreement between
humans (0.39). However, agreement between only
the models is slightly higher (0.43).

H GPT+H CL+H GPT+CL All
α 0.39 0.37 0.39 0.43 0.38

Table 5: α on token level, argumentation spans. H =
Humans, GPT = GPT-4o, CL = Claude

In Figure 2, pairwise agreement is shown. GPT-
4o had among the lowest inter-annotator agreement
scores, while Claude achieved higher agreement
with human annotators. GPT-4o agrees the most
with annotator C and H and Claude agrees the most
with A and G. Interestingly, GPT-4o agrees more
with the outlier annotator E than most of the other
annotators do.

The pairwise token overlap between the annota-
tors was also compared, as seen in Figure 3. For
4 of the annotators (A,B,G and F) more than 50%
of GPT-4o’s and Claude’s annotations overlap with
their annotations. In manual inspection of the
threads, examples of overlap and partial overlap
were also found. In the examples with high agree-
ment, it was found that the human annotators and
Claude often annotated longer spans, while GPT-4o
did not. For example, below all annotators (includ-
ing the models) annotated the first part of the text
as argumentation, and while Claude and four of the
human annotators also annotated the part in italics.

“On the contrary. We need more home
economics in schools, and more sub-
jects need to be integrated into home eco-
nomics. Home economics is the subject
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Figure 3: Pairwise percentage overlap. The figure is
not symmetrical, for example are 71% GPT-4o’s anno-
tations found in A’s, but 37% of A’s found in GPT-4o’s.

that truly has the potential to teach prac-
tical, real-world knowledge that young
people need in order to manage on their
own. And don’t come and say that chil-
dren learn this kind of thing at home any-
way, because that’s actually far from cer-
tain.”

When inspecting spans with low agreement, the
models sometimes annotated spans that were prob-
ably not intended as argumentation. For example,
the span below was only annotated by one of the
human annotators and is more narrative than ar-
gumentative, but the models both annotated it as
argumentative.

“After struggling for years to improve the
situation without success, I have decided
to leave.”

5.3 Attitude

In this task, tweets were annotated for object of
negative or positive attitude. The number of tweets
to be annotated was originally 500, but 97 of them
were excluded either due to wrong annotation for-
mat or missing annotations. As seen in Table 6,
out of the remaining tweets, GPT-4o annotated the
fewest tokens (10%), while Claude annotated simi-
larly to the human annotators. Comparing label dis-
tribution, the models annotated a similar amount of
negative and positive tags, while the human anno-
tators annotated more positive tokens than negative
ones.

A B C D GPT CL
POS 0.67 0.63 0.71 0.62 0.52 0.56
NEG 0.33 0.37 0.29 0.38 0.47 0.43
Tok. 52% 23% 25% 25% 10% 33%

Table 6: Label distributions in annotations. Tok. =
annotated tokens. GPT = GPT-4o, CL = Claude

Agreement on token level is shown in Table 7.
Unlike the previous tasks, agreement between the
two models is lower than other annotator combi-
nations. Agreement within humans and humans +
Claude is similar, while GPT-4o has lower agree-
ment with humans.

H GPT+H CL+H GPT+CL All
α 0.35 0.27 0.35 0.25 0.30

Table 7: α on token level, argumentation spans. H =
Humans, GPT = GPT-4o, CL = Claude

Pair-wise agreement is shown in Figure 4. It is
lower between GPT-4o and the other annotators,
while Claude’s agreement scores are more similar
to the human annotators.

Figure 4: Pair-wise α for the tweets

For investigating labels further, Krippendorff’s
unitized uα is employed (Krippendorff et al., 2016).
This measure is suitable for comparing spans, but
it can also show agreement on only labeled spans
(ignoring label combinations such as NEG,O). As
seen in Table 8, agreement is high for all annotator
combinations. This tells us that the annotators and
models agree substantially on the label, in instances
when they have annotated the same span.
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Annotators posuα cover neguα cover
H 0.82 53% 0.82 53%
GPT+H 0.83 44% 0.83 45%
CL+H 0.83 53% 0.83 54%
GPT+CL 0.97 36% 0.97 39%
All 0.84 47% 0.84 48%

Table 8: uα for labels. Cover = coverage, % of anno-
tated spans. H = Humans, GPT = GPT-4o, CL = Claude

Manual inspection of examples with low and
high agreement revealed that low agreement often
resulted from one annotator considering something
argumentative that the others did not. However, it
was rarely the case that the models annotated some-
thing which had not been annotated by at least one
other annotator. In cases of disagreement between
annotators, there was no annotator who the models
with aligned more. In general, there were exam-
ples both where the models seemed to be better at
following the guidelines, and cases where they an-
notated strangely. The models also often annotated
shorter spans than the human annotators.

An example of this is shown below, where bold
signifies positive spans, italics negative. In the
example, “aid is needed” is not an obvious object.
On the other hand, in the first sentence the models
have annotated “Humanitarian superpower”, which
is more in line with the guidelines which instructed
the annotators to keep the spans as short as possible.
The other annotators have instead annotated the full
sentence.

• GPT-4o: Sweden should continue to be a hu-
manitarian superpower. Our aid is needed.
Humanitarian organizations are shamefully
underfunded.

• Claude: Sweden should continue to be a hu-
manitarian superpower. Our aid is needed.
Humanitarian organizations are shamefully
underfunded.

• A & C: Sweden should continue to be
a humanitarian superpower. Our aid
is needed.Humanitarian organizations are
shamefully underfunded.

• B: Sweden should continue to be a humani-
tarian superpower. Our aid is needed. Hu-
manitarian organizations are shamefully un-
derfunded.

• D: Sweden should continue to be a human-
itarian superpower. Our aid is needed. Hu-
manitarian organizations are shamefully un-
derfunded.

What is included in a span can also affect the
label, as seen in the example below.

• A B, & D: Sweden now has a government
that will not introduce market rents. Ten-
ants are today’s big winners.

• GPT-4o, Claude & C: Sweden now has a gov-
ernment that will not introduce market rents.
Tenants are today’s big winners.

6 Conclusions

This paper first examined how well the models
could perform annotation tasks when provided
with guidelines. In this study we have shown that
both models exhibit similar annotation patterns and
agreement to that of humans, which leads us to
conclude that the models can follow the guidelines
and perform the task reasonably well. As these
are tasks where humans often disagree, reaching
comparable levels of agreement to humans could
be a sign that the models, especially Claude, ’un-
derstands’3 the task.

In all tasks, GPT-4o annotated fewer tokens than
the human annotators, while Claude annotated a
similar amount of tokens. This might be because
GPT-4o only annotates when highly confident or
due to differences in how the models approach
the task. While models might respond differently
to prompts, GPT-4o consistently annotated fewer
tokens even during the prompt design phase.

Comparing agreement with the annotators, GPT-
4o agrees less with the annotators than Claude.
Claude exhibits agreement similar to that of hu-
mans, as well as higher agreement in the argumenta-
tion scheme task. When manually inspecting anno-
tated examples, Claude would often annotate more
similarly to humans, while GPT-4o shows similar
patterns as another, slightly worse, human annota-
tor. However, both models’ annotations were often
valid. As there can be cases where multiple inter-
pretations are correct, for example in choosing a
component as a premise or conclusion, one can
not always conclude that models are wrong even
if they choose to annotate differently than humans.

3The discussion of what understanding in this context
means is left for another study.
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However, there were some cases where the models’
annotations did not make sense.

Because of the complexity of these tasks, and
the fact that human annotators often disagree in
them, the second question asked how models anno-
tate when humans disagree. There were instances
where models aligned with specific annotators. In
the argumentation scheme task, both models agreed
more with one of the annotators. Likewise, in the
argumentation spans and attitude task, there was
higher agreement with some annotators. However,
in these tasks, the agreement is also different within
the human annotators themselves. Most promi-
nently, however, agreement was higher between
the models than the humans in the argumentation
scheme and spans task, possibly suggesting similar-
ities in their reasoning. In the former task the mod-
els also agreed more on argumentation schemes
types.

For future research, there are several promis-
ing directions. First, evaluating how other LLMs,
particularly open-source models, annotate these
datasets would help determine whether these find-
ings generalize across different models and ver-
sions. Second, testing these models in zero-shot
settings would reveal the extent of their inher-
ent knowledge about argumentation without ex-
plicit guidelines. Finally, expanding the analysis
to include other argumentation datasets, especially
those in English, would provide broader insights
into model performance across diverse argumenta-
tive contexts. In general, there are many questions
to answer regarding how to use LLMs as annota-
tors. For example, should each separate run be
treated as a new annotator? In that case, should a
failed run be considered as an annotator failing to
perform the task?

Limitations

This study explores how two versions of the GPT
and Claude models annotate, but the results might
not hold for updated version versions of these mod-
els. Likewise, new models and new versions of
existing models are released with increasing speed.
This leads to difficulties reproducing results, not
only in this study but for most studies employing
LLMs.

The experiments in this study were carried out in
the Swedish language, with instructions, guidelines
and datasets in Swedish. This might limit the cross-
linguistic generalizability of the results.
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A Prompts

Translated prompts for the different tasks.

A.1 Argumentation schemes

“Your task is to annotate Walton’s argumentation
schemes. Here is a description of these schemes:
[guidelines]
Based on these descriptions, I want you to anno-
tate schemes. Do this by marking out what is the
conclusion and which premises belong to it. Then
you mark which argumentation scheme is used. I
want you to mark out exact text spans. Mark out
all schemes you can find. Be thorough and don’t
stop until you can’t find more schemes. Return
the annotations as a single json file, in this for-
mat: {"scheme": "annotated scheme name", "com-
ponents":[{"role":"conclusion","span": "the anno-
tated conclusion"},{"role": "premise", "span": "the
annotated premise"}]} Include the entire text span
in the "span" field, don’t abbreviate and don’t cor-
rect any spelling errors. Annotate this text:
[example] ”

A.2 Argumentation spans

“Your task is to annotate text spans that you consider
to contain argumentation. Here are the annotation
guidelines [guidelines]. The text is from an online
forum, where each post is marked with "==". Di-
vide the annotations per post. Make the annotations
in json format, as a single object. Here is the text:
[example]. ”

A.3 Attitude

“Your task is to annotate tweets. Here are the anno-
tation guidelines . Make the annotations by mark-
ing which words are included in positive or neg-
ative spans in json format like this: [{"tweet id":
0 , "annotated tweet": Now_O needs_O every_O
penny_O needs_O to_O go_O to_O counteract_O
the_NEG municipal_NEG crisis_NEG ._O There-
fore_O we_O say_O no_O to_O increased_NEG
Swedish_NEG EU-fee_NEG ._O },{"tweet": ...}]
Make sure it is valid json. Be careful to annotate
what the attitude is expressed towards, not gener-
ally negative or positive words. Remember that
both words, phrases and whole sentences can be
annotated. Annotate these tweets: [10 examples] ”

B Scheme descriptions

ARGUMENT FROM SIGN:
Premise: A is true in this situation.

Premise: Event B is generally indicated as true when its sign,
A, is true in this kind of situation.
Conclusion: B is true in this situation.

ARGUMENT FROM CONSEQUENCES:
Premise: If A is brought about, then good (bad) consequences
will (may plausibly) occur.
Conclusion: A should (not) be brought about.

ARGUMENT FROM EVIDENCE TO A HYPOTHESIS:
Premise: If hypothesis A is true, then a proposition B,
reporting an event, will be observed to be true.
Premise: B has been observed to be true in a given instance .
Conclusion: A is true.

ARGUMENT FROM CORRELATION TO CAUSE:
Premise: There is a positive correlation between A and B.
Conclusion: A causes B.

ARGUMENT FROM POPULAR PRACTICE:
Premise: If a large majority (everyone, nearly everyone, etc.)
does A, or acts as though A is the right (or an acceptable)
thing to do, then A is a prudent course of action.
Premise: A large majority acts as though A is the right thing
to do.
Conclusion: A is a prudent course of action.

ARGUMENT FROM EXAMPLE:
Premise: In this case, the individual a has property F and also
property G
Premise: a is typical of things that have F and may or may
not have G
Conclusion: Generally, if x has property F then (usually,
probably, typically) x also has property G

ARGUMENT FROM POSITION TO KNOW:
Premise: a is in a position to know whether A is true (false)
Premise: a asserts that A is true (false)
Conclusion: A is true (false)
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