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Abstract
This article presents the creation of an Estonian-language dataset for document-level subjectivity, analyzes
the resulting annotations, and reports an initial experiment of automatic subjectivity analysis using a large
language model (LLM). The dataset comprises 1,000 documents—300 journalistic articles and 700 randomly
selected web texts—each rated for subjectivity on a continuous scale from 0 (fully objective) to 100 (fully
subjective) by four annotators. As the inter-annotator correlations were moderate, with some texts receiving
scores at the opposite ends of the scale, a subset of texts with the most divergent scores was re-annotated,
with the inter-annotator correlation improving. In addition to human annotations, the dataset includes scores
generated by GPT-5 as an experiment on annotation automation. These scores were similar to human annotators,
however, several differences emerged, suggesting that while LLM-based automatic subjectivity scoring is feasi-
ble, itis not an interchangeable alternative to human annotation, and its suitability depends on the intended application.
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1. Introduction

Understanding subjectivity is central to many Nat-
ural Language Processing (NLP) tasks that deal
with human opinions, attitudes, and perspectives,
such as sentiment analysis, stance detection, or
opinion mining (Zhang et al., 2024). Subjectivity
analysis itself focuses on distinguishing subjective
language, which conveys the author’s thoughts or
feelings, from objective language, which presents
facts and describes reality (Wiebe, 1994). Accu-
rate identification of subjectivity thus contributes to
the broader goal of modeling how people express
evaluative or emotional meaning in text.

The most common approach to subjectivity de-
tection is sentence-level analysis, as in the popular
subjectivity dataset SUBJ (Pang and Lee, 2004),
which consists of sentences from movie reviews
(labeled as subjective) and plot summaries (labeled
as objective). Subjectivity can also be analyzed at
the document level, for instance, detecting whether
newspaper articles are subjective (such as opinion
pieces) or objective (such as news) (Toprak and
Gurevych, 2009).

Creating reliable datasets is essential for subjec-
tivity analysis, and two main approaches are typi-
cally used. The first relies on human annotators to
label texts as subjective or objective. The second
infers subjectivity from the text source, for example,
assuming that movie reviews are subjective while
plot summaries are objective. However, this latter
method often produces noisy and unreliable labels
(Pfiban and Steinberger, 2022).

Most available datasets label subjectivity
dichotomously—classifying texts as either ob-
jective or subjective. Yet human perception of
subjectivity is gradual, not categorical, lying on
a continuum between complete objectivity and
complete subjectivity. Some previous work has
tried to capture this variation using Likert-type
scales (Wiebe, 2000; Escouflaire et al., 2024), but
these still restrict the range of possible judgments.
A continuous numeric scale could offer a more
nuanced representation, allowing annotators to
express subtle differences in perceived subjectivity.

This paper introduces an approach to document-
level subjectivity annotation in Estonian, a language
for which no subijectivity dataset has previously
been available. This approach is based on a the-
oretical approach previously suggested in Gailit
et al. (2025). We describe the dataset creation,
where annotators rated texts on a scale of 0-100
(fully objective to fully subjective), discuss the re-
sulting annotation patterns, and present an initial
experiment using large language models (LLMs) to
explore automated subjectivity estimation.

2. Creation of the Estonian
Subjectivity Dataset

This section gives an overview of the creation of the
Estonian Subjectivity Dataset!, and the included
data is described in Appendix C. We describe the

"https://huggingface.co/datasets/
tartuNLP/Estonian_Subjectivity
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initial pilot project, the final selection of source texts,
the main considerations behind the annotation pro-
cedure, and the annotation process itself. Finally,
we present the annotation results through an anal-
ysis of inter-annotator agreements.

2.1.

Our goal was to collect subjectivity annotations that
enable discriminating between subjective and ob-
jective texts in varying degrees. Therefore, instead
of labeling texts categorically as subjective or objec-
tive, we set out to rate the degree of subjectivity on
a scale where one end corresponds to completely
objective texts and the other end to completely sub-
jective texts. Although Likert scales are often used
to annotate subjective tasks (such as sentiment),
we considered the 5- or 7-point scales too restric-
tive and opted for a continuous scale ranging from
0 to 100, where low values close to 0 should be
assigned to objective texts and high values close
to 100 should characterize very subjective texts.
Using a sliding scale would also theoretically allow
annotators to score more intuitively than having to
choose from a small number of labels.

The aim was to create a dataset of 1000 texts an-
notated with subjectivity ratings. Prior to the dataset
creation, a small-scale pilot study was conducted to
test the source selection principles and the validity
of the annotation method.

Dataset Creation Principles

2.2. Pilot Project

For the pilot project, a small dataset of 60 texts
was selected from the Estonian National Corpus
(Kallas and Koppel, 2022). Forty texts were sam-
pled randomly—first by choosing a random URL
and then a random text from that URL—uwith text
lengths between 100 and 6,000 characters. In ad-
dition, 20 journalistic texts comprising 10 news sto-
ries and 10 opinion pieces were selected. Both
news and opinion pieces came from two sources:
Estonian Public Broadcasting (ERR), which is gen-
erally regarded as a neutral and objective source,
and Uued Uudised (UU; New News), a right-wing
alternative media outlet known for opinionated cov-
erage. These sites were selected as representing
opposite ends of the subjectivity-objectivity spec-
trum and both hosting news and opinion texts. We
expected the random subset to have the full range
of subjectivity, the news texts to be objective, and
the opinion pieces to be more subjective, with ERR
news being more objective than those from UU.
Two annotators, both female undergraduate lin-
guistics students, were recruited to annotate the 60
texts. They were paid 100€ for this work. The anno-
tation tasks were set up as a survey in LimeSurvey.
The guidelines given to the annotators included a
brief definition for both subjectivity and objectivity,

an explanation on the scalar nature of subjectivity,
the goal of the annotation task, and three example
texts: one subjective, one objective, and one that
would be between them on the scale.

Based on a discussion with annotators after the
project, the annotation task was deemed to be fea-
sible, and the continuous rating scale was judged
to be understandable and easy enough to use. The
annotators expressed no issues with the texts them-
selves, including the maximal text length, though
they noted that longer texts needed more focus and
thought to annotate. This indicated that the full an-
notation project can use a similar upper limit to the
text lengths as the longest texts used in this pilot
project.

By inspecting the ratings given, the expected
patterns were observed—the 40 random texts had
varying scores, all ten opinion pieces were anno-
tated more in the subjective end, and the five ERR
news stories were annotated as more objective,
while the five UU news stories were annotated
with varying degrees of subjectivity, some as ob-
jective and some as subjective. With the high inter-
annotator agreement as measured with the Pear-
son correlation coefficient of 0.86 (p-value below
0.001), the small-scale annotation test was consid-
ered to be a success and showed that the method
of using a numeric scale for annotating subjectivity
is possible, allowing us to move forward to annotat-
ing the larger, 1000-document dataset.

2.3. Documents Included

For the full-scale dataset, a set of a total of 1000
texts sourced from the 2021 edition of the Estonian
National Corpus (Kallas and Koppel, 2022) was
selected. Alltexts were constrained to between 100
and 6000 characters. Shorter texts were excluded,
as they tended to not include enough information
to provide meaningful subjectivity analyses, often
consisting of a single sentence or even only the title
of an article. Longer texts were excluded to make
the annotation process simpler for the annotators,
as, for instance, too long texts may cause instances
where the annotator forgets the beginning of the
text and bases their score only on the ending.

Of the 1000 texts, 700 were randomly selected
from the full Estonian National Corpus 2021 (Kallas
and Koppel, 2022). To ensure a wide variety of
sources and topics, the texts were chosen by first
selecting a random website represented in the cor-
pus, and then a random text from that website. This
led to 694 unique source URLs and a maximum of
two texts per source URL.

The remaining 300 texts consist of journalistic
texts published on the Internet, with 150 being news
articles and 150 being opinion pieces. These were
chosen from the Estonian National Corpus 2021
(Kallas and Koppel, 2022) Feeds subcorpus and
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Category Count Description

News 150 Journalistic news articles from online media outlets (part of the 300 journalistic pieces).

Opinions 150 Journalistic opinion pieces from online media outlets (part of the 300 journalistic
pieces).

Advertising 331 Texts that advertise a product, service, or provider.

Social media 130
Web journalism 88

Informative 46
and Wikipedia articles.
Instruction 43
tutorials.
Review 14
media, etc.
Legal 10
Literature 8

Miscellaneous 30
to make a new category.

Social media posts, primarily forum messages and blog posts.
Journalistic articles from the web (part of the 700 randomly selected web texts).
Texts, where the goal is to provide factual information, such as encyclopedia entries

Texts, where the goal is to guide the reader through a process, such as recipes and
Texts expressing user opinions and experiences with a specific product, piece of
Legal texts such as privacy policies and terms & conditions.

Literary texts, including fiction and poetry.
Texts that do not fit into another category and that do not have enough representation

Table 1: Statistics of the categorical composition of the selected documents.

were manually checked to ensure relevance and
suitability of the labels “news” and “opinion piece”.
As with the 700 Web texts, the journalistic texts
were also chosen randomly. There are 106 unique
source URLs for the news articles, with the most
frequent URL being the source of 10 texts. For
opinion pieces, the number of unique sources is 45,
with the most frequent URL representing 24 texts.
This reduction in the variety of source URLs was
most likely caused by the low character maximum,
as many of the opinion pieces in the corpus were
longer than 6000 characters.

All texts were manually checked to ensure they
were in Estonian and did not contain encoding er-
rors or any issues that could cause the text to be
hard to read. Additionally, private information of
non-public individuals was pseudonymized. Phone
numbers were all replaced with (+372) 51510105,
a value visually similar to Estonian phone num-
bers, but not able to be used. Emails were re-
placed by the string "EMAIL", as several email ad-
dresses in the Estonian National Corpus were al-
ready anonymized using this method. Full names
were replaced according to gender, with each per-
son given a common Estonian name. This list of
names is as follows: Juhan Magi, Kaarel Marg, and
Andrus Mesi for men, and Linda Mets, Anu Muru,
Katrin Mingi, and Sandra Mass for women.

When looking over the annotated set of texts,
specific categories or genres began to stand out.
These categories are not a part of the Estonian
National Corpus and were assigned manually dur-
ing checking, with each text getting a singular label
that most dominantly describes the text. It should
be noted that this assignment of categories was
only a secondary task and was only included since
information on genre would be useful for analysis.
Because of this, no previously established genre

taxonomy was used.

As these texts were chosen randomly, the result-
ing dataset is imbalanced, with some categories
being significantly overrepresented compared to
others. The list of categories, together with their
description and frequency in the dataset, is shown
in Table 1.

2.4. Annotation Process

Three annotators (individually referred to as A1, A2,
and A3) were recruited to annotate the full dataset
consisting of 1000 texts. Taking place in January
2025, the texts were sent in four batches of 250.
The annotators were paid 250€ per batch, for a total
of 1000€. Similar to the Pilot project, the annotation
was done in the LimeSurvey environment, where
the texts were presented in a random order. The
annotators were asked to score each text using a
sliding scale, where 0 marked an objective text and
100 a subjective text, and also select their certainty
of this score, choosing between “not at all certain”,
“partially certain”, and “entirely certain”. The anno-
tators were also given a field for optional comments,
but explaining the thought process behind each an-
notation was discouraged to limit the influence of
known causes of subjectivity, such as subjective
adjectives, and therefore encourage a more holistic
approach. The full instructions given to the anno-
tators, as well as the translations to English, are
provided in the appendix.

2.5. Annotation Results

Between annotators, some degree of disagreement
is expected, as subjectivity is a subjective topic—
different people understand subjectivity in different
ways, and their internal scales of subjectivity and
objectivity vary accordingly. For instance, A1 was
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Figure 1: Histogram of the subjectivity scores given
by the three annotators
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Figure 2: Inter-annotator agreement between cate-
gories on the full dataset of 1000 texts.

unique in preferring the ends of the scale, with 391
texts getting a score of 0 and 234 texts getting a
score of 100. The histograms of the scores given
by all three annotators are plotted in Figure 1.

We assessed the inter-annotator agreements
using the Pearson correlation coefficient. The
Pearson correlations between the annotators were
somewhat lower than observed in the pilot project:
0.570 (A1 vs. A2), 0.525 (A1 vs. A3), and 0.627
(A2 vs. A3). All of the correlations were statistically
significant with p-values all below 0.001. Figure
2 showcases these correlations within categories
that contained at least 30 samples. All categories
have a large amount of variation in the amount of
disagreement between the annotators. While the
categories Web Journalism and Instructive have the
highest average correlations, Social Media texts are
the least correlated. The correlations in the lower
range indicate that there might be texts that were
judged qualitatively considerably differently by the
annotators.

However, large differences between the subjec-

tivity scores of a text indicate a need for further
analysis. We first qualitatively examined the texts
with the highest inter-annotator differences, but no
clear patterns emerged.

Next, we examined the correlations between text
length and the annotator subjectivity scores. Al-
though the correlations were weak to moderate,
they were all statistically significant (with p-values
all below 0.01). For the mean annotator score, the
Pearson correlation with the text length in charac-
ters is 0.289, in words it is 0.342, and in sentences
it is 0.367, meaning that the longer the text, the
more likely it is considered to be more subjective
than objective. The correlation with the average
word length (text length in characters divided by the
text length in words), on the other hand, is -0.514.

Additionally, we analyzed the correlations for
each text category in the dataset. While several
genres did end up with much lower correlations,
the smallest being News, with the correlation of the
length of the text in characters being only -0.005,
others had much stronger correlations, with Legal
texts having a correlation of 0.666 with the text
length in characters. This shows that text length
has a different impact on subjectivity annotations
depending on the genre the text itself belongs to.

Finally, we looked at the confidence judgments
collected during annotation, rated on a 3-point
scale. We hypothesized that texts with greater dis-
agreement between annotators would also receive
lower confidence ratings (that is, “partially certain”
or “not at all certain”). However, the correlation be-
tween total annotator confidences and the sum of
absolute score differences was weak (Pearson’s =
r -0.09, p-value = 0.125), suggesting that disagree-
ment among annotators was largely independent
of their confidence. We also examined whether
text length, measured in characters, words, or sen-
tences, correlated with annotation differences. The
correlations were all close to zero, indicating no
systematic relationship, with p-values above 0.646.
Text length showed similarly weak correlations with
total annotator confidence. These results suggest
that text length was not a factor in the larger anno-
tation differences.

3. Secondary Annotation

In order to further investigate possible reasons for
large differences between annotator ratings, we
aimed to re-annotate a subset of the dataset with
especially high disagreement.

3.1. Re-annotation

Figure 3 plots the histograms of score differences
between all three annotator pairs. While most dif-
ferences are in the lower range, there are a con-
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Figure 3: Histogram of differences between each of
the annotator pairs. Higher x-axis values indicated
higher differences in annotators’ scores.

siderable number of texts where the scores are in
different polarities of the scale (difference > 50).

We selected for re-annotation texts where the
difference between the scores of one annotator
and the average of the other two annotators was
larger than 50. This number was chosen since it
indicates highly conflicting annotations, where the
annotators had clearly preferred two different sides
of the scale or, equally importantly, the edge of the
scale against the middle of the scale. There were
220 such texts in total.

As a control, 30 additional texts were added. Half
of the texts were selected to have a very low an-
notation difference (below 3), indicating similar an-
notations between all annotators, and there were
14 such texts in the dataset. Another half were
selected to have a moderate but reasonable differ-
ence between the annotators (between 24 and 26),
of which there were 16 texts. This amounted to the
total re-annotation subset of 250 texts.

We invited the same three annotators to re-
annotate this subset and obtained repeated annota-
tions from two of them (A2 and A3), who were com-
pensated 250€ each. The 250 texts were presented
as a single batch, with instructions explaining that
the goal was to examine how annotations might
differ after four months. The annotators were not
told that most texts had previously received highly
divergent scores to minimize potential bias. After
completing the task, each annotator participated in
a short interview about their re-annotation process
and the factors they felt influenced their scoring.

3.2. Results

The inter-annotator agreements in Pearson’s cor-
relations for the re-annotation subset are shown in
Table 2. The initial correlations were low, ranging
from 0.089 (A1 vs. A2) to 0.237 (A2 vs. A3). For
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Figure 4: The change in annotators’ scores be-
tween the first and second annotation. No differ-
ence: initial difference between annotators < 3
points; Moderate difference: initial difference 24—
26; High difference: initial difference > 50.

Pearson’s r p-value
Initial annotation
Al vs. A2 -0.089 0.160
Al vs. A3 -0.237 < 0.001
A2 vs. A3 0.148 0.019
Re-annotation
A2 vs. A3 0.678 < 0.001
Annotation vs. Re-annotation
A2 0.579 < 0.001
A3 0.419 < 0.001

Table 2: Pearson correlations for the re-annotation
subset of 250 texts.

both annotators who re-annotated the texts, the
correlation between their first and second annota-
tions (Annotation vs. Re-annotation) was in the
moderate range. Notably, the re-annotation of the
same subset produced a much higher agreement
between the two annotators (Pearson’s r 0.678),
exceeding even the correlations between each an-
notator’s own initial and re-annotation scores.

As shown in Figure 4, the degree of difference be-
tween the original annotations appears to influence
how much each annotator’s original annotation de-
viated from their initial one. For both annotators,
the larger the initial disagreement, the greater the
change in their re-annotations—as expected. Even
the texts that initially had little to no difference be-
tween annotators (the control set) exhibited some
changes, although most of these were within a rea-
sonable range of up to 25 points. Only two texts in
this category received notably higher scores, both
from A2.

3.3. Qualitative Insights

As one annotator noted in their post-annotation
interview, the difference between their first and sec-
ond annotations, as discussed in the previous sub-
section, might have been influenced by context.
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When annotating several subjective texts in a row,
the annotator felt they might have subconsciously
started to look for signs of objectivity and, therefore,
rated subsequent texts as more objective than they
would have if those texts had been preceded by
objective ones. This suggests that context—in this
case, the other texts in the batch—influences how
humans perceive and assess subjectivity.

The potential impact of context was also men-
tioned in another sense, concerning the annotators’
physical location. Because LimeSurvey is an on-
line platform, annotators could complete their tasks
from any location. Each batch of 250 texts was
annotated over the course of roughly one week,
allowing participants to choose convenient settings
for their work. As one annotator noted, working
from home might have led them to produce slightly
different ratings than they would have in a labora-
tory environment.

While both annotators said that they recognized
the content of some of the texts (for instance, a
news story about a housefire, as well as a forum
post about video games that was heavy on terminol-
ogy), they did not remember how they had placed
these texts on the scale. This means they neither
attempted to replicate nor change their initial an-
notations. Additionally, one annotator described
their annotation process as follows: they initially
analyzed the text by looking at the adjectives, after
which they analyzed the objective of the text. If the
objective was to sell a product, they stated that they
felt the need to mark the text as more subjective,
even if the typically subjective adjectives were not
present in the text.

When asked what might have caused low or par-
tial assuredness, the annotators mentioned text
length as a main cause of uncertainty. However,
when looking at the annotations themselves, this
pattern between text length and certainty did not
emerge. It is possible that these texts fell into an
in-between category, where the annotator was not
completely certain, but they were more than halfway
certain, showcasing the lack of nuance of our cho-
sen 3-point Likert scale. As another aspect impact-
ing certainty, one annotator brought up the philo-
sophical question of what constitutes subjectivity,
citing the topic of human rights: for instance, is the
statement “all humans have a right to clean drinking
water” objective or subjective?

4. Fourth Annotator

Following the initial analysis, which revealed rela-
tively high disagreements between annotators, and
a subsequent re-annotation of a subset of texts that
showed higher inter-annotator agreement than the
initial annotations, a fourth annotator was recruited
to the project. The main motivation for adding this

annotator was to move toward a more reliable ag-
gregation of subjectivity scores across several an-
notators, particularly in cases where the three initial
annotators had shown substantial disagreement.
While including additional annotators could further
improve the stability of these aggregated scores,
this would be prohibitively costly. This annotator
had also participated in the pilot project. During
late May and early June of 2025, she was given
the full dataset of 1000 texts in four batches, under
the same conditions as the initial three annotators,
including compensation of 1000€.

The Pearson correlations between the fourth an-
notator (A4) and the initial annotators ranged be-
tween a narrow interval, from 0.627 (A1 vs. A4) and
0.675 (A2 vs. A4), indicating similar consistency
across all three comparisons. The p-values for all
correlations were below 0.001.

The correlations with the secondary annotations
on the re-annotation subset were lower—0.420 with
A2 and 0.403 with A3 (p-values both below 0.001)—
although these values were still much higher than
the correlations observed among the initial anno-
tations within the same subset. In addition, A4
reported the lowest level of assuredness overall,
marking 392 texts as “not at all certain“ and 23 as
“partially certain®.

Overall, adding the fourth annotator provided
useful additional data for aggregating subjectivity
scores and improving dataset reliability. The rela-
tively high correlations between A4’s annotations
and those of the initial annotators suggest that their
evaluations align well with the existing data, while
their lower assuredness may provide interesting
material for future qualitative research on how un-
certainty influences the perception of subjectivity.

5. LLM Annotation

After finishing the human annotations and discov-
ering the intricacies within them, questions of au-
tomatic subjectivity analysis arose: if this is a task
where humans provide varied scores, how would
large language models (LLMs) handle it?

5.1. Initial trial

To test whether LLMs can produce usable subjec-
tivity annotations, we first prompted several mod-
els with eight texts representing different levels of
subjectivity. Only texts with low disagreement be-
tween annotators were selected. All tested LLMs
produced scores that were fairly similar to those
of human annotators, even without providing ex-
ample texts, differences between LLM and human
scores ranged from 1 to 18. Based on these results,
the outputs were considered valid, indicating that
larger-scale annotation with LLMs was feasible.

8209



Assign the subjectivity score for the given
text. A subjective text expresses the thoughts
and opinions of the author, while an objective
text reflects reality and expresses facts. The
score for subjectivity is a value between 0 and
100, where 0 is a very objective text and 100
is a very subjective text. Texts with a score
anywhere between 0 and 100 contain some
amount of both subjectivity and objectivity. A
subjective text does not have to be emotional,
so ignore lack of emotionality as a reason to
reduce the subjectivity score. Additionally
provide a free format reasoning in English as
to why this specific score was given and not a
higher or lower one.

Figure 5: Instructions used to prompt GPT-5.

During the initial LLM trial phase, the prompt
asked the model not only to assign a subjectivity
score but also to provide an open-ended explana-
tion for it. This was intended to help reduce variabil-
ity in the outputs and to offer additional information
for prompt development if needed. The explana-
tion was required to be in English; otherwise, it
tended to fluctuate between English (the language
of the prompt) and Estonian (the language of the
analyzed text).

5.2. Annotation with GPT-5

The full set of 1,000 texts was annotated using
GPT-5 (OpenAl, 2025) with default hyperparame-
ters. The instruction to generate explanations was
retained in the final prompt, even though these ex-
planations were not used in the current analysis.
They were kept for potential future research, as
such reasoning may help identify aspects that GPT-
5 interprets differently from humans when analyzing
subjectivity. The prompt used is shown in Figure 5.

While formatting was not included in the prompt
itself, it was included in the API task request as a
JSON schema, where there were two parameters:
score, or the subjectivity evaluation, and reason, or
the freeform reasoning.

To see the impact of randomness, the dataset
was annotated three separate times using batching,
with each time the set of 1000 texts being a different
batch. The scores provided by GPT-5 did vary, with
subjectivity scores being different between batches
by up to 40 points. However, the Pearson correla-
tion coefficients between the batches were between
0.978 and 0.979, demonstrating considerable con-
sistency. Thus, we averaged the scores over three
runs to get the final LLM predictions.

Although the three GPT-5 runs showed high over-

all consistency, some variation between batches
was still observed. A total of 146 texts differed by
more than 10 points, and 16 by more than 25 points
(the threshold used to indicate a moderate differ-
ence between human annotators), with the largest
difference reaching 40. Most texts with larger differ-
ences were narrative in nature, with the text show-
ing the greatest difference (40) being a short folk-
loric legend and the third most varied text (34-point
difference) consisting of short plot summaries of
two movies. This pattern suggests that GPT-5 may
be less consistent in evaluating the subjectivity of
narrative texts.

5.3. Comparison to human annotations

When comparing the LLM scores to human annota-
tors, the correlations were similar to those between
the human annotators, varying between 0.601 and
0.801, with p-values for all annotators being below
0.001. However, when looking at the differences
qualitatively, additional patterns started to emerge.
The most significant difference between humans
and LLM was the range of scores given. While hu-
mans used the full range of 0 to 100, GPT-5 never
ended up giving a score higher than 98.

Looking at the texts where the differences be-
tween the GPT-5 and human scores were the high-
est, two aspects stand out—quotes and colloquial
language use. Quotes, a method to directly and
accurately refer to sayings and statements made
by third parties, are commonly used in news stories.
Many of the texts rated highly subjective by GPT-5
and low, as objective, by human annotators were
news stories containing quotations. It is probable
that human annotators were able to understand the
intention of the quotes, to refer to a statement by the
person discussed in the story, and therefore ignore
any potential subjectivity within them. Meanwhile,
GPT-5 considered the content of these quotes as a
part of the text, causing the subjective score to rise.
This was most apparent in shorter news stories that
primarily consisted of quotations, including the text
with the highest difference between the mean hu-
man score and the mean GPT-5 score (a difference
of 70.3 points).

Colloquial language use, specifically the lan-
guage used in forums and blogs that prominently
includes aspects such as slang, emoticons, and
generally simpler syntax, tended to heavily increase
human subjectivity scores. However, GPT-5 tended
to ignore this change in tone and keep the scores
lower, more objective. This meant that while collo-
quial language tended to influence humans, GPT-5
focused more on the content of these texts.

While these correlations prove GPT-5 can pro-
duce plausible subjectivity scores for web texts,
further analysis is needed to ensure their validity.
Manual comparison of the scores with the corre-
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sponding texts allows differences between human
and GPT-5 annotations to be examined in detail.
If consistent patterns of divergence emerge, they
may show that GPT-5 cannot yet serve as a reliable
substitute for human subjectivity annotation.

6. Discussion

The results of both the pilot and the full annota-
tion study showed that human annotators were
able to use this scale consistently, although the
inter-annotator correlations were moderate. The
Estonian subjectivity dataset created through this
process, therefore, contains valid and useful data
and also shows that there is still more to analyze
and potentially improve in the future. In particular,
while several aspects were identified that were not
found to be factors to low correlations between an-
notators, such as text length and categories, the po-
tential reasons for differences in annotators’ scores
require further qualitative analysis.

6.1. Inter-annotator agreement

The correlations between annotators were much
higher in the pilot study than in the final dataset of
1000 texts, which only indicated a moderate corre-
lation (from 0.525 to 0.675). Although all of the as-
pects that cause this reduction in correlation remain
unclear, some do stand out as possible causes.

The first of these aspects is the texts themselves:
while there were only 60 texts in the pilot project, the
1000 texts in the full dataset provide a much larger
variety of topics, writing styles, and text types. It is
possible that a different set of texts would have led
to different interannotator correlations. Additionally,
it is likely that some texts are inherently more dif-
ficult to annotate and analyze. These texts would
always get differing scores from the annotators,
leading to low correlations. However, these texts
should not be simply discarded from the dataset,
as these disagreements could provide for interest-
ing research data on what aspects of text make a
document’s subjectivity and objectivity difficult to
understand.

The second aspect that may have reduced inter-
annotator agreement is who the annotators were:
neither of the annotators in the pilot project were
initially included in the annotation of the 1000 texts;
therefore, these comparisons are not just made
with a different set of texts but also with different
people. With more annotators, at least one pair
of annotators with a similarly high correlation may
emerge. This can partially be seen with the addi-
tion of the fourth annotator, who correlates the most
with all of the previous annotators.

6.2. Context effects

One possible explanation for the observed differ-
ences between annotations is the influence of con-
text, that is, the previously seen texts. During the
re-annotation phase, one annotator noted that af-
ter scoring several highly subjective texts in a row,
they felt more sensitive to objectivity and tended
to assign lower subjectivity scores to the following
texts than they might have if those texts had been
preceded by more objective ones. This suggests
that human annotators are influenced by the se-
quence in which texts are presented and that the
score of any given text may depend on what has
been seen immediately before it.

Because the texts were presented in a random
order for each annotator, none of the annotators
shared the same contextual sequence, and this
variation in context may partially explain the differ-
ences in their scores. Similar sequence or order
effects have been reported in other subjective an-
notation tasks, such as the rating of emotional in-
tensity (Mathur et al., 2017), sentiment of product
reviews (Toker et al., 2024), and hate speech and of-
fensive language (Beck et al., 2024). It is therefore
plausible that similar context effects also occur in
subjectivity annotation, although the precise mech-
anisms behind them require further investigation.

6.3. Human vs LLM subjectivity

For humans, subjectivity analysis is, ironically, a
subjective task, where one can focus on either the
subjectivity of the language used or the content
of the itself, or look at both simultaneously—the
choice is up to the analyzer. Additionally, it is not
always clear what is considered objective truth. For
instance, one annotator pointed out during the in-
terview that they were unsure whether common be-
liefs, specifically the topic of human rights, should
be regarded as objective. Fortunately, despite
these aspects, people will generally be on the same
page when analyzing the subjectivity of a text.

In addition to human annotations, we experi-
mented with using an LLM, GPT-5, to automate the
annotation process. To verify consistency, GPT-5
was prompted three times, with the correlation be-
tween the batches averaging 0.98, showing very
high consistency. One aspect that lowered this con-
sistency was narratives, such as descriptions of
what a person did during their day, which appeared
more difficult for the model to evaluate reliably.

When comparing human annotations with GPT-
5-generated outputs, additional patterns emerged.
First, GPT-5 rated texts with quotations, such as
news stories, consistently higher than human anno-
tators did. Secondly, human annotators rated texts
written in a very informal tone—especially those
using language common in forums and blog posts—
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as highly subjective, whereas GPT-5 focused more
on the content of those texts, giving less weight
to tone. Similar systematic differences between
human and LLM annotations have also been re-
ported in other subjective labeling tasks, such as
emotion labeling (Niu et al., 2025; Boji¢ et al., 2025;
Greschner and Klinger, 2025) and safety ratings
(Movva et al., 2024).

Because of these differences, GPT-5 was not
able to fully reproduce human-like annotations.
However, the correlations between human annota-
tors and the GPT-5 outputs ranged between 0.593
and 0.798, which is comparable to the correlations
observed between human annotators themselves.
This indicates that GPT-5 scores are plausible sub-
jectivity values that can be used in applications
where automation and speed are important. Still,
since GPT-5 and human annotators rely on partly
different cues—content versus tone and language
use—LLMs cannot yet serve as a replacement for
human subjectivity annotation, particularly in lin-
guistic or interpretive research where human-like
understanding is essential.

7. Conclusion

This study introduced a new approach to subjec-
tivity annotation by creating a dataset of 1,000 Es-
tonian texts rated on a continuous numeric scale
from O (fully objective) to 100 (fully subjective). The
dataset combines human annotations with GPT-5-
generated scores, providing a valuable resource for
both linguistic research on subjectivity and the de-
velopment of automatic subjectivity detection sys-
tems. The results show that human annotators
can use the numeric scale consistently, although
their judgments may be influenced by contextual
factors such as the sequence of texts. The compari-
son between human and GPT-5 annotations further
demonstrates that while the model produces plau-
sible subjectivity scores and correlates moderately
with human ratings, it also relies on somewhat dif-
ferent cues. These differences highlight that LLMs
may complement but not yet replace human annota-
tors in subjective tasks. Future work should expand
the dataset with additional human annotations to
examine the effects of context more systematically
and to establish more robust aggregated subjec-
tivity scores. Further experimentation with prompt
design, other LLMs, and example-based prompting
may also help to better understand and reduce the
observed human-LLM discrepancies.
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Appendix A. Instructions given to

annotators translated to
English

Hello!

The goal of the project is to assess the subjectiv-
ity of full texts on a scale. Subjectivity means that a
text expresses the author’s opinions and attitudes.
Its opposite is objectivity, where a text expresses
facts corresponding to the real world.

As part of the project, we ask you to annotate
1,000 texts in four batches, each batch containing
250 texts. The batch to be annotated is the first?
one.

Please annotate subjectivity on a scale from one
to one hundred. On this scale, 0 is a completely
objective text and 100 a completely subjective text.
Texts that contain both subjective and objective el-
ements are represented by intermediate numbers.

This is a subjective task, meaning that no text has
a single correct numerical subjectivity rating, since
each person perceives it differently. The aim of
the annotation is to obtain several different assess-
ments for each text, and we will use the averages
of these assessments to build a machine-learning
model that evaluates subjectivity.

It is possible to add comments to each text.
Please write there any thoughts you have regarding
the annotation itself, especially any issues or prob-
lems. There is no need to specify which aspects
of the text influenced your rating. If you have ques-
tions that you would like answered immediately,
please write to [EMAIL].

On the next page, please write a name, either
your own or a pseudonym, so it would be possible
to match annotators across different batches. Inthe
final, formatted dataset this will not be published;
instead, it will be replaced with a random, unrelated
identifier.

Appendix B. Example texts
translated to English

Following are three illustrative sample texts — one
strongly objective, one strongly subjective, and one
that is moderate.

Appendix B.1. Example of an objective

text

Long-term supported employment service The long-
term supported employment service is intended for
unemployed people who have been identified as
having no or partial work ability and who need ex-
tensive preparation before they are ready to move

2The numeration was changed according to batch.

to the open labor market; as a result, they may re-
main in the supported employment service for a
long period. The goal of the LTSE service is to offer
people with reduced work ability an opportunity to
perform work suited to their capacity in a protected
and adapted environment, as well as, if necessary,
support in transitioning to labor market services
or employment in the open labor market. Working
under protected conditions allows people who need
greater support to acquire work-related skills in an
environment that takes their needs into account
and at a pace appropriate for them, with guidance
and assistance provided to the necessary extent.

Appendix B.2. Example of a subjective
text

Sunday, 16 December 2007 About making gifts

| went yesterday to my nephew’s bday. He turned
2 years old. But naturally | couldn’t go without a
present. Therefore | visited a toyshop. If last year
the search for a present for a one-year-old was a
crazy trouble, then now it went already easier. Last
year | also over-did it and got confirmation that the
old folks didn’t say their sayings for nothing. You
really shouldn’t buy a pig in a poke. It can turn out
a calf or a kitten.

Last year’s present, a colorful soft worm, which
was supposed to also happily sing, turned out ac-
tually to be a quietly buzzing sausage-like creature.
There was no joy from it for the kid nor for me. And
it cost quite nicely too.

This time | bought a simple dump-truck. The
boy is already starting to show interest for more
manly themes and why not. As an addition to the
collection of four-wheeled movers, because from
New York | brought him a police car. Of course
he was more interested in the snoring and dancing
puppies that his sister gifted, but whatever. At least
it will stay in active use.

About the bday... Well, it was probably the last
one which the boy himself still doesn’t understand
a thing of. The birthday kid did his small-kid things
and felt good most of the time. And we ate and ate
and ate :).

Appendix B.3. Example of a moderate
text

The sauna-bus is relaxing and very comfortable.
Thanks to its mobility you can enjoy sauna plea-
sures wherever you want! The sauna-bus’s sauna
bench fits 5 people, the steam room also has a
spacious front room. You don’t have to heat the
sauna-bus yourself, our specialists take care of that
and they do it completely unnoticed, as the sauna
stove opens from outside. In the sauna-bus there
is a shower, WC, sink, fridge, cupboards and a
stereo system. Alongside the sauna it is possible
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to also get a party room which fits 50 people. With
a proper sound system and a big screen for video-
disco, karaoke, sports broadcasts on TV (3x2.5m
screen) i.e. for watching picture galleries. On the
spot it is also possible to make a winter grilling
evening. Located on Sossi hill in Tallinn and if you
have sauna’d enough and want to go somewhere
further then within a couple hundred meters there
are plenty of places to go to.
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Appendix C. Table of Data Included in Final Dataset

Column Name

Description

Information

ID
Text
Category

Mean Human Score

Annotator 1
Annotator 2
Annotator 3
Annotator 4
Annotator 1 Certainty
Annotator 2 Certainty
Annotator 3 Certainty
Annotator 4 Certainty
Annotator 2 Addition
Annotator 3 Addition
Annotator 2 Addition Certainty

Annotator 3 Addition Certainty

Mean GPT Score

GPT Score 1
GPT Score 2
GPT Score 3
GPT Explanation 1
GPT Explanation 2

GPT Explanation 3

Number of Characters
Number of Words
Number of Sentences

Batch
Original Metadata

Unique identifier

The full text

The text category or genre

Average subjectivity score based on all
four annotators for full 1000 text dataset
(additional annotation subset excluded)
The subjectivity scores given by

A1 for full 1000 text dataset

The subjectivity scores given by

A2 for full 1000 text dataset

The subjectivity scores given by

A3 for full 1000 text dataset

The subjectivity scores given by

A4 for full 1000 text dataset

A1 confidence in their score for

each text in full 1000 text dataset

A2 confidence in their score for

each text in full 1000 text dataset

A3 confidence in their score for

each text in full 1000 text dataset

A4 confidence in their score for

each text in full 1000 text dataset

The subjectivity scores given by A2

for the 250 text re-annotation subset
The subjectivity scores given by A3

for the 250 text re-annotation subset

A2 confidence in their scores for

the 250 text re-annotation subset

A3 confidence in their scores for

the 250 text re-annotation subset
Average subjectivity score based on

all three GPT prompting batches

for full 1000 text dataset

Batch 1 subjectivity scores given by
GPT-5 for full 1000 text dataset

Batch 2 subjectivity scores given by
GPT-5 for full 1000 text dataset

Batch 3 subjectivity scores given by
GPT-5 for full 1000 text dataset

Batch 1 reasonings for subjectivity scores
given by GPT-5 for full 1000 text dataset
Batch 2 reasonings for subjectivity scores
given by GPT-5 for full 1000 text dataset
Batch 3 reasonings for subjectivity scores
given by GPT-5 for full 1000 text dataset
Number of characters in full text
Number of words in full text

Number of sentences in full text
Indicator for the batch in which

the text was sent to the annotators

Text metadata from Estonian National Corpus

1000 unique strings
1000 unique strings
11 unique strings

Range 0—100, float

Range 0—100, integer
Range 0—100, integer
Range 0—100, integer
Range 0—100, integer
3-point Likert scale
3-point Likert scale
3-point Likert scale
3-point Likert scale
Range 0—100, integer
Range 0—100, integer
3-point Likert scale

3-point Likert scale

Range 0—100, float

Range 0—100, integer
Range 0—100, integer
Range 0—100, integer
1000 unique strings
1000 unique strings

1000 unique strings

Integer
Integer
Integer

4 unique strings

1000 unique strings
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