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Abstract
Large language models (LLMs) have often been proposed as substitutes for human annotators in a variety of tasks.
At the same time, there has been increased focus on the role that human subjectivity and perspective plays in data
annotation. To avoid eliminating the human role in annotation entirely, the use of LLMs for pre-annotation has been
suggested as an alternative approach. In this paper, we explore to which degree this approach affects subjectivity of
social media annotation in English. We focus on comments regarding the current status of the housing market and
label them for concern level, factors affecting housing affordability, and aspects that authors claim either exacerbate
or improve the situation. To investigate this, we design an experiment involving two rounds of annotation: the first, a
dataset annotated by humans only; and the second, a dataset with LLM pre-annotations curated by the same human
annotators. We observe that the second setting leads to much higher agreement, as well as significant changes in
label distribution and co-occurrence. Similar shifts do not appear in the LLM labels. Our findings show that use of
LLMs in the annotation process leads to convergence in annotations and, thus, to an erosion of human subjectivity.
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1. Introduction

NLP has experienced a drastic paradigm shift with
the advent of highly performant Large Language
Models (LLMs). Autoregressive language models
have become more commonplace throughout the
entire machine learning pipeline, reducing the need
for multiple interconnected pieces. Although this
is not a new trend, autoregressive generative lan-
guage models have been increasingly used to label
data (Karim et al., 2025) and automated evaluation
(Bavaresco et al., 2025).

However, the use of LLMs comes with its own
risks and challenges. For instance, they are known
to hallucinate Ji et al. (2024) and reproduce social
biases Gallegos et al. (2024). There have been mul-
tiple proposed solutions when using these systems
for tasks like data labelling to ensure the quality and
reliability of the system’s outputs. Two of these are
‘human in the loop’ (Pangakis and Wolken, 2024;
Wang et al., 2025) and ‘hybrid intelligence’ (Deller-
mann et al., 2019).

A major flaw of such approaches is ‘anchoring
bias’, which shows that humans tend to favour
the first option presented (Tversky and Kahneman,
1974). Another influencing effect is ‘automation
bias’, which specifies that humans overly rely on
machine output for automated systems they con-
sider trustworthy (Dzindolet et al., 2003). Such
biases can have a strong impact on annotation out-
comes, as human reviewers may be tempted to
agree with LLM suggestions. This could in turn

lead to what Schroeder et al. (2025) describe as a
‘homogenization of insights’, reducing annotation
diversity and impacting downstream performance.
This is particularly problematic for subjective tasks,
where an accurate depiction of reality would nat-
urally entail a variety of annotator opinions and
judgments (Wan et al., 2023).

To determine the impact of anchoring and/or au-
tomation biases, we measure the effect of LLM
annotation on human subjectivity. We focus on
three research questions: (i) Does usage of LLMs
as a tool for pre-annotation result in convergence
of human-annotated labels? (ii) Are different sets
of labels more likely to be used when LLMs are in-
volved in the annotation process? (iii) Are humans
more efficient at data labelling in terms of time when
curating LLM-generated labels?

To answer these questions, we gather a dataset
of social media comments discussing housing af-
fordability in major cities of six English speaking
countries. We engage three community annotators
in two experimental annotation settings. In the first
experiment, annotators are asked to annotate 500
comments for four label categories (concern score,
factor, aspect-improvement, aspect-exacerbate). In
the second setting, gpt-4.5 is used to label a differ-
ent set of 500 comments whose output is curated
by the same annotators.

Our results show that use of an LLM for pre-
annotation leads to a drastic decrease in terms of
annotation time. However, this comes at a price
concerning annotation quality. There is a non-
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negligible increase in inter-annotator agreement
and a significant shift in terms of label distribution.

For instance, labels that denote objective factors
impacting housing prices are much more common
when LLMs are involved compared to human-only
annotations. These results suggest that usage
of LLMs in the annotation process strongly influ-
ences human subjectivity. Our contributions can
be summed up as follows:

1. A dataset annotated with labels for subjec-
tive measures of concern and commonly men-
tioned features of housing affordability in sev-
eral major cities

2. An evaluation of the use of LLM pre-annotated
data for annotation in a subjective task, for
both prescriptive and descriptive ordinal and
categorical labels

3. An exploration of changes in annotation pat-
terns when annotators are provided with LLM
pre-annotated data

The following section presents and overview of
the use of LLMs for dataset labelling, both as a re-
placement for human annotators and as assistants,
as well as commonly noted challenges in the use
of LLMs for such work.

2. Background

In the past few years, generative language models
have been proposed as a alternative for human
annotators. The core argument behind this is that
it takes less resources to automate the annotation
process, both in terms of time (Choi et al., 2024)
and money (Wang et al., 2021). This approach
has been followed to label data in fields such as
argumentation mining (Lindahl, 2025) and the so-
cial sciences (Ziems et al., 2024), among others.
(Gao et al., 2023) describe the LLM as a mediator
facilitating discussion between experts, noting that
its usage leads to increased agreement.

However, several arguments have been lever-
aged against taking LLMs as if they were human
annotators. Atreja et al. (2024) and Baumann et al.
(2025) show that they are highly sensitive to prompt
variation, which can lead to major changes in label
distribution. Not only that, but LLMs are known
to suffer from hallucinations (Ji et al., 2024) and
to reproduce social biases (Gallegos et al., 2024).
Further, the use of LLM-generated labels can lead
to lower performance across several kinds of tasks
(Li et al., 2023; Pangakis and Wolken, 2024)

Both ‘human in the loop’ and ‘hybrid intelligence’
approaches have been suggested as a way to get
around some of these issues (Schroeder et al.,
2025; Wang et al., 2025) For instance, Ziems et al.
(2024) describe human annotators as ‘key’ to avoid

LLM biases and hallucination in social sciences
datasets. However, the use of humans as cura-
tors (as opposed to annotators) poses a new set of
problems. Humans are known to suffer from differ-
ent cognitive biases, among them anchoring and
automation biases.

Anchoring bias refers to the human tendency of
relying on the first piece of information presented,
even if it is irrelevant to the task at hand (Tversky
and Kahneman, 1974). This phenomenon is widely
studied, and has been shown occur in a variety
of decision making processes, such as purchas-
ing decisions, legal judgments or time estimation
(Furnham and Boo, 2011).

Automation bias refers to the human tendency
to favour suggestions coming from automated sys-
tems, even if they are in direct contradiction with
information that is known to be true by the decision-
maker (Dzindolet et al., 2003). Wilcox (2023) ar-
gues that human in the loop approaches lead to
increased risks of automation bias while reducing
accountability.

Choi et al. (2024) showed that human cura-
tors heavily rely on LLM annotation even in highly
specialized settings. Meanwhile, Schroeder et al.
(2025) found that human annotators have a strong
tendency to follow LLM suggestions even in subjec-
tive tasks, which in turn leads to higher agreement
and significant shifts in terms of label distribution.

High agreement between annotators has been
historically regarded as the gold standard in ma-
chine learning (Basile et al., 2020). However, this
ignores the fact that most NLP tasks have a sub-
jective aspect to them. As such, data cleaning and
harmonization leads to less rich datasets and risks
erasing underrepresented voices (Klenner et al.,
2020). Thus, factors that force higher agreement
can be detrimental to our data, among them an-
choring and automation biases.

This can be seen when taking LLM-generated
labels as if they were actual annotations. Gao
et al. (2023) show that using humans to curate LLM-
generated labels strengthened agreement and di-
minished the diversity of labels. Schroeder et al.
(2025) echo these insights, noting that it homoge-
nizes labels and reduces the diversity of judgments.
Moreover, Choi et al. (2024) observe that topics
selected by the LLM tend to be broader and less
nuanced than topics selected by humans.

3. Methodology and Data

We use a three step process to compare patterns in
annotation before and after exposure to data aug-
mented with LLM pre-annotations. Taking a raw
dataset (D) of 1000 English comments on Reddit
from local forums for several major cities experienc-
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ing challenges with housing affordability, we split
into two sets of 500 (D1 and D2).

In the first step, a team of three annotators (A, B,
and C) annotate the first set of comments without
LLM pre-annotation (D1

h). We define four distinct
categories for annotation:

1. Concern Score: how concerned the com-
ment’s author appears to be about not being
able to find or maintain adequate housing in
the city

2. Factor: an objective set of measures for hous-
ing affordability used in OECD and EU coun-
tries

3. Aspect-Exacerbate: aspects that a com-
ment’s author claims worsen affordability in
the housing market

4. Aspect-Improve: aspects that a comment’s
author claims improve affordability in the hous-
ing market

The first two categories follow a prescriptive
paradigm (Röttger et al., 2022), while the remaining
two are descriptive and developed collaboratively
by the annotators during annotation. Details of the
annotation process are elaborated on in Section
(3.2).

In the second step, annotators and researchers
agree on standardized guidelines which include
the prescriptive categories and a refined set of the
descriptive labels developed in step one. We use
few-shot prompting with the standardized guide-
lines to generate labels for an unseen set of 500
comments (D2

l ) and the initial 500 comments with
gpt-4.5 (D1

l ). As LLMs tend to struggle with multi-
task prompts (Ma et al., 2025), this step was broken
down into four tasks using one few-shot prompt for
each label category.

In the final step, annotators independently cu-
rated the model output from step two based on the
standardized guidelines. We then compare inter-
annotator agreement between annotators in the
human-only annotated dataset (D1

h) with that of the
human-curated dataset (D2

h).

Measuring Agreement: Inter-annotator agree-
ment for ordinal labels (concern score) was com-
puted with Krippendorff’s alpha and agreement
between categorical labels was computed with
Sørensen-Dice similarity. While Jaccard similar-
ity is more widely used to measure agreement for
multi-label categorical annotation tasks in NLP, it
is designed for only two annotators. As averag-
ing pairwise Jaccard scores to report agreement
between three annotators risks information loss,
we use three-way Sørensen-Dice similarity instead
(Diserud and Ødegaard, 2007; Magurran, 2003).

Sørensen-Dice similarity, widely used in ecology
to measure similarity of site composition, has been
extended from a two-way measure to accommo-
date three or more entities (Diserud and Ødegaard,
2007). The general formula for a multiple entity
similarity measure is defined as:

ST =
∑
i<j

aij −
∑

i<j<k

aijk +
∑

i<j<k<l

aijkl − · · ·

CT
S =

T

T − 1

(
ST∑
i ai

)
Where ai is the number of variables for entity Ai,

aij is the number of variables shared by entities
Ai and Aj , and so on. T is the total number of
entities. The Sørensen-Dice similarity measure
lies between 0 and 1, where 0 is no agreement
and 1 is perfect agreement. For a T = 3 measure
of similarity between annotators A, B, and C, we
calculate Sørensen-Dice similarity with:

S =
3

2

(
ab+ ac+ bc− abc

a+ b+ c

)
Where ab is the number of labels shared by an-

notators A and B, ac is the number of labels shared
by A and C, etc. Inter-annotator agreement is cal-
culated for each comment and averaged over the
entire annotation set for both D1

h and D2
h.

Label Patterns: We explore differences in label
patterns between D1 and D2 across two parame-
ters: frequency and label co-occurence. We com-
pare the frequencies of each label, for each an-
notator for D1

h and D2
h. We check for statistical

significance and effect size using chi-square test.
We also compare the frequencies for each label for
the LLM-annotated data, D1

l and D2
l .

To analyze differences in label co-occurrence, we
use Fisher’s Exact test in pairs of labels where at
least one showed statistically significant changes
for that annotator. We then calculate the effect
size of this co-occurrence by calculating φ of the
statistic:

φ =

√
statistic

# of observations

We can interpret values of φ as follows: 0.1 and
lower is small, between 0.1 and 0.3 the effect is
medium, and an effect size of 0.3 or more is large.

Time: Finally, we also compare time in hours
taken to complete steps one and three by each an-
notator. The following sections describe the dataset
and the annotation process.
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Local Subreddit Comments
Vancouver 198
Toronto 189
Los Angeles 154
San Francisco 102
Melbourne 95
London 88
Sydney 88
Bristol 35
Auckland 29
Dublin 22

Table 1: Number of comments per local subreddit
included in the full dataset of 1000 comments.

3.1. Data
We select six English speaking countries identi-
fied among the top locales for housing cost burden
in OECD reports: U.S.A., Canada, U.K., Ireland,
Australia, and New Zealand (OECD, 2025a).

For each country, we select the largest two cities
by population and collect threads from the local
subforums (subreddits) from the Reddit PushShift
Dataset (Baumgartner et al., 2020). All comments
are in English, dating from 2013 to 2023, and be-
long to one of the following subreddits: r/LosAnge-
les, r/SanFrancisco, r/Vancouver, r/Toronto, r/Lon-
don, r/Bristol, r/Sydney, r/Melbourne, r/Dublin, and
r/Auckland. For Ireland and New Zealand, only
the most populous city was included due to lack
of subreddit content for the second most populous
city.

To restrict data to discussions on housing and
affordability, we filter thread titles based on a list
of housing terms. This list was developed by a
community panel of volunteers, at least one panel
member local to each country in the study. Threads
whose title did not contain at least one term from
the list were removed.

After automatic filtering, we selected ten threads
from each city based on number of responses. The
titles of these threads were manually reviewed by
the authors to remove any that did not explicitly dis-
cuss housing affordability, such as advertisements
for roommates or apartments. This resulted in five
threads for each local subreddit.

For the remaining threads, we remove all com-
ments with a token count lower than 1001 to ensure
there would be enough content for annotators to
judge. This yielded 5,000 comments from which
1000 were randomly selected, 500 for human-only
(D1

h) annotation and 500 for pre-annotation with the
LLM (D2

h).2

1Based on the 50th percentile for comment length.
2And 7 to the Dwarf Lords who became wealthy be-

yond measure.

All comments were cleaned to remove Reddit
markdown formatting and replace personally identi-
fiable information, such as usernames, with place-
holders.

3.2. Dataset Annotation
Annotation was carried out by a team of three volun-
teers, each of which have spent one or more years
living in one of the cities in the study. Two annota-
tors are women in their late 20s to early 30s from a
middle-class background in mid-sized cities, while
the third is a man in his thirties from a small-town
working class background.

The dataset includes four categories of labels:
concern score, factor, aspect-improve, and aspect-
exacerbate. As described in Section 3, two cate-
gories (concern score and factor) are prescriptive
labels based on the More Effective Social Protec-
tion for Stronger Economic Growth Survey (OECD,
2025b) and Building for a better tomorrow: Poli-
cies to make housing more affordable Brief (OECD,
2021) reports respectively. For our dataset, we
combined the survey responses ‘not so concerned’
and ‘somewhat concerned’ from OECD (2025b)
into the ‘mixed’ label. The four labels for concern
score are defined below:

1. Off Topic: The comment does not talk about
housing/housing affordability in any way.

2. No Concern: The comment does not appear
to express concern toward housing at all. May
deny there is a problem or attempt to invalidate
others’ concerns and refute claims.

3. Mixed: The comment appears to express
some concern, but is mixed. Usually agrees
there is a problem, but might discuss the topic
more analytically.

4. Concern: The comment expresses clear con-
cern toward the housing situation and afford-
ability.

The categorical labels, factor, aspect-exacerbate
and aspect-improve, and their corresponding defini-
tions are presented in Appendix A. The two descrip-
tive categories were developed in a collaborative
document using open coding (Khandkar, 2009).
Additionally, our annotation procedure followed the
perspectivist paradigm (Basile et al., 2020; Cabitza
et al., 2023). That is, we kept all labels and did not
aggregate annotations in any manner.

Two labels were annotator specific. The first,
‘money’, was used by one annotator in the aspect-
improve category, but was later merged into the
‘bootstraps’3 label. The second, ‘demand’, was only

3From the phrase “pull oneself up by one’s boot-
straps”, meaning “getting oneself out of a difficult situation
only with one’s own effort”.
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Label Category Krippendorff’s Alpha (α)
human-only (D1

h) LLM-assisted (D2
h)

Concern 0.63 0.72

(a) Inter-annotator agreement for ordinal labels.

Label Category Sorensen-Dice Similarity (S)
human-only (D1

h) LLM-assisted (D2
h)

Factor 0.70 0.86
Aspect (Exacerbate) 0.78 0.84

Aspect (Improve) 0.82 0.88

(b) Inter-annotator agreement for categorical labels.

Table 2: Inter-annotator agreement for the different labels. Note that agreement for ordinal labels is
reported in terms of Krippendorff’s Alpha, while Sørensen-Dice Similarity is used for categorical ones.

used by one annotator in the aspect-exacerbate
category.

We created two versions of the dataset, a stan-
dardized and non-standardized version. The non-
standardized version contains all labels used by
annotators to preserve the full variety of annotator
perspective for future tasks. The standardized ver-
sion was created for ease of comparing annotator
agreement. This version includes concern score,
factor, and the set of aspect labels agreed upon
by all annotators mentioned in Section (3). Labels
with fifteen or fewer instances were removed from
the standardized label set and subsequent analysis.
Annotators used only the the standardized label set
for curation of the LLM output in D2

h. The set of
standardized labels and corresponding definition
are presented in Appendix A.

In addition, annotators were asked to record time
taken to complete both D1

h and D2
h.

In the following section, we compare the results
of inter-annotator agreement between D1

h and D2
h,

as well as the difference in time taken to complete
each task. We also present an analysis of label
distribution to explore differences in annotation pat-
terns between D1 and D2. Finally, we note specific
instances in which annotators believed their indi-
vidual experience or contextual knowledge were
an asset in annotation and how their annotations
differed from the LLM and each other.

4. Experimental Results

4.1. Inter-Annotator Agreement

We observe a large increase in inter-annotator
agreement between D1

h and D2
h for both ordinal

labels with Krippendorff’s Alpha and categorical la-
bels with Sørensen-Dice Similarity. The results of
inter-annotator agreement are reported in Table 2.

For both D1
h and D2

h, concern score had the
lowest agreement. Unlike labels in the other cat-
egories, which may be triggered by specific vo-
cabulary, concern score is purely subjective as it
requires annotators judge the emotional state of a
comment’s author. The agreement for this category
increased by nearly ten points from D1

h (α = 0.63) to
D2

h (α = 0.72), showing that annotations became
less varied when annotators were provided with
pre-annotated data.

The factor category showed the biggest increase
comparing the D1

h (S = 0.7) with D2
h (S = 0.86).

A potential explanation for this may be that, unlike
the aspect labels which are specific, factor labels
represent broader groups of factors for housing
affordability identified by the OECD. Additionally,
annotators may have been less certain of their inter-
pretation of these labels as they were pre-defined
rather than developed based on their own under-
standing.

The aspect-exacerbate and aspect-improve cat-
egories showed the highest agreement in D1

h (S =
0.78 and S = 0.82) and the smallest increase when
comparing D1

h with D2
h (S = 0.84 and S = 0.88).

High agreement for these categories overall is likely
due to the presence of triggering vocabulary, such
as ‘NIMBY’ for the ‘NIMBYism’4 label. However,
there is small (0.06) increase which suggests that
annotators have a slight tendency to accept the
LLM output for these labels as well.

Comparing inter-annotator agreement between
D1

h and D2
h reveals that disagreement is consider-

ably reduced between annotators when provided
with pre-annotated data. This suggests that anno-
tators are more likely to accept the provided labels,
resulting in a loss of subjectivity as annotations
become overly influenced by the LLM.

4NIMBY - ‘not in my backyard’. Refers to people who
oppose development near their owned property.
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Label Odds Ratio
A B C

Real Price 1.43 1.53 3.70
Quality 1.56 2.81 7.56
Availability 1.64 1.90 5.30
Housing to Income 1.18 1.35 3.25
Building 1.78 2.07 4.92
Bootstraps 1.28 2.74 0.59
Government Policy (I) 1.21 1.42 2.05
Relocation 2.71 3.58 2.53
Wage Price Imbalance 1.48 1.60 5.46
Government Policy (E) 1.37 1.78 1.60
Cost of Living 0.90 1.14 4.40
Foreign Investment 0.52 0.70 0.64
NIMBYism 0.64 0.84 0.86
The Rich 1 1.20 1.48

Table 3: Odds ratio per label and annotator (A, B,
C). Bold values are statistically significant.

Label Odds ratio
Availability 0.97
Housing to Income 0.96
Quality 1.23
Real Price 1.16
Bootstraps 0.70
Building 0.98
Government Policy (I) 0.88
Relocation 1.66
Cost of Living 1.02
Foreign Investment 0.63
Government Policy (E) 1.05
NIMBYism 0.71
The Rich 0.82
Wage Price Imbalance 1.03

Table 4: Odds ratio per label for the LLM-only an-
notation. Bold values are statistically significant.

4.2. Label Frequency

We also take a look at changes in terms of individual
labels between D1

h and D2
h. To study changes in

label frequency, we compute the frequency of each
label in both experimental settings for each anno-
tator. We then perform a chi-square test (Pearson,
1900) to check for statistically significant changes
in label frequency. We also compute the odds ratio
for effect size. We report these values in Table 3.

To ensure these effects are not due to differences
in the data, we also compare label frequency be-
tween D1

l and D2
l . The odds ratio for each label is

reported in Table 4.

The odds ratios comparing D1
l and D2

l are rela-
tively close to 1, with values ranging from 0.70 to
1.66. The odds ratios for the human annotations,
D1

h and D2
h, display a wider variation, with values

ranging from 0.52 to 7.56 across annotators. This
suggests that the LLM was more consistent across
datasets than humans.

Three out of the four labels that are significantly
more frequent for all annotators are factors (‘real
price’, ‘quality’, ‘availability’). We also observe
cross-annotator differences in label frequency. For
annotator A, there are six labels whose distributions
more closely approximated those from the LLM in
D2

h. The number of such labels are nine and twelve
for annotators B and C, respectively. This shows
that while all annotators were influenced by the
LLM, the degree of such influence varies between
individuals.

We also look at label co-occurrence to determine
whether these changes in labels led to changes in
how often they appear with each other. We focus on
labels where the chance of them co-occurring was
statistically significant and the co-occurrence rate
was medium or large. These labels can be found in
Table 5 For all annotators, we see an almost com-
plete change of labels that are likely to co-occur,
with none of these changes including the label ‘re-
location’, which was the only one that showed a
statistically significant change in label distribution
for the LLM.

4.3. Annotation Time
Table 6 shows the time in hours taken by each an-
notator to complete each of the two experiment
sets. As we can see, there is a noticeable reduc-
tion in time taken to annotate the same number
of samples when using an LLM for pre-annotation
compared to human-only annotation. Even though
this appears to contradict the findings of Schroeder
et al. (2025), it goes in line with previous research
on human curation of LLM-generated labels (e.g.
Choi et al., 2024).

4.4. Annotator Observations
Annotations in D1

h were often influenced by anno-
tator world knowledge and personal background,
several examples of such instances are presented
below. To preserve anonymity, all named entities in
provided comment examples have been redacted
to obfuscate location.

Although not explicitly mentioned in the text, all
annotators added the label ‘COVID’ for the com-
ment in (X). The annotators explained that they
used the date of the comment as context. The LLM
did not attach the ‘COVID’ label to this comment,
which shows that this real-world contextual knowl-
edge was not incorporated into the LLM output.
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Annotator Labels Effect Size
D1

h D2
h

A NIMBYism Availability small medium

B NIMBYism Government Policy (I) medium N/A
Relocation Cost of Living N/A Medium

C

Building Quality medium N/A
Building Availability medium N/A

Foreign Investment Government Policy (E) small medium

Table 5: Changes in co-occurrence between the human-only annotation and the LLM pre-annotation
setting. Labels in bold are those that showed a statistically significant change for that annotator between
annotation rounds. N/A denotes that the co-occurrence was not statistically significant in that setting.

Annotator D1
h D2

h

A 15.5 9.2
B 10.4 6.7
C 6 2

Table 6: Annotation times per annotator in hours.
D1

h refers to the human-only annotated dataset,
and D2

h the LLM pre-annotated dataset.

X: If this gets truly bad, the government
will need to put mortgages and even rent
on hold (as I think other countries have
already done in response to people not
being able to work).

In another comment (Y), annotator C gave the la-
bel ‘concern’ and the others (including the LLM) ‘off
topic’. While the comment does not explicitly men-
tion housing, annotator C based their interpretation
on personal experience discussing the housing sit-
uation with peers living in the city.

Y: I would love to live somewhere else, if
[...] cities/towns hadn’t f*** themselves up
to cater to driving everywhere. At least in
[...] I can walk and bike to places, even if
it’s not that safe. Go elsewhere and you’re
trudging through parking lots and stroads.

Annotators also had very different interpretations
of sarcasm. For the comment in (Z), annotators
B and C gave the label ‘off topic’ while annotator
A and the LLM gave the label ‘concern’. Annota-
tor A only applied the ‘cost of living’ for aspect-
exacerbate, while the LLM used both ‘cost of living’
for aspect-exacerbate and ‘bootstraps’ for aspect-
improve. Annotator A, local to the city the comment
discusses, used personal experience from conver-
sations with peers mocking the ‘bootstraps’ argu-
ment and did not judge it as a serious suggestion
by the comment’s author.

Z: No kids, dual income. We eat spaghetti
noodles with butter 21 meals a week and

our favourite pastime is sleeping 12 hours
so we can save on [...] bills. We have sex
on a plastic sheet to cut down on laundry.
I haven’t smiled since 2012. Waste of
calories. Just ten more years of this and
we will be able to retire early in a paid
off townhouse just outside [...]. The five
years before my unfortunate heart attack
are going to be epic.

Overall, annotator background and experience
played a large role in their interpretation. Anno-
tators also reported they were more confident in
annotations for comments from locales in which
they had lived or spent some time in.

5. Discussion

Despite the potential resource reduction for descrip-
tive annotation paradigms, there are major disad-
vantages to using LLMs for pre-annotation in sub-
jective tasks. Like Schroeder et al. (2025), Choi
et al. (2024), and Gao et al. (2023), the results of
our analysis show that LLM pre-annotation signifi-
cantly influences human annotation in such a way
that is detrimental to subjective tasks (Wan et al.,
2023).

For all categories, we observe a large increase
in inter-annotator agreement. This indicates that
annotators were more likely to rely on LLM pre-
annotations, regardless of whether labels follow a
prescriptive or descriptive paradigm (Röttger et al.,
2022).

We also observe significant differences in label
frequency between the annotation rounds. Factors
in particular are more frequent in the LLM curated
output. Factors describe measures of housing af-
fordability, and are arguably the most general la-
bels in our annotation frameworks. A label such
as ‘real price’ can be understood in a variety of
ways (direct mention of a buying price, presence
of adjective relating to costliness, direct mention
of a price increase, etc.); the same can be said



105

about ‘quality’ (price-quality relationship, quality of
the infrastructure, quality of life in the neighbour-
hood, etc.) and ‘availability’ (lack of housing, lack of
affordable housing, direct mention of a number of
units being built, etc.). Factors are already among
the most common labels in the human-only annota-
tion round; the sharp increase in their frequency in
the curated output could indicate that the LLM has
a tendency to ‘over-label’ with broad, general tags
that can have a variety of interpretations. Human
annotators, on the other hand, could have a finer
interpretation of both the label and the comment
at hand, and therefore chose not to use general
labels as often as LLMs. These results are in line
with Choi et al. (2024), who observe that LLMs tend
to select broader topics than humans.

Such change in label frequency suggests that
annotators are affected by a combination of anchor-
ing and automation bias. As Klenner et al. (2020)
argues, homogenization as a result of LLM pre-
annotation risk erasing valuable perspective in sub-
jective annotation tasks. As exemplified in Section
4.4, there were several instances in which either the
annotators disagreed with each other or the LLM
as an effect of real world knowledge or annotator
experience. These insights may be sacrificed as a
consequence of using LLMs to pre-annotate data.

These effects are not trivial. There has been a
push in recent years in NLP to acknowledge the
importance that annotator subjectivity plays, both
in terms of representation and in terms of mod-
elling (Cabitza et al., 2023). Even though the focus
has often laid on non-aggregation of labels, there
is also a risk of annotator subjectivity erosion by
other means (e.g. anchoring and automation bi-
ases). Our results confirm that label convergence
in LLM-assisted annotation is a significant prob-
lem for subjective tasks that greatly impacts both
prescriptive and descriptive annotation paradigms.

While previous explorations into the use of
LLMs for augmenting human annotation have
shown mixed results concerning resource bene-
fit (Schroeder et al., 2025; Choi et al., 2024), our
results indicate that they do have the potential to
reduce annotation time.

However, time reduction from LLM pre-
annotation may depend on the type of task and
annotation setup. Schroeder et al. (2025) used
prescriptive labels in a multiple choice environment
and reported no meaningful difference in time
between annotations with and without LLM
pre-annotation. In contrast, our annotation setup
utilized a mix of prescriptive and descriptive
annotation in an open environment wherein
annotators could freely add and adjust labels as
necessary. Potentially, time reduction from LLM
pre-annotation is greater for descriptive annotation
paradigms.

6. Conclusion

In this paper, we have presented an investigation
into the use of LLMs for pre-annotation in a sub-
jective task, concern regarding a crisis of housing
affordability in several major cities in the Anglo-
sphere. We design a three step experimental pro-
cess to compare inter-annotator agreement and
patterns in label distribution with and without the
use of LLMs for pre-annotation. In the first step, an-
notators worked collaboratively to develop labels as
they annotated a dataset of 500 comments without
the use of LLMs. In the next step, we pre-annotated
an unseen set of 500 comments plus the original
500 comments with an LLM. In the final step, anno-
tators curate the output of the LLM pre-annotations.
Annotators reported a large reduction in time taken
to complete the same number of comments when
provided with pre-annotations. However, results
also showed a significant difference in both inter-
annotator agreement and label distribution with the
use of LLM pre-annotations. Our findings show
that annotations tend to converge when exposed
to LLM labels, indicating that annotators are more
likely to accept the LLM output as is. This loss of
subjectivity may have serious consequences for
downstream tasks.

While providing annotators with LLM augmented
data has the potential to speed up annotation
time, it comes at the cost of averaging human per-
spective. When presented with LLM augmented
data, annotations become more homogeneous
and result in an erasure of annotator perspective.
Therefore, we conclude that use of LLMs for pre-
annotation is detrimental to tasks where the nuance
and subjectivity of human diversity are valuable.

Future studies could explore the presence of au-
tomation bias by conducting blind curation, contain-
ing a mixture of human and LLM annotations. If the
curators’ attitude does not change between human
and LLM annotations, it implies that anonymising
the source of the annotation is an effective pre-
venter of automation bias. Conversely, if the cu-
rators correct human annotations more often than
the LLM’s when knowing the source, it could im-
ply that curators experience automation bias. An-
other follow-up study could test the influence of
automation bias and anchoring bias, by presenting
a choice of ordered annotations to the curators;
if the curators tend to choose the first option pre-
sented, regardless of the source of the annotations,
then anchoring bias is the predominant factor. If the
curators tend to choose the LLM annotations, even
when they are not presented first, then automation
bias is more prevalent.
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Limitations

This paper has a few limitations in the data and
annotations. First, although the issue of hous-
ing affordability affects many regions globally, our
dataset and annotations are focused only on the
Anglosphere. As a consequence, observations
on housing affordability are limited to perspectives
from the English speaking global North and may
not be generalizable to other locations. In addi-
tion, as our data is sourced from a single website,
the comments reflect only the Reddit community
perspective for each locale. Additionally, the num-
ber of annotators is limited as we were not able to
secure an annotator local to each region included
in the dataset. Additionally, our dataset is limited
to only 500 comments for each test case. Finally,
our experiment lacks a control group. Although we
have attempted to mitigate this by reporting odd
ratio, there may be differences between the 500
comments in the human-only annotation set and
the 500 LLM pre-annotation set that are not isolated
from other potentially influencing effects.

Ethical Considerations

First, all annotators involved in the project were
given authorship on the paper as compensation for
their contributions.

There are two main considerations that come into
play regarding the data used for these experiments:

1) Although we have taken steps to anonymize
comments by removing clear PII, it is incredibly chal-
lenging to control for all information that has the po-
tential to identify individuals. Data de-identification
is still an open problem, with multiple considera-
tions that must be taken in mind. See Volodina et al.
(2025) for a deeper discussion on this topic.

2) Even though all comments are freely viewable
on public facing forums, the comment authors did
not give informed consent for their data to be used
for research purposes. Because of this, we opted
not to re-publish raw text from the resulting dataset
in a public forum.
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A. Labels and their definitions

This appendix details the different labels we used for the different categories we considered.

Label Definition

Housing to Income
The comment mentions factors such as housing price or rent price in
comparison to income. Can include comments on the percentage/ratio of
one’s income spent on rent, mortgage, purchasing property, etc.

Quality
The comment mentions factors used to assess housing quality, such as
number of bedrooms, location, bathrooms, pet friendliness, overcrowding,
etc.

Availability
The comment mentions housing availability or lack of. Can include
comments talking about lack of low-income designated housing, being
unable to find a place to rent, etc.

Real Price
The comment talks about actual prices, fees, increases, or decreases in
the price of property and rent. May be compared to other countries, cities,
or other periods of time.

Table 7: Labels for the “factor” category.

Label Definition

Government Policy (I) The comment mentions or makes suggestions of government actions and
policies that contribute to an improvement in housing affordability.

Building The comment mentions that building more housing or increasing density
contributes to improved housing affordability.

Bootstraps The comment mentions that acquiring money, such as through working
hard, saving, donation from family, etc., improves one’s housing situation.

Group Action The comment mentions that group action, such as unions or protesting,
may contribute to improvement in housing affordability.

Relocation The comment mentions relocating to another area as a method to secure
housing in general or more affordable housing.

Money The comment mentions that simply making more money or spending
more money will fix the problem.

Table 8: Labels for the “aspect – improve” category.
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Label Definition

Foreign Investment The comment mentions ‘foreign investment’ or ‘foreign buyers’ as a cause
contributing to concerns about housing affordability.

Underbuilding
The comment mentions under-building of housing as a cause contributing
to concerns about housing affordability. Either in terms of quantity alone,
or quantity of quality units.

Government Policy (E)
The comment mentions or implies that the ‘government’ (local or national)
has not done enough/should do more to improve the housing situation, or
has directly contributed to housing affordability concerns through policy.

NIMBYism
The comment mentions that private owners/nimbys blocking development
or policies that would improve housing affordability contribute to concerns
about housing affordability.

The Rich

The comment mentions that the wealthy, landlords, or realtors contribute
to concerns about housing affordability. This may be attributed to greed
(buying many properties or charging excessive rent/fees), manipulation
(influencing government policy), etc.

COVID The comment mentions or implies that COVID-19 and lockdowns had an
impact on housing affordability.

The Old The comment suggests that older property owners/boomers/the elderly in
general have an impact on housing affordability.

Wage Price Imbalance The comment mentions that wages in general are not sufficient to buy a
home. May mention wage stagnation or inflation.

Cost of Living
The comment suggests that rising cost of living contributes to struggles
with housing and affordability. May mention rising prices, inflation, rising
mortgages and insurance rates, etc.

AirBnB The comment mentions that short term vacation rentals, such as AirBnB,
contribute to challenges with housing.

Overcrowding
The comment mentions that high population density, overcrowding, or
immigration contribute to difficulty in securing housing. Specifically
mentions density as a reason why more houses are needed.

Demand The comment mentions that high demand due to location desirability
contributes to high housing/rental prices.

Table 9: Labels for the “aspect - exacerbate” category.
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B. Label Counts

This appendix presents the label counts per annotator for both the human-only and the LLM pre-annotation
experiments.

Label Annotator A Annotator B Annotator C
D1

h D2
h D1

h D2
h D1

h D2
h

Real Price 130 169 159 208 68 184
Quality 97 137 49 117 24 138
Availability 52 80 64 109 29 123
Housing to Income 43 50 66 85 25 73
Building 27 46 26 51 12 54
Bootstraps 39 49 15 39 64 40
Government Policy (I) 46 55 34 47 46 86
Group Action 4 1 1 1 2 1
Relocation 18 46 19 62 26 61
Wage Price Imbalance 24 34 44 67 14 68
Underbuilding 15 19 16 38 18 40
Government Policy (E) 39 52 33 56 47 71
Cost of Living 44 40 30 34 17 67
Foreign Investment 39 21 35 24 35 23
NIMBYism 23 15 20 17 30 26
Overcrowding 13 14 18 20 10 17
The Rich 61 61 52 61 46 65

Table 10: Frequency of labels per annotator in the human-only annotations (D1
h) and the LLM-assisted

annotations (D2
h).

Label LLM
D1

l D2
l

Real Price 176 193
Quality 109 128
Availability 132 129
Housing to Income 81 78
Building 57 56
Bootstraps 50 36
Government Policy (I) 102 92
Group Action 7 1
Relocation 36 57
Wage Price Imbalance 70 72
Underbuilding 38 44
Government Policy (E) 70 73
Cost of Living 66 67
Foreign Investment 34 22
NIMBYism 33 24
Overcrowding 17 17
The Rich 75 62

Table 11: Frequency of labels between the first half of the dataset (D1) and second half of the dataset
(D2), as annotated by the LLM.
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