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Abstract

Ensuring annotator quality in training and evaluation data is
a key piece of machine learning in NLP. Tasks such as senti-
ment analysis and offensive speech detection are intrinsically
subjective, creating a challenging scenario for traditional
quality assessment approaches because it is hard to distin-
guish disagreement due to poor work from that due to differ-
ences of opinions between sincere annotators. With the goal
of increasing diverse perspectives in annotation while ensur-
ing consistency, we propose ARTICLE, an in-context learn-
ing (ICL) framework to estimate annotation quality through
self-consistency. We evaluate this framework on two offen-
sive speech datasets using multiple LLMs and compare its
performance with traditional methods. Our findings indicate
that ARTICLE can be used as a robust method for identifying
reliable annotators, hence improving data quality.

Code — https://github.com/Suji04/ARTICLE

Introduction

Conventional approaches to distinguish high from poor
quality annotators are typically based on outlier detection,
where the divergence from aggregate opinions is considered
a signal of poor quality annotation (Dumitrache et al. 2018;
Leonardelli et al. 2021; Davani, Diaz, and Prabhakaran
2022; Ustalov, Pavlichenko, and Tseitlin 2024). However,
for subjective tasks such outlier-based approaches can po-
tentially muffle minority or unique perspectives, leading to
annotation echo chambers. For example, in a war corpus
with annotators from countries A and B, responses to ques-
tions like who is winning the war can vary greatly depending
on the annotator’s country. If the pool is dominated by an-
notators from A, perspectives from B may be eliminated as
their responses differ from the majority.

This paper introduces an alternative method to esti-
mate annotator quality through self-consistency. Prior work
has explored annotation patterns of individual annotators
(Dawid and Skene 1979) but without considering the con-
text and annotator information. For instance, if an annota-
tor inconsistently rates similar offensive content differently,
it indicates a lack of self-consistency. Incorporating self-
consistency into quality estimation bypasses the need for

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

29356

multiple annotators, enhancing resource efficiency, and pre-
serving unique but self-consistent perspectives that outlier-
based methods might discard. While self-consistency has
been applied in other settings (Wang et al. 2023; Cooper
et al. 2024), to our knowledge, this is the first application for
rater quality estimation in subjective annotation tasks. Ad-
ditionally, recent research has utilized LLMs as annotators
(He et al. 2024), but prior work focused on replacing major-
ity opinions rather than capturing annotator-level labels.

Methodology

We propose ARTICLE (Annotator Reliability Through In-
Context Learning) — a two-step framework to identify reli-
able annotators and model the perception of offense for dif-
ferent political groups.

Step 1: Identifying Inconsistent Annotators

We hypothesize that annotators who show inconsistent anno-
tation patterns are difficult to model. We individually model
each annotator using a state-of-the-art LLM, Mistral-7B
(Jiang et al. 2023), and utilize the model’s performance (ease
of modeling) as a proxy for the annotator’s consistency. For
each annotator, we randomly split their annotations into two
sets — the first set (training set) contains 10 data points, and
the second (test set) contains the rest. Using the training set
as ICL examples, we prompt Mistral-"7B to predict the
labels for the test set. Then, we compute the Fl-score to
evaluate the model’s performance. A high F1 score indicates
the annotator is easy to model and, hence, consistent, and a
low score indicates the opposite. We define a hyperparame-
ter (k) that acts as a threshold. If, for a given annotator, the
Fl-score is less than k, we mark them as inconsistent and
remove them from the dataset.

Step 2: Modeling Group-level Perception

After removing the inconsistent annotators from all political
groups, we recompute the aggregate labels for each group.
We again use ICL to model the group-level perception of
offense. For each group, we construct a training set us-
ing 70% of the data. The rest is used for testing. For each
test instance, we randomly sample 15 examples from the
training set and use them as in-context examples. The same
Mistral-7B model is used in this step.
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Figure 1: Group-level model performance at different & values in DR. The error bars indicate 95% confidence interval.
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Figure 2: Group-level model performance at different & values in Dyyo1cgp. The error bars indicate 95% confidence interval.

Evaluation

Quantitative. We evaluate the proposed framework on
two well-known English offensive speech datasets, (1)
Toxicity Ratings (Kumar et al. 2021) (DrR) and (2)
VOICED (Weerasooriya et al. 2023) (Dyo1cED)- In each
dataset, we model the perception of offense for each political
group: Democrat, Republican, and Independent. To study
the impact of the hyperparameter k, we run experiments for
the following values of & : {0,0.35,0.45,0.5,0.6}. The case
k = 0 serves as the baseline where we do not remove any
annotators from the dataset. Figures 1 and 2 illustrate the
performance (F1-score on the test set) at various values of k
for Drrand Dy g1cED, respectively. In general, across all
political groups, we observe an upward trend in the F1-score
as the value of k increases with noticeable fluctuations for
Independents. In almost all instances, the F1-score achieved
with & = 0.45 surpassed the baseline performance, suggest-
ing the effectiveness of the proposed method. We also note
for most cases with £ > 0.5, the performance either plateaus
or declines slightly. It suggests that while increasing k& gen-
erally improves model performance up to a point, there may
be a threshold beyond which further increase in k£ does not
yield additional benefits and might even be detrimental.

Qualitative. We present annotations from a few inconsis-
tent annotators as identified by ARTICLE. In the first exam-
ple, both the comments express that the government should
not control abortion; however, the annotator labeled them
differently. In the second example, the annotator labeled a
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seemingly harmless comment offensive; however, assigned
a non-offensive label to a comment containing a racial slur.

EXAMPLE ANNOTATOR #1

Comment: Abortion should be between the
woman and God. I do agree the
government should not control it. I'm
not saying I agree with Abortion what
so ever but the rioting and stuff is
just ridiculous. Label: offensive

Comment: The ’state’ has no business
deciding what women can or cannot do to
their bodies. The fact that so many in
the USA feel that abortion should be
banned speaks more to a moronic
pandering to the right wing religious
fringe crazies who want to impose THEIR
beliefs on everyone. Label: non-offensive

EXAMPLE ANNOTATOR #2

Comment: Amazing to see some of our ex
students still continuing on their
passion for the arts. Label: offensive
Comment: yea 111 ass went Mia that boy
a hog. nllogllr finna average 3 assists
a game a piece. Label: non-offensive




Ethics Statement

ARTICLE’s approach to annotation quality assessment
through self-consistent intends to help mitigate potential bi-
ases towards minor perspectives in NLP systems. In this
work, we used two publicly available datasets referenced in
the paper. No new data collection has been carried out as
part of this work. The datasets used do not reveal any iden-
tifiable information about the annotators.
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