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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

From classical supervised systems (Carbonell, Michalski,
and Mitchell 1983) to the RLHF framework (Christiano
et al. 2017), human input plays a central role in human
value-aligned Al and NLP systems. Crowdsourcing is a
well-studied, affordable, and distributed framework that al-
lows data collection from broad and diverse annotator pools
within a short period (Gray and Suri 2019; Kahneman, Si-
bony, and Sunstein 2021; Wang, Hoang, and Kan 2013). The
benefits of crowdsourcing notwithstanding, enforcing qual-
ity control and estimating annotation quality remain a long-
standing challenge (Lease 2011; Huang, Fleisig, and Klein
2023).

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. 2018a;
Leonardelli et al. 2021; Davani, Diaz, and Prabhakaran
2022; Ustalov, Pavlichenko, and Tseitlin 2024). However,
for subjective tasks (Passonneau et al. 2012; Pavlick and
Kwiatkowski 2019; Uma et al. 2021; Nie, Zhou, and Bansal
2020; Jiang and Marneffe 2022; Deng et al. 2023), such
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outlier-based approaches can potentially muffle minority or
unique perspectives, leading to annotation echo chambers.
Consider a war corpus where annotators hail from coun-
tries A and B. Even simple questions like who is winning
the war could have drastically different responses depend-
ing on which country the annotator belongs to. If a pool has
an overwhelming presence of A, any perspective that anno-
tators from B could contribute to will be eliminated since
their responses will be visibly different from the majority
view.

This paper introduces an alternative path to estimate anno-
tator quality through the lens of self-consistency. Prior work
in this domain explored to address it through the lens of an-
notation patterns of individual annotators (Dawid and Skene
1979; Hovy et al. 2013; Ustalov, Pavlichenko, and Tseitlin
2024), without taking into account what is being annotated
(context) and information of the annotator. Suppose we are
interested in collecting a dataset of offensive speech. If we
observe that a given annotator has marked one instance that
attacks an ethnic group as highly offensive while marking
another instance with an even sharper attack on the same
group as not offensive, the annotator’s responses could be
self-consistent. Incorporating self-consistency into the anno-
tation quality estimation process has the following benefits.
First, it bypasses the requirement of having annotations from
multiple other annotators to compute divergence from aggre-
gate opinion, thus promising to be more resource-efficient.
Second, this approach preserves unique but self-consistent
perspectives, which outlier-based methods might eliminate.

While the notion of self-consistency has been applied to
diverse settings (see, e.g., Wang et al. (2023); Cooper et al.
(2024a)), to our knowledge, this paper first applies self-
consistency for rater quality estimation on subjective annota-
tion tasks. The introduction of large language models (LLM)
with larger context lengths for language understanding has
also led to research on utilizing LLMs (Gilardi, Alizadeh,
and Kubli 2023; He et al. 2024) as human annotators. How-
ever, prior research has focused on using the LLM (He et al.
2024) to replace the majority opinion of data annotation but
not the intricate annotator-level labels.

Contributions. Our contributions are the following.

1. We introduce ARTICLE, a novel framework to estimate
annotator quality through self-consistencys;



STEP 1

N
Model Individual Score the Annotators .
Annotators using Based on Modeling Remcxr:nlgtt;?:f;stent >
In-Context Learning Performance
J
STEP 2

Aggregate Labels

Group-level Modeling using
In-Context Learning

Figure 1: Schematic Diagram of ARTICLE.

2. We evaluate this framework on two well-known English
offensive speech datasets: (1) Toxicity Ratings
(Kumar et al. 2021) henceforth DTr; and (2) VOICED
(Weerasooriya et al. 2023a) henceforth Dy;o1cgp and
we contrast our approach with CrowdTruth (CT) (Dumi-
trache et al. 2018a).

Related Work

Crowdsourcing platforms such as Amazon Mechanical
Turk, Toloka, and Prolific have played a critical role over the
years for collecting annotations for training models (Kahne-
man, Sibony, and Sunstein 2021). However, just as with any
task with human annotators in the loop, prior research has
identified instances when annotators have been inconsistent
with providing information (Huang, Fleisig, and Klein 2023;
Abercrombie, Hovy, and Prabhakaran 2023). Rottger et al.
(2021) demonstrated the impact of the paradigm (subjective
or prescriptive) used during the survey on the (dis)agreement
level of the annotations. These characteristics have led to re-
search for modeling annotators and rating them for reliabil-
ity.

Dawid and Skene (1979) presented the initial two-stage
generative model for inferring ground truth from unreliable
annotators. The model assumes each annotator has a con-
cealed error rate and utilizes expectation maximization to it-
eratively estimate these error rates along with the most prob-
able ground truth labels based on the current error rate esti-
mates. Hovy et al. (2013) extended this model with a bipar-
tite annotator model that distinguishes between spammers
and non-spammers. CrowdTruth (Dumitrache et al. 2018b)
is another method for measuring the reliability of the anno-
tators and the entire dataset as a whole based on their overall
agree-ability with other annotators.

However, a limitation of prior work is not taking into con-
sideration the content of the data item that is being annotated
for scoring the performance of the annotators and how con-
sistent the annotator is in terms of annotating (Cooper et al.
2024b). In our research, we explore how to utilize the capa-
bilities of the LLM to understand and identify inconsisten-
cies of the annotators utilizing the context of the annotation
task. The use of LLMs as judges in various tasks (Zheng
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et al. 2023; Tan et al. 2024; Huang et al. 2024) has recently
garnered much attention. While most of the current work
focuses on improving the abilities of smaller language mod-
els, we see a potential for utilizing these LLM judges as an
evaluator of annotation consistency. At the same time, we re-
main cognizant of inherent limitations, such as model bias,
and address these issues in our Limitations section. This pa-
per studies consistency in human annotations; however, the
proposed method can also be used for LLM-generated anno-
tations.

Methodology

We propose ARTICLE (Annotator Reliability Through In-
Context Learning) — a two-step framework (Figure 1) to
identify reliable annotators and model the perception of of-
fense for different political groups. In the fist step, we iden-
tify the annotators who exhibit inconsistency in labeling and
remove them from the dataset. In the second step, based on
the aggregated responses of the consistent annotators, we
model the group-level perception of offense.

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 well-known and high-performance
LLM, Mistral-7B-instruct (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 in-context
learning (ICL) (Dong et al. 2022; Min et al. 2022) examples,
we prompt Mistral-7B—instruct to predict the labels
for the test set. The detailed prompt can be found in Figure 4.
Then, we compute the F1-score to evaluate the model’s per-
formance. A high F1 score indicates the annotator is easy
to model and, hence, consistent, and a low score indicates
the opposite. We define a hyperparameter (k) that acts as a
threshold. If, for a given annotator, the F1-score is less than
k, we mark them as inconsistent and remove them from the



Democrat Independent Republican
0.72 T 0.72 0.721
0.70 1 0.70 { 0.701 {
) // GLJ // N E //
50687 % 6 0.68 { 6 0.681 <
A bt bt A7
— 0.66 4 0.66 1 f==-=--mmmmmeeeae 3 — 0.66
[Ty [T w ¥
0.64 0.64 0.641 } --------------------- { :
0.62 0.62 0.621
N 5 9o o Q 5 9o o N 5 9o o
NP S N o2 X7 o o T o
k k k

Figure 2: Group-level model performance at different & values in DR. The error bars indicate 95% confidence interval.
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Figure 3: Group-level model performance at different & values in Dyyo1cgp. The error bars indicate 95% confidence interval.

You are an expert in guessing my response against

a social media comment. Your task is to analyze and
predict my response against the comment after <<<>>>
into one of the following pre-defined categories:

offensive
non-offensive

#HHH
Here are some examples:

Comment: {comment text}
Response: {response} (offensive/non-offensive)
(10 few-shot examples)

<<
Comment: {test comment text}
>>>

Figure 4: Prompt designed for ARTICLE.

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
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test instance, we randomly sample 15 examples from the
training set and use them as in-context examples. The same
Mistral-7B-instruct model is used in this step.

Experimental Setup

Datasets
Political Leaning DTtr  Dyo1cED
Democrat 43% 34%
Republican 28% 36%
Independent 29% 30%

Table 1: Distribution of political leanings of the annotators
in Drr and Dyo1cED-

We consider two datasets on web toxicity: DTr and
Dvo1cep- DTr contains 107,620 comments from multi-
ple social web platforms (Twitter, Reddit, and 4chan) col-
lectively annotated by 17,280 annotators. We sample 20,000
comments from DTgr for our experiments ensuring that
each set of 20 comments is annotated by the same five
annotators, thereby retaining the structure of the original
dataset. Dyo1crep (Weerasooriya et al. 2023b) includes
2,338 YouTube comments on three major US cable news
networks (KhudaBukhsh et al. 2021) annotated by 726 anno-
tators. Both datasets include annotators from diverse politi-
cal backgrounds with at least 28% (Table 1) representation
from each major political affiliation — Democrats, Republi-
cans, and Independents. In both datasets, comments are rated



on a five-point scale of toxicity. To avoid rare classes, we
convert these categories into binary labels. The lowest two
toxic categories are mapped to non-offensive class, and the
rest are mapped to offensive class.

Models

We primarily use Mistral-7B-instruct for the pro-
posed framework; however, we have conducted experiments
with Llama3-8B-instruct (Touvron et al. 2023) and
GPT-3.5-turbo (OpenAl 2022) to ensure the stability of
the method.

Computing Environment

We run all our experiments in a Google Colab (pro+) envi-
ronment with a single A100 GPU (40 GB) and 52 GB RAM.

Inconsistent Annotation Examples

Before we discuss our results and findings, we make a short
detour to highlight why consistency matters through a few
illustrative examples. We present annotations from a few
inconsistent annotators as identified by ARTICLE. For in-
stance, in the first example, 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 seemingly harmless comment offen-
sive; 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 1il ass went Mia that boy a
hog. nllgglMlr finna average 3 assists a
game a piece
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Label: non-offensive

EXAMPLE ANNOTATOR #3

Comment: If I Was A Cruddy nllggllr Like I
USED To Be And I Knew A Girl With An
OnlyFans Account. I’d Cyber Pimp That
Hoe

Label: non-offensive

Comment: Omfg is it like engagement
season or something??? Like everyone is
getting engaged right now. Wtf

Label: offensive

EXAMPLE ANNOTATOR #4

Comment: Oh you wanna be part of my
business venture? You can help fill the
twinkies with clim

Label: non-offensive

Comment: Can’t wait to see you guys
Label: offensive

Evaluation
Modeling Performance

We evaluate the proposed framework on DT and
Dyo1cED.- In each dataset, we model the perception of of-
fense for each political group: Democrat, Republican, and
Independent. As mentioned earlier, our framework requires
setting a value for the hyperparameter k. To study the im-
pact of k, we run experiments for the following values of
k : {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 2 and 3 illustrate the performance (F1-
score on the test set) at various values of k for DR and
Dyo1cED, respectively. In general, in both the datasets,
across all political groups, we observe an upward trend in
the F1-score as the value of k increases with noticeable fluc-
tuations for Independents. In almost all instances, the F1-
score achieved with £ = 0.45 surpassed the baseline perfor-
mance, suggesting 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 in-
creasing k generally improves model performance up to a
point, there may be a threshold beyond which further in-
crease in k does not yield additional benefits and might even
be detrimental.

Data Loss

While increasing k£ improves modeling performance, the an-
notations lost in this process merit investigation. We first
compute the percentage of the annotators remaining at var-
ious values of k. From Figures 5a and 5b, we note that
Dvo1cep undergoes a sharper decline in annotators com-
pared to Drr. However, at &k = 0.45, we still retain the



majority (~ 70% in Dtr and ~ 55% in Dy o1cgp) of the
annotators in both datasets, with Democrats generally show-
ing the highest retention rates.

Next, we focus on the number of comments remaining
as we increase k. We again compute this at group level for
Dty (Figure 5c) and Dyo1cgp (Figure 5d). ARTICLE at
k = 0.45, retains more than 80% of the comments in both
datasets.

Comparison with CT

Political Leaning CT (WQS > 0.6) ARTICLE (k > 0.45)

Democrat 0.669 = 0.016 0.696 £ 0.015
Republican 0.642 £ 0.018 0.671 £ 0.017
Independent 0.665 £+ 0.018 0.696 + 0.017

Table 2: Group-level modeling performance (F1-score on
test set) comparison between ARTICLE and CT in DTR.
The results are computed over five runs with different ran-
dom seeds.

Political Leaning CT (WQS > 0.7) ARTICLE (k > 0.45)

Democrat 0.449 £+ 0.036 0.616 £+ 0.041
Republican 0.435 £ 0.032 0.605 + 0.042
Independent 0.453 £ 0.036 0.557 £ 0.042

Table 3: Group-level modeling performance (F1-score
on test set) comparison between ARTICLE and CT in
Dyo1cED- The results are computed over five runs with dif-
ferent random seeds.

We compare our framework with CT, a well-known
method of estimating the quality of annotations (Dumitrache
etal. 2018a). CT computes multiple metrics on the annotated
dataset, among which WQS measures the quality of the an-
notators. The value of WQS ranges between [0, 1]. We con-
sider annotators who score more than (or equal to) a specific
WQS value and model their aggregated annotations follow-
ing the second step of ARTICLE. Using DR, we choose
WQS = 0.6, as in this setting, CT retains a similar percent-
age (~ 70%) of annotators to ARTICLE (k = 0.45). Table
2 shows that ARTICLE outperforms CT across all groups.
The results for Dyyo1cgrp are presented in Table 3. Here,
too, we notice a significant performance improvement with
ARTICLE over CT.

We further investigate the overlap between ARTICLE
and CT. Figures 6 and 7 show the venn diagram between
the low-quality annotators identified by the two methods
in Drr and Dyo1cgrp- We observe that while there is a
substantial overlap between the two methods, there are an-
notators who are flagged as low-quality by one but not by
the other. This suggests that these methods measure slightly
different aspects of the annotation quality, and future work
should explore ways to combine them in a single pipeline.

Stability across LLMs

Beyond Mistral-7B-instruct, we study the
robustness of the ARTICLE framework across mul-
tiple LLMs. We consider two additional models:
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Mistral | Llama3 CT
Mistral - 0.60 0.35
Llama3 0.60 - 0.40
CT 0.35 0.40 -

Table 4: Jaccard similarities between inconsistent annotators
identified by ARTICLE using different LLMs in DrR. It
also includes similarities between each LLM and CT. Due
to resource limitations, GPT was not used for this dataset.

Mistral | Llama3 | GPT | CT
Mistral - 0.68 0.65 | 0.18
Llama3 0.68 - 0.65 | 0.16
GPT 0.65 0.65 - 0.20
CT 0.18 0.16 0.20 -

Table 5: Jaccard similarities between inconsistent annotators
identified by ARTICLE using different LLMSs in Dyyo1cED.-
It also includes similarities between each LLM and CT.

Llama3-8B-instruct (Touvron et al. 2023) (open-
sourced) and GPT-3.5-turbo (OpenAl 2022) (v. 0125,
proprietary). To study the stability of our framework, we
look at the overlap between the inconsistent annotators
found by different LLMs. More precisely, we compute
the Jaccard similarity between the sets of inconsistent
annotators identified using a pair of LLMs. To ensure a fair
evaluation, for each LLM, we consider the annotators who
score less than the median as the inconsistent annotators.
Table 4 and 5 present the Jaccard similarities among the
LLMs pairs in Drrand Dyo1cED, respectively. We find a
substantial (> 0.60) similarity between every pair of LLM
in both datasets, suggesting the stability of the framework.
We also report the similarity between the annotators found
by different LLMs with CT. The similarities between each
LLM and CT are much lower (< 0.40) than between any
two LLMs. This result indicates that CT does not identify
many inconsistent annotators as poor-quality annotators.
On the other hand, ARTICLE does not remove many of the
annotators deemed unreliable by CT.

Conclusion

We introduce ARTICLE, a novel framework for estimat-
ing annotator quality through self-consistency. Our approach
marks a significant shift from traditional outlier-based
methods. Evaluations across two offensive speech datasets
demonstrate that ARTICLE effectively identifies reliable an-
notators while preserving unique, self-consistent viewpoints
that might be overlooked. Furthermore, the consistent per-
formance of ARTICLE across multiple language models
highlights its robustness. Focusing on self-consistency re-
duces the dependence on larger annotator pools, potentially
lowering costs and increasing the feasibility of deploying
quality control mechanisms in annotation tasks. The ongo-
ing development of ARTICLE aims to enhance our under-
standing and management of the subjective nature of anno-
tation, paving the way for more reliable and inclusive data



§ 100 ."~-====:=:ffffff====:‘
[@)] ~~~~“\\\
£ 80y NN
c AN
‘© ‘}?z\
£ 60 RN
[3) LN
= Ny
" 3
c 401
o] --e-- Democrat
© .
S 20{ —*- Republican
= --e-- Independent
<
0 b 99 o
Q. .
k
(@) DTr
SET ) R S—
s 100 TERSEIIIIIII--e
o Bt AN
C o
'E 90‘ \\ \\\\\
(‘_U \\‘\\.
E | R \\\ \\
o 80 \\\\
(V)] NN \\\
J LR
% 701 —e- Democrat N
£ . i
£ 60 *-- Republican O
S --e-- Independent »
073 o @6 o
[N N
o? X007 o
k
() DTr
Figure 5:

collection methods.

Limitations

While ARTICLE introduces a promising approach to anno-
tator quality assessment, several limitations warrant further
investigation:

Model Bias. Reliance on LLMs for evaluating self-
consistency could introduce biases inherent to these mod-
els (Bommasani et al. 2022; Dutta et al. 2024). These biases
may affect the framework’s ability to accurately estimate the
quality of annotations, especially in contexts involving lin-
guistic or cultural nuances that LLMs might not fully cap-
ture.

Handling Justified Disagreement. ARTICLE currently
lacks a robust mechanism to distinguish between justified
disagreements and genuine inconsistencies in annotations
which merits deeper exploration.

Generalizability Across Domains. While tested on
datasets involving offensive speech, the generalizability of
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the framework to other types of annotation tasks, such as
medical image annotation or legal document analysis, re-
mains unverified. Different domains may present unique
challenges that require adaptations of the framework.

Dependency on Annotation Volume. The effectiveness
of ARTICLE is constrained by the volume of data avail-
able for each annotator. In scenarios where annotators con-
tribute a low number of annotations, the assessment of self-
consistency could be less reliable.

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.



All Annotators Groups (TR) Democrat Leaning Annotators (TR)

CrowdTruth CrowdTruth

ARTICLE ARTICLE

Republican Leaning Annotators (TR) Independent Leaning Annotators (TR)

222 192 236 200 114 273

CrowdTruth ARTICLE

CrowdTruth ARTICLE

Figure 6: Annotators that are identified as unreliable based on CT and ARTICLE scores for DR. The last three Figures show
the same inconsistent annotators broken down by their political leaning. For Dpg, CT (WQS > 0.6) and ARTICLE (k > 0.45).

All Annotators Groups (VOICED) Dem. Leaning Annotators (VOICED)

237 104 258 98 38 73

CrowdTruth ARTICLE CrowdTruth ARTICLE

Rep. Annotators (VOICED) Ind. Annotators (VOICED)

77 45 97 62 21 88

CrowdTruth ARTICLE CrowdTruth ARTICLE

Figure 7: Annotators that are identified as unreliable based on CT and ARTICLE scores for Dyyo1cgp- The last three Figures
show the same inconsistent annotators broken down by their political leaning. For Dy,g1cgp, CT (WQS > 0.86) and ARTICLE

(k > 0.46).
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