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Abstract

Disagreement in annotation is a common
phenomenon in the development of NLP
datasets and serves as a valuable source
of insight. While majority voting remains
the dominant strategy for aggregating
labels, recent work has explored mod-
eling individual annotators to preserve
their perspectives. = However, modeling
each annotator is resource-intensive and
remains underexplored across various NLP
tasks. We propose an agreement-based
clustering technique to model the dis-
agreement between the annotators. We
conduct comprehensive experiments in
40 datasets in 18 typologically diverse
languages, covering three subjective NLP
tasks: sentiment analysis, emotion clas-
sification, and hate speech detection. We
evaluate four aggregation approaches:
majority vote, ensemble, multi-label, and
multitask. The results demonstrate that
agreement-based clustering can leverage
the full spectrum of annotator perspectives
and significantly enhance classification
performance in subjective NLP tasks
compared to majority voting and individ-
ual annotator modeling. Regarding the
aggregation approach, the multi-label and
multitask approaches are better for model-
ing clustered annotators than an ensemble
and model majority vote. The dataset is
publicly available in GitHub: https:
//github.com/Tadesse-Destaw/
Beyond-Majority-Voting

1 Introduction

In supervised machine learning, using multiple an-
notators to label datasets is a common strategy
to improve the quality of training and evaluation
data for downstream natural language processing
(NLP) tasks (Cabitza et al., 2023). However, anno-
tators’ disagreements frequently arise during the

annotation process. These disagreements stem not
only from random errors but also from system-
atic differences in task interpretation and under-
standing. Specifically, sociodemographic factors,
such as age, gender, race, educational status, po-
litical stance, and living experience, can signifi-
cantly influence how individuals interpret subjec-
tive annotation tasks (Luo et al., 2020; Odbal et al.,
2022; Beck et al., 2024). Consequently, annotators
often approach the same text from different per-
spectives, leading to divergent judgments shaped
by their personal and cultural connotations (Wan
et al., 2023; Lee et al., 2024).

Current approaches for handling annotator dis-
agreement fall into four categories: (1) Aggre-
gating annotations using majority vote, an extra
expert as a judge, or Bayesian methods to get a
single ground truth label (Paun et al., 2018); (2)
Treating each annotator’s label as potentially valid
while filtering uncertain items due to disagreement
(Wang and Plank, 2023); (3) Training models di-
rectly on the raw annotations without label ag-
gregation (Daval-Frerot and Weis, 2020); and (4)
Leveraging both hard and soft labels from anno-
tations during model training (Rodriguez-Barroso
et al., 2024).

Majority voting is the most common practice
to decide the final annotation label (Uma et al.,
2022; Xu et al., 2024). However, this approach re-
moves genuine disagreement between annotators,
thereby marginalizing minority viewpoints that
could offer valuable insights (Leonardelli et al.,
2023; Rizzi et al., 2025). Although adequate for
objective tasks like part-of-speech tagging (where
even a single annotator label may suffice), major-
ity voting poses limitations in subjective annota-
tion tasks, where establishing a single ground truth
is inherently challenging (Khurana et al., 2024).

In recent years, the practice of only considering
the majority vote has been criticized (Sandri et al.,
2023). Research has started to advocate for bet-
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ter ways to deal with disagreements between an-
notators and to preserve all interpretations of an-
notators rather than eliminate the minority point
of view (Uma et al., 2022; Davani et al., 2022;
Rodriguez-Barroso et al., 2024). Considering each
annotator’s perspective is an emerging research
direction in computational subjective tasks (Yin
et al., 2023), for instance, modeling annotation
disagreement, as seen in shared tasks and work-
shops focusing on disagreement in subjective tasks
(Leonardelli et al., 2023; Roth and Schlechtweg,
2025).

A common approach to capturing annotation
disagreement while preserving individual perspec-
tives is to model each annotator separately (Da-
vani et al., 2022; Rodriguez-Barroso et al., 2024).
However, training a model for each annotator
is computationally resource-intensive, especially
when the number of annotators is large and the
annotation is skewed among annotators. In this
work, we propose an agreement-based clustering
technique that groups annotators by their agree-
ment patterns while maintaining individual per-
spectives. Our contributions are:

* An agreement-based clustering frame-
work that automatically groups annotators
by their agreement patterns, preserving di-
verse perspectives while significantly reduc-
ing computational overhead compared to per-
annotator modeling;

* Large-scale empirical validation across 40
multilingual datasets covering three challeng-
ing subjective tasks (sentiment analysis, emo-
tion classification, and hate speech detec-
tion), showing consistent improvements over
individual annotator modeling approaches;

* A comprehensive comparison of aggrega-
tion strategies (ensemble, multi-label, and
multitask), establishing baselines against ma-
jority voting.

2 Literature Review

In this section, we review the literature relevant to
our work, focusing on subjective tasks, the sources
of disagreement, and approaches to modeling an-
notators disagreement in subjective NLP tasks.

2.1 Subjective NLP Tasks

Subjective NLP tasks incorporate diverse answers
during annotation due to the differences between

the sociodemographic backgrounds of annotators
(Rottger et al., 2022). Finding a single true la-
bel in such tasks using majority vote can lead to
biased results (Uma et al., 2022), and it is cru-
cial to incorporate each perspective of the anno-
tator. Examples of subjective tasks include senti-
ment analysis (Muhammad et al., 2022, 2023; Par-
mar and Modh, 2026; Afriyie and Weyori, 2026),
hate speech (Kapil and Ekbal, 2024; Beck et al.,
2024; Muhammad et al., 2025a), abusive speech
(G et al., 2025), humor and sarcasm identifica-
tion (Simpson et al., 2019), toxicity (van Aken
et al., 2018), ironic content (Frenda et al., 2023),
good or bad (Martinez Cédmara et al., 2018) and
emotion classification (Muhammad et al., 2023,
2025b). Obtaining high-quality and reliable anno-
tations in such subjective tasks is challenging. It is
common to see low agreement among annotators
in such tasks, such as GoEmotions emotion data
(Demszky et al., 2020) has 27% Cohen’s kappa
(considered low), and HateXplain (Mathew et al.,
2022) hate speech data has 46% (considered mod-
erate agreement) (Landis and Koch, 1977).

2.2 Sources of Disagreement

Disagreement in the annotations of NLP datasets
refers to the absence of a single ground truth la-
bel, often arising from genuine differences in an-
notator interpretation (Rottger et al., 2022; Braun,
2024). Traditionally viewed as noise, such dis-
agreement is now increasingly recognized as a
valuable source of information (Fell et al., 2021).
While all forms of disagreement contribute to la-
bel uncertainty, their underlying reasons may dif-
fer. Broadly, three perspectives explain the ori-
gins of annotation disagreement: (1) issues related
to annotation design, such as unclear guidelines,
poorly defined label spaces, lack of contextual in-
formation, or low-quality annotator performance
(Denton et al., 2021; Parmar et al., 2023); (2) in-
herent ambiguity in the text itself (Uma et al.,
2022); and (3) variation in annotators’ perspec-
tives which is influenced by sociodemographic
factors (Jiang and de Marneffe, 2022; Niu et al.,
2024).

2.3 Modeling Annotation Disagreement

Leveraging annotation disagreement during model
training has been demonstrated to serve as a valu-
able learning signal. Hayat et al. (2022) im-
plemented multitask-based modeling of each an-
notator separately, which yields better perfor-
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mance than the traditional majority-vote approach.
Rodriguez-Barroso et al. (2024) proposed feder-
ated learning that builds a global model from the
client annotator embedding models. Mokhberian
et al. (2024) proposed an annotator-aware repre-
sentation for texts (AART) that combines text with
annotator embeddings. Several works (e.g., Da-
vani et al. (2022); Rodriguez-Barroso et al. (2024);
Xu et al. (2024)) have proposed ensemble-based
approaches that model each annotator individu-
ally.

However, training a separate model for each
annotator can be computationally expensive and
often impractical in real-world settings. For in-
stance, the GoEmotions (Demszky et al., 2020)
emotion dataset annotated by over 82 annotators,
a sentiment analysis dataset by Diaz et al. (2018)
involved more than 1400 annotators, and the hate
speech dataset by Cjadams et al. (2019) was con-
structed with contributions from over 8000 anno-
tators. Moreover, the number of examples anno-
tated per individual varies considerably. In the
GoEmotions dataset, for instance, annotator con-
tributions range from as few as 3 to as many as
4800 instances.

Previous studies have examined annotation dis-
agreement at various levels. Venanzi et al. (2014)
proposed a probabilistic Bayesian model that
jointly learns latent community profiles of crowd
workers and estimates both worker reliability and
true labels by clustering workers into communi-
ties. Similarly, Lakkaraju et al. (2015) proposed
a hierarchical Bayesian framework to evaluate the
quality of individual annotators and to identify the
true labels of items. Their work also diagnoses
the types of errors that annotators tend to make
and the common characteristics of items on which
such errors occur, including clustering annotators
who share similar attributes. Weerasooriya et al.
(2022) introduced a graphical model that enhances
the quality of annotator labels by using clustering
to strengthen the signal of noisy data. Finally, Gor-
don et al. (2022) addressed annotators disagree-
ment through jury learning, which involves select-
ing a juror from each representative group. This
method models each annotator in a dataset and
requires sociodemographic metadata such as self-
identified gender, race, education, political affili-
ation, age, parental status, and religiosity to pro-
duce a joint jury prediction for classifying unseen
examples.

However, these studies primarily focus on cap-
turing the quality and error patterns of individual
evaluators during the annotation process (Weera-
sooriya et al., 2022; Gordon et al., 2022), after an-
notation when detail annotator attributes are avail-
able (Lakkaraju et al., 2015), or by requiring an
additional expert (gold) judgments from highly
trained editorial annotators to serve as ground
truth for evaluating regular annotators (Venanzi
et al., 2014). In contrast, our work focuses on the
post-annotation stage and aims to model the anno-
tators’ perspectives (opinions) to estimate the true
labels more accurately before influenced by ma-
jority voting. Our approach is designed for already
annotated datasets where only the anonymous an-
notator IDs are available.

Most similar to our work (Fell et al. (2021);
Kairam and Heer (2016); Lo and Basile (2023))
proposed clustering or grouping the annotations
based on the agreement of annotators. How-
ever, these clustering approaches relied on the an-
notators’ metadata, such as culture, demograph-
ics, and ethnic backgrounds. This clustering ap-
proach works well when the annotators’ sociode-
mographic metadata is available.

Based on the limitations of the approaches im-
plemented in the previous works (Daval-Frerot
and Weis, 2020; Fell et al., 2021; Davani et al.,
2022; Rodriguez-Barroso et al., 2024), we pro-
pose clustering annotators based on their annota-
tion agreements to overcome over-modeling of an-
notators; more details are in Section §3. In addi-
tion, the previous exploration of subjective tasks
solely relies on the English language; we covered
various low-resource languages, annotation tax-
onomies, data sources, and subjective tasks. Fi-
nally, we evaluate modeling individual annotators
versus agreement-based clustered annotators us-
ing ensemble, multi-label, and multitask aggrega-
tion approaches, with the majority vote as a base-
line.

3 Agreement-based Annotator
Clustering

A common approach for modeling disagreement is
to model each annotator separately (Davani et al.,
2022) or a sample of annotators (Yin et al., 2023).
While training a model for each annotator has the
advantage of preserving individual perspectives,
it has two drawbacks: (1) when many annota-
tors participate, annotation distributions become
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Figure 1: Pairwise Agreement between annotators. This agreement score is used to group annotators
and determine which annotator belongs to which cluster. The example is from the Nigerian Pidgin
(pcm) language sentiment dataset — eleven annotators participated, with each instance annotated by
a minimum of 3, and the annotators are clustered as cluster C'1 = 30, 32,35, C'2 = 31, 34, 38, and

C3 = 11, 33, 36, 37, 43.

highly skewed; and (2) training one model per
annotator is computationally intensive and expen-
sive. Instead of modeling each annotator sepa-
rately, clustering annotators based on their agree-
ments could address this issue.

The clustering approach is motivated by the
premise that if two annotators independently as-
sign the same label, such as hate in a hate speech
annotation task, they demonstrate agreement on
that specific instance. This agreement suggests a
shared perspective between the annotators, justi-
fying their inclusion within the same cluster. We
proposed an agreement-based clustering of anno-
tators into a predefined number of clusters to pre-
serve the perspectives of annotators while cluster-
ing. The approach is explained in the following
conditions:

Condition 1: For a dataset, if the number of an-
notation per instance (n) and the total number
of participating annotators (V) is equal, we treat
each annotator as a distinct cluster. For exam-
ple, if three annotators annotate each instance in
a dataset and there are three participating anno-
tators, then the data naturally form three clusters,
with each annotator forming a cluster. In this case,
the agreement-based clustering approach is not ap-
plied, and the number of clusters C' equals the
number of annotators V.

Condition 2: For a dataset annotated by /N anno-

tators with variable annotation coverage:

1. Label matrix construction Let X =

{z1,...,xp} be the set of data instances.
Suppose there are N annotators, A =
{a1,...,an}. Annotator a; labels some in-

stances x; as [; j. We construct an annotation
matrix L € RV*M | where entry L; ; is the
label from a; for x;. If a; did not label x;,
the entry is left empty.

2. Annotator similarity matrix For each pair
of annotators (a;, ay):

e Identify the set of co-annotated instances:
S@k = {l'j | li’j and lkz,j exist}

* Compute an agreement score (Cohen’s kappa
for multiclass and Jaccard similarity for
multi-label comparing sets of labels):
sim(i,k) = C({li’j | T; € Si,k}){lk’,j | T €
Sik}) where (-, -) is the agreement function.

All sim(é, k) values form the similarity ma-
trix A € R¥*N, We convert to a distance
matrix:D; j, = 1 — sim(é, k)

3. Annotator clustering Apply a clustering al-
gorithm (e.g., k-means clustering) using D as
the distance matrix. The number of clusters
Cis set as: C = min; |{i : [; j exists}|, en-
suring each instance is represented by at least
one cluster.

The result is a set of clusters Cy, . . . ,Cc, with

C.C A
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4. Cluster-level label aggregation For each in-
stance x; and cluster C,:

* Collect all labels for z; from annotators in C...

* If a majority label is available between, as-
sign it as the cluster label for z;.

 If there is a tie or multi-label:

— If the task is multi-label, such as the
multi-label emotion dataset, assign all
available labels.

— Otherwise, find a third or fifth annota-
tor (adjudicator) for the specific tied in-
stance as a tie-breaker and take the ma-
jority vote.

So for each z;, we have C cluster labels - a
label(s) after aggregations of annotators.

Number of Clusters We consider conditions to
decide the number of clusters. 1) The minimum
number of annotators can be found in any annota-
tion condition, including instances that have more
annotators. For example, if the minimum num-
ber of annotators per instance in a dataset is 3, the
cluster can be 3; this covers cases with more an-
notators, and the number of clusters can be deter-
mined based on the availability of computational
resources and data factors. 2) At the end, the re-
sults of the disagreement modeling approach is
evaluated against the majority-voted gold labels.
To decide the instance z;’s label(s) within the
cluster, the number of clusters is preferably kept
odd (e.g., 3, 5, ...) because an odd number of clus-
ters eliminates the possibility of ties, as detailed in
Algorithm 1.

Algorithm 1 Annotators Clustering

Require: Label matrix L € RV*M

Require: Agreement function c(-,-)orj(-,-)
Ensure: Annotator clusters based on agreement
1: Compute similarity matrix A from L using ¢
Compute distance matrix D =1 — A
Number of clusters C' = min; |{7 : [; ; exists}|
Cluster annotators into Cy, . . . ,Cc using D
for each instance x; do
for each cluster C,. do
Aggregate labels for =; from C. members
Assign cluster label for x;
end for
end for
return Annotator clusters

H
s N B A AR A i

—

A high label agreement c(3, j) indicates that an-
notators ¢, j tend to give similar labels on the items

(texts). The lower distance indicates higher agree-
ment based on their distances D to one another;
annotators and their labels are clustered into a pre-
defined number of clusters using kK — means clus-
tering. After clustering, we evaluate three com-
monly used aggregation approaches in addition
to the majority vote baseline: ensemble, multi-
label, and multitask learning. These methods oper-
ate on non-aggregated annotator labels, preserving
the individual perspectives rather than aggregating
them into a single label, as is done in the majority
vote. Figure 2 illustrates the schematic differences
between these approaches.

3.1 Majority Vote

The majority vote is the most commonly used
baseline, which aggregates annotations without
considering annotator-specific information. It in-
volves training a single-task classifier to predict
the aggregated label for each instance, where the
gold label is determined by majority voting. We
use the majority vote as a baseline for comparison
with the proposed approaches.

3.2 Ensemble Approach

This approach trains a separate model for each
annotator to predict their individual labels. Dur-
ing inference, the predictions of these individual
models are aggregated via majority vote to pro-
duce the final label (Akhtar et al., 2020). In our
work, we extend this idea to both annotator-level
and cluster-based ensembles. We train a model for
individual annotators as well as clustered subsets,
and evaluate their outputs independently.

3.3 Multi-label Approach

This approach treats each annotation as an individ-
ual label and formulates the problem as a multi-
label classification task (Davani et al., 2022). The
model incorporates a fully connected layer to
project the input representation into a vector of
annotator-specific label predictions, followed by a
sigmoid activation to obtain independent probabil-
ity scores for each annotator.

3.4 Multitask Approach

The multitask approach models each annotator or
cluster as a separate classification task. All tasks
share a common encoder to generate sentence rep-
resentations, while each task has its own task-
specific fully connected layer followed by a soft-
max activation. In contrast to the multi-label ap-
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Figure 2: Overview of multi-annotator modeling architectures. Our new contribution is in the clustering
of annotators before modeling. In the figure, N annotators, Al, A2, A3,...An, are clustered into C'
clusters based on annotator label agreement. For visualization, we limit the number of clusters to three.

proach, multitask learning explicitly trains a sepa-
rate output layer for each task (Liu et al., 2019).

4 Data

This section provides an overview of the datasets
used in this study. Although many publicly avail-
able datasets exist, annotator-level datasets re-
main scarce, particularly for languages other than
English. For this study, we selected recently
available datasets for three highly subjective NLP
tasks: hate speech detection, sentiment analysis,
and emotion classification. These datasets include
only anonymous annotator identifiers (ID num-
bers), which enable clustering based on annotation
behavior. The summary of the dataset is presented
in Table 1.

4.1 AfriSenti - Sentiment Analysis

AfriSenti (Muhammad et al., 2023) is a sentiment
analysis dataset targeted at 14 African languages.
However, annotator-level data is available for 12
of these languages. The data was sourced from X
(formerly Twitter), and the classes are either posi-
tive, negative, or neutral.

4.2 AfriEmo - Emotion Classification

The SemEval-2025 Task 11 dataset (Muhammad
et al., 2025b) is a multilingual emotion dataset
covering 32 languages from diverse domains. For
this work, we focus on the annotator-level data
available for 14 African languages. We refer to

this subset as AfriEmo. It was annotated based on
Ekman’s six basic emotions (Ekman et al., 1999)
(anger, disgust, fear, joy, sadness, and surprise)
in a binary option with a yes or no and intensity
scores. We use only the binary emotion annota-
tion.

4.3 AfriHate - Hate Speech Detection

AfriHate (Muhammad et al., 2025a) is a hate
speech dataset covering 15 African languages; 14
languages captured annotation-level data and cor-
responding annotator anonymous IDs. Each in-
stance has been annotated by 3 to 4 annotators,
and the classes are either abuse, hate, or neutral.
The final gold label was determined by majority
voting, i.e., two out of three labels or three out of
four labels. In cases of a tie among four annota-
tors (i.e., two annotators selecting one label and
two selecting another), as occurs in the amh, orm,
som, tir, and yor datasets, the "hate’ label was
prioritized over other classes.

4.4 GoEmotions and GabHate Dataset

We evaluate two widely used English datasets:
GoEmotions (Demszky et al., 2020) and the Gab
Hate Corpus (GabHate) (Kennedy et al., 2022).
GoEmotions was annotated for 27 emotion classes
in a multi-label approach. However, our experi-
ment used the six basic emotion classes, follow-
ing the previous work (Davani et al., 2022). Gab-
Hate is annotated for whether the text contains
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Task Language (ISO code) Train Dev  Test Total #Anno #Total

Labels distribution in %  %full agr. C. Kappa

finst.  Anno.
Amharic (amh) 1,300 200 500 2,000 3 3 Pos (22), Neg (67), Neu (11) 63.55 53.65
Moroccan Arabic (ary) 2,971 458 1,142 4,571 3 9 Pos (30), Neg (34), Neu (36) 52.48 52.55
Hausa (hau) 15,360 2,364 5,907 23,631 3 3 Pos (30), Neg (29), Neu (42) 61.46 61.07
@ Igbo (ibo) 19,215 2,957 7,391 29,563 3 3 Pos (25), Neg (22), Neu (53) 62.86 59.66
._.E' Kinyarwanda (kin) 2,615 403 1,006 4,024 3 3 Pos (26), Neg (33), Neu (40) 38.10 37.96
g Oromo (orm) 1,749 270 672 2,691 3 3 Pos (24), Neg (35), Neu (41) 39.58 35.11
- Nigerian Pidgin (pcm) 11,207 1,725 4310 17,242 3 11 Pos (34), Neg (55), Neu (12) 50.78 46.36
g Portuguese-MZ (ptMZ) 5,667 872 2,180 8,719 3 6 Pos (16), Neg (18), Neu (66) 45.83 33.82
= Tigrinya (tir) 1,560 240 600 2,400 3 3 Pos (29), Neg (49), Neu (21) 65.83 61.81
A Xitsonga (tso) 662 111 331 1,104 3 3 Pos (47), Neg (35), Neu (18) 43.12 43.19
Twi (twi) 3,043 469 1,171 4,683 3 3 Pos (47), Neg (38), Neu (15) 49.54 47.16
Yorubid (yor) 17,807 2,740 6,849 27,396 3 4 Pos (34), Neg (17), Neu (49) 63.00 60.19
Ambaric (amh) 3844 593 1478 5915 5 5 26,28,2,12,16,4, 12 11.11 39.52
English (eng) 43,410 5,426 5427 54263 3.58 82 3,0.5,05,8,1.5,25,6 31.98 29.40
Moroccan Arabic (ary) 1,746 270 671 2,687 3 3 21,4,7,17, 14, 14,25 26.87 41.63
: Hausa (hau) 2,327 359 895 3,581 5.03 7 16, 12, 12, 12,25, 13,9 23.21 54.13
£ Igbo (ibo) 3,121 481 1,201 4803 3 3 19, 18,7, 16,17, 3,21 32.50 46.66
8 Kinyarwanda (kin) 2,656 410 1,023 4,089 3 3 17,5, 5, 16, 24, 4, 28 50.55 63.27
% Oromo (orm) 3499 539 1,346 5384 3 6 17,16, 3,31, 8,4, 22 43.59 53.58
% Nigerian Pidgin (pcm) 4,041 623 1,554 6,218 3 3 6,35,8,11,18,18,3 13.48 43.03
£ Portuguese-MZ (ptMz) 1,243 208 622 2,073 4 4 7,5,9,16,22,0,41 30.05 20.82
g Somali (som) 3,229 498 1,242 4969 3 6 10,12, 8,17, 12,5, 36 30.83 42.53
5 Swahili (swa) 3,583 552 1,379 5514 3 3 9,7,3,13, 10, 16, 43 14.51 19.97
Tigrinya (tir) 3,583 554 1,380 5523 3 6 13,31, 3, 10, 14,9, 19 24.21 41.50
isiXhosa (xho) 1,365 228 682 2275 3 3 4,0.5,2,28,38, 15,13 39.74 41.15
Yoruba (yor) 3,242 500 1,247 4989 3 3 6,3,3,9,27,8,44 33.09 33.79
isiZulu (zul) 1,899 293 730 2922 3 3 8,3,3,5,19,8,54 46.17 40.05
Amharic (amh) 3,132 482 1,205 4819 3 11 Hate (45), Abuse (28), Neu (27) 53.46 59.67
= English (eng) 22,124 - 5,531 27,655 3. 18 Hate (2,599), non-hate (24,977) 75.38 28.00
.g Moroccan Arabic (ary) 2,704 416 1,040 4,160 3 3 Hate (15), Abuse (54), Neu (31) 68.68 65.39
E Hausa (hau) 5,311 818 2,043 8,172 3 3 Hate (1), Abuse (31), Neu (68) 76.10 64.90
2 Igbo (ibo) 2,872 442 1,105 4419 3 6 Hate (8), Abuse (68), Neu (24) 80.86 73.46
% Kinyarwanda (kin) 3,068 473 1,180 4,721 3 3 Hate (27), Abuse (24), Neu (49) 80.00 78.97
= Oromo (orm) 3,201 493 1,232 4926 4 9 Hate (46), Abuse (13), Neu (41) 52.70 55.88
i Somali (som) 2,822 435 1,085 4342 4 7 Hate (13), Abuse (26), Neu (59) 35.51 36.08
s Tigrinya (tir) 3,026 466 1,164 4,656 4 8 Hate (60), Abuse (22), Neu (18) 45.41 51.14
= Twi (twi) 2,534 390 975 3,899 3 3 Hate (11), Abuse (84), Neu (5) 75.46 48.40
T isiXhosa (xho) 2,347 362 903 3,612 3 3 Hate (8), Abuse (42), Neu (50) 61.21 54.76
Yoruba (yor) 2,715 418 1,045 4,178 4 4 Hate (5), Abuse (50), Neu (45) 76.42 70.79
isiZulu (zul) 2,729 420 1,050 4,199 3 3 Hate (5), Abuse (43), Neu (52) 80.71 76.50

Table 1: Summary of datasets. From left to right: 1) Task name, 2) Language under each task; 3) the
number of instances in Train, Test, Dev, and Total; 4) Numeber of Annotators per instance, 5) Total
number of Annotators involved in the annotation, 5) Label distribution in % in the dataset: Sentiment
(Pos, Neg, and Neu); Emotion - (anger, disgust, fear, joy, sadness, surprise, and no emotion); and Hate
speech (abuse, hate or Neutral), respectively; 6) Percentage (%) of full agreement - all annotators agreed;

and 7) overall Cohen’s Kappa agreement.

hate speech or not.

S Experimental Setup

This section presents the language models we fine-
tuned and the evaluation setups we followed.

5.1 Multilingual Language Models

For the English language experiments, we use two
models. In the hate speech task (GabHate), we use
XLM-T (Barbieri et al., 2022), an XLM-R model
trained on X (Twitter) data. For the GoEmotions
data, we evaluate XLM-Roberta-base (Conneau
et al., 2020). Based on benchmark results reported
in the African languages dataset papers (Muham-

mad et al., 2023, 2025a,b), the best performance
is achieved using AfroXLMR, an African-centric
language model (Alabi et al., 2022). AfroXLMR
is an encoder-only model that extends XLM-R
(Conneau et al., 2020) by adding additional pre-
training on 76 African languages. Our evaluation
for African languages is based on AfroXLMR, as
it covers all the target languages mentioned in this
work. This specific version of the model can be
found in Hugging Face'.

Training Details The model checkpoint is ac-
cessed from the Hugging Face with the transform-

"https://huggingface.co/Davlan/
afro-xlmr-large-76L
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Baseline

Individual annotator

Clustered annotators

Lang
Majority Ensemble Multi-label

Multitask Ensemble Multi-label Multitask

Sentiment analysis

ary 50-3i3.0 42-2i1.7 29-5i3.9 33-0i2.7 53-3i2.4 44-5i1.1 52-2i3.3
pcm 23-5i1.5 24-0i0.7 50-0i0.9 25-1i3.2 51-4i1.7 71.8i3,5 62.5i2,7
ptMZ 26.549.1 589406 26.5433 329433 56.3439 66.3109 62.3408
yor 51.9:‘:1.1 68.2:|:0.2 70.9:|:2_2 70.5:|:2,3 65.7:‘:.5 72.6:|:0.5 71.9 +1.6
Emotion analysis

eng 46.0:‘:2.0 46.9:|:0.0 55.5:|:3_9 45.2:|:2,7 60.4:|:3_0 50.9:|:2.1 50.1 +3.7
hau 69.0:|:1.9 66.3:|:0.6 67.0:|:1_7 65.0:|:0.9 66.0:|:2.1 68.0:|:0.7 71.6:|:1.1
orm 41.7:*:3,2 37.O:|:1,0 61 .7:|:1_9 57-77:|:0.6 46.8:|:3_3 61.1:|:(),8 53.9:*:2,1
som 47.713.4 24-1i4.1 49.6i0.3 47-2i1.5 43-0i1.8 45-0i0.9 49.811.8
tir 48.0426 36.1431 519493 524419 562499 53. 7107 54448
Hate speech analysis

amh 71.610,8 38.6i2.6 71-3i3.6 71~5i2.2 73-0i3.5 71-4i2.9 72.513,9
eng 47.4:‘:4.2 68.5:|:2‘0 68.911.9 71.912.7 69.511.5 68.6:|:1~9 73.6:‘:2,9
ibo 83.7+4.0 69.814.2 27.0+3.9 88.2.93 80.4133 87.641.7 84.0105
orm 64.6:|:0.9 62.8:|:1.1 65.2:|:1_3 61.9:|:2.2 70.3:|:()_5 73.6:|:0.3 71-9:t0.8
som 50-4i1.1 62.7i1‘3 58.7i0.7 61-9i0.6 64-9i1.8 66.4i1b5 59-4i0.5
tir 67.8115 714,17 704115 733103 64.010.1 739103 711411

Table 2: Performance comparison between baseline(majority vote), modeling individual annotators,
and clustered annotators across aggregation methods and datasets. The results are from the number
of clusters 3 for all languages, except hau = 5. The boldfaced results are the best across aggregation
approaches for individual annotator modeling and after clustering.

ers library. For training, we fine-tune AfroXLMR
for sequence classification using a batch size of
16, a maximum sequence length of 128, over 3
epochs, with a learning rate of 2e-5 consistently
across all experiments for reproducibility. Never-
theless, our proposed approaches are not limited
to a single model.

5.2 Evaluation Setup

We evaluate model performance using standard
text classification metrics: accuracy and macro-
F1, we report macro-F1 because of highly la-
bel distribution imbalance across the datasets as
shown in Table 1. Each experiment is repeated
five times, and the reported results are the aver-
age across these runs. To evaluate each aggrega-
tion approach, the final prediction is obtained by
applying a majority vote over the outputs of the
cluster models.

6 Experiment Results

In this section, we present results for individual
annotator modeling and the proposed clustering

approach using the evaluation dataset presented in
Table 1.

6.1 Individual Vs. Clustered Annotators

The results in this section compare the languages
where the clustering approach was applied. The
ensemble approach using individual annotators
serves as the baseline for evaluating our proposed
clustering method. We report results by compar-
ing models trained on individual annotators with
those trained on agreement-based clustered anno-
tators. Table 2 presents the results from the indi-
vidual annotator and the clustered annotators.

Modeling Individual Annotator: While the
baseline model is trained and tested on the ma-
jority vote, individual annotator modeling requires
training and evaluating a separate model for each
annotator using their respective labels. For exam-
ple, in the sentiment analysis dataset, the pcm lan-
guage includes 11 annotators, and we train one
model per annotator. The final prediction is ob-
tained by ensembling the individual predictions
through majority voting.
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Modeling Clusters of Annotators: Following
the same approach as individual annotator mod-
eling, we train a model for each cluster and ag-
gregate the predictions using majority voting for
final evaluation. For the English GabHate dataset,
we used individual modeling results from previ-
ous work by Rodriguez-Barroso et al. (2024) and
replicated the same experiment setup for clustered
approaches. For the English GoEmotions dataset,
we used the ensemble of individual annotator re-
sults implemented in Davani et al. (2022), and we
train models using a cluster-based approach.

Lang. # Anno. Majo. Indi. Clust.

Sentiment analysis

ary 9 503 422 533
pcm 11 235 240 514
ptMZ 6 265 589 563
yor 4 519 682 657
Emotion analysis

eng 82 46.0 469 604
hau 7 69.0 663 66.0
orm 6 417 370 468
som 6 477 241 43.0
tir 6 48.0  36.1 56.2
Hate speech analysis

amh 11 71.6 366  73.0
eng 18 474  68.5 69.5
ibo 6 83.7 69.8 80.4
orm 9 646 628 703
som 7 504 627 649
tir 8 67.8 714 640

Table 3: Zooming macro F1 score results from Ta-
ble 2 for majority vote (Majo.), ensemble of in-
dividual annotator (Indi.), and ensemble of clus-
tered annotators (Clust.).

Table 3 (summarized zoom-in results of Table
2) shows the results from the Majority vote, Indi-
vidual Annotator and the clustered Annotators.

The results demonstrate that the proposed clus-
tering approach outperforms the majority vote
and the individual-annotator modeling across the
datasets. Among the aggregation approaches,
multi-label and multitask aggregation achieve bet-
ter performance. One contributing factor to the
performance gap is the uneven distribution of an-
notations among annotators, which results in in-
sufficient representation during individual model
training. For instance, in the pcm sentiment anal-

ysis dataset, 11 annotators participated, but one
annotator contributed 7,982 annotations (46.3%),
while another provided only 676 (3.9%). This
imbalance in annotation distribution leads to a
skewed learning signal, limiting the model’s abil-
ity to effectively generalize each annotator’s per-
spective. As each base model in the individual
ensemble is trained solely on the subset of data
labeled by its corresponding annotator, annota-
tors with fewer annotations yield weaker models,
reducing the overall performance of the ensem-
ble. In contrast, the agreement-based clustering
approach mitigates this issue by forming clusters
with a larger number of instances while preserv-
ing the diversity of annotator perspectives. For
the same pcm languages, the resulting clusters are
cluster_1: 9,736, cluster_2: 1,266, and cluster_3:
8,208, from a total of 11K training instances.

6.2 Best Cluster Aggregation Approaches

Sentiment Analysis Results Table 4(a) presents
results for the Sentiment analysis dataset. For
the ensemble, multi-label, and multitask models,
we evaluate how well the majority vote of pre-
dicted labels from individual cluster models aligns
with the pre-modeling majority vote. As a result,
multi-label and multitask aggregation approaches
outperform the ensemble and majority-voted la-
bels. This suggests aggregating annotations before
modeling discards valuable annotator-specific per-
spectives and may introduce label noise. The pre-
dicted results are more stable and accurate when
clusters are modeled independently and their in-
ternal consistency is leveraged. Agreement-based
clustering within a multi-label aggregation further
enhances performance, achieving state-of-the-art
results compared to the majority-voting bench-
marks.

Performance correlates with class distribution
at the sentiment-class level: more-represented
classes yield higher scores. For example, in the
amh dataset, 67% of the instances are labeled as
Negative, achieving a macro-F1 score of 84.5%.
In contrast, the Neutral class, which constitutes
only 11% of the data, obtains a lower score of
37.7%.

Emotion Analysis Results Table 4 (b) presents
results for the Emotion analysis dataset. The mul-
titask aggregation approach performs better across
most languages. This multitask out-performance
is consistent with the observation that many an-
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a) Sentiment analysis results

Aggreg. amh ary hau ibo kin orm pcm ptMZ tir tso twi yor
Maj. vote 53.6 503 78.1 722 192 36.6 235 265 656 313 331 219
Ensemble 503 5833 775 232 675 316 514 563 610 254 432 657
Multi-label | 729 445 77.1 37.1 647 253 718 663 684 302 30.6 72.6
Multitask 267 522 1786 73.0 699 329 625 623 349 437 409 719
b) Emotion analysis results
Aggreg. amh eng ary hau ibo kin orm pcm ptMZ som tir xho vyor zul
Maj. vote | 67.7 46.0 43.1 69.0 42.1 539 417 484 58.1 4777 48.0 283 204 164
Ensemble | 462 60.4 442 660 459 503 46.8 430 09.1 430 562 281 260 175
Multi-label | 61.6 509 32.1 68.0 41.8 53.7 61.1 48.1 21.7 453 53.7 305 33.0 18.6
Multitask | 642 50.1 49.1 71.6 51.6 543 539 476 59.0 498 544 31.8 307 20.7
c) Hate speech analysis results
Aggreg. amh eng ary hau ibo kin orm som tir twi xho yor =zul
Maj. vote 7177 474 694 482 837 756 646 504 678 604 741 61.7 21.0
Ensemble | 73.0 695 725 359 804 778 703 669 737 574 786 585 829
Multi-label | 71.4 68.6 375 832 876 746 73.6 664 739 767 766 833 833
Multitask 725 73.6 758 773 84.0 789 719 594 71.1 602 831 63.1 89.7

Table 4: Sentiment, Emoiton, and Hate Speech analysis macro F1 score results. Column names are
language codes. We highlight the best aggregation approach results in bold. Aggreg.(aggregations) are

the cluster aggregation approaches at the end.

notators contribute only a few annotations. For
instance, in the hau dataset, each instance is an-
notated by 5 to 7 annotators, but less than 3% of
the data includes annotations from the 6th and 7th
annotators, indicating sparsity.

At the emotion-class level, performance varies
depending on label distribution. In the swa
dataset, the emotion classes disgust and fear ac-
count for only 7% and 3% of the data, respectively,
making them challenging to learn. Similarly, the
xho dataset performs poorly on anger, disgust, and
fear, which comprise just 4%, 0.5%, and 2% of the
dataset, respectively. Overall, the emotion classes
fear and surprise consistently yield the lowest per-
formance, while joy and sadness achieve compar-
atively higher performance.

Hate Speech Analysis Results Table 4(c)
presents results for the hate speech dataset. Con-
sistent with prior findings in sentiment and emo-
tion analysis, the multitask aggregation approach
outperforms other methods across most languages.
In contrast, the majority vote baseline consistently
underperforms. Class-level performance is closely
tied to label distribution: classes with more anno-
tated examples yield better results. For instance,
in the yor dataset, the model struggles to predict
the hate class, which comprises only 5% of the

data. This trend highlights the challenge of learn-
ing from imbalanced class distributions.

Finally, languages with larger training datasets
generally achieve better performance. For exam-
ple, hau, which has approximately twice the data
size of other languages, achieves superior results,
underscoring the importance of balanced label dis-
tributions and sufficient data for effective classifi-
cation.

Summarized Results Table 5 shows the sum-
marized results of the tasks and aggregation ap-
proaches at the language level presented in Ta-
ble 4. Based on the summary, the multitask ag-
gregation approach outperforms other aggrega-
tion approaches (18/40 language datasets), with
multi-label being the second best (14/40 language
datasets). In addition to achieving better results
with multitask and multi-label approaches, they
are also efficient in terms of computational re-
sources, such as memory and training time. This
is because they train a cluster of C' models rather
than an individual model per annotator.

7 Discussion and Analysis

Individual vs. Agreement-based Clustering:
Our agreement-based clustering approach is more
robust than individual annotator modeling and ma-
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Tasks Models Best for  Avg.

Maj. vote 1/12 lang. 42.7
Sentiment Ensemble  2/12 lang. 50.5
analysis Multi-label 5/12 lang. 55.1

Multitask ~ 4/12 lang. 54.1
Maj. vote  2/14 lang. 45.1
Emotion Ensemble  1/14 lang. 41.6
analysis Multi-label 3/14 lang. 45.7
Multitask ~ 8/14 lang. 49.2
Maj. vote  0/13 lang. 61.2

HateSpeech Ensemble  1/13 lang. 69.0
analysis Multi-label  6/13 lang. 73.6
Multitask ~ 6/13 lang. 73.9

Table 5: Summarized results across modeling dis-
agreement approaches and datasets. The Best for
column indicates the number of languages (out of
the total evaluated) for which a specific model type
achieved the best performance. Avg. is average
macro F1 score across total number languages.

jority vote baselines. By clustering annotators
based on their annotation behavior, we capture in-
dividual perspectives that improve performance,
provide stable training, and reduce computational
resources. This advantage arises because some an-
notators label very few instances, while others la-
bel nearly all, making individual annotator-level
modeling inefficient and inconsistent.

As expected, individual annotator modeling is
the most resource-intensive approach, requiring
training N separate models (where N is the num-
ber of annotators), each with varying training
sizes. In contrast, the clustering approach requires
training fewer models (e.g., 3 or 5 in our experi-
ments), resulting in faster and more efficient train-
ing. Notably, the multi-label and multitask model
training and aggregation approaches offer a fa-
vorable trade-off, delivering strong performance
without significantly increasing training time.

Performance in Terms of Agreement: We in-
vestigate how inter-annotator agreement impacts
the performance of different aggregation ap-
proaches. Specifically, we examine whether there
is a correlation between model performance and
overall annotator agreement. Our findings indicate
a general trend: higher inter-annotator agreement
corresponds to better model performance. For in-
stance, languages such as hau, tir, and yor, which
exhibit relatively high Cohen’s Kappa scores of
61.5%, 61.8%, and 63.0%, respectively, achieve

superior results in the sentiment analysis task.
This suggests a direct relationship between anno-
tation consistency and model effectiveness. How-
ever, we note that these comparisons are not di-
rect due to variation in data size across languages,
which may also influence performance outcomes.

Number of Annotators vs. Agreement: We
examine whether the number of annotators in-
volved in the annotation process is related to over-
all pairwise agreement, as measured by Cohen’s
Kappa. We observe a trend in which an increase
in the number of annotators tends to correspond
to a decrease in agreement scores. For instance, in
the sentiment analysis dataset, ptMZ, ary, and pcm
involved 6, 9, and 11 annotators, respectively, but
achieved relatively lower Cohen’s Kappa scores of
33.8%, 52.6%, and 46.4%. Similarly, in the hate
speech dataset, languages such as som (7 annota-
tors), tir (8), orm (9), and amh (11) recorded lower
agreement scores of 36.1%, 51.1%, 55.9%, and
59.7%, respectively, lower than other languages
with fewer annotators. In terms of performance,
datasets with four annotators and a majority vote
threshold requiring at least two votes tend to yield
better results. This is evident in the AfriHate
dataset, where languages such as amh, tir, orm,
and som exhibit relatively stronger model perfor-
mance under this setting.

Performance Across Tasks: As presented in
Table 5, a comparison across the three tasks re-
veals that the emotion classification task con-
sistently performs worse than sentiment analy-
sis and hate speech detection tasks. Sentiment
task records an average macro F1 score of 55.1%
across 12 languages, whereas Emotion and hate
speech analysis tasks achieve 49.2% and 73.9%,
respectively. This performance gap can be pri-
marily attributed to the inherent complexity of the
multi-label emotion classification task.

Computational Resources Individual annotator
modeling is computationally very demanding, par-
ticularly in terms of memory requirements and
training time, since a separate model must be
trained for each annotator. For example, the model
we used for African languages requires 2.24 GB of
memory. Training a separate model for each of the
11 annotators in the pcm languages would there-
fore require 35 minutes (depending on the number
of instances per annotator) on a single GPU and
approximately 2.24GBx11 of memory size. The
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same scaling applies to crowd-sourced datasets
such as the English GoEmotions dataset, which in-
volves 82 annotators. To improve efficiency and
performance, our proposed clustering of annota-
tors based on their agreement is effective.

8 Conclusion

In this work, we presented an agreement-based an-
notator clustering approach for modeling annota-
tion disagreement in subjective NLP tasks, pro-
viding a more effective alternative to aggregating
annotations through majority voting. The multi-
task and multi-label aggregation approaches out-
perform both the majority-vote and individual-
annotator modeling approaches. In addition to
achieving better performance, these approaches
are also more computationally efficient, as they re-
quire training only a cluster of C' models rather
than one model per annotator. The work ad-
dressed key limitations highlighted in previous
works, which involved training separate models
for each annotator. In contrast, our approach ef-
ficiently captured diverse annotator perspectives
while reducing training overhead and deferring
label aggregation until the final prediction stage.
This makes it especially useful for real-world ap-
plications such as social media monitoring, opin-
ion mining, and others, where understanding sub-
jectivity and disagreement is crucial. Finally, our
results across diverse datasets demonstrate that
leveraging the full spectrum of annotator input,
rather than collapsing annotations into a single
majority-voted label, significantly enhances clas-
sification performance in subjective NLP tasks
while preserving individual annotator perspec-
tives.

Limitations

Our work is not without limitations.

Model Varieties: Due to high computational re-
sources across languages, tasks, and the number
of annotators, our experimental setup is limited to
a single model evaluation with the least hyperpa-
rameter settings. Each downstream NLP task and
aggregation approach might need different hyper-
parameter settings. In the future, this work can
be extended to evaluate multiple variants of pre-
trained language models and both open-source and
proprietary LLMs.

Number of Clusters: Our agreement-based
clustering approach groups annotators into C clus-
ters, where the number of clusters C' could be
determined based on the availability of computa-
tional resources and data factors. Our clustering
principle works for any number of clusters and
can be extended to any custom number of clus-
ters based on the computational resource avail-
ability. This is because, as the number of clus-
ters increases, computational resources are also in-
creased. However, we recommend using an odd
number of clusters and applying the majority vote
rule to the final label for evaluation after modeling
each cluster separately. The clustering principle
works for any number of clusters and can be ex-
tended to a more custom number of clusters based
on the training resource availability. For example,
if the dataset is annotated by a fixed number of
annotators, equally, a different number of clusters
may work better. However, in our work, we only
used clustering into 3 and 5 clusters.

In a dataset annotated by many annotators,
where each instance (text) is annotated equally and
requires a custom number of clusters, this method
is not applied because the number of annotations
for a text equals the number of clusters. Explor-
ing Other clustering approaches, such as Hierar-
chical and Spectral clustering of annotators, clus-
tering algorithms like Krippendorff’s alpha, and
clustering methods for annotators that do not have
common annotated instances, is an area of open
research that will also be an open area for further
investigation.

Aggregation Methods: This work, as well as
previously conducted works that are mentioned in
the related works section, uses a majority vote to
decide the final predicted label after modeling the
perspectives of annotators. In individual model-
ing, we train a model for each annotator separately
and evaluate using test sets. It does not matter
how many annotators annotate each instance, as
each annotator uses their own annotation to train
an individual model. During clustering, no further
individual annotation is provided; annotators are
grouped into a cluster, and only cluster-level an-
notation is provided. We can assume one cluster
as an individual annotator. However, other aggre-
gation techniques should be explored, such as us-
ing annotator soft labels as gold labels for the final
evaluation.
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