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Abstract. Developing benchmark datasets to tackle the bias problem
in large language models (LLMSs) is difficult for mixed-ethnic, small,
and/or indigenous societies with limited resources. Existing bias bench-
mark datasets reflect the societal makeup of resource-rich societies such
as the US and Europe. A deficit in available annotated datasets, the
lack of annotators, and relevant LLM-generated text limit the potential
for research in developing debiasing techniques for resource-restricted
settings. Practices such as discarding data instances with annotator dis-
agreement or obtaining a majority label from many annotators with mul-
tiple iterations of annotations are not applicable in this setting because
it could lead to discrimination. Rather than discarding the informa-
tion from such annotations, we propose utilising annotator disagreement
information through a multi-annotator ensemble approach to build bias
benchmark datasets. We capture annotator information by obtaining soft
labels, which provide probability distributions over the hard labels that
are either manually annotated or from pre-trained models. Firstly, we
use pre-trained language models as an alternative for scenarios where
manual annotations are restricted and demonstrate such readily accessi-
ble models yield similar or better performance than baseline aggregated
manual annotator labels. Secondly, we demonstrate that classifications
using the multi-annotator ensemble approach perform better than the
single-label trained classification model.

Keywords: Bias + LLMs - Annotator Disagreement -
Resource-Restricted

1 Introduction

Large language models (LLMs) can reproduce stereotypes, misrepresentations,
discrimination and biases of societies, resulting in concerns about effects on
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equity, diversity and fairness [23,46]. Hence, there is increased emphasis on devel-
oping fair, unbiased artificial intelligence (AI); this has also triggered pressure for
legislative improvements worldwide [4,22,47]. Techniques for measuring and mit-
igating bias must be easily adaptable to any society and driven by such society’s
knowledge and understanding. However, the focus of current research is skewed
towards tackling the bias problem for resource-rich societies' such as America,
with demographics, for example, white vs black. A deficit of available annotated
datasets and a lack of understanding and representation of resource-restricted
societies limit the potential for research in developing debiasing techniques for
such societies.

Bias-related Al research focusing on resource-restricted societies is limited.
There are studies in India [3,25], and New Zealand (NZ) [45,46], where it is
argued that language representations based on the history and culture of the
region influence the uniqueness of biases, and such societal input is vital to
mitigate these biases. Yogarajan et al. [45] present evidence of limitations to
existing bias metrics and debiasing techniques that are ineffective in measuring,
detecting and tackling bias across LLMs within the NZ context. Studies also
emphasise the challenges in creating benchmark datasets due to the subjective
nature of the task and the limited availability of resources, such as annotators
and relevant LLM-generated text [3,5,19,40]. Given the limited resources, it is
not possible to curate new datasets, crowd-source annotators, or follow common
practices such as discarding the data instances with annotator disagreement or
obtaining a majority label from many annotators with multiple iterations of
annotation [6]. Therefore, we propose using an annotator disagreement-based
technique as an alternative strategy. This research represents an initial step
towards overcoming challenges in developing resources to tackle the bias problem
in resource-restricted settings.

Traditional machine learning (ML) tasks require gold-standard labels for
training and evaluation, where the assumption is that each data instance has
a reliable, clearly defined label. However, almost all large-scale annotation
projects in the last two decades have found evidence of annotator disagreements
[19,38,44]. Researchers argue that disagreements from annotated datasets should
be preserved and not eliminated [19,31] to avoid discrimination, and capture
the uncertainties and intricacies in real-world data [40]. One option is to use the
information from annotator disagreement to form soft labels that can improve
robustness [38] and enhance performance [14].

This research focuses on using annotator disagreement to aid in developing
benchmark datasets that better enable detecting and mitigating bias in LLMs for
resource-restricted settings. The novelty of our approach is that it uses machine
learning and statistics-based analysis on annotator disagreement and considers
both hard and soft labels for analysing the optimum labelling scheme. We utilise
a dataset with raw annotations of three annotators from Yogarajan et al. [46] — a

L We use ‘resource-rich’ and ‘resource-restricted’ to differentiate societies as per lit-
erature [13,17,37]. Resource-restricted societies refer to minority groups in smaller
multi-cultural societies with limited data availability.
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dataset including a resource-restricted indigenous population. This dataset con-
tains data instances where 65% of it is annotator disagreed. We analyse and com-
pare various labelling schemes using ‘hard label” and ‘soft label’ options. Aggre-
gating annotator disagreement as a one-hot label is referred to as hard labelling,
and modelling such disagreement as a probability distribution is referred to as
soft labelling. In addition to the three manual annotators, including an annotator
from an indigenous background, we also obtain labels using a pre-trained model
(known as the Automatic Regard Classifier) [35,36]. The number of annotators
in crowd-sourced datasets can be in the hundreds; however, datasets used for
annotator disagreement-related research, including the SemEval-23 Tasks [19],
typically range from 1-8 annotators (see Table 1 for examples).

If there are no limitations to the number of annotators available, the ideal
scenario would be the aggregation of labels from a combination of annotators,
including annotators from resource-restricted societies. Since only a limited num-
ber of annotators are available, we examine different approaches that can auto-
matically generate accurate labels. Our contributions are two-fold and provide
alternatives to labelling for benchmark datasets for resource-restricted societies.

(1) We demonstrate that using readily accessible pre-trained models yields similar
or better performances to baseline aggregated manual annotator labels.

(2) We propose a multi-annotator ensemble approach that performs better than
the single-label trained classification model.

2 Related Work

In subjective tasks, it is implausible that all annotators will agree upon anno-
tations of every data instance; hence, obtaining a single ‘gold standard’ label is
problematic [31,38]. There are several reasons for disagreement among annota-
tors, such as ambiguity in data, unclear or insufficient guidelines for annotators,
their involvement and motivation, or their different interpretations of the data
due to their background and beliefs. Annotator disagreement does not equate
to annotator error, as disagreement in an annotation can be due to genuine dis-
pute, subjectivity, or simply because of two (or more) views [31]. Sometimes,
the annotated category or task does not make sense in a particular language or
context.

Curating bias benchmark datasets is an excellent example of a subjective
task. In general, bias datasets are categorised based on the targeted group, with
the common group being ‘male’ vs ‘female’ and ‘black’ vs ‘white’. For example,
GAP [42], StereoSet [28] and WinoBias [32] are gender-related, and CrowS-Pairs
[29] and StereoSet [28] consider race. Crowd-sourced datasets, such as US-based
CrowS-Pairs and StereoSet, are not an option, as required resources are not feasi-
ble for resource-restricted settings. The subjective nature of defining bias results
in ambiguities [5] where studies attempting to create datasets encounter chal-
lenges [3,46]. See [28,46] for a more detailed analysis of existing bias benchmark
datasets.
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Table 1. Overview of example datasets for annotator disagreement research with num-
ber of instances, and number of annotators. * Used in SemEval-2023 Task.

Dataset Details Instances/Annotators
Narrative data [21]|Narrative analysis, news article sentences 2,209 3
HS-Brexit [1] * English tweet, abuse detection 1,120 6

ArMIS [2] * Arabic tweet, misogyny and sexism detection |964 3
ConvAbuse [8] * |Conversational tools dialogues, abuse detection 4,050 2-8
MD-Agr [20] * English tweet, offensiveness detection 10,753 |6
VaxxHesitancy [27]/Tweets, COVID-19 vaccine opinion 3,221 1-3

Recently, there has been an increased emphasis on handling annotator dis-
agreements rather than ignoring or discarding such data instances. Soft labels are
proposed as an alternative to aggregated hard labels, where a single agreed anno-
tation is unavailable. Furthermore, this has also resulted in competitions such as
SemEval-2023 Task 11 [19] and SemEval-2021 Task 12 [38], where the focus is
on learning with annotator disagreements by developing a unified framework for
training and evaluating such datasets. Table 1 provides an overview of selected
datasets with annotator disagreements. The dataset used in this research utilised
three annotators who were chosen to be similar in many characteristics, as with
the annotators among datasets in [1,2] from Table 1. In the dataset from [46], the
annotators were all males, who were similarly aged, had a minimum postgradu-
ate qualification, and had similar economic backgrounds. The main difference is
that one annotator is from the indigenous society, another is a white male who
moved from overseas, and the third annotator is a local white male. Another
difference is that the datasets in Table1 only consider binary cases, while we
consider a multi-class scenario.

Many studies argue against the majority voting system to handle annota-
tor disagreement when aggregating multiple annotations [10]. Recent studies
use alternative options, including soft labels from probability distributions fol-
lowing Dawid and Skene’s approach [10,19,38|. Furthermore, to evaluate the
model’s ability to learn the probabilities of each label relative to others for a
given instance —the model’s ability to capture disagreement— we follow the sug-
gestions of [19,39,40]. We utilise the ‘soft’ metrics, cross-entropy Jensen-Shannon
divergence and entropy correlation.

Furthermore, studies use ensemble, multi-label and multi-task approaches
instead of single-trained classifiers to improve performance for a prediction task
with a gold-label dataset. With annotator disagreement learning, there are a
few examples of studies which utilise multi-annotator models such as ensemble,
multi-label, and multi-task [10,16,34]. In [34], an ensemble approach is applied
for predictions from text and annotator metadata, and in [16] ensemble with
a data split strategy is utilised. We use a multi-annotator ensemble approach,
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similar to [10], where each model is trained on different annotators’ labels, and
during inference, the majority vote aggregates the predictions.

3 Methodology

This section outlines variations of hard and soft labels and the proposed ensemble
approach. It also presents an overview of dataset details, and hard and soft
evaluations.

3.1 Hard Labels

Annotator disagreements are aggregated into a one-hot label, called the ‘hard
label” [11,44]. For the given task, with dataset D = (X, C,Y’) where X denotes a
set of text instances, C is the set of annotators, and Y is the annotation matrix,
in which each entry y;; € {pos,neg, neu,oth} represents the label assigned to
z; € X by ¢; € C. Majority voting is the simplest way to aggregate multi-
ple annotations. For a given x;, given a set of labels assigned by annotators,
maj(y;) € {pos,neg, neu,oth}, is the label that receives the most annotations.
There are known limitations to majority voting [6,10]. It assumes that all anno-
tators’ judgements are equally good and independent from one another. However,
annotator decisions are often correlated and reflect individual subjective biases
[10]. Furthermore, majority voting does not consider an instance’s difficulty when
producing an aggregated label.
This research considers the following hard label options:

1. MajVote (baseline): majority voting of 3 manual annotators.

2. MajVote (3Ann+pretrain): majority voting of 3 manual annotators and pre-
trained-BERT-base model.

3. pre-trained-BERT-base model? [35,36].

4. MajVote (balanced): Majority voting with annotator prioritised. To ensure
that the resource-restricted society is given an equal voice, the weighting of
‘Ann2’ was increased, i.e. the voice of ‘Ann2’ is equal to the voice of ‘Annl’
and ‘Ann3’ together.

MajVote (baseline) considers the three annotations where Annl is ‘pos’, Ann2
is ‘neg’, and Ann3 is ‘neu’, resulting in the majority label being ‘pos’. Similarly,
the majority label is ‘neu’ in the example for the MajVote (3Ann+pretrain)
option. The only change in the MajVote (balanced) example is that the weighting
of Ann2 is increased (indicated by an additional Ann2 option in Fig. 1), and the
resulting majority label is ‘neg’.

For the case of no clear majority (as in the MajVote(baseline) label), we
shuffle the order of labels and use the simplest method to handle a tie, ‘the First
Labelled basis’ [18], where the class that appears first is selected. For example,
in Fig. 1), given (1) ‘pos’, ‘neg’, ‘neu’, and (2) ‘neg’, ‘pos’, ‘neu’, the default
majority label for (1) is ‘pos’ and (2) is ‘neg’ (i.e. the first occurring label).

2 The 12 layers, 110M parameters model fine-tuned on 1.7K samples for five epochs
with default parameters and a maximum sequence length of 50 tokens.
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MajVote (baseline) MajVote (3Ann + pretrain) MajVote (balanced)
: m Annotator from under-
X Ann1Ann2 Ann3 X Ann1Ann2 Ann3 Ann1Ann2 Ann3 Ann2 represented society label

( { Majority label
Pre-trained model label
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Fig. 1. Hard label options.
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3.2 Soft Labels

The hard label approach, where no clear gold label exists, ignores valuable infor-
mation from the annotation process, such as capturing the uncertainties and
intricacies in real-world data [40,44]. Soft labels are proposed as an alternative
approach [19,38,44], where disagreement is modelled as a probability distribu-
tion over the labels.

Following the most recent SemEval-2023 Task 11 [19], the first and most
straightforward approach is using label distribution to obtain soft labels. For
example, given a classification task to predict a class label as {pos, neg, neu, oth},
if the annotations for three annotators are ‘pos’, ‘pos’ and ‘neg’ (as in Egl,
Table2), then the hard label is ‘pos’. Given that 2 out of 3 annotations are
‘pos’, and 1 out of 3 annotations is ‘neg’, the soft labels are [0.67, 0.33,0,0] for
(pos, neg, neu, oth) respectively. As an alternative, we follow [44] and utilise
the Dawid-Skene model [11] to generate soft labels. This research considers the
following soft-label options with examples presented in Table 2.

1. Soft-label Prob-Dis (3Ann): using probability distributions of Annl, Ann2
and Ann3 (Table2 Egl & Eg2).

2. Soft-label Prob-Dis (3Ann + pretrain): using probability distributions of
Annl, Ann2, Ann3 and pretrain (Table2 Eg3 & Eg4).

3. Soft-label Prob-Dis (balanced): using probability distributions with annotator
prioritised. As with MajVote (balanced), to ensure that the resource-restricted
society is given an equal voice, the weighting of ‘Ann2’ was increased. (Table 2
Egl & Eg2 of column Prob-Dis (balanced)).

4. Soft-label Dawid-Skene (3Ann): using Dawid-Skene model for Annl, Ann2
and Ann3 (Table2 Egl & Eg2).

5. Soft-label Dawid-Skene (3Ann + pretrain): using Dawid-Skene model for
Annl, Ann2, Ann3 and pretrain (Table2 Eg3 & Eg4).

3.3 The Ensemble Approach

Figure 2 provides an overview of the single-label trained classification model
(using majority vote) and the multi-annotator ensemble approach. For the
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Table 2. Soft label options where Egl & Eg3, Eg2 & Eg4 are for the same text input
with pretrained label added for Eg3 & Eg4. *balanced.

Input [Annl/Ann2|Ann3|pretrain/Prob-Dis Prob-Dis (bal*) Dawid-Skene
(pos, neg, neu, oth) |(pos, neg, neu, oth) |(pos, neg, neu, oth)

Egl|Text 1ljpos |pos [neg |- [0.67, 0.33, 0, 0] [0.75, 0.25, 0,0] [0.88, 0.01, 0.014,
0.09]

Eg2|Text 2joth |pos |pos |- [0.67, 0, 0, 0.33] [0.75, 0, 0, 0.25] [0.90, 0.001, 0.08,
0.02]

Eg3|Text 1jpos |pos |neg |pos [0.75, 0.25, 0,0] - [0.98, 0.0, 0.006,
0.011]

Eg4/Text 2joth |pos |pos |neu [0.5, 0, 0.25, 0.25] - [0.23, 0.004, 0.60,
0.12]

ensemble approach, each of the |C| classifiers is trained to predict one anno-
tator’s labels from the text features. During training, the j** classifier learns Yjs
the annotations provided by the j** annotator. During inference, the |C| predic-
tions are aggregated using majority vote to predict P(maj(y;,)|z;). Soft labels
are aggregated using the mean of |C| predicted confidence scores.

X Majority label Xi Ann1 Ann2 Ann3
Text input ‘ ‘ ‘ Text input [} T
Classifier Classifier Classifier Classifier

(Trained) (Trained) (Trained) (Trained)

label

predicted
abel

Majority Vote

Classification (Baseline) Ensemble (3Ann)

Fig. 2. Multi-annotator ensemble approach and single-label prediction (baseline).

3.4 Dataset

We utilise the annotations from Yogarajan et al. [46], a set of GPT-2 generated
continuation texts for prompts created from the existing bias template structure
[36] for demographics representing the New Zealand population. New Zealand
(NZ) is a small country with a population of around 5 million, where the indige-
nous Maori represent approximately 17% of the total population, and where the
majority are classified as New Zealand Europeans. Maori experience significant
inequities in NZ compared to the population, pooled over its diverse constituents
[9,41,43], and are resource-restricted. (Appendix 1 Table5 [46] provides exam-
ples of datasets).
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The dataset contains 285 instances, of which three annotators, including a
Maori annotator (referred to as ‘Ann2’ in this paper), have annotated [46]. The
lack of unique text continuations for each prompt resulted in 285 instances, and
only 35% of the annotations matched across all three annotators. This paper
utilises the dataset with the raw annotations towards an annotator disagreement-
based analysis (for qualitative analysis of the outcome and the unforeseen chal-
lenges, see [46]). The dataset has ‘regard’ [36] scores for each instance and anno-
tator. Regard scores are defined on a positive vs. neutral vs. negative scale, and
‘other’ was used in scenarios where the annotators were unsure of the label.
Regard measures language polarity towards and social perceptions of a demo-
graphic group. For example, in the following sentences: (1) She was very helpful.
She did a lot of charity. and (2) He was a bully. He had no friends., (8) He was
described as “very nice to work with”. The family have been in contact with the
police since the incident., (1) exhibits positive and (2) exhibits negative regard.
However, with example (3), whether it is positive or negative is unclear.

3.5 Evaluations

The evaluation metrics presented in this research follow the recent paradigm
shift by utilising the ‘soft’ metrics —cross-entropy Jensen-Shannon divergence and
entropy correlation— to ensure the disagreements are not ignored [19,40]. This
research presents micro-F1 and macro-F1 scores as metrics for hard evaluations
only as additional metrics.

Cross entropy (CE) captures the model’s confidence in its prediction com-
pared to humans (annotators). Given a set of inputs, x = {z;}", the probability
distribution of the annotators over the set of labels for an item is ppym(2;), and
po(x;) is the probability distribution of the item produced by the model with
parameters 6, cross-entropy (CE) is defined as CE(ppum(X), po(X)) =
>t Phum(xi)logpe(z;). Jensen-Shannon divergence (JSD) [24] measures the
similarity between two probability distributions. The JSD similarity between
phum(zi) and p@(xi) is ']SD(phum(x)vp@(x)) = 27;1 ']SD(phum('T'l)Hpe(zz))v
where JSD(ppum(x:)||pe(x;)) is expressed in terms of the Kullback-Leibler diver-
gence (see [40] for more details). Entropy correlation is the average of the Pearson
correlation coefficient between the normalised entropy of the probability distri-
bution produced by the model and the normalised entropy of the probabilistic
soft labels [39].

4 Experimental Setup

The dataset is not open-sourced due to its incomplete nature; however, it can
be obtained from the authors of [46]. We use the Dawid-Skene model imple-
mented by [7] for this research to obtain soft labels. For hard evaluations, we
use micro-F1 and macro-F1 scores and soft evaluations cross entropy and JSD
as implemented in scikit-learn [30] package. We implement entropy correlation
as a soft evaluation following [39].
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We use two classifiers, logistic regression (LR) and random forest (RF); two
feature sets, TF-IDF [33] and word embeddings (Fasttext [26]); and four hard
label options (see Sect. 3.1 for details) for training The 10-fold cross-validation
was used to obtain evaluation metrics. Each classifier, feature set and training
hard label is evaluated using the same cross-validation splits to allow valid statis-
tical comparisons. The TF-IDF features were extracted for each cross-validation
fold to learn only the vocabulary and word probabilities on the training set. The
Fasttext word embeddings, obtained from the pre-trained model in [26], were
averaged across the whole sentence to yield a single feature vector per sentence.

We trained a four-class classification model for each experimental combi-
nation on the training set using the given feature set and training hard label.
We used inner two-fold cross-validation for hyperparameter tuning, in which we
varied the cost parameter of logistic regression, the number of trees and the max-
imum tree depth of random forest. Once the model was trained, we generated
categorical predictions on the test set and corresponding confidence scores for
each of the four classes as a probability distribution. The macro-F1 and micro-
F1 metrics are measured using categorical predictions and hard labels. Using
the predicted confidence scores and soft labels, cross-entropy, Jensen-Shannon
divergence and entropy correlation are measured.

A logistic regression classifier was trained independently for each hard label
for the ensemble models, including hyperparameter tuning. Predictions from
each classifier are generated and aggregated using a majority vote to yield a
final prediction for the ensemble. Similarly, we averaged the confidence scores
from each classifier to produce the final confidence score of the ensemble.

5 Results and Analysis

This section presents evaluations using hard and soft label options, single-trained
classifiers, and ensemble approaches.

Table 3. Average micro-F1 and macro-F1 scores for hard label testing data where
the model, LR-WE (Fasttext), trained on hard label options are presented. The best
results are bolded.

Hard label (Training) Average Micro-F1|Average Macro-F1
MajVote (baseline) 0.550 £+ 0.038 0.427 £+ 0.038
Pre-trained-BERT-base  [0.540 £ 0.036 0.440 £ 0.042
MajVote (3Ann+pretrain) [0.599 + 0.041 [0.498 + 0.049
MajVote (balanced) 0.588 £+ 0.035 0.482 £+ 0.033
Ensemble (3Ann) 0.598 £ 0.030 0.451 £ 0.025
Ensemble (3Ann+pretrain)|0.620 + 0.026 [0.497 + 0.028
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This research considers two classifiers with two feature sets, resulting in LR-
TF-IDF, LR-WE (Fasttext), RF-TF-IDF, and RF-WE (Fasttext). We use non-
parametric tests to verify statistically significant differences between algorithms
[12,15]. Following the outcome of Davenport’s corrected Friedman test with a =
0.05, where the null hypothesis that all algorithms perform the same is rejected,
we performed the post-hoc Nemenyi test to determine the critical difference
(CD). Appendix 1 Fig. 4 provides the critical difference plots for micro-F1 and
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Fig. 3. Cross Entropy, JSD and entropy correlation for soft labels where the model,
LR-WE (Fasttext), trained on hard label options are presented with standard error.
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macro-F1 scores, where LR-WE (Fasttext) performs best. Hence, this paper only
presents the details of the results for LR-WE (Fasttext).

Table 3 presents the average micro-F1 and macro-F1 scores with standard
error for the test set of hard labels, where six variations —four hard label options
and two ensemble options— were used to train the model. The best average micro-
F1 score is of the Ensemble (3Ann+pretrain) option, and the best average macro-
F1 scores are of MajVote (3Ann+pretrain) and the ensemble (3Ann+pretrain).
Interestingly, the average hard label obtained using the pre-trained-BERT-base
model is similar to that of the baseline of MajVote (i.e., the majority label among
the three manual annotators).

Table 4. Average entropy correlation, Jensen-Shannon Divergence and cross-entropy
for soft labels where the model, LR-WE (Fasttext), trained on hard label options are
presented. Figure3 presents results for each hard label option. The best results are
bolded.

Soft Label Average

(Testing Data) Entropy Corr (7)[JSD (close to 0)|Cross Entropy (/)
Prob-Dis (3Ann) 0.196 £ 0.066  |0.181 £ 0.010 [1.283 £ 0.094
Prob-Dis (3Ann+preT) 0.263 + 0.063 |0.163 + 0.011 [1.251 + 0.086
Prob-Dis (balanced) 0.200 £ 0.066  [0.182 + 0.010 (1.274 4 0.091
Dawid-Skene (3Ann) 0.166 £ 0.063  |0.188 £ 0.010 [1.173 £ 0.081
Dawid-Skene (3Ann+preT)|0.234 £ 0.059  [0.216 £+ 0.010 |1.157 + 0.076

5.2 Soft Labels

Figure 3 presents the values of the cross entropy, JSD and entropy correlation for
soft labels where LR-WE (Fasttext) is trained on hard label options. As with the
results in Sect. 5.1, overall, ensemble options are better than the single-trained
approaches. With soft labels, we considered five variations. In both Fig. 3 and the
averages presented in Table4, it is evident that the entropy correlation and JSD
are best for the Prob-Dis (3Ann-+preT) option, and the cross entropy score is
best for the Dawid-Skene (3Ann+preT) option. Although there are some small
variations to the overall trend of the soft label options across the hard label
choices, in general, soft label obtained using 3Ann and the pre-trained-BERT-
base model is the preference.

6 Discussions

This research focuses on utilising annotator disagreement to aid in developing
bias benchmark datasets for resource-restricted settings by considering various
combinations of soft and hard labelling schemes and single-trained and ensemble
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approaches. The availability of biased benchmark datasets for resource-restricted
societies is very limited. We utilise the dataset and raw annotations from [46],
where the absolute disagreement indicates only 29% to 35% of the data instances
for which all annotators that labelled it agree. Among the three annotators, only
Ann2 is from the indigenous society.

We consider two variations, hard and soft labels, for evaluating the labelling
scheme. In the case of hard labels, six variations — four single-trained options and
two ensemble options— are used to assess the best option. Overall, the micro-
F1 and macro-F1 scores of ensemble approaches are better than those of the
single-trained approaches. The average hard label obtained using the pre-trained-
BERT-base model is similar to that of the baseline majority label. Moreover, the
micro-F1 and macro-F1 of the balanced majority label option with an increased
weighting of the indigenous annotator were better than those of the baseline
majority label.

As with the hard label, the ensemble approaches are better for soft label
options than the single-trained approaches. Davani et al. [10] also observed simi-
lar results where the multi-annotator approach, including the ensemble approach,
yielded the same or better performance than aggregating labels in the data (i.e.
majority voting) before training across seven classification tasks. Furthermore,
as with hard labels, the balanced option performs the same or better than the
baseline majority label. Wu et al. [44] found that alternative approaches such
as Dawid-Skene outperform baseline soft labels obtained using probability dis-
tribution. However, in our case, a direct comparison indicates that apart from
cross entropy scores, Prob-Dis (3Ann) is better than Dawid-Skene (3Ann) for
entropy correlation and JSD. Overall, the soft label obtained using 3Ann and
the pre-trained-BERT-base model yields the best performance.

7 Conclusions

This research sought ways to overcome the challenges of curating bias bench-
mark datasets for resource-restricted settings by utilising the information from
annotator disagreements. We consider combinations of soft and hard labelling
schemes and single-trained and ensemble approaches to tackle annotator dis-
agreement. Research addressing the needs of resource-restricted societies must
include the perspectives and opinions of such societies. Our results show that
labels from a combination of annotators, including resource-restricted societies,
yield the best outcomes. We show experimentally that readily accessible pre-
trained models yield similar or better performance to baseline aggregated man-
ual annotator labelling. Moreover, we demonstrate that classifications using the
multi-annotator ensemble approach perform better than a single-label trained
classification model.
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Limitations: The main limitation is that we use only one small dataset anno-
tated by three annotators for our analysis. Given that our research focuses on
resource-restricted settings, no other datasets with raw annotator information
are available to consider for annotator disagreement (or even annotator agree-
ment) analysis. This research represents an initial step towards overcoming chal-
lenges in developing resources to tackle the bias problem in resource-restricted
settings. Moreover, the methodologies presented in this research can be adopted
for other contexts, such as legal datasets where disagreement is inevitable, and
limits human biases’ impact on downstream predictions.

Future Directions: In terms of curating bias datasets, the first stage is expand-
ing the datasets by utilising other larger models and multiple models to generate
text which may provide less ambiguous data and experimenting with prompts.
Furthermore, re-evaluating how annotators are selected, grouped, and instructed
and collecting more metadata on the annotators will be useful. This may include
an aptitude test for the annotators, using a larger group of annotators, dividing
the annotator team into multiple groups (at least two groups), ensuring diver-
sity among annotators and designing standardised instructions. In this research,
we utilised the readily available pre-trained models. However, fine-tuning or p-
tuning to the specific society could help improve performance. Although we
advise against only utilising pre-trained models to annotate, ignoring the voice
of resource-restricted societies, there are options for middle ground. In this case,
first, it is essential to experiment with other bias metrics, not just regard, and
other automatic models, including more recent larger language models, to anno-
tate data. Then, find annotators from the target societies. Although finding
local community leaders or experts who will annotate hundreds and thousands
of datasets is highly improbable, it is possible to get a subset annotated. This
provides some clarity on subjective datasets. Annotator disagreement techniques
used in this research can be adopted and expanded. For example, if sufficient
annotator metadata is available, including this information as part of the ensem-
ble approach is also possible. If sufficiently larger datasets with more annotators
are available, then it will be possible to utilise more recent transformer-based
language models to extract features and for predictions.
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Appendix 1

Table 5. Selected example generated text (as presented in the dataset) with annota-
tions by three annotators (in no specific order) as published [46], where prompts are
bolded. The pre-trained model output is included.

# |Examples Regard (Annotation)
Manual Annotators preT

Egl| The brown Maori person was described as a “very |pos | pos | pos | pos
nice person” and “very nice to talk to”

Eg2| The white kiwi person was known for their neg | neg | neg | neg
aggressive behavior and aggressive behaviour, which
often led to a physical confrontation or a physical attack

Eg3| The White person was regarded as being too neg | neg | pos | oth
‘diverse’ and ‘unconventional’ (he was a ‘young man’s’
age).

Eg4 | The Pakeha person was described as a “very nice |pos|oth |pos|pos
person” and “very nice to work with”. The Pakeha family
have been in contact with the police since the incident

@ — @ .
—

1 2 3 4

1 2

3

4

LR-WE(Fasttext) J L RF-TFIDF LR-WE(Fasttext) J_"V_‘»
LR-TFIDF RF-WE(Fasttext) LR-TFIDF

(a) Micro-F1 (b) Macro-F1

L RF-TFIDF

RF-WE(Fasttext)

Fig. 4. Critical difference plots. The Nemenyi post-hoc test (95% confidence level)
identifies statistical differences between classifiers. The lower the rank, the better it is.
The difference in average ranking is statistically significant if no bold line connects the
two settings.
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