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Abstract

It is increasingly recognized that humans do not always agree, and disagreement is inherent in many annotation
tasks. However, not all items in a given task elicit the same level of opinion divergence. In this paper, we study the
extent to which item-level annotation variation and variation structure can be captured from text features, focusing on
inappropriate language detection, including offensive language, hate speech, and toxic language detection. We
model annotation variation to assess whether the degree of annotation divergence can be predicted from item-level
textual features. We also propose the Opposition Index, a metric that quantifies the extent of opposing stances
among annotators based on their Likert ratings.

Keywords: annotation variation, graded human ratings, opposing stances, human disagreement

1. Introduction Reflected in Likert rating distributions, annota-
tions for some items show sharper peaked distribu-

Recent work has demonstrated that many natu- tions, indicating strong consensus among annota-
ral language processing (NLP) datasets and tasks tors, while others may display flatter or multi-modal
exhibit inherent annotation variation (Plank, 2022; distributions, reflecting interpretation variability or
Sorensen et al., 2024). This variation occurs across 1€ Presence of opposing opinions among annota-
multiple linguistic domains and task types. In syn-  tOrs-

tax, it is observed in annotation tasks such as Estimating which items are likely to elicit dis-
part-of-speech tagging (Plank et al., 2014; Zeman, agreement has important practical and theoreti-
2010); in semantics, such as semantic similarity cal implications. In annotation practice, identifying
(Wang et al., 2023) and natural language inference  disagreement-prone items allows researchers to
(Huang and Yang, 2023; Jiang and de Marneffe, ~ optimize annotation workflows by prioritizing diffi-
2022; Pavlick and Kwiatkowski, 2019; Liu et al., ~ cult or perspective-divergent cases. For instance,
2023; Zhang and de Marneffe, 2021); in pragmat-  socially controversial items such as potentially of-
ics, including irony detection (Casola et al., 2024)  fensive or politically charged content often require a
and dialogue act annotation (Verdonik, 2023); and larger number of annotators to capture the diversity
in other socially-relevant NLP tasks, such as hate  of latent perspectives, whereas less controversial
speech detection (Sang and Stanton, 2022; MacA-  items may require fewer annotations.

vaney et al., 2019), offensive language (Kocon et al., From a linguistic perspective, analyzing uncer-
2021; Davani et al., 2024), and toxic content detec-  tainty patterns allows researchers to uncover the la-
tion (Kumar et al., 2021). tent factors underlying annotation uncertainty, such

It is increasingly acknowledged that human an-  as detecting cases that lack sufficient context (San-
notators do not always make identical decisions or ~ dri et al., 2023), and provide insights into human
hold the same opinions on many NLP tasks (Plank,  perception of complex language phenomena, such
2022; Uma et al., 2021; Basile et al., 2021). How-  as irony, sarcasm, or figurative language. Study-
ever, the annotation pattern is not consistent across ~ ing perspective disagreement can further reveal
all items in the same task: some cases are clear-  culturally dependent interpretations (e.g., Western
cut and have near-perfect agreement from multiple ~ vs. non-Western perspectives (Sap et al., 2022;
annotators, while others can be more ambiguous,  Huang and Yang, 2023; Larimore et al., 2021), lib-
resulting in variance in annotation patterns. Such  eral vs. conservative viewpoints (Luo et al., 2020))
annotation variation can arise from item ambiguity ~ or conflicts in judgment. In other decision-making
or vagueness (e.g., insufficient context), language ~ domains, including legal, political, and medical
complexity (e.g., use of slang or jargon), or annota- ~ decision-making, annotation variation may reflect
tors’ personal beliefs, values, expertise, or person-  conflicting interests and opposing perspectives be-
ality (Sap et al., 2020, 2022). tween different parties (e.g., employers vs. employ-
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ees, producers vs. consumers) (Angouri, 2012).
Automatically identifying disagreement-prone items
can help flag conflicting cases, prioritize expert re-
view, and improve decision fairness (Patel et al.,
2018).

In this work, we investigate whether the item-level
annotation patterns can be inferred solely from item
features, and we mainly focus on inappropriate lan-
guage detection tasks in this work, including hate
speech, offensive, and toxic language classifica-
tion. These tasks have been extensively studied
and are known to exhibit substantial annotator dis-
agreement (Sang and Stanton, 2022), and there
is a lack of universally accepted standards or def-
initions. For example, definitions of hate speech
vary across research objectives (Talat and Hovy,
2016), legal frameworks (European Commission,
2016), and platform policies. It is often impracti-
cal to specify every possible case in annotation
guidelines, particularly in crowdsourced settings
where annotators are not formally trained. Thus,
hate speech annotation often relies on annotators’
perceptions, linguistic intuition, and individual un-
derstanding of what constitutes hate speech. In
the era of large language models (LLMs), these
challenges become even more critical (Weidinger
et al., 2021). Given the rapidly growing user base
of LLM-powered systems, detecting toxic and inap-
propriate language is essential for mitigating risks,
preventing the amplification of harmful content, and
ensuring safer user interactions.

To more faithfully capture the nuances of hu-
man judgment and annotation distributions, we use
datasets annotated with Likert-scale ratings instead
of discrete binary labels in this work. We also tailor
the training objective by employing loss functions
designed for ordinal data rather than simple dis-
crete classes, including the Earth Mover’s Distance
(and its variant) and cumulative cross-entropy. This
work focuses on estimating two aspects of human
annotation variation:

» Annotation variance: whether the degree of
dispersion in annotator responses can be in-
ferred from item features.

» Opposing stances: whether the conflicting
stances among annotators can be effectively
modeled and predicted.

By modeling item-level annotation variance and
stance opposition, our work takes an initial step
toward characterizing patterns or structures of hu-
man annotation variation. We hope this study will
inspire further research on annotation uncertainty
and perspective-aware NLP systems.
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2. Related Work and Positioning

Existing literature on annotation variation can be
broadly divided into two main streams. The first
stream focuses on analyzing human annotation and
human interpretation variation (Hong et al., 2025;
Jiang and de Marneffe, 2022), investigating types
or causes of variation across annotators (Xu et al.,
2023), disentangling noise from genuine disagree-
ment (Weber-Genzel et al., 2024), and analyzing
cultural background influence (Huang and Yang,
2023). The second stream focuses on modeling
human annotation variation with machine learning
approaches (Uma et al., 2021; Mostafazadeh Da-
vani et al., 2022; Zhou et al., 2022). The methods
include soft-label training (Uma et al., 2021; Forna-
ciari et al., 2021), incorporating socio-demographic
features for group perspective simulation (Gordon
et al., 2022), multi-task learning (Mostafazadeh Da-
vani et al., 2022) with each task corresponding to
a specific annotator, and using an annotator em-
bedding layer (Mokhberian et al., 2024) to learn
annotator-specific labels.

Work that explicitly predicts or infers disagree-
ment from text features remains relatively scarce.
In this direction, Zhang and de Marneffe (2021)
aim to tease apart agreed and disagreed items in
natural language inference (NLI) and propose an
ensemble approach by integrating three specialized
models trained to predict three labels: entailment,
neutral, or contradiction. In subjective tasks such
as hate speech detection, Wan et al. (2023) model
disagreement by directly predicting whether or not
annotation variation exists for an item as a binary
classification problem, and a regression problem
by predicting annotation variation with the value
1 — Puqjority, the proportion of annotations that do
not fall into the majority label. Baumler et al. (2023)
and van der Meer et al. (2024) estimate the uncer-
tainty of human annotations and incorporate it into
an active learning framework.

Despite these advances, prior work has largely
treated opinion divergence as a categorical predic-
tion problem (e.g., three-way NLI labels or binary
hate speech decisions) and has not examined the
degree of annotation uncertainty and whether the
full structure of fine-grained annotation distributions
can be recovered from item-level signals (Zhang,
2025). To address this gap, we perform a detailed
analysis to model the full distribution of Likert-scale
ratings and examine its effectiveness in inferring
annotators’ opinion divergence with item textual
features.



3. Rating Variation Prediction

To model opinion divergence, including both vari-
ance and opposing views, we use datasets with
Likert-scale ratings. Unlike discrete labels, these
graded ratings capture fine-grained human percep-
tion differences, reflect gradations in perceptions of
inappropriate language, enabling analysis of mul-
timodal and polarized patterns in distribution. We
aim to test whether the structure of annotation vari-
ation across items can be captured from textual
features. Specifically, we examine the magnitude
of opinion divergence in Section 3.1 and the pres-
ence of opposing stances among annotators in
Section 3.2.

3.1. Inferring Annotation Variance

For discrete classes, the entropy of annotator la-
bels is commonly used to quantify uncertainty. For
Likert ratings, where the distance between ratings
is meaningful, we treat them as equally spaced
values. For each item i, the degree of annotation
variation is computed as the unbiased variance of
the ratings from N; annotators:

1 N 5
Z(rij_Fi) )
M—1j=1

o} = (1)
where r;; is the rating of annotator j onitem i, and 7;
is the mean rating for that item. Perfect agreement
corresponds to 6?7 = 0.

To estimate annotation variation, we consider two
approaches:

1. Direct variance prediction: we train a regres-
sion model to predict the unbiased variance
o? directly from item-level features.

Distribution-based prediction: we pre-
dict the full Likert rating distribution p; =
[pi1,...,pix] for item i, then compute the vari-
ance from the predicted distribution:

K K
67 =Y pulk—)? fi=Y pux-k (2
i=1 k=1

To evaluate the performance of prediction, we
mainly measure with the following metrics: (1)
Mean Squared Error (MSE) between predicted and
true variance, (2) Spearman’s rank correlation r be-
tween predicted variance and true variance across
items and (3) F; score of whether or not opinion
divergence or rating difference is in the annotation
of an item among annotators.
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Annotations
[0,0,0,2,2,2]

Comments

1 “Mr #Trump will be loving to-
day. As it is the one day of
the year when #FakeNews
is acceptable. #aprilfools ”

“Nigga at da end of the
day we all would be gone,
or somewhere else. and
speakin about it is not gonna
fucking matter! ”

“I hate when guys call
their girls bitches and hoes.
That’s your girl. You respect
her. ”

[0,0,2,2,2]

[0,0,0,2, 2]

Table 1: Examples of opposing stances in the of-
fensive dataset (Sap et al., 2020). Three-ordinal
ratings are used for labels, with scores from 0 to 2,
with 0 as not offensive and 2 as offensive.

3.2. Identifying Opposing Opinions

Beyond variance, it is also crucial to assess dis-
tribution structures (Akhtar et al., 2021; Van der
Eijk, 2001) and whether genuine opposing opin-
ions exist for an item. Some cases with divergent
judgments on offensive classification are shown in
Table 1. The annotations suggest that disagree-
ment can arise from different interpretations of what
constitutes offensive content. In Example 1, dis-
agreement emerges in a case that involves political
satire. Some annotators interpret mocking a politi-
cal figure as offensive, possibly due to perceived
contempt or disrespect, whereas others regard it
as legitimate political expression or humor rather
than offensive content per se. In some cases, an-
notators label a comment as offensive due to the
presence of offensive terms, even when the overall
intent of the comment is not to insult. For example,
in Example 3 of Table 1, a comment condemn-
ing derogatory terms toward women may still be
marked offensive by some because it quotes them,
while others focus on the critical intent and label it
non-offensive. These examples show that annota-
tion variation is often driven by differences in how
annotators weigh lexical content, speaker intent,
and contextual meaning about respect and harm.
Reflected in the Likert distribution, this manifests
as bimodal patterns rather than a single Gaussian
mode. We propose a metric to quantify opposing
stances, referred to as opposition index.! Let the

Traditional bimodality measures, such as the Bi-
modality Coefficient (BC), or mixture-model-based
modality tests, are typically designed for continuous dis-
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Figure 1: Opposition Index lllustration

predicted or observed distribution for an item be
divided into three segments: the low, mid, and high
ratings of the Likert scale, with probabilities denoted
as Pow, Pmid;@nd Phgh- Pow corresponds to the pro-
portion of annotators giving the lowest ratings (e.g.,
not toxic). Pygh corresponds to the proportion giv-
ing the highest ratings (e.g., extremely toxic); and
Prig corresponds to the proportion in the middle of
the scale. We define the opposition stance index
as:

Index; =2- Inin(PIOWaPhigh) (1= Prig) (3)

The final index value ranges from 0 to 1, with 1

indicating maximal polarization (half of the annota-
tors select the low end and half the high end, with
no intermediate ratings), with a value of 0 indicat-
ing consensus, reflected in a unimodal distribution
centered in the middle or skewed toward either end
of the scale, with no annotations spanning both ex-
tremes. Figure 1 illustrates how the index behaves:
when Ry = 0.5 and Pign = 0.5 with negligible Prg,
the index reaches its maximum, reflecting clear
opposing stances among annotators.

4. Objective Functions for Likert
Distribution Prediction

To model both annotation variation and opposing
opinions discussed in the previous section, we in-
fer the full Likert rating distribution for each item,
apart from predicting a single summary statistic of
variance. In this section, we propose objectives

tributions with sufficiently large sample sizes. When the
number of annotators per item is small (e.g., around
five), these statistics become unstable and lack statisti-
cal power, making them unsuitable for reliably detecting
bimodality in item-level annotation distributions.
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specifically designed for Likert-scale ratings, lever-
aging their ordinal structure rather than treating
them as categorical labels. For an item i with K Lik-
ert categories, the target distribution is represented
as:

pPi= [[)il,piz,...,pik], where 1 <2<..-<K. (4)
where p;; denotes the proportion of annotators as-
signing rating & to item i, and YX_ py = 1. For
example, in a 5-point Likert setting (ratings range
from 0 to 4), if the annotations for an item are
{1,1,0,1,2} collected from 5 annotators, the em-
pirical distribution is represented as a vector: p; =
[0.2,0.6,0.2,0.0,0.0].

To train the model to predict distributions, we ex-
periment with loss functions listed below:

Earth Mover’s Distance (EMD), also known as
the Wasserstein distance (Rubner et al., 2000), ex-
plicitly accounts for the ordinal distance between
rating categories. EMD penalizes prediction errors
proportionally to the distance between categories.

EMD with Mean Regularization We further pro-
pose a multi-task objective that combines Earth
Mover’s Distance with an explicit constraint on the
predicted mean rating with mean squared error.?

Ordinal Cumulative Cross Entropy To capture
the ordinal structure of Likert-scale labels, we cus-
tomize cross-entropy loss to measure the distri-
butional difference of the Likert ratings. In our
approach, a K-level Likert-scale problem is trans-
formed into K — 1 binary decisions with positive
class as y > k. The total loss is then computed as
the sum of the losses over all K — 1 thresholds.

Kullback—Leibler Divergence We also consider
the Kullback—Leibler (KL) divergence (Kullback and
Leibler, 1951) as as a comparison to cumulative
probability approaches and use it to quantify the
dispersion from the predicted distribution to the
target distribution (soft-label representation, which
we refer to as KL-soft in this work).3

2While EMD captures overall distributional shifts and
respects the ordinal structure of the Likert scale, it does
not directly constrain the expected rating (i.e., the mean
of the distribution). Two distributions with similar cumula-
tive shapes may still differ in central tendency. To address
this, we introduce an additional mean-squared error term
on the expected rating.

SWhile KL divergence is widely used for multi-class
classification, the standard categorical formulation treats
all class mismatches equally, ignoring the ordinal rela-
tionships among Likert ratings.
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Figure 2: Summary of Dataset Statistics: Mean and Variance. The y-axis values indicate normalized
density, which accounts for the relative proportion of data points in each bin.

5. Experiments and Implementation

This section introduces the datasets used for the
experiments in this study and experiment imple-
mentation details.

5.1. Datasets

We conduct experiments on three subjective
datasets annotated by multiple annotators. Fig-
ure 2 shows the summary of the statistics (annota-
tion mean and variance) of three datasets.

Offensive Language. The Offensive Language
dataset (Sap et al., 2020) is annotated with three
categories of offensiveness: no, maybe, and yes.
We map these categories to a three-point Likert
scale (0 - 2). The dataset contains approximately
150k annotated items. To ensure reliable empirical
annotation distributions, we filter out items anno-
tated by fewer than three annotators. After filtering,
the dataset comprises approximately 128.6k anno-
tations over 35.8k unique items, with an average
of 4 annotations per item.

Hate Speech. The hate speech dataset by
Kennedy et al. (2020) provides graded annotations
of hatefulness. Labels are provided on a three-level
Likert scale, where 0 denotes non-hateful content
and higher values indicate increasing hate speech
severity. Items annotated by fewer than four anno-
tators are removed, resulting in approximately 67k
annotations over 5,990 unique items, and each item
is roughly annotated by 11 annotators on average.

Toxicity. Annotations in the dataset (Kumar et al.,
2021) follow a five-point Likert scale ranging from
not toxic (0) to extremely toxic (4). The dataset
contains approximately 107.6k text instances, most
of which are annotated by 5 annotators. We retain
items with at least five annotations and merge repet-
itive comments, resulting in approximately 106k
items.

5.2. Implementation

Data Splits. Each dataset is randomly divided
into training, validation, and test sets, following a
50%, 25%, 25% ratio. It is partitioned at the level
of distinct text instances to prevent any items from
appearing in multiple data spilits.

Model Setting. Models are implemented in
PyTorch, and text inputs are encoded using
the pretrained Sentence-Transformer model a11-
MiniLM-L6-v2* (Reimers and Gurevych, 2019).
To allow fair comparison across different predic-
tion objectives, we keep the model architecture
fixed, including input features, number of hidden
layers, and layer dimensions, for all experiments.
Models are trained with early stopping. Training
is terminated if the validation performance does
not improve for five consecutive epochs. The best-
performing model on the validation set in the train-
ing history is selected for evaluation and reporting.

Baseline Setup. We use the aggregated binary
distribution (where responses greater than (K —
1)/2 for K-class Likert are treated as the positive
class) as a baseline for each dataset, training with
binary cross entropy loss, and compare its predic-
tion with direct variance regression and full Likert
distribution prediction.

Evaluation Protocol. For reliability, each exper-
iment is repeated with five independent random
splitting seeds, and the mean of the evaluation met-
rics is reported as the model performance.

Metric Computation. For the computation of the
opposition index, we treat rating 0 as the low value
and 2 as the high value for three-class Likert ratings,
and treat ratings 0 and 1 as the low-value group
and ratings 3 and 4 as the high-value group for
five-class Likert ratings, representing two opposing
stance camps.

4https ://huggingface.co/
sentence-transformers/all-MiniLM-L6-v2
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Figure 3: Item-level variance grouped by target variance bins: true versus predicted variance.

Model Var MSE| Var Corrt Disagree_F1 1
Offensive

_BinaryCE _ 0.218:0003  0.344 05917 0007
Var Reg 0.195 +0.008 0.389 0.6112 +0.018
EMD 0.227 +0.008 0.393 0.5957 +0.018
EMD+MSE  0.206 =+ 0.003 0.386 0.6071 +o0.018
Cum CE 0.248 +0.006 0.371 0.6076 +0.014
KL Soft 0.251 +0.014 0.372 0.6096 + 0.022
Hate Speech

_BinaryCE__ 0275:0014 0435 0727510014
Var Reg 0.197 +0.003 0.424 0.7233 +0.016
EMD 0.216 +0.019 0.454 0.7365 +0.013
EMD+MSE  0.197 +0.011 0.445 0.7313 +0.017
Cum CE 0.204 +0.008 0.449 0.7408 +0.016
KL Soft 0.206 + 0.008 0.445 0.7371 +0.011
Toxic

_BinaryCE 22080021 0.290  0.9185:0001
Var Reg 1.005 -+ 0.027 0.308 0.9185 + 0.007
EMD 1.179 + 0.060 0.307 0.9186 + 0.008
EMD+MSE  1.087 +0.049 0.303 0.9187 +0.007
Cum CE 1.056 +0.028 0.306 0.9191 +0.007
KL Soft 1.061 +0.012 0.298 0.9191 +0.007

Table 2: Comparison of models for estimating item-

level annotation variance (mean =+ std).

6. Results and Discussion

This section presents the experimental results for
both annotation variance estimation (Section 6.1)

and opposing stance prediction (Section 6.2).

6.1.

Annotation Variance Estimation

Variance Prediction Models predict annotation
variance values with reasonable accuracy. They
achieve a variance MSE of around 0.2 on the 3-
point Likert annotation tasks (Offensive and Hate
Speech), and a variance MSE of approximately 1
for the 5-point Likert task (Toxic). Among all meth-
ods, directly predicting the unbiased variance us-
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ing a regression model achieves the best perfor-
mance. Among models that predict the Likert dis-
tribution and then compute variance, those trained
with the EMD with mean regularization (EMD+MSE)
achieve the second-best performance. They con-
sistently outperform the EMD and KL-soft models.

Prediction across Annotation Variance Bins
Apart from overall performance, we also analyze
variance prediction across bins divided based on
human-annotated variance levels (see Figure 3).

The bin-grouped analysis reveals a similar pat-
tern across models. All variance predictions exhibit
a monotonic trend: items with near-perfect agree-
ment are assigned the lowest predicted variance
scores, and items with higher empirical variance
tend to receive higher predicted variance. However,
the predicted variance values tend to concentrate
around a middle range. The difference between low,
medium, and high variance bins is attenuated. For
instance, the magnitude differences are underesti-
mated for the highest variance category. Models do
not distinguish well between items with moderate
and high variance. It may be due to the relatively
smaller number of examples in these bins for the
offensive and hate speech datasets. For the low-
est variance bins, predicted variance values rarely
reach exactly 0, particularly for distribution-based
models. As a result, the lowest bin is not as low as
the target variance.

Spearman Correlation Models show a moder-
ate positive correlation with human annotation
variance, ranging from approximately 0.3 to 0.45
across three datasets. Some models (e.g., EMD)
trained to predict Likert distributions often achieve
higher Spearman correlations with human annota-
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Figure 4: Opposition index values binned according to target scores.

tion variance compared to regression models that
directly predict the variance. This suggests that
even when variance is not explicitly supervised,
distribution-based training objectives can recover
the annotation variation structure across items. By
contrast, directly regressing the variance can force
the model to overfit the noise in the dataset. In con-
trast, predicting the full rating distribution allows the
model to capture more structured patterns in anno-
tator judgments. Rather than fitting a single sum-
mary statistic, the model learns the overall shape
of the response distribution, providing a richer and
more robust representation of opinion divergence.
However, as expected, the loss function (KL-soft)
that does not account for rating distances performs
the worst, particularly for tasks with more Likert
classes, such as the 5-rating Toxic dataset.

F1Score Fj score in this study measures whether
an item’s annotations exhibit rating differences (that
is, whether the variance is greater than 0). Across
all three datasets, the F1 scores from different mod-
els are generally very similar. On the Offensive
dataset, the Variance Regression model achieves
the highest F1 score (0.611 + 0.018), slightly out-
performing the other models. For hate speech, dis-
tribution prediction with cumulative cross-entropy
loss achieves the best performance. On the Toxic
dataset, all models achieve high (~0.92) and nearly
identical F1 scores, likely because the dataset is
annotated using a 5-point Likert scale, and most
items have variance greater than 0. The imbalance
tendency toward the class of presence of anno-
tation variation (around 85% items) may lead to
most results at class 1 (the presence of annotation
divergence). Overall, the models achieve strong
performance in detecting variation, with F; scores
exceeding 0.6 for nearly all models across the three
datasets.
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6.2. Opposing Stance Prediction

For opposing stances measured by the polariza-
tion index, we group items into intervals based on
their target opposition index values and analyze
the results within each interval.

Ideally, items with higher true opposition val-
ues should also receive higher predicted scores
from models. However, this pattern does not fully
hold. While models successfully distinguish be-
tween items with no opposition (index close to 0)
and items with moderate opposition, they struggle
to capture extreme polarization. For items whose
true opposition index approaches 1, predicted val-
ues tend to remain in a mid-range (approximately
0.4), indicating underestimation of highly polarized
cases.

Several factors may explain this phenomenon.
First, as shown in Figure 4, the number of items in
the highest opposition index bin is relatively small,
which limits the model’s ability to learn stable pat-
terns for extreme polarization when such cases are
rare in the training set.

Secondly, items with a high polarization index are
more prone to noise when a few annotators devi-
ate significantly from the majority. When annotation
noise inflates the opposition index, the resulting pat-
terns may not reflect stable item features, causing
the model to regress toward the mean.

Finally, extreme opposition may partly result from
other factors beyond the text itself, such as an-
notators’ ideological differences, personal experi-
ence, or differing interpretations of the guidelines,
which cannot be inferred from textual features alone.
Across the three datasets, items are labeled by
annotators with diverse socio-demographic back-
grounds, which are not evenly distributed across
items. As a result, certain influences cannot be
fully inferred from item-level features alone.



7. Limitations of Current Experiments

Firstly, although this paper examines the predictabil-
ity of annotation variation from textual features, it
cannot be assumed that the state-of-the-art en-
coder model, which converts texts into embeddings,
perfectly captures all textual information (Lucy and
Gauthier, 2017; Zhang et al., 2024; Zhang and Cél-
tekin, 2024). There can be information loss during
the embedding process, and some linguistic cues
may not be fully represented. Secondly, the num-
ber of annotations per item is limited, which limits
the reliability of opinion divergence and distribu-
tional estimates. Additionally, the observed rating
distributions may be sensitive to sampling noise.
The datasets used in this work are crowd-sourced.
Although crowd-sourced data increases annotator
diversity, it also introduces additional noise, making
human opinion modeling more challenging. Finally,
Likert scales are restricted to three or five cate-
gories in the datasets we experiment with. With few
annotators and coarse-grained scales, the space of
possible variance or distributional values becomes
highly discrete. For example, when only three anno-
tators are available, certain distribution proportions
(e.g.,0.33 or 0.66) occur frequently due to combina-
torial constraints rather than meaningful underlying
differences. This discreteness reduces the granu-
larity of human opinion divergence and can affect
the interpretability of predicted distributions.

8. Conclusion

This study investigates the extent to which anno-
tation variation can be inferred from item-level fea-
tures alone. We explore two aspects of annota-
tion variation: human annotation variance estima-
tion and opposing stances prediction. Our results
show that variance derived from predicted distribu-
tions achieves performance comparable to direct
variance regression when appropriate loss func-
tions, such as Earth Mover’s Distance and its vari-
ant with mean regularization, are used. Beyond
predicting a single summary statistic like variance,
distribution-based approaches can better capture
disagreement structure, such as annotators’ op-
posing stances. To quantify this, we propose the
opposition index and demonstrate its use across
three datasets. These findings have practical im-
plications for future annotation design: resources
can be allocated more efficiently by assigning more
annotators to items likely to exhibit opinion diver-
gence, while reducing effort on items with clear
consensus.
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