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Abstract

Recent studies show that many NLP tasks con-
tain instances with annotation disagreement
and multiple valid perspectives. Modeling
these perspectives and understanding their asso-
ciation with socio-demographic attributes has
also received growing attention. In this work,
we propose a novel architecture that jointly
models annotator perspectives and learns anno-
tators’ socio-demographic representations from
their annotation patterns. Our approach not
only improves the performance of hate speech
and toxic content prediction but also produces
meaningful socio-demographic representations.
These representations enable further analysis
and visualization of the relationships between
socio-demographic attributes and variations in
annotators’ perspectives.

1 Introduction

Recent studies have shown that human annotation
disagreement, and the underlying variation in an-
notators’ perspectives are widespread across many
NLP tasks. A growing body of work (Plank, 2022;
Uma et al., 2021; Cabitza et al., 2023; Leonardelli
et al., 2023; Wang et al., 2023; Pham et al., 2023;
Zhang, 2025) emphasizes that many annotation in-
stances do not have a single “ground truth”, as
humans often hold different perspectives on the
same task. This phenomenon occurs not only in
subjective tasks, such as hate speech and offen-
sive content detection (Sap et al., 2022; Sang and
Stanton, 2022; Waseem, 2016; Anand et al., 2024),
irony detection (Casola et al., 2024) and natural
language inference (Jiang and de Marneffe, 2022;
Huang and Yang, 2023; Gruber et al., 2024; Lee
et al., 2023), but also in tasks traditionally consid-
ered less subjective, such as part-of-speech tagging
(Plank et al., 2014) and in legal domain annotation
(Xu et al., 2023; Braun, 2024).

Numerous studies highlight that individuals’ per-
spectives are influenced by their experiences and

cultural contexts (Larimore et al., 2021; Huang and
Yang, 2023; Luo et al., 2020). Accordingly, the re-
lationship between annotators’ socio-demographic
characteristics and their annotation behavior has
received increasing attention. More recently, re-
search has extended perspective modeling to the
domain of LLM alignment, investigating how large
language models respond to or emulate different
socio-demographic viewpoints (Salemi et al., 2024;
Lee et al., 2023; Schéfer et al., 2024; Muscato et al.,
2024; Santurkar et al., 2023; Hu and Collier, 2024;
Feng et al., 2024).

Despite these advances, pitfalls remain in ana-
lyzing the role of socio-demographic features in
perspective modeling. Prior research often ex-
amines annotator subgroups using a single socio-
demographic attribute at a time, such as gender, and
analyzes the statistical difference between its sub-
categories (e.g., Female and Male). This approach
can be problematic because a single attribute alone
cannot capture the complex interplay of experi-
ences and social context that shapes an annotator’s
perspective. Instead, richer combinations of socio-
demographic attributes are more likely to reflect
the nuanced experiences and social environments,
and capture the diversity of perspectives.

In this work, we adopt a machine learning ap-
proach to analyze annotators’ socio-demographic
attributes and address the following research ques-
tions:

* Research Question 1: Do socio-demographic
features contribute to perspective prediction
in subjective NLP tasks? Specifically, does
incorporating socio-demographic information
into model inputs improve prediction perfor-
mance compared to text-only models?

e Research Question 2: How should socio-
demographic features be encoded and inte-
grated with textual representations to enhance
model performance?



As a key contribution of this work, we propose
Socio-Contrastive Modeling (SCM), a novel ar-
chitecture that jointly learns (1) annotators’ socio-
demographic representations inferred from their
labeling behavior and (2) annotator-specific label
predictions. SCM outperforms existing architec-
tures while simultaneously producing annotators’
socio-demographic representations that facilitate
analysis of their association with perspective varia-
tion.

2 Related Studies

In this section, we review prior work in model-
ing individual perspectives. Section 2.1 focuses
on methods for predicting individual annotators’
labels without using socio-demographic features,
while Section 2.2 examines approaches that in-
corporate socio-demographic information into the
learning process.

2.1 Individual Perspective Modeling

To predict the perspectives or opinions of indi-
vidual annotators, modeling each annotator’s la-
bels directly, rather than aggregating via major-
ity vote, has been shown to improve performance
(Mostafazadeh Davani et al., 2022; Uma et al.,
2021; Mokhberian et al., 2024).

Kanclerz et al. (2021) employ personalized ap-
proaches, such as embeddings derived from par-
tial text annotations. They show that even a small
number of annotations on highly controversial
data is sufficient for their personalization meth-
ods to significantly outperform generalized mod-
els. Mostafazadeh Davani et al. (2022) introduce
three methods for modeling annotation variations.
The ensemble method models aggregated predic-
tions from each annotator, where individual neural
networks independently predict each annotator’s
response. The multi-label approach presents all
annotators’ labels as a target vector, with each di-
mension representing a specific annotator’s label.
In the multi-task approach, fully connected layers
are connected to separate heads, with each head
corresponding to an annotator’s label. Mokhbe-
rian et al. (2024) uses an embedding layer for
socio-demographic representation training, which
is summed with text embeddings to improve pre-
diction on subjective tasks.

2.2 Socio-Demographics Enriched Modeling

Many studies show that certain socio-demographic
features of annotators are associated with their an-

notated labels. Huang and Yang (2023) identify
differences in culture-related natural language in-
ference judgments between annotators from the
United States and India. Larimore et al. (2021)
report significant differences between white and
non-white annotators in their ratings of racist lan-
guage.

In the context of socio-demographic enriched
learning, Jury Learning (Gordon et al., 2022) mod-
els individual annotators. Final predictions are ag-
gregated via a sampling process with a predefined
demographic composition. It enables practitioners
to control which groups’ perspectives are reflected
in the final predictions and in what proportion.

Orlikowski et al. (2023) investigate the influence
of socio-demographic features by grouping annota-
tors according to a single attribute (e.g., age) and
employing group-specific layers for each subcat-
egory (e.g., Age 25-34, Age 35-44, etc.). Each
group layer is connected to the output heads of
the annotators within that group. Their results
do not show performance improvement compared
to the baseline model which does not use socio-
demographic features, as well as randomly mixed
attribute groups, and they conclude that annotation
patterns cannot be explained by socio-demographic
attributes. However, using the same dataset, our
study arrives at a conclusion different from that
in Orlikowski et al. (2023). We find that incor-
porating richer combinations (instead of an indi-
vidual attribute in isolation) of socio-demographic
attributes reveals a substantial contribution of socio-
demographic information to modeling and explain-
ing annotation variation.

3 Methodology

This section describes the methods used to an-
swer two research questions proposed in Sec-
tion 1. To answer the first question: whether socio-
demographic features play a role in perspective pre-
diction, we experiment with model architectures in
the following two categories:

Category 1: Models that do not use socio-
demographic features:

» Simple Model: This model uses only the text
embedding as input and employs a multilayer
perceptron (MLP) to predict labels. When a
text item is annotated by multiple annotators,
their annotations are aggregated to a single
label.



e Multi-Task Model: This model also uses
text embeddings as input but predicts each
annotator’s label in a multi-task setup as
Mostafazadeh Davani et al. (2022). The ar-
chitecture consists of shared layers for all an-
notators, followed by separate output heads
for each annotator.

Category 2: Models that leverage socio-
demographic features. We evaluate two commonly
used methods and introduce a novel approach for
encoding annotators’ socio-demographic features.
The resulting socio-demographic representations
are concatenated with text embeddings to predict
each annotator’s labels.

¢ Multi-Hot Encoding: Annotators’ socio-
demographic features are represented as multi-
hot vectors, with each socio-demographic fea-
ture encoded as a set of one-hot encoding and
combined into a single multi-hot representa-
tion. This representation is then concatenated
with text embeddings and used as input to the
model.

¢ Socio-Demographic Embedding: Each
socio-demographic feature is encoded as a
sentence embedding using a pretrained sen-
tence embedding model (as illustrated in Ap-
pendix A), the same model used to gen-
erate text embeddings. It embeds socio-
demographic features and textual representa-
tions into a common vector space, enabling
interaction between socio-demographic at-
tributes and textual content.

¢ Contrastive Representation (Our Method):
As shown in Figure 1, multi-hot socio-
demographic encodings are first projected into
a learnable space and tuned via a contrastive
loss (see Section 4 for model details) to cap-
ture annotator-specific patterns. The resulting
representations are concatenated with text em-
beddings to predict labels.

4 Socio-Contrastive Modeling

We propose a novel model architecture: Socio-
Contrastive Modeling. Its primary objective is
to predict annotator labels. Simultaneously, the
model refines socio-demographic representations
with contrastive loss based on each annotator’s la-
bels, allowing the representation to capture annota-
tion patterns.

Annotator Features: Text Content:

Female, Bachelor, Age 25, - “-- wants me to be his avatar "

[muLTI-HOT ENCODING| [ TEXT EMBEDDING

v

Contrastive Loss at Cross Entropy Loss

Figure 1: Socio-Contrastive Model Architecture

4.1 Motivation

We hypothesize that, for certain subjective tasks,
an individual’s perspective, reflected in their anno-
tations on text items, is associated with the socio-
demographic groups to which they belong. In other
words, the probability of correctly predicting an an-
notator’s label is higher when their detailed socio-
demographic attributes are available. Formally, let
y = arg max, P(y | -) denote the predicted label
and y the true label. We posit that:

P(g = y | text, socio-demo) > P(y = y | text)

We hypothesize that socio-demographic attributes
are not equally predictive of annotators’ perspec-
tives. Certain attributes may be more closely associ-
ated with specific judgment patterns, while others
may contribute weaker signals. To amplify the
most informative attributes, we apply contrastive
learning to refine socio-demographic representa-
tions based on annotation similarity, encouraging
representations to be closer for annotators with sim-
ilar annotation patterns and farther apart otherwise.

4.2 Model Design

The input to the model consists of two compo-
nents: a multi-hot encoding of the annotator’s
socio-demographic features, and a pretrained text
embedding. Before concatenation, the multi-hot
socio-demographic vector is projected to additional



fully connected layers to obtain a dense represen-
tation. The primary task of the model is to predict
each annotator’s label, using a cross-entropy loss.
In parallel, the model also learns to optimize the
socio-demographic representations through a con-
trastive loss, which guides the representations to
capture annotation patterns.

4.3 Contrastive Representation Learning

We apply contrastive loss to learn annotators’ socio-
demographic representations. For a given text, an-
notators who provide the same label are treated as
positive cases, and annotators who provide differ-
ent labels serve as negative cases.

Standard contrastive learning, such as the stan-
dard InfoNCE loss, typically operates by predefin-
ing positive and negative pairs. Its training often as-
sumes a fixed number of positive and negative cases
(often in pairs or triples). Crowdsourced datasets,
however, pose several challenges. Texts are anno-
tated by a variable number of annotators, ranging
from a few to more than 100. The number of posi-
tive and negative cases often differs across items.
For instance, items with perfect agreement have no
negative pairs. Excluding such items would discard
useful information and reduce the effectiveness of
perspective modeling.

To address these issues, we design a flexible
contrastive learning scheme tailored for socio-
demographic representation learning. In our ap-
proach, the contrastive learning is performed within
each batch. We prioritize data items with the same
text ID (same text annotated by multiple annota-
tors) into the same batch. If the number of annota-
tors for a text is smaller than the batch size, other
texts are included to fill the batch; if it exceeds the
batch size, the remaining annotations are processed
in subsequent batches. During training, only an-
notations for the same text are considered for the
contrastive loss; annotations from other texts are
masked.

Within a batch, for negative pairs, annotators
who disagree on a label, the loss is weighted by the
similarity of their socio-demographic representa-
tions, pushing them apart. For positive pairs, an-
notators who agree on a label, the loss is weighted
by the dissimilarity of their representations, pulling
them closer. A detailed description of the algorithm
is presented in Appendix B.

Data Split Text  Uniq. Text Ann. Labels
T
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@ 12,763 N
2 4,415
H
£ Test(30%) 10,359 2,670 2,263 ’
s 5,944 N
10,895
Train (60%) 25,556 4,638 3,517 ’
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H = Hate Speech; T = Toxic; N = Non HateSpeech / Toxic.

Ann. = Annotator Size. For the hate speech dataset, 2262
annotators in the testset overlap with the train set. For the toxic
dataset, 1765 annotators in the testset overlap with trainset.

Table 1: Dataset statistics for the hate speech and toxic
content classification tasks.

S Experiments

This section presents the datasets and implementa-
tion details used in our experiments.

5.1 Datasets

We conduct our study using two crowd-annotated
datasets that include rich socio-demographic meta-
data about the annotators: a hate speech dataset
(Kennedy et al., 2020) and a toxicity dataset (Ku-
mar et al., 2021). Prior work (Gordon et al., 2022;
Orlikowski et al., 2023) has documented substan-
tial annotation disagreement in both tasks.

Both datasets provide the following socio-
demographic attributes of annotators: education,
political ideology, age, gender, race, and sexual-
ity. Additionally, the toxicity dataset includes the
annotator’s income range and self-reported impor-
tance of religions. The hate speech dataset includes
whether the annotator is a parent. These variables
serve as the socio-demographic features used in
our modeling.

We remove items with too few annotators (fewer
than 2 for hate speech, and fewer than 4 for the
toxic dataset) as well as annotations from anno-
tators who contributed an insufficient number of
labels (fewer than 20 for both datasets). After pre-
processing, the hate speech dataset contains 6,227
unique texts and the toxicity dataset contains 4,638
unique texts. On average, each text is annotated
by ~4 annotators for hate speech and ~6 annotators
for toxic detection. Both datasets were originally
annotated using Likert-style scales. To evaluate our
socio-demographic contribution and direct compar-
ison with baseline models, we convert them to bi-



Model Hate Speech Toxic
Precision Recall F1 Precision Recall F1
Simple Model 0.438 +o0046  0.395 +0065 0.415 +0052  0.453 +000s 0.525 +0.041  0.486 +0.019
Multi-Task 0.670 £0028 0.565 +0.108 0.608 +0074 0.614 £0005 0.487 +0012 0.543 +0.006
" Socio Multi-Hot ~ 0.759 0000 0.629 002 0.687 <0026 0.626 +o011  0.607 +003  0.616 0009
Socio Embedding 0.750 £0.013  0.655 +0031  0.699 +0015 0.666 +0015 0.596 +003 0.628 +o0.013
Socio Contrastive (Ours) 0.729 +0037  0.727 0068  0.725 £00m8  0.625 £o0013 0.667 £0027 0.645 + 0.008

Table 2: Performance comparison of five models on hate speech and toxicity classification (mean * standard
deviation). The best F; scores are highlighted in bold. Models above the dashed line do not use socio-demographic
features, while models below the dashed line incorporate socio-demographic features.

nary labels by mapping a score of O to the non-hate
or non-toxic class and any score above 0 to the hate
or toxic class. Train set and test set splits are per-
formed using unique text IDs to prevent text-level
leakage between training and evaluation. Table 1
presents detailed statistics for both datasets.

5.2 Implement Details

All models are implemented with PyTorch (Paszke
etal., 2019).

Input Representations. Text inputs are encoded
using the pretrained sentence-transformer model
all-MinilM-L6-v2! (Reimers and Gurevych,
2019). This model is also used to convert socio-
demographic attributes into embeddings in the
Socio-Embedding Model.

Loss and Optimization. For hate speech and tox-
icity prediction, we use cross-entropy as the objec-
tive function. For our contrastive model, we com-
bine our customized contrastive loss with the cross-
entropy loss, weighting both objectives equally.
Model parameters are optimized using the Adam
(Kingma, 2014) optimizer.

Training Procedure. Each model is trained un-
der multiple hyperparameter configurations and
different training epochs to determine the optimal
setup. After selecting the optimal hyperparameters,
we train each model for six independent runs and
report the mean performance and standard devia-
tion across these runs.

Evaluation Metrics. Given the presence of anno-
tation disagreement and our focus on modeling indi-
vidual annotator perspectives, we evaluate models
on their ability to predict labels for each annotator
rather than aggregated or majority-vote labels. We

1https://huggingface.co/sentence—transformers/
all-MinilM-L6-v2

use a threshold of 0.5 on the sigmoid outputs to as-
sign binary labels (hate vs. non-hate, toxic vs. non-
toxic) and compute precision, recall, and F;. We
additionally present the AUC-ROC, which assesses
the model’s ranking ability by measuring how well
it separates positive and negative instances across
all possible decision thresholds.

6 Results and Discussion

Our results indicate that incorporating annotators’
socio-demographic features significantly improves
the prediction of individual labels for both the hate
speech and toxicity datasets. As shown in Table 2,
models that leverage socio-demographic informa-
tion consistently outperform those that rely on tex-
tual input alone.

The socio-embedding model, which encodes
socio-demographic attributes as embeddings from
a pre-trained model, achieves higher predictive ac-
curacy than the multi-hot model. Notably, our con-
trastively trained socio-demographic model attains
the best overall performance, achieving an F; score
of 0.725 on the hate speech dataset and 0.645 on
the toxicity dataset.

Figure 2 presents the ROC curves of all five mod-
els. The trend observed in ROC analysis aligns with
the F; results: models without socio-demographic
features (simple model and multi-task model) show
limited capability in classifying hate speech and
toxic content. Among models incorporating socio-
demographic information, embedding-based mod-
els and our contrastive model demonstrate compa-
rable ROC performance. Both approaches outper-
form the multi-hot encoding model, suggesting that
dense embedding representations more effectively
capture the influence of annotator characteristics.
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Figure 2: ROC curve: the prediction performance of five
models

6.1 Analysis of Model Architecture

For models that do not incorporate socio-
demographic features, like the simple model, which
uses aggregated labels as training targets, perform
poorly in predicting individual annotator labels.
This result highlights the importance of modeling
unaggregated annotations to capture diverse per-
spectives.

The multitask architecture proposed by
Mostafazadeh Davani et al. (2022) predicts each
annotator’s labels via a separate output head,
underperforms compared to socio-demographic
enriched models. The multi-task model requires
sufficient data for each annotator in order to
effectively train annotator specific head. However,
datasets collected from crowdsourcing platforms
typically involve many annotators, with each
contributing only a small number of annotations
(often around 20 or fewer after noise filtering
and train-test splitting). Under these conditions,
the multitask architecture is not suitable for the
setting with many annotators but limited data per
annotator. Moreover, assigning an independent
output head to each annotator is computationally
expensive, particularly given that both datasets
contain over 2,000 annotators.

This limitation also explains one of the rea-
sons that Orlikowski et al. (2023) reported
no performance gains from incorporating socio-
demographic features. Their approach employed
a similar per-annotator head architecture, which,
under conditions of limited training data per an-
notator, restricts both the baseline and proposed
models from learning meaningful annotation pat-
terns. Furthermore, annotation behavior is rarely
determined by a single socio-demographic factor.
Orlikowski et al. (2023) model annotators using

group-specific layers that represent individual at-
tributes independently (e.g., gender in isolation).
Our findings indicate that richer combinations of
socio-demographic attributes provide more infor-
mative signals: even a simple multi-hot encoding
of eight socio-demographic attributes yields mea-
surable improvements in predictive performance.

6.2 Analysis of Socio-demographic Encoding

Compared to multi-hot encoding, socio-
demographic embeddings demonstrate better
results. This improvement is likely because
embeddings capture the interaction between
socio-demographic attributes and text content,
by encoding and projecting socio-demographic
attributes into a vector space that aligns with the
text embeddings.

Our approach leverages contrastively learned
socio-demographic representations. This strat-
egy reduces the redundant semantic information
as in socio-demographic embeddings obtained
from a pretrained model, while amplifying socio-
demographic signals that are more closely associ-
ated with annotation patterns. By doing so, it en-
hances the efficiency of interaction between socio-
demographic information and textual representa-
tions.

7 Socio-Demographic Contributions

Our model architecture offers an additional advan-
tage by representing each unique combination of
socio-demographic features with a vector. Because
these vectors are optimized contrastively based on
annotators’ labeling behavior, annotators who con-
sistently disagree on the same items are pushed far-
ther apart in the representation space during train-
ing. The resulting distances between annotator vec-
tors serve as an interpretable signal of perspective
divergence, enabling analysis of how specific socio-
demographic attributes contribute to differences in
annotation behavior. To examine these contribu-
tions, we employ two complementary approaches:
(1) visualization of the learned representations, and
(2) statistical analysis of distances across socio-
demographic groups.

7.1 Representation Visualization

After the contrastive model is trained, we obtain
learned vector representations for each unique an-
notator in the dataset (2,316 in the hatespeech data
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Figure 3: Visualization of Contrastively Learned Socio-Demographic Representations for the Hatespeech Dataset
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Figure 4: Visualization of Contrastively Learned Socio-Demographic Representations for the Toxic Dataset

and 4,408 in the toxic data). We apply UMAP?
(Mclnnes et al., 2018) for dimensionality reduc-
tion and project the annotator vectors into a two-
dimensional space.

Hatespeech Dataset As shown in Figure 3, sev-
eral socio-demographic attributes exhibit meaning-
ful geographical patterns. Gender displays a no-
ticeable degree of separation, with “Female” and
“Male” annotators forming distinct regions in the
embedding space. In the plot for education level,
the “College” subgroup forms a more compact
and distinguishable cluster compared to other cate-
gories. Income groups exhibit partial separation as
well, suggesting that socio-economic background
is correlated with differences in annotators’ per-
spectives on hate speech in subtle but detectable
ways.

Toxic Dataset In Figure 4, annotators who con-
sider religion to be important versus not important
form clearly separated regions in the vector space,
indicating a strong correlation between attitudes
toward religion and their perspectives on toxic
content. Education produces a clear structure as
well, with Bachelor’s, Master’s, Some College, and
Associate-level annotators arranged in an orderly
left-to-right pattern. This pattern indicates that an-

2https://umap.org.cn/en/latest/

notators with similar educational backgrounds tend
to share more aligned annotation styles or perspec-
tives on toxic content.

Both Datasets Among all features visualized in
Figure 3 and Figure 4, race consistently shows the
least interpretable clustering: white and non-white
annotators are highly intermixed in both datasets.
This suggests that race contributes minimally to
the perspective variation captured by the learned
representations, at least within the contexts of hate-
speech and toxic annotation tasks.

7.2 Statistical Analysis of Representation

While the visualizations provide an intuitive view
of how socio-demographic attributes relate to the
learned representation space, dimensionality reduc-
tion inevitably discards some information. More-
over, for features with many subcategories (e.g.,
age groups, Figure 5 and Figure 6 in Appendix C),
the resulting plots become difficult to interpret. To
complement the visualization results, we quantita-
tively analyze the structure of socio-demographic
representations.

For each annotator, we measure the probabil-
ity that its nearest neighbors share the same socio-
demographic attribute as the selected annotator vec-
tor, computing the ratio of (1) the probability ob-
served in the learned representation space, and (2)


https://umap.org.cn/en/latest/

Hate Speech

Toxic Content

Attribute
Observed Random Ratio Observed Random Ratio

Education 0.631 0007  0.244 £o000s 2.590 +0045 0.702 +0005 0.246 +0004 2.857 +0.045
Political Ideology 0.415 +0006  0.162 +0002  2.566 +0037 0.794 +0004 0.347 +0002 2.285 +0.019
Income 0.710 £ 0006  0.343 +0005 2.070 +0.024 - - -

Age Group 0.466 0005 0.232 +0004 2.015 +0030 0.678 +0005 0.251 +0004 2.701 +0.035
Religion Importance - - - 0.882 +0003 0.506 +0002 1.743 +0.008
Gender 0.827 £o0004 0.503 0004 1.645 0013 0.823 £oo04 0.496 £o0001 1.659 +0.008
Parental Status - - - 0.820 £ 0003 0.501 +o0001 1.636 +0.007
Race 0.827 +0005 0.685 +o010 1.208 +o0012  0.829 +0005 0.589 +0000 1.409 +oo018
Sexuality 0.903 +0003 0.777 0010  1.162 +0013  0.926 +0003 0.762 +0009 1.216 +o0.012

" Transgender 0.968 +0002 0974 +0005s 0994 o003 - -

Note: Values are presented as mean + standard deviation. “Observed” = the observed probability that nearest neighbors share the
same attribute. “Random” = the expected probability by chance. “Ratio” = Observed / Random. Above the dashed line: Ratio >

1; Below the dashed line: Ratio < 1.

Table 3: Analysis of Annotator Socio-Demographics

the probability expected by chance. We apply boot-
strap sampling with replacement (1,000 iterations)
over annotators and obtain the statistics.

Observed Probability For each annotator vector
1, we retrieve its k& = 50 nearest neighbors and
compute the proportion that share the same socio-
demographic attribute. We then average this value
across all annotators, expressed as:

1 & |{j € neighbors of i : attr; = attr; }|
N2 a

A )

Fops =

i=1
where NN is the total number of annotators.

Expected Probability by Chance (McPherson
et al., 2001) If annotator positions were random in
the space, the probability that sampled annotators
belong to the same category c is determined solely
by its relative frequency. Thus, the expected prob-
ability that two randomly selected annotators fall
into the same category by chance is:

Pehance = Z Pr(annotator in category c)* 2)

ceC
where C' is the set of subcategories of a socio-
demographic attribute, and c indexes each subcate-

gory.

Homophily Ratio To quantify the degree of
socio-demographic pattern in the learned space,
we compute:

P
Ratio = —©obs (3)

chance

A Ratio > 1 indicates that the same socio-
demographic attributes are more clustered than

expected by chance, while a Ratio ~ 1 indi-
cates random mixing of subcategories of a socio-
demographic attribute.

As shown in Table 3, education exhibits the high-
est ratio in both datasets, followed by ideology,
indicating that these two socio-demographic at-
tributes are most strongly associated with variation
in annotator perspectives. Most socio-demographic
features exhibit ratios greater than 1, indicating
that they effectively contribute to modeling hate-
speech or toxicity judgments, though to varying
degrees. Among all features, the observed proba-
bility for "transgender" is lower than expected by
chance. This may be due to the limited number
of transgender annotators (fewer than 5% of the
annotator pool), resulting in patterns that are not
well captured.

8 Conclusion

This study demonstrates that incorporating socio-
demographic attributes can enhance models’ per-
formance of hatespeech and toxicity classification.
The method to encode these attributes also affects
model performance. Our proposed contrastive rep-
resentation outperforms both multi-hot encoding
and socio-demographic embeddings. Furthermore,
we analyze the correlation of socio-demographic
attributes with annotator perspectives. The results
show that several socio-demographic factors are as-
sociated with toxic and hate speech perspectives to
varying degrees, with education and political ideol-
ogy as particularly strong indicators of perspective
variation.



Limitations

Our investigation into the role of socio-
demographic features in perspective modeling is
subject to several constraints. First, large-scale
datasets that are annotated by diverse populations
and include rich, reliable socio-demographic
metadata remain scarce. This prevents us from
experimenting on broader and more diverse
datasets. Second, our analysis is restricted by the
set of socio-demographic attributes provided by
the original datasets. Although these attributes
provide an initial lens on variation across groups,
additional socio-demographic dimensions remain
unexplored if they are potentially relevant to
perspective differences. Finally, for many data
collection efforts, particularly those involving
more “objective” tasks, socio-demographic
information is typically not collected under the
assumption that such tasks are unaffected by
demographic factors. As a result, we are unable
to systematically compare how the contribution
of socio-demographic features to perspective
modeling varies across task types.
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A Pretrained Embedding Model Usage

from sentence_transformers

SentenceTransformer

import
sentence_bert = SentenceTransformer ("all
—MiniLM-L6-v2")

text = "gender:Female"

# Encode the text into a vector
embedding = sentence_bert.encode(text)
print (embedding)

The output is a numerical vector of fixed length
(384 dimensions). In the Socio-Embedding Model,
each socio-demographic attribute (e.g., “gender:
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Female”) is encoded as an individual vector. The
combination of socio-demographic attributes is rep-
resented by concatenating these individual vectors.
Text inputs are encoded using the same pretrained
model.

B Contrastive Loss in a Batch

Algorithm 1

Contrastive Loss for Socio-Demographic Representation

Input: Socio-Demo Embeddings E € RE*9,
Annotator Labels y € RB,
Text Identifiers t € RZ,

Temperature 7.
Output: Loss value £
1: B < batch size
2: Compute similarity matrix of socio-demo embed-
dings:

EE"
-

3: S«

4: Compute text-matching mask:

1 t;=t;

5: Miex[i, j] = T
i J] 0 otherwise

6: Positive mask (same text, same label):
7: Mpos — Miex: - H(yz = yj)

8: Remove diagonal:

9: Mypes  Mpos - (1 = 1)
10: Loss for positive cases:
2. log Softmax($S) - Mpos

11:
max (> Mpos, 1)

Lpos

12:
13:

Negative mask (same text, different label):
Mg = Miext - 1(ys # y5)

: Loss for negtive cases:
>~ Softmax(S) - Myeg

15:
max(d Mg, 1)

Loeg

16: return £ = ﬁpos + ﬁncg
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882 C Visualization of Additional Socio-demographic Attributes
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Figure 5: Visualization of Socio-Demographic Representation on the Hatespeech Dataset
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Figure 6: Visualization of Socio-Demographic Representation on the Toxic Dataset
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