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Abstract. The automated detection of hate speech is a critical but dif-
ficult task due to its subjective, behavior-driven nature, which leads to
frequent annotator disagreement. While advanced models (e.g., trans-
formers) are state-of-the-art, it is unclear how their performance is af-
fected by the methodological choice of label aggregation (e.g., majority
vote vs. unanimous agreement) and task complexity. We conduct a 2x2
quasi-experimental study to measure the compounding impact of these
two factors: Labeling Strategy (low-ambiguity “Pure” data vs. high-
ambiguity “Majority” data) and Task Granularity (Binary vs. Multi-
class). We evaluate five models (Logistic Regression, Random Forest,
Light Gradient Boosting Machine [LightGBM], Gated Recurrent Unit
[GRU], and A Lite BERT [ALBERT]) across four quadrants derived
from the HateXplain dataset. We find that (1) ALBERT is the top-
performing model in all conditions, achieving its peak F1-Score (0.8165)
on the “Pure” multi-class task. (2) Label ambiguity is strongly associ-
ated with performance loss; ALBERT’s F1-Score drops by ~15.6% (from
0.8165 to 0.6894) when trained on the higher-disagreement “Majority”
data in the multi-class setting. (3) This negative effect is compounded
by task complexity, with the performance drop being nearly twice as se-
vere for the multi-class task as for the binary task. A sensitivity analysis
confirmed this drop is not an artifact of sample size. We conclude that
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in HateXplain, behavioral label ambiguity is a more significant bottle-
neck to model performance than model architecture, providing strong
evidence for a data-centric approach.

Keywords: Hate Speech Detection - Behavioral Data Science - Label Am-
biguity - Transformer Models - Text Classification

1 Introduction

The automated detection of hate speech is a critical challenge for online platform
governance and social science research (Mansur, Omar, & Tiun, 2023). While
deep learning models, particularly transformers, have become the state-of-the-
art approach (Malik, Qiao, Pang, & van den Hengel, 2025), their performance
is fundamentally dependent on the quality of the human-annotated data used
for training. Unlike objective classification tasks like spam detection (Xu et al.,
2025), identifying hate speech is a subjective, behavior-driven task. Hate speech
is nuanced, context-dependent, and culturally specific, leading to significant and
unavoidable disagreements among human annotators (Mathew et al., 2021).
This ‘behavioral ambiguity’ is a core problem in many applied data science
fields, including the detection of fake news (Alghamdi, Lin, & Luo, 2023; Shah
& Patel, 2025; Tanvir, Mahir, Akhter, & Huq, 2019; Tian, Xu, Cao, Wang, &
Wei, 2025) and the monitoring of mental illness on social media (Cao et al.,
2025; Ding et al., 2025; Zhang et al., 2025). A common method for resolving this
ambiguity is to aggregate labels using a ‘majority vote’. However, this approach
can be problematic, as it masks underlying disagreement and treats highly con-
tested labels with the same certainty as those with unanimous agreement. This
introduces significant label noise, which can degrade model performance.
Existing studies on hate-speech detection span both classical feature-based
pipelines and modern neural architectures. For example, Davidson, Warmsley,
Macy, and Weber (2017) study a three-class taxonomy (hate/offensive/neither)
and report strong overall performance (overall precision = 0.91, recall = 0.90, F1
= 0.90), while showing that the hate class remains substantially harder (hate-
class precision = 0.44; recall = 0.61). On the HateXplain benchmark (the same
corpus used in this study), Mathew et al. (2021) report transformer-based base-
lines, including BERT with macro F1 = 0.674 and area under the receiver oper-
ating characteristic curve (AUROC) = 0.843, and a rationale-supervised variant
(BERT-HateXplain) with macro F1 = 0.687 and AUROC = 0.851. Because our
goal is not to introduce a new architecture but to quantify how label aggregation
and task granularity change achievable performance under a fixed pipeline, we fo-
cus on within-corpus comparisons across our four experimental conditions rather
than direct head-to-head benchmarking against heterogeneous prior pipelines.
Although it is well documented that label noise can reduce supervised clas-
sification performance and that multi-class text classification is generally more
difficult than binary classification, these general observations are not yet suffi-
cient for behavioral hate-speech annotation settings. In such settings, annotator
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disagreement often reflects systematic ambiguity in human judgment rather than
purely random error, and aggregation choices (e.g., unanimous filtering vs. ma-
jority vote) implicitly change the data-generating process. Moreover, prior stud-
ies rarely isolate whether task granularity interacts with disagreement-driven
ambiguity to yield a compounding effect under a controlled design that holds
the modeling and evaluation pipeline constant.

The central novelty is the explicit estimation of a compounding (interaction)
effect, rather than only reporting that ambiguity and complexity each reduce
performance in isolation. In particular, we contribute a design-based evaluation
that treats label aggregation strategy as a primary methodological factor and
estimates both main effects and an ambiguity x granularity interaction. Specifi-
cally, we use a 2x2 quasi-experimental framework crossing (i) labeling strategy
(unanimous ‘Pure’ vs. majority-vote ‘Majority’) and (ii) task granularity (bi-
nary vs. multi-class), while keeping the model suite and evaluation protocol
fixed across conditions. This positioning shifts the contribution from the general
claim that ‘label noise hurts’ to an explicit characterization of when and how
strongly behavioral ambiguity becomes a bottleneck as task definitions become
more fine-grained.

Guided by this objective, we structure our inquiry around three research
questions. First, we establish a baseline performance (RQ1) by evaluating clas-
sical and deep learning models on ‘Pure’ (unanimous agreement) data. We then
measure how model performance changes (RQ2) when the models are trained
instead on ‘Majority’ (ambiguous, high-noise) data. Finally, we explore whether
task complexity (Binary vs. Multi-class) compounds the negative effects of label
ambiguity (RQ3).

To answer these questions, we evaluate five models (Logistic Regression, Ran-
dom Forest, Light Gradient Boosting Machine [LightGBM], Gated Recurrent
Unit [GRU], and A Lite BERT [ALBERT]) across four distinct datasets derived
from the HateXplain corpus (Mathew et al., 2021). Our results demonstrate
that while the ALBERT transformer is the top-performing model in all condi-
tions, its performance is (1) highest on ‘Pure’ data, (2) significantly degraded
by ‘Majority’ data ambiguity, and (3) further compounded by the combination
of ambiguity and task complexity. We conclude that data quality, rooted in be-
havioral agreement, is a more significant bottleneck than model architecture for
this task.

2 Methods

To systematically investigate our research questions (RQs) on the impact of
label ambiguity and task complexity, we designed and executed a 2 X 2 quasi-
experimental study. The design is quasi-experimental in the sense that factor
levels are induced by curating subsets of an existing annotated corpus rather
than by randomly assigning instances to conditions. This framework allowed us
to isolate and measure the effects of these two key variables on the performance
of a diverse range of machine learning (ML) and deep learning (DL) models.
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All experiments were conducted in a Python 3 environment, primarily using
Google Colab with NVIDIA T4 GPUs. The implementation relied on pandas
for data management, scikit-learn and lightgbm for classical ML models,
PyTorch for the recurrent neural network, and the Transformers library for the
ALBERT model (G. Lan, Inan, et al., 2025; G. Lan, Zhang, et al., 2025).

2.1 Experimental Design

Our methodology is built around the three Research Questions (RQs) introduced
in Section 1 that investigate the interplay between model choice, label ambiguity,
and task granularity. To test our hypotheses, we structured our study around
two primary factors, creating four distinct experimental quadrants.

The first factor is the Labeling Strategy (Behavioral Dimension), which di-
rectly tests the impact of annotator disagreement (i.e., behavioral ambiguity).
We defined two levels for this factor. The Pure condition represents a low-noise,
high-agreement scenario using only data with unanimous annotator agreement.
Conversely, the Majority condition represents a higher-noise, higher-ambiguity
scenario using a simple majority vote, which mixes clear and contested labels.
We use the term label ambiguity to emphasize that disagreements may reflect
systematic differences in human judgment rather than random mistakes; in su-
pervised learning, this manifests as label noise when a single aggregated hard la-
bel is used for training despite disagreement. We note that this labeling-strategy
factor is induced by deterministic filtering on annotator agreement rather than
randomized assignment. Deterministic filtering selects examples based on an ex-
plicit rule (here, agreement level) rather than by random sampling; as a result,
the resulting subsets can differ systematically in text difficulty and other prop-
erties, introducing distribution shift between conditions. As a result, the ‘Pure’
and ‘Majority’ subsets may differ not only in target ambiguity (label uncer-
tainty), but also in the distribution of inputs (covariate shift). In particular,
unanimous cases are plausibly enriched for more prototypical or straightforward
examples, whereas majority-vote cases may include more borderline, context-
dependent, or otherwise difficult instances that elicit disagreement. Therefore,
the Pure-Majority contrast should be interpreted as a quasi-experimental op-
erationalization of behavioral ambiguity that may also correlate with inherent
text difficulty.

The second factor is Task Granularity (Task Dimension), which tests whether
task complexity compounds the effects of label noise. This factor also has two
levels: Binary Classification, which is a simpler task (aggregating to ‘Normal’ vs.
‘Toxic’), and Multi-class Classification, which is the original, more complex task
(‘Normal’ vs. ‘Offensive’ vs. ‘Hatespeech’). Multi-class classification is typically
more difficult than binary classification because the model must learn finer-
grained decision boundaries among multiple competing labels. In hate-speech
settings, categories such as offensive and hatespeech can be semantically close
and context-dependent, which increases both model confusion and annotator
disagreement.
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This 2 x 2 design yields four distinct experimental conditions: (1) Binary-
Pure, (2) Binary-Majority, (3) MultiClass-Pure, and (4) MultiClass-Majority.
By training and evaluating an identical suite of models within each quadrant,
we can isolate the performance effects attributable to our two main factors and
their interaction. We summarize this experimental framework in Table 1.

Table 1. Summary of the 2 x 2 Experimental Design.

Pure (Unanimous) Majority (High Ambiguity)

Binary Task Binary-Pure Binary-Majority
(Normal vs. Toxic) (Low Noise, Simple Task) (High Noise, Simple Task)
Multi-class Task MultiClass-Pure MultiClass-Majority

(Normal vs. Offensive (Low Noise, Complex Task) (High Noise, Complex Task)
vs. Hatespeech)

2.2 Data Source and Curation

We selected the HateXplain dataset (Mathew et al., 2021) as the source cor-
pus for our experiments. The HateXplain dataset used in this study is publicly
accessible at Hugging Face. While the original paper focused on explainability
(rationales), this corpus is well-suited to our purpose because it provides the in-
dividual, non-aggregated annotations for its 20, 148 posts. The original authors
reported ‘moderate agreement’ among annotators; our methodology is explicitly
designed to treat this observation as a variable to be tested rather than simply
a dataset limitation.

The HateXplain release is distributed in JSON format, where each record
contains tokenized post content (post_tokens) and up to three individual anno-
tator entries (HateXplain typically has three annotators per post). To support
reproducibility, we converted the JSON records into a flat tabular structure prior
to dataset construction. Specifically, for each record we (i) retained a unique iden-
tifier (id); (ii) reconstructed a text string by detokenizing post_tokens (joining
tokens with whitespace and then normalizing spacing around punctuation and
brackets); and (iii) extracted per-annotator fields into separate columns, includ-
ing each annotator’s numeric label, mapped string label, annotator identifier,
target span(s) when available, and rationales. In HateXplain, the numeric labels
were mapped as O—hatespeech, 1—normal, and 2—offensive. The resulting
flattened table therefore contains (a) a reconstructed text field used as model in-
put and (b) up to three separate annotator-label columns (label1l-label3) used
to define unanimous-agreement (Pure) versus majority-vote (Majority) subsets.

To support transparency and reproducibility, the preprocessing and dataset-
construction scripts (including JSON flattening and deterministic filtering rules)
will be released in a public GitHub repository upon acceptance.
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We curated our four experimental datasets by operationalizing the Labeling
Strategy factor separately for each task type. Because this curation is agreement-
based, it may induce systematic differences in example difficulty between the
resulting subsets, which we treat as a limitation in interpreting Pure—-Majority
performance differences. For the Multi-class Tasks, the MultiClass-Pure dataset
includes only posts where all three annotators agreed on the specific class (e.g.,
all three voted ‘Normal’). In contrast, the MultiClass-Majority dataset includes
posts where at least two of the three annotators agreed on a specific class (a
simple majority agreement).

For the Binary Tasks, we first consolidated the ‘Offensive’ and ‘Hatespeech’
labels into a single ‘Toxic’ class. The Binary-Pure dataset was then created by
requiring unanimous agreement on this binary split (i.e., all three agreed on
‘Normal’, or all three agreed on one of the ‘Toxic’ categories). For the Binary-
Majority dataset, we first consolidated the labels to binary at the annotator
level, resulting in three binary labels per post. We then applied a majority-vote
rule on these binary labels, retaining all posts where at least two of the three
annotators agreed on the binary outcome.

The resulting class distributions and total sample sizes for each of our four
experimental datasets are detailed in Table 2. As shown, all conditions exhibit
substantial class imbalance, which informed our choice of evaluation metrics.

Table 2. Total Sample Size and Class Distribution for Each Experimental Dataset.

Label

Strategy
Experiment Logic Normal Offensive Hatespeech Total
Binary-Majority Majority 7,814 Toxic: 12,334 20, 148
Binary-Pure Pure 5,124 Toxic: 8,637 13,761
MultiClass-Majority Majority 7,814 5,480 5,935 19,229
MultiClass-Pure Pure 5,124 1,761 2,960 9,845

2.3 Reader Guide to Key ML/NLP Concepts

In supervised text classification, models learn to predict categorical labels from
text using examples annotated by humans. Because models require numeric in-
puts, text is converted to numeric representations either via sparse feature vec-
tors (e.g., TF-IDF) or via learned dense representations (embeddings) in neural
networks. In this study, annotator disagreement is treated as label ambiguity; in
machine learning terms, ambiguity can induce label noise because the effective
training label depends on the aggregation rule. Finally, because our Pure versus
Majority datasets are constructed by deterministic filtering on agreement, the
resulting subsets may differ in their input-text distributions (distribution shift)
in addition to differing in supervision ambiguity.
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2.4 Data Preprocessing and Feature Engineering

A standardized preprocessing pipeline was applied to the raw text of all four
datasets to ensure consistency. This pipeline, implemented as a single cleaning
function, executed a sequence of four transformations: Lowercasing was per-
formed on all text. Token Replacement was applied using regular expressions
to identify social media-specific entities, which were then replaced with spe-
cial tokens to preserve context (e.g., URLs became <URL>, user mentions be-
came <USER>, and hashtags became <HASHTAG>). Following this, all remaining
Special Character Removal of non-alphanumeric and non-whitespace characters
occurred. Finally, Whitespace Normalization collapsed multiple whitespace char-
acters into a single space, and leading or trailing whitespace was stripped.

Following this cleaning pipeline, we employed two distinct feature engineering
strategies tailored to the different model architectures. For the Classical ML
Models (LR, RF, LGBM), the cleaned text was further processed by removing
English stopwords (via NLTK) and applying lemmatization. The resulting text
was then vectorized using Term Frequency—Inverse Document Frequency (TF-
IDF), capturing both individual words (unigrams) and two-word pairs (bigrams)
with an n_gram range of (1, 2). In our implementation, TF-IDF features were
generated using scikit-learn’s TfidfVectorizer with ngram range=(1,2)
(unigrams and bigrams), stop_words="‘english’, and max_features=10,000,
resulting in a sparse feature vector of up to 10,000 dimensions per document
(depending on the fitted vocabulary).

TF-IDF (term frequency—inverse document frequency) represents each doc-
ument as a numeric vector where each dimension corresponds to a word or short
phrase and the value reflects how important that term is in the document rela-
tive to the corpus. We include unigrams (single words) and bigrams (two-word
phrases) because short phrases can capture meaning that is not recoverable from
individual tokens alone. To avoid information leakage, the TF—IDF vectorizer vo-
cabulary and inverse-document-frequency weights were fit on the training split
only; the fitted vectorizer was then applied to transform the validation and test
splits.

For the Deep Learning Models (GRU, ALBERT), we used the cleaned text
directly (without stopword removal or lemmatization) to preserve the full sequen-
tial context. For the GRU, a custom vocabulary was built, and sequences were
tokenized and padded to a fixed length. For the GRU pipeline, text was tokenized
at the word level via whitespace splitting after normalization (lowercasing; re-
placing URLs/users/hashtags with special markers; removing non-alphanumeric
characters; whitespace normalization). A vocabulary of size VOCAB_SIZE=10,000
was built from the training split only by selecting the 9,999 most frequent tokens
and mapping them to indices 1-9,999; index 0 was reserved for both padding and
out-of-vocabulary (OOV) tokens. Sequences were truncated to max_length=200
tokens and padded with Os using torch.nn.utils.rnn.pad_sequence (batch_first).

For ALBERT, the text was fed directly into the pre-trained Albert-base-v2
tokenizer, with sequences truncated or padded consistent with the pre-trained
checkpoint’s requirements. In both deep learning cases, the models learned their
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own latent representations directly from these token sequences during training.

For ALBERT, we used the AlbertTokenizer from the albert-base-v2 check-

point with max_1en=200, applying truncation=True and padding=‘max_length’
to produce fixed-length inputs. Fine-tuning was performed with mini-batches of
size 32. No layers were frozen (i.e., all model parameters were updated during

training).

2.5 Model Architectures

To test our research questions, we selected a suite of five models representing a
wide spectrum of learning strategies, from interpretable linear models to complex
non-linear ensembles and state-of-the-art contextual deep learning models.

2.5.1 Machine Learning Models We selected three classical ML models
to serve as strong baselines. These models are widely used in text classifica-
tion and are well-suited for high-dimensional, sparse TF-IDF feature matrices.
They represent three distinct approaches to classification: linear models, bagging
ensembles, and boosting ensembles.

Logistic Regression (LR) As a robust and highly interpretable linear baseline, we
used Logistic Regression (Hosmer & Lemeshow, 2000). LR models the probabil-
ity of a discrete outcome by fitting a linear combination of the input features (the
TF-IDF vectors) to a logistic (sigmoid) function, generalized using the softmax
function for the multi-class task. We used the scikit-learn implementation
with ¢5 (Ridge) regularization to prevent overfitting and manage multicollinear-

ity.

Tree-Based Ensemble Models We implemented two powerful non-linear ensemble
models, grouped by their core ensemble strategy: bagging and boosting. Our
bagging model of choice was the Random Forest (RF) (Breiman, 2001), which
constructs a large number of decorrelated decision trees in parallel through the
use of bootstrapped samples and random feature subsets. The final prediction is
determined by a majority vote across trees, which effectively reduces variance.
Our boosting model of choice was Light GBM (LGBM) (Ke et al., 2017), a highly
efficient and scalable implementation of gradient boosting (Friedman, 2001).
Unlike RF’s parallel approach, gradient boosting builds trees sequentially, with
each new tree trained to correct the residual errors of the existing ensemble.
LightGBM utilizes a leaf-wise growth strategy and histogram-based splitting,
making it particularly efficient on large, sparse feature spaces.

2.5.2 Deep Learning Models We selected two deep learning architectures
to assess the performance of models that learn representations directly from raw
sequential text, rather than from pre-computed TF-IDF features.
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Gated Recurrent Unit (GRU) To represent sequential models, we used a Gated
Recurrent Unit (GRU) network (Cho et al., 2014). GRUs are a variant of re-
current neural networks (RNNs) that process text token by token, using update
and reset gates to control the flow of information, allowing the model to cap-
ture long-range dependencies. Our model, implemented in PyTorch, consisted
of an embedding layer, a multi-layer GRU encoder, and a final linear layer for
classification.

ALBERT (A Lite BERT) To represent the state of the art in contextual model-
ing, we fine-tuned ALBERT (Z. Lan et al., 2020). ALBERT is an efficient variant
of the transformer model BERT that uses parameter sharing and factorized em-
beddings to reduce model size while maintaining high performance. Unlike the
sequential GRU, ALBERT processes the entire text sequence in parallel, building
deep, bidirectional contextual representations of each token. We fine-tuned the
Albert-base-v2 checkpoint from the Hugging Face Transformers library for our
classification tasks (Rao Killi, Balakrishnan, & Rao, 2024). Transformers differ
from RNN/GRU models in that they rely on self-attention mechanisms (rather
than recurrence) to model relationships between all tokens in a sequence. Self-
attention allows each token representation to directly attend to other tokens,
enabling efficient parallel computation and effective modeling of long-range de-
pendencies.

For neural models, tokenization converts text into a sequence of discrete units
(tokens). Tokens are mapped to numeric vectors (embeddings) that the model
learns or fine-tunes during training. Because sequences vary in length, inputs
are truncated to a maximum length and padded with a special token to enable
minibatch training. Tokens that are not present in the training vocabulary are
treated as out-of-vocabulary (OOV) and mapped to a dedicated OOV token.

2.6 Model Training and Hyperparameter Tuning

A central component of our methodology was ensuring a fair, ‘apples-to-apples’
comparison between the computationally inexpensive classical models and the
more resource-intensive deep learning models. To this end, we enforced a con-
sistent data-splitting and model-selection protocol across all four experimental
quadrants. For each quadrant, the data were split into 60% training, 20% valida-
tion, and 20% test sets. Splits were stratified by class to preserve distributions,
and a fixed random seed ensured that all models used the exact same partition.
No model used information from the test set during training or hyperparameter
tuning.

All reported scores are from the single held-out 20% test set. The training
and tuning process was standardized as follows: All models (LR, RF, LGBM,
GRU, ALBERT) were initially trained on the 60% train set for a grid or random
sample of hyperparameters. Hyperparameter configurations were evaluated using
performance on the 20% validation set, with Weighted F1-Score as the primary
selection criterion. The single best configuration per model architecture (i.e., the
one achieving the highest validation Weighted F1) was selected.
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2.6.1 Hyperparameter Search Strategies We employed different search
strategies for the two categories of models to balance thoroughness and compu-
tational cost.

For the Machine Learning Models (LR, RF, LGBM), we performed an ex-
haustive grid search using GridSearchCV from scikit-learn to identify the op-
timal combination of hyperparameters. Cross-validation folds were drawn only
from the training partition. The specific parameter grids used for the classical
models are detailed in Table 3.

Table 3. Hyperparameter Grids for Machine Learning Models (Grid Search).

Model Hyperparameter Values Searched
c [0.1,1,10]

LR solver [‘1bfgs’, ‘saga’]
penalty [‘127]
class_weight [‘balanced’, None]
n_estimators [50, 100, 200]
max_depth [None, 10, 20]

RF min samples_split [2,5,10]
min samples_leaf [1,2,4]
class_weight [‘balanced’, None]
n_estimators [100, 200]
learning rate [0.01,0.1,0.2]

LGBM num_leaves [31,63]
max_depth [None, 10]

[

class_weight ‘balanced’, None]

For the Deep Learning Models (GRU, ALBERT), an exhaustive grid search
was computationally infeasible. We instead employed a random search of 10 iter-
ations to efficiently explore the hyperparameter space. For each sampled config-
uration, models were trained on the training set and evaluated on the validation
set. The ranges from which hyperparameters were drawn are detailed in Table 4.
Both DL models were optimized with standard variants of the Adam optimizer
and trained with mini-batches; early stopping based on validation performance
was used where applicable to prevent overfitting.

2.7 Evaluation Metrics and Confidence Intervals

Given the substantial class imbalance in all quadrants (Table 2), we focused
on metrics that account for class support. We prioritize F1-Score over accuracy
because accuracy can be inflated by the majority class under substantial imbal-
ance and does not reflect minority-class performance. F1-Score is the harmonic
mean of precision and recall, and the weighted version aggregates class-wise F1
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Table 4. Hyperparameter Ranges for Deep Learning Models (Random Search).

Model Hyperparameter Ranges Sampled

150, 250] (Integer)
256, 768] (Integer)

embedding_dim
hidden_dim

[
GRU [
1r (learning rate) [107%,1073] (Log-uniform)
epochs [5,10] (Integer)
1r (learning rate) [107°,3 x 10~°] (Log-uniform)
ALBERT  epochs [3, 6] (Integer)
[

dropout 0.0,0.25] (Uniform)

values using class support so that each class contributes proportionally to its
frequency. In contrast, Macro-AUC treats each class equally by averaging one-
vs-rest AUCs without weighting, which is informative when minority classes are
substantively important. For both binary and multi-class tasks, we report the
Weighted Precision, Weighted Recall, and Weighted F1-Score, computed as the
support-weighted average of class-specific values. We also report the area under
the receiver operating characteristic curve (AUROC or AUC) for binary tasks
and Macro-AUC for multi-class tasks, where Macro-AUC is defined as the un-
weighted mean of one-vs-rest ROC AUCs across classes.

To quantify uncertainty without assuming a specific parametric distribution
for the metrics, we computed 95% confidence intervals (CIs) for F1 and
AUC via a non-parametric bootstrap of the test set, stratified by class. We used
a stratified bootstrap to preserve the original class proportions in each resam-
ple, which stabilizes uncertainty estimates in the presence of class imbalance and
reduces the chance that minority classes are underrepresented in bootstrap sam-
ples. For each model and quadrant, we generated B = 1000 bootstrap resamples
of the test data (with replacement), refit the metric on each resample, and re-
ported the 2.5th and 97.5th percentiles of the resulting empirical distribution as
the CI.

All results reported in Section 3 correspond to the held-out 20% test set.

3 Results

This section presents the empirical findings from our 2 x 2 experimental frame-
work. The results are organized by our research questions, first establishing the
baseline performance in low-noise ‘Pure’ conditions (RQ1), and then analyzing
the impact of label ambiguity and task complexity (RQ2 & RQ3). All reported
scores are from the held-out 20% test set.
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3.1 RQ1: Baseline Performance on ‘Pure’ Data

Our first research question sought to establish baseline model performance under
ideal, low-noise conditions. To answer this, we evaluated all five models on the
‘Pure’ datasets, where all annotators were in unanimous agreement.

3.1.1 Performance on the Binary-Pure Task In the simpler binary clas-
sification task (N=13,761), the deep learning models demonstrated a clear ad-
vantage over the classical TF-IDF-based models. Table 5 details the perfor-
mance of all models. The ALBERT transformer model was the clear top
performer, achieving a Weighted F1-Score of 0.8126 (95% CI [0.7980,0.8270]).
The GRU model also performed strongly with an F1-Score of 0.7877 (95% CI
[0.7732,0.8046]), notably outperforming the best classical model, Random For-
est (F1: 0.7356). The non-overlapping confidence intervals suggest a clear per-
formance gap between the deep learning models and the classical models.

Table 5. Model Performance on the Binary-Pure Test Set. Metrics are weighted
averages for Precision and Recall. Best scores are in bold.

Weighted Metrics

Model Precision Recall F1-Score (95% CI) AUC (95% CI)

LR 0.71 0.72 0.7138 [0.6975, 0.7309] 0.7791 [0.7622, 0.7963]
RF 0.74 0.74 0.7356 [0.7179, 0.7522] 0.7860 [0.7684, 0.8035]
LGBM 0.73 074  0.7323 [0.7159, 0.7485]  0.7929 [0.7754, 0.8093]
GRU 0.79 0.79 0.7877 [0.7732, 0.8046] 0.8619 [0.8481, 0.8751]

ALBERT 0.81 0.82 0.8126 [0.7980, 0.8270] 0.8835 [0.8694, 0.8965]

3.1.2 Performance on the MultiClass-Pure Task We observed a simi-
lar pattern in the more granular ‘MultiClass-Pure’ task (N=9,845), as detailed
in Table 6. ALBERT once again achieved the highest performance across all
metrics, with a Weighted F1-Score of 0.8165 (95% CI [0.7997,0.8338]) and a
Macro-AUC of 0.9226 (95% CI [0.9118,0.9328]). Interestingly, the GRU model
(F1: 0.7367) did not perform as well in this multi-class setting, falling behind
the classical ensemble models. The best classical model was Random Forest (F1:
0.7730). The confidence intervals for ALBERT do not overlap with any other
model, indicating a clear and substantial performance advantage.

These baseline results from both ‘Pure’ quadrants confirm our first hypoth-
esis: under ideal, high-agreement data conditions, the deep contextual repre-
sentations learned by the transformer model (ALBERT) provide a measurable
performance advantage over both sequential (GRU) and TF-IDF-based classical
models.
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Table 6. Model Performance on the MultiClass-Pure Test Set. Metrics are weighted
averages for Precision and Recall. Best scores are in bold.

Weighted Metrics

Model Precision Recall F1-Score (95% CI) Macro-AUC (95% CI)
LR 0.77 0.76 0.7646 [0.7451, 0.7840] 0.8796 [0.8665, 0.8928]
RF 0.77 0.77  0.7730 [0.7549, 0.7921] 0.8875 [0.8746, 0.9001]
LGBM 0.78 0.76  0.7673 [0.7480, 0.7860] 0.8792 [0.8658, 0.8915]
GRU 0.74 0.73  0.7367 [0.7177, 0.7547] 0.8497 [0.8351, 0.8650]
ALBERT 0.82 0.81 0.8165 [0.7997, 0.8338] 0.9226 [0.9118, 0.9328]

3.2 RQ2: The Impact of Label Ambiguity on Performance

Our second research question addresses the effect of behavioral ambiguity (label
noise) on model performance. To answer this, we evaluated all models on the
‘Majority’” datasets and compared their performance to the ‘Pure’ (low-noise)
baselines.

3.2.1 Performance on the Binary-Majority Task We first analyzed the
Binary-Majority task (N=20,148). As shown in Table 7, the introduction of label
ambiguity resulted in a universal and clear performance degradation for every
model compared to the ‘Pure’ condition (Table 5).

ALBERT remained the top-performing model with a Weighted F1-Score of
0.7447 (95% CI [0.7304,0.7576]). However, this represents a substantial ~ 8.4%
relative decrease from its 0.8126 F1-Score on the ‘Pure’ data. The GRU model
(F1: 0.7196) also saw a significant drop from its ‘Pure’ performance (F1: 0.7877)
but remained the clear second-best performer, outperforming all classical models.

Table 7. Model Performance on the Binary-Majority Test Set. Metrics are weighted
averages for Precision and Recall. Best scores are in bold.

Weighted Metrics

Model Precision Recall F1-Score (95% CI) AUC (95% CI)
LR 0.66 0.67  0.6637 [0.6488, 0.6784] 0.7154 [0.7005, 0.7310]
RF 0.69 070  0.6887 [0.6746, 0.7035]  0.7279 [0.7124, 0.7425]
LGBM 0.68 0.69 0.6810 [0.6668, 0.6957] 0.7365 [0.7216, 0.7520]
GRU 0.72 0.72 0.7196 [0.7060, 0.7337] 0.7941 [0.7801, 0.8082]
ALBERT 0.74 0.75 0.7447 [0.7304, 0.7576] 0.8272 [0.8141, 0.8400]

3.2.2 Performance on the MultiClass-Majority Task A similar, and
even more pronounced, drop in performance was observed in the MultiClass-
Majority task (N=19,229), as shown in Table 8.
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Again, ALBERT remained the best performer, but its F1-Score fell to 0.6894
(95% CI [0.6742,0.7037]). This is a massive = 15.6% relative decrease from its
0.8165 score in the clean ‘MultiClass-Pure’ task (Table 6). In this high-noise
environment, the classical models (LR, RF, LGBM) were all clustered around
~ 0.65 F1, while the GRU model (F1: 0.5984) struggled significantly, performing
the worst of all models.

Table 8. Model Performance on the MultiClass-Majority Test Set. Metrics are
weighted averages for Precision and Recall. Best scores are in bold.

Weighted Metrics
Model Precision Recall F1-Score (95% CI) Macro-AUC (95% CI)

LR 0.66 0.66  0.6518 [0.6368, 0.6676] 0.8106 [0.7995, 0.8218]
RF 0.66 0.66  0.6552 [0.6400, 0.6700] 0.8194 [0.8090, 0.8305]
LGBM 0.65 0.65  0.6526 [0.6376, 0.6681] 0.8138 [0.8030, 0.8243]
GRU 0.60 0.60  0.5984 [0.5821, 0.6132] 0.7566 [0.7446, 0.7680]

ALBERT 0.69 0.69 0.6894 [0.6742, 0.7037] 0.8472 [0.8375, 0.8571]

These two experiments confirm our second hypothesis: introducing label am-
biguity by using a ‘Majority’ vote strategy severely degrades the performance of
all models, regardless of task complexity.

3.3 RQ3: Analysis of the Compounding Impact of Task Complexity

Our third research question explored whether task complexity (Binary vs. Multi-
class) interacts with and worsens the negative effect of label ambiguity. By com-
paring the results from the four tables presented in RQ1 and RQ2, we can analyze
this critical interaction effect.

This analysis reveals two key patterns based on two separate measurement
axes. We first measure the ‘cost of ambiguity’ (Horizontal Comparison) for both
tasks by comparing the ‘Pure’ results (Tables 5 and 6) against the ‘Majority’
results (Tables 7 and 8) for our best model, ALBERT. For the Binary task, intro-
ducing ambiguity caused the F1-Score to drop from 0.8126 to 0.7447, resulting
in a loss of 0.0679. However, for the more complex Multi-class task, introducing
ambiguity caused the F1-Score to drop from 0.8165 to 0.68946, a significantly
larger loss of 0.1271. This difference demonstrates that the performance drop
from label noise was almost twice as severe for the more complex multi-class
task.

5 Because Mathew et al. (2021) reports transformer baselines on the same HateXplain
corpus, direct architectural benchmarking is possible; however, our contribution is
a controlled within-corpus design that estimates how aggregation strategy (Pure vs.
Majority) and task granularity (binary vs. multi-class) shift achievable performance
under a fixed pipeline.
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The second axis measures the ‘cost of complexity’ (Vertical Comparison) for
both data quality levels. In the ‘Pure’ (low-noise) condition, increasing the task
complexity from Binary to Multi-class had a negligible impact on ALBERT’s
performance (F1-Score was stable at 0.8126 vs. 0.8165). This suggests the AL-
BERT model is robust to task complexity when the underlying data quality is
high. In sharp contrast, in the ‘Majority’ (high-noise) condition, increasing task
complexity caused a significant performance drop, from 0.7447 to 0.6894.

These two analyses confirm our third hypothesis. The negative impact of
label ambiguity is compounded by task complexity: while the transformer model
is robust to complexity on clean data, it is highly sensitive to complexity when
data quality is low. This interaction effect is a key finding of our 2 x 2 experiment.

3.4 Sensitivity Analysis: Disentangling Data Quality from Sample
Size

A primary critique of our findings could be that the performance gap between
the ‘Pure’ and ‘Majority’ conditions is confounded by sample size. For instance,
the MultiClass-Pure dataset (N=9,845) is smaller than the MultiClass-Majority
dataset (N=19,229). One could argue that the ‘Pure’ models performed better
simply because the dataset was smaller and easier to model.

To rule out this confound, we conducted a sensitivity analysis. We cre-
ated a Majority-Downsampled dataset by taking a random subsample of the
MultiClass-Majority data to match the exact size of the MultiClass-Pure dataset
(N=9,845). We then trained and evaluated our key models on this new dataset,
which had low quality (high noise) but an identical sample size to the ‘Pure’
data.

The implication of this analysis was consistent. Model performance on the
randomly sampled Majority-Downsampled dataset was nearly identical to the
performance observed on the full MultiClass-Majority dataset. For instance, AL-
BERT achieved an F1-Score of approximately 0.69 on the downsampled set,
which is dramatically lower than its 0.8165 score achieved on the MultiClass-Pure
set. This analysis provides strong evidence that the observed performance gap is
not an artifact of sample size. However, because the Pure and Majority condi-
tions are constructed via agreement-based filtering, this sensitivity analysis does
not rule out systematic distribution shift: the Majority condition may contain a
higher proportion of intrinsically difficult or context-dependent texts. We there-
fore interpret the Pure-Majority performance gap as reflecting disagreement-
driven ambiguity and the harder-case distribution associated with annotator
disagreement, rather than label ambiguity alone.

3.5 Summary of Findings

To summarize the entire 2 x 2 experiment, Table 9 presents the best-performing
model (based on Weighted F1-Score) from each of the four experimental quad-
rants. The results clearly show a ‘performance cliff’.
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While ALBERT was the top-performing model in all four conditions, its per-
formance was highest in the MultiClass-Pure condition (F1: 0.8165), suggest-
ing that the model benefits from fine-grained, high-quality labels. Performance
drops significantly when label ambiguity is introduced (‘Majority’ data), and
drops further still when task complexity is added on top of that ambiguity (the
MultiClass-Majority condition), confirming our core hypotheses.

Table 9. Summary of Best Weighted F1-Scores (ALBERT) Across the 2x2 Experi-
mental Design.

Factor 1
‘Pure’ Data ‘Majority’ Data
(Low Ambiguity) (High Ambiguity)
Binary Task 0.8126 0.7447
Factor 2
Multi-class Task 0.8165 0.6894

4 Discussion

The results from our 2 x 2 experimental design provide clear answers to our
research questions and offer significant insights into the impact of behavioral
ambiguity on hate speech detection. Our discussion is organized into three parts:
first, we address the critical confound of sample size; second, we interpret the
main findings in the context of our hypotheses; and third, we discuss the broader
implications and avenues for future work.

4.1 Addressing the Confound of Sample Size (Sensitivity Analysis)

A primary critique of our findings could be that the performance gap between
the ‘Pure’ and ‘Majority’ conditions is confounded by sample size. For instance,
the MultiClass-Pure dataset (N=9,845) is much smaller than the MultiClass-
Majority dataset (N=19,229). One might argue that the ‘Pure’ models per-
formed better simply because the dataset was smaller and easier to model.

To rule out this confound, we conducted a sensitivity analysis. We cre-
ated a Majority-Downsampled dataset by taking a random subsample of the
MultiClass-Majority data to match the exact size of the MultiClass-Pure dataset
(N=9, 845). We then trained and evaluated our key models on this new dataset,
which had low quality (high noise) but an identical sample size to the ‘Pure’
data.

The indications of this sensitivity analysis were clear: model performance
on the random sampled Majority-Downsampled dataset was nearly identical to
the performance observed on the full MultiClass-Majority dataset. For example,
ALBERT achieved an F1-Score of approximately 0.69 on the downsampled set,
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which is dramatically lower than its 0.8165 score achieved on the MultiClass-Pure
set. This analysis provides strong evidence that the performance gap is genuinely
attributable to data quality (i.e., label ambiguity), not the artifact of sample
size.

4.2 Interpretation of Main Findings

With the sample size confound addressed, we can interpret the main results from
our 2 X 2 experiment.

4.2.1 RQ1: Transformers Excel on ‘Pure’ Behavioral Data Our re-
sults from the ‘Pure’ conditions (Tables 5 and 6) serve as a clear baseline. The
ALBERT model’s superior performance (F; > 0.81) confirms that when the be-
havioral signal is unambiguous (i.e., unanimous annotator agreement), modern
transformers can effectively learn and generalize. The non-overlapping confi-
dence intervals suggest this advantage is not trivial. This finding aligns with the
broader consensus that transformers are the state-of-the-art for most NLP tasks.

4.2.2 RQ2: Behavioral Ambiguity and Hard Cases Drive Performance
Loss The most significant finding of this study is the dramatic performance drop
when moving from ‘Pure’ to ‘Majority’ data. In the multi-class task (Table 8),
ALBERT’s F1-Score plummeted from 0.8165 to 0.6894, a ~ 15.6% relative de-
crease. This demonstrates that the ‘noise’ introduced by simple majority-vote
labeling—which mixes clear signals with highly contested ones—is the a major
practical bottleneck in this dataset to model performance. This confirms our sec-
ond hypothesis that label ambiguity severely harms model efficacy. Because the
Majority set is constructed via agreement-based filtering, this drop likely reflects
both (i) ambiguity in the supervision signal (contested labels) and (ii) a shift
toward more borderline or context-dependent texts that are intrinsically harder
to classify. Thus, while disagreement is strongly associated with performance
loss in our design, we do not claim the effect is attributable to label ambiguity
alone.

4.2.3 RQ3: Task Complexity Compounds the Effect of Ambiguity
Our third hypothesis was that task complexity would compound the negative
effect of noise. The summary in Table 9 clearly supports this by highlighting an
interaction effect between the two factors.

When data was ‘Pure’ (Low Noise), moving from a simple binary task (F} :
0.8126) to a complex multi-class task (F; : 0.8165) had a negligible impact.
This suggests the ALBERT model is robust to task complexity when the data
is clean. However, when data was ‘Majority’ (High Noise), the story changed
dramatically. Performance on the simple binary task (Fj : 0.7447) was already
degraded, but when task complexity was added, performance fell even further to
0.6894. This demonstrates a clear interaction: the models are capable of handling
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complexity, but not when the training data is also ambiguous and noisy. The
negative impact of ambiguity is significantly worsened when combined with high
task complexity.

4.3 Implications and Future Work

Our findings have significant implications for the field of behavioral data science
and hate speech detection.

The results constitute a powerful argument for the ‘Data-Centric’ approach
to AL. The bottleneck for this behavioral task was clearly not the model ar-
chitecture (ALBERT was superior) but the quality of the data. Consequently,
simply building a bigger model will not solve a problem rooted in ambiguous
human-annotated labels.

Furthermore, our results show that the widespread practice of using ‘majority
vote’ is a problematic aggregation strategy. It masks inherent behavioral ambi-
guity and creates a noisy signal that degrades even the most advanced models.
Researchers should be transparent about their aggregation methods and, when
possible, use ‘Pure’ (unanimous) subsets for more reliable model benchmarking.

Finally, this study refines the general understanding of label noise in NLP.
While previous literature has broadly established that label noise degrades per-
formance, our findings characterize a specific interaction effect: behavioral
ambiguity is not merely an additive cost, but a multiplier of difficulty that dis-
proportionately affects fine-grained tasks. This suggests that as the field moves
toward more complex, multi-class behavioral taxonomies, the ROI on resolving
annotator disagreement will be significantly higher than on architectural opti-
mization.

For future work on ambiguity, researchers should treat annotator disagree-
ment as a feature, not as noise to be filtered. Methods from psychology and psy-
chometrics, such as modeling individual annotator biases or using ‘think-aloud’
protocols, could provide a deeper understanding of why disagreement occurs (Ge,
2024). Furthermore, developing models that can explicitly learn from ambiguous
or ‘soft’ labels could be a fruitful avenue for progress in handling behaviorally
complex tasks.

4.4 Scope and Generalizability

Our empirical findings are based on a single corpus (HateXplain) with a spe-
cific platform context, annotator pool, language, and annotation protocol. These
characteristics can shape both the prevalence of disagreement and the difficulty
of the classification task. Accordingly, our results should be interpreted as evi-
dence that, in HateXplain, disagreement-driven ambiguity (and the harder cases
associated with it) is strongly linked to performance degradation and that this
degradation is amplified in the multi-class setting. Establishing whether the same
compounding pattern holds more broadly will require replication across addi-
tional hate-speech corpora, platforms, and labeling protocols, including settings
with different annotator instructions, community norms, and class definitions.
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4.5 Conclusion

This study conducted a 2 x 2 quasi-experimental analysis to measure the im-
pact of behavioral label ambiguity and task complexity on hate speech detec-
tion. Our findings demonstrate that while transformer models (ALBERT) are
the top performers, their efficacy is fundamentally dependent on data quality.
In the HateXplain corpus and its annotation protocol, we find that training
under majority-vote aggregation is associated with substantially worse perfor-
mance, and that this degradation is amplified in the multi-class setting. Given
the agreement-based construction, this pattern likely reflects both disagreement-
driven ambiguity and the harder cases associated with annotator disagreement.
These findings suggest that, for this dataset, improving how disagreement and
ambiguity are represented and modeled may be as important as improving model
architecture. Further validation on additional corpora and platforms is needed
before drawing broader conclusions about hate-speech detection in general.
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