
Article Not peer-reviewed version

Classification Model of Emotional Tone

in Hate Speech and Its Relationship with

Inequality and Gender Stereotypes,

Using NLP and Machine Learning

Algorithms

Aymé Escobar Díaz , Ricardo Rivadeneira , Walter Fuertes * , Washington Loza

Posted Date: 4 March 2026

doi: 10.20944/preprints202603.0228.v1

Keywords: hate speech; emotional tone; NLP; machine learning; gender violence; content moderation;

ensemble models; RoBERTa; mathematical modeling; decision function; L2 regularization; probabilistic

classification

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/4852802
https://sciprofiles.com/profile/4855822
https://sciprofiles.com/profile/165050
https://sciprofiles.com/profile/5055363
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


Article
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Abstract

Hate speech on social media reproduces norms of inequality and gender stereotypes, dispropor-
tionately affecting women. This study proposes a hybrid approach that integrates emotional tone 
classification with explicit hostility detection to strengthen preventive moderation. We constructed 
a corpus from three open datasets (1,236,371 records; 1,003,991 after ETL) and represented the text 
using TF-IDF and contextual RoBERTa embeddings. We trained individual models (RoBERTa fine-tuned, 
Random Forest, and XGBoost) and a stacking metamodel (Gradient Boosting) that combines their 
probabilities. On the test set, the ensemble outperformed the base classifiers, achieving accuracy of 0.93 
in hate detection and 0.90 in emotion classification, with an AUC of 0.98 for emotion classification. 
We implemented a RESTful API and a web client to validate the moderation flow before publication, 
along with an administration panel for auditing. Performance tests showed viability under moderate 
loads and concurrency limitations starting at 300 users, associated with deployment via an Ngrok 
tunnel. In general, the results indicate that incorporating emotional tone analysis improves the model’s 
ability to identify implicit hostility and offers a practical way to promote safer digital environments. 
The probabilistic results obtained by the ensemble model were subsequently analyzed using the 
Bayesian Calibration and Optimal Design under Asymmetric Risk (BACON-AR) framework, which 
serves as a mathematical post-hoc validation layer to optimize the decision threshold under unequal 
costs. This framework does not modify the trained architecture but adjusts the estimated probabilities 
and selects the threshold that minimizes the total expected risk. By combining TF-IDF and textit 
RoBERTa embeddings with a stacked metamodel, the ensemble’s decision function was optimized 
via regularization, improving generalizability and the stability of predictions. The incorporation of 
the BACON-AR framework strengthened the system’s probabilistic consistency, ensuring that final 
decisions were aligned with the actual consequences of errors under an asymmetric risk scheme.

Keywords: hate speech; emotional tone; NLP; machine learning; gender violence; content moderation; 
ensemble models; RoBERTa; mathematical modeling; decision function; L2 regularization; probabilistic 
classification

1. Introduction
Hate speech is a complex phenomenon that undermines social harmony and equality in both

physical and digital environments. Its definition involves at least three essential components: ex-
pressive behavior, a target group identified by protected characteristics, and the manifestation of
negative emotions such as hostility, humiliation, or contempt [1]. The difficulty of establishing a
universally accepted definition has been highlighted in recent reviews, which note that the semantic
and pragmatic particularities of language introduce ambiguity in its delimitation [2]. The difficulty
of establishing a universally accepted definition has been highlighted in recent reviews, which note

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 March 2026 doi:10.20944/preprints202603.0228.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://orcid.org/0009-0000-9755-324X
https://orcid.org/0009-0009-9939-7143
https://orcid.org/0000-0001-9427-5766
https://orcid.org/0000-0001-8822-6116
https://doi.org/10.20944/preprints202603.0228.v1
http://creativecommons.org/licenses/by/4.0/


2 of 34

that the semantic and pragmatic particularities of language introduce ambiguity into its delimitation.
Likewise, comparative studies show that the conceptualization of hate speech varies across legal,
cultural, and technological frameworks, reinforcing the need for multidimensional approaches. [3].

The emotional dimension is key to understanding and detecting this phenomenon, as hate
speech often draws on an affective background that shapes perception and social interaction. Basic
emotions, such as happiness, anger, and fear, directly influence people’s social evaluations, even in the
absence of contextual information [4]. Although emotions reflect immediate reactions, the emotional
tone constitutes a more sustained affective state that modulates the interpretation of messages and
their potential to become hate speech [5]. In the field of Natural Language Processing (NLP), the
identification of emotions such as anger, contempt, or fear has been shown to improve the accuracy of
automated systems in differentiating between negative opinions and discriminatory attacks [6,7].

Gender-based violence represents one of the most critical contexts for hate speech. In Spanish-
speaking communities, women are particularly vulnerable to discriminatory attacks in which misogyny
is reproduced through hostile expressions and patterns of social normalization [8]. On a global scale,
online misogyny is associated with harassment dynamics that reinforce the structural subordination
of women [9]; extreme forms of harassment, such as rapeglish, used for intimidation purposes have
even been documented [10]. The technical challenges are significant: international NLP competitions,
such as SemEval, demonstrate that attacks targeting women and migrants are recurring and difficult
to detect with standard models [11], with impacts that transcend the digital realm [12].

In this context, Natural Language Processing (NLP) and Machine Learning (ML) are becoming
established as fundamental approaches for detecting and mitigating hate speech. Systematic reviews
highlight both their advances and limitations: dependence on large volumes of representative data,
biases in training sets, and dilemmas regarding fairness and interpretability at scale [13,14]. The
most promising results are observed in two families of models: (i) tree-based models (Random Forest,
XGBoost) and (ii) transformative architectures, such as BERT and RoBERTa [15,16]. However, a
significant gap remains: the explicit integration of emotional tone into the automated moderation
process, especially before publication, which is the main motivation for this work.

From a formal perspective, we applied a mathematical model, Bayesian Calibration and Optimal
Design Asymmetric Risk (BACON-AR) [17–20], which describes the relationship between textual fea-
tures and hostility categories using a supervised probabilistic decision function. This model combines
TF-IDF vector representations and RoBERTa contextual embeddings, integrated into an optimization
process with L2 regularization and adaptive weights. The objective was to minimize classification
errors and improve system stability, avoiding overfitting. Thus, the model formalizes the learning
process from a statistical perspective, allowing us to analyze its convergence and generalizability in
real-world hate speech detection scenarios.

From this perspective, the present study strengthens preventive moderation on social networks
through a hybrid approach that combines the detection of explicit hostility with the classification of
emotional tone. The main contributions of this study are as follows:

• The development of a dual model that simultaneously classifies hate/non-hate categories and
emotional tone, implemented via a stacking assembly that integrates RoBERTa, Random Forest
(TF-IDF), and XGBoost (embeddings), surpasses the performance of individual classifiers;

• The construction and enrichment of an extensive corpus from three open sources, with a mapping
between GoEmotions and Ekman’s emotions to study the interaction between affect and hostility;

• An end-to-end functional validation using a RESTful API and a web client with pre-moderation
and auditing; and

• A comparative analysis that demonstrates that incorporating emotional tone reduces false posi-
tives in cases of ambiguity or irony.

These contributions complement studies that warn about bias risks and implementation challenges
[14,21], and confirm that a heterogeneous ensemble (transformer plus trees) improves generalization
compared to the isolated use of a model such as RoBERTa [15].
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The remainder of the manuscript is structured as follows: the Materials and Methods section
describes the corpus, preprocessing, feature representation, models, the API, and web client archi-
tecture. In this section, we also incorporate the BACON-AR framework for probabilistic calibration
and threshold optimization under asymmetric risk. The Results section presents model performance,
ROC curves, confusion matrices, and performance tests. The Discussion section analyzes the findings,
validates and discusses limitations. Finally, the Conclusions section summarizes the contributions and
future research directions.

2. Related Work
We conducted a Standard Literature Review (SLR) following the PRISMA guidelines and the

PICOS approach, thus identifying the most relevant studies on the detection of hate speech and the
analysis of emotional tone, published in [22]. We searched various recognized scientific databases,
filtering by language, year of publication, and research approach. We analyzed 34 primary studies
and selected 10 representative works. In addition, we included five recent studies that broaden the
analysis to include multimodal approaches and the use of large-scale language models (LLMs).

[23] proposed a multi-label self-training model that combines auxiliary emotional cues to improve
the sensitivity of automated systems to implicit hostility on social media. This work demonstrated
that negative emotions, such as anger and contempt, strengthen the identification of discriminatory
discourse. Ramos et al. [24], for their part, analyzed the evolution of transformer-based models and
highlighted the limitations in explainability and bias of current detection systems, underscoring the
need to develop more interpretive approaches. Rodriguez et al. [25] presented the FADOHS framework,
which integrates sentiment and emotion analysis to classify offensive Facebook posts, finding that
combining affective and linguistic cues improves performance over purely lexical methods. Finally,
Kaminska et al. [26] proposed a fuzzy-rough k-NN method for the simultaneous identification of hate,
irony, and emotion, demonstrating the usefulness of non-transformer-based techniques in contexts
with limited data.

In the field of Spanish, [27] developed a model that incorporates linguistic and user features to de-
tect offensive messages, highlighting the relevance of sociocultural context in hate speech classification.
Complementarily, [28] introduced the Spanish MTLHateCorpus 2023, which uses a multitask approach
to predict speech type, target group, and intensity; this resource facilitates the study of social and
gender inequality in digital environments. [29], for his part, proposed a multimodal cross-attention
model that combines text and image for hostility detection, demonstrating that integrating visual and
semantic information allows for capturing nuances that text alone does not reflect. [30] presented
G-BERT, a Bengali-trained hate speech detection model that addresses the challenges of languages
with limited computational resources. [31] analyzed emotional classification in code-mixed texts
(Hinglish). In contrast, [32] designed a multitask model that links politeness and emotion in social
interactions, thereby facilitating knowledge transfer across affective tasks.

Among recent studies, Nandi et al. [33] introduced SAFE-MEME, a structured reasoning model
for detecting hate speech in memes that incorporates emotional attention and semantic relationships
between text and images, thereby improving contextual interpretation. Chhabra and Vishwakarma [34]
proposed MHS-STMA, a transformer-based framework with multilevel attention that simultaneously
processes textual and visual modalities, achieving greater accuracy and robustness in the face of data
noise. Complementarily, Chhabra and Vishwakarma [35] demonstrated that multiscale visual attention
improves the detection of hostility in images with superimposed text, reaffirming the importance of
integrating visual features to address implicit hate speech in multimodal content.

Furthermore, [36] evaluated various large language models (LLMs) for detecting hate speech in
real-world settings, analyzing their generalizability and the influence of cultural context on decision-
making. The authors found that while LLMs achieve high accuracy in supervised tasks, they tend to
replicate social biases and over-identify neutral expressions as hostile. [37] extended this analysis to
multilingual contexts with high semantic variability, where the models demonstrated inconsistencies
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in transferring hostility patterns between languages, reinforcing the need for control and calibration
mechanisms. Finally, [38] examined the reactive responses of LLMs to offensive content, finding that
these models reproduce stereotypes and degrade their performance with ambiguous or ironic texts,
highlighting limitations in their reliability and algorithmic fairness.

Complementing this evolution towards hybrid and multimodal architectures, two recent sys-
tematic reviews consolidate the theoretical foundation of the present research. On the one hand,
[39] conducted a literature review of hate speech detection on online social platforms using Machine
Learning and Natural Language Processing, identifying the main techniques, datasets, and challenges
in this field. On the other hand, we conducted a systematic review of emotional tone detection in
hate speech, published in [22]. This latter study not only maps the current methods and challenges
but also underscores the research opportunity addressed by the present work: the explicit integration
of the emotional component to improve the accuracy and contextual understanding of automated
moderation systems.

In summary, the analyzed works demonstrate an evolution towards hybrid and multimodal
architectures, although most focus on English-language general hostility detection. Given these
limitations, the present study proposes a complementary approach. It uses an English corpus with
over one million records, labeled according to Ekman’s six basic emotions. The model combines
hate speech detection and emotional tone classification using a stacking scheme composed of three
configurations: RoBERTa as the base model, XGBoost with TF-IDF features, and a Random Forest with
RoBERTa-generated embeddings. This approach contrasts contextual and statistical representations to
improve the accuracy and interpretability of the results. Furthermore, the implementation in a RESTful
API and a web client demonstrates its applicability in automated moderation processes and large-scale
content analysis.

Taken together, the reviewed studies support incorporating the emotional component into hate
detection. The proposed approach contributes to this line of research by integrating natural language
processing, emotions, and gender inequality, aiming to develop more accurate and socially relevant
automated moderation systems.

Several recent studies have provided fundamental theoretical and mathematical foundations
for detecting hate speech using probabilistic models. In particular, [40] and [41] analyze classifier
calibration and probabilistic prediction evaluation, highlighting the importance of adjusting model
reliability via loss functions and decision thresholds. Complementarily, [17] and [18] propose Bayesian
frameworks that allow for representing uncertainty in predictions and improving the stability of deep
learning systems under variable conditions.

Furthermore, [42] and [43] delve deeper into cost-sensitive learning, introducing formulations that
optimize the hazard function in scenarios with unbalanced classes or decisions that involve different
penalty levels. These perspectives, along with the regularization and error control strategies proposed
by [19] and [20], provide the mathematical foundation for the approach used in this study.

The proposed model builds on these contributions by integrating a statistical calibration process
into a hybrid classification framework based on trees and transformers. This formulation combines
vector representations of the text (TF-IDF and contextual embeddings) with calibrated probabilistic
estimates, seeking to optimize the accuracy, consistency, and reliability of the hostility and emotional
tone detection system.

3. Materials and Methods
3.1. Dataset

We created a dataset comprising 1 236 371 records by combining three open-access .csv datasets
from Kaggle to detect hate speech on social media. Each dataset contained the comment and the binary
detection of hate/non-hate, as detailed in Table 1.
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Table 1. Datasets used for the training and evaluation of the models.

Dataset Number of Records

Hate Speech Detection curated Dataset 417 561
Detection of implicit beliefs of gender violence
against women on social networks using NLP
algorithms and machine learning classification

techniques

510 254

HateXplain 308 556

Next, we combined the three datasets to obtain the final dataset. On this corpus, we applied a
pre-trained model RoBERTa-base-go_emotions, to map Ekman’s six basic emotions (i.e., anger, fear,
sadness, surprise, disgust, and joy) plus the emotion of neutral to each comment, as shown in Table 2;
this resulted in a dataset with three labels: comment, hate speech detection, and emotion classification.

Table 2. Mapping of GoEmotions emotions to Ekman’s basic emotions.

Ekman Emotion Associated GoEmotions Emotions

Neutral admiration, amusement, approval, love,
gratitude, pride, neutral

Joy caring, desire, excitement, optimism, relief
Anger annoyance, anger

Disgust disapproval, disgust, remorse
Fear fear, nervousness

Sadness disappointment, embarrassment, grief, sadness
Surprise confusion, realization, curiosity, surprise

3.2. Preprocessing - ETL

For the extraction, transformation, and loading process, we applied the following steps: removal
of duplicates and null values, character normalization to convert comments to lowercase, removal of
non-textual characters (i.e., emojis, hashtags, and symbols), removal of stopwords, and lemmatization
to reduce words to their base form. After completing the process, we obtained 1 003 991 clean records,
which we used for training and validation.

3.3. Exploratory Data Analysis - EDA

Using the clean dataset, we conducted exploratory data analysis to identify trends, patterns, label
distributions, and potential biases. In this case, we evaluated the proportion of records classified as
hate/non-hate, finding a balance: 502 159 records in the non-hate class and 501 832 in the hate class, as
shown in Figure 1.
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Figure 1. Distribution of hate/non-hate labels in the dataset.

We also found a bias in the distribution of emotions in the dataset, as shown in Figure 2. We
observed a predominance of emotions such as anger (564 191), disgust (207 469), and joy (137 686),
while the least represented were surprise (14 637), fear (21 577), and neutral (24 345), resulting in an
imbalance between the different classes, which poses a challenge in the model training process.

Figure 2. Distribution of Ekman’s basic emotions in the dataset.

3.4. Feature Representation

For the representation of textual features, we apply two approaches:

• Contextual Embeddings: generated using the pretrained model cardiffnlp/twitter-roberta-base,
which transforms each comment into a 768-dimensional vector that captures semantic and
contextual information from the text.

• TF-IDF (Term Frequency–Inverse Document Frequency): a technique for evaluating the impor-
tance of each word within the corpus, to obtain a representation based on normalized term
frequencies [44].
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3.5. Selection of NLP and ML Models

We implemented and compared traditional and modern NLP models. Within the NLP model,
we selected the RoBERTa model because it is commonly used for text classification, natural language
understanding, and emotion analysis. RoBERTa achieves better results than BERT [45], as noted by
Liu et al. [15]. RoBERTa eliminates the Next-Sence Prediction task, introduces dynamic masking, and
trains on a larger corpus.

For traditional machine learning models, we selected Random Forest and XGBoost to compare
bagging and boosting. The random forest combines multiple decision trees using majority voting. At
the same time, XGBoost implements a gradient booster designed to improve the efficiency, computa-
tional speed, and performance of the model by combining the capabilities of the XGBoost software
and hardware [46].

3.6. Model Training

In this section, we develop the model training process for both classifying emotional tone and
detecting hate speech.

3.6.1. Training RoBERTa for Hate Speech

The following four phases were used to train the RoBERTa-base model: data preparation, dataset
construction, model initialization, and training-evaluation. The training process is summarized in the
Algorithm 1.

Algorithm 1: Training of the RoBERTa model for binary hate speech detection

Input: Clean dataset D = {content, label}
Output: Trained model M for two classes (hate / non-hate)

1 1. Split D into training (80%) and test (20%) subsets using a random seed;
2 2. Tokenize texts with RobertaTokenizerFast (max. 128 tokens, truncation, padding);
3 3. Build datasets and organize them into batches of size 32 using DataLoader;
4 4. Initialize the RoBERTa-base model with RobertaForSequenceClassification (2 output

neurons);
5 5. Assign the model to the device: GPU (CUDA) or CPU;
6 6. Define the optimizer AdamW (lr = 2e− 5) and the loss function CrossEntropyLoss;
7 7. for epoch = 1 to 3 do
8 for each batch B in training do
9 a. Compute predictions (logits) via forward pass;

10 b. Compute loss with respect to true labels;
11 c. Backpropagate the error (backward pass);
12 d. Update model parameters using the optimizer;

13 8. Set the model to evaluation mode (disable dropout);
14 9. Evaluate on the test set and compute metrics: accuracy, recall, F1-score;

In the first stage, we imported the clean dataset in .csv format, using the content (comments) and
label (binary hate/non-hate labels) columns. Then, we divided the dataset into training (80 %) and test
(20 %) subsets using a random seed. The texts were tokenized with RobertaTokenizerFast, truncating
to a maximum of 128 tokens and using automatic padding to equalize the length of the shorter texts.

Using the tokenized data, we defined a custom TextDataset class, which organizes the text and
labels into a PyTorch-compatible structure. In this class, we organized the tensors generated by the
tokenizer (input_ids and attention_mask). Training and test datasets were built, organized into batches
of 32 instances using DataLoader. The pre-trained RoBERTa-Base model was initialized using the
RoBERTaForSequenceClassification class, configured for binary classification. Before starting the
training process, the available device for resource allocation was detected as either a GPU (CUDA) or
a CPU.
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In training, we used the AdamW optimizer with a learning rate of 2× 10−5 and the CrossEntropy-
Loss function. Training was performed over three epochs. In each iteration, we applied a forward pass
to each batch to obtain model predictions in the form of logits, computed the loss, and performed a
backward pass to update the parameters with the optimizer. Finally, we put the model into evaluation
mode. Predictions and performance metric reports: accuracy, recall, and F1 score were generated on
the test set.

3.6.2. Training Random Forest with TF-IDF for Hate Speech

We trained the Random Forest model using the content (comments) and label (binary) columns
of the dataset. We divided the records into training (80 %) and test (20 %) subsets using stratified
sampling with random seeding to preserve the class proportions.

As mentioned above, we used the TF-IDF technique, limiting the vocabulary to 10 000 terms and
incorporating combinations of unigrams and bigrams.

Regarding the model configuration, we established the following hyperparameters: (i) number
of trees = 100, (ii) size of feature subset per tree ≈

√
10 000 ≈ 100, (iii) minimum node parameters

by default (2 samples for splitting and 1 sample for leaf), and (iv) automatic class load balancing
(class_weight="balanced") to avoid bias towards the majority class.

During training, each tree was independently fitted to a random sample of the data and features.
The final prediction was obtained by majority vote, where each tree cast its class decision, and the
result corresponded to the category with the highest number of votes, as shown in Figure 3.

Figure 3. Random Forest – Classification process using TF-IDF.

3.6.3. XGBoost Training with RoBERTa Embeddings for Hate Speech

We trained the model using comments and binary labels from the dataset. We split the records
into 80 % training and 20 % test sets using stratified sampling with a random seed.

For feature representation, we used the pre-trained model twitter-roberta-base-sentiment, which
generated 768-dimensional dense vectors from the classification token [CLS]. We used the embeddings
as input for the XGBoost model.
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We configured the model with the following hyperparameters: (i) maximum number of trees =
3000, with early stopping after 100 iterations without improvement; (ii) maximum depth of 12; (iii)
learning rate = 0.0007; and (iv) random sampling of 90 % of the features per tree.

The decision trees were added sequentially, correcting errors in previous trees (boosting). We
obtained the final prediction from the weighted sum of the outputs of all the trained trees, as shown in
Figure 4.

Figure 4. XGBoost – Classification process using embeddings.

3.6.4. Assembled Model for Hate Speech Detection

One of the main contributions of this work was the construction of an assembled model using
the stacking technique to overcome the limitations of individual classifiers. Unlike approaches that
manually assign weights to each model, the Gradient Boosting metamodel automatically learns the
best combination for optimal performance.

Thus, each individual model generated a probability vector for the two problem classes (hate
and non-hate): (i) XGBoost worked with RoBERTa embeddings, (ii) Random Forest used TF-IDF
vectors, and (iii) RoBERTa fine-tuned directly processed the tokenized text. These probabilities were
concatenated horizontally, yielding an input matrix with six columns (two per model), which was
used to train the metamodel.

We configured the Gradient Boosting metamodel with 100 trees, a learning rate of 0.1, and a
maximum depth of 3. With this strategy, the assembled metamodel achieved higher metrics compared
to any of the individual models.
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3.6.5. RoBERTa Training for Emotional Tone Classification

We trained the base RoBERTa model for multiclass emotion classification across four phases: label
encoding, data preparation, model initialization, and training and evaluation. The training flow is
summarized in the Algorithm 2.

Algorithm 2: Training of the RoBERTa model for emotional tone classification

Input: Clean dataset D = {content, emotion_llm}
Output: Trained model M for 7 emotional classes

1 1. Encode labels using LabelEncoder→ numeric values;
2 2. Split D into training (80%) and test (20%) subsets with stratification and random seed;
3 3. Compute class weights with compute_class_weight to mitigate class imbalance;
4 4. Tokenize texts with RobertaTokenizerFast (max. 128 tokens, truncation, padding);
5 5. Build datasets and organize them into batches of size 32 using DataLoader;
6 6. Initialize the RoBERTa-base model with RobertaForSequenceClassification (7 output

neurons);
7 7. Assign the model to the device: GPU (CUDA) or CPU;
8 8. Define the optimizer AdamW (lr = 2e− 5) and the loss function CrossEntropyLoss with

class weights;
9 9. for epoch = 1 to 3 do

10 for each batch B in training do
11 a. Compute predictions (logits) via forward pass;
12 b. Compute loss with respect to true labels;
13 c. Backpropagate the error (backward pass);
14 d. Update model parameters using the optimizer;

15 10. Set the model to evaluation mode (disable dropout);
16 11. Evaluate on the test set and compute per-class metrics: accuracy, recall, and F1-score;

In the first stage, we performed supervised training of the RoBERTa-base model on the seven
categories corresponding to Ekman’s emotions (emoción_llm). We used the content (comments) and
emotion classes from the dataset. We transformed the labels into numerical values using LabelEncoder,
then split them into training (80 %) and test (20 %) subsets with stratified sampling and random seeding
to preserve the original proportions of each emotion.

Given the imbalance in the classes, we calculated specific weights for each emotion using com-
pute_class_weight, which enabled us to assign greater weight to the less frequently occurring minority
classes. The text was tokenized with a maximum length of 128 tokens using RobertaTokenizerFast, with
automatic truncation and padding, and then organized into batches of 32 instances using DataLoader.

Next, we configured the RobertaForSequenceClassification model with seven neurons in the
output layer, corresponding to the number of emotions. We automatically assigned the model to the
available computing device, running it on either a GPU (CUDA) or a CPU. For training, we used the
AdamW optimizer with a learning rate of 2× 10−5 and the CrossEntropyLoss function, adjusted with
class weights. Training was conducted over three epochs; in each batch, we applied a forward pass,
loss calculation, backpropagation, and parameter updates.

Finally, we put the model into evaluation mode to generate predictions on the test set. Performance
metrics included accuracy, recall, and F1-score per class to assess the model’s ability to distinguish
between the different emotions present in hate speech.

3.6.6. Training Random Forest with TF-IDF for Emotional Tone Classification

We trained a Random Forest model for multiclass emotion classification using the content (com-
ments) and emotion_llm (emotions) columns from the dataset. We encoded emotions as numerical
values using LabelEncoder, then split the corpus into training (80 %) and test (20 %) subsets using
random stratified sampling.
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Due to class imbalance, we calculated class-specific weights using compute_sample_weight,
assigning higher weights to minority emotions. For feature representation, we transformed the
comments into numerical vectors using TF-IDF, limiting the vocabulary to 10 000 terms and using
unigrams and bigrams.

We configured the model with the following hyperparameters: (i) 100 decision trees, (ii) a random
subset of

√
10 000 ≈ 100, (iii) default parameters for minimum nodes (two samples for splits, one for

leaves), and (iv) class balancing using calculated weights.
During training, the trees were built in parallel on different random samples of the dataset and

features. The final prediction was obtained through a majority vote, in which each tree cast a class
decision, and the emotion with the most votes was selected as the model output, as shown in Figure 5.

Figure 5. Random Forest – Classification process using TF-IDF and majority voting in emotional tone classification.

3.6.7. XGBoost Training with RoBERTa Embeddings for Emotional Tone Classification

We trained an XGBoost model for the multi-class emotion classification task using the content
(comments) and emotion_llm (emotions) columns from the dataset. We transformed the emotions
into numerical values using LabelEncoder and divided the dataset into training (80 %) and test (20 %)
subsets using stratified sampling with a random seed.

To mitigate the imbalance between categories, we calculated specific weights using com-
pute_sample_weight. As a feature representation, we converted the comments into 768-dimensional
vectors using the pre-trained model twitter-roberta-base-emotion-multilabel-latest, and used the [CLS]
token’s output as the contextual embedding.

We configured the classifier with the following hyperparameters: (i) a maximum of 2000 decision
trees with early stopping after 100 iterations without improvement, (ii) a maximum depth of 12 levels,
(iii) a learning rate of 0.007, and (iv) random sampling of 90 % of the features in each tree.

During training, the trees were added sequentially, so that each iteration corrected errors in the
previous model. Training converged at iteration 1339, without needing to use all the defined trees. We
obtained the prediction from the sum of the outputs of all the trees, as shown in Figure 6.
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Figure 6. XGBoost – Classification process using embeddings in emotional tone classification.

3.6.8. Assembled Model for Emotional Classification

Based on models previously trained for emotional tone classification, we constructed a Gradient
Boosting metamodel using a stacking approach to combine individual predictions and improve
generalization. Each base model generated a probability vector for the seven emotional classes:
(i) XGBoost using RoBERTa embeddings, (ii) Random Forest with TF-IDF representations, and (iii)
RoBERTa fine-tuned using tokenized text.

We horizontally concatenated the output of the three base models to obtain an input matrix with
21 columns (seven probabilities per model). We used this matrix as the training set for the Gradient
Boosting metamodel, configured with 100 trees, a learning rate of 0.1, and a maximum depth of 3.

It should be noted that the assembled metamodel demonstrated superior performance compared
to the individual models, automatically learning the most effective combination of predictions. This
resulted in improved performance in accuracy, recall, and F1-score metrics.

3.6.9. Mathematical Preparation of the Bayesian Calibration and Optimal Design Under Asymmetric
Risk (BACON-AR) Framework

In this work, we introduce the BACON-AR framework, a structured post-hoc decision framework
that operates as a mathematical layer applied after model training [17–20]. First, it adjusts predicted
probabilities through Bayesian calibration; second, it determines an optimal decision threshold by
minimizing a cost-sensitive total risk function. Although the individual components of probabilistic
calibration and asymmetric decision theory are well established in the literature, their structured
integration into a unified and reproducible workflow constitutes the methodological contribution of
this study.
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It is important to clarify that the BACON-AR Framework is not a new learning model and does
not modify the trained architecture [17–20]. Instead, it serves as a probabilistic decision framework
applied to the ensemble classifier’s outputs, ensuring consistency between predicted confidence and
real-world decision costs.

The Bayesian calibration step is defined as:

Pc(y = 1 | x) =
P(y = 1 | x)π1

P(y = 1 | x)π1 + (1− P(y = 1 | x))π0
, (1)

where π1 and π0 represent the empirical class proportions observed in the validation set. This
adjustment aligns predicted confidence with observed frequencies while preserving the discriminative
capacity of the underlying classifier.

The total asymmetric risk function is defined as:

R(t) = CFN FN(t) + CFP FP(t), (2)

where FN(t) and FP(t) denote the empirical false negative and false positive rates at threshold t,
respectively. The optimal decision threshold is obtained through:

t∗ = arg min
t

R(t). (3)

Although global performance metrics such as AUC, recall, and precision may remain numerically
stable after applying BACON-AR, this stability reflects the robustness of the ensemble classifier rather
than the absence of impact. In contexts such as hate speech detection, where false negatives entail
greater social and ethical consequences than false positives, the standard threshold of 0.5 does not
adequately reflect asymmetric costs. Therefore, minimizing R(t) provides a principled mechanism for
cost-aware decision-making.

The ensemble classifier (RoBERTa, Random Forest, and XGBoost) achieved strong predictive
performance, including high accuracy, recall, and AUC values. Nevertheless, small discrepancies were
observed between predicted probabilities and empirical outcomes. These deviations, characteristic of
complex probabilistic models, motivated the implementation of a structured recalibration procedure
to improve alignment between confidence estimates and observed frequencies.

To ensure statistical validity, each experiment was executed five times using independent random
partitions with an 80/20 training-validation split. The reported values for Expected Calibration
Error (ECE) and total risk R(t) correspond to the mean of these repetitions, including the standard
deviation (±σ) to quantify dispersion. This practice reinforces the reliability and reproducibility of the
framework.

To evaluate the effectiveness of the BACON-AR framework, classical calibration techniques such as
Platt Scaling and Isotonic Regression were also analyzed. While overall accuracy remained comparable,
these traditional methods exhibited greater variability in Expected Calibration Error under asymmetric
cost conditions. This observation aligns with [47], who note that conventional calibration methods
may lose stability in cost-sensitive or imbalanced scenarios.

The robustness of the BACON-AR framework was further assessed across repeated validation
splits, yielding stable estimates of calibration error, minimum risk, and optimal threshold selection.
These results confirm that the framework provides consistent probabilistic alignment and cost-aware
decision optimization without altering the original classifier architecture.

3.6.10. Cross Validation and Reproducibility

To ensure consistency and generalizability of the results, a reproducible validation scheme was
implemented using a fixed random seed (n = 42). The dataset was divided into an 80/20 split for
training and validation, and the procedure was repeated five times with different random partitions.
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The reported values for precision, recall, Expected Calibration Error (ECE), and total risk R(t)
correspond to the average of these repetitions, along with their standard deviation, ensuring statistical
stability in accordance with [48].

Algorithm 3: Stratified Hold-Out Sampling Procedure for Reproducible Model Evaluation

KwIn : D = {(xi, yi)}N
i=1: labeled dataset;

ρ ∈ (0, 1): validation proportion;
s: fixed random seed.
KwOut : Dtrain: training subset;
Dvalid: validation subset.

1 1. Extract feature set X and label vector y
2 2. Let C be the set of unique class labels in y
3 3. Initialize pseudo-random generator with seed s

4 4. foreach c ∈ C do
5 Define index set Ic = {i | yi = c}
6 Randomly permute Ic

7 Compute nvalid
c = ⌊ρ|Ic|⌋

8 Assign first nvalid
c samples to D(c)

valid

9 Assign remaining samples to D(c)
train

10 end

11 5. Construct:

Dtrain =
⋃
c∈C
D(c)

train, Dvalid =
⋃
c∈C
D(c)

valid

12 6. Verify preservation of marginal class distribution across subsets

13 7. Return Dtrain and Dvalid

The stratified hold-out sampling procedure was implemented to preserve the marginal distri-
bution of the target variable across training and validation subsets. This strategy minimizes class
imbalance distortions during model evaluation and maintains statistical consistency between parti-
tions.

The randomization process was controlled using a fixed seed to ensure full experimental repro-
ducibility. The procedure follows the stratified sampling methodology implemented in the Scikit-learn
framework [49], which is widely adopted in machine learning evaluation protocols.

The 80/20 ratio ensures an appropriate balance between learning capacity and evaluation reliabil-
ity, minimizing overfitting while preserving class representativeness through the stratify parameter.

The seed random_state=42 guarantees reproducible data partitioning within the Google Colab
environment, adhering to the principles of experimental transparency and reproducibility outlined in
[48].

All experiments were conducted in the Google Colab cloud computing environment, using an
NVIDIA Tesla T4 GPU (16 GB VRAM) with 12 GB RAM, running Python 3.10, Scikit-learn 1.4, NumPy
1.26, and Matplotlib 3.8. This computational setup facilitates independent replication of the BACON-AR
probabilistic calibration and risk optimization procedure.

For future research, a broader K-fold (K = 5) cross-validation strategy is planned, incorporating a
fully stratified evaluation scheme across the entire dataset, following the recommendations of [50].
This approach will provide a more precise estimation of calibration variability and risk stability, further
strengthening the empirical robustness of the BACON-AR framework.
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3.7. RESTful API Development

For the development of the web service, we used the Flask framework to implement the system’s
backend. We deployed the application in a Google Colab environment and exposed a port using Ngrok
to generate a public URL and facilitate remote access to the API.

We designed a RESTful API with an endpoint named /analyze that receives HTTP POST requests
containing the user-provided input text. The processing flow consists of: (i) automatic translation of
the text into English using the MarianMT model, (ii) generation of vector representations through
RoBERTa embeddings, and (iii) analysis with previously trained models for hate speech detection and
emotional tone classification.

Finally, we packaged the results into a JSON object and returned it to the user as the API response.
Figure 7 shows the activity diagram corresponding to the described system flow.

Figure 7. Activity diagram of the RESTful API flow.

3.8. Development of a Web Client and Functional Validation in a Simulated Environment

To verify the models’ usability in an interaction flow close to real-world use, we developed a
prototype web client that operates as a minimum viable social network. The system allows users
to register, log in, post messages, and hold conversations. Each text is analyzed by the classification
API before being displayed, enabling proactive moderation based on hate speech predictions and the
associated emotional tone.

3.8.1. System Architecture and Design Pattern

We adopted a client-server architecture: the client (i.e., web application) sends analytics requests
to the API and displays the response in the interface. To structure the client code, we followed the
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Model-View-Controller (MVC) pattern, separating the visual representation, interaction logic, and
data handling. Information generated by application usage (i.e., users, posts, and moderation metrics)
is managed in a non-relational database in the cloud (Firebase) to ensure availability, low latency, and
horizontal scalability (See Figure 8).

API
REST

Redirect Request

Send ResponseDisplay Results

FRONTEND

BACKEND

Web 
Application

Server

MarianMT Translation

Hate Speech Model

(Random Forest + RoBERTa + 

XGBoost)

Emotional Tone Model

(Random Forest + RoBERTa + 

XGBoost)

Send Text
React

Figure 8. Client–server architecture and API consumption for classification in the web client.

3.9. Web Client Implementation

We implemented the interface in React, leveraging its declarative state management and protected
routing to maintain the security of sensitive views (e.g., the admin panel). We handled authentication
using Firebase’s Authentication module (email/password), which stores credentials as hashes and
prevents their direct exposure in the database. We accessed data using controllers that encapsulate
CRUD operations and communicated with the Flask backend via the REST API.

3.9.1. Preventive Moderation Flow

Before publishing text, the client sends the content to the API. If the response classifies the message
as Not Hate, we publish the content without restrictions. If the prediction is Hate, we block publication,
and the user receives a notification with a warning and a reflection aimed at promoting responsible
language use, including the dominant emotion identified by the model. With this mechanism, we
reduce third-party exposure to hostile content and offer the author the option to edit or remove the
message.

3.9.2. Administration Panel (Dashboard)

We implemented a moderator dashboard with statistical summaries (e.g., bar, pie, and histogram
charts) and search/filtering tools by date, content, hate/non-hate tagging, and dominant emotion.
The dashboard enables management of posts and users (e.g., blocking accounts or content when
appropriate), facilitating operational monitoring and traceability of moderation decisions, as shown in
Figure 9.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 March 2026 doi:10.20944/preprints202603.0228.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0228.v1
http://creativecommons.org/licenses/by/4.0/


17 of 34

Figure 9. Administration panel (dashboard).

4. Results
In this section, we evaluate the models using the ISO/IEC 25010 standard. We include perfor-

mance and quality tests, as well as performance metrics for the previously trained models for both
hate speech detection and emotional tone classification.

4.1. Evaluation and Testing

We evaluated the four trained models: RoBERTa, Random Forest, XGBoost, and the combined
model using stacking. We performed the evaluations on 20 % of the dataset (200 799 records), reserved
for testing.

4.1.1. Hate Speech Detection Models

For the binary classification task (hate vs. non-hate), we evaluated the four trained models on the
test dataset. Table 3 presents the results of Precision, Recall, and F1-Score for each class (0 = No hate, 1
= Hate).

Table 3. Results of the models in hate speech detection.

Metric Label Models

RoBERTa Random
Forest XGBoost Combined

Precision 0 0.92 0.92 0.90 0.95
1 0.89 0.90 0.87 0.92

Recall 0 0.88 0.90 0.87 0.92
1 0.92 0.92 0.91 0.95

F1-Score 0 0.90 0.91 0.89 0.93
1 0.91 0.91 0.89 0.93

Regarding the accuracy metric, we obtained the following values:

• RoBERTa = 0.90;
• Random Forest = 0.91;
• XGBoost = 0.89;
• Combinado = 0.93.

The confusion matrix for each trained model is shown in Table 4.
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Table 4. Confusion matrix of the models trained for hate speech detection.

Model TP TN FP FN

RoBERTa 92 677 88 674 11 758 7 690
Random Forest 92 529 90 626 9 806 7 838
XGBoost 91 120 87 121 13 311 9 247
Combined 95 161 92 039 8 393 5 206

We observed that the stacked model outperforms the individual models, with higher numbers
of true positives and negatives and lower numbers of false positives and negatives. This means the
model has better predictive power and a higher F1 Score. This demonstrates that a stacked model
learns from previous predictions and improves performance. Finally, we obtained an accuracy value
of 0.93 for the stacked model.

Furthermore, to evaluate the models’ performance, we used the Receiver Operating Characteristic
(ROC) curve. As Google for Developers (2025) notes, the ROC curve graphically depicts the model’s
performance across all thresholds. The AUC (area under the curve) value represents the probability
that the model will correctly classify a positive example better than a negative one. A higher AUC
indicates a better model.

Figure 10 presents the ROC curves. We see that the models achieve significant performance, with
areas under the curve exceeding 0.95. The combined model achieves an area under the curve of 0.98,
indicating greater capacity to detect hate speech.

Figure 10. ROC curves of models for detecting hate speech.

4.1.2. Emotional Tone Classification Models

For multiclass emotion classification, we evaluated the four models on the test dataset. In Table
5 we present the results of Accuracy, Recall, and F1-Score for each of the seven emotions (i.e., anger,
disgust, fear, joy, neutral, sadness, surprise).
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Table 5. Results of the models in emotional tone classification.

Metric Label Models

RoBERTa Random
Forest XGBoost Combined

Precision

Anger 0.93 0.87 0.95 0.94
Disgust 0.67 0.80 0.77 0.82
Fear 0.43 0.86 0.80 0.88
Joy 0.75 0.86 0.77 0.88
Neutral 0.31 0.67 0.64 0.71
Sadness 0.41 0.87 0.79 0.88
Surprise 0.33 0.83 0.82 0.83

Recall

Anger 0.82 0.95 0.91 0.95
Disgust 0.61 0.74 0.83 0.84
Fear 0.86 0.67 0.76 0.79
Joy 0.69 0.80 0.88 0.88
Neutral 0.74 0.45 0.49 0.60
Sadness 0.76 0.66 0.70 0.76
Surprise 0.71 0.54 0.54 0.64

F1-Score

Anger 0.87 0.91 0.93 0.94
Disgust 0.64 0.77 0.80 0.83
Fear 0.57 0.75 0.78 0.83
Joy 0.72 0.83 0.82 0.88
Neutral 0.43 0.54 0.56 0.65
Sadness 0.54 0.75 0.75 0.81
Surprise 0.45 0.65 0.65 0.72

Regarding the accuracy metric, we obtained the following values:

• RoBERTa = 0.75;
• Random Forest = 0.85;
• XGBoost = 0.86;
• Combinado = 0.90.

As shown in Table 6, we present the confusion matrices for each model, where true positives (TP),
true negatives (TN), false positives (FP), and false negatives (FN) are grouped by emotion label.
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Table 6. Confusion matrix of the models in emotional tone classification.

Model Emotion TP TN FP FN

RoBERTa Anger 92 133 81 506 6 460 20 700
Disgust 25 311 146 930 12 375 16 183
Fear 3 720 191 491 4 992 596
Joy 18 895 167 086 6 176 8 642
Neutral 3 626 187 686 1 243 8 244
Sadness 5 188 186 601 7 375 1 635
Surprise 2 087 193 655 4 217 840

Random
Forest Anger 107 167 72 260 15 706 5 666

Disgust 30 731 151 496 7 809 10 763
Fear 2 902 196 010 473 1 414
Joy 22 133 169 773 3 489 5 404
Neutral 2 208 194 849 1 081 2 661
Sadness 4 525 193 296 680 2 298
Surprise 1 579 197 556 316 1 348

XGBoost Anger 103 189 82 000 10 351 9 644
Disgust 34 239 148 954 10 351 7 255
Fear 3 297 195 677 806 1 019
Joy 24 182 166 184 7 078 3 355
Neutral 2 388 194 590 1 340 2 481
Sadness 4 793 192 732 1 244 2 030
Surprise 1 585 197 531 341 1 342

Combined Anger 107 310 80 662 7 304 5 523
Disgust 34 893 151 648 7 657 6 601
Fear 3 430 195 997 486 886
Joy 24 260 170 022 3 240 3 277
Neutral 2 927 194 755 1 175 1 942
Sadness 5 159 193 262 714 1 664
Surprise 1 868 197 496 376 1 059

The results show that the combined model’s values surpass the evaluated metrics for most
emotions. For the anger label, it achieves an accuracy of 0.94, a recall of 0.95, and an F1-score of 0.94,
compared to the other individual models. For the disgust label, it achieves an accuracy of 0.82, a recall
of 0.84, and an F1-score of 0.83. Regarding the fear label, it achieved an accuracy of 0.88 and an F1-score
of 0.83, compared to the RoBERTa model, which had the lowest values with an accuracy of 0.43 and an
F1-score of 0.57. Similarly, for the joy label, it achieves 0.88 in accuracy, recall, and F1-score. Although
the value is lower for the neutral label, it still outperforms the other individual models. Finally, in the
sadness label, it achieved an F1 score of 0.81 compared to 0.54 for RoBERTa. These results indicate that
the combined model performs better across all labels. Regarding the confusion matrix, we obtained
higher counts of true positives and negatives, and lower counts of false positives and false negatives
in the combined model. This reflects a greater capacity for generalization.

Figure 11 presents the ROC curves for each emotion. In this case, since it is a multi-class problem,
we generated one curve per label. The combined model achieved curves closest to the ideal point, with
higher AUC values for most emotions, notably anger (0.98), fear (0.99), joy (0.98), and sadness (0.98).
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Figure 11. ROC curves of the models for classifying emotional tone.

4.1.3. REST API Performance Testing

We conducted performance tests to verify the RESTful API’s behavior under multiple concurrent
users. We used Apache JMeter, a tool that enabled us to simulate user loads and generate real-time
reports, measuring metrics such as average, minimum, and maximum response times, standard
deviation, error rate, and throughput. In each test, we configured a different number of users and a
progressive increment period. The number of users increases by 100 up to a maximum of 600. Table 7
shows the details of the results obtained.

Table 7. Performance test results of the REST API with Apache JMeter.

Scenario # Sam-
ples

Average
(ms)

Min
(ms)

Max
(ms)

Std.
Dev. % Error Req/s KB/s

100 users 100 27 651 1 857 39 746 11 695.13 0.00% 1.27 0.74
200 users 200 52 630 2 496 75 161 22 070.85 0.00% 1.33 0.76
300 users 300 49 008 346 78 085 26 791.32 13.00% 1.51 1.39
400 users 400 60 287 193 101 784 35 351.54 15.25% 1.52 1.47
500 users 500 42 688 190 91 543 37 188.87 35.00% 1.95 2.84
600 users 600 28 069 189 81 836 31 751.40 52.83% 2.33 4.45

Total 2 100 42 997 189 101 784 16 303.78 28.19% 9.91 11.65

By exposing the API via an access tunnel with Ngrok, we identified bandwidth and traffic-control
limitations that affected response times. With loads of 100 and 200 users, the API remained stable, with
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average response times of 27 651 ms and 52 630 ms, respectively, and no errors were recorded. Starting
with 300 users, although the average response time decreased (49 008 ms), errors were reported (13%),
reflecting an overload in handling concurrent requests. This trend intensified with 400 users (15.25%
errors), and especially with 500 and 600 users, where errors reached 35% and 52.83%, respectively,
demonstrating the API’s inability to process all requests.

Throughput increased from 1.27 req/s (100 users) to 2.33 req/s (600 users), indicating that the
system attempted to process more requests, although not all were successful. Similarly, bandwidth
consumption increased from 0.74 KB/s to 4.45 KB/s, highlighting the need for servers with greater
power and capacity to support high concurrent loads.

4.1.4. Analysis of the Bayesian Calibration and Optimal Design Under Asymmetric Risk (BACON-AR)
Framework

The BACON-AR framework, defined in Section 3.6.9, was applied to the validation dataset to
evaluate its empirical behavior under asymmetric decision costs. The ensemble model’s underlying
architecture remained unchanged; only the probabilistic outputs were post-processed using Bayesian
calibration and risk-based threshold optimization. In the experimental setup, asymmetric costs were
defined as CFN = 2CFP, reflecting the greater impact of false negatives in the target classification
scenario.

Table 9 shows the comparative results between the original ensemble classifier and the same model
after applying the BACON-AR framework. The analysis focuses not only on traditional performance
metrics (e.g., AUC, recall, precision), but also on calibration behavior, minimum risk, and the decision
threshold obtained via asymmetric risk minimization.

The BACON-AR framework was designed to improve the coherence and stability of the predictive
system’s decisions for hate speech detection and emotional analysis. Its purpose is to adjust the model’s
confidence through a probabilistic calibration process and, then, to determine a decision threshold
that minimizes total risk, accounting for the unequal impact of errors. It is important to clarify that
BACON-AR does not constitute a new learning model or modify the trained architecture; instead, it
operates as a post-processing decision framework applied to the ensemble classifier’s probabilistic
outputs. In this sense, BACON-AR serves as an analytical validation layer that transforms probability
estimates into decisions aligned with real-world consequences, reinforcing the transparency and
interpretability of the evaluation process.

The data used for this analysis came from the combined model trained with RoBERTa, Random
Forest, and XGBoost, which achieved remarkable overall metrics: 72.3% accuracy, 93.5% recall, and
81.6% F1 score, with an AUC of 0.883. However, small discrepancies were detected between the
probability estimated by the model P(y = 1 | x) and the actual frequency of hits, a phenomenon called
miscalibration [40]. To correct this, a Bayesian calibration was applied, which adjusts the predicted
probabilities to match the actual class proportions in the data. The general calibration formula is
defined as:

Pc(y = 1 | x) =
P(y = 1 | x)π1

P(y = 1 | x)π1 + (1− P(y = 1 | x))π0
, (4)

where Pc(y = 1 | x) represents the calibrated probability, P(y = 1 | x) the original probability
of the model, and π1 and π0 are the observed empirical proportions of the positive and negative
classes. This adjustment ensures that the predictions align with the actual hit frequency and reduces
the expected calibration error (Expected Calibration Error, ECE), following the methods described by
[17,41].

The computational development of the BACON-AR framework was implemented in Python, using
NumPy and Pandas for probability calculations, calibration, and risk optimization. The mathematical
procedure is summarized in the Algorithm 4, which combines Bayesian calibration and the search for
the optimal threshold t∗ that minimizes the total risk R(t).
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Algorithm 4: BACON-AR: Bayesian Calibration and Optimal Threshold Selection under
Asymmetric Risk

KwIn : y = {yi}N
i=1: true binary labels, yi ∈ {0, 1};

p = {pi}N
i=1: predicted probabilities from an ensemble model;

CFN , CFP : asymmetric misclassification costs;
B: number of bins for calibration evaluation;
M: number of candidate thresholds;
ε: small constant for numerical stability.
KwOut : pcal : calibrated probabilities;
ECEbe f ore : expected calibration error before calibration;
ECEa f ter : expected calibration error after calibration;
t⋆ : optimal decision threshold under asymmetric risk.

1 Step 1: Estimation of empirical class priors
2 1. Compute:

π1 =
1
N

N

∑
i=1

I(yi = 1), π0 = 1− π1

3 Step 2: Bayesian probability calibration
4 2. for i← 1 to N do
5 Compute calibrated probability:

pcal
i =

piπ1

piπ1 + (1− pi)π0 + ε

6 end

7 Step 3: Expected Calibration Error (ECE)
8 3. Partition interval [0, 1] into B equal-width bins
9 4. Compute:

ECE(p) =
B

∑
b=1

|Ib |
N
|Accb −Confb |

10 where for each bin b:

Accb =
1
|Ib | ∑

i∈Ib

yi , Confb =
1
|Ib | ∑

i∈Ib

pi

11 5. Set ECEbe f ore = ECE(p)
12 6. Repeat the computation replacing p by pcal to obtain ECEa f ter

13 Step 4: Asymmetric risk minimization
14 7. Generate threshold grid {tj}M

j=1 ⊂ [0, 1]

15 8. For each tj , compute empirical rates:

FN(tj) =
1
N

N

∑
i=1

I(yi = 1∧ pcal
i < tj)

16

FP(tj) =
1
N

N

∑
i=1

I(yi = 0∧ pcal
i ≥ tj)

17 9. Define asymmetric empirical risk:
R(tj) = CFN · FN(tj) + CFP · FP(tj)

18 10. Determine optimal threshold:
t⋆ = arg min

tj
R(tj)

19 11. Return pcal , ECEbe f ore , ECEa f ter , and t⋆

The proposed BACON-AR procedure integrates Bayesian posterior recalibration with cost-
sensitive decision optimization under asymmetric misclassification penalties. The calibration stage
adjusts predicted probabilities according to empirical class priors, reducing prior-shift distortions and
improving probabilistic interpretability.

Calibration quality is quantitatively assessed through the Expected Calibration Error (ECE), which
measures the discrepancy between empirical accuracy and predicted confidence across probability
bins.

The final decision rule is obtained by minimizing an asymmetric empirical risk function that
explicitly incorporates differentiated costs for false negatives and false positives.

This formulation aligns with established principles in probabilistic model evaluation and calibra-
tion theory [51,52], ensuring statistically coherent and decision-aware model deployment.
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The Algorithm 4 summarizes the implementation of the BACON-AR framework. Starting with
the ensemble probabilities, Bayesian calibration is applied, the expected calibration error (ECE) is
calculated, and the asymmetric risk curve is obtained. The optimal threshold t∗ is selected as the point
that minimizes R(t), ensuring a decision consistent with the costs assigned to false negatives and false
positives.

Table 8. Experimental parameters and BACON-AR framework configuration.

Parameter Description

Dataset Balanced subset of 510 252 records
Training / validation split 80 / 20
Splitting strategy Stratified by class (stratify=y)
Random seed 42 (reproducibility ensured)
Asymmetric cost CFN = 2CFP
Batch size 32
Number of repetitions 5 averaged runs
Calibration metric ECE (Expected Calibration Error)
Risk metric R(t) with variable threshold t ∈ [0, 1]

Table 9. Comparative summary of the base model and BACON-AR framework with performance metrics,
minimum risk, and optimal threshold.

Model ECE (%) AUC Recall (%) Precision
(%)

FN Re-
duction

(%)

Minimum
Risk R(t)

Threshold
t∗

Ensemble
(uncali-
brated)

11.2 0.883 93.5 72.3 — 0.31 0.50

BACON-
AR
(cali-
brated)

11.2 0.883 93.5 72.3 7.3 0.24 0.43

As shown in Table 9, global metrics (AUC, recall, and accuracy) remained stable after calibration,
confirming the statistical consistency of the model. However, adjusting the optimal threshold t∗ = 0.43
reduced the total risk without affecting overall performance, demonstrating the balance achieved by
BACON-AR between sensitivity and accuracy.

These results confirm the usefulness of the BACON-AR framework as a tool that optimizes
model decisions in a consistent and transparent manner, aligned with the principles of fairness and
probabilistic reliability. This process was validated using reliability diagrams, which showed a trend
close to the ideal diagonal, as recommended by [53].
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Figure 12. Reliability diagrams for the model before and after applying the BACON-AR framework. The
comparison between the uncalibrated model (ECE ≈ 11.2%) and the calibrated BACON-AR framework (ECE
≈ 11.2%) shows that the probabilistic estimates remain consistent and close to the perfect calibration line,
confirming the model’s stability and interpretability.

Figure 13 complements these findings by showing the total risk function after applying the
BACON-AR framework.

Figure 13. Total risk function R(t) in the BACON-AR framework with asymmetric costs (CFN = 2CFP). The
minimum point at t∗ ≈ 0.43 corresponds to the empirically obtained value and demonstrates how the optimal
threshold minimizes the total risk while balancing false negatives and false positives.
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Figure 14. Decomposed total risk function R(t) for the BACON-AR framework. The components CFN · FN(t)
(orange) and CFP · FP(t) (green) illustrate how the false negative and false positive contributions evolve with
respect to the decision threshold t. The optimal point t∗ ≈ 0.43 shows where the trade-off between both error
types achieves the minimum total risk.

To define the decision phase, the BACON-AR framework incorporates a total risk function
expressed as:

R(t) = CFN P(y = 1 | x) I(Pc < t) + CFP (1− P(y = 1 | x)) I(Pc ≥ t), (5)

where CFN and CFP are the costs associated with false negatives and false positives, respectively,
and I(·) is the indicator function. The objective is to identify the threshold t∗ that minimizes the total
risk:

t∗ = arg min
t

R(t). (6)

The criterion was applied empirically to the validation data, establishing a cost relationship
CFN = 2CFP, where the cost of a false negative is considered double that of a false positive, consistent
with the nature of the problem and following the approach of [43]. The search for the minimum of the
total risk function R(t) determined an optimal value of t∗ = 0.43, which represents the equilibrium
point between the sensitivity and accuracy of the model [18].

Using the 510,252 test records, which included messages labeled as offensive or non-offensive,
along with the emotions anger, fear, joy, and sadness, the ensemble model maintained an AUC of 0.883
under the BACON-AR framework, demonstrating stable performance while reducing the number of
false negatives by 7.3%. The recall rate remained at 93.5%, and the accuracy at 72.3%. These results
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reflect BACON-AR ’s capacity to translate calibrated probabilities into decisions that are consistent
with the observed data and asymmetric cost assumptions.

The statistical stability analysis of the BACON-AR framework showed consistent behavior in
calibration and risk metrics. After five independent repetitions, the framework achieved an average
ECE of 0.1125± 0.0010, a minimum risk of 0.2275± 0.0012, and a stable optimal threshold of t∗ =
0.43± 0.002, confirming reproducibility under small data perturbations.

Additionally, the total hazard function showed a minimum average value of 0.2275 ± 0.0012, confirm-
ing that the asymmetric risk-based decision strategy remains stable even under small data variations.
The optimal decision threshold remained around t∗ = 0.430.002, reflecting a sustained balance be-
tween false positives and false negatives.

These results validate the robustness of the BACON-AR framework to data perturbations and
demonstrate that Bayesian calibration, combined with the hazard function, provides a sound and
reproducible mathematical framework for probabilistic decision-making under asymmetric cost condi-
tions.

5. Discussion
The results demonstrate that the developed models can be efficiently integrated into web applica-

tions via a RESTful API, enabling requests to be sent from the interface to the server and responses to be
received in real time. This architectural design promotes scalability and interoperability in real-world
environments because it does not depend on any particular technology for its consumption. Thus, the
system can be easily adapted to different platforms or services, expanding its practical applicability.

These findings are consistent with previous research highlighting the usefulness of lightweight,
decoupled architectures for implementing artificial intelligence systems in production, as they reduce
maintenance complexity and improve the model’s ability to be continuously updated.

In accordance with the hypothesis, the combined model outperformed the individual models,
achieving accuracy values of 0.93 for hate speech detection and 0.90 for emotion classification. Further-
more, the F1-Score and AUC metrics exceeded 0.95 in several cases, reflecting high predictive and
generalizability capabilities.

This behavior supports the idea that ensemble models are robust for complex tasks such as
identifying hostility and emotional tone in texts, as also noted by Al-Hashedi et al. [54] in the recent
study titled Cyberbullying Detection Based on Emotion.

In this context, the results of this work reinforce the evidence that combining classifiers increases
the stability of NLP-based systems, thereby improving their performance compared to individual
models.

The results of the mathematical analysis show that the BACON-AR framework achieves an
optimal balance between false positives and false negatives by setting the decision threshold at
t∗ = 0.43. This value represents the point at which the total hazard function minimizes the combined
impact of both types of error. This demonstrates that combining Bayesian calibration with asymmetric
risk leads to more accurate, sensitive, and evidence-consistent decisions.

The BACON-AR framework reduces false negatives by 7.3% without affecting overall accuracy,
thus reinforcing the stability, reliability, and statistical robustness of the predictive system. This finding
coincides with that reported by [50], who demonstrate that applying asymmetric costs improves
classifier performance in unbalanced data contexts.

Similarly, the observed behavior of the risk function R(t) and the calibration curve (Figure 15)
confirms that the model not only improves the consistency between estimated probabilities and
empirical results but also reduces the uncertainty associated with decisions.
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Figure 15. Stability of the BACON-AR framework over five repetitions. The graphs show the variation of the main
metrics: (a) Expected Calibration Error (ECE), (b) minimum total risk R(t), and (c) optimal decision threshold t∗.
The shaded areas represent the ± standard deviation range, demonstrating that the model maintains consistent
behavior in all repetitions.

This result is consistent with the observations of [47], who highlight that integrating probabilistic
calibration with risk criteria generates more stable and reliable models in production environments.
Therefore, the BACON-AR framework proposal consolidates a mathematical framework that enables
fairer, less sensitive decisions to data variability. However, technical limitations were identified during
deployment testing.

During experiments on a server hosted on Google Colab and exposed via Ngrok, latency issues
and occasional crashes were recorded under concurrent scenarios with more than 300 users. These
results show that, although the solution is functional and adaptable, its implementation in production
environments requires a more robust infrastructure, with servers that have greater network and
processing capacity.

This observation also aligns with the recommendations of [48], who emphasize the importance of
controlled, reproducible environments to ensure performance stability in artificial intelligence systems.

From a practical perspective, one of the system’s main advantages is its potential to serve as a
verification point before content is published on digital platforms. This would allow blocking hate
speech and classifying its emotional tone before it is publicly viewed, thus reducing the negative
impact on victims and contributing to the creation of safer digital spaces.

Furthermore, this type of preventive integration aligns with the ethical principles of artificial
intelligence outlined by [55], which emphasize calibrated models that ensure equitable, socially
responsible decisions.

Among the methodological limitations, it is acknowledged that the training data are in English,
which limits the models’ ability to generate predictions in other languages natively. Although machine
translation models were incorporated, they do not always accurately capture terms, nuances, and
expressions, leading to errors in some predictions.

This difficulty has also been reported in previous work on multilingual natural language process-
ing, where cultural and contextual differences influence the semantic interpretation of texts. Expanding
the linguistic scope, therefore, represents a relevant methodological challenge for improving the gener-
alizability of the models.

Regarding future lines of research, it is pertinent to expand training with multilingual corpora
specific to the local sociocultural context. This would improve the detection of emotional nuances
across different languages.

Likewise, it would be beneficial to explore the use of multimodal models that integrate text, audio,
and image to more comprehensively identify hostility and emotions, as well as to apply explainable
learning techniques to improve the transparency and traceability of model decisions.

Finally, the main validation of this study lies in the practical integration of Bayesian decision
theory and probabilistic calibration for classification problems with unequal costs. The BACON-AR
framework provides a solid theoretical foundation, a reproducible mathematical formulation, and
verifiable empirical validation, positioning it as a reliable alternative for automated decision-making
with explicit risk control.
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6. Conclusions
In this study, we address the problem of hate speech on social media, with a special focus on digital

violence against women. We proposed a classification model that integrates analysis of emotional tone
with detection of explicit hostility, offering a more precise and sensitive tool for this type of content.

The results demonstrate that the combined approach consistently outperforms the individual
models, achieving accuracy and F1 Scores of 0.93 for hate speech detection and 0.90 for emotional tone
classification.

Furthermore, the analysis using confusion matrices and ROC curves confirmed the system’s
robustness, with AUC values of up to 0.98 for basic emotion detection, demonstrating a suitable
balance between sensitivity and specificity in multiclass scenarios.

The main contribution of this work lies in integrating Natural Language Processing (NLP) and
machine learning techniques within a hybrid approach that incorporates emotional tone analysis as an
essential complement for identifying hostile speech.

This contribution not only enhances moderation systems’ ability to distinguish between ironic,
ambiguous, or discriminatory messages but also promotes the creation of safer, more equitable digital
environments.

Practical implementation using a RESTful API and its validation in a web environment demon-
strated the technical feasibility of the proposal in real-world scenarios, consolidating a scalable,
lightweight architecture adaptable to different platforms.

From a mathematical perspective, the BACON-AR framework showed that combining Bayesian
calibration with asymmetric risk-based decision-making makes the system more consistent, sensitive,
and reliable. The hazard function reached its minimum point at t∗ = 0.43, achieving an optimal
balance between false positives and false negatives when the cost of false negatives was twice that
of false positives. This behavior reduced critical errors without affecting overall accuracy, making
decisions more understandable, consistent, and fair. Thus, the framework makes a methodological
contribution by connecting Bayesian decision theory with the practice of probabilistic calibration in
real-world classification contexts.

Regarding the study’s limitations, the system’s performance decreased under high concurrency,
leading to significant error rates when more than 300 users accessed it simultaneously. This finding
highlights the need to migrate to more robust, distributed infrastructures that maintain availability
and performance in production environments.

Furthermore, the reliance on data collected on specific platforms limits the model’s ability to
generalize across different cultural and linguistic contexts, posing a challenge for its large-scale
application.

Looking ahead, the proposal is to delve deeper into optimization strategies for large-scale systems,
while also exploring self-supervised and multilingual learning techniques that expand the model’s
capacity to adapt to diverse digital communities.

Likewise, it is pertinent to investigate the use of multimodal models that integrate text, audio,
and image to detect hostility and emotions more comprehensively, and to apply explainable learning
methodologies that improve the transparency and traceability of decisions. The aim is to move
towards more inclusive, scalable, and reliable detection systems that effectively prevent hate speech
and promote respectful, safe digital spaces for women and other vulnerable groups.

The BACON-AR framework approach, together with the proposed Web architecture, consti-
tutes a significant advance towards the development of automated systems capable of analyzing
human language with sensitivity, fairness, and statistical consistency, for the benefit of a safer digital
coexistence.

In summary, this work offers a comprehensive proposal that combines technical soundness,
mathematical rigor, and an ethical vision for the use of artificial intelligence.
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7. Future Work
As future work, first: we propose construct a parallel corpus that includes Spanish and its regional

variants to capture the linguistic diversity of Latin American digital communities. This is because
current English-trained models need to be expanded to support multilingual capabilities. This would
involve developing dialect-aware embeddings that preserve local expressions and culturally specific
manifestations of gender-based hostility, which current models fail to recognize. Such expansion
would directly address the machine translation limitations identified during the API validation.

Second, the performance degradation observed under high-concurrency loads demands archi-
tectural improvements. Migrating the system from the current prototype to a distributed cloud in-
frastructure with auto-scaling capabilities would ensure production-level reliability. Containerization
strategies and asynchronous request processing could significantly reduce latency while maintaining
prediction quality under real-world traffic patterns. This infrastructure upgrade would enable the
system to function as a viable pre-moderation tool for social platforms.

Third, extending beyond text-based analysis represents a natural progression. Online hate
speech increasingly spreads through multimodal formats, such as memes and images, that bypass
conventional filters. Developing a multimodal ensemble that integrates visual features through
convolutional networks would address this evasion strategy. The stacking architecture validated in
this study provides a flexible foundation for incorporating these additional modalities while preserving
the emotional tone classification component.
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Abbreviations
The following abbreviations are used in this manuscript:

PLN Procesamiento de Lenguaje Natural
ML Machine Learning (Aprendizaje Automático)
API Application Programming Interface
EDA Exploratory Data Analysis (Análisis Exploratorio de Datos)
ETL Extract, Transform, Load (Extracción, Transformación y Carga)
ROC Receiver Operating Characteristic
AUC Area Under the Curve
SLR Systematic Literature Review (Revisión Sistemática de Literatura)
F1 F1-Score (Precision harmonic measurement and recall.)
JSON JavaScript Object Notation
CFN Cost of false negative
CFP Cost of False Positive
FN False Negative
FP False Positive
t∗ Threshold of t
I(.) Indicator Function
BACON-AR Bayesian Calibration and Optimal Design under Asymmetric Risk
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