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Abstract. Hope speech, which is defined by statements
of optimism and encouragement, has a positive impact
on social media conversation and is critical in boosting
individual well-being, particularly among users who
are facing adversity, stress, worry, or illness. As a
result, the automatic identification of hopeful content
has arisen as an important research topic. However,
natural language processing (NLP) systems continue to
confront substantial hurdles in accurately detecting hope,
which can range from grounded optimism to extreme
wishfulness or even scathing sarcasm. To address these
issues, we propose SarcHope, a framework for sarcasm

detection in hope speech across English and Spanish.

Our approach involves re-labeling the IbertLEF-2025
dataset and fine-tuning state-of-the-art transformer-based
models. Evaluation on an independent test set shows that
DeBERTa-V3 obtains an F1-score of 0.8532 on English
data, and S-mmBERT yields a top F1-score of 0.8327 on
Spanish data. The results advance the field of natural
language processing and provide a valuable baseline for
subsequent studies.

Keywords. Hope speech, sarcasm, NLP,

transformer-based.

1 Introduction

Social media platforms generate a massive volume
of unstructured textual data that is challenging
to process yet critically important as it reflects
global social interactions and bonding (25). The
widespread use of platforms like Twitter and
Facebook to express thoughts and emotions
presents a "double-edged sword,” offering social
support while also enabling the spread of harmful
negativity, such as hate speech. In contrast, the
automated detection of supportive content, such
as hopeful speech (6), is essential, aiming to foster
positive discourses.

Hope is a fundamental human emotion that
critically shapes behavior, decision-making, and
psychological well-being, offering encouragement
during times of stress or isolation (14). Positive
expressions of hope speeches have been shown
to significantly enhance mental and psychological
well-being (40; 37). However, natural language
processing (NLP) systems continue to confront
substantial hurdles in accurately detecting hopes
where intertwined with sarcasm and implicit
sentiment, complicating their detection and
interpretation (12). Sarcasm refers to words that
are the opposite of what people want to say. It
becomes a challenge for the application of NLP
tasks, including sentiment analysis.

In this study, we propose SarcHope: detecting
sarcasm in hope speech by leveraging a dataset
from the lberLEF 2025 Shared Task. Our work
re-labels the original multiclass of PloyHope
IberLEF 2025 data across English and Spanish
languages. We condensed the five multiclass
labels into three distinct labels as Hope, Not Hope,
and Sarcastic Hope. We retrained these data using
various state-of-the-art transformer-based models,
including BERT, RoBERTa, XLM-R, Deberta-V, and
S-mmBERT.The dataset and model details are
presented in the subsequent sections.

The outcomes of this study are expected to
contribute to more empathetic and context-aware
language technologies, with potential applications
in mental health monitoring, social media analysis,
and sentiment-aware Al systems (5). This work’s
key contributions include:

1. A theoretical investigation of the concept
of hope speech and its treatment with
NLP methods.
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2. Analyze existing solutions and discuss resulting
challenges.

3. Conduct benchmark experiments with five
transformer-based models.

4. Analyze errors to establish the study’s
future paths.

2 Literature Review

2.1 Related Works

The concepts of well-being, thriving, happiness,
and life satisfaction reflect the universal emotions
shaped by our perceptions of life quality (31).
Positive life experiences can enhance personal
growth and success, fostering progress across
different life stages (39). To further strengthen these
benefits, numerous studies have been attempted
(13;14; 38; 11; 34).

Furthermore, (29) introduced a multilingual
dataset of hope speeches in English, Tamil,
Malayalam, and Kannada aimed at promoting
Equality, Diversity, and Inclusion (EDI). This
dataset was compiled to advance EDI in language
technology and inspire optimism, incorporating
contributions from marginalized groups such as the
LGBTQIA+ community, individuals with disabilities,
and women in STEM fields (6).

They evaluated the HopeEDI dataset using
advanced deep learning and machine learning
techniques to establish benchmark systems.

Similarly, (26) focused on identifying and
amplifying positive and supportive content across
platforms. Using transformer-based models, they
classified social media comments in English,
Malayalam, and Tamil as either hope speech or
non-hope speech. Their approach involved transfer
learning with leading transformer models for each
language. Their results showed ULMFiT achieving
an F1-score of 0.9356 for English, while mBERT
scored 0.8545 for Malayalam, and distimBERT
reached a weighted F1-score of 0.5926 for Tamil.

In a related study, (21) explored deep learning
approaches for word and document representation,
employing context-aware string embeddings along
with RNN-based text representations. The study
evaluated three models across multiple languages
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using diverse methodologies. Findings indicated
that the proposed framework surpassed baseline
performance, with Malayalam, Tamil, and English
achieving the highest weighted average F-scores of
0.84, 0.93, and 0.58, respectively.

(27) propose using classic machine learning
models and the Transformers-Base models on a
previously split Hope speech dataset as a training,
development, and test set. During testing, a
linear-kernel SVM with logistic regression achieved
a macro-F1 of 0.78, while an SVM with RBF
kernel achieved 0.77 and Naive Bayes at 0.75.
Transformer models performed better, with the top
model achieving a weighted precision of 0.82, a
weighted recall of 0.80, a weighted F1 of 0.79, a
macro F1 of 0.79, and an accuracy of 0.80.

(32) presents an ensemble approach for
recognizing hope speech in low-resource
languages. Data for four different languages,
namely English, Kannada, Malayalam, and
Tamil, are collected and tested using several
deep learning-based models. An ensemble
model is presented to incorporate the benefits
of the top-performing models. The proposed
Ensemble (LSTM, mBERT, XLM-RoBERTa) model
outperforms individual models in all four languages
(weighted average F1-scores for English is 0.93,
Kannada is 0.74, Malayalam is 0.82, and Tamil is
0.60).

(1) produced a multilingual dataset in English
and Urdu, used a translation-based methodology to
manage multilingual difficulties, and benchmarked
the dataset using a variety of cutting-edge
machine learning, deep learning, and transfer
learning techniques. Their findings show that a
rigorous annotator selection process, combined
with specific annotation standards, considerably
increased the dataset’s quality. Following significant
experimentation, their proposed methodology,
based on the Bert transformer model, outperformed
traditional machine learning models with accuracies
of 87% for English and 79% for Urdu. These
results demonstrate 8.75% improvement in
English and 1.87% in Urdu compared to baseline
models (SVM 80% English and 78% Urdu). (28)
propose HopeCap, a new multilingual hope
speech detection framework. The proposed
CapsuleNet takes advantage of the combined
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representation of the prediction vector from
the child capsule and the final vector produced
through dynamic routing. The proposed method
calculates three categorization probabilities for
the comment’s translated, transliterated original
script, and transliterated Roman script versions.
The terms “original script” relate to the Tamil,
Malayalam, and Kannada scripts for their respective
languages. The study sheds information on the
proposed approach’s effectiveness by conducting
a systematic examination of HopeCap on three
low-resource Dravidian languages. HopeCap
surpasses current state-of-the-art approaches by
an average of 6.13%, 6.58%, and 4.26% in terms
of weighted-F1 for Tamil, Malayalam, and Kannada,
respectively. (10) introduced a semi-supervised
annotation technique that used Large Language
Models (LLMs) and human annotators to annotate
the dataset, and they investigated several learning
algorithms for hope speech recognition, such
as standard machine learning models, neural
networks, and transformers.

The hope speech recognition job was divided into
two subtasks: a binary classification of Urdu tweets
as Hope or Not Hope, and a multiclass classification
of Urdu tweets as Generalized, Realistic, and
Unrealistic Hopes, as well as Hopelessness and
Not Hope (Neutral) categories. Logistic Regression
(LR) had the greatest results for binary classification,
with an averaged macro F1 score of 0.7593.
Transformers outperformed other experiments in
multiclass classification, with an averaged macro
F1 score of 0.4801.

2.2 Sarcasm in Hope Speech

The presence of sarcasm makes it difficult to
detect hopeful speech. Sarcasm in rhetorical
expression conveys negative sentiments with a
funny or mocking tone. Suppose you say, "This
one needs to go well as it happened previously”.
Ironic discourse disguises semantic pessimism in a
seemingly optimistic phrase. Sarcasmic utterances
that mimic hopeful statements can cause the model
to fail in detecting them. Improper evaluation of
sentiment features happens when basic analysis
approaches, like positive polarity measurements,
are used without extensive contextual analysis (12).

Sarcasm detection is difficult because it
requires contextual information, tone signals, and
background knowledge. Sarcasm identification in
natural language processing has been studied in
four different ways: (i) Contextual embeddings (e.g.,
BERT (2), RoBERTa (22)), (ii) Multitask learning
frameworks (e.g., to concurrently learn emotion
and sarcasm) (30), (iiij Contrastive learning
approaches (20), and (iv) Discourse-aware models
(3) that incorporate surrounding sentences or
conversation history.

However, sarcasm-aware hope detection remains
an unexplored, or no known hope detection dataset
includes annotated sarcastic examples, as noted
by (11) in their analysis of NPMDU-related textual
data. To overcome this issue, we re-labeled hope
expressions alongside sarcasm cues to provide a
more complete, realistic picture of hope in social
conversation.

2.3 Sarcasm and Sentiment Analysis

Sentiment analysis is a technique that analyzes
and categorizes people’s thoughts, sentiments, and
emotions as positive, negative, or neutral.

There are numerous ways for people to convey
their sentiments and emotions. Sarcasm is one
way to accompany these feelings, particularly when
portraying strong emotions (4). It can be described
as a positive sentence with a negative intention.
Most current research treats sarcasm and sentiment
analysis as two distinct tasks, and approaches them
primarily as a text categorization problem. However,
these approaches cannot appropriately categorize
sarcastic statements as negative. To address
this issue, the study (33) proposes a multi-task
learning-based framework that uses a deep neural
network to represent this correlation in order to
improve sentiment analysis’s overall performance
and claims that these two tasks are associated with
one another.

Sarcasm is one of the most challenging issues
in sentiment analysis. It is commonly used by
Indonesian social media users to criticize specific
subjects (23).

The authors suggest two new features for
detecting sarcasm following sentiment analysis’s
positive label. The features include negative
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information and the frequency of interjection
words. We used translated SentiWordNet for
sentiment categorization.

According to (17), sarcasm is a major challenge
for sentiment analysis algorithms. Its complexity
stems from the expression of viewpoint through
implicit indirect language.

In their research, they propose ArSarcasm,
an Arabic sarcasm detection dataset constructed
by reannotating existing Arabic emotion analysis
datasets. The dataset includes 10,547 texts, of
which 16% are sarcastic. In addition to sarcasm,
the data was analyzed for sentiment and dialect.

The analysis demonstrates that the very
subjective character of these tasks are evidenced
by the shift in sentiment labels due to annotators’
biases. Experiments reveal that when confronted
with sardonic content, cutting-edge sentiment
analysers degrade.

3 Methodology

3.1 Datasets

A dataset is crucial for experimental research. This
study leverages the dataset from the PolyHope
shared task at IberLEF 2025 (18). First, although
initially the data features dual label schemes (binary
and multiclass), our investigation is dedicated to
the multiclass framework. This focus is motivated
by the relative abundance of prior work on binary
hope speech identification contrasted with the
limited exploration of its nuanced categorical
variants. We preprocessed the dataset by removing
the binary annotation column, resulting in a
refined dataframe with two columns: text and
multiclass label. This transformation directs the
analytical focus toward distinguishing among
multiple hope-related categories. Furthermore, the
original five-class annotation scheme of multiclass
was streamlined to three classes to address the
conceptual overlap among hope subcategories. By
combining Generalized, Realistic, and Unrealistic
Hope into a single Hope class, we reduce label
ambiguity and sharpen classification boundaries.
Our revised class definitions are:
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— Hope: Expectations, beliefs, or desires
grounded in plausible, meaningful outcomes.

— Not Hope: Tweets that do not convey hope,
expectation, or desire.

— Sarcasm: Texts that might or might not
outwardly express hope but are, in fact,
sarcastic in nature.

Table 1 shows sample instances of these classes
with the corresponding languages.

The data was initially partitioned into two distinct
subsets: Training and Test.

Training Data:- This is the subset of data
used to train the model, providing both input
and corresponding output for learning. The
model acquires knowledge by analyzing these real
examples (38).

Testing Data:- Once training is complete, the
testing data provides an unbiased evaluation of
the model’'s performance. In our study, the model
predicts or classifies outcomes based on unlabeled,
unseen inputs from this set. We then compare its
predictions against manually verified ground-truth
outputs to assess accuracy (41).

Table 2 demonstrates an overall view and
statistics of the datasets.

3.2 Preprocessing

Text preprocessing serves as a critical foundation
in natural language processing, transforming
unstructured raw text into a structured format
suitable for algorithms to learn from (35; 24).
This phase addresses the inherent challenges of
real-world textual data, which typically contains
noise, inconsistencies, and irrelevant elements that
can significantly impair model performance (36; 8).
In our implementation, we employ a comprehensive
preprocessing pipeline that extends beyond basic
text normalization to ensure optimal data quality.

This includes the systematic removal of
extraneous characters, numerical values, and
special symbols through pattern-based filtering
using Python’s regex library, which effectively
eliminates non-linguistic noise such as URLs and
social media artifacts (7). We also standardize
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Table 1. Example instances of binary hope speech from the dataset

Class English Spanish

Not Hope Hoping to get on the brown a lot more El deseo una vez saciado se va. El amor
after | move to the part of the city with a  no. Cuanto mas lo alimentas, mas crece.
lot of bars. Permanece.

Hope Pray and hope for nothing but positive Desearia poder estar bien contigo,

energy and vibes to come this way.

poder continuar, pero sobre todo,
desearia que estemos bien juntos.

Sarcasm

How about this explanation - you're

Bueno, al menos no puedes ser atacado

reading WAAAAAY too much into your con una espada desde un coche en

precious Bible.

movimiento.

Table 2. Data statistics of both languages

Language Traindata Testdata Total
English 5,233 1,902 7,135
Spanish 11,243 4,088 15,331

whitespace and address other common textual
irregularities.

These meticulous cleaning procedures not
only enhance dataset coherence but also directly
improve model efficacy by reducing vocabulary
sparsity, minimizing spurious correlations,
and strengthening the signal-to-noise ratio
for subsequent feature extraction (7).

This rigorous preprocessing framework ensures
that our models operate on high-quality textual
representations, which is particularly crucial for both
our binary hope-speech classification task and the
more complex poly-hope detection task, which must
discern subtle nuances, including sarcasm. The
attention to preprocessing detail ultimately supports
more accurate and reliable model performance
across all our classification tasks (9).

3.3 Model

We explore five algorithms (models), including
BERT, RoBERTa, XLM-RoBERTa, DeBERTa-V3,
and Spanish-mmBERT-small, to retrain our data.

Their descriptions are mentioned below. These
models were chosen based on their applicability
and previous success with similar NLP issues. All
models were fine-tuned with a 2e-5 learning rate
and a weight decay of 0.01. We trained in a

maximum of three epochs per experiment. The
maximum sequence length was set at 128 tokens.

Each investigation were conducted with a batch
size of eight for training and sixteen for testing.

1. BERT (Bidirectional Encoder Representation
from Transformers):- after the release of the
transformer architecture (2), BERT is the first
pre-trained LLM model by the Google research
team (16). It has two types, BERT-base and
BERT-large. For natural language processing
(NLP) tasks, including text categorization,
sentiment analysis, and question answering,
BERT-base is a pre-trained bidirectional
language model with 12 layers or blocks,
768 hidden units, and 110M parameters.
Both models—BERT-base and large—were
pre-trained to optimize Masked Language
Modeling (MLM) and Next Sentence Prediction
(NSP) for a range of applications. BERT-large
is computationally expensive due to its
extensive usage of layers and parameters,
thus, we used BERT-base in our study.

2. RoBERTa (A Robustly Optimized BERT
Pretraining Approach):- For better performance,
RoBERTa-base, an optimized variant of
BERT-base with 12 layers, 768 hidden
units, and 125M parameters, was trained on
additional data and did not use Next Sentence
Prediction (NSP) (22). Text categorization,
sentiment analysis, and question answering
are among the NLP tasks where it excels
because of its use of dynamic masking and
bigger batch sizes.
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3. XLM-RoBERTa or XLM-R (Cross-Language
Model RoBERTa):- XLM-RoBERTa represents
an advanced multilingual variant of RoBERTa,
specifically optimized for cross-lingual natural
language processing. Unlike standard
RoBERTa, this version was pretrained on a
substantially larger corpus encompassing over
100 languages through Masked Language
Modeling (MLM), while intentionally omitting
Next Sentence Prediction (NSP) during
training. With its 270 million parameters
(15), the model demonstrates superior
performance across various multilingual
NLP applications, including named entity
recognition, sentiment analysis, and machine
translation. Notably, empirical evaluations have
shown that XLM-RoBERTa-base consistently
outperforms multilingual BERT (mBERT)
on multiple cross-lingual benchmarks,
establishing it as a more robust choice for
language-agnostic tasks.

4. Deberta-v3 (Decoding-enhanced BERT with
disentangled attention version 3). It’s a highly
advanced transformer architecture developed
by Microsoft that builds upon the original
BERT foundation with several key innovations
(19). The most notable improvement is its
disentangled attention mechanism, which
separately represents each word using
both content and positional embeddings,
allowing the model to better understand
relationships between words regardless of
their distance in text. DeBERTa-v3 also
incorporates an enhanced mask decoder
that uses absolute word positions to improve
masked token prediction. For pretraining, it
employs Replaced Token Detection (RTD)
with gradient-disentangled training, making it
more sample-efficient than traditional masked
language modeling.  These architectural
advancements have made DeBERTa-v3 a
state-of-the-art model particularly excelling in
natural language understanding tasks, often
outperforming both BERT and RoBERTa
variants on benchmarks like GLUE and
SuperGLUE, despite having comparable
parameter counts.
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Table 3. The Pre-trained Transformer Models Used for
Both Spanish and English Data

Architecture Model Name

XLM-R FacebookAl/xIm-roberta-base
RoBERTa roberta-base

BERT bert-base-uncased

DeBERTa-V3 microsoft/deberta-v3-small
S-mmBERT mrm8488/spanish-mmBERT-small

Table 4. Performance Comparison of Transformer Models
on the English dataset

(Weighted Avg)
Model Acc Prec Rec F1
XLM-R 0.8475 0.8474 0.8475 0.8468
RoBERTa 0.8523 0.8527 0.8523 0.8524
BERT 0.8097 0.8194 0.8097 0.8097
Deberta-v3 0.8538 0.8553 0.8538 0.8532
S-mmBERT 0.8475 0.8480 0.8475 0.8477

5. Spanish-mmBERT-small (Spanish multilingual
mBERT):-This pruned model performs similarly
to the original model for Spanish language
tasks, but with a significantly smaller memory
footprint . However, because terms not
typically used in Spanish were eliminated from
the original multilingual model’s lexicon, it may
underperform in languages other than Spanish.

Table 3 summarizes the architecture of these
models, along with their specific names.

4 Result and Discussion

In this section, we evaluate the performance of
models using a range of standard classification
metrics. Tables 4 and 5 provide average-weighted
precision, recall, F1-score, and total accuracy for
comparing techniques, tasks, and languages.
From Table 4, it can be observed that all
transformer-based models performed well in the
English language. Deberta-V3 outperformed others,
achieving the weighted average F1-score of 0.8532.
This represents an improvement of +0.044 (4.4%)
over BERT, which achieved an F1 score of 0.8097

Thttps://huggingface.co/mrm8488/spanish-mmBERT-small
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Table 5. Performance Comparison of Transformer Models
on the Spanish dataset

(Weighted Avg)
Model Acc Prec Rec F1
XLM-R 0.8058 0.8067 0.8058 0.8058
RoBERTa 0.7896 0.7945 0.7896 0.7893
BERT 0.7933 0.8009 0.7933 0.7928
Deberta-v3 0.7999 0.8004 0.7999 0.7998
S-mmBERT 0.8329 0.8347 0.8329 0.8327

and was the lowest performer among the models in
this category.

This demonstrates that the model’s improvement
is attributed to its disentangled attention
mechanism, which utilizes both content and
positional embeddings to represent each
word, thereby enhancing the understanding
of relationships. Therefore, for the SarcHope task,
the Deberta-V3 is the benchmarking model.

Similarly, as shown in Table 5, S-mmBERT attains
the top F1-score of 0.8327, surpassing the other
models. In this case, RoBERTa’s performance
declines, resulting in it being the lowest-performing
model, with an F1-score of 0.7893.

This shows the largest difference (+0.0434
or 4.34%) when compared to S-mmBERT. This
gap may be attributed to S-mmBERT’s better
adaptation to Spanish data, although it also
achieved comparable results on the English dataset.
Thus, S-mmBERT is the recommended benchmark
for Spanish in the SarcHope task.

The comparison across the languages, for
instance, the Deberta-v3 performance in the
English data is 0.8532, whereas the Deberta-v3
performance in the English data is 0.7998. The
variation is +0.0534.

This significant difference might stem from the
language-to-model adaptation while uniformly
treating the task. On the other hand, S-mmBERT
achieved the highest performance, with F1-scores
of 0.8327 in Spanish and 0.8477 in English,
showing a small difference of +0.015, indicating
the model's tolerance and strength on the
language differences.

5 Error Analysis

We use a confusion matrix to analyze errors.
This helps us know the specific instances that
are correctly and incorrectly classified. In our
analysis, we focus on the benchmark models for
each language.

Figures 1 and 2, and Tables 6 and 7 show the
confusion matrix heatmaps of DeBERTa-V3 and
S-mmBERT for the English and Spanish datasets,
respectively.

From Figure 1 and Table 6 we can infer
the following.

For the Hope class, the model correctly identified
746 Hope instances. However, it misclassified 83
Hope samples as "Not Hope” and 5 as "Sarcastic
Hope,” yielding a Hope class accuracy of 89.4%.

For the Not Hope Class, 647 samples were
correctly predicted. The most errors were made or
149 false positives for Hope (reflecting a tendency
toward over-predicting hope), along with 20 false
positives for Sarcastic Hope, leading to an accuracy
of 79.2%.

The Sarcastic Hope class demonstrated strong
performance, predicting 231 correct instances, with
very few confusions (7 as Hope and 14 as Not
Hope). With an accuracy of 91.7%, it is the most
accurately classified category.

Similarly, from Figure 2 and Table 7, we can entalil
the following analysis for Spanish counterpart:-

The Hope class achieved 1473 correct
predictions, with 400 misclassifications as
Not Hope and 6 as Sarcastic Hope. This yields a
class accuracy of 78.4%. In the Not Hope class,
the classifier achieved 1696 true positives, with 259
false positives for Hope and 2 for Sarcastic Hope.

The resulting class accuracy is 86.6%. Finally, in
the Sarcastic Hope category, the model correctly
identified 236 instances, with merely 3 errors as
Hope and 12 as Not Hope. The resulting class
accuracy is 94.0%.
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Table 6. Confusion Matrix for Hope Classification on best performing model(Deberta-V3) in English data

True/Predicted Label

Predicted: Hope Predicted: Not Hope Predicted: Sarcastic Hope

Hope 746 83 5

Not Hope 149 647 20

Sarcastic Hope 7 14 231
Hope {1083%} (0. ;‘f-’b] - 600

149

Not Hope 1 (18.3%)

True Label

Sarcastic Hope 4

&

20 - 400
(2.5%)

-200

231

(91.7%) 100

2 &

Predicted Label

Fig. 1. The figure shows the confusion matrix of the best-performing transformer model (Deberta-V3) in English

6 Conclusion and Future Work

In this study, we figure out a new dimension of hope
speech detection known as SarcHope. SarcHope
clearly identifies the sarcastic hope from hope
and non-hope contents. To achieve this goal,
we leverage the dataset from IbertLEF 2025 by
re-labeling the classes into the three categories as
Hope, Not Hope, and Sarcastic Hope. The dataset
comprises the texts in English and Spanish.

To benchmark the task, we explore various
transformer-based models, such as BERT,
RoBERTa, XLM-R, Deberta-V3, and S-mmBERT.
Employing these various models helps us to identify
the best benchmarking model and their choice is
based on their suitability for the classification task
from the previous work. We then retrain these
models on 75% of the training dataset, equally
treating each model. Following the training phase,
evaluation was conducted on an independent test
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set (25% of the data). Performance was measured
using standard classification metrics: accuracy,
precision, recall, and F1-score.

To ensure fairness across classes, weighted
averaging was applied to precision, recall, and
F1-score; accuracy was measured as the total
proportion of correctly classified instances.
According to the evaluation results, DeBERTa-V3
achieved the best performance on the English
dataset with an F1-score of 0.8532, while
S-mmBERT performed strongest on Spanish data
with an F1-score of 0.8327.

For future work, we recommend the use
of a more balanced multilingual dataset to

reduce language-specific biases. Additionally,
employing large language models (LLMs)
for data augmentation, synthetic training

examples, or fine-tuning could further improve
model generalization and performance across
both languages.



ISSN 2007-9737

SarcHope: Detection of Sarcasm in Social Media Hope Speech 511

Table 7. The Table shows the confusion matrix of the best-performing transformer model (S-mmBERT) in Spanish

True/Predicted Label

Predicted: Hope Predicted: Not Hope Predicted: Sarcastic Hope

Hope 1473 400 6
Not Hope 259 1696 3
Sarcastic Hope 3 12 236
1600
400 6

Hope

Mot Hope -

True Label

Sarcastic Hope 4

(21.3%) - 1400
- 1200

- 1000

Count

- 800

- 600

- 400
12 236
(94.0%)
-200

Predicted Label

Fig. 2. The figure shows the confusion matrix of the best-performing transformer model (S-mmBERT) in Spanish

Declaration on Generative Al

We used Quill Paraphrase Tool and DeepSeek
Generative Model in grammar correction,
paraphrasing, and writing refinement.  They
served as aids for proofreading, rephrasing, and
enhancing coherence while preserving the original
intent. However, we didn’t use them as substitutes
for human judgment, particularly in critical, legal, or
highly specialized writing.
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