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Abstract

Despite advancement in large language mod-
els (LLMs), emotion detection in multilin-
gual settings remains challenging especially
in low-resource languages with limited la-
beled datasets. In this research, we introduce
EmoRationale, a novel framework leveraging
Retrieval-Augmented Generation (RAG) to ad-
dress cross-lingual generalization in emotion
detection. We combined vector-based retrieval
with in-context learning in LLMs, using se-
mantically relevant examples to enhance clas-
sification accuracy and interpretability. This
system provides evidence-based reasoning for
its predictions, making emotion detection more
transparent and adaptable across diverse lin-
guistic contexts. Experimental results on the
SemEval-2025 Task 11 dataset demonstrate
that our RAG-based method achieves strong
performance in multi-label emotion classifica-
tion, emotion intensity assessment, and cross-
lingual emotion transfer, surpassing conven-
tional models in interpretability while remain-
ing cost-effective. We release our code and
model implementation to facilitate further re-
search1.

1 Introduction

Emotions are the unseen threads that weave
together human communication, influencing
decision-making, social interactions, and personal
well-being (Barrett and Russell, 2014). With
the rapid advancement of large language models
(LLMs) and the increasing sophistication of AI-
driven text analysis (Team et al., 2024; DeepSeek-
AI, 2024; Fatemi and Hu, 2024), understanding
emotions embedded within text has become crit-
ically important across multiple domains includ-
ing mental health monitoring, customer engage-
ment, and human-computer interaction (Hong et al.,
2025). While LLMs have significantly improved

1https://github.com/daniel-saeedi/
SemEvalTask11_EmoRationale

sentiment-aware applications, their effectiveness
across diverse linguistic and cultural contexts re-
mains inconsistent (Tafreshi et al., 2024). Ex-
isting research has primarily focused on high-
resource languages, leaving significant gaps in emo-
tion detection for low-resource languages due to
a lack of annotated datasets. This disparity hin-
ders the development of inclusive and effective
emotion-aware applications (Feng and Narayanan,
2023). To address these shortcomings, BRIGHTER
(BRIdging the Gap in Human-Annotated Tex-
tual Emotion Recognition Datasets for 28 Lan-
guages) takes a major step forward, particularly
for low-resource languages to collect multilabeled
emotion-annotated datasets particularly for 28 dif-
ferent low-resource languages (Muhammad et al.,
2025a; Belay et al., 2025). This paper presents
EmoRationale, an AI-driven framework designed
for the SemEval-2025 shared task "Bridging the
Gap in Text-Based Emotion Detection" (Muham-
mad et al., 2025a), addressing challenges in multi-
label emotion detection, emotion intensity assess-
ment, and cross-lingual emotion detection. Lever-
aging Retrieval-Augmented Generation (RAG), our
system integrates the retrieval capabilities of vector
databases such as FAISS (Douze et al., 2024) with
the generative power of LLMs like the multilin-
gual MiniLM sentence transformer (Reimers and
Gurevych, 2019) to incorporate relevant contextual
information and bridge gaps in low-resource lan-
guages. By combining few-shot prompting with
retrieval-augmented generation, EmoRationale pro-
duces accurate emotion predictions accompanied
by explicit, evidence-based reasoning, with ex-
tensive ablation studies demonstrating that incor-
porating in-context examples significantly boosts
performance—surpassing traditional fine-tuning
approaches such as those based on RoBERTa
(Liu et al., 2019). Moreover, our framework ex-
hibits notable cross-lingual transfer capabilities and
cost-effectiveness, paving the way for more inter-
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pretable and efficient emotion recognition systems
in multilingual settings.

2 Background

Emotion detection in text is a multifaceted area of
research within natural language processing (NLP)
that seeks not only to identify basic sentiment but
also to capture the rich spectrum of human emo-
tions. Previous research mainly focused on sen-
timent analysis—differentiating between positive
and negative affect (Dang et al., 2020)—but subse-
quent research has expanded the scope to include
discrete emotions such as joy, sadness, anger, fear,
surprise, and disgust (Mohammad et al., 2018)
(Gupta et al., 2018). While LLMs trained on high-
resource languages such as English benefit from ex-
tensive corpora, their performance in low-resource
settings is hindered by data scarcity, inadequate
tokenization, and the difficulty of capturing nu-
anced emotional cues unique to these languages.
BERT (Devlin et al., 2019) has revolutionized
NLP by providing deep contextualized representa-
tions that capture subtle semantic nuances in text
(Abas et al., 2021). Fine-tuning BERT on emotion-
labeled datasets enhances its effectiveness in tasks
such as multi-label emotion classification and emo-
tion intensity assessment by enabling the model to
learn complex emotion-specific features(Qin et al.,
2023). These capabilities have been further en-
hanced through the adoption of multilingual vari-
ants of BERT, which facilitate cross-lingual emo-
tion detection by leveraging shared representations
learned from extensive and diverse corpora (Hassan
et al., 2022). Recent advancements in Retrieval-
Augmented Generation (RAG) (Lewis et al., 2021)
have introduced a promising avenue for enhancing
emotion recognition systems. RAG frameworks
leverage retrieval mechanisms to access semanti-
cally relevant examples from external knowledge
bases, integrating this contextual information with
the generative capabilities of large language mod-
els (LLMs) to improve accuracy and robustness.
Additionally, Chain-of-Thought (CoT) prompting
has significantly enhanced LLM reasoning and in-
terpretability, enabling models to decompose com-
plex NLP tasks into structured intermediate steps.
This approach has demonstrated notable improve-
ments in various applications, including emotion
detection, by guiding models to explicitly artic-
ulate their decision-making process (Wei et al.,
2023). This evolution underscores the potential

of RAG and CoT-based methodologies in advanc-
ing emotion-aware AI systems and bridging gaps
in interpretable affective computing (Bhaumik and
Strzalkowski, 2024).

3 Tasks

In SemEval Task 11 (Muhammad et al., 2025a,b;
Belay et al., 2025), participants are invited to tackle
one or more challenges that address the complex
and nuanced nature of emotional expression in text.
Below, we detail the three tracks of the shared task.
In Track A, the objective is to determine the set
of emotions that the speaker conveys in a given
text snippet. Each snippet is labeled with one or
more of the following emotions: joy, sadness, fear,
anger, surprise, and disgust. Track B builds on the
multi-label classification framework by incorporat-
ing emotion intensity. In this task, for each text
snippet paired with a target emotion, the objective
is to predict an ordinal intensity value that indicates
the strength of the expressed emotion. Intensity is
scaled from 0 (none) to 3 (high). Track C addresses
the challenge of cross-lingual emotion detection. In
this track, participants are provided with a labeled
training set in a source language and are required
to predict the perceived emotion labels for texts in
a different target language. The label set includes
the same six emotions as in Track A.

4 System Overview

EmoRationale employs a retrieval-augmented gen-
eration (RAG) framework to classify emotions in
text. Our system is composed of three main com-
ponents: a vector store of labeled training data,
a Large Language Model (LLM) prompt that in-
corporates relevant examples, and an LLM-based
inference step.

4.1 Sentence Embedding and Vector Store
Construction

As shown in Figure 1(a), we first embed each train-
ing text using the multilingual MiniLM sentence
transformer (Reimers and Gurevych, 2019). These
embeddings capture semantic information in a 384
dimensional vector space. We store the resulting
vectors, along with the original text and emotion
labels, in a FAISS (Facebook AI Similarity Search)
vector store (Douze et al., 2024). This vector store
serves as a searchable database that allows for ef-
ficient similarity-based lookups. When a new (un-
labeled) text is presented as input, we embed it
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a

You are an emotion classification
expert. Your task has two parts:

1. First, analyze the text and explain why
   certain emotions are present or absent.
   Consider these emotions: joy, fear, anger,
   sadness, disgust, surprise

   Your analysis should:
   a) Provide specific evidence from the text...
2. Then, provide your final classification
    using only the emotions that are
    clearly present....

Format your response EXACTLY as follows:

Explanation:
(Your detailed analysis here)

Final Classification:
[emotion1, emotion2, ...]

Analyze this text and provide both the evidence
analysis and final classification: {Text}

Here are some similar examples to help guide
your analysis: {Top similar examples}

System Promptb

Explanation:
Joy:
- No evidence supporting joy
Fear:
- No clear evidence of fear
Anger:
- Strong use of vulgar language ("говно"...)
- Use of exclamation mark indicating
strong emotion
- ""всенахер"" ([censored] everything/everyone)
shows frustration and anger
- Aggressive tone throughout
Sadness:
- Reference to ""нытье"" (whining) suggests...
- ""сопли"" (snot/whining) refers to emotional
complaining
Disgust:
- Use of ""говно"" ([censored]) shows disgust
with the current state
- Expressing revulsion at the content becoming
negative
- Clear contempt for whining/complaining
behavior
Surprise:
- No clear evidence of surprise
Final classification:
[anger, disgust]

c

Мой твиттер превращается
в какое-то говно,в котором
только нытье и сопли!

ID: rus_train_trackA_33
Text: напечатаю обьявление " проститутка на ночь"
напишу номер своего друга и расклею его ...
Emotions: anger, disgust

Vector Database

Sentence Transformer

Training Data

Sentence Transformer

Test Input

Retrieve

Top Similar Examples

vectorize

ID: rus_train_trackA_111
Text: Старые AVIшки с кино отлично проигрываются
на моём HTC Sensation!!!
Emotions: anger, surprise

vectorize

Figure 1: Overview of EmoRationale. The system is divided into three primary components. a. employs a sentence
transformer to convert the training dataset into a vector database; during inference, the input text is vectorized and
matched against the database using cosine similarity to retrieve the most similar examples. b. displays the system
prompt for classification, where the model is first asked to provide evidence-based reasoning for the presence or
absence of specific emotions, followed by a final classification. Note that the prompt includes top similar examples
to guide the analysis. c. shows the output produced by Claude Sonnet 3.5 for the test input featured in panel (a).

using the same sentence transformer model. We
then query the FAISS vector store to retrieve the k
most similar examples from the training data. In
our experiments, we use k=5. Each retrieved exam-
ple includes its text and the associated ground truth
emotion labels.

4.2 Few-shot prompting
Our method constructs a system prompt by first pro-
viding clear instructions on how to detect evidence
supporting or contradicting each emotion (Figure
1a), followed by appending the most relevant exam-
ples from the training set as demonstrations. These
instructions guide the LLM to methodically ana-
lyze linguistic cues and contextual hints, while the
retrieved examples offer a concrete reference for
how each emotion was identified in similar texts
(see Figure 1b and appendix A for complete system
propmpt). During inference, the LLM is prompted
to produce both a concise “Explanation,” highlight-
ing which features of the text suggest or rule out
particular emotions, and a final bracketed “Clas-
sification” (e.g., [joy, fear]). If no emotion is de-
tected, it outputs [none]. This two-part structure
provides transparency and interpretability, enabling
the system to provide both the reasoning behind its
predictions and the specific emotional categories
that apply (Figure 1c).

4.3 RoBERTa fine-tune
For baseline, we use a pre-trained RoBERTa-base
model that is fine-tuned for the multi-label classi-
fication task. The model architecture is modified
by adding an intermediate fully connected layer
followed by a ReLU activation and layer normal-
ization, with dropout applied both before and after
these layers to mitigate overfitting. A mean-pooled
embedding over all token representations is com-
puted, and this pooled embedding is fed into the
final classification layer, which maps the processed
features to the required number of output classes
(six for tracks A and C, and 24 for track B), pro-
ducing raw logits for each label. The model is
fine-tuned using a binary cross-entropy loss with
logits, and the AdamW optimizer is employed with
differentiated learning rates—a base learning rate
of 2× 10−5 for the pre-trained RoBERTa parame-
ters and a higher learning rate of 1× 10−4 for the
newly added layers. Training is performed over 20
epochs with a batch size of 32 for training, valida-
tion, and testing.

5 Experimental Setup

In our experiments, we utilized a T4 GPU from
Colab Pro for the multilingual MiniLM sentence
transformer. We also conducted evaluations using
DeepSeek R1(DeepSeek-AI et al., 2025) with the
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Figure 2: Average performance scores across emo-
tions for all three tracks in the SemEval 2025 Task
11. Track A and Track C use F1-scores while Track
B uses Pearson correlation coefficients. Joy consis-
tently achieves the highest scores (≈ 0.73) across all
tracks, while Surprise shows the lowest performance
(≈ 0.49). Anger and Sadness also demonstrate strong
performance, while Disgust exhibits the second-lowest
scores among the emotions.

685B model for track A, DeepSeek V3 (DeepSeek-
AI, 2024) for track B, and Claude Sonnet 3.5 (An-
thropic) for track C. The total cost for development
and evaluation on the test set amounted to $80.65
for Claude Sonnet 3.5, whereas DeepSeek R1 cost
$22.22. However, one notable shortcoming of the
DeepSeek API was its unreliability, frequently ex-
periencing interruptions and errors due to high de-
mand.

6 Results

We evaluated our system on all three tracks of
SemEval-2025 Task 11: Multi-label Emotion De-
tection (Track A), Emotion Intensity (Track B), and
Cross-lingual Emotion Detection (Track C). Below,
we detail our overall performance, present findings
from ablation studies, and discuss the impact of our
retrieval-augmented generation (RAG) approach.
Across all three tracks, models consistently exhib-
ited lower performance for the emotions Surprise
(approximately 0.49) and Disgust (approximately
0.53), as illustrated in Figure 2. Detecting surprise
and disgust poses significant challenges, primarily
because these emotions often depend on nuanced,
context-specific, and culturally influenced expres-
sions, which are difficult to interpret accurately
through textual analysis alone. Unlike more ex-

plicit emotions such as anger or joy, surprise and
disgust typically lack distinct verbal cues and thus
require additional contextual understanding (Mo-
hammad et al., 2018; Demszky et al., 2020). Fur-
thermore, emotions like surprise can convey either
positive or negative sentiments, while disgust may
frequently be misinterpreted as anger or fear. Such
inherent ambiguities and overlaps further compli-
cate accurate emotion classification for language
models.

6.1 Track A: Multi-label Emotion Detection
Table 1 presents the emotion recognition perfor-
mance for Track A across eight languages. Our
system achieves strong and consistent results, with
average macro-F1 scores ranging from 0.519 (AFR)
to 0.864 (RUS). Notably, the system exhibits high
accuracy on languages such as Russian, while main-
taining competitive performance on others despite
linguistic diversity. Ablation studies further high-
light the benefits of incorporating few-shot prompt-
ing with relevant examples (Table S1). When com-
pared to the RoBERTa baseline (which was fine-
tuned on the entire training dataset), configurations
using retrieval-augmented prompts lead to substan-
tial improvements. Although Claude Sonnet 3.5
with RAG provides competitive results, DeepSeek
R1 with RAG was ultimately selected for Track
A due to its comparable performance and approxi-
mately 20-fold cost reduction.

6.2 Track B: Emotion Intensity
For Track B, our task is to predict ordinal emo-
tion intensity values, which introduces additional
complexity. As shown in Table 1, performance on
intensity estimation varies considerably across lan-
guages. For instance, while Russian texts achieve
an impressive average macro-F1 of 0.880, other
languages such as Ukrainian yield lower scores
(0.319).

6.3 Track C: Cross-lingual Emotion Detection
Table 1 also summarizes the results for Track C,
which examines the transferability of emotion de-
tection across languages. In this setting, a Portugue-
se/Brazilian training set is used to predict emotions
in Spanish, Russian, and Mandarin. Our experi-
ments show that even with only five in-context ex-
amples, the retrieval-augmented prompting enables
effective generalization across languages. Abla-
tion studies (see Table S3) reveal that while con-
figurations with full explanation (i.e., reasoning
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Track Language Anger Disgust Fear Joy Sadness Surprise Average
Afrikaans (AFR) 0.468 0.458 0.520 0.625 0.525 - 0.519
German (DEU) 0.805 0.722 0.580 0.758 0.684 0.428 0.663
Portuguese (PTBR) 0.758 0.229 0.586 0.780 0.716 0.526 0.599

A Russian (RUS) 0.891 0.804 0.954 0.890 0.772 0.871 0.864
Algerian Arabic (ARQ) 0.626 0.379 0.530 0.542 0.618 0.468 0.527
Moroccan Arabic (ARY) 0.641 0.311 0.507 0.692 0.635 0.402 0.531
Swedish (SWE) 0.713 0.633 0.369 0.920 0.541 0.211 0.564
Ukrainian (UKR) 0.491 0.454 0.753 0.663 0.692 0.547 0.600
German (DEU) 0.549 0.454 0.370 0.583 0.546 0.446 0.491
English (ENG) 0.787 - 0.754 0.801 0.794 0.619 0.751
Spanish (ESP) 0.723 0.699 0.826 0.791 0.820 0.689 0.758

B Portuguese (PTBR) 0.734 0.361 0.651 0.782 0.749 0.420 0.616
Russian (RUS) 0.900 0.849 0.927 0.896 0.848 0.861 0.880
Algerian Arabic (ARQ) 0.618 0.440 0.573 0.647 0.462 0.426 0.528
Chinese (CHN) 0.746 0.407 0.502 0.844 0.607 0.359 0.577
Hausa (HAU) 0.515 0.769 0.669 0.695 0.709 0.440 0.633
Ukrainian (UKR) 0.333 0.245 0.334 0.314 0.377 0.310 0.319
Romanian (RON) 0.650 0.612 0.819 0.930 0.727 0.374 0.685
Afrikaans (AFR) 0.605 0.518 0.507 0.447 0.611 - 0.538
German (DEU) 0.821 0.777 0.564 0.776 0.747 0.437 0.687
Hindi (HIN) 0.825 0.665 0.866 0.834 0.804 0.705 0.783

C Indonesian (IND) 0.586 0.533 0.500 0.808 0.743 0.328 0.583
Russian (RUS) 0.857 0.690 0.890 0.906 0.763 0.730 0.806
Algerian Arabic (ARQ) 0.575 0.385 0.623 0.543 0.618 0.516 0.543
Moroccan Arabic (ARY) 0.646 0.235 0.453 0.731 0.688 0.459 0.535
Swedish (SWE) 0.732 0.697 0.330 0.876 0.544 0.270 0.575
Ukrainian (UKR) 0.508 0.426 0.633 0.638 0.678 0.451 0.556

Table 1: Test Performance. This table presents our results on SemEval 2025 Task 11. Track A and Track C scores
are reported as F1-scores, while Track B scores are measured using Pearson correlations. For Track A, we utilized
DeepSeek R1 (685B parameters), for Track B, we employed DeepSeek V3 (685B), and for Track C, we used Claude
3.5 Sonnet.

for predictions) provide interpretability, prompt
variants that omit the reasoning component can
yield a modest performance boost—reaching an
average macro-F1 of 0.755. In the cross-lingual
setting, even with training data from a different
language (Portuguese/Brazilian), the system suc-
cessfully generalizes to Spanish, Russian, and Man-
darin. This highlights the model’s ability to effec-
tively transfer emotional recognition capabilities
across languages using only a few in-context ex-
amples, while the fine-tuned RoBERTa-base model
struggles to generalize learned knowledge from one
language to another.

7 Conclusion and Future Work

In this work, we introduced EmoRationale, a
retrieval-augmented generation (RAG) framework

for explainable emotion recognition that addresses
the challenges posed by multilingual and nuanced
emotional expressions in text. By integrating ro-
bust sentence embeddings with a FAISS vector
store and leveraging few-shot in-context learning,
EmoRationale offers significant advantages in in-
terpretability and cross-lingual transfer—even if it
may not achieve the highest raw predictive metrics.
The framework provides explicit, evidence-based
reasoning for its predictions while effectively gener-
alizing emotion recognition across languages using
only a few in-context examples—a feat that conven-
tional fine-tuning approaches, such as RoBERTa-
base, often struggle to achieve.
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A Appendix

Language RoBERTa Claude Claude Claude Claude DeepSeek-R1
Baseline No Examples Random Ex. w/ RAG No Reason. w/ RAG

ESP 0.797 0.871 0.873 0.883 0.882 0.876
PTBR 0.648 0.738 0.743 0.754 0.772 0.779
RUS 0.787 0.839 0.875 0.885 0.914 0.909
Avg 0.744 0.815 0.830 0.840 0.856 0.854

Table S1: F1 scores across six emotions are presented for each ablation study in Track A. A combined
training dataset from three languages (Spanish, Portuguese/Brazilian, and Russian) was used, with evaluation
on corresponding development sets of approximately 200 examples each. Six configurations were assessed: (a)
fine-tuning RoBERTa-base on the combined dataset; (b) Claude Sonnet 3.5 without examples (examples refer to
data from the combined training dataset); (c) Claude Sonnet 3.5 with random examples; (d) Claude Sonnet 3.5 with
relevant examples; (e) Claude Sonnet 3.5 without analysis or explanation for predictions; and (f) DeepSeek R1 with
relevant examples. A notable pattern is that, despite providing only five examples to both Claude Sonnet 3.5 and
DeepSeek R1 while RoBERTa-base fine-tuning uses the entire training dataset, these models outperform the latter
by a large margin. Moreover, they offer interpretability by providing explanations for the presence or absence of an
emotion. For Track A, DeepSeek R1 was selected owing to its cost-effectiveness—approximately 20-fold cheaper
than Claude Sonnet 3.5—while delivering comparable performance.

Language RoBERTa DeepSeek v3 DeepSeek v3 DeepSeek v3 DeepSeek v3
Base No RAG Random Ex. w/ RAG No Reason. w/ RAG

ESP 0.694 0.701 0.724 0.886 0.763
CHN 0.562 0.505 0.549 0.604 0.575
ARQ 0.486 0.524 0.531 0.544 0.552
Avg 0.578 0.577 0.601 0.678 0.631

Table S2: Average Pearson correlation coefficients across six emotional categories for each ablation study in
Track B. Evaluations were conducted on Spanish, Chinese, and Algerian Arabic datasets. Configurations include:
(a) RoBERTa-base fine-tuned on the specified data; (b) DeepSeek v3 without examples (where examples refer to
data from the training dataset); (c) with random examples; (d) with relevant examples; and (e) without prediction
analysis/explanation. Despite using only five examples, DeepSeek v3 outperformed the fine-tuned RoBERTa-base
by 20% in average Pearson correlation coefficient score, while also providing interpretable explanations for emotion
presence or absence.

Language RoBERTa Claude Claude Claude Claude
Base No RAG Random Ex. w/ RAG No Reason. w/ RAG

ESP 0.519 0.865 0.866 0.864 0.864
RUS 0.527 0.840 0.864 0.871 0.905
CHN 0.462 0.474 0.489 0.481 0.495
Avg 0.503 0.726 0.739 0.739 0.755

Table S3: F1 scores across six emotions are presented for each ablation study in Track C. Evaluations were
performed using a Portuguese/Brazilian training set, with development sets in Spanish (ESP), Russian (RUS) and
Mandarin (CHN) (approximately 200 examples each). Configurations include: (a) RoBERTa-base fine-tuned on
the Portuguese/Brazilian data; (b) Claude Sonnet 3.5 without examples (examples refer to data from the training
dataset of Portuguese/Brazilian); (c) with random examples; (d) with relevant examples; and (e) without prediction
analysis/explanation. Despite using only five examples, Claude Sonnet 3.5 exceeded the fine-tuned RoBERTa-base
by 47% in average macro-F1, while also providing interpretable explanations for emotion presence or absence. This
demonstrates Claude Sonnet 3.5 capacity to generalize and transfer emotion detection capabilities across languages
using training data from a different language.
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System prompt for track A and C
You are an emotion classification expert. Your task has two parts:

1. First, analyze the text and provide evidence for and against the presence of
each emotion:

• joy

• fear

• anger

• sadness

• disgust

• surprise

Guidelines for analysis:

• For each emotion, provide specific evidence from the text that supports or
contradicts its presence.

• Consider both explicit emotional words and contextual implications.

• Base your analysis on linguistic patterns, word choice, and context.

• Be objective in your analysis.

2. Then, based on your analysis, provide your final classification in the format:
[emotion1, emotion2, ...]

• Only include emotions that are clearly present.

• Use only these emotions: joy, fear, anger, sadness, disgust, surprise,
none.

• Do not explain your choice, just provide the list.

Format your response EXACTLY as follows:
Explanation: (Your detailed analysis here)

Final Classification:
[emotion1, emotion2, ...]

Here are some similar examples to help guide your analysis:
[SELECTED EXAMPLES GOES HERE]

Analyze this text and provide both the evidence analysis and final classification:
[User Text]
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Claude 3.5 Sonnet output for track C
Input text snippet:
Ist das nicht schön? Der wichtigste Beitrag der Ukraine für weniger Tote ist deren
Korruption. Keine Pointe.

English Translation:
Isn’t that beautiful? Ukraine’s most important contribution to fewer deaths is its
corruption. No punchline.

Claude 3.5 Sonnet Output:

1. Evidence Analysis:

1. Joy:

• Against: While “schön” (beautiful) appears, it’s used sarcastically in
a rhetorical question.

• Against: Overall tone is cynical rather than joyful.

2. Fear:

• Against: No expressions of fear or threat present.

3. Anger:

• For: The sarcastic tone and cynical commentary about corruption suggests
underlying anger.

• For: The rhetorical question “Ist das nicht schön?” shows bitter sarcasm
indicating anger.

• For: The mention of “Tote” (dead) in connection with corruption implies
angry criticism.

4. Sadness:

• For: Reference to deaths (“Tote”) suggests a somber, sad context.

• For: The cynical observation about corruption contributing to deaths
carries a sad undertone.

5. Disgust:

• For: The sarcastic comment about corruption suggests moral disgust.

• For: The connection between corruption and deaths implies disgust at the
situation.

6. Surprise:

• Against: No elements of surprise present in the text.

2. Final classification:
[anger, disgust, sadness]

649



System prompt for track B
You are an emotion classification expert. Your task has two parts:

1. First, analyze the text and explain why certain emotions are present or absent,
and provide an intensity level (from none to very high) for each emotion.
Consider these emotions: joy, fear, anger, sadness, disgust, surprise

Your analysis should:

• Provide specific evidence from the text

• Consider both explicit words and contextual implications

• Be objective and clear

• Assign an intensity level for each emotion: none, low, moderate, high,
very high

2. Then, provide your final classification by listing all detected emotions along
with their intensity levels. Use only these emotions: joy, fear, anger, sadness,
disgust, surprise, and the intensity levels: none, low, moderate, high, very
high.

IMPORTANT

The examples below are provided to help guide your reasoning. They contain insights
and annotations from experts who labeled the dataset. Pay close attention to
how emotions and their intensities were derived in these examples, and use this
understanding to inform your own analysis.

Format your response EXACTLY as follows:
Explanation: (Your detailed analysis here)

Final Classification:
[emotion1, emotion2, ...]

Here are some similar examples to help guide your analysis:
[SELECTED EXAMPLES GOES HERE]

Analyze this text and provide both the evidence analysis and final classification:
[User Text]
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