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Abstract

This research introduces a bilingual dataset
comprising 27,456 entries for Arabic and
10,036 entries for English, annotated for emo-
tions and hope speech, addressing the scarcity
of multi-emotion datasets. The dataset provides
comprehensive annotations capturing emotion
intensity, complexity, and causes, alongside
detailed classifications and subcategories for
hope speech. To ensure annotation reliability,
Fleiss” Kappa was employed, revealing 0.75—
0.85 agreement among annotators for both Ara-
bic and English. The evaluation metrics (micro-
F1-Score = 0.67) obtained from the baseline
AraBERT model validate the quality of the data
annotations.

1 Introduction

In recent years, the proliferation of online content
has emphasized the need for a deeper understand-
ing of language and its impact on emotions and
hope speech. The study of emotions in textual
data has applications in various domains, including
mental health monitoring (Dheeraj and Ramakrish-
nudu, 2021; Fei et al., 2020), customer sentiment
analysis (Chintala, 2024), and personalized rec-
ommendations (Babanne et al., 2020). Similarly,
hope speech, which refers to positive and uplift-
ing expressions, plays a crucial role in promot-
ing harmony, mitigating harmful narratives, and
fostering inclusive communication (Balouchzahi
et al., 2023). Also, identifying and promoting hope
speech could help counter the spread of toxic con-
tent and support digital well-being.

Despite the significance of these areas, there
remains a lack of comprehensive, multilingual
datasets that cater to the analysis of both emotions
and hope speech, particularly in underrepresented
languages like Arabic. The inclusion of both En-
glish and Arabic in this dataset offers unique op-
portunities to explore cross-linguistic and cross-
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cultural comparisons in emotional expression and
positivity. Arabic, as one of the most widely spoken
languages globally, presents unique challenges and
opportunities for emotion and hope speech detec-
tion due to its rich dialectal variations and complex
morphological structure (Elnagar et al., 2021).

Coupled with English, which is widely studied
in NLP, this paper introduces EmoHopeSpeech, a
bilingual annotated corpus that focuses on emo-
tions and hope speech in English and Arabic. The
dataset paves the way for dual language and cross-
cultural studies, enriching the global research land-
scape (Gutiérrez et al., 2016). The dataset is de-
signed to capture the cultural and linguistic under-
standings of these two diverse languages. It in-
cludes labels for a variety of emotional categories
and classifications for hope speech, providing re-
searchers with a valuable resource to advance nat-
ural language processing (NLP) models in these
domains. We describe the dataset’s construction,
annotation process, and key characteristics, demon-
strating its potential for advancing research in nat-
ural language processing, sentiment analysis, and
cross-cultural communication. This work not only
addresses the need for balanced datasets in low-
resourced languages but also fosters the develop-
ment of more inclusive and culturally aware Al
systems.

Our dataset comprises carefully curated social
media posts in both English and Arabic, annotated
in a new direction of emotion analysis which con-
sists of basic emotions, emotion intensity, com-
plexity of emotion, and emotion causes. We la-
beled hope speech into binary label, and granular
categories. The annotation process involved na-
tive speakers of both languages and followed a
rigorous methodology to ensure high-quality labels.
This dual-language approach enables comparative
analysis of emotional expression patterns and hope
speech characteristics across different cultural and
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linguistic contexts. This paper makes several key
contributions to the field of natural language pro-
cessing and affective computing:

* The first large-scale dataset combining emo-
tion and hope speech annotations in English
and Arabic.

* A detailed analysis of annotation challenges
and solutions specific to hope speech detec-
tion in multilingual contexts.

* Baseline models demonstrating the feasibility
of joint emotion and hope speech detection.

* Insights into cross-cultural patterns of emo-
tional expression and hope speech.

Our research establishes a foundation for devel-
oping NLP-based content analysis systems capable
of identifying negative content requiring modera-
tion, as well as positive, hope-inspiring content de-
serving amplification to foster healthier online envi-
ronments. The remainder of this paper is organized
as follows: Section 2 reviews related work in emo-
tion detection and hope speech analysis. Section
3 describes the methodology for data collection,
annotation, and preprocessing. Section 4 discusses
the structure of the data set and statistical insights.
Section 5 presents potential applications and eval-
uation results. Finally, Section 6 concludes with
future research directions.

2 Related Works

A good number of work has been done in the En-
glish language for Emotion analysis. Emotion anal-
ysis tasks can be classified in two ways. First is
a publicly available dataset that is annotated with
emotion labels. Second is the approach to develop-
ing machine learning and deep learning techniques
to classify text into emotion labels. While we dis-
cuss datasets, we need to comply with different
categories: textual, voice, image, memes, and mul-
timodal (image+text). Yang (Yang et al., 2023)
collected 3 million images, out of which humans
annotated 118,102 images and became the largest
emotion dataset. Table 1 shows the recent work on
emotion dataset.

Chakravarthi, 2020 developed a multilingual
hope speech dataset of 6176 entries in English,
Tamil, and Malayalam languages. Balouchzahi
et al. 2023 collected English tweets and created a
hope speech dataset. Divakaran et al. build a hope

Dataset Modality | Annotation| Size Language
Label

EmoSet Image 7 emotion 118,102 | English

(Yang label

et al.,

2023)

Semval- Text 3 emotion | 38,424 English

2019 label

(Chatter-

jee et al.,

2019)

ISEAR Text 7 emotion 7,665 English

(Scherer label

and

Wallbott,

1994)

CARER Text 8 emotion | 2,000 English

(Saravia label

et al.,

2018)

Arabic Text 7 emotion 1221 Arabic

(Teahan, label

2019)

Table 1: Summary of datasets with their modalities,
annotation labels, sizes, and languages.

speech dataset from Reddit posts comprising of two
languages Spanish and English. However, accord-
ing to the best knowledge of the author, no hope
speech work has been done in Arabic. We aimed
to create a large scale hope speech dataset for hope
speech. Moreover, the integration of emotion an-
notation with hope speech meaningful insight into
public sentiment.

3 Data Collection and Annotation

3.1 Data Collection

We collected publicly available emotion datasets
in Arabic and English that were labeled with basic
emotion labels (happiness, sad, love, joy, amused,
disgust, fear, empathy, and confidence). The root
datasets belong to three different sources i) Arabic
Poetry emotions(Shahriar et al., 2023), ii) Emo-
tional Tone(Al-Khatib and El-Beltagy, 2018), iii)
Multilabel Hate speech dataset(Zaghouani et al.,
2024). The Arabic Poetry emotions dataset has
9452 rows, the Emotional Tone dataset has 10065
rows, and the Hate speech dataset has 30000 rows.
In total, 49,517 Arabic data were labeled with emo-
tions. We kept rows in which text data had more
than 5 words and less than 80 words. After filter-
ing out, 27,456 rows remain. To keep track of the
original sources of data, we have added a column
for sources that keeps the URL of the original data.
The datasets contain both both Modern Standard
Arabic (MSA) and dialectal arabic text.

For English dataset, we merged two existing
datasets (Anjali, 2024; Saravia et al., 2018). We
extended the dataset from basic emotion label to
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granular emotion labels and hope speech. After
filtering with min and max words, it was left with
10036 rows for further analysis of the hope speech.

3.2 Bias Reduction

For both the Arabic and English datasets, we extend
the basic emotion dataset to a deeper analysis of
emotion and hope speech. To minimize bias in our
Arabic and English tweet datasets, we implemented
a comprehensive set of strategies. We ensured truly
random sampling with stratified techniques to cap-
ture underrepresented groups, applied transparent
and dialect-aware filtering criteria to preserve lin-
guistic diversity, and harmonized merged English
datasets to address inconsistencies. Diverse annota-
tors with clear guidelines labeled granular emotions
and hope speech, achieving high inter-annotator
agreement. All processes, including sampling,
filtering, and annotation, were thoroughly docu-
mented to ensure transparency and reproducibility.

3.3 Data Annotation Process

The dataset was initially labeled with the basic
emotion label: happiness, sad, love, joy, amused,
disgust, fear, empathy, anger, confidence. We em-
ployed five native Arabic speakers to annotate the
Arabic dataset into different types of emotion la-
bels (Emotion Intensity, Complexity of Emotion,
and Emotion Cause) and hope speech labels. The
native Arabic speakers are male and female from
different Arab countries such as Qatar, Tunisia, Jor-
dan, and Egypt, maintaining the diversity. It also
ensures the dialectal variation of data annotation.
A manager manages the data annotation process.
There were several training sessions to train the
annotators. Annotators meet frequently to discuss
their progress and resolve conflicts through discus-
sions. Similarly, for English data, five annotators
were involved in this data annotation task. Guide-
lines were provided with proper examples, both
in Arabic and English. Guidelines were revised
several times to make them clear for understand-
ing. Table 2 to Table 6 explain the data annotation
guidelines with illustrated examples.

Emotion Intensity: Table 2 provides a struc-
tured framework to categorize the intensity of emo-
tions expressed in both English and Arabic texts.
It has four categories: Low, Medium, High, and
Not Applicable. Annotator assess the intensity or
strength of the emotion expressed in the text and
select the label that best matches the emotional
intensity.

Label Guidelines English Ex- | Arabic Example
ample
Low The emotion | “Imabitwor- | Glas SUs Sl Ul
ot rongly | testtomorow, | (15 ol
expressed but it’s not a ‘\“ .
big deal.” o i
Medium | The emotionis | “"I'm worried UL.; Y Ul
clear and no- | about the test . .
ticeable but not tomorrow; it’s s Ql"“w
overwhelming making me 5} e
feel uneasy.” 7 = T
N
High The emotion | "I'm ex- | Ll 56 Ul
is intense | tremely L e
and strongly | worried about NESA olay
expressed the test tomor- .5 ne
row! Tcant | & Py
stop thinking | sl e adgdl
about it, and
> . . :
it’s driving me ST M“ C4
crazy!”
Not Ap- | No emotion is | “The test is | Jgaz  Olxie¥!
plicable | present or in- | scheduled for £
(N/A) tensity cannot tomorrow.” o
be determined

Table 2: Emotion Intensity Table

Emotion Complexity: The Table 3 framework
demonstrates the complexity of emotion. There
are four categories of emotion complexity: simple,
medium, complex, N/A (Not Applicable). The task
is to evaluate whether the emotion in the text is
simple or complex.

Emotion Cause: The table 4 provides a frame-
work for annotators to classify text based on what
is causing the expressed emotion. It is used in sen-
timent analysis or emotion recognition tasks where
understanding the cause is important.

Hope Speech: Hope Speech in Table 5 cat-
egorizes texts that express hope, positivity, en-
couragement, or a constructive outlook as "Hope
Speech,” differentiating them from “Not Hope
Speech,” which lacks these elements. The table
also includes ”Counter Speech,” which challenges
negativity or hate speech constructively, and "Neu-
tral” texts, which are factual or devoid of emotional
tone. Additionally, it defines “Hate Speech or Neg-
ativity” to capture texts that are offensive, harmful,
or convey negative sentiments. The table provides
examples in both English and Arabic to ensure clar-
ity and applicability across languages, making it a
valuable tool for annotating and analyzing multilin-
gual datasets.

Hope Speech Subcategories: The table 6 cat-
egorizes hope speech into four distinct themes,
each with its unique focus and purpose. Inspira-
tional/Motivational emphasizes uplifting and mo-
tivating individuals, encouraging perseverance in
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Label Guidelines English Exam- | Arabic Exam-

ple ple

Simple The text clearly | I'm so happy | li> awe Ul
expresses a single, | today! |
straightforward f"‘J
emotion.

Medium | The emotionis more | I'm feeling a | bl=Nl .l
detailed than simple, | bit frustrated, s
but it’s still easy to | but it’s not too UQ LB
understand and not | bad. H e
as complex as feel- b ) oY
ing several emotions Ll
at once.

Complex | The text expresses | I'm  excited e M
multiple emotions or | about the new
anuanced emotional | job, but also | ° L J
state. nervous about s -

leaving my old jw‘ Eﬁ“g
one. Wl el
M4 ol
2@l

f..

Not Ap- | No clear emotion | The meeting is &\&;\H

plicable | or complexity can- | scheduled for 3 . Jyaz

(N/A) not be determined. PM. S 5

oW1 I W
:LM

Table 3: Complexity of Emotion Table

the face of challenges, as seen in messages about
achieving the impossible with determination and
persistence. Solidarity/Peace highlights unity, com-
munity support, collective action, and the promo-
tion of peace. Lastly, Spiritual/Empowerment in-
cludes speech inspired by religious or spiritual be-
liefs.

4 Statistical Result

Table 7 provides a detailed comparison of emo-
tional expressions in Arabic and English across
three dimensions: Complexity of Emotion, Emo-
tion Intensity, and Emotion Cause. For Com-
plexity of Emotion, Arabic texts show a higher
complexity of medium emotion (51.86%) com-
pared to English (27%), but a lower proportion
of simple emotions (23.98% vs. 54%), suggest-
ing Arabic expressions are complex compare to
Engish. In Emotion Intensity, Arabic texts ex-
hibit a higher proportion of high-intensity emo-
tions (38.19% vs. 30.14%) and a lower proportion
of low-intensity emotions (12.21% vs. 19.14%),
indicating stronger emotional expression in Ara-
bic. For emotional cause, Arabic texts empha-
size relationships (40.29%) and internal reflection
(39.45%) whereas English (21.14% and 34.79%,
respectively), while English texts more frequently
cite external events (24.69% vs. 12.51%) and
achievement/failure (9.83% vs. 4.07%). These
differences highlight distinct cultural or linguis-

Label Guidelines English Ex- | Arabic Example
ample
External Emotion is | I felt scared | 3ol & ms
Event caused by an | when I heard . Loss
event or situ- | theloud thun- | ™
ation outside | derstormout- | Las )l lawlll
the individual. side. CJG‘ E )ﬂl
Internal Emotion I feel so | <sdb Ja.«j
Reﬂec— arises from glplty for Ehe o)
tion internal mistakes I've R -
thoughts made in the | g eV
or self- | past. =
reflection. 3 =S5
L__5\;\,11
Relationshij Emotion is | I was heart- | (4L & s
linked to | broken when .
. . o s VRl
interactionsor | my  friend -
relationships stopped s e abgl
with others. talking  to B sl
me. Tl g
Achievement Emotioniste- | I was over- | o liaw o8
Or Failure lated to per- | joyed when . .
sonal success I got the Lo
or failure. promotion at J uj]l L§L_=
work. - |
Unclear The cause of | TI've  been | LSNL j...j
the emotion is | feeling really e
not clear. down lately, YR RY] S
but I don’t .5
know why. —F by U'Q
!
Not Ap- | Noclearemo- | The project Qi [ory &5;.11
plicable tion or cause is due next . ,
(N/A) is stated. week. &jc“\” (é‘“
r:\.&l\

Table 4: Emotion Cause Table

tic tendencies in emotional expression, with Ara-
bic favoring relational and intense emotions, and
English showing greater diversity in external and
achievement-related causes.

Hope Speech Results: Table 8 provides a de-
tailed comparison of Hope Speech Categories and
Hope Speech Subcategories across Arabic and En-
glish datasets, highlighting both the distribution
and variation in proportions.

In the Hope Speech Categories, the “Neutral”
category dominates in both Arabic (9,278, 34%)
and English (1,894, 46%), indicating a signifi-
cant presence of neutral expressions in the data.
The "Hope Speech” category, which reflects pos-
itive and uplifting content, is more prevalent in
Arabic (3,375, 12%) compared to English (574,
14%). Conversely, the ”Negative/Hate Speech” and
”Counter Speech” categories show lower propor-
tions, with Arabic exhibiting a higher count (4,578,
16% and 1,178, 4%, respectively) than English
(212, 5% and 38, 0.009%).

In the Hope Speech Subcategories, “Inspira-
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Label Definition Arabic Ex- | English Exam-
ample ple
Hope Express hope, | 3§ C’w We will suc-
Speech | positivity, en- . Al ceed in the end
couragement, v despite the dif-
?r a ct(l)nslt(ruc— R JJ;;,:JI ficulties.
ive outlook. o gud
Not Does not con- | Jo N | There are no
Hope tain any ele- R . new develop-
Speech | ments of hope ol skl ments.
or positivity. [EVEES
Counter | Hate speech or | e o< | We must reject
Speech | negativity with . < | all forms of ha-
the intention of f U2 Ql tred.
refuting or chal- JK..J
lenging it.
Ll
Neutral | Neutral or fac- | JAdsew f}U The conference
tual in nature, . i will be held to-
without convey- S ** | morrow at 9
ing hope, posi- el AM.
tivity, or coun- R
tering negative e
speech. Bl
Hate Offensive  or o ULl | People like
Speech | harmful text, . ) | Yyou are the
or Neg- | often targeting S - cause of all
ativity individuals or ,f\_ﬂl | the problems.
groups such as . You should be
race, religion, o o ashamed.
ethnicity. J’JL i

Table 5: Categories of Hope Speech

Label Definition Arabic Exam- | English Exam-

ple ple

Inspiration | Inspire and u‘J.-J‘ With deter-
motivate in- < mination and
dividuals and - ‘JL"’FB persistence, we
encourage uis can achieve the
them to keep . impossible.
going despite Jenil
challenges.

Solidarity | Emphasizes Ly Oeldl | Through our
community ) o cooperation,
support, o Y we will over-
collective . x5 el C(};mel all
action, an sla | © stacles.
promotion :
of peace and
reconcilia-
tion

Resilience | Focuses S u.£ We are building
on the re- : - a bright future
silience  of | Be Milas | for the next
individuals ) ol L‘JL.;SI generations.
or communi- =
ties and the
long-term
vision for a
better future

Spiritual Rgl%gio;xs bor (Y »‘5 ﬂ Each li)ne of us
spiritual e- - as the power
liefs to instill d\s OJ"UJ‘ to change our
hope. ax3ly s | reality for the

. better.
JasU

Table 6: Subcategories of Hope Speech

tional/Motivational” dominates in both languages,
accounting for 39% in Arabic (1,270) and 48% in
English (279). Subcategories like ~’Spiritual Em-

Category [ Arabic (N) (%) [ English (N) (%)
Complexity of Emotion
Medium 13173 (0.51) 2734 (0.27)
Complex 6138 (0.24) 1744 (0.17)
Simple 6090 (0.23) 5468 (0.54)
Emotion Intensity
Medium 12602 (0.49) 5062 (0.50)
High 9700 (0.38) 3008 (0.3)
Low 3101 (0.12) 1910 (0.19)
Emotion Cause

Internal Reflection 10024 (0.39) 3475 (0.34)
Relationship 10238 (0.40) 2111 (0.21)
External Event 3180 (0.12) 2465 (0.24)
Achievement/Failure 1033 (0.04) 982 (0.9)
Unclear 934 (0.03) 954 (0.9)

Table 7: Summary of Complexity of Emotion, Emotion
Intensity, and Emotion Cause by Language

powerment” and ”Solidarity/Peace” show similar
trends, although Arabic has higher counts overall.
Notably, "Resilience/Visionary” is represented pro-
portionally higher in English (20%) compared to
Arabic (16%).

Category Arabic (N) | English (N)
(%) (%)
Hope Speech Categories
Neutral 9278 (0.34) 5265 (0.46)
Hope Speech 3375 (0.12) 1496 (0.14)
Not Hope Speech 9043 (0.33) 2993 (0.32)
Hate Speech 4578 (0.16) 244 (0.05)
Counter Speech 1178 (0.04) 38 (0.009)
Hope Speech Subcategories
Inspirational 1270 (0.39) 1188 (0.48)
Spiritual 864 (0.26) 132 (0.16)
Solidarity 543 (0.17) 83 (0.14)
Resilience 539 (0.16) 94 (0.2)

Table 8: Summary of Hope Speech Categories and Sub-
categories by Language

S Data Analysis

5.1 Corelation between Emotion and Hope
Speech:

Table 9 summarizes the results of chi-square tests
between different emotional characteristics—such
as Emotion Intensity(EI), Complexity of Emotion
(CM), Emotion Cause(EC) and categories of hope
speech (HS), Hope Speech Subcategories(HSC)
examined in both Arabic and English texts. It in-
cludes the chi-square statistics and corresponding
p-values for each comparison. In particular, all
relationships show statistically significant results
(p < 0.05), with many having p values of 0O, re-
flecting very strong significance. The chi-square
values vary across the comparisons, indicating dif-
ferent levels of association. The correlation be-
tween emotion labels and hope speech categories
stands out with the highest chi-square values for
Arabic (1502.6) and English (160.5), highlighting
the strongest association observed.
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Arabic English
Relationship  (x2, P-Value) (2, P-Value)
EI vs. HC 324.3,0 194.7,0
EI vs. HSC 72.9,0 16, 0.004
CM vs. HS 354.3,0 56.3,0
CM vs. HSC 40.7,0 43.1,0
EC vs. HC 810.3,0 245.6,0
EC vs. HSC 121.3,0 88.4,0

Table 9: Corelation between Emotion and Hope Speech

5.2 Dataset Evaluation

We analyzed the dataset annotations using both tra-
ditional machine learning methods, such as logistic
regression and multinomial Naive Bayes, alongside
modern transformer-based models like BERT. The
preprocessing workflow included steps such as to-
kenization, cleaning the text, and transforming it
into formats ready for modeling. To improve data
quality, we eliminated stopwords from both Arabic
and English datasets. For the Arabic dataset, we
relied on the stopword list provided by (Alrefaie,
2019), and for the English dataset, we used tools
from the NLTK library.

We fine-tuned AraBERT (Antoun et al., 2020), a
pre-trained transformer model designed specifically
for Arabic natural language processing tasks, and
BERT-based-uncased (Devlin et al., 2018) for the
English dataset. Both models were trained on the
Hope Speech dataset to classify categories, using
their language-specific optimizations and contex-
tual embeddings to improve prediction accuracy.
Table 10 shows the model evaluation metrics in our
annotated dataset and provides a well-rounded as-
sessment of the effectiveness of the models aligned
with the annotated labels.

Hope Speech Prediction - Arabic Data

Model Precision  Recall F1-Score  Accuracy
LR 0.53 0.55 0.52 0.55
AraBERT 0.69 0.69 0.67 0.69
NB 0.54 0.55 0.51 0.55
Hope Speech Prediction - English Data
LR 0.50 0.54 0.59 0.44
AraBERT 0.64 0.69 0.64 0.69
NB 0.49 0.53 0.52 0.53

Table 10: Evaluation Metrics for Hope Speech Data

6 Error Analysis

We provided a sample of 1000 instances to all an-
notators and instructed them to annotate the data.
Since multiple annotators were involved and the
label are categorical, we calculated Fleiss’ Kappa
scores to measure the level of agreement. Table

11 shows that Arabic data are generally higher
than those of English, reflecting better consistency
among annotators for Arabic annotations. The high-
est agreement was for the "Emotion Cause” label
in Arabic (0.81), which means annotators often
agreed on what caused the emotion. Good agree-
ment was also seen for “Complexity of Emotion”
(0.77 in Arabic, 0.79 in English) and "Emotion In-
tensity” (0.75 in Arabic, 0.74 in English), showing
that annotators had a shared understanding of how
strong or complex the emotions were.

Label Arabic  English
Emotion Intensity 0.75 0.74
Complexity of Emotion 0.77 0.79
Emotion Cause 0.81 0.72
Hope Speech Categories 0.71 0.75
Hope Speech Subcategories 0.65 0.61

Table 11: Inter-Annotator Agreement Fleiss’ Kappa

7 Conclusion and Future Work

This study introduced a bilingual dataset in Ara-
bic and English that combines annotations for both
emotions and hope speech. By extending existing
datasets with additional layers such as emotion in-
tensity, complexity, causes, and hope speech subcat-
egories, the dataset offers rich, multi-dimensional
data for analyzing emotional and positive language
in diverse contexts. Baseline models, including
AraBERT and BERT, showed promising results in
detecting hope speech categories, confirming the
usefulness of the dataset for prediction tasks.

Ethics and Impact

This study addresses the ethical and societal impli-
cations of creating Arabic and English emotion and
hope-speech datasets and models. Guided by fair-
ness, inclusivity, and cultural sensitivity, we cite
original sources, include no personal identifiers
(IRB-exempt), and employ diverse annotators with
clear guidelines to minimize bias, inconsistency,
and harm—especially in hate and counter-speech
contexts.

Dataset Release

The user  can freely access this
dataset by filling in a consent form:
https://forms.gle/S9fZtYjAyLAqFsH19 men-

tioning that the data can only be used for academic
or research purposes.
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