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Abstract

Understanding how emotions are expressed
across languages is vital for building culturally-
aware and inclusive NLP systems. However,
emotion expression in African languages is un-
derstudied, limiting the development of effec-
tive emotion detection tools in these languages.
In this work, we present a cross-linguistic anal-
ysis of emotion expression in 15 African lan-
guages. We examine four key dimensions
of emotion representation: text length, sen-
timent polarity, emotion co-occurrence, and
intensity variations. Our findings reveal di-
verse language-specific patterns in emotional
expression—with Somali texts typically longer,
while others like IsiZulu and Algerian Ara-
bic show more concise emotional expression.
We observe a higher prevalence of negative
sentiment in several Nigerian languages com-
pared to lower negativity in languages like IsiX-
hosa. Further, emotion co-occurrence analysis
demonstrates strong cross-linguistic associa-
tions between specific emotion pairs (anger-
disgust, sadness-fear), suggesting universal
psychological connections. Intensity distri-
butions show multimodal patterns with sig-
nificant variations between language families;
Bantu languages display similar yet distinct
profiles, while Afroasiatic languages and Nige-
rian Pidgin demonstrate wider intensity ranges.
These findings highlight the need for language-
specific approaches to emotion detection while
identifying opportunities for transfer learning
across related languages.

1 Introduction

The expression and perception of emotions are fun-
damental aspects of human communication, deeply
intertwined with language and culture (Mesquita
et al., 1997; Wierzbicka, 1999). As natural lan-
guage processing (NLP) advances, understanding
how emotions are conveyed across different lan-
guages has become increasingly important. This pa-
per explores the intricate relationship between emo-

tion intensity, co-occurrence, and textual expres-
sion in various languages, aiming to uncover both
universal trends and language-specific nuances.

Emotions play a crucial role in shaping inter-
personal interactions, influencing not only how we
communicate but also how we interpret messages
(Leersnyder et al., 2011). Previous research has
primarily focused on emotion recognition and sen-
timent analysis within single or multiple languages,
often overlooking the rich diversity of emotional
expression across linguistic boundaries (Tatariya
et al., 2024; Saravia et al., 2018; Havaldar et al.,
2023; Demszky et al., 2020). Our study seeks to
bridge this gap by examining emotion intensity and
co-occurrence patterns in a multilingual context,
thereby contributing to a more holistic understand-
ing of emotion in language.

In this paper, we address the following research
questions:

1. Is there a correlation between the length of
text and the intensity or type of emotions ex-
pressed? Do certain languages tend to use
longer or shorter texts to convey specific emo-
tions?

2. How do sentiment polarity distributions vary
across typologically diverse languages in so-
cial media text, and what factors contribute to
the observed differences in negative sentiment
prevalence?

3. What are the prevalent patterns of emotion co-
occurrence in various languages, and how do
these patterns reflect cultural norms or com-
munication styles?

4. How does the average intensity of emotions
such as joy, sadness, anger, and surprise vary
across different languages? What cultural or
linguistic factors might contribute to these dif-
ferences?
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To answer these questions, we analyze a di-
verse dataset comprising text samples from fifteen
(15) African languages, employing NLP techniques
to measure emotion intensity and co-occurrence.
Our findings reveal insights into the interplay be-
tween language, culture, and emotion, highlighting
both shared and distinct characteristics across lan-
guages.

Our research contributes to the broader field of
computational linguistics and offers practical impli-
cations for multilingual NLP applications, such as
sentiment analysis, machine translation, and cross-
cultural communication tools. Furthermore, our
study underscores the importance of considering
cultural and linguistic diversity in the development
of emotion-aware technologies.

2 Related works

Language and culture are deeply intertwined, a re-
lationship extensively studied in psycholinguistics
(Zhou et al., 2025). Recent advancements in NLP
have heightened the need to understand this inter-
section in social media and online texts, ensuring
AI systems accurately represent cultural perspec-
tives.

Current research evaluates how LLMs reflect
cultural diversity in language generation (Ahmad
et al., 2024; Liu et al., 2024; Koto et al., 2024; Liu
et al., 2024; Dudy et al., 2024; Cao et al., 2023).
Other efforts focus on building resources for cultur-
ally aware systems, such as CultureBank, a knowl-
edge base for culture-specific data (Shi et al., 2024).
Emotion datasets across cultures, such as Muham-
mad et al. (2025b), Belay et al. (2025) and Dem-
szky et al. (2020), further enable training inclusive
AI models. Recent work also adopts multimodal
approaches, analyzing cultural emotions in both
text and images (Mohamed et al., 2024; Khanuja
et al., 2024).

While existing works leverage social media data
to study cultural emotions, comparative analyses
across languages remain limited. For instance, stud-
ies often focus on developing datasets rather than
systematically contrasting how emotions manifest
in different linguistic contexts.

Social media’s informal, code-switched, and
multilingual nature offers a unique opportunity to
investigate these dynamics, yet few works explic-
itly compare cross-cultural emotional patterns be-
tween languages, such as Arabic versus Hausa or
Amharic versus Igbo. Bridging this gap could un-

cover nuanced cultural divergences and improve
AI’s adaptability to global linguistic diversity.

3 Experiments

3.1 Data

Our study utilizes existing datasets by Muhammad
et al. (2025b,c) and Belay et al. (2025) that encom-
pass text samples from multiple languages. We fo-
cus on 15 African languages: Algerian Arabic (ary),
Amharic (amh), Emakhuwa (vmw), Hausa (hau),
Igbo (igo), IsiXhosa (xho), IsiZulu (zul), Kin-
yarwanda (kin), Mozambique Portuguese (ptmz),
Nigerian Pidgin (pcm), Oromo (orm), Swahili
(swa), Somali (som), Tigrinya (tir), and Yoruba
(yor).

The dataset consists of a collection of texts from
two sources, social media posts and news articles
headlines, ensuring a comprehensive representation
of emotional expression in different contexts.

3.2 Methodology

As the goal of this project was to study the rela-
tion of emotional expression across language and
culture, in the next sections, we provide a descrip-
tion of how we assess these relations. Our analysis
focused on the following questions: Are there lan-
guage differences in emotional expression? Can we
characterize languages (and their specific sources)
by their length? is emotion co-occurrence unique
or similar across languages? We analyzed different
key dimensions of emotional expression, such as
text length distribution, emotion co-occurrence in
the texts, and emotion intensity analysis.

4 Results

4.1 Text Length Analysis

Figure 1 shows the distribution of the length of text
in various languages. Notably, there is a signifi-
cant variation in the median text lengths among
languages. For example, languages such as Somali
(som) exhibit a higher median text length compared
to others like Algerian Arabic (ary) and IsiZulu
(zul), which have relatively shorter median lengths.
This disparity suggests that certain languages may
inherently require more characters to convey mean-
ing, or it could reflect cultural or linguistic differ-
ences in communication styles.

Additionally, the spread of the interquartile
range (IQR) and the presence of outliers indicate
that some languages have more consistent text



lengths, while others show greater variability. Lan-
guages with wider IQRs and more outliers, such as
Nigerian Pidgin (pcm) and Oromo (orm), may be
used in more diverse contexts or have more flexible
grammatical structures that allow for varied text
lengths. This is not surprising for Nigerian Pidgin,
as it is a variant of English mixed with several local
languages (Akande, 2010).

Figure 2 extends the analysis by incorporating
emotional context. Each language is further cate-
gorized by the lengths of texts associated with par-
ticular emotions, revealing how different emotions
influence text length within each language. The
emotions analyzed are sadness, joy, fear, neutral,
anger, surprise, and disgust.

Overall, the text length associated with different
emotions within a dataset tends to show similar
median scores and confidence intervals. This in-
dicates that, aside from a few outliers, emotions
may not be easily distinguishable if the source is
known based on their length distribution. However,
since these distributions exhibit consistent patterns
within the same source, a given distribution could
potentially reveal the dataset or source from which
they originated (yet not its emotional label).

These findings have several implications for lin-
guistic research, natural language processing, and
cross-cultural communication studies. Understand-
ing the relationship between text length, language,
and emotion can inform the development of more
nuanced language models and improve the accu-
racy of sentiment analysis tools. Additionally,
these insights can aid in creating more effective
communication strategies in multilingual and mul-
ticultural settings.

4.2 Sentiment Polarity Distribution

Table 1 shows the sentiment polarity across vari-
ous languages, which reveals how sentiments are
expressed differently in each language. The emo-
tions were categorized into positive, negative, and
neutral sentiments, to highlights key patterns in
emotional expression. Emotions joy and surprise
were considered as positive, while anger, fear, and
disgust were categorized as negative. Understand-
ing sentiment distributions can inform the develop-
ment of more accurate sentiment analysis tools and
help tailor messages to align with the emotional
expectations of different linguistic groups.

Neutral sentiments dominate across most lan-
guages, particularly in IsiZulu (zul), Yoruba (yor),

Emakhuwa (vmw), and Mozambique Portuguese
(ptmz). This does not necessarily suggest that a
significant portion of communication in these lan-
guages is factual or informative, but could likely be
as a result of part of the data being collected from
news headlines that contain more neutral emotions.
However, what is very surprising is the variation
between IsiZulu (zul) and IsiXhosa (xho) as these
languages are very similar, and collected from the
same source.

The distribution of positive and negative senti-
ments varies significantly. A striking observation is
that all Nigerian languages, except for Yoruba (yo),
exhibit significantly higher negative sentiment. Pre-
vious studies have documented the prevalence of
hateful and toxic content in the Nigerian social me-
dia space (Jimada, 2023; Muhammad et al., 2025a).

For most of the other languages, there is a unique
sentiment pattern. For example, Algerian Arabic
(ary) has a high count of both negative and positive
sentiments, suggesting a diverse emotional range.
Meanwhile, IsiXhosa (xho) has only 9.1% negative
sentiment, which contrasts with the typical charac-
teristics of social media texts and requires further
investigation.

Table 1: Cross-Linguistic Sentiment Polarity Distribu-
tion with Neutral dominance in IsiZulu (zul) and Yoruba
(yor) contrasts with varied Positive/Negative expres-
sions in Hausa, Swahili, and others, offering insights for
culturally-tuned sentiment analysis and communication
strategies

Language Neg(%) ↓ Pos(%) Neu(%)

pcm 55.3 37.2 7.5
ibo 51.3 22.4 26.3
tir 49.8 21.3 28.9
hau 46.8 35.7 17.5
amh 45.9 24.4 29.7
orm 35.0 37.8 27.3
kin 34.6 26.8 38.6
ary 30.3 36.1 33.6
som 29.3 25.7 45.0
ptmz 20.2 23.5 56.2
vmw 20.2 23.5 56.3
swa 18.7 30.8 50.5
yor 13.4 21.2 65.4
zul 12.5 15.3 72.3
xho 9.1 66.2 24.6



Figure 1: Text Length Distribution by Language and Emotion with Language Comparison. This box plot displays
the distribution of text length (in characters) for different emotions across all the languages, sorted by median text
length. Languages like Somali, Kinyarwanda and Oromo have significantly longer text expressions across most
emotions, with some texts exceeding 300 characters. Anger and sadness generally have longer text expressions
across most languages. As languages move to the right of the chart, text length decreases substantially, with IsiXhosa
and IsiZulu having the shortest text expressions regardless of emotion type.

4.3 Emotion Co-occurrence Patterns

Figure 3 presents a heatmap visualization of the
frequency with which different emotions co-occur
across all languages. This analysis is crucial as it
provides insights into the interplay of emotions ex-
pressed in human language across diverse linguistic
contexts.

Sadness exhibits the highest co-occurrence fre-
quency, particularly with other negative emotions.
The strongest co-occurrence is observed between
anger and disgust (4953 occurrences), followed by
sadness and disgust (3248 occurrences) and sad-
ness and fear (2889 occurrences). This aligns with
previous findings on social media data, where neg-
ative emotions tend to reinforce each other, often
within discussions of distressing or controversial
topics.

Joy, on the other hand, shows the lowest co-
occurrence with negative emotions, suggesting a
clearer separation between positive and negative
sentiment expressions in written text. However,
joy and surprise (1214 occurrences) co-occur more
frequently than joy with any negative emotion, rein-
forcing the idea that surprise can function as both a
positive and negative emotional response, depend-
ing on context.

Surprise exhibits moderate co-occurrence with
both positive and negative emotions, reflecting its
contextual flexibility. It can be associated with

shock and fear in negative contexts or delight in
positive ones. Notably, surprise and sadness (2380
occurrences) co-occur more frequently than sur-
prise and joy, hinting at a potential bias in social
media conversations where unexpected events are
more often framed negatively.

A particularly significant finding is the strong
co-occurrence of fear and sadness across languages
(2889 occurrences), suggesting a fundamental psy-
chological connection between these emotions that
transcends cultural boundaries. Fear is often linked
to anxiety, while sadness is associated with depres-
sion, and many studies in mental health have docu-
mented the frequent co-occurrence of depression
and anxiety (Malygin et al., 2022; Spijker et al.,
2020). This highlights the importance of consider-
ing emotional interdependencies in sentiment anal-
ysis and mental health studies.

Additionally, some co-occurrence asymmetries
can be observed, where the pairing of two emo-
tions does not always exhibit equal frequency in
both directions. This could be influenced by lin-
guistic variations in how emotions are expressed or
by structural differences in text, such as whether
emotions appear together in phrases or in separate
clauses within the same sentence.



Figure 2: Text Length Distribution by Language Regardless of Emotion. This box plot shows the overall text length
distribution for each language, sorted by median length. Somali has the longest texts with a median of approximately
130 characters and maximum values exceeding 300 characters. There’s a clear gradient with Kinyarwanda and
Oromo also showing relatively long text expressions, while languages on the right side have consistently short
expressions with medians below 50 characters. This indicates significant variation in typical text length across
different languages.

4.4 Emotion Intensity Distribution
Figure 4 presents the emotion intensity distribu-
tions across languages. A violin plot was used to
provide a detailed visualization of the data distri-
bution beyond traditional box plots, capturing the
density and spread of emotion intensities.

The plot reveals significant patterns in emotion
intensity across languages, offering insights into
how emotions are conveyed in written text across
typologically diverse languages.

The intensity distributions demonstrate both
cross-linguistic patterns and language-specific char-
acteristics. Most languages exhibit multimodal
distributions with primary concentrations in the
0.25–0.5 range, suggesting some universal tenden-
cies in how emotions are expressed in text. How-
ever, notable variations emerge when examining
specific language families.

Bantu languages (zul, xho, swa, vmw, kin) gen-
erally display similar distribution patterns, though
with meaningful differences. While IsiZulu (zul)
shows a narrower distribution primarily centered
below 0.5, closely related IsiXhosa (xho) exhibits
slightly higher variability with moderate outliers.
This suggests subtle distinctions in how emotions
are articulated in text, even between genetically

related languages.
Afroasiatic languages in the dataset (orm, tir,

amh, som, ary) display considerable internal varia-
tion. Tigrinya (tir) and Oromo (orm) have higher
outlier values reaching approximately 1.4 and 1.25,
respectively, while Somali (som) presents a dis-
tinct bimodal distribution with peaks near 0 and
0.3. This may reflect linguistic structures influenc-
ing written emotional expression, such as sentence
structure and common lexical choices.

The most pronounced variation appears in Nige-
rian Pidgin (pcm) and Hausa (hau), which demon-
strate wider distributions with higher intensity val-
ues. This could reflect the influence of expressive
language use, code-switching, or the diversity of
linguistic influences shaping emotional expression
in these languages.

These distribution patterns have significant im-
plications for multilingual NLP, particularly in
emotion-aware text processing. The consistent mul-
timodal patterns suggest the potential for transfer
learning approaches, while the language-specific
variations highlight the need for tailored models
that account for different ways emotions are ex-
pressed in text.

The bimodal distributions observed in several



Figure 3: Emotion Co-occurrence Across All Languages. Negative emotions such as Disgust, Sadness, and Anger
frequently co-occur, with Disgust and Anger having the highest co-occurrence. In contrast, Joy has the lowest
co-occurrence with other emotions, particularly with Disgust and Anger. Sadness and Fear also frequently co-occur,
indicating a strong relationship between these emotions in the dataset.

languages (swa, ptmz, vmw, som) warrant partic-
ular attention, as they may require specialized ap-
proaches to modeling emotional intensity in text
classification and sentiment analysis tasks. These
findings underscore the importance of language-
specific modeling in multilingual NLP applica-
tions.

5 Discussion

1. Text Length and Emotion Expression: The
analysis revealed significant cross-linguistic
variation in text length, with languages like
Somali requiring longer texts compared to Al-
gerian Arabic or IsiZulu. This may reflect
inherent linguistic structures (e.g., agglutina-
tion) or cultural communication styles favor-
ing brevity or elaboration. While emotions
showed minimal differentiation in text length
within languages, the consistent patterns ob-
served within datasets suggest that text length
distributions could serve as indirect identifiers
of data sources. This finding emphasizess
the need for language-specific preprocessing
in NLP tasks to account for structural differ-
ences. Future work should explore whether
text length differences persist in controlled
contexts (e.g., translations of the same con-

tent) to disentangle linguistic and cultural in-
fluences.

2. Sentiment Polarity Distributions: The dom-
inance of neutral sentiments in languages like
IsiZulu and Yoruba likely stems from data
source biases (e.g., news headlines), empha-
sizing the need for diversified corpora in sen-
timent analysis. The clear contrast between
similar languages (IsiZulu vs. IsiXhosa) chal-
lenges assumptions about linguistic homo-
geneity in emotional expression and warrants
investigation into dialectal or sociocultural
factors. The high prevalence of negative senti-
ment in Nigerian languages aligns with doc-
umented toxic content trends in Nigerian so-
cial media, suggesting that region-specific so-
ciopolitical contexts heavily influence senti-
ment patterns. These results highlight the im-
portance of contextualizing sentiment analy-
sis tools to account for both linguistic features
and cultural realities.

3. Emotion Co-occurrence Patterns: The fre-
quent co-occurrence of negative emotions
(e.g., anger-disgust, sadness-fear) reflects
their psychological interconnectedness and
the tendency for distressing topics to evoke
multiple negative responses in text. Joy’s sep-



Figure 4: Emotion Intensity Distribution by Language Using Violin Plots. This violin plot depicts the distribution
of emotion intensity scores across the languages. The width of each "violin" shows the density of data points at
that intensity level. Languages like Tigrinya (tir) and Algerian Arabic (ary) show the greatest variation in emotion
intensity, with distributions extending to higher values. Most languages show a concentration of intensity values
around 0.25-0.5, indicating that moderate emotion intensity is most common across languages. Some languages like
IsiZulu (zul) and Swahili (swa) have narrower distributions, suggesting more consistent emotion intensity levels.

aration from negative emotions supports its
role as a distinct affective category, while
surprise’s association with both positive and
negative contexts highlights its contextual de-
pendence. The cross-cultural consistency in
fear-sadness co-occurrence aligns with mental
health research linking anxiety and depres-
sion, suggesting that emotional interdepen-
dencies in text may mirror real-world psy-
chological phenomena. Asymmetries in co-
occurrence frequencies (e.g., surprise-sadness
vs. surprise-joy) could inform culturally nu-
anced NLP models by prioritizing emotion
pairs prevalent in specific linguistic contexts.

4. Emotion Intensity Variation: Bantu lan-
guages’ shared intensity patterns contrast with
Afroasiatic languages’ internal variability, in-
dicating that language family typology influ-
ences emotional expression. The bimodal dis-
tributions in Somali and Nigerian Pidgin may
arise from code-switching or source-specific
text conventions. Higher intensity outliers in
Hausa and Tigrinya suggest these languages
employ more emphatic lexical or syntactic
strategies for emotional emphasis.

5.1 Limitations and Future Work
1. This study relies on existing datasets of social

media (X) posts and news headlines across
fifteen African languages, which presents
several important constraints. These data
sources were not originally designed for cross-
linguistic emotion analysis and may contain
uneven representation across languages. Ad-
ditionally, social media content and headlines
represent specialized forms of communication
characterized by brevity, informality, and of-
ten heightened emotional states that may not
reflect the full spectrum of emotional expres-
sion in these languages.

2. Since this study spans multiple languages, fu-
ture work could explore whether specific lin-
guistic or cultural factors influence these co-
occurrence patterns. For example, do tonal
languages like Hausa or Yoruba exhibit dif-
ferent co-occurrence tendencies compared to
non-tonal languages? Such an analysis would
provide deeper insights into how language
structure affects emotional expression.

3. Our text-based approach cannot capture non-
verbal aspects of emotional communication
such as facial expressions. The brevity of



tweets and headlines also limits our ability to
analyze complex emotional narratives or sub-
tle transitions that emerge in longer discourse.
Future work would benefit from purpose-built
datasets with diverse text genres and multi-
modal data to provide a more comprehensive
understanding of emotional expression across
languages.

6 Conclusion

In this paper, we present a comprehensive cross-
linguistic analysis of emotional expression in fif-
teen different languages. Our findings reveal signif-
icant variations in how emotions are expressed tex-
tually, with distinct patterns in text length, emotion
co-occurrence, intensity, and distribution. These
variations highlight the importance of considering
linguistic and cultural factors in computational ap-
proaches to emotion analysis.

The observed differences challenge universal
models of emotional expression and underscore
the need for language-specific approaches in mul-
tilingual NLP systems. By recognizing and ac-
counting for these cross-linguistic variations, we
can develop more culturally sensitive and accurate
computational models for emotion detection and
analysis.

Our work contributes to both theoretical under-
standing of cross-cultural emotional expression and
practical implementation of multilingual emotion
recognition systems. Future research should con-
tinue to explore the interplay between language,
culture, and emotional expression across a broader
range of languages and communicative contexts.
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