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Abstract

Over the past decade, the use of emojis in so-
cial media has seen a rapid increase. Despite
their popularity and image-grounded nature,
previous studies have found that people inter-
pret emojis inconsistently when presented in
context and in isolation. In this work, we ex-
plore whether emoji semantics differ across
languages and how semantics interacts with
sentiment in emoji use across languages. To
do so, we developed a corpus containing the
literal meanings for a set of emojis, as defined
by L1 speakers in English, Portuguese and Chi-
nese. We then use these definitions to assess
whether speakers of different languages agree
on whether an emoji is being used literally
or figuratively in the context where they are
grounded in, as well as whether this literal and
figurative use correlates with the sentiment of
the context itself. We found that there were
varying levels of disagreement on the definition
for each emoji but that these stayed fairly con-
sistent across languages. We also demonstrated
a correlation between the sentiment of a tweet
and the figurative use of an emoji, providing
theoretical underpinnings for empirical results
in NLP tasks, particularly offering insights that
can benefit sentiment analysis models.

1 Introduction

Much of contemporary communication happens
through text-based messaging on online medi-
ums, known as computer-mediated communica-
tion (CMC). Given that many natural features of
language (e.g., prosody, gestures, visual context)
can not be encoded in a single modality, speakers
have come up with other strategies to communi-
cate their intentions. One such strategy is to use
emojis, digital icons that can be used separately or
combined with text to provide extra information
regarding the desired meaning of an utterance. It

*Equal contribution.

is hardly surprising then that the variety and pop-
ularity of emojis have increased rapidly over the
past 10 years, with 3664 emojis officially encoded
in the Unicode standard and used in over 22% of
the tweets sent thus far (Broni, 2022).

This increase in popularity has also given rise
to a growing interest in research from various do-
mains and disciplines on emojis, their semantics,
and their use in the language. To illustrate, those
who work on language models have been inter-
ested in how emojis might aid such systems, e.g.,
in tasks such as sense disambiguation (Shardlow
et al., 2022). On the other hand, psychologists and
linguists have also been interested in investigating
how people have integrated emojis into their lan-
guage use (e.g., Gettinger and Koeszegi (2015);
Braumann et al. (2010)) and the communicative
functions for which they are important (e.g., Dres-
ner and Herring (2010); Lee et al. (2016)). How-
ever, such studies are not generalisable to cultures
and languages beyond English. This sole focus on
English can lead to many potential harms, includ-
ing technologies which are unable to be effective
for a large proportion of society.

A first attempt to bridge this gap was made by
Barbieri et al. (2016) who examined variation in
emoji use across three European languages (two
varieties of English, Italian and Spanish). However,
their approach solely relied on the analysis of emoji
vector representations, which failed to capture the
complete semantic nuances of emojis. They did not
incorporate the examination of human judgments
in their methodology. Instead, the emoji vectors
were generated based on contextual information
from tweets, and subsequently, similarities were
computed to assess the distinctions in emoji usage
across languages. Apart from a few other studies,
such as Lu et al. (2016) and Herring (2018), the
cross-lingual aspect of emoji use has been relatively
under-explored. This coupled with the increase in
emoji uses underlines the importance of further re-
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search into emoji variation and semantics, which
has real-world implications in detecting online so-
cial trends, and CMC in general. Therefore, this
study aims to explore the sentiment and semantics
of emoji use across languages. Specifically, we
will focus on the literal and figurative use of emo-
jis in tweets, as well as their correlation with the
sentiment of the utterances in which they appear.
To do so, we pose the following research questions
(RQs):

RQ1: Do people disagree on an emoji’s context-
free interpretation within and across languages?

RQ2: Does agreement on the literal and figu-
rative use of an emoji differ across different lan-
guages?

RQ3: Does the figurative use of emojis correlate
with the sentiment of the context in which the emoji
is used?

To address these questions, we carried out two
online experiments in English1, European Por-
tuguese, and Mandarin Chinese. The first experi-
ment aimed to collect participants’ interpretation
of isolated emojis (similar to the work of Częs-
tochowska et al. (2022)) and establish the literal
meaning of the emojis analysed in the second ex-
periment. The objective of the second experiment
was to gather participants’ interpretations of emo-
jis presented in textual context in regard to their
sentiment and agreement with the provided literal
meaning. Our overall results show that: (i) across
languages, emoji meanings are fairly consistent,
and (ii) there is a correlation between emoji use (lit-
eral/figurative) and sentiment (positive/negative).
The data collected for our experiments will be pub-
licly released as additional resources for the senti-
ment analysis and emojis’ figurative use detection
tasks. In the following sections, we first detail the
theoretical background with which we motivate our
RQs and methods, we then describe the methods
used to collect data, followed by our results and a
discussion. We conclude by discussing directions
for future work, and the limitations of our study.

2 Background

2.1 Literal and Figurative meaning
The present study makes a distinction between lit-
eral and figurative uses of emojis. Literal mean-
ing refers to the conventional meaning given to

1We did not differentiate between American and British
English

an emoji when it is presented in isolation, i.e., its
context-free interpretation. Figurative meaning,
in contrast, refers to any other meaning that differs
from the literal meaning. Our definition of these
concepts draws on linguistic theories of literal and
figurative language (Giora, 1997, 2002; Gibbs Jr,
2002). In particular the notion of Context-Free Lit-
erality proposed by Gibbs Gibbs Jr et al. (1993),
which posits that “the literal meaning of an expres-
sion is its meaning apart from any communicative
situation or its meaning in a ‘null context’". We
first derived the Literal meaning of each emoji
(see Experiment 1), and then coded all other uses
as Figurative. The two different types of uses are
exemplified in Table 1.

We acknowledge that our definition might fail
to capture more nuanced uses of emojis in context
or the figurative meanings of emojis. For instance,
a laughing-crying emoji can be used to indicate
irony or to mark the illocutionary force of an ut-
terance (Dresner and Herring, 2010). However,
due to the lack of systematic research into emoji
usage across languages and established linguistic
theories of emojis, we adopted a definition that
would work best in a cross-lingual study, where
semantic equivalencies between languages cannot
be fully established, and the functions of emojis
might differ across languages. This is one of the
first theoretically informed definitions of emoji use,
which can be easily adapted by future research, par-
ticularly in cross-lingual studies. Our results can
also be replicated in studies where more nuanced
categories of figurative meanings are coded.

2.2 Emoji interpretation
Extracting the literal meaning of an emoji using
these definitions would appear to be a trivial task.
However, this is not the case. Częstochowska et al.
(2022) found that, when participants are asked to
give a one-word definition of an emoji, there are
often quite high levels of disagreement. This varies
across emojis, with some having higher levels of
ambiguity than others. For example, astrological
emojis (e.g., , , ) are the most ambigu-
ous while heart emojis (e.g., , , ) are the
least. Similar trends were observed by Miller et al.
(2017), who found that people often disagreed on
the sentiment expressed by an emoji, both when it
was presented in isolation and with its accompany-
ing text.

Not only has there been evidence of disagree-
ment between speakers of the same language, but
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Utterance Sentiment Use
1. I went for a walk Positive Literal
2. The walk was amazing Positive Literal
3. The walk was awful Negative Figurative
4. It’s awful that she’s back in the hospital Negative Literal
5. I’m so happy. I got engaged! Positive Figurative

Table 1: Examples of emojis’ literal and figurative usage to convey sentiment.

researchers have also demonstrated evidence of
cross-lingual variation. For example, Barbieri et al.
(2016) found variation in emojis that are perceived
as being similar in meaning. For example, was
perceived as being highly similar to in the USA,
but not in Spain. A likely reason behind such am-
biguity is that emojis have multiple meanings that
can be used to express one’s intention (Shardlow
et al., 2022). Certain emojis have more potential
meanings than others, a possible explanation for
why people find it harder to agree on a definition
for these emojis (Częstochowska et al., 2022). In
other words, emojis will have a literal (i.e., conven-
tional) meaning but may also have multiple figura-
tive meanings. This is in line with research show-
ing that emoji meanings are not static but dynamic.
For example, Robertson et al. (2021) compared
the word embeddings for a set of emojis over time
and showed that these embeddings often changed,
this demonstrates that perhaps emojis are able to
shift fairly easily in terms of their meanings and
that people may be aware and capable of interpret-
ing multiple meanings for an emoji at any given
moment.

2.3 Emoji Sentiment and Semantics

If emojis have multiple meanings, then it is plausi-
ble that certain meanings might become more prob-
able in certain linguistic contexts. One such con-
text is the sentiment of the sentence within which
the emoji is placed. It has been demonstrated that
there exists a strong association between emojis
and sentiment (e.g., Braumann et al. (2010)). This
is evident in the large number of emojis that have
been created in order to represent different facial
expressions. Furthermore, research from Hogen-
boom et al. (2013) has shown that emojis may have
multiple uses when it comes to expressing senti-
ment.

Table 1 shows examples of such correlation. In
sentence 1, the text itself has no clear sentiment.
However, adding the emoji (which has a posi-

tive conventional meaning) provides a positive sen-
timent for the entire sentence. On the other hand,
for sentences 2 and 3, the text itself already has
either a positive or negative sentiment. In these
cases, the addition of the emoji has intensified or
weakened the existing sentiment respectively.

Given this relationship between emojis and sen-
timent, it is not unreasonable to hypothesise that
certain contextual sentiments might bring out the
different meanings of an emoji. In other words, the
literal meaning might be used in sentences where
the text has a certain sentiment, while the figurative
meaning(s) might be used for other sentences with
a different sentiment. For example, sentences 4
and 5 in Table 1 show texts with a negative and
a positive sentiment. However, in both cases, the
addition of the emoji intensifies their respective
sentiment. This may be surprising given that the
literal meaning of this emoji would strongly appear
to be negative. Nevertheless, the emoji is able to
intensify the sentiment for both sentences because
it has both literal and figurative meanings. In 4, the
negative literal meaning relating to sadness is the
one being applied. On the other side, in sentence
5, the positive figurative meaning relating to being
overcome with emotion is selected instead. Hence,
the multiple uses of emojis appear to be important
when it comes to sentiment.

2.4 Emojis in NLP

Despite their ubiquitous presence in CMC, the
broader significance of emojis within the Natural
Language Processing (NLP) domain has been rel-
atively understudied. Given the widespread use
of emojis for expressing emotions and textual nu-
ances, previous work has showcased some of the
advantages of incorporating emojis into NLP mod-
els as supportive elements for tasks such as sen-
timent analysis, emotion detection, and sarcasm
detection, particularly emphasising their utility in
multilingual contexts (Felbo et al., 2017; Subra-
manian et al., 2019; Duarte et al., 2019; Tomihira
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et al., 2020; Barbieri et al., 2022a; Manias et al.,
2023).

Our investigation seeks to shed light on the foun-
dations upon which previous work has been built,
underscoring the necessity for a comprehensive
evaluation of emojis in NLP. Furthermore, the data
collected in our study serves as a valuable resource
with potential applications in tasks such as sense
disambiguation and sentiment analysis.

3 Methods

3.1 Emoji Selection

Ten emojis were selected from the twenty most
frequently used emoji in 2021 according to the
Unicode Consortium2. Of these, 5 face emojis
and 5 non-face emojis were selected to balance
between faces and non-faces. We further based our
selections on ambiguity (semantic variation) scores
provided by Częstochowska et al. (2022), selecting
emojis with a range of scores for both the face and
non-face groups.

The selection of emojis for our study was a
thoughtful process driven by a combination of re-
source constraints, practical considerations, and a
commitment to capturing a representative subset of
commonly used emojis. Due to limitations in re-
sources and the desire to manage participant anno-
tation loads effectively, we opted for a smaller num-
ber of emojis. To ensure widespread familiarity, we
rigorously chose the final set of 10 emojis based
on their frequent usage. Recognising the preva-
lence of face emojis in the top 20 most popular
emojis (

), we aimed for a bal-
anced representation of face and non-face emojis
to reflect the broader spectrum of emoji usage, as
well as to counter their limited graphical variation
(e.g. / - / / - / / ). While
acknowledging the possibility of introducing some
bias through this selection process, we believe it
was essential to strike a fair balance and yield mean-
ingful results in our study.

3.2 Dataset

In order to analyse the emojis in a textual context,
we collected a corpus comprised of 4000 tweets
per language per emoji scraped from X (formerly
Twitter) with their provided API. To alleviate any
strongly skewed sentiment distributions (e.g., some

2https://home.unicode.org/emoji/emoji-frequency/

emojis only being shown in tweets with a posi-
tive sentiment), we queried the database using key-
words that may convey the sentiment of a tweet.
Following this, we used existing sentiment models
to assign a sentiment to each tweet (Barbieri et al.,
2020; Wang et al., 2022).3 In addition, profanity
checks were used to remove tweets with terms that
were deemed explicit4. Finally, 1,000 tweets were
randomly sampled (100 for each emoji) from the
remaining tweets. For each emoji we included at
least 1 positive and 1 negative example. There were
10 emojis and therefore grouped into 20 conditions
of 25 tweets balanced in terms of sentiment and
emoji appearances.

The X API limited the number of tweets one can
collect in total over a month so it was important
to make use of the features provided by tweeter
for restricting the data one collects and the main
method it provides for doing so is by making use of
keywords. The keyword querying is an initial step
for identifying tweets with a positive and negative
sentiment however we also made use of language
models trained specifically for the task of sentiment
analysis in these three different languages, if the
language models label for the sentiment matched
the sentiment intended by the filtering process then
the tweet was accepted as conveying the intended
sentiment, if there was a mismatch between the
two, the tweet was rejected.

3.3 Experimental Design

This study conducted two experiments both involv-
ing human participants. All participants were paid
on the basis of Prolific’s hourly rate of £9/hour.
The study was funded by the UKRI Centre for
Doctoral Training in Natural Language Process-
ing (Grant Ref: EP/S022481/1) and was granted
ethics approval by the Informatics Ethics Commit-
tee, University of Edinburgh (Application Number:
321993).

Experiment 1
The objective of this experiment was to collect
single-word definitions for each of the analysed
emojis in English, Portuguese or Chinese, which
provides their literal meaning. Similar to Często-
chowska et al. (2022), participants were presented
with the 10 emojis in Table 2 and asked to pro-

3For Portuguese - https://github.com/Logicus03/Bert-
Sentiment-Analysis

4https://github.com/LDNOOBW/List-of-Dirty-Naughty-
Obscene-and-Otherwise-Bad-Words

18701



vide one word that they believed best conveyed the
meaning of this emoji in their L1 language (exam-
ple in Appendix D, Figure 3a). The task included a
practice phase, with a different set of emojis, and
attention checks to filter out any undesirable results
(e.g., from bots and those who were not paying suf-
ficient attention). Additionally, data regarding the
participants’ demographics such as age, education
level, and social media usage (platform and number
of hours on social media) were collected prior to
the task.

Overall, 30 participants for each language were
recruited through Prolific and were L1 speakers of
the target language. All participants gave informed
consent. The mean age of the participants was 30.5
with a range of 19 to 59. For a detailed distribution
by language, see Table 9.

Experiment 2

The aim of this task was to obtain results on the
perception of emojis as being used figuratively or
literally across sentiments.

As per Experiment 1, L1 speakers of the tar-
get language were recruited via Prolific. In each
task, participants were asked to classify 25 tweets
with respect to their semantics (literal or figura-
tive) and sentiment (positive or negative). Specif-
ically, in each trial, an emoji and its literal mean-
ing (obtained from Experiment 1 as described in
Section 3.4) was shown alongside a tweet contain-
ing the aforementioned emoji. Participants were
asked whether the emoji was being used literally or
figuratively, according to the literal meaning they
were given (Appendix D, Figure 3b), and subse-
quently, the sentiment (Appendix D, Figure 3c) of
the tweet. An additional option (“I do not under-
stand the tweet") was given to the participants to
filter out potential hard-to-understand/noisy tweets.
Similar to Experiment 1, participants had a prac-
tice phase before beginning the real task, as well as
attention checks. Participants completed the same
demographics questionnaire as in Experiment 1.

Responses from 44 Chinese, 35 English and 37
Portuguese speakers were collected from Prolific.
All participants were over 18 and gave informed
consent. Overall, the participants had an age range
of 20 to 57 (N = 36, Mean = 31.8, SD = 10.0), for
a full breakdown of age by language, see table 10.
A total of 2, 765 data points were analysed.

3.4 Data Analysis

Literal Meaning

The literal meaning of each emoji was defined
based on collected annotations. To account for vari-
ations of the same meaning, the collected one-word
definitions were grouped based on their lemma or
the base form of a word (e.g., “laughing", “laugh",
and “laughter" were considered the same as they
share the lemma laugh). The word within the most
frequent lemma group and with the highest relative
frequency was selected as literal meaning (as per
our definition of literal meaning, Section 2.1). As
the concept of lemma cannot be applied to Chinese,
the definitions were grouped based on shared char-
acters ad hoc (e.g. 爱心 and热爱 were grouped
together as they share the character爱).

Semantic Variation

In order to assess the agreement on the context-
free emojis’ interpretations, the semantic variation
metric proposed by Częstochowska et al. (2022)
was used. It is defined as follows:

sv = 1−
∑

v∈V
fv (̇cos(1− (ev, ev∗))

a weighted sum of the cosine distances between
the embeddings of each word v in the set V of
distinct definitions for a given emoji, and the most
frequent word v∗ in V , where fv and ev are v’s fre-
quency and embedding vector. Instead of GloVe’s
English-only word representation vectors (Pen-
nington et al., 2014) used in Częstochowska et al.
(2022), we employ cross-lingual embeddings gen-
erated with XLM-T (Barbieri et al., 2022b)—an
instance of XLM-R (Conneau et al., 2020)—as it
was further pre-trained on Twitter data. In addi-
tion to semantic variation scores computed with
XLM-T, we report results with LASER (Artetxe
and Schwenk, 2019) embeddings in Appendix C.

Experiment 2

The data from experiment 2 were analysed us-
ing two logistic mixed-effects regression models
in R (R Core Team, 2022, version 4.1.3 (2022-
03-10), "One Push-Up"). Model 1 and Model 2
were used to address RQs 2 and 3, respectively.
The models were specified using the ‘afex’ pack-
age (Singmann and Kellen, 2019) as it directly
computes the p-values for the fixed effects model
terms rather than the estimates for the parameters
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which offer an easier interpretation. Following
recommendations from Barr et al. (2013), maxi-
mal models including full random effects structures
were specified as justified by the design. Model
1 comprised emoji use as the binary response
variable, and emoji and language as the main
predictor variables along with an interaction term
(emoji * language). Model 2 was specified us-
ing sentiment as the binary response variable,
and emoji use and language as the main pre-
dictor variables along with their interaction term
(emoji use * language). Given that not all
participants reported using Twitter, both maximal
models included Twitter use as a binary covari-
ate. The maximal models did not converge and
the model was simplified by step-by-step elimina-
tion of random effects structures until convergence
was reached. This was done following Barr et al.
(2013). The final models in R syntax were specified
as follows:

Model 1: emoji use ∼ emoji * language +
age

+ (1 | participant)

Model 2: sentiment ∼ emoji use * language
+ emoji + twitter use + age

+ (1 | participant)

The data from experiment 2 were analysed us-
ing two logistic mixed-effects regression models
in R (R Core Team, 2022, version 4.1.3 (2022-
03-10), "One Push-Up"). Model 1 and Model 2
were used to address RQs 2 and 3, respectively.
The models were specified using the ‘afex’ pack-
age (Singmann and Kellen, 2019) as it directly
computes the p-values for the fixed effects model
terms rather than the estimates for the parameters
which offer an easier interpretation. Following
recommendations from Barr et al. (2013), maxi-
mal models including full random effects structures
were specified as justified by the design. Model
1 comprised emoji use as the binary response
variable, and emoji and language as the main
predictor variables along with an interaction term
(emoji * language). Model 2 was specified us-
ing sentiment as the binary response variable,
and emoji use and language as the main pre-
dictor variables along with their interaction term
(emoji use * language). Given that not all
participants reported using Twitter, both maximal
models included Twitter use as a binary covari-
ate. The maximal models did not converge and
the model was simplified by step-by-step elimina-

Emoji Literal Meaning
En Pt Zh

Fire Fogo 火热
Nervous Vergonha 尴尬
Laughing Rir 笑哭
Pray Rezar 祈祷
Party Festa 庆祝
Love Amor 爱心
Crying Chorar 哭泣
Happy Corado 开心
Love Apaixonado 爱你
Good Fixe 赞

Table 2: Collected literal meanings in English (En), Por-
tuguese (Pt) and Chinese (Zh) for the analysed emojis.

English Portuguese Chinese
E SV E SV E SV

0.0178 0.0094 0.0503
0.0370 0.0193 0.0595
0.0467 0.0432 0.0624
0.0511 0.0548 0.0727
0.0611 0.0587 0.0781
0.0617 0.0772 0.0809
0.0655 0.0803 0.0895
0.0667 0.0834 0.0949
0.0916 0.0961 0.1044
0.0965 0.1723 0.1059

Table 3: Emojis (E) sorted by semantic variation (SV)
based on definitions provided in English, Portuguese
and Chinese.

tion of random effects structures until convergence
was reached. This was done following Barr et al.
(2013). The final models in R syntax were specified
as follows:

4 Results

RQ1: Do people disagree on emoji’s contextless
interpretation within and across languages?
Table 2 (English translations in Appendix B, Ta-
ble 11) shows the literal meanings obtained from
the one-word definitions collected in Experiment
1. Unsurprisingly, most of these meanings are con-
sistent across all three languages, demonstrating
that the literal meaning of an emoji is tied to the
iconic nature of emojis and is somewhat impervi-
ous to cultural differences. Similar cross-cultural
consistency is also found in iconic gestures (Mc-
Neill, 1992). The literal meanings of the emojis
, , , and can be considered semantically
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Corr. P-value
En ↔ Pt 0.6848 0.0289
En ↔ Zh 0.1636 0.6515
Pt ↔ Zh 0.5272 0.1173

Table 4: Spearman Rank Correlation and values be-
tween emojis’ semantic variation in English (En), Por-
tuguese (Pt), Chinese (Zh). English and Portuguese are
significantly positively correlated. Chinese was found
not significantly correlated to English and Portuguese.

equivalent for all three languages, while , ,
and for two of the languages.

The only emojis that are semantically incon-
sistent across languages are (En-nervous, Pt-
shame, Zh-embarrassed), (En-good, Pt-cool,
Zh-like), and (En-love, Pt-in love, Zh-love you),
an inconsistency that can be attributed to the am-
biguity and difficulty in defining face emojis and
hand gestures (Częstochowska et al., 2022). This
is confirmed by our results in Table 3, which shows
the semantic variation (or ambiguity) scores for
the emojis across the three languages computed
on the definitions collected in Experiment 1. As
one can see, was considered the most ambigu-
ous emoji to interpret and to define for English
and Portuguese participants, and second most am-
biguous for Chinese participants, while was the
third and most ambiguous emoji for Portuguese
and Chinese participants respectively. One possi-
ble linguistic explanation is the presence of more
conventionalised visual meaning (lower degree of
iconicity) in these emojis. For instance, thumb-up
is a conventionalised gesture for approval in some
cultures, while the sweat-drop in indexes an
emotion, which can be nervous or embarrassment
depending on the context.

Comparing the emojis’ ranking based on se-
mantic variation scores between English and Por-
tuguese, we can see that in both languages, the
emojis representing physical entities such as
, , and were deemed the least ambiguous,
followed by hand gestures and face emojis. This
trend is not reflected in the Chinese ranking where
the emojis are equally distributed across the rank.
This can be attributed to the overall higher level
of Chinese semantic variations for all the emojis
compared to English and Portuguese. Correlations
between the rankings (Table 4) confirm that En-
glish and Portuguese participants agree to some
extent on emojis’ ambiguity, while no significant
correlation was found between Chinese and En-

glish/Portuguese.
By manually analysing the one-word definitions

collected, it is notable that the high level of Chinese
emoji semantic variation is caused by its less strict
rules for word boundaries compared to English or
Portuguese. For example, ’s literal meaning爱
你 can be accepted as a single word in Chinese,
while its translation "love you" would be not ac-
cepted as a single word in English.

Overall, our results show that, although disagree-
ment on emojis’ interpretation varies from emoji
to emoji similar to the results obtained by Często-
chowska et al. (2022), the extent to which people
disagree on such interpretations seemingly depends
on the linguistic features of the language in ques-
tion. However, as emojis are bound to their visual
icon, their literal meanings are mostly shared across
languages.

RQ2: Does agreement on the figurative or
literal use of an emoji differ across different
languages?
The results of the logistic regression carried out to
answer RQ2 are presented in Table 5. In terms of
the main predictor variables, we found a significant
effect for emoji [χ2(9) = 191.49, p < 0.001], as
well as for language [χ2(2) = 39.08p < 0.001],
and a significant effect was found for the interac-
tion between the two [χ2(18) = 62.10, p < 0.001].
Pairwise comparisons by language were performed
and results in Table 6 show that only Chinese versus
English emoji use is significantly different. These
results suggest that emojis can vary in their literal
and figurative use across languages, but not nec-
essarily so. This result is perhaps unsurprising
given that English and Portuguese are genetically
related languages and that the majority of English
and Portuguese speakers use the same social me-
dia platforms and Portuguese speakers will often
view content written in English. These results also
corroborate our findings in experiment 1.

Overall, the results of this model are in keeping
with the results from experiment 1.

RQ3: Does the figurative use of emojis correlate
with the sentiment of the context in which the
emoji is used?
The results of the logistic regression carried out
to answer RQ3 are presented in Table 7. We can
observe a statistically significant effect with respect
to emoji use [χ2(1) = 136.07, p < 0.001] and lan-
guage [χ2(2) = 13.66, p = 0.001]. This suggests
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Figure 1: Counts of the annotations collected in Experiment 2, grouped by emoji in Chinese, English and Portuguese.
The image shows that for most emojis, when used figuratively, their sentiment changes (e.g., from negative to
positive, from positive to negative), supporting RQ3.

Effect df χ2 P-value
Language 2.00 39.08 *** <.001
Emoji 9.00 191.49 *** <.001
Age 1.00 0.38 .539
Language:Emoji 18.00 62.10 *** <.001
Significance: ‘***’ p < 0.001; ‘**’ p < 0.01; ‘*’ p < 0.05

Table 5: Model 3 Results for RQ2. Significant effects
for Emoji, but not for language, and marginal effects for
interaction between the two.

Language Odds Ratio SE Z-ratio P-value
Chinese / English 0.60 0.07 -4.518 <.0001

Chinese / Portuguese 0.82 0.09 -1.824 0.1616
English / Portuguese 1.36 0.16 2.579 0.0268
Significance: ‘***’ p < 0.001; ‘**’ p < 0.01; ‘*’ p < 0.05

Tests are performed on the log odds ratio scale

Table 6: Pairwise comparisons of Estimated Marginal
Means of Emoji Use by Language for RQ2.

that the choice of employing emojis, whether in a
literal or figurative manner, is closely intertwined
with the sentiment conveyed. However, in contrast,
the analysis did not reveal any significant effect for
age [χ2(1) = 0.78, p = 0.377], nor did it reveal
any interaction effect between the use of emojis
and language [χ2(2) = 3.20, p = 0.202]. Further-
more, a significant difference was found for emoji
[χ2(9) = 114.31, p < 0.001], reinforcing the re-

Effect df χ2 P-value
Emoji Use 1.00 136.07 *** <.001
Language 2.00 13.66 ** .001
Emoji 9.00 244.26 *** <.001
Twitter Use 1.00 0.01 .903
Age 1.00 0.78 .377
Use:Language 2.00 3.20 .202
Significance: ‘***’ p < 0.001; ‘**’ p < 0.01; ‘*’ p < 0.05

Table 7: Model 2 Results for RQ3. Significant effects
were found for Emoji Use and Emojis, but not for Lan-
guage.

sults obtained by addressing RQ2. Finally, Twitter
use was not found to be statistically significant,
indicating that there was no difference in emoji in-
terpretation between people who used Twitter and
those who did not. This should help to mitigate any
concerns relating to whether emojis were used dif-
ferently on Twitter compared to other social media
sites.

Figure 1 shows the overall statistics of the col-
lected data in Experiment 2. We can see that several
emojis such as , and , were much more
likely to be used literally in a positive context rather
than a negative one but more likely to be used figu-
ratively in a negative context rather than a positive
one, in all languages. This and the reverse pattern
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seem to hold for many of the other emojis (e.g.,
and ) as well, indicating that sentiment does

play a role in helping speakers to identify the usage
of the emoji and reduce any potential ambiguity
between the multiple meanings that it may have.

5 Conclusion

This study aimed to explore the role of seman-
tic variation and sentiment in emoji use across
three languages: English, European Portuguese,
and Mandarin Chinese. We conducted two separate
experiments, encompassing three research ques-
tions. The first experiment involved soliciting lit-
eral meanings of 10 carefully selected emoji stimuli
in all three languages and comparing them based
on a semantic variation metric. The second experi-
ment queried participants on their understanding of
the use of these emojis in tweets based on the literal
meanings procured from experiment 1. Participants
provided binary judgements with regard to the use
(literal/figurative) of the emoji and the sentiment
of the tweet (positive/negative). The results ob-
tained from our study demonstrated that emojis ex-
hibit variations in terms of semantic interpretation
among themselves, yet their interpretations remain
relatively consistent across different languages. No-
tably, our findings in experiment 2 corroborated the
outcomes derived from experiment 1. Our results
indicated that language itself does serve as a sig-
nificant predictor of emoji usage or the sentiment
conveyed. However, the locus of this effect seems
to be driven by linguistic distance. Overall, we
believe these results, while limited, pave the way
for promising research directions which we discuss
in the following section.

6 Future work

In this work, we gathered annotations pertaining
to the sentiment and semantics of utterances that
incorporate emojis, encompassing both the English
and Portuguese languages. While the analysis of
sentiment and the prediction of figurative use ex-
tend beyond the immediate scope of this paper,
we can leverage the collected data to address the
following research questions:

RQ4: To what extent can we automate the de-
tection of whether an emoji is used in a literal or
figurative sense?

RQ5: Does incorporating information about the
figurative use of an emoji enhance the performance
of sentiment analysis tasks?

To tackle RQ4, we posit that leveraging the capa-
bilities of large pre-trained models, such as XLM-T,
will yield reasonably effective results in discern-
ing the figurative use of emojis. With their vast
knowledge base and sophisticated language under-
standing, these models hold promising potential
in automating the detection of nuanced emoji us-
age. Moreover, our study substantiated a significant
correlation between figurative use and sentiment,
as revealed in RQ2. Building upon this finding,
we hypothesise that augmenting sentiment analy-
sis models with explicit information regarding the
usage of emojis have the potential to enhance the
performance of such tasks. This could have prac-
tical applications in a variety of tasks including
market research and brand interaction analysis.

Work in this domain could also be beneficial
to linguistic theory in particular theories of multi-
modality. While cross-lingual studies of gestures
are well established (Kita, 2009), there is little em-
pirical investigation and theoretical account of emo-
jis in cross-cultural and cross-lingual contexts. Em-
pirically investigating how speakers create alternate
meanings for emojis as well as their patterns of use
could also provide important theoretical insights
into iconicity as our discussion has shown and the
interface between semantics and pragmatics.

Limitations

Due to resource constraints, the research was lim-
ited to 10 emojis and 3 languages. Given the spe-
cific nature of each emoji’s relationship with fig-
urative and literal use in different sentiments, we
are only able to make conclusions about the emojis
analysed in this study, making the generalisation of
our findings to other emojis and languages difficult.
Similarly, it is also worth noting that all the social
media data used in Experiment 2 was scraped from
X at a specific time point (Nov 2022 - Jan 2023).
Therefore, given the aforementioned flexibility of
emoji use, it is important to note that only a small
sample of emoji activity and use may have been
represented.

Additionally, as discussed in Section 3.2, results
for certain emojis might be biased due to the senti-
ment ratio of their occurrences. For example, the

emoji may appear much more often in tweets
with a positive sentiment than those with a negative
sentiment. Since the tweets were randomly sam-
pled, the distribution of an emoji’s meaning might
not be balanced in the collected data. Therefore,
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comparisons between certain sentiments may be
challenging for some emojis and languages. Al-
though measurements have been taken to mitigate
this problem, it is not possible to solve this limita-
tion due to the sentiment analysis models’ unrelia-
bility.

Potential problems can also be found when as-
sessing the legitimacy of L1 speakers. For example,
we could only control the country of residence and
language spoken by the participants. Despite ask-
ing for only L1 speakers, it is plausible that some
participants may not have been. Similarly, Pro-
lific does not distinguish between European and
Brazilian Portuguese. Although all the speakers
of Portuguese resided in Portugal, there may have
been some that were Brazilian Portuguese speak-
ers.
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Ethical Considerations

Importance of Cross-Cultural Research
The past 20 years have seen a rapid increase in
the number of behavioural researchers engaging in
cross-cultural research. However, recent research
has shown that a lack of sample diversity in the
field is still a very large problem, with 94% of
Psychological Science articles having participant
samples drawn from Western countries, and 71%
from English-speaking countries (Rad et al., 2018).

Examining a theory cross-culturally is highly
important as many older findings that were origi-
nally discovered in WEIRD5 populations have been
shown not to replicate across non-WEIRD popu-
lations (Henrich et al., 2010). For example, Fehr
and Gächter (2002) found that a sample of under-
graduates at the University of Zurich performed
better as a group when they introduced the possibil-
ity of punishment, as the group used this to punish
those who were non-cooperative. However, when
the task was used with non-Western groups, this

5WEIRD: Western, Educated, Industrialised, Rich and
Democratic

performance increase was not shown, as the group
would punish both those who were non-cooperative
and those who were too cooperative (Gachter et al.,
2008).

As we can see from this example, findings that
have been taken from only one population have
very limited explanatory power. Hence, if we want
to demonstrate robust findings, we need to explore
our theories on much more diverse groups. Fur-
thermore, if such findings are used in practical
applications, we need to ensure that we are not
causing harm to nor discriminating against a par-
ticular group. For example, the racial bias that has
been seen in the AI (Fosch-Villaronga and Poulsen,
2022) and medical (El-Galaly et al., 2023; Fatumo
et al., 2022) industries. While this may initially,
seem to be irrelevant for emoji research, their po-
tential use in large language models means that it
is important that this data is accurate across lan-
guages.
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Emoji Unicode Name Score
Fire 0.0325
Smiling face with hearts 0.1063
Red heart 0.1224
Loudly crying face 0.1684
Folded hands 0.2359
Face with tears of joy 0.2636
Party popper 0.2407
Grinning face with sweat 0.3412
Smiling face with smiling eyes 0.4583
Thumbs up 0.6593

Table 8: Emojis selected for this study with their official
Unicode name and semantic variation scores as reported
by Częstochowska et al. (2022).

A Participant Data

Language n mean Age Range SD
Chinese 30 33.43 23-58 8.90
English 30 33.31 20-59 10.40

Portuguese 30 23.32 19-47 5.20

Table 9: Participant Age Distribution by Language for
Experiment 1

Language n mean Age Range SD
Chinese 44 31.48 20-50 8.26
English 35 37.80 21-57 12.05

Portuguese 37 27.05 20-51 7.28

Table 10: Participant Age Distribution by Language for
Experiment 2

B Literal meaning translation

Table 11 shows the English translations for the
literal meaning of the emojis in Portuguese and
Chinese.

C Additional Experiment Results
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Figure 2: Experiment 2’s participant responses to which social media sites they use

Emoji Literal Meaning
En Pt Zh

Fire Fire Fiery
Nervous Shame Awkward
Laughing Laughing Cry laughing
Pray Pray Pray
Party Party Celebrate
Love Love Love
Crying Crying Crying
Happy Blushing Happy
Love Passionate Love you
Good Cool Thumbs up

Table 11: English translations for the emojis’ literal
meanings.

D Trial Samples

Here we present the screenshot of the trials’ web-
page shown to the participants in Experiments 1
and 2 (Figure 3).

English Portuguese Chinese
E SV E SV E SV

0.0440 0.0171 0.0904
0.0919 0.0418 0.0931
0.1085 0.0987 0.1307
0.1194 0.1242 0.1764
0.1253 0.1248 0.1764
0.126 0.1321 0.1868

0.1443 0.1555 0.1890
0.1605 0.1706 0.1983
0.1843 0.1863 0.2502
0.1929 0.2474 0.2700

Table 12: Emojis (E) sorted by semantic variation (SV)
computed with LASER embeddings, based on defi-
nitions provided in English, Portuguese and Chinese.
Compared to the ranking computed with XLM-T (Table
3), physical entities were ranked least ambiguous for all
three languages.
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Original XLM-T LASER
E SV E SV E SV

0.0325 0.0049 0.0209
0.1063 0.0242 0.0645
0.1224 0.0302 0.0713
0.1684 0.0389 0.0892
0.2359 0.0408 0.0946
0.2407 0.0582 0.1033
0.2636 0.0689 0.1624
0.3412 0.0764 0.1651
0.4583 0.0796 0.2129
0.6593 0.1094 0.2434

Table 13: Emojis (E) sorted by semantic variation (SV)
based on definitions provided by Częstochowska et al.
(2022). Reported are the original semantic variation
scores, as well as the ones computed with XLM-T and
LASER embeddings. Using different encoding methods
does not change significantly the emoji ranking.

Corr. P-value
En ↔ Pt 0.8303 0.0029
En ↔ Zh 0.3212 0.3655
Pt ↔ Zh 0.5151 0.1276

Table 14: Spearman Rank Correlation and values be-
tween emojis’ semantic variation (with LASER em-
beddings) in English (En), Portuguese (Pt), Chinese
(Zh). The correlation between English and Portuguese
is stronger compared to the ones in Table 4, while the
correlation remained not significant.
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(a) Experiment 1 - One-word Definition

(b) Experiment 2 - Semantics

(c) Experiment 2 - Sentiment

Figure 3: Example of trials’ main page for online experiments.
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