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Abstract

Sentiment analysis in multimodal texts that in-
clude emojis is a complex task because of a
lack of tools and cultural specificities. There
are some options available (VADER or the
emoticons library), but most fail to perform
this analysis accurately and efficiently in lan-
guages other than English, such as Brazilian
Portuguese. This study presents a model based
on the sum of polarities to contribute to the
improvement of sentiment analysis in different
languages. A set of the 100 most used emo-
jis in 2021 by Unicode (Daniel, 2021) was
judged by a group (n = 13) into three cate-
gories: positive, negative, and neutral. Based
on the agreement results, a sentiment analysis
model using Python was run, which consisted
of summing the polarities of the emojis. Two
training databases from Twitter: one in Brazil-
ian Portuguese about the Brazilian elections
of 2019 (n = 61,590) and another in English
about the 2022 World Cup (n = 22,525). Af-
ter the filter to exclude tweets without emojis
from the agreement test was applied, a dataset
with 511 tweets in Brazilian Portuguese and
2,531 tweets in English was used. A sentiment
analysis model was run with the datasets to
classify the sentiments based on the sum of po-
larities developed in the previous stage. The
results were compared with those of VADER
(Hutto, C.J., & Gilbert, 2014), a natural lan-
guage processing tool that has been validated
by linguists and data scientists for performing
similar tasks. The results show that the new
model for Brazilian Portuguese has slightly
lower performance. However, for English, the
new model had an accuracy of 51% compared
to VADER'’s accuracy of 41%. This suggests
that the new model may be a useful tool for
sentiment analysis in English texts containing
emojis. Improvements in Brazilian Portuguese
are required to broaden the accuracy of senti-
ment analysis in texts that include emojis. In
addition, it is necessary to expand the range of
emojis covered by the model and perform clas-
sification using machine-learning techniques,
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which may further improve the accuracy of the
model. This study was developed following
Open Science standards, with data and code
available to the scientific community for en-
hanced transparency and reproducibility, while
also promoting the digital inclusion of nonhege-
monic languages such as Brazilian Portuguese.

1 Introduction

The area of natural language processing has con-
sidered only the textual linguistic clue, without any
support for embodied resources that make up the ex-
pressivity of human language (Biihler, 2011), like
facial gestures, body gestures and prosodic signals,
which make up, together with the linguistic clue,
the human interaction. The linguistic system has
textual resources of expressiveness, such as punctu-
ation marks (exclamation marks, quotation marks,
italics, and bold, for example), but they are not
always enough to express the demand for meaning
related to the emotional state of users, especially in
written interaction situations. It is in this context
that multimodal resources emulate the expressive
dimension of natural human language, with its em-
bodied resources. This makes that in situations of
written interaction, such as in social networks and
microblogs like Twitter, the use of visual resources
such as emoticons, emojis and memes have been
recurrent in the construction of meaning, especially
feelings.

One of the most widely used features, not only
on Twitter but also in other social networks and in-
stant messaging applications, are emojis (Bai et al.,
2019). An emoji is classified as a pictogram or
ideogram, an image that conveys a message. When
it comes to communicative expressiveness, emo-
jis are often associated with representing the emo-
tional state of their users (Alexandrino, 2016). The
search for cues of emotional states in written texts
has been the focus of sentiment analysis, which
determines the polarity of texts based on values
associated with each word. Going beyond the lin-
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guistic clue, the use of emojis can also assist in
the classification of texts according to their polarity
(Cavalcante, 2017), especially in situations of irony
where the linguistic clue does not fully express the
user’s sentiment. Another important aspect to con-
sider is that emotions and embodied resources are
sensitive to cultural context (Tejada et al., 2022)
and are not universal; therefore, the interpretations
and meanings attributed to emojis can vary, requir-
ing specific libraries for each language.

This paper presents the procedures for a senti-
ment analysis that, considering the expressive na-
ture of emojis in social networks, includes emojis
in the polarity classification, specifically, the con-
struction of a lexicon dictionary composed of emo-
jis and their respective polarities, validated on a
dataset of brazilian portuguese, a language still un-
derrepresented in terms of technologies for natural
language processing.

This work aims to develop and validate a lexical
dictionary to identify the polarity of emojis, aim-
ing for the implementation of a sentiment analysis
model, the EmojiMapper. Through the presence
of emojis in texts, the tool will be able to assign
a polarity to the sentence based on the balance of
the polarities of the present emojis. Moreover, the
model will be validated through tests using previ-
ously analyzed datasets and comparing the results
with another sentiment analysis model that has sup-
port for emojis, using VADER.

The paper is divided as follows: section 2
presents the theoretic foundation on sentiment anal-
ysis, its approaches and the VADER analyzer; sec-
tion 3 deals with the methodology applied for the
development of the proposed model, elucidating
tools, techniques and used databases; section 4
presents the obtained results; and finally, section 5
deals with the authors’ conclusions, based on the
results, and presents possible future work. .

2 Sentiment Analysis

Sentiment analysis (SA) is a process that seeks to
identify and categorize, using computational meth-
ods, the emotions, opinions, and attitudes people
express through text (Medhat et al., 2014). Consid-
ered a type of text classification, SA is an impor-
tant part of Natural Language Processing, a field of
study resulting from the intersection between lin-
guistics and computation that mainly deals with the
linguistic interaction between human and machine
(Devika et al., 2016).
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SA involves the lexicon-based approach and the
machine learning-based approach (Bonta and Ja-
nardhan, 2019). For the inclusion of emojis in SA,
the lexicon-based approach, with the VADER tool,
was the starting point.

The lexicon-based approach uses the classifica-
tion of each lexicon item for sentiment to describe
the polarity of a textual content, which can be pos-
itive, negative, or neutral. The classification of
items can be dictionary-based or corpus-based (Sa-
dia et al., 2018).

The construction of the lexicon starts by compil-
ing the words of interest and assigning their respec-
tive polarities. In the case of lexicon dictionaries,
the construction of the list is initially performed
manually, with the collection and classification of
the objects of interest, creating a dictionary-like
structure containing the object (word or symbol)
and their polarity (Bonta and Janardhan, 2019). Un-
like the corpus-based approach, the dictionary does
not consider the context of the selected objects.
However, the dictionary-based list allows the selec-
tion of specific terms from a field, while the more
comprehensive corpus-based approach considers a
large volume of data in different contexts, and may
lose precision.

Starting from the lexicon-based approach, it is
possible to find some well described and tested
tools in the literature, as discussed in Bonta et al.
(2019). However, considering the model proposed
in this paper, the tool that has parameters able to be
compared and tested is VADER (Hutto and Gilbert,
2014).

VADER (Valence Aware Dictionary for Senti-
mental Reasoning) is a model built for sentiment
analysis that uses quantitative and qualitative meth-
ods, combining a list of lexicon attributes, and syn-
tactic and grammatical rules (Hutto and Gilbert,
2014). Unlike other tools, VADER can also assign
polarities to emojis and demonstrates good perfor-
mance in texts originating from social networks
(Bonta and Janardhan, 2019).

3 Methodology

3.1 Lexicon dictionary

The construction of the lexicon dictionary used
in the proposed model started with the selection
of the 100 most used emojis in 2021 according
to Unicode. For the classification of the selected
data, a concordance test was performed in which
expert judges (n = 13) rated their perception of
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polarity for each individual symbol, which could
assume three different values presented in Table
1. After the individual categorization, a table was
constructed containing the emoji identifications and
their respective polarities established based on the
majority choice.

After the construction of the lexical dictionary,
a coding step was performed in Python language
to develop the application. To build the tool, the
following functions were implemented. In the tool,
functions were implemented to do the cleaning
of datasets and individual texts, classify an input
set based on the polarity of the emojis present in
the text, and validate the result. Validation occurs
through a routine that calculates the accuracy of
the model against the test data.

3.2 Database

Once the lexical dictionary was completed and in-
tegrated into the python script, two datasets con-
sisting of tweets previously classified based on the
polarity presented in each text were selected. The
data was obtained from the Kaggle platform and
used to test and validate the EmojiMapper tool.

The first dataset selected was “Twitter in Por-
tuguese - Elections 2019, which initially con-
tained texts from 61.590 tweets in Brazilian Por-
tuguese, focusing on the 2019 elections as the
central theme. The second selected database was
"FIFA World Cup 2022 Tweets?,” which contained
22.525 tweets in English, with the central theme
being the 2022 World Cup. A different language
was chosen to observe how the model performed
on datasets with diverse natures.

Both databases were filtered using an internal
function of EmojiMapper called *cleanData.” This
function takes the database to be filtered as a pa-
rameter and returns a new dataset suitable for the
model application. The filtered datasets only con-
tain tweets that have one or more of the 100 emojis
mapped in the lexical dictionary step. After fil-
tering, two sub-databases were obtained: one de-
rived from the first dataset, containing 511 tweets
(Dataset 1), and another derived from the second
dataset, containing 2,531 tweets (Dataset 2)."

'https://www.kaggle.com/datasets/
adilmar/twitter—-pt

nttps://www.kaggle.com/
datasets/tirendazacademy/
fifa-world-cup-2022-tweets?resource=
download
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Classification | Start of range | End of range
Negativo -1 -0.05
Neutro -0.05 0.05
Positivo 0.05 1

Table 1: Rating ranges

3.3 Experiment

After filtering the data, it was possible to apply it
to the model and evaluate its accuracy on the test
sets. To establish a comparison parameter with an-
other similar tool, we utilized VADER (Hutto and
Gilbert, 2014). The classification of each database
was performed using EmojiMapper’s internal func-
tion called ’classify.’” This function takes the fil-
tered dataset as a parameter and returns a list con-
taining the predicted responses, classified as posi-
tive, negative, or neutral. The same procedure was
carried out using VADER, and the data classifica-
tion thresholds for this tool are shown in Table 1.
After the classification of the data by both models,
a performance metric analysis was conducted.

4 Results

After applying the model to the test sets, metrics
were obtained to compare the effectiveness of the
tools. Table 2 presents the results obtained from
the experiment. It can be observed that EmojiMap-
per had lower accuracy than VADER for Dataset 1,
while the opposite was true for Dataset 2, favoring
EmojiMapper. A possible cause for the discrep-
ancy between the metrics may be related to the
implementation of each tool. Unlike EmojiMapper,
VADER does not directly assign polarity values
to emojis. Instead, it employs a methodology to
describe the emoji and assigns polarity to the de-
scriptive terms.

Considering this hypothesis, it is possible to ex-
plain the phenomenon of VADER’s better perfor-
mance in Dataset 1, as it consists of texts related to
politics, and the nature of this dataset is ironic, this
can be verified by analyzing the provalronia.csv
dataset present in the tool repository. By examin-
ing the emoji description, VADER obtains a well-
defined context of the message, while EmojiMap-
per tends to interpret the symbol literally. However,
it is worth noting that in datasets without a pre-
dominance of irony, EmojiMapper performs better.
This can be attributed to EmojiMapper considering
the literal meaning of the emoji and its strong cor-
relation with the text, making it an indicator of the
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Dataset EmojiMapper | VADER
Dataset 1 44% 46%
Dataset 2 51% 41%

Table 2: Model Accuracy

message’s polarity.

The model used in this study is available at
https://github.com/vmoitinhoss/Emojimapper and
can be accessed freely, adhering to the principles
of open science.

5 Conclusion

Based on the results obtained in the experiment, it
can be concluded that EmojiMapper demonstrates
itself as a viable and effective alternative for per-
forming sentiment analysis on datasets without an
ironic nature. It may even outperform a validated
and prestigious tool. However, it is important to
note that this work is still a proof of concept, as its
scope of application is limited to texts that contain
one or more of the 100 emojis present in the model.
Moreover, an improvement is urgently needed to
better deal with the irony phenomenon, considering
the relationship between joint emojis.

For future research, it would be interesting to
explore the feasibility of machine learning methods
for weighting the importance of emojis based on
the nature of the data. This approach could help
overcome the performance issues encountered in
datasets with an ironic nature.
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