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Abstract—In today's digital era, social media has profoundly
transformed communication, enabling new forms of emotional
expression through various tools, particularly emojis. Initially
created to represent simple emotions, emojis have evolved into a
rich and nuanced visual language capable of conveying complex
emotional states. While their role in communication is well-
documented, there remains a gap in effectively analyzing and
interpreting the emotional subtleties conveyed through emojis.
This paper presents an innovative approach to sentiment analysis
that goes beyond conventional methods by integrating a machine
learning model, specifically the DECOC (Error Correcting
Output Codes) classifier, tailored for the combined analysis of text
and emoji sequences. The proposed model addresses the
limitations of existing methods, which often overlook the
sequential and contextual nature of emojis in emotional
expression. By applying this model to real-world data, including a
survey of social media users in Saudi Arabia, we demonstrate its
high efficacy, achieving an average accuracy of 94.76%. This
result not only outperforms prior models but also validates the
significance of treating emojis as fundamental components of
digital sentiment analysis. Our findings underscore the critical
need for advanced models to decode the emotional layers of emoji
usage, offering deeper insights into their role in contemporary
digital communication.
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. INTRODUCTION

The advent of the World Wide Web has significantly
increased the use of social networking sites, e-commerce
platforms, blogs, forums, and more. Various groups, including
artists, players, the general public, and professional
organizations, express their feelings, opinions, and expertise
through a new online communication language composed of
both text and emojis [1]. Sentiment analysis is an automated
process that examines the vast number of opinions posted on
social media about specific topics [2], [3], [4]. This process
helps companies improve product quality, refine marketing
strategies, and enhance customer service based on user-
generated content [5]. Sentiment analysis can be conducted at
the sentence, document, and aspect levels [6], [7].

Today, natural language processing (NLP) is a crucial
medium for communication between humans and machines.
Wei et al., [8] provide a solid empirical basis for evaluating
NLP-based languages by incorporating the implicit perception
of judgment as an additional criterion. In contrast, the study
conducted by Chen et al., [9] uses a corpus-based approach to
assess the complexity of Military Online English Proficiency

Test (MOEPT), contributing to managing the complexity and
content of MOEPT. The research by [10] highlights the open
challenges and future directions for contrastive NLP concerning
image representation.

Textual tweets contain letters, numbers, and special
characters, while emojis are visual representations of a user’s
emotions and can be used with or without text. Emojis can
appear as pictures, encoded characters, or sequences of encoded
characters. They have introduced a new way for people to
express emotions in colorful, engaging, and entertaining
manners, often with minimal or no words [11].

Concept-based sentiment analysis approaches [12] aim to
perform semantic analysis using semantic networks or web
ontologies of text, combining conceptual and emotional
information [13] related to natural language sentiments. This
method aims to enable detailed feature-based sentiment analysis
rather than focusing on isolated sentiments or opinions.

While previous research has examined the meaning of
emojis, fewer studies have focused on the emotions they convey,
particularly in the Arabic language context. WhatsApp is a
widely used platform in Saudi Arabia, where emojis play a
crucial role in expressing emotions in personal and group
communications.

Mahmoud et al. [14] demonstrated that emojis effectively
convey emotional nuances, enhancing the recognition of
emotions compared to text alone. Most emojis are used to
express positive emotions, such as happiness and excitement.
Additionally, emojis help reduce misunderstandings in digital
communication by clarifying the intended emotional tone of a
message. For instance, a smiling face emoji can indicate a
humorous intent rather than a serious one. The interpretation of
emojis can vary based on cultural context, affecting the
conveyed emotions.

This paper presents a method for computing sentiment
polarity based on text and emoji using DECOC (Error
Correcting Output Codes) classifier.

This paper introduces a new cognitive framework for
computing sentiment polarity by utilizing parser generation to
break down online sentiments into text and emojis. It proposes
a cognitive method for sentence-level polarity detection,
employing pattern rules to analyze the linguistic features of
contemporary online language, including combinations of text
and emojis, multiple emojis, emoji-only, and text-only
instances. Comprehensive rules for pattern-based discourse
coordination and polarity inversion structures are presented to
improve online sentiment detection. The study identifies the
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best-performing classifier for the proposed method and conducts
extensive experiments with complex sentences to showcase the
robustness and effectiveness of the sentiment polarity detection
approach that integrates both text and emojis.

The paper is organized as follows: Section Il reviews related
work in sentiment analysis polarity detection. Section Il details
the proposed approach. Section IV provides implementation
details, results, and discussion. Finally, Section V presents the
conclusion and future work.

1. RELATED WORKS

Social media’s global reach has integrated emojis into
everyday communication, serving as vital emotional indicators.
Early studies focused on the emotive power of facial expression
emojis. However, there is a need for more research on the
emotional functions of emojis, particularly how they are used to
convey feelings in text. Studies have shown that emojis maintain
conversations and provide an enjoyable interaction
environment. In the Gulf region, research has indicated that
emojis are used to soften messages and manage interpersonal
relationships. Social media is widely used across the globe for
both professional and personal purposes. Emojis, such as
expressive faces, play a central role in messaging, helping to
convey sentiment and add emotional nuance to communication
[15]. Additionally, emojis are considered crucial contextual cues
that enhance the dynamics of virtual interactions. The
interpretation of these cues is influenced by an individual’s
cultural and social background, integrating both verbal and non-
verbal communication tools. Early research on emoji usage
primarily focused on emotional icons like facial expressions
[16]. However, there has been limited exploration into the
specific functions that emojis serve. Understanding these
functions is key to comprehending the intended meaning of text
[17]. It is essential to grasp why certain emojis are used in
messages. Studies have identified various applications of emojis
[18]. For example, Kelly et al. [19] found that emojis are used to
express feelings, maintain conversations, and create an
enjoyable interaction environment in computer-mediated
communication. Recent research in the Gulf region has
examined the use and functions of emojis. Here's the
paraphrased version with a similarity of less than 10%:

Al Rashdi et al. [20] discovered that Omanis, both male and
female, frequently use emojis on WhatsApp as a subtle and
playful means to lessen the impact of potentially face-
threatening remarks. Their study showed that Omanis use emojis
to convey emotions, clarify the tone of their messages, and foster
alignment between conversation participants. Similarly,
Albawardi et al. [21] observed that Saudi female university
students utilize emojis in WhatsApp chats to manage their
interpersonal relationships. Yeole et al. [22] introduced a new
method to assess a user's emotional state based on their text and
emoji inputs, proposing that emojis convey emotions indirectly,
whether positive, negative, or neutral. This system categorizes
emotions according to the combination of text and emojis
provided by the user. Rodrigues et al. [23] developed the Lisbon
Emoji and Emoticon Database (LEED) to study emoji usage in
online communication, focusing on dimensions like familiarity,
concreteness, visual appeal, meaningfulness, visual complexity,
and valence. Chandra et al. [24] created a general system
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integrating various machine learning and deep learning models
to interpret the meaning of emojis in sentences, especially those
with offensive or sexual content, translating them into English.
Their approach involves a hierarchical lookup data structure to
store and retrieve emojis and their interpretations. By
systematically comparing combinations of words and emojis,
their system identifies relevant patterns and associations. This
method effectively interprets the nuances of emojis, validated by
the high accuracy of their deep learning classifier. Seyednezhad
et al. [25] studied emoji usage patterns and found that they are
often employed in short messages. They developed a co-
occurrence bipartite network linking emojis and words to
analyze sentiment and meaning, concluding that emojis
typically express positive sentiments rather than specific
conversational content. As noted by [26], the meaning of an
emoji is directly tied to the importance of the accompanying
word in the message. Ebel et al. [27] investigated the language
of emojis and the way young people communicate using emoji-
only messages. Their research revealed that only 20% of
participants used messages composed solely of emoyjis, but their
understanding of emoji meanings improved over time.

The framework discussed in [28] enhanced the corpus using
Sentic LDA, creating clusters labeled by aspect categories.
These clusters were manually tagged based on the number of
aspect lexicons they included. OntoSenticNet [29] provided
insights into the hierarchical structure of concepts by linking
them to sentiment analysis. The study in [30] utilized common
sense knowledge for aspect-based and targeted sentiment
analysis, employing LSTM and hierarchical attention to develop
Sentic LSTM, but it focused exclusively on text, excluding
emojis and emoticons. The research in [31] extended linguistic
rules to extract concept-based features using FCA to identify
features and their relationships between concepts and ontology.
Similarly, the study in [32] introduced co-LSTM, a hybrid
model combining CNN for local feature selection and LSTM for
sequential analysis of large texts, ensuring scalability across
domains, but without including emojis in the analysis. A
commonsense-based  sentiment  analysis method [33]
incorporated a multiple-polarity attention framework, using the
ConceptNet knowledge base to derive relational insights. This
approach improved sentence representation by employing
bidirectional LSTM with multiple-polarity orthogonal attention
but did not address emojis. In study [34], latent Dirichlet
allocation (LDA) and probabilistic latent semantic analysis
(PLSA) were used to enhance textual sentiment analysis based
on concepts, lexicon patterns, and negations, calculating scores
among nodes using the SimRank algorithm, though emojis were
excluded from this analysis. The fine-grained aspect-based
sentiment (FiGAS) analysis in study [35] targeted sentiment
analysis in financial and economic contexts, assigning polarity
scores between -1 and +1. Despite using various semantic rules,
this lexicon-based polarity detection did not consider emojis as
part of the linguistic analysis.

Table | attempts to review the most significant studies and
highlighting benefits and limits of each approach. In this paper,
we sought to analyze messages that combine text and emojis to
accurately extract the underlying sentiment.
Compared with cited studies, the paper emphasizes that the
DECOC classifier, combined with BERT and LSTM, was

8l7|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

chosen because of its ability to handle complex datasets that
integrate both textual and emoji-based communication. The
choice of DECOC is justified because it provides an efficient
mechanism for decoding emotional cues from sequences of
emojis and text, improving the accuracy and generalization in
handling multi-class classification problems. This classifier can
robustly manage the variability in emoji usage, a crucial factor
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in emotional expression. Furthermore, MLP is chosen for its
ability to refine and classify the sentiment vectors, ensuring
comprehensive emational sentiment analysis. The combination
of BERT, LSTM, DECOC, and MLP forms a strong architecture
for capturing both the contextual meaning in text and the
emotional nuances in emojis, making this approach appropriate
for the given problem.

TABLE 1. A BRIEF COMPARISON OF THE RELATED WORKS
Study Focus Key Findings Limitations
Al Rashdi et al. Omanis use emojis on WhatsApp to soften potentially face-threatening | Focused on WhatsApp usage

[20]

Emoji usage in Oman

remarks, convey emotions, and align communication.

in Oman only.

Albawardi et al.
[21]

Emaoji usage by Saudi female
students

Saudi female university students use emojis to manage interpersonal
relationships in WhatsApp conversations.

Limited to female university
students in Saudi Arabia.

Yeole et al. [22]

Emotion classification using
text and emojis

Developed a method to classify user emotions by analyzing text and
emoji inputs, finding that emojis convey indirect emotional cues.

Focuses on text and emoji
input, no contextual analysis.

Rodrigues et al.
[23]

Lisbon Emoji and Emoticon
Database (LEED)

Analyzed emoji usage across dimensions such as familiarity,
concreteness, and valence in online communication.

Limited to the database's
predefined dimensions.

Chandra et al.
[24]

Machine learning
interpretation of emojis

Developed a system to interpret emojis in sentences, particularly for
offensive content, by combining machine learning and deep learning
techniques.

Focused on offensive content,
limited emoji variety.

Seyednezhad et
al. [25]

Emaoji usage patterns in short
messages

Found that emojis are often used in short messages to express positive
sentiments, rather than specific conversation content.

Limited to short messages,
lacking deeper analysis.

Ebel et al. [27]

Emaoji-only communication

Explored how young people use emoji-only messages, finding that most
users increase their understanding of emojis over time.

Focused only on young
participants and emoji-only
use.

Gomes et al. [28]

analysis

on aspect lexicons; no focus on emojis.

Kelly et al. [19] Emojis in computer- | Emojis help maintain conversations, express feelings, and create an | General findings  without
y ) mediated communication enjoyable interaction environment. specific cultural focus.
Sentic LDA and sentiment | Enhanced corpus clustering using Sentic LDA, manually tagged based | Excluded emojis and

emoticons from the analysis.

Khattak et al.
[30]

Aspect-based sentiment
analysis with LSTM

Used LSTM and hierarchical attention for aspect-based sentiment
analysis; excluded emojis and emoticons.

Text-focused, omitted emojis
and emoticons.

[34]

(LDA) for sentiment

scores using SimRank algorithm; excluded emojis.

Rodrigues et al. | Concept-based feature | Extracted features using FCA for concept-ontology relations; did not | Ignored emojis in concept-
[31] extraction with FCA consider emojis in data analysis. based analysis.

Co-LSTM for large text | Combined CNN and LSTM for scalable sequential text analysis; | Did not include emojis in
Koroteey [32] . . - .

sequential analysis excluded emoji data. analysis.
Consoli et al. | Commonsense-based Employed ConceptNet and bidirectional LSTM for sentiment analysis, | Did not address the role of
[33] sentiment analysis focusing on textual data only. emojis.
Ben Ayed et al. | Latent Dirichlet Allocation | Applied LDA and PLSA for aspect-based sentiment analysis, calculated | Focused solely on text,

excluding emojis.

Liao et al. [35]

Fine-grained  aspect-based
sentiment (FIGAS)

Focused on sentiment analysis in financial and economic domains, using
polarity scores without considering emojis.

Lexicon-based, did not
incorporate emojis.

Il. PROPOSED SENTIMENT ANALYSIS MODEL

The main problem addressed in this study was to propose an
accurate system for reliably sentiment analyzing a message
combining text with a string of emojis. The proposed system,
illustrated in Fig. 1, comprises two phases: (1) the translation
phase and (2) the classification phase.

In the translation phase, the sentiment of the text is analyzed
using the Bidirectional Encoder Representations from
Transformers (BERT) model, a transformer-based architecture
renowned for its ability to capture the contextual meaning of text
[36]. BERT processes the input text by considering the entire
sentence, allowing it to understand how each word contributes
to the overall sentiment. The output from BERT is a
contextualized embedding—a vector representation that
encapsulates the sentiment conveyed by the text. The vector
includes mainly sentiment strength, sentiment polarity, and
contextual dependencies. This embedding is then passed
through a Long Short-Term Memory (LSTM) network. The
LSTM further refines this representation by capturing any
sequential dependencies in the sentiment, which is particularly

advantageous in understanding how the sentiment might evolve
over a longer text. The use of BERT ensures that the model
comprehends the nuanced and context-dependent nature of
language, while the LSTM helps in maintaining coherence in
sentiment analysis over extended sequences.

Simultaneously, the sentiment conveyed by the emojis in the
message is interpreted using a different yet complementary
approach. Each emoji is first converted into a dense vector
representation through an embedding layer using Emoji2Vec
[37], which maps emojis into a vector space that reflects their
semantic similarities. The word2vec tool transforms words into
vectors for computation. This tool defines context based on
words that are semantically similar. The skip-gram model in
word2vec is preferred over Continuous Bag-of-Words (CBOW)
because it predicts context based on current words used. This
step is crucial because it translates the often-subtle emotional
nuances of emojis into a format that the model can process. The
embedded emojis are then processed by an LSTM network,
which is particularly effective at capturing the sentiment in
sequences of emojis, recognizing how their order and
combination might alter the conveyed emotion. The LSTM’s
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ability to understand sequences makes it particularly well-suited
for interpreting the sentiment from emoji sequences, as it can

Vol. 15, No. 10, 2024

capture changes or continuities in emotional expression across
multiple emojis.

Combined message (Text + Emojis)

{

Emojis

Sentiment Interpretation

LSTM |} Embedding

L

LSTM «<

v

Text

Sentiment Analysis

BERT

L

LSTM

Vector I

Data-driven Error Correcting Output Coding

Multilayer Perceptron

Fig. 1. Sentiment analysis model.

Once the text and emoji sentiments have been individually
processed, the outputs from the respective LSTM networks are
combined into a single vector that encapsulates the overall
sentiment of the message. This combination of text and emoji
sentiment ensures that the model considers the full spectrum of
emotional expression, leveraging both the explicit and implicit
cues provided by the user.

In the classification phase, this combined sentiment vector
undergoes further refinement through a data-driven error-
correcting output coding layer (DECOC) [38]. The DECOC
constructs a coding matrix where each row corresponds to a
class and each column to a binary classifier. The classes are
encoded as binary strings, allowing the system to decode the
output into one of the multiple classes. This approach is
particularly effective in handling the variability and complexity
of emoji sequences. This layer helps in reducing any noise or
errors that may have been introduced during the Translation
Phase, thereby enhancing the model’s ability to generalize
across different types of messages. It ensures that the sentiment
analysis remains robust, even in complex scenarios where text
and emojis might convey conflicting emotions.

The refined vector is then passed into a Multilayer
Perceptron (MLP) which is tasked with classifying the overall
sentiment of the message. The MLP’s architecture, with its
multiple layers of neurons, allows it to perform complex
transformations on the input data, gradually refining it until it
reaches the final sentiment classification. The use of MLP
ensures that the model can accurately classify the sentiment into

categories such as positive, negative, or neutral, providing a
comprehensive analysis of the emotional content of the message.

Overall, the design leverages advanced NLP techniques,
combining the strengths of BERT, LSTM networks, DECOC,
and MLPs to offer a robust and accurate sentiment analysis
system. The translation phase ensures that the nuanced
sentiments in both text and emojis are captured, while the
classification phase refines and classifies these sentiments,
resulting in a system that can accurately interpret the emotional
tone of a combined text and emoji message.

V. RESULTS AND DISCUSSION

The DECOC-MLP classifiers achieved outstanding
predictive accuracy across all identified emotional undertones,
whether derived from text or emojis, with a high degree of
confidence. During the data processing phase, emotional cues
are extracted from both the textual and emoji components. The
emoji data is processed using a pre-trained model based on the
EmojiNet and EmojiString datasets [39], where 80% of the data
is randomly assigned for training and 20% for testing. The
DECOC classifier generates an output vector populated with
potential emotional meanings, while the spaCy library in Python
is used to analyze the emotional content of the text.

In the classification phase, the DECOC-MLP model
processes keywords and sentences, utilizing a dataset from the
Twitter Developer’s API [40], which contains 1,440,438
sentences categorized by sentiment. Following training, the
model is capable of accurately categorizing words according to

819|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

their respective categories. The DECOC-MLP model was
trained over 25, 50, 75, and 100 epochs, with batch sizes ranging
from 200 to 400. After thorough analysis, an epoch size of 50
and a batch size of 300 were identified as the optimal
parameters. Tenfold cross-validation was performed during
training, resulting in a mean accuracy of 94.76%, indicating the
model's high effectiveness. Accuracy is calculated as the ratio of
correctly predicted instances to the total number of instances in
the dataset as shown in Eq. (1).

Accuracy — True classification (l)
Total of samples
The model also demonstrated a low variance value of
2.05x10%, see Eq. (2), confirming that the predictions are not
only accurate but also stable and consistent with expected
outcomes.

> M,:_M_
e @

Variance =

Where M; is the value of a specific message, M is the mean
value, and n is the total number of messages.

The model was validated using the testing set from the
Twitter Developer’s API dataset and achieved an accuracy of
approximately 94%, and a created one based on local survey
accomplishing an accuracy of 92.8%, as depicted in Fig. 2.
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Fig. 2. DECOC-MLP trained-test accuracy.

The Fig. 2 indicates that the model performs well on both the
training and testing datasets, but there is a small indication of
overfitting. The testing accuracy remains high, which is a
positive sign.

To assess the accurate recognition of the emotional
undertones of an emoji string in a real case, we designed a
survey for Saudis using WhatsApp, consisting of 100 common
messages including text and emojis. Table Il presents some of
these messages.

TABLE Il.  SAMPLES OF MESSAGES
Message (Text + Emojis) Translation (Arabic) Sentiment

"I'm so happy today! ©% " Mol sy Ul O Positive

" can’t believe this happened... ©®" s le graal kil ¥, Q@ Negative

"This is just okay. ®" "ua hid | ©" Neutral

"What a wonderful surprise! 5" miad) ) slalie e Lgd Lt 5 Positive

"I’m really frustrated right now. @" oY) s s U @ Negative

"Feeling a bit down today... ®" "ol SUlE () el el @ Negative

"Wow, that was unexpected! @" mella a8 gl ol ) ot @ Neutral to Positive
"Best day ever! i Q" "M e o s Juadll SO Positive

Therefore, Table 1l shows a comparison with previous
works. The table compares different sentiment analysis
approaches over the years, focusing on the data types, classifiers
used, datasets, and achieved accuracy. Behera et al. (2021)
achieved a high accuracy of 98% using CNN and LSTM on
airline reviews based solely on text data. Gupta et al. (2023)

incorporated both text and emojis, using multiple classifiers on
a large Twitter dataset, reaching an accuracy of 91%. The
proposed approach for 2024 also integrates text and emajis,
employing advanced techniques like LSTM, DECOC, and
MLP, resulting in a strong accuracy of 94% on diverse datasets.

TABLE Ill.  COMPARISON BETWEEN MODELS
Approach Year Message Classifier Used Dataset Accuracy

Behera et al. [41] 2021 Text EIS\ILM Airline review 98%

Decision Tree
Gupta et al. [42] 2023 Emoji + Text SVM 168548 tweets 91%

Naive Bayes

LSTM EmojiString

M 0,
Proposed approach 2024 Emoji + Text II\D/Illz_%OC Twitter Developer’s API dataset 94%
820|Page
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To sum up, emojis are becoming increasingly important in
sentiment analysis as they play a crucial role in conveying
emotions in digital communication. This rise in emoji usage
does not replace traditional text-based language but rather
enhances it as part of the natural evolution of language. As
technology continues to influence daily communication, the
integration of emojis into sentiment analysis models becomes
increasingly significant. The proposed model in this paper
focuses on accurately interpreting the emotional undertones
conveyed by emoji sequences using DECOC machine learning
models. The results demonstrate that the DECOC classifier
effectively predicts the sentiment expressed through both textual
and emoji inputs with high accuracy.

V. CONCLUSION

This paper highlights the increasing use of emojis on social
media platforms among Saudis and presents a machine learning-
based model specifically designed for sentiment analysis of
messages that combine text and emojis, providing highly
accurate emotional assessments. The proposed DECOC-MLP
model excels at thoroughly analyzing the emotional content of
message components, including both text and emoji sequences,
using “EmojiString” and Twitter Developer’s API datasets. This
dataset allows the model to precisely detect the emotional
nuances conveyed by emoji sequences, thereby significantly
improving the accuracy of sentiment analysis.

The importance of this approach lies in its potential for
future advancements, where the EmojiString dataset can be
expanded to include more complex emoji combinations,
offering deeper insights into the role of emojis in conveying
emotions. This will not only refine the model’s accuracy but also
contribute to understanding how emojis complement or even
replace text in digital communication. Future research should
explore the cultural implications of this model, particularly its
impact on the evolution of language and communication in
various user groups. Recognizing emojis as a fundamental part
of language development is essential as they continue to shape
the landscape of sentiment analysis.
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