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Textual and financial data in social media has come a long way in the present. Emojis,
the primary focus of this study piece, allow emotions to be visually represented thanks
to the advent of text-based digital communication. By adding visual currency
attractiveness to text, emojis in digital communication enhance communication and
open up new channels for innovation and exchange. The neural network model for text-
based emoji entry prediction is highly optimised, however because of little knowledge
in this field, it is more difficult to predict future emojis from images all the finance
symbols. Emojis are a great alternative to linguistically independent, sentiment-aligned
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Sm{%em Analyses embeddings since they are consistent and convey a clear sentiment signal NSE and BSE
Prediction. ' market. Compared to models for text, models for symbolic description have received

less attention. In this study,Main researchers employed CNN architecture for image
classification together with an emoji2vec embedding into the word2vec model to
predict emoji from photos apply in finance sector and finding. Additionally, we
performed a sentiment analysis on the text to forecast upcoming emoji labels added.
Our approach effectively communicates how the emojis relate to one another. The
length of the search for incoming image-based emoji predictions has been optimised
using this model.

communication, and improving relationship quality.
Nonetheless, the communication process in CMC
may be impacted by the absence of non-verbal
including tone, facial

1. Introduction

Computer mediated communication (CMC) is

becoming more and more ingrained in daily life due clues

to the growing use of computers and technological
advancements. Numerous benefits result from it,
such as bolstering emotional communication,
enhancing  the  continuity of individual

gestures, and
expressions. Communicators have developed novel
non-verbal cues to overcome this issue, including
the use of capitalization in place of yelling,
numerous  exclamation marks to indicate
excitement, and emotion symbols to represent facial
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expressions [1]. These expressive symbols are
highly appropriate for social media communication,
compensating for the lack of non-verbal cues in
CMC. Emoji, a collection of expression symbols,
were created as a result. Emoji are being used in
network communication more and more, and their
applications are also growing more varied. They are
closely associated with marketing, law, healthcare,
and many other fields, in addition to possessing
distinctive semantic and emotional characteristics.
Emoji research has gained popularity in academia,
and an increasing number of academics from
disciplines like computer science, communication,
marketing, and behavioural science are researching
them [2]. This work explores the evolution and
application of emoji, describes their linguistic and
emotional characteristics, compiles the findings
from emoji research across disciplines, and
suggests areas for future investigation.

The popularity of EMOJI, which are tiny ideograms
that represent objects, people, and scenes, has
skyrocketed. They can now be found in a variety of
locations, including social networking websites and
all major mobile phone platforms. The Oxford
English Dictionary states that the word "emoji" is a
Japanese invention that means "pictogram,” and it
is made up of the letters "e" for "picture" and
"moji" for "letter or character." The 176 pictograms
that made up the first set of emoji were initially
accessible to users of Japanese mobile phones.
With 1,144 single emoji characters specified in
Unicode 10.0 and many more defined through
combinations of two or more emoji characters, the
accessible range of ideograms has substantially
increased over the past years. In this work, [3]
addresses emoji as a modality that is connected to
text and images but does not reside within them.
The author explores the characteristics and
difficulties of connecting various modalities to
emoji, along with the potential that emoji offer for
multimedia retrieval.

The multimedia community has a long history of
identifying and  benchmarking  innovative
modalities. It's critical to start by attempting to
comprehend how newly discovered modalities
relate to previously recognised information
channels. Examining the cross-modal connections
between the modality and other modalities is one
technique to achieve this. This attempted to give
understanding by predicting nonverbal head nods
based on semantic understanding of the
accompanying  conversation transcript, after
identifying them as an information-rich and ignored
modality. Similar to emoji, new modalities can also
arise from the development of new technologies;
examples include 3D models and the rise of
microblogging [4]. Despite their ancient origins,
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emoji are a contemporary technological
development of ideograms. Technology
advancements can often provide fresh perspectives
on long-standing issues. One example is the use of
infrared photography rather than natural photos for
facial identification. Research progress can often be
accelerated by presenting new tasks as challenges,
as was the case with video concepts and acoustic
scenes. Based on the history of multimedia
challenge problems, we determine that emoji is a
new modality that warrants a comparable analysis.
We offer three emoji challenge tasks, state-of-the-
art neural network baselines for them, and an
assessment dataset in order to promote future emoji
research.

Emojis are widely used, although not much
research has been done on them. Most previous
studies on emoji have been descriptive in nature,
e.g., they have examined how emoji usage patterns
vary across demographic groups [5] or have
employed emojis as a signal to signify the
emotional impact of accompanying media. The
emphasis on sentiment is probably due to the
abundance of "face emoji" (e.g.) that are intended
to convey a certain feeling or response. Although
the focus on these face emoji overlooks the
hundreds of other emoji that are deserving of study
on their own, these face emoji are by far the most
noticeable and among the most commonly used
emoji. In addition to these facial emoji, the entire
emoji set includes a vast array of other items that
might not have a strong sentimental signal, like
foods , signs, and scenery. By concentrating only
on the emotive subset of emoji, one is ignoring the
possibilities and messages that the numerous other
ideograms that are accessible convey.

In this work, we treat emoji as stand-alone,
information-rich modalities. Emoji are frequently
included in text, but we still see them as separate
from text. Emojis can bring richness of meaning
and variety of semantics that are not possible in
pure text because of their visual aspect. Emoji can
occasionally be used to merely substitute words in
text, but more often than not, they add fresh
information not found in the text alone [6]. Emoji
can be used as an additional modality to add
sentiment to a message, explain the intended
meaning of an ambiguous message, or completely
change the text's original meaning in ways that
words cannot. Emojis are meaningful on their own
and have compositionality, which enables multi-
emoji statements to have more complex semantics.
Emoji are frequently utilised as a sort of visual
humour when a specific symbol resembles
something completely different. These
characteristics, together with a cross-linguistic
semantic resemblance [7], imply that emoji are
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different from their common textual companions
even though they are Unicode characters. Emoji are
different from regular images even though they are
represented by tiny pictures. In contrast to images,
where the details of a particular image are
frequently more important than what it is
representing generally (i.e., it is a photo of your
dog, not just a photo representing the semantic
notion of "dog"), the specifics of an individual
representation in an ideogram are frequently
incidental to the underlying meaning of the image
as a form of symbology. The fact that emoji are
only unicode characters serves as more evidence for
this distinction. Emojis are characters, hence the
specifics of their representations depend on the
platform that supports them [8]. This means that
different systems may have significantly different
versions of a same emoji. These factors cause their
conduct and meaning to diverge significantly from
those of images.

2. Development Of Emoji

Smileys were the original source of emoji, which
later developed into emoticons, emoji, and stickers
in more modern times. Smileys are thought to have
been the first expression symbols, having debuted
in the 1960s. Printed on buttons, brooches, and t-
shirts, Smiley is a yellow face with two dots for
eyes and a big smile. This sign grew widely and
became a recurring element of western popular
culture by the early 1980s. Since its introduction in
1872, emojis have been used to portray various
facial expressions using normal computer keyboard
punctuation. They are a paralinguistic component
that are frequently employed at the conclusion of
sentences [9]. Before the invention of emoji,
emoticons were a common tool used by Instant
Messaging (IM) users. Similar to nonverbal cues in
interpersonal communication, emoticons can be
used to express emotions, clarify intentions in
unclear situations, increase = communication
efficiency, and convey feelings [10].

Additionally, emoticons have nonverbal
communication purposes. They can provide delight,
encourage interaction, and help individuals
receiving them accurately comprehend the sender's
emotion, attitude, and level of attention [11]. They
can also help foster communal identification.
Preferences for emoticon usage vary depending on
gender and cultural background. Emoticons have
also been proposed for practical use, e.g., in
psychological testing, emotional monitoring, and
sign design. Shigetaka Kurita, a Japanese designer,
designed the first set of emoji, which were
introduced in 1999. The Japanese term (e=picture)
3 (mo=write) ZF(ji=character) is transliterated as
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"emoji"[12]. These are graphic symbols with preset
names and Unicode codes that can represent a
variety of things, including animals, plants,
activities, gestures/body parts, and objects, in
addition to abstract notions, emotions, and
sensations expressed through facial expressions.
Emoji use can add additional emotional or
contextual meaning to communication, improve the
message's attractiveness to recipients, assist users in
tone adjustment and conversation management, and
play a part in managing and maintaining
interpersonal relationships. Emoji use is associated
with similar brain responses to face-to-face
communication [13]. Emoji, being a visual
language, facilitates the use of English-dominated
social media platforms by non-English speaking
countries.

Emojis are frequently used in email, social
networking, instant messaging, and a variety of
other CMC applications. Emoji, as shown, replace
nonverbal clues in CMC to convey the meaning and
feelings associated with information [14]. Stickers
have been more popular in recent years as a means
of improving the interpretation of information
transmission and better expressing its meaning.
Stickers can facilitate conversational fluidity by
assisting users in dynamically and strategically
selecting the most effective means of expressing
their thoughts, feelings, and goals. In addition,
stickers can serve strategic purposes such
maintaining social status, managing impressions,
building one's social presence, and self-presentation
[15]. Additionally, a high degree of closeness can
be established by replying to a partner using a
combination of text and stickers. Emoji, stickers,
emoticons, and smileys are varied in form and
substance, and users have preferred them at
different times [16].

Smileys can boost morale and promote good vibes;
they are frequently used in commercials and
product packaging. Unlike ematicons, stickers, and
emoji, which are made up of an entire character set,
a smiley is just one single symbol that is
sporadically used in communication [17].
Emoticons can be utilised in CMC and display face
expressions through different punctuation mark
combinations. Research have revealed that while
emoticons and smileys perceive information in the
same way, smileys have a stronger effect on
people's moods than emoticons that smile [18]. As
an improved form of emoticons, emoji are now
thought to be better than emoticons in terms of
expressiveness, input speed, and information
richness.

Emoji and emoticons serve the same purpose since
they are both supplemental communication tools
[19]. However, it has been demonstrated that the
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introduction of emoji has had some influence on the
standing of emoticons. Users utilise emoji more
often than emoticons, and they do so with a more
upbeat attitude and a greater sense of identity [20].
Recently, stickers have become popular. Emojis
rely on Unicode, which cannot be altered, and they
are larger, have both static and animated forms, and
may be added or removed. However, stickers

cannot be included in text messages; they may only
be delivered independently [21]. The distinctions
between smileys, emoticons, emoji, and stickers are
compiled in Table 1. This study primarily reviews
and analyses related research on emoji because they
now comprise the most commonly used and
standardised symbolic language with the greatest
number of studies already published [22].

Table 1. The differences between smiley, emoticons, emoji, and stickers

Form Content Usage Unicode Examples
Scenarios
Static Facial expressions, abstract concepts, emotions/feelings, | Daily life/ | Own .
animals, plants, activities, gestures/body parts, and CMC unicode —
objects
Static Single smiley face Daily life Without -
unicode w
Static/Animated | Texts, facial expressions, abstract concepts, Daily life/ | Without (Animated
emotions/feelings, animals, plants, activities, CMC unicode face)
gestures/body parts, and objects
Static Various facial expressions Daily life/ | Without
CMC unicode -
3. Emoji Use emoji are utilised for certain issues, like situations

Emoji is a common non-verbal indication in CMC
used in online communication. Emoji make up
almost half of all text messages on Instagram, with
5 billion of them being used on Facebook every day
[23]. As of March 2019, there were 3,019 emoji in
Unicode. Emoji's impact on online communication
was demonstrated in 2015 when the Oxford English
Dictionary designated it the word of the year.

3.1 Use of Inspiration

Emoji's ease of use, simplicity, and ability to
facilitate emotional expression are what draw most
users to them. Emoji can support people in
developing their own identities, expressing
themselves. Emoji are used in communication as
contextualization cues. This involves establishing
an emotional tone, decreasing discourse ambiguity,
improving context appropriateness, and amplifying
or weakening speech acts [24]. Emoji are also
utilised as a greeting, as well as to preserve and
improve social connections and  improve
communication on a platform. But according to
other experts, emoji can also be used maliciously to
convey false information.

3.2 Diversity in the Use of Emojis
Different interpretations while utilising emoji might

result from variations in individual traits, platforms,
cultural backgrounds, and settings. Additionally,

that are sexually provocative [25]. This review
paper provides a methodical overview of the
variations among emoji in terms of user
inefficiency and individual, cultural, and platform
variability.

3.3 Individual diversity

Both personal psychological traits and demographic
traits have an impact on the use of emoji. There are
notable gender variances, to start. While men and
women use more different forms of emoji, women
use emoji more frequently and in a more positive
way, despite the fact that both sexes comprehend
the role of emoji similarly. This pattern, however,
differs depending on the context of communication.
Women are more likely than men to utilise emoji in
public communication, whereas the opposite is true
in private. When it comes to emoji cognition,
women find them to be more recognisable,
understandable, and significant. When expressing
emotions, men tend to utilise the same emoji more
often [26]. The recipients of the same emoji used
by men and women experience distinct feelings.
According to Butterworth et al. (2019), women are
viewed as more appropriate and appealing when
they send messages with loving emojis, whereas
men are viewed as more appropriate and attractive
when they send messages with less loving but
friendly emojis.

The psychological variations among individuals
also impact the use of emojis. According to
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research, there is a negative correlation between
users' emotional distress and positive emoji use and
a positive correlation between Facebook users'
extraversion and self-monitoring traits and the
frequency of emoji use. According to [27], an
emoji-based personality test revealed that the Big-
Five  personality traits of agreeableness,
extroversion, and emotional stability were
connected with the similarity score between an
emoji and the individual, but not with
conscientiousness and openness. More specifically,
good emoticons were positively connected with
extraversion and negative emojis with emotional
stability. Furthermore, agreeableness and blushing
emojis (like, ) had a positive correlation.

A few emoji forums have appeared as people's
enthusiasm for utilising emoji grows. People
converse with one another in the forum to explore
the different meanings and applications of emoji.
People are starting to build their own expressions
and add more unique features to emoji instead of
relying solely on the system's pre-existing emoji
due to the growing desire to convey individual
diversity. For example: . These are original symbols
made by users by rearranging pre-existing emoji
[28].

3.4. Cultural diversity

Emoji usage is shaped by social, linguistic, and
cultural contexts in addition to cultural norms. It is
also impacted by a variety of variables, including
user group, living situation, language environment,
and cultural background. Emoji usage is
significantly impacted by cultural differences.
Emoji usage patterns can vary greatly depending on
one's cultural background. Users from Pakistan,
India, and Finland, for instance, will utilise
particular emojis based on their cultural practises
[29]. According to Hofstede's cultural dimension

model, when it comes to usage behaviour,
individuals in nations with high levels of
indulgence, power distance, and uncertainty

&
En X e
Y o

avoidance tend to use more emojis that represent
negative emotions, whereas individuals in nations
with high levels of individualism, long-term
orientation, and uncertainty avoidance tend to use
more emojis that represent positive emotions [30].
In particular, users in China are more prone than
users in Spain to communicate negative emotions
through non-verbal signs like emoticons and emojis
[31]. Additionally, studies have revealed that users
of user-generated restaurant reviews websites from
Hong Kong and the US use emojis differently,
which may be a reflection of underlying cultural
differences. Owing to the variances in emoji usage
across cultures, an Emoji Grid reflecting proven
cultural traits was constructed for cross-cultural
study on emotions connected to food [32]. It is
clear that there are differences not just between
nations but even within one. The usage of emojis is
impacted by several national development metrics,
such as GDP per capita, trade, tax rates, and life
expectancy [33]. Emoji use in the "first world"
(defined here as North America, Western Europe,
the Russian Federation, and Australia) is
characterised by a lack of emotions, according to
one line of research using the KMEANS clustering
algorithm. In contrast, the “second world" cluster
(which includes most of South America, Eastern
Europe, India, China, Eastern Europe, Morocco,
Algeria, and Tunisia) uses emoji in a more specific,
emotionally clear manner. A combination of
positive and negative emoji are used by the "third
world" cluster (Angola, Nigeria, Sudan, Jordan,
Saudi Arabia, Yemen, Pakistan, Nepal, and the
Philippines) and primarily negative emoji are used
by the "fourth world" cluster (certain African
countries) [34].

The way that emojis are used also depends on the
language context. Emoji exhibit a high degree of
context sensitivity in cross-language
communication, which means that their linguistic
and textual environment greatly influences them
[35].

L

‘l ,'{ “
1 g

G

Figure 1. Enviornment conscious Emoji
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Because they both speak English, for instance,
study indicates that Britain and America use emojis
quite similarly. However, when other languages
like Italian and Spanish were compared, the
similarities decreased [36].

3.5. Environment Queen’s Climate Conscious
Emoji Guide

This emoji is meant to be used deliberately in
response to non-sustainable things. The ideal reply
when someone offers you a straw made of plastic
[37]. The envious heart emoji is intentionally used
to symbolise leading a life that is plastic-free, low-

waste, and has a minimal impact on the
environment [38]. Evergreen trees assist to
moderate rising temperatures by absorbing

greenhouse gases from the atmosphere. Make a
plea for the preservation of our rainforests by using
the evergreen tree emoji!.

What constitutes an eco-friendly way of living! Use
this emoji to put pressure on your friends to reduce,
reuse, and recycle in order to combat global trash
pollution! [39]. This gorgeous broccoli floret has
higher protein content per calorie than steak! Make
thoughtful use of broccoli to encourage a plant-
based diet low in carbon footprint [40].

This emoiji, also referred to as globe, is appropriate
for use in any conversation on environmental
preservation [41].

Known as a sprout or seedling, it is currently the
global representation of the plant-based movement.
Diversity of platforms is one of the key elements
influencing the use of emojis. Users' emoji
preferences are influenced by the way emoji are
presented on various operating systems and by the
architectural features of various network platforms.
Despite using Unicode, emoji are shown differently
in i0S, Android, Microsoft, and other systems as a
result of the impact of various developers (Table 2
and Figure 1). Emoji on the iOS platform are more
visually appealing, recognisable, understandable,
and significant than those on the Android platform,
according to studies. When using emojis across
platforms, there will be misunderstandings and
differences in how they are interpreted emotionally
and semantically due to this display disparity
between the platforms [42]. Additionally, experts
have examined several social media sites like
Facebook, Instagram, and Twitter and discovered
that each platform's users have distinct preferences
when it comes to emoji usage. Emojis that are most
popular on one platform might not be on others. On
Facebook, for instance, people use emoji more
frequently and in a more positive way than on
Twitter. Some scholars, however, concentrate on
less mainstream community platforms, such as Gab

[43]. When faced with an identical incident, Gab
users typically post positive emoji to convey irony
in text that has negative overtones, but Twitter
users typically use emoji to convey scepticism.

Table 2. Emoji differences on major platforms

ANDROID 10S WINDOWS
Face with fears -~ . -
of joy - L
Red heart
Pleading face - - 'i;"__';i-' p
b
Fire %ﬂff
- L] - - W
Smile face — — —
thumbs
thinking e | e
] F o
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3.6 Use Inefficiency

Emojis can be useful for communicating emotions
and understanding text meaning, but their use
sometimes creates difficulties in communication,
which hinders productivity. Despite the apparent
similarities among emoji, their perception is subject
to cultural context, technical variations, and unique
visual attributes [44]. Users may interpret the same
emoji differently depending on their intended
meanings, which may differ from the official
definitions (Table 3). The inability of the two
parties to understand one another in this situation
decreases the effectiveness of communication.
According to [45], there are variations in how
people interpret negative emoji. The sender and the
recipient may have 26% different emotional
responses to the same unpleasant emoji. There is a
greater degree of misinterpretation of facial emoji
than non-facial emoji, but both are correlated with
the degree of information ambiguity. Because of
variations in  platform  displays, people's
interpretations of emoji when utilised across
platforms will differ more in terms of their

emotional and semantic meaning [46]. The
disparity in interpretations of emoji causes
communication inefficiencies, disrupts

conversations, and shatters interpersonal bonds.
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Table 3. Common examples of emoji using ambiguity

Emoji Name Misunderstanding Official definition
. .. | Confounded face Confuse Frustrated and sad face
-
g
Dizzy Being dizzy Fantastic ideas
o o | Face with  Steam | Imitation, anger, and contempt Pride face
- From Nose
- Face with tears of joy | Something is funny or pleasing A high five
-
Folded hands Please or thank you or praying hands Loudly crying face
.. Grimacing face Nervousness, embarrassment, or awkwardness Mischievous grimace
—
= = Hushed face Being hushed by concern or correction Astonished face

Ogre

Depicts an oni, a kind of hideous ogre in
Japanese folklore

Supernatural or figurative beasts
and demons

. Sad but relieved face | Concern or Anxiety Crying Face
L N
—
— — | Sleepy face Tired or sleeping in anime or manga Crying face
o
Woman gesturing ok | “OK” sign Put your hands together as a
' loving heart
L TRT, Women with Bunny | An iteration of the Playboy Bunny known in Friendship, Fun, or "Let's party"
T Ears Japan as a Bunny Girl

[ =

3.7. Descriptive analysis of emoji usage.

Emoji for Sentiment:

The majority of -earlier research has mostly
considered emoji as a sentiment indicator. This is
accomplished either overtly, by taking sentiment
into account directly, or covertly, by taking into
account just widely used emoji. Sentiment-laden
emoji make up a disproportionate amount of the
most popular emoji. Emojis with faces, thumbs up,
and hearts are commonly used, although less
emotive ones like objects, flags, and symbols are
far less common. As a result, any research that
solely takes into account the most widely used
emoji may be biassed in favour of highly
sentimental emoji [47].

The majority of earlier research has mostly
considered emoji as a sentiment indicator. This is
accomplished either overtly, by taking sentiment
into account directly, or covertly, by taking into
account just widely used emoji. Sentiment-laden
emoji make up a disproportionate amount of the
most popular emoji. Emojis with faces, thumbs up,

2183

and hearts are commonly used, although less
emotive ones like objects, flags, and symbols are
far less common. As a result, any research that
solely takes into account the most widely used
emoji may be biassed in favour of highly
sentimental emoji [48].

An important study on emoji sentiment analysis
that ranked the emotion of 751 emoji—the most
common in their data—and annotated a set of
tweets. Their research revealed that whilst certain
emoji were highly correlated with positive mood,
others were largely neutral and rarely linked to
either strong beneficial or detrimental sentiment. In
a similar vein, they noticed that certain emoji are
commonly used to convey both very favourable and
adverse feelings. These findings imply that it is
incorrect to view emoji as only a simple way to
express emotion and that there is a richer, more
complex meaning behind emojis. Finally, some
works view emoji as a pure sentiment indication,
especially face emoji. Emojis are used as a source
of input in the method by [49] to assess the tone of
social media posts that reference specific brands.
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Taking it a step further, considers emoji to be a
trustworthy source of sentiment. They create a data
set for sentiment forecasting and automatically
label it with a collection of emoji. An method like
this could result in noisy annotation because of the
wide range of ambiguity in utilisation and the
sentiment difference between text and emoji that
has been studied in earlier research [50].

Analysis of Emoji Usage:

Several studies have contributed to our
understanding of the characteristics and patterns of
emoji usage in everyday life. Many studies have
examined the ways in which various nations and
cultures use emojis differently. In the meanwhile, it
examines how gender variations in emoji use
manifest themselves. Emoji usage is increasing
worldwide, despite variations in how different
groups may utilise them. This is demonstrated by
the data. Emoji share semantic characteristics that
are orthogonal to the communities in which they
are used, and they are not restricted to any one
language or culture, which further supports our
notion that they represent their own modality [51].
The issue of ambiguity in the interpretation of
emoji is examined in a number of works. Emoji are
often found to have some degree of ambiguity, and
the type of image that a given platform chooses to
utilise can exacerbate this uncertainty. Interestingly,
it notes that adding a second input modality—
textual  context—significantly  enhances the
meaning's distinctiveness. This discovery is
consistent with the long-standing knowledge within
the multimedia sector that using multiple modalities
might enhance prediction [52]. Research has also
looked into the ambiguity that exists between the
author's  intended meaning and  readers'
interpretations of messages containing emojis [53].
Emojis are a hard modality for algorithmic
interpretation, worthy of pursuit, and with a high
ceiling for perfection due to their ambiguity and
wide range of possible meanings. Emoji
relationships with one another have been
researched [54]. Numerous authors' works provide
a comprehensive investigation of how emojis are
used and suggest a methodology for determining
how connected two sets of emojis are. In a similar
vein, it examines the challenge of determining
which text tokens are most closely associated with
a specific emoji. In order to achieve this, the
authors use a skip-gram model to develop a shared
embedding space. They then use this mutual
semantic space to discover text tokens that are most
similar to the emoji. Both [55] and [56] concentrate
on descriptive study of emoji usage, even though
they both learn models that may be used for emoji
prediction.
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In a similar vein, recent research has focused on
determining the many contexts in which text can
incorporate emoji. Emoji are used in [57,58], and
[59] either as a direct substitute for text or as an
additional element that improves or modifies the
text's meaning. The project builds a dataset of 4100
tweets that were marked to show whether or not
redundant data (data that is already included in the
text) is contained in the emojis. In their set of
annotated tweets, they discovered that the non-
redundant class of emojis was the largest one. This
finding validates our theory that emoji are separate
from any accompanying text, even though they are
intertwined with it. While research has focused on
developing models based on real-world usage data
to address the issue of comprehending emoji usage,
other efforts have attempted to develop an
understanding of emoji usage through more manual
means. For instance, by merging multiple user-
defined emoji meaning databases, obtains a
structured understanding of emoji  usage.
Subsequently, their study leverages this data to
construct a sentiment analysis model that
outperforms models trained directly on real-world
usage data. This type of pre-defined, organised
knowledge of emoji is comparable to the no-
example method that we have previously [8] and
are now exploring further in this work. But rather
than focusing just on using emoji as a tool for
sentiment analysis, this effort aims to use them as a
rich, informational modality. An early study on the
compositionality of emoji can be found in.

3.8 Functions Of Emoji

Emojis are a crucial visual symbol in computer-
mediated communication that are used to convey a
wide range of material, such as people, animals,
food, and activities. Emojis have a semantic role in
which they can be utilised as a non-verbal cue or as
a language unto themselves. Emojis additionally
serve emotional purposes (table 4).

The Emotional Functions of Emoji

Emoji are a vital tool for online connection and
emotional communication since they are nonverbal
signs with deep emotional connotations. Emotions
can be enhanced or expressed with emojis. After
examining 33 face emojis, it discovered that the
majority of them could convey one or more
emotions. Emojis have a deep emotional
significance, which makes them an important
subject for researchers studying emotions and
creating emoji emotional lexicons. [60] used
artificial annotation to categorise emojis as positive,
negative, or neutral based on how they expressed



PC Lakshmi Narayanan, Kishore Kunal, Veeramani Ganesan, Sudhakar Ganesan, Anitha Jaganathan, Vairavel Madeshwaren / IJCESEN 11-2(2025)2177-2202

Table 4. Categories, semantic, and emotional functions of emoji.

Category

Definition Example

Content .

Smileys and people
Animals and nature

Food and drink

Emojis for smileys,
people, families, hand
gestures, clothing, and
accessories.

Emojs for animals, nature,
and weather.

Emojis for fruit,
vegetables, meals,
beverages, and utensils

=
-

-

s

&~ B
L

¢ ¥

Emotion Non-behavioral
Positive
Neutral

Negative

Represent objects,
symbols, animals etc.
Express positive
emotions  such  as
happiness, joy,
excitement, etc.

Express moderate
emotions. Neither
positive nor negative.
Express negative
emotions  such  as
sadness, anger, being
upset, etc.

Meaning Activity

Travel and places
Objects

Symbols

Flags

Behavioral

Emojis for sports, music,
the arts, hobbies, and
other activities.

Emojis for varied scenes,
locations, buildings, and
modes of transport.
Emojs for household
items, celebrations,
stationery, and
miscellaneous objects.
Heart emojis, clocks,
arrows, signs, and shapes.
Flag emojis, mainly flag
emojis of different
countries.

Express a behavior,
behavioral intentions or
activities, such as agree,
running, etc.

ERD

emotions. They discovered that while most emojis
were positive, some could also be used to convey
satire or sarcasm.

Owing to the subjectivity involved in human
annotation, several scholars have suggested
creating emoji lexicons automatically. Using the
official definitions found in emojipedia, it
automatically created an emoji lexicon.

Emoji are frequently used in online communication
to express emotions due to their deep emotional
implications. Emoji are generally used more in
happy messages and less in depressing or irate
ones. People's attention spans and reactions are
influenced differently by different emoji. Facial
emoji perform better than non-facial emoji, despite
the fact that both can convey emotions. Non-facial
emoji can evoke happy feelings, such as joy, but
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they are unable to alter the message's emotional
tone.

The Semantic Function of Emoji

Emoji are used in communication to transmit
semantic concepts in addition to emotions. They
can serve as nonverbal indicators to aid in
deciphering the general meaning of CMC
messages. The possibility that emoji will one day
stand alone as a language has been the subject of
extensive debate. Furthermore, because emoji
semantics are both diverse and similar, a lot of
computing researchers focus on the emoji word
sense disambiguation task. According to several
studies, emoji have their own language. They can
represent meanings as an independent expressive
modality, have a semantic function and a visual
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rhetoric function, and can express finer semantics
by combining distinct emoji. Emojis have a deeper
semantic meaning than plain text and exhibit cross-

linguistic semantic similarities. In order to
investigate  the  prospect of  "emoji-first"
communication, the social media app Opico was
developed at the application level. This
demonstrated that emojis can be used
independently in  conversation  without the

requirement for text [61].

Emoji, according to some scholars, cannot be
utilised as a stand-alone language. Emoji were
discovered to be comparable to Chinese character
radicals. It makes the case that emoticons are
basically a type of visual paralanguage. Emoji are
also rarely used on their own and are typically
employed in textual contexts. Emoji must be
incorporated into the text in order for it to have a
complete meaning and to increase the text's
credibility and clarity. Emoji is often used as an
addition to text, which further supports the idea that
it is a paralanguage. Emojis have many meanings
depending on the circumstance. When used, their
variety of semantics and interpretive flexibility
could cause ambiguity. As a result, the word sense
disambiguation problem of emoji is the subject of
many research. It has created an Emojinet that
removes ambiguity by fusing text and emoji.

3.9. Research methods

Emoji Prediction for facebook data and
different tweets

The use of emojis is growing quickly, but they
should be easier to use. While there exist methods
and data for non-emoji (text) content classification
and prediction, none are accessible for emoji
submission. Several methods have been proposed
to predict future emoji entries from text, such as
tweets and other text, but not from images, using
similarity modelling and skip-gram models. The
initiative uses images to anticipate the label for the
next emoji addition. The technique recommends
CNN for image classification and W2V for word
vector representations. Furthermore, this method
compares the similarity of emojis using Euclidian
distance, and it represents the similarity of pictures
using Cosine similarity. Emoji similarity is
displayed using T-SNE plots (table 5).
Furthermore, text sentiment analysis is carried out
in order to forecast future emoji inputs using RNN
[62]. Emojis have grown to be an essential tool for
expressing emotions and improving
communication. The study of emojis in relation to
sentiment analysis and text comprehension is
highlighted in figure 2. It proposes an unsupervised
paradigm for sentiment categorization by
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integrating emoticon signals. The suitability of an
emoji training heuristic for multi-class sentiment
analysis on Twitter is evaluated using a
Multinomial Naive Bayes Classifier.

3.10. Framework for Predicting Future Emoji
Entries From Pictures

Emojis have grown to be an essential tool for
expressing emotions and improving
communication. The study of emojis in relation to
sentiment analysis and text comprehension is
highlighted. It proposes an unsupervised framework
for categorising feelings by integrating emoticon
signals (figure 3). The suitability of an emoji
training heuristic for multi-class sentiment analysis
on Twitter is evaluated using a Multinomial Naive
Bayes Classifier [63].

System Optimization

Emoji have contributed to the enhancement of
computer hardware and software performance.
Emoji, for instance, can be utilised to create a
variety of in-car interface designs. Researchers
propose that the driver can improve mutual
understanding between the driver and backseat
passenger by using emojis and other features to
feed back the emotions of the passengers, thereby
optimising the functions of the central rear-view
mirror [64]. Emoji can also be used in the field of
password security, in addition. It developed the
EmojiAuth project to investigate how including
emoji into passwords impacts user experience and
the accessibility of mobile authentication. Emoji-
based authentication is a useful substitute for
conventional PIN authentication because it is
simpler to memorise than the Standard PIN
(Personal Identification Number) input.

Modality Transitions

Emojis are a distinct expressive modality from text
and images due to their visual characteristics and
Unicode foundation. The conversion of emoji to
other modalities, like text, picture, and video, is a
topic of much research. Emoji2Video, for instance,
provides an emoji-based method of searching for
videos. Subsequent studies have concentrated on
the transition from other modalities to emoji. It
suggested two distinct methods to predict emoji
based on text because of the relationship between
users' choices of emoji and the emotional categories
found in the text.

Communication

Emoji study in communication primarily focuses on
two areas: first, the emotional and linguistic roles of
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emoji in context-mediated communication (CMC); system platform. Emoji serve as a substitute for
second, the ways in which users' preferences for non-verbal cues in CMC and are useful in
using emoji are influenced by several factors, communicating emotion, semantics, and fostering
including personal traits, cultural background, and interpersonal communication. For instance [65], it

Table 5. Emoji usage in different language tweets

Language English Telugu Hindi Spanish
- 17.1 22.7 9.7 9.7
4.9 0.3 2.8 2.7
= Ty
'!‘ 3.8 39 4.9 6.3
4.7 10.8 9.5 6.5
-
“ 15.3 5.7 6.8 10.8
' 2.6 05 2.6 2
TP 35 16 29 34
ahaliy
i o8 3.3 0.9 4.3 6.1
A‘ 3.2 13.4 9.4 4
3.1 5.1 8.6 4.6
¥
3.6 3 6.7 6
3 6.7 7.7 5.4
Wl
“ “ 27 0.9 23 34
2.7 2.3 1.9 2.8
F
re— 2.8 42 7.2 3.4
‘oo
79
. 3.7 0.3 1.5 6.8
[}
10 16.6 75 13.1
+ 5.7 1.4 3.9 3.1
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Figure 3. A general framework for predicting future emoji entries from photos

examined the emotional qualities conveyed by 33
different facial emojis and discovered that the
majority of them had one or more emotional
connotations. Emojis were categorised as positive,
neutral, or negative based on how they expressed
emotions, and it was discovered that the majority of
emojis represented happy feelings. Emoji usage is
higher in positive messages than in negative ones,
according to similar studies. Emoji are incredibly
adept at communicating emotions, both facial and
nonfacial. Simultaneously, the interpretations of
emotional expression can be enhanced by varying
the emoji pairings. it investigated how the use of
various emoji combinations affects feelings. The
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paper's section on the emotional functions of emojis
includes references to other study in this field.

Demographic characteristics

A multitude of factors influence how each
individual uses emoji. Three areas can be used to
group the -current research: system platform,
cultural backdrop, and individual characteristics.
First, demographic factors like user age and gender
have a big impact on how emoji are used. Men use
them in greater quantities than women do. Women
use them more regularly. Emoji usage is higher
among women in public communications but lower
in private correspondence. Emoji with stronger
emotional connotations are deemed more suitable
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and attractive for women than for men in terms of
social cognition, whilst emoji with softer emotional
meanings but friendlier meanings are deemed more
suited for males. Second, the user's cultural
background has a big influence on how they use
emoji. Users from various nations will employ
emoji that have particular ethnic or national
connotations. Emoji designers in Finland introduce
"sauna,” Hindus use "Happy Diwali,” and
Pakistanis utilise the Namaz symbol. Emoji usage
varies widely among users in different nations.
Emoji and emoticons are used by Chinese people
more than by Spanish people. Emoji are highly
contextually sensitive, and their wuse varies
depending on the type of language. For instance,
using emoji. The data indicates a robust association
between English-speaking nations and a weaker
correlation with other language groups. Finally,
variations in the way emojis are used also originate
from variations in system platforms. Despite the
Unicode support for emoji in operating systems,
users display emoji differently in Microsoft, iOS,
and Android due to limitations in these apps'
developing compatibility. Emoji usage patterns
vary throughout social networking sites, including
Facebook, Instagram, Gab, Twitter, and Facebook.
Emoiji, for instance, are used more frequently and
favourably on Twitter than on Facebook. Positive
emoji are frequently used by Gab users to convey
negative [66].

Linguistics

The pragmatic purposes of emoji and the potential
for them to stand alone as a language are the
subjects of linguistics research. Emoji have been
found to have semantic qualities. They can be
utilised as a paralanguage component or as a
standalone linguistic, giving users a way to
communicate and encouraging interaction and
speech acts [67]. Regarding whether emoji can
stand alone as a language, there are advantages and
disadvantages. According to some scholars, emoji
can independently convey meaning since they have
more nuanced semantics, visual rhetoric, and text
functions. There are researchers who disagree,
arguing that emojis cannot be considered a separate
language because their meaning is mostly
dependent on the text around them. Emojis can only
fully express semantics when paired with text.

Promotion

Emojis are suitable for use in marketing campaigns
because of their emotive and visual qualities. Emoyji
are crucial for drawing attention, promoting social
connections, improving customer satisfaction, and
increasing purchase intent [68]. Therefore, it should
come as no surprise that emoji are widely utilised in
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communications with customers state that emoji are
also utilised to represent the feelings of customers.
They are a useful instrument for measuring users'
emotions because of their predominance in
emotional expression. Emoji and emoticons are
examples of textual paralanguages that can affect
consumers' behaviour and cognitive processes in
marketing-related contexts. For instance, emoji on
food packaging can affect children's dietary
decisions. Emojis have been shown to increase the
persuasiveness, appeal, originality, and
inventiveness of marketing campaigns. More young
people are drawn to online marketing after emoji
were introduced [69]. In order to, emoji can also be
used to describe user profiles, reflect customer
emotions, and track user sentiment towards
particular goods, services, and brands. According to
research, consumers' capacity to describe and
distinguish stimuli using emoji is unaffected by
factors such as gender, age, or frequency of usage
[70]. In fact, some emojis may even assist
consumers distinguish between product samples
more effectively. Furthermore, emoticons and
emoji are thought to be easy and natural ways to
convey feelings connected to eating. However,
other researchers note that despite emoji's greater
simplicity and discriminability in emotional
evaluation when compared to emotional language,
its many interpretations may make the survey more
difficult to administer. Emoji surveys therefore
cannot completely replace the current text-based
versions of attitude surveys. However, they can
serve to enhance the existing shape.

Perspective

Two key features are the focus of studies in this
topic. The first examines the connection between a
person's use of emoji and their psychological traits,
while the second looks at how emoji were
incorporated into the design of the scale and how
new psychological assessment instruments were put
into use. Emoji use has been linked to a number of
psychological characteristics, including emotional
stress, self-monitoring, the big five personality
traits, and others. Emoji use, for instance, is
correlated with emotional stability, agreeableness,
and extroversion among the big five personality
traits, but not with conscientiousness and openness,
according to research [71]. Simultaneously, certain
research has endeavoured to incorporate emoticons
into psychometric assessments.

Behavioural Sciences

Emoji study in behavioural science emphasises on
three dimensions: preference, motivation, and
influencing factors. A lot of research has been done
on the reasons people use emojis. Emoji are used in
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interpersonal communication for a variety of
purposes, including self-expression, managing and
maintaining interpersonal relationships, creating
personal identities, and facilitating and enhancing
interaction [72]. Emoji, as a contextual cue, can
assist users in establishing an emotional tone,
reducing semantic ambiguity, and enhancing
appropriateness in relation to context. The
preference for using emojis has two components.
The first is the choosing of emoji content by users,
and the second is the extent to which emoji
emotions correspond with actual sentiments. For
instance, users from various nations add
characteristics that are emblematic of their nations
to emoji; users of a certain social media platform
favour using optimistic emoji to convey irony in
negative texts.

Health Care
Emoji research in the fields of public health and
medicine  mostly  focuses on  enhancing

communication between doctors and patients as
well as addressing personal behaviour. Emoji can
be used to influence people's health-related
behaviour, and research has demonstrated that
doing so can strengthen good hand hygiene
monitoring behaviour. Emoji usage can also
strengthen  patient-doctor communication and
patients' capacity to take care of their own health.
According to some experts, creating a collection of
emoji expressly for use in patient care could
improve patients' comprehension and ability to
express the difficulties they have when managing
their health [73]. Emojis' potency in expressing
emotions makes them useful for identifying and
forecasting mental health issues. Emoji have been
incorporated into the depression assessment process
and they discovered a considerable improvement in
the accuracy of recognising depression.

Education

Emoji's effect on learning efficiency is the subject
of much research in the realm of education. Emoji
use in the classroom has been shown to improve
students' comprehension of the material being
covered, particularly in  computer-mediated
instruction (online learning). Emoji can enhance
young children’s capacity for self-expression and
aid in their understanding of abstract ideas like
emotions, interpersonal management, and security
[74].

3.11 Network Model For Prediction Of Emoji
Convolutional Neural Network

COCO images are used as the input layer in
ConvNets, a sort of convolutional neural network
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design. Convent-associated neurons have learnt
weights and biases. ConvNet layers have neurons
arranged in three dimensions: width, height, and
depth, as opposed to a typical neural network. The
four key layers of the ConvNet architecture are the
convolutional layer, normalisation layer, pooling
layer, and ReLU layer, as shown in Figure 4. The
CNN output layer known as the Max Pooling layer
describes images based on image IDs from the
COCO dataset. Each sequential layer in this model
consists of four core CNN layers, with the last
sequential layer being an average pooling layer as
opposed to a maximum pooling layer. The
convolutional layer includes a convolutional filter
that uses the inputs to produce a feature map. The
ReLU layer applies a maximum function to all
values in the input volume. The max pooling layer
uses the greatest value from each neural cluster
from the previous layer. The CNN-obtained image
descriptors are sent into the W2V model. The
Word2Vec is a three-layer neural network model
with a single hidden layer. Word-to-language
context (W2V) generates word embeddings for the
given data.
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Figure 4. Convolutional neural network

Embedding Network Smiley

Given the size of the collected dataset, deep neural
network architectures can be used to efficiently
learn the emoji embedding with reduced risks of
overfitting the data. Our formal goal is to learn an
embedding function, f, that maps an image, x Xdx,
to an embedding, e Ede, or f: Xdx Ede. so that the
image and emoji spaces' corresponding dimensions
are de and dx. Using the proxy task of explicit
emoji prediction, it is feasible to build f (Figure 5).
When compared to other techniques, such metric
learning in the emoji space, this has two key
advantages. Consequently, it can now evaluate the
embedding and create a novel zero-shot task for
visual sentiment learning.

3.12 Recurrent Neural Network

RNN information is self-repeating. Both the current
input and the information stored in memory from
earlier inputs are used to inform judgements. Our
model uses GloVe vector embeddings to train the
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Figure 5. (a) learns how to include photos in emoji's low-dimensional space. Transfer learning (b) can then be used to
take advantage of this embedding for a variety of target tasks where it is necessary to derive emotions from visual data,
including sentiment and emotion analysis.
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representation method known as GloVe. Glove RNN layer uses the input data's embedding matrix

embeddings and the input data are utilised to train to build the space's output dimensionality unit. The

the network model [75]. A basic RNN layer is the dense layer increases the representational capacity
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of the network. The dropout layer prevents
overfitting of the data. The activation layer creates
probability for every word in the vocabulary using
softmax activation. The most likely words are
generated in Python and then mapped to the
appropriate Unicode character to create an emoji
name. The RNN architecture for the sentiment
analysis of the text is shown in Figure 6.

3.13 Sample Availability

Several social media platforms, such Instagram,
Flickr, and Twitter, constitute a large source of

detailed emoji data. Emojis are utilised in over half
of Instagram posts and are believed to be sent more
than 700 million times on Facebook each day.
Here, we choose our Twitter samples in a way that
only contains tweets with emojis and tweets that are
related to at least one image. The impetus for this
stemmed from the fact that these aspects frequently
operate as key context indicators that go beyond the
visual information connected with the chosen
emoji. By applying the previously described
standards, the 2.8 million Tweets from the initial
half of 2018 were identified. Figure 7 a-b
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Figure 7b. temporally balanced sampled dataset and a raw sample of data. The study makes use of dataset.
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( = = & ) shows the label distribution of

the data. The data exhibits a notable bias towards a
limited number of categories and a long tail
distribution; around 40% of the gathered samples
consist of the top 5 most popular emojis. This poses
a serious problem to most traditional machine
learning methods, since an imbalanced training
dataset might lead the learning process to anticipate
the most frequent labels instead of finding a more
informative representation. Furthermore, we see
that when data are collected over a short period of
time, the content of samples tends to be
substantially biassed towards a limited number of
major temporal events.
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Image Preprocessing

Data preparation is an essential part of the process
since irrelevant data, noisy data, and untrustworthy
data might yield erroneous conclusions during the
training phase of data mining. Preprocessing the
data is therefore necessary before training. Because
of the uneven dimensionality of the photos, each
image in the data collection has to be scaled to have
the same dimensions. ANTIALIAS is used by the
Python Imaging Library (PIL) to automatically
resize all images to 256256 pixels. We utilised the
MSCOCO 2017 dataset (cocodataset.org) for image
inputs, which consists of 15,000 training and 5,000
testing images. Using Google-News-vectors
(GoogleNews-vectors-negative300.bin.gz),  word
vector representations are created [76].

Temporal Data Collection

In order to counteract content uniformity, this
advises consistently selecting the tweets from
narrower temporal windows while getting the data
from a relatively lengthy period of time.
Specifically, we collect tweets from January 1,
2016, to July 31, 2018. We separated the period
into consecutive 30-day time intervals. To alleviate
the label imbalance even further, we randomly
select up to 4,000 tweets from each window's emoji
categories. Furthermore, legitimate samples may
contain up to five emojis, so some samples may
have more than one label. In total, 4 million images
and 5.2 million emoji labels were generated by this
technique. Figure 6b shows the label distribution of
the sampled dataset. As we can see, compared to
the raw data distribution, our dataset has a more
uniform distribution across the various categories.
To have a better understanding of the relationship
between labels, we generate a normalised
correlation matrix of all the emojis in the collected
data2. The association matrix shows that the two
most widely used emojis, and, occur with most of
the categories. In addition, the correlation matrix
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finds other semantically related categories, such as
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W2v Model

Word2Vec, another neural network model, uses
CNN's image information to forecast future emoji
entries. Emoji2vec, an emoji vector space model, is
used in place of words for this assignment. Emoji
embedding E2V uses the uniform Unicode
representation of every emoji. W2V, which is based
on E2V, offered a semantically effective paradigm
for connecting text from CNN to emoji characters.
W2V was created with the assistance of Gensim
and NLTK. The word vectors used for training are
the three million 300-dimension word vectors from
Google News. W2V uses a Part-of-speech tag for
each piece of information (e.g., noun, adjective,
verb, etc.) that NLTK extracted from CNN about
the given image. NLTK selects the appropriate
nouns, adjectives, and verbs because these words—
not any other words in sentences—make up the
information required about a picture. To vectorize
the remaining words in the textual data, Gensim
employs word2vec. W2V extracts five emojis for
each word in the CNN textual data that are either
similar to or closest to the original word. With a
word from CNN's textual data as the input layer,
W2V is a three-layer neural network model. Each
unique word in the Google News dataset is
represented as a column in the matrix containing
hidden weights that holds the word vectors in the
hidden layer. The output layer is a multi-class
classifier known as a Soft max regression classifier.
Resized images are fed into the CNN model after
being preprocessed into 256256 pixels. A specific
type of neural network known as a CNN is made up
of neurons that have teachable weights and biases.
CNN is a multiclass image classifier with numerous
labels and classifications. In terms  of
implementation, CNN was created using Pytorch.
The max-pooling layer, the ReLU activation layer,
the convolutional layer, and the batch normalisation
layer are the sequential layers that comprise the
CNN network architecture [77]. The CNN
Convolutional layer converts the input images into
a feature map using the convolution filter. The
element-wise matrix multiplication and total are
computed by swiping the filter across the input at
each pixel location. The feature map displays the
total. In the subsequent layer, known as Batch
Normalisation, the inputs from the feature map are
normalised by shifting the hidden unit values,
accounting for the batch mean, and dividing by the
standard deviation. This expedites the process of
training and learning. Every value in the input
volume is subjected to the maximum function of



PC Lakshmi Narayanan, Kishore Kunal, Veeramani Ganesan, Sudhakar Ganesan, Anitha Jaganathan, Vairavel Madeshwaren / IJCESEN 11-2(2025)2177-2202

the ReLU layer. Each negative activation is
converted to a zero value. This improves both the
nonlinear properties of the model and the overall
nonlinear properties of the network. Every layer
that comes after another is a sequence of layers.

Conceptual Model

All of the images underwent preprocessing to
eliminate any irregular dimensions. CNN finds it
difficult to analyse different-sized photos. Hence,
256256 is the default dimension for all images used
in prediction. After input picture preprocessing, the

scaled image is sent to CNN for image
classification [78]. CNN classifies the image using
training data and outputs comprehensive textual
information. Emojis that are similar to one another
can be found and their degree of similarity can be
calculated using the Euclidian distance measure.
This makes it easier to forecast and analyse the
forthcoming emoji labels with accuracy. An
example of the emoji Euclidian distance measuring
findings is shown in Table 6.

Table 6. Euclidian distance measure of emojis

Emoji 1 Emoji 2 Euclidean measure
@-% - 3.0394
b w
» 3T 5.9283
e, X
. 5.9348
AR ;
o=0n
6.2304
8's X
r
= 7.2352
ANER
b D=0
. 8.0934
R £
Lr e
—1 9.2323
I 12.4958

Emojis are visualised using the TSNE plot in order
to analyse their associations and find clusters of
related emojis using a similarity score. TSNE does
a pretty good job of capturing the local structure,
and the clustered data is also extremely distinct.
The similarity between two photos is measured
using the Cosine Similarity metric. The cosine
similarity metric is used because it employs
categories as opposed to just two variables. The
cosine similarity between the images is shown in
Table 7. This model analyses the sentiment or
emotions in the text to predict future emoji input
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labels. Five categories—joyous, in love, furious,
sports, and eating—are used to group all of the
written material.

An illustration of the degree of similarity between
the two images may be found in Figure 8.
photographs that are dissimilar show a high
difference in the similarity values, whereas
photographs that are comparable show a low
distance value. Sentiment analysis is employed in
Recurrent Neural Networks to predict future emoji
entries [79]. This model stores in its memory both
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Table 7. Cosine similarity between images

Image 2 Score 1 Score 2 Cosine measure
” 2.934857 6.233094 0.98
3.938567 6.123311
8.029348 5.231522
9.938572 9.039863
21.230948 2.213454
21.984489 6.3509234 0.94
14.239480 5.3059832
11.349892 7.3458923
23.234121 11.345903
3.029348 5.2341155
3.325896 8.675456 0.95
5.123532 8.654542
6.345311 8.543436
8.453634 8.543557
14.645454 8.324568
3.675675 11.235457 0.92
6.675798 7.235457
8.754539 1.346543
3.351231 2.347567
9.435234 4.325798
8.765769 4.214235 0.93
2.653543 3.2315342
1.4354687 1.243534
, 2.877476 9.23523
< 6.543565 8.231534
F X A

the outputs from the past and the present. Thanks to
its memory, the network can learn long-term
relationships in a sequence, which allows it to
classify sentiments while considering the whole
context, or predict the next word in a sentence.

251 —— Score 1

—@— Score 2
—&— Cosine measure

20 4

154

10

Similarity measure

T T T T T
0 5 10 15 20

Figure 8. Comparison of similarity measure

3.14 Emoji Anticipation

Emoji To Text:

Our baseline text model is built upon a word
embedding layer and a bidirectional LSTM that
analyses the text in both regular order and reverse
order [80]. Although LSTMs employ their memory

25
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to highlight pertinent information, information
propagation is still degraded. In order to counteract
this effect and guarantee that information from the
beginning of the sentence is retained in the
representation, the LSTM is bi-directional. Our bi-
directional LSTM layers take words into a vector
embedding  space, combine the resulting
representations, then feed the mixture to a softmax
layer, which aims to predict appropriate emoji. The
model is trained using tokenized text from the
Twemoji dataset. To prevent overfitting, the
validation set is utilised to calculate the number of
epochs at which to end training.

Emoji to Image:

We can use our data to train a model for image-to-
emoji prediction, which is similar to the method for
text-based prediction. We depict the visuals that go
along with tweets using a CNN. Thirteen thousand
ImageNet classes can be predicted by this
GoogLeNet architecture [81]. For our picture input,
we employ the representation that was produced at
the penultimate layer. On top of this representation,
we train a single soft-max layer with the goal of
emoji prediction, and we freeze the weights before
this softmax. If there was enough training data, an
end-to-end convolutional model could also be
trained; however, gathering the necessary quantity
of training samples would be challenging,
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especially for the longtail of the emoji usage softmax layer. We provide a combination

distribution. prediction given confidence scores pimg(yjximg)
for some picture ximg and confidence scores
Combination: ptxt(yjxtxt) predicting the likelihood of a given

We apply a late fusion strategy for the merging of emoji y for some text xtxt. Figure 9 shows the
both text and image modalities. The format of the ambiguous faces are difficult to predict, while
text-based neural network and the image-based emoji tied concretely to an event, object, or place
convolutional network is directly equivalent since tend to be the easiest.

they both provide emoji confidence ratings in a

Figure 9. Examples of the hardest emoji to predict (red), the easiest (green), and those in between.

Table 8. Top emojis that correspond to each emotion category.

Emotion Most correlated Emojis
Amusement 0.34 0.67 0.33 0.98 0.17 0.11 0.14
.. - 5 = - e LI . 8
=_- = “e 1 - = .
Anger 0.44 0.67 0.78 0.78 0.89 0.56 0.67
" "4 P
i f T+ j - ] -
e - . ‘. [ ] HWP
Awe 0.45 0.49 0.23 0.67 0.34 0.56 0.21
i, o
o & S (e S = F
Contentment 0.34 0.18 0.18 0.19 0.13 0.71 0.23
— - - i
L 2 i - e £s "
~~ GO | e = i
Disgust 0.56 0.78 0.78 0.67 0.22 0.87 0.89
ENT - P - = .
1::' Iﬁ-l' ,:-:.. l“:: -~
Excitement 0.23 0.34 0.12 0.18 0.10
. - ’ .-~ . e
— - — I -
Fear 0.12 0.11 0.22 0.67 0.16
x x R o e
o !l'ill s
Sadness 0.93 0.92 0.87 0.78 0.98
5 & e i o - =
"-l:l'l-"':ll' I | . ® -"' ' o om
[ ] - (=7 -
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Emojis and Emotions

With our SmileyNet, all of the "5 agrees" split
images are immediately incorporated into the emoji
space. Figure 10 shows the top SmileyNet
predictions for specific test photos taken from
Twitter. Our approach produces precise forecasts
that capture the overall tone of the picture. Our
system offers sentiment emojis with different
polarities when the input image has sub-images or

when the primary sentiment region is out of focus.
This may have anything to do with the overall
SmileyNet plan. The theory is that region-based or
attention-based processing could aid in identifying
and prioritising the most crucial visual region for
result prediction (table8). Finally, predictions might
be useful for both traditional uses like sentiment
analysis and novel ones like detecting violence.

Figure 10. Top 5 emojis predicted per image with SmileyNet

3.15 Emoji Use Factors Implementing User
Preferences

Research now concentrates on describing
consumers' emoji preferences without delving
further into the underlying causes. Emoji like
"heart" and "tears of joy" were discovered to be
more popular; however, it is unknown if this is
because of any particular cultural characteristic.
Emoji preferences are shaped by a variety of
aspects, all of which are worth investigating . These
include familiarity with emoji, interpersonal
interactions, contextual information, and personal
interpretations of emoji beyond official definitions.
The Effect of Stickers on Emoji Emoji's standing
has been affected by the introduction and extensive
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use of stickers, and some research has started to
enhance the stickers' wuser experience [82].
Researchers find it interesting to wonder if stickers
may eventually take the role of emoji. Under the
influence of stickers, it's also worthwhile to
investigate ways to increase emoji's ability to
convey emotion and meaning while also enhancing
user experience [83].

The connection between the use of emojis and
social development

the creation and application of emoji in popular
culture is a reflection of particular political and
cultural traits [84]. Numerous scholars have
approached the social impact of emojis from
various angles. For instance, some inappropriate
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emoji usage can lower public awareness, a fact that
the general public has not yet come to understand
[85]. According to some researchers, emoji's
widespread use is a reflection of multicultural
communication and cultural globalisation. The use
of emoji and other non-verbal cues may have an
unconscious influence that perpetuates social
inequality and exploitation [86]. For instance,
contends that the quantitative application of emoji
in the workplace (e.g., using emoji to assign
ratings) has reduced employee autonomy by
treating them like an interchangeable part in a
digital economy warehouse [87].

We should also talk about the democratisation of
Unicode and emoji choices. In order to remedy the
dearth of ethnic representation, emoji with various
skin tones have been produced. Furthermore, emoji
related to menstruation were recently authorised by
the Unicode consortium, a sign that women's rights
are growing and a step towards eliminating
"menstrual shame [88]." Future studies might
therefore examine the deeper significance of emoji
use from other angles, particularly the connections
between emoji use and social inequity, political
movements, and subcultural groupings [89]

4. Conclusions

In order to give academics interested in emoji a
global perspective and some direction, this
publication  systematically examines related
research on emoji. This paper provides an overview
of the emoji research domains, usage aspects,
functional attributes, and development process.
Emojis are emotive and semantic in nature, and
they evolved from emoticons. Emoji usage is
impacted by and varies depending on personal
circumstances, culture, and social media platforms.
Differing circumstances and cultural backgrounds
might give rise to ambiguity and misinterpretation.
This paper thoroughly examines the research topics,
methodologies, and instruments employed in emoji
studies from the perspectives of many fields
(communication, computing, behavioural science,
marketing, and education). It also systematically
summarises the state of emoji research in these
fields and offers some fresh ideas for future emoji
research, including emotional association, use
preference, new modalities, and societal impacts.

Two models are constructed to predict future emoji
inputs from pictures. In the media, information
regarding photographs is represented through both
textual and emoji content. As a result, images may
be used to accurately predict future emoji entries
when compared to text. Thus, this model helps us
by anticipating the next entry from images in the
quickest amount of time and by optimising speed

2198

and performance. The three models that went into
creating the Emoji Model are CNN, SmileyNet, and
Word2Vec. Furthermore, we demonstrate that the
interpretability of our embedding makes it suitable
for sentiment analysis in a zero-shot learning
setting without the need for further training.
Finally, first results show that our embedding can
facilitate new applications like violence and abuse
detection that depend on extracting emotion from
visual input. The results of this work should be of
interest to the computer vision and visual sentiment
analysis groups as well as the domains of social
media research and emoji modality interpretation.
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