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Abstract

The increasing use of emojis in online communication reflects emotional expression that is often more
immediate and intuitive than text. This study proposes a lightweight sentiment classification approach that
utilizes only emoji features extracted from social media posts, without relying on textual content. The
importance of this research lies in its relevance to short-form digital content, where textual sentiment cues
are minimal or absent. To address the classification problem, we implement and compare multiple machine
learning models including Random Forest (RF), Support Vector Machine, and an ensemble Voting
Classifier combining both. Emoji tokens were vectorized using character-level count vectorization, and
performance was evaluated using 5-fold cross-validation to ensure robustness and generalizability. Results
show that the ensemble model achieved the highest average accuracy of 93.6%, outperforming the
individual classifiers. These findings confirm that emojis alone can serve as reliable indicators of sentiment
and support the deployment of fast, interpretable, and scalable models for social media sentiment analysis.
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1. BACKGROUND

The widespread adoption of social
media has significantly changed the landscape of
digital communication, encouraging users to
express opinions, emotions, and reactions not
only through text but also through symbolic
elements like emojis [1]. Emojis have become
essential components of online interactions,
often acting as concise yet powerful indicators of
sentiment in informal and short-form content
such as tweets, captions, and instant messages
[2]. This phenomenon creates both opportunities
and challenges in sentiment analysis, particularly
when textual content is minimal or absent [3].

Traditional sentiment analysis methods
generally rely on lexical resources, syntactic
features, and word embeddings extracted from
textual data to determine polarity or emotion [4]
[5]. These techniques have been effective in
structured text but tend to perform poorly on
informal content like social media posts [6]. The
integration of emojis into sentiment models
began to gain traction when Wang et al. (2025)
[7] analyzed tweets and concluded that emojis
are strong sentiment cues, often outperforming
text-based features in noisy environments.

Further advancing this domain, Shen et
al. (2025) [8] using DeepMoji, a neural network
trained on billion tweets containing emojis to
predict emotional tone. The model demonstrated
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that emoji-based supervision could enhance
downstream NLP tasks. Fouda et al. (2025) [9]
also investigated the semantic behavior of emojis
using distributional representations, showing that
emojis can cluster based on context and
sentiment similarity.

Several researchers have attempted to
combine emoji features with text, but few studies
have explored the use of emoji-only input for
sentiment classification. While deep learning
models such as LSTM or transformer-based
architectures have yielded high performance,
their computational cost and complexity hinder
their use in lightweight or real-time systems [10].

More recent studies have experimented
with emoji-specific vectorization techniques and
feature engineering approaches. For instance,
Kusal et al. (2025) [11] proposed Emoji2Vec, a
method for generating emoji embeddings based
on emoji descriptions, which enabled better
generalization in NLP pipelines. Other works
have explored the emotional and cultural
interpretation of emojis, yet most still rely on
combined text-emoji input rather than emojis in
isolation [12] [13].

In contrast, lightweight approaches
using traditional machine learning models such
as Random Forest, SVM, or ensemble strategies
remain underexplored in the context of emoji-
only sentiment prediction. There is a lack of
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systematic evaluation that compares these
models while ensuring robustness through cross-
validation [14].

This study proposes an emoji-based
sentiment classification framework that uses
only emoji characters as input features, without
relying on any textual content. Three classifiers
are evaluated: Random Forest, Support Vector
Machine (SVM), and an ensemble Voting
Classifier combining both [15]. Emoji sequences
are encoded wusing character-level count
vectorization, and model performance is assessed
using S-fold cross-validation to ensure
robustness.

This research contributes to the
development of fast, interpretable, and resource-
efficient sentiment classification techniques
suited for modern digital communication. It
provides empirical evidence that emojis alone
can reliably indicate sentiment, offering a
practical solution for lightweight sentiment
analysis in social media applications.

2. RESEARCH METHODOLOGY

The proposed method is designed to
operate efficiently by leveraging only emoji
characters extracted from user-generated social
media content, without relying on textual
information. The process includes data crawling,
emoji preprocessing, feature transformation,
model training using ensemble classifiers, and
performance evaluation. Figure 1 illustrates the
overall  architecture of the proposed
methodology. The process begins with data
crawling from social media sources, followed by
emoji extraction using rule-based filtering. The
extracted emoji sequences are then transformed
into numerical features using a character-level
CountVectorizer. These features serve as input
for two base classifiers: RF and SVM. Their
predictions are combined using a Voting
Classifier as the ensemble strategy. The model is
evaluated using 5-fold cross-validation, and the
final trained model is saved for deployment
purposes.

2.1. Data Collection

The dataset used in this research was
obtained from the Kaggle platform, which
provides a collection of labeled tweets containing
various emojis. A total of 3,085 tweets were
collected, each representing an emotional
expression labeled into one of four predefined
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sentiment classes (0: sad, 1: happy, 2: angry, 3:
love).

The primary objective of this study is to
classify these emotions based solely on the
emojis embedded in the tweets, without relying
on any textual data. This makes the dataset
highly relevant for evaluating the feasibility of
emoji-based sentiment classification in informal
digital communication contexts. Table 1
describes the features available in the dataset.

Table 1. Dataset Features Description

Feature Description Data
Name p Type
Text The original tweet text String

containing emojis

Labeled emotion category
Sentiment |(0: sad, 1: happy, 2: angry, [Integer
3: love)

2.2 Emoji Preprocessing

After the raw tweet data is collected, the
next step involves preprocessing to isolate only
the emojis used within each message. Since the
objective of this study is to classify sentiment
based exclusively on emojis—without any
reliance on textual content—this preprocessing
step is crucial in ensuring that only relevant
visual-symbolic features are retained [16].

The emoji extraction process is
performed using the emoji library in Python,
which can identify and filter emoji characters
from mixed-content text. Each tweet is scanned
character by character, and only those identified
as emoji tokens are extracted. This method
eliminates all non-emoji characters including
words, numbers, hashtags, and punctuation.

The result of this process is a new
feature column that contains sequences of emojis
representing the emotional context of the original
tweet. Entries with no emojis are discarded to
ensure that the learning model is trained solely
on emoji-based inputs.

2.3 Feature Transformation

Once the emojis are extracted from each
tweet, the next step involves transforming these
sequences into numerical feature representations
suitable for machine learning models [17]. This
transformation is performed using
CountVectorizer, a method that converts a
collection of character-based emoji tokens into a
matrix of token counts.
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Figure 1. Proposed Method

In  this study, character-level
vectorization is applied, treating each unique
emoji as a feature. Let the set of all unique emojis
extracted from the dataset be denoted by:

E ={el,ez,e3,...,ek} (1)

where k is the total number of distinct emojis
across the dataset. Each tweet T; containing a
sequence of emojis is represented as:

T; = {ei1, €i2) ) €im} 2

The CountVectorizer function
transforms each tweet T; into a feature vectorx; €
RK, where each component X;j represents the
count of emoji € in tweet Tj:

Xij = count(ej € Ti), vi=12, ..k 3)

The final output is a document-term matrix X €
R™K  where n is the number of tweets
(documents), k is the number of unique emojis
(features), Xj; is the frequency of emoji €; in
tweet T;. This vectorized representation captures
the emoji usage patterns across tweets and serves
as input to the classification models.

2.4 Ensemble Model

To improve classification performance
and generalizability, this study employs an
ensemble learning approach using a Voting
Classifier, which combines the predictions of
multiple base classifiers. Specifically, we
integrate two widely used algorithms: Random
Forest (RF) and Support Vector Machine (SVM).
The goal of this ensemble is to leverage the
strengths of each model—Random Forest’s
robustness in handling high-dimensional data
and SVM’s ability to find optimal decision
boundaries.
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Algorithm 1: Emeji-Based Sentiment Classification Using Ensemble

Input : X {(emoji feature matrix), y (sentiment labels)
Output : y pred (final sentiment prediction)

1 Initialize base models:
2 model 1 ~ RandomForestClassifier()
model 2 +« SupportVectorMachine(prebability=True)

3

4 Train both models on training data:

5 model 1.fit(X train, y train)

6 model_2.fit(X_train, y_train)

7 Predict probabilities on test data:

8 prob_1 « model_1.predict_proba(X_test)
El prob_2 «~ model_2.predict_proba(X_test)

10 Compute soft voting average:

11 prob avg « {prob 1 + prob 2) / 2
12 Assign final class based on max probability:
13 y pred « argmax(prob avg, axis=1)

14 Return y_pred

Algorithm 1 illustrates the steps
involved in constructing the ensemble model for
emoji-based sentiment classification using soft
voting. The algorithm begins by initializing two
base classifiers—Random Forest and Support
Vector Machine. Both models are independently
trained using the same training dataset composed
of emoji features and corresponding sentiment
labels.

Once trained, each model is used to
predict the probability distribution over the
sentiment classes for the test data. These
probability outputs are then averaged in a soft
voting scheme, which computes the mean
predicted probability for each class across both
models. The final predicted class label for each
instance is determined by selecting the class with
the highest averaged probability.

This approach enables the ensemble
model to leverage the strengths of both classifiers
while mitigating their individual weaknesses. By
averaging the prediction probabilities, the Voting
Classifier can produce more balanced and robust
predictions, especially when working with sparse
or symbolic input data such as emojis.

The Voting Classifier operates by
aggregating the predictions from both classifiers
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and determining the final class label based on the
majority (hard voting) or average predicted
probability (soft voting). In this study, soft voting
is used, where the class probabilities predicted by
each base model are averaged, and the class with
the highest average probability is selected.

Let C be the number of sentiment
classes (in this case,C = 4), M ={m,, m,}
represent the set of base classifiers (RF and
SVM), P,Efi) (x) denote the probability predicted

by model m; for class c, given input feature
vector X.

The ensemble model’s prediction for
class c is computed as:

P e ==Y PO @)

ensemble M|

The final predicted class ¥ is given by:

-~

— (©
y =arg ce{r{,lg.)f,(?} Pencsemble (X) (5)

This ensemble strategy enhances
classification robustness by reducing variance
and balancing out the biases of individual
classifiers.

2.5 Evaluation

To ensure that the classification models
generalize well to unseen data and are not
overfitting to specific subsets, evaluation is
performed using k-Fold Cross-Validation [18].
This technique provides a robust estimate of the
model’s performance by splitting the dataset into
multiple train-test partitions.

In this study, we employ 5-Fold Cross-
Validation (k = 5). The dataset is divided into
five equal-sized subsets (folds). During each
iteration:

e Four folds are used to train the model.

e The remaining one fold is used to test the
model.

e This process is repeated five times, such that
each fold is used exactly once as the
validation set.

The overall performance is computed as
the average of accuracy scores across all folds.
Let A; denote the accuracy of the model on the
i—th fold. Then, the mean accuracy is
calculated as:

Mean Accuracy = % kA (6)
and the standard deviation is computed to assess
the model’s stability:
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Standard Deviation = /% KA -2 ()

where A is the mean accuracy across all

folds.

This cross-validation approach is
applied consistently across all models tested in
this study: Random Forest, SVM, and the
ensemble Voting Classifier. The results from this
evaluation provide a reliable estimate of model
performance and allow for a fair comparison
between classifiers.

2.6 Save Model

After the model has been trained and
evaluated, the final step involves saving the best-
performing classifier for future use. In this study,
the Voting Classifie—which demonstrated the
highest average accuracy and stability during
cross-validation—is selected as the final model.

Model persistence is essential for
deployment in practical applications, enabling
the reuse of trained models without the need to
retrain them. The model is serialized using an
appropriate object serialization library that
supports machine learning models with large
numerical structures.

Alongside the classifier, the
vectorization object used to convert emoji
characters into numerical features is also saved.
This ensures consistency between the training
phase and any future prediction tasks, as the
same feature transformation process must be
applied to new input data.

3. RESEARCH RESULT

This study evaluates the performance of
three classification models—Random Forest
(RF), Support Vector Machine (SVM), and an
ensemble Voting Classifier (VC)—using emoji-
only input features. Each model was assessed
through 5-Fold Cross-Validation to ensure robust
evaluation of generalizability and stability.

The Random Forest classifier yielded
strong results, achieving an average accuracy of
93.33% across the five folds. However, it showed
a relatively high standard deviation of 3.59%,
indicating moderate variation in performance
across different folds. This suggests that while
RF performs well overall, it may be sensitive to
data distribution in some folds, especially when
class balance is not uniform.

Support Vector Machine, using a linear
kernel, achieved slightly higher average accuracy
at 93.36%, and notably exhibited greater
consistency across folds, as indicated by its lower
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standard deviation of 2.85%. The model's ability
to generalize well from sparse emoji-based
features demonstrates the effectiveness of
margin-based classification even in non-textual
data contexts.

The best performance was obtained
from the ensemble model using the Voting
Classifier. By combining the predictions from
both Random Forest and SVM through soft
voting, the ensemble achieved an average
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accuracy of 93.63% with a standard deviation of
3.38%. This indicates that the ensemble approach
not only improves predictive performance but
also balances out the weaknesses of the
individual models, offering more stable results
across all validation folds.

A summary of these results is presented
in Table 2. The table compares mean accuracy,
standard deviation, best and lowest accuracy
across all validation folds for each model.

Table 2. Comparison of Classification Performance

Model Mean Accuracy | Standard Deviation |Best Fold Accuracy | Lowest Fold Accuracy
Random Forest 0.9333 0.0359 0.9683 0.8696
SVM (Linear) 0.9336 0.0285 0.9633 0.8830
Ensemble Model 0.9363 0.0338 0.9720 0.8813

Figure 2 presents the cross-validation
accuracy obtained from the ensemble model
using Voting Classifier, which combines
predictions from Random Forest and Support
Vector Machine. The figure clearly illustrates the
model's performance across five different data
folds.

Lo Cross-Validation Accuracy: Voting Classifier

—8— \Voting Classifier (RF + SVM)

0.98 0.972

0.957 0.957
0.96

0.94

Accuracy

=3
o
[~]
bl
I

0.90

0.88

1 2 3 4 5
Fold

Figure 2 Cross-Validation Accuracy

From the chart, it can be observed that
the accuracy ranges between 88.1% and 97.2%,
with the highest performance achieved in fold 3
and the lowest in fold 1. The results indicate a
generally high and consistent level of accuracy
across the folds, reinforcing the model’s
robustness in classifying sentiment based solely
on emoji input.

The slight wvariation in accuracy
between folds reflects natural differences in data
distribution and class representation within each
subset, which is typical in cross-validation.
Despite this, the ensemble model maintains
stable performance, as evidenced by three folds
yielding accuracies above 95%.

Overall, the visual result supports the
numerical findings presented earlier, confirming
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that the Voting Classifier delivers strong and
reliable sentiment classification performance
even when limited to non-textual, emoji-based
features.

4. DISCUSSION

The results obtained in this study
demonstrate that sentiment classification based
solely on emoji usage is not only feasible but can
also achieve a high level of accuracy. All three
tested models—Random Forest, SVM, and
Voting Classifier—produced consistent and
strong performance, with average accuracies
exceeding 93%. This confirms that emojis,
despite their simplicity and non-verbal nature,
carry significant emotional cues that can be
effectively leveraged for classification tasks.

Among the three models, the ensemble
approach using a Voting Classifier yielded the
best results. Its ability to combine the strengths
of both Random Forest and SVM enabled it to
achieve the highest average accuracy and strong
stability across all validation folds. This outcome
highlights the effectiveness of ensemble methods
in improving predictive performance, especially
in scenarios where the feature space is minimal
and symbolic, such as emoji sequences.

The importance of these findings lies in
the practical implication that sentiment analysis
systems do not always require complex language
processing pipelines. By focusing on a
lightweight input source like emojis, it is possible
to design models that are efficient in terms of
computation while still maintaining high
accuracy. This is particularly useful in
environments with resource constraints or where
input data is limited to short, informal messages
such as those found on social media platforms.
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Furthermore, the robustness of the
Voting Classifier across various data folds
implies that this approach can be generalized to
other emoji-rich datasets or even extended to
multilingual or cross-cultural contexts where
textual analysis may encounter limitations. The
results support the idea that visual-symbolic
communication, which is increasingly prevalent
in digital interactions, can be analyzed with the
same rigor as traditional text-based sentiment
analysis.

5. CONCLUSION

This study has successfully
demonstrated that sentiment classification based
solely on emojis can achieve high accuracy using
conventional machine learning techniques. By
transforming emoji characters into numerical
features via character-level Count Vectorizer and
applying classification models such as Random
Forest, Support Vector Machine, and Voting
Classifier, the system was able to perform
reliably in identifying emotional categories
within tweets.

The ensemble model using Voting
Classifier outperformed individual models,
achieving the highest average accuracy of
93.63% and showing stable performance across
all validation folds. This highlights the strength
of ensemble learning in  combining
complementary classifiers to enhance predictive
capability, especially in domains with symbolic
or non-verbal inputs.

One of the key advantages of the
proposed method lies in its simplicity and
efficiency. The system operates without the need
for complex text preprocessing or deep learning
architectures, making it suitable for real-time and
resource-constrained applications. In addition,
the focus on emojis as primary features addresses
the growing need for models that can handle
informal and visual modes of digital
communication.

However, the approach also has
limitations. The reliance solely on emoji input
may not fully capture nuanced sentiments
expressed in more complex messages, especially
those involving sarcasm or mixed emotions.
Furthermore, the model’s performance may vary
depending on the distribution and cultural
interpretation of emojis in different datasets.

Future development may include
integrating emoji features with minimal text
input to enhance context understanding,
experimenting with emoji embeddings or deep
learning methods such as attention mechanisms,
and testing the model across diverse social media
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platforms and languages. Such enhancements
could further improve accuracy and expand the
applicability of emoji-based sentiment analysis
in practical scenarios.

6. SUGGESTION

Based on the limitations identified in
this study, several directions for future research
are recommended. First, although the model
performed well using only emojis as input, future
studies may explore the integration of minimal
text-based features to capture more nuanced
sentiment, especially in cases where emojis are
used ambiguously or contextually.

Second, the use of character-level Count
Vectorizer could be enhanced by employing
more sophisticated representation techniques,
such as emoji embeddings or pre-trained vector
spaces specifically designed for emoji semantics.
This would allow models to learn more about the
relationships between emojis beyond simple
frequency counts.

Third, future research should consider
evaluating the model on larger and more diverse
datasets,  particularly  those  containing
multilingual content or region-specific emoji
usage. This will help determine the
generalizability of the proposed approach across
different cultural and linguistic contexts.

Lastly, incorporating deep learning-
based ensemble models, such as stacking or
blending, could be investigated to assess whether
more complex combinations of base classifiers
lead to further improvements in accuracy and
robustness.

These suggestions aim to address the
current limitations of the study and provide a
roadmap for enhancing the capability and
applicability  of  emoji-based  sentiment
classification models in subsequent research.
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