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Abstract—In the burgeoning field of natural language
processing, emotion classification from textual data has
emerged as a critical task with applications ranging from
sentiment analysis to mental health assessment. This paper
explores the utilization of Convolutional Neural Networks
(CNNs), traditionally dominant in image processing, for
classifying emotions in text. Our proposed CNN model
leverages the inherent hierarchical structure of language to
identify and learn emotion-specific features, with an emphasis
on capturing contextual n-grams through convolutional filters.
The approach is substantiated by a comprehensive dataset,
subjected to rigorous preprocessing and vectorization via TF-
IDF to convert text into a numerical format suitable for deep
learning. The model's architecture is meticulously crafted,
incorporating convolutional layers followed by global max
pooling and dense layers, culminating in a softmax activation
function tailored for multi-class classification. Our findings
demonstrate the model's robustness, achieving a notable
accuracy of 96.08% on the test set. This high level of precision
is further corroborated by the Receiver Operating
Characteristic (ROC) analysis, revealing exceptional area
under the curve (AUC) values across various emotion
categories. The results suggest that CNNs hold significant
promise for emotion recognition tasks in textual data,
providing an effective framework for future explorations in the
domain.
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I. INTRODUCTION

Emotion classification in text is a pivotal task in the field
of natural language processing (NLP) that has garnered
considerable attention in recent years [1], [2] . The ability to
accurately discern emotions from text has profound
implications across a myriad of applications, from
enhancing user experience in digital assistants to monitoring
mental health through social media analysis [3], [4]. With
the exponential increase in digital textual content, the need
for automated emotion recognition systems has become ever
more pressing [S]-[7].
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Deep learning has revolutionized the landscape of NLP,
offering powerful tools that excel in capturing complex
patterns in data [8]. Convolutional Neural Networks
(CNNs), in particular, have shown exceptional performance
in various NLP tasks, traditionally being the go-to model for
image classification and computer vision [9], [10]. The
adaptation of CNNs for text-related tasks is not
straightforward, given the sequential nature of language as
opposed to the spatial structure of images. However, the
application of CNNs to text has proven to be effective,
especially due to their ability to act as feature extractors for
local dependencies, analogous to n-grams in language
processing [11].

The challenges of text classification are multifaceted,
stemming from the intricacies of human language, including
ambiguity, context-sensitivity, and the vast variety of
linguistic expressions [12]. Emotion classification, in
particular, requires discerning subtle cues that signal
affective states, a non-trivial task even for humans [13].
CNNs have the potential to address these challenges by
employing multiple convolutional filters that can detect
emotional indicators across different regions of text,
effectively learning emotion-specific n-gram
representations.

Existing literature indicates that while recurrent neural
network (RNN) models, and their variants like LSTM (Long
Short-Term Memory) [14] and GRU (Gated Recurrent Unit)
[15], are intuitively suited for sequential data, CNNs can
achieve comparable or even superior results in certain text
classification benchmarks. This is attributed to their ability
to capture local contextual features through the application
of convolutional filters, thereby efficiently encoding
meaningful n-gram features from text [16].

Our approach builds upon these findings, employing a
CNN architecture specifically designed for the task of
emotion classification. We investigate the model's capacity
to extract relevant features from text data, leveraging the
TF-IDF vectorization method to prepare the input for our
deep learning model. By conducting extensive experiments
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and evaluations, we aim to demonstrate the viability of
CNNs in accurately classifying a wide array of emotions in
textual data.

The contributions of this paper are twofold: Firstly, we
present a CNN model optimized for emotion classification
in text, highlighting its design and implementation nuances.
Secondly, we provide an empirical analysis of the model's
performance, underpinned by a detailed ROC curve analysis
for each emotion class, substantiating the model's efficacy in
distinguishing between different emotional states.

The rest of the paper is organized as follows: Section 2
reviews related work in the field of emotion classification
and CNN applications in NLP. Section 3 describes the
methodology, including data preprocessing, model
architecture, and training procedures. Section 4 presents the
experimental results and discusses the ROC curve analysis.
Finally, Section 5 concludes the paper and suggests
directions for future research.

II. METHODOLOGY

This study leverages a dataset specifically curated for the
task of emotion classification in text, originating from a
diverse collection of online sources to encapsulate a broad
spectrum of emotional expressions. The dataset encompasses
839,555 entries, each entry labeled with one of 13 distinct
emotions, ensuring a comprehensive representation of
affective states. The textual data within this dataset has been
derived from social media, blogs, and other internet forums,
providing a rich variety of linguistic contexts [17]-[19].

The preprocessing of the dataset is a multi-step process
designed to transform raw text into a structured format
amenable to machine learning algorithms. Initially, all text
data undergoes cleaning which includes lowercasing,
removal of numeric digits, and elimination of punctuation
marks — a procedure consistent with best practices in NLP
[20]-[22]. Following cleaning, tokenization is performed to
segment text into individual words or tokens, facilitating the
subsequent analysis of the data [23].

Subsequent to preprocessing, the Term Frequency-
Inverse Document Frequency (TF-IDF) vectorization is
applied to the tokenized text. This technique not only
quantifies the frequency of each word within a document but
also offsets this frequency by the word's prevalence across all
documents, thereby accentuating words that are uniquely
indicative of certain emotions while diminishing the impact
of common words [24]. This results in a high-dimensional
sparse matrix that embodies the significance of words within
the corpus.

The dataset is partitioned into training and testing
subsets, following an 80-20 split ratio, a standard approach in
machine learning for model validation [25]. This separation
ensures that the model's performance is evaluated on
previously unseen data, thereby providing a measure of its
generalizability.

The architecture of the CNN used in this study is
deliberately designed for text classification. It begins with an
embedding layer, which maps each token to a high-
dimensional vector space, capturing the semantic
relationships between words [26]. The convolutional layer
follows, employing multiple filters to extract local features —
analogous to n-grams — from the embedded word vectors.
These features are then processed by a global max pooling

layer that distills the most salient information into a fixed-
size output, which is crucial for managing variable-length
texts [27].

The subsequent layers are fully connected layers that
culminate in a softmax output layer. The softmax function is
applied to convert the outputs into probabilities, with each
neuron corresponding to one of the emotion classes in the
dataset. The model's objective is to minimize the cross-
entropy loss function, which quantifies the difference
between the predicted probability distribution and the true
distribution [28], [29]. For optimization, the Adam optimizer
is utilized due to its efficiency in handling sparse gradients
and its adaptive learning rate capabilities [30].

Collectively, these elements form a methodology
grounded in established NLP techniques and deep learning
architectures. This study seeks to not only apply these
methods but also contribute to the ongoing discourse on their
applicability and optimization in the domain of text-based
emotion classification.

III.  FINDINGS AND DISCUSSION

The experimentation phase was meticulously planned to
provide a comprehensive evaluation of the Convolutional
Neural Network's (CNN's) performance on the emotion
classification task. The training process was conducted on a
high-performance computing environment to accommodate
the computational demands of deep learning. The CNN
model was implemented using Keras with TensorFlow as the
backend.

A. Training Process and Hyperparameters

The model was trained using a batch size of 64, a
common choice that balances the need for computational
efficiency and the benefits of stochastic gradient descent
[31]. The number of epochs was set to 5 after preliminary
experimentation indicated diminishing returns on accuracy
with additional epochs. This early stopping approach helped
mitigate overfitting while ensuring the model's generalization
ability [32]. The learning rate was managed adaptively by the
Adam optimizer, eliminating the need for manual tuning
[33].

B.  Model Performance and Accuracy

Upon completion of the training process, the model
achieved a noteworthy accuracy of 96.08% on the test set.
This high level of accuracy is indicative of the model's
ability to accurately capture and classify the underlying
emotional tones within the textual data. Visualization
Interpretation.

C. Receiver Operating Characteristic (ROC) Curve
Analysis

The ROC curve analysis provided a more nuanced
perspective on the model's performance [34]. The ROC
curves for each of the 13 classes depicted in Figure 1
illustrate the model's classification efficacy. AUC values
were exceptionally high for all classes, with the majority of
them approaching 1.00, indicating an almost perfect
classification. Classes with AUC scores of 1.00 demonstrate
that the model has perfect sensitivity and specificity,
effectively distinguishing the given emotion from others. The
lowest AUC score observed was 0.99, still reflecting a high
classification performance.
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These AUC values, particularly in a multi-class setting,
underscore the robustness of the CNN model in
distinguishing between various emotional states in text. It is
worth noting that such high AUC values across all classes
are relatively rare in multi-class classification tasks and point
to the efficacy of the feature extraction capabilities of the
convolutional layers, which were able to isolate the defining
n-gram features of each emotion category effectively.

The results of the ROC curve analysis are visually
summarized in Figure 1, attached at the end of this paper.
The curves demonstrate the model's consistent performance
across all classes, providing visual affirmation of the
quantitative results.
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Fig. 1. ROC Curves for Emotion Classification

L DISCUSSION

The interpretative analysis of the results obtained from
the CNN model offers insightful revelations into its
discriminative capacity across various emotional classes. The
nuanced performance of the CNN on different emotion
classes, as evidenced by the high accuracy and AUC values,
merits a deeper examination to understand the model's
internal dynamics and the implications for emotion
classification tasks.

The near-perfect AUC values across most classes suggest
that the model has learned highly discriminative features for
those emotions. For instance, emotions such as joy or
sadness often exhibit distinct linguistic patterns, which can
be effectively captured by the model's convolutional filters as
unique n-gram features. This distinction is reflected in the
high AUC values, signifying that the model can effectively
segregate these emotions from others.

Conversely, more nuanced emotions or those that share
common lexical ground with other emotional states may
present greater challenges to the model. However, even in
these instances, the lowest AUC value recorded was 0.99,
denoting that the CNN's capability to differentiate is robust,
even for subtle emotional distinctions. Such an outcome can
be attributed to the depth and breadth of the feature maps
created by the CNN, which encapsulate contextual

information that is crucial for identifying less pronounced
emotional expressions.

Classes with AUC scores equating to 1.00 signify the
model's impeccable precision and recall. In practical terms,
this indicates that the model makes virtually no false positive
or false negative errors for these classes. The reasons behind
such high performance could be manifold. Firstly, the dataset
may contain very distinctive and well-represented patterns
for these emotions, which the CNN has capitalized on during
training. Secondly, the architecture of the CNN, particularly
the size and number of filters, may be well-suited to the n-
gram patterns that signify these emotions [35].

The findings indicate that CNNs can be potent models for
emotion classification in text, even in the face of the inherent
complexities of human language and emotional expression.
The robustness of the CNN model against overfitting, along
with its capacity to generalize across diverse linguistic
expressions of emotion, suggest its applicability in a range of
real-world scenarios, from analyzing social media sentiments
to enhancing human-computer interaction.

II.  COCLUSION

The research presented in this paper provides compelling
evidence of the capability of Convolutional Neural Networks
(CNNs) in the domain of text-based emotion classification.
The CNN model showcased a high accuracy rate of 96.08%
on the test set, with Receiver Operating Characteristic (ROC)
curves further substantiating its efficacy through impressive
area under the curve (AUC) values for each emotion class.
The almost perfect AUC scores point towards an exceptional
ability of the model to differentiate between the nuanced
emotional categories present in the data. The significance of
these findings is manifold. For one, it affirms the hypothesis
that CNNSs, a class of deep learning architectures renowned
for their performance in image analysis, are equally potent in
parsing and understanding textual data when appropriately
adapted. The model's nuanced understanding of the data is
evidenced by its precise classification across a spectrum of
emotions, underlining the potential of CNNs in capturing the
complex patterns that characterize human language and
sentiment. The consistency in performance across different
emotion classes also suggests that the CNN was successful in
identifying distinctive textual features associated with each
emotion. This is indicative of the richness of the feature
representations learned through the convolutional layers,
which serve as a testament to the robustness of CNNs in
handling the subtleties of natural language. However, the
study is not without its limitations. The scope of emotion
classification could be expanded by exploring the effects of
different network architectures, hyperparameters, or even
unsupervised pre-training methods. Furthermore, the
integration of other forms of data, such as emoji or
punctuation patterns, might provide additional contextual
cues that could enhance classification performance. Future
work will aim to build upon the foundation laid by this study.
One avenue of exploration could involve implementing
attention mechanisms or incorporating recurrent layers to
better capture long-range dependencies in the text, which
could provide a more nuanced understanding of the context.
Another promising direction could be the application of
transfer learning, employing models pre-trained on large
corpora to further improve classification accuracy and
efficiency. Moreover, the exploration of cross-linguistic
models that can classify emotions in multilingual datasets
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would be invaluable, expanding the model's applicability and
utility in global, diverse linguistic landscapes. Finally, future
iterations of this work could benefit from a deeper dive into
the interpretability of the model, seeking to elucidate how the
CNN makes its decisions and which features it deems most
salient—a step towards demystifying the often opaque nature
of deep neural networks.
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