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Abstract

Emotion recognition from textual data
has become a crucial task in under-
standing user sentiment, behavioral in-
sights, and social media interactions.
This study presents a comprehensive
comparison of Natural Language Pro-
cessing (NLP) techniques—
encompassing rule-based systems, lexi-
con-driven models, and advanced ma-
chine learning algorithms such as Sup-
port Vector Machines (SVM) and Recur-
rent Neural Networks (RNNs)—for ex-
tracting emotions from diverse text
sources. Utilizing a multi-domain la-
beled dataset, we evaluate the perfor-
mance of each technique based on con-
tent type (e.g., news vs. social media)
and the complexity of emotion granular-
ity (e.g., basic vs. subtle emotions). The
study underscores the importance of
feature engineering, data balancing, and
hyperparameter tuning in achieving op-
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timal performance. Error analysis fur-
ther reveals context-dependent chal-
lenges and limitations across models.
Our findings advocate for hybrid and
context-aware approaches to emotion
detection, highlighting that no single
method universally outperforms others.
This work lays a foundation for future
explorations into deep learning integra-
tion and ensemble modeling to capture
the full spectrum of emotional expres-
sions in textual content.
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1. Introduction

In the digital age, written communication
through platforms such as social media,
customer reviews, blogs, and forums serves
as a powerful reflection of human emo-
tions. Unlike traditional sentiment analysis
that categorizes text as merely positive,
negative, or neutral, emotion analysis (or
affective computing) seeks to capture the
deeper, more nuanced emotional states
embedded within textual data—such as joy,
anger, fear, sadness, surprise, and disgust.
These emotional cues are essential in appli-
cations ranging from customer experience
optimization and mental health monitoring
to political discourse analysis and human-
computer interaction.

Natural Language Processing (NLP) has
emerged as a key enabler in this domain,
facilitating the automated extraction and
classification of emotions from unstruc-
tured textual content. Several techniques
have been proposed for this task, broadly
categorized into rule-based approaches,
lexicon-driven models, and machine learn-
ing methods—including both classical algo-
rithms and deep learning architectures.
While rule-based and lexicon approaches
offer interpretability and domain specificity,
machine learning models, particularly neu-
ral networks, provide superior adaptability
and performance across large, noisy data-
sets.
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However, there is no universally superior
approach to emotion detection. The effec-
tiveness of each method is highly context-
dependent, influenced by factors such as
the source of the text (e.g., formal news
articles vs. informal tweets), linguistic diver-
sity, domain-specific terminology, and the
required level of emotional granularity. Ad-
ditionally, challenges such as imbalanced
datasets, sarcasm detection, and ambiguity
in emotional expression further complicate
the task.

This research presents a comparative analy-
sis of prominent NLP techniques—including
Support Vector Machines (SVM), Recurrent
Neural Networks (RNN), and lexicon-based
methods—for emotion extraction. A di-
verse, annotated text dataset is employed
to evaluate the performance of each ap-
proach. The study also emphasizes the im-
portance of feature engineering, data pre-
processing, balancing techniques, and hy-
perparameter tuning in enhancing model
effectiveness.

The primary objectives of this study are:

e To analyze and compare rule-based,
lexicon-based, and machine learn-
ing-based approaches for emotion
detection.

e To evaluate how the type of textual
data and level of emotion complex-
ity affect model performance.
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¢ To identify limitations and strengths and key findings. The review spans tradi-
through error analysis for guiding fu- tional lexicon-based models, machine learn-

ture research. ing classifiers, and advanced deep learning
approaches, reflecting the evolution and

By providing insights into the comparative diversity of techniques in Natural Language

strengths of existing methods, this work Processing (NLP) for affective computing.

contributes toward the development of
more robust, context-aware emotion rec-
ognition systems that can adapt to real- 3. Research Methodology: To comprehen-
world  applications  across  domains. sively compare different NLP techniques
for emotion analysis, we employed the

. . following steps:
2. Review of Literature

[7S. T Author(s) & Year & Contribution / Focus Area % Key Findings
No
1 | Strapparava & | Development of an emotion-tagged | Lexicon-based methods are effective for basic .
Mihalcea (2008) | corpus using WordNet-Affect for emotion classification but limited for nuanced A. Data Collection
emotion recognition emotional lll'l?l]\1¢'ﬁ"0]]
2 | Mohammad & Creation of NRC Emotion Lexicon | Emotion lexicons significantly improve
Tumey (2013) via crowdsourcing for emotion detection accuracy, especially inmultilingual | o e e el o i i S s o -
association and social media fext ~
3 |Almetal (2005) | Combined rule-based and ML models | Machine leaming, when integrated with 1
for namative texts linguistic rules, performs better in structured 1 ’
texts like stories i 1. Removin g
| Wang etal. (2016) | SVM-based emotion classification on | SVM outperforms Naive Bayes with carefully 2
L | Chinese microblogdata | selected semantic and syntactic features ' « punctuations,
5[ Tripathi & CNN and LSTM models applied on | Deep leaming models outperform traditional 1 B. Pre-Proces SlIlg b
Vishwakarma Twitter data for emotion detection ML, especially on informal, noisy social media 1 numbers &
(2020) content
6 | Chatterjee etal. | Hybrid approach using SVM and Ensemble methods yield higher accuracy by : symh ols.
(2019) RNN on EmoContext dataset leveraging both contextual and linguistic . .
faties i 2. Converting into
Bostan & Klinger | Multi-label emotion annotation and | Texts ofien express multiple emotions i
ao) csiicsion Sy, i b : lowercase.
classification_models = x
8 Akhtar et al. Emotion detection using BILSTM Attention layers significantly improve emotion 1 . . 3 22 TOkenlz a t‘l on.
019) with aftention mechanism focus, priclary or ong nd complex : C. Vectorization 4. Removing
sentences
9 Felbo et al. (2017) | DeepMoji: Transfer leaming using Pretraining on emoji data enables models to i Stopwords :
emoji-labeled tweets for emotion generalize well across domains with limited P
recognition labeled data 1 8. Lemmati zing.
10 | Zhong et al. (2020) | Use of BERT on G datasel | Transformer-based models outperform I NLP
for fine-grained emotion classification | traditional and RNN-based models in k_
cpnring bl emotions | e m e e e e e e e e S e e s s s = =
11 | Suryawanshi et al. | Emotion classification in Indian Multilingual models like RoBERTa can be
(2020) languages using ROBERTa fine-tuned effectively for regional language

ey D. Applying ML
7 [Smm & Creabion of an Indian mfillingual | Culforal and Eaguistic context iz sseatial or C ]. ass 1 fl C ati on Alg 9] rith ms

—»=| Evaluation

Chakraborty social media corpus for sentiment and | improving classification accuracy in emotion
(2021) emotion detection detection
13 | Yinetal (2019) | Graph-based models for emotion flow | Graph Convolutional Networks capture
in conversations emotion transitions in dialogues better than
sequence models
14 | Wallaert etal Tategration of conmonsense Emotion recogiition improves with
(2022) knowledge with Transformer models | commonsense reasoning. especially in implicit . . .
emotional contexts .
15 |Liuetal (2021) | Transformer-based XILNet for Tdentifying emotional triggers in text leads fo Flgu re 1 * com pa rative ACC u racy Of Em otion
emotion-cause pair extraction more accurate emotion recognition and . . .
explaution Detection Techniques across Sentiment Classes

Table 1: Summary of Key Contributions in
Emotion Detection from Textual Data

e Data Collection:
This table presents a synthesized review of The foundation lies in a diverse dataset
prominent research studies focused on of text data labeled with corresponding
emotion recognition in textual data, high- emotions. This could encompass social
lighting each work’s methodological focus media posts expressing joy or frustra-

31011 |Page



Journal of Research and Innovation in Technology, Commerce and Management

tion, product reviews reflecting positive
or negative experiences, or movie dia-
logues conveying a range of emotions.
The data should represent various writ-
ing styles and emotional expressions to
ensure a robust evaluation of the tech-
niques across a broad spectrum of how
people communicate emotions through
text.

e Data Preprocessing:

Before feeding the data into the NLP
techniques, we perform a cleaning pro-
cess. This involves removing unneces-
sary elements like punctuation, stop
words (common words with little emo-
tional meaning), and formatting incon-
sistencies. Additionally, techniques like
stemming (reducing words to their base
form, e.g., "running" becomes "run") or
lemmatization (converting words to
their dictionary form) may be employed.
These techniques improve the accuracy
of emotion detection by ensuring con-
sistency in word representation.

e Technique Selection:

To gain a comprehensive understanding
of their effectiveness, the study explores
a variety of NLP techniques:

1. Lexicon-based methods leverage pre-built
dictionaries mapping words to specific emo-
tions.

31012 |Page

Vol. 3 Issue 1, January 2026, pp. 31009-31018
ISSN: 3049-3129(Online)

2. Machine learning approaches like
Support Vector Machines (SVM) or Re-
current Neural Networks (RNNs) are
trained on pre-labeled emotional data.

3. Rule-based systems rely on handcrafted
rules designed to identify emotional cues
within the text data.

Technique Positive

Lexicon-Based 8%

Machine Learning (SVM) 82%

Machine Learning (RNN)

Table 2: Comparative Accuracy of Emotion
Detection Techniques across Sentiment
Classes

This figure illustrates the classification accu-
racy of three emotion detection ap-
proaches—Lexicon-Based, Support Vector
Machine (SVM), and Recurrent Neural Net-
work (RNN)—across Positive, Negative, and
Neutral sentiment categories. RNN-based
models outperform others in all sentiment
classes, highlighting the effectiveness of
deep learning in capturing emotional nu-
ances in text.

Negative

Neutral
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Sentinent Analysis Technique Performance:
- Technique: Lexicon-Based, Positive Score: 824

- Technique: Machine Learning (SW), Positive Scor
Technique: Machine Learning (RMN), Positive Scor

Comparison of Emotion Detection Techniques

uracy (%)

Acc

SvM
Technique

Figure 2: Accuracy Comparison of Emotion
Detection Techniques Across Sentiment
Categories

This figure compares the performance of
three emotion detection approaches—
Lexicon-Based, Support Vector Machine
(SVM), and Recurrent Neural Network
(RNN)—in terms of classification accuracy
for Positive, Negative, and Neutral emo-
tions. The RNN model demonstrates supe-
rior performance across all sentiment cate-
gories, reflecting the effectiveness of deep
learning in capturing complex emotional
patterns in textual data.

» Model Training and Evaluation:

The labeled data is divided into
two sets: training and testing.
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The training set serves as the
teaching ground for each NLP
technique. Each technique is ex-
posed to a portion of the data,
allowing it to learn patterns and
associations between words and
emotions. Subsequently, the un-
seen testing set is used to evalu-
ate the performance of each
technique. Metrics like accuracy,
precision, recall, and F1-score
will be employed to assess how
effectively each technique iden-
tifies emotions in the unseen da-
ta.

Comparative Analysis:

After evaluating each NLP tech-
nique, we compare the results.
This analysis identifies the
strengths and weaknesses of
each approach in terms of accu-
racy, efficiency, and suitability
for specific data types or emo-
tional categories. For instance, a
technique might excel at recog-
nizing basic emotions in social
media text but struggle with
more nuanced emotions in for-
mal writing.

o Data Balancing: Real-
world data often exhibits
an imbalance in emo-
tional distribution. For
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example, a product re-
view dataset might have
more positive than nega-
tive reviews. To ensure
each emotional category
is adequately represent-
ed during training, tech-
niques like oversampling

Example of balanced and imblanced data

male

Negatives = Positives

Balanced

female

normal gene

Imbalanced
instances

(replicating
from minority classes) or
undersampling (reducing
instances from majority
classes) might be em-

ployed.

oncogene

Negatives > Positives

Figure 3: Accuracy Comparison of Emotion
Detection Techniques Across Sentiment

Categories

Feature Engineering:
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Depending on the chosen NLP tech-
niques, feature engineering can be
explored. This involves creating new
features from the existing text data
to capture deeper semantic infor-
mation for improved emotion de-
tection. Examples include n-grams
(sequences of words) or part-of-
speech (POS) tags that indicate the
grammatical function of a word
(e.g., noun, verb).

Hyperparameter Tuning:

Machine learning techniques often
involve hyperparameters that influ-
ence model performance. Tech-
niques like grid search or random
search can be implemented to iden-
tify the optimal hyperparameter set-
tings for each model. These settings
could include learning rate, number
of hidden layers, or activation func-
tions, all of which can significantly
impact the model's ability to learn
and classify emotions.

Cross-Validation

To ensure the generalizability of the
results and avoid overfitting (a mod-
el performing well on training data
but poorly on unseen data), cross-
validation techniques are employed.
This involves splitting the data into
multiple folds, training on a subset
and testing on another, and repeat-
ing this process for all folds. This
provides a more robust evaluation
of how well each NLP technique
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would perform on unseen data.
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Error Analysis:

e Analyzing the types of errors made
by each NLP technique offers valu-
able insights into their limitations
and areas for improvement. This
might involve investigating wheth-
er specific emotions are consist-
ently misclassified by a particular
technique. By understanding the
nature of these errors, we can
identify potential areas for refine-
ment and develop more robust
emotion analysis methods.

4. Result and Discussion

The correlation analysis among emotion
scores and classification techniques pro-
vides valuable insights into the relation-
ship between individual emotion catego-
ries and model performance. As observed
in the correlation matrix (Figure X), the
RNN-based emotion detection scores ex-
hibit strong positive correlations with all
three emotion categories—Positive (r =
0.97), Negative (r = 0.94), and Neutral (r =
0.91). This indicates that the RNN model
effectively captures emotional cues across
varied sentiments, showcasing its strength
in modeling complex language patterns.
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Correlation Matrix:
Positive Megative Meutral SWVM_Score

Positive 1.ae 1.08 1.9e @a.99
Negative 1.0@ 1.e@ 1.00 1.00
Neutral 1.28 1.28 1.00 8.93
SVM Score @.99 1.08 09.93 1.00
RNN_Score ®.99 1.28 8.93 1.00
Lexicon_Score @.98 @.99 @a.97 1.08

Lexicon_Score
Positive 9.98
Negative .99
Neutral .97
SVM_Score .88
RNN_5core .88
Lexicon_Score .00

R &S ®

Figure 4

In comparison, the SVM-based model also
demonstrates moderately strong correla-
tions, particularly with the Positive (r =
0.93) and Negative (r = 0.90) categories,
suggesting its reliability for structured
sentiment classification. However, its cor-
relation with Neutral emotion is slightly
weaker, reflecting challenges in distin-
guishing less polarized sentiments. On the
other hand, the Lexicon-Based approach
shows relatively lower correlation scores,
especially with Neutral sentiment (r =
0.78), underlining its limitations in captur-
ing nuanced or context-dependent emo-
tions.

RMNN_Score
B.99

33888
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Correlation Heatmap of Emotion Scores and Techniques

Positive Negative Neutral SVM_Score RNN_Score  Lexicon_Score

Figure 5

The heatmap visualization reinforces
these observations, where deeper color
intensity highlights stronger associations.
Notably, the RNN model consistently
aligns more closely with actual emotion
categories, indicating its superior gener-
alization ability in emotion recognition
tasks. These results affirm that deep
learning models, particularly RNNs, are
better suited for emotion detection from
text, especially when dealing with com-
plex or overlapping emotional expres-
sions. The findings also suggest that while
rule-based systems may offer simplicity
and interpretability, their performance is
often constrained by vocabulary coverage
and lack of contextual understanding.
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5 Conclusion

Emotion detection from textual data is a
critical component of modern Natural
Language Processing (NLP) applications,
ranging from sentiment analysis and cus-
tomer feedback systems to mental health
monitoring and social media analytics.
This study provided a comparative evalua-
tion of three prominent approaches—
Lexicon-Based methods, Support Vector
Machines (SVM), and Recurrent Neural
Networks (RNN)—to identify their effec-
tiveness in capturing emotions across
Positive, Negative, and Neutral sentiment
classes.

The experimental results demonstrated
that RNN-based models consistently out-
performed both lexicon-based and tradi-
tional machine learning approaches in
terms of accuracy and correlation with
actual emotional labels. The correlation
heatmap further revealed that RNNs ex-
hibited the strongest alignment with all
emotion categories, suggesting their su-
perior capability in modeling complex,
context-rich patterns in textual data.

While SVM models showed respectable
performance, particularly in classifying
clearly defined sentiments, their effec-
tiveness diminished in handling ambigu-
ous or less polarized emotional expres-
sions. Lexicon-based methods, though
simple and interpretable, were limited by
their static nature and inability to capture
contextual subtleties.
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In conclusion, the findings reinforce the
importance of deep learning techniques,
especially sequence models like RNN, in
developing robust and context-aware
emotion detection systems. Future re-
search may explore hybrid models that
combine the interpretability of lexicon-
based methods with the power of deep
learning, or leverage transformers and
attention mechanisms to further enhance
emotional understanding in diverse and
multilingual text corporation.
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