
International Journal of Engineering & Extended Technologies Research (IJEETR) 

                     | ISSN: 2322-0163 | www.ijeetr.com | A Bimonthly, Peer Reviewed, Scholarly Indexed Journal | 

| Volume 8, Issue 2, March - April 2026 | 

DOI:10.15662/IJEETR.2026.0802447 

IJEETR©2026                                                         |     An ISO 9001:2008 Certified Journal   |                                                 4422 

 

Advanced Sentiment Analysis using Neural 

Networks for Understanding Human Emotions 
 

Mr. E Loganathan, Mr. E Loganathan, Madhankumar S, Salamuddin Ansari 

Department of Computer Science and Engineering, Erode Sengunthar Engineering College, Erode, Tamil Nadu, India 

 

Publication History: Received: 25.02.2026; Revised: 20.03.2026; Accepted: 25.03. 2026; Published: 28.03.2026. 

 

ABSTRACT: Sentiment analysis is an important task in natural language processing that aims to identify human 

emotions from textual data such as emails, letters, and online messages. This paper presents an advanced deep 

learning–based sentiment analysis system to classify emotions including happiness, sadness, anger, and fear. The 

proposed approach employs neural network models such as Long Short-Term Memory (LSTM) and transformer-based 

architectures to capture contextual and semantic relationships in text. Preprocessing techniques are applied to enhance 

data quality and improve model performance. Experimental results demonstrate that the proposed system achieves 

higher accuracy and reliability compared to traditional machine learning methods. The system can be effectively 

applied in customer feedback analysis, human resource management, and mental health monitoring. 
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I. INTRODUCTION 

 

The rapid expansion of digital communication platforms has led to an exponential increase in textual data generated 

through emails, social media, online reviews, and feedback systems. Understanding the emotions and opinions 

expressed in this data has become increasingly important for organizations, researchers, and decision-makers. 

Sentiment analysis, also known as opinion mining, is a key area of natural language processing (NLP) that focuses on 

identifying and classifying emotions, attitudes, and subjective information from text. 

 

Early sentiment analysis approaches relied on rule-based methods and traditional machine learning algorithms such as 

Naïve Bayes and Support Vector Machines (SVM). Although these techniques achieved reasonable performance, they 

struggled to capture contextual meaning, word dependencies, and subtle emotional expressions present in human 

language. These limitations motivated the adoption of deep learning techniques, which have shown significant 

improvements in text understanding and classification tasks. 

 

1.1 DEEP LEARNING 

Deep learning is a subset of machine learning that uses multi-layered neural networks to automatically learn complex 

patterns from large volumes of data. In sentiment analysis, deep learning models effectively capture semantic meaning, 

contextual relationships, and emotional cues present in textual data. Popular architectures such as Convolutional Neural 

Networks (CNN), Long Short-Term Memory (LSTM), and transformer-based models like BERT have significantly 

improved sentiment classification accuracy. These models enable robust and scalable emotion detection for real-world 

applications. 

 

1.2NEURAL NETWORK ALGORITHM APPROACH 

The neural network algorithm approach is employed to classify human emotions from textual data with high accuracy. 

Initially, the input text is preprocessed through tokenization, stop-word removal, and normalization to reduce noise and 

improve data quality. The processed text is then converted into numerical representations using word embeddings. 

A deep learning model such as Long Short-Term Memory (LSTM) is used to capture sequential dependencies and 

contextual information within the text. The hidden layers of the network learn complex linguistic patterns related to 

emotional expressions. The output layer applies a Softmax activation function to classify the text into predefined 

sentiment categories such as positive, negative, or neutral. 

 

The model is trained using labeled datasets and optimized by minimizing the cross-entropy loss function. 

Backpropagation and gradient descent techniques are applied to update network parameters. This neural network-based 

approach provides improved accuracy, scalability, and robustness compared to traditional sentiment analysis methods. 
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II. LITERATURE REVIEW 

 

Sentiment analysis has been widely studied in the field of natural language processing due to its importance in 

understanding human emotions and opinions expressed in text. Early research focused on lexicon-based and traditional 

machine learning approaches such as Naïve Bayes, Support Vector Machines (SVM), and Decision Trees. These 

methods relied on handcrafted features and sentiment dictionaries, which limited their ability to capture contextual 

meaning and complex emotional expressions. 

 

With the advancement of deep learning, neural network-based approaches have significantly improved sentiment 

classification performance. Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM) models were 

introduced to address the limitations of traditional methods by capturing long-term dependencies in text sequences. 

Studies have shown that LSTM-based models outperform conventional classifiers, especially in handling sequential 

and context-dependent data. 

 

Convolutional Neural Networks (CNN) have also been applied to sentiment analysis by extracting local features from 

text and identifying important n-gram patterns. Hybrid models combining CNN and LSTM have demonstrated 

improved accuracy by leveraging both spatial and temporal features. These approaches have been effective in analyzing 

sentiment from reviews, social media posts, and customer feedback. 

 

More recently, transformer-based models such as Bidirectional Encoder Representations from Transformers (BERT) 

have achieved state-of-the-art results in sentiment analysis tasks. BERT utilizes self-attention mechanisms to 

understand bidirectional context, enabling more accurate emotion detection. Despite their high performance, 

transformer models require significant computational resources, which can limit their deployment in resource-

constrained environments. 

 

Although existing research demonstrates the effectiveness of deep learning techniques for sentiment analysis, 

challenges remain in handling noisy data, multilingual text, and domain-specific emotions. This study aims to address 

these challenges by implementing an advanced neural network-based sentiment analysis system optimized for emotion 

detection in textual communication such as emails and letters. 

 

III. EXISTING SYSTEM 

 

Existing sentiment analysis systems primarily rely on traditional machine learning and lexicon-based approaches to 

identify emotions from textual data. These systems use predefined sentiment dictionaries or handcrafted features such 

as bag-of-words and n-grams to classify text into positive, negative, or neutral categories. Algorithms such as Naïve 

Bayes, Support Vector Machines (SVM), and Decision Trees are commonly employed due to their simplicity and low 

computational cost. 

 

While these methods provide reasonable accuracy for simple sentiment classification tasks, they struggle to capture 

contextual meaning, sarcasm, and complex emotional expressions present in natural language. The performance of 

existing systems heavily depends on feature engineering and domain-specific lexicons, making them less adaptable to 

diverse datasets. Additionally, traditional models often fail to handle long-term dependencies in text, leading to 

misclassification of emotions. 

 

Most existing systems also lack scalability and robustness when processing large volumes of unstructured data such as 

emails and user feedback. As a result, their effectiveness is limited in real-world applications that require high accuracy 

and deeper emotional understanding. These limitations highlight the need for advanced deep learning-based sentiment 

analysis approaches. 

 

IV. PROPOSED SYSTEM 

 

The proposed system introduces an advanced sentiment analysis framework based on deep learning techniques to 

accurately identify and classify human emotions from textual data such as emails and letters. Unlike traditional 

approaches, the system leverages neural network models to capture contextual and semantic relationships within text, 

enabling more precise emotion detection. 
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4.1 DATASET COLLECTION 

The dataset used in this study consists of textual data collected from publicly available sentiment analysis sources, 

including online reviews, emails, and user feedback datasets. The collected data contains labeled sentiment classes such 

as positive, negative, and neutral emotions. To ensure data quality, duplicate and irrelevant entries are removed during 

preprocessing. 

The dataset is divided into training and testing sets to evaluate model performance effectively. Text samples are 

preprocessed to remove noise and normalize content before being used for model training. This curated dataset enables 

the deep learning model to learn meaningful emotional patterns and improves classification accuracy. 

 

4.2 PRE-PROCESSING 

Pre-processing is an essential step in sentiment analysis to enhance data quality and improve model accuracy. The input 

text is cleaned by removing punctuation, special characters, and irrelevant symbols. Tokenization and stop-word 

removal are performed to eliminate unnecessary words. The text is normalized by converting it to lowercase and 

applying stemming or lemmatization. Finally, the processed text is transformed into numerical vectors using word 

embeddings for deep learning model input. 

 

4.3 MODEL DEPLOYMENT 

Model deployment involves integrating the trained sentiment analysis model into a real-world application environment. 

The finalized deep learning model is exported and deployed using a suitable framework to enable real-time emotion 

prediction on incoming text data. During deployment, the same preprocessing steps used during training are applied to 

ensure consistency and accuracy. The deployed system allows users to submit textual input and receive sentiment 

predictions efficiently. This deployment approach supports scalability and practical use in applications such as 

customer feedback analysis and human resource communication. 

 

4.4 FEATURES EXTRACTION 

Feature extraction is a vital step in sentiment analysis that converts textual data into meaningful numerical 

representations. In the proposed system, word embedding techniques such as Word2Vec, GloVe, or contextual 

embeddings from models like BERT are used to capture semantic and syntactic information. These embeddings 

represent relationships between words and preserve contextual meaning within sentences. The extracted features are 

then provided as input to the deep learning model for emotion classification. Effective feature extraction significantly 

improves model accuracy and robustness. 

 

FIGURE 1 ARCHITECTURE DIAGRAM 

 

 
 

 

4.5ALGORITHM DETAILS 

A Convolutional Neural Network (CNN) is a specialized type of deep learning model designed to extract meaningful 

patterns from data. In sentiment analysis, CNN is used to capture local features such as key phrases and n-gram patterns 

from text embeddings. CNN learns important features automatically through convolution and pooling layers and is 

effective in identifying sentiment-related patterns in sentences. 
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CNN architecture 

Input layer 

Input layer 

input_layer = Input(shape=(max_sequence_length, embedding_dim)) 

 

Convolutional layers 

conv1 = Conv1D(filters=128, kernel_size=3, activation='relu')(input_layer) 

conv2 = Conv1D(filters=64, kernel_size=5, activation='relu')(conv1) 

 

MaxPooling layer 

pooling1 = MaxPooling1D(pool_size=2)(conv2) 

 

Flatten layer 

flatten = Flatten()(pooling1) 

 

Fully connected layers 

dense1 = Dense(units=128, activation='relu')(flatten) 

output_layer = Dense(units=num_classes, activation='softmax')(dense1) 

 

V. RESULT ANALYSIS 

 

The proposed sentiment analysis system uses a hybrid deep learning model combining CNN and LSTM to classify 

emotions from textual data. The model is trained on customer reviews and feedback datasets after preprocessing and 

feature extraction. The CNN component effectively extracts local features and key phrases, while the LSTM 

component captures sequential dependencies and contextual meaning. This combined architecture enhances the 

accuracy of emotion detection, especially for longer text samples. 

 

The system demonstrates strong capability in detecting positive, negative, and neutral sentiments from customer 

reviews. 

 

PRECISION 

Precision is a performance metric used in classification tasks to measure the accuracy of positive predictions. It is 

defined as the ratio of correctly predicted positive instances to the total number of instances predicted as positive. 

Precision is important in sentiment analysis to evaluate how accurately the model identifies a specific emotion (e.g., 

positive or negative) without producing many false positives. 

 

Precision 

Precision measures the accuracy of positive predictions. 

Precision = 𝑇𝑃𝑇𝑃 + 𝐹𝑃 

 

Recall 

Recall quantifies the proportion of true positives that were correctly detected. 

Recall = 𝑇𝑃𝑇𝑃 + 𝐹𝑁 

Accuracy 

Accuracy measures the overall correctness of the model across all classes. 

Accuracy = 𝑇𝑃 + 𝑇𝑁𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁 

F1-Score 

F1-score balances Precision and Recall, providing a single measure that considers both false positives and false 

negatives. 

F1-score = 2 × Precision × Recall
Precision + Recall
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algorithm accuracy 

SVM 75 

CNN 88 

 

Table 1. Comparison table 

 

 
Figure 2. Comparison graph 

 

The comparison table presents the accuracy of different models used for sentiment analysis. Traditional machine 

learning models such as Naïve Bayes and SVM show moderate performance due to their limited ability to capture 

contextual and sequential information in text. Deep learning models like CNN and LSTM demonstrate improved 

accuracy because they can learn complex patterns and dependencies from textual data.. 

 

VI. CONCLUSION 

 

This paper presented an advanced sentiment analysis framework using deep learning techniques to automatically detect 

human emotions from textual data. The proposed hybrid model combining CNN and LSTM demonstrated superior 

performance compared to traditional machine learning approaches, due to its ability to extract meaningful features and 

capture contextual dependencies.The experimental results show that the proposed system achieves high accuracy and 

reliable emotion classification, making it suitable for real-world applications such as customer feedback analysis, HR 

communication, and mental health monitoring.  
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