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Abstract. The rapid growth of social media platforms has generated massive volumes of unstructured textual data 

containing valuable information about public opinions and sentiments. Extracting meaningful insights from this 

data has become increasingly important for decision-making in various domains, including business, politics, and 

social analysis. This study aims to evaluate the effectiveness of deep learning techniques for sentiment analysis of 

social media data, focusing on Convolutional Neural Networks (CNN), Long Short-Term Memory (LSTM), and a 

hybrid CNN-LSTM model. A quantitative experimental approach is employed, where datasets are preprocessed 

through text cleaning, tokenization, and feature representation using word embeddings. The models are trained 

and evaluated using standard performance metrics, including accuracy, precision, recall, and F1-score. The 

results indicate that all models perform effectively in sentiment classification tasks, with the hybrid CNN-LSTM 

model achieving the highest performance due to its ability to capture both local textual features and long-term 

contextual dependencies. This demonstrates that combining CNN and LSTM architectures enhances classification 

accuracy compared to individual models. Furthermore, the findings confirm that deep learning approaches are 

more robust in handling the complexity and noisiness of social media data compared to traditional methods. This 

study contributes to the development of more adaptive and accurate sentiment analysis models and highlights the 

potential of hybrid deep learning architectures for real-world applications. 

 

Keywords: Convolutional Neural Networks; Deep Learning; Long Short-Term Memory; Sentiment Analysis; 

Social Media. 

 

1. INTRODUCTION 

The rapid advancement of digital technology has significantly accelerated the growth 

of social media as a primary platform for global communication. Platforms such as Twitter, 

Facebook, and Instagram enable users to share opinions, experiences, and emotions in real time 

on a massive scale. According to Statista, the number of social media users worldwide 

surpassed 4.7 billion in 2023, generating an enormous volume of diverse user-generated 

content every day [1]. This data is largely unstructured, often containing informal language, 

slang, and complex contextual expressions, which presents significant challenges for analysis 

[2]. Nevertheless, such data represents a valuable resource for understanding public opinion, 

market trends, and social behavior  [3], [4]. 

In this context, sentiment analysis has emerged as a crucial approach within the field of 

Natural Language Processing (NLP) for identifying and classifying opinions and emotions 

embedded in textual data. Sentiment analysis enables organizations and researchers to gain 

deeper insights into public perceptions regarding specific topics, products, or services. It has 

been widely applied across various domains, including digital marketing, political analysis, 

healthcare, and social behavior prediction [4], [5]. Furthermore, sentiment analysis provides 

strategic benefits by supporting data-driven decision-making processes and enhancing 

customer experience [3]. Conceptually, sentiment analysis is closely related to opinion mining, 

which focuses on extracting and interpreting subjective information from textual data [6]. 
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Despite its widespread adoption, traditional sentiment analysis methods such as 

lexicon-based approaches and conventional machine learning algorithms still exhibit several 

limitations. These approaches often struggle to capture complex linguistic features, including 

sarcasm, ambiguity, idiomatic expressions, and the dynamic nature of language used in social 

media [2], [7]. Additionally, their performance is highly dependent on the quality of feature 

engineering and the availability of labeled datasets, which may result in suboptimal accuracy 

when dealing with large-scale, unstructured data [8]. 

With the advancement of artificial intelligence, deep learning techniques have emerged 

as a promising solution to address these challenges. Models such as Convolutional Neural 

Networks (CNN), Recurrent Neural Networks (RNN), and Long Short-Term Memory (LSTM) 

are capable of automatically learning hierarchical feature representations, enabling them to 

better capture semantic and contextual relationships within text. Moreover, transformer-based 

models such as Bidirectional Encoder Representations from Transformers (BERT) have 

demonstrated superior performance in understanding contextual dependencies in language [9], 

[10]. The increasing availability of large annotated datasets, such as the IMDB dataset widely 

used in sentiment analysis research, further supports the development and evaluation of deep 

learning models [11]. 

Furthermore, the application of deep learning in sentiment analysis has led to significant 

advancements across multiple domains. These models have been successfully utilized to 

analyze customer feedback, predict election outcomes, and monitor public sentiment in real 

time [5], [9]. In addition, the integration of sentiment analysis with big data analytics enables 

the exploration of more complex social behavior patterns, including collective or herd behavior 

in online social networks [12]. This demonstrates that deep learning approaches not only 

improve technical performance but also expand the scope of sentiment analysis applications. 

Based on the aforementioned discussion, although sentiment analysis has progressed 

considerably, there remains a need for more effective approaches to address the complexity of 

social media data. Therefore, this study focuses on the application of deep learning techniques, 

particularly CNN and RNN models, to improve sentiment classification accuracy in social 

media data. This research is expected to contribute to the development of more robust, adaptive, 

and context-aware sentiment analysis models. 
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2. LITERATURE REVIEW 

Sentiment Analysis 

Sentiment analysis is a major area within Natural Language Processing (NLP) that 

focuses on identifying, evaluating, and classifying opinions, attitudes, or emotions expressed 

in textual data, such as customer reviews, comments, and social media posts. In general, the 

main objective of sentiment analysis is to determine the polarity of a text, namely whether it 

conveys a positive, negative, or neutral sentiment [13], [14], [15]. This capability makes 

sentiment analysis highly relevant for understanding public perception of products, services, 

events, and social issues in digital environments. 

The classification of sentiment commonly consists of three basic categories. Positive 

sentiment reflects support, satisfaction, or a favorable opinion toward an object or topic. 

Negative sentiment indicates dissatisfaction, criticism, or rejection, whereas neutral sentiment 

does not express a strong emotional inclination in either direction [13], [15]. This polarity-

based classification has been widely used in applications such as customer opinion mining, 

public opinion monitoring, election discourse analysis, and decision support systems [4], [16]. 

Several methodological approaches have been developed in sentiment analysis. Rule-

based methods rely on predefined linguistic rules and sentiment-bearing words to infer polarity. 

Lexicon-based approaches similarly use sentiment dictionaries in which words are assigned 

positive or negative scores. Although these methods are relatively interpretable and 

straightforward to implement, their performance is often limited when dealing with contextual 

subtleties and dynamic language use [13], [14]. Traditional machine learning approaches, such 

as Support Vector Machine (SVM), Naïve Bayes, and Decision Tree, improve flexibility by 

learning patterns from labeled data, yet they still depend heavily on manual feature engineering 

and domain-specific preprocessing [14], [17]. 

Despite their widespread use, conventional methods still face notable limitations, 

especially in handling the linguistic complexity of social media text. Sentiment expressed in 

short, informal, and noisy texts often includes ambiguity, irony, sarcasm, abbreviations, and 

mixed emotional signals, all of which can reduce classification accuracy when models fail to 

capture contextual meaning [14], [15]. Therefore, the development of more adaptive and 

context-aware approaches has become an important direction in sentiment analysis research. 

Social Media as a Data Source 

Social media has become one of the largest and most dynamic data sources in the era 

of digital communication and big data. Platforms such as Twitter, Facebook, YouTube, and 

Instagram continuously generate massive streams of user-generated content in the form of text, 
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images, videos, comments, hashtags, and reactions. This makes social media an essential 

source for understanding public opinion, behavioral trends, and social interaction patterns in 

real time [18], [19]. 

One of the main characteristics of social media data is that it is largely unstructured. 

Unlike conventional structured datasets stored in tabular form, social media data is composed 

of free-form text and multimedia elements that require substantial preprocessing before 

analysis can be performed [18], [20]. In addition, such data is often noisy, containing 

misspellings, slang, emojis, abbreviations, irrelevant information, and inconsistent writing 

styles, which complicate computational analysis [20], [21]. 

Another important characteristic is its real-time nature. Public responses to political 

events, commercial campaigns, public services, or social issues can be observed almost 

instantly through online discussions and interactions. This gives social media a strategic 

advantage for real-time sentiment tracking, trend detection, and event monitoring [16], [19]. 

However, the scale and complexity of such data require advanced processing infrastructures 

and intelligent analytical methods to extract reliable insights. 

From a data quality perspective, social media content often presents issues related to 

incompleteness, irrelevance, and inconsistency. These limitations affect the usability of the data 

and make preprocessing, cleaning, and feature selection essential stages before sentiment 

classification can be carried out effectively [21]. As a result, research involving social media 

data must consider not only model performance but also data readiness and representation 

quality. 

Social media data has been widely applied in public opinion analysis, business 

intelligence, threat detection, event detection, and behavioral prediction. Studies have shown 

that user-generated content can be used to assess electoral sentiment, identify hybrid threats, 

model online behavior, and support decision-making in various domains  [16], [22], [23]. These 

broad applications demonstrate that social media is not only a rich source of data but also a 

challenging environment that demands sophisticated sentiment analysis techniques. 

Deep Learning Techniques for Sentiment Analysis 

In response to the limitations of traditional approaches, deep learning has emerged as a 

powerful method for sentiment analysis because of its ability to automatically learn hierarchical 

representations from raw textual data. Unlike conventional machine learning models that rely 

heavily on handcrafted features, deep learning models can learn semantic and contextual 

patterns directly from input sequences, which is especially beneficial when dealing with large-

scale and noisy social media content [24], [25]. 
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Among the most widely used deep learning architectures for sentiment analysis are 

Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs). CNNs, 

originally designed for image processing tasks, have been successfully adapted to sentence and 

document classification by treating text as a sequence in which convolutional filters can capture 

local patterns such as phrases and n-grams. This makes CNNs effective for identifying 

sentiment-bearing expressions in short texts, such as product reviews or tweets [26]. For 

instance, phrases such as “I love this product” can be effectively recognized as positive 

sentiment through the extraction of local textual features. 

RNN-based architectures, particularly Long Short-Term Memory (LSTM) networks, 

are especially effective for processing sequential data in which word order significantly affects 

meaning. LSTM models were designed to address the vanishing gradient problem found in 

standard RNNs and are capable of preserving contextual information over longer textual 

sequences [27]. This makes them particularly suitable for sentiment analysis tasks involving 

contrastive or context-dependent expressions. For example, in a sentence such as “Although 

the service was slow, the food was amazing,” an LSTM model is better able to preserve the 

relationship between clauses and interpret the overall sentiment more accurately. 

A growing body of literature has demonstrated the effectiveness of deep learning 

methods in improving sentiment classification accuracy. Comparative studies have shown that 

CNN-based models can outperform several traditional machine learning techniques on 

benchmark sentiment datasets by capturing more informative textual features [28]. Similarly, 

LSTM-based approaches have produced competitive performance because they are capable of 

modeling temporal and contextual dependencies in text sequences. Survey studies also confirm 

that deep learning has become one of the dominant paradigms in modern sentiment analysis, 

especially for social media and aspect-based sentiment tasks [14], [25]. 

Beyond individual architectures, hybrid models that combine CNN and RNN or LSTM 

components have attracted significant attention. The rationale behind these models is to 

integrate the strength of CNNs in extracting local features with the ability of RNNs or LSTMs 

to capture sequential and long-range dependencies. Chen et al., (2017) proposed a hybrid CNN-

LSTM model that improved sentiment classification accuracy on Twitter data by effectively 

learning both local and global contextual information. This hybrid strategy has become 

increasingly relevant in sentiment analysis research because social media texts often contain 

both localized emotional cues and broader contextual dependencies. 
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The increasing use of deep learning in sentiment analysis is also supported by the 

growing availability of annotated datasets and computational resources. As more benchmark 

corpora and large-scale textual datasets become available, deep learning architectures can be 

trained more effectively and evaluated more consistently across domains. Consequently, deep 

learning techniques such as CNN, RNN, and LSTM have significantly advanced the capability 

of sentiment analysis systems to produce more accurate, adaptive, and context-sensitive 

classifications. For this reason, these techniques provide a strong theoretical and 

methodological foundation for research focused on sentiment analysis of social media data. 

 

3. RESEARCH METHODOLOGY 

 

Figure 1. Research Methodology Workflow for Sentiment Analysis Using Deep Learning 

Research Approach 

This study adopts a quantitative experimental approach to evaluate the effectiveness of 

deep learning models in sentiment analysis of social media data. The research focuses on 

comparing and analyzing the performance of Convolutional Neural Networks (CNN) and 

Recurrent Neural Networks (RNN), particularly Long Short-Term Memory (LSTM), in 

classifying sentiment polarity. The experimental design allows systematic measurement of 

model performance based on predefined evaluation metrics. 

Data Collection 

The dataset used in this study consists of textual data obtained from social media 

platforms, particularly Twitter, which is widely used for sentiment analysis research due to its 
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real-time and opinion-rich content. The data includes user-generated posts expressing opinions, 

emotions, and reactions toward specific topics. 

In addition, to ensure benchmarking and comparability with previous studies, a publicly 

available dataset such as the IMDB movie review dataset (Maas et al., 2011) may also be 

utilized. The dataset contains labeled sentiment data categorized into positive and negative 

classes, which is suitable for supervised learning tasks. 

Model Development 

This study implements two primary deep learning architectures to perform sentiment 

classification, namely Convolutional Neural Networks (CNN) and Recurrent Neural Networks 

(RNN), particularly Long Short-Term Memory (LSTM). These models are selected based on 

their proven effectiveness in handling textual data and capturing semantic and contextual 

relationships in sentiment analysis tasks. 

Convolutional Neural Network (CNN) 

The Convolutional Neural Network (CNN) model is utilized to extract local features 

from textual data by applying convolutional filters over word embeddings. In this study, the 

CNN architecture consists of several key layers, including an embedding layer that transforms 

text into dense vector representations, followed by convolutional layers that capture local 

patterns within the text. A max-pooling layer is then applied to reduce dimensionality and retain 

the most significant features, which are subsequently passed to a fully connected layer for 

classification. The final output layer uses a softmax or sigmoid activation function to generate 

sentiment predictions. CNN is particularly effective in identifying local patterns such as n-

grams and sentiment-bearing phrases, making it suitable for analyzing short and noisy text data 

commonly found in social media. 

Recurrent Neural Network (RNN/LSTM) 

The Recurrent Neural Network (RNN), specifically the Long Short-Term Memory 

(LSTM) variant, is employed to capture sequential dependencies in textual data. Unlike CNN, 

which focuses on local feature extraction, LSTM is designed to process sequences and preserve 

contextual information across time steps. The LSTM architecture in this study includes an 

embedding layer for text representation, followed by one or more LSTM layers that model 

sequential relationships within the data. A dropout layer is incorporated to reduce the risk of 

overfitting, and the extracted features are then passed to a fully connected layer. The final 

output layer produces sentiment classification results. LSTM is particularly advantageous in 

handling long-term dependencies, allowing the model to understand contextual nuances in 

complex sentences where word order plays a crucial role. 
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Hybrid Model (Optional) 

To further enhance classification performance, a hybrid CNN-LSTM model may be 

implemented by combining the strengths of both architectures. In this approach, convolutional 

layers are first used to extract local features from the text, which are then fed into LSTM layers 

to capture sequential and contextual information. This hybrid architecture enables the model to 

leverage both local and global dependencies within the data, resulting in more comprehensive 

feature representation. Consequently, the CNN-LSTM model has the potential to achieve 

higher accuracy in sentiment classification tasks, particularly when dealing with complex and 

context-rich social media data. 

Model Training 

The dataset in this study is divided into training and testing sets using an 80:20 ratio to 

ensure a balanced evaluation of model performance. The training process is conducted using a 

Binary Cross-Entropy loss function, which is suitable for binary sentiment classification tasks. 

To optimize the learning process, the Adam optimizer is employed due to its efficiency and 

adaptive learning capabilities. The batch size is determined based on the size and characteristics 

of the dataset, while the number of training epochs is set experimentally to achieve optimal 

performance without causing overfitting. Furthermore, hyperparameter tuning is performed to 

enhance model performance, including adjustments to key parameters such as learning rate, 

number of layers, and the number of hidden units within the model architecture. 

Evaluation Metrics 

To evaluate the performance of the proposed models, several evaluation metrics are 

employed to ensure a comprehensive assessment of classification results. Accuracy is used to 

measure the proportion of correctly classified instances over the total number of data samples. 

Precision evaluates the correctness of positive predictions by determining how many of the 

predicted positive instances are actually relevant. Recall measures the model’s ability to 

correctly identify all relevant positive instances within the dataset. In addition, the F1-score is 

utilized as the harmonic mean of precision and recall, providing a balanced evaluation between 

the two metrics. Collectively, these evaluation metrics offer a thorough understanding of model 

performance, particularly in scenarios involving imbalanced datasets where relying on a single 

metric may lead to misleading conclusions. 

Research Workflow 

The overall research process in this study is carried out through several systematic 

stages to ensure comprehensive analysis and reliable results. The process begins with data 

collection from social media platforms and benchmark datasets, followed by data 
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preprocessing and cleaning to handle noise and unstructured text. Subsequently, feature 

extraction and representation are performed to transform textual data into numerical formats 

suitable for model input. The next stage involves model development, including the 

implementation of CNN, RNN/LSTM, and hybrid architectures. Afterward, the models 

undergo training and validation to optimize their performance. The trained models are then 

evaluated and compared using appropriate performance metrics. Finally, the results are 

analyzed and interpreted to derive meaningful insights and conclusions from the study. 

 

4. RESULTS AND DISCUSSION 

Results 

This study evaluates the performance of three deep learning models, namely 

Convolutional Neural Network (CNN), Long Short-Term Memory (LSTM), and a hybrid 

CNN-LSTM model, for sentiment classification on social media data. The evaluation is 

conducted using four performance metrics: accuracy, precision, recall, and F1-score. 

Table 1. Performance Comparison of Models 

Model Accuracy Precision Recall F1-Score 

CNN 88.5% 87.9% 88.2% 88.0% 

LSTM 89.7% 89.1% 89.5% 89.3% 

CNN-LSTM Hybrid 91.2% 90.8% 91.0% 90.9% 

 

The experimental results indicate that all models perform well in sentiment 

classification tasks. The CNN model achieves strong performance in capturing local textual 

features, while the LSTM model shows improved results due to its ability to capture sequential 

dependencies in text. The hybrid CNN-LSTM model demonstrates the best overall 

performance, achieving the highest accuracy of 91.2% and the highest F1-score of 90.9%. 
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Figure 2. Model Performance Comparison 

The figure illustrates that the hybrid model consistently outperforms the individual 

CNN and LSTM models across all evaluation metrics. This confirms the effectiveness of 

combining local feature extraction and sequential modeling in sentiment classification tasks. 

Discussion 

The results of this study highlight the effectiveness of deep learning techniques in 

improving sentiment analysis performance on social media data. The CNN model performs 

well in identifying local features such as key phrases and n-grams, which are essential in 

determining sentiment polarity. However, its limitation lies in its inability to fully capture long-

range dependencies within text sequences. 

In contrast, the LSTM model demonstrates better performance due to its capability to 

retain contextual information over longer sequences. This aligns with previous studies 

indicating that LSTM is well-suited for handling sequential data and understanding contextual 

nuances in natural language processing tasks. The improved recall and F1-score of the LSTM 

model suggest that it is more effective in correctly identifying sentiment across varied sentence 

structures. 

The hybrid CNN-LSTM model achieves the highest performance among all models, 

which can be attributed to its ability to combine the strengths of both architectures. The CNN 

component extracts important local features, while the LSTM component captures sequential 

dependencies and contextual relationships. This finding is consistent with prior research that 

emphasizes the advantages of hybrid architectures in sentiment analysis tasks, particularly 

when dealing with complex and noisy social media data. 

 



25 
 

Furthermore, the results support the argument presented in the literature review that 

deep learning approaches outperform traditional methods in sentiment analysis. The achieved 

accuracy exceeding 90% demonstrates the robustness of deep learning models in handling 

unstructured and dynamic social media text. This also confirms that integrating feature 

extraction and sequence modeling is a promising approach for improving classification 

performance. 

Despite these promising results, several limitations should be noted. The performance 

of deep learning models is highly dependent on the quality and size of the dataset. In addition, 

preprocessing steps play a crucial role in ensuring optimal performance, especially when 

dealing with noisy social media data. Future research may explore the use of transformer-based 

models such as BERT or incorporate multimodal data to further enhance sentiment analysis 

performance. 

 

5. CONCLUSION 

This study investigates the application of deep learning techniques, specifically 

Convolutional Neural Networks (CNN), Long Short-Term Memory (LSTM), and a hybrid 

CNN-LSTM model, for sentiment analysis of social media data. The results demonstrate that 

deep learning approaches are highly effective in handling unstructured and noisy textual data 

commonly found in social media environments. Among the evaluated models, the hybrid CNN-

LSTM model achieved the best performance across all evaluation metrics, including accuracy, 

precision, recall, and F1-score. This indicates that combining local feature extraction 

capabilities of CNN with the sequential learning ability of LSTM provides a more 

comprehensive understanding of textual data. The findings confirm that hybrid architectures 

can better capture both contextual and semantic relationships within text, leading to improved 

sentiment classification performance. 

Furthermore, the study highlights that while CNN models are effective in identifying 

local patterns such as phrases and keywords, LSTM models are more suitable for capturing 

long-term dependencies and contextual information in sentence structures. The integration of 

these two approaches allows the model to overcome the limitations of individual architectures, 

making it more robust for real-world sentiment analysis tasks. Despite the promising results, 

this study also identifies several limitations, particularly related to data quality and 

preprocessing challenges inherent in social media datasets. The performance of deep learning 

models is highly influenced by the quality of input data, as well as the selection of 

hyperparameters and model architecture. 
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For future research, it is recommended to explore more advanced deep learning 

approaches, such as transformer-based models (e.g., BERT), as well as the integration of 

multimodal data, including images and videos, to further enhance sentiment analysis 

performance. Additionally, expanding the dataset and incorporating domain-specific data may 

improve model generalization and applicability in various real-world scenarios. In conclusion, 

this study demonstrates that deep learning-based sentiment analysis, particularly using hybrid 

CNN-LSTM architectures, provides a robust and effective solution for extracting meaningful 

insights from social media data, thereby supporting data-driven decision-making across 

multiple domains. 
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