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 Often news about poverty in East Java, Indonesia, becomes 

a topic of conversation on several social media, one of which 

is Twitter. The purpose of this research is analyzing public 

sentiment related to poverty by implementing Convolutional 

Neural Network (CNN) and Long Short-Term Memory 

(LSTM). A dataset of tweets was collected using keyword-

based crawling techniques, followed by a series of 

preprocessing steps including case folding, tokenization, 

filtering, and labeling. Sentiment classification is 

categorized as positive and negative using hybrid CNN-

LSTM. Evaluation results show that the proposed model 

achieved a high accuracy of 91%, with equally strong 

performance in precision, recall, and F1-score. The findings 

also revealed that "unemployment" was the most dominant 

topic associated with poverty. This research demonstrates 

that the hybrid CNN-LSTM architecture is effective for 

sentiment analysis on short, informal text, and offers 

valuable insights into public opinion for policymakers.  
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1. INTRODUCTION 

 

 

In the current era of digital transformation, discussions that were once confined to traditional 

media are now widely spread and accessible through online platforms such as Twitter. What 

may appear as ordinary conversations on social media actually reflects complex public 

sentiments toward socioeconomic issues, including poverty. With millions of users voicing 

their opinions online, Twitter has become a valuable source for analyzing how the public 

perceives various government programs, economic conditions, and social challenges [1]. 

According to Badan Pusat Statistik (BPS), East Java is one of the provinces with a 

significant number of people living below the poverty line. In March 2023, it was reported that 

over 4 million individuals in East Java lived in poverty, with many affected by issues such as 

unemployment, lack of access to education, and health disparities [2]. Moreover, poverty is 

often discussed with high intensity on social media, particularly when related to controversial 

topics like fuel prices, government aid distribution, or social inequality [3]. This makes social 

media a rich dataset for understanding community perspectives and uncovering patterns in 

public discourse. 

Text-based data such as tweets require excellent techniques to extract important 

information. Traditional analysis methods feared to be less precise in predicting the contextual 

and sequential nature of language used in social platforms [4]. Hence, there is a growing 

interest in leveraging artificial intelligence and deep learning to perform sentiment analysis. 

Sentiment analysis is a process used to express opinions in text form, especially to determine 

the author's attitude whether it is positive, negative or neutral [5]. 

Recent advances in machine learning have enabled more effective sentiment classification. 

Various algorithms have been employed for this purpose, such as SVM [6], Naive Bayes [7], 

Logistic Regression [8], and Random Forest [9]. In contrast, deep learning allows neural 

networks to automatically extract and recognize complex patterns in text data [10], thereby 

improving performance in tasks such as sentiment classification and opinion mining [11]. One 

of the commonly used deep learning architectures in sentiment analysis is the Convolutional 

Neural Network (CNN), which is capable of capturing local semantic patterns such as phrases 

or n-grams in short text sequences. For instance, studies such as Xinying Chen (2022) 

demonstrated the effectiveness of CNN in extracting spatial features from short texts [12], 

while William et al. (2024) showed the strength of LSTM in capturing sentiment flow across 

long textual sequences [13]. Other works by Swathi P et al. (2023) explored bidirectional 

LSTM for sentiment classification tasks and achieved promising results [14]. Nevertheless, 

each model has its limitations when used in isolation. However, CNN is limited in its ability to 

capture long-range dependencies in sentences, which are often essential for understanding 

context and sentiment in social media texts. As a result, sentiment analysis using CNN alone 

often produces moderate accuracy [15]. 

Other deep learning architectures, such as Recurrent Neural Networks (RNN) and Long Short-

Term Memory (LSTM) networks, have been employed to address this limitation [16]. LSTM 

is specifically designed to learn temporal dependencies and contextual sequences, making it 

suitable for tasks involving sequential data like text [17]. Despite its strengths, LSTM can be 

computationally intensive and slower to train, especially on large datasets or when tasked with 

extracting spatial features from short, informal sentences such as tweets [18]. 

In order to overcome the shortcomings of using CNN or LSTM alone, therefore, in this 

study, the CNN-LSTM hybrid architecture is proposed as a promising solution for performing 

sentiment analysis on public opinion data related to poverty in East Java.  The contribution of 

this research is that it can inform policymakers' decisions about future policies to reduce 

poverty in specific areas. Furthermore, it can identify priority areas that require immediate 

action to improve community well-being. 
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2. METHODS 

 

This study follows a structured methodology involving data acquisition, preprocessing, 

model development, and evaluation. The overall process is designed to ensure effective 

sentiment classification from Twitter data related to poverty in East Java shown in Figure 1. 

 

 
Figure 1. Flowchart Sentiment Analysis Method 

 

2.1. Data Collection 

Figure 2. Result Of Crawling Dataset 
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Figure 3. Crawling Data Process 

Data crawling was employed as the primary technique for acquiring Twitter data. This 

method involved collecting tweets programmatically using the Twitter API through the 

Tweepy library, a Python-based wrapper that simplifies interaction with Twitter’s 

RESTful services. The advanced search functionality allowed filtering tweets based on 

specific keywords such as “kemiskinan,” to ensure relevance to the poverty topic under 

study as shown in Figure 3. 

In addition, filters were applied to define the time range or period associated with 

trending issues, aligning with the temporal scope of the sentiment analysis project. The 

data collected included tweet content, usernames, timestamps, retweet counts, and other 

metadata. This approach enabled the construction of a dataset that reflects real-world 

public discourse, making it suitable for training and evaluating the sentiment classification 

model [19]. The collected tweets were saved in CSV format and this structured format 

supports further analysis and model training as shown in Figure 2. 

2.2 Preprocessing 

Preprocessing steps were essential to clean and normalize the raw tweet data. The 

following tasks were performed: 

• Case folding: All characters in the tweet texts were converted to lowercase [20]. This 

unification prevents duplication of features that are essentially the same, such as 

“Poverty” and “poverty”. 

• Tokenizing: Each tweet was split into individual tokens or words using natural language 

processing (NLP) libraries. This process is essential for enabling the model to process 

text at the word level [21]. 

• Filtering: Removing punctuation, stopwords, and irrelevant symbols. 

• Labeling: Each tweet was manually or semi-automatically labeled as Positive, 

Negative. 

 

 

 

 

2.3 Proposed Architecture 
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The architecture depicted in Figure 1 illustrates the proposed CNN-LSTM model used for 

sentiment classification of tweet data. The model begins with an input layer followed by a 

series of five consecutive 1D Convolutional (Conv1D) layers. These convolutional layers are 

responsible for extracting local semantic patterns such as n-grams from the input text data. The 

use of multiple Conv1D layers allows the model to capture increasingly abstract features. The 

extracted features are then passed into an LSTM (Long Short-Term Memory) layer with a 

hidden size of 10 units. 

 

 
Figure 4. CNN-LSTM Architecture 

 

Batch Size 60 

Epoch 10 

Conv Filter 1D Filters=32 , kernel_size=2, 

padding=’same’ , activation=’relu’ 

LSTM Size 128, dropout=0.2 , 

recurrent_dropout=0.2 

Layer Dense (1) 64 , dropout=0.5 

Layer Dense (2) 16 

Figure 5. Parameter of CNN-LSTM Model 

 

The LSTM layer is designed to learn the sequential dependencies and contextual flow across 

the feature maps produced by the convolutional layers. Following the LSTM, a flatten layer is 

used to transform the multi-dimensional outputs into a one-dimensional vector. This vector is 

then forwarded through two fully connected dense layers, which perform the final 

transformation of learned features into class scores. A Dropout layer with a rate of 0.5 is applied 

after the first Dense layer to prevent overfitting and enhance generalization. The ReLU 

(Rectified Linear Unit) activation function is used in the intermediate layers, while the final 

dense layer uses a softmax function to produce probability distributions over the sentiment 

classes [22]. This layered design enables the model to leverage the pattern-recognition strength 

of CNN and the sequential processing capability of LSTM, making it suitable for sentiment 

analysis on short, noisy, and informal text data like tweets. 

 

 

3. RESULTS AND DISCUSSION 

The learning and testing process has been carried out, the results are explained in the CNN-
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LSTM performance table (Table 1), and a comparison has been made with the previous model 

described in Table 2. The illustration of training loss and validation loss is described in Figure 

6, and the resulting confusion matrix of the proposed system is depicted in Figure 7. 

 

Table 1. The Performance of CNN-LSTM 

Accuracy Loss Precision Recall F1-Score 

0.91 0.22 0.91 0.91 0.91 

 

Table 1 presents the performance evaluation of the proposed CNN-LSTM hybrid model in 

terms of accuracy, loss, precision, recall, and F1-score. The model achieved a consistent result 

of 91% across all evaluation metrics, with a loss value of 0.22. This performance demonstrates 

that the model is not only capable of learning patterns from training data but also generalizes 

well to unseen data. The balanced values across precision and recall indicate that the model 

performs equally well in identifying both positive and negative sentiment [23]. The low loss 

value further reflects the model’s strong convergence during training [24]. These results 

validate the effectiveness of combining convolutional and recurrent layers, where CNN 

successfully extracts semantic features from text sequences and LSTM captures temporal 

dependencies, enhancing the model's contextual understanding of tweet-based sentiment. 

Table 2. The Comparison of Previous Model 

Model  Accuracy  F1 Score Precision 

SVM [6], 80 % 88 % 71% 

Naive Bayes [7] 71% 71 % 71% 

Logistic Regression [8] 69 % 69% 69 % 

Random Forest [9] 75.29 % 78% 70.22 % 

Bi-LSTM [14] 90 % 90 % 90 % 

Proposed Hybrid CNN-LSTM 91% 91 % 91 % 

 

Table 2 compares the proposed CNN-LSTM model to several existing machine learning 

and deep learning approaches previously employed in sentiment classification. Classical 

machine learning models such as SVM 80% accuracy, 88% F1-score [6] , Naive Bayes 71%  

[7] , and Logistic Regression 69% [8] exhibit notably lower performance. These models often 

rely on manually extracted features and cannot fully capture the sequential and nonlinear 

dependencies present in natural language, especially in informal and noisy social media data 

[25]. Ensemble learning methods like Random Forest [9] provide slight improvements, with 

an accuracy of 75.29% and an F1-score of 78%, but still fall short when compared to neural 
models. The Bi-LSTM model [14], a more advanced deep learning technique, achieves 90% 

across all metrics, proving the utility of recurrent networks in processing sequential data. 

However, the proposed hybrid CNN-LSTM model outperforms all previous models, achieving 

the highest performance with 91% across accuracy, precision, and F1-score. This improvement 

can be attributed to the synergy between CNN and LSTM components, which allows the model 

to not only capture local dependencies through convolutional operations but also learn the long-

term structure of text sequences via LSTM. Furthermore, unlike standalone CNN models that 

may struggle with long-distance dependencies or LSTM models that require more 

computational time, the hybrid architecture achieves a balance between performance and 

efficiency. This makes it a highly suitable choice for sentiment analysis tasks involving short, 

dynamic, and high-volume data sources like Twitter. These findings support the proposed 

method as a scalable solution and robust for understanding public sentiment toward social 

issues such as poverty in East Java. 



25 | Journal of Intelligent System and Telecommunications, Volume x Issue x, April 20xx Hal x-xx 

DOI: http://doi.org/10.26740/jistel.v2n1.p19-28 

e- ISSN 3090-613X 

 

 

Figure 6 illustrates the trend of training versus validation loss over  training process. In this 

study, the model was initially set to train for 10 epochs. However, Overfitting prevention is 

achieved by implementing early stopping, which is achieved by incorporating validation loss. 

Training was halted when no improvement was observed for two consecutive epochs following 

the lowest validation loss. As a result, the training concluded at epoch 6. 

The validation loss serves as a critical indicator of model generalization, which illustrates 

how well the performance has never been seen before. In this case, it was observed that the 

validation loss began to fluctuate after the third epoch, indicating potential overfitting if 

training were to continue. The early stopping mechanism thus ensured the model did not 

degrade in performance by overtraining on the training set [26]. This strategy supports model 

robustness and helps preserve predictive performance on new data. 

 

 

Figure 7 ilustrated the confusion matrix derived from the validation set consisting of 201 

data points. The CNN-LSTM model accurately classified 169 samples, while 32 samples were 

misclassified. The diagonal part of confusion matrix represent correctly predicted sentiments, 

confirming that the model achieved a high level of classification accuracy. These results 

support the reliability of the model in identifying sentiment polarity in real-world Twitter data, 

especially when dealing with class-balanced binary sentiment tasks. 

 

Figure 6. Illustration of Training Loss and Validation Loss 

 

 

Figure 7. Confusion Matrix 



Raissa Alfatikarani, A Hybrid CNN-LSTM Approach for Sentiment Analysis of Poverty Issues in East Java | 
26 

DOI: http://doi.org/10.26740/jistel.v2n1.p19-28 

e- ISSN 3090-613X 

 

Figure 8. Distribution of Topics Related to the Keyword “Kemiskinan” (Poverty) 

 

The combination of low validation loss, effective early stopping, and strong confusion 

matrix results demonstrate that the proposed hybrid CNN-LSTM model is both stable and 

effective for sentiment analysis applications. 

Figure 8 presents a horizontal bar chart illustrating the frequency distribution of topics that 

co-occur with the keyword “kemiskinan” (poverty) in the dataset. The most dominant topic is 

“pengangguran” (unemployment) with 45 occurrences, indicating strong public association 

between poverty and joblessness. This is followed by mentions of “pemerintah” (government), 

“kesejahteraan” (welfare), “stunting”, “ketimpangan” (inequality), and “pembangunan” 

(development). These results highlight the key areas of concern in public discourse surrounding 

poverty, suggesting that unemployment and government policy are perceived as central issues 

in poverty alleviation efforts. 

 

4. CONCLUSION 

 

This study applied a hybrid CNN-LSTM model to classify public sentiment on Twitter 

regarding poverty issues in East Java. The model achieved excellent performance, with 91% 

accuracy. These results show that combining CNN and LSTM can effectively capture both 

local word patterns and long-term context in social media text. From the analysis, 

“pengangguran” (unemployment) appeared as the most frequently mentioned topic related to 

poverty, followed by government and welfare. This reflects the public’s concern toward 

employment and social support in addressing poverty. Compared to other models such as SVM, 

Bi-LSTM, and Naive Bayes, the proposed method outperformed them across all evaluation 

metrics. 

For future research, this model can be expanded by incorporating attention mechanisms to 

improve focus on important words, applying it to multilingual datasets, or developing a real-

time sentiment monitoring dashboard for policy evaluation and public feedback analysis. 
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