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Abstract 
Along with the rapid development of information technology, news about Indonesian tourism 

destinations can now be accessed widely through various platforms such as social media and 

online news, making news easily accessible. With the increase in tourism news, manual news 

classification is less effective in dividing data into various subcategories, such as natural 

tourism, artificial tourism, cultural tourism, and non-tourism. An algorithm is needed to 

address this problem, one of which uses an algorithm from deep learning. This study 

developed a tourism news classification model using Convolutional Long Short-Term 

Memory (C-LSTM) and Word2Vec Representation with Continuous Bag of Words (CBOW) 

architecture to obtain better accuracy and computational efficiency, and is used to produce 

better word vectorization, so that semantic relationships between words can be captured. This 

study used a news dataset of 5261 and news with an 80:20 ratio for training and testing. With 

this approach, the highest accuracy value of 94% was obtained with a time of 1140 seconds. 

Keywords: News classification, tourism, C-LSTM, CBOW, computational efficiency. 

 

 

1 Introduction 

Classification is the process of categorizing an object into a certain category based 

on the similarity of the characteristics of the data it has [1]. For example, in the context 

of tourism in East Java, classification is used to group tourist destinations into three 

categories, namely, natural tourism, artificial tourism, and cultural tourism. This 
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classification concept is also applied in various fields, including news classification, 

which aims to group news according to certain characteristics or categories [2]. 

Considering the increasing number of tourism news, manual news classification is not 

effective in grouping news into good tourism subcategories, which can affect the reader's 

experience [3]. Classification of news texts can be done through two approaches, namely 

binary classification (two categories) and multiclass categories (more than two 

categories)[4]. 

News is a crucial source of information for tourists planning their trips, providing 

guidance on destinations, accommodations, and activities [5]. Tourism also plays a 

crucial role in increasing regional income. Emphasis is needed on developing the tourism 

sector through improving facilities, human resources, and preserving culture and 

traditions to create a comfortable holiday environment[6]. With the rapid advancement of 

information technology, news about tourism destinations is now widely accessible 

through various platforms such as social media and online news [7]. 

This study uses Word2Vec with the Continuous Bag of Words (CBOW) method, 

to generate word vector representations based on the semantic context around the word 

[8], allowing the model to capture deeper meaning and context from news texts. Although 

CBOW is effective in improving classification accuracy, its weakness is its limited ability 

to capture complex sentence contexts or variations in word meanings [9]. In addition, the 

combination of CBOW and C-LSTM allows for more efficient handling of tourism news, 

because CBOW helps improve accuracy without increasing the computational burden. 

Research [10] previously showed that CBOW can improve model performance in text 

classification by providing more accurate word representations, especially in documents 

with diverse content. 

Several algorithms fall into the binary classification and multiclass classification 

categories with deep learning, including Convolutional Neural Network (CNN), Long 

Short-Term Memory (LSTM), Bidirectional LSTM (Bi-LSTM), and Convolutional 

LSTM (C-LSTM). This study develops a tourism news classification model using 

Convolutional Long Short-Term Memory (C-LSTM) [9] [11] [12] [13].  The combination 

of these two approaches is often used for text classification, allowing the model to utilize 
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both sequence and spatial information. Thus, these various algorithms can produce better 

performance in text processing [8] [14] [15].  

Convolutional Neural Networks (CNNs), which are often used in image data 

processing, have also been shown to have significant capabilities in text processing, even 

surpassing the performance of other methods based on the results of research that has 

been done [12]. The main weakness of CNNs is their limitation in handling sequential 

data that has strong and long-time dependencies. Training CNN models often requires 

large computing power and significant time due to the complexity of their architecture 

and the large number of parameters. The process of recurrent word processing on long 

text data takes quite a long time because the model must analyze each word and its 

relationship to the context thoroughly. Meanwhile, Long Short-Term Memory (LSTM) is 

a modification of Recurrent Neural Networks (RNNs), which are specifically designed to 

overcome the obstacles encountered in RNNs, namely gradient vanishing and exploding. 

LSTMs have three important memory cell components, namely forget gates, input gates, 

and output gates that are able to handle long-term dependencies in sequential data [15]. 

C-LSTM method is a combination of Convolutional Neural Network (CNN) and 

Long Short-Term Memory (LSTM) and has been proven effective in classifying 

Indonesian-language news [16]. The research results showed that C- LSTM achieved an 

f1-score of 93.27%, outperforming the LSTM method by 2.4% and the CNN method by 

3.42%. This study also observed that using a larger batch size can reduce the f1-score 

accuracy compared to a smaller batch size. Hyperparameters such as a batch size of 16 

and a learning rate of 0.001 and the adam optimizer also played a significant role in 

achieving the optimal f1-score value.  

The literature review section of this study examines research that applies CNN and 

LSTM models. A summary of the methods, feature extraction techniques, datasets used, 

and the results of these studies is presented in Table 1. 
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Table 1. Comparison of Previous Research 

Study  Method News 

Article 

Language  

Features 

extraction 

Dataset 

size 

Category Eval  

Li et al. , 

2018 [8] 

Bi-LSTM-

CNN 

Chinese Word2vec 

- CBOW 

65000 10 96.45 

Jianping Li 

et al. 2019 

[14] 

Bi-LSTM + 

hierarchical 

attentions  

Chinese One hot 

encoding 

45000 14 98.65 

Minyong 

Shi et al. , 

2019 [9] 

C-LSTM + 

Word 

Embedding 

Chinese Word2vec 

- CBOW 

228000 18 86.53 

Widhiyasana 

Y et al. 2021 

[16] 

C-LSTM Indonesian - 5000 4 93.27 

Amalia J et 

al. , 2022  

[11] 

Bi-LSTM + 

Word2Vec 

English Word2vec 

- CBOW 

9805 2 92.8 

Alroobaea, 

R. 2023 [12] 

CNN+LSTM Arabic Bag of 

word 

5000 6 93.15 

Sultan D., 

2023 [15] 

CNN+LSTM English Word2vec 22,324 6 97.52 

Sirait et al., 

2024[13] 

Bi-LSTM + 

GloVe 

English Glove 4000 2 95 

 

Referring to the previous explanation, this study focuses on developing an effective 

tourism news classification model using the Convolutional Long Short-Term Memory 

(C-LSTM) algorithm and Word2Vec vector representation. This approach aims to 

classify tourism news to obtain accuracy, precision, recall, accuracy, and F1-score of C-

LSTM in handling news text classification.  

2 Material and Methods 

Text Classification 

Text classification is a type of machine learning problem that aims to classify data 

into more than two classes or categories. In the context of the research entitled "Tourism 

News Classification Using the Convolutional Long Short-Term Memory (C-LSTM) 

Method with Word2Vec Representation," text classification refers to the process of 

grouping tourism news into several different categories based on the content of the news 
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text. For example, tourism news can be categorized into categories such as "nature 

tourism," "cultural tourism," "artificial tourism," and so on. 

Word Embedding 

Word Embedding is a method in Natural Language Processing (NLP) that converts 

words into high-dimensional numeric vector representations, designed to capture the 

meaning and relationships between words. In this study, Word Embedding was created 

using the Word2Vec method. This method is used to identify hidden relationships 

between words. Word2Vec consists of two architectural models, namely Continuous Bag-

of-Words (CBOW) and Skip-Gram. The CBOW model predicts target words based on 

the context of surrounding words, while the Skip-Gram model predicts potential words 

that can be context for the target word. At this stage, text or strings are converted into 

numbers or vectors for processing by the deep learning architecture. Input must have a 

consistent shape and size in the form of numbers or vectors. Because sequential data often 

has varying lengths, the padding process is applied using pad_sequences from keras. 

Padding is a special form of masking that can be added at the beginning or end of a 

sequence. In addition, the maximum number of words per sentence can be specified, and 

the input sentences must be tokenized using the tokenizing tool from keras [17]. 

C-LSTM 

CNN and LSTM are two approaches frequently used to address text classification 

problems. However, in text processing, CNN often ignores the contextual relationships 

between words in a text document. Due to this limitation, many researchers prefer to use 

LSTM, which is superior in handling contextual relationships in data. Nevertheless, CNN 

has advantages over LSTM in the process of feature extraction or retrieving features from 

news. Therefore, a combination of CNN and LSTM is often used to exploit the advantages 

of each method [16]. 

By combining CNN and LSTM, news is fed into a deep learning model and both 

are obtained simultaneously. The CNN and LSTM processes are combined to produce 

classification predictions. This combined approach demonstrates higher accuracy than 

when the two methods are run separately. 
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Figure 1. C-LSTM diagram 

 

 

Figure 2. C-LSTM Model with Word2Vec Representation [11] 

 

The LSTM model can be combined with a convolution process. This model is called 

C-LSTM. C-LSTM is almost the same as a regular LSTM, the difference being that the 

matrix multiplication in LSTM is replaced with a convolution operation on each gate. The 

C-LSTM diagram is as shown in Fig. 1. Based on Fig. 2. in the C-LSTM model with a 

modified Word2Vec representation from previous research [16]. The C-LSTM model 

uses convolution and pooling layers to extract features from the input data. Next, the 

results from the CNN will be fed into the LSTM. LSTM is used to process the input data 

from the results of the CNN and continued using fully connected + ReLu. Then the results 

of the LSTM will be used to produce accuracy, precision, recall, and f1-score values. 

System Architecture 

This chapter explains the stages of the research, from data collection to system 

implementation with Input Process Output (IPO), as shown in Fig. 3. 



 

   
 

 

 
 
 

 
159 

 

  

Pramudita et.al., IJASST, Volume 08, Issue 01, 2026 

Fig. 3 shows the system architecture (IPO) where there are research steps starting 

from data collection from the detik.com site. After the data is collected, the data will be 

labeled to be grouped into several categories. After the data is labeled, the Pre-processing 

stage continues. In the Pre-processing stage there are 4 stages, namely Cleaning, Case 

Folding, tokenizing, and Stopword Removal. Data that has passed the Pre-processing 

process will continue to the Feature Extraction stage, namely Word2Vec with the CBOW 

architecture where the results of the Pre-processing in the form of words will be processed 

in vector form. Next, the data that has been converted into vector form will be divided 

into training data and testing data. The data will be divided into 80% as training data and 

20% as testing data. At this stage, the data that has been separated into training data and 

test data will be classified into the C-LSTM model. The C-LSTM model is trained with 

the training data, after which the test data is fed into the trained C-LSTM model. The 

trained C-LSTM model will then be evaluated using test data. After the evaluation process 

is complete, the model will produce accuracy, precision, recall, and f1-score. 

Dataset 

The first stage is data collection as input for the research. The dataset used is the 

result of crawling using tourism keywords include tags information from the detik.com 

news portal, with a total of 5261 news documents. This news text is then saved in a 

comma-separated value (CSV) file. Saving to a CSV file makes it easier to read news 

documents in the text pre-processing stage. At the data stage, the news text labels are 

divided into four categories based on article tags, namely "Natural Tourism", "Artificial 

Tourism", "Cultural Tourism", "Non-Tourism". Can be seen in Table 2. Data was taken 

from October 16, 2023 to November 20, 2023. The data can be accessed at the link 

datasets. 

 

 

Figure 3. Input Process Output (IPO) 
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Table 2. Number of data for each category 

No News Category Total 

1. Natural tourism 807 

2. Artificial Tourism 1441 

3. Cultural Tourism 1168 

4. Not Tourism 1845 

Total 5261 

 

Table 2 shows the number of each news category that has been obtained with a total 

of 5,261 tourism news data, there are four news categories used in this study, namely 

natural tourism, artificial tourism, cultural tourism and non-tourism. News categories are 

determined based on the tag information on the article provided by the author. The next 

process involves experts (from the Bangkalan Tourism Office) in the news category 

labeling process. 

Based on Fig. 2 in the C-LSTM model that has been modified from previous 

research [16]. In the C-LSTM model, the input comes from the embedding layer 

generated by Word2Vec (CBOW) to convert text into numeric vectors. This method 

converts text into high-dimensional numeric vectors that capture the semantic 

relationships and deeper meanings between words. By providing more accurate word 

representations, CBOW helps improve classification accuracy without increasing the 

computational burden, which is particularly useful for limited dataset with diverse 

content. Next, the CNN layer extracts spatial features through Conv1D (64 filters, kernel 

3, ReLu, padding same) and MaxPooling (pool size 2) to reduce the feature dimension. 

The results are processed by LSTM (128 units) to understand the order and context of 

words in the text, then passed to the dense and dropout layers to prevent overfitting. The 

model finally produces tourism news classification output that is evaluated using 

accuracy, precision, recall, and F1-score. 

Test Scenario 

The test scenario was conducted to answer the research questions. To identify 

model performance issues, including computation, accuracy, precision, recall, and f1-

score, a training process was conducted using a baseline model using C-LSTM. The CNN 

parameters used in this test can be seen in Table 3 [16]. 
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The parameters for LSTM classification used in testing are taken from previous 

research where the batch sizes used are 32, 64, and 128. Where a smaller batch size will 

produce more batches, when the amount of data processed remains the same. Similarly to 

the batch size, the learning rate used is 0.001 and 0.0001. The epochs used are 150 and 

200 [16]. Using the accuracy, precision, recall, and F1-score matrices on the test data for 

each model. As seen in Table 4. 

 

Table 3. Parameters on CNN [16] 

Parameter Test 

Convolutional 

layer 

Filter =64 

Kernel = 3 

Padding = same 

ReLu 

Pooling Max pooling, size pooling =2, 

stride =1 

 

Table 4. Parameters in LSTM [16] 

Testing epoch Batch size Learning rate 

1 150 

32 
0.001 

64 

128 0.0001 

2 200 

32 
0.001 

64 

128 0.0001 

 

3 Results and Discussions 

Classification of C-LSTM Methods 

In the test scenario results, the best value was searched with epoch [150, 200], batch 

size [32, 64, 128], and learning rate [0.001, 0.0001]. In this training, the accuracy obtained 

after evaluation by finding the best value of the epoch, batch size, and learning rate that 

had been determined was around 94%, where the highest accuracy was obtained when 

using a combination of epoch value = [200], batch size = [64], and learning rate = [0.001] 

with an estimated time of 1140 seconds. The fastest combination of execution was epoch 
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value = [200], batch size = [128], and learning rate = [0.0001] as much as 640 seconds. 

The results of finding the best epoch value can be seen in Table 5. 

The confusion matrix of the test results with C-LSTM on each parameter with the 

best accuracy can be seen in Fig. 5. By looking at this confusion matrix, it can be 

understood that the model predicts the correct and incorrect categories in each test. Fig. 

5 illustrates the performance of the classification model using epoch 200 in four different 

categories. For category 1, the model successfully identified 204 data points correctly as 

category 1 (True Positives) and only misidentified 9 data points (False Negative) and 13 

data points (False Positive). In addition, the model correctly identified 1213 data points 

as not being in category 1 (True Negatives). Similar performance was seen in category 2 

with 380 True Positives, 15 False Positives, 1018 True Negatives, and 32 False Negatives. 

In category 3 with 304 True Positives, 35 False Positives, 1078 True Negatives, and 13 

False Negatives. Finally, for category 4, the model showed 465 True Positives, 23 False 

Positives, 919 True Negatives, and 32 False Negatives. 

 

Table 5. Testing Scenario 

Epoch Batch 

size 

Learning 

rate 

Time 

(second) 

accuracy 

150 32 0.001 1260 90% 

150 32 0.0001 1120 92% 

150 64 0.001 850 93% 

150 64 0.0001 916 90% 

150 128 0.001 916 88% 

150 128 0.0001 911 82% 

200 32 0.001 1260 90% 

200 32 0.0001 1020 92% 

200 64 0.001 1140 94% 

200 64 0.0001 1020 90% 

200 128 0.001 720 90% 

200 128 0.0001 640 88% 
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After obtaining the test results from all scenarios, a graph was then created for the 

overall results. The graph of the scenario results can be seen in Fig. 6. Based on Fig. 6, it 

shows a comparison graph of accuracy (%) from 12 different scenarios in one trial. This 

graph has a fluctuating trend with the highest accuracy in scenario 3 (93.26%) and 

scenario 9 (93.9%), and one significant low point in scenario 6 (81.35%). The initial 

accuracy in scenario 1 starts from 89.8%, then increases until it reaches its first peak in 

scenario 3. After that, there is a gradual decline until it reaches its lowest point in scenario 

6. After this decline, the accuracy increases again and reaches its second peak in scenario 

9, before fluctuating again until scenario 12. Changes in each parameter or method used 

in the scenario have a significant impact on the accuracy of the model. 

 

 

 

 
Figure 5. Confusion matrix epoch 200 

  

Figure 6. Model Analysis 
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Scenarios 3 and 9 are the best configurations in this trial test, while scenario 6 shows the 

worst performance which may require further evaluation of the factors causing the 

decrease in accuracy.  

4 Conclusions 

From the research that has been carried out, the results of parameter tuning, the best 

combination for the model is epoch 200, batch size 64, and learning rate 0.001, which 

produces 94% accuracy with an execution time of 1140 seconds. Although epoch 200, 

batch size 128 and learning rate 0.0001 provide faster execution time, the accuracy is the 

smallest at 82% of epoch 150, batch size 128, and learning rate 0.0001. The scenario 

result graph also supports that this best combination provides optimal performance. 

Therefore, to achieve the best results, it is recommended to use epoch 200, batch size 64, 

and learning rate 0.001, because it provides the best balance between accuracy and 

execution time. 

First, our dataset is limited to a single news article source, which may not represent 

other regions or languages. In future work, it would be beneficial to collect and analyze 

datasets from a wider variety of sources to improve the generalization of our method.The 

resulting model still has prediction errors. These limitations are caused by several factors, 

such as mixed news content, less specific words, and language ambiguity.  
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