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Abstract−In the news portal text, there is a lot of important information such as the name of the person, the name of the 

organization, or the name of the place. To obtain information in text documents manually, humans must read the contents of the 
entire news text. To overcome this issue, information extraction, commonly called Named Entity Recognition (NER) was used. 

The extraction of information expressly for the NER field is used to make it easier to process word or sentence data. It helps search 

engines and also helps to classify places, times, and organizations. There is a limited number of NER in Indonesian texts using 

only the Recurrent Neural Network (RNN) method. Similar previous studies only employed other versions of RNN such as LSTM 
(Long Short Term Memory), BiLSTM (Bidirectional Long Short Term Memory), and CNN (Convolutional Neural Network). NER 

is one of the answers to the problems that exist in a large number of news portal texts to obtain information effectively and 

efficiently. The results of this study indicate that the NER system using the RNN method in Indonesian news texts has an F1 -Score 

of 80%. 
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1. INTRODUCTION 

In the news text, there is a lot of important information such as the name of the person, the name of the organization, 

or the name of the place. To obtain information in text documents manually, humans must read the contents of the 

entire news text. If the text document is very long, it takes a long time for humans to obtain the information contained 

in the text. One way to simplify the case is to use NER. 

The Text Mining and Natural Language Processing procedure includes Named Entity Recognition (NER), 

which is highly helpful in the information extraction process. NER was first proposed in 1995 at the MUC-6 

Conference [1]. Finding information from a document or natural language as input from the outcomes of valuable 

information in the form of structured information following a particular format is known as information extraction. 

Identification and classification of names in the text into predetermined classes is the primary function of NER [2]. 

The extraction of information expressly for the NER field is used to make it easier to process word or sentence data. 

It helps search engines and also helps to classify places, times, and organizations. NER is essential in NLP and is the 

most fundamental stage in extracting information. in its application, there are three extraction methods NER based on 

rules and templates, NER based on machine learning, NER based on deep learning[3]. 

Based on this description, this research implemented the Recurrent Neural Network (RNN) method in the case 

of Extraction of Organizational Entities Affiliated to Telkom University. The RNN method was chosen because 

similar studies used other versions of RNN such as LSTM (Long Short Term Memory), BiLSTM (Bidirectional Long 

Short Term Memory), CNN (Convolutional Neural Network), and others. Therefore, in this study, only the RNN 

method was used on Indonesian-language texts to see the performance and accuracy of the use of the RNN method 

on Indonesian-language text organizations and to evaluate performance using NER with the RNN method on 

Indonesian news portals. The extraction process takes place using NER and using methods or models from RNN. 

RNN is also called a feedback network, a network on a neural network where there is a loop as a feedback connection 

in the network. RNN network is a network that accommodates network output to be input to the network which is 

then used to generate new output [4]. Recently, RNN has demonstrated great success in various Natural Language 

Processing tasks such as speech recognition, machine translation, and language modeling[5]. The impact of this study 

is due to the lack of other studies that use Indonesian-language datasets using the RNN method to make the results of 

this study as an illustration for further research 

In this study, the limitation of the study is that the dataset used was a collection of Indonesian news that 

discusses Telkom University. The dataset used was 20,061 words, on an Indonesian language news portal. The 

labeling process in Indonesian sentences was done manually. Aspect labels were only divided into 4 (four) categories, 

namely LOC (location), ORG (organization), PER (person), TIM (time), O (other), and the entity taken focuses on 

the ORG (organization) label. The performance of the RNN model was measured using a Confusion matrix such as 

F1-Score, recall, precision, and accuracy. 

A previous study related to NER in Indonesian was obtained from Wikipedia using a method that focuses on 

Bidirectional LSTM-CNNs[6]. using the label structure "BILOU" which means Beginning, Inside, and the Last token 

from a multi-token which means Outside and Unit for a single token. By using a corpus of 4139 sentences that had 

been labeled, the accuracy rate on the BiLSTM model obtained an F-Score of 76.47%. Then in the BiLSTM-CNNs 

model, the F-Score was 79.43%. meanwhile, an F-Score of 77.47% in the BiLSTM-LSTM model and an F-Score of 
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77.47% in the BiLSTM-CNNs-LSTM model. Hence, the best results were obtained using the Bidirectional LSTM-

CNNs model. 

Another study on NER by Ramadhyni [2], using the Multinomial Naïve Bayes Classifier on Indonesian-

language tweets with BIO notation which means Beginning, Inside, Outside, obtained PER of 74%, ORG of 71%, 

LOC of 62%. 

Then, a study by Andrej Zukov[7] using the CoNLL 2003 dataset using the parallel RNN method compared to 

the single component LSTM model concluded that they prefer to use smaller LSTM Units, obtaining an accuracy rate 

of 91.48%. 

2. RESEARCH METODOLOGY 

2.1 Research Stages   

The following is the architecture of the Named Entity Recognition system using the Recurrent Neural Network 

method, which can be seen in Fig 1. 

 

Figure 1. System Architecture 

2.2 Dataset 

The dataset used in this study was a collection of news portal texts related to Telkom University in Indonesian. The 

dataset was obtained by using a scrapy library with related news portal sources. In the obtained data of 424 articles, 

pre-processing was done by manually labeling. Therefore, the dataset used in this study was 51 articles, 20,061 words, 

and 1286 sentences. The following are some limitations in performing manual labeling on datasets. 

a. The first word in a sentence can only be labeled using the label ‘O’, or variations of the labels ‘B-PER’, ‘B-LOC’, 

‘B-TIM’, ‘B-ORG’. 

b. Labeling words that are not at the beginning of a sentence or words that are at the end of a sentence are labeled 

based on the word before it. 

c. If the previous word is labeled 'O' then the next word can be labeled ‘O’ or variations of ‘B-PER’, ‘B-LOC’, ‘B-

ORG’, ‘B-TIM’. 

d. If the previous word is labeled ‘B-PER’, ‘B-LOC’, ‘B-ORG’, ‘B-TIM’, then the next word can be labeled ‘B-

PER’, ‘B-LOC’, ‘B-ORG’, ‘B-TIM’ with different aspects, labeled ‘I-PER’, ‘I-LOC’, ‘I-ORG’, ‘I-TIM’ with the 

same aspect, or labeled ‘O’. 

e. If the previous word is labeled ‘I-PER’, ‘I-LOC’, ‘I-ORG’, ‘I-TIM’ then the next word can be labeled by the labels 

‘B-PER’, ‘B-LOC’, ‘B-ORG’, ‘B-TIM’ with different aspects. And the labels ‘I-PER’, ‘I-LOC’, ‘I-ORG’, and 'I-

TIM’ with the same aspect as the label ‘O’.  

The labeling process for Indonesian sentences was done manually, with the distribution of labels in Table 1 

below: 

Table 1. Number of Datasets 

Label Total 

O 

B-LOC 

B-ORG 

I-LOC 

15170 

1384 

1099 

977 
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I-ORG 

B-TIM 

B-PER 

I-PER 

I-TIM 

692 

370 

199 

152 

18 

2.3 Pre-Processing Data 

Pre-Processing data is a process to produce words that can improve system performance[2] Pre-Processing is also the 

first stage in carrying out tasks in all fields of NLP, including Named Entity Recognition. This stage aims to prepare 

the data to be ready to be processed and improve performance in the Named Entity Recognition case. The following 

were the steps for Pre-Processing data, including: 

a. Case Folding is the stage to change the uppercase character to lowercase. Case Folding is only useful for alphabetic 

characters. 

b. Filtering is the stage to clean sentences from symbols, punctuation marks, and others that are non-alphabetic to 

facilitate data processing.  

c. Tokenizing is to separate sentences word for word in the dataset. 

2.4 Labeling 

At this stage, entity labeling was carried out manually which served to train the system in predicting entities in its 

results. At this stage, IOB Notation marked each token with one of the other three tags. The three tags were I (Inside), 

O (Other), and B (Beginning) [2]. Labeling is carried out in 4 (four) categories in Table 2, namely: 

Table 2. Label Category 

Label Kategori Label 

Organization B-ORG, I-ORG 

Person B-PER, I-PER 

Time B-TIM, I-TIM 

Location B-LOC, I-LOC 

Other O 

2.5 Word Embedding 

Word Embedding is also known as distributed representation, has recently been proposed to address some of the 

problems of NLP and has achieved great success. A word expressed by a distributed representation is a dense, low-

dimensional, and real-valued vector. Vector words can capture many linguistic regularities, which are superior to one-

hot-encode representations. For example, the biomedical terms 'gene', 'protein', and 'kinase' are close to each other, 

while far from another type of 'cat' noun, 'dog'. For one-hot encoding, all words are equally distant [8]. 

2.6 Recurrent Neural Network  

Recurrent Neural Network (RNN) model is part of Deep Learning machine learning. Repetitive Neural Networks or 

RNNs are attractive options for sequence labeling they are flexible in the use of context information. Since they can 

learn what to store and what to ignore, they accept many different types and representations of data and they can 

recognize sequential patterns in the presence of distortion sequential[8]. The RNN model consists of an input layer x 

representing features at time t, a hidden layer h, and an output layer y representing the probability distribution of labels 

at time t [8]. The type of RNN in this study uses Many to Many which can accept many inputs with several output 

options that are determined by sequence. The following in Figure 2 is an overview of how RNN works. 

 

Figure 2. RNN Architecture 

In the architectural drawing above in Figure 2, the image on the left is a circuit diagram, where the black box 

shows the time delay of one-time step. The diagram shows the RNN in the unrolled position to the full network. 

Meanwhile, the picture on the right shows the RNN that has been opened (unrolled/unfolded) into a full network. 

Therefore, the sequence becomes complete. For example, if the sequence obtained is 1 sentence with 5 words, then 

the network will be opened in a 5-Layer neural network, one layer for each word. The following is a description of 

the formula language from the image above. 
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a. 𝒙𝒕 is the input in the time step. For example, 𝒙𝟏 can be a one-hot vector corresponding to the second word of a 

sentence being processed. 

b. 𝑺𝒕 is the hidden state at each time step t. Hidden state can be referred to as the “memory” of a network that 

functions to store the results of calculations and records that have been carried out. St is calculated based on the 

previous hidden state and based on the input in the current state. 

𝑺𝒕 = 𝑭(𝑼𝒙𝒕−𝟏 +  𝑾𝒔𝒕−𝟏)        (1) 

c. The F function is usually non-linear like tanh or ReLU. 𝑺𝒕−𝟏is used to calculate the first hidden state, usually, 

initialization always starts with 0 (zero).  

d. 𝟎𝒕 is the output at step t. For example, if the “next word” is expected in a sentence, then 0𝑡  is a probability vector 

across the vocabulary in our database. 

𝟎𝒕 = 𝒔𝒐𝒇𝒕𝒎𝒂𝒙 (𝑽𝒔𝒕)        (2) 

2.7 Evaluation 

To evaluate the performance of the RNN model on NER, the following evaluation metrics are used. Precision is the 

number of positive samples classified correctly divided by the total number of positive samples. In percent (%). 

Precision value is obtained by the following equation. [2] 

𝑃 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
         (3) 

Accuracy is an evaluation parameter to measure the accuracy of a built classification system. In percent (%). 

Accuracy value is obtained by the following equation.[2] 

𝐴 =  
𝑇𝑃+𝐹𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
        (4) 

Recall is the ratio of the total number of positive classifications divided by the total number of positives. In 

percent (%). The recall value is obtained by the following equation.[2] 

𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
         (6) 

F1-Measure is the average harmonic value of Precision and Recall to get a balanced Precission and Recall 

value. In percent (%). The F1-Measure value is obtained by the following equation.[2] 

 

𝐹1 − 𝑀𝑒𝑎𝑠𝑢𝑟𝑒 =  
2 ×𝑃𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
      (7) 

3. RESULT AND DISCUSSSION 

To achieve the objectives of this study, 4 scenarios were carried out, by adjusting the data split ratio, the number of 

RNN layers, the number of word embedding dimensions, and the number of batch sizes in the model to achieve 

maximum accuracy and performance results from the model, using the structure of the default RNN model as follows 

in Table 3: 

Table 3. Model RNN Parameter Default 

Max_length Embedding Dimension Dense Units Cell RNN Layer Batch Size Epoch 

213 213 9 213 1 30 50 

3.1 First Scenario (Split Data Ratio) 

In the first scenario, a comparison was made by changing the split data ratio in the dataset by dividing it into 3 ratios 

as follows in Table 4 and Table 5: 

Table 4. Result Data Split Ratio B-ORG 

B-ORG 

Training Data Test Data Precision (%) Recall (%) F1-Score (%) 

90% 10% 77 51 62 

80% 20% 77 60 67 

70% 30% 77 57 66 

Table 5. Result Data Split Ratio I-ORG 

I-ORG 

Training Data Test Data Precision (%) Recall (%) F1-Score (%) 

90% 10% 79 65 71 
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80% 20% 75 86 80 

70% 30% 69 67 68 

In the Table 4 and Table 5 above, it can be seen that the difference in the split data ratio can affect the results 

of the test. The test uses the F1-Score to measure the performance of the model. In the B-ORG entity, the highest 

result was obtained at a ratio of 80:20 obtained with a mark of 67%, but the results obtained were not satisfactory 

because the training data for the B-ORG entity was relatively small so the machine could not train the data properly. 

Reasonably good results were obtained on the I-ORG entity with the highest yield at a ratio of 80: 20 with an output 

of 80%. This is because I-ORG entities have sufficient data to conduct training on the machine to provide the best 

results. low results were obtained for the I-ORG entity at a ratio of 70:30 with a mark of 68% due to insufficient 

training data because there were relatively few for the dataset used. 

3.2 Second Scenario (RNN Layer) 

In the first scenario, in the previous split data, a good ratio was 80:20. Meanwhile, in the second scenario, a data split 

ratio of 80:20 was used to test the number of RNN layers used. Can be seen in the Table 6 and Table 7. 

Table 6. B-ORG Result RNN Layer 

B-ORG 

RNN Layer Precision (%) Recall (%) F1-Score (%) 

1 77 60 67 

2 83 50 63 

3 72 54 62 

Table 7.  I-ORG Result RNN Layer 

I-ORG 

RNN Layer Precision (%) Recall (%) F1-Score (%) 

1 75 86 80 

2 95 32 48 

3 84 39 53 

In Tables 6 and Table 7 With the addition of layers to the model, the results obtained were reduced for B-ORG 

entities with RNN layer 1 with the F1-Score of 67%. Then, the addition of RNN layer 2 results in a decrease of 63%, 

then the addition of RNN layer 3 gets the same results, decreased to 62%. Furthermore, in the I-ORG entity, the F1-

Score result for RNN layer 1 is 80%, then at RNN layer 2 the results decreased quite drastically to 48%, then at RNN 

Layer 3 the results decreased to 53%. This is because adding layers to the model causes the model to find more 

complicated patterns in the given dataset and is at risk of overfitting. Hence, the deeper the layer the model will learn 

more complicated patterns and affect the results of prediction accuracy. 

3.3  Third Scenario (Embedding Dimension) 

Embedding Dimension is adding dimensions to word embedding to classify words into similar words, and be able to 

understand the context of a word. Accordingly, similar words have detailed word embedding. Because in the previous 

test, the best number of RNN Layers was 1. Accordingly, the number of RNN Layer 1 with a change in the number 

of Embedding Dimensions was used to test this scenario. The followings are the results of the tests carried out in Table 

8 and Table 9. 

Table 8. B-ORG Dimension Embedding Result 

B-ORG 

Embedding Dimension Precision (%) Recall (%) F1-Score (%) 

100 85 57 68 

213 77 60 67 

300 77 61 68 

400 81 66 73 

Table 9. I-ORG Dimension Embedding Result 

I-ORG 

Embedding Dimension Precision (%) Recall (%) F1-Score (%) 

100 81 58 68 

213 75 86 80 

300 81 72 76 

400 85 65 73 
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In Table 8 and Table 9 above test results obtained by reducing the number of Embedding Dimensions affect 

the performance of the RNN. By reducing the number of embedding dimensions to 100, the classification of words 

with dimensions is limited. Therefore, it affects the results obtained, causing the engine places words that do not match 

the number of dimensions that are reduced, and the F1-Score results are very low for entities I-ORG at 68% 

respectively. The results are quite good for the I-ORG entities for the number 213 on the embedding dimension, 80%, 

respectively because the machine can adjust similar words in the dimensions that match the sentence length in table 

3, namely 213. Furthermore, on the number of embedding dimensions 300 and 400 for the B-ORG entity, the results 

decreased again by 68% and 73% because the amount of performance used by the machine was getting bigger. 

Therefore, the results decreased again. In the I-ORG entity where the results are increased on the number of embedding 

dimensions of 300 and 400 with both 76% and 73%. 

3.4 Fourth Scenario (Batch Size) 

Because in the third scenario (Embedding Dimension) the best results were obtained with the number of embedding 

dimensions of 213. The same number of embedding dimensions was used in this fourth scenario by adjusting the 

number of batch sizes. can be seen in the Table 10 and Table 11. 

Table 10. B-ORG Batch Size Result 

B-ORG 

Batch Size Precision (%) Recall (%) F1-Score (%) 

30 77 60 67 

50 82 59 69 

100 84 58 68 

Table 11. I-ORG Batch Size Result 

I-ORG 

Batch Size Precision (%) Recall (%) F1-Score (%) 

30 75 86 80 

50 75 73 74 

100 84 62 71 

In the change in batch size, it can be seen that in Table 10 and Table 11 the batch size affects the performance 

of the machine itself. From the results obtained for the number of batch sizes 30 and 50 for B-ORG, the F1-Score is 

67% and 69%, but for the number of 100, the F1-Score decreases to 68%.  For I-ORG, the F1-Score results for the 

number of 30 is 80%, the number of 50 is 74%, the number of 100 is 71%. For the best results in batch size 30, for B-

ORG and I-ORG, the results were 67% and 80%, respectively. Setting the batch size depends on the training data 

used, in this test 80% of the training data is used or equal to 1014 sentences and the words and tags. Therefore, if the 

larger batch size used in the data train affects the machine when processing, which is the number of data samples that 

will be propagated through the neural network. The number of batch size 100 experienced a decrease in accuracy 

because the number of batch sizes with the number of train data was not enough to conduct training on the data which 

made the training short. 

4. CONCLUSION 

The problem found in this study is that the labeling of words or entities is still done manually. Thus, it becomes 

difficult to give the right entity naming to match the actual meaning of the word. And the Recurrent Neural Network 

method used is still minimally used for Indonesian-language texts. Hence, there is a lack of references for the method 

used. Tests have been carried out with 4 scenarios, namely by setting the split data ratio, the number of RNN layers, 

the number of word embedding dimensions, and the number of batch sizes in the model. From the above test, it can 

be concluded that with a data split ratio of 80:20, the number of RNN Layer 1, the number of Embedding Dimensions 

213, and the batch size of 30 are the best results with F1-Score B-ORG 67% and I-ORG 80%. Moreover, the low F1-

Score results obtained at the split data ratio with 70:30 for B-ORG and I-ORG entities are 66% and 68%, the number 

of RNN Layer 3 obtained the lowest results are F1-Score 62% and 53%, the number of Embedding dimension 100, 

the lowest results are F1-Score 65% and 51%, and batch size 100 with the lowest F1-Score results in B-ORG and I-

ORG entities are 68% and 68%, respectively. It can be seen that the addition of the RNN layer greatly affects the 

machine in processing. Thus, the results obtained are greatly reduced from the addition of the RNN layer because the 

machine learns deeper and more complex patterns. Besides tuning the parameters on the model, the accuracy and 

performance of the model are also affected by the number of datasets and the labeling of entities in the dataset, because 

there are words that have more than one entity. Accordingly, the machine makes errors in predicting entities. More 

datasets and more entity categories are expected for further research. Moreover, adding model parameters is suggested 

to get better results. 
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