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Abstract−News is a medium of daily information usually obtained by the public. The news consists of a lot of information in it 

and is composed of sentence structures. Each language is unique with its own sentence structure, like Indonesian and other foreign 
languages. But nowadays, many media mix Indonesian with foreign languages, making the sentence structure different from Bahasa 

Indonesia. To classify these words, Part Of Speech Tagging needed to determine the class of words composed of sentences by 

learning from the Corpus of each language. The language structure can determine the results of tagging from the POS Tagger. If 

there are words that are not in the Corpus, it can reduce the accuracy of the POS Tagger. With the new sentence structure, POS 
Tagger requires a larger Corpus to learn, but the current corpus doesn’t cover it yet. We conducted to enhance the research results 

by adding data to Corpus with a different sentence structure from the Indonesian Language Corpus using sentences from online 

media. Added about 242 sentences with 7,043 tokens on Corpus focused on Foreign Word tags, which total 3819 tags. After some 

testing and scenarios, the results of the accuracy of POS Tagger show an accuracy of 94.7% using the Hidden Markov Model 
method with the F1-Score tag FW 78%. 
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1. INTRODUCTION 

News is a medium often found every day in getting information in the community about something happening. That 

makes the general public interested in knowing information consisting of these facts or opinions [1]. News articles 

contain many crucial details such as titles, names, places, objects, and subjects through sentence arrangement. The 

sentence structure made consists of many word classes that are used to compose the whole news article. But now, 

many online media and everyday language contain many foreign words. This sometimes makes language acculturation 

so that the use of words in Indonesian has a different set of words than usual. 

In Indonesian news, it is not uncommon to find words not included in the Indonesian language, such as using 

foreign words to compose sentences in the news. The function of the language in the broad scope of communication 

is carried out by Indonesian and several foreign languages ranging from intercultural and regional exchanges [2]. 

Part of Speech Tagging or POS Tagging, which can also be labelled according to word tag, in Natural Language 

Processing (NLP) is a process where words will be labelled as word tag in a given sentence according to the tagset 

[3]. From the tagset, POS Tagging learns from each set of words from each given language. The implementation of 

POS Tagging has many methods that can be used, an example is the Hidden Markov Model method. This method is 

a statistical model of a system imagined by a Markov process using unknown parameters, selecting hidden state 

parameters from parameters that can be seen and observed state. As in POS Tagging, the word class tag is invisible, 

but the word can be seen [4]. 

Each region or region has its own language structure and is unique to each region. For example, Indonesian's 

sentence structure is different from English's. Research on POS Tagging in Indonesian has been carried out as in the 

research: POS Tagging Indonesian with the Viterbi Algorithm method [5], where the algorithm looks at and 

determines the best path that can be called the Viterbi path. Indonesian POS Tagging Using the Viterbi Algorithm 

conducted by N. Sabloak et al. showed an average accuracy of 93.23%, measured using the 10-fold cross-validation 

measurement method with data from the dictionary for the dataset is 16,290 words with manual word input testing 

data [5]. 

The research was conducted using another method, namely comparing the POS Tagging method for Indonesian 

by Ahmad Z et al. in 2017. In this study, Unigram showed an accuracy of 88.37% [3]. POS Tagging is also applied to 

the Malayalam Language by Sindhya K Nambiar, et al. using the Hidden Markov Model [4], which can show 

improvisation results by being 85% of the 13 sentence tags for performance. 

In addition, it is also carried out by Ryan A, et al. on regional languages in Indonesia, such as POS Tagging, 

which is applied to Javanese [6] and Balinese languages[7] by using the same method, namely the Hidden Markov 

Model method. The journal POS Tagging for the Javanese language used the Hidden Markov Model method. From 

the journal, it shows an accuracy of 92.6% by using the corpus tagset based on the "Javanese Vocabulary Book" 

dictionary. The dataset used comes from Javanese news on solopos.com/jagad-jawa which contains news in Javanese. 

Balinese Languages shows an average accuracy of  model is 68,56% using 10 K-Fold Cross Validation [7]. 

The lack of foreign tag data and the size of the training data in the Corpus used in this study provide 

recommendations by adding sentences containing Indonesian and foreign languages to the Corpus, which is focused 

on increasing the size and the number of FW tags. The improvisation is expected to affect better results on POS Tagger 

by using data from Indonesian news portals using the Hidden Markov Model method. POS Tagger Model  will be 
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implemented to Dataset Telkom University News. Furthermore, the results of the Telkom University news data 

tagging from the Original Corpus will be compared with the Modified Corpus. 

2. METHODOLOGICAL RESEARCH 

2.1 Stages Of Research  

In this study, design and test the system built for POS Tagger using the Hidden Markov Model method. Overall, this  

has a system workflow, as shown in Figure 1. 

 

Figure 1. System Design 

2.2 Dataset Corpus  

Dataset The corpus dataset is the dictionary for the training data used in this study. The Corpus contains Indonesian 

sentences consisting of 10,000 sentences built with 256,683 tokens [8] with TSV file format. 

Table 1. Tagset Corpus 

Tag Deskripsi 

CC Coordinating conjunction 

CD Cardinal number 

OD Ordinal Number 

DT Determiner 

FW Foreign Word 

IN Preposition 

JJ Adjective 

MD Modal 

NEG Negation 

NN Noun 

NNP Proper Noun 

NND Classifier 

PR Demonstrative pronoun 

PRP Personal pronoun 

RB Adverb 

RP Particle 
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SC Subordinating conjunction 

SYM Symbol 

UH Interjection 

VB Verb 

WH Question 

X Unknown 

Z Punction 

2.2 Dataset Corpus Modified 

Dataset Modified Corpus is the dictionary for the training data used in this study. The Corpus contains Indonesian 

sentences adding 242 sentences, and over 7000 tokens were tagged manually. Size more than the Original Corpus, 

focusing on adding the FW label. Data is obtained from some articles on the website hypebeast.com/id with a mix of 

the words Bahasa and English. Tagset still has the same like on Table 1. 

2.3 Dataset News 

The dataset used in this study was obtained from scraping on the Detik.com news portal. News dataset related to 

Telkom University with json file format. The dataset includes 6 columns such as: 

Table 2. Dataset News 

Title Category Author Date Article Scrape Time 

Tentang Telkom 

University, Universitas 

Swasta ... 

detikEdu Novia 

Aisyah 

Selasa, 29 Jun 

2021 16:46 

WIB 

Tentang Telkom 

University, Universitas 

Swasta ... 

2021-07-14 

18:57:08 

Universitas Terbaik di 

Jawa Timur Versi 

Webome... 

detikEdu Novia 

Aisyah 

Selasa, 29 Jun 

2021 15:44 

WIB 

Universitas Terbaik di 

Jawa Timur Versi 

Webome... 

2021-07-14 

18:57:37 

2.4 Hidden Markov Model 

Hidden Markov Model can help to find the probability of certain words and to predict the probability of remaining 

words in the sequence [9]. There are three processes Initialization which means getting the number of word labels, 

Transition of label search after the label is checked, and Emission of the number of words from the label from the 

training data. The formula (1) of the Hidden Markov Model is [10]: 

𝑃 (𝑤𝑜𝑟𝑑|𝑡𝑎𝑔) ∗ 𝑃(𝑡𝑎𝑔|𝑡𝑎𝑔 𝑏𝑒𝑓𝑜𝑟𝑒 𝒏) (1) 

2.5 Viterbi Algorithm 

The algorithm Viterbi determines the possible Viterbi path sequences generated in the HMM circuit [11]. Formula 

Viterbi can be seen on formula number (2) 

𝑣ₜ(𝑗) = 𝑚𝑎𝑥𝑖=1
𝑛  𝑣𝑡−1(𝑖)𝑎𝑖𝑗𝑏𝑗(𝑜𝑡) (2) 

Description: 

𝑣𝑡(𝑗) = probability of HMM state 

𝑣𝑡−1(𝑖) = probability of Viterbi path 

𝑎𝑖𝑗 = probability transition 𝑞𝑖 to state 𝑞𝑗 

𝑏𝑗(𝑜𝑡) = probability emission  

2.6 Unigram 

Unigram tagger is a word tagging process by looking at one word at a time. It considers one word at a time and assigns 

each word to the most common tag [12]. The formula can be seen in formula number (3) 

Description: 

𝑤𝑖 = word in index 

𝑣𝑖 = tag in index 

2.7 Pre-Processing Data 

The process of preparing data that is used to become data that can be retrieved for subsequent processing. In this study, 

the preprocessing stage used for the Telkom University news dataset is tokenization. Tokenization is separating the 

words in the data. [7] 

2.8 Evaluation 

𝑃 (𝑤𝑖|𝑡𝑖) = 𝑓𝑟𝑒𝑞(𝑤𝑖|𝑡𝑖)/𝑓𝑟𝑒𝑞(𝑤𝑖) (3) 
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Evaluation in POS Tagger this time is measured in percent units, starting from the accuracy of the tagger to compare 

the results of the Modified Corpus with the Original Corpus. TP is True Positive,FP is False Positive,TN is True 

Negative,FN is False Negative 

2.8.1 Accuracy 

Accuracy is an accurate calculation model that is formed to classify data correctly [13]. Formula (4) is a formula for 

accuracy. 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑇𝑎𝑔

𝑇𝑜𝑡𝑎𝑙 𝑊𝑜𝑟𝑑 𝑇𝑎𝑔
 (4) 

2.8.2 Precision 

Precision is the calculation of the accuracy between the data and the prediction results from the model. Equation (5) 

is the calculation formula for Precision [14]. 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (5) 

2.8.3 Recall 

Recall is a calculation model in determining the return of an information [15]. 

𝑟𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (6) 

2.8.4 F1-Score 

F1-Score is a performance matrix considering Recall and Precision results [15]. 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 × 
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
 (7) 

3. RESULT AND DISCUSSION 

In the evaluation phase of this research, there are 4 test scenarios to evaluate the system that has been built. Scenario 

1 is a baseline test. Scenario 2 is a comparison test of each K value with K-Fold Cross Validation by testing the Corpus 

on each K value and taking the average value. Scenario 3 tests the results of the Testing accuracy by comparing 

methods other than the Hidden Markov Model, namely with Unigram. The fourth scenario is to provide tagging data 

that does not yet have a tag from the Telkom University news dataset that has been processed using the Hidden Markov 

Model formed from each Corpus. 

3.1 Split Data 

The first scenario is to determine the baseline or initial data that will be used for testing the next scenario. Testing 

this scenario is carried out on Corpus data between the Modified Corpus and the Original Corpus. The results of the 

first scenario can be seen in the table that has been created. 

Table 3. Baseline Original Corpus 

Data Ratio Accuracy(Training) Accuracy(Predict) Precision(FW) Recall(FW) F1-Score(FW) 

80:20 97.35 94.7 59 83 69 

75:25 97.28 94.36 57 8 67 

70:30 97.24 94.3 57 8 67 

Table 4. Baseline Modified Corpus 

Data Ratio Accuracy(Training) Accuracy(Predict) Precision(FW) Recall(FW) F1-Score(FW) 

80:20 97.23 94.7 72 85 78 

75:25 97.22 94.58 71 86 78 

70:30 97.22 94.4 7 86 77 

From the results of testing scenario 1, the data ratio of 80:20 gets the best results compared to other data ratios. 

The results accuracy of 97.35% from the Original Corpus, while for Modified Corpus, it shows 97.23% for accuracy 

training. But, the Precision, Recall, and F1-Score of the Modified Corpus are greater than the Original Corpus. With 

that, the test results of scenario one will be used for testing the next scenario, which is split data with a ratio of 80:20 

3.2 K-Fold Cross Validation 
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In scenario 2, we will test the effect of K-Fold on the performance of each Corpus, which will find the average 

evaluation result of each K. 

Table 5. Result K-Fold Original Corpus 

Fold Accuracy(Avg) Precision(Avg) Recall(Avg) F1-Score(Avg) 

K = 3 81.66 86.73 81.66 82.94 

K = 5 91.54 92.84 91.54 91.90 

K = 10 92.91 93.82 92.91 93.17 

Table 6. Result K-Fold Modified Corpus 

Fold Accuracy(Avg) Precision(Avg) Recall(Avg) F1-Score(Avg) 

K = 3 82.26 86.30 82.26 82.91 

K = 5 91.66 92.46 91.67 91.73 

K = 10 92.62 93.05 92.62 92.62 

The results of testing scenario 2 prove that the value of K = 10 has the best average compared to the other 

average K values in each tested Corpus. Here, the results of the Original Corpus accuracy after 10 folds show better 

results than the Modus Corpus because the results from the Precision, Recall, and F1-Score calculations are the results 

of the whole Corpus, not from the FW tag, which is focused on this research. 

3.2 Comparison Method of Testing Corpus 

In scenario 3 testing, we will perform a test scenario by comparing the two methods to validate the original and 

modified Corpus. The technique in this corpus test compares the Hidden Markov Model method with the Unigram 

method, which in this test sees the results of precision accuracy up to F1-Score. 

Table 7. Result Comparing Method with Original Corpus 

Method Accuracy(Predict) Precision(FW) Recall(FW) F1-Score(FW) 

Hidden Markov Model 94,7 59 83 69 

Unigram 94.3 94 70 80 

Table 8. Result Comparing Method with Original Corpus 

Method Accuracy(Predict) Precision(FW) Recall(FW) F1-Score(FW) 

Hidden Markov Model 94.7 72 85 78 

Unigram 94.3 95 78 86 

The results of scenario 3 testing show that each modified Corpus tagging model performs better but not too far 

from the Original Corpus. It can be seen from the accuracy that the F1-Score shows good results from the Modified 

Corpus of 52,342 tokens. 

3.3 Implementation 

In the last test, the model formed is tested to label words from the news dataset related to Telkom University, where 

the data is not contained in the Corpus so that it labels the real word. In this scenario, the tag results from fragments 

of sentences in the news dataset will be compared and evaluated for each tagging result. 

Table 9. Example Test Sentence 

Example Sentence 

Times Higher Education (THE) merilis daftar THE Young University Rankings 2021. Data pemeringkatan ini 

merangkum daftar universitas terbaik dunia yang berusia kurang dari atau 50 tahun. Dari 475 universitas di 68 

negara dan wilayah yang disaring THE, ada satu universitas asal Indonesia yang masuk daftar THE Young 

University Rankings 2021, yaitu Telkom University. 

Table 10. Result Tagging Original Corpus 

Result Tagging 
Total  

Token 

Tag  

Correct 

('Times', 'NNP'), ('Higher', 'FW'), ('Education', 'FW'), ('(THE)', 'FW'), ('merilis', 'FW'), 

('daftar', 'FW'), ('THE', 'FW'), ('Young', 'FW'), ('University', 'FW'), ('Rankings', 'FW'), 

('2021.', 'FW'), ('Data', 'NN'), ('pemeringkatan', 'NN'), ('ini', 'PR'), ('merangkum', 'VB'), 

('daftar', 'NN'), ('universitas', 'NN'), ('terbaik', 'JJ'), ('dunia', 'NN'), ('yang', 'SC'), ('berusia', 

'VB'), ('kurang', 'RB'), ('dari', 'IN'), ('atau', 'CC'), ('50', 'CD'), ('tahun.', 'CD'), ('Dari', 'IN'), 

('475', 'NN'), ('universitas', 'NN'), ('di', 'IN'), ('68', 'CD'), ('negara', 'NN'), ('dan', 'CC'), 

('wilayah', 'NN'), ('yang', 'SC'), ('disaring', 'NEG'), ('THE,', 'MD'), ('ada', 'VB'), ('satu', 'CD'), 

53 39 
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('universitas', 'NN'), ('asal', 'NN'), ('Indonesia', 'NNP'), ('yang', 'SC'), ('masuk', 'VB'), ('daftar', 

'NN'), ('THE', 'NNP'), ('Young', 'NNP'), ('University', 'NNP'), ('Rankings', 'NNP'), ('2021,', 

'Z'), ('yaitu', 'SC'), ('Telkom', 'NNP'), ('University.', 'NNP') 

Table 11. Result Tagging Modified Corpus 

Result Tagging 
Total  

Token 

Tag  

Correct 

('Times', 'NNP'), ('Higher', 'Z'), ('Education', 'SC'), ('(THE)', 'MD'), ('merilis', 'VB'), 

('daftar', 'NN'), ('THE', 'NNP'), ('Young', 'NNP'), ('University', 'NNP'), ('Rankings', 'Z'), 

('2021.', 'CC'), ('Data', 'NN'), ('pemeringkatan', 'NN'), ('ini', 'PR'), ('merangkum', 'VB'), 

('daftar', 'NN'), ('universitas', 'NN'), ('terbaik', 'JJ'), ('dunia', 'NN'), ('yang', 'SC'), ('berusia', 

'VB'), ('kurang', 'RB'), ('dari', 'IN'), ('atau', 'CC'), ('50', 'CD'), ('tahun.', 'CD'), ('Dari', 'IN'), 

('475', 'NN'), ('universitas', 'NN'), ('di', 'IN'), ('68', 'CD'), ('negara', 'NN'), ('dan', 'CC'), 

('wilayah', 'NN'), ('yang', 'SC'), ('disaring', 'NEG'), ('THE,', 'MD'), ('ada', 'VB'), ('satu', 

'CD'), ('universitas', 'NN'), ('asal', 'IN'), ('Indonesia', 'NNP'), ('yang', 'SC'), ('masuk', 'VB'), 

('daftar', 'NN'), ('THE', 'NNP'), ('Young', 'NNP'), ('University', 'NNP'), ('Rankings', 'NNP'), 

('2021,', 'Z'), ('yaitu', 'SC'), ('Telkom', 'NNP'), ('University.', 'NNP') 

53 43 

After the model is formed and the news dataset is ready to be processed, the model is tried for the 

implementation of sentences that are not in the Corpus 10 times. The results of each Corpus can be seen in tables 12 

and 13. 

Table 12. Result Tagging Telkom University News Original Corpus 

No. News Total Token Total Correct Total Incorrect Accuracy 

1 34 27 7 79.41 

2 73 60 13 82.19 

3 37 30 7 81.08 

4 49 40 9 81.63 

5 24 21 3 87.5 

6 32 29 3 90.62 

7 44 36 8 81.81 

8 42 30 12 .71.42 

9 53 39 14 73.58 

10 38 27 11 71.05 

   Average 80.03 

Table 13. Result Tagging Telkom University News Original Corpus 

No. News Total Token Total Correct Total Incorrect Accuracy 

1 34 29 5 85.29 

2 73 61 12 83.56 

3 37 31 6 83.78 

4 49 42 7 85.71 

5 24 21 3 87.5 

6 32 29 3 90.62 

7 44 36 8 81.81 

8 42 30 12 .71.42 

9 53 43 10 81.13 

10 38 28 10 73.68 

   Average 82.45 

In testing with Telkom University news, the model formed by each Corpus shows different results. The 

Original Corpus results have many tagging errors, but the results are still not in place compared to the Modified 

Corpus, which has tag accuracy on every word. This is because the effects of Precision, recall, and F1-Score are better 

than Corpus Original even though the accuracy from the Corpus is lower so that the accuracy of 10 news data is 

obtained, the average accuracy of Corpus Modification is 82.45 while for Corpus Original 80.03. 

4. CONCLUSION 

Based on the research and discussion results, the Corpus can show good performance after modifications are made by 

adding sentences that contain many acculturation languages found in online news media. In measuring the evaluation 

results, it can be seen that the difference is not too significant. Still, when looking at one of the "FW" tags which is 

the main focus of this study, it can show better Precision, recall, and F1-score results than the unmodified Corpus. To 
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validate the model made, a K-Fold Cross Validation was carried out where from the experiment K = 10 showed the 

best results from each model, and the Modified Corpus had better results than the Original Corpus. This effect can be 

seen when given news data that does not yet have a tag. Corpus modifications can place FW labels according to the 

word class contained in the text of the news sentence. From these results indicate that the model can perform tagging 

well. Suggestions for further research need to add a larger dataset to improve accuracy by considering all the tags in 

the dataset and taking source data from many media such as novels, books, social media, or other developing media. 

Other methods for implementing POS Tagger can also affect further research to find the best method for POS Tagger 

Indonesia. 
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