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Abstract 

Part-of-Speech (POS) Tagging is the process of annotating word classes (nouns, verbs, adjectives, etc.) in a sentence, 

which is used as a basis for natural language processing and artificial intelligence. In this study, a corpus of word 

classes and word class annotating rules for the Sundanese language, which has limited resources, was developed. The 

experiments were conducted on an annotated corpus consisting of 104,696 tokens collected from Sundanese 

dictionaries, Sundanese Literature (Carita Pondok, Guguritan, Mantra, Pupujian, Sisindiran, Sajak, and Wawacan), 

Babasan and Paribasa, and social media X (Twitter). The annotation process is carried out in several stages that 

combine manual annotation based on cross-lingual transfer from Indonesian POS to Sundanese POS, then adjusted 

based on the word class rules in Sundanese. The results of this study are a POS annotation corpus containing 

Sundanese word-tag pairs and a basic rule-based model compared to the HMM and CRF models. The rule-based 

model achieves an F1-score of 0.867, the CRF model achieves an F1-score of 0.889, while the HMM model attains 

the highest score with an F1-score of 1.000. Analysis of POS distributions reveals that nouns (KB) consistently 

dominate across all models, reflecting the noun-rich nature of Sundanese literary texts. It also highlights the 

challenges of handling unknown words and the need for richer annotated resources, which are related to tag 

interoperability with Universal POS standards. This research contributes to the development of NLP resources for 

low-resource languages and provides a methodological foundation for future Sundanese NLP applications. 
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1. INTRODUCTION 

Part-of-speech (POS) tagging is one of the basic stages in Natural Language Processing (NLP) to 

label grammatical categories of words in a text, such as nouns, verbs, adjectives, and so on. POS tagging 

involves labelling each word in a text with its corresponding grammatical category. Given an input 

sequence of tokenized words x1, x2, ..., xn and a predefined tag set, the task produces an output sequence 

y1, y2, ..., yn where each tag yi corresponding exactly to one input is directly aligned with the word xi [1]. 

POS tagging plays an important role because it provides basic syntactic information that can be utilized 

in various NLP applications, including keyword extraction [2], dependency parsing [3], name entity 

recognition [4], machine translation [5], text generation [6], and question answering [7] .  

In Indonesia, POS tagging has begun to be developed for Indonesian [8], [9], [10] as well as 

regional languages such as Javanese [11], [12], Madurese [13], [14], Malay [15], and other regions. In 

research related to part-of-speech (POS) tagging, methods have evolved from early rule-based 

approaches [13], [16] to probabilistic models [11], [12], [17], [18] and deep learning techniques [16], 

[19], [20]. Early work in POS tagging primarily relied on rule-based systems, such as the Brill tagger 

[13], which applies transformation-based learning to iteratively refine an initial tagging output using 

manually designed rules. Subsequently, probabilistic generative models became prominent, particularly 
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the Hidden Markov Model (HMM) [10], [11], [12], which models the joint probability of word and tag 

sequences. To efficiently decode the most probable tag sequence in HMMs, the Viterbi algorithm [14], 

based on dynamic programming, is commonly employed. As research progressed, discriminative 

sequence labelling models gained attention, notably Conditional Random Fields (CRF) [9], [17], [21], 

[22], which directly model the conditional probability of label sequences given observations and better 

capture dependencies between adjacent tags. More recently, deep learning approaches have become 

dominant in POS tagging. Neural architectures such as Convolutional Neural Networks (CNNs) [9] are 

used to capture local contextual and morphological patterns, while Bidirectional Long Short-Term 

Memory (BiLSTM) networks [9], [21], [22] effectively model long-range contextual dependencies in 

both forward and backward directions. In parallel, domain adaptation techniques [8] were introduced to 

improve model robustness across corpora with differing linguistic characteristics. Further advancements 

include contextualized word representation models such as Embeddings from Language Models 

(ELMo) [9], [23], which generate dynamic embeddings that adapt word meaning based on context and 

significantly enhance tagging performance. 

However, regarding Sundanese in particular, POS tagging research is still limited and without a 

standard and adequately annotated corpus, resulting in society gaining little or no benefit from recent 

advances in natural language understanding [24]. In addition, regional languages often have complex 

morphology, including affixation, reduplication, and various word forms [25], thus making the process 

of automatic word class classification difficult. Dialect variations [13] and the lack of spelling 

standardization [26] also add complexity to tagger development. This is important because Sundanese 

is one of the regional languages with the largest number of speakers in Indonesia [27], so there is a high 

urgency for the availability of a POS tagging corpus. Therefore, this study aims to develop a corpus of 

word classes (POS tagging) in Sundanese, so that it can become a useful linguistic resource for further 

research. We apply and compare the POS tagging algorithm, with our Rule-based method as the base 

model, and compare the performance with the HMM model and the CRF model in tagging word classes 

in Sundanese texts. 

2. METHOD 

This research uses an experimental approach that begins with corpus collection, data annotation, 

modeling the post tag rules for Sundanese language, then comparing it with previous methods, and 

evaluating the POS tag results model. Figure 1 below shows the steps taken in the research in 

constructing POS tagging annotations for Sundanese language. 

 

 
Figure 1. Research flow diagram 
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2.1. Data Collection 

Data was collected from several sources, namely Sundanese dictionaries, Sundanese literary texts, 

and social media with total more than 100000 token. Data collection was carried out manually by several 

students and also crawling data for twitter (X) social media then writing a list of words into a file in txt 

format. 

2.1.1. Sundanese Dictionary 

In this study, one of the data used comes from the Sundanese dictionary written by R. A. 

Danadibrata [28]. The tokens used are general words that are used without including words in 

abbreviated form. 

2.1.2. Sundanese Literatures 

Furthermore, the dataset is taken from several types of Sundanese literature contained in 

textbooks [29], [30] including: 

1. Babasan: a language phrase whose meaning and origin are fixed. The phrase parondok is a short 

phrase, usually consisting of only two words and containing the meaning of a proverb and 

describing human behavior. 

2. Paribasa: a language phrase that is longer than an expression, generally containing a deeper 

meaning, some containing a call to action and some containing a warning. 

3. Carpon (Carita Pondok): a short story that represents a unified idea. In its brevity and 

conciseness, a carpon is complete, rounded, and concise. 

4. Mantra: a form of free verse containing supernatural powers, its use is not arbitrary. Mantras are 

usually recited by heart. The purpose is to use supernatural powers to achieve a goal. 

5. Wawacan: a story in dangding form, written in pupuh poetry. The text of the wawacan is 

narrative, generally long, with frequent changes in pupuh, usually accompanying changing 

episodes. 

6. Guguritan: a term used to refer to one or several stanzas of a poetic form that is usually sung, 

usually not long. This form of poetry is called pupuh, which consists of 17 types, namely Kinanti, 

Asmarandana, Sinom, Dangdanggula, Pucung, Maskumambang, Magatru, Mijil, Wirangrong, 

Pangkur, Durma, Lambang, Gambuh, Balakbak, Ladrang, Jurudemung, and Gurisa, each with 

its own rules, which essentially revolve around the provisions of (a) the number of lines in one 

stanza or pada, (b) the number of syllables in each line or padalisan, and (c) the vowel sound at 

the end of each line. 

7. Sisindiran: Similar to pantun (Malay/Indonesian). Consists of two parts: sampiran (shell) and 

content (eusi). Usually four lines (or even), also known as susualan (riddles) and bangbalikan 

(content behind the sampiran). 

8. Pupujian: Poetry containing praise, prayers, advice, and Islamic teachings. Living in a pesantren 

(Islamic boarding school) and religious study environment. 

9. Poetry: A branch of literature that uses words to convey illusions, imagination, and ideas, much 

like a painting with lines and colors. 

2.1.3. Social Media 

Dataset from the social media Twitter (X) is also used as a reflection of everyday language use 

directly today. The data taken through the crawling process as many as that contain various forms of 

language expressions, ranging from formal to non-formal sentences, including abbreviations, emoticons, 

and mixed languages that cause ambiguity, so it becomes a unique challenge in the POS Tagging 

process.  
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2.2. Part-of-Speech (POS) 

Part-of-Speech (POS) or syntactic category is the process of classifying word classes [8], [9] 

(word colors) in the form of grammatical units based on their form, properties, and behavior in a 

construction [25]. The separation of word colors is determined based on their form, properties, function, 

and behavior in the flow of sentences or syntactic constructions which are divided into two colors, 

namely the head word and the subject word. The head word (main) is the color of words that have lexical 

meaning, are sensitive to nature, culture, and place, and can generally be changed in shape. The subject 

word (means, particles) is the color of words that generally serve as sentence tools, usually do not have 

lexical meaning, but grammatical meaning, and are difficult to change in shape. The color of the head 

word and the subject word has sub-class. The sub-class may not be the same at all, they have their own 

characteristics, but are still a group. However, the sub-class of words are very similar to the main word.  

 

 
Figure 2. Sundanese word classification 

 

In general, the class of words in Sundanese can be divided in several section which depicted in 

Figure 2. Based on this word class division, the POS tag pattern in Sundanese is similar to both 

Indonesian and English. Therefore, to determine the POS tag for a Sundanese word token, we can adapt 

existing POS tag patterns and adapt them to other terms that apply according to Sundanese word class 

rules.  

2.3. Data Annotation  

In this research, data annotation, or word labeling is a fundamental step, particularly in POS 

tagging. These annotations enable systems to understand the syntactic and semantic structure of a 

language, including low-resource languages like Sundanese. Various approaches can be used, ranging 

from manual methods to statistical models and machine learning. 

2.3.1. Manual Annotation 

In this research, manual methods involve human annotators directly labeling word classes within 

a corpus. The advantage of this method is its high level of accuracy, as it takes into account linguistic 

context and complex grammatical rules. However, its disadvantages include the high cost and time 

requirements, making it difficult to implement on a large corpus scale [1]. In the Table 1 presents a list 

of POS tag patterns for English, Indonesian, and Sundanese. 

2.3.2. Cross-lingual Transfer  

Cross-lingual transfer approaches utilize POS models trained on a source language (e.g., 

Indonesian or English), then transferred to a target language in this case is Sundanese. Studies have 

shown that cross-lingual POS transfer can improve performance in resource-constrained languages [5], 
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[7], [8]. We adopted Sundanese monolingual corpus [33] to enrich words in the lexicon dataset that will 

be used for the Sundanese language POS tagging corpus. 

 

Table 1. Word class (POS Tag) 

English [31] Indonesian [9] Sundanese [32] 

Traditional 

POS 

Universal 

POS 

Traditional 

POS 

ID 

POS 

Sun 

POS 

Noun 

 

Verb 

 

Adjective 

 

 

Adverb 

Pronoun 

Preposition 

Conjunction 

 

Interjection 

NOUN 

PROPN 

VERB 

AUX 

ADJ 

DET 

NUM 

ADV 

PRON 

ADP 

CCONJ 

SCONJ 

INTJ 

PART 

X 

SYM 

PUNCT 

Coordinating 

conjunction 

Cardinal number 

Ordinal number 

Determiner / article 

Foreign word 

Preposition 

Adjective 

Modal and auxiliary 

verb 

Negation 

Noun 

Proper noun 

Classifier, partitive, 

and measurement 

noun 

Demonstrative 

pronoun 

Personal pronoun 

Adverb 

Particle 

Subordinating 

conjunction 

Symbol 

Interjection 

Verb 

Question word 

Unknown 

Punctuation 

CC 

CD 

OD 

DT 

FW 

IN 

JJ 

MD 

NEG 

NN 

NNP 

NND 

 

PR 

PRP 

RB 

RP 

SC 

SYM 

UH 

VB 

WH 

X 

Z 

NOUN  = KB (Kecap Barang) 

PROPN = KN (Kecap Nami) 

VERB  = KP (Kecap Pagawean) 

AUX   = KBT (Kecap Bantu) 

ADJ   = KS (Kecap Sipat) 

DET   = PNJ (Panunjuk) 

NUM   = WIL (Wilangan) 

ADV   = KT (Kecap Katambah) 

ADP   = PA (Panganteur) 

CCONJ = KPN (Kecap 

Pangantet) 

SCONJ = KPB (Kecap 

Pangabanding) 

PART  = PL (Partikel) 

PRON  = KG (Kecap Ganti) 

X     = X  (Others) 

PUNCT = TB (Tanda Baca) 

2.3.3. Rule Based 

Rule-based methods use explicit linguistic rules, such as affix patterns or word order, to determine 

word classes. In local languages rich in affixes such as Sundanese, this method is quite effective in 

recognizing morphological patterns. For example, research on Madurese using rule-based Brill Tagger 

has achieved quite good results [13]. However, its main weakness is the difficulty in covering everyday 

language variations, including dialects and slang that often appear on social media [2], [3]. To strengthen 

the novelty of the research, we developed our own rule-based technique by referring to the rules of word 

classes in Sundanese [32]. 

2.3.4. Hidden Markov Model 

Hidden Markov Model (HMM) is a generative statistical approach widely used in POS tagging 

research, especially in regional languages with limited resources. Mursyit et al. [11] applied HMM to 

Javanese word class labeling and showed that modeling transition probabilities between tags and word 

emission probabilities to tags can effectively capture linguistic sequence patterns. A similar approach 

was also carried out by Pratama et al. [12], where HMM provided stable performance despite the limited 
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amount of training data and the high morphological variation of the language. As a comparison, Cahyani 

and Mustikaningtyas [10] used Maximum Entropy Markov Model (MEMM) in Indonesian, which, 

although discriminative, remains within the Markov model framework and emphasizes the importance 

of sequential dependency modeling in POS tagging tasks. Thus, HMM can be positioned as a strong and 

relevant baseline model for POS tagging, especially in regional languages, as well as a starting point for 

the development of more complex models. 

2.3.5. Conditional Random Fields (CRFs) 

Conditional Random Fields (CRFs) offer improvements over HMMs because they are able to 

consider more complex contextual features and do not assume strict independence [1]. CRFs have been 

shown to excel in POS tagging of local languages. For example, research on Javanese has shown that 

CRFs can improve accuracy compared to HMM methods [17]. Furthermore, the combination of CRFs 

with modern word representations has been shown to strengthen POS tagging performance in Indonesian 

[9], and can be adapted to Sundanese with promising results. 

3. RESULT 

This study shows that word class labeling (POS tagging) for Sundanese requires adjustments to 

the morphological structure and vocabulary typical of the regional language. By using adapted POS 

patterns, such as NOUN = KB (Kecap Barang), PROPN = KN (Kecap Nami), and VERB = KP (Kecap 

Pagawean), the system can recognize word categories more precisely according to the Sundanese 

linguistic context. Other important categories such as AUX = KBT (Kecap Bantu), ADJ = KS (Kecap 

Sipat), and PRON = KG (Kecap Ganti) help clarify syntactic roles in sentences. The distribution of POS 

depicted in Figure 3. 

 

 
Figure 3. Sundanese POS tag distribution result 

 

The POS tagging technique in this study uses an approach that combines lexicon-based methods 

by matching each word with a dictionary containing word pairs and POS labels. If a word is found in 

the lexicon, a rule-based approach is used that utilizes morphological rules in Sundanese, such as the 

suffixes "-keun" and "-an" for verbs, and "-na" and "-eun" for nouns. Next, the HMM approach is used 

as a sequence-based statistical method. In addition, the CRF approach is also used to handle words with 

a data division of 80% for training and 20% for testing, by utilizing contextual features such as word 

forms. The lexicon and rule-based methods, HMM, and CRF are then compared to determine the extent 

to which the results of the three approaches compare. Thus, the results of this study can be used as a 

baseline for further research.  
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In this research POS tagging performance evaluation is carried out by comparing the predicted 

labels with the ground truth labels on the test data using Precision (Eq. 1), Recall (Eq. 2), and F1-Score 

(Eq. 3) metrics. Precision is used to measure how accurate a model is in making predictions. This metric 

shows how many of the predicted positive results are actually correct, which is determined by comparing 

the number of true positives (TP) to the total of true positives (TP) and false positives (FP). A high 

precision value indicates that the model rarely makes incorrect predictions. Recall is used to measure 

the ability of the model to identify all data that truly belongs to a class. This metric compares the number 

of true positives (TP) to the total number of actual positive data, which includes true positives (TP) and 

false negatives (FN). A high recall value indicates that the model is able to detect most relevant data and 

misses only a small amount. The F1-Score is a combined metric that balances precision and recall by 

considering true positives (TP), false positives (FP), and false negatives (FN) together. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
  (1) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (2) 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ×  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (3) 

Based on the evaluation results with rounding to three decimal places, the Rule-Based model 

showed the best performance compared to other models, with a precision value of 0.900, a recall of 

0.850, and an F1-score of 0.867. These results indicate that the rule-based approach is able to provide a 

good balance between prediction accuracy and completeness. Meanwhile, the HMM model obtained a 

precision value of 1.000, a recall of 1.000, and an F1-score of 1.000, which indicates a decrease in 

performance, especially in the recall aspect. The CRF model has relatively similar performance to the 

HMM, with a precision of 0.905, a recall of 0.905, and an F1-score of 0.889, but slightly lower in the 

F1-score. Overall, these results indicate that in this evaluation scenario, the HMM approach is more 

effective than statistical and sequential learning methods such as Rule-Based and CRF. 

 

Table 2. Evaluation score 

Model Precision Recall F1 

Rule-Based 0.900 0.850 0.867 

HMM 1.000 1.000 1.000 

CRF 0.905 0.905 0.889 

4. DISCUSSIONS 

The Sundanese POS Tag pattern has several advantages that make it relevant for regional 

language-based natural language processing. First, this system is contextual and local, as it is tailored to 

the morphological structure and vocabulary of Sundanese, making it easier for native speakers to 

understand. Second, this pattern can reduce ambiguity, particularly in distinguishing word functions that 

are difficult to accommodate with the Universal POS Tag, such as the use of typical Sundanese particles 

like -mah or -téa. Third, this pattern significantly supports the development of local NLP applications, 

such as machine translation, sentiment analysis, and Sundanese-based chatbots. Finally, this pattern also 

plays a crucial role in language preservation, as it brings traditional Sundanese terms into the 

computational realm and strengthens its linguistic identity. 

Based on the POS distribution in Figure 3, it can be seen that all POS tagging approaches process 

the number of tokens, 104,696 words which is extracted from several Sundanese literatures. The POS 

KB (Kecap Barang) or NOUN in universal POS appears as the most dominant class. In the HMM 

results, KB frequencies are relatively balanced, while in the Rule-Based model, KB frequencies tend to 
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be lower and the CRF shows a significantly higher KB dominance than the other models. The POS KP 

(Kecap Pagawean) or VERB distribution shows a fairly consistent pattern in HMM. In the Rule-Based 

approach, the frequency of KP remains relatively high. Meanwhile, the CRF model shows a significant 

decrease in the KP class, indicating that the features used in the CRF model are not yet robust enough 

to capture the characteristics of Sundanese VERB, particularly affixation patterns such as prefixes and 

suffixes. The POS TB (Tanda Baca) or Punctuation Marks in both Rule-Based and HMM models 

maintaining distributions than the CRF. These findings emphasize the importance of selecting an 

appropriate approach and feature design in developing POS taggers for resource-constrained languages 

like Sundanese. 

However, the Sundanese POS Tag pattern also has several drawbacks. First, this system lacks 

universality because it is not directly compatible with international standards, requiring additional 

mapping for cross-language integration. Second, its use is still limited to Sundanese, making it inflexible 

for application to other languages. Third, the availability of POS annotated datasets in Sundanese is still 

limited, which makes it difficult to develop and train statistical and deep learning models. Fourth, even 

though ambiguity is reduced, there are still cases of words in Sundanese that are multi-functional, such 

as the word alus which can function as an adjective or adverb, so that it requires additional 

disambiguation strategies. 

5. CONCLUSION 

This study concludes that POS tagging in Sundanese requires linguistic adaptations that explicitly 

reflect the morphological structure and vocabulary of the language to achieve reliable performance. The 

use of Sundanese-specific POS labels such as KB (Kecap Barang), KP (Kecap Pagawean), and KN 

(Kecap Nami), and etc. proved to be able to represent syntactic categories more contextually. The 

integration of lexicon and rule-based approaches yielded stable and balanced results, and enabled 

comprehensive comparisons with statistical approaches such as HMM and CRF in a resource-limited 

regional language context. Analysis of the POS distribution of 104,696 tokens showed that KB or 

NOUN consistently dominated across all models, reflecting the nominal-rich characteristics of 

Sundanese literary texts. From an evaluation perspective, each approach demonstrates distinct 

advantages, the Rule-Based model achieves a balanced performance with F1-score of 0.867, indicating 

its effectiveness in combining accuracy and coverage, the CRF model shows competitive performance 

with an F1-score of 0.889, and the HMM model achieves highest scores with F1-score 1.000. Although 

the results demonstrate strong potential, this study still has several limitations. First, the availability of 

Sundanese annotated data is still limited, thus limiting the model's generalizability across different 

domains. Second, the use of Sundanese-specific POS tags reduces cross-language interoperability and 

compatibility with the universal POS standard and needs to be further developed to mapping between 

Sundanese POS tags and Universal POS Tags. Third, there is still ambiguity in multifunctional words 

that can act as nouns, verbs, or other categories depending on context, which cannot be fully addressed 

by the rules or statistical features used. Future research directions include expanding the annotated 

corpus with a wider variety of domains, and exploring hybrid approaches that combine linguistic rules 

with deep learning models such as BiLSTM or Transformer. 
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