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ABSTRACT 

Health-related news articles play an increasingly important role in public health monitoring. However, their 

unstructured linguistic style complicates the automatic extraction of biomedical information. Indonesian health 

news shows high lexical variation by combining medical terms, colloquial expressions, borrowed English words, 

and culturally specific symptom descriptions. This condition creates challenges for Named Entity Recognition 

(NER). To address the limited availability of domain-specific resources, this study compares four Transformer-

based models, namely BERT, IndoBERT, RoBERTa, and BioBERT, for biomedical NER in Indonesian health news. 

A new BIO-annotated dataset consisting of 272 manually labeled articles was constructed and validated, achieving 

strong inter-annotator agreement (Cohen’s Kappa = 0.88). To reduce data limitations, an additional 103 articles 

were automatically annotated using the best-performing model, RoBERTa, through a semi-supervised approach. 

All models were fine-tuned under identical settings and evaluated at both BIO and entity levels. The results show 

that RoBERTa achieves the highest weighted F1-score (0.9543). However, its macro F1-score (0.3873) indicates 

uneven performance across entity classes because of severe label imbalance, with non-entity tokens dominating 

the dataset. This finding highlights the importance of emphasizing macro-level evaluation to better reflect entity 

recognition performance. RoBERTa consistently outperforms the other models, which may be explained by its 

robust architecture and adaptability to diverse linguistic patterns. In contrast, BioBERT underperforms because 

of cross-lingual and domain mismatch, as it is pretrained on English biomedical corpora and optimized for scien-

tific text rather than journalistic language. The error analysis further identifies boundary inconsistencies and 

under-detection of low-frequency entities, especially in the drug and symptom categories. 

  

Keywords: BIO tagging scheme, biomedical named entity recognition, domain adaptation, Indonesian health 

news, transformer models. 

 

I. INTRODUCTION 

EALTH-related news articles provide valuable insight into public health conditions by reporting 

emerging diseases, medication use trends, and symptom patterns across populations. Extracting 

structured information from these unstructured texts requires robust Named Entity Recognition 

systems that can accurately identify diseases, drugs, and symptoms [1], [2]. Transformer-based 

pretrained language models, such as BERT and RoBERTa, have shown significant improvements in 

NER performance across multiple domains [3], [4]. Public frameworks, including Hugging Face 

Transformers, have also supported standardized and reproducible fine-tuning pipelines [5]. Despite this 

progress, biomedical NER in Indonesian remains significantly underexplored, particularly in journalistic 

health narratives rather than clinical records or social media posts [6]. 

This gap is largely caused by linguistic variability and limited resources. Indonesian health news often 

combines formal medical terms with colloquial expressions, transliterated English terms, and culturally 
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specific symptom descriptions. For instance, influenza may appear interchangeably as flu, pilek, or ma-

suk angin, depending on regional or editorial style [7]. Medication mentions may shift between generic 

names, brand labels, and abbreviations, which complicates entity boundary decisions. In addition, unlike 

English, Indonesian often omits tense or plurality markers, requiring models to rely on contextual cues 

rather than surface morphology. Existing pretrained Indonesian language models are mostly trained on 

general-domain corpora, such as Wikipedia, news headlines, or social media comments [8]. These do-

mains rarely include clinical phrasing or pharmacological syntax, creating a vocabulary mismatch when 

the models are applied to biomedical content. As a result, pretrained models may misclassify short or 

ambiguous symptom terms, such as pusing or sesak, when they are used figuratively rather than medi-

cally [9]. 

The absence of reliable biomedical NER tools has several downstream implications. Without auto-

mated entity extraction, large-scale health news streams cannot be efficiently analyzed for epidemiolog-

ical surveillance, misinformation detection, or public sentiment tracking [10]. Manual inspection is in-

feasible given the publication volume of major news portals. In addition, inconsistent entity recognition 

increases the risk of misinformative claims about drugs or diseases may circulate undetected [11]. Public 

health agencies, pharmacovigilance institutions, and digital health platforms would benefit from auto-

mated systems that can highlight rising mentions of specific diseases or detect inappropriate medication 

references [12]. Such systems, however, require NER models that are specifically adapted to the lin-

guistic nuances of Indonesian biomedical news reporting. 

To address this gap, a systematic evaluation of domain adaptation strategies for pretrained language 

models is needed. It remains unclear whether general-purpose multilingual models, such as BERT, can 

be effectively fine-tuned for Indonesian biomedical contexts or whether monolingual models, such as 

IndoBERT, offer stronger alignment because of their native lexical grounding [13], [14], [15]. In addi-

tion, cross-lingual domain transfer from English biomedical models, such as BioBERT, has not been 

validated in Indonesian health news [16], [17]. A unified comparison across these architectures is needed 

to determine whether domain adaptation, language specialization, or pretraining scale has the strongest 

influence on entity recognition performance. 

The present study addresses this need by comparing several BERT-based models for biomedical entity 

extraction in Indonesian health news from platforms such as DetikHealth. A manually annotated dataset 

is constructed using the BIO scheme to provide consistent entity boundaries across disease, drug, and 

symptom categories. Four pretrained language models are fine-tuned under identical experimental set-

tings: multilingual BERT as a general-purpose baseline, IndoBERT as a monolingual model trained on 

native corpora, RoBERTa as a variant with more extensive masked language modeling, and BioBERT 

as a domain-adapted biomedical model originally trained on English scientific literature [3], [4], [15], 

[16]. The contributions of this study are threefold. First, it introduces one of the first publicly structured 

biomedical NER datasets derived from Indonesian health news, enabling reproducible evaluation in fu-

ture research. Second, it provides the first domain adaptation benchmark that compares multilingual, 

monolingual, and biomedical pretrained models within the same experimental protocol [17]. Third, it 

offers a detailed error categorization that highlights model-specific weaknesses, such as confusion be-

tween drug brands and generic names or the misclassification of non-medical symptom usage. The find-

ings are expected to guide model selection strategies for Indonesian biomedical information extraction 

and support the development of real-time surveillance systems for health trend monitoring. 

II. RESEARCH METHOD 

This research was designed to examine how different BERT-based language models can be adapted 

to recognize biomedical entities in Indonesian health news. The overall process in-volved four main 

stages: data collection, entity annotation, model fine-tuning, and performance evaluation. The dataset 

was obtained from DetikHealth, a major online health news platform in Indonesia, through an automated 

web scraping process. The collected articles were then cleaned and prepared by removing unwanted 

elements, such as advertisements, HTML tags, and redundant formatting [18]. Each article was manually 

annotated using the BIO scheme to label entity types, namely diseases, drugs, and symptoms. The 

annotated data were split into training, validation, and testing sets, then used to fine-tune four 

transformer-based models, namely BERT, IndoBERT, RoBERTa, and BioBERT. Finally, the models 

were evaluated using standard NER performance metrics, including precision, recall, and F1-score [19].  
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After the evaluation stage, an automatic annotation procedure was conducted using RoBERTa, the 

best-performing model. This step aimed to expand the corpus by generating automatically labeled health 

news articles. The resulting annotations were validated through BI-structure consistency checks and 

label distribution analysis to ensure linguistic coherence and structural reliability. The automatic 

annotation phase extended the manual dataset, supported scalability, and enabled broader applicability 

in downstream biomedical NLP tasks. The following subsections describe each step of the research 

workflow in Figure 1. 

A. Data Collection and Text Preprocessing 

The dataset used in this research was drawn from Indonesian online health news articles published on 

DetikHealth. Data collection took place over a fourteen-day period beginning on 13 August 2025, re-

sulting in a total of 272 articles. DetikHealth was chosen as the primary data source because it consist-

ently publishes reliable and up-to-date coverage of medical issues, public health trends, and emerging 

health phenomena in Indonesia. The platform’s range of topics and consistent reporting style made it a 

representative resource for developing an NER system in the biomedical domain of the Indonesian lan-

guage [20]. 

The web scraping process was implemented in Python using several supporting libraries, such as 

feedparser, BeautifulSoup, and fake_useragent. These tools improved the efficiency of HTML parsing, 

structured text extraction, and user-agent randomization to reduce request blocking during the automated 

crawling process [21], [22]. Each retrieved article was stored in JSON format and included essential 

metadata, such as the article title, publication date, and main text body. To maintain data quality, dupli-

cate and incomplete entries were automatically filtered using string-matching techniques, ensuring that 

the final dataset contained only unique and complete articles. 

After data collection, the corpus underwent a series of preprocessing steps as summarized in Figure 

1. The steps included (1) removing HTML tags and special formatting, (2) normalizing whitespace and 

Unicode characters, (3) standardizing quotation marks and dash symbols, and (4) filtering out promo-

tional or non-editorial content such as advertisements or sponsored materials. Once the text was cleaned, 

the manual annotation process was carried out using the BIO labeling scheme [23], [24]. 

 
Figure 1. Research Flow 
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B. Annotation Guidelines and BIO Scheme 

After the preprocessing stage, manual annotation was conducted to label entities within the 

DetikHealth corpus. The annotation followed the BIO (Begin–Inside–Outside) tagging scheme, which 

is widely used in sequence labeling tasks such as NER. Each token in a sentence was as-signed a tag 

indicating whether it marked the beginning (B) of an entity, inside (I) an entity span, or was outside (O) 

any entity. This approach allowed the model to distinguish entity boundaries, including in multi-word 

expressions and contextually complex cases [25]. 

Three biomedical entity categories were defined in this study: Disease, Drug, and Symptom. Each 

entity type was annotated according to the contextual meaning of the term within the article, following 

the definitions summarized in Table 1. 

Annotation was performed manually by the researcher using a token-level interface to ensure accuracy 

and contextual consistency, with BIO tags assigned to each token, as illustrated in Figure 2. Ambiguous 

or polysemous terms were resolved based on sentence context, following the manual BIO annotation 

workflow shown in Figure 3. For instance, the term asam was labeled as Symptom in asam lambung 

but tagged as O when appearing in asam amino. Similarly, flu was labeled as Disease when referring to 

an actual illness but remained O when used idiomatically. 

The final annotated corpus comprised 272 DetikHealth articles stored in CoNLL format, where each 

line contained a token and its corresponding BIO label, and sentences were separated by blank lines. 

This dataset served as the foundation for model fine-tuning and evaluation in subsequent experiments. 

The annotated corpus was stored in CoNLL format, where each token was aligned with its BIO tag. 

A Python preprocessing script was implemented to parse the corpus, split long sequences exceeding 512 

tokens to fit BERT input limits, and calculate entity distribution [26]. The resulting dataset consisted of 

272 news articles transformed into approximately 323 input sequences, annotated with BIO tags across 

three entity types. Label frequency analysis revealed that non-entity tokens dominated the dataset, while 

disease mentions were the most frequently labeled entities. This pattern confirmed the expected distri-

bution in health-related news. 

C. Model Selection and Domain Adaptation Strategy 

This research employs a comparative modeling framework that fine-tunes four Transformer-based 

architectures, namely BERT, IndoBERT, RoBERTa, and BioBERT, to assess the efficacy of multilin-

gual pretraining, language-specific optimization, and cross-lingual domain adaptation in Indonesian bi-

omedical NER. All models are based on the Transformer encoder architecture, which uses stacked self-

TABLE 1 

DEFINITION AND EXAMPLES OF BIOMEDICAL ENTITY CATEGORIES USED IN ANNOTATION 

Entity Type Definition Examples 

Disease Refers to medical conditions, disorders, or illnesses, including formal clinical terminology and 

colloquial expressions used in Indonesian health news. 

hipertensi, diabetes meli-

tus, flu 

Drug Represents names of medications, including generic names, brand names, and commonly used 

abbreviations appearing in biomedical text. 

paracetamol, Panadol, 

amoxicillin 

Symptom Denotes physical or physiological manifestations experienced or reported by individuals, com-

monly described in medical and layperson contexts. 

demam, pusing, mual, 

sesak napas 

 

 
Figure 2. Assigning BIO Tags 

 

 
Figure 3. Example of manual BIO annotation workflow for Indonesian biomedical entities 
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attention layers to represent text and capture long-range dependencies without relying on recurrent com-

putations [27]. The self-attention mechanism formally computes contextual representations, as shown 

in (1). Each model incorporates a token-classification head implemented as a linear projection of the 

final hidden state, as presented in (2) where ℎ𝑡 is the contextual embedding of the token 𝑡, and 𝑦𝑡 is the 

predicted BIO label. This unified formulation ensures consistent evalution of the effects of linguistic 

and domain-specific pretraining across model architectures. BERT-base-uncased serves as the baseline 

model and uses masked language modeling (MLM) and next sentence prediction (NSP) objectives [3]. 

The formula is presented in (3). IndoBERT-base-p1 builds on this architecture by using large-scale In-

donesian text pretraining to evaluate the impact of language-specific corpora on NER performance [15]. 

RoBERTa-base improves upon BERT by removing the NSP objective and using dynamic masking and 

larger batch size optimization, resulting in more robust contextual representations [4]. The formula is 

presented in (4). BioBERT-base-v1.1 incorporates domain adaptation pretraining on distributed bio-

medical corpora, such as PubMed and PMC, allowing the model to encode specialized lexical and se-

mantic patterns relevant to clinical terminology [16], as presented in (5). Comparing these models allows 

for a systematic analysis of how language specialization, architectural refinement, and domain-specific 

pretraining influence biomedical NER in Indonesian health news. 

D. Fine-Tuning Configuration 

To ensure fair performance comparisons, all models were trained using a uniform experimental con-

figuration. Each model received tokenized input with a maximum length of 512 tokens. This input was 

processed by the Transformer layers to generate contextualized representations, which were then clas-

sified using a Softmax layer for each token. Training was carried out for 20 epochs using the AdamW 

optimizer and a linear scheduler with a warm-up ratio of 1% [28]. To maintain training stability, gradi-

ents were clipped to a maximum value of 1.0, and training was performed using mixed precision FP16. 

In addition, gradient accumulation was performed every two steps to balance computational efficiency 

and convergence stability [29]. 

To address the class imbalance inherent in NER tasks, where the “O” (Outside) label significantly 

outnumbers the “B” (Begin) and “I” (Inside) labels, Weighted Cross-Entropy Loss was applied. Class 

TABLE 2 
FINE-TUNING HYPERPARAMETERS CONFIGURATION 

Parameter Value 
Batch size 16 
Optimizer AdamW 
Learning rate 3e-5 
Weight decay 0.1 
Epsilon (eps) 1e-8 
Epoch 20 
Scheduler Linear 
Gradient clipping 1.0 
Mixed precision (FP16) True 
Seed 42 
Gradient accumulation 2 steps 
Precision mode FP16 

 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾T

√𝑑𝑘

)  𝑉 (1) 

𝑦𝑡̂ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊ℎ𝑡 + 𝑏) (2) 

ℒ𝑀𝐿𝑀 =  − ∑ log 𝑃(𝑥𝑖|𝑥\𝑀)

𝑖𝜖𝑀

 (3) 

ℒ𝑅𝑜𝐵𝐸𝑅𝑇𝑎 =  − ∑ log 𝑃(𝑥𝑖|𝑥\𝑀𝑡)

𝑖𝜖𝑀𝑡

 (4) 

ℒ𝐵𝑖𝑜𝐵𝐸𝑅𝑇 =  ℒ𝑀𝐿𝑀
general

+ ℒ𝑀𝐿𝑀
biomedical (5) 
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weights were calculated in inverse proportion to the frequency of each class in the training data so that 

the model paid more attention to minority entity classes [30]. Reproducibility was maintained by setting 

a fixed seed (42) for all random components in Python, NumPy, and PyTorch, while disabling non-

deterministic cuDNN operations. The dataset was divided into 80% training, 10% validation, and 10% 

testing splits [31]. All experiments were implemented using the Hugging Face Transformers library. 

Table 2 summarizes the main parameters used during the fine-tuning process. 

E. Evaluation Metrics and Reproducibility 

The final stage of this research is a quantitative evaluation of the fine-tuned NER models. This eval-

uation used only the test set to ensure an objective and unbiased assessment of model generalization 

[32]. Model performance was measured using standard NER metrics, namely precision, recall, and F1-

score calculated at the entity level [19]. A prediction was counted as correct only when both the entity 

boundaries and label type were identified correctly. The mathematical formulations for each metric are 

presented in (6) - (8). 

To provide an aggregated view of performance across entity categories, the macro-averaged F1-score 

was used because it gives equal weight to all classes, regardless of frequency. Each Transformer model 

was evaluated separately to allow clear comparisons of its effectiveness in handling biomedical Named 

Entity Recognition (NER) in Indonesian health news texts. 

III. RESULTS AND DISCUSSION 

A. Results of Entity Annotation and Labeling Process 

In this research, the entity annotation process was conducted manually by two annotators, both un-

dergraduate students from the Information System program. They received detailed annotation guide-

lines adapted from biomedical entity standards and performed the annotation using the Label Studio 

platform. Entity categories were determined based on authoritative references. Disease entities were 

identified based on the Indonesian version of the International Statistical Classification of Diseases and 

Related Health Problems (ICD-10), published by the Ministry of Health of the Republic of Indonesia. 

Symptom entities were annotated using terminology from the Health Data and Information Center (Info-

datin) and the Indonesian Health Dictionary to ensure terminological consistency within the local lin-

guistic context. Drug entities were determined using the official list of registered pharmaceutical prod-

ucts issued by the Indonesian Food and Drug Authority (BPOM RI) to ensure alignment with nationally 

recognized drug nomenclature. 

To ensure the reliability and consistency of the annotation process, we assessed the inter-annotator 

agreement (IAA) using Cohen’s kappa coefficient (κ) [33]. The evaluation was performed on a 10% 

subset of the 272 total articles, corresponding to 9,096 tokens. Both annotators independently annotated 

all tokens in this subset following the established annotation guidelines. Cohen’s kappa was selected 

because it accounts for agreement by chance, making it more reliable than simple percent agreement 

[34]. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 (6) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 (7) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (8) 

𝑃𝑜 =  
𝑎 +  𝑑

𝑁
 (9) 

𝑃𝑒 =  𝑝𝐴1𝑝𝐴2 + (1 − 𝑝𝐴1)(1 − 𝑝𝐴2) (10) 

κ =  
𝑃𝑜 − 𝑃𝑒

1 −  𝑃𝑒
 (11) 
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The kappa value was computed for each entity type, namely Disease, Symptom, and Drug, using 

contingency tables and marginal probabilities for both annotators. Observed agreement (𝑃𝑜) represents 

the proportion of tokens assigned identical labels by both annotators. Expected agreement (𝑃𝑒) reflects 

the probability of random agreement based on the annotator's label distribution [35]. The formulas ap-

plied in this calculation are presented in (9) - (11). 

Here, 𝑎 denotes the number of tokens labeled as an entity by both annotators, 𝑑 denotes the number 

of tokens labeled as a non-entity by both annotators, and 𝑝𝐴1 and 𝑝𝐴2 correspond to the marginal prob-

abilities of annotators 1 and 2, respectively. Table 3 summarizes the complete calculation results for all 

entity categories. 

The resulting kappa values demonstrate a very high level of inter annotator agreement. The Disease 

entity category achieved a kappa (κ) of 0.965, while the Symptom category obtained a kappa of 0.959. 

Both values fall within the “almost perfect” agreement range based on the Landis and Koch (1977) 

classification. This indicates that the annotation guidelines were well understood and applied consist-

ently by both annotators. Although the Drug entity category achieved a slightly lower kappa value of 

0.880, it still falls within the substantial agreement category. This minor reduction was likely influenced 

by the relatively low frequency of drug entities in the dataset. Overall, the average kappa value was 

0.935, confirming that the annotated dataset is reliable and suitable for developing Indonesian biomed-

ical NER models. 

B. Exploratory Data Analysis 

An exploratory data analysis was conducted to examine the basic characteristics of the Indonesian 

health news corpus used in this research. The dataset comprises 272 articles that underwent tokenization 

and manual annotation using the Begin-Inside-Outside (BIO) scheme. This scheme produced two pri-

mary attributes: tokens with labels and text length. These attributes represent the number of tokens per 

article, as presented in Table 4. 

Analysis of text length revealed substantial variation across articles, with an average of 334.38 tokens 

per article, a minimum of 12 tokens, a maximum of 1,991 tokens, and a standard deviation of 256.14 

tokens. Figure 4 illustrates the distribution of article length and shows a right-skewed pattern. Most 

articles fall within the range of 200-500 tokens, with the highest frequency around 250 tokens. This 

TABLE 3 

CALCULATION OF AGREEMENT SCORES FOR ALL ENTITY CATEGORIES 

Entities 𝑁 Support A1 Support A2 Agreement Count 𝑃𝑜 𝑃𝑒 κ 
Disease 9,096 455 472 9,084 0.9986 0.9624 0.9650 
Symptom 9,096 312 298 9,088 0.9991 0.9782 0.9593 
Drug 9,096 126 118 9,090 0.9993 0.9945 0.8796 

TABLE 4 
EXAMPLES OF TOKENIZED ARTICLES WITH BIO LABELS AND TOKEN LENGTHS 

Token & Labels Length 

Hong_O Kong_O melaporkan_O kasus_O demam_B-DISEASE chikungunya_I-DISEASE … 427 

Antibiotik_B-DRUG adalah_O obat_O yang_O digunakan_O untuk_O … 910 

Penyanyi_O Malaysia_O Mohd_O Shah_O Rosli_O terkena_O stroke_B-DISEASE … 204 
Kepala_O Badan_O Pengawas_O Obat_O dan_O Makanan_O (_O BPOM_O … 307 

Gout_B-DISEASE atau_O penyakit_B-DISEASE asam_I-DISEASE urat_I-DISEASE adalah_O kondisi_O … 453 

 

 
Figure 4. Distribution of Articles Length 
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pattern suggests that the corpus contains relevant medical terminology, disease references, and symp-

tom-related expressions, although it is dominated by relatively concise health news articles. 

Of the 90,951 annotated tokens, 96.72% are non-entity tokens (“O”), while biomedical entities col-

lectively contributed only 3.28%. The most frequent entity category was Disease at 1.91%, followed by 

Symptom at 1.09% and Drug at 0.27%. Table 5 shows the detailed distribution of token labels in the 

dataset. This distribution confirms a severe class imbalance problem, where the strong dominance of the 

“O” label significantly affects model learning. As a result, the model tends to prioritize non-entity pre-

dictions, producing high weighted F1-scores but relatively low macro F1-scores. This imbalance partic-

ularly affects low-frequency classes, such as Drug and Symptom, reducing the model’s ability to gener-

alize across all entity categories. 

C. Results of BERT Implementation 

The BERT model was implemented as the baseline system for biomedical NER using Indonesian 

health news articles. We evaluated the model using precision, recall, and the F1-score at two analytical 

levels: the BIO label level and the entity level. This evaluation assessed its ability to recognize linguistic 

patterns in biomedical terminology appearing in news text. 

At the entity level, as shown in Table 6, the model demonstrated uneven performance across entity 

categories. The DISEASE entity achieved the best results with a recall of 0.8550 and an F1-score of 

0.4855. This indicates that BERT was relatively effective in identifying disease-related terms, despite 

its low precision of 0.3390. This low precision reflects a high number of false positive predictions. 

Conversely, the SYMPTOM entity showed the weakest performance, with an F1-score of 0.1927 be-

cause of its low precision of 0.1230. This suggests that the model struggled to capture the diverse ex-

pressions of symptoms commonly found in health news articles. The DRUG entity showed relatively 

high precision of 0.5000 but limited recall of 0.3600, indicating that BERT was cautious when labeling 

drug-related expressions but still missed many occurrences. The micro-average score of 0.3881 and the 

macro-average score of 0.3656 indicate that the model's overall performance was affected by the prev-

alence of high-frequency classes, especially the DISEASE entity. These findings suggest that, although 

TABLE 5 

DETAILED DISTRIBUTION OF TOKEN LABELS IN THE DATASET 

Label Number of Token % 

O 87,965 96.72 

B-DISEASE 898 0.99 

I-DISEASE 842 0.93 

B-SYMPTOM 468 0.51 

I-SYMPTOM 530 0.58 

B-DRUG 139 0.15 

I-DRUG 109 0.12 

Total 90,951 100 

TABLE 6 

ENTITY-LEVEL PERFORMANCE METRICS OF THE BERT MODEL 

 Precision Recall F1-Score Support 

DISEASE 0.3390 0.8550 0.4855 138.0 

SYMPTOM 0.1230 0.4444 0.1927 54.0 

DRUG 0.5000 0.3600 0.4186 25.0 

micro avg 0.2691 0.6958 0.3881 217.0 

macro avg 0.3207 0.5531 0.3656 217.0 

weighted avg 0.3038 0.6958 0.4050 217.0 

TABLE 7 

BIO LABEL-LEVEL PERFORMANCE METRICS OF THE BERT MODEL 

 Precision Recall F1-Score Support 

O 0.9929 0.9318 0.9614 5590.0 

B-DISEASE 0.3311 0.7285 0.4553 70.0 

B-SYMPTOM 0.1290 0.4615 0.2016 26.0 

B-DRUG 0.4000 0.3333 0.3636 12.0 

I-DISEASE 0.2680 0.7647 0.3969 68.0 

I-SYMPTOM 0.0784 0.2857 0.1230 28.0 

I-DRUG 0.6250 0.3846 0.4761 13.0 

accuracy 0.9197 0.9197 0.9197 0.9197 

macro avg 0.4035 0.5531 0.3656 5807.0 

weighted avg 0.9661 0.9197 0.9389 5807.0 
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BERT could identify major biomedical entities with reasonable sensitivity, improvements are needed to 

enhance prediction precision and consistency across categories. 

As shown in Table 7, evaluation at the BIO label level indicates that the I-DISEASE label has the 

highest recall of 0.7647, while I-DRUG has the highest F1-score of 0.4761. This implies that BERT can 

detect disease mentions with relatively strong sensitivity, although boundary-related errors still reduce 

label precision. In contrast, B-DRUG shows higher precision (0.4000) but lower recall (0.3333). This 

suggests that the model is conservative in identifying drug mentions and misses many true positive 

instances. B-SYMPTOM and I-SYMPTOM both show weaker performance than disease-related labels, 

with F1-scores of 0.2016 and 0.1230, respectively. This may be due to the limited variety of symptom 

expressions in the training corpus and the semantic overlap between symptom descriptions and disease-

related contexts commonly found in health news texts. At the aggregate level, the macro-average F1-

score of 0.3656 and the weighted average F1-score of 0.9389 indicate that the model’s overall perfor-

mance is strongly influenced by the dominance of the “O” (non-entity) label. This imbalance inflates 

the weighted F1-score, which may overestimate the model’s actual capability in recognizing biomedical 

entities. Therefore, the macro F1-score is considered a more reliable metric for evaluating entity-level 

performance in this study. 

Figure 5 shows a confusion matrix that provides deeper insight into BERT’s error distribution at the 

token level. The “O” class clearly dominates, with 5,209 tokens correctly classified as non-entities. This 

confirms the influence of label imbalance in the training data. However, the main source of precision 

degradation is the misclassification of non-entity tokens as entity labels. This includes 87 “O” tokens 

mislabeled as “B-DISEASE”, 120 as “I-DISEASE”, and 77 as “B-SYMPTOM”. These patterns suggest 

that the model tends to be overly aggressive in predicting biomedical entities and has difficulty differ-

entiating relevant clinical terminology from general vocabulary, likely because of its limited contextual 

understanding of the domain.  

Further analysis of the DISEASE entity reveals boundary detection issues. Although 51 “B-

DISEASE” and 52 “I-DISEASE” tokens were correctly predicted, several transition errors occurred, 

such as 9 “B-DISEASE” tokens mislabeled as “I-DISEASE” and 6 “I-DISEASE” tokens mislabeled as 

“B-DISEASE”. These inconsistencies show that the model has not fully captured the internal structure 

of multi-token disease entities. Meanwhile, symptom entities show more dispersed misclassification 

 
Figure 5. Confusion Metrix of the BERT Model 

 

 
Figure 6. Precision-Recall Curve of the BERT Model 
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patterns. For example, 10 “B-SYMPTOM” and 9 “I-SYMPTOM” tokens were mislabeled as “O,” while 

9 “I-SYMPTOM” tokens were incorrectly classified as “I-DISEASE”. These findings highlight the se-

mantic overlap between symptom descriptions and disease expressions that the model has not yet dif-

ferentiated effectively. 

The DRUG entity had the weakest performance because of its low frequency in the training corpus. 

Only 4 “B-DRUG” and 5 “I-DRUG” tokens were correctly identified, while many others were misclas-

sified as disease entities. Notably, 7 “B-DRUG” tokens were mislabeled as “B-DISEASE”. These errors 

suggest that the model relies more on general contextual cues than on deeper semantic representations 

of pharmacological terminology. Taken together, the misclassification patterns in the confusion matrix 

highlight the primary weaknesses of the baseline BERT model: difficulty distinguishing entities from 

non-entities and substantial semantic overlap across related biomedical entity categories. 

The precision-recall curve in Figure 6 reinforces these findings. The B-DISEASE and I-DISEASE 

curves achieved the highest Average Precision (AP) scores of 0.64 and 0.61, respectively, indicating 

relatively stable performance in disease recognition. In contrast, the I-SYMPTOM curve yielded the 

lowest AP score of 0.26, showing persistent difficulty in distinguishing symptom expressions from non-

entity descriptive phrases. The gradual decline across the curves further highlights the clear precision-

recall trade-offs, particularly for low-frequency entity classes. Overall, these findings suggest that the 

baseline BERT model reliably identifies disease-related entities, although it still struggles to capture 

low-frequency biomedical expressions, especially symptoms and drug-related terms. 

D. Results of IndoBERT Implementation 

IndoBERT, a model designed specifically for the Indonesian language, was expected to overcome the 

limitations of multilingual BERT by offering richer linguistic representations that more accurately cap-

ture local morphological and syntactic structures. However, the experimental results indicate that these 

linguistic advantages do not automatically lead to better performance in biomedical NER. According to 

the entity-level evaluation in Table 8, IndoBERT achieved a macro-average F1-score of 0.3462, which 

is slightly lower than that of the baseline BERT model. This suggests that enhanced language under-

standing alone is insufficient to bridge the semantic gap between general domain Indonesian text and 

biomedical terminology. 

Entity-level analysis shows that the DISEASE category remains the best performer, with a high recall 

of 0.8550 and an F1-score of 0.4855. However, its low precision of 0.3390 indicates a tendency toward 

over-detection, resulting in a substantial number of false positives. A similar pattern was observed for 

the SYMPTOM entity, which achieved a recall of 0.3333 and a precision of only 0.1077. This demon-

strates IndoBERT’s difficulty in distinguishing symptom expressions from general descriptive phrases 

with similar lexical structures. Meanwhile, the DRUG entity achieved a moderate F1-score of 0.3902, 

likely because of the small number of training samples and weak semantic associations in pharmacolog-

ical contexts. 

TABLE 8 

ENTITY-LEVEL PERFORMANCE METRICS OF THE INDOBERT MODEL 

 Precision Recall F1-Score Support 

DISEASE 0.3390 0.8550 0.4855 138.0 

SYMPTOM 0.1077 0.3333 0.1628 54.0 

DRUG 0.5000 0.3200 0.3902 25.0 

micro avg 0.2711 0.6635 0.3850 217.0 

macro avg 0.3156 0.5028 0.3462 217.0 

weighted avg 0.3000 0.6635 0.3943 217.0 

TABLE 9 

BIO LABEL-LEVEL PERFORMANCE METRICS OF THE INDOBERT MODEL 

 Precision Recall F1-Score Support 

O 0.9910 0.9354 0.9624 5590.0 

B-DISEASE 0.3184 0.8142 0.4578 70.0 

B-SYMPTOM 0.1153 0.3461 0.1730 26.0 

B-DRUG 0.4545 0.4166 0.4347 12.0 

I-DISEASE 0.3136 0.7794 0.4472 68.0 

I-SYMPTOM 0.0786 0.2500 0.1196 28.0 

I-DRUG 0.6000 0.2307 0.3333 13.0 

accuracy 0.9235 0.9235 0.9235 0.9235 

macro avg 0.4102 0.5389 0.4183 5807.0 

weighted avg 0.9647 0.9235 0.9402 5807.0 
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The BIO-level evaluation in Table 9 provides a more granular view of IndoBERT’s ability to detect 

entity boundaries. Although the B-DISEASE and I-DISEASE labels have high recall values of 0.8142 

and 0.7794, respectively, their precision values remained low at 0.3184 and 0.3136. This resulted in 

moderate F1-scores. These results suggest that, while IndoBERT can identify disease mentions with 

reasonable sensitivity, it still struggles with accurate boundary detection. Conversely, the symptom-

related labels, B-SYMPTOM and I-SYMPTOM, showed substantially lower performance, with F1-

scores of 0.1730 and 0.1196. This reflects the linguistic complexity of symptom expressions in health 

news texts. Drug-related labels have somewhat better F1-scores, ranging from 0.3333 to 0.4347, but 

misclassifications remained common because of data imbalance and limitations in domain-specific vo-

cabulary. 

These findings are supported by the confusion matrix, as shown in Figure 7, which reveals error pat-

terns similar to those observed in the BERT baseline model. The non-entity class “O” dominates the 

dataset, with 5,590 tokens in the test set, and also contributes the most misclassifications. IndoBERT 

mislabeled 102 “O” tokens as “B-DISEASE”, 105 as “I-DISEASE”, and 66 as “B-SYMPTOM”, indi-

cating a bias toward entity prediction driven by unresolved domain mismatch. Conversely, IndoBERT 

misclassified 15 “I-SYMPTOM” and 13 “B-SYMPTOM” tokens as “O”, reflecting its difficulty in rec-

ognizing symptom-related expressions in ambiguous contexts. 

As shown in Figure 8, the precision-recall curves reveal that IndoBERT achieves higher AP scores 

than the baseline BERT model for several entity labels, including B-DISEASE (0.65), I-DISEASE 

(0.72), and B-SYMPTOM (0.33). This indicates stronger class separability. However, these improve-

ments are not fully reflected in the F1-score because of suboptimal confidence calibration in In-

doBERT’s predictions. Overall, although IndoBERT shows improved linguistic understanding of Indo-

nesian text, its limited biomedical vocabulary and insufficient domain-specific representation continue 

to restrict precision improvement. 

E. Results of RoBERTa Implementation 

The evaluation of the RoBERTa model was conducted to determine the extent to which its extensive 

pretraining strategy and optimized architecture improve NER performance in the biomedical domain. 

The results indicate that RoBERTa consistently outperforms preceding models, especially in its ability 

to generalize across diverse entity categories. 

 
Figure 7. Confusion Metrix of the IndoBERT Model 

 

 
Figure 8. Precision-Recall Curve of the IndoBERT Model 
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At the entity level, as shown in Table 10, RoBERTa achieved a macro-average F1-score of 0.3873. 

The highest performance was observed for the DISEASE entity (F1 = 0.5336). Notable improvements 

were also recorded for the SYMPTOM (F1 = 0.2500) and DRUG (F1 = 0.3783) categories. These results 

show that RoBERTa can maintain a more balanced trade-off between precision and recall across entity 

types. Notably, the DISEASE entity showed high recall (0.8333) and improved precision (0.3924), sug-

gesting a clear reduction in the false positives that dominated the predictions of BERT and IndoBERT. 

Further analysis at the BIO level, as shown in Table 11, reveals clear structural improvements in 

boundary detection. The B-DISEASE and I-DISEASE labels achieved high recall values of 0.8000 and 

0.7500, along with stable precision values of 0.3684 and 0.3617. These results produced F1-scores rang-

ing from 0.4880 to 0.5045. This balance suggests that RoBERTa effectively preserves boundary con-

sistency for the onset and continuation of disease entities. However, labels such as B-SYMPTOM and 

I-DRUG still show noticeable precision-recall gaps. This is likely due to uneven data distribution and 

semantic overlap among entities, which make minority entities more difficult for the model to capture. 

The confusion matrix in Figure 9 further supports these findings by illustrating a substantial reduction 

in misclassification from the non-entity class (“O”) to entity classes. Only 76 “O” tokens were incor-

rectly predicted as B-DISEASE, and 33 “O” tokens as B-SYMPTOM. This highlights the improved 

robustness of RoBERTa’s contextual representation in distinguishing entity boundaries. 

This improvement is reflected in the precision-recall curves shown in Figure 10, where RoBERTa 

maintains stable precision across different recall levels. The strongest results were achieved by the I-

TABLE 10 

ENTITY-LEVEL PERFORMANCE METRICS OF THE ROBERTA MODEL 

 Precision Recall F1-Score Support 

DISEASE 0.3924 0.8333 0.5336 138.0 

SYMPTOM 0.2162 0.2962 0.2500 54.0 

DRUG 0.5833 0.2800 0.3783 25.0 

micro avg 0.3641 0.6359 0.4630 217.0 

macro avg 0.3973 0.4698 0.3873 217.0 

weighted avg 0.3706 0.6359 0.4451 217.0 

TABLE 11 

BIO LABEL-LEVEL PERFORMANCE METRICS OF THE ROBERTA MODEL 

 Precision Recall F1-Score Support 

O 0.9898 0.9611 0.9753 5590.0 

B-DISEASE 0.3684 0.8000 0.5045 70.0 

B-SYMPTOM 0.1951 0.3076 0.2388 26.0 

B-DRUG 0.5714 0.3333 0.4210 12.0 

I-DISEASE 0.3617 0.7500 0.4880 68.0 

I-SYMPTOM 0.1818 0.2142 0.1967 28.0 

I-DRUG 0.6000 0.2307 0.3333 13.0 

accuracy 0.9473 0.9473 0.9473 0.9473 

macro avg 0.4669 0.5138 0.4511 5807.0 

weighted avg 0.9658 0.9473 0.9542 5807.0 

TABLE 12 

ENTITY-LEVEL PERFORMANCE METRICS OF THE BIOBERT MODEL 

 Precision Recall F1-Score Support 

DISEASE 0.3674 0.8333 0.5099 138.0 

SYMPTOM 0.1192 0.3333 0.1756 54.0 

DRUG 0.5000 0.2400 0.3243 25.0 

micro avg 0.2920 0.6405 0.4011 217.0 

macro avg 0.3288 0.4688 0.3366 217.0 

weighted avg 0.3209 0.6405 0.4053 217.0 

TABLE 13 

BIO LABEL-LEVEL PERFORMANCE METRICS OF THE BIOBERT MODEL 

 Precision Recall F1-Score Support 

O 0.9902 0.9443 0.9667 5590.0 

B-DISEASE 0.3594 0.7857 0.4932 70.0 

B-SYMPTOM 0.1111 0.3461 0.1682 26.0 

B-DRUG 0.4444 0.3333 0.3809 12.0 

I-DISEASE 0.3250 0.7647 0.4561 68.0 

I-SYMPTOM 0.1000 0.2500 0.1428 28.0 

I-DRUG 0.6666 0.1538 0.2500 13.0 

accuracy 0.9312 0.9312 0.9312 0.9312 

macro avg 0.4281 0.5111 0.4083 5807.0 

weighted avg 0.9647 0.9312 0.9447 5807.0 
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DISEASE (AP = 0.72) and B-DISEASE (AP = 0.68) labels. This demonstrates that RoBERTa produces 

better-ranked probability estimations and uses a more efficient decision-making mechanism to deter-

mine optimal classification thresholds. 

Overall, the findings confirm that architectural refinements and larger-scale pretraining corpora have 

a greater influence than language specialization in enabling effective cross-domain adaptation. RoB-

ERTa successfully overcomes several limitations of earlier models by providing more stable, general-

ized, and contextually adaptive semantic representations for biomedical NER. 

F. Results of BioBERT Implementation 

The evaluation of the BioBERT model aimed to assess the effectiveness of transferring biomedical 

domain knowledge from English pretraining corpora to Indonesian biomedical NER. BioBERT demon-

strated strong capability in recognizing globally standardized medical concepts. However, its perfor-

mance deteriorated substantially for entities that required contextual and language-specific understand-

ing. This indicates that domain-specific pretraining can enhance the semantic representation of universal 

disease terminology.  

As presented in Table 12, BioBERT achieved a macro-averaged F1-score of 0.3366 at the entity level, 

placing it between BERT and IndoBERT, although still below RoBERTa. BioBERT’s primary strength 

was in the DISEASE category, where it attained an F1-score of 0.5099, with a precision of 0.3674 and 

a recall of 0.8333. These findings suggest that domain-specific pretraining can improve the semantic 

representation of universal disease terminology, especially terms that remain relatively stable across 

languages.  

In contrast, BioBERT performed poorly on entities that rely on local linguistic variation. The 

SYMPTOM entity achieved an F1-score of only 0.1756, mainly because of its low precision of 0.1192, 

while the DRUG entity achieved an F1-score of 0.3243 with limited recall of 0.2400. These findings 

show that English-based domain transfer is insufficient for colloquial or region-specific Indonesian 

medical expressions. This creates a substantial lexical and cultural mismatch, restricting cross-language 

generalization. 

A more detailed assessment at the BIO-level, shown in Table 13, reinforces this pattern. BioBERT 

performs well on disease-related labels, with B-DISEASE and I-DISEASE achieving F1-scores of 

 
Figure 9. Confusion Metrix of the RoBERTa Model 

 

 
Figure 11. Confusion Metrix of the BioBERT Model 

 
Figure 10. Precision-Recall Curve of the RoBERTa Model 

 
Figure 12. Precision-Recall Curve of the BioBERT Model 
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0.4933 and 0.4561, respectively, along with high recall values of 0.7857 and 0.7647. These results sug-

gest that BioBERT consistently detects token-level patterns associated with disease entities. However, 

the model’s performance drops sharply for labels requiring nuanced contextual comprehension. B-

SYMPTOM and I-SYMPTOM both yield low F1-scores of 0.1682 and 0.1429, while I-DRUG records 

a recall of only 0.1538. This demonstrates the model’s difficulty in capturing the structural variability 

of Indonesian multiword medical expressions. 

The confusion matrix in Figure 11 further highlights these limitations through systematic misclassifi-

cation patterns. A considerable number of false positives originate from “O” tokens, which are non-

entities, being misclassified as biomedical entities. In total, 80 such tokens were misclassified as B-

DISEASE, 96 as I-DISEASE, and 69 as B-SYMPTOM. These misclassifications reveal BioBERT’s 

difficulty in aligning its domain-specific knowledge with the Indonesian linguistic context. Several false 

negatives were also found in symptom-related labels, with 13 B-SYMPTOM and 15 I-SYMPTOM to-

kens remaining unrecognized. Confusion between entity types, such as 7 B-DRUG tokens incorrectly 

predicted as B-DISEASE, further illustrates that BioBERT recognizes general biomedical semantics but 

struggles to differentiate finer entity distinctions. 

The precision-recall curves in Figure 12 offer a closer look at these trends. Labels such as I-DISEASE 

(AP = 0.70) and B-DISEASE (AP = 0.66) maintained stable precision across a wide range of recall 

values. This suggests that the model can predict disease entities with relatively high confidence. Con-

versely, labels such as I-SYMPTOM (AP = 0.27), I-DRUG (AP = 0.20), and B-SYMPTOM (AP = 0.34) 

showed significant precision decreases as recall increased. This indicates an unfavorable trade-off, 

where broader entity retrieval substantially increases classification errors.  

Overall, BioBERT’s evaluation highlights the complex dynamics of cross-lingual domain adaptation. 

While the model successfully transfers universal biomedical knowledge, it is not sufficiently adaptive 

to the linguistic and semantic characteristics of Indonesian. These findings demonstrate that domain-

specific pretraining alone does not guarantee strong cross-language performance without an explicit 

linguistic alignment mechanism. Consequently, BioBERT is an important step in understanding the lim-

itations and potential of transformer-based models for multilingual biomedical NER. 

G. Validation of Newly Annotated Data 

A total of 103 additional health news articles scraped on November 18, 2025, were processed using 

RoBERTa, the best-performing model, to generate an automatically annotated biomedical Named Entity 

Recognition (NER) corpus. The model produced 2,330 labeled tokens with a BIO consistency error rate 

of only 0.64% (15 inconsistent B/I transitions), indicating stable structural annotation. A detailed over-

view of these results is presented in Table 14. The label distribution shows that non-entity tokens dom-

inate at 93.3%, while disease and symptom entities are the most frequently detected categories, con-

sistent with the semantic patterns found in Indonesian health articles. These tendencies are reflected in 

TABLE 14 

SUMMARY OF AUTOMATIC ANNOTATION RESULTS (ROBERTA) 

Metric Value 

Total Tokens 2,330 

BIO Inconsistencies 15 

Entity Proportion 6.70% 

Dominant Entity B-SYMPTOM (58 tokens) 

 

 
Figure 13. Label Frequency Distribution in Automatically Annotated Data 
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the specific token variants detected by the model, such as deteksi, penyakit, stroke, and obesitas under 

B-DISEASE; pembuluh, darah, and jantung under I-DISEASE; toleransi, nyeri, and pemindaian under 

B-SYMPTOM. Meanwhile, the identification of low-frequency biomedical terms such as Cesium-137 

and Cs-137 as B-DRUG demonstrates the model’s capacity to capture rare but medically relevant vo-

cabulary.  

Overall, the results demonstrate that RoBERTa generalizes effectively to unseen data while preserv-

ing the entity distribution characteristics observed in the initial experiment. The label distribution visu-

alization in Figure 13 confirms that the automatically generated entity boundaries are linguistically co-

herent. However, several anomalies persist, including the mislabeling of biomedical expressions as 

"Symptom," a pattern that suggests limited Indonesian pretraining in the biomedical domain and leads 

to semantic ambiguity for medically nuanced terms. Therefore, additional pretraining on Indonesian 

biomedical corpora is recommended to improve lexical precision. These results show that the automatic 

annotation stage reliably supplements the manually curated dataset, thereby strengthening the overall 

availability of Indonesian biomedical NER resources. 

H. Discussion 

1) Comparison of All Models 

A comparative evaluation was conducted across all models to assess the effectiveness of Transformer-

based architectures for Indonesian Biomedical NER. Table 15 presents the evaluation results based on 

precision, recall, and F1-score using the weighted average approach. RoBERTa achieved the highest 

overall performance with an F1-score of 0.9543, followed by BioBERT (0.9447), IndoBERT (0.9402), 

and BERT (0.9389). RoBERTa’s consistent superiority across all three metrics demonstrates its ability 

to balance predictive accuracy (precision) and comprehensive entity retrieval (recall). However, aggre-

gate weighted metrics do not fully capture model performance stability across entity types with varying 

levels of difficulty. 

To address the limitations of aggregate metrics, Figure 14 presents a boxplot showing the distribution 

of F1-scores across entity categories. This analysis reveals model consistency beyond average values. 

BERT and IndoBERT have similar distribution patterns, with a median F1-score of 0.38, wide inter-

quartile ranges, and lower whiskers that fall at very low values (0.12 to 0.15). These characteristics 

indicate instability, where the models perform well on entities such as Disease but struggle with more 

complex categories such as Symptom. This pattern suggests limited robustness and a strong dependence 

of performance on entity type. 

In contrast, RoBERTa exhibits a concentrated distribution with a narrow interquartile range and a 

much higher lower whisker (0.20), despite its entity-level median of 0.37. This demonstrates that RoB-

ERTa offers both strong aggregate performance and consistent behavior across entity types. Among all 

TABLE 15 

WEIGHTED AVERAGE PERFORMANCE COMPARISON ACROSS MODELS 

 F1-Score Precision Recall 

RoBERTa 0.9543 0.9658 0.9473 

BioBERT 0.9447 0.9648 0.9313 

IndoBERT 0.9402 0.9647 0.9235 

BERT 0.9389 0.9662 0.9198 

 

 
Figure 14. Boxplot of F1-Score Distribution Across Models 
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models, BioBERT exhibits the most polarized distribution. Its upper whisker extends to the highest 

value of 0.50, while its lower whisker drops to 0.14. This wide dispersion suggests that BioBERT func-

tions primarily as a domain-specific model. It demonstrates strong performance on entities whose ter-

minology is closely aligned with PubMed-style biomedical corpora, reflecting the effective transfer of 

domain knowledge from its English biomedical pretraining. However, its performance decreases mark-

edly for Indonesian biomedical expressions that require deeper contextual interpretation and adaptation 

to linguistic variability. This contrast underscores BioBERT’s limited robustness when applied to cate-

gories that rely heavily on local language structures. Tokenization differences and stylistic mismatch 

further contribute to this performance gap, as BioBERT is optimized for English scientific text, whereas 

the dataset consists of Indonesian semi-formal journalistic language. This indicates that domain-specific 

pretraining alone is insufficient without proper alignment in language and text style. In other words, 

effective domain adaptation requires not only domain-specific knowledge but also alignment with the 

target language and text characteristics. 

This observation is further supported by Figure 15, which shows the coefficient of variation (CV) for 

each model. With a CV of 0.350, RoBERTa demonstrates minimal performance variation across entity 

types. Meanwhile, BioBERT (0.475), IndoBERT (0.456), and BERT (0.432) exhibit substantially higher 

variance, reflecting their greater sensitivity to label-specific characteristics. Thus, RoBERTa is the most 

robust model because it maintains stable performance across diverse entity types without over-reliance 

on specific categories. 

Taken together, these findings suggest that RoBERTa’s enhanced architecture, featuring dynamic 

masking and a more diverse training corpus, enables stronger generalization to syntactic and semantic 

variability in Indonesian biomedical texts. Although BioBERT benefits from its English biomedical 

pretraining, particularly for disease entities, it shows weaker adaptability to linguistically localized cat-

egories, such as Symptom and Drug. Overall, evidence from both aggregate metrics and distribution-

aware evaluations confirms that RoBERTa is the most effective and robust model for biomedical NER 

in Indonesian health news articles. 

2) Error Analysis 

An error analysis was conducted to examine the systematic misclassification patterns that emerged 

from the automatic annotation process and the final model predictions. The errors were found to be 

linguistically consistent rather than random. They were largely driven by the stylistic characteristics of 

TABLE 16 

SUMMARY OF ERROR PATTERNS ON INDONESIAN HEALTH NEWS NER 

Error Type Description Actual Examples from Experiments 

Over-detection General tokens incorrectly labeled 

as medical entities. 

Words such as “perawatan” and “peningkatan kasus” were predicted as B-SYMPTOM 

by RoBERTa and BioBERT. 

Under-detection Medical entities missed and la-

beled as O. 

“hipertensi pulmonal” was labeled O by IndoBERT, although the correct labels were 

B-DISEASE I-DISEASE. 

BIO Boundary 

Error 

Incorrect B/I transitions for multi-

word entities. 

“gagal ginjal akut” was predicted as B-DISEASE, B-DISEASE, I-DISEASE by BERT 

instead of B-I-I. 

Entity-Type 

Confusion 

Entity detected but assigned to the 

wrong category. 

“parasetamol” was predicted as B-DISEASE by BioBERT; “pulmonary edema” was 

predicted as B-SYMPTOM rather than B-DISEASE. 

 

 
Figure 15. Coefficient of Variation Across Models 
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Indonesian health news and the limited coverage of medical terminology in pretrained models. During 

automatic annotation, inconsistencies mainly occurred in BIO boundary assignments for multi-word 

entities, such as “gagal ginjal akut” and “penyakit jantung koroner”. These inconsistencies introduced 

noise into the model training process. 

Four dominant error categories were identified across all models, as summarized in Table 16: over-

detection, under-detection, BIO boundary errors, and entity-type confusion. Over-detection frequently 

involved journalistic terms, such as "perawatan" or "peningkatan kasus", that were incorrectly labeled 

as B-SYMPTOM or B-DISEASE. Under-detection commonly occurred with low-frequency or highly 

technical medical expressions, such as "Remdesivir" or "hipertensi pulmonal," which were often mis-

classified as O, particularly by IndoBERT and BioBERT. BIO boundary errors occurred in multi-word 

disease mentions where sequences such as "penyakit jantung bawaan" were incorrectly split into multi-

ple B-DISEASE tags. Finally, entity-type confusion occurred in semantically overlapping categories. 

For example, "kelelahan kronis" was mislabeled as B-DISEASE instead of SYMPTOM, and "paraseta-

mol" was predicted as B-DISEASE rather than B-DRUG. 

3) Limitations of the Research 

This research has several limitations. First, the dataset size remains relatively small compared to large-

scale biomedical NER corpora, which may affect model robustness. Second, the dataset is derived from 

a single source, DetikHealth, which limits cross-domain generalization. Third, the dataset shows signif-

icant class imbalance, with non-entity tokens dominating the corpus. Future work should address these 

limitations by expanding the dataset, incorporating multiple sources, and applying more advanced data 

balancing strategies. Despite these limitations, this research provides a valuable benchmark for biomed-

ical NER in Indonesian health news, particularly in low-resource settings. 

IV. CONCLUSION 

This research conducted a systematic, comparative evaluation of four Transformer-based models, 

namely BERT, IndoBERT, RoBERTa, and BioBERT, for biomedical named entity recognition (NER) 

using Indonesian health news articles. As shown in Table 15 and Figure 14, the results suggest that 

performance differences are mainly influenced by the robustness of the models’ pretraining architectures 

rather than by language specialization or domain adaptation alone. RoBERTa achieved the most con-

sistent performance across models, with a micro-averaged F1-score of 0.463087 and a macro-averaged 

F1-score of 0.387340. However, the relatively low macro F1-score indicates that overall model perfor-

mance remains uneven across entity classes, mainly because of severe label imbalance in the dataset, 

where non-entity tokens dominate.  

In contrast, IndoBERT and BioBERT showed clear limitations in bridging linguistic and domain gaps. 

IndoBERT experienced a decrease in F1-score despite its monolingual advantage, while BioBERT dis-

played polarized performance by excelling on disease entities but struggling with symptom entities (F1-

score of 0.17). This research introduces a manually annotated biomedical NER dataset derived from 

Indonesian health news, supported by high annotation reliability (Cohen’s Kappa = 0.88). Although the 

dataset remains relatively small and shows significant class imbalance, it provides an initial benchmark 

for comparing multilingual, monolingual, and domain-adaptive models in Indonesian biomedical NLP. 

The error analysis shown in Table 16 reveals that model errors are systematic and influenced by con-

textual ambiguity, semantic overlap among entity types, and tendencies toward over-detection and un-

der-detection. Boundary prediction inconsistencies in the BIO scheme further contribute to performance 

limitations. These findings highlight the need for improved contextual generalization and more effective 

handling of biomedical terminology in Indonesian texts, which is often not well captured by English-

centric pretrained models. Despite its contributions, this study has several limitations. The dataset size 

remains relatively small, and the use of a single data source, DetikHealth, may limit the generalizability 

of the model to other Indonesian news platforms with different linguistic styles. In addition, class im-

balance within the dataset affects the model’s ability to accurately recognize low-frequency entities. 

Future work should focus on expanding the dataset with more diverse sources, improving class balance, 

and exploring domain-adaptive pretraining strategies tailored to Indonesian biomedical texts. The inte-

gration of external knowledge resources, such as medical ontologies, may further enhance the recogni-

tion of domain-specific entities. 
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