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1. INTRODUCTION

The growth of digital textual data in Bahasa Indonesia has significantly intensified the demand for
robust natural language processing (NLP) systems capable of extracting structured information from
unstructured texts. Indonesia is among the world’s largest producers of online news and social media content,
with more than 215 million internet users and an estimated millions of news articles published annually,
particularly in political and economic domains. Named Entity Recognition (NER) plays a pivotal role in
transforming this vast textual landscape into actionable knowledge by identifying entities such as persons,
locations, and organizations. However, Indonesian presents distinctive linguistic challenges, including rich
morphology, flexible word order, inconsistent capitalization, and extensive use of local names and
abbreviations. These characteristics render direct adoption of NER models developed for high-resource
languages ineffective. Consequently, advancing Indonesian NER is not merely a technical endeavor but a
crucial step toward improving information retrieval, media monitoring, policy analysis, and digital
governance in one of the world’s most linguistically dynamic societies.

From a scholarly perspective, NER research has evolved from rule-based and statistical approaches to
deep learning architectures, particularly recurrent neural networks and conditional random fields [1], [2], [3].
Previous studies demonstrate that BILSTM-CRF models consistently outperform traditional machine-
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learning methods by capturing bidirectional contextual dependencies and enforcing global label consistency
[4], [5], [6]. In the Indonesian context, several works have applied BiILSTM-CRF using general-purpose
embeddings or multilingual pretrained vectors, yielding moderate performance gains [4], [7], [8]. More
recent studies have explored transformer-based architectures [9], [10]; however, these models often require
extensive computational resources and large annotated corpora that remain scarce for low-resource
languages. Critically, existing Indonesian NER research has paid limited attention to domain-specific word
embeddings, despite evidence from other languages that embeddings trained on in-domain corpora
substantially improve semantic representation [2], [6], [7]. As a result, the interaction between BiILSTM-CRF
architectures and domain-specific embeddings for Indonesian NER remains underexplored, creating a
methodological gap that this study seeks to address.

This study aims to investigate how domain-specific word embeddings enhance the performance of a
BiLSTM-CRF model for Indonesian Named Entity Recognition. Specifically, the research addresses the
following questions: (1) To what extent can a BILSTM-CRF model effectively recognize PER, LOC, and
ORG entities in Indonesian news texts? (2) How does the use of domain-specific embeddings trained on
Indonesian political and economic news compare to general embeddings in improving NER performance? (3)
What types of errors persist despite architectural and representational improvements? To answer these
questions, the study employs a labeled Indonesian NER corpus as token-level data while leveraging large-
scale, domain-specific news corpora to train word embeddings. By distinguishing between corpus-level
textual resources and annotated token-level data, this research ensures methodological clarity and
reproducibility, addressing long-standing concerns in Indonesian NLP research regarding dataset
transparency.

The central argument advanced in this study is that domain-specific word embeddings significantly
enhance the capacity of BILSTM-CRF models to capture semantic and contextual nuances in Indonesian
NER tasks. By embedding lexical knowledge derived from Indonesian news discourse, the model is expected
to better resolve local name variations, institutional abbreviations, and morphologically complex entities.
This research hypothesizes that such embeddings will yield measurable improvements in precision, recall,
and Fl-score, particularly for challenging entity types such as ORG. Beyond performance gains, the study
also contributes theoretically by demonstrating that representational adaptation at the embedding level can
partially compensate for limited annotated data in low-resource languages. Practically, the findings offer
implications for scalable Indonesian NLP applications, including automated news analysis, knowledge graph
construction, and domain-aware information extraction systems, reinforcing the strategic importance of
linguistically grounded model design.

2. LITERATURE REVIEW
2.1. Named Entity Recognition (NER)

Named Entity Recognition (NER) is a foundational task in natural language processing concerned
with identifying and classifying real-world entities such as persons, locations, and organizations within text
[1], [11]. Conceptually, NER has been defined either as a sequence labeling problem or as a semantic
information extraction task, depending on theoretical orientation [2], [3]. Linguistic-oriented definitions
emphasize the role of syntax and namedness [4], [9], whereas computational perspectives frame NER as
probabilistic inference over token sequences [11], [12]. In low-resource languages such as Indonesian,
definitional boundaries become blurred due to morphological richness, flexible capitalization, and context-
dependent entity realization. Recent literature highlights that NER accuracy is strongly influenced by how
entities are conceptualized—whether as surface forms, semantic referents, or discourse-bound units—
underscoring the importance of context-sensitive modeling [1].

Scholars have further operationalized NER through a set of well-established categories and annotation
schemes [4], [11]. Most studies adopt entity taxonomies such as PER, LOC, ORG, and MISC [11], while
others expand categories to capture geopolitical entities, facilities, or products [12]. Annotation strategies
such as BIO and BILOU tagging schemes are widely used to encode entity boundaries at the token level,
each offering different trade-offs between granularity and complexity. Evaluation indicators commonly
include precision, recall, and Fl-score, with some studies incorporating span-level accuracy and error
typologies. Collectively, these categorizations shape how NER systems are trained and evaluated,
particularly in languages where multi-token and nested entities are prevalent.

2.2. BiLSTM-CRF framework

Recurrent neural network architectures have become central to contemporary NER research, with
bidirectional long short-term memory networks combined with conditional random fields emerging as a
dominant approach [5], [6]. BILSTM architectures are valued for their ability to capture both preceding and
following contextual information, while CRF layers model label dependencies to enforce sequence-level
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consistency. However, literature reveals differing interpretations of the BILSTM-CRF framework: some view
it as a purely discriminative sequence model [7], whereas others emphasize its implicit linguistic modeling
capacity [8]. These differences influence architectural choices such as layer depth, hidden dimensions, and
feature integration, particularly when adapting models to morphologically complex languages.

The effectiveness of BILSTM-CRF models has been assessed across various dimensions, including
contextual sensitivity, robustness to sparse data, and generalization across domains [6], [13]. Empirical
studies consistently report strong performance gains over standalone BiLSTM or CRF models, especially for
well-defined entity types [2], [4]. Nevertheless, limitations persist in handling long-range dependencies and
rare or ambiguous entities. Performance disparities across entity categories—most notably for
organizations—are frequently reported, suggesting that structural complexity and lexical variation remain
unresolved challenges. These findings motivate further exploration of representational enhancements beyond
architectural optimization alone.

2.3. Word embeddings

Word embeddings constitute another critical strand of NER research, serving as the primary
mechanism for encoding lexical semantics [9]. Early approaches relied on static embeddings trained on large,
general-purpose corpora, while more recent studies emphasize domain-specific embeddings tailored to
particular textual genres. Definitions of domain-specific embeddings vary, ranging from narrowly trained
vectors on homogeneous corpora [7] to hybrid embeddings fine-tuned from general models [10]. In
Indonesian NLP research, debates persist regarding whether localized semantic representations sufficiently
capture socio-cultural naming conventions and linguistic variation, highlighting ongoing conceptual
divergence [9].

Literature increasingly demonstrates that embedding quality directly affects NER performance,
particularly in low-resource settings [2], [6]. Key aspects examined include corpus size, domain relevance,
subword modeling, and morphological sensitivity [14]. Domain-specific embeddings have been shown to
improve recognition of local names, institutional acronyms, and compound entities that are poorly
represented in general corpora. Indicators of embedding effectiveness include downstream task performance,
semantic similarity coherence, and error reduction rates. Collectively, these studies suggest that embedding
adaptation is not merely a technical refinement but a strategic intervention that reshapes how NER models
internalize linguistic and contextual knowledge.

3. METHOD

The unit of analysis in this study consists of token sequences representing named entities in
Indonesian-language texts. The material object is Indonesian news discourse, while the formal object is
token-level named entity labeling using the BIO tagging scheme. Two types of textual resources were
employed: a labeled NER corpus and unlabeled domain-specific corpora for embedding training. The NER
corpus comprises annotated news texts containing PER, LOC, ORG, and optional MISC entities, while the
domain corpus consists of large-scale political and economic news articles. This distinction ensures
methodological clarity between raw textual corpora and processed token-level data, as summarized in Table
1. This unit of analysis enables fine-grained modeling of contextual and sequential dependencies in
Indonesian NER.

Table 1. Corpus and data description

No Resource Type Description Size

1 General NER Corpus Indonesian news texts labeled with PER, LOC, ORG ~12,000 sentences
2 Domain-Specific Corpus  Political & economic news articles ~5 million tokens
3 Validation/Test Data Manually annotated token sequences ~2,000 sentences

This research adopts a quantitative experimental design within a supervised machine-learning
framework. The core objective is to evaluate the effectiveness of BiLSTM-CRF models combined with
domain-specific word embeddings for Indonesian NER tasks. Comparative experiments were conducted by
training identical model architectures with different embedding configurations, allowing controlled
assessment of embedding impact. Such experimental designs are widely employed in NER research to isolate
representational effects from architectural influences. This study follows a train—validation—test split protocol
to ensure generalizability and prevent data leakage. This design supports systematic performance comparison
across entity categories and embedding strategies [4].

Information sources for this study were derived from both primary and secondary linguistic data.
Primary data consist of manually annotated Indonesian NER datasets, serving as gold-standard labels for
supervised learning and evaluation. Secondary data include large-scale, publicly accessible Indonesian news
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articles used to train domain-specific word embeddings. These texts were sourced from reputable national
media outlets to ensure linguistic authenticity and domain relevance. Previous studies emphasize that
embedding corpora must reflect the discourse domain of the target task to maximize semantic alignment [15],
[16]. By integrating authoritative news sources and expert-annotated labels, the study ensures both empirical
rigor and linguistic validity.

Data collection followed a multi-stage preprocessing and annotation workflow. Unlabeled news
articles were collected through web crawling and subsequently cleaned through tokenization, lowercasing
normalization, and punctuation handling. For labeled data, existing NER datasets were supplemented with
additional manual annotations performed by trained annotators following standardized annotation guidelines
[17]. Inter-annotator agreement was calculated to ensure label consistency and reliability. The annotated data
were then converted into BIO-formatted sequences compatible with sequence-labeling models. This
structured collection process ensures that both corpus-level embeddings and token-level annotations meet
reproducibility and quality standards.

Data analysis was conducted through sequential modeling and quantitative evaluation. Word
embeddings were first trained using Word2Vec and FastText algorithms on the domain-specific corpus [9].
These embeddings were then integrated into a BILSTM-CRF architecture to perform NER classification.
Model performance was evaluated using precision, recall, and Fl-score at the entity level. Comparative
analysis was conducted between models using general-purpose and domain-specific embeddings, followed
by error analysis focusing on entity confusion patterns and boundary detection. This analytical procedure
enables robust assessment of both model effectiveness and linguistic limitations.

4. RESULTS
4.1. Performance of BILSTM-CRF on Indonesian NER tasks

The performance of the BILSTM-CRF model on Indonesian Named Entity Recognition tasks is
summarized in Table 2, which reports entity-level precision, recall, and F1-scores across PER, LOC, ORG,
and overall categories. The table is constructed based on evaluation results from the held-out test set derived
from Indonesian news texts, consistent with the annotated corpus described in the Method section. Similar
evaluation protocols are widely adopted in sequence-labeling studies to ensure comparability across models
and datasets. By presenting disaggregated scores for each entity type, the table enables a fine-grained
assessment of model behavior rather than relying solely on aggregate performance. This visualization
provides an empirical foundation for identifying strengths and weaknesses of the BILSTM-CRF architecture
when applied to linguistically complex, low-resource languages such as Indonesian.

Table 2. Performance of BILSTM-CRF model on Indonesian named entity recognition tasks

Entity Precision  Recall F1- Support Avg. Entity Boundary Confusion

Type (%) (%) score (Entity Length Accuracy Rate (%)
(%) Count) (Tokens) (%)

PER 91.84 90.27 91.05 3,842 2.1 93.12 4.6

LOC 89.76 88.43 89.09 2,965 24 91.48 6.1

ORG 84.21 79.63 81.86 2,417 3.7 86.02 11.8

MISC 82.35 80.14 81.23 1,128 2.9 87.55 9.4

Micro 88.74 86.92 87.82 10,352 - 89.63 7.5

Average

Macro 87.04 84.62 85.81 - - 89.54 8.0

Average

Notes:

e  Precision, recall, and F1-score are computed at the entity level using exact span matching.

Support indicates the number of gold-standard entities per category in the test set.

Average entity length reflects the mean number of tokens per entity span.

Boundary accuracy measures correct identification of entity start—end positions.

Confusion rate indicates misclassification frequency with other entity types, particularly ORG-LOC overlaps.

Table 2 reveals a clear performance gradient across entity types. The BILSTM-CRF model achieves
its highest Fl-score on PER entities, followed closely by LOC, while ORG entities exhibit comparatively
lower scores. Specifically, person names demonstrate strong precision and recall, indicating stable
recognition of personal naming patterns in Indonesian news discourse. Location entities also show robust
performance, reflecting relatively consistent lexical and contextual cues. In contrast, organization entities
display reduced recall and more variable precision, suggesting higher classification difficulty. The overall
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micro-averaged F1-score indicates competitive performance relative to previously reported Indonesian NER
benchmarks. These patterns align with earlier findings that entity complexity and lexical variability
substantially influence NER accuracy in news-based corpora [2], [11].

Analytically, the observed performance differences can be attributed to linguistic and structural
properties inherent to each entity category. PER entities often follow predictable syntactic patterns and
capitalization conventions, enabling the BiLSTM to capture contextual dependencies effectively. LOC
entities similarly benefit from recurring geographic markers and prepositional cues. ORG entities, however,
tend to exhibit longer multi-token spans, frequent abbreviations, and semantic overlap with LOC, particularly
in Indonesian institutional naming practices. Prior studies have noted that such ambiguity challenges
sequence-labeling models, even with CRF-based label optimization [4]. Consequently, while the BiLSTM-
CRF architecture demonstrates strong baseline effectiveness for Indonesian NER, the results indicate that
representational enhancements are necessary to address entity categories characterized by high lexical and
structural variation.

Table 3. Comparative performance of BILSTM-CRF models using general vs.
domain-specific word embeddings

Entity Embedding Precision Recall F1- AF1 AF1 Boundary oov
Type Type (%) (%) score  (Abs.) (%) Accuracy Handling
(%) (%) Gain (%)
PER General 90.62 89.11 89.86 - - 92.08 -
Embedding
Domain- 91.84 90.27 91.05 +1.19 +1.32 93.12 +8.4
Specific
Embedding
LOC General 88.01 86.72 8736 - - 90.12 -
Embedding
Domain- 89.76 88.43 89.09 +1.73 +1.98 91.48 +10.1
Specific
Embedding
ORG General 81.34 75.92 78.54 - - 82.87 -
Embedding
Domain- 84.21 79.63 81.86 +3.32  +4.23 86.02 +17.6
Specific
Embedding
MISC General 80.27 77.65 7894 - - 84.31 -
Embedding
Domain- 82.35 80.14 81.23  +2.29  +290 87.55 +13.9
Specific
Embedding
Micro General 86.71 84.09 85.38 - - 87.46 -
Avg. Embedding
Domain- 88.74 86.92 87.82 +2.44  +2.86 89.63 +12.7
Specific
Embedding
Macro General 85.56 82.85 84.17 - - 87.35 -
Avg. Embedding
Domain- 87.04 84.62 85.81 +1.64 +1.95 89.54 +12.5
Specific
Embedding
Notes
e A F1 (Abs.): the absolute difference in Fl-score between the domain-specific embedding and the general
embedding.

e A F1 (%): the percentage improvement relative to the general embedding baseline.

e Boundary Accuracy: the accuracy of entity boundary detection (start—end token).

e OOV Handling Gain: the improvement in the recognition success of out-of-vocabulary words, especially local
names, institutional abbreviations, and news domain terms.
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4.2. Impact of domain-specific word embeddings

The impact of domain-specific word embeddings on Indonesian NER performance is presented in
Table 3, which compares the BILSTM-CRF model trained with general-purpose embeddings and domain-
specific embeddings derived from Indonesian political and economic news corpora. The visualization follows
established evaluation practices in NER research, where embedding configurations are treated as controlled
experimental variables. By holding the model architecture constant, the table isolates the contribution of
embedding quality to downstream sequence-labeling performance. Similar comparative tables are commonly
used in embedding-sensitive studies to demonstrate representational effects across entity categories [10]. This
structured presentation allows for direct assessment of how in-domain semantic representations influence
recognition accuracy for PER, LOC, and ORG entities within Indonesian news discourse.

Table 3 demonstrates a consistent performance improvement when domain-specific embeddings are
employed. Across all entity types, models using in-domain embeddings achieve higher precision, recall, and
F1-scores compared to their general-embedding counterparts. The most pronounced gains are observed for
ORG entities, where Fl-score improvements exceed those for PER and LOC. Moderate yet stable
improvements are also evident for LOC, while PER shows marginal but positive gains, reflecting its already
strong baseline performance. The overall micro-averaged Fl-score increases noticeably, indicating that
embedding adaptation contributes to global model robustness. These numerical patterns suggest that
embeddings trained on Indonesian news corpora better encode lexical variations, institutional naming
conventions, and contextual semantics specific to the target domain [9].

From an analytical perspective, the observed improvements can be attributed to enhanced semantic
alignment between the embedding space and the linguistic characteristics of the evaluation corpus. Domain-
specific embeddings capture distributional regularities of Indonesian news discourse, including abbreviations,
compound organization names, and morphologically inflected forms that are underrepresented in general
corpora. Prior studies have shown that such embeddings reduce semantic sparsity and improve contextual
discrimination in low-resource settings [12]. The disproportionate improvement for ORG entities further
suggests that embedding-level knowledge plays a critical role in resolving structurally complex and lexically
diverse entity spans. These findings support the argument that representational adaptation, rather than
architectural complexity alone, is a key driver of NER performance gains in Indonesian-language contexts.

4.3. Error analysis and model limitations

The distribution and typology of model errors are summarized in Table 4, which presents a detailed
breakdown of misclassification patterns observed in the test set. The table categorizes errors based on entity
confusion (e.g., ORG-LOC), boundary detection failures, and orthographic inconsistencies. This form of
error visualization is commonly adopted in NER studies to complement aggregate performance metrics with
qualitative insights into model behavior. By aligning error categories with entity types and embedding
configurations, the table provides a structured overview of where and how the BILSTM-CRF model fails.
Such visualization is particularly important for low-resource languages, where performance bottlenecks often
stem from linguistic ambiguity rather than architectural inadequacy.

The error distribution reveals several dominant patterns. The most frequent error type involves
confusion between ORG and LOC entities, accounting for a substantial proportion of total misclassifications.
Boundary-related errors are also prevalent, especially for long, multi-token organization names. Additionally,
inconsistencies in capitalization and the presence of foreign loanwords contribute to incorrect labeling,
particularly in headlines and abbreviated news texts. While domain-specific embeddings reduce overall error
rates—especially for OOV terms—certain categories remain problematic. Notably, MISC entities exhibit
heterogeneous error patterns due to their semantic diversity. These descriptive findings suggest that while
representational improvements mitigate lexical sparsity, structural and annotation-related challenges persist
[3], [16].

From an interpretive standpoint, these error patterns reflect deeper linguistic and methodological
constraints. ORG-LOC ambiguity is rooted in Indonesian naming conventions, where institutions frequently
incorporate geographic identifiers, blurring semantic boundaries. Boundary detection errors arise from the
model’s limited capacity to represent long-span dependencies, despite CRF-based label optimization.
Capitalization errors indicate sensitivity to orthographic variation, a known issue in Indonesian news
discourse. Prior literature suggests that such limitations may be addressed through character-level modeling,
syntactic features, or contextualized embeddings [2], [8], [18], [19]. Therefore, while the BILSTM-CRF with
domain-specific embeddings demonstrates strong overall performance, the error analysis underscores the
need for richer linguistic features and expanded annotation schemes to further advance Indonesian NER
robustness.
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Table 4. Error typology and distribution in Indonesian NER using BiLSTM-CRF
with domain-specific embeddings

Error Entity Error Frequency  Proportion Avg. Entity Reduced by
Category Type Description (Count) (%) Length Domain
Affected (Tokens) Embedding
(%)

ORG to LOC ORG Organization 312 23.6 3.9 18.4
Confusion names

misclassified

as locations
LOC to ORG LOC Location 147 11.1 3.1 12.7
Confusion entities

labeled as

organizations
Boundary ORG Partial 221 16.7 4.6 14.2
Truncation recognition of

multi-token

entities
Boundary ORG/ Over- 103 7.8 4.2 9.6
Expansion MISC extended

entity spans
Capitalization PER/ Incorrect 96 7.3 23 6.1
Error ORG labeling due

to

inconsistent

casing
Foreign ORG/ Foreign terms 88 6.6 35 15.9
Loanword MISC misclassified
Mislabeling or ignored
OOV Token ORG Unrecognized 79 6.0 3.8 22.5
Failure rare or local

entity names
Nested Entity ORG/ Failure to 64 4.8 4.1 5.4
Collapse LOC detect nested

entity

structures
Annotation MISC Inconsistent 113 8.6 2.7 3.2
Ambiguity or vague

category

boundaries
Other Errors All Residual 99 7.5 - 4.1

misclassificati

on patterns
Total Errors — — 1,322 100.0 — —
Notes:

¢ Reduced by Domain Embedding (%) indicates the percentage of errors reduced compared to the general
embedding model (see Table 3).

¢ ORG-LOC errors were the largest contributor to the ORG F1-score reduction (Table 2).

¢ Boundary-related errors (truncation + expansion) accounted for 24.5% of the total error.

e  FErrors that were not significantly reduced by embedding indicate structural limitations of the model, not
representational ones.

5. DISCUSSION

The empirical evidence demonstrates that the BiLSTM-CRF architecture provides a reliable
functional baseline for Indonesian Named Entity Recognition, particularly for person and location entities.
This finding carries important implications for applied NLP in low-resource languages, where stability and
interpretability often outweigh marginal accuracy gains. The model’s consistent performance across these
entity types suggests that sequence-based contextual learning can effectively capture recurrent syntactic and
semantic patterns in Indonesian news discourse [9], [20], [21], [22]. At the same time, the observed
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performance gap for organization entities highlights a structural dysfunction: standard architectures remain
unevenly effective across entity categories with varying linguistic complexity. This imbalance signals that
baseline NER systems, while operationally viable, may reproduce systematic blind spots when deployed in
real-world applications such as media monitoring or knowledge extraction. Consequently, the results
underscore the necessity of complementing architectural robustness with representational and linguistic
adaptations.

The underlying causes of this performance differentiation can be traced to the interaction between
Indonesian linguistic structures and sequence-model assumptions. Person and location entities tend to exhibit
stable surface cues, such as capitalization, honorifics, or geographic markers, which align well with BILSTM
contextual encoding and CRF transition constraints. Organization entities, however, frequently involve
longer spans, embedded nominal phrases, and semantic overlap with locations, introducing ambiguity that
challenges linear sequence modeling. Prior studies have shown that such entities strain models that rely
primarily on local context windows and token-level dependencies [10], [15]. This suggests that the observed
performance pattern is not incidental but structurally rooted in how BiLSTM-CRF models abstract linguistic
information. As a result, the architecture’s strengths and limitations are intrinsically tied to the syntactic
regularity and semantic coherence of entity categories.

The introduction of domain-specific word embeddings yields substantive functional gains, particularly
in addressing representational gaps inherent in general-purpose embeddings. The improvement in recognition
accuracy, most notably for organization entities, indicates that embedding adaptation enhances the model’s
ability to internalize domain-bound lexical semantics. This has broader implications for Indonesian NLP
research, as it demonstrates that performance gains need not rely solely on more complex architectures or
larger annotated datasets. Instead, aligning the embedding space with the discourse domain offers a scalable
and computationally efficient pathway to improvement. Practically, this finding supports the deployment of
domain-aware NER systems in specialized contexts such as political analysis, economic reporting, and
institutional document processing [3], [S]. The functional contribution of embedding specialization thus
extends beyond numerical improvement, reinforcing the importance of contextualized lexical knowledge.

The causal mechanisms behind these improvements lie in the distributional properties captured by
domain-specific embeddings. By training on large-scale Indonesian news corpora, the embeddings encode
frequent co-occurrence patterns of institutional names, abbreviations, and morphologically inflected forms
that are underrepresented in general corpora. This richer semantic grounding reduces out-of-vocabulary
effects and sharpens contextual discrimination during sequence labeling. The disproportionate improvement
observed for organization entities further suggests that embedding-level semantic cohesion plays a critical
role in resolving structurally complex spans. These findings resonate with prior literature emphasizing that
representation quality often exerts a stronger influence on NER performance than architectural depth [9].
Thus, the observed gains are best understood as the outcome of structural alignment between lexical
representation and task-specific discourse.

The analysis of error patterns provides further insight into the functional boundaries of the proposed
approach. While overall error rates decrease with domain-specific embeddings, certain error types persist,
particularly those involving entity boundary detection and semantic ambiguity. These limitations have
practical implications for downstream applications that require high precision in entity span extraction, such
as relation extraction or knowledge graph construction. The persistence of boundary-related errors indicates
that sequence-labeling models, even when enhanced with improved embeddings, struggle with long-range
dependencies and nested structures. Moreover, the limited reduction of errors associated with annotation
ambiguity highlights that model performance is partially constrained by dataset design rather than
algorithmic capacity [12], [23]. These dysfunctions suggest that performance ceilings are shaped by both
linguistic complexity and methodological choices.

At a structural level, the remaining errors reflect deeper constraints inherent in flat sequence-labeling
frameworks. Ambiguities between organizations and locations are embedded in Indonesian naming
conventions, where geographic references frequently function as institutional identifiers [24]. Boundary
errors arise from the model’s reliance on token-local transitions, which inadequately represent hierarchical or
nested entity structures. Orthographic inconsistencies further expose sensitivity to surface-level variation, a
known challenge in Indonesian news texts. These patterns indicate that while embedding adaptation mitigates
lexical sparsity, it cannot fully compensate for structural limitations in model design. Addressing these issues
likely requires integrating character-level features, syntactic representations, or contextualized embeddings
capable of modeling hierarchical semantics [25], [26], [27]. Accordingly, the discussion situates the present
findings within a broader trajectory of Indonesian NER research, emphasizing incremental yet strategically
significant advances rather than exhaustive solutions.
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6. CONCLUSION

This study demonstrates that integrating a BiLSTM-CRF architecture with domain-specific word
embeddings constitutes an effective and methodologically sound approach for Indonesian Named Entity
Recognition. The findings reveal that sequence-based contextual modeling reliably captures syntactic and
semantic regularities in Indonesian news discourse, while embedding specialization significantly enhances
representational alignment, particularly for structurally complex entity categories. Beyond empirical
performance gains, the study contributes theoretically by reaffirming the centrality of representation quality
over architectural complexity in low-resource language settings. Methodologically, it advances Indonesian
NER research by clearly distinguishing between corpus-level textual resources and token-level annotated
data, thereby strengthening reproducibility and analytical transparency.

Despite these contributions, the study is subject to several limitations that open avenues for future
research. The reliance on news-domain corpora constrains generalizability to other genres such as social
media or conversational text. In addition, the flat sequence-labeling framework limits the model’s ability to
represent nested or hierarchical entities, contributing to persistent boundary-related errors. Future studies
should explore the integration of character-level representations, syntactic features, or contextualized
embeddings to address these structural constraints. Expanding annotated datasets across diverse domains and
refining annotation schemes would further enhance model adaptability.
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