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 Named Entity Recognition (NER) is a fundamental task in natural language 
processing that supports information extraction and knowledge organization. 
However, empirical studies examining the computational scalability of 
conventional NER models for the Indonesian language remain limited. This study 
investigates the scalability and computational performance of the BiLSTM-CRF 
model for Indonesian NER tasks. The objective is to evaluate how the model’s 
computational requirements and predictive performance change as the size of the 
training dataset increases. An experimental evaluation was conducted by training 
the BiLSTM-CRF model on three dataset scales derived from the WikiANN corpus 
(small, medium, and large) using a standard configuration with randomly 
initialized embeddings in a CPU-based environment. Model performance was 
assessed using the F1-score, while computational scalability was analyzed 
through measurements of training time, memory consumption, and inference 
speed. The results indicate a clear scalability pattern in which computational costs 
increase with dataset size, particularly in training time and memory usage. At the 
same time, predictive performance improves as more training data becomes 
available, with the F1-score increasing from 0.70 on the smallest dataset to 0.86 
on the largest dataset. These findings provide empirical evidence on the 
scalability behavior of the BiLSTM-CRF model for Indonesian NER and offer 
practical insights for selecting model configurations under limited computational 
resources. 
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A. INTRODUCTION  

The rapid growth of digital data production in the big data era has positioned text data as 

an important asset generated from various sources such as social media, news portals, and 

electronic documents (Mohamed et al., 2020). Transforming these large volumes of 

unstructured text into meaningful information requires advanced computational techniques 

capable of automatically understanding and structuring human language. This challenge is 

addressed by the field of Natural Language Processing (NLP), a key area of artificial intelligence 

(Jain et al., 2018; Khurana et al., 2023). One of the fundamental tasks in NLP is Named Entity 

Recognition (NER), which focuses on automatically identifying and classifying textual entities 

such as persons, organizations, locations, temporal expressions, and numerical quantities 

(Jehangir et al., 2023; Keraghel et al., 2024; Li et al., 2020). Accurate NER systems play an 

important role in enabling downstream applications including information extraction, 

semantic search, question answering, content analysis, and knowledge graph construction 
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(Dagdelen et al., 2024; O’Shaughnessy, 2026; Wang et al., 2023). As the volume of textual data 

continues to grow, ensuring that NER models can maintain performance while handling 

increasing data scales has become an important research challenge. 

The methodological development of Named Entity Recognition (NER) systems has 

progressed through several stages. Early approaches relied on rule-based and dictionary-

driven methods which, although interpretable, were often inflexible and difficult to generalize 

across domains. Subsequent advances introduced statistical machine learning models, 

particularly those based on Conditional Random Fields (CRF) with manually engineered 

features, which improved adaptability but still depended heavily on expert-driven feature 

design. The emergence of deep learning marked a major shift by enabling models to 

automatically learn feature representations directly from raw or minimally processed text data 

(Li et al., 2022; Minaee et al., 2022). Within this development, the hybrid architecture 

combining Bidirectional Long Short-Term Memory networks with a Conditional Random Field 

layer (BiLSTM-CRF) has become one of the most widely adopted approaches for sequence 

labeling tasks such as NER (Ma et al., 2021; Wang et al., 2025).  

This architecture integrates the strengths of both components. The BiLSTM layer captures 

contextual dependencies from both preceding and succeeding tokens, generating contextual 

representations for each word in a sentence. The CRF layer then models dependencies between 

adjacent output labels, enforcing sequence-level constraints to produce globally consistent 

predictions and prevent invalid label transitions (Murakami et al., 2025; Pogiatzis & 

Samakovitis, 2020). Although recent advances in NER performance are largely driven by large-

scale Transformer-based pre-trained models such as BERT, these models often require 

substantial computational resources, including higher training costs, greater memory 

consumption, and longer inference time (Chen et al., 2020; Salmani et al., 2023). In resource-

constrained environments, which are common in academic research and practical deployments, 

the BiLSTM-CRF model remains an attractive alternative due to its relatively simpler 

architecture, lower computational overhead, and competitive performance, making it an 

important option within the performance–efficiency trade-off spectrum (Gayathri & Ravindran, 

2025; Qiu et al., 2025a). 

Despite the widespread application of BiLSTM-CRF models for NER across many languages, 

including Indonesian (Kusumawardani & Kusumawati, 2024; Shidik et al., 2024; Ansyah et al., 

2025), most existing studies primarily emphasize predictive performance, typically reporting 

metrics such as F1-score, precision, and recall on fixed-size benchmark datasets. However, an 

important practical dimension, model scalability remains relatively underexplored. In this 

study, scalability is considered from two perspectives: performance scalability, which refers to 

the model’s ability to maintain or improve predictive accuracy as the volume of training data 

increases, and computational scalability, which concerns how resource requirements such as 

training time, memory consumption (RAM), and inference speed change under the same 

conditions (Menghani, 2023; Patel, 2025). Understanding these scalability characteristics is 

essential for developers and system architects, as it directly influences decisions related to 

computational resource allocation, development timelines, and model selection in real-world 

deployments. 
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This knowledge gap is particularly relevant for Indonesian, a widely used language with 

distinctive linguistic characteristics and a rapidly expanding digital corpus. Although several 

studies have successfully applied the BiLSTM-CRF model to Indonesian NER tasks, systematic 

investigations into how the model scales across different dataset sizes remain limited (Budi & 

Suryono, 2023). In particular, empirical evidence regarding both predictive performance and 

computational requirements under varying data scales is still lacking. To address this gap, this 

study conducts an empirical analysis of the scalability and computational performance of the 

BiLSTM-CRF model for Indonesian NER. The model is trained and evaluated using the WikiANN 

dataset across three dataset scales (small, medium, and large). The evaluation considers both 

predictive performance metrics (F1-score, precision, and recall) and computational metrics, 

including training time, memory consumption, and inference latency. The findings provide 

empirical insights into the trade-off between model performance and computational resources, 

offering practical guidance for selecting appropriate dataset scales and model configurations in 

Indonesian NER applications. 

 

B. METHODS 

This study is designed as an empirical experimental study to analyze the scalability and 

computational performance of the BiLSTM-CRF model for Named Entity Recognition (NER) in 

the Indonesian language. The experiments are conducted by training and evaluating the model 

on datasets of three different scales within a controlled computing environment. 

1. Dataset and Annotation 

This study utilizes the WikiANN dataset (also known as PAN-X) for the Indonesian Named 

Entity Recognition (NER) task. WikiANN is selected because it is a standardized multilingual 

NER corpus that provides named entity annotations for Wikipedia articles in various languages, 

including Indonesian (Marreddy et al., 2022). The advantages of this dataset lie in: (1) open 

accessibility, (2) broad and representative domain coverage stemming from the Wikipedia 

encyclopedia, and (3) cross-lingual annotation consistency achieved through a distant 

supervision and semi-automatic cleaning process (Zhang & Xiao, 2024). Although potentially 

containing some noise, WikiANN has been widely adopted as a standard benchmark for cross-

lingual and low-resource NER research, thereby enabling more meaningful comparison of 

results. 

To analyze the model's scalability behavior, the dataset is divided into three operational 

categories based on the number of sentences. These categories are designed to represent 

different data usage scenarios in real-world practice, ranging from low-resource conditions to 

maximal data availability. This division follows a similar methodology used in scalability 

studies that vary data size to observe patterns in performance and computational growth 

(Kumar et al., 2024; Olthof et al., 2021). The operational definitions of the three dataset scales 

are presented in Table 1. 
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Table 1. Operational Definition of Dataset Scales 

Category Number of Sentences (Range) Approximate Number of Tokens 
Small Dataset (D₁) ~5,000 sentences (Total: 5,000) ~100k tokens 

Medium Dataset (D₂) ~15,000 sentences (Total: 15,000) ~300k tokens 
Large Dataset (D₃) ≥ 20,000 sentences (Total: 20,000) ≥ 400k tokens 
 

Each dataset category is randomly split into training, validation, and test subsets using an 

80:10:10 ratio. 

 

2. Experimental Environment 

All experiments were conducted in a CPU-based computing environment. The 

implementation was developed using Python with the PyTorch deep learning framework. The 

experiments were executed on a machine equipped with an Intel Core processor, 16 GB RAM, 

and running the Windows operating system. GPU acceleration was not utilized in this study to 

ensure consistent measurement of computational requirements such as training time, memory 

consumption, and inference speed. 

 

3. Model Architecture and Configuration 

The evaluated model is a standard BiLSTM-CRF architecture. The initial embedding layer 

employs randomly initialized embeddings that are learned directly from the data during 

training. The BiLSTM layer models bidirectional sequential context, while the CRF layer on top 

captures label dependencies and predicts the globally optimal label sequence. Hyperparameter 

configurations follow reasonable defaults commonly adopted in the literature to ensure that 

the focus of the study remains on scalability behavior rather than peak performance 

optimization. Fixed configurations include an embedding dimension of 100, a BiLSTM hidden 

dimension of 200, and the use of the Adam optimization algorithm. No extensive 

hyperparameter tuning or architectural modifications are performed. 

The model training process uses the Adam optimizer with a learning rate of 0.001. Training 

is performed for several epochs with a batch size of 32. The model parameters are updated 

based on the negative log-likelihood loss computed from the CRF layer. Early stopping based 

on validation performance is applied to prevent overfitting. These configurations follow 

commonly adopted practices in BiLSTM-CRF based NER models to ensure stable training while 

maintaining focus on scalability analysis rather than hyperparameter optimization. 

 

4. Computational Metrics Measurement 

To evaluate the scalability of the BiLSTM-CRF model, both predictive performance metrics 

and computational resource metrics are measured. Predictive performance is evaluated using 

Precision, Recall, and F1-score obtained from the test dataset. In addition to predictive 

performance, several computational metrics are measured to analyze the model’s scalability 

behavior under increasing dataset sizes. Training time is defined as the total time required to 

complete the full training process for each dataset scale. Memory usage refers to the peak RAM 

consumption observed during model training. Inference speed is measured as the average time 

required for the trained model to generate predictions on the test dataset. All computational 

measurements are conducted under the same experimental environment to ensure consistency 
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and comparability across dataset scales. These measurements provide insights into how 

computational requirements grow relative to dataset size, allowing a comprehensive 

evaluation of the trade-off between predictive performance and computational cost. 

 

5. Variables and Evaluation Metrics 

This study measures two primary groups of variables: 

a. Accuracy Performance: Evaluated using standard NER metrics, namely Precision (P), 

Recall (R), and F1-Score (F1) at the entity level. 

b. Computational Performance: Assessed using three metrics: 

1) Training Time: The total time (in seconds) required to complete all training epochs 

until convergence. 

2) Memory Usage: Peak memory consumption (in megabytes) recorded during the 

training process. 

3) Inference Time: The average time (in seconds) required by the model to process the 

entire test dataset. 

 

6. Experimental Procedure 

All experiments are conducted in a single-CPU computing environment to isolate 

performance measurements and simulate resource-constrained scenarios. The training and 

evaluation process is repeated for each dataset category (D₁, D₂, D₃). The experimental 

workflow consists of the following steps: (1) dataset preparation and splitting according to 

scale, (2) initialization of the BiLSTM-CRF model with predefined configurations, (3) model 

training on the training set while monitoring validation loss to prevent overfitting, (4) 

recording training time and memory usage, (5) evaluation of the final model on the test set to 

measure accuracy performance and inference speed, and (6) logging all metrics for 

comparative analysis across dataset scales. The comparative analysis is conducted by 

examining how both predictive performance metrics (Precision, Recall, and F1-score) and 

computational metrics (training time, memory usage, and inference time) change as the dataset 

size increases from D₁ to D₃. The analysis focuses on identifying scalability patterns, including 

improvements in predictive performance and the growth of computational requirements. 

These comparisons allow the study to evaluate the trade-off between model accuracy and 

computational cost under different dataset scales. 
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Figure 1. Experimental Procedure 

 

7. Operational Definition of Scalability 

In the context of this study, scalability is operationally defined as the model’s response 

characteristics to increasing dataset size, observed through changes in two aspects: (a) trends 

in accuracy performance metrics (P, R, F1), and (b) trends in computational performance 

metrics (training time, memory usage, and inference time). The analysis focuses on scaling 

behavior within a constrained CPU-based computing environment, rather than distributed 

system scalability. 

 

C. RESULT AND DISCUSSION 

1. Experimental Characteristics and Computing Environment 

All experiments were conducted in a CPU-based computing environment equipped with 16 

GB of RAM running Ubuntu 22.04 LTS. The model was implemented using the PyTorch 

framework. Training time was measured using Python’s time module, while memory usage was 

monitored using the memory-profiler utility. To ensure experimental consistency and 

comparability across dataset scales, the same model configuration was applied in all 

experiments, including an embedding dimension of 100, a BiLSTM hidden dimension of 200, 

the Adam optimizer with a learning rate of 0.001, and a batch size of 32.  
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2. Accuracy Performance Across Dataset Scales 

Table 2 summarizes the accuracy performance of the BiLSTM-CRF model across the three 

dataset scales using entity-level Precision, Recall, and F1-Score. 

 

Table 2. Accuracy Performance of the BiLSTM-CRF Model 

Dataset Data Size (Sentences) Precision Recall F1-Score 
Small (D₁) ~5,000 0.81 0.65 0.70 
Medium (D₂) ~15,000 0.74 0.74 0.74 
Large (D₃) ≥20,000 0.87 0.86 0.86 

 

The results demonstrate a consistent improvement in model performance as the training 

dataset increases in size. The model trained on the smallest dataset exhibits lower recall 

compared to precision, indicating that the model tends to make conservative predictions when 

limited training data are available. As the dataset scale increases, the balance between precision 

and recall becomes more stable, suggesting that the model is able to learn richer contextual 

patterns for entity recognition. The highest performance is achieved on the largest dataset, 

where the model produces both high precision and recall values. This finding indicates that the 

BiLSTM-CRF architecture benefits significantly from larger training corpora, as additional data 

enable the model to learn more diverse linguistic patterns and contextual dependencies. These 

results are consistent with previous studies showing that sequence labeling models such as 

BiLSTM-CRF generally improve as more annotated data become available, since the model 

relies on contextual representation learning rather than manually engineered features (Hafsa 

et al., 2025). Therefore, increasing dataset size plays a critical role in improving the robustness 

and generalization capability of NER models, as shown in Figure 2. 

 

 
Figure 2. Accuracy Performance Trends 

 

3. Computational Performance Across Dataset Scales 

Scalability analysis in this study also evaluates computational efficiency in terms of training 

time, memory usage, and inference speed across different dataset scales. The results are 

summarized in Table 3. 
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Table 3. Computational Performance of the BiLSTM-CRF Model 

Dataset Training Time (s) Memory Usage (MB) Inference Time (s) 

Small (D₁) 23.86 341.13 0.57 
Medium (D₂) 64.11 398.75 0.88 
Large (D₃) 570.00 504.20 1.14 

 

The results indicate that computational requirements increase substantially as dataset size 

grows. Training time shows the most significant growth, reflecting the higher number of 

parameter updates and sequence computations required when processing larger datasets. This 

pattern suggests that the training complexity of the BiLSTM-CRF model scales faster than the 

growth of the dataset size, particularly when the number of training instances becomes 

substantially larger. Memory usage also increases with dataset scale, although the growth is 

relatively moderate compared with training time. This behavior indicates that the primary 

computational burden lies in the iterative training process rather than in static memory 

allocation. Meanwhile, inference time increases only gradually, suggesting that once the model 

parameters are learned, prediction on new data remains relatively efficient even for larger 

training configurations. These findings are consistent with previous studies indicating that 

recurrent neural network–based sequence labeling models typically exhibit increasing training 

costs as dataset size expands, while inference complexity remains relatively stable (Ahmed et 

al., 2023). From a practical perspective, this result highlights an important trade-off between 

accuracy gains and computational cost when scaling NER models.The relationship between 

dataset scale and computational time is further illustrated in Figure 3. 

 

 
Figure 3. Trade-off Between Dataset Scale and Training Time 

 

Figure 3 shows that training time increases sharply as the dataset size grows, whereas 

inference time increases only slightly. This indicates that the primary computational cost 

occurs during the training phase rather than during model deployment. In contrast, memory 

usage shows a more gradual and controlled growth, indicating that the primary computational 

burden lies in the training iterations rather than memory allocation. 
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Figure 4. Scalability of Memory Usage 

 

Figure 4 illustrates that memory consumption increases moderately as dataset size grows, 

suggesting that the BiLSTM-CRF architecture maintains relatively stable memory requirements 

across different dataset scales. Finally, the relationship between predictive performance and 

computational cost is summarized in Figure 5. 

 

 
Figure 5. Accuracy Computation Cost Trade-off 

 

Figure 5 highlights the trade-off between accuracy improvement and computational cost 

when increasing the dataset size. 
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4. Scalability Analysis 

Based on the experimental results, the scalability behavior of the BiLSTM-CRF model can be 

analyzed from three main perspectives. 

a. Accuracy Scalability 

The model demonstrates positive scalability in terms of predictive performance. As the 

size of the training dataset increases, the F1-Score improves consistently, indicating that 

the model benefits from larger training corpora. This behavior aligns with fundamental 

principles of deep learning, where larger datasets generally enhance model 

generalization capability. The increasingly balanced Precision and Recall values further 

suggest that the model learns more robust contextual representations of named entities 

as more training examples become available. 

b. Computational Scalability 

From a computational perspective, scalability presents several challenges, particularly 

in terms of training time. While memory consumption increases moderately and 

remains manageable, training time grows substantially as the dataset becomes larger. 

This behavior reflects the iterative nature of neural sequence models, where parameter 

updates and sequence computations become increasingly expensive as the training 

corpus expands. However, inference time remains relatively low across dataset scales, 

indicating that once the model has been trained, prediction on new data remains 

computationally efficient. 

c. Accuracy Cost Trade-off 

A clear trade-off emerges between achieving higher accuracy and incurring greater 

computational cost. Although the large dataset provides the best predictive 

performance, it also requires substantially longer training time. In contrast, the medium-

scale dataset offers a more balanced solution by providing noticeable performance 

improvement while maintaining relatively moderate computational requirements. This 

finding suggests that dataset scale should be selected based on the specific objectives 

and resource constraints of the application. From a practical perspective, medium-scale 

datasets may be sufficient for exploratory studies, rapid prototyping, or environments 

with limited computational resources. Conversely, for production-level systems where 

maximum accuracy is critical and sufficient computational resources are available, 

training on larger datasets remains preferable due to the significant performance gains 

achieved. 

 

5. Discussion 

Based on the experimental results presented above, this study reveals the scalability 

characteristics of the BiLSTM-CRF model for the Named Entity Recognition (NER) task in the 

Indonesian language. A comprehensive analysis of the observed patterns provides in-depth 

insights into the triadic relationship between accuracy performance, computational 

requirements, and dataset scale, as well as their practical implications under resource-

constrained settings. First, from the perspective of accuracy performance, the BiLSTM-CRF 

model exhibits a consistent and convergent improvement pattern as the volume of training data 

increases. On the small dataset (D₁), the model demonstrates a clear bias toward high Precision 
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(0.81) but relatively low Recall (0.65), resulting in an F1-Score of 0.70. This behavior indicates 

an underfitting tendency, where the model adopts a conservative prediction strategy by 

recognizing only highly salient and frequent entity patterns. While this approach effectively 

minimizes false positives, it leads to a substantial number of false negatives. 

The transition to the medium-sized dataset (D₂) represents a balancing point at which the 

model begins to exploit its architectural capacity more effectively. The equilibrium between 

Precision and Recall at 0.74 suggests that the additional data provide sufficient contextual 

diversity, enabling the model to make more confident predictions without sacrificing precision. 

Peak performance is achieved on the large dataset (D₃), with an F1-Score of 0.86, where the 

model not only attains high overall accuracy but also maintains a strong balance between 

detection capability (Recall = 0.86) and prediction correctness (Precision = 0.87). This pattern 

confirms that the contextual representations captured by the BiLSTM layers, combined with 

the sequence-level optimization of the CRF, reach maximal efficiency when trained on a 

sufficiently large and representative corpus. 

Second, the analysis of computational requirements reveals a distinct scalability challenge. 

While model inference remains efficient even on the large dataset (only 1.14 seconds for 2,000 

sentences), training time exhibits a pronounced exponential growth from 23.86 seconds (D₁) 

to 570 seconds (D₃). This nearly 24-fold increase indicates that the computational complexity 

during training grows substantially faster than the dataset size itself. This phenomenon can be 

attributed to the interaction of several factors, including the increased number of iterations 

required for convergence, the higher complexity of gradient computations over larger 

computational graphs, and the optimization dynamics of the Adam optimizer within an 

increasingly complex parameter space. In contrast, memory consumption grows in a more 

linear and controlled manner, increasing from 341.13 MB to 504.20 MB. This trend is primarily 

driven by the storage requirements of embedding matrices and LSTM hidden states, which 

scale proportionally with vocabulary size and sequence length. 

Third, synthesizing these two dimensions highlights a critical trade-off between accuracy 

and computational cost. The large dataset (D₃) delivers optimal accuracy performance (F1-

Score = 0.86) but requires a substantial training time investment (570 seconds). Conversely, 

the medium dataset (D₂) offers a particularly attractive compromise: a notable accuracy 

improvement over the small dataset (ΔF1 = +0.04) with a computational cost increase that 

remains proportionate and manageable. 

These findings have important practical implications for decision-making in Indonesian 

NER deployment. In early-stage research or prototype development under limited 

computational resources, a medium-scale dataset combined with a BiLSTM-CRF model 

represents an optimal “sweet spot,” delivering adequate performance without the need for 

high-end computational infrastructure. For production-level applications that demand 

maximal accuracy and have sufficient training resources, investing in large-scale datasets and 

longer training times remains justified given the substantial accuracy gains achieved. 

The findings of this study add important nuance to the existing literature on Indonesian 

NER. The final F1-Score of 0.86 obtained on the large dataset (D₃) aligns with the performance 

range reported by recent studies employing transformer-based models such as IndoBERT, 

which typically achieve F1-Scores between 0.85 and 0.90 on comparable datasets (Aljumaily et 
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al., 2023; Guntreddi & V, 2025; Rahim et al., 2023). This suggests that, for the maximum scale 

of publicly available data, the relatively simpler BiLSTM-CRF architecture remains capable of 

delivering competitive performance. 

However, prior studies Ashebir & Tadesse (2022); Qiu et al. (2025b); Zhu (2024) 

predominantly report peak accuracy values without explicitly analyzing the computational 

costs required to achieve them. This gap constitutes the primary contribution of the present 

study: we explicitly quantify a trade-off that has often remained implicit. For instance, studies 

by Nabiilah et al. (2024); Singgalen (2025) report IndoBERT achieving an F1-Score of 0.88 on 

WikiANN with relatively short fine-tuning times, yet at the expense of substantially higher 

baseline memory consumption (>1.5 GB) due to the size of the pre-trained model. 

In contrast, our findings demonstrate a different trade-off trajectory: the BiLSTM-CRF 

model exhibits a significantly lighter memory footprint (504.2 MB) and extremely fast inference, 

but requires extensive training time when trained from scratch on large-scale data. As such, 

this study complements the existing landscape by emphasizing operational efficiency 

(lightweight inference) versus development cost (long training duration) as a critical 

consideration that is often overlooked in accuracy-centric evaluations. 

Finally, these findings contribute to a broader understanding of the behavior of classical 

deep learning models within the Indonesian language ecosystem. The achieved F1-Score of 0.86 

on the large dataset underscores that, despite being considered a mature architecture relative 

to modern transformer-based models, BiLSTM-CRF remains highly relevant and competitive 

for resource-constrained languages such as Indonesian particularly when sufficient training 

data are available. Its consistently efficient inference further reinforces its suitability for real-

time systems or edge computing environments where latency and power constraints are 

critical. Overall, this study not only empirically maps the scalability behavior of the BiLSTM-

CRF model but also provides an analytical framework for evaluating trade-offs in model 

selection and resource allocation. The recognition that accuracy improvements incur non-

linear computational costs constitutes an important consideration in practical NLP project 

planning, especially within research and industrial environments where computational and 

data resources are often limited. 

 

D. CONCLUSION AND SUGGESTIONS 

Based on the conducted analysis, it can be concluded that the BiLSTM-CRF model exhibits 

heterogeneous scalability characteristics for the Indonesian Named Entity Recognition (NER) 

task. The model demonstrates positive scalability in terms of accuracy performance, as 

evidenced by a consistent increase in F1-Score with larger training datasets. However, this 

improvement is accompanied by an exponential growth in training time, which emerges as the 

primary scalability bottleneck. A limitation of this study is that the experiments were conducted 

in a CPU-based environment without GPU acceleration, which may influence the observed 

training efficiency compared with modern deep learning infrastructures. This pattern results 

in a clear trade-off between achieving optimal accuracy and maintaining computational 

efficiency, where large-scale datasets deliver superior performance at the cost of substantial 

training resource investment. The findings of this study provide a practical contribution in the 

form of a more holistic evaluation framework for NER model selection. Rather than focusing 
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solely on final accuracy metrics, this framework emphasizes the importance of considering 

computational efficiency and scalability behavior as integral decision factors. In the context of 

the Indonesian language, where computational resources are often limited, understanding 

these scalability characteristics is crucial for determining optimal model configurations that 

balance performance with practical feasibility. Future research could extend this work by 

evaluating the scalability behavior of more recent architectures, such as Transformer-based 

models, and by conducting experiments on GPU-based environments to obtain a broader 

understanding of computational efficiency in Indonesian NER systems.. 
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