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Abstract. The growth of internet access in Indonesia, reaching 72.78% in 2024 

according to the Central Bureau of Statistics (BPS), has become one of the key 

factors behind the increasing spread of hoax news. The Ministry of Communica-

tion and Digital (Komdigi) recorded 12,547 hoax content cases from August 

2018 to December 2023. However, manual verification requires substantial time 

and resources. This study aims to train and evaluate the IndoBERT-lite model 

based on the ALBERT architecture as an automated hoax news detection solu-

tion. The research encompasses the collection of 2,000 news articles, data label-

ing, pre-processing, tokenization using BertTokenizer, model training, and eval-

uation using a confusion matrix alongside analysis of memory usage, training 

time, and prediction speed. The results show that IndoBERT-lite achieved an ac-

curacy and F1-score of 98%, equivalent to IndoBERT-base. IndoBERT-lite at-

tained a prediction time of 104.73 ms per article, outperforming IndoBERT-base 

which required 128.29 ms. Training for IndoBERT-lite was completed in 813 

seconds using 3.83 GB of RAM and 8.19 GB of VRAM, whereas IndoBERT-

base required 1,199 seconds with 6.61 GB of RAM and 8.34 GB of VRAM. Dur-

ing prediction, IndoBERT-lite required 1.91 GB of RAM and 0.36 GB of VRAM, 

compared to IndoBERT-base which needed 2.31 GB of RAM and 2.11 GB of 

VRAM. Based on these findings, IndoBERT-lite represents an effective and ef-

ficient solution for automated Indonesian hoax news detection. 

Keywords: hoax news detection, deep learning, IndoBERT-lite, ALBERT, 

model evaluation 

1 Introduction 

Technological advancements have facilitated the rapid dissemination of information 

via the Internet. In 2024, 72.78% of the Indonesian population had internet access [1]. 

However, this rapid spread of information is accompanied by the circulation of hoax 

news, with the Ministry of Communication and Digital (Komdigi) recording 12,547 

instances of hoax content between August 2018 and December 2023 [2]. The high ex-

posure to such hoax news also significantly influences public opinion formation by 

58.7% [3]. 
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The public requires fast and accurate news verification, which is currently per-
formed manually by third-party fact-checkers such as Komdigi and Mafindo, de-
manding substantial time and resources. Transformer-based deep learning technologies 
such as BERT and IndoBERT-base can address this limitation. Fardhina achieved 98% 
accuracy using BERT [4], while IndoBERT-base reached 99.58% accuracy after re-
training on an Indonesian dataset [5]. 

However, IndoBERT-base relies on 124.4 million parameters, incurring heavy cost 
in both training and classification. The IndoBERT-lite model, based on the A Lite 
BERT (ALBERT) architecture with only 11.7 million parameters [6, 7], can potentially 
deliver faster prediction with fewer resources without compromising accuracy [7]. In 
this study, the authors focus on the development and performance analysis of an Indo-
nesian hoax news detection model using IndoBERT-lite. The researchers will measure 
the model's accuracy, training time, prediction speed, and computational resource usage 
of IndoBERT-lite in detecting Indonesian hoax news. All results will be compared with 
the IndoBERT-base model. 

2 Literature Review 

2.1 Related Works 

Previous studies have evaluated various models for Indonesian text classification. Rah-
mawati, Alamsyah, and Romadhony compared IndoBERT-base, Naïve Bayes, and 
SVM for hoax detection, with IndoBERT-base achieving the highest accuracy (90% vs. 
80.25% and 73.42%) [8]. Azizah, Cahyono, Sihwi, and Widiarto compared IndoBERT-
base, ALBERT, and RoBERTa, where ALBERT, the architecture underlying In-
doBERT-lite, achieved the best accuracy (87.6% vs. 86.6% and 83.3%) [9]. Wildan and 
Nastiti compared IndoBERT-base and IndoBERT-lite on TikTok Tokopedia review 
sentiment classification, achieving 97% and 94% accuracy respectively [10]. Although 
not hoax-specific, this offers a useful accuracy benchmark between the two models. 
These studies collectively motivate training and evaluating IndoBERT-lite for Indone-
sian hoax detection, compared against IndoBERT-base. 

2.2 Bidirectional Encoder Representation from Transformer (BERT) and A 
Lite BERT (ALBERT) 

BERT is a deep learning model built upon the encoder of the Transformer architecture, 
whose core component is the self-attention mechanism. The BERT model employs the 
Masked Language Model (MLM) to mask words in a sentence randomly and predict 
them by considering the words to the left and right of the masked portion. The model 
also implements Next Sentence Prediction (NSP) by examining two sentences and pre-
dicting whether the second sentence logically follows the first, enabling the model to 
understand context [11]. 

ALBERT is an alternative to BERT that has been optimized to utilize computational 
resources efficiently by reducing the number of parameters. The ALBERT model ap-
plies two techniques to reduce the number of parameters used. First, Factorized 
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Embedding Parameterization, which involves using a smaller embedding dimension 
compared to the hidden size of the encoder, which is then projected into a larger hidden 
layer. Second, Cross-Layer Parameter Sharing, which involves sharing the same pa-
rameter weights across encoder layers [6]. 

2.3 IndoBERT-base and IndoBERT-lite 

Indonesian Bidirectional Encoder Representation from Transformer-base (IndoBERT-
base) is a BERT-based model trained to understand the Indonesian language (Rah-
mawati, Alamsyah and Romadhony, 2022). Meanwhile, IndoBERT-lite is a variant of 
the IndoBERT model based on ALBERT. In the IndoBERT-base model, the number of 
parameters used is 124.4 million, whereas the IndoBERT-lite model uses only 11.7 
million [7]. 

2.4 Performance Evaluation Metrics 

Performance is measured by confusion matrix, accuracy, precision, recall, and F1-Score 
[8]. Efficiency is assessed through total training time, prediction speed measured as the 
median of 50 prediction runs on a single article, and RAM/VRAM usage observed 
across three phases consisting of model loading, training, and prediction. All metrics 
are then compared against IndoBERT-base. 

3 Methodology 

3.1 Data Scraping 

 
Fig. 1. Dataset Class Distribution: (a) Before Undersampling and (b) After Undersampling 

The initial stage of this research involved collecting the news dataset through data 
scraping conducted in September 2025 from the Kompas and CNN news websites for 
factual news, and from TurnBackHoax and Kompas Cek Fakta for hoax news. The 
results, shown in Fig. 1(a), yielded a total of 28,591 news articles. However, because 
the obtained data was imbalanced, undersampling was performed, as shown in Fig. 
1(b), by selecting 1,000 news articles from each class resulting in a dataset of 2,000 
articles. 
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3.2 Data Labeling 

Once the dataset was collected, each news article was labeled. Factual news articles 
from Kompas and CNN Indonesia were labeled "0", while hoax news articles from 
TurnBackHoax and Kompas Cek Fakta were labeled "1". 

3.3 Pre-Processing Dataset 

Several processes were conducted during the pre-processing stage. First, news narra-
tives were extracted by taking the first 2-3 sentences for factual news and original nar-
rative for hoax news. Second, data cleaning was performed to remove links, symbols, 
emojis, and other unnecessary characters using the Regular Expression. Third, Case 
Folding was applied, preventing the model from being affected by capitalization differ-
ences. 

3.4 Data Split 

Table 1. Data Split Distribution 

Class Training Dataset Validation Dataset Test Dataset 
Fact (0) 700 150 150 
Hoax (1)  700 150 150 
Total  1,400 300 300 

The dataset, totaling 2,000 articles, was divided into three parts, as shown in Table 
1: 70% (1,400 articles) for training data, 15% (300 articles) for validation data, and 
15% (300 articles) for testing data. This data split stage was performed using the strat-
ified split technique to maintain class balance. 

3.5 Tokenization 

The tokenization stage was conducted using the BertTokenizer to convert the news text 
into tokens understood by the model. In addition to the tokens generated from the news 
input, the BertTokenizer also produces special tokens, namely the Classification Token 
(CLS), Separator Token (SEP), and Padding Token (PAD). Several parameter config-
urations in the BertTokenizer were used in this study: Max Sequence Length set to 128, 
Padding set to max_length, Truncation set to true, and Add Special Tokens set to true. 

3.6 Model Training 

Table 2. Hyperparameter Configuration Scenarios 

Scenario Batch Size Learning Rate Max Epochs Optimizer 
1 16 2e-5 30 Adam 
2 16 3e-5   
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Scenario Batch Size Learning Rate Max Epochs Optimizer 
3 16 5e-5   
4 32 2e-5   
5 32 3e-5   
6 32 5e-5   

Both models were trained across several hyperparameter configuration scenarios as 
detailed in Table 2. A checkpoint mechanism was implemented to save the best-per-
forming model based on validation accuracy, alongside an early stopping mechanism 
with a patience value of 2 to halt training if validation accuracy did not improve for 2 
consecutive epochs. 

3.7 Model Evaluation 

Model evaluation was conducted using the 300 article testing data. The models were 
evaluated using several metrics: confusion matrix, accuracy, precision, recall, and F1-
Score. The models were also evaluated regarding training time, prediction time, and 
RAM and VRAM usage when the models were loaded into the system, during training, 
and during prediction. All evaluation metric results were compared to determine 
whether the IndoBERT-lite model could achieve good and efficient performance. 

4 Result 

4.1 Model Training 

Table 3. Training/Validation Accuracy and Loss of IndoBERT-lite 

Epoch Training  
Accuracy 

Validation  
Accuracy 

Training 
Loss 

Validation 
Loss 

1 0.9076 0.9533 0.3063 0.1413 
2 0.9729 0.9633 0.0836 0.1000 
3 0.9857 0.9700 0.0439 0.0818 
4 0.9864 0.9367 0.0338 0.2012 
5 0.9914 0.9833 0.0288 0.0598 
6 0.9964 0.9867 0.0146 0.0647 
7 0.9971 0.9667 0.0104 0.1194 
8 0.9971 0.9733 0.0084 0.0758 

After training with the configurations in Table 2, the best result was achieved with 
the fourth hyperparameter scenario (batch size 32, learning rate 2e-5) at epoch 6 in 
Table 3. Early stopping was triggered after two epochs without validation accuracy 
improvement, so this epoch-6 model was used as the final IndoBERT-lite model. 
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Table 4. Training/Validation Accuracy and Loss of IndoBERT-base 

Epoch Training  
Accuracy 

Validation  
Accuracy 

Training 
Loss 

Validation 
Loss 

1 0.9571 0.9633 0.1292 0.0747 
2 0.9864 0.9567 0.0384 0.1349 
3 0.9900 0.9667 0.0251 0.1092 
4 0.9986 0.9733 0.0046 0.1068 
5 0.9979 0.9900 0.0033 0.0553 
6 1.0000 0.9900 0.0003 0.0641 
7 1.0000 0.9900 0.0002 0.0656 

The IndoBERT-base model achieved its best result with the second hyperparameter 
scenario (batch size 16, learning rate 3e-5) at epoch 5 in Table 4. Early stopping was 
likewise triggered after two epochs without improvement, so this epoch-5 model was 
used as the final IndoBERT-base model. 

Fig. 2. Confusion Matrix of IndoBERT-lite and IndoBERT-base 

Both models were evaluated using a confusion matrix in Fig. 2. IndoBERT-lite out-
performed IndoBERT-base with a smaller false negative count (3 vs. 7), indicating 
fewer missed hoax detections. 

Table 5. Accuracy, Precision, Recall, and F1-Score of IndoBERT-lite 

Class Precision Recall F1-Score Accuracy 
Fact (0) 0.98 0.98 0.98 0.98 
Hoax (1) 0.98 0.98 0.98 

After obtaining the confusion matrix results for both the IndoBERT-lite and In-
doBERT-base models, these values were used to calculate accuracy, precision, recall, 
and F1-Score. In Table 5, the IndoBERT-lite model achieved scores of 0.98 for preci-
sion, recall, and F1-Score for both classes. These results confirm that the model gener-
alizes well to previously unseen data without signs of overfitting. 

 



   Performance Analysis of IndoBERT-Lite for Indonesian Hoax News …             241

Table 6. Accuracy, Precision, Recall, and F1-Score of IndoBERT-base 

Class Precision Recall F1-Score Accuracy 
Fact (0) 0.96 1.00 0.98 0.98 
Hoax (1) 1.00 0.95 0.98 

The same calculations were performed for the IndoBERT-base model, as shown in 
Table 6. For the fact class, the model achieved a precision of 0.96, a recall of 1.00, and 
an F1-Score of 0.98. Meanwhile, for the hoax class, it obtained a precision of 1.00, a 
recall of 0.95, and an F1-Score of 0.98. Consequently, the model achieved a final accu-
racy of 98%. This demonstrates that the IndoBERT-base model has an overall perfor-
mance equivalent to IndoBERT-lite. 

4.2 Resource Usage Analysis 

Training Time 
The IndoBERT-lite model was trained for 8 epochs with a total training time of 813 

seconds, while IndoBERT-base required 7 epochs and 1,199 seconds. Despite needing 
fewer epochs, IndoBERT-base took 386 seconds longer to train than IndoBERT-lite. 

Inference Speed 

Table 7. Model Inference Speed 

Metric IndoBERT-lite IndoBERT-base 
Median 104.73 ms 128.29 ms 
Mean 108.76 ms 126.60 ms 
Std. Dev 10.01 ms 22.53 ms 
Min 98.33 ms 98.70 ms 
Max 138.77 ms 171.78 ms 

Prediction speed was evaluated by running each model 50 times on a single test ar-
ticle, using the median as the primary metric for robustness to outliers. As shown in 
Table 7, IndoBERT-lite achieved a faster median prediction speed (104.73 ms) than 
IndoBERT-base (128.29 ms). 

RAM and VRAM Usage 

Table 8. RAM and VRAM Usage 

 RAM VRAM 
Metric IndoBERT-

lite 
IndoBERT-
base 

IndoBERT-
lite 

IndoBERT-
base 

Load Model 1.84 GB 2.56 GB 0.35 GB 2.10 GB 
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 RAM VRAM 
Metric IndoBERT-

lite 
IndoBERT-
base 

IndoBERT-
lite 

IndoBERT-
base 

Training 3.83 GB 6.61 GB 8.19 GB 8.34 GB 
Prediction 1.91 GB 2.31 GB 0.36 GB 2.11 GB 

The amount of RAM and VRAM used by the models was evaluated to determine 
resource consumption. In this study, the available system RAM was 12.7 GB, and the 
VRAM from the NVIDIA T4 GPU was 15 GB. As shown in Table 8, IndoBERT-lite 
consistently used less RAM and VRAM than IndoBERT-base across all three phases. 
Most notably in VRAM during loading (0.35 GB vs. 2.10 GB) and prediction (0.36 GB 
vs. 2.11 GB). 

4.3 Error Analysis 

Table 9. IndoBERT-lite False Negative News 

No False Negative News 
1 arina news. 25 jalan di jakarta bakal kena tarif. kisaran tarif sekali melintas 

rp5.000-rp19.900. dinas perhubungan dki jakarta bakal terapkan jalan berbayar 
elektronik atau electronic road pricing (erp) di sejumlah ruas jalan protokol ibu 
kota. 

2 pesawat wing of zion, air force one milik israel yang biasa dipakai oleh perdana 
menteri benjamin netanyahu, lepas landas dari bandara ben gurion di tengah 
eskalasi konflik antara israel dan iran pada jumat (1362025). terbangnya pe-
sawat ini memunculkan spekulasi bahwa netanyahu kabur dari negaranya atas 
serangan yang terjadi. 

3 kabar hangat dari gedung bundar: jaksa agung st burhanuddin dikabarkan akan 
diganti st burhanuddin, yang menjabat sebagai jaksa agung sejak 2019, 
dikabarkan akan segera digantikan. menurut laporan, beliau telah berpamitan 
kepada internal kejaksaan agung pada sabtu, 17 mei 2025 . sosok pengganti 
yang disebut-sebut adalah jaksa senior dengan pengalaman di kejati dki ja-
karta, banten, dan sulawesi selatan. 

As listed in Table 9, IndoBERT‑lite yielded three false negatives on the test set. 
Although the two classes are generally distinguishable by style, these three hoaxes im-
itate factual reporting through source attribution, named entities, precise figures, and a 
neutral tone, so that no linguistic cue separates them from authentic news, and their 
falsehood resides in the claim rather than in the wording. Because each narrative falls 
within the sequence limit of 128 tokens, truncation is not the cause. The larger In-
doBERT‑base model misclassifies the same three articles among its seven false nega-
tives, which confirms that the failures are intrinsic to the task rather than to a specific 
architecture, reflecting the inherent limitation of narrative‑only detection and motivat-
ing fact verification through external retrieval. 
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4.4 Comparison with Prior Studies 

Table 10. Comparison with existing Indonesian hoax news detection studies  

Study Model Accuracy 
Rahmawati et al. [8] IndoBERT-base 90% 

Naïve Bayes 80.25% 
 SVM 73.42% 
Azizah et al. [9] ALBERT  87.6% 
 BERT 86.6% 
 RoBERTa 83.3% 
This Study IndoBERT-lite 98% 
 IndoBERT-base 98% 

Table 10 positions our results against prior hoax and fake news studies. Both In-
doBERT-lite and IndoBERT-base surpass every baseline in Rahmawati et al. [8] (In-
doBERT-base, Naive Bayes, SVM) and Azizah et al. [9] (ALBERT, BERT, RoB-
ERTa). Notably, ALBERT is the architecture behind IndoBERT-lite, yet it scored lower 
than our model in [9], which highlights the benefit of pretraining on the target language. 
As the datasets differ, the comparison is indicative rather than controlled. Nonetheless, 
our results are competitive, and unlike [8] and [9] we additionally provide training and 
inference time as well as RAM and VRAM, which constitutes a distinct contribution. 

5 Conclusion and Future Work 

The IndoBERT-lite model successfully detected Indonesian hoax news with an accu-
racy and F1-Score of 98%, a prediction speed of 104.73 ms per article, and lower re-
source consumption during both training and prediction, all while matching the accu-
racy of IndoBERT-base. For future work, researchers are encouraged to expand the 
dataset, explore a wider range of hyperparameter tuning scenarios to further improve 
model performance, and to evaluate the trained model on external news articles drawn 
from sources and periods outside the present corpus, in order to measure its perfor-
mance on live and newly emerging hoax news. 
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