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Abstract—Automatically detecting evergreen articles in
Indonesian news media is a challenge and vital task for
sustaining long-term Sand audience engagement in media
industry. This research propose a hybrid parallel deep learning
model that hybrids bidirectional GRU and LSTM layers with
FastText embeddings, and compare its performance against
other word embedding methods, CNN-LSTM and IndoBERT.
The experiments utilize a balanced dataset of 5,810 manually
labeled article titles from Kompas.com, which underwent
preprocessing via case folding, punctuation and number
removal, and stemming. Three word embedding techniques, TF-
IDF, Word2Vec, and FastText, are emploved, with each model
trained under consistent settings. The results shows TF-IDF and
Word2Vec vield acceptable performance, FastText enhances
model robustness. The hybrid BiIGRU-BILSTM model attains a
test accuracy of 92.51% with low loss, alth IndoBERT
attains superior performance with 95.09% accuracy. These
findings highlight the effectiveness of word embeddings and
hybrid architectures for evergreen article detection. Future
work could incorporate attention mechanisms and ensemble
methods to enhance classification, offering a promising
direction for automated news analysis and supporting strategic
decision-making in media organizations.

Keywords—CNN, Evergreen Articles, IndoBERT, RNN, Word
Embeddings

I. INTRODUCTION

Text classification is an essential task in Natural Language
Prccessin@LP] with a crucial role in structuring and
extracting valuable insights from extensive amounts of textual
data [1]. Classical machine learning techniques on text
classification—such as mnews categorization—has been
outperformed by deep learning models, from feature learning,
scalability, to robustness on dealing noises in data [2]. As one
of the sub-categories in news text classification, evergreen
articles are timeless content that are not bound by time or
specific events and usually serve as educational content for
readers, making this news category maintain long-term
popularity and continue to attract readers over an extended
period [3]. Evergreen articles share its importance and benefits
for Search Engine Optimization (SEO) in news media
industry. The different characteristics of evergreen articles—
compared to timely or trending news articles—led to be read
across years and gave long-term traffic instead of only being
viewed for days or weeks before being irrelevant to the readers
[4]. This small fraction of news category may be written
purposely or unintentionally, making evergreen articles
unlabeled for further analysis on production, traffic, and
search engine index position of this article category.

Deep learning method for news text classification can be
applied to replace the manual process of detecting evergreen
articles, which was traditionally completed by reviewing and
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checking each article titles and labeling them manually in
batches at specific published date timeframe that follows the
SEO analysis requirements. Although there aren’t many
research specifically on timeless or evergreen content
detection, there are similar approaches within the scope of
classifying news articles such as fake news detection and news
gm}r classification. Neural network models—for instance
Convolutional Neural Network (CNN) or Recurrent Neural
Network (RNN)—has been proven to be a great match for
multiple tasks within news text classification, where CNNs
excel amrieving local and position-invariant characteristics,
while RNN models such as Long Short-Term Memory
(LSTM) and Gated Recurrent Unit (GRU) are effective at
attaining long-range dependencies as well context information
[5]. Word embeddings or feature extraction in NLP is also an
invaluable part for text classification. Methods such as TF-
IDF, Word2Vec and FastText are commonly used from
sentiment analysis to news categorization as word embedders
for classical machine learning or deep learning models that
provides high classification accuracy [6, 7, 8]. Other than
CNNs and RNNs that uses word embedding methods for its
embedding layer, there are transformer models such as BERT
that can understand context olarords bidirectionally.
IndoBERT—a variation of BERT—has been particularly pre-
trained on a large Indonesian corpus, which is fitting for
Indonesian language cases from text mining to news text
classification [9, 10].

While significant advancements have been made in the
classification of news articles, detecting evergreen articles
presents unique challenges that existing methods do not fully
address [4]. The importance of accurately identifying
evergreen content extends beyond SEO advantages, as it plays
a crucial role in long-term content strategy and maintaining
consistent audience engagement. However, the mbJslal
method of identifying these articles is laborious, time-
consuming, and subject to human error, highlighting the need
automatcd solutions. To fill the research gaps, this research
aims to evaluate and compare combination of word
embeddings and neural network models and IndoBERT, as
well proposing a parallel hybrid model of BiGRU and
BiLSTM with FastText embeddings on classifying evergreen
articles based on their titles. Word embedding methods that
will be studied are TF-IDF, Word2Vec, and FastText, whereas
the deep learning models being utilized for comparison are
CNN-LSTM and BiGRU-BiLSTM. The comparison result of
this research intends to offer practical insights of word
embedding, neural network, and IndoBERT methods in news
text classification, as well as promoting the sub-category of
news text classification—that is evergreen articles detection—
for a more sustainable and competitive strategy on evergreen
article production as well as SEO traffic and content analysis
within the media industry.




II. METHODOLOGY

A. Relevant Research

Recent research by [11] investigated classifying timely
versus timeless (evergreen) content in the Thai language using
deep learning. In this study, CNN-based models integrated
with FastText embeddings were applied to a dataset of 600
Facebook articles, with the CNN model augmented by
FastText Skip-gram achieving around 90% test accuracy,
while  Transformer-based  approaches such as
WangchanBERTa reached approximately 93% accuracy.
Complementing these findings, [12] analyzed various hybrid
RNN architectures on the BBC News Text Categorization
dataset—experimenting with combinations of LSTM and

U layers—and found that an RNN+GRU model attained
the highest performance (77% accuracy with an F1 score of
0.77), also noting that GloVe embeddings were less effective
at capturing subword nuances compared to other methods.

Other studies have advanced hybrid deep learning
techniques in related domains. For instance, [13] proposed a
hybrid CNN-LSTM model that leveraged supervised FastText
embeddings for fake news detection, evaluating its
performance on three large-scale datasets totaling owver
100,000 articles, and achieving near-perfect accuracy and F1
scores (around 99%). Similarly, [14] employed a weakly
supervised framework comparing BiGRU and BiLSTM with
TF-IDF embedding for detecting fake news in cyber
propaganda from a Twitter dataset of 195,943 tweets (with
1,200 manually labeled), where the BILSTM variant reached
nearly 90% accuracy. Additionally, [15] demonstrated the
efficacy of pre-trained transformers by fine-tuning IndoBERT
on 9,310 Indonesian healthcare reviews—achieving 96%
accuracy and an F1 score of 95%—thus underscoring the
potential of deep contextualized models in processing
Indonesian text,

Building on these insights, this research proposes a
parallel hybrid BiGRU-BiLSTM model that integrates
FastText embeddings for detecting evergreen articles on an
Indonesian news portal. The study will not only leverage the
rich subword-level information provided by FastText but will
a;o compare its performance against other word embedding
methods such as TF-IDF and Word2Vec. Furthermore, this
approach will benchmark the proposed hybrid model against
established architectures like CNN-LSTM as well as
IndoBERT—where transformer model such as IndoBERT
have the ability to understand context from terms or words
within the corpus bidirectionally through attention mechanism
[16] as well as widely studied and used for cases on
Indonesian texts including problems in the scope of
Indonesian  news classification [9]—by  conducting
comprehensive experiments on a aratcd dataset of
Indonesian news article titles, aiming to identify the most
effective combination between deep learning architecture and
word embedding method for robust evergreen article
detection.

B. Article Title Dataset

TABLE L. DATA SAMPLE OF KOMPAS.COM ARTICLE TITLES

Title Label

Gaji UMR Banjar 2025, Masih Terendah di Jawa Barat

(Banjar 2025 Minimum Wage, Still the Lowest in Wesi Java) 0

Title Label

Apa yang Terjadi Jika Bayi Kekumangan Vitamin D? Benkut
4 Daftarnyai€] 1
(Whar Happens If Baby Lacks Vitamin D? Here Are 4 Lists)

Pantauan Udara Kemenhub Bantu Atur Lalin Selama Nataru
(Ministry of Transportation s Air Monitoring Helps Manage 0
Traffic During Chrisimas and New Year)

The dataset that is used for this research is extracted from
the Kompas.com article database from 2023 to 2024. Each of
the article titles is labeled as evergreen or non-evergreen
manually, resulting in 5,810 balanced rows of data. The
dataset consists of title and label columns with samples shown
in Table I with translation inside of the parentheses.

C. E—IDF

TF-IDF—or Term Frequency - Inverse Document
Frequency—is a statistical technique used in NLP ara
information retrieval to assess the significance of terms in a
document relative to a collection of documents [17]. TF-IDF
will be used to rcprcsﬁmcxt data as embedding matrix, with
each row representing a document and each column relates to
a word in.lhe vocabulary.
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TF = Number of times the termappears in document (1)
Total number of terms in document
Documents in corpus
IDF = log( _ 7P ) @
Documents in corpus with term+1

18

TF determines how frequently a.tcrm occurs I a
document, ¢ IDF measures the rarity of a term throughout
the corpus. IDF score is assessed by multiplying TF
and IDF, giving importance to terms that appear frequently in
a given document but infrequently in the corpus [17].
D. mra'.? Vec

Word2 Vec is a simple two-layer ajra] network for word
embedding and is trained using two approaches, Continuous
Bag-of-Words (CBoW), which predicts a word based on its
context, and Skip-Gram, which predicts the context of certain
a word, as well mcorporating subsampling, which reduces the
frequency of common words, and negative sampling, which
limits computational cost by updating only a subset of the
network's weights during traming [18]. Word2Vec captures
semantic relationships between words, it improved initial
weight values and the combination with LSTM algorithm
enhanced classification accuracy [19]. In this research,
Word2Vec will be used with all deep learning models and be
compared for its performance.
E. FastText

FastText—developed by Meta's Al Research—is an
efficient library for word representation and sentence
classification, built on Word2Vec. It utilizes techniques like
Hierarchical Softmax and Negative Sampling for optimized
training, and breaks words into character n-grams for better
understanding.  Supporting 157  languages including
Indonesian, Text provides pre-trained word vectors
trained using CBoW with position-weights, 300 dimensions,
5-character n-grams, window size of 5, and 10 negatives. This
library effectively handles rich morphological languages,
accurately representing words even if theyre not in the
training data [20].




F. CNN-LSTM
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Fig. 1. CNN-LSTM Model Architecture Diagram [13]

The CNN-LSTM model that will be tested m this
experiment is a modified version of CNN-LSTM model from
[13]. The hybrid model combining CNN and LSTM that is
equipped with embeddings from FastText have outperformed
other methods in text classification and proven its
performance on multiple datasets, with 0.99 classification
accuracy on the WELFake and FakeNewsNet dataset. Using
the architecture m Figure 1, the model architecture’s output
layer will be changed from 16 unit softmax activation to | unit
sigmoid activation, but keeping the L2 kernel regularization
used. Other methods to tackle the model from overfitting such
as batch normalization and dropouts are also implemented.
These architecture modifications are made to ensure the
model’s compatibility for binary text classification and as a
comparison for BIGRU-BILSTM model.

G. IndoBERT 1

IndoBERT is C{mfnred with the default settings for
BERT-Base (uncased), specifically designed for the analysis
of Indonesian text. This transfm‘mcr-basﬁnuodcl leverages
the BERT architecture by pre-training deep bidirnicmal
representations from unlabeled text across all layers. Trained
as a masked language model using the Huggmgface
framework, IndoBERT effectively utilizes the strengths of
niRT. Additionally, this model is capable of performing
sequence classification to categorize text based on predefined
labels [21]. In this research, IndoBERT will be used as the data
tokenizer and be trained on the dataset with classification head
by Auto Model For Sequence Classification from
Transformers library as performance benchmark for other
models.

H. Proposed Model
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Fig. 2. Proposed Hybrid BiGRU-BiLSTM Model Architecture

Figure 2 presents the neural network diagram of the
parallel hybrid BiGRU-BiLS model proposed in this
experiment, inspired by [22]. It begins with an input layer that
processes word sequence based on the max length from the
dataset and employs an embedding matrix using FastText,
with batch normalization after. LSTM and GRU—each with
64 bidirectional units—receiﬁ]e input in parallel before
entering each respective 32-umt dense layer with RelU
activation and 0.5 dropout to prevent overfitting. These dense
layers are concatenated into 64 features and enter the Global
Average Pooling layer—which reshapes the 3-dimensional
tensor into 2 dimensions—through another 0.5 dropout layer.
The model ends with a dense output layer that uses sigmoid
acti\*n and L1 regulation of 0.1 for classification results,
with the Adam optimizer and binary cross-entropy loss.
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Fig. 3. Research process based of CRISP-DM for comparnng text
classification methods

Figure 3 presents the p@ss of this research on
comparing word embedding methods as well as neural
network and IndoBERT models. The process is based of
CRISP-DM with adjustments for the needs of this research.
Starting from data understanding, the dataset used is explored
and prepared for labeling and balancing. Case folding,
punctuation and numeric values removal, as well as stemming
are also implemented before splitting the data to 80:20 train
and test sets, then 80:20 for validation from the train set.
Stopwords removal is not used for the case of evergreen
detection in this research, as evergreen titles relies heavily in
Stopwords such as “cara” (how to), “baik” (good), and “buar”
(make). Tokenization used for deep learning models is from
Keras, while IndoBERT uses its own model as the tokenizer.
Embedding matrixes will be created using TF-IDF,
Word2Vec, and FastText to tran and pair the embeddings
with CNN-LSTM and BiGRU-BiLSTM. Both deep learning
models will be trained with 50 epochs and 0.0001 learning
rate, while IndoBERT will only be trained with 10 epochs.




After modeling, each model’s train validation loss and
accuracy will be visualized in addition to printing out the test
set loss and accuracy for comparison.

J. Accuracy

Accuracy 15 a pivotal metric for evaluating binary
classification models, representing the ratio of correct
predictions to the total number of predictions. It is valuable
and does not mislead if the training uses dataset with balanced

label [23].
o mern
ccuracy = TP+TN+FP+FN

12
The formula from [23] encompasses gue Positives (TP)
and True Negatives (TN)—indicating correct predictions for
both pos and negative classes—divided by the sum of all
possible outcomes, including False Positives (FP) and False
Negatives .

(3)

K. Binary Cross-Entropy Loss

Binary Cross-Entropy (BCE) is an important loss function
for training binary classification neural networks. It quantifies
the discrepancy between actual labels and predicted
probabilities by using logarithms of the predictions.
Specifically, BCE calculates the loss for each sample and then
averages it over allﬁlplcs to determine the overall loss [24].

23

L=—=¥ (vilog(p) + (1 —y)log(1—p) (4)
41

The simplified formula from [24] includes terms lo.g(p,-]

and log(1-p,), which dominate respectively when the true

label yi is 1 or 0, ensuring higher predicted probabilities for

the true class result in lower loss values. The negative sign

ensures the overall loss is positive. This loss function guides

the neural network in adjusting weights during traming to
enhance prediction accuracy.

II. EXPERIMENT AND RESULT

A. Experiment

The experiment starts by exploring the dataset extracted
from the Kompas.com article database. The data have max
title length of 29 words with mean of 10 words. Each row of
title labeled manually for indications of evergreen content and
balanced between the class, resulting in 2,905 of evergreen
titles and 2,905 of non-evergreen titles. Case folding is
applied, as well removing punctuations and numbers with
regular expression. For stemming, Sastrawi library 1s used as
it provides stemmer for Indonesian m;uage. Sample of
before and after preprocess for the data 1s shown in Table I1.

TABLE IL DATA SAMPLE OF BEFORE AND AFTER PREPROCESS

Before Preprocess

Gaji UMR Banjar 2025, Masth
Terendah di Jawa Barat

Afiter Preprocess

gaji umr banjar masih rendah di
jawa barat

Apa yang Terjadi Jika Bayi
Kekurangan Vitamin D? Benkut 4
Daftarnyad€|
Pantanan Udara Kemenhub Bantu
Atur Lalin Selama Natarn
After preprocess, the dataset is split to training and testing
set, then the training set 1s split to training and validation set,
resulting in 3,718 train samples, 930 validation samples, and

apa yang jadi jika bayi kurang
vitamin d ikut daftar

pantau udara kemenhub bantu atur
lalin selama nataru

1,162 test samples. Splitting for the validation set ensure that
each model training have the same train and validation set.
Tokenization is performed using Keras tokenizer for the deep
learning models, while IndoBERT uses AutoTokenizer with
its own model as the tokenizer. The data is ready to be used as
embedding matrixes for each word embedding methods. For
TF-IDF and Word2Vec, this experiment will use 10,000 max
features or words, 100 embedding dimensions, and allows the
embedding layer to be trainable, while FastText will use its
default 300 dimensions with non-tramable cmbcddaym‘ to
keep the pre-trained weights. Each model will be trained for
50 epochs with le-aan’ling rate and batch size of 16, while
IndoBERT will be trained for 10 epochs with le-5 learning
rate as it uses auto model for sequence classification for
transformer models.

B. Result

Each training loss and accuracy results of word deep
learning and IndoBERT models, results are visualized.
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Fig. 4. Trining and Validation Loss of the deep learning models
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Fig. 5. Trmining and Validation Accuracy of the deep learning models
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Fig. 6. Training Validation Loss and Accuracy of IndoBERT model
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Figure 4 illustrates the training and validation loss results
from each pairing between word embedding methods and




deep learning models, where both models with TF-IDF shows
the most steady decrease of loss on training and validation set
for each epoch with fluctuations. Word2Vec and FastText
have stable training and validation loss in both models,
however the training loss decreases rapidly and stabilizes near
zero while the validation loss stabilizes and start to increase or
overfitting after around 15th epoch. FastText with BiGRU-
BiLSTM shows no increase of validation loss and plateaus
around 0.3000. In Figure 5, TF-IDF on both models trains
with fluctuations and steady increase. Both models validation
accuracy with Word2Vec and FastText peaks around 92% to
93% while the training accuracy stabilizes near 100%.
IndoBERT starts with low loss and high accuracy as shown in
Figure 6. However, IndoBERT’s validation loss keeps
increasing in each epoch, while the walidation accuracy
plateaus around 95% as the train accuracy already stabilizing
near its peak.

TABLE IIL MODELS' TEST DATA LOSS
Classification Models / Word Embeddings
Loss TF-IDF Word2Vec FastText | IndoBERT
CNN-LSTM 0.4006 0.3128 0.3039
BiGRU-BiLSTM 0.3349 0.4326 03137
IndoBERT - - - 0.2603
TABLEIV. MODELS " TEST DATA ACCURACY
Classification Models / Word Embeddings
Accuracy TF-IDF Word2Vee | FastText | IndoBERT
CNN-LSTM 86.14% 92.51% 91.14%
BiGRU-BILSTM 91.99% 90.79% 92.51%
IndoBERT - - - 95.09%

Among the various models from the test loss and accuracy
pivot tables shown in Table III and Table IV, the FastText
with BiGRU-BiLSTM combination @mnsn‘atcd significant
efficacy, highlighting a low test data loss of 0.3137 and a high
accuracy rate of 92.51%, while the pairing with TF-IDF gives
an adequate results of 0.3346 test data loss as well 91.99%
accuracy, and least performed with Word2Vec, 0.4326 test
data loss and 90.79% accuracy. Alternatively, the CNN-
LSTM models unveiled comparable performance, with the
FastText-based model achieving a test data loss of 0.3039 and
an accuracy of 91.14%, while the pairing with Word2Vec
showed a slightly better accuracy of 92.51% but a higher loss
at 0.3128, and performed worse with TF-IDF, showing the
lowest accuracy of 86.14% and second to higat test loss of
0.4006. Lastly, the IndoBERT model stood out with the lowest
test data loss of 0.2603 and the highest accuracy of 95.09%,
highlighting its superior capability in capturing the nuanced
features of evergreen news articles.

TABLE V. THREE BEST MODELS TEST SET PREDICTION SAMPLE
Waord2 Fast
Title True Vee w/ Text w/ Indo
Label CNN- BiG:RU- BERT
LSTM BiLSTM
Film Home Sweet Loan 0 | 0
Parmit dari Bioskop, | | |

Word2 Fast
Title True Veew/ Text w/ Indo
Label CNN- BiGRU- BERT
LSTM BiLSTM
Kantongi 1.720.271
Penonton

(Home Sweet Loan Movie

Leaves  Cinemas,  Bags
| 1720271 Viewers)

Ini 4 Rute Angkot Mikrotrans

yang Beroperasi 24 Jam

( These are 4 Mikrotrans City 0 1 0 0

Transport  Rouwies  that

Operate 24 Hours)

Sederet Efek Samping Obat

Penurun Darah Tingg sepert

Amlodipine

(A Series of Side Effecis of 1 1 1 1

High Blood  Pressure

Medications such as

Amlodipine)

Apakah Puasa Bisa

Menurunkan Berat Badan?

(Can ggsrmg Help You Lose
Wei

30 Ucapan Jumat Agung
dalam Bahasa Indonesia dan
Bahasa Inggris 0 1 0 1

(30 Good Friday Greetings
| in Indonesian and English)

Each best model illustrates distinct patterns of errors,
reinforcing that different architectures and embedding
methods capture textual features in varying ways by looking
from the test set prediction samples in Table V. Even though
IndoBERT generally achieves higher accuracy overall, it still
can mislabel certain titles that contains seasonal events such
as “Jumat Agung” or Good Friday, and “Puasa”, or fasting
season in Ramadhan. Non-transformer models—CNN-LSTM
and BiGRU-BILSTM—also exhibit strengths in some cases
but can underperform on more nuanced headlines.

IndoBERT outperforms other models by combining an
Indonesian-specific  pre-trained  tokenizer with  the
transformer’s attention mechanism, enabling it to weigh
words contextually and identify evergreen articles e
precisely. CNN-LSTM  with Word2Vec captures local
features through convolutional layers and long-term
dependencies via LSTM units, and while integrating FastText
embeddings improves its results, it still lags behind
bidirectional and attention-based architectures. The TF-IDF
with CNN-LSTM approach fares worst, underscoring
TF-IDF’s inability to capture deeper textual nuances crucial
for this classification task. Our proposed BiGRU-BiLSTM
with FastText model also demonstrates strong performance as
its bidirectional GRU and LSTM layers effectively learn
sequential patterns from both directions. However, lacking an
attention mechanism like IndoBERT's, it peaks at around
0.300 loss and 92% accuracy during training, explaining the
performance gap between the hybrid deep learning models
with a transformer model such as IndoBERT.

IV. CONCLUSION 32

The experimental results underline that while embedding
techniques such as TF-IDF and Word2Vec yield acceptable
performance in detecting evergreen articles, the FastText-
based models consistently outperform both embedding
methods, with the proposed BiGRU-BIiLSTM achieving a
robust test loss of 0.3137 and an accuracy of 92.51%. The
CNN-LSTM models shown competitive results with FastText
and Word2Vec, with its best pair with Word2Vec gives same




accuracy of 92.51% but a slightly lower loss ota,3128,
Notably, IndoBERT emerged as the top performer with the
lowest test loss of 0.2603 and the highest accuracy of 95.09%,
primarily due to its attention mechanism and language-
specific pre-training, which enable it to capture le
contextual nuances in Indonesian news headlines. These
findings highlight the importance of sophisticated embedding
techniques and deep contextual understanding in text
classification tasks. Future research should explore integrating
attention layers into hybrid RNN frameworks to bridge the
performance gap between transformer-based and non-
transformer models. Additionally, extending the dataset to
incomporate a wider spectrum of news sources and
experimenting with ensemble approaches that combine
transformer-based insights with traditional deep learning
architectures  could  further  enhance  classification
performance. Refinement of hyperparameters, along with
Investigating alternative preprocessing techniques and multi-
modal features, also presents promising avenues to improve
evergreen article detﬁticm in diverse real-world applications.
2
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