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Abstract 

In the digital era, the number of scientific journal publications 

available online is increasing rapidly. However, the process 

of information extraction from these journals is often 

disrupted by boilerplate elements such as headers, footers, 

navigation bars, and metadata that are not directly related to 

the main content. The presence of such elements hinders text 

analysis and further processing in various academic 

applications. This study aims to develop an automated 

boilerplate removal method using BoilerNet, a deep learning 

model based on the Bi-LSTM approach. The model is 

designed to classify each text segment in journal pages and 

accurately separate the main content from boilerplate 

elements. The methodology includes several stages: 

collecting scientific journal data through web scraping, 

preprocessing for normalization and labeling, and training the 

model using Binary Cross Entropy optimization. The model 

is evaluated using metrics such as precision, recall, and F1-

score to assess its effectiveness in removing boilerplate 

elements. The experiment used a total of 180 data instances, 

divided into 50 for training, 30 for validation, and 100 for 

testing. Experimental results show that the optimal BoilerNet 

configuration with 256 hidden units, a dropout rate of 0.4, two 

LSTM layers, and a dense layer size of 256 achieves an F1-

score of 0.91 for the boilerplate class and 0.81 for the main 

content class. The overall average F1-score reached 0.863. 

These results indicate that BoilerNet significantly improves 

main content extraction performance compared to 

conventional methods such as Readability.JS. 

Keywords: Boilerplate Removal; BoilerNet; Deep Learning; 

Bi-LSTM; Scientific Journals; Main Content Extraction. 

1. Introduction 

In the digital era, the volume of scientific journal publications 

available online has grown significantly. Easy access to 

scholarly literature is essential for researchers and academics,  

 

 

enabling the rapid dissemination and consumption of 

knowledge. However, one of the primary challenges in 

processing these documents is the presence of boilerplate 

elements on web pages, which are segments that do not 

directly relate to the main content. These may include headers, 

footers, navigation bars, advertisements, and metadata, all of  

which can hinder accurate information extraction [1] . 

To address this issue, various approaches have been 

proposed for extracting the main content from web pages. 

These range from rule-based techniques to machine learning-

based methods. For instance, Jung et al. [2] introduced an 

extraction technique based on the user's first impression area 

to locate the most relevant content. Alarte and Silva [3]  

proposed a method that leverages structural analysis of web 

pages to enhance content extraction performance. A 

comprehensive empirical comparison by Bevendorff et al. 

[4] , revealed that no single extraction algorithm consistently 

outperforms others across different scenarios. This finding 

has encouraged the use of hybrid or ensemble approaches. 

In recent years, deep learning-based methods have 

emerged as promising solutions for improving boilerplate 

removal. One such model is BoilerNet, which applies neural 

sequence labeling to automatically identify and eliminate 

boilerplate elements [1] This approach leverages the 

sequential nature of HTML documents and learns to 

distinguish between relevant and irrelevant content through 

training on labeled data. 

This study investigates the effectiveness of BoilerNet in 

removing boilerplate from scientific journal web pages to 

facilitate more accurate main content extraction. Specifically, 

this work aims to:  

1. analyze how variations in BoilerNet’s architectural 

parameters, including the number of LSTM layers, 

hidden unit dimensions, dropout rates, and dense layer 

sizes, affect its performance. 

2. compare its effectiveness with other established methods, 

such as Readability.JS, using standard evaluation 

metrics. 

https://journal.itk.ac.id/index.php/IIAIR
https://orcid.org/0000-0002-0689-7002
https://orcid.org/0000-0001-8841-6585
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2. Related Works 

This Prior studies in the field of boilerplate removal have 

explored a wide range of approaches, from rule-based 

heuristics to modern deep learning techniques. One of the 

most prominent contributions in this area is BoilerNet, a 

model proposed by Leonhardt et al. [1] which utilizes a neural 

sequence labeling framework to distinguish main content 

from non-informative sections in web pages. Unlike 

traditional approaches that depend on hand-crafted features, 

BoilerNet only uses HTML tags and the visible text as input. 

The model achieved promising results, with a precision of 

0.95, recall of 0.86, and F1-score of 0.90 on the negative class 

(boilerplate), and a precision of 0.70, recall of 0.88, and F1-

score of 0.78 on the positive class (main content). The authors 

demonstrated that BoilerNet outperforms rule-based systems 

such as BoilerPipe and Web2Text, highlighting the 

effectiveness of deep learning in this domain. 

A different perspective was presented by Jung et al. [2] 

who introduced a content extraction method based on the First 

Impression Area (FIA), which refers to the part of a web page 

that initially attracts the user’s attention. By modeling visual 

saliency and user attention patterns, their method aims to 

identify the most relevant content blocks. Their approach 

showed significant improvements over traditional methods, 

increasing F0.5-matched text block scores by up to 46% on 

English web pages and 42% on non-English pages. This result 

emphasizes the potential of visual context modeling for 

improving web content extraction. 

In another study, Alakukku [5] proposed a domain-

specific boilerplate removal technique that relies on entropy-

based measurements and clustering to identify boilerplate 

segments in web pages. This unsupervised approach was 

tested on the L3S dataset and achieved a recall of up to 0.90, 

outperforming established methods such as jusText and 

BoilerPipe. However, the model suffered from low precision 

(0.18), indicating a tendency to include irrelevant information 

in the output. 

Akbiyik et al. [6] introduced SORE (Semantic Outlier 

Removal), a novel approach for boilerplate removal that 

utilizes multilingual sentence embeddings and approximate 

nearest-neighbor search to identify and eliminate non-

informative content blocks in web pages. Unlike traditional 

rule-based or structural methods, SORE does not rely on 

manually engineered features or DOM tree parsing. Instead, 

it computes sentence-level semantic similarity to detect 

outliers that deviate from the main content. Experiments 

conducted on multilingual datasets showed that SORE 

achieved competitive performance, even compared to large 

language model (LLM)-based methods, while maintaining 

low computational cost. This highlights the potential of 

lightweight embedding-based approaches for scalable and 

language-agnostic content extraction tasks. 

Fernández-Pichel et al. [7] took an unsupervised approach 

by introducing a perplexity-based method using language 

models to remove boilerplate content. Their technique was 

evaluated on the ClueWeb12 dataset and showed a notable 

increase in retrieval performance, with the top-5 precision 

rising from 0.564 to 0.624. Additionally, the method 

significantly reduced the dataset size from 382GB to 96GB, 

making it highly efficient for large-scale processing. This 

study illustrates the value of leveraging language model 

perplexity as a metric for content quality and relevance. 

While each of these approaches has shown success in 

particular scenarios, the absence of a universally dominant 

method indicates the complexity of the boilerplate removal 

task. Recent advances in deep learning, particularly models 

like BoilerNet, offer a promising direction by learning robust 

representations directly from raw HTML data, eliminating the 

need for manual feature engineering and improving 

generalization across diverse web page structures. 

3. Proposed Dataset 

The dataset used in this study was constructed from a 

collection of scientific journal articles sourced from multiple 

online repositories, including arXiv, ScienceDirect, Emerald, 

Nature, PMC, EuropePMC, Frontiersin, DOAJ, PsycNet, 

Neliti, Springer, and IIAIR. A total of 180 web page links 

were manually collected to ensure a diverse representation of 

journal websites and layouts.  

Each web page was scraped using Python libraries, 

specifically BeautifulSoup and Selenium, to extract the raw 

HTML content of the article pages. These pages typically 

contain both the main article content and various boilerplate 

elements, such as headers, footers, navigation menus, 

metadata blocks, and advertisements. The resulting dataset 

serves as the foundation for training and evaluating 

boilerplate removal models, particularly in the context of 

scientific publishing platforms that often follow semi-

structured yet diverse templates. The distribution of the 

dataset across various journal websites can be seen in Table 

1. 

Table 1: List of Journal Websites and Number of 

Documents Collected 

Website Number of Documents 

Collected 

arXiv 20 

ScienceDirect 20 

Emerald 7 

Journal ITK (IIAIR) 5 

Nature 13 

Frontiersin 12 

NCBI 20 

Ieeexplore 20 

PsycNet 21 

EuropePMC 12 

Neliti 15 

DOAJ 15 

The dataset used throughout this research, including the raw 

HTML files, is publicly available at: 

https://drive.google.com/drive/folders/1KVlhrc7WvE31kS7

31E5m918rj8J8vfzK?usp=sharing 

4. Methods 

4.1 Data Preprocessing 

To prepare the raw HTML data for training, each web page 

was segmented based on its DOM structure using elements 

such as <div>, <p>, and <section>. This segmentation divides 

the document into blocks, which are then treated as 

classification units. 

Each block was manually labeled using the attribute 

__boilernet_label, where "1" indicates main content and "0" 

represents boilerplate. The labeling was carefully performed 

https://drive.google.com/drive/folders/1KVlhrc7WvE31kS731E5m918rj8J8vfzK?usp=sharing
https://drive.google.com/drive/folders/1KVlhrc7WvE31kS731E5m918rj8J8vfzK?usp=sharing
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by analyzing the layout and structure of each page. After 

labeling, the dataset was split into training and testing sets. 

Examples of the labeled blocks are provided in Table 2, which 

illustrates blocks marked as main content, and Table 3, which 

shows blocks labeled as boilerplate. 

Table 2: Example of HTML Blocks Labeled as Main 

Content 

<span __boilernet_label="1" class="title-text"> Why we 

post selfies:  Understanding motivations for posting 

pictures of oneself  

</span> 

Table 3: Example of HTML Blocks Labeled as Boilerplate 

<span __boilernet_label="0"> Get behind my selfies: The 

Big Five traits and social networking behaviors through 

selfies 

</span> 

4.2 BoilerNet Architecture 

The architecture of BoilerNet is based on the Bidirectional 

Long Short-Term Memory (Bi-LSTM) model, which is 

capable of handling complex non-local dependencies in 

sequential data [1] . Bi-LSTM assigns labels to elements in a 

sequence by processing the data in two directions 

simultaneously-one from left to right and the other from right 

to left. This parallel processing allows the model to capture 

both past and future context, making it particularly effective 

for content extraction tasks such as boilerplate removal [8] . 

In the context of BoilerNet, the use of Bi-LSTM enables 

the model to better distinguish between main content and 

boilerplate by analyzing broader contextual relationships 

within the HTML document. By capturing dependencies in 

both directions, the model is able to understand structural 

patterns and layout semantics that are often difficult to detect 

using standard LSTM models [1] . 

Studies have shown that Bi-LSTM-based architectures 

outperform traditional LSTM models in classifying HTML 

elements, as they are more effective at learning the structure 

of semi-structured documents such as scientific journal pages 

[1] . Additionally, this approach has demonstrated improved 

performance when applied to multilingual text, which is a 

common challenge in main content extraction [8] . 

Figure 1: Illustration of BoilerNet Architecture 

 

Figure 1 illustrates the representation and classification 

process of text blocks in a web page. The page is treated as a 

sequence of text blocks, where each block is represented as a 

sparse vector encoding information from both HTML tags and 

textual content. In the visualization, HTML tags are shown in 

white and text words in black [1] . These sparse vectors are 

passed through an embedding layer that transforms them into 

dense, low-dimensional vectors that are better suited to 

capturing semantic relationships between blocks [1] . The 

embedded representations are then fed into a classification 

model-such as LSTM or Transformer-based architectures—

that predicts the label for each block based on its context. This 

process enables the model to identify key content, analyze 

document structure, and support advanced NLP applications. 

4.3 Evaluation Metrics 

In this study, the performance of the model is evaluated using 

three key metrics: Precision, Recall, and F1-Score. These 

metrics are widely used in binary classification tasks to assess 

how well a model distinguishes between relevant (main 

content) and irrelevant (boilerplate) elements [1] . Precision 

measures the quality of positive predictions by calculating the 

ratio of correctly predicted positive blocks (True Positives, 

TP) to all blocks predicted as positive (TP + False Positives, 

FP), as shown in Equation 1. 

𝑃𝑅𝐸𝐶 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(1) 

Recall evaluates the model’s ability to identify all relevant 

positive instances [9] . It is defined as the proportion of 

correctly identified positive blocks (TP) out of all actual 

positive blocks (TP + False Negatives, FN), as presented in 

Equation 2. 

𝑆𝑁 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
=

𝑇𝑃

𝑃
 

(2) 

High recall indicates that the model is able to detect most 

of the main content in the web page, minimizing the risk of 

omitting important textual information [1] . This is 

particularly important in scientific articles, where losing key 

paragraphs or sections can lead to incomplete or misleading 

summaries. The F1-Score is the harmonic mean of precision 

and recall. It provides a single performance metric that 

balances both false positives and false negatives, as defined in 

Equation 3. 

𝐹 𝑆𝑐𝑜𝑟𝑒 =
2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙
 

(3) 

The F1-Score is especially useful in scenarios involving 

imbalanced datasets, such as this one, where non-content 

elements (boilerplate) often dominate the structure of HTML 

documents [9] . A high F1-Score reflects a strong overall 

performance in accurately extracting relevant content while 

excluding noise. 

5. Experimental Settings 

In this stage, experiments were designed and configured to 

evaluate the performance of the BoilerNet model in removing 

boilerplate elements from HTML documents of scientific 

journals. The training and evaluation processes were 

conducted on a machine equipped with a 13th-generation Intel 

Core i7 processor, 16 GB of RAM, and an NVIDIA RTX 

4060 GPU with 8 GB of memory, supporting CUDA 

acceleration. The software environment was managed using 

Anaconda to ensure library compatibility and environment 

isolation. 
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Several key libraries were utilized, including TensorFlow 

version 2.19.0 for the deep learning architecture, NumPy 

version 1.26.0 for numerical computations, and scikit-learn 

version 1.3.2 for performance evaluation. In addition, 

BeautifulSoup, html5lib, and Selenium were employed during 

the HTML data extraction phase. GPU-based computations 

were accelerated using CUDA Toolkit version 12.0 and 

cuDNN version 9. 

The dataset used in this study consists of 180 HTML 

documents sourced from various scientific journal websites 

with diverse page structures. Each document was manually 

annotated to create a ground truth that distinguishes main 

content elements (positive) from boilerplate elements 

(negative). The dataset was divided into 50 documents for 

training, 30 for validation, and 100 for testing. This proportion 

was chosen to rigorously evaluate the model on unseen data, 

with a larger testing set to enhance the external validity of the 

experimental results. Although the training set contained 

fewer documents, each document comprised a large number 

of HTML tokens or elements, providing a sufficient number 

of instances for model learning.  

The validation set was used to monitor model performance 

during training and to prevent overfitting. Model evaluation 

was conducted by calculating precision, recall, and F1-score 

for each class, along with the average F1-score as an overall 

performance indicator. 

Experiments followed a controlled variable approach, 

where only one parameter was varied at a time while others 

were held constant. This allowed for precise identification of 

each parameter’s contribution to the model’s performance. 

Four key parameters were tested: number of hidden units (64, 

128, 256, 512), dropout rate (ranging from 0.0 to 0.9), number 

of LSTM layers (1 to 3 layers), and size of the dense layer (64, 

128, 256, 512). The results of each configuration were 

analyzed to determine which parameter settings yielded the 

best performance in extracting the main content from complex 

HTML structures. 

As a baseline, the Readability.JS library was used. 

Readability.JS is a widely used JavaScript-based library for 

simplifying web page views by extracting the core content of 

a document. Its algorithm is heuristic-based, relying on 

features such as <article> or <main> tags, text length, and link 

density. Although lightweight and fast, its ability to handle 

unconventional page structures is limited. Therefore, 

evaluation of Readability.JS was conducted using the same 

dataset and metrics as BoilerNet, ensuring a fair and objective 

comparison. 

6. Results and Discussions 

6.1 Hidden Unit Tuning 

Testing the effect of hidden unit size was conducted using the 

BoilerNet model, focusing on four configurations: 64, 128, 

256, and 512 units. The goal of this experiment was to observe 

how variations in the internal memory capacity of the Bi-

LSTM layers affect the model’s ability to extract the main 

content from scientific web pages. 

Based on Table 4, the performance of the model with 

different hidden unit configurations can be observed. The best 

results were obtained with 256 hidden units, achieving an 

average F1-Score of 0.855 and the highest F1-Score for the 

positive class (main content) at 0.80, with a recall of 0.81. 

Table 4: Model performance with different hidden unit 

configurations 

Hidden 

Unit 

Negative Class Positive Class Avg 

F1 P R F1 P R F1 
64 0.90 0.91 0.91 0.79 0.78 0.79 0.851 

128 0.90 0.91 0.91 0.80 0.79 0.78 0.854 

256 0.91 0.90 0.91 0.79 0.81 0.80 0.855 

512 0.91 0.89 0.90 0.77 0.80 0.78 0.846 

All configurations maintained a consistent F1-Score of 

around 0.90 for the negative class (boilerplate), but the ability 

to correctly identify the main content (positive class) varied. 

The smallest hidden unit sizes (64 and 128) led to reduced F1-

Scores for the positive class, at 0.79 and 0.78 respectively, 

indicating that limited memory capacity can restrict the 

model’s ability to differentiate content effectively. 

On the other hand, increasing the hidden size to 512 did 

not result in performance gains. While the F1-Score for the 

negative class remained at 0.90, the F1-Score for the positive 

class dropped to 0.78, and the average F1-Score decreased to 

0.846. This suggests that overly complex models may overfit 

to irrelevant patterns in the data, reducing generalization 

ability. The optimal configuration was therefore found to be 

256 hidden units, offering the best balance between memory 

capacity and classification performance across both classes. 

6.2 Dropout Rate Tuning 

To investigate the effect of dropout rate on model 

generalization, the BoilerNet model was tested with ten 

dropout configurations: 0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 

0.8, and 0.9. Dropout serves as a regularization method by 

randomly deactivating a portion of neurons during training, 

thereby reducing overfitting and encouraging the model to 

learn more robust patterns. 

Table 5: Model performance across different dropout rates 

Dropout 

Rate 

Negative Class Positive Class Avg 

F1 P R F1 P R F1 
0.0 0.89 0.91 0.90 0.79 0.76 0.78 0.844 

0.1 0.91 0.90 0.90 0.78 0.80 0.79 0.849 

0.2 0.91 0.87 0.89 0.75 0.81 0.78 0.840 

0.3 0.92 0.89 0.90 0.78 0.83 0.80 0.858 

0.4 0.91 0.91 0.91 0.80 0.81  0.81 0.863 

0.5 0.89 0.91 0.90 0.79 0.77 0.78 0.845 

0.6 0.87 0.91 0.89 0.78 0.70 0.74 0.817 

0.7 0.90 0.91 0.91 0.80 0.77 0.79 0.850 

0.8 0.92 0.89 0.90 0.77 0.82 0.80 0.854 

0.9 0.91 0.91 0.91 0.80 0.81 0.81 0.862 

Based on Table 5, the model achieved the highest average 

F1-Score of 0.863 with a dropout rate of 0.4, making it the 

most effective configuration among all tested. At this rate, the 

model reached an F1-Score of 0.81 for the positive class (main 

content), along with balanced precision (0.80) and recall 

(0.81). This indicates that moderate regularization 
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successfully prevents overfitting while preserving the model's 

ability to generalize across varying HTML structures. 

In contrast, configurations with low dropout (e.g., 0.0 and 

0.2) showed decreased performance, particularly in precision, 

leading to lower F1-Scores for the positive class (0.78). 

Excessive dropout, such as 0.9, also led to performance 

degradation. Although the negative class performance 

remained relatively stable across all settings (F1-score 

ranging from 0.89 to 0.91), the positive class was more 

sensitive to changes, reflecting its higher complexity and 

structural variability. 

Overall, the experiment confirms that a dropout rate of 0.4 

provides the optimal balance between underfitting and 

overfitting, resulting in the most stable and accurate 

performance across both classes. This value was therefore 

selected for use in subsequent experiments. 

6.3 LSTM Layer Tuning 

To investigate the effect of dropout rate on model 

generalization, the BoilerNet model was tested with ten 

dropout configurations: 0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 

0.8, and 0.9. Dropout serves as a regularization method by 

randomly deactivating a portion of neurons during training, 

thereby reducing overfitting and encouraging the model to 

learn more robust patterns. Table 6 presents the classification 

performance for each LSTM layer configuration. 

Table 6: Model performance across different LSTM layer 

configurations 

LSTM 

Layer 

Negative Class Positive Class Avg 

F1 P R F1 P R F1 
1 0.92 0.89 0.91 0.78 0.83 0.80 0.858 

2 0.91 0.91 0.91 0.80 0.81  0.81 0.863 

3 0.90 0.91 0.91 0.81 0.81 0.81 0.862 

As shown in Table 6, the model achieved the best average 

F1-score of 0.863 using two LSTM layers. This configuration 

maintained stable performance on the negative class with an 

F1-score of 0.91, while achieving balanced precision (0.80) 

and recall (0.81) for the positive class (main content). This 

suggests that two layers provide sufficient depth to learn 

structural and contextual patterns from HTML blocks without 

sacrificing training efficiency. 

In contrast, the single-layer configuration, while still 

competitive with an average F1-score of 0.858, showed 

slightly lower recall on the positive class (0.80), indicating 

limited depth in capturing complex variation between 

boilerplate and main content. 

Adding a third layer did not significantly improve 

performance. Although it maintained an F1-score of 0.81 for 

the positive class, the average F1-score decreased slightly to 

0.862. This marginal gain, coupled with increased model 

complexity and potential overfitting risks, highlights the 

diminishing returns of deeper LSTM stacks-especially when 

training on limited datasets.  

Overall, the results indicate that two LSTM layers strike 

the best balance between representational capacity and 

computational efficiency. This configuration was therefore 

selected for subsequent experiments. 

 

6.4 Dense Layer Size Tuning 

This experiment evaluates the effect of varying the size of 

the dense layer in the model architecture. The dense layer 

plays a critical role as the final transformation stage before 

prediction, converting the extracted features into 

classification outputs. The tested configurations include dense 

sizes of 64, 128, 256, and 512. The goal is to determine which 

configuration offers the best balance between classification 

performance and computational efficiency. Table 7 shows the 

evaluation results across different dense layer sizes.  

Table 7: Model performance across different dense size 

configurations 

Dense 

Size 

Negative Class Positive Class Avg 

F1 P R F1 P R F1 
64 0.92 0.90 0.91 0.78 0.83 0.81 0.862 

128 0.91 0.90 0.91 0.79 0.81 0.80 0.857 

256 0.91 0.91 0.91 0.80 0.81  0.81 0.863 

512 0.91 0.91 0.91 0.81 0.81 0.81 0.863 

As shown in Table 7, the best performance was achieved 

when using a dense size of 256, with an average F1-score of 

0.863. The model achieved 0.91 F1-score on the negative 

class and 0.81 F1-score on the positive class, with balanced 

precision (0.80) and recall (0.81). This configuration 

demonstrates that a 256-unit dense layer is sufficient to 

capture relevant high-level features from the LSTM output 

without unnecessary complexity. 

In contrast, a dense size of 64 also achieved a decent F1-

score (0.81) on the positive class, but the lower precision 

(0.78) suggests a higher rate of false positives. The 128-unit 

configuration resulted in slightly reduced performance, with 

an average F1-score of 0.857, indicating inadequate capacity 

to represent complex patterns extracted from the HTML 

sequences. 

Although 512 units performed on par with 256 in terms of 

metrics, the increased computational load and risk of 

overfitting-especially with limited training data-make it less 

favorable. Larger dense sizes can slow down training and lead 

to diminished generalization capability if not properly 

regularized.  

6.5 Performance Comparison with Readability.JS 

After determining the optimal configuration for the BoilerNet 

model, a performance comparison was conducted against a 

rule-based method, Readability.JS. This comparison aimed to 

assess how well a deep learning-based approach can improve 

the accuracy and consistency of main content extraction from 

scientific journal web pages. Table 8 presents the comparative 

evaluation results of both methods across positive and 

negative classes. 

Table 8: Performance comparison between BoilerNet and 

Readability.JS 

 Negative Class Positive Class Avg 

F1 P R F1 P R F1 
Readabiliy 

.JS 

0.85 0.82 0.83 0.44 0.30 0.36 0.600 

BoilerNet 0.91 0.91 0.91 0.80 0.81  0.81 0.863 
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As shown in Table 8, BoilerNet significantly outperforms 

Readability.JS, particularly in extracting main content 

(positive class). While both models perform reasonably well 

on the boilerplate class (negative class), with Readability.JS 

achieving an F1-score of 0.83, BoilerNet achieves a higher 

F1-score of 0.91, indicating a stronger consistency and 

precision in filtering out non-essential page elements. 

The difference becomes even more prominent when 

examining the positive class, which represents the core 

journal content. Readability.JS only achieves a precision of 

0.44, a recall of 0.30, and a resulting F1-score of 0.36. These 

metrics indicate a high rate of missed content and false 

positives. In contrast, BoilerNet demonstrates balanced and 

robust performance with a precision of 0.80, recall of 0.81, 

and F1-score of 0.81-more than doubling the effectiveness in 

identifying key content. 

Overall, the average F1-score of BoilerNet reaches 0.863, 

significantly surpassing the 0.600 achieved by Readability.JS. 

This substantial margin confirms that deep learning models 

like BoilerNet are not only more adaptive to varying web 

structures but also more accurate and reliable in extracting 

essential content from scientific journal HTML pages. 

7. Conclusions and Future Study 

This study presents BoilerNet, a deep learning-based 

approach using a Bi-LSTM architecture for boilerplate 

removal and main content extraction from scientific journal 

web pages. The proposed method was tested on a dataset 

consisting of 180 HTML documents collected from various 

academic journal sources. Through a series of experiments, 

the model achieved its best performance using 256 hidden 

units, 0.4 dropout rate, two LSTM layers, and a dense size of 

256, resulting in an average F1-score of 0.863, with 0.91 F1-

score for the negative class (boilerplate) and 0.81 for the 

positive class (main content). Furthermore, when compared 

with a rule-based approach such as Readability.JS, BoilerNet 

outperformed significantly-Readability.JS only achieved 0.36 

F1-score for the positive class, while BoilerNet achieved 0.81, 

demonstrating superior robustness in identifying meaningful 

content in varied HTML structures. 

For future studies, the dataset can be expanded to include 

more diverse and multilingual scientific sources, potentially 

improving the generalization of the model across domains. 

Further research could also explore alternative architectures, 

such as Transformer-based models, to evaluate performance 

on long and complex HTML sequences. Additionally, this 

work could be extended to develop downstream tasks, such as 

scientific metadata extraction (title, authors, abstract) or 

integration into real-time indexing and intelligent search 

engines, enhancing practical usability in digital libraries and 

academic repositories. 
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