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Abstract

News is written in a standard format that consist of a title followed by
the content. The title must be present a content of news. Sometimes
found that news title did not represent the content, causing readers to
be disappointed when they finish reading the whole news. This
research proposes multi-class and multi level classification using
BERT algorithm to detect the suitability of news titles and their
contents. The first level performs classification for complete data and
the second level performs classification for data that has been
separated into 2 parts, Title dan Conten. The dataset pertains to the
realm of Covid-19 news because its substantial volume and diverse
range of conversation topics. It is sufficient to be used as a dataset. We
select several news topic classes that are often discussed, that are
health, politic, and economy. In order to determine suitability, we
categorise both the news Title and the news Content into predefined
topic classes. The dataset exhibits an inbalance for each topic class.
This research proposed a model to determine the appropriateness of
both the news Title and the news Content. We use Bidirectional
Encoder Representations from Transformers for building model.
BERT is one of the state-of-the-art in the field of Natural Language
Processing (NLP). Multi-layer classification that separates dataset
(title and content) determine the consistency between them is very
effective in increasing accuracy, and the BERT model is very
supportive in solving linguistic problems well. This research
succeeded in providing an accuracy 15% greater compared to
previous research.

Keywords: Consistency, Multilevel Classification, Natural Language
Processing, Title, Content.

1. INTRODUCTION

Various news topics have filled mass media and have grown rapidly with
the advent of internet technology, including online news media in Indonesia.
The delivery of news through digital platforms has proven to be highly

Copyright © 2026 EMITTER International Journal of Engineering Technology - Published by PENS
184



Volume 14, No. 1, June 2026 185

effective in reaching a wide audience quickly due to its easy accessibility across
multiple devices. In practice, every news article has a specific topic that serves
as its main focus. This topic can generally be identified through both the
headline and the content of the article, meaning that there should ideally be
consistency between the two [1]. However, in reality, inconsistencies between
headlines and article content are often found. Not infrequently, writers or
content providers deliberately use sensational or attention-grabbing
headlines that do not accurately represent the actual content of the news. This
phenomenon is commonly known as clickbait, which aims to increase the
number of visits or clicks from readers.

The discrepancy between headlines and content can have negative
impacts, such as reducing public trust in media and causing disappointment
among readers who feel misled. Furthermore, this practice can obscure the
true information intended to be conveyed, thereby affecting the overall quality
of information dissemination in society. The primary motivation behind such
actions is generally economic, as higher traffic to a news link often leads to
greater revenue through advertisements or other forms of monetization.
Therefore, readers are encouraged to be more critical and selective when
consuming news and not be easily influenced by provocative or misleading
headlines.

2. RELATED WORKS

Several studies in the field of social sciences have examined the alignment
between news headlines and the corresponding content. Studies [2-4] for
instance, the suitability between headlines and article bodies by comparing the
topics represented in each. In these approaches, a news item is considered
inappropriate or inconsistent when the topics extracted from the headline and
the content differ significantly. In addition, other researchers have explored
this issue using machine learning techniques [5,6] developing automated
models to detect mismatches between headlines and news content more
efficiently and at scale. These models typically rely on topic classification,
semantic similarity, or text representation methods to evaluate whether the
headline accurately reflects the substance of the article.

This study investigates the suitability between news and content by
comparing the general topic of discussion with a predefined target class. The
approach is motivated by the rapid growth of online news platforms, where
discrepancies between and have become increasingly common [7]. Such
inconsistencies often arise from the use of attention-grabbing that may not
fully represent the underlying information. However, it is important to
recognize that enforcing overly strict standards of suitability may lead to valid
news articles being misclassified as inappropriate. News writing often
involves nuanced relationships between and content, where a headline may
highlight a particular angle or aspect of a broader discussion. Moreover,
similarity in general topic classification does not necessarily guarantee
alignment in the specific issues being addressed. For example, if both the and
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the content fall under the same general topic, such as health, the system may
classify them as consistent. Nevertheless, the headline might discuss a specific
health concern, while the content elaborates on a different aspect within the
same domain. This indicates that topic-level matching alone may not be
sufficient to fully capture the semantic alignment between headlines and news
content. Therefore, more refined approaches that consider contextual and
issue-level similarities are needed to improve the accuracy of suitability
assessments.

3. ORIGINALITY

In this study, we propose three news topic that we consider popular
compared to other topics. If the topic is close to the news title, then the topic
must also be close to the news content [8]. This study conducted a multilevel
classification to investigate the suitability of the title and content topics of the
news using the BERT model. Bidirectional Encoder Representations from
Transformers (BERT) is one of the state-of-the-art in the field of Natural
Language Processing. The dataset was crawled based on keywords from the
top tree online media: cnnindonesia.com, kompas.com, detik.com. The
keywors are Politics, Health, and Economy. The first level, trains the BERT
model based on three classes. The second level, separates the title and content
into two diferent datasets. Then trains the BERT model for each. This means,
the BERT model is trained separately on the title and the news content. Each
dataset has three classes or labels; Politics, Health, and Economy. The labels
from the training model on the title and content are matched, if the title label
and the news content label are the same. The accuracy of previous research
was 0.78%, while this research achieved 0.93%.The results, multi-level
classification provide an accuracy value much better than the single-level
classification of 15%. However, obtaining a large dataset can be a challenging
task. This study tries to take a case study of Covid-19 news because the dataset
of this news is very large. We want to show the effectiveness and high accuracy
of the model we developed.

4. SYSTEM DESIGN

The development of computational methods and algorithms greatly
helps humans to do everything automatically. One of them is the problem of
classification and prediction for the field of natural language processing.
Especially for the field of natural language processing requires a large dataset,
which makes the model learning process more sensitive when the input data
changes.

4.1 News Articles

The standard format for writing a news article is to have a title and
content. The title stays at the top and then followed by the content of the news.
Each news has a topic of discussion. The topic can be known from the Title and
from the content. The topic of the title must be the same as the topic of the
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news Content [9]. The difference of the topic conveyed in the title and the
content can cause a problem known as the Headline Incongruence Problem
[10]. The Headline Incongruence Problem has the potential to mislead people
who read the news, especially if they only read the title. News writers
deliberately arouse the enthusiasm of readers when reading the title. They
hope that readers will want to open the news link. In official news providers
this may be very rare, but on non-formal news sites, the inconsistency of the
title and the content is often used to increase the viewer rating of the site. In
addition, the writer also tries to lead the reader's opinion to something else,
such as black campaign.

In this case, the reader must be smart and careful. However, it is difficult
to know the inconsistency of the title and content without reading both. By
reading both, the topic discussed in each part of the news can be known and
the consistency between the two can be analyzed. This process can actually be
automated using machine learning models [11].

4.2 Deep Learning BERT for Text Task

The Bidirectional Encoder Representations from Transformers (BERT)
model is one of the deep learning models. Currently, the BERT model is the
best and most trusted in the field of Natural Language Processing (NLP)[12].
An important concept in BERT is the bidirectional training process in language
representations. Language representations go through a pre-training process
to reduce the need for custom architectures for specific tasks. BERT can
represent both single sentences and paired sentences (for example pairs of
questions and answers sentences in a question answering task) in one token
sequence. This token is the result of tokenization using the WordPiece
algorithm [13].
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Figure 1. The representation of text input using BERT algorithm

To differentiate sentences, BERT will separate them in the text using
special tokens ('[SEP]'). Then, a learned embedding is added for each token
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indicating whether it belongs to sentence A or sentence B. In addition to the
separator token, there is also a special classification token ('[CLS]") added to
the beginning of each sentence as shown in Figure 1, the model input is
denoted by E, the last vector in the hidden layer using the special sign '[CLS]'
is denoted by C € R*H, and the last for the i-th input token is denoted by T_i €
R7MH. For a single token, the input representation is the sum of the token,
segment, and position embeddings.

The BERT model has many layers of bidirectional transformer encoders.
The encoder architecture in BERT is based on the original implementation of
Transformer [14]. The number of encoder layers varies greatly depending on
the model, as does the size of the hidden layers and the amount of attention.
This research uses the BERT model. The BERT model has 12 encoder layers,
768 hidden layers, and 12 attention layers. So, the number of parameters in
this model is 110 million. In general, BERT consists of two stages, namely the
pre-training stage and the fine-tuning stage. The pre-training stage involves
training the model with un-labelled data from various pre-training tasks. The
BERT model first initializes with pre-training parameters for the fine-tuning
stage. Next, all parameters undergo a fine-tuning process using labelled data.
This data originates from tasks that the BERT model will solve, commonly
known as downstream tasks in NLP.

4.3 Collect Dataset

The global outbreak of the Corona virus has become a topic of
conversation in various parts of the world, including Indonesia. Since the
pandemic began, for two years, news about this outbreak has filled online
news in Indonesia. From observations, the news written discusses the
development of cases, steps to overcome the outbreak, death rates,
developments in vaccination programs, handling of socio-economic impacts,
and etc. Online news portals usually categorize this news to make it easier for
users to find the information they want. The dominant news categories are
Politics, Health [15], and Economy [16,17].

Web crawling is a strategy or way to collect news from the world wide
web as a form of awareness of the rapid development of the internet [18]. The
development of internet technology allows web crawling from various
locations around the world. The purpose of this activity is to archive data from
various sites. In general, the web crawling process follows the same procedure.
The first step involves verifying the page for download. We perform a check to
determine the ability of the page to be downloaded and its suitability for robot
used. Only the accessed page initiates the download. The crawler will extract
each page related to the accessed page. We save these pages for later
download, then we extract all the words and store them in a database related
to the current page. Web crawlers can collect other information, such as
additional content and language on the page, and can store the outline of the
current page and refresh the date information handled so that the framework
knows when to check the page again. Depending on the purpose, the results
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will be stored in a file system or database for later retrieval [19]. In addition,
there are 2 options that can be done either manually or automatically. In this
study, we define web crawling and web scraping as methods used in the web
scraping process. This study integrates each stage for a smooth process and a
comprehensive research design. Although we obtained over 24,000 news
items, after preprocessing, only 2,309 remained that matched our three
proposed classes. The failure occurred when the model separated the title and
content. They should have been equal, but the results were different.

4.4 The Research Design

Figure 2 shows the entire research stage. Starting from data collection,
dataset preprocessing, BERT model development, training the dataset using
the proposed model, and evaluating the model. The BERT model was
developed separately between the title and content. So that both datasets are
in different storage. Then a combined dataset test was carried out to find out
whether the title label and the news content label were the same or in the same
topic. If there is a similarity in the labels of both, it means that the title topic is
the same as the topic discussed in the news content.

P Generate BERT
T[;a't”'”gt > Model Fine
atase Tuning
Scrapping/ N Data —
Gathering Data Preprocessing |
Y
:Healty
,| Testing Dataset > BERT Model [—{ :Economic
:Politic

Figure 2. First Level; Building Cassification model for three classes,
Politic, Ekonomi, and Health

4.4.1. Data Collection

This study used Indonesian-language news from online media as dataset.
The dataset consists of news titles and their contents and is taken from the
web scraping process. Web scraping was carried out on five national news
sites, namely cnnindonesia.com, kompas.com, detik.com, merdeka6.com, and
kumparan.com. These sites were chosen because they are popular and well-
known by Indonesian people. In addition, these sites allow the use of robots
for web crawling process. The web scraper was created using the library [20]
and Selenium [21]. There are two types of web scrapers applied, namely web
scrapers for static sites and web scrapers for dynamic sites.

In second level classification separate the title and content into two
datasets. Then train the BERT model separately on the title dataset and the
content dataset. BERT model classify dataset into three labels; Politics, Health,
and Economy. The flowchart of this process is shown at Figure 3.
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Figure 3. Second level classification; Start from collecting news titles and content,
training for each data, combine them into one dataset, training, and testing to
determine the consistency of title and content.

4.4.2. Dataset pre-processing

First, itis necessary to prepare the raw data become a dataset that is ready
to be trained. It should be noted that different deep learning models can cause
differences in preprocessing techniques. In fact, there is a case where the BERT
deep learning model (as used in this study) actually provides the best accuracy
on a dataset that does not go through the preprocessing stage [22]. After
studying the case, this study decided to apply the following dataset
preprocessing techniques:
1) Remove special characters and URLs.
2) Remove stop words.
3) Fold cases.
4) Remove numbers.
5) Remove excess spaces.
6) Data labeling.
7) Tokenization

5. EXPERIMENT AND ANALYSIS
We use two steps experiment as mention before, experimen for first Level
dan for second level.

5.1 Experiment Preparation

An illustration of the classification model architecture of this study can
be seen in Figure 1. Model learning using pre-trained BERT. The pre-training
model used is the same as the Hugging Face study (23). The classification
model architecture is based on the BERT linear classification model for
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sentiment analysis tasks [24]. The linear classification model processes the
last hidden state of the '[CLS]' token using a dropout layer followed by a linear
layer.

The BERT classification model is created separately, each to detect the
news title label and then its content. The label are 'health’, 'politics’, 'economy’,
and 'others'. The 'others' label work for accommodating other data. The
meaning is if the data does not member of the three labels provided. It should
be noted that the token used by the classification model is the '[CLS]' token in
the output layer only and that the embedding in the output layer of the BERT
model is a contextual embedding. Then the BERT model maker assumes that
the contextual embedding is sufficient to be embedded in only one token,
namely the '[CLS]' token, where this embedding is sufficient to be used in the
classification task. The hidden state of the '[CLS]' token in the last layer will be
processed first by the linear layer and the Tanh activation function. The vector
resulting from this processing is called the combined output [25]. This
collected output vector will be used by the classification model to predict the
data class.

Furthermore, the BERT classification model is trained for the loss
function using the optimizer and scheduler. In this study, the authors used the
cross-entropy loss function [26], AdamW optimizer [27]. During training,
variations were made to certain hyperparameters to find the combination that
produces the model with the best accuracy. The hyperparameters varied were
the dropout probability in the classification layer, the learning rate in the
optimizer, and the number of warm-up steps in the scheduler [28]. The
variations in values used are as follows:

Probability of dropping out: 0.10, 0.15, 0.20, 0.25, 0.30
Learning rate: 9x107(-6), 1x10”(-5), 2x10”(-5), 3x10”(-5), 4x10”(-5), 5% 107 (-5)
Heating step: 0.100

Apart from hyperparameters, there are other hyperparameters whose values
remain constant during the training process, as follows:

Maximum token length: 30 (title model), 256 (content model)
Batch size: 16 (title model), 4 (content model)
Number of epoch: 4 (title model), 4 (content model)

Then, builds a model to analyse the consistency titles and content. The model
will compare the label witch each others. Figure 4 shows the consistency
detection flow between the news title and its content. The special case that
needs to be discussed here is if both classes both fall into the 'other’' category.
The 'other’ class is a class that contains news titles or content that are not
included in the 'health’, 'politics' or 'economic'. It is possible that the news title
or content include into this class other than the three classes mentioned, for
example automotive class, sports class, or other classes.
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Figure 4. Flowchart for detecting consistency news title and content

To evaluate learning outcomes, testing was carried out using a separate
dataset. Testing was carried out with three scenarios: testing the news title
model, testing the news content model, and testing a combined model to detect
consistency. Test results are assessed in the form of classification metrics. The
classification metrics used to assess test results are precision, recall, F1 score,
macro average [29], weighted average [30], and accuracy. Apart from that, the
confusion matrix is also used to visualize testing on combined datasets.

In order to assess the results of learning, a distinct dataset was utilised
for testing purposes. Three scenarios were utilised for testing: testing the
news title model, testing the news content model, and testing a combined
model to identify consistency. Evaluation of test outcomes is conducted using
classification metrics. The classification metrics used to assess test results are
precision, recall, F1 score [31], macro average [32], weighted average, and
accuracy. Apart from that, the confusion matrix is also used to visualize testing
on combined datasets

5.2 Experiment

The experiment used 24,465 training data consisting of news titles and
content. Training data was downloaded using two types of web scrapers:
static and dynamic. Static web scrapers retrieve news from cnnindonesia.com,
kompas.com, detik.com, and merdeka6.com. While dynamic web scrapers
retrieve news from kumparan.com. The web scraping results are stored in
JSON format files. We perform text pre-processing using available tools,
except for labeling. Preprocessing works sequentially, starting from Remove
special characters and URLs, remove stop words, fold cases, remove numbers,
remove excess spaces, and tokenization.
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Next, label the dataset manually. Because the three labels are rather
sensitive, we involve journalists to embed labels in the dataset. The dataset at
the first level is 24,465 consisting of titles and content. Then, train the BERT
model to classify dataset into three labels class. As a result, we get 2,309 data
with political, health, and economic labels. The rest are included in the 'other’
class. Unfortunately, at the second level, when the dataset is split into two, the
number of titles and content is not the same. The title dataset is reduced to
1,699,000 as seen in Table 1.

Table 1. Original amount of data for each level

Level Amount
Raw Data 24.465
Complete Dataset 2.309
Title dataset only 1.699
Content dataset only 2.309

The distribution class for title and content as seen in Figure 5 and 6. It
can be seen that the data distribution is uneven for each type of class. The
number of the 'health' class is much greater than the other classes. and the
number of 'other' classes is much less than the other classes. Thus, the model
will tend to classify data as 'health’, but it is difficult to predict data that has
the 'other’ class. Since the data distribution is uneven in both datasets, the loss
value calculation will apply a balance for each class. We use 10 folds cross
validation for splitting dataset. This method is better than 80:20 splitting to
reduce over fitting. The goal is to prevent the model from failing to predict
fewer classes. Both models were trained. Table 2 show the best
hyperparameters tuning that produce a best accuracy.
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400
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Health Politics Economy Others

Figure 5. Data distribution for Politic, Health, and Economy class on Title

EMITTER International Journal of Engineering Technology, p-ISSN: 2335-391X, e-ISSN: 2443-1168



194 Volume 14, No. 1, June 2026

1200

1000

800

600 |

400

200 |

Health Politics Economy Others

Figure 6. Data distribution for Politic, Health, and Economy class on Content

Table 2. The best hyperparameter for our models

Dataset | Dropout | LearningR | WarmupS Acc
Title 0.15 2x107° 0 0.95
Content 0.1 1x107 0 0.95

The fine-tuning for hyperparameter used the same dropout value for all
tasks; 0.1 with recommended learning rate 2x10”(-5), 3x10”(-5), and 5x10*
(-5). We found a different dropout value to the original BERT gave better
results for news title. Apart from that, different learning rates also provide
better results on the news content.

Table 3. The best results for the Title class using our proposed model

Classes Precision | Recall | F1 Score
Health 0.95 0.99 0.97
Politic 0.94 0.83 0.88
Economy 0.94 0.94 0.94
Other 100 0.83 0.91
Macro average 0.96 0.90 0.92
Weighted average 0.95 0.95 0.95

Hyperparameters will differ depending on the dataset used. Studies believe this
statement because it is proven based on experiments. Pre-training of both models
gives the best results at a value of zero. Variations in the pretrain step are not
mentioned as the original hyperparameter of BERT. However, the original source of
the architecture uses a value of zero for the pretrain step so there is no difference.
The classification metrics for the news title model test can be seen in Table 3.
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Table 4. The best results for the Content class using our proposed model

Classes Precision | Recall | F1 Score
Health 0.93 0.97 0.97
Politic 0.88 0.85 0.86
Economy 0.90 0.79 0.84
Other 1.00 0.88 0.93
Macro average 0.92 0.87 0.90
Weighted average 0.92 0.92 0.92

The metric of news title classification shows quite high accuracy, that is
0.95. However, the distribution of F1 scores for the news title is uneven. The
class with the highest F1 score is the health class (0.97), while the class with
the lowest F1 score is the politics class (0.88). The F1 score for the health class
is high as it has a lot of training data and it is easy to differentiate from other
classes. The political class has the lowest F1 score for quite a lot of data in this
class. It is still misclassified as other classes. For the moment, the classification
metrics for testing the news content model shown in Table 4.

We match the similarity of the title label and the news content, based on
the trained model. At Figure 7, it can be seen that a lot of data with the label
'inconsistent’ is classified as 'consistent’. This problem can also be seen
through the following classification metrics as seen at Table 5. Overall
F1_score is relatively high at 0.86. However, it should be noted that the
precision value for the consistent class is the lowest compared to other classes
(0.77). This is caused by the large number of false positive data for the
'consistent' class which comes from data in the 'inconsistent' class.

Consistent Inconsistent Others

Actual

Sl 106 PR

Inconsistent

32 pUEN O

= @ 5 NEH

Prediction
Figure 7. The confusion matrix represents a comparison of the actual and predicted

values of consistency between the title and its content. Confusion matric to
determine consistency title and content.
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Table 5. The best F1-score value of our proposed model for predicting consistency
between title and content

Classes Precision | Recall | F1 Score
Consistent 0.77 0.77 0.86
Inconsistent 0.94 0.94 0.84
Others 1 0.88 0.93
Macro averege 0.90 0.87 0.88
Weighted avareage 0.88 0.86 0.86

6. CONCLUSION

Several events greatly influenced the results of this study. First, when
collecting initial data, only the top three could be taken because other topics
were biased. When separating the title and content, the number of both should
be the same, but it did not happen. The title is less than the content. The
discrepancy between the number of titles and the number of news content can
be caused by several possibilities. First cause the news title is too short, so that
the keywords are not stated literally in the title. The model assumes that the
title does not match the keywords. Second, highlighting the political class in
the title and content that does not match. The content discusses more about
politics. It is suspected that there is a black campaign by the local government
that will be elected. Beside that, the other class atlevel 2 is much less, because
it was previously selected at the first level and there is a deliberate keyword
not mentioned in the title so that the news content can be directed according
to desire. Based on the experimental results, it can be concluded that the built
model is feasible to use because it has good accuracy. If we consider other
topics, the health topic has the highest precision level. It is known that Covid-
19 is a viral infection. As a result, most articles mainly focus on health-related
topics, while politics and economics are secondary discussion areas. The
relationship between health issues and a country's policies and economy is
undeniable. Both have a mutually beneficial relationship. Political policies
should prioritize and promote public health, while economic policies should
align and strengthen it. Based on our research findings, it is evident that
certain individuals adopt names for themselves or others based on Covid-
related news. The subject of health undergoes a transformation and becomes
a political issue. Certain news articles have relevance to two different subjects.
The most prominent difference lies in the realm of the health subject and the
political subject. However, we need to pay attention to the data set so that the
data distribution is balanced and there is more variation in the news class.
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