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1. INTRODUCTION

Along with the increase in internet service users in the world, the dissemination of information in
cyberspace is also increasingly massive. It is easier for people to get information in the form of text, images,
audio, and video through various online media. Social media is the easiest online media to use to exchange
information. However, behind this convenience there are also problems that arise from the existence of social
media, that is the vulnerability to spreading hoaxes from one person to another quickly. Based on data from
the Ministry of Communication and Information Technology in 2017, there are 800,000 websites in Indonesia
which are indicated to be spreading false information and hate speech [1]. This condition is even more
concerning when a research results state that 44.19% of Indonesians cannot detect hoax news [2]. Until now,
the detection of hoax news in Indonesia is still done manually by a social organization called Masyarakat Anti
Fitnah Indonesia (MAFINDO) through news tracking and public complaints. However, the enormous number
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of hoax news that is not matched by the number of detectors certainly makes the detection less than optimal.
One solution that can be done to overcome this problem is to automate the task of hoax news detection.

Based on an analysis from First Draft, an international non-profit coalition in the field of journalistic
ethics, misinformation and disinformation has seven classifications, namely satire/parody, misleading content,
imposter content, fabricated content, false connection, false context, and manipulated content [3]. This
classification problem can be solved automatically using Deep Learning models. There have been many studies
on the classification of hoaxes in Indonesian, from those using word similarity measurement theories such as
Text Rank and Dice Similarity [4], Extreme Gradient Boosting [5], classic machine learning methods such as
Naive Bayes [6]-[9], K-Nearest Neighbor [10], Random Forest [7], Decision Tree [7], and Support Vector
Machine [6], [7], [11], to deep learning methods such as Convolution Neural Network (CNN) [6], [12],
Recurrent Neural Network (RNN) [13], Long Short-Term Memory (LSTM) [6], [14], and Gated Recurrent
Unit (GRU) [6], [12], [14]. The deep learning methods that have been widely used to classify hoaxes in
Indonesian language each have advantages and disadvantages. Convolutional architecture has an advantage in
its feature extraction capabilities but does not have the ability to remember previous information, because the
context analysis in the convolution architecture is based on patterns of several texts. Meanwhile, the recurrent
architecture is designed with the ability to consider the order of information in a very sophisticated method,
but its feature extraction capabilities are not as good as convolutional architecture. To overcome the
shortcomings of each of these architectures, this study uses a new proposed architecture, namely Bidirectional
Temporal Convolutional Network (Bi-TCN). TCN is a dilated-causal version of CNN and is an alternative to
recurrent architectures that can handle input in the form of long sequential data without getting missing gradient
problems and has longer memory than recurrent architectures with same capacity [15]. The convolution of each
layer on TCN has an exponentially increasing dilation factor allowing the first layer to look for short-term
connections in the data whereas the deeper layers show long-term dependencies based on the features extracted
by the previous layer [16]. Because the architecture still uses the convolution layer, TCN also still has the
properties of CNN in terms of feature extraction. However, TCN also uses a generic residual module instead
of a convolution layer where a residual block leads to a series of transformations F whose output is added to
the x input of the block o = Activation(x + F(x)) and effectively allows the layer to learn modifications to
identity mapping of all transformations, which has repeatedly proven useful for very deep networks [17]. In
addition, the TCN architecture has also been used in several studies [15], [18]-[21] and achieved good
evaluation results. Meanwhile, the use of bidirectional aggregation is intended to ensure that the model can
learn long-term dependencies without storing duplicate context information [22]. Based on this description,
the TCN architecture with bidirectional aggregation can be a good combination to be applied to text
classification cases such as Indonesian hoax classification.

This study proposes a multi-class classification that can produce more classification classes according
to First Draft standard so that it can better explain why a narrative is classified as a hoax. In addition, the final
result, which is no longer just a model, but a user-friendly website is intended as a continuation of previous
research that wants to develop a simple web system to apply the model that have been made in subsequent
studies [12]. So that the resulting hoax detector model can be easily used by anyone including ordinary internet
users though.

2. METHOD

In the implementation of this study, there are several stages carried out from designing model,
implementing model on website, to model improvement. The main steps involved in designing the model
consist of data collection and cleaning, data preprocessing, word embedding, neural network architecture
design, training process, and model filtration based on evaluation scores and model predictive ability.
Meanwhile, the main steps involved in implementing model on website are creating backend applications,
deploying backend applications, creating wireframe and mockup design of site, creating responsive website,
developing site functionality, integrating site with model, and deploying site. While the improvement phase
consists of usability testing and model improvement stages. Visualization of the process carried out in this
study can be seen in Figure 1.
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Figure 1. Visualization of research flow

2.1 Data Collection and Cleaning

The data used in this study is data obtained through web scraping at turnbackhoax.id and 20.detik.com
where 20.detik.com is part of news.detik.com. The data taken is the post date of the article, the title of the
article, the article narration, and the class hashtag (the class hashtag for the news.detik.com site is written as
valid news). Web scraping is done with the help of the beautiful soup module in Python. The dataset obtained
will consist of 8 classes, namely Valid, Satire/Parody, Misleading Content, Fabricated Content, False Context,
Manipulated Content, Imposter Content, and False Connection. The data that has been obtained is then cleaned
in several steps, starting from lowercasing, cleaning non-ascii characters, removing links, removing account
names and hashtags, removing foreign language articles, normalizing non-standard words, removing stop-
words to reduce noise on data [23], removing duplicate articles, and removing rows with empty narration due
to the data cleaning process. After the data is clean, then the dataset is exported in (.csv) format.

2.2 Data Preprocessing

The purpose of data preprocessing is to determine the amount of data used at the training stage and to
convert text and category labels into a series of numbers. The first thing that needs to be done, of course, is to
load the dataset first. The dataset is then cleaned of data containing empty cells and duplicate narrations. After
that, the Imposter Content and Fabricated Content classes were merged into a new class named Imposter
Content/Fabricated Content. Misleading Content, False Context, and Manipulated Content classes were also
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merged into a new class called Misleading Content/False Context/Manipulated Content. Meanwhile, False
Connection and Satire/Parody class data are removed from the dataset. The merging and deletion of several
classes is due to the unequal distribution of a lot of data on misinformation classes and to maximize the number
of categories of misinformation that can be predicted based on the similarity of the characteristics of the classes
combined. After the class merging stage, a new column is then created to display the number of words from
each narrative data. Based on the number of words in each narrative data, then the data used for training is
determined based on the desired range of words. In this study, data with a narrative that contains at least 3
words is used. After that, the data is then balanced based on the amount of data from each class. The data
selection phase ends by creating a new data frame that contains data from the number of occurrences of each
word in the dataset and the number of different words in the dataset.

The value of the many different words is later used as the padding size of the token vector sequence,
while the value of the highest number of occurrences of the word is used as the maximum number of words
that will be interpreted in the embedding matrix. Embedding matrix is a matrix containing random numbers
where each cell represents the meaning of each word used for training and generated by the embedding layer.
After that, each word in the selected data is converted into a token or word sequence and then converted again
into a vector with the length of the vector according to the size of the padding. With padding, sentence vectors
with a length less than the padding size will be filled with zeros at the beginning or end of the vector according
to the type of padding used. The vector value of each token is based on the number of occurrences of the token
in the dataset. If there are 10,000 different words in the dataset, then the vector value of the word with the
highest frequency of occurrence is 2. Conversely, the vector value of the word with the least frequency of
occurrence and is the last word in the dataset is 10001. Meanwhile, the value of vector 1 will later be used by
the OOV token [24], that is words that are not interpreted in the embedding matrix. Each token and each vector
value are then combined into a data object type called word index in a new variable, where the token becomes
the key, and the vector value becomes the value. This word index will later be used as a reference in model
prediction because the vector value of each token itself is used for meaning extraction of embedding matrix.

2.3 Word Embedding

For modeling that uses pre trained FastText embedding, it is necessary to create an embedding matrix
before entering the model training stage. FastText is a development of Word2Vec where the Word2vec
approach uses two neural networks, namely continuous bag of words (CBOW) and continuous skip-gram to
create a high-dimensional vector of each word and is one of the most frequently used word embedding methods
[25]. FastText also shows the better result for supervised text classification case than other text embedding
method such as GloVe [13]. FastText vectors for Indonesian words can be downloaded via
https://dl.fbaipublicfiles.com/fasttext/vectors-crawl/cc.id.300.vec.gz.

After the file is extracted, the vector values contained in it are entered into a new variable so that later
it can be used to create an embedding matrix. The final stage is creating the generator embedding matrix
function. This function requires two parameters, that is word index and vocab size, where the value of vocab
size is the length of the word index plus 1 and the added value of 1 represents the additional value of the OOV
token.

2.4 Neural Network Architectural Design

At this stage, the architectural design of the neural network is carried out for further compilation and
model creation. This neural network architecture consists of an input layer, embedding layer, spatial dropout
layer, TCN layer, pooling layer, dropout layer, and finally the classification layer. One TCN block will be used
bidirectionally with 64 filters and a dilation factor of 2. The formula for the dilated convolution layer written
by [20] can be seen in equation 1.

h-1

G0 = (xa (O = D ¥e_ag (0 M

k=0

As for the kernel size, it will be chosen between 2, 3, 4, 5, 6, 7, or 8 which can produce the best model.
Five different activation functions namely tanh, relu, elu, selu, and swish will also be used as options in the
training process [26]. In this architecture, an ensemble pooling approach will also be applied, in which two
types of pooling layers are combined to achieve the best sub-sampling results and will then pass through the
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dropout layer and classification layer with 3 neurons according to many classes and the softmax activation
function according to the model criteria. The general architecture of TCN model can be seen in Figure 2.
Meanwhile, the specific architecture used in this study can be seen in Figure 3.
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Figure 2. General architecture of Temporal Convolutional Network
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2.5 Training Process

Model training uses the for-loop approach and 5-Fold Cross-Validation because this study will test
many combinations of parameters as previously described. 5-Fold Cross Validation is the implementation of
K-Fold Cross-Validation with k = 5. This method is used for automation the data distribution [27], [28]. The
training will also use two different sizes of embedding matrix, that are the embedding matrix that is generated
with all the words in the corpus and the embedding matrix that is generated with a corpus without words that
appear only once in the corpus, or in other words considers a word with frequency one as an OOV token.
Therefore, the model architecture is created first in a function to make it easier to use in loops. The callback
function is also used to stop the training process when the model stops learning, that is, when the loss value
starts to increase monotonically. Using the callback function can also automatically select the best weight. As
for compilation, it uses 3 different optimizer options, namely Nadam [29], Adam [29], and Adamax [30]. And
for the loss function, categorical cross entropy is used because the model created is a multi-class classification
model and available in Keras API [31].
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Furthermore, in the for loop, several variables are created to obtain information from each training
process, where the information will later be downloaded and used for interpretation of results, model filtration,
as well as making prediction logic and predictive explanation at the model testing and API development stages.

2.6 Model Filtration

When all the training processes have been completed, the model creation before the implementation
of usability testing resulted 3150 different models. So, it is necessary to take a special approach using the model
evaluation score to select the model with the best performance [32]. The first filter is based on the recall scores
(for balanced data cases) or f1 scores (for unbalanced data cases) of the misinformation classes. Models that
have a recall score or f1 score of more than 0.8 are then selected to be used at the model testing stage or
selecting the best model.

2.7 Best Models Selection

At this stage, the previously selected models are tested against all data in the dataset. The model that
correctly predicts the most data in the dataset is then chosen as the best model and downloaded along with the
word index, classification report, and other supporting files that will be used in the backend application
development stage.

2.8 Backend Side Development

Model implementation on website is done by converting the model into an Application Programming
Interface (API). The APl is a link between the frontend and the server which allows the frontend to be able to
send requests to the server. The development of the backend side in this study uses one of the modules
supported by the Python language, namely FastAPI. FastAPI supports creating functions with all http methods,
namely Create, Read, Update, Delete (CRUD) and can respond properly according to client requests [33].
Furthermore, so that the API can be used on certain ports, additional modules are also used to support this, one
of which is Uvicorn. As for the need to build backend applications, this research uses Docker. Docker is a
platform that works with the container concept to bundle applications, associated dependencies, and system
modules so that applications can work in any environment [34]. The steps involved in creating the backend
application consist of initiating the creation of the application using the FastAPI function from the fastapi
module, configuring middleware, creating functions for cleaning and normalizing input data and removing
stopwords with the same scenario as cleaning the dataset. Then create functions for tokenization and pad
sequences using the index word model that was downloaded earlier. The next stage is model import. The
architecture used in this study is not an architecture that has been supported by Tensorflow or Keras, but this
architecture is still being built using the Keras layer. So it is necessary to add the custom_objects={“TCN":
TCN} definition when load the model, so that the model can be read by hardware.

Next is the creation of the prediction function. The prediction function contains some logic to generate
data that will be displayed on the front end. The data generated from this function consists of normal narration
from the results of data cleaning and normalization, narration without stopwords, final predictions, probability
of each class, data on the number of occurrences of each word from the input sentence in each class, data on
the number of words that dominate the most based on their occurrence in each class, the class that contains the
most dominant words, data on the number of words from sentences contained in each class, and the name of
the icon that is displayed according to the final prediction results. The next stage is the creation of the schema
data and API route. At this stage a data schema is created from user input. Because the user input is a string
type data which is likely to be quite long, the data schema that is suitable for use in API Route is an object type
with one property of type string to be used in the body of the request. For the API Route function, it is enough
to call the predict function that was created before and destruct all the values generated by the function in a
new variable, and then return the value as an object with properties that contain all the values from the predict
function. And the final stage of the backend application creation process is dynamic host and port configuration.
Code can be run directly on localhost using uvicorn and any port. However, static ports cannot be used when
the backend application has been deployed to the server. Therefore, before running the application, it is
necessary to configure the host and dynamic port first with the help of the os module to obtain port values from
the server environment and argparser to add and parse arguments. After the configuration is complete, the
application can be run by adding the uvicorn.run() command to the main code.
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2.9 Backend Side Deployment

The deployment process in this study uses the help of Docker to build code and Heroku as a hosting
service. Once the rules are built in the Dockerfile, code can then be built as an image named “predict” by
running the command “docker build -t predict .”. And to run predict images with containers, you can run the
command “docker run predict” or “docker run -d -p 5000:5000 —name predictor predict” to run images in
containers named custom “predictor” and on port 5000. After that, according to the documentation on heroku
[35], after first registering at https://heroku.com and creating a new application on heroku, to deploy a backend
application to heroku, heroku-cli must first be installed by running the command “curl https: //cli-
assets.heroku.com/install-ubuntu.sh | sh”. Then proceed by running the following commands sequentially.
1) heroku login
2) heroku container:login
3) heroku container:push web -a <app-name>
4) heroku container:release web -a <app-name>

After the process is complete, the endpoint generated by Heroku can be directly tested using Postman or
used on the frontend side. However, to ensure that the API can be used by several people at once, it is necessary
to scale up the disk on Heroku, because the slug size generated by the backend application with this deep
learning model reaches around 700MB with normal use.

2.10 Wireframe Designing
At this stage, a wireframe of the site is made first as a rough description of the website that will be
made to prepare the layout when entering the mockup design process.
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2.11 Mockup Designing

To make website more comfortable to view and easy to operate from the user experience aspect, the
website with a defined layout of features needs to be designed with a mockup first. Mockup is used as a real
and detailed description of the website that will be created along with its features as well as a reference for how
the website will appear.
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Figure 4. Mockup design of the website



46 Maulana F, et al. / J. Soft Comput. Explor., Vol. 4, No. 1, March 2023: 39 - 52

2.12 Responsive Site Layout Development

From the existing mockup, localhost was created to carry out development on the frontend side. The
framework used in the development is Vue which is further beautified using Tailwind CSS in color settings,
layout, responsibility, and others. Vue is a progressive JavaScript framework for building user interfaces with
Model-View-View-Model (MVVM) mode, where data and views are separated so that they require view model
listeners to communicate with each other [36]. The reason for using Vue as a framework is because it is easier
to use and lighter than other JavaScript frameworks such as React and Angular [37]. Vue which is a
combination of concepts from React and Angular can increase website development efficiency, accommodate
clearer coding logic, be flexible in dealing with changing needs, and the resulting system is easier to maintain
and integrate to reduce development costs [38]. In addition, Vue can also display good data visualization from
the prediction results of deep learning model [39]. Meanwhile, the programming language used in this study is
TypeScript. TypeScript is a feature enhancement to JavaScript for more structured project development [40].

2.13 Site Functionality Development

At this stage, the site's functionality is added so that it can respond to events in the form of input,
clicks, or other things that are done by the user. At this stage several other modules such as tesseract.js will
also be used for Optical Character Recognition (OCR) needs.

2.14 Deep Learning Model Integration
Integration of deep learning model through the API on the frontend side using the help of the axios
module by leveraging the ability of axios to make http requests. To use the generated endpoint, you first need
to create an instance containing the service function to make a post request with axios.post(), where the function
will later store the feedback generated by the API into a constant. The value of this constant will later be an
object generated by the prediction function on the backend side. Furthermore, the function can be imported
into the (.vue) file which contains the html code of the application and destructuring it to certain constants. The
function resulting from destructuring is placed in the input component and made to be triggered when the
following scenario occurs.
1) The user presses the enter key with a constant state that accommodates user input which is a string type
data with a length greater than zero.
2) Users use the OCR feature, where the function can be immediately triggered when the OCR process is
complete.
3) The user uses the speech-to-text feature and says “remember”. Speech with a function that is the opposite
of "remember" is "forget". If the user says the word "forget", what the user has said will be reset.
4) The user uses the speech-to-text feature, then says a few words, and then stops saying. After the application
does not acquire voice data again for a certain period, the function can be triggered immediately.

To make the data generated by the function displayable on website, then the data also needs to be
inserted into html components as needed.

2.15 Frontend Side Deployment

To make the site accessible to everyone, the website needs to be registered with the hosting service.
In this study, Netlify will be used to deploy the frontend side and then also used the Namecheap service so that
the default domain generated by Netlify, namely .netlify.app, can be simplified to .me.

2.16 Usability Testing

Usability testing is one of the methods used to test the effectiveness of applications. Several usability
testings approach that can be used are questionnaires, task completion, "think aloud" protocol, interviews, focus
groups, and heuristic testing [41]. In this study, a questionnaire and focus group approach were used with a
target of 115 respondents to obtain usability testing results.

2.17 Model Improvement

At this stage, model improvements are carried out based on the results of usability testing and
parameter combination analysis based on the previous model. The improvement result is then used as the result
of the study. Parameter combination analysis is carried out to find the best combination of parameters that can
be used in the model improvement stage so that the model improvement stage can be carried out more quickly
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and as needed. The data used for parameter selection are accuracy and loss tables from all previous training.

The following criteria and weighting are used to make the analysis easier.

1) For each accuracy value in the table, if the accuracy value is more than 85, then it is given a weight of 1.
If the accuracy value is in interval of [82, 85], then it is given a weight of 0. If the accuracy value is less
than 82, then it is given a weight of -1. And if the accuracy value is included in the 5 highest accuracy
values, then it is given a weight of 2.

2) For each loss value in the table, if the loss value is less than 0.35, then it is given a weight of 1. If the loss
value is in interval of [0.35, 0.42], then it is given a weight of 0. If the loss value is more than 0.42, then it
is given a weight of -1. And if the loss value is included in the 5 lowest loss values, then it is given a
weight of 2.

3) The scores obtained in each line are then added up.

4) For each kernel size used, then the highest weight is chosen.

5) For each activation function used, then the highest weight is chosen.

6) For each size of the embedding matrix and the word embedding approach used, then the highest weight is
chosen.

7) For each word embedding approach used, then the highest weight is chosen.

8) For each optimizer used, the highest weight is then chosen.

3. RESULTS AND DISCUSSIONS
The results presented in this study consist of the performance of the model before the implementation
of usability testing, the performance of the model after the implementation of usability testing, and the results
of implementing deep learning model on website.
3.1 Model Performance Before Usability Testing Implementation
Model performance analysis at this stage is divided into 6 scenarios and 18 experiments according to

the combination of parameters tested.
Scenario 1. Random Embedding and All Words in Corpus

Experiments 1, 2, and 3 use the Random Embedding approach to produce an embedding matrix. The first
experiment using the adam optimizer produces the best model with an accuracy of 86.74% and a loss of 0.3707
and can predict 6006 data correctly. The second experiment using the adamax optimizer produces the best
model with an accuracy of 86.74% and a loss of 0.3379 and can predict 6132 data correctly. While the third
experiment using the Nadam optimizer produced an accuracy of 87.33% and a loss of 0.3557 and was able to
predict 6029 data correctly.
Scenario 2. Non-Trainable FastText Embedding and All Words in Corpus

Experiments 4, 5, and 6 use Non-Trainable FastText Embedding approach to produce an embedding
matrix. The fourth experiment using the adam optimizer produces the best model with an accuracy of 88.36%
and a loss of 0.3591 and can predict 6089 data correctly. The fifth experiment using the adamax optimizer
produces the best model with an accuracy of 87.48% and a loss of 0.3704 and can predict 6034 data correctly.
While the third experiment with the Nadam optimizer produced an accuracy of 86.89% and a loss of 0.3708
and was able to predict 6236 data correctly.
Scenario 3. Trainable FastText Embedding and All Words in Corpus

Experiments 7, 8, and 9 use Trainable FastText Embedding approach to produce an embedding matrix.
The seventh experiment using the adam optimizer produces the best model with an accuracy of 88.67% and a
loss of 0.2862 and can predict 6619 data correctly. The eighth experiment using the adamax optimizer produces
the best model with an accuracy of 87.33% and a loss of 0.3285 and can predict 6397 data correctly. While the
ninth experiment with the Nadam optimizer produced an accuracy of 86.89% and a loss of 0.3612 and was able
to predict 6314 data correctly.
Scenario 4. Random Embedding and Corpus without Words That Appear Only Once

Experiments 10, 11, and 12 use the Random Embedding approach to produce an embedding matrix. The
10th experiment using the adam optimizer produces the best model with an accuracy of 87.48% and a loss of
0.3473 and can predict 6371 data correctly. The 11th experiment using the adamax optimizer produces the best
model with an accuracy of 88.06% and a loss of 0.3271 and can predict 6544 data correctly. While the 12th
experiment using the Nadam optimizer produced an accuracy of 86.42% and a loss of 0.3643 and was able to
predict 6175 data correctly.
Scenario 5. Non-Trainable FastText Embedding and Corpus without Words That Appear Only Once

Experiments 13, 14, and 15 use Non-Trainable FastText Embedding approach to produce an embedding
matrix. The 13th experiment using the adam optimizer produces the best model with an accuracy of 87.93%
and a loss of 0.3438 and can predict 5609 data correctly. The 13th experiment using the adamax optimizer
produces the best model with an accuracy of 86.59% and a loss of 0.3470 and can predict 6015 data correctly.
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While the 15th experiment with the Nadam optimizer produced an accuracy of 87.18% and a loss of 0.3288
and was able to predict 5187 data correctly.

Scenario 6. Trainable FastText Embedding and Corpus without Words That Appear Only Once

Experiments 16, 17, and 18 use Trainable FastText Embedding approach to produce an embedding matrix.
The seventh experiment using the adam optimizer produces the best model with an accuracy of 87.33% and a
loss of 0.3521 and can predict 6611 data correctly. The eighth experiment using the adamax optimizer produces
the best model with an accuracy of 88.52% and a loss of 0.3273 and can predict 6333 data correctly. While the
ninth experiment with the Nadam optimizer produced an accuracy of 87.33% and a loss of 0.3374 and was able
to predict 6439 data correctly.
First Best Model

Based on the results of all scenarios, the model chosen as the first best model is the model produced by
the seventh experiment, because it has the best predictive ability when compared to other models, that is an
accuracy of 88.67% and a loss of 0.2862 and can predict 6619 data correctly. The details of a lot of data in the
Fabricated Content / Imposter Content class that was incorrectly predicted is 233 data, of which 3 data were
valid data. The amount of data in the Misleading Content/False Context/Manipulated Content class that was
incorrectly predicted was 269 data, of which 51 data were valid data. And the amount of data in the Valid class
that was incorrectly predicted was 194 data. The prediction results of the first best models can be seen in Table
1.

Table 1. The prediction results of the first best models

Word Embedding Model ~ Optimizer All Words in Corpus Without Word that Appear Only Once
True False-0 False-1 False-2 True False-0 False-1  False-2
Adam 6006 70 1036 203 6371 131 582 231
Random Embedding Adamax 6132 136 946 101 6544 278 332 161
Nadam 6029 77 1068 141 6175 118 928 94
. Adam 6089 226 952 48 5609 249 1430 27
Non-Trainable
FastText Embedding Adamax 6034 278 953 50 6015 144 1068 88
Nadam 6236 274 549 256 5187 177 1814 137
. Adam 6619 233 269 194 6611 123 495 86
Trainable FastText
Embedding Adamax 6397 187 654 77 6333 220 620 142
Nadam 6314 86 758 157 6439 143 562 171

Column “True” contains the number of correctly predictable data from the associated word embedding
model and optimizer. Column “False-0"’ contains the amount of data from Fabricated Content/Imposter Content
classes correctly predicted from the associated word embedding model and optimizer. Column “False-1”
contains the amount of data from Misleading Content/False Context/ Manipulated Content classes correctly
predicted from the associated word embedding model and optimizer. And column “False-2” contains the
amount of data from the Valid class correctly predicted from the associated word embedding model and
optimizer.

3.2 Model Performance After Usability Testing Implementation
Model improvement uses several parameters that have been selected and based on the results of the
analysis of parameter combinations, that are:
1) The four kernel sizes used are 2, 4, 7, and 8.
2) The four activation functions used are tanh, relu, elu, and selu.
3) The two optimizers used are adam and adamax
4) Many words that will be used are all words in the corpus.
5) The word embedding approach used is Trainable FastText Embedding.

Based on the results of usability testing obtained from 22 google form responses and comments from
95 users in the selected Facebook group, it was concluded that the shortcomings of the application are on the
user experience side. Most users suggest that the application provides instructions to the user regarding how to
operate the application on first time the application is mounted. Meanwhile, the weakness of the initial model
used is the lack of accuracy when predicting valid news narratives, especially for narratives that report about
health.
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Based on the results of the bug search and journal research that was carried out afterwards, a
hypothesis was obtained that the distribution of narrative topics in the valid news dataset used needed to be
adjusted to the distribution of hoax narrative topics [42]. Therefore, data collection was carried out again with
a different approach than before. Valid data collection this time uses narration from articles on news.detik.com
which are not part of articles on 20.detik.com, because scraping on the previous page does not allow scraping
based on topic. The scraping process also considers the topic of each article so that it is balanced with the
distribution of topics used in hoax narratives. This re-scraping produces a dataset with a total of 9624 rows of
data. In addition, valid news scraping was also carried out on several other media, namely tempo.co,
medcom.id, and cnnindonesia.com as test datasets to ensure that the models created could predict valid news
outside the sources used for the training dataset. Comparison of many data used for training now also uses a
ratioof 1: 2 : 3. With thisratio,a 1 : 1 ratio is formed between the entire hoax narrative and valid narrative,
to ensure that the distribution of narrative topics used in training between hoax narratives and valid narratives
is roughly equal. And because a lot of the data used from each class is no longer balanced, the result is that for
model filtration it is no longer relevant to use recall values. Instead, the f1-score value is used for filtration
because it is more suitable for knowing the performance of models with unbalanced data.

After training for making the final model, the best model was obtained which had an accuracy of
92.98% and a loss of 0.191. After being tested on the entire training dataset, the model can predict as many as
9245 of the 9649 data correctly. With the details of a lot of data in the Fabricated Content / Imposter Content
class that is incorrectly predicted, there are 212 data, of which 5 data are valid data. The amount of data in the
Misleading Content/False Context/Manipulated Content class that was incorrectly predicted was 180 data, of
which 63 data were valid data. And the amount of data in the Valid class that is incorrectly predicted is as much
as 12 data. Furthermore, after the model was re-tested with the Valid dataset that was created previously, it
was found that the number of valid data that was incorrectly predicted by the model was 202 out of a total of
4428 data or around 4.562%.

3.3 Deep Learning Model Implementation on Website
The implementation of the model on the resulting website can be accessed via https://unifact.me where
the screenshot can be seen in Figure 5. The site has been updated with a model from the improvement stage.

With a positive response from society based on the results of usability testing, using the model with a website

has the following advantages.

1) Based on the aspect of prediction speed, model prediction via website has a speed that is roughly equal as
prediction speed via interpreter, supported by Heroku server access speed with appropriate dyno resource
selection and user signal quality. Overall, the prediction speed is faster because the user does not need to
manually import the model and run other code that is outside the route function.

2) Based on the aspect of ease of use, users do not need to install any application to predict, just type in the
narration they want to predict and press the enter button to get predictions. This causes ordinary users who
do not understand programming at all to also use the model easily. There is also a "lamp" button which
contains a guide for users to understand the use of the application. In addition, website is also equipped
with speech-to-text and optical character recognition features, so that users can make predictions without
the need to type if something is constrained.

3) Based on the aspect of the completeness of the prediction results, users can get many of the results
presented, starting from the typed narration, the probability of the predicted results in each class, to an
explanation that explains the explanation of the predicted results based on the data used in the corpus. This
explanation is far more complete than the general model prediction results which are just a numpy array
containing prediction probabilities.

4) Based on the aspect of portability, website can of course be accessed anytime, from anywhere, and with
any device. This is because the website produced in this study has also been designed to be responsive on
all devices.
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Figure 5. Screenshoot of the website


https://unifact.me/
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4. CONCLUSION

Based on the research that has been done, the results of training using a deep learning model with
Bidirectional Temporal Convolutional Network architecture that created after implementing usability testing
can obtain an accuracy of up to 92.98% and a loss of 0.191. The results of testing the model on all data in the
dataset stated that the model could predict as many as 9245 of the 9649 data correctly. With the details of a lot
of data in the Fabricated Content / Imposter Content class that is incorrectly predicted, there are 212 data, of
which 5 data are valid data. The amount of data in the Misleading Content/False Context/Manipulated Content
class that was incorrectly predicted was 180 data, of which 63 data were valid data. And the amount of data in
the Valid class that is incorrectly predicted is as much as 12 data. The prediction results of the model on a valid
dataset containing 4428 data where the data comes from 3 different mass media sources also states that the
model only predicts incorrectly as many as 202 data or in other words only about 4.562% of the data is predicted
incorrectly. Thus, it can be concluded that deep learning model with Bidirectional Temporal Convolutional
Network architecture have good performance in classifying Indonesian narratives.

Meanwhile, based on the results of deploying backend applications on Heroku, backend applications
with deep learning model can be implemented properly on website and the resulting website can be accessed
via https://unifact.me. However, with a slug size that is large enough for applications with deep learning model,
this causes more wasteful disk usage. Meanwhile, based on a comparison of the methods and results of using
the model via website with the use of the model manually through an interpreter, the use of the model via
website has advantages in terms of speed of prediction, ease of use, completeness of prediction results, and
portability.
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