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Abstract

The length of narratives in stories often poses a challenge for many readers, especially those with time constraints
or difficulty understanding the entire story. In this case, summarization offers a solution, but manual summarization
is not always efficient in meeting the need for quick and concise information. This study aims to develop an
automatic text summarization system for Islamic stories using the Long Short Term Memory (LSTM) algorithm.
The study employs three data splitting scenarios for training and testing: 90:10, 80:20, and 70:30. Testing results
show that the highest training accuracy was achieved in the 80:20 scenario with a value of 89.44%. This does not
entirely indicate that a smaller proportion of training data will always result in higher accuracy, as this improvement
can be influenced by data variation, overfitting conditions, and early stopping performance. Therefore, the data
division ratio influences the training process. Although the highest training accuracy was obtained in the 80:20
scenario, the best semantic summary quality was found in the 90:10 scenario. In the 90:10 scenario, the ROUGE-
1 evaluation score achieved a precision of 0.4147, a recall of 0.2516, and an Fl-score of 0.3027. Meanwhile,
ROUGE-2 achieved a precision of 0.1022, a recall of 0.0568, and an F1-score of 0.0684. Meanwhile, ROUGE-L
achieved a precision of of 0.2017, recall of 0.1209, and F1-score of 0.1459.

Keywords : Abstractive Summarization, Islamic Stories, Long Short Term Memory, ROUGE, Text
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1. INTRODUCTION

Text summarization is an important process in conveying information, especially in this modern
era when the amount of digital content is increasing exponentially[1]. In the context of Indonesian-
language Islamic stories, these texts often contain moral messages, life values, and religious teachings
that are highly relevant to readers from various backgrounds[2]. However, the length of the narratives
in these stories often poses a challenge for many readers, especially those with time constraints or
difficulty understanding the entire story. In this regard, summarization offers a solution, but manual
summarization is not always efficient in meeting the need for quick and concise information[3][4].

Artificial intelligence models such as Long Short-Term Memory (LSTM) offer more practical
and effective solutions. LSTM, as part of an artificial neural network, has the ability to understand
temporal context in text, enabling it to generate concise yet meaningful summaries[5]. This advantage
makes it a promising alternative to manual methods, especially in the processing of long and complex
texts[6][7].

Previous research has shown that LSTM excels at generating better summaries than traditional
methods and other models such as Transformer and RNN. For example, in the case of TEDx transcripts,
LSTM has been shown to provide time efficiency while maintaining the quality of the results[8].
However, the application of this model to Indonesian presents its own challenges. Indonesian has a
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unique syntactic and semantic structure, so the LSTM model requires special adaptation with relevant
training data in order to produce accurate summaries|[9].

In previous studies, many algorithms have been used to summarize news texts or documents. The
LSTM algorithm has higher accuracy than other algorithms such as Transformer or RNN[10]. However,
the implementation of LSTM has not yet been explored in the context of summarizing Islamic stories.
Therefore, this study proposes the development of an LSTM-based automatic text summarization
system, specifically for videos containing Islamic stories in Indonesian. This system aims to generate
summaries that are not only concise and efficient but also preserve the moral messages, life values, and
religious teachings contained in the text[11].

2. METHOD

This study uses a quantitative approach with an experimental design to test the application of the
Long Short-Term Memory (LSTM) model in summarizing Indonesian-language Islamic stories[12].
The methodology applied in this study consists of several main stages, starting from data collection,
data preprocessing, feature extraction, LSTM model training, to evaluation of the text summarization
results. This process is described in detail in Figure 1 below.

Training Testing
Islamic Story Islamic Story
Videos Videos

k.
Transcript Transcript
k. k.
Preprocessing Preprocessing
"
k.

Feature Extraction i
Feature Extraction

LSTM <
Text Summary

Summary of
Islamic Story Text

Figure 1. Research Design
2.1. Data Collection

The data used in this study was collected from YouTube, which provides various videos
containing Islamic stories in Indonesian. These videos contain stories about the lives of the Prophet, his
companions, and Islamic figures that are full of moral messages and religious values.

Transcripts of these videos were obtained using the YouTube API to obtain data in text form
relevant to the research topic. Videos were selected based on specific criteria, namely videos that were
long in duration and contained significant moral messages. Once the transcripts were obtained, the data
was further processed in the preprocessing stage.
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2.2. Transcript

Automatically extracting transcripts from each video, translating them into Indonesian, and
saving them to a CSV file on Google Drive. The process begins by mounting Google Drive so that the
CSYV file can be saved directly to that directory. Next, the YouTube API Key is configured to access the
YouTube Data API and establish a connection to the service using the build.

Next, the get videos from_playlist() function retrieves all videos from the specified playlist via
the playlist_id, including videold, title, and link information. For each video obtained, the
get_transcript() function attempts to retrieve the transcript using the YouTubeTranscriptApi library,
trying various languages sequentially such as Indonesian, English, Arabic, and Malay. The retrieved
music,” or “laughing,” as

99 ¢

transcript text will first be processed by removing words such as “clapping,
well as non-alphabetic characters.

Once the transcript is obtained, the translate to indonesian() function will attempt to translate the
text into Indonesian using the deep_translator library. If the translation process fails or the text is empty,
the original transcript is retained. All data (video title, link, and translated transcript) is then saved to a
CSV file using the csv library, with the file name FULL KISAH.csv stored in the Google Drive folder
/content/drive/My Drive/CRAWLING DATA/. Every time a video is successfully processed. Once all
processes are complete, the system will display a message indicating that the data has been successfully
saved.

2.3. Preprocessing

In the preprocessing process, the collected data will be inputted for processing, starting from data
cleaning, lowercasing, and then tokenization[13]. The purpose of this preprocessing process is to clean
the data so that it is ready to be processed and entered into the system.

a. Data Cleaning
The first stage in processing is data cleaning, which involves removing all punctuation marks such
as periods, commas, exclamation marks, and others from the text. Next, all numbers are removed
from the text because they typically do not provide important information in the context of text
summarization processing[14]. Then, excessive spaces are cleaned up, which involves replacing
double spaces or tabs with single spaces and removing spaces at the beginning or end of sentences.
Finally, single quotes (') and double quotes (") are removed because they are considered to add no
significant meaning to the sentence[15]. With these cleaning steps, the text becomes cleaner, more
uniform, and ready for further processing such as tokenization.

b. Lowercasing
The second stage in data processing is lowercasing. This process aims to standardize the format of
words to prevent duplication caused by differences in capitalization. For example, the words
“School,” “school,” and “SCHOOL” actually refer to the same word, but if they are not converted
to lowercase, all three will be considered different tokens in text analysis. By applying lowercasing,
the entire text such as “I Study at School” will be converted to “i study at school.” This process
helps improve data consistency and is highly beneficial in subsequent stages[16].

c. Tokenization
The third stage of processing is tokenization, where text is divided into smaller parts, called tokens,
which can be words, phrases, or characters. Tokenization enables computers to understand text in
a structured manner and facilitates further analysis. The purpose of this process is to simplify the
text and convert it into units that are easier for natural language processing algorithms to
analyze[ 14]. Tokenization is an important first step before performing other processes.
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2.4. Feature Extraction with Word2Vec

At this stage, feature extraction is performed by converting words in the text into numerical
representations in the form of vectors using word embedding techniques, one of which is Word2Vec[17].
Word2Vec converts words in the text into low-dimensional vectors that reflect the semantic
relationships between words based on their usage context. There are two main approaches in Word2Vec:
Continuous Bag of Words (CBOW), which predicts the target word based on the surrounding words,
and Skip-gram, which predicts the contextual words based on the target word[18]. This study uses the
Skip-gram approach, where the model is given the target word and attempts to predict the contextual
words within a specified window[19]. This process is calculated using conditional probability with the
softmax formula to determine the likelihood of context words appearing based on the target word. This
process is performed by calculating the conditional probability using the softmax formula, which
measures the likelihood of context words appearing based on the target word. Before calculating the
conditional probability, the average log probability of context words appearing around the target word
(w_t) is calculated. With the equation (1).

1
J=5 121X —ksjckj0108 P(Weyj|Wy) (D

Next, conditional probability calculations are performed using the softmax formula, which
describes the relationship between the target word (w_t ) and context words (w_c) in equation (2).

T
exp (vWO 'vWI)

P(WC | Wt) = exp(vT v, )
w-Vw;

2)

2.5. Long Short-Term Memory (LSTM)

LSTM-based text summarization is one effective approach to addressing the problem of automatic
summarization[20]. LSTM, as part of an artificial neural network, has the unique ability to understand
temporal context in sequential data, such as text, enabling it to capture complex relationships between
words in a document. To obtain an optimal model, the network architecture shown in Figure 2 was
created.

input length=1800 embedding dim= 100 n=400 =46543 n=1

Input Vektorisasi LSTM Dense
Layer

Output

Figure 2. LSTM Network Architecture
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Figure 2 shows the LSTM architecture, where this model accepts inputs with a maximum length
of 1800, each input consisting of 1800 tokens or words to be processed by the model. This value
represents the input data in the form of a text sequence consisting of words or tokens that have been
separated. Each word or token in the input is then represented using an embedding technique with a
dimension of 100 and a context window of 10, where each word or token is converted into a vector. This
embedding dimension allows the model to capture the semantic meaning of each word. After the
embedding is done, the input data that has been converted into vectors is passed to the LSTM layer,
which has 400 units. This LSTM layer serves to capture sequence patterns and long-term dependencies
between words in the text. The output from the LSTM layer is then passed to a dense layer to filter and
interpret the information extracted by the LSTM. The number of target classes or labels to be predicted
is 46,543 classes, which likely represent the output words or tokens in the scenario. The output from the
dense layer is then fed into the softmax layer. The softmax function converts the raw scores (logits) from
the dense layer into a probability distribution, where the total sum of all output values is 1[21]. The
highest value from the softmax result indicates the class most likely to be the target output, for example,
the next word to be predicted in the text sequence.

The first step in the LSTM process is to determine which information needs to be stored or deleted
in the memory cell through the forget gate. This forget gate functions to decide whether information
from the previous cell should be retained or deleted. This process is carried out by applying the sigmoid
function, which outputs values between 0 and 1, where 0 indicates that the information should be
completely forgotten, and 1 means that the information should be retained[22]. The following is equation

(3)
ft= (Wflht-1, xt] + bf) 3)

The next step is to update the cell state by determining the information to be stored in it. This is
done through the input gate layer in equation (4), which determines the value to be updated using the
sigmoid activation function, and the tanh layer, which generates new candidate values using the tanh
activation function in equation (5).

ir=0(WiX [hi-1, x¢] + bi) (4)

Ce=tanh (W¢ X [he—1, x¢] + bc) ®)

The next step is to update the old cell state to the new cell state by integrating information from
the forget gate and input gate. This process is done by multiplying the forget gate value by the previous
cell state, then adding the result to the value from the input gate according to equation (6).

Ct=ft><Ct—1+itX5t (6)

The final step in the LSTM process is to determine the output of the cell state. This is done
using the output gate in equation (7), which determines which part of the cell state will become the
output. This output is then fed into the tanh layer to be given the tanh activation function, and the result
is multiplied by the output of the output gate as in equation (8).

Ot= O'(Wo X [ht_1, xt] + bo) (7)

ht =0+ X tanh(Ct) (8)

After output from the last LSTM layer, the data is passed to the Dense layer. This layer is
responsible for converting complex feature representations from LSTM into raw scores (logits). These
scores are linear values that have not been translated into probabilities. In the Dense layer, calculations
are performed using weights and biases in equation (9).
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The results from the Dense Layer are passed to the Softmax layer to be converted into a
probability distribution. Softmax ensures that all output values are in the range [0, 1] and that their total
sum is 1.

3. RESULT

3.1. Data

Data preparation involves dividing the dataset into two main parts: training data and testing
data[23]. Proper data division is essential to ensure that the model can be trained properly and evaluated
objectively. Table 1 shows three scenarios for dividing training and testing data with different ratios.

Table 1. Ratio Data

Rasio Data
Training Testing
90:10 270 30
80:20 240 60
70:10 210 90

3.2. Testing Scenario

To test the performance of the LSTM model in text summarization, two testing scenarios were
applied, namely testing with direct data division (train-test split) and testing using ROUGE[24].

3.2.1. Split 90:10

Testing with a ratio of 90:10 was carried out by dividing the dataset into 90% for training with
270 data points and 10% for testing with 30 data points.

—— Train Loss | — Train Accuracy

T T T T T T T T T T T T
0 50 100 150 200 250 0 50 100 150 200 250
Epoch Epoch

Figure 3. Accuracy and Training 90:10

Figure 3 shows the performance of the LSTM model training in completing the task of
summarizing Islamic stories using a learning scheme of 228 epochs using 90% of the training data (270
data). On the left graph, it can be seen that the training loss value shows a significant decrease from the
start of training, beginning at 10.0120 in the first epoch and consistently decreasing until reaching 0.4879
in the 228th epoch. Meanwhile, the graph on the right shows that the training accuracy continues to
increase from an initial value of 0.1060 (1.06%) to 0.8582 (85.82%) at the end of the 228th epoch. The
learning rate starts at 0.0010 and decreases adaptively, which helps stabilize training in the final stage,
thereby avoiding overfitting. These results indicate that the model successfully learned from the training
data, despite some fluctuations in accuracy values during the middle of the epoch.
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3.2.2. Split 80:20

Testing with a ratio of 80:20 was carried out by dividing the dataset into 80% for training with
240 data points and 20% for testing with 60 data points.

] —— Train Accuracy

—— Train Loss

0 50 100 150 200 250 0 50 100 150 200 250
Epoch Epoch

Figure 4. Accuracy and Training 80:10

Figure 4 shows that the model training process was carried out for 280 epochs, with performance
improvements marked by increased accuracy and decreased loss. In the first epoch, the model showed
an initial accuracy of 0.0896 with a loss value of 10.1044, reflecting initial inaccuracy in predicting the
output. During training, the model's accuracy gradually increased to 89.44% in epoch 260, with a
significant decrease in loss to 0.3589. The learning rate started at 0.0010 and gradually decreased to
prevent overfitting and maintain model stability at the end of training. Although there were small
fluctuations in accuracy at some epochs, the overall trend showed that the model was able to learn
patterns from the training data well. These results confirm the model's success in gradually
understanding the data, producing predictions with minimal error at the end of training.

3.2.3. Split 70:30

Testing with a 70:30 ratio was done by splitting the dataset into 70% (210 data points) for training
and 30% (90 data points) for testing.

—— Train Loss ) —— Train Accuracy

Loss
Accuracy
o
7

o 50 100 150 200 250 [} 50 100 150 200 250
Epoch Epoch

Figure 5. Accuracy and Training 90:10

Based on Figure 5, it shows the training process of the LSTM model over 250 epochs with a
training data proportion of 70% (210 data points) of the total dataset. The graph on the left shows a
consistent decrease in the loss value from the beginning to the end of the 250-epoch training. At the first
epoch, the loss value was still very high at 10.3007, but it continued to decrease until it approached
0.4131 at the 250th epoch. This decrease indicates that the model successfully learned patterns in the
data gradually and steadily. Meanwhile, the graph on the right shows an increase in training accuracy as
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the number of epochs increases. Accuracy at the beginning of training was only around 0.0760 (7.6%),
but it continued to increase significantly and reached 0.8805 (88%) at the last epoch.

Table 2. ROUGE Score Results All Ratios
Skenario Metriks Precision Recall F1

ROUGE-1 04147 0.2516 0.3027
SKENARIO 1

(90:10)

ROUGE-2  0.1022  0.0568 0.0684

ROUGE-L  0.2017  0.1209 0.1459

ROUGE-1  0.3871  0.2450 0.2863
SKENARIO 2

(80:20)

ROUGE-2  0.0858  0.0511 0.0595

ROUGE-L  0.1874  0.1147 0.1353

ROUGE-1 0.3762  0.2434 0.2805
SKENARIO 3

(70:30)

ROUGE-2  0.0812  0.0478 0.0550

ROUGE-L  0.1823  0.1159 0.1341

Table 2 shows that the 90:10 scenario produces the highest ROUGE score compared to the 80:20
and 70:30 scenarios. This is true for all three ROUGE metrics, namely ROUGE-1, ROUGE-2, and
ROUGE-L, as well as for all three evaluation aspects, namely Precision, Recall, and F1-score. With a
ROUGE-1 Precision value of 0.4147, which is the highest value compared to other scenarios. This
indicates that when there is more training data (90%), the model has a better ability to generate words
that are relevant to the reference summary. ROUGE-1 Recall is also the highest in this scenario, at
0.2516, followed by an Fl-score of 0.3027, indicating a good balance between the accuracy and
completeness of the information generated by the model. In the ROUGE-2 and ROUGE-L metrics,
Scenario 1 also recorded the highest score, although the value is still relatively low (for example,
ROUGE-2 F1 is only 0.0684), indicating that the model still has difficulty forming complex inter-word
relationships or sentence structures. As the proportion of training data decreases in Scenario 2 (80:20)
and Scenario 3 (70:30), it can be seen that all metric values decrease, including precision, recall, and
Fl-score. This indicates that the less training data used, the more the model's ability to understand
context, capture important information, and construct meaningful summaries decreases. This decline is
due to the fact that a smaller amount of data does not provide sufficient pattern diversity for the model
to learn, causing the model to overfit to the limited training data. Therefore, it can be concluded that the
availability of more training data significantly contributes to improving the quality of summaries
generated by the model.

4. DISCUSION

Based on the results of testing three scenarios in Table 2data split ratios (90:10, 80:20, and 70:30),
it can be concluded that differences in ratios do affect the accuracy of model training, but do not directly
reflect the quality of the resulting summaries. The 90:10 scenario yields the highest training accuracy of
85.82%, followed by 80:20 at 89.44%, and 70:30 at 88%. This does not entirely indicate that a smaller
proportion of training data will always result in higher accuracy, as this improvement can be influenced
by data variability, overfitting conditions, and early stopping performance. Therefore, the data splitting
ratio influences the training process but is not always linearly related to the quality of the summary
results. However, in terms of evaluating summary quality using the ROUGE metric, the 90:10 scenario
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actually shows the best performance in generating relevant, complete, and manual-like summaries. This
indicates that high training accuracy does not always correlate with the model's ability to understand
and reconstruct text narratives, so the selection of the data ratio should not only consider accuracy but
also the balance between training performance and the semantic quality of the model's output. Thus, the
90:10 ratio was chosen as the optimal configuration in this study.

Table 3. Comparison of Results with Previous Researchers

Researcher ROUGE-1 ROUGE-2 ROUGE-L
[25] 25.64 8.77 24.05
[26] 27.71 1.82 27.27

Researcher 30.27 6.84 14.59

Based on a comparison of Table 3 with previous studies, the model used by researchers in this
study produced a ROUGE-1 score of 30.27, a ROUGE-2 score of 6.84, and a ROUGE-L score of 14.59
on the Indonesian-language Islamic story dataset. Although the metric values are still lower than those
of international studies, the ROUGE-1 score yields higher results than previous researchers and
demonstrates stable performance on religious narrative texts. This indicates that the LSTM model with
simple preprocessing (cleaning, lowercasing, tokenization) is effective for Islamic narrative texts,
although there is still room for performance improvement, particularly in sentence structure and word
pairs (ROUGE-2).

5. CONSLUSION

This study successfully developed an automatic text summarization system using the LSTM
algorithm for Islamic stories. The results showed that the model was able to produce summaries that
were quite relevant to the original content of the stories, especially in recognizing important words.
However, its ability to construct complete and coherent sentences still needs to be improved. The quality
of the generated summaries is also influenced by the ratio of training and testing data. The larger the
proportion of training data, the better the model tends to perform in understanding and organizing the
content of the summary. Based on the results of testing three scenarios for dividing training and testing
data (90:10, 80:20, and 70:30), it can be concluded that the LSTM algorithm is capable of generating
summaries of Islamic stories with varying degrees of accuracy, depending on the amount of training
data used. Although the highest training accuracy was obtained in the 90:10 scenario at 85.82%,
followed by the 80:20 scenario at 89.44%, and the 70:30 scenario at 88%, these accuracy values do not
fully reflect the semantic quality of the summaries. This indicates that although the model is considered
accurate in training, its ability to generate meaningful summaries still needs to be assessed based on the
evaluation results of the summary content itself. The evaluation results using the ROUGE metric show
that the 90:10 scenario provides the best performance. On the ROUGE-1 metric, the precision value is
0.4147, recall is 0.2516, and the F1-score is 0.3027. On the ROUGE-2 metric, the precision, recall, and
F1-score values are 0.1022, 0.0568, and 0.0684, respectively. Meanwhile, on ROUGE-L, the precision
reached 0.2017, the recall was 0.1209, and the F1-score was 0.1459. These values indicate that the
LSTM model is quite capable of producing summaries that are relevant to the original text, especially
in selecting important words, although it still has limitations in constructing complete and coherent
sentences. Therefore, it can be concluded that the LSTM algorithm has a fairly good level of accuracy
in generating summaries of Islamic story texts, especially when supported by an optimal training data
ratio, such as in the 90:10 scenario.
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