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Abstract

Title generation is a specialized area of natural language processing
(NLP), and most studies in this area focus on English, while other
languages, such as Arabic, are still in their infancy. Recent research has
focused on developing title generation systems for Arabic texts, which
can be challenging given the nature of the Arabic language and of
datasets. Using artificial intelligence (Al), titles were created and
information from lengthy texts was made easier to obtain. The titles
and content of each title from verified websites were compiled into a
dataset. The title-generating work was started using the Arabic T5
transformer-based title generation model. Following that, the final
model was assessed using assessment techniques such as BERTScore,
ROUGE, BLEU, and F-Score. On the BERTScore scale, the suggested
model performed well, earning the highest evaluation score of 87, Iso
the model was evaluated by four independent, expert evaluators, with
the arithmetic mean of the evaluations being 7.25/10, indicating good
acceptance of the results. In order to improve the model's
performance, the researchers propose applying human evaluation,
changing the model's structure, and growing the dataset.

Introduction

The use of big data in healthcare has grown in
recent years as a means of enhancing patient
outcomes, operational effectiveness, and clinical
decision-making. Electronic Health Records
(EHRs) are a major source of big data in
healthcare since they hold a wide range of patient
data, such as medication records, treatment
plans, diagnostic results, and medical histories
[1]. Manually processing large amounts of text
data has become increasingly challenging due to
the sheer volume of information available.
Automatic text summarization technology has
emerged as a solution to address this problem
[2]. The workflow of healthcare providers now
includes interacting with computer-based
systems and retrieving textual data. Six BTS is a
biological application of Automatic Text
Summarization (ATS) that uses computing to
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provide concise and pertinent representations of
the source materials. It facilitates medical
decision-making and improves healthcare
quality by assisting healthcare providers in
concentrating on the most important facts. The
effectiveness of reading an automatically
generated summary rather than the raw records
was demonstrated by usability studies done with
physicians for EHR summarization [3]. The
domain of Natural Language Processing (NLP)
has, transformed from a niche academic field to a
cornerstone of  modern technological
applications. Central to this transformation has
been the development and refinement of
sequence-to-sequence (Seq2Seq) tasks. These
tasks, pivotal in applications ranging from
machine translation to automated chatbots,
involve the conversion of one sequence, often a
sentence or paragraph in one language, into
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another sequence, possibly its translation in
another language or a summarized version of the
original [4]. Before the advent of transformers,
natural language processing (NLP) relied heavily
on recurrent neural networks (RNNs), such as
long short-term memory (LSTM), which were
used to manage sequential data. These models,
while effective for short sequences [5], faced
challenges such as vanishing gradients and poor
parallelism, which limited their ability to
accommodate long-term variables. Some models,
such as Word2Vec and GloVe, enhanced semantic
understanding, but lacked dynamic context. The
attention mechanism introduced began to
address these issues by allowing models to focus
on relevant input segments. However,
transformers took full advantage of attention by
eliminating redundancy, leading to models like
BERT that enabled bidirectional context
processing [6]. Later models, such as AraBert,
GPT, and T5, improved transformer design and
scaled with larger datasets and computational
resources, facilitating their emergence in natural
language processing [7]. The main problem is the
length of texts and articles, the difficulty of
summarizing them efficiently and in a short time,
and the difficulty of obtaining high-quality
summaries that are easy for many to understand
[8]. Therefore, this paper presents the Arabic T5
technique for summarizing texts and articles,
specifically medical ones. Arabic T5 performs
text extraction tasks using a transformer
architecture that utilizes pre-training and fine-
tuning. The Research Objectives are building an
automated summarization model for medical
articles, to evaluate how well the Arabic T5
model summarizes and effectively summarizes
Arabic medical articles, to provide an Arabic
language framework for Al applications in the
medical domain.

Related Works

Title generation is the process of summarizing
long articles into short, understandable texts.
This process aims to produce a shortened
version of a longer text while retaining and main
meanings of the information. Thus, users can
quickly obtain important information without
having to read the entire document [9]. Training
a machine learning model to perform natural
language processing (NLP) tasks often requires
that the model can process text in a way that is
amenable to downstream learning. This can be
loosely viewed as developing general-purpose
knowledge that allows the model to
“understand” text [10]. The framework that
converts all text based language problems into a
text-to-text format presented through the T5
model is attractive. In addition to its simplicity,

this approach is also effective since it allows
knowledge from high-resource tasks to transfer
to low-resource tasks without the need for
changes in model architecture. Unlike models
such as BERT [11]. Which are based on encoders
only, the T5 model is also an encoder-decoder
that can be naturally used not only for natural
language understanding tasks, but language
generation as well [12]. Techniques are
extractive and abstractive approaches. To
communicate the main ideas of the original text,
abstractive summarization builds new terms
[13]. Abstractive text summarization has
attracted much attention since it is capable of
generating novel words using language
generation models conditioned on
representation of source documents [8].
Extractive summarization has an important
position in Natural Language Processing (NLP).
Its primary function is to condense lengthy texts
into concise summaries. The importance of
sentences depends on the linguistic and
statistical characteristics of sentences [14].
Previous work has been done on generating titles
for medical reports, much of which relies on the
use of pre-trained models. In Helwan, Azar, &
Ozsahin (2023), the T5-small model was used to
summarize medical reports. The researchers
used 3,800 samples from the Indiana database,
evaluated using the ROUGE criterion (ROUGE-1 =
84.24, ROUGE-2 = 59.58, ROUGE-3 = 75.85, and
ROUGE-4 = 78.78). The results showed that long
reports were summarized well. The limitations
were the small data size, the limited length of the
input (512) and output (150), and the use of only
the Findings and Impressions fields [15]. In the
study by Nishio, M., Matsunaga, (2023), four T5
models were built and the results were
compared using the Wilcoxon test on MIMIC-CXR
and JMID data. The models showed the following
results (ROUGE-1 = 57.75 % 30.99 in MIMIC-CXR
and 50.00 * 29.24 in JMID), with limitations of
relying on only two data sets and only two
languages [16]. Rehman, T., and Sanyal (2024),
pre-trained models, such as T5-base, BART-base,
and PEGASUS-large, were compared to generate
research titles on CSPubSum and LREC-COLING
20242 datasets. ChatGPT 3.5 was tested in zero-
shot mode. PEGASUS-large performed best, with
ROUGE-1 =49.85 and ROUGE-2 =30.51 on LREC-
COLING-2024, and achieved high performance
on CSPubSum (ROUGE-1 = 98.13 and ROUGE-2 =
98.08). Limitations include the evaluation being
limited to two datasets, relying heavily on
automated metrics such as ROUGE and BLEU,
and very little human evaluation [17].
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Methodology

The steps that followed to evaluate
summarization using Arabic T5 model is shown
in Figure 1.
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Figure 1. The Steps Of Methodology.

A. Data Collection

Using web scraping technique from multiple
websites, a dataset was created. This technique
uses Python libraries, including BeautifulSoup!
and Request?. Scraping was used for several
websites such as WebTeb, Altibbi, Daily Medical
Info, Sehatok and MedArabic, which were used so
that many medical articles were extracted into a
JSON file, each article containing a title and
content. where the total number of saved articles
233,188 covering various medical fields such as
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health, skin, children, nutrition, hair, heart
diseases, and other fields.

B. Data Preprocessing

The dataset underwent several preprocessing
steps, including removing duplicate and empty
articles containing only titles, clearing the article
content of dates and links, and removing non-
Arabic characters and symbols. Using several
libraries, including Pandas3 and Remover?, the
data size was reduced to 45,938 JSON files.
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Figure 2. T5 Architecture

C. Training Data and Testing Data

Data was collected by scraping, as previously
explained, and then pre-processed to match the
selected model. The data was divided into 70%

for training and 30% for testing. A sample of
15,000 data was taken for the model training
process, with 10,500 articles for training and
4,500 articles for testing.
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D. Arabic T5 Model

The encoder-decoder transformer concept
known as the Text to-Text Transfer Transformer
(T5). The T5 model's primary concept is to create
a single framework for many NLP tasks by
utilizing transfer learning. The architecture of the
T5 is comparable to that of the original
transformer [23]. T5 works on a simple but
powerful idea: it turns all NLP difficulties into
text-to-text challenges. Similar to Transformer-
based sequence-to-sequence models, the model
has an encoder decoder architecture. It functions
by: Text-to-Text Task Formulation: It
reformulates each NLP task into a text-based
input and output rather than handling them
independently. T5 Architecture is shown in
Figure 2.

The input is encoded: Sentence Piece is used to
tokenize the input text before it is transmitted
through the encoder, which creates a contextual
representation. Decoding the Output: The output
text is produced autoregressively by the decoder
using the encoded representation. Model
Training: T5 is pre trained with a denoising
objective, which teaches the model to recreate
masked text passages. After that, it is adjusted for
different jobs [24].

E. Arabic T5 Model Finetuned
The Arabic T5 model was used to perform the
title generation task and was trained on the

Table 1. Samples from testing the model that was trained.

dataset according to the following: The title
generation model was downloaded from the
Hugging Face website, and parameters were
changed to match the model in terms of text
length, number of batches, etc. The model was
trained on the collected dataset, teaching the
model to generate titles from existing content.
The model has 12 layers in the encoder and 12
layers in the decoder. This makes a total of 24
layers. The vocabulary size used in the model is
110,0805.

Results And Discussion

Several parameters were used in the training
phase, with a learning rate of 5e-5 to determine
the number of parameter changes per update
step. The number of training epochs was 3, and
the batch size was 4. After the model was trained,
it was saved and evaluated by adding content to
it and then generating a title for it. This was done
in the following steps: Content from articles
outside the training material was used, and
appropriate titles were assigned to each article
entered into the model. Several metrics were
used to evaluate the model's performance, and
the results shown in Table 1 were obtained. It
was found that the model understood the context
of the content and generated an appropriate title
for it.
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As shown in Table 2 several metrics were used
to calculate the model's performance efficiency,
including ROUGE, BLEU BERTScore and FO0.5
Score. Where each of which has sub-metrics,
ROUGE stands for "Recall-Oriented Understudy
of Gisting Evaluation,” and refers to a collection
of criteria for assessing automatically generated

texts. ROUGE measures can be calculated in a
variety of methods, based on the different
granularity. The following are the most
commonly used: 1. ROUGE-N refers to the
overlapping of N-grams (unigram, bigram ,
trigram and so on) between the system summary
and the reference summary; 2. ROUGE-L
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measures the longest common word sequence,
computed by the Longest Common Subsequence
(LCS) algorithm; 3. ROUGE-S refers to a couple of
words in an ordered sentence, that allows some
gaps. Sometimes this measure is also called skip-
gram; 4. ROUGE-SU is a weighted mean between
ROUGE-S and ROUGE-L [25]. ROUGE-1, ROUGE-
2, and ROUGE-L are the most commonly used
metrics, since they reflect the granularity of the
studied texts.BLEU Scale: BLEU (Bilingual
Evaluation Study) is a standard for measuring the
quality of a translation or text created objective
of BLEU is to compare n-grams of the candidate
translation with n-grams of the reference
translation and count the number of matches; the
more the matches, the better the candidate
translation, BLEU scale gives a score between 0
and 1, where high values indicate high quality of

Table 2. Performance of the model.

the translation or generated text [26]. Neural
networks trained using BERT (Bidirectional
Encoder Representations of Transformers)
provide the basis for the BERTScore measure.
Depictions. To gauge how similar sentences and
texts are to one another, BERTScore use BERT
representations. ERTScore computes the
similarity between reference and created
sentences after converting sentences into BERT
representations. High scores on the BERTScore
scale, which ranges from 0 to 1, denote high
sentence similarity [27]. The model proposed in
this study was compared with the Deep Seek
model. Both models were evaluated by four
expert evaluators. The proposed model achieved
an average score of 7.25 out of 10, while Deep
Seek received 7.75. These results indicate that
the performance of the two models is very close.

ROUGE-1 ROUGE-2 ROUGE-L ROUGE- Lsum
ROUGE
0.012 0.010 0.012 0.012
BLEU Precisions
BLEU
0.27403 0.5260
Precisions Recall
BERTScore
0.8728 0.8486
F1 Score F0.5 Score
F Score
0.8577 0.8679
Training loss 1.8928
Conclusion - In addition to evaluating the model with

In this research paper, a model was created to
generate Arabic titles based on a dataset
collected from verified medical websites. The T5
Arabic model was used, and the model was
trained to generate titles so that the generator
generates text directly from the context of the
content. Results demonstrate that the model is
capable of generating titles for any input content,
achieving a BERTScore of 0.87 and a good F0.5
score of 0.86. However, the results of the other
two metrics, ROUGE and BLEU, were not
satisfactory, and therefore the model requires
further improvement by researchers and those
interested in Arabic language generation.

Future Work

- On the ROUGE and BLEU metrics, which
showed poor results compared to BERTScore
and F0.5.

- A more comprehensive model could be
developed by using a dataset with wider Arabic
medical.

human factors.

- Other models that support Arabic should
also be tested and compared to compare the
results.
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