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ABSTRACT

Summarizing lengthy documents, especially in the legal domain, posed significant challenges for humans and
automated systems. Human efforts entailed considerable time and effort, while automated systems sometimes
faltered in decision-making, leading to ambiguity in the generated summaries. This research explored the use of
text summarization in legal documentation coupled with an explainability feature. It addressed the challenges of
condensing lengthy legal texts and improving automated summarization systems' transparency. The research
involved gathering legal documents, developing a Bidirectional and Auto-Regressive Transformers (BART)
summarization model, and integrating explainability within the system, visualizing the attention mechanism. The
system performance, which included BERTScore, cosine similarity, and Recall-Oriented Understudy for Gisting
Evaluation (ROUGE) score between human-generated and system-generated summaries, and evaluation by
target users, led to several engaging insights on legal summarization. The model demonstrated moderate
performance, where user feedback indicated satisfaction with its functionality but highlighted the need for user
interface improvements. Future improvements were suggested, including refining model training, enhancing the
user interface, and adding features like adjustable summary lengths and language translation.

Keywords: Text summarization, Natural language processing, Explainable artificial intelligence, Legal Field,
Bidirectional and auto-regressive transformers

INTRODUCTION

Reviewing legal documents such as supreme court case documents often require specialized knowledge, and
reading through the entire document to capture the critical information is time-consuming. As the volume of
legal documents increases, extracting essential details without delving into the whole content becomes crucial.
Hence, summarization provides a solution by providing flexibility and convenience to readers. In addition,
explainable artificial intelligence (XAI) can ensure the system produces concise summaries and provides
transparent justifications for the decisions made, enhancing trust and comprehension for legal professionals.

Legal professionals often struggle with obstacles when driving through documentation, which includes time and
effort. Reading and comprehending pages of documents can be a cumbersome process, which might lead to
potential oversights or missed critical details. Moreover, clear explanations are necessary and crucial behind
automated summarization, where transparency and accountability are paramount. This research aims to develop
a system that can summarize legal documentation with suitable explanations. The system must ensure the
generated summaries accurately capture the critical points of the original document and provide a clear rationale
for including specific information.

The domain of this research falls within the intersection of several fields: the legal domain, natural language
processing (NLP), machine learning, and explainable artificial intelligence (XAI). This research operates within
the legal fields, explicitly dealing with legal case documents, and involves NLP techniques for processing and
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analyzing textual data. Incorporating explainability features suggests using machine learning and XAl algorithms
for summarisation and providing insights or explanations about the summarized content. This research also
delves into interpretability and transparency aspects to ensure the generated summaries and explanations are
understandable and trustworthy to stakeholders. The related work has been separated into two major categories:
existing systems and techniques, and the kinds of literature are reviewed respectively.

Existing Systems

A hybrid method for automatic text summarization of legal cases using k-means clustering techniques and term
frequency-inverse document frequency (TFIDF) word vectorizer is proposed by Varun Pandya [1]. The process
involves data preprocessing to clean the document, clustering similar sentences using k-means, and extracting
sentences to form a summary. The k-means algorithm groups sentences, which are then vectorized with TF-IDF.
Clustering minimizes intra-cluster distances and maximizes inter-cluster distances, with optimal clusters
determined. Sentences are ranked based on TF-IDF score and title similarity, with top-ranked sentences selected
for the final summary. The dataset comprises Australian legal cases from Auslii. Evaluation is done by using
Recall-Oriented Understudy for Gisting Evaluation (ROUGE) metrics to compare results with three automated
tools. Pandya's method showed promising results, where the proposed method performs favourably well against
other existing methods, as detailed in a comparative table.

Anand and Wagh have also proposed simple generic techniques using neural network architecture, which are
feed-forward neural networks (FFNN) based summary and long short-term memory (LSTM) based summary
[2]. Their approaches require no manual features or domain knowledge and can be applied across various
domains. The process involves generating labelled data using summary information from court judgment
headnotes and utilizing this data to extract essential sentences for summarization. Different similarity techniques
are employed to compute sentence labels, with sentence embeddings (SSE) performing best. FFNN transforms
sentences into vectors, calculates probabilities, and selects the top-ranked sentences for the summary. LSTM,
combined with convolutional neural networks (CNN), selects sentences with the highest importance likelihood
based on LSTM output scores. Evaluation using ROUGE scores on Supreme Court of India judgment documents
demonstrates the effectiveness of both methods. The result table shows that LSTM performs better in many
cases.

Research on the comparison of extractive and abstractive legal case document summarization was done by
Shukla and his team [3]. This research aims to analyze the performance of various summarization methods on
legal case judgment documents and explore effective evaluation techniques. Extensive experiments with several
abstractive and extractive summarizations, including supervised and unsupervised approaches, have been carried
out over three legal summarization datasets. Some examples of the methods are Luhn, Pacsum_bert, Maximal
Marginal Relevance (MMR), Bidirectional and Auto-Regressive Transformers (BART), Bidirectional Encoder
Representations from Transformers - Bidirectional and Auto-Regressive Transformers (BERT-BART), and
Legal-Pegasus etc. The datasets, Indian-Abstractive, Indian Extractive, and UK-Abstractive datasets, are
developed from case documents from the Indian and United Kingdom Supreme Courts. The analyses, including
ROUGE, BERTScrore, and evaluations by legal practitioners, aim to provide insights into legal summarization
and long document summarization in general, contributing to advancements in this field.

Shifting the focus to another system, the Neural Networks for Text Summarization, with a Keras implementation
of an attention-based sequence-to-sequence (seq2seq) model, is explored, emphasizing the success of the
attention mechanism in the context [4]. Like other systems, data preprocessing is done as the first implementation
step. A model with encoder-decoder architecture, which has global attention, is built, and an embedding layer to
convert words into appropriate vector representations is used, learning along with the seq2seq model. Attention
mechanisms in encoder-decoder neural networks enable the generation of a context vector at each timestep by
considering the decoder's current hidden state and a subset of the encoder's hidden states. The dataset used in
this study is the Amazon Fine Food dataset found on Kaggle. Since the original and generated summaries are
short, the performance evaluation is done by comparing both.
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An automatic abstractive text summarization model based on a hybrid attention mechanism has been introduced
by Zhe Wang, where it incorporates a sentence-level attention mechanism to guide word-level attention
distribution, adjusting the weight of sentence-level attention to mitigate high variance issues in word-level
attention for shorter documents [5]. The methodology of this study introduces a hybrid-attentional model using
encoder-decoder networks with recurrent neural networks (RNN). It incorporates attention mechanisms to
improve decoder focus and a pointer-generator network for word generation or copying. Additionally, a dynamic
hybrid attention mechanism adjusts attention values at both word and sentence levels to enhance summary
quality based on document length. Evaluation of the approach using the ROUGE score on a large scale Chinese
short text summarization (LCSTS) dataset demonstrates the effectiveness of the proposed method in capturing
critical information and generating concise summaries. Other research on automatic abstractive text
summarization using deep learning can also be refer to [6] and [7].

Techniques

Text summarization creates a short, accurate, and fluent summary of a longer text document [8]. This process is
crucial for managing the vast volume of online text data, facilitating more efficient discovery and consumption
of relevant information. There are two main forms of text summarization methods: abstractive and extractive.
Extractive summarization combines existing sentences without any alterations to create a summary, while
abstractive summarization involves text generation where the machine writes its own sentences [9],[10].
Extractive summarization is more rigid due to directly copying sentences from the source text, potentially
resulting in awkward reading. Conversely, text generation in abstractive summarization initiates a better human
writing style, enhancing coherence and readability with concise and coherent output. There are several prominent
examples of both methods: Luhn, Latent Semantic Analysis (LSA), TextRank, LexRank, PositionRank, and
TopicRank for extractive summarization. In contrast, abstractive summarization includes BART and pretraining
with extracted gap sentences for abstractive summarization (PEGASUS) [11].

BART, a denoising autoencoder for the pretraining sequence-to-sequence model, is introduced by Mike Lewis
and his team [12]. BART is trained to reconstruct original text from corrupted versions using a Transformerbased
architecture, which can be seen as a generalization of models like BERT and generative pre-trained transformer
(GPT). The study evaluates various text corruption methods and demonstrates BART's effectiveness in text
generation, comprehension, abstractive dialogue, question-answering, summarization, and machine translation.
Additionally, ablation experiments within the BART framework are conducted to assess factors influencing end-
task performance. On the summarization task, BART shows an outperformance over two datasets
(CNN/DailyMail and XSum) surpassing other existing methods. The resulting summaries are fluent and
grammatically correct, indicating that BART's pretraining has effectively learnt a robust blend of natural
language comprehension and generation.

Erkan and Radev have presented a stochastic graph-based method for determining the relative importance of
textual units, particularly in text summarization [13]. The technique is named LexRank. It computes sentence
importance based on eigenvector centrality in a graph representation of sentences, using intra-sentence cosine
similarity. In this study, LexRank is implemented into the MEAD summarization system [14]. The dataset used
in the experiments consists of DUC 2003 and 2004 data sets, which involve generic summarization of news
document clusters. For evaluation, the ROUGE metric, specifically ROUGE-1, which represents the
unigrambased ROUGE score, was used as it aligns closely with human judgements.

A study by Kamya Singh and his team investigates using BERTbased techniques for summarization and sentence
similarity checks to enhance important question-answering systems [15]. The proposed approach combines
BERT-based summarization with semantic similarity checking to extract key information and predict crucial
questions. Experiments on benchmark datasets have been done, showing that this method surpasses traditional
machine learning and deep learning techniques, achieving state-of-the-art performance. The approach was also
effective in real-world applications like medical diagnosis, legal case analysis, and financial forecasting.

There are several methods to evaluate the performance of a text summarization system, and one of the approaches
is the ROUGE score. ROUGE stands for Recall-Oriented Understudy for Gisting Evaluation score [16],[17]. It

Page 7795
www.rsisinternational.org


http://www.rsisinternational.org/

INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN SOCIAL SCIENCE (1JRISS)
ISSN No. 2454-6186 | DOI: 10.47772/1JRISS | Volume IX Issue XI November 2025

MCH
ot ¢,

S
RSIS ¥

is a set of metrics commonly used for text summarization tasks to generate a concise summary of a longer text
automatically. It was designed to evaluate the quality of machine-generated summaries by comparing them to
human reference summaries. ROUGE has variants like ROUGE-N focusing on n-gram overlap, ROUGE-L on
the longest common subsequence (LCS), and ROUGE-S on skip-bigram overlap. The ROUGE score ranges
from O to 1, with higher values indicating better summary quality. It's widely used for objectivity but may not
fully capture semantic meaning or coherence.

Another method used to evaluate the quality of text summarization is BERTScore [18],[19]. This method
measures the similarity between the summary and the original text. It addresses issues encountered by n-
grambased metrics using contextualized token embeddings from models like BERT to compute similarity. The
process involves representing sentences with contextual embeddings, measuring cosine similarity, token
matching for precision and recall, considering word importance using IDF, and rescaling values for readability.
For a basic level BERTScore calculation, the output will be precision, recall, and F1 score [20]. BERTScore
enhances text similarity measurement, making it more accurate and balanced, with potential applications in
various domains of natural language processing. However, this method has its pros and cons. For example,
BERTScore can handle different types of texts, but it can be biased towards models that are more similar to its
underlying model.

In essence, ensuring the transparency and interpretability of the summaries is crucial, where explainable artificial
intelligence (XAI) plays an important role. Some examples of XAl methods in NLP include visualizing attention
mechanisms in neural networks, generating textual explanations for model predictions, and interpreting the
reasoning behind the models' decision-making process [21]. Vaswani introduced the attention mechanism in
2017 [22]. In traditional Deep Learning models like LSTMs and RNNs, longer inputs pose challenges for
retaining relevant information, prompting the need for attention mechanisms to signal the model about focus
areas [23]. However, transformer models, utilizing self-attention across all encoder and decoder layers,
circumvent this issue [23]. Attention mechanisms are widely used in text summarization across diverse domains
like news, reviews, scientific papers, legal documents, and social media posts, where models such as the Pointer-
generator network, Transformer, and BART exemplify this trend [24].

Research on an open-source tool for visualizing attention mechanisms in transformer-based language models is
proposed by Jesse Vig [25]. The tool offers three levels of granularity: attention head, model, and neuron views.
Its application has been demonstrated on BERT and GPT-2 models. The tool aids in interpreting model decisions
and identifying patterns, such as model bias detection, recurring pattern identification, and neurons to model
behaviour linkage. This allows a comprehensive understanding of how the model attends to different input parts
and how individual neurons contribute to attention computation. It enhances model interpretability, enables
targeted improvements through user manipulation, and offers versatility for various analysis tasks and model

types.

On the other hand, a theoretical analysis of local interpretable model-agnostic explanations (LIME) has been
done by Garreau and Luxburg [26]. This explainer is commonly used to provide interpretability to machine
learning models. The study derives closed-form expressions for the coefficients of the interpretable model when
the function to explain is linear, demonstrating that LIME can uncover meaningful features proportional to the
function's gradient. It aids in understanding model decisions, improving trust, and facilitating compliance with
regulations. However, it also highlights potential limitations of LIME where poor parameter choices may cause
the algorithm to overlook important features.

METHODS

The system proposed in this research is the text summarization system with the explainability feature using NLP
and machine learning techniques. Figure 1 shows the architecture of the proposed system. It involved backend
and frontend parts connected by the Flask framework. In the frontend part, the user interacts with the system
through a website. The user can upload a legal document to the system. Once the document is sent to the backend
part, the system will undergo preprocessing, such as chunking and tokenizing. Then, the pre-processed document
will be passed to the trained BART model to generate a summary. Additionally, the attention weight of the tokens
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in the document is visualized to produce a highlighted original document, showing important sections or terms.
The higher the weight, the deeper the highlight colour, the more important the word token is. Once the outputs
are generated, both will be sent back to the frontend via Flask, and the user can see the result on the website. The
user can also download the outputs to keep the results.

Website
(Frontend) Text Summarization Model (BART) with XAl (Backend)
|" Input Text ——>»( Preprocessing
Upload
I.I 2 | emm
User < y ) (_m_ Visualizing Attention .‘
i Flask Mechanism AV Trained BART
Model
Summary ¢
& Highlighted
Highlighted Original Summary
Original Document
Document

Figure 1. The architecture of the proposed system

Dataset

The dataset used is Indian Supreme Court case documents and their abstractive summaries. The system's text
summarisation model requires two datasets for training and testing purposes. There are a total of 7130 documents
in the original dataset. One hundred (100) documents from the dataset are randomly chosen as testing datasets;
the remaining will be the training dataset. All the data is in .txt format. The dataset was downloaded from Zenodo,
a research data repository [27].

Training Process

Figure 2 shows the training process of the proposed text summarization model. The necessary libraries, such as
NumPy, NLTK, Pandas, TQDM and BART utilities, are imported. BART utilities is the file containing libraries
that utilize PyTorch Lightning. The paths used in the following process are defined, including the dataset, root
path, and output path. The training data, including judgment and summary, are read from specified directories
and stored in lists. A total of 7030 data (a pair of judgments and summary considered as 1 data) is used in the
training process.

A pre-trained sentence transformer is initialized and loaded, specifying that it should run on CUDA (Compute
Unified Device Architecture). This is because CUDA significantly boosts training and running a model. Next,
the model will check both the judgement and summary lists. If there is a document in the lists, the model will
split paragraphs into individual sentences and store them in lists (for example, 11 for judgment sentences and 12
for summary sentences). The cosine similarity between two lists of sentences is calculated. Based on the result,
chunks of text from judgment and their corresponding summaries will be generated. Once no more documents
exist in the judgment and summary lists, the training chunks and summaries are generated and stored in an Excel
file. The file is then read, and the columns are renamed into source and target data.
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The environment for using the BART model is set up to continue the training process, including loading a
pretrained BART model and tokenizer. Special tokens are added to the tokenizer, and the token embeddings in
the BART model are resized. The data module and lightning model with specified parameters (BART model is
used) are initialized. A PyTorch Lightning trainer is set up with GPU (Graphics Processing Unit) acceleration
and other training parameters. After all settings are done, the training starts until it reaches the maximum number
of epochs. The training process ends with saving the model weight into the checkpoint.

[T 1
1
[ START ) l A 4
Still Has Save P
mpddaent Training Data Model Initialization
in List?
Y
Import Libraries Yes v v
Read and Rename Trainer Setup
Data
Sentence Splitting
4
Setup Paths 4
4 Model Setup
Similarity Training Epoch End?
Calculation
Yes
Read Data
4 Add Special Token y
Chunk Generation Training
v
Store in Lists vy I
¢ Data Module v
Initialization
Generate
Training Data Save Model Weight
Initialize [
SentenceTranformer
‘— END

Figure 2. The flowchart of the model training process

Testing Process

Figure 3 illustrates the testing process of the proposed text summarization model. Similar to the training process,
it starts with importing libraries, setting up paths, and reading documents. The environment for using the BART
model is set up by loading the pre-trained BART model and tokenizer. Special tokens are added to the tokenizer,
and the token embeddings in the BART model are resized. The lightning model with specified parameters is
initialized, and the saved model weight is loaded (trained BART model).

The required summary length is set to 15% of the length of the original document. This is because the summary
length should usually be 10% to 15% of the original text length or even shorter than the range [28]. The model
next retrieves the document's name and content. The word count of the document and the required summary
length are calculated. The model splits the document into nested chunks of sentences with a maximum chunk
length of 1024 words. The required summary length per chunk and percentage of document length for summary
is calculated.

The testing process continues by generating summaries for each chunk using the BART model on GPU. The
generated summaries are concatenated into a single string. If the length is more than the required length,
truncation needs to be done; otherwise, the final summary will be written in the specified output file, which is
the end of the testing process.
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Figure 3. The flowchart of the model testing process

2.4. [Explainability Feature

Figure 4 displays the process of how the explainability feature is done. The process is similar to the testing
process until the read document step. These steps can be skipped if continued after the summary generation. The
attention weights are extracted from the model's output, where the last layer's attention is targeted.

The original document is split into individual tokens to visualize the attention weights. The important tokens are
highlighted based on the attention weights by setting highlight colours proportional to the attention weights. The
higher the attention weights, the more important the token and the more obvious the highlight colour is. A PDF
(Portable Document Format) file containing the original document text with highlighted tokens based on
attention weights is created. The generated PDF file is saved to the specified output directory.

START v l . v
Add Special Token Extract Attention Generate PDF for
Weights Highlighted
l Document
Import Libraries h 4 l
Model Initialization Split Original
Document into )
l Tokens Save PDF Files
Setup Paths Y l i
Load Model Weight
iahli END
Highlight Tokens
based on Attention
Weights
Model Setup
Read Document

Figure 4. The flowchart of the explainability feature process
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RESULTS

The methods used to evaluate the model performance in this research, which is the BART text summarization
model, are BERTScore (including precision, recall, and F1- score), cosine similarity, ROUGE score, and user
feedback. The first three evaluations are done by comparing the generated summaries and the reference
summaries, while the last method is the feedback received from the target users.

BertScore

In the context of BERTScore, precision reflects how many of the tokens generated by the model are similar to
the tokens in the reference summary, recall reflects how well the generated summary covers the tokens from the
reference summary, and F1-score combines both to give an overall sense of how similar the generated text is to
the reference text in terms of token similarity. High precision but low recall indicates that the model generates
very accurate tokens, but it might miss out on important content. High recall but low precision indicates that the
model includes the most relevant content and adds unnecessary or irrelevant tokens. A high F1 score suggests a
good balance between capturing the important content and avoiding irrelevant content in the generated
summaries. For this method, the BERTScore of every single testing data and the average are calculated. The
overall precision, recall, and F1-score are 0.6241, 0.5976, and 0.6091, respectively. From the score calculated,
the model can be proved to generate entirely accurate tokens without missing some important content. However,
the performance can still be improved to get a higher score.

Cosine similarity

Cosine similarity is a metric used to measure how similar the documents are, irrespective of their size [29]. This
metric is advantageous as the two similar documents could still have smaller angles even if they are far apart by
the Euclidean distance because of the size. The smaller the angle, the higher the similarity. The cosine similarity
value is allocated between 0 and 1; the larger the value, the more similar the two documents are. The cosine
similarity of the reference summaries and summaries generated by the proposed system and the overall accuracy
based on cosine similarity is calculated. A threshold of 0.8 is defined to calculate the accuracy, meaning only
summaries with a cosine similarity of more than 0.8 will be considered. From the given result, the accuracy is
0.94, showing 94 documents from 100 testing data with cosine similarity higher than 0.8.

Rouge score

ROUGE-1, ROUGE-2, and ROUGE-L are used to evaluate the proposed application. ROUGE-N measures the
overlap of n-grams between the reference summaries and system-generated summaries, where ROUGE-1 refers
to the overlap of unigrams (every single word), and ROUGE-2 refers to the overlap of bigrams (two consecutive
words). At the same time, ROUGE-L is based on the length of the longest common subsequence. The average
ROUGE score has been calculated, which ROUGE-1 is 0.4911, ROUGE-2 is 0.2434, and ROUGE-L is 0.2449.
The scores are considered moderate except ROUGE L, which is lower than 0.3 [30], [31]. However, it cannot be
concluded that the overall performance of the application is poor because ROUGE score relies on reference
summaries. The ROUGE score primarily focuses on the proportion of relevant information preserved in a
summary, which may not always be the most crucial aspect in evaluating the system. Researchers may sometimes
prioritize how accurately key details are captured, or fluency, which assesses the coherence and naturalness of
the generated summary.

Users' feedback

A survey has been prepared for the users to rate the system's functionality. The target users are those who study
or work in legal fields. Ten (10) target users are chosen and will continue with the questions about the system's
functionality. A simple demographic is prepared in the survey to give an essential impression of the target users,
especially in the years they are involved in the legal field, the frequency they deal with legal documents and their
experience using text summarization tools. This can help answer the functionality questions better because
different experiences can have different opinions on the system. Figure 5 is the bar chart showing how accurately
the users find the summaries generated by the system. The rating started from 1 (very inaccurate) to 5 (very
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accurate). Most of the target users (6 respondents, 60%) find the summaries generated to be accurate, and one of
them (10%) said they are very accurate. In comparison, three respondents (30%) found the summaries generated
to be only moderate.

Figure 6 displays the bar chart of target users' opinions on the importance of the highlighted words, rating from
1 (very unimportant) to 5 (very important). Half of the target users (5 respondents, 50%) think the highlighted
words are important, followed by three respondents (30%) who feel the importance of highlighted words is
average. One respondent (10%) voted for each for the range of unimportant and very important. Figure 7 shows
the bar chart about the target users' understanding of the legal documents by only reading the generated
summaries. The rating is between 1 (very poorly) to 5 (very well). Six respondents (60%) from the target users
can understand well, and one respondent (10%) can understand very well. 30% (3 respondents) of the target
users only moderately understand the legal documents if they only read the generated summaries.

Open-ended questions are also prepared for the respondents for extra comments or feedback. Most respondents
think the system is already good at present, but some also provide their opinions on future improvement. The
most significant progress to be made in enhancing the user interface and content layout is increasing the line
spacing, being more creative in colours and design, and ensuring the layout is more organized for easy viewing.
Users also request extra functions, such as language translator features and an adjustable summary for users to
select the summary length. Overall, the feedback highlights the users' satisfaction with the current system but
also points out some valuable suggestions for enhancing the user interface (UI), layout, and functionality to
improve the user experience (UX) further.

How accurate do you find the summaries generated by the system?
10 responses

6

6 (60%)

0(0%) 0(0%) 1(10%)

1 2 3 4 5

Figure 5. The bar chart of how accurately the users find the summaries generated by the system

Do you think the highlighted words are important keywords in the original text?
10 responses

Figure 6. The bar chart of the importance of highlighted words
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How effectively do you find to understand the legal documents by only reading the summaries
generated?

10 responses

0 (0%) Q0 (0%)

1 2 3 4 5

Figure 7. The bar chart of how accurately the users find the summaries generated by the system
CONCLUSION

According to the results, the research successfully meets the set objectives by delivering a functional and
explainable Al-driven text summarization system. The system demonstrates significant potential, especially with
the integration of XAl It also reveals some areas for improvement, such as performance optimization and user
interface enhancement. The proposed improvements, including adjusting training parameters, upgrading the user
interface, and adding new features like adjustable summary length and a language translator, will further enhance
the system's functionality and user satisfaction. To conclude, the research contributes valuable insights and tools
to the Al and legal field and creates a basis for further development. With the recommended improvements, the
system has a high potential to become a leading tool in its domain, offering users a more powerful, customizable,
and accessible text summarization experience.
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