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Abstract

The primary goal of this research will be to improve the efficacy
of text-summarizing patient discharge reports by applying extractive
and abstractive approaches. Therefore, to compare the results of the
modern transfer learning models like T5, DistilBART, PEGASUS,
BERTSum, and XLNet, and evaluate by using ROUGE and BLEU
scores.

1 System Requirements

• Operating System: Windows, Mac, or Linux.

• Processor : Intel Core i5 8th Gen

• RAM: At least 8GB (16GB preferred).

• Disk Space: Free space that is retrievable and easily accessible, and
this should be, at least, 5GB.

• Internet Connection: During downloading of pre-trained models and
datasets.

2 Software Requirements

• Python Version: Python 3.8 or higher.

• Jupyter Notebook or Google collab.
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3 Installation Guide

3.1 Python Installation and Version

Install python and check its version and it should be higher than 3.8.

!python --version

3.2 Install Required Packages

To install necessary packages, use pip to download and install them. Example
command:

pip install torch transformers pandas nltk scikit-learn

sentence-transformers rouge-score

3.3 Install Required Libraries

Other related libraries can be installed using:

Figure 1: Import Essential Libraries

4 Data Preparation

4.1 Dataset Loading

The dataset, named notevents.csv, which should then be brought into Google
Colab or Jupyter Notebook. Figure 2 that will help you load the dataset and
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possibly address errors at the same time: Specify the map of the interesting
columns for analysis, for instance ‘TEXT’ and ‘ROW ID’. Figure 3 shows
how the loaded dataset look like.

Figure 2: Data Loading

Figure 3: Dataset

4.2 Exploratory Data Analysis (EDA)

Show the head of the given dataset to get an idea of the data format. One
should always look for any instances of NA values and how they should
be dealt with when distributing. General probability characteristics of text
lengths’ distribution. Compose a word frequency diagram to show the most
used words. Generate frequency distribution of the words and the most
frequent words are identified.
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Figure 4: Exploratory Data Analysis

4.3 Data Preprocessing

Pre-process the textual data using the suitable tokenizers. Stop words must
be eliminated to concentrate on the core language terms. Convert the given
text to a matrix that the models will use as input as in Figure 5.

Figure 5: Data Preprocessing
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Figure 6: Dataset after Pre-Processing

4.4 Data Preparation

In this step, we filter the dataset based on specific ROW IDs that were
randomly selected for analysis as we have to create their summaries manually
and is not possible to do for all the data points so we choose randomly 236
points. The following code snippet demonstrates how to filter the dataset
using these ROW IDs. Splitting the dataset into 80:20 ratio.

Figure 7: Randomly selected Data ponits

5 Modelling

Most advanced transfer learning approaches were used for the summariza-
tion of patient discharge reports in this research. Specifications of the model
such as the PEGASUS model for producing the summaries of the text data
were integrated with error handling mechanisms for optimality. In the same
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manner, T5 was used for summarization the merits of which were always
preserved systematically for future use. The BERTSUM model, which is
acknowledged for its vibrant performance while solving extractive summa-
rization tasks, was also useful to implement proficient summary generation
on the text data. Moreover, DistilBART for generation of summary in a
smaller size and quicker was also applied. Finally, the same text data was
used with the XLNet model to know about its potential and its approach
towards handling and summarizing the given data and comparison was also
made between different models. The outputs of every model were then saved
and preprocessed for further analysis in terms of the standard performance
measures such as ROUGE and BLEU. Figure 8 shows the PEGASUS model
for the purpose of text summarization. It splits the input text into tokens,
applies a summary using the model, and then translate the summary back
into natural language. It manages exceptions and provides “No text avail-
able” if text preprocessing has failed.

Figure 8: Pegasus Function and Model

Figure 9: Text After Applying Pegasus Model
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6 Evaluation

6.1 ROUGE Score

The quality of the generated summaries is evaluated by the help of ROUGE
indices, comparing the summaries with the reference texts. ROUGE-N as-
sesses matching n-grams, for example, unigrams or bigrams of the generated
and reference summaries but at the n-th level, whereas ROUGE-L compares
the longest continuable match that will tell the coherence and fluency of
the summaries. These metrics involve coming up with precision, recall and
F1 score, which gives a quantitative measure as to how the generated sum-
maries are able to capture important information from the reference sum-
maries. These scores are useful in the assessment of the various models for
summarization and for comparisons to be made.

Figure 10: ROUGE Score

Model ROUGE-1 ROUGE-2 ROUGE-L

XLNet 0.614 0.519 0.570
DistilBART 0.671 0.418 0.608
BERTSUM 0.599 0.267 0.497
T5 0.618 0.356 0.540
PEGASUS 0.608 0.169 0.495

Table 1: Average ROUGE Scores for Different Models
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6.2 BLEU Score

The degree of the generality of the summaries is then assessed using the
BLEU (Bilingual Evaluation Understudy) scores whereby it calculates the
resemblance between the generated summaries and the reference summaries.
BLEU measures the number of matching n-grams (for example, unigrams,
bigrams) in the generated text in relation to reference summaries; it also
takes the problem of the precision and makes use of brevity penalty in the
cases of the short summaries. This metric comes up with a score that is
numerical in nature, hence showing the level of proximity of the generated
summaries with the reference summaries with regard to both content and
word choice.

Figure 11: BLEU Score

Model BLEU

XLNet 0.634
DistilBART 0.600
BERTSUM 0.606
T5 0.628
PEGASUS 0.621

Table 2: BLEU Scores for Different Models

6.3 Summary Length Distribution

It helps to check the distribution of the summary’s length and thus be certain
these correspond to minimum and maximum values prescribed.
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Figure 12: Summary Length Distribution

Figure 13: Histogram of T5 Model

6.4 Word Frequency Chart

Visualize word frequencies in generated summaries to understand the content
focus.

Figure 14: Word Frequency Chart
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Figure 15: Word Frequency Chart of T5

7 Execution of the Code

1. Download the Dataset

2. Unzip the Files into a Folder

3. Open the Python File in Google Colab or Jupyter Notebook

4. Change the Path to Refer to the Dataset Location

5. Run the Code

8 Conclusion

This project demonstrates that with the help of more enhanced NLP mod-
els, it is possible to enhance the quality and speed of the summery of the
reports on patients’ discharge. In this case, I want to present valuable insights
and methodologies for applying the text summing technologies in targeted
healthcare environments, thus, by developing advanced transfer models and
evaluating their performance in regard to the comprehensive metrics.
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