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Improving Access to ETD Elements Through Chapter Categoriza-
tion and Summarization

Bipasha Banerjee

(ABSTRACT)

The field of natural language processing and information retrieval has made remarkable

progress since the 1980s. However, most of the theoretical investigation and applied ex-

perimentation is focused on short documents like web pages, journal articles, or papers

in conference proceedings. Electronic Theses and Dissertations (ETDs) contain a wealth

of information. These book-length documents describe research conducted in a variety of

academic disciplines. While current digital library systems can be directly used to find a

document of interest, they do not also facilitate discovering what specific parts or segments

are of particular interest. This research aims to improve access to ETD components by

providing users with chapter-level classification labels and summaries to help easily find

portions of interest. We explore the challenges such documents pose, especially when deal-

ing with a highly specialized academic vocabulary. We use large language models (LLMs)

and fine-tune pre-trained models for these downstream tasks. We also develop a method to

connect the ETD discipline and the department information to an ETD-centric classification

system. To help guide the summarization model to create better chapter summaries, for each

chapter, we try to identify relevant sentences of the document abstract, plus the titles of

cited references from the bibliography. We leverage human feedback that helps us evaluate

models qualitatively on top of using traditional metrics. We provide users with chapter

classification labels and summaries to improve access to ETD chapters. We generate the top

three classification labels for each chapter that reflect the interdisciplinarity of the work in



ETDs. Our evaluation proves that our ensemble methods yield summaries that are preferred

by users. Our summaries also perform better than summaries generated by using a single

method when evaluated on several metrics using an LLM-based evaluation methodology.



Improving Access to ETD Elements Through Chapter Categoriza-
tion and Summarization

Bipasha Banerjee

(GENERAL AUDIENCE ABSTRACT)

Natural language processing (NLP) is a field in computer science that focuses on creating

artificially intelligent models capable of processing text and audio similarly to humans. We

make use of various NLP techniques, ranging from machine learning and language models,

to provide users with a much more granular level of information stored in Electronic Theses

and Dissertations (ETDs). ETDs are documents submitted by students conducting research

at the culmination of their degree. Such documents comprise research work in various aca-

demic disciplines and thus contain a wealth of information. This work aims to make such

information stored in chapters of ETDs more accessible to readers through the addition of

chapter-level classification labels and summaries. We provide users with chapter classifica-

tion labels and summaries to improve access to ETD chapters. We generate the top three

classification labels for each chapter that reflect the interdisciplinarity of the work in ETDs.

Alongside human evaluation of automatically generated summaries, we use an LLM-based

approach that aims to score summaries on several metrics. Our evaluation proves that our

methods yield summaries that users prefer to summaries generated by using a single method.
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Chapter 1

Introduction

1.1 Motivation

Theses and dissertations reflect the work of students and are required at the end of the

degree pursued. Starting with Virginia Tech’s requirement on January 1, 1997 of electronic

theses and dissertations (ETDs), more and more universities require or at least facilitate

online submission of these documents. Covering scholarship in all disciplines, ETDs pro-

vide opportunities for an in-depth understanding of new discoveries. In terms of detail, an

ETD might cover the equivalent of 2-6 journal papers or 5-15 conference papers. Because of

their coverage and the cohesion and coherence of expression, they are of particular value to

students, faculty, researchers, authors, readers, and others in academia, industry, and gov-

ernment. These book-length documents contain a vast amount of knowledge, are organized

into chapters and sections, and are often referred to as ‘scholarly long documents’ [45]. In

this research, we propose to make ETDs more accessible.

Various digital libraries, institutional repositories, and university websites host such docu-

ments, often as PDF files along with the metadata. However, such metadata only contains

broad document-level information. We introduce services that will make it easier to engage

with such long documents and utilize the wealth of research content buried in them.

The domain of information retrieval has made remarkable progress since the 1950s, and

1
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especially since the 1980s. However, most of the theoretical work and experimentation is

focused on short documents like web pages, journal articles, or papers in conference proceed-

ings. Search on the resulting systems can be directly used to find a document of interest,

but they fail to retrieve the exact part of the document (segment) that contains the result.

Therefore, retrieving the entire document is not as useful as retrieving the segment that con-

tributed to the search result. The extensive knowledge inside ETDs is relatively inaccessible

to the majority of individuals. For example, while each of the articles in a journal volume or

conference proceedings has its own abstract, there are no summaries for the chapters of an

ETD. Long documents are challenging to navigate. A conference paper that contains 4-13

pages is easy for an individual to read. On the other hand, reading an entire ETD, which,

on average, is at least 100 pages long, takes hours. It is a known fact that almost every

ETD starts with an abstract. An abstract might be considered to be a short version of the

document. However, a one-page abstract could only act as a very high-level introduction to

the topic. We provide summaries and classification labels to the readers at a much more

granular level.

1.2 Problem Statement

The work of graduate students reflected in ETDs, is inadequately appreciated, recognized,

or cited. This hinders the professional visibility of graduate students and can harm their

careers. Since ETDs are not widely used, the reproducibility of scholarship is limited, as few

people access the details of graduate research. Due to the limited use of ETDs, university

budgets are unduly stretched to cover expensive journals that only contain shorter versions

of the work that is covered in more detail in ETDs.

This research aims to make the information buried in ETDs easily discoverable and ac-
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cessible. Most digital libraries and university repositories hosting such documents provide

document-level metadata information which is in turn used for indexing, searching, and

browsing. We want to display more granular metadata information to the user, e.g., at the

chapter level. These granular labels and summaries can also be used to obtain more targeted

search results. To identify chapters from these long documents, we investigate various seg-

mentation approaches that can effectively detect chapter boundaries. Once segmented, we

look into applying summarization and classification to the chapter segments. Thus, a major

contribution of this research is to make the data in ETDs more accessible by providing users

with chapter-level summaries and classification labels.

1.3 Research Questions

The primary broad research question is: Can we add value to existing digital library systems

by providing more granular level information? This can be further broken down into the

following specific research questions.

1. Can tools that we devise achieve high accuracy in segmenting long documents auto-

matically? This work is discussed in Chapter 3.

2. Can chapter-level classification labels and chapter summaries help in understanding

the chapter text better? This work is discussed in Chapters 4 and 5.

3. Can leveraging LLMs and obtaining context from document abstract sentences and

cited reference titles from each chapter help in creating better chapter summaries?

The work is discussed in Chapters 5 and 6.

4. Can we use human evaluation to create more ground truth data? This work is discussed

in Chapter 6.
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1.4 Research Hypotheses

The central hypotheses presented in this research are as follows:

1. Our approach to automatic chapter boundary detection using a neural network model

trained on long scholarly documents yields better results than available state-of-the-art

(SOTA) neural network models trained on collections of shorter documents.

2. Our quantitative experimental results show that a language model built on clean text

(i.e., only complete sentences) will result in a model that better understands the schol-

arly language (as measured by the perplexity score).

3. Our quantitative experimental results show that sophisticated transformer-based language-

model classifiers outperform traditional machine learning-based classifiers such as Sup-

port Vector Machine and Random Forest.

4. Our quantitative experimental comparison shows that the classification of our ETD

chapters using language models improves when fine-tuning SOTA pre-trained models

on our corpus instead of directly using SOTA pre-trained models.

5. Our qualitative experimental results show that a multi-label classifier outperforms a

multi-class classifier at predicting the correct discipline as measured by accuracy scores.

6. Our experiments regarding prompting and fine-tuning LLMs for classification will gen-

erate a better understanding of the chapter content, as shown by our user study.

7. Our experimental results prove that abstractive models with longer context windows

generate better summaries than models with shorter context windows, as proved by

higher Rouge scores.
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8. Our approach of obtaining context from the document abstract and references that

correlate with each chapter helps us select a better set of important keywords and

sentences and thus create summaries that are scored higher by LLM-based evaluation

and are preferred by users.

9. Our approach to using an ensemble summarization technique that incorporates LLMs

generates better summaries that are preferred by users to the results of just applying

a single abstractive or extractive method.

1.5 Chapter Organization and Overview

The work in this dissertation is organized as follows:

• Chapter 2 summarizes relevant literature related to the research work outlined in this

dissertation.

• Chapter 3 talks about the ETD dataset that we have amassed [111] and data subsets

that we use in our research. We also discuss several segmentation approaches and

our related findings regarding extracting chapters from ETDs. Additional results from

Segmentation are discussed in Appendix Section A.

• Chapter 4 proposes our chapter classification framework. We discuss all data subsets

used in several experiments to set up baselines and several approaches employed to

classify ETD chapters. Supplementary results from experiments in this chapter have

been added to the Appendix Section B.

• Chapter 5 proposes several experimental setups for chapter summarization. We also

propose a context-aided summarizer in this chapter. This context-aided summarizer
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is guided by other document parts, such as selected abstract sentences and cited ref-

erence titles. In addition, we propose the use of LLMs to create better ETD chapter

summaries. Experimental results are discussed. Auxiliary results from the experiments

have been discussed in the Appendix Section C.

• Chapter 6 describes the user study to evaluate chapter labels and chapter summaries

of ETDs. We start by discussing two computer science pilot studies and then extend

the work to other disciplines across Virginia Tech. Additional materials related to the

evaluation setups have been discussed in Appendix Section Dand E.

• In Chapter 7 we discuss in depth our findings in this research, along with future

directions.

1.6 Publications and Collaborations

In this section, we list the workshop, conference, and journal publications that resulted in

part from this research, indicating for each which of the following chapters are related. We

also discuss a variety of collaborations wherein we helped guide efforts that relate to our

research, pointing out relationships to the following chapters.

1.6.1 Publication and Talks

1. William A. Ingram, Jian Wu, Sampanna Yashwant Kahu, Javaid Akbar Manzoor, Bi-

pasha Banerjee, Aman Ahuja, Muntabir Hasan Choudhury, Lamia Salsabil, Winston

Shields, and Edward A. Fox. “Building datasets to support information extraction and

structure parsing from electronic theses and dissertations.” International Journal on

Digital Libraries (2024): 1-22 [57]. [Related to Chapter 3]
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2. Sung Hee Park, Bipasha Banerjee, William A. Ingram, Edward A. Fox. “Case

Study of Analyzing the Variety of ETD Layouts”. 26th International Symposium ETD

2023, INFLIBNET Centre, Gandhinagar, India, October 26-28, 2023 [89]. [Related to

Chapter 3]

3. Satvik Chekuri, Prashant Chandrasekar, Bipasha Banerjee, Sung Hee Park, Nila

Masrourisaadat, Aman Ahuja, William Ingram and Edward Fox. ‘‘Integrated Digital

Library System for Long Documents and their Elements”. In Proceedings of the 23rd

ACM/IEEE-CS Joint Conference on Digital Libraries (JCDL 2023), nominated for

Best Student Paper, 13-24, DOI 10.1109/JCDL57899.2023.00012 [27]. [Related to

Chapters 4 and 5]

4. Bipasha Banerjee, William A. Ingram, Jian Wu, and Edward A. Fox.“Applications

of data analysis on scholarly long documents.” (IEEE Big Data 2022 workshop Com-

putational Archival Science, Osaka, Japan) [16]. [Related to Chapters 4 and 5]

5. Bipasha Banerjee, Palakh Mignonne Jude, William A. Ingram, Kurt Luther, Edward

A. Fox. “Help Me Help You - A Mixed-Initiative Approach To Explore Book-length

Documents”. (Talk presented at CIKM 2022 Workshop on Human-in-the-loop Data

Curation) [35]. [Related to Chapter 4]

6. Bipasha Banerjee. “Opening scholarly documents through text analytics”.

(ACM/IEEE JCDL 2022 Doctoral Consortium) [13]. [Related to Chapters 4, 5, and

6]

7. Sami Uddin, Bipasha Banerjee, Jian Wu, William A Ingram, Edward A. Fox.

“Building A Large Collection of Multi-domain Electronic Theses and Dissertations”.

(IEEE Big Data 2021 poster paper) [111]. [Related to Chapter 3]
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8. Bipasha Banerjee, William A. Ingram, Edward A. Fox. “Extracting Information

from Electronic Theses and Dissertations”. (Presented at CAPWIC 2021, ACM Cap-

ital Region Celebration of Women). [Related to Chapters 3, 4, and 5.]

9. William A. Ingram, Bipasha Banerjee, Edward A. Fox. “Summarizing ETDs with

deep learning.” (ETD conference 2019) [56]. [Related to Chapter 5]

1.6.2 Collaborations

There were several successful collaborations with teams in courses taught at Virginia Tech

(CS4624 and CS5604), along with researchers at Virginia Tech’s Digital Library Research

Laboratory Lab (DLRL).

1.6.2.1 CS4624: Multimedia, Hypertext, and Information Access

CS4624 is a capstone undergraduate course taught at Virginia Tech. Students in this course

are grouped into teams each assigned to a project, and are assigned to a client (subject

matter expert or SME). I have been the client of CS4624 offerings in Spring 2023 and Spring

2024. The work reported in [102] relates to Chapters 3 and 4. The work covered in [47]

relates to Chapter 6.

1.6.2.2 CS5604: Information Storage and Retrieval

CS 5604 is a graduate-level course in computer science that follows a problem-based learning

structure. As described in the course syllabus, it motivates students to learn “analyzing,

indexing, representing, storing, searching, retrieving, processing and presenting information

and documents using fully automatic systems”. As a subject matter expert for CS5604’s
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Fall 2022 and 2023 offerings, I mentored students to successfully integrate segmentation,

classification, and summarizing services into the working system as reported in [27] and [43].

These courses and related work led to a utility patent application filed early in 2024, in

which I am one of the inventors [1]. This work relates to Chapters 3, 4, and 5.

1.6.2.3 DLRL Collaborations

Alongside involvement in CS4624 and CS5604, I was involved in collaborations with other

researchers in DLRL. We have investigated several approaches to segmenting ETDs that are

discussed in Chapter 3. Work on segmentation using a LaTeX-based method [78] has been

reported in our paper [57] and relates to Chapter 3. I have modified and used the research

work reported in [5] for segmentation and have extended it into a hybrid text extraction

pipeline as discussed in Chapter 3. I have guided and extended the classification work done

in [59], which relates to Chapter 4.



Chapter 2

Literature Review

This chapter discusses existing methods, tools, and techniques related to the research dis-

cussed in this document.

2.1 Text Extraction Tools

We need to extract the text from our document collection. As mentioned in Chapter 3, our

ETD repository collection consists of book-length documents in PDF files and the associated

metadata in the form of XML files. Before we can perform text analysis on the documents,

we need to extract the text and perform any pre-processing needed for the analysis tasks.

Here, we focus our discussion on various tools that can be used for text extraction.

2.1.1 Abbyy Cloud OCR SDK

Abbyy Cloud OCR SDK [2] is a tool to process information from documents and images. It

is a web-based service that helps with information extraction via a REST API for documents

in over 200 languages. Apart from information extraction, it aids users with processing PDF

files, automatic table extraction, and image understanding. The caveat to keep in mind is

that the tool is not available to use freely and has to be paid for. Given that we have a set

of over 500,000 documents, it would be very expensive to use this tool.

10
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2.1.2 PDFMiner

PDFMiner [42] is a PDF text extraction tool built on Python. PDFMiner attempts to

extract text from a PDF file using a combination of a parser and a converter. The parser

identifies elements such as pages, fonts, and characters. Once the PDF file has been parsed,

the converter is used to extract the text from the identified elements. Though this tool

works well for simpler PDF documents, it fails to extract text accurately when the layout is

complex such as in texts with images and tables. The output is often inconsistent and thus

is unreliable to use for a large corpus of long and complex documents.

2.1.3 PyMuPDF

PyMuPDF [69] is a text extraction tool based on MuPDF [10]. MuPDF is a powerful

framework for viewing and converting PDFs, XPS files, and E-books. PyMuPDF is the

Python wrapper built on top of MuPDF for PDF text extraction and parsing. The top-level

import library for this Python binding is known as ‘fitz’. It has the ability to access various

file extensions like pdf, xps, oxps, cbs, fb2, or epub. Image documents, that is, documents

that have been scanned and are not born digital, are also supported. It allows users to

decrypt the document, access meta-information, search for text, render pages, extract text

and images, and perform OCR on the text, as well as convert the document to other formats

like XML, PDF, JSON, text, and (X)HTML. PyMuPDF, though lightweight, takes up a lot

of memory when extracting text from PDFs. We also found it could not process several PDFs

in our corpus; it would output empty text files for them. Given the size of our repository

and the memory issues, it was not feasible to use this tool at a large scale to extract text

from our corpus.
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2.1.4 PDFPlumber

PDFPlumber [104] is a Python-based tool to extract text from PDF documents. It has been

built on PDFMiner (see above). Although built on PDFMiner, it has added capabilities

for extracting detailed information from PDFs that PDFMiner lacks. Information such as

table data, text, and character / line information are well extracted with PDFPlumber. It

works best for born-digital documents as opposed to scanned documents. The main (object-

oriented programming) class of PDFPlumber is the page class. This class enables users not

only to extract text from the page but also extract other properties of the page such as

page number, width, height, characters, images, etc. The tool allows cropping of text using

bounding box information and also extracts additional elements of a PDF file, like tables and

words. Our experiments found PDFPlumber to be accurate in extracting text from PDFs.

It is important to note that most Python-based tools work well with born-digital documents

but not with scanned documents. Hence, we need to be aware of the problems that might

arise with scanned documents. Fortunately, we can use PDFPlumber to extract text from

the over 500,000 ETDs in our corpus, which include both born-digital and scanned docu-

ments. Further, PDFPlumber excels in its simplicity and ability to utilize multiprocessing.

Therefore, scaling the extraction for our large corpus was straightforward and time- and

memory-efficient.

2.1.5 AWS Textract

AWS Textract [101] is a text extraction service provided by Amazon Web Services. It

uses Amazon’s proprietary machine learning algorithm to extract text, handwriting, layout

elements, and data from scanned or born-digital PDF files or images. Textract allows users

to customize their ‘pre-trained or custom’ features. Amazon Textract can be used via AWS
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SDK, AWS web interface, or AWS API key. Textract outputs line and word information

for each page of the PDF. For each of the lines and words, alongside the text, Textract can

output a confidence score, bounding box information, and a hierarchy (word to line relation).

Textract has been shown to perform well in extracting information from printed documents.

Therefore, this makes the most effective, efficient, and accurate way of extracting text from

any scanned or born-digital ETD PDF file. The only downside is that the Textract service

is not free and needs a subscription.

2.2 Segmentation

We need chapters automatically extracted from our long documents to perform scalable

chapter-level analysis on them. Accordingly, we discuss below the obvious approach of trying

to leverage tables of contents, and a popular tool used to parse documents. In Chapter 4,

we further discuss local work on segmentation in which we have collaborated with two other

graduate students.

The ‘Table of Contents’ (ToC) gives structural information about a document. For ETDs, it

contains a detailed listing of chapters, sections, and sub-sections. Thus, the ToC provides a

hierarchical representation of the document with several levels of headings included. Several

tools like PyMuPDF [69] help extract the ToC contents. ETDs don’t have a strict writing

format. Therefore, the structure of ToCs also varies greatly. Figure 2.1 shows two such

variations in the ToCs. Due to such variations, using a rule-based approach or a tool to

extract information from the ToC often results in parsing errors.

Tools such as Grobid [75] help in parsing scientific documents and generating a TEI/XML

output. Grobid is a machine learning tool that was trained using scientific papers and

articles. That is likely to be why our experiments with ETDs have shown that it is unable to
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accurately generate chapter boundaries. As a part of work done in CS 6604 [12], we extracted

text from 11674 theses and 7033 dissertations from Virginia Tech’s ETD collection1 using

Grobid. We applied post-processing to analyze the TEI/XML results from parsing by Grobid.

We found that Grobid generated far more chapters than a document actually had, often

recognizing 100-plus chapters from one ETD. We observed a number of chapters extracted

being between 1 and 313 with Grobid. Thus, we decided to investigate other approaches for

chapter segmentation.

Figure 2.1: Variations in the Table of Contents

2.3 Automatic Classification

In this section, we discuss prior work done in classifying text [99], specifically scholarly

documents. Automatic classification is usually a supervised [98] technique of using labeled

training data to learn the mapping between features and classes in the output data. Typ-

ically, the labeled data is mapped to a pre-defined classification system. We go over some
1https://hdl.handle.net/10919/5534

https://hdl.handle.net/10919/5534
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of the classification systems in Section 2.3.1. Classification tasks can be characterized as

follows.

1. Binary Classification [60] classifies objects into one of two possible classes. A

typical example is spam detection which involves classifying an email as either ‘spam’

or ‘not spam.’

2. Multi-class Classification [22] is used to classify objects into one of the classes from

a known set. An example will be classifying a news article into one of the categories

(classes) to which it can belong, e.g., “sports”.

3. In Multi-label Classification [22], objects can belong to more than one of the

classes from the available set of classes. A typical example is a movie belonging to

multiple genres (classes). The movie ‘SpiderMan’ is classified on IMDb [84] as action,

adventure, and fantasy.

Popular traditional machine-learning classification techniques include logistic regression, de-

cision trees, naïve Bayes, K-nearest neighbors, support vector machine [19], and random

forest [21].

2.3.1 Classification Systems and Classifiers

Several classification systems help to categorize academic disciplines, such as the Library

of Congress Classification (LCC) system [79], ProQuest subject categories [91], and ACM

Computing Classification System (CCS) [3].

The ACM CCS is a hierarchical taxonomy system for categorizing academic publications

in computer science and related disciplines. In his dissertation [28], Yinlin Chen created

multiple classifiers to categorize user-generated computing-related resources into the ACM
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CCS. The LCC is a hierarchical system used to categorize books and other literature in

libraries that is widely used in the United States. The LCC consists of 21 main classes, further

divided into sub-classes, etc. Venkat Srinivasan did preliminary studies on classifying ETDs

using LCC [107]. ProQuest subject categories provide a hierarchical taxonomy to categorize

research material such as theses and dissertations. The major areas include business, health

and medical, social sciences, arts, humanities, religion, education, science, and technology. It

is further divided into subcategories and specific subjects. In [59], Palakh Jude used various

machine and deep learning methods to classify chapters of ETDs into 28 categories using

the ProQuest subject categories classification systems. She reported that SVM classifiers

performed the best using her document set.

2.4 Language Models and Machine Transduction

In machine transduction [49], the goal is to learn a mapping between the input and output

sequences. This involves creating a model that can accurately generate the correct output

sequence given any input sequence. Examples of transduction include machine translation,

summarization, question answering, and even classification.

We use zero-shot and few-shot learning techniques to perform tasks with limited training

data. In zero-shot learning [106, 108], the aim is for an unaided model to correctly classify

unseen data. During the training stage, the model learns from auxiliary data in the form

of descriptions and other features. On the other hand, in few-shot learning [95, 105], the

model is provided with a few examples during the training process. Both methods have

a wide variety of applications, including image classification, object detection, and text

classification.

A recurrent neural network (RNN) [96] is a type of neural network that helps in processing
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sequential data. RNNs maintain a memory of the previous words in a sentence and use

that information to make predictions, thus making use of context. Long-Short Term Mem-

ory (LSTM) [53] characterizes a specific type of RNN also capable of handling sequential

data. LSTMs specifically address the issue of vanishing gradient by selectively storing or

discharging information from previous steps.

An attention mechanism enables a neural network to focus on specific parts of an input

sequence when predicting, by determining which words are most relevant in the input. Thus,

the output captures better context. Transformers, as introduced by Vaswani et al. in

2017 [112], use an attention mechanism in both the encoder and the decoder.

Transformers have proven to be highly effective in natural language processing tasks such

as summarization, question answering, and translation. We can use machine transduction,

e.g., transformers, to obtain chapter identifiers in the form of chapter classification labels

and summaries from chapter text.

2.4.1 Language Models

Language models help estimate the probability of the next word occurring in a sentence.

Thus, they are particularly useful in various natural language processing tasks. There are

several types of language models, such as the n-gram models, recurrent neural network

(RNN) models, and transformer models. Transformer-based language models have been

increasingly used in recent times. Large language models (LLMs – see the next subsection)

are being trained on an enormous quantity of data which helps the model better generate

contextually meaningful output. Language models can predict correct or relevant terms only

when exposed to the domain or language-specific vocabulary. BERT [38], SciBERT [17],

RoBERTa [73], and GPT [92] are examples of transformer-based large language models.
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BERT is a language model that uses bidirectional training of transformers. It has been

trained using the English Wikipedia [113] and an extensive collection of free novels written by

unpublished authors known as BookCorpus2. Various domain-specific language models have

been developed to cater solely to a discipline. BioBERT [63] is a pre-trained model designed

to help with biomedical text mining and analysis. SciBERT, on the other hand, was trained

on a corpus of 1.14 million computer science and biomedical papers from Semantic Scholar3.

Unlike BERT-based models that consider the context of the input sequence while predicting

the output sequence, GPT is an auto-regressive language model that predicts the next word

based on the previous sequence of tokens. In Longformer [18], the authors proposed a ‘task

motivated global attention’ to handle long document tasks. The model was fine-tuned for

several downstream tasks like classification, text summarization, and question answering.

BigBird Pegasus [117] is another attention-based model that is capable of handling longer

contexts. It has also been shown to perform well on several tasks, including summarization.

2.4.2 Large Language Models (LLMs)

Generative AI [48] and LLMs have proven to be effective in many scenarios such as knowledge

discovery, answering questions, summarizing research content, and other NLP downstream

tasks. Some popular generative LLMs are GPT [92], Llama 2 [110], Llama 3 [7], Gemini [44]

and Claude [11]. In [120], the authors surveyed the most popular large language models,

covering several characteristics, including performance, training data used, and hardware

requirements. Typically, these models are trained on huge real-world text corpora and can

be fine-tuned for specific tasks. Although LLM-based systems have been applied to improve

the handling of multiple NLP tasks, researchers should be aware of several issues, such as the

2https://paperswithcode.com/dataset/bookcorpus
3https://www.semanticscholar.org/
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fabrication of information associated with using them. Example issues include generating:

random text, incorrect statements, misinformation, irrelevant content, texts that promulgate

bias (that characterizes the training data), information that violates rules of privacy or

security, or stale results (missing fresh information only available after the training date).

Finally, not all LLMs are available openly for research. To get the most out of using LLMs, it

is imperative to deploy the models locally and pre-train or fine-tune them as per the task and

data needs. Figure 2.2 depicts various approaches to training or tuning different language

models. Although pre-training can be the most effective way to customize and train any

language model, it is rarely feasible to use that approach for LLMs. LLMs have shown to

work well with instruction tuning them on specific tasks as discussed in Section 2.4.2.1.

For our work discussed in Chapters 4 and 5, we use Llama 2 and/or Llama 3 as the large

language model of choice. Llama 2, released by Meta in July 2023, was trained on trillions

of tokens. They have three different parameter models (7B, 13B, and 70B) and two versions

for each (chat and non-chat). Llama 2 is openly available for researchers to use through

HuggingFace or direct download. Llama 3, on the other hand, was released in April 2024

and contains two models with 8B and 70B parameters. It also has two variations: one is the

pre-trained model, and the other is the instruction-tuned model. This ‘Instruct’ model is

specifically trained to be used in a dialog use case and thus is able to learn from instructions

provided by the user (few-shot or many-shot learning). This gives us a unique ability to

fine-tune the models using instruction tuning on several downstream tasks.

2.4.2.1 Prompt and Instruction Tuning

Prompt tuning, as first discussed in the paper [65], is an effective way to train large lan-

guage models on downstream tasks. Unlike traditional fine-tuning, with training on specific

datasets for the model to work on downstream tasks, prompt engineering involves crafting
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Figure 2.2: Training approaches for language models

user inputs to generate desired results. Prompt tuning refines LLMs by using prompts in-

stead of changing the core parameters of the model. This is effective for LLMs as fine-tuning

them is an extremely resource-intensive process. Prompt tuning involves providing prompts

to guide the model in generating the desired output for specific tasks. There are multiple

approaches for prompt tuning. One can provide prompts and instructions to the model to

generate output, similar to zero-shot learning. On the other hand, as in few shot learning,

users can provide examples for the model to learn from, alongside the prompts. Although

prompt tuning can generate desired outputs for several downstream tasks, it can get chal-

lenging when dealing with a specific but large and heterogeneous corpus such as scholarly

ETDs.

As discussed above, fine-tuning LLMs is not an option for research settings. Therefore, we

resort to instruction tuning. Instruction tuning [115] can be effective when working with spe-

cific datasets. It involves changing the model weights as the model is trained on the desired

dataset. The resultant model is, therefore, capable of following the instructions provided.

Fine-tuning using instructions has been shown to significantly improve the performance of

a model when compared to its zero-shot setting [119].

We use LMs and LLMs to generate derived metadata at the chapter level in the form of
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chapter classes and summaries. More details are in Chapters 4 and 5.

2.5 Summarization

Summarizing text is a natural language processing task of immense significance for our

dataset. There are two classes of techniques for summarization, namely, abstractive and

extractive.

Extractive summarization selects one or more portions from the original text for inclusion

in the target summary. On the other hand, abstractive methods mimic human techniques,

where new words can be used to create a text that covers the semantic content of the original.

In [9], the authors give an in-depth description of how extractive summarization works.

SummerRuNNer [83] is a recurrent neural network-based tool for extractive summarization.

BERTSumm [72] utilizes the BERT language model to perform extractive summarization.

The authors used BERT and fine-tuned it by adding summarization layers on top of it.

Some state-of-the-art methods for abstractive summarization include the Pointer Generator

[100] and Fast Abstractive Summarization with Reinforce-Selected Sentence Rewriting [29].

The Pointer Generator is a sequence-to-sequence model capable of generating new words

related to the original text. In BERT-AL [118], the authors propose a model to handle long

sequences by introducing a multi-layer LSTM into each layer of BERT. The authors evaluated

BERT-AL using the CNN/Dailymail summarization dataset [52], which is a dataset with an

average token size of 781. In [54], the authors propose a new attention mechanism to gather

salient content from input tokens and extend the context length to up to 10K tokens. In [24],

the authors use the document’s structure to aid in the summarization process by creating

a document structure tree. The authors annotate a dataset that depicts the question and

summary hierarchy from long documents. Therefore, given a question (context), their model
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is trained to generate a summary. The Longformer encoder-decoder (LED) architecture

is capable of handling up to 16K tokens at a time. The authors also evaluated various

benchmark datasets for each of the downstream tasks. Research proposed in [62] introduced

a hybrid approach that includes extractive and abstractive methods. Most of these works use

either a named entity recognition tool or some form of information extraction tool [50, 68].

2.6 Systems and Services

As a subject matter expert in CS5604’s Fall 2022 and 2023 offerings, I mentored a group

of 4-5 students in each semester. Our first iteration of the prototype system developed in

the Fall 2022 offering of CS5604 [37, 43, 58, 87, 103] was comprised of services supporting

the needs of both readers and developers (experimenters). The services developed displayed

classification results of already segmented documents on the document view page. It also

enabled developers to experiment with classification models by uploading a document and

selecting the model they wanted to use on the experimenter page. This work was published

and co-presented at ACM/IEEE JCDL [27] in 2023. The team working on classification and

summarization in Fall 2023 [82] engaged in enhancing and improving the system further. This

work involved using LLMs in the workflow, generating classification labels and summaries for

more documents, and improving collaboration with other teams in the course (with better

APIs and organization of system components).

2.7 Evaluation

We employ some commonly used metrics – such as accuracy, precision, recall, and F1 measure

– to report the performance of our machine learning models. We discuss BLEU [88] and
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ROUGE [67] metrics to evaluate automatically generated summaries.

First, we define some of the terms that help us calculate the aforementioned metrics.

True Positive (TP) reflects the positive classes that have been classified as such.

True Negative (TN) reflects the negative classes that have been classified as such.

False Positive (FP) reflects the classes erroneously classified as positive.

False Negative (FN) reflects the classes erroneously classified as negative.

2.7.1 Accuracy

Accuracy, as shown in Equation 2.1, is the measure of correctly classified data instances

among the total number of predictions. Accuracy tends not to be the best measure when

data is imbalanced.

Accuracy =
TP + TN

TP + TN + FP + FN
(2.1)

2.7.1.1 Precision

Precision, as shown in Equation 2.2, is a measure of true positives amongst all the predicted

positive instances. A high precision (close to 1) value indicates that the classifier is doing a

good job, wherein when a class is assigned, it tends to be correct.

Precision =
(TP )

(TP + FP )
(2.2)
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2.7.1.2 Recall

Recall, as shown in Equation 2.3, is a measure of sensitivity or true positive rate. It records

the true positives among all actual positive instances. Thus it indicates how many of the

members of a class are identified.

Recall =
(TP )

(TP + FN)
(2.3)

2.7.1.3 F1 Measure

F1 measure, as denoted in Equation 2.4, is a balanced metric. It is calculated by finding

the harmonic mean of Precision and Recall. F1 score is a better metric than accuracy when

dealing with an imbalanced dataset.

F1 =
(2× Precision×Recall)

(Precision+Recall)
(2.4)

2.7.1.4 Micro, Macro, and Weighted Averaging

Precision, Recall, and F1-scores have micro, macro, and weighted averaging of the metrics.

• Micro-averaging is used to provide the overall performance by giving equal weightage

to each instance. This is well suited for a balanced dataset.

• Macro-averaging is used to understand the model performance for each class, especially

when the data is imbalanced. This metric can help understand the performance of

minority classes better.

• Weighted-averaging adjusts for class imbalance issues by adjusting the weights.
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2.7.1.5 ROC Curve

The Receiver Operative Characteristic (ROC) curve is a graphical plot describing classifier

performance at all thresholds. It was first developed for use in signal detection theory in the

1940s. However, it is now used in a variety of fields such as medicine, epidemiology, statistics,

and machine learning [20, 34, 51]. The ROC curve shows the true positive rate (sensitivity)

on the y-axis, and the false positive rate (1 - specificity) on the x-axis. The true positive

rate is the proportion of actual positive cases that are correctly identified as such, while the

false positive rate is the proportion of actual negative cases that are incorrectly identified as

positive. A diagonal line from the bottom-left corner to the top-right corner represents the

ROC curve of a random classifier, with an area under the curve (AUC) of 0.5. The closer the

ROC curve is to the top-left corner, the better is the classifier’s performance. ROC curves

are useful for comparing the performance of different classifiers and for selecting the best

threshold for a given classifier, depending on the relative importance of false positives and

false negatives in a particular application.

2.7.2 Summarization Evaluation

2.7.2.1 BLEU Score

Bilingual Evaluation Understudy [88] or BLEU scores were developed in 2002 to evaluate

machine translation tasks. However, they are also used in evaluating text summarization.

BLEU scores are calculated by using a modified n-gram precision, for various values of n.

They measure how many n-grams in the candidate sentences match the reference sentences.

While BLEU is very effective in detecting extracted phrases and matches, it falls short when

paraphrasing or synonyms are involved. For machine translation tasks, precision or exact

matches between the candidate and the reference statement are important. However, this
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is less relevant when considering summarization. The score favors summaries when exact

sentences are picked from the input text in the generated summary. This is often not the

case, especially for abstractive summarization techniques. Therefore, BLEU scores are not

the appropriate metric to evaluate automatically generated abstractive summaries.

2.7.2.2 ROUGE Metric

The ‘Recall-Oriented Understudy for Gisting Evaluation’ (ROUGE) set of scores [67] is

commonly used to evaluate machine translation and summarization tasks. ROUGE scores

help us evaluate an automatically generated summary against a reference summary, often

called the gold (standard) summary. The most common ROUGE metrics are as follows.

• ROUGE-N measures the overlap of n-grams between the automatically generated and

gold summaries.

• ROUGE-L measures the longest common subsequence between the automatically gen-

erated and gold summaries.

• ROUGE-S measures the skip-bigram co-occurrence. This allows us to search for words

occurring consecutively in the gold summary but that might be separated by word(s)

in the generated summary.

All ROUGE metrics report the F1-Score, Precision, and Recall.

2.7.2.3 G-Eval

Evaluating summaries poses several problems. In order to evaluate summaries, we need

ground truth reference summaries to compare with automatically generated summaries.
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In [71], the authors suggest evaluation using LLMs to evaluate natural language genera-

tion tasks such as summarization. The authors proposed a framework for evaluating natural

language generation (NLG) outputs using an LLM and the chain-of-thought (CoT) approach.

The research uses prompting on GPT-4 to generate scores for coherence, consistency, flu-

ency, and relevance. For summarization evaluation, the authors used the SummEval dataset

to evaluate this approach. It was shown that the proposed evaluation method, named G-

Eval [71], surpassed all other state-of-the-art evaluators on the SummEval dataset.

2.7.3 Human Evaluation

Apart from obtaining automatic evaluation scores for text, it is imperative that we conduct

a human evaluation to evaluate the quality of the generated summaries. Prior research has

shown that leveraging human capabilities helps improve AI models. In [25], the authors use

human annotators for training data. They reported from their study that annotators did

not need to be experts. In [64], the authors conducted a study to evaluate the human and

AI model interaction, where interactivity leads to a richer evaluation. For example, a user is

asked to edit an automatically generated summary or find answers to questions by querying

the model. In [116], the authors proposed a method to leverage human feedback to learn

from and thus create better summaries. They used the task decomposition method to train

the model on smaller parts. They used human feedback to improve on bigger tasks.



Chapter 3

Datasets: Curation and Preparation

3.1 Chapter Overview

In this chapter, we start by discussing our ETD repository of over half a million documents.

As a part of the IMLS-funded research collaboration with ODU [55], we have amassed a

collection of ETDs from across the United States, covering many disciplines. ETDs are typ-

ically hosted by university repositories and stored and shared as PDF files. We harvested

the ETD full text and other metadata information in these repositories. Long ETDs need to

be segmented into chapters to perform chapter-level analysis. We discuss some of the auto-

matic segmentation approaches and analyze the results from those methods. We introduce

all of our data and subsets used in various experiments discussed in the research work in the

dissertation. Finally, we discuss a text extraction and data pre-processing pipeline that is

useful to obtain ‘clean text’ from an ETD and its chapters.

3.2 Dataset Collection and Analysis

We have amassed a collection of over 500,000 ETDs across academic institutions in the

United States. This effort has been reported and published in [111]. Our ETD dataset

comprises born-digital and scanned PDF files. Born-digital documents have been converted

to PDF digitally with the help of software such as Word or LaTeX. Most PDF files since

28
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Table 3.1: Metadata field distribution

Metadata Field Count Description
id 533047 Unique ID attached to each document in our collection
title 533042 Document title
author 532957 Author name
advisor 416513 Name of committee advisor
year 467088 Year the document was made available
abstract 433688 Author provided abstract
university 522976 University name
degree 417683 Indicating masters’ or doctoral document
URI 532875 Identifier for the document
department 288502 Department information [see Section 3.2.2]
discipline 365519 Discipline information [see Section 3.2.2]
language 489372 Language of the document
schooltype 458033 Identifies if a school is an HBCU, HSI, or regular

the year 2000 have been born-digital. We had 339,485 born-digital and 170,217 scanned

documents in our collection as of February 2022.

Table 3.1 depicts the available metadata fields in our repository. We see that not all metadata

fields in the repository have information in them for all ETDs.

The number of ETDs in a university repository is determined by the number of theses and

dissertations generated at that university and the percentage of those works included in that

repository. Figure 3.1 depicts the distribution of ETDs from 15 US universities with the

largest ETD repositories that we have crawled. These repositories encompass over 53% of

the total number of documents in our collection.

3.2.1 HBCU and HSI

In our collection of ETDs, we strive to make the dataset representative. Apart from diversity

in disciplines, we harvested documents from several HBCU and HSI colleges or universi-

ties [31]. Tables 3.2 and 3.3 represent documents from HBCU and HSI sites that exist in
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Figure 3.1: Distribution of ETDs by University

our repository. We have a total of 85828 (15%) HSI and 1964 (0.3%) HBCU documents. We

recognize that the total number of documents from these sites compared to the collection

size is small. We have plans for increasing this number in the future.

3.2.2 Discussion

In this section, we go over some of the unique features of our dataset.

1. A good percentage of the metadata fields are empty, as shown in Table 3.1. Most of

the metadata information is optional for the author to supply, thus resulting in empty

fields.

2. A discipline typically refers to an area of research or study, whereas a department refers

to the academic branch in the institute that offers courses and research in a discipline.

Many universities don’t follow the traditional definition of department and discipline

and use the terms interchangeably.
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Table 3.2: Documents from HSI Sites

University Count
The University of Texas at Austin 23184
Texas Tech University 21781
Texas A&M University 12817
University of North Texas 11411
Florida International University 3672
University of California, Riverside 3458
University of California, Irvine 3083
University of California, Santa Cruz 1792
University of California, Santa Barbara 1731
Texas State University 1678
Texas State University, San Marcos 642
University of California, Merced 579
Total 85828

Table 3.3: Documents from HBCU Sites

University Count
Morgan State University 596
Howard University 394
South Carolina State University 302
Tennessee State University 219
Delaware State University 151
Bowie State University 91
Grambling State University 87
Virginia Union University 45
Jackson State University 43
University of Arkansas at Pine Buff 28
Norfolk State University 7
Kentucky State University 1
Total 1964
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3. Metadata information is typically filled into a text box by the author and not se-

lected from a drop-down menu. This results in inconsistencies, spelling mistakes, and

typographical errors.

Missing metadata can lead to data imbalance problems, especially for classification tasks.

Most of the inconsistencies require additional data cleaning and pre-processing steps. These

are discussed in detail with regard to each of the downstream tasks discussed henceforth.

3.3 Segmentation

In this section, we go over the approaches for chapter segmentation. ETDs are long docu-

ments, often 70-100 pages long; some are much longer. Table 3.4 shows the count of pages in

our ETD repository. We see that over 300,000 (over 50%) documents are 100 to 500 pages

in length. The average page count of ETDs in our current repository is 144.8 pages, with

a median value of 127. We need to segment such long documents into chapters before we

can proceed with classifying and summarizing at that finer level of granularity. Identifying

chapter boundaries correctly from the long documents is hard to do automatically. In the

following subsections, we discuss approaches to automatically segment chapters of ETDs.

Table 3.4: Page Count of ETDs

Number of Pages Count of Documents
5-9 637
10-99 178,986
100-499 324,746
500-999 2908
Above 1000 149
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3.3.1 Segmentation using LaTeX

This approach involves using LaTeX source text files to identify chapter boundaries of ETDs.

arXiv [46] is an open-access scholarly preprint server mainly catering to STEM disciplines –

specifically engineering and natural sciences. arXiv requires authors to submit the document

source text files alongside the PDFs. Therefore, we have the LaTeX sources available for

use. arXiv has a small subset of ETDs, and we use the sources from those ETDs to create a

segmentation model. The segmentation model uses page text and images to predict chapter

boundaries. This work and the dataset have been reported in [78] and [57].

We looked at a subset of segmented results to determine the performance. A significant

number of chapters were missed. Many chapter boundaries were not detected correctly. A

possible reason for such problems is that the model was trained on LaTeX documents from

arXiv. The arXiv service caters to a very specific set of STEM domains, ignoring many of

the domains found in our corpus. Further, only a very limited number of the works in arXiv

are ETDs. Hence, while training, the model was exposed to a very small amount of data,

with few document variations, taken only from a small number of STEM-based disciplines.

Therefore, it fails to perform well on a corpus very different from arXiv. See Tables A.1 and

A.2 for the performance of the ‘Chapter Start’ label from non-arXiv documents using two

approach variants. Though the F1 score for ‘Chapter Start’ shown in Table A.1 was higher

than that shown in Table A.2, it still was only 46%, making clear there were many errors.

3.3.2 Segmentation using Object Detection

We modified the object detection-based work by Ahuja et al. [5] to segment chapters. The

model takes an ETD PDF and outputs an XML file with elements marked up. The XML

tags are depicted in Table 3.5. This Yolo-based [114] object detection model was used to
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generate XML files for a randomly sampled set of 3000 documents taken from our ETD

repository. These XMLs were generated in the Fall of 2022 by Team 3 from CS 5604 [37].

The average time per document was 4 minutes, so it took over a week to process these 3000

documents.

Table 3.5: Tags in the generated XML

etd front title author university degree committee
date abs_heading abs_text tocs toc toc_text body
chapter title sections section name paragraphs para
figures figure tables table equations equation algorithms
caption footnote footnotes back ref_heading ref_text path

We use the Python ElementTree [76] parser to extract the chapters. The ‘chapter’ tag

indicates the beginning of each chapter. The ‘chapter’ tag has nested tags as depicted in

Figure 3.2. We extract the text from all of the sections and their paragraphs to create

separate chapter-specific text files. This XML method of segmenting chapters enables us to

separately extract text, as well as elements like figures, captions, and equations.

As we analyzed the XMLs, we came across some interesting anomalies. From Figure 3.3, we

see that over 1200 documents had 6-10 chapters. Also, over 1000 documents had more than

10 chapters. It is unlikely that a single ETD will have greater than ten chapters. We studied

a few PDFs and their XMLs to identify the cause of such errors. For a particular document,

we discovered there were 17 chapters generated, whereas the document, in reality, had 4

chapters. This error was due to the model falsely recognizing sections within a chapter as a

chapter boundary. We found that the most common error was to consider the abbreviations,

definitions, abstracts, and acknowledgments as chapters. Some subsections and page headers

are also marked as a chapter beginning, further leading to the incorrect prediction of a large

number of chapters.
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Figure 3.2: XML structure. Adapted from [5].

3.4 Segmented ETD Dataset (ETD-SGT)

We discuss segmentation approaches and problems associated with each of the approaches

(that are explained in Section 3.3). Models can help to automatically segment ETDs, but the

performance varies greatly depending on the style and discipline of the ETD. Nevertheless,

we need an accurately segmented ETD dataset that will be used in subsequent work to

create chapter identifiers, classification labels, and summaries. Therefore, in this section,
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Figure 3.3: Distribution of chapter numbers in ETDs

we introduce the ETD-SGT (ETD Segmented) dataset. The ETD-SGT dataset is a ground

truth dataset of chapters manually segmented from full-text ETDs. The documents were

selected from our ETD repository of over 500,000 documents. We applied the following

criteria for selecting the documents:

• We start by looking at the count of documents per university. We select the top 10

universities by count.

• We then select the top disciplines/departments by counting the number of documents

from the top 10 universities.

• From the disciplines identified, we identify a list of STEM and non-STEM disciplines.

• We select disciplines from this STEM and non-STEM list and add documents for

manual segmentation for each iteration of ETD-SGT-*.

We segment each of the ETDs according to the following scheme.

• Pages before the first chapter are named as in the front.
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• Each chapter is named as chapter<i>.

• Bibliographies are extracted and named as references.

• Any appendix available is also extracted as a separate PDF file named appendix.

Some of the uses of the above-mentioned types of segments are as follows.

• The front matter, including the abstract, can be used as an additional source of features

for any downstream task. An example is noted in Chapter 5.

• Each of the chapters can be used for downstream tasks like chapter-level classification

and summarization, as described in Chapters 4 and 5, respectively.

• References can help create citation graphs. We can use reference information such

as the titles of references to help gain context while generating chapter summaries as

discussed in Chapter 5.

3.4.1 ETD-SGT-1

The first version of the ETD-SGT dataset comprises documents from both STEM and non-

STEM fields, coming from departments with a significant count in our ETD repository of

over half a million documents. We chose the following disciplines based on the count of

documents, considering two criteria:

1. Universities with the largest number of document counts (as per Figure 3.1)

2. A mix of STEM/Non-STEM disciplines was selected on the basis of the largest number

of documents.
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The 11 departments in this dataset are Biology, Computer Science, Mechanical Engineering,

Psychology, History, Business Administration, Architecture, Electrical Engineering, Public

Policy, English, and Education. Table 3.6 shows some statistics of the segmented dataset.

We started with a subset of 200 documents, but we found 8 ETDs unusable as they were

missing the original ETD PDF.

Table 3.6: ETD-SGT-1

Feature Count
Number of Documents 192
Number of Chapters 1074

Number of Departments 11

3.4.2 ETD-SGT-2

Employing time-intensive manual segmentation methods, we gradually and continually in-

crease the number of documents in the ETD-SGT dataset. Thus we started at 10 and went

up to 50. The selection policy of the documents remains the same as ETD-SGT-1 making

the current document number 242. The approach for segmenting is the same as the one used

in ETD-SGT-1, as shown in Section 3.4.1.

3.4.3 ETD-SGT-3

Our VT-wide user study is discussed in Section 6.3.3.3. We received interest from participants

from a diverse set of disciplines. Some of the disciplines already existed in our ETD-SGT-*

corpus. However, we were fortunate to attract interest from domains such as Neuroscience

and Ecology – domains that did not exist in our ETD-SGT-* corpus. Therefore, we added
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ETDs from these domains to the ETD-SGT set . The final ETD-SGT dataset during the

time of this ETD submission has 244 documents. The approach for segmenting is the same

as the one used in ETD-SGT-1, as shown in Section 3.4.1.

3.5 ETD Data Subsets

3.5.1 PQDT

A dataset of 9298 documents across 28 different subject categories mapping to the ProQuest

subject category system was used and reported in [59]. The number of categories and

documents was limited to 28 and 9298, respectively, to balance the dataset yet have enough

data to train machine learning and deep learning models. At most, each subject category

has 500 documents. Table 3.7 shows the distribution for that dataset of documents across

various categories.

We notice that minority classes, like Forestry and Industrial Engineering, comprising 121 and

196 documents, respectively, indicate that the dataset is not balanced. We also note that

there are 17 STEM disciplines with a total of 6734 documents and 11 Non-STEM disciplines

with 5198 documents. Therefore, the dataset is not distributed evenly among STEM and

non-STEM fields. The subtotals above and the entries in the table include documents that

might belong to multiple subject categories. However, we have 9298 unique ETDs that were

used in the final dataset.
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Table 3.7: Number of ETDs in each subject category in the PQDT ETD collection (alpha-
betic order). Adapted from [59].

Subject Category Number of ETDs
Adult education 500
Aerospace engineering 386
Biomedical engineering 485
Chemical engineering 325
Civil engineering 496
Computer Engineering 380
Computer science 500
Ecology 500
Educational leadership 500
Educational psychology 500
Electrical engineering 500
Elementary education 499
Environmental science 494
Forestry 121
Higher education 500
Industrial engineering 196
Marketing 271
Materials science 482
Mathematics 222
Mechanical engineering 500
Molecular biology 500
Occupational psychology 500
Organic chemistry 255
Public administration 428
Secondary education 500
Special education 500
Statistics 392
Teacher education 500
Total 11932

3.5.2 ETD-CL

The ETD-CL subset has been curated specifically for the classification task from our ETD

repository. It covers a set of 47 disciplines balanced across STEM and non-STEM fields.
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To verify that a department belongs to STEM, we use the U.S. Department of Homeland

Security (DHS) list1. This dataset has been manually curated to have a consistent identifi-

cation of discipline that is guaranteed to eliminate the inaccuracy of metadata, as reported

in Section 3.2.2. We have applied the following steps to curate this dataset:

• We start by looking at the disciplines and department information in our metadata.

Universities tend to use these terms interchangeably. Thus, we need to look at both

fields to gather as much data as possible.

• We use lowercase, strip any spaces, and use a spell checker to correct the metadata.

• We omit superfluous words. Thus, the “department of physics” and “physics depart-

ment” are represented by “physics”.

• After cleaning the metadata fields, we sort the discipline information by count of

documents. Our goal is to obtain a balanced dataset evenly spread across STEM and

non-STEM disciplines.

• We select the top 25 STEM and non-STEM disciplines (each) to have enough diversity

in the document set and be representative of our ETD repository.

Tables 3.8 and 3.9 list the 25 STEM and 22 non-STEM disciplines. The departments are

listed in descending order of the count of the total number of ETDs available. We had to

drop 3 non-STEM disciplines as these three disciplines had fewer documents than 200. To

have a balanced set with a considerable number of documents for training, we make sure

that each discipline has exactly 200 documents.

Department names are left in the form provided in the metadata. Though it might be helpful

to normalize or group them, there are dangers in doing so, and such work is beyond the scope
1https://www.ice.gov/sites/default/files/documents/stem-list.pdf
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of this study.

Table 3.8: STEM ETDs

Department
Aerospace engineering
and environmental engineering
Animal science
Architecture
Biology
Biomedical engineering
Chemical engineering
Chemistry
Civil, architectural,
Communication sciences and disorders
Computer science
Crop science
Earth and atmosphere sciences
Economics
Geological sciences
Home economics education
Kinesiology and health education
Linguistics
Materials science and engineering
Mathematics
Mechanical engineering
Petroleum and geosystems engineering
Physics
Political science
Psychology
Electrical and computer engineering

Table 3.9: Non-STEM ETDs

Department
Advertising
Anthropology
Art design and history
Business administration
Communication studies
Community and regional planning
Counselling leadership,
adult education and school psychology
Curriculum and instruction
Education
English
Geography
Government
History
Journalism
Music
Philosophy
Public affairs and policy
Radio-television-film
Social work
Sociology
Spanish, Italian and Portuguese
Theatre and dance

3.5.3 Dataset for Fine-tuning Language Models (FTD)

In this section, we describe the data subset that was used to fine-tune language models in

Section 4.3.2.2. We use ETDs from our ETD repository as discussed in Section 3.2. The

documents comprise two University of California schools: Berkeley and Irvine. We have
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taken all the documents from these two universities. This set is thus diverse across various

disciplines as both California state schools cater to a wide variety of subjects. We only

use born-digital documents to fine-tune language models, as text extracted from scanned

documents often results in noisy data. Statistics about the fine-tuned language models with

and without front matter is discussed in detail in Table 3.10. We use the full text (with and

without front matter) from these ETDs to fine-tune language models as discussed in detail

in Section 4.4.2.2.

Table 3.10: Statistics of ETDs used for fine-tuning language model (for ETD-FTD set)

ETD feature Mean Word Count
Full-text 51154
Without front matter 45792

3.5.4 ETD-SummEval

To evaluate automatic summaries, we need to have gold standard summaries to compare

against. While a document abstract is commonly available, chapter abstracts are rarely

found. Thus, evaluating such summaries becomes a significant challenge. We have manually

selected ETDs that have a summary or an abstract associated with each chapter. While this

rarely occurs, we still have found a couple of universities where a summary or a discussion

section is associated with each chapter of an ETD. An alternative to this is to find a scholarly

article that corresponds to an ETD chapter, where the article has an abstract. This situation

arises for some of the chapters of ETDs that are directly related to a conference proceeding

paper or a journal article. This gives us the abstract of the peer-reviewed article as the

gold standard summary. However, without the paper attached to a chapter, we need to
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search the author’s Google Scholar listing to find a corresponding paper, e.g., with a title

similar to a chapter name. In yet another alternative approach, we need to apply an object

detection model that will identify an “abstract” or “summary” section at the start of a

chapter. The three aforementioned techniques are extremely time-intensive, requiring careful

manual intervention. Thus, we have only been able to curate a small collection of chapters

and their abstracts. We keep incrementally adding more chapters to this list as we come

across more documents with abstracts that are associated with chapters. We have only

50 such ETD chapters with summaries. They belong to the following disciplines: English,

biology, mechanical engineering, education, and computer science.

3.5.5 ETD Dataset Description and Uses

Table 3.11 provides a summary and some statistics regarding the ETD data subsets discussed

in the previous subsections.

3.6 Text Extraction and Pre-processing

Each ETD comprises several chapters. We perform text extraction on each of the documents

and chapters (where segmented, such as from the ETD-SGT* datasets). We compare various

Python-based tools (as discussed in Chapter 2, Section 2.1) for this task. We discuss the

text extraction approaches and our observation in Table 3.12.

PdfPlumber [104] performed the best; thus, our first approach was to use it to extract text

from the PDFs. Figure 3.4 shows how the text from equations is extracted. We see that most

of the mathematical relationships are not extracted correctly. Such input data is not very

helpful for tasks such as fine-tuning language models, classifying, and summarizing content.
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Table 3.11: ETD data subsets

Dataset Description No. of Documents Task (Section)
ETD-SGT-1 Manually segmented 192 Classification,
ETD-SGT-2 documents 50 Summarization (3.4)
ETD-SGT-3 2

PQDT Curated from 9298 Classification
ProQuest ETDs [59] (3.5.1)

ETD-CL Manually curated 9400 Classification
(3.5.2)

FTD Born-digital ETDs 8200 Data used in
fine-tuning language

models (3.5.3)
ETD-SummEval Born-digital ETDs 45 chapters Data used to set

with ground truth up summarization
summaries baseliness (5.3.1)

Therefore, we remove such elements as an extra step to help improve the utility of our output

text. We leverage the work done in [5] to remove the unwanted elements in the generated

text. Figure 3.5 is a list of elements we deem not helpful. Accordingly, we decided to exclude

them from the extracted text of the ETDs.

Table 3.12: Comparison of Text Extraction Tools

Name Overall Quality Comments
Abbyy Cloud OCR SDK Very Good Paid
PDFMiner Moderate Many blank extractions observed
PDFPlumber Good Easily scalable
PyMuPDF Good Not easily scalable
AWS Textract Excellent Paid
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Figure 3.4: Equation and its extracted-text version

Figure 3.5: Elements excluded from extracted text

3.6.1 Ensemble Text Extraction Pipeline

Earlier in this section, we described text extraction using PdfPlumber. We also discuss ap-

proaches to remove unwanted elements such as figure captions, etc. However, manual eval-

uation proved that Pdfplumber, alongside object detection approaches, was not performing

the best. The extracted text was often noisy – thus warranting a different approach. This

section discusses our second approach, i.e., text extraction using a hybrid method of AWS

Textract [101] and the object detection methods described in [5]. AWS Textract has been

shown to perform well in text extraction, especially from born-digital documents. Figure 3.6

depicts the ensemble pipeline that uses bounding box information from each of the AWS
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Textract and object detection methods to extract clean text. This text extraction approach

incurs cost. Therefore, we have only extracted text from documents in the ETD-SGT*

datasets, which we later use for our downstream tasks.

In Step 1, we perform the following to extract text from ETD pages using AWS Textract.

1. We first create page images in JPEG format from each page of an ETD. This step is

required if Textract is used through AWS access keys and APIs.

2. We pass the page images sequentially to Textract by using the “detect_document_text”

method.

3. We save the responses in JSON format for parsing.

Figure 3.7 shows the elements extracted from a page using Textract. Three different ‘Block-

Types’ are detected by Textract: PAGE, LINE, and WORD. Each ‘BlockType’ that is a

LINE or a WORD has a confidence score, text, and several other extracted attributes, as

shown in Figure 3.7. We specifically look at the extracted text and the bounding box in-

formation. We create a script that parses JSON files and extracts the relevant information.

Figure 3.6: Ensemble text extraction pipeline
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Figure 3.7: AWS Textract JSON response

In Step 2, we generate bounding boxes using the object detection method for each page of

the ETD. Figure 3.8 shows the bounding box information extracted. The model generated

the four coordinates along with the label and page numbers.

In Step 3, we use the bounding box information from both AWS Textract and object de-
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Figure 3.8: Bounding box information from object detection

tection to weed out the unwanted elements as listed in Figure 3.5. It is crucial to note

that the bounding box in both the approaches does not match regarding having the same

scale. Therefore, to make sure we can compare bounding box information, we need to scale

up/down the information for one of the coordinates. Accordingly, we scale up the bounding

box information from Textract by multiplying X and Y coordinates by 1700 and 2200, re-

spectively. We chose these numbers as the YOLO-V8-based object detection method works

on page images of size 1700*2200. Therefore, we are left with clean text from each of the

chapters of the ETD-SGT* datasets.

3.7 Conclusion

In this chapter, we review our primary ETD repository and other ETD subsets used through-

out the research work. We discuss several automatic segmentation approaches and arrive at

the following conclusions for the hypothesis:
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“Our approach to automatic chapter boundary detection using a neural network model

trained on long scholarly documents yields better results than available SOTA neural network

models trained on collections of shorter documents.”

1. We find that the neural model trained on scholarly documents yields better results

than SOTA models trained on shorter documents, as shown in Section 3.3.2.

2. The neural model generates false positives for chapter boundaries. Therefore, the

quality is unacceptable. Hence, we rely on manual segmentation to create the ETD-

SGT* datasets as described in Section 3.4.



Chapter 4

Chapter Classification

4.1 Chapter Overview

In this chapter, we discuss the work related to classification. Our goal is to classify chapters

of ETDs. Classification ground truth only exists at the ETD document level in the form

of ‘discipline’ or ‘department’ information in the metadata. Thus, we start by comparing

various classification approaches to evaluate which method performs classification better at

the document level (on the PQDT and ETD-CL datasets discussed in Chapter 3): (1) using

neural networks, language models, and/or transformers; or (2) using earlier approaches such

as SVM and Random Forest. In addition to F1, Precision, and Recall, we examine ROC

analysis to better understand models’ category-level performance. We also generate the top

3 predicted labels by using our best-performing models and generating probability-based

predictions. We then use the best-performing approaches to generate chapter labels on the

ETD-SGT-1 dataset. To evaluate this approach, we show the labels to our users as outlined

in Chapter 6. We report the results from that study.

4.2 Datasets

In this section, we discuss the data subsets used for various classification experiments. Ta-

ble 4.1 describes the data subsets, and the classification tasks in which they have been used.

51
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Table 4.1: ETD Datasets for Classification

Dataset, Description Number of Task,
Section Documents Section
FTD, Born-digital ETDs 8200 Fine-tuning language
3.5.3 models, 4.3.2.2
PQDT, Curated from 9298 ETD classification,
3.5.1 ProQuest ETDs [59] 4.3.1 & 4.3.2
ETD-CL, Manually curated 9400 ETD classification,
3.5.2 4.3.2
ETD-SGT-*, Manually segmented 246 ETD chapter
3.4 documents classification, 4.3.4

4.2.1 Data Preparation Setups for FTD

In this section, we discuss the various data preparation setups used in this chapter.

1. FTD Setup 1 - ETDs with front-matter: In this setup, we use text from the entire

ETD for experimentation.

2. FTD Setup 2 - ETDs without front-matter: In this setup we eliminate the front matter

consisting of elements before the first chapter of the ETD. We hypothesize that the

front matter, comprising the table of contents (ToC) and other tables, is more likely

to confuse the model, which usually works with sentences. This is because the ToC

consists of characters like ‘.’ and ‘-’ that follow a chapter or section name. Such

characters are likely to confuse a language model. We don’t lose any critical information

as the contents of such tables are also included in the document full-text.
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4.2.2 Mapping ETD Departments to ProQuest Subject Classifica-

tion System

Figure 4.1: Example of ProQuest subject category and hierarchies of labels [91].

As Chapter 2 mentions, the ProQuest subject category system is an already established

hierarchical taxonomy designed to categorize academic theses and dissertations. It has entries

for the various academic fields, both STEM and non-STEM. Our ETD-CL dataset is created

to help achieve a balanced dataset that can be used as a ground truth dataset. We map the

ETD department names in the ETD-CL dataset into the ProQuest classification system of

2022-2023 [91] using the following steps:

• We start with the ProQuest categories from the latest year (2022-23 academic year).
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• The ProQuest classification system is hierarchical and represented into three levels as

shown in Figure 4.1.

• We look at the ETD department in the ETD-CL dataset discussed in Section 3.5.2.

Based on the department, we map them to ProQuest categories using the subject

categories guide provided by ProQuest [91].

• We record all the levels of subject categories (3 levels) alongside the code for the third

level categories. This information is stored in CSV format alongside the original classi-

fication dataset mentioned in Chapter 3. Thus, we ensure that all possible information

is retained.

The mapping is displayed in Figure B.1 in Appendix Section B.1.

Mapping our department information to ProQuest helps us classify documents based on an

established academic classification system, thereby mitigating some of the metadata am-

biguity issues we face with ETD department metadata information. This mapped dataset

helps us obtain more informative labels for the ETD-CL dataset, which is used to set up

baselines and train our classifiers.

4.3 Methodology

4.3.1 Baseline Machine Learning Classifiers

We use Support Vector Machine and Random Forest as the baseline machine learning classi-

fiers on the PQDT dataset. We make sure to remove the front matter information, especially

the information on the first page of the ETD. This is because the first page contains infor-

mation about the degree and the discipline, which exposes the model to the data it is trying
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to predict.

4.3.2 Language Models

In this section, we go over experiments done with language models. We use a mix of both

pre-trained and fine-tuned language models, and models with different context lengths.

4.3.2.1 Pre-trained Language Models

We use pre-trained language models to classify documents in the PQDT, ETD-CL, and

ETD-SGT-1 datasets. For PQDT and ETD-CL, we use the ETD title, abstract, and de-

partment labels. For the ETD-SGT-1 dataset, we use chapter text from each chapter of the

ETD. We use the BERT, SciBERT, and Big-BIRD Pegasus pre-trained models for sequence

classification.

4.3.2.2 Fine-tuned Language Models

To fine-tune the language model, we start by using BERT and SciBERT as the base models.

We use Hugging Face’s PyTorch implementation for fine-tuning. Once we have a fine-

tuned language model, we use it to evaluate the quality of the LM both intrinsically and

extrinsically. We use perplexity score [23] as the intrinsic metric and classification as the

extrinsic downstream task. In addition to using BERT and SciBERT base models, we use

two fine-tuned LMs: BERT+ETD and SciBERT+ETD. Both of these models have been

fine-tuned using the FTD dataset as discussed in Section 3.5.3. For extrinsic evaluation, we

use classification as the downstream task of choice. We use both the PQDT and ETD-CL

datasets for this task.
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4.3.3 Large Language Models

We use Llama 2 [110] and Llama 3 [7] as the large language models of choice for the classi-

fication task. Specifically, we use the 13B model for Llama 2 and the 8B model for Llama

3. We chose these models as they are openly available for research and have been shown to

rival GPT-4 in several tasks. We use the GPU resources provided by the Advanced Research

Computing (ARC) cluster [4] at Virginia Tech. ARC’s Tinkercliff flagship resource is instru-

mental in supporting the most computationally intensive projects. Tinkercliff hosts Nvidia

Tesla A100 and DGX A100 nodes with 80GB GPU memory. To effectively get results from

LLMs, efficient and effective prompts need to be provided. There are several approaches to

prompting LLMs and getting results:

• Zero shot prompting: The model is given no examples and just prompted to get the

results.

• Few shot prompting: The model is given a few examples and then prompted to get

the resultant output. The idea is that the model learns from the few examples of how

the user is expecting outputs.

• Instruction tuning: The model is fine-tuned on several instructions. This is very useful

when the task is unique and specific. Providing the model with various examples helps

the model give specific answers. However, this approach can get very expensive as it

is resource-intensive. We used parameter efficient fine-tuning (peft) [77] methods to

instruction tune the LLMs. In addition to the peft library, we also use the bitsandbytes

library [36] to quantize the models.

We perform the above methods on the ETD-CL dataset as discussed in Table 4.2. We split

the ETD-CL dataset into a balanced train and test split (80/20). The experiments and
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results are discussed in Section 4.4.4.

Table 4.2: Experiments with Llama

Model Experiment Dataset No. of Documents
Llama-2-13B-chat-hf Zero Shot ETD-CL (test split) 1880
Llama-2-13B-chat-hf Few shot ETD-CL (test split) 1880
Llama-2-13B-chat-hf Instruction tune ETD-CL (train split) 7520
Llama-3-8B-Instruct Zero Shot ETD-CL (test split) 1880
Llama-3-8B-Instruct Few shot ETD-CL (test split) 1880
Llama-3-8B-Instruct Instruction tune ETD-CL (train split) 7520

4.3.4 Multi-label Prediction

The goal of chapter classification is to generate multiple labels for chapters to indicate the

interdisciplinarity of the research work discussed in ETD chapters. We use the work described

in this section to create chapter labels for the ETD-SGT-1 dataset. In order to effectively

generate this multi-label dataset, we take two approaches:

1. Utilizing a ‘Sigmoid’ activation function to generate probabilities for each of the classes.

2. Using Llama 3 to output categories and sub-categories.

4.3.4.1 Sigmoid Activation Function

In the first approach, we modify the Sigmoid activation function. An activation function

in neural networks computes the output based on the input and feature weights. A com-

prehensive comparison of activation function is discussed in [39]. For each of the classes,

the Sigmoid activation function outputs a probability value between 0 and 1. We sort the

probabilities generated for the classes using the numpy argsort [85] function, which sorts the

numpy array (of probabilities) in either ascending or descending order. We choose the top
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3 probabilities from the output of the descending sorted array. We don’t have a multi-label

ground truth at either the document or chapter level to evaluate the performance of this

approach. Our input is multi-class. Therefore, to evaluate the multi-label output, we do the

following:

1. We obtain the top 3 labels from the classifier.

2. We check if the classification ground truth matches any of the top three labels.

3. If a match occurs in Step-2, we mark the instance as correct.

4. If a match does not occur, we keep the top predicted label. We also marked this

instance incorrect. The incorrect label helps us evaluate each class’s performance.

Experiments and results from this approach are discussed in Section 4.4.5.1.

4.3.4.2 LLM: Category and Subcategory Prediction

The second approach involves using an LLM to get a better understanding of the inter-

disciplinarity of topics. The only caveat to this approach is that LLMs don’t generate a

probability and only give a single label. We can modify the LLM prompts to generate sub-

categories alongside the category. The results from this are given in Table 4.3. To evaluate

the results generated by using LLMs, apart from standard metrics, we utilize human evalua-

tion to evaluate categories, especially for the subcategories generated. Our human evaluation

framework is discussed in Chapter 6. Alongside summarization, we ask users questions about

classification.
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Table 4.3: Examples of LLM classification results: Model outputs category and subcategory

Model Model Response
Llama-2-13b-hf Based on the content you provided, I would categorize

your text under
“Electrical and Computer Engineering”
This field encompasses the study of electrical and
computer engineering topics, including the theory, design,
and application of electronic.

Meta-Llama-3-8B-Instruct I classified the text into the following category
and subcategory:
Category: Electrical and Computer Engineering
Subcategory: Materials Science and Engineering

4.4 Experiments and Results

In this section, we discuss the various classification experiments. We look at the results and

discuss the performance of the classifiers.

Table 4.4: Performance of machine-learning based classifiers on the PQDT dataset (see
Section 3.5.1)

Algorithm Precision Recall F1

SVM 0.803 0.245 0.340
Random Forest 0.601 0.153 0.228

4.4.1 Baseline Machine Learning Classifiers

We perform classification on the PQDT dataset. We report the best-performing SVM and RF

classification results in Table 4.4. We report F1, Precision, and Recall scores. We notice that

both SVM and RF have higher precision than recall. However, the highest-performing model

has an F1 score of 0.340. Therefore, SVM and RF don’t perform well in this classification
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task. Additional system details related to model capacity, inference train, and test time can

be found in Table B.1.

4.4.2 Language Models

4.4.2.1 Pre-trained Language Models

We use the BERT, SciBERT, and BigBIRD Pegasus base models and perform sequence

classification using the PQDT and ETD-CL datasets. We report F1, Precision, and Recall

in Tables 4.5 and 4.6. We observe that among pre-trained models, SciBERT outperforms

BERT for both the PQDT and ETD-CL datasets.

Table 4.5: Comparing classifying PQDT dataset using two pre-trained and fine-tuned lan-
guage models based on SciBERT and BERT

Model Precision Recall F1
BERT 0.630 0.623 0.619
BERT+ETD 0.639 0.631 0.630
SciBERT 0.622 0.634 0.635
SciBERT+ETD 0.650 0.643 0.642

Table 4.6: Comparing classifying language models on ETD-CL dataset

Model Precision Recall F1
BERT 0.6128 0.6010 0.5866
BERT+ETD 0.6329 0.6210 0.6063
SciBERT 0.6757 0.665 0.6592
SciBERT+ETD 0.6809 0.6640 0.6666

4.4.2.2 Fine-tuned Language Models

We perform two kinds of evaluation on fine-tuned language models.
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Table 4.7: Comparing perplexity scores of two custom-trained language models (with and
without front-matter) on the PQDT dataset (see Section 3.5.1).

Model Text Features Perplexity
LM 1 Text from ETD 17.26
LM 2 Text from ETD without front matter 7.32

• Extrinsic evaluation of fine-tuned language models involve evaluating a downstream

task. We use classification as the downstream task and evaluate the performance of

fine-tuned language models on the PQDT and ETD-CL datasets. We report clas-

sification performance of fine-tuned BERT and SciBERT in Tables 4.5 and 4.6. We

notice that fine-tuned SciBERT (SciBERT+ETD) is the highest-performing fine-tuned

language model with an F1 score of 0.66.

• Intrinsic Evaluation involves using a metric to judge how effective the model is. This

is independent of, and complementary to, evaluating the model on any downstream

task. Perplexity [90] is the standard measure for intrinsic evaluation. It measures how

well a model predicts a sample of data. For a given test set (predicted words), the

score is the normalized inverse probability of the test set. A lower score signifies the

model is less confused.

This method is good for comparing fine-tuned language models as it is quick and

doesn’t involve testing on another task. We use perplexity scores to test our hypothesis

‘Our quantitative experimental results will show that a language model built on clean

text (only completed sentences) will result in a model that better understands the

scientific language and will be less confused.’ (see Section 1.4.) Table 4.7 depicts

the perplexity scores of two language models (LM1 and LM2) fine-tuned on ETDs.

Both of these models were fine-tuned using the same set of documents (as described
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in Section 3.5.3) and the same base language model (i.e., BERT-base).

LM 1 was fine-tuned with the entire extracted text of the ETD without any omissions.

LM 2 was fine-tuned without the front matter. As per our expectations, by eliminating

the front matter, we reduced the perplexity score significantly.

4.4.3 Comparing SVM/RF with LM Classifiers

We also use the receiver operating characteristic curve to have a better look at the perfor-

mance of classifiers at several thresholds.

We first generate the ROC curves for the machine learning models and experimental setups

described in Tables 4.4 and 4.5. Figures B.1, B.2, B.3, and B.4 depict the ROC curves of

the SVM model and for multiple classes for two different experimental setups. Similarly,

Figures B.5, B.6, B.7, and B.8 depict the ROC curves of the Random Forest (RF) model

and for multiple classes for two different experimental setups. We see that the SVM model

performs slightly better than RF, but both have an area under the curve of 0.5.

We also plot the ROC curves for language models as depicted in Figures B.9 and B.10,

for BERT, fine-tuned on ETDs and in Figures B.3 and B.4, for SciBERT fine-tuned on

ETDs. Both language model-based classifiers have ROC curve area at 0.98. Therefore,

we can conclude that sophisticated transformer-based language-model classifiers outperform

traditional machine learning-based classifiers such as Support Vector Machine and Random

Forest.

We recognize that model capacity, training, and inference times are also important to note

when working with lightweight machine-learning models and transformer-based language

models. We report these metrics in Table B.1.
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4.4.4 Large Language Models

In this section, we discuss the experiments performed using LLMs and the associated results.

4.4.4.1 Experiments with Llama 2

In this section, we will review the experiments we performed with the Llama 2 model,

specifically the “Llama-2-13b-hf” [6] model.

Figure 4.2 shows the prompt that was designed for the Llama 2 model. We provide all

possible categories and text as input. The model is asked to classify the text into one of

the categories. Sample results of Llama 2 classification are shown in Figure 4.3. One of the

problems with Llama 2 zero-shot and few-shot prompting was parsing the results. As shown

in Figure 4.3, we see that the model generates variations of responses. It is hard to predict

the nature of the response and thus automatically parse the response to get the classification

label. Variations of prompts were experimented with and even with few-shot examples, the

model was unable to output very specific results.

Figure 4.2: Classification prompt for Llama 2

Therefore, we moved on to instruction tuning the model. Since the model is instruction
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Figure 4.3: Llama 2 classification results

Figure 4.4: Instruction tuning prompt for Llama 2
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Figure 4.5: Llama 2 instruction example

tuned on a wide variety of samples (ETD-CL train set), it is expected that the formats of

the output will be learned. Figure 4.4 depicts the instructions used to tune the Llama 2

model. Figure 4.5 shows one example of the formatted instructions for the Llama 2 model.

We report the results of the instruction fine-tuning model in Table 4.8. Additional approaches

to prompting the Llama 3 models are discussed in Section 4.4.4.2, and results are reported

alongside instruction tuning Llama 2 in Table 4.8.

Table 4.8: Comparing various Llama results on ETD-CL dataset

Model Precision Recall F1
Llama 2 (instruction tuned) 0.6874 0.4831 0.5285
Llama 3 (zero shot) 0.6100 0.5000 0.5000
LLama 3 (few-shot) 0.6900 0.5200 0.5300
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Figure 4.6: Classification prompt for Llama 3

4.4.4.2 Experiments with Llama 3

In this section, we will review the experiments we performed with the Llama 3 model,

specifically the “Meta-Llama-3-8B-Instruct” [8] model.

We start with zero-shot and few-shot learning. The prompt used for the Llama 3 model is

depicted in Figure 4.6. It is interesting to note that we were able to get very specific results

when prompting the Llama 3 model just with zero-shot and few-shot learning and without

instruction tuning the model. The model is able to follow the prompt instructions closely

and generate the desired results in the proper format; that is easy to parse automatically.

Results in this experiment refer to classification labels. We want to parse the result in

order to evaluate if it is any good. LLMs are known to be prone to fabrication. In order

to evaluate, we need to compare predicted results with ground truth data. However, this

process needs parsing the output generated by LLMs. Llama 3 makes this process easy as it

is able to accurately follow prompt instructions. Results from prompting the Llama 3 model

are reported in Table 4.8, along with that from instruction tuning Llama 2.

Llama 3 is a generative model in which ‘temperature’ is a hyperparameter that controls

randomness and creativity in the generated content. For the classification task, we want the

model to predict one of the classes (disciplines) from the ETD-CL dataset and not generate

any random discipline. Therefore, to prevent creativity in predicting the discipline, we set
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the ‘temperature’ hyperparameter as small as possible. We set it to 0.001 as the Llama

model has a ‘division by zero error’ when the temperature is set to 0. We calculate the

standard deviation of the model results after thrice performing the same experiment with

identical hyperparameters. Standard deviation (σ) allows us to understand the variation in

the model prediction output. We perform the experiments three times for each setting (zero

or few-shot) at ‘temperature’ 0.001 and report the standard deviation for both the zero-shot

and few-shot settings in Tables 4.9 and 4.10, respectively. For the zero-shot setting, we

observe a standard deviation of 0.017 in the F1 score, whereas for the few-shot setting, we

do not observe any standard deviation for the F1 score.

Table 4.9: Standard deviation of Llama 3 zero shot results on ETD-CL dataset

Model Temperature Precision Recall F1
Llama 3 (zero shot) 0.001 0.61 0.50 0.50
Llama 3 (zero shot) 0.001 0.68 0.53 0.53
Llama 3 (zero shot) 0.001 0.63 0.51 0.50
Standard deviation (σ) - 0.0360 0.0152 0.0173

Table 4.10: Standard deviation of Llama 3 few-shot results on ETD-CL dataset

Model Temperature Precision Recall F1
Llama 3 (few-shot) 0.001 0.69 0.52 0.53
Llama 3 (few-shot) 0.001 0.69 0.51 0.53
Llama 3 (few-shot) 0.001 0.69 0.52 0.53
Standard deviation (σ) - 0 0.0057 0

We observe that the best-performing classification score from the Llama 3 model is 0.53.

We perform additional evaluations to see why the score is low. The ETD-CL dataset has

47 categories, and the prompt to Llama instructed it to classify the text into one of the 47

categories provided. However, from the results, we noted that Llama predicted 82 distinct

classes, as shown in Appendix Table B.2. Some of the classes were another variation of the

existing classes. For example, ‘linguistics’ was predicted as ‘linguistic sciences.’ We have ‘law’
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and ‘government’ as two separate classes. Llama, in addition to having them as separate

classes, created another class called ‘law and government.’ This variation can be difficult to

manage without manual intervention, thus complicating the evaluation process.

Therefore, we perform a similarity analysis on the ground truth and predicted classes to

understand how far off the predictions are from the ground truth labels. Additionally, to get

an idea of interdisciplinarity, we run a separate experiment where we ask the Llama model

to predict category alongside subcategories (if any) as shown in Table 4.3. We perform the

following steps to compute similarity scores:

• We take the ground truth and the predicted class and use sentence transformers [94]

to convert into vector embeddings.

• We compute the cosine similarity of the embedded vectors. As noted in Section 4.4.4.2,

despite providing specific prompts and setting the ‘temperature’ to be closer to 0,

Llama generated categories in addition to 47 possible input categories. Manual val-

idation showed some of the categories might be appropriate. However, this is hard

to do for all disciplines manually. We chose to use similarity to see how many of the

predicted categories were actually closely related to the ground truth categories.

• As mentioned earlier (see Table 4.3), Llama 3 is capable of providing a category and

a sub-category. We compute the similarity between ground truth and predicted cate-

gory, and ground truth and predicted subcategory. Similarity score, specifically cosine

similarity, is used as a metric to evaluate the category and subcategory generated by

Llama models. Generative models have a tendency to generate text which can be hard

to evaluate. For example, the models can generate synonyms, paraphrase sentences,

etc. However, embeddings of similar words will have very similar vector representa-

tions that can be detected by similarity scores. Therefore, computing similarity using



4.4. EXPERIMENTS AND RESULTS 69

predicted categories and subcategories can help us in understanding if predictions were

relevant.

• Figure 4.7 and Table 4.11 depict the cosine similarity between ground truth and pre-

dicted categories. We see that 976 (51.91%) of the ETD-CL documents (test set) have

a similarity score of 0.6 or above.

• Figure 4.8 and Table 4.12 depict the cosine similarity between ground truth and pre-

dicted subcategories. We see that 237 (12.6%) of the ETD-CL documents (test set)

have a similarity score of 0.6 or above.

Figure 4.7: Similarity between ground-truth and predicated category - histogram

4.4.4.3 Discussion

Our observations with LLMs and classification are as follows:
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Table 4.11: Similarity between ground-truth and predicted category

Similarity Range Count
0-0.2 97
0.2-0.4 426
0.4-0.6 301
0.6-0.8 51
0.8-1 925

Figure 4.8: Similarity between ground-truth and predicated subcategory - histogram

Table 4.12: Similarity between ground-truth and predicted subcategory

Similarity Range Count
0-0.2 334
0.2-0.4 352
0.4-0.6 199
0.6-0.8 96
0.8-1 141
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1. LLMs are very powerful and can provide unique insights from the data. For classifica-

tion, we noticed that they were able to generate the specific area of the research apart

from the discipline in the form of subcategories. An example is given in Table 4.3. We

observe that the Llama 2 model tends to generate responses that are hard to parse

automatically. They also generate incomplete sentences such as “This field encom-

passes the study of electrical and computer engineering topics, including the theory,

design, and application of electronic”. However, this is not the case for the Llama 3

model, which is better at generating complete, well-formatted responses that follow

the prompts.

2. The Llama 3 model (zero-shot and few-shot) improves upon Llama 2 model perfor-

mance (instruction tuned) as shown in Table 4.8. The Llama 3 few-shot model has a

slightly higher F1 score than the zero-shot version.

3. To measure the variability in the prediction of categories, we computed the results

thrice (at ‘temperature’= 0.001) for Llama 3 few-shot and zero-shot settings. See

Tables 4.9 and 4.10. We observe the model has a very low standard deviation.

4. The highest F1 score for Llama models is 0.53. We find that the model generated

several categories on top of the 47 categories in ETD-CL even at ‘temperature’ close

to 0. There were several categories generated that were variations of the ground truth

categories as depicted in Table B.2.

5. LLMs can provide subcategories apart from categories, which can help gain a deeper

understanding of the subject matter covered in ETD chapters. However, LLMs have

a tendency to generate text which might not necessarily adhere to a specific format.

It can generate synonyms, combine disciplines, or paraphrase. This makes it very

hard to evaluate them against the ground truth directly. One option is to use human
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subject matter expertise. Human evaluation is costly and not always feasible at a large

scale. Therefore, we compute cosine similarity to help with this and show the results

in Figures 4.7 and 4.8. This computation is intended to determine whether Llama-

generated classification labels (which are not part of the 47 input label set) are useful.

We specifically use cosine similarity in this scenario. Embedding of similar words has

similar vector representations, which results in a higher degree of similarity. Thus, the

similarity score can help us gauge what fraction of the labels predicted by Llama 3

were related or similar to the ground truth. We observe that around 52% of categories

and 12.6% of the categories and subcategories had a similarity score of 0.6 or higher,

indicating the generated labels were similar to the ground truth. We conclude that

though cosine similarity can help us understand to what extent generated results were

similar to the ground truth, we need human expertise to evaluate. We use a small set

of ETD chapters for this and report the results in Chapter 6, Sections 6.4.2, and 6.4.3.

4.4.5 Multi-label Prediction

Table 4.13: Comparing the accuracy of language models on ETD-CL dataset

Model Acuuracy
BERT 0.60
BERT+ETD 0.66
SciBERT 0.65
SciBERT+ETD 0.66
BERT + ETD 0.85
(in top 3)
SciBERT + ETD 0.91
(in top 3)
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4.4.5.1 Using Sigmoid Activation Function

We generate the top-3 tables by using Sigmoid activation function as discussed in Sec-

tion 4.3.4. To evaluate the results obtained from this approach, we compute the accuracy

and report that in Table 4.13. We compare the accuracy of various LM-based models and

their fine-tuned variations. In this methodology, we evaluate the fraction of the model pre-

dictions that were correct and thus measure how close the set of predictions is to the ground

truth. Therefore, accuracy is the best metric for this task. We find that fine-tuned SciB-

ERT outperformed all other models with the highest accuracy of 0.91. Therefore, we can

conclude that a multi-label approach to classification improves the accuracy of the predicted

classes when compared to multi-class classifiers. Accuracy scores for each of the 47 possible

categories for fine-tuned BERT and SciBERT are shown in Appendix Figures B.3 and B.4.

4.4.5.2 LLM: Category and Subcategory Prediction

We use the LLM-based method to generate category and subcategory information as men-

tioned in Section 4.3.4.2. Evaluation can be a challenge for multi-label prediction using

LLMs. We discuss methods to gauge the quality of LLM-generated predictions with cosine

similarity in Section 4.4.4.2. Alongside cosine similarity, we use selected chapters of the

ETD-SGT-* datasets for human evaluation of the LLM-generated labels. Detailed results

are discussed in Section 6.4.2.

4.5 Conclusion

In this chapter, we experimented with several approaches to classification. This chapter

tested the following hypotheses.
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1. Our quantitative experimental results show that a language model built on clean text

(i.e., only complete sentences) will result in a model that better understands the schol-

arly language, as measured by the perplexity score.

• We have proved that a language model built on clean text results in models that

better understand the scholarly text as discussed in Table 4.7.

2. Our quantitative experimental results show that sophisticated transformer-based language-

model classifiers outperform traditional machine learning-based classifiers such as Sup-

port Vector Machine and Random Forest.

• We have proved that language model-based classification methods outperform

machine learning-based classifiers as proved by the ROC analysis (Appendix Fig-

ures B.1, B.1, B.3, B.5, B.7, B.9, B.11) and F1, Precision, and Recall scores as

shown in Tables 4.4, 4.5.

3. Our quantitative experimental comparison shows that the classification of our ETD

chapters using language models improves when fine-tuning SOTA pre-trained models

on our corpus as opposed to using SOTA pre-trained models.

• We have proved that fine-tuning SOTA pre-trained language models improves the

performance of the classification model as discussed in Table 4.6.

4. Our qualitative experimental results show that a multi-label classifier outperforms a

multi-class classifier at predicting the correct discipline as measured by accuracy scores.

• Our experimental results show that multi-label classification improved the per-

formance of our fine-tuned classifiers as shown in Table 4.13.

5. Our experiments regarding prompting and fine-tuning LLMs for classification will gen-

erate a better understanding of the chapter content, as shown by our user study.
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• Methods of generating results for this hypothesis have been discussed in Sec-

tions 4.4.4 and 4.4.5.2. This hypothesis has been tested in Chapter 6, and results

have been reported in Section 6.4.2. Users in the CS study agreed with the

LLM-predicted chapter category and subcategories as shown in Table 6.10.

To summarize our efforts, we see that language models perform well in classification tasks.

Fine-tuned models (as discussed in Section 4.3.2.2) tend to outperform pre-trained models on

the classification task as discussed in Table 4.6. We also notice that generating the top 3 la-

bels from the prediction based on probability yields a multi-label output prediction as shown

in Table 4.13. Results show that generating multi-label and conducting evaluation using the

top three labels improved the performance of classification as discussed in Section 4.4.5.1.

We see that the results from multi-label classifiers outperform our multi-class classifiers as

discussed in Section 4.4.5.1 and Table 4.13. We finally test LLM capabilities for classification.

LLMs can help gather detailed insights from the data by generating categories and sub-

categories. We gather the labels provided by users and generate word clouds for them. This

work is further discussed in Section 6.4.2.



Chapter 5

Chapter Summarization

5.1 Chapter Overview

This chapter describes the work related to chapter summarization. ETDs have a document-

level abstract, but we introduce a chapter summary to help users understand as well the

content in each of the chapters. We look at leveraging different information that can help

in the summarization task. To generate summaries, we take the chapters from ETD-SGT-

[1-3], the segmented datasets. We discuss how we can use LLMs and context for automatic

summarization tasks. Thus, instead of just using the chapter content for summarization, we

also explore making use of the capability of LLMs, aided by the references and the document

abstract, to help with the summarization.

Since an ETD contains an abstract, i.e., a high-level description of the research in the docu-

ment, that can give a good lead on what the author thought was important to include from

each chapter. Thus, we look into using the sentences in the abstract as a guide to selecting

important sentences from the text of each chapter. A chapter also contains citations to

important works mentioned in them. We parse the reference section to find which references

are linked to each chapter. We then extract the title from each identified reference, using

GROBID, and use the reference title text as an input when creating chapter summaries.

Once we obtain the sentences from the abstract and chapter citing reference titles, we use

this information to extract important sentences to include in the summary. Thus, we de-

76
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velop an ‘extractive pipeline’ where we use document elements to provide context regarding

what part of the chapter text is important. An extractive summary is then fed to an LLM

with proper prompts to obtain an abstractive summary.

5.2 Dataset

In this section, we discuss the data subsets used for various summarization experiments.

Table 5.1 describes all the data subsets and the summarization experiments in which they

have been used.

Table 5.1: ETD Datasets for Summarization

Dataset, Description No. of Task,
Section Documents Section
ETD-SummEval, 3.5.4 Born-digital ETDs 45 Chapters Baselines, 5.3.1
ETD-SGT-[1-3], Born-digital ETDs 244 ETDs Summarization, 5.3.3
3.4.1, 3.4.2, 3.4.3

5.3 Methodology and Experiments

5.3.1 Baseline Setup

In this section, we discuss the summarization models used in our experiments to set up

baselines. We use extractive and abstractive techniques (as discussed in Section 2.5), and

compare the results. Our summarization architecture for the baseline experiments is shown in

Figure 5.1. We pick some of the popular methods to gauge which models perform better. We
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make sure to use language models that are known to perform well for longer sequence lengths.

We study the following models to determine which technique yields the best summaries.

1. Extractive methods: TexRank [80], LexRank [41], LSA [40]

2. Abstractive methods: BigBird [117], T5 [93], Longformer [18]

Once we determine the best-performing models, we create a summarization pipeline that is

a combination of extractive and abstractive methods. The approach is explained in detail in

Section 5.3.3.

5.3.2 Baseline Results

In this subsection, we compare the ROUGE scores obtained using the summarization models

discussed in Section 5.3.1. We use chapters from the ETD-SummEval dataset as discussed

in Section 3.5.4. Since we have a very limited amount of ground truth available for sum-

marization, we perform the experiments on 10 chapters from each of 4 different disciplines:

English (Table 5.2), Biology (Table 5.3), Education (Table 5.4), and Mechanical Engineering

(Table 5.5)

We see from the results aggregated in Table 5.6 that most of the extractive methods per-

formed poorly when it comes to summarizing the contents. In all cases, abstractive methods

Longformer Encoder Decoder (LED) or BigBird Pegasus performed best. The LED model

performs the best for most of the disciplines except for Mechanical Engineering, where Big-

Bird Pegasus outperformed LED. T5, although a transformer-based model, does least well

among the abstractive methods. We believe this is because T5, which generally is applied

to machine translation tasks, can only process sequence lengths of up to 1024 tokens. An

ETD chapter can contain text of up to 30000 words. Longformer encoder-decoder (LED),
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Figure 5.1: Summarization architecture related to baseline experiments in Section 5.3.1.
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on the other hand, is capable of processing up to 16k tokens at a time. The BigBird-Pegasus

model can accommodate 4K context at a time. Therefore for the disciplines above, we notice

that abstractive models with longer context windows perform better than abstractive models

with shorter context windows, and better than any of the extractive models.

Table 5.2: Comparing ROUGE scores: English

Model Metric F1 Precision Recall

LexRank ROUGE-1 0.0698 0.0462 0.1428
ROUGE-L 0.0698 0.0462 0.1428

TextRank ROUGE-1 0.0562 0.0349 0.1428
ROUGE-L 0.0562 0.0349 0.1428

LSA ROUGE-1 0.1052 0.0833 0.1428
ROUGE-L 0.1012 0.0801 0.1373

T5 ROUGE-1 0.2369 0.8620 0.1373
ROUGE-L 0.1421 0.5172 0.0824

BigBird-
Pegasus

ROUGE-1 0.1921 0.1741 0.2142
ROUGE-L 0.1724 0.1562 0.1923

LED ROUGE-1 0.4985 0.5085 0.4890
ROUGE-L 0.2240 0.2285 0.2197

5.3.3 Context Guided Summarizer

We use chapters from the ETD-SGT dataset for the work discussed in this section. ETD-

SGT refers to all three segmented data subsets (ETD-SGT-1 [3.4.1], ETD-SGT-2 [3.4.2],

and ETD-SGT-3 [3.4.3]), henceforth referenced together as ETD-SGT. Figure 5.2 shows the

architecture of our context-guided summarization, including LLMs. The text cleaning mod-

ule gets the appropriate text from each chapter. Our context module acts as an extractive

summarization guide by providing us with crucial sentences to include in the summaries.
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Table 5.3: Comparing ROUGE scores: Biology

Model Metric F1 Precision Recall

LexRank ROUGE-1 0.1111 0.1759 0.0811
ROUGE-L 0.0994 0.1574 0.0726

TextRank ROUGE-1 0.0585 0.0391 0.1153
ROUGE-L 0.0563 0.0377 0.1111

LSA ROUGE-1 0.0963 0.0909 0.1025
ROUGE-L 0.0963 0.0909 0.1025

T5 ROUGE-1 0.1780 0.4482 0.1111
ROUGE-L 0.1232 0.3103 0.0769

BigBird -
Pegasus

ROUGE-1 0.2813 0.2895 0.2735
ROUGE-L 0.1978 0.2036 0.1923

LED ROUGE-1 0.4874 0.5219 0.4572
ROUGE-L 0.2642 0.2829 0.2478

Table 5.4: Comparing ROUGE scores: Education

Model Metric F1 Precision Recall

LexRank ROUGE-1 0.0842 0.0596 0.1437
ROUGE-L 0.0842 0.0596 0.1437

TextRank ROUGE-1 0.0721 0.0481 0.1437
ROUGE-L 0.0721 0.0481 0.1437

LSA ROUGE-1 0.1052 0.0830 0.1437
ROUGE-L 0.1052 0.0830 0.1437

T5 ROUGE-1 0.2461 0.5714 0.1568
ROUGE-L 0.1333 0.3095 0.0849

BigBird -
Pegasus

ROUGE-1 0.2573 0.2328 0.2875
ROUGE-L 0.1695 0.1534 0.1895

LED ROUGE-1 0.3797 0.3680 0.3921
ROUGE-L 0.1962 0.1901 0.2026
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Table 5.5: Comparing ROUGE scores: Mechanical Engineering

Model Metric F1 Precision Recall

LexRank ROUGE-1 0.0876 0.0734 0.1086
ROUGE-L 0.0853 0.0715 0.1058

TextRank ROUGE-1 0.0555 0.0372 0.1086
ROUGE-L 0.0555 0.0372 0.1086

LSA ROUGE-1 0.0560 0.0685 0.0473
ROUGE-L 0.0560 0.0685 0.04735

T5 ROUGE-1 0.0987 0.7307 0.0529
ROUGE-L 0.0727 0.5384 0.0389

BigBird-
Pegasus

ROUGE-1 0.3479 0.4714 0.2757
ROUGE-L 0.2319 0.3142 0.1838

LED ROUGE-1 0.3391 0.7722 0.2172
ROUGE-L 0.1913 0.4356 0.1225

Table 5.6: Comparing Best ROUGE scores: 4 Disciplines

Discipline Model Metric F1 Precision Recall

English LED ROUGE-1 0.4985 0.5085 0.4890
ROUGE-L 0.2240 0.2285 0.2197

Biology LED ROUGE-1 0.4874 0.5219 0.4572
ROUGE-L 0.2642 0.2829 0.2478

Education LED ROUGE-1 0.3797 0.3680 0.3921
ROUGE-L 0.1962 0.1901 0.2026

Mechanical
Engineering

BigBird-
Pegasus

ROUGE-1 0.3479 0.4714 0.2757
ROUGE-L 0.2319 0.3142 0.1838
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We hypothesize that using context to select sentences would help the abstractive module

produce better summaries. In the absence of a generalized information extraction tool for

ETDs, obtaining the important sentences from the abstract and the reference titles should

later yield better abstractive summarization results.

Figure 5.2: Summarization architecture related to experiments in Section 5.3.3

5.3.3.1 Context from LLMs

In this section, we describe the experimental steps performed for using LLMs for summa-

rization tasks. As is discussed in Section 4.3.3, we specifically use Meta’s Llama-2-13B and

Llama-3-8B models for our experiments. For prompting, we use the LangChain [26] frame-

work, as it integrates well with the HuggingFace transformer pipeline. We used parameter

efficient fine-tuning (peft) [77] methods to instruction tune the LLMs. In addition to the

peft library, we used the bitsandbytes library [36] to quantize the models.

To effectively get results from LLMs, efficient and effective prompts need to be provided.

There are several approaches to prompting LLMs and getting results:
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Figure 5.3: Summarization prompt example for Llama 2

• Zero shot prompting: The model is prompted, and it is expected to output without any

examples provided to get the results. Figure 5.3 shows the zero-shot prompt provided

to Llama 2. We notice that the model was able to follow instructions but the model

also generated noise and repeated text at the end of the generated text. A repetition

penalty and max token length should ideally address this situation. However, this

problem persists, especially for text generation tasks such as summarization.

• Few shot prompting: The model is given a few examples and then prompted to generate

a suitable output. The idea is that the model learns from a few examples of expected

outputs from the ETD chapter ground truth dataset, that should guide the model in the

summarization task. However, we observed very little difference between zero and few-

shot learning. A few examples are shown in Appendix C in Figures C.1, C.2, C.3, C.4,

and C.5.

• Instruction tuning: The model is fine-tuned on several instructions. Providing the

model with various examples helps the model give specific answers. However, this

approach can get very expensive as it is resource-intensive. We wanted to tune the

Llama-2-13b model for the summarization task. We need summarization samples for

this setup. We have the ETD-SummEval ground truth summaries. However, there
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are a limited number of chapters in this dataset, and so those are more suitable for a

few-shot approach, instead of for instruction tuning. In the absence of ETD chapter

summaries as samples, we use the arXiv summarization dataset [32]. The dataset

contains scientific papers from arXiv and comprises a paper ID, abstract, and article

for each entry. We append instructions to this dataset and format the prompt in

preparation for instruction tuning. The process on 6400 samples takes about 48 hours

to complete on quantized code using two Nvidia Tesla A100 GPUs. We noticed that

the output was full of noise and delimiters. On closer look, we noticed that the arXiv

data was not formatted well. Since arXiv contains articles from scientific domains,

thus, it is natural that the articles contain equations and other scientific notations as

pictured in Figure 5.4. Cleaning the data to omit such noise was beyond the scope of

our study.

Figure 5.4: Noise in arXiv summarization dataset

Llama 3 was released in April 2024 with 8K context capability. There are two parameter

sizes (8B and 70B) and two variations (base and instruction models) of each. We use the

Llama 3 8B parameter instruction model to generate summaries of ETD chapters. The

model leverages the “apply_chat_template” module of the latest transformer version. It

includes the “<|eot_id|>” terminator token. The prompt example for the Llama 3 model is

depicted in Figure 5.5.
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Figure 5.5: Summarization prompt for Llama 3

5.3.3.2 Context from Document Elements

We see from Section 5.3.2 that abstractive summarization models tend to outperform the

extractive methods. However, we want to guide the abstractive models by providing a list of

important keywords and sentences. Past research typically using a hybrid approach including

extractive and abstractive methods [62] use either a named entity recognition tool or some

form of information extraction tool [50, 68]. However, lacking such an ETD-specific tool, we

cannot apply those methods, which tend to be very domain-specific in nature.

ETDs en masse are drawn from the language of many scholarly disciplines, sometimes with

domain-specific jargon. Using a generic information extraction tool might not cater to the

diverse language in ETDs. We thus explore use of the sentences in the abstract and the title

of the related references as a guide to selecting the most important sentences to feed into an

abstractive model.

In the rest of this section, we discuss the steps we undertake to match sentences from the

ETD abstract with the chapter text, and extract the titles of related references. This work

makes use of the ETD-SGT dataset as the input text.
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Abstract Sentence Matching

We have ETD abstracts available as a part of the metadata for over 80% of the documents

in our repository. They are available for all of the documents in the ETD-SGT dataset. We

perform the following steps.

1. We take the abstracts from the metadata of documents belonging to the ETD-SGT

dataset.

2. We use the NLTK sentence tokenizer [74] to extract the sentences from the abstracts.

3. We embed the sentences using Sentence Transformers (Sentence-BERT) [94] to obtain

sentence vectors.

4. We then move on to the text from each chapter of the ETD and start by cleaning the

sentences of the chapter text.

5. After preparing the text, we also embed chapter text using Specter [33], a popular

transformer that generates embeddings of documents, thus representing document-

level representation learning.

6. We use cosine similarity applied to embeddings to calculate the similarity between each

sentence of the abstract and each chapter.

7. For each sentence, we compute the similarity of its embedding with that of each chapter.

We assign the sentence to the chapter with the highest similarity, as long as there is

one meeting the threshold of 0.65. Thus, each sentence will be assigned to 0 or 1

chapter, and each chapter will have 0 or more sentences assigned.

Typically when considering a threshold for cosine similarity, a value above 0.5 is considered

to show substantial similarity. However, we seek higher precision in this process and are not
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concerned if some abstract sentences are not assigned to a chapter, since abstracts contain

sentences that capture the general idea of the document and have words to introduce or

conclude a topic.

We then use the selected sentences as a guide for the abstractive summarization module.

About 10 documents from Computer Science were selected and manually verified to see if

the automatic sentences selected were accurate. The results were considered satisfactory and

sufficient to warrant exploring this method further, even though we could only check a small

sample, as subject matter expertise is required to discern accurately whether a sentence

belongs to a chapter.

Reference Strings

We use reference string title text as an additional feature for the summarization task. For

this, we perform the following steps.

1. We use ‘References.PDF’ from each of the ETDs in the ETD-SGT dataset, since the

references have already been segmented into a separate PDF.

2. We use GROBID [75] to obtain structured TEI/XML for the reference section.

3. We use the Element Tree [76] XML parser to extract the desired fields from the XML

files.

4. We then use a reference string classifier to obtain the citation style [109].

5. We create rules to match a reference string to the particular chapter where it was

referred to. We are trying to match the citing string in a chapter with the corresponding

references entry. These rules are applied based on the citation style used.

Once we have obtained a match for the references cited in a particular chapter, we use their
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title information as a guide for the abstractive summarization module.

5.3.4 Context Guided Summarizer Results

Our final summarization pipeline leverages both of the approaches discussed above to gen-

erate a summary from each chapter of the ETD-SGT dataset. We employ the steps detailed

in the following subsections.

5.3.4.1 Abstract Sentence Matching

Our current pipeline embeds sentences of the ETD abstract, and finds the one best connected

to the chapter that it closely matches.

This section discusses an ETD abstract and the results of abstract sentence matching. Fig-

ure 5.6 shows the abstract from an example ETD [61]. The abstract consists of 17 sentences.

The ETD consists of 8 chapters, with the first two being the ‘Introduction’ and ‘Background’

(i.e., the literature review). Chapter 8 is ‘Conclusions.’

Table 5.7 shows which sentences were matched to each of the chapters. We do see specific

sentences are matched to the general conclusion and background chapters (i.e, chapters 8

and 2, respectively). Sentence 4 (“At the other end, we have Machine-to-Machine (M2M)

uplink traffic with low throughput and low latency.”) is matched to chapter 6, titled “Delay-

Efficient Packet Scheduler for M2M Uplink”. Once we have the sentences extracted, we

tokenize them to use as a sentence selector for our summarization module. It is noteworthy

that Chapter 1 does not appear in the matched list of sentences. This is expected to occur

as the first chapter introduces the topic, research ideas, and hypothesis, and so can be

considered a generic chapter. As in this example, the document abstract need not have a

sentence covering the generic ideas from the first chapter.
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Figure 5.6: An ETD abstract [61]

5.3.4.2 Reference String Parsing and Matching

Reference Extraction and Parsing

Our pipeline uses GROBID [75], a Java-based machine learning library that aids in trans-

forming PDF documents into an XML/TEI format as discussed in Section 2.2. We use

GROBID’s batch mode to extract and parse all the references – specifically the ‘processRef-

erences’ command. Figure 5.8 displays a snapshot of the bibliography (references) section

of an ETD. Such PDF files are provided as input to GROBID. Figure 5.7 displays the TEI

output of the references from the PDF page. The ‘title’ field of the first one of the references

is highlighted in a red box. We will leverage this title information in the summarizer module.
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Table 5.7: Cosine similarity of abstract sentences with chapter texts.

Sentences Chapter Number
1,5,7 Chapter 8
2,16 Chapter 7
3,8,9 Chapter 4
4,14 Chapter 6

6 Chapter 3
10 - 13 Chapter 5
15,17 Chapter 2

Reference Classification and Matching

Once the references have been extracted into TEI/XML format, we use Element Tree [76],

an XML parser, to extract the desired fields from the XML file. Thus, we are left with a

list of fields from the XML. Now the task is to match these titles to the positions in the

document that refer to them. One of the significant challenges in doing so is the variation in

citation styles that are used in the citations. As mentioned in Chapter 1, ETDs don’t follow

a particular writing format. Accordingly, the citation style can be one of many. Different

citation styles have different in-text citation formats. While citation styles like for ACM or

IEEE publications use numeric values within brackets such as “[1]”, styles like APA use the

author’s last name and year in parenthesis. The MLA style uses the author’s last name and

the page number within parentheses. Thus, to successfully find and match in-text citations

to the reference section to obtain the title of the work, we need to use a classifier. The

Crossref citation string classifier [109] is trained on data from the Crossref metadata. It can

predict one of 17 different citation styles, as shown in Table 5.8. Once we classify the style

used in the document, we select a regular expression appropriate for that style from the

set we have constructed for each of the 17 styles. Then we can use that regular expression

throughout the document to match citing strings to the corresponding reference titles. This
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Figure 5.7: TEI output generated by GROBID from Figure 5.8

approach worked well for ETDs in the ETD-SGT dataset. Manually, we verified from a

representative set that it was extracting correct references. This is because the documents

were curated manually and thus were selected such that they all followed a typical ETD

structure. If that wasn’t the case, for example, ETDs with each chapter containing a list of

references at the end of the chapter, we did not include those in the final ETD-SGT set.

Though it is beyond the scope of our research, we believe that our approach could be extended
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Figure 5.8: The bibliography section from an ETD [61]

so an automatic method could be applied to much of the rest of our corpus. For example, a

case might arise where the citation style belongs to a category not discussed above. For those

instances, first, we need to mark the documents and gather more information about the ETD

from the metadata. Secondly, we might be able to create a lookup approach and map to see

if one of the successful approaches of reference extraction can be extended to the documents.

This means that the citation strings were not classified, but a regular expression might work

for them nevertheless. We understand this is involves a manual process. Therefore, for

the sake of the research, we only stick to creating summaries of documents belonging to
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ETD-SGT.

Table 5.8: Citation styles supported by crossref.

1. acm-sig-proceedings 2. american-chemical-society
3. american-chemical-society-with-titles 4. american-institute-of-physics
5. american-sociological-association 6. apa
7. bmc-bioinformatics 8. chicago-author-date
9. elsevier-without-titles 10. elsevier-with-titles
11. harvard3 12. ieee
13. iso690-author-date-en 14. modern-language-association
15. springer-basic-author-date 16. springer-lecture-notes-in-computer-science
17. vancouver

5.3.4.3 Summarizing using LLM

We use an LLM as the abstract summarizer alongside the best-performing abstractive sum-

marizers mentioned in Section 5.3.2. We use the chapter text, selected text from the chapter

(using abstract sentences and reference titles) as the text passed to the LLM. Both Llama

2 and Llama 3 were used and tested in this phase. While results from Llama 2 needed

post-processing techniques to get rid of the noise, repetition, and empty characters, Llama 3

results have shown to be really powerful and devoid of such errors, as displayed in Figure 5.9.

5.4 Conclusion

In this chapter, we first establish the baselines for summarization. The baselines, as discussed

in aggregate in Table 5.6, indicate that abstractive methods outperform extractive methods,

with Longformer Encoder Decoder (LED) being the best model in most cases. LED has
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Figure 5.9: A summary using abstract sentences, chapter text, chapter references, and Llama
3

a 4096 context length and thus tends to generate better summaries. We also leverage the

usage of LLMs to generate summaries, as LLMs are known to perform well on summarization

tasks. We include context from the document abstract and citing reference titles, and then

use LLMs for summarization.

In summary: this chapter tested the following hypothesis.

1. Our experimental results prove that abstractive models with longer context windows

generate better summaries than models with shorter context windows as proved by

higher ROUGE scores.

• Our experimental results reported in Section 5.3.2, specifically in Tables 5.2, 5.3,

5.4, and 5.5, show that the BigBird-Pegasus and LED models, which have longer
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context windows than the other models considered, have higher ROUGE-1 and

ROUGE-L scores.

• Our experimental results also show that abstractive models generate summaries

with higher ROUGE scores than extractive models, as shown in Table 5.6.

The next chapter discusses additional (human) evaluation of summarization methods.



Chapter 6

Evaluation

6.1 Chapter Overview

In this chapter, we discuss an evaluation framework that extends the evaluation methods that

were previously discussed. We use multiple approaches to evaluate automatically generated

summaries. (1) We use the GPT-4 model to evaluate our generated summaries on several

metrics, as discussed in Section 6.3.1. (2) We use a human evaluation study to gauge user

preferences for the automatically generated classification labels and summaries.

It is important that we get feedback from users on the results generated by our services. As

is explained in Chapters 4 and 5, we want to incorporate a human evaluation step to evaluate

our models. Apart from calculating the standard metrics such as the F1-measure, Precision,

Recall, and ROUGE scores to evaluate the quality of chapter summaries and classification

labels, we choose to leverage human expertise to gauge the performance of the models.

Our evaluation framework thus includes a qualitative evaluation of the chapter-generated

metadata.

Our objectives are as follows.

1. Evaluate the best summarization methodology across various disciplines.

2. Evaluate LLM-generated classification results.

97
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3. Generate additional summarization ground truth data.

One of the biggest challenges of the work was to find ground truth for evaluation. The

work done in this chapter not only aims to help evaluate chapter classification labels and

summaries but will also have a significant impact on improving models in the future. Apart

from quantitative evaluation using metrics such as ROUGE, Precision, Recall, and F1, we

perform qualitative evaluation by performing user studies. Therefore, we have a conclusive

idea about the best-performing models for chapter classification and summarization. This, in

turn, can help us create better models in the future. We are able to create training datasets

using the best-performing methods discussed in this dissertation. These datasets will help

train models and thus help improve further the quality of predicted/generated results.

6.2 Dataset

We use chapters of ETDs from the ETD-SGT-1 [3.4.1], ETD-SGT-2 [3.4.2], and ETD-SGT-

3 [3.4.3] datasets, referred to as ETD-SGT henceforth for the studies discussed in Sec-

tions 6.3.3.2 and 6.3.3.3.

6.2.1 User Study Summary Experiments

Table 6.1: Automatic summary details

Name Model
Summary 1 Longformer Encoder Decoder (with abstract sentences and reference text)
Summary 2 Big Bird Pegasus (with abstract sentences and reference text)
Summary 3 Llama-2-13B (chapter text)
Summary 4 Llama-2-13B (with abstract sentences and reference text)

Summaries for user study were generated for chapters in ETDs from ETD-SGT datasets for
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CS and VT-wide studies discussed in this chapter. Four types of generated summaries and

their details have been depicted in Table 6.1. All the summarization experimental setups

had the exact same token generation length (output max_len) of 4096 for fair comparison

and analysis of the generated summaries.

6.3 Methodology

6.3.1 G-Eval

We used automatically generated summaries (as depicted in Table 6.1) from selected chap-

ters from the ETD-SGT dataset. Traditional summarization metrics such as ROUGE scores

look at the overlap of n-grams between the reference and the generated summary. Abstrac-

tive summarization methods involve not directly selecting sentences from the input text in

the generated summaries. Therefore, these traditional scores may not be that useful. Along-

side the human evaluation framework discussed in Section 6.3.3, we use the work discussed

in G-Eval [71]. We use the chain-of-thought approach to evaluate automatically generated

summaries with the help of an LLM, specifically GPT-4 (model: gpt-4-0613). As in G-

Eval, we use GPT-4 only for the evaluation of chapter summaries generated by our methods

as discussed in Table 6.1, and not for generating summaries. The authors in [71] use flu-

ency, consistency, coherence, and relevance as the four metrics to test the performance of

automatically generated summaries. We perform the following steps:

1. We start by cloning the GitHub repository [70] to ensure we accurately replicate the

steps outlined by the G-Eval [71] authors.

2. We prepare the data to reflect the JSON format that the code takes as input. The

JSON file comprises the ‘ID’ of the summary reflecting the name, the ‘Chapter Text’,
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and the automatically generated ‘Summaries’. We use the four automatically generated

summaries from chapters of ETDs that are discussed in Table 6.1 and Section 6.3.3.2.

3. We modify the prompts (from prompts the authors used for their work) for the LLMs

to define each metric and the scale. It is important to note that not all metrics had the

same scale. For example, ‘fluency’ had a scale of 1-3, whereas the other metrics had a

scale of 1-5. The prompts containing the definition of the metric and the corresponding

score scale are described in Appendix C in Figures C.6, C.7, C.8, and C.9.

4. We use the OpenAI API [86] to prompt the model for each of the four automatically

generated summaries. See Table 6.1 on the four summaries mentioned above. We

prompt to generate 20 responses (similar to training a model for 20 epochs).

5. We take the mean of the 20 responses and discuss the results in Section 6.4.1.

6.3.2 User Study: Initial Design

Our objective is to leverage human discerning skills to evaluate the multi-labels produced

by our classification model, as well as the automatically generated summaries. We start by

developing wireframe diagrams to establish data collection methods and prepare documents

for IRB application.

Figure D.1 is the wireframe diagram representing the first step in our framework. We show

the title and other relevant metadata to the user. Once they click on the button “Proceed

for step 2”, they are shown the chapter text and the predicted labels for that chapter; see

Figure D.2. Step 3 displays all the generated summaries; see Figure D.3. We implement a

validation check so the evaluators cannot submit without answering each of the questions

asked in the study. Once they have visited all of the tabs of the generated summaries, we
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ask them to Rate the summaries (Figure D.3) based on the following criteria, each on a

5-point Likert scale.

1. Fluency and correctness

2. Content coverage

3. Ease of understanding

4. Consistency

On completing the rating page, we introduce the final step, where the user is asked to Rank

the summary from best to worst; see Figure D.4. We ask users to determine the quality of

LLM-generated classification labels and add any additional classification labels if they find

any missing. We also request that users answer an additional question about their thoughts

on the user study, and share any suggestions they have to improve it. This question was

useful in designing iterative improvements of the user study.

6.3.3 User Study: Implementation

1. We had discussions with the statistical application and innovation group (SAIG) [97]

on how to effectively select the number of chapters and number of participants. This

information was effective when submitting the IRB application to conduct the study.

2. To implement this framework, first and foremost, we obtained IRB approval. This

study was IRB approved (VT-23-687) as exempt first on July 6, 2023, and then as

amended to include additional data on March 22, 2024. The latest copy of the approval

letter is attached in the appendix, in Section D.2.
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3. We modified the setup mentioned in Section 6.3.2 by making it more usable and in-

tuitive. For example, users can keep the chapter text open in another tab at all times

during the study. Users can toggle back and forth between the summaries and chap-

ter text. We realized that limiting this would mean users need to remember each of

the summaries when they go to Rank them later. This would not be possible, and

therefore, we allow navigating back and forth. The only validation is enabled to make

sure users answer all questions and nothing is left blank. We move the classification

question to the end and ask them an open-ended question to add more labels as they

deem necessary.

4. We conducted two prototype studies in CS courses taught by Dr. Edward A. Fox at

Virginia Tech. The first study was deployed in CS 5604 in Fall 2023, and the second

one in CS 4624 in Spring 2024. The details of the studies are discussed below. See

also Section D.3.

5. Once we obtained CS results, we moved into the second phase of the user study. This

phase includes participants from varied disciplines across VT. The recruitment strategy

is mentioned in the appendix, in Sections D.4 and D.5.

6. We have gained responses from Mechanical Engineering, Psychology, Ecology, and

Neuroscience and report the results in the sections below.

7. We report results from CS and other VT-wide non-CS domains. We use the ratings

and the ranking provided by users for summaries. We also combine the scores for each

of the summaries and the metrics and report this weighted average score. Details about

the calculation of weighted average is mentioned in Appendix Section E.1. Alongside

summarization, we report classification user study results for each discipline.
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6.3.3.1 Study Details

Students who expressed interest in participating were given a study link to complete.

The survey comprised the following.

(a) Displaying ETD metadata.

(b) Displaying ETD chapter text.

(c) Displaying 4 automatically generated summaries from 4 experimental setups as

depicted in Table 6.1.

(d) Rating each of the 4 summaries based on 4 criteria – fluency and correctness,

content coverage, readability, and redundancy – as defined in Table 6.2.

(e) Ranking the summaries from best to worst.

(f) Answering a question related to classification labels.

i. Users are provided with the classification labels.

ii. Users are asked if they agree with the labels.

iii. Users are requested to add labels if they want to share additional keywords

that better explain the information provided in the chapter.

(g) Entering an additional comment to improve the survey.

6.3.3.2 Computer Science

Two separate pilot studies were conducted across Computer Science. We call these Study

1 and Study 2. In addition to the original goal of evaluating our chapter summaries and

classification labels, we wanted to gain feedback regarding the survey itself. We wanted to

iron out kinks before launching the final user study.
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Table 6.2: Metric definitions

Metric Definition
Fluency and correctness Please indicate if the summary was fluent and easy to understand.

Fluency refers to the ease of understanding and grammatical
accuracy of the generated text. Correctness reflects
the factual accuracy of the generated summary.

Content coverage Please indicate if the summary captures all the
key facts of the input text.

Readability Please rate how easy it was to read the summary.
Redundancy Please indicate if the summary repeated concepts and

contained duplicate sentences.

The following steps were implemented.

• A Canvas assignment ([14], [15], Appendix D Section D.3) with a link to a survey

tutorial was live for about 2 months.

• Interested students were sent the link to the survey.

• In CS 5604, 13 students completed the survey. In CS 4624, 45 students completed the

survey. Therefore, we have a total of 58 students who completed the survey. The power

analysis (with the help of the SAIG group at VT [97]) revealed that 24 participants

working with each chapter would suffice to make the results statistically significant.

Therefore, we provided 2 separate chapters (to comprise CS Study 1 and CS Study 2)

distributed across the CS participants so that we would have enough participants.

We report the results from this study in Section 6.4.2.
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6.3.3.3 VT-wide

In addition to the CS user study, we wanted to qualitatively evaluate summaries across

several disciplines. We distributed the recruitment email and material across VT graduate

listservs and departmental faculties and contacts. IRB material and other supporting docu-

ments have been added to Appendix D, in sections D.4 and D.5. Interested users were asked

to complete the consent form and were provided a link to complete the survey. We obtained

completed responses from 4 researchers from Mechanical Engineering, Psychology, Ecology,

and Neuroscience. We report the results in Section 6.4.3.

6.4 Results

6.4.1 G-Eval

We report the evaluation results of the generated summaries in Tables 6.3, 6.4 and 6.5. For

computer science studies (see Section 6.3.3.2), we notice that Summaries 3 and 4 outper-

formed the other summaries across all the metrics, with Summary 4 scoring higher than

Summary 3, 66.67% of the time. For VT-wide disciplines, we use Mechanical Engineering,

Psychology, Ecology, and Neuroscience. We aggregate the results from the aforementioned

disciplines and report the scores in Table 6.5. We observe that Summaries 3 and 4 outper-

formed other summaries. Summary 4 scored better than 3 on “coherence” and “consistency”.

Summary 3 scored slightly better than 4 on “relevance”. Both of the summaries tied on “flu-

ency”.

Overall, Summaries 3 and 4 always score 3 (highest possible score) on ‘fluency.’ Across the

other three metrics, Summary 4 performs better than Summary 3, 66.67% of the time.
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Table 6.3: G-Eval scores for Computer Science (Study 1)

Metric Scale Model Name Scores

Fluency 1-3

Summary 1 2.0
Summary 2 3.0
Summary 3 3.0
Summary 4 3.0

Consistency 1-5

Summary 1 4.77
Summary 2 1.82
Summary 3 4.89
Summary 4 4.91

Coherence 1-5

Summary 1 4.52
Summary 2 2.32
Summary 3 4.85
Summary 4 4.91

Relevance 1-5

Summary 1 4.63
Summary 2 1.39
Summary 3 4.82
Summary 4 4.93

6.4.2 Computer Science Results

Computer Science Study 1: The ratings of summaries for Study 1 are depicted in Fig-

ure 6.1, and Table 6.6 shows the ranking by users of the summaries. We aggregate the results

using a weighted average method (see Section E.1) and report results for each of the metrics

and each summary in Table 6.7.

Computer Science Study 2: The rating of summaries for Study 2 is depicted in Figure 6.2,

and Table 6.8 shows the ranking by users of the summaries. We aggregate the results using

a weighted average method (see Section E.1) for each of the metrics and each summary in

Table 6.9.

In both studies discussed in Section 6.4.2, users ranked the summaries generated with Llama
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Table 6.4: G-Eval scores for Computer Science (Study 2)

Metric Scale Model Name Scores

Fluency 1-3

Summary 1 2.87
Summary 2 2.94
Summary 3 3.0
Summary 4 3.0

Consistency 1-5

Summary 1 4.77
Summary 2 1.82
Summary 3 4.89
Summary 4 4.91

Coherence 1-5

Summary 1 4.65
Summary 2 3.17
Summary 3 4.90
Summary 4 4.80

Relevance 1-5

Summary 1 4.46
Summary 2 3.17
Summary 3 4.99
Summary 4 4.46

2 (summaries 3 and 4) higher than the other two summaries as depicted in Tables 6.6

and 6.8. Summary 2, generated using BigBird Pegasus, consistently was ranked the worst.

In both chapters, over 60% of users rated summaries 3 and 4 as ‘Good’ or ‘Excellent’ for

all four qualitative metrics as depicted in Figures 6.1 and 6.2. For ‘content coverage, and

fluency and correctness,’ over 80% and 85% of users rated summaries 3 and 4 as ‘Good’ or

‘Excellent.’ In Summary 1, ‘Readability’ is a metric users’ sometimes rated low for summaries

3 and 4, with 23% and 7% rating them below average. We looked at the comments that

users added to gain insight into why this might be. We found the length to be a factor

indicating why users might have given a lower score for readability. Users seemed to prefer

shorter summaries. All the summaries were generated using the same max_length. Llama

2 model tends to generate summaries closer to the max_length, whereas BigBird Pegasus
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Table 6.5: G-Eval scores for VT-wide disciplines (non-CS)

Metric Scale Model Name Scores

Fluency 1-3

Summary 1 2.31
Summary 2 2.4
Summary 3 3.0
Summary 4 3.0

Consistency 1-5

Summary 1 4.78
Summary 2 1.68
Summary 3 4.95
Summary 4 4.97

Coherence 1-5

Summary 1 4.4
Summary 2 1.79
Summary 3 4.82
Summary 4 4.87

Relevance 1-5

Summary 1 4.30
Summary 2 1.44
Summary 3 4.89
Summary 4 4.88

often tends to generate shorter summaries, which users preferred and thus rated higher on

the “Readability” metric.

Combined results in Table 6.7 depict Computer Science Study 1 scores for all the metrics.

We see that Summary 3 was preferred by the users overall, followed by Summary 4. This

result aligns with user ranking for the summaries in Table 6.6. It is interesting to note that

Table 6.6: Computer science user ranking - Study 1

Name Model
Summary 3 Llama-2-13B (chapter text)
Summary 4 Llama-2-13B (with abstract sentences and reference text)
Summary 1 Longformer Encoder Decoder (with abstract sentences and reference text)
Summary 2 Big Bird Pegasus (with abstract sentences and reference text)
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Figure 6.1: Computer science user evaluation - Study 1

Summary 2, which is typically the least preferred summary for every discipline, scored well

on “readability”. However, we do see that the “content coverage” for Summary 2 was the

lowest. Thus, Summary 2 might have been easy to read but it failed to capture the content

of the input text. Table 6.9 depicts the combined results for Computer Science Study 2. We

notice that Summary 4 outperforms Summary 3 for most metrics except for “redundancy”

where Summary 3 scored slightly better than Summary 4.

We also show our users the LLM-generated chapter category and subcategory as depicted

in Table 6.10. Users agreed with the predictions generated by Llama for the category and

subcategory for CS for both of the studies when asked “Do you agree with the labels shown

above?” We asked users to add any missing keywords that would better describe the chapter

content. Top keywords from user responses are shown in Table 6.10. All keywords added by

users are included in the appendix Figures B.13 and B.14.
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Table 6.7: Summarization combined scores for computer science (Study 1)

Metric Summary Name Scores

Fluency and
correctness

Summary 1 3.69
Summary 2 3.61
Summary 3 4.46
Summary 4 4.15

Content
coverage

Summary 1 3.92
Summary 2 1.92
Summary 3 4.69
Summary 4 4.15

Readability

Summary 1 3.30
Summary 2 4.38
Summary 3 3.61
Summary 4 3.84

Redundancy

Summary 1 3.69
Summary 2 4.15
Summary 3 4.24
Summary 4 4.07

6.4.3 VT-wide Results

In this section, we discuss the results of user evaluation from disciplines across VT. We have 4

responses each from Psychology, Mechanical Engineering, Ecology, and Neuroscience. After

discussing with SAIG at Virginia Tech, we decided to aggregate all non-CS disciplines and

report the user ranking. Individual results have been included in the Appendix Figures E.1,

Table 6.8: Computer Science Study-2

Name Model
Summary 4 Llama-2-13B (with abstract sentences and reference text)
Summary 3 Llama-2-13B (chapter text)
Summary 1 Longformer Encoder Decoder (with abstract sentences and reference text)
Summary 2 Big Bird Pegasus (with abstract sentences and reference text)
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Figure 6.2: Computer science user evaluation - Study 2

E.2, E.3, and E.4.

We report aggregated results from Mechanical Engineering, Psychology, Ecology, and Neu-

roscience in Figure 6.3. We also depict the weighted average (see Section E.1) for each of

the metrics and each summary in Table 6.15. Individual rankings have been reported in

Tables 6.12, 6.11, 6.13, and 6.14. We observed that users, in general, preferred summaries

generated by Llama 2 and ranked them higher. Users preferred Summary 4 for three out of

the four disciplines. 100 % of the users rated Summaries 3 and 4 as “Excellent” or “Good”

for fluency, readability, and redundancy.

Combined scores for each metric and summaries for all non-CS disciplines are depicted in

Table 6.15. We see that Summaries 3 and 4 tied on “fluency and correctness”. Summary 4

outperformed Summary 3 in 2 out of the 3 other metrics. Summary 3 scored slightly better

on “readability” than Summary 4.
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Table 6.9: Summarization combined scores for computer science (Study 2)

Metric Summary Name Scores

Fluency and
correctness

Summary 1 3.82
Summary 2 3.21
Summary 3 4.21
Summary 4 4.24

Content
coverage

Summary 1 3.49
Summary 2 3.06
Summary 3 4.36
Summary 4 4.37

Readability

Summary 1 3.85
Summary 2 3.77
Summary 3 3.81
Summary 4 4.06

Redundancy

Summary 1 3.38
Summary 2 3.36
Summary 3 4.02
Summary 4 3.96

Table 6.10: Classification user study - CS Study

Chapter Category Subcategory Additional
Labels

Study 1 Computer Science Electrical and Computer Software, dynamic
Engineering bug detection,

scalability
Study 2 Computer Science Artificial Intelligence and Citation metadata,

Machine Learning machine reading
extraction, machine
learning in digital
libraries

We depict the classification user study results for other than CS disciplines in Table 6.16.

We observe the following:
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Figure 6.3: VT-Wide evaluation results

Table 6.11: Mechanical engineering summaries user rankings

Name Model
Summary 4 Llama-2-13B (with abstract sentences and reference text)
Summary 3 Llama-2-13B (chapter text)
Summary 1 Longformer Encoder Decoder (with abstract sentences and reference text)
Summary 2 Big Bird Pegasus (with abstract sentences and reference text)

Table 6.12: Psychology summaries user rankings

Name Model
Summary 4 Llama-2-13B (with abstract sentences and reference text)
Summary 3 Llama-2-13B (chapter text)
Summary 1 Longformer Encoder Decoder (with abstract sentences and reference text)
Summary 2 Big Bird Pegasus (with abstract sentences and reference text)

• For Psychology, users agreed with the category and partially agreed with the subcat-

egories.
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Table 6.13: Ecology summaries user rankings

Name Model
Summary 3 Llama-2-13B (chapter text)
Summary 4 Llama-2-13B (with abstract sentences and reference text)
Summary 2 Big Bird Pegasus (with abstract sentences and reference text)
Summary 1 Longformer Encoder Decoder (with abstract sentences and reference text)

Table 6.14: Neuroscience summaries user rankings

Name Model
Summary 4 Llama-2-13B (with abstract sentences and reference text)
Summary 1 Longformer Encoder Decoder (with abstract sentences and reference text)
Summary 3 Llama-2-13B (chapter text)
Summary 2 Big Bird Pegasus (with abstract sentences and reference text)

Table 6.15: Summarization combined score for VT-wide (non-CS)

Metric Summary Name Scores

Fluency and
correctness

Summary 1 3.25
Summary 2 2.25
Summary 3 4.75
Summary 4 4.75

Content
coverage

Summary 1 3.5
Summary 2 2
Summary 3 3.25
Summary 4 4.5

Readability

Summary 1 4
Summary 2 2.75
Summary 3 4.75
Summary 4 4.5

Redundancy

Summary 1 3
Summary 2 2.75
Summary 3 4.25
Summary 4 4.5
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Table 6.16: VT-wide classification user study results(non-CS)

Chapter Category Subcategory Additional
Labels

Psychology Psychology Sociology, English Advocacy,
Communication Studies persuasion,

Mechanical Mechanical Physics and Neuroscience,
Engineering Economics biomechanics

robotics,
physiology

Ecology Biological Sciences Ecology Computational
Environment biology, climate

simulations,
climate change

Neuroscience Psychology Neuroscience Electrophysiology
Neuropsychology hippocampus

synaptic signaling
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• For Mechanical Engineering, users agreed with the category and “somewhat agreed’

(one out of 2) with the subcategories.

• For Ecology, users agreed with both the category and subcategories.

• For Neuroscience, users marked the category as “neutral” but agreed 100% with the

subcategory.

We asked our users to add labels to the classification question. We observe that the labels, in

some cases, were more granular than typical subject-level classification. Some users, such as

those in Ecology and Mechanical Engineering, provided us with more generic labels, whereas

users in Neuroscience and Psychology provided very specific labels. This generalizability

vs. specificity amongst the user-provided labels varies amongst users and disciplines. We

also recognize that user subjects and specific areas of expertise are likely reasons that might

result in variation in the study results. Users such as senior graduate students and faculty

have more experience in the subject area and are likely to be more adept at evaluating the

research material discussed in the chapters. Therefore, we realize that the skill level of the

user is a confounding variable in this study.

6.5 Conclusion

Our evaluation system was employed in user studies to assess chapter summaries and clas-

sification labels to:

• Provide a measure of quality for different summarization models.

• Provide a measure of quality for LLM-generated classification labels.

• Generate additional summarization ground truth data.
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In summary: this chapter tested the following hypotheses.

1. Our experiments regarding prompting and fine-tuning LLMs for classification will gen-

erate a better understanding of the chapter content, as shown by our user study.

• Our experimental results show that prompting and instruction tuning Llama 2

and Llama 3 results in the generation of classification results in the form of

categories and subcategories. Methods of generating results for this hypothesis

have been discussed in Sections 4.4.4 and 4.4.5.2. We evaluated the results in this

Chapter and report the results in Section 6.4.2.

• Users in the CS study agreed with the LLM-predicted chapter category and sub-

categories as shown in Table 6.10.

• Users in the non-CS departments agreed with 3 out of 4 categories predicted by

LLM. For subcategories, we observed partial agreement with users being “neu-

tral” with some of the subcategories predicted by LLM. This result is shown in

Table 6.16.

• We see that users for certain disciplines completely agree with the predicted

category and partially with the subcategories. We looked at the labels added by

users and observed some of them were very specific, whereas others were very

general. Additionally, we observe that the skill level and subject matter expertise

of users vary, which can be considered to be a confounding variable in this user

study.

2. Our approach of obtaining context from the document abstract and references that

correlate with each chapter helps us select a better set of important keywords and

sentences and thus create summaries that scored higher by LLM-based evaluation and

are preferred by users.
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• We see in results reported in Section 6.4.1, using G-Eval, that summary 4, i.e.,

Llama 2 generated summary aided with context from abstract sentences and

reference text, performed better in most metrics.

• Our user study results in Figures 6.6, 6.8, 6.11, 6.12, 6.13, and 6.14 show that users

prefer summaries generated by using context from document abstract sentences

and reference titles, 66.67% of the times.

3. Our approach to using an ensemble summarization technique that incorporates LLMs

generates better summaries that are preferred by users.

• Our user study results in Figures 6.1, 6.2, and 6.3 show that users consistently

prefer summaries generated by using an ensemble method using LLMs.



Chapter 7

Conclusion and Future Work

7.1 Summary

We describe methods to help extract and generate components from book-length scholarly

documents. We provide chapter labels and summaries to help readers find the interesting

portions faster. This aims to make ETDs more accessible by providing users with more ex-

tensive derived metadata. We propose methods to detect interdisciplinarity in ETD chapters

by predicting multi-labels. We use a probabilistic method by utilizing the activation function

and use LLMs to predict categories and sub-categories. We also propose a summarization

pipeline that leverages context from ETD summaries and references to help select important

parts from a chapter text. We use a human evaluation framework to evaluate our methods.

We observe that users preferred summaries generated by our methods of including context

from document abstracts and citing reference titles.

We proposed the following research questions at the beginning of the research work.

1. Can tools that we devise achieve high accuracy in segmenting long documents auto-

matically? This work has been discussed in Chapter 3.

2. Can chapter-level classification labels and chapter summaries help in understanding

the chapter text better? This work has been discussed in Chapters 4 and 5.
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3. Can leveraging LLMs and obtaining context from document abstract sentences and

cited reference titles from each chapter help in creating better chapter summaries?

The work has been discussed in Chapters 5 and 6.

4. Can we use human evaluation to create more ground truth data that helps create

better models in the future? This work has been discussed in Chapter 6.

We had proposed the following hypotheses.

1. Our approach to automatic chapter boundary detection using a neural network model

trained on long scholarly documents yields better results than available SOTA neural

network models trained on collections of shorter documents.

• We find that the neural model trained on scholarly documents yields better results

than SOTA models trained on shorter documents, as shown in Section 3.3.2.

• The neural model generates false positives for chapter boundaries. Therefore, the

quality is unacceptable. Hence, we rely on manual segmentation to create the

ETD-SGT* datasets as described in Section 3.4.

2. Our quantitative experimental results show that a language model built on clean text

(i.e., only complete sentences) will result in a model that better understands the schol-

arly language, as measured by the perplexity score.

• We have proved that a language model built on clean text results in models

that better understand the scholarly text as discussed in Chapter 4, especially

Table 4.7.

3. Our quantitative experimental results show that sophisticated transformer-based lan-

guage model classifiers outperform traditional machine learning-based classifiers such

as Support Vector Machine and Random Forest.
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• We have proved that language model-based classification methods outperform

traditional machine learning-based classifiers, as proved by the ROC analysis

(Appendix Figures B.1, B.1, B.3, B.5, B.7, B.9, and B.11) and F1, Precision, and

Recall scores in Chapter 4, Tables 4.4 and 4.5.

4. Our quantitative experimental comparison shows that the classification of our ETD

chapters using language models improves when fine-tuning SOTA pre-trained models

on our corpus as opposed to using SOTA pre-trained models.

• We have proved that fine-tuning language models improves the performance of

the classification model as discussed in Chapter 4, especially Table 4.6.

5. Our qualitative experimental results show that a multi-label classifier outperforms a

multi-class classifier at predicting the correct discipline as measured by F-1, Precision,

and Recall scores.

• Our experimental results show that multi-label classification improved the perfor-

mance of our fine-tuned classifiers as shown in Chapter 4, especially Table 4.13.

6. Our experiments regarding prompting and fine-tuning LLMs for classification will gen-

erate a better understanding of the chapter content, as shown by our user study.

• Our experimental results show that prompting and instruction tuning Llama 2

and Llama 3 results in the generation of granular classification results in the form

of categories and subcategories. Methods of generating results for this hypothesis

have been discussed in Sections 4.4.4 and 4.4.5.2. We evaluated the results in

Chapter 6 and report the results in Sections 6.4.2 and 6.4.3.

• Users in the CS study agreed with the LLM-predicted chapter category and sub-

categories as shown in Table 6.10.
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• Users in the non-CS departments agreed with 3 out of 4 categories predicted

by the LLM. For subcategories, we observed partial agreement with users being

“neutral” with some of the subcategories predicted by the LLM. This result is

shown in Table 6.16.

• We see that users for certain disciplines completely agree with the predicted

category and partially with the subcategories. We looked at the labels added by

users and observed some of them were very specific, whereas others were very

general. Additionally, we observe that the skill level and subject matter expertise

of users vary, which can be considered to be a confounding variable in our user

study.

7. Our experimental results prove that abstractive models with longer context windows

generate better summaries than models with shorter context windows as proved by

higher ROUGE scores.

• Our experimental results show that abstractive models generate summaries with

higher ROUGE scores than extractive models as shown in Chapter 5, especially

Table 5.6.

8. Our approach of obtaining context from the document abstract and references that

correlate with each chapter helps us select a better set of important keywords and

sentences and thus create summaries that are preferred by users.

• We see in results reported in Section 6.4.1, that summary 4, i.e., the Llama

generated summary aided with context from abstract sentences and reference

text, performed better in most metrics.

• Our user study results in Chapter 6, reported in Figures 6.6, 6.8, 6.11, 6.12, 6.13,

and 6.14, show that users prefer summaries generated by using context from
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document abstract sentence and reference titles, 66.67% of the time. The other

33.34% of users rated summary 3 higher.

9. Our approach to using an ensemble summarization technique that incorporates LLMs

generates better summaries that are preferred by users.

• Our user study results in Chapter 6, reported in Figures 6.1, 6.2 and 6.3, show

that users consistently prefer summaries generated by using an ensemble method

using LLMs.

7.2 Addressing Bias and Variability

Researchers need to be aware of bias in datasets and algorithms and the potential impact

on society. We tried to collect documents from diverse universities across the United States.

We are committed to inclusively and tried to make our dataset representative of not only a

variety of disciplines but also to include documents from HBCUs and HSIs in the U.S. as

discussed in Chapter 3, especially Section 3.2.1.

The latest advances in AI, although remarkable, come with several challenges. The most

important of these challenges is the risk of the model hallucinating and generating factually

incorrect responses. Apart from instruction-tuning the model, it is also important to make

sure the model is “grounded”. Retrieval augmented generation (RAG) [66] has become a

standard practice to help models generate relevant responses that are grounded in context

from the retrieval. In the RAG process, the first step is retrieval and the second step is

generation. This approach is beyond the scope of the current work and therefore left for

future research. In the future, a RAG pipeline could aid the model in better understanding

the context, and providing helpful explanations.
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7.3 Future Work

In the future, we want to continue our user study to analyze generated summary quality

across a more diverse set of disciplines. Our current IRB proposal (see Appendix D in

Section D.2) is valid until 2026. We plan to continue recruiting participants by posting on

various listservs. Additionally, we also plan to conduct several studies in courses spanning

different disciplines. For this, we will reach out to VT faculty teaching courses during

semesters and ask for their help in evaluating chapter summaries and classification labels.

Based on the results, we want to create a feedback loop where the models learn from hu-

man annotation and judgements. This reinforcement learning with a human feedback ap-

proach [30] will help models learn better from human-annotated data during the training

phase.

Moving ahead I want to incorporate a RAG pipeline with my work on LLMs. I want to

develop a RAG-LLM pipeline that helps enhance user interaction with ETDs. My goal is

to create a RAG-LLM model by starting with a small-scale prototype with a particular

discipline or domain. A locally deployed LLM, fine-tuned on discipline-specific data and

grounded by a retrieval architecture, can help readers discover, interact, and understand

research better. This pipeline can be scaled as per the needs and demands of additional

disciplines.

I am excited to work with researchers across domains and see how this approach can help

solve scholarly problems, powered by the advances of artificial intelligence. There has been

an immense interest in AI in the past year. However, at the same time, it is important

to make sure the models we create are responsible, ethical, and as accurate as possible. I

am passionate about making an effort to make AI explainable and something beyond just a

‘black box.’
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Appendix A

Segmentation Results

In this section, we discuss additional results from Chapter 3, sepecifically related to ‘Seg-

mentation’. Tables A.1 and A.2 represent the evaluation of the segmentation models using

the arXiv v.s. non-arXiv ETDs using two different embedding models (GloVe and fastText).

We look at the performance of the ‘Chapter Start’ label from non-arXiv documents using

two approach variants. Though the F1 score for ‘Chapter Start’ shown in Table A.1 was

higher than that shown in Table A.2, it still was only 46%, making clear there were many

errors.

Table A.1: Evaluation for Segmentation Model arXiv vs. non-arXiv (using GloVe embed-
ding). Adapted from [78]

Page Type
arxiv non-arXiv

Precision Recall F1 Precision Recall F1

FM Chapter-Start 64% 47% 54% 56% 20 % 29%

FM PAGE 65% 44% 52% 38% 32% 35%

Chapter-Start 82% 77% 79% 58% 38% 46%

Chapter PAGE 91% 97% 94% 80% 94% 86%

EM Chapter-Start 78% 68% 73% 23% 17% 19%

EM PAGE 83% 64% 72% 67% 31% 42%
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Table A.2: Evaluation for Segmentation Model arXiv vs. non-arXiv (using fastText embed-
ding). Adapted from [78]

Page Type
arxiv non-arXiv

Precision Recall F1 Precision Recall F1

FM Chapter-Start 83% 49% 62% 46% 0.09% 15%

FM PAGE 66% 51% 57% 35% 44% 39%

Chapter-Start 97% 64% 77% 53% 17% 26%

Chapter PAGE 89% 99% 94% 80% 93% 86%

EM Chapter-Start 95% 64% 76% 54% 11% 18%

EM PAGE 85% 55% 67% 63% 35% 45%



Appendix B

Classification Results

In this section, we add more results and additional documents related to Chapter 4.

B.1 ProQuest Mapping

We show the ETD subject to ProQuest subject categories mapping in Figure B.1. The

mapping was devised based on the ProQuest subject category system described in [91].

Details of the mapping has been discussed in Chapter 4, Section 4.2.2. We use this mapping

to create a classification ground truth dataset, ETD-CL (see Chapter 3, Section 3.5.2), which

is used for classification task discussed in Chapter 4. We keep the ETD categories alongside

the hierarchical (3 levels) ProQuest departments. ProQuest mapping has a subject code

associated with the third level of categories. We also keep the code(s) of the departments.
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B.2 System Details

In this section, we report the machine details for running the machine learning and language

model-based classifiers. It is important to note that machine-learning-based classifiers take

significantly less time than language model-based classifiers. Train and inference time and

model capacity are definitely advantages for ML-based classifiers such as SVM and RF. The

models are known to be lightweight and thus easy to use without having to require sophis-

ticated resources. However, LM-based classifiers outperform in terms of quality measures,

making them a better choice for the task.

Table B.1: System details depicting model capacity and time taken for train and inference
on PQDT dataset (see Section 3.5.1)

Model Task Machine Details Time

SVM Classification CPU: Intel i7-9700 CPU 1 hour
training 3.00GHz, 8 cores
and inference GPU: Nvidia Quadro RTX

4000, 8GB GPU memory

RF Classification CPU: Intel i7-9700 CPU 0.21 hours
training 3.00GHz, 8 cores
and inference GPU: Nvidia Quadro RTX

4000, 8GB GPU memory

Autoregressive Fine-tuning CPU: AMD EPYC 7452, ~48 hours
LMs (e.g., BERT) 32 cores

GPU: NVIDIA A10 24 GB

Autoregressive Classification CPU: AMD EPYC 7452, 2-8 hours
LMs (e.g., BERT) training 32 cores (based on

and inference GPU: NVIDIA A10, 24 GB model size)
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B.3 ROC Curves

This section discusses ROC curve results for SVM, RF, BERT. SciBERT, BERT+ETD,

SciBERT+ETD. We use the receiver operating characteristic curve to have a better look

at the performance of classifiers at several thresholds. We use experiments described in

Chapter 4, specifically the ones described in Tables 4.4 and 4.5. Figures B.1, B.2, B.3,

and B.4 depict the ROC curves of the SVM model and for multiple classes for two different

experimental setups. Similarly, Figures B.5, B.6, B.7, and B.8 depict the ROC curves of the

Random Forest (RF) model and for multiple classes for two different experimental setups

with different hyperparameters. We see that the SVM model performs slightly better than

RF, but both have an area under the curve of 0.5. We also plot the ROC curves for language

models as depicted in Figures B.9 and B.10, for BERT, fine-tuned on ETDs and in Fig-

ures B.3 and B.4, for SciBERT fine-tuned on ETDs. Both language model-based classifiers

have ROC curve area at 0.98.

Figure B.1: SVM ROC Curve on PQDT dataset - setup 1
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ROC analysis multi-class Legend

Figure B.2: SVM ROC analysis for multiple classes - PQDT dataset - setup 1

Figure B.3: SVM ROC Curve on PQDT dataset - setup 2
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ROC analysis multi-class Legend

Figure B.4: SVM ROC analysis for multiple classes - PQDT dataset - setup 2

Figure B.5: RF ROC Curve on PQDT dataset - setup 1

B.4 Categories Predicted by Llama

We use Llama 3 for classification of subject categories as discussed in Chapter 4, Section 4.3.3

using the ETD-CL dataset in Section 3.5.2. The prediction is obtained by prompting the
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ROC analysis multi-class Legend

Figure B.6: RF ROC analysis for multiple classes - PQDT dataset - setup 1

Figure B.7: RF ROC Curve on PQDT dataset - setup 2

Llama 3 model as shown in Figure 4.6. The prompt is designed to output categories and

subcategories. Llama 3 predicted a total of 82 categories; however, the input prompt only

had 47 categories. We report all the classes (categories) that were predicted by Llama 3 in
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ROC analysis multi-class Legend

Figure B.8: RF ROC analysis for multiple classes - PQDT dataset - setup 2

Figure B.9: Finetuned-BERT ROC Curve on PQDT dataset

Table B.2.
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ROC analysis multi-class Legend

Figure B.10: Finetuned-BERT ROC analysis for multiple classes - PQDT dataset

Figure B.11: Finetuned-SciBERT ROC Curve on PQDT dataset

Table B.2: Categories predicted by Llama 3 model

Category Predicted No. of documents

psychology 174
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Category Predicted No. of documents

computer science 126

geological sciences 114

communication sciences and disorders 110

biomedical engineering 70

petroleum and geosystems engineering 63

electrical and computer engineering 59

civil architectural and environmental engineering 59

linguistic 55

chemical engineering 51

communication studies 43

music 42

materials science and engineering 40

economics 38

chemistry 38

mechanical engineering 37

curriculum and instruction 37

education 36

philosophy 35

counselling leadership adult education and school psychology 34

political science 33

aerospace engineering 32

geography 31

biological sciences 31

biology 28
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Category Predicted No. of documents

mathematics 28

anthropology 26

history 22

architecture 21

animal science 21

business administration 20

theatre and dance 17

art design and history 17

public affairs and policy 16

social work 16

english 15

government 14

sociology 12

literary studies 12

physics 12

kinesiology and health education 11

urban planning 11

international relations 8

literature 7

crop science 7

community and regional planning 6

agricultural sciences 6

public health 5

radio-television-film 5
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Category Predicted No. of documents

archaeology 4

earth and atmosphere sciences 4

law 4

art history 3

accounting 3

literary criticism 3

ecological sciences 2

environmental engineering 2

healthcare administration 1

conservation biology 1

geopolitics 1

dance studies 1

engineering 1

classical studies 1

architectural and environmental engineering 1

criminology 1

nursing 1

agricultural science 1

screenwriting 1

performance studies 1

politics and international relations 1

classics 1

rhetoric and composition 1

law and government 1
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Category Predicted No. of documents

organizational behavior 1

food science 1

home economics education 1

social sciences 1

urban ecology 1

sustainable consumption research and action initiative 1

cosmology 1

industrial and organizational psychology 1

B.5 Top 3 Prediction: Category-wise Results

In this section, we report the performance of top 3 predictions for each of the classes using

fine-tuned language models on the ETD-CL dataset. The experiment setup and results have

been discussed in Chapter 4, Sections 4.3.4.1 and 4.4.5.1. We report the performance of

each class for top 3 predicting models as discussed in Chapter 4, Table 4.13.

Table B.3: Performance of each class using fine-tuned BERT

Category Accuracy

Advertising 0.85

Aerospace engineering 0.75

Animal science 0.90

Anthropology 0.75

Architecture 0.75
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Category Accuracy

Art and design 0.85

Biology 1.00

Biomedical engineering 0.75

Business administration 0.95

Chemical engineering 0.85

Chemistry 0.70

Civil architectural and environmental engineering 0.75

Communication studies 1.00

Community and regional planning 1.00

Computer science 0.85

Counselling leadership adult

Education and school psychology 0.60

Curriculum and instruction 0.95

Economics 0.95

Education 0.75

Electrical and computer engineering 0.90

English 0.90

Geography 0.90

Geological sciences 0.95

Government 0.85

History 0.95

Journalism 0.70

Materials science and engineering 0.60

Mathematics 0.85
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Category Accuracy

Mechanical engineering 0.65

Music 1.00

Nuclear plasma and radio engineering 0.90

Petroleum and geosystems engineering 0.95

Philosophy 0.95

Physics 0.85

Psychology 0.80

Public affairs 0.80

Radio-television-film 1.00

Social work 0.80

Sociology 0.70

Special education 1.00

Theatre and dance 0.95

accuracy 0.84

Table B.4: Performance of each class using fine-tuned SciBERT

Category Accuracy

Advertising 0.88

Aerospace engineering 0.88

Animal science 0.98

Anthropology 0.83

Architecture 0.85

Art design and history 0.83
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Category Accuracy

Biology 0.95

Biomedical engineering 0.85

Business administration 0.95

Chemical engineering 0.90

Chemistry 0.98

Civil architectural and environmental engineering 0.93

Communication sciences and disorders 0.95

Communication studies 0.80

Community and regional planning 0.95

Computer science 0.95

Counselling leadership adult education and school psychology 0.90

Crop science 0.85

Curriculum and instruction 0.83

Earth and atmosphere sciences 0.93

Economics 0.98

Education 0.98

Electrical and computer engineering 0.98

English 0.95

Geography 0.83

Geological sciences 0.98

Government 0.91

History 0.93

Home economics education 1.00

Journalism 0.80
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Category Accuracy

Kinesiology and health education 0.98

Linguistic 0.93

Materials science and engineering 0.98

Mathematics 0.95

Mechanical engineering 0.78

Music 1.00

Petroleum and geosystems engineering 1.00

Philosophy 0.83

Physics 0.85

Political science 0.85

Psychology 0.93

Public affairs and policy 0.90

Radio-television-film 0.83

Social work 0.98

Sociology 0.88

Spanish italian and portuguese 0.85

Theatre and dance 0.93

Accuracy 0.91
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ROC analysis multi-class Legend

Figure B.12: Finetuned-SciBERT ROC analysis for multiple classes - PQDT dataset

B.6 Keywords Added by Users for Classification CS

Pilot Study

In this section, we report the word cloud of keywords that were added by users in the CS pilot

study (see Chapter 6, Section 6.3.3.2). We use the complete list of keywords, as added by

the users for both of the computer science user studies. We use the Wordcloud [81] Python

package for this task. We display the word clouds in Figures B.13 and B.14.
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Figure B.13: CS study 1 - wordcloud of keywords

Figure B.14: CS study 2 - wordcloud of keywords



Appendix C

Summarization

C.1 Llama Prompts for Zero-shot and Few-shot Learn-

ing

In this section, we show an example of summarization using the Llama 3 model. In the

following figures, we discuss the hyperparameters used for the Llama 3 model, zero-shot

and few-shot prompts, and results. We first look at the recommended hyperparameters in

Figure C.1 as provided by Meta [7]. We change the max_length and device_map information

to fit the model in the available GPU. Similarly, for zero-shot, few shot prompts discussed in

Figures C.2, C.4, we use the prompts provided by Meta in [7] and modify from there. Some

of the prompt modification comes from trial and error approach. This involves modifying the

prompts to guide the model to output very specific results such as “output the summaries

in bullet points or a paragraph.” The results from zero-shot and few-shot prompting Llama

3 models have been discussed in Figures C.3 and C.5.

C.2 Prompts for Using LLM for Summary Evaluation

We show the prompts used for evaluating summaries using GPT-4. The base prompt infor-

mation has been adapted from the original paper [71]. We modify the prompts to use ETDs

166
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Figure C.1: Llama 3 model hyperparameters for summarization

as a summary evaluation dataset.
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Figure C.2: Llama 3 summarization zero shot prompt example

Figure C.3: Llama 3 summarization zero shot prompt result
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Figure C.4: Llama 3 summarization few shot prompt example

Figure C.5: Llama 3 summarization few shot prompt result
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Figure C.6: Prompt to evaluate the coherence of generated summaries using LLM

Figure C.7: Prompt to evaluate the consistency of generated summaries using LLM
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Figure C.8: Prompt to evaluate the fluency of generated summaries using LLM

Figure C.9: Prompt to evaluate the relevance of generated summaries using LLM



Appendix D

User Study Documents

D.1 Wireframe Diagrams

In this section, we show the wireframe diagrams for our user study.

Figure D.1: Human evaluation framework wireframe - 1: Page displaying document metadata
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Figure D.2: Evaluation framework wireframe - 2: Page displaying chapter text

Figure D.3: Evaluation framework wireframe - 3: Page displaying summary ratings
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Figure D.4: Evaluation framework wireframe - 4: Page displaying classification
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D.2 IRB Approval Letter

In this section, we add the IRB approval letter that enables us to recruit users to evaluate

the research discussed in this document.



Division of Scholarly Integrity and
Research Compliance
Institutional Review Board
North End Center, Suite 4120 (MC 0497)
300 Turner Street NW
Blacksburg, Virginia 24061
540/231-3732
irb@vt.edu
http://www.research.vt.edu/sirc/hrpp

MEMORANDUM

DATE: March 22, 2024

TO: Edward Fox, Bill Ingram, Harini Kandru, Bipasha Banerjee

FROM: Virginia Tech Institutional Review Board (FWA00000572)

PROTOCOL TITLE: Human evaluation of ETD chapter summaries and classification labels.

IRB NUMBER: 23-687

Effective March 22, 2024, the Virginia Tech Human Research Protection Program (HRPP) determined
that this protocol meets the criteria for exemption from IRB review under 45 CFR  46.104(d) category
(ies) 2(i).
 
Ongoing IRB review and approval by this organization is not required. This determination applies only
to the activities described in the IRB submission and does not apply should any changes be made. If
changes are made and there are questions about whether these activities impact the exempt
determination, please submit an amendment to the HRPP for a determination.
 
This exempt determination does not apply to any collaborating institution(s). The Virginia Tech HRPP
and IRB cannot provide an exemption that overrides the jurisdiction of a local IRB or other institutional
mechanism for determining exemptions.
 
All investigators (listed above) are required to comply with the researcher requirements outlined at:

https://secure.research.vt.edu/external/irb/responsibilities.htm

(Please review responsibilities before beginning your research.)

PROTOCOL INFORMATION:

Determined As: Exempt, under 45 CFR 46.104(d) category(ies) 2(i) 
Protocol Determination Date: July  6, 2023

ASSOCIATED FUNDING:

The table on the following page indicates whether grant proposals are related to this protocol, and
which of the listed proposals, if any, have been compared to this protocol, if required.



IRB Number 23-687 page 2 of 2 Virginia Tech Institutional Review Board
 

SPECIAL INSTRUCTIONS:

The protocol is being amended to add Harini Kandru to the research team. The information on the
recruitment flyer has been rearranged. 

Date* OSP Number Sponsor Grant Comparison Conducted?

06/26/2023 PYQZV5V5
Institute of Museum & Library

Services (Title: Opening Books and the
National Corpus of Graduate Research)

Not required (Exempt approval)

* Date this proposal number was compared, assessed as not requiring comparison, or comparison
information was revised.

If this protocol is to cover any other grant proposals, please contact the HRPP office (irb@vt.edu)
immediately.
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D.3 CS Pilot Study Assignments

In this section, we show the Canvas assignments that were distributed to CS4624 and CS5604

for the Computer Science user study.



Points

Submitting

Summarization Evaluation 
  

1

a text entry box

Due For Available from Until

Mar 13 Everyone Jan 22 at 12am Mar 14 at 11:59pm

  Published  Edit 

This assignment is like those for guest presentations, except the guest has prepared a short video and
tutorial, so there is not something on the course calendar except a due date entry.

- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - 

Please look at the summarization tutorial at https://virginiatech.questionpro.com/t/AYpWXZ1Mgf 
(https://virginiatech.questionpro.com/t/AYpWXZ1Mgf) and view the video explaining the tutorial which is in
Canvas in Files (https://canvas.vt.edu/media_attachments_iframe/31952876?type=video&embedded=true) .
Please get in touch with Bipasha (bipashabanerjee@vt.edu (mailto:bipashabanerjee@vt.edu) ) to get
your personalized survey link and if you have any questions regarding the survey. 
Using that survey instrument, you will be carrying out the following steps. If you fully and conscientiously
complete those steps, you will get full credit for this assignment.
1. Read the ETD metadata.
2. Open a new window or tab in your browser for the chapter text PDF, and keep that open until the
assignment is completed.
3. For each of 4 generated summaries:
3a. Read the summary.
3b. Assess the summary according to each of the criteria given on the rating page for that summary.
4. Rank the summaries, assigning each a rank, with rank 1 identifying the one that is best.
5. As needed, use the arrow key to go back, and the Next button to go forward, to navigate among the
survey pages.
6. When assessment and ranking is complete, share any additional comments.
7. Enter Done when you are finished with all of the above. 
8. For this assignment, enter into the text box your name and the date/time when you completed the
steps above. Submit that in Canvas as your entry for this assignment.

  Rubric



6/25/24, 7:48 PM Summarization Evaluation

https://canvas.vt.edu/courses/185510/assignments/2034897 1/2



Points

Submitting

IR experimental pilot study option 1: Summarization
evaluation 

  

5

a text entry box

  Published  Edit 

The Overview page (https://canvas.vt.edu/courses/176258/pages/f2023-overview) 's section on Grading
explains:

"5%: Participating in an IR experimental pilot study.
* There will be a series of these to choose from; exactly 1 should be carried out.
* These will be announced when ready, and available through Canvas.
* They will cover experiments about: summarization, topic modeling, etc."

You must complete exactly 1 of the pilot study options. Doing this assignment is one of those options. 
See details below.

- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - 

Please look at the summarization tutorial at https://virginiatech.questionpro.com/t/AYpWXZz6jL
(https://virginiatech.questionpro.com/t/AYpWXZz6jL)  .
If you are interested in this, please get in touch with Bipasha (bipashabanerjee@vt.edu
(mailto:bipashabanerjee@vt.edu) ) to get your personalized survey link. 
Using that survey instrument, you will be carrying out the following steps. If you fully and conscientiously
complete those steps, you will get full credit for this assignment.
1. Read the ETD metadata.
2. Open a new window or tab in your browser for the chapter text PDF, and keep that open until the
assignment is completed.
3. For each of 4 generated summaries:
3a. Read the summary.
3b. Assess the summary according to each of the criteria given on the rating page for that summary.
4. Rank the summaries, assigning each a rank, with rank 1 identifying the one that is best.
5. As needed, use the arrow key to go back, and the Next button to go forward, to navigate among the
survey pages.
6. When assessment and ranking is complete, share any additional comments.
7. Enter Done when you are finished with all of the above. 
8. For this assignment, enter into the text box your name and the date/time when you completed the
steps above. Submit that in Canvas as your entry for this assignment.



6/25/24, 7:48 PM IR experimental pilot study option 1: Summarization evaluation

https://canvas.vt.edu/courses/176258/assignments/1927048 1/2
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D.4 Recruitment

This study is targeted towards VT faculty and graduate students. The following email was

sent to our contacts across the University, spanning a wide variety of disciplines.

Dear Dr. [Professor name],

I am a Ph.D. candidate in computer science working under the guidance of Dr. Edward Fox.

My dissertation work relates to bringing computational access to Electronic Theses and

Dissertations (ETDs) by providing users with machine-generated chapter summaries and

classification labels. I am looking for participants among faculty and graduate students to

evaluate ETD chapter summaries and classification labels from diverse disciplines.

I would be very grateful if you could broadcast this information to your department to get

participants (VT faculty and graduate students) to engage in this study. Would you please

forward my request to people in your department? Please let me know if that works, or

kindly reply to this message if you have questions.

My study proposal (VT IRB-23-687) has been approved as IRB-exempt. The recruitment

email, recruitment flier, and IRB approval letter are attached. Please let me know if you

need more information from me.

Looking forward to hearing from you. Thank you so much for your time.

Regards,

Bipasha Banerjee

bipashabanerjee@vt.edu

Ph.D. Candidate

CS@VT
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D.5 Participant Recruitment Email and Fliers

The following email and flier was distributed in the VT community through emails and

listservs.

Recruitment Email:

Subject: Participants needed for Human Evaluation of ETD chapter summaries and classi-

fication labels.

Email body:

Hi Everyone,

We are seeking participants for evaluating ETD chapter summaries and classification labels

(IRB #23-687). We are conducting a study to evaluate automatically generated chapter

summary and chapter classification labels for electronic theses and dissertations (ETDs).

We are looking for research participants who meet the following criteria:

Current graduate student or faculty member at Virginia Tech Regularly read and use aca-

demic research papers. 18 years of age or older

Participants will need to complete the study in one sitting lasting approximately 30 min-

utes. The study takes place remotely. For more questions contact Bipasha Banerjee at

bipashabanerjee@vt.edu

Regards,

Bipasha Banerjee

Ph.D. Candidate in Computer Science

Virginia Tech



  

 

 
 
Research Participants Needed – ETD chapter summary 

and chapter label evaluation. 
 
 

We are conducting a study to evaluate automatically generated 
chapter summary and chapter classification labels for electronic 

theses and dissertations (ETDs) IRB #23-687. 
 

The study involves an online/remote activity that should require 
approximately 30 minutes. 

We are looking for research participants who meet the following 
criteria: 

 
ü Current graduate student or faculty member at Virginia Tech 

ü Regularly read and use academic research papers.  
ü 18 years of age or older  

 
 

 
If interested contact: 

bipashabanerjee@vt.edu 
 

Project Investigators 
Dr. Edward Fox – fox@vt.edu 

Bill Ingram – waingram@vt.edu 
Bipasha Banerjee – bipashabanerjee@vt.edu 

Harini Kandru – harini@vt.edu 
 
 

 



Appendix E

User Study Additional Results

We report the user study results for all non-CS departments aggregated together in Chap-

ter 6, Section 6.4.3. We report all the individual results for non-CS disciplines in the VT

wide user study in Figures E.1, E.2, E.3 and E.4 for a better understanding of how each of

the disciplines performs.

Figure E.1: Psychology user evaluation
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Figure E.2: Mechanical Engineering user evaluation

E.1 Weighted Average Calculation

We use a weighted average method to aggregate the user rating scores for each summary and

each metric. Users in the study were asked to rate each summary on 4 metrics – “Fluency

and correctness”, “Consistency”, “Readability”, and “Redundancy”. For each of the metrics,

we had 5 scale ratings – “Excellent”, “Good”, “Average”, “Below Average” and “Terrible”.

We use the assigned weights for each of the scale labels. For example, “Excellent” was given

a weight of 5, and so on and so forth. We then calculate the weighted average based on

the number of people rating each of the summaries. Scores from this calculation have been

reported in Chapter 6, Tables 6.7, 6.9 and 6.15.
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Figure E.3: Ecology user evaluation

Figure E.4: Neuroscience user evaluation
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