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Abstract

The COVID-19 pandemic has led to the publication of a massive amount of research papers,
making it hard for researchers to find relevant information quickly. This study aims to solve
this problem by using knowledge graphs to organize and analyze data from the Kaggle
CORD-19 dataset and AWS metadata. Over 401,270 PDF and 315,742 PMC JSON files
were processed, supported by millions of metadata connections. Knowledge graphs were
created to show relationships between topics, countries, institutions, authors, concepts, and

sentiment scores, allowing researchers to explore the data in multiple ways.

A BERT-based sentiment analysis model was used to assign sentiment scores to papers,
adding 32,299 new connections to the graph. These scores grouped papers based on similar
tones and emotions, helped to uncover hidden patterns and trends. By integrating these
insights into a combined knowledge graph, researchers can now traverse connections across
metadata properties such as authors, institutions, topics, or sentiment scores, broadening

the scope of discovery within the CORD-19 dataset.

Visualizations showed how papers are connected to different metadata properties, such as
the countries where research originated, the institutions involved, and overlapping research
themes. Concept graphs included confidence scores to show how strongly a paper is linked
to a concept. Sentiment graphs added new layers of connections that go beyond traditional
metadata. Statistics highlight the size and complexity of these graphs, with 453,633 country
edges, 476,865 institutional edges, and 1,783,589 concept edges. Also, average

connectivity per node increases after adding sentiment score to the knowledge graph.

This study shows that knowledge graphs are a powerful way to organize and explore large
collections of research papers. Adding sentiment analysis improves the depth of analysis,
making it easier to find valuable information and uncover new insights. This method can
be applied to other fields in the future, providing a strong tool for solving global challenges

by organizing and analyzing large datasets.
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Chapter 1 Introduction

The amount of data we have in this era is enormous. Hence structuring the data and
retrieving the information from it is a challenging task. Situations like the COVID 19
pandemic escalates the data flow even more. Thus, turning that data into knowledge is vital,
especially when there is large and diversified data. Hidden patterns and relationships can
be brought to attention by structuring the knowledge of each data point and the relationship
between them. Machines can be trained on a particular subject and with that knowledge it

could augment our own capabilities by serving as assistive subject matter experts [1] [2].

Extensive research was carried out all over the world after the outbreak of the COVID 19.
At the beginning of the COVID-19 pandemic, the virus had a specific form, but over time,
it started to mutate. Thus, understanding the underlying molecular mechanism and
identifying the mortality and severity of the disease became a challenging task. Also
increased investment in related research made the quantity as a barrier to grasp the
information at once. For example, as of April 28, 2020, at PubMed3 there were 19,443
papers related to coronavirus; as of June 13, 2020, there were 140K+ related papers, nearly
2.7K new papers per day. The resulting knowledge bottleneck contributed significant
delays in the development of vaccines and drugs for COVID-19 [3].

Interdisciplinary research on COVID-19 provides a broad spectrum of knowledge, and
connecting these insights helps accelerate the process of finding solutions to the pandemic.
In building this knowledge base, the AWS COVID-19 Open Research Dataset plays a key
role, offering a vast collection of research papers. This includes over 9,000 machine-
readable papers on COVID-19, SARS-CoV-2, and related coronaviruses, compiled by
Enigma into a single JSON file. Additionally, a comprehensive metadata file is available,
listing more than 44,000 research papers on coronaviruses and COVID-19. By integrating
this scientific research into a unified knowledge graph, it becomes possible to support
downstream applications such as machine learning tasks, hypothesis-driven searches, and

interactive user interfaces that help researchers explore and uncover key relationships.
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Figure 1-1 Sample Knowledge graph created using COVID -19 data (Molecular

relationship) https://covid19.tubitak.gov.tr/en/covid-19-bilgi-grafikleri/,

1.1 Research Problem

Most existing knowledge graphs on COVID-19 primarily concentrate on medical aspects.
They are typically constructed using scientific literature and serve purposes such as
retrieving research articles, identifying potential drug treatments, or generating customized
graphs. However, the pandemic also had a profound impact on people's daily lives,
employment, and the global economy; areas that are often overlooked in these

knowledge graphs.

Also, many past studies stop after building the knowledge graph or only use it in a simple
way. They don’t explore more advanced techniques to get deeper insights. This research
aims to fill that gap by adding sentiment analysis to the knowledge graph using machine
learning models like BERT. By doing this, the graph includes more useful information, like
the tone or emotion in a paper. This helps group papers with similar messages or

conclusions, making it easier for users to explore and understand the literature.
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https://covid19.tubitak.gov.tr/en/covid-19-bilgi-grafikleri/

1.2 Research Objective

Corona virus  has spread around the world in a very short span. Also, it has an ability to
mutate hence researchers need to consider the findings from different geographical areas.
Using knowledge graphs to organize information can improve systematic information
retrieval from large datasets. This approach can also help uncover hidden patterns in

COVID data more efficiently.

The novelty of this research is that it adds sentiment analysis scores to the knowledge graph.
By including sentiment analysis, we provide extra context, which allows for a deeper
exploration of the literature. This not only adds more information to the graph but also helps
reveal hidden connections and patterns that go beyond basic metadata. The goal is to
improve how knowledge graphs are used by offering a richer, sentiment-based way to

explore and analyse COVID-19 literature.

e To construct a knowledge graph on CORD 19 dataset.

e C(reate separate knowledge graphs for different properties to identify the behaviour
of the papers.

e Sentiment analysis on full paper text and assign score for each paper (adding more
properties to the KG).

e Combine all the knowledge graphs for better information retrieval.

1.3 Organization of the report

This dissertation is organized into 5 chapters, including the introductory chapter. Chapter
1 provides a comprehensive introduction to the research, outlining the background, research
objectives, and the significance of the study. In Chapter 2, a thorough literature review is
presented, offering an in-depth exploration of the key concepts and existing research related
to the study. Chapter 3 outlines the methodology used in the research, detailing the steps
and techniques implemented in constructing the knowledge graphs and conducting
sentiment analysis. Chapter 4 includes the analysis and the results. Finally, Chapter 5 by

summarizing the key findings, elaborating the implications of the research.



Chapter 2 Literature Review

2.1 Covid-19 A global pandemic

2.1.1 Introduction and Background

The new coronavirus SARS-CoV-2, which causes COVID-19, first appeared as a
respiratory disease in Wuhan, China's Hubei Province, in December 2019. The World
Health Organization (WHO) proclaimed it a global pandemic in March 2020 after it quickly
spread from a cluster of pneumonia patients. The virus killed around 5 million people
worldwide and infected over 250 million individuals by October 2021 (WHO, 2021). In
addition to placing a strain on healthcare systems, this extraordinary crisis exposed

weaknesses in the world's pandemic preparedness.

One of the main causes of SARS-CoV-2's quick spread has been its transmission dynamics.
In the early phases of the pandemic, studies have estimated the basic reproduction number
(RO) to be between 2 and 3, suggesting the possibility of exponential growth in the absence
of successful containment efforts [4]. Global travel, crowded cities, and asymptomatic

transmission were some of the factors that led to the virus's widespread effects.

The emergence of SARS-CoV-2, the virus responsible for COVID-19, in Wuhan, China in
December 2019 marked the beginning of a global health crisis. Declared a pandemic by the
World Health Organization (WHO) in March 2020, it swiftly spread due to factors such as
global mobility, urban density, and asymptomatic transmission. By October 2021, it had
resulted in approximately 5 million deaths and over 250 million infections worldwide
(WHO, 2021). While early estimations of the basic reproduction number (R0) ranging from
2 to 3 underscored the virus’s high transmissibility, such estimates also revealed a
significant gap in real-time epidemic modeling capabilities. Although these models
provided early warnings, their dependence on limited early data often led to inconsistent

predictions, emphasizing the need for more dynamic and adaptable modeling frameworks.

2.1.2 Clinical Presentation and Symptoms

A wide range of clinical manifestations, from minor respiratory symptoms to severe

systemic illness, are indicative of COVID-19. Fever, dry cough, exhaustion, and



occasionally anosmia (loss of smell) and dysgeusia (loss of taste) are the main symptoms.
Complications include pneumonia, acute respiratory distress syndrome (ARDS), and multi-
organ failure might arise from more severe instances [5]. A portion of patients, especially
those with concomitant conditions like diabetes and cardiovascular disease, are at a higher
risk of experiencing serious consequences, even though many recover without the need for

hospitalization.

Public health officials have had difficulty identifying and isolating infected persons due to
the wide range of disease presentations, including asymptomatic cases. It has been stressed

that early detection and testing are essential tactics to stop the virus's spread.[6]

COVID-19 presents a spectrum of clinical manifestations, from asymptomatic to severe
systemic illness. Common symptoms include fever, fatigue, and respiratory distress, with
complications such as ARDS and multi-organ failure seen in high-risk groups. A strength
of early clinical studies was the rapid characterization of symptoms and risk factors.
However, their generalizability was often limited by geographic or demographic sampling
biases. For example, many early studies lacked representation from low-income regions,
leading to an incomplete global clinical picture. Furthermore, the wide variability in
symptomatology, especially in asymptomatic carriers, significantly hindered efforts in
disease surveillance and containment, pointing to a critical weakness in early detection

protocols and the need for broader diagnostic criteria.

2.1.3 Interdisciplinary Research Efforts

Effective containment and mitigation measures are desperately needed, and this has
prompted a diverse scientific response. To direct public health actions, epidemiologists
have analysed the transmission dynamics of SARS-CoV-2, while virologists have
investigated its structure and replication mechanisms. Research on airborne
transmissibility, for example, has brought attention to the part aerosol particles play in the
virus's propagation, leading to modifications in public health regulations like mask

requirements and enhanced ventilation requirements. [7].

The diversity of expertise brought together during this pandemic is exemplified by

collaborative efforts involving over 200 scientists from fields as varied as virology, physics,



epidemiology, and engineering. These efforts aimed to better understand the virus’s
airborne nature and advocate for mitigation measures that addressed these findings

effectively [8].

2.1.4 Challenges in Research and Knowledge Synthesis

The vast and rapidly growing body of COVID-19 literature has posed significant challenges
for researchers. The sheer volume of studies-ranging from clinical trials and
epidemiological models to behavioural studies-makes it difficult to synthesize knowledge
and draw actionable insights. This challenge is compounded by the varying quality of
research outputs, necessitating rigorous peer review and validation processes to ensure the

reliability of findings [9]

Furthermore, the interdisciplinary character of COVID-19 study has brought attention to
the necessity of cross-disciplinary cooperation and efficient communication. Integrating
findings from behavioural science, epidemiology, virology, and other fields requires

researchers to negotiate a variety of approaches and terminology.

2.1.5 Impacts Beyond Health

Beyond its immediate health effects, COVID-19 has had profound social, economic, and
psychological impacts. The pandemic has exacerbated existing inequalities,
disproportionately affecting vulnerable populations and straining healthcare infrastructures
in low- and middle-income countries [10]. Economically, the pandemic triggered one of
the most significant recessions in recent history, with millions losing their jobs and
livelihoods. Psychologically, the prolonged isolation and uncertainty associated with the

pandemic have led to widespread mental health issues, including anxiety and depression.

Psychologically, mental health has suffered greatly because of the ongoing uncertainty and
isolation brought on by COVID-19. Increased rates of anxiety, sadness, and substance
addiction have been documented in studies, especially among those who have had financial
difficulties and healthcare workers [11]. It has also been determined that children and
teenagers are more susceptible, and that stress and anxiety are exacerbated by disturbances

to their social connections and daily routines.



2.2 Application of Knowledge graph in general

2.2.1 Introduction to Knowledge Graphs

A knowledge graph (KG), often called a semantic network, provides an organized and
connected representation of knowledge by illustrating the relationships between real-world
elements. The Knowledge Graph initiative, which Google notably introduced in 2012,
completely changed the way search engines provide information. The Google Knowledge
Graph, which prioritized "things, not strings," improved search relevance by linking
information to entities and their connections rather than just textual matches [12]. This
method, which provides systematic pathways for information extraction, organization, and

utilization, has now become a fundamental component in many fields.

Knowledge graphs (KGs) offer structured, semantically rich representations of entities and
their relationships. Google’s 2012 introduction of the Knowledge Graph was a turning point
in how information was contextualized for users. While early KGs significantly improved
search relevance and information retrieval, their reliance on predefined ontologies and
structured data sources also revealed limitations in adaptability, especially in fast-evolving

domains like COVID-19 research.

2.2.2 Challenges in Knowledge Graph Construction

One of the challenges in building a solid knowledge graph is combining inconsistent and
noisy data from various sources. To guarantee clearly defined relationships between
entities, the process starts with data preprocessing. Normalization, deduplication, and entity
disambiguation are examples of preprocessing techniques that are essential for producing

high-quality knowledge representations.

Another major problem is integrating heterogeneous data from many disciplines. For
example, specialized datasets and large-scale corpora like Wikipedia and Freebase
frequently contain contradictions and ambiguities that call for complex resolution
techniques. To guarantee semantic consistency, methods such as entity linkage and

ontology alignment are frequently employed [13].

Constructing high-quality KGs requires harmonizing noisy and heterogeneous data.

Strengths of existing approaches include advanced preprocessing techniques like entity



disambiguation and ontology alignment. However, current KG systems often struggle with
real-time updates and the integration of non-standardized domain-specific data. This is
especially problematic in emergent fields like biomedical research during pandemics,
where terminology and relationships evolve rapidly, necessitating more flexible and

adaptive KG frameworks.

2.2.3 Knowledge Graphs in Structured Knowledge Representation

Because knowledge graphs can connect disparate data points, they have become the
industry standard for organized information representation. News stories, financial reports,
and biomedical literature are just a few examples of the vast text corpora from which they
have been utilized to extract and arrange knowledge. For instance, a study that employed
natural language processing (NLP) pipelines to build a financial domain knowledge graph

obtained excellent precision in entity and relationship extraction [14].

KGs excel in structuring large volumes of unstructured data, aiding in knowledge discovery
across domains. High accuracy has been achieved using NLP pipelines, particularly in
finance and biomedicine. However, these successes are largely limited to domains with
rich, high-quality datasets. In contrast, in areas with less formalized data (e.g., social
sciences or public policy), KGs face challenges in establishing reliable entity relationships,

often requiring substantial manual intervention.

2.2.4 Applications in Key Domains

2.2.4.1. Question Answering Systems

To create intelligent question-answering systems, knowledge graphs are essential. To
traverse entity relationships and deliver precise responses to user inquiries, these systems
make use of KGs. For example, domain-specific KGs are used by IBM Watson to improve

its cognitive capabilities in a variety of fields, including law and healthcare [15].

KGs empower intelligent question-answering systems like IBM Watson. Their strength lies
in their capacity to navigate complex relationships. However, their effectiveness diminishes
with incomplete or sparsely connected graphs, limiting performance in niche or rapidly

changing domains.



2.2.4.2. Recommender Systems

Knowledge graphs improve personalization in recommender systems by expressing
product features and user preferences as entities with semantic links. KG-based
recommendation engines are used by Amazon and Netflix to increase the relevance of

recommendations by utilizing both explicit and implicit linkages [16].

KGs enhance recommendation precision through semantic reasoning. Nonetheless,
balancing relevance with novelty remains a challenge, and explainability is often opaque to

end users.

2.2.4.3. Information Retrieval Systems

By indexing material using semantic relationships rather than just keywords, KGs increase
the effectiveness of information retrieval. KGs are used by search engines like Google to

deliver contextual results that better reflect user intent.

2.2.4.4. Domain-Specific Applications

o Medical Field: To find disease patterns and possible remedies, knowledge graphs
in the medical field help integrate clinical data, research publications, and patient
records. To further drug development, for example, KGs have been utilized to
connect genetic data with biomedical literature [17].

e Finance: To help with risk assessment and fraud detection, market entities and their
interactions are modelled using financial knowledge graphs. Creating KGs from
financial news to forecast market movements is one example of such application.

o Cybersecurity: To facilitate preventative actions, KGs assist in mapping the
connections between threat actors, weaknesses, and possible attacks [18].

e Education: To create individualized learning pathways, KGs arrange curriculum
materials and learning materials. KGs are used by systems such as Knowledge
Space Theory to evaluate student competency and provide relevant learning

resources [19].



2.2.5 Knowledge Graph Embeddings

When items and relationships are incorporated into continuous vector spaces, knowledge
graphs can also be used as embeddings. Experiments utilizing Freebase and corpora such
as Wikipedia and the New York Times have shown that joint embedding of entities and
words in the same vector space can improve the accuracy of fact prediction [20].
Classification, grouping, and prediction are examples of downstream machine learning

tasks that are made easier by this unified embedding technique.

Embedding techniques have successfully translated discrete entities and relations into
continuous vector spaces, enabling downstream machine learning tasks. Studies using
Freebase and Wikipedia have shown improved fact prediction accuracy. Still, the
interpretability of these embeddings is limited, and they often lack transparency making

them less suitable in high-stakes decision environments like healthcare or law.

2.2.6 Knowledge Graphs and Machine Learning

The capacity of knowledge graphs to facilitate end-to-end learning without feature
engineering is one of its main advantages. KGs make complex information representation
easier by integrating and harmonizing diverse data from multiple sources. Knowledge
graphs, for instance, have proved crucial in the analysis of a variety of datasets during the
COVID-19 epidemic, including as patient records, epidemiological data, and virology
research. KGs facilitate a more comprehensive assessment of the virus's effect and

dissemination by bringing different datasets together [21].

KGs are useful for machine learning models because they offer structured background
information and make it possible to combine statistical learning and symbolic reasoning.
Applications needing domain-specific knowledge, such automated drug discovery or legal

reasoning, benefit greatly from this synergy.

2.2.7 Gaps in Existing COVID-19 Knowledge Graphs

Despite the rapid deployment of COVID-19-related knowledge graphs to facilitate
information integration, decision support, and research acceleration, several notable gaps

remain:

10



Lack of Sentiment and Emotion Analysis

Most COVID-19 KGs are built on structured biomedical and epidemiological
data but neglect sentiment analysis, which is crucial for understanding public
perception, vaccine hesitancy, and behavioral dynamics. This limits their utility in

informing public health messaging or social policy interventions.

Temporal Reasoning Deficiencies
Few COVID-19 KGs support temporal dynamics, such as the evolution of
symptoms, variant emergence, or policy changes over time. This restricts their

effectiveness in trend analysis or forecasting.

Limited Multilingual and Multicultural Integration
COVID-19 being a global phenomenon, KGs often fail to incorporate non-
English or culturally contextual data, missing region-specific insights and

leading to potential biases.

. Insufficient Integration with Social Media and News Streams

Many KGs are constructed from academic papers (e.g., CORD-19 corpus), with
minimal linkage to real-time media, social signals, or misinformation trends,

leaving them disconnected from ongoing societal discourse.

Poor Interoperability with Clinical Systems
Despite efforts to link KGs with electronic health records (EHRs), issues such as
data privacy, standardization, and real-time syncing continue to limit clinical

integration and real-world usage.

Static Structures and Manual Updates
Many early COVID-19 KGs were manually curated or static, leading to rapid
obsolescence as the pandemic evolved. There is limited automation in updating or

expanding the graphs using new data streams.
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2.2.8 Future Directions

Knowledge graphs have more potential than their present uses. KGs are being used for real-
time decision-making in autonomous systems, expanding their use in interdisciplinary
research, and integrating them with graph neural networks (GNNs) for more potent
reasoning skills. Future KG research should emphasize real-time adaptability, scalability,
and interoperability. Integration with graph neural networks (GNNs) offers exciting
potential for advanced reasoning, though this area is still in its infancy. Broader
interdisciplinary collaborations, standardization efforts, and open-access initiatives will be
critical for extending the utility of KGs in both scientific research and real-world

applications

2.3 Application of Knowledge graph on COVID-19 literature

Natural Language Processing (NLP) approaches have been widely used by researchers to
process COVID-19 datasets, especially the CORD-19 corpus. A noteworthy work created
a secondary dataset known as CORD-NER (Named Entity Recognition) by applying
information extraction methods to the CORD-19 corpus [22]. This method demonstrated
how useful entity recognition is for structuring unstructured COVID-19 research. Given the
diversity of the COVID-19 literature, figuring out how these studies relate to one another
greatly helps researchers find new insights. A potent technique for structuring knowledge,
knowledge graphs (KGs) have made it easier to create interconnected representations of the
COVID-19 literature. These KGs have been used in many different fields, including

medication repurposing, literature searches, and disease mechanism comprehension.

COVID*GRAPH, the COVID-19 Pathophysiology Knowledge Graph, and Yahoo's
COVID-19 KG are notable instances of such initiatives. These projects demonstrate the
development and potential of Knowledge Graphs in tackling pandemic-related issues.
These graphics must be updated and modified frequently when new data becomes available
due to the dynamic nature of the pandemic [23]. For example, to maintain the relevance
and actionability of the knowledge graphs, the dynamic evolution of COVID-19 variations

has necessitated the incorporation of genomic and proteomic data.

During evaluations with clinical professionals, a study demonstrated the creation of a

knowledge base mechanism that performed better in literature searches than PubMed [24].
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This illustrates how KGs can incorporate semantic links between things to enhance
information retrieval. A different framework that can be tailored to different use cases was
created to generate personalized graphs for the COVID-19 answer. Applications for drug
repurposing, for example, may make use of protein data connected with licensed
medications, whereas biomarker applications may make use of gene expression data related

to certain pathways [25].

To automatically convert large corpora of scientific literature into structured, ordered, and
actionable knowledge graphs, a novel system known as COVIDKG (COVID Knowledge
Graph) was suggested. Researchers and physicians can select candidate investigation
directions and concentrate on hypothesis testing by using COVIDKG to retrieve reliable
and significant answers from scientific literature [26]. In a similar vein, another study used
the CORD-19 dataset to create a COVID-19 Knowledge Graph, showcasing its value in
giving academics and policymakers timely and useful information. To improve the
effectiveness of information retrieval and hypothesis development, this study used machine

learning-based entity extraction models to find links between medical entities.

2.3.1 Knowledge Graph Construction for COVID-19 Research
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Figure 2-1 Sample Knowledge graph created using AWS data
(https.//aws.amazon.com/blogs/database/building-and-querying-the-aws-covid-19-
knowledge-graph/)
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Figure 2-1 showcases an example knowledge graph created using AWS data, which
visualizes relationships between authors, papers, institutions, and extracted medical
concepts. For example, there are connections between articles (blue nodes) written by
scholars (yellow nodes) connected to organizations (green nodes). Amazon Comprehend
Medical Detect Entities V2 is used to extract medical ideas (red nodes), which include
medical conditions, drug dosages, anatomical details, treatment methods, and medications.
An expansion of the Latent Dirichlet Allocation model is used to create additional topic
nodes that organize documents according to their content. The relationships between
different items in the COVID-19 literature are better understood thanks to these

representations [27].

A knowledge graph of 10 entity types and 160 research articles was created to improve
comprehension of the virus's pathogenesis. This graph included thorough coverage of
biological processes, drug-target interactions, and virus-related genes and proteins. The
initiative demonstrated how KGs can bring disparate studies into coherent knowledge

models, which helps researchers find important discoveries more quickly [21].

2.3.3 Comparative Overview of Prominent COVID-19 Knowledge
Graphs

Table 2-1 Comparative Overview of Prominent COVID-19 Knowledge Graphs

Knowledge
Graph/CORD-19

Data Sources

Strengths

Key Limitations

CORD-19 KG
[39]

CORD-19 scholarly

articles

Strong biomedical
focus; NLP-based

relation extraction

No sentiment or
social media
integration; limited

clinical linkage
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COVID-KG [26]

PubMed

Entity linking;
ontology-based

construction

Static; lacks real-
time updates and

multilingual support

KG-COVID-19 Biomedical ontologies, | High semantic rigor; Complex to use; no
[25] drug/gene databases useful for drug integration of
repurposing behavioural data
COVID Graph Clinical, Interdisciplinary; Poor visualization
[38] epidemiological, supports queries across | tools; limited
literature domains temporal capabilities
CoVex (COVID- | Protein interactions, Interactive exploration | No socio-economic

19 Explorer) [40]

scientific publications

of protein—drug—gene

or mental health

relationships data; no user
sentiment
OntoCovid [41] Ontologies and Robust ontology- Narrow scope; lacks

structured datasets

driven modeling

real-world data

inputs

2.3.3 Applications Beyond Literature Search

Knowledge graphs have been used in COVID-19 research in ways that go beyond

conventional book searches and drug discovery. To provide data that could be interpreted,

a study showed how to use KGs for disease classification by combining them with more

conventional techniques. The suggested framework outperformed earlier approaches in
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terms of accuracy, demonstrating the possibility of combining KGs with machine learning

methods for reliable and comprehensible disease classification [29].

Furthermore, Knowledge Graphs are beneficial when used properly in a Retrieval-
Augmented Generation (RAG) pipeline. They can significantly enhance the contextual
understanding and relevance of the generated responses. For instance, incorporating
domain-specific data into KGs based on the user's query can provide more detailed and
accurate information. With the help of machine learning techniques, these enriched
knowledge bases can be categorized, hidden associations can be found, and new edges can
be predicted. This could lead to the discovery of previously undiscovered links between
different pieces of information, thus enhancing the quality and coherence of the generated

responses in a RAG pipeline.

2.3.4 Recent Advances in Knowledge Graph Techniques

According to recent research, a knowledge graph and interactive visual analysis can be used
to analyse the COVID-19 pandemic. It emphasizes how crucial it is to monitor patient data
and relationships to enhance social isolation protocols. The study integrates semantic
linkages with knowledge graph visualization and extracts entities and knowledge using the
Conditional Random Field (CRF) algorithm. Knowledge graph data is stored in the Neo4j
graph database. The usage of PageRank and Label propagation techniques to find
community propagation in the network is also covered in the study. The findings
demonstrate that it is possible to analyse the transmission mechanism, important nodes, and

activity tracks by creating a knowledge graph of COVID-19 patient activity [30].

To increase their usefulness, further studies have looked on sophisticated KG construction
methods. Temporal knowledge graphs, for example, have been created to monitor
relationship changes over time, allowing researchers to examine how the epidemic has
progressed and how it has changed public policy and healthcare systems. The informational
value of COVID-19 KGs has been further enhanced by incorporating additional datasets,
such as hospitalization rates and immunization statistics. Furthermore, link prediction and
entity recognition have been enhanced by embedding-based techniques for knowledge
graph node representation, allowing researchers to more accurately predict interactions and

relationships inside the graph [31].
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The creation of multi-modal Knowledge Graphs, which incorporate several data kinds like
text, graphics, and structured data, is another area of study [31]. For example, combining
textual literature and radiology imaging data in KGs may offer a thorough grasp of illness
development, supporting clinical decision-making. Additionally, federated learning
techniques have been put out to build distributed KGs while preserving data privacy, which

is crucial for sensitive medical information [32].

To sum up, the use of knowledge graphs in COVID-19 research has shown enormous
promise in terms of structuring and drawing conclusions from large and dispersed data.
Future KGs can offer even more useful insights by combining machine learning, Large
Language models, and multi-modal information, spurring advancements in healthcare

research and pandemic control.
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Chapter 3 Methodology
3.1 Knowledge graph Summary

An ordered and structured depiction of actual entities and the connections between them is
called a knowledge graph. It provides a thorough method for modelling data that captures
the intricate relationships found in the actual world. While the relationships between these
things provide the context, associations, and meaning of how these entities interact or are
related, these entities can represent a wide range of objects, concepts, events, or situations.
Knowledge graphs are especially effective at revealing hidden insights, establishing
connections, and enhancing comprehension across a variety of fields because of their

interconnectedness.

A knowledge graph is typically stored in a graph database, a specialized system that
natively handles the storage, retrieval, and management of graph-based data structures.
Graph databases are excellent at immediately storing and exploring relationships, in
contrast to standard relational databases, which arrange data into tables and necessitate
numerous joins to connect related data points. Knowledge graphs are perfect for
applications that require responsiveness and scalability because of their ability to

effectively model, query, and navigate densely interrelated data in real time.

“has parent” “has parent”

& g @

Me Dad Grandfather

“has grandparent”

o g

Me Grandfather

Figure 3-1 Example of a knowledge Graph equivalency
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A knowledge graph's fundamental function is to integrate relationships, data, and
organizing principles into a cohesive framework. These organizing principles, which
provide the data a flexible and conceptual structure, might be viewed as rules, hierarchies,
or ontologies. These frameworks make it possible to classify, categorize, and standardize
the data consistently, guaranteeing that the graph can accurately depict intricate
relationships and systems. As new information, entities, and relationships are added over

time, these guidelines also facilitate the knowledge graph's growth and scalability.

By linking dissimilar data points, knowledge graphs can reveal new information and
insights, which is one of its main advantages. Users can detect patterns, draw new
connections, and get previously undiscovered insights by using knowledge graphs, which
show not just the data but also the relationships between data points. For companies, this
translates into better decision-making skills, a deeper comprehension of context, and the

capacity to respond to intricate queries that transcend straightforward data retrieval.

Knowledge graphs are extremely adaptable and relevant to a wide range of usage patterns
due to their architecture and adaptability. By effectively navigating relationships,
knowledge graphs can provide precise and contextually relevant information in real-time
applications. By offering semantic comprehension and linking searches to relevant results,
they improve search engines, recommendation systems, and information retrieval in search
and discovery. Furthermore, knowledge graphs are essential for providing generative Al
systems with a solid foundation in the age of artificial intelligence. They enhance the
precision, dependability, and contextual awareness of Al-powered question-answering

systems and big language models by supplying structured and precise data.

3.2 Data Collection and Dataset Preparation

3.2.1 The CORD-19 dataset

The Allen Institute for Al, in partnership with top research teams, created the extensive
COVID-19 Open Research Dataset (CORD-19). In response to the COVID-19 pandemic,
this dataset was developed to help the international scientific community by giving them

access to a sizable library of academic publications about the virus and the coronavirus
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family. More than 29,000 of the more than 44,000 academic publications in the collection
are available in full form [33].

CORD-19's main objective is to encourage scholars to use the latest developments in
natural language processing (NLP) to produce fresh ideas that will help combat COVID-
19. As new research is published in peer-reviewed journals and archival sites like bioRxiv

and medRxiv, the dataset is updated every week [33].

Cord uid, sha, source x, title, doi, pmcid, pubmed id, license, abstract, publish time,
authors, journal, microsoft academic paper id, who covidence, has pdf parse,
has pmc_xml parse, full text file, and url are among the metadata fields that are included
in the dataset's structure. Researchers may effectively access and use the information for

their own study needs because to this comprehensive metadata.

GitHub offers not only the dataset but also the source code that describes how it is collected,
processed, updated, and released. Because of its transparency, researchers can better

understand the dataset's processes and help make it better.

The goal of the publicly available CORD-19 dataset is to enable scholars everywhere to aid
in the comprehension and mitigation of COVID-19. The Allen Institute for Al and its
collaborators want to speed up scientific innovation and discovery in response to the

epidemic by offering a comprehensive and constantly updated database.

3.2.2 Metadata Extraction from AWS

We started with downloading the data from the AWS which consists of the paper metadata.
For example, the nodes and the edges are elaborated by a csv file with the names of the
authors, topics, institute country etc. This data from AWS did not contain the actual papers

of the CORD-19 dataset.
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Each of the CSV files lists different properties of the papers. Each row of these csv files is

associated with an ID which can be used to map them to other connecting nodes. Below are

some of the examples of how the metadata is represented in the CSV files and how they

map to one another with the IDs.
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Figure 3-3 Sample of Concept Node.

Above figures illustrate each entity and its properties. We have similar data for all the six

categories separately.
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Figure 3-4 Sample relationship of paper to concept node.
This figure indicates the relationship between two entities namely paper and concept. Each

paper is related to a concept and one paper can relate to one or more concepts.

For each of properties found in the metadata dataset from AWS are listed below along with

their file names.

Files:

e FEdges/

o

author to institution.csv
paper_to_author.csv

paper_to_concept.csv

Nodes/
concept_nodes.csv
institution_nodes.csv

topic_nodes.csv

O paper_to paper similarity.csv paper_author nodes.csv

o paper_to reference.csv Paper.csv

o Paper to_topic.csv

3.2.3 Full Dataset from Kaggle

The paper version of the dataset was found in Kaggle with around 20 GB of zipped
scientific papers in JSON format. Unzipping the zip file, the total amount of data was about

86 GB.
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The total number of papers found in the Kaggle dataset are,
Full text:

PDF — 401,270 json

PMC (PubMed Central) — 315,742 json

Each paper was in JSON format and structured to conveniently find the reference papers,

abstracts, body texts, etc.

A custom loop was implemented to extract the paper titles and their referenced paper titles
from the JSON files. Iterating through the dataset required approximately two hours,

resulting in a dictionary format:
{ "paper title 1": ["REFOl name", "REF02 name", ...],
"paper title 2": ["REF01 _name", "REF02 name", ...], ...}

The above extracted full text of each paper was used to calculate sentiment score. Which

later be converted to knowledge graph and combined with other entities.
3.3 Knowledge Graph Construction

3.3.1 Properties of the Knowledge Graph

Multiple knowledge graphs were constructed based on distinct properties derived from the

metadata and extracted data. In these graphs:

e FEach node represented an individual paper.
e [Edges between nodes varied depending on the specific property under

consideration.

The properties used to generate knowledge graphs included:

1. Country: Links between papers based on the country of the affiliated institution.
Author: Connections between papers sharing common authors.

Topic: Papers categorised and linked based on similar research topics.
Institution: Papers affiliated with the same research institution were connected.

Concepts: Papers sharing common scientific concepts.

A

Sentiment Score: Connections based on the sentiment analysis of the paper

content.
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For each knowledge graph, the structure remained the same, with nodes representing
individual papers, while the edges represented relationships defined by the specific property
in focus. This multi-faceted approach enabled a comprehensive exploration of the dataset

from various perspectives.

3.3.2 Knowledge graph creation

A knowledge graph structures knowledge by representing it as interconnected nodes and
edges within a graph. This approach organizes information derived from context into a
network of entities and their relationships. Entities in a knowledge graph can include real-
world objects, events, or abstract concepts, while relationships are depicted as arrows
linking pairs of entities. Each connection, known as an edge, is typically expressed as a

"triple" or a fact. This triple consists of three key components.

1. Head
2. Relation
3. Tail

When starting to construct a knowledge graph, a few related files needed to be load on to
the memory for processing. For example, for the “Topics” knowledge graph, the following
files were needed.

e Title to paper map.json
e Topic nodes.csv
® paper to topic.csv

For example:

"paper_A" — "related_to_topic" — "epidemiology"

The title to paper map, mapped the IDs from the csv files to the actual paper names in the
dataset. As the other 2 files where mainly ID based, an ID to paper mapping file was needed
to bridge the gap.

e Head: Paper title
e Relation: "has_topic"
e Tail: Topic name
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Processing these 3 files together resulted in a Head-relation-tail file for the Topic
knowledge graph. First 10 lines of the file are given below.

Table 3-1 First 10 fields of the Topics Knowledge graph file

Paper Score | Topic
atrans-splicedleadersequenceonactinmrnaincelegans 1.0 'genomics'
chapter100angiotensin-convertingenzyme-2 0.954 | 'epidemiology’
technoeconomicmodelingofplant- 0.9927 | public-health-
basedgriffithsinmanufacturing policies
technoeconomicmodelingofplant- 0.8872 | lab-trials-human

basedgriffithsinmanufacturing

technoeconomicmodelingofplant- 0.6584 | healthcare-industry

basedgriffithsinmanufacturing

thecovid-19pandemicimplicationsforthecytologylaboratory 0.9988 | public-health-
policies

thecovid-19pandemicimplicationsforthecytologylaboratory 0.9399 | epidemiology

extendedstorageofsars- 1.0 lab-trials-human

cov2nasopharyngealswabsdoesnotnegativelyimpactresultsofmo

lecular-basedtesting

extendedstorageofsars- 0.9883 | public-health-
cov2nasopharyngealswabsdoesnotnegativelyimpactresultsofmo policies

lecular-basedtesting

extendedstorageofsars- 0.7607 | public-health-
cov2nasopharyngealswabsdoesnotnegativelyimpactresultsofmo policies

lecular-basedtesting
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A knowledge graph which connects the papers to country was created by taking the country

file.

data from the ‘institution nodes.csv’ file as a separate csv file for the country information
were not available. Thus 2 knowledge graphs were created from the ‘institution_nodes.csv’

public-health-policie

T
ST
o2
<
lab-trials-human
T asso,
Clated_wigy, Score.
0388

of
Plant-Based Griffithsin Manufactu ing]

~p21e10558
1035 UM PP
8590

healthcare-industry

Figure 3-5 Sample of a single knowledge graph

This Figure illustrates the single knowledge graph created for a given paper with concept.

Here I have picked only one paper for illustration purposes. Below we have a sample

between papers.

knowledge graph for multiple papers and its associated concepts. Arranging the papers in
a knowledge graph helps to expedite the analysis and identify the hidden connections
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Figure 3-6 Random 10 papers with the concept it is associated with

Combining all the properties and create a combined knowledge graph
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Existing COVID-19
knowledge graphs

datasets
Source specific graphs

Figure 3-7 Combining all the knowledge graph into one. [25]
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Above figure illustrates the method used in creating the knowledge graphs. Where initially
knowledge graph was constructed on each property and then combined them together for
better understanding. Since I have created separate knowledge graphs based on the title, we

can combine the properties based on our need of analysis.

3.3.3 Understanding BERT and Its Role in Text Classification

BERT (Bidirectional Encoder Representations from Transformers) is a state-of-the-art
language representation model developed by Google Al in 2018. It revolutionized NLP by
introducing a bidirectional approach to understanding text, which allowed for context from

both sides of a word to be considered simultaneously [35].

3.3.3.1 Key Features of BERT

Transformer Architecture:
BERT is built on the Transformer architecture introduced by Vaswani et al. (2017).
Transformers rely on self-attention mechanisms, which enable them to model

relationships between words across long sentences.
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Attention Attention
At » At ~#
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Inputs Outputs
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Figure 3-8 Transformer Architecture [36]




o Self-Attention Equation:

, QKT
Attention(Q,K,V) = softmax (

Jax

where Q, K, and V are the query, key, and value matrices, and dk is the dimension

N4

of the keys.

Bidirectional Contextualization:

Traditional models like Word2Vec or GloVe create static embeddings, but BERT
dynamically contextualizes words based on surrounding context. For instance, the word
"bank" in "river bank" versus "financial bank" is correctly understood depending on

context.

Pretraining Objectives:

BERT is pretrained using two objectives:

e Masked Language Model (MLM):

BERT masks 15% of the input tokens and predicts them based on their context.
e Next Sentence Prediction (NSP):

BERT learns relationships between sentence pairs by predicting whether the

second sentence follows the first.

3.3.3.2 BERT in Text Classification

BERT excels in text classification tasks due to its ability to produce embeddings rich in

semantic and syntactic information. Below is the step-by-step process:
a. Tokenization:

e BERT uses a WordPiece tokenizer that splits text into smaller subwords or tokens.
e The input sequence begins with a [CLS] token, representing the entire sequence for
classification tasks, and ends with a [SEP] token.

e Example: "The cat is sleeping." — [CLS], "the", "cat", "is", "sleep", "##ing",
[SEP].

b. Input Representation:
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Each token is mapped to a combination of:

e Token Embeddings: Word-level embeddings.
e Segment Embeddings: To distinguish between sentence pairs.

e Positional Embeddings: To maintain word order.
Input is represented as:

Input Representation = Eroken + Esegment + Eposition

c. Passing Through BERT Encoder:

e The input embeddings are processed by a series of transformer layers, each
consisting of:
© Multi-head Self-Attention: Captures relationships between tokens.
o Feedforward Neural Networks (FFN): Adds non-linearity and learns

feature transformations.
d. Classification Head:

e The final hidden state of the [CLS] token is passed to a feedforward layer with a

softmax function to predict the class probabilities:

P(class | text ) = softmax(W.hics) + b)
where ¢ 1s the embedding for the [CLS] token, I and b are learned parameters.
e. Fine-tuning on Classification Data:

e During fine-tuning, the model adjusts its weights on a labeled dataset specific to the

classification task, such as sentiment analysis.

3.3.3.3 BERT’s Strengths in Sentiment Classification

1. Deep Contextual Understanding:

BERT considers words in both forward and backward contexts, enabling nuanced sentiment

detection in complex sentences [36].
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2. Domain Adaptability:
With fine-tuning, BERT can adapt to domain-specific language, improving performance on

specialized datasets.

3. Handling Ambiguity:

The self-attention mechanism allows BERT to resolve ambiguities in word meanings.

3.3.4 Sentiment Score

One of the key properties integrated into the knowledge graph was Sentiment Score,
derived from the textual content of the papers. The JSON files contained text blocks of the
abstract, body and other parts of the paper. These text blocks were extracted and divided
into paragraphs. The paragraphs were then sent to a selected sentiment classfication model
where it was classified into several sentiment categories with their associated confidence

SCOrces.

3.3.4.1 Sentiment Model Selection

Initial models like distilbert-base-uncased-finetuned-sst-2-english provided coarse

sentiment labels (Positive/Negative). To improve granularity:

e The nlptown/bert-base-multilingual-uncased-sentiment model was used.
e [t outputs five sentiment classes (1 to 5).

e Scores were scaled into a 0—100 range for finer clustering.

3.3.4.2 Sentiment Score Calculation

The sentiment score was calculated as follows:

1. Text Extraction: Text blocks from each paper were aggregated.
2. Model Inference: Each text block was processed using the sentiment model, which
returned:
e A label (e.g., 1-5), representing the sentiment class.
e A confidence score, indicating the model’s certainty for the label.

3. Score Formulation:

(Label = 1)

Base Score = X 100

Final Score = Base Score X Confidence
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4. Averaging: For each paper, the scores from all text blocks were averaged:

i=0
Average score = Z Final Score(i) / n

n

Where n is the total number of text blocks for the paper.

5. Clustering: The averaged sentiment scores were rounded and stored as whole
numbers in a panda DataFrame. These values were used to generate sentiment

clusters in the Sentiment Knowledge Graph.

3.3.4.3 Example Calculation

For a text block:

e Label: 4
e Confidence: 0.86

The scores were calculated as:

e Base Score = (4-1) X4%X100=75
o Final Score = 75%0.86 = 64.5

These scores were aggregated across all text blocks for each paper to compute the overall

sentiment score.

The sentiment scores were taken as whole numbers to create distinct nodes for the
knowledge graph. As their final score were in between 0 to 100, we are able to have 100
different nodes which each score value and connect all the papers with the same score. This
would result in 100 more cluster which would be in the newly created sentiment knowledge

graph.
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3.3.5 Evaluation of Knowledge Graph Effectiveness

To assess the utility and quality of the knowledge graphs, the following criteria were

applied:
Graph Connectivity:

Measured average degree and clustering coefficients to ensure meaningful interlinkage

between nodes.
Semantic Integrity:

Spot-checked node relationships to validate correctness (e.g., whether linked papers share

authors or institutions).
Coverage Metrics:

Assessed percentage of total papers represented in each graph, identifying gaps due to

missing metadata.
Average connectivity per node:

How the average connectivity per node changes after sentiment score addition
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Chapter 4 Analysis and Results

As stated earlier, the total number of papers which are downloaded from the Kaggle dataset
are PDF — 401,270 Json and PMC (PubMed Central) — 315,742 Json files. The metadata
files which were downloaded from AWS are used to create Knowledge graphs. The length

of the csv files is given below.

Table 4-1 Number of lines in the available files from the AWS dataset

Files Lines
Paper to_topic.csv 131,509
Institution_nodes.csv 29,932
Paper node.csv 57,313
Author to institution.csv 164,136
Paper_author nodes.csv 234,827
Paper to_author.csv 340,789
Concept_nodes.csv 76,804
Paper_to_concept.csv 1,836,969

After the knowledge graphs were constructed, the number of connections for each graph
were measured. This would help us understand the complexity and massiveness of the

knowledge graphs. Below are the lengths of the lines generated.
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Table 4-2 Number of connections made after the formation of the knowledge graphs
Knowledge Graph Connections
Topic 129,530
Country 476,865
Institution 476,865
Author 335,138
Concept 1,783,786
Sentiment 32,299

4.1 Visualization of Knowledge graphs

4.1.1 Topic Knowledge Graph
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Figure 4-1 A paper connect with different topics

This visualization was done for a single paper with multiple topics which the paper talks
about. And below shows how multiple papers relate to the same topics.
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Figure 4-2 Topics which connect multiple papers together

This visualization represents a Topic Knowledge Graph where individual scientific papers
(gray nodes) are connected to various topics (green nodes) such as public-health-policies,
healthcare-industry, and lab-trials-human. The lines (edges) between the papers and
concepts are annotated with confidence scores, which indicate how strongly each paper is
associated with a given concept.

For example:

e The paper titled “the COVID-19 pandemic implications for the cytology laboratory”
is linked to the public-health-policies concept with a high score of 0.9988,
suggesting strong relevance.

e Another paper, ‘“Technoeconomic Modeling of Plant-Based Griffithsin
Manufacturing”, is associated with lab-trials-human (score: 0.8872), public-health-
policies (score: 0.9927), and healthcare-industry (score: 0.6584), reflecting its
multidisciplinary nature.

This graph helps highlight how papers span multiple concepts and the varying degrees of

association. By visualizing concept relationships with confidence scores, it supports more
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nuanced literature exploration and enables researchers to quickly identify papers most

relevant to specific conceptual themes.

4.1.2 Country Knowledge Graph

There are some papers which the publishing countries are not given. Thus, the knowledge

graph for the missing country values were given a Nan.
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4.1.3 Author Knowledge Graph
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A paper normally has a lot of authors. Thus, a small part of the author connection in other

paper is show below.
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4.1.4 Concept Knowledge Graph
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Figure 4-6 Papers connected to concepts with their associate confidence scores.
There are concept confidence scores which are added to the visualized knowledge graph
for the Concepts. That is because the for the classification of the concepts in the paper, there

are no sure classes but rather a score of how sure the model thinks the paper has the connect

concepts.
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4.1.5 Institution Knowledge Graph

Complimentary to the author graphs, the institution produces more research papers. Thus
we can see that one institution is connected to multiple papers and not the other way around.
Although there might be some which are produced from joint institutions but that is not

found in the metadata dataset from AWS.
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Figure 4-7 Papers connected with many Institutions.

4.1.6 Sentiment Knowledge Graph

The sentiment value was added to find new relations of the papers. Till now there are
limited papers which are connected by the properties. Software services which use the
existing search engine with the CORD-19 data can navigate the paper which are connected

by the predefined metadata.

40



With the addition of the sentiment values, new connections between the papers are formed
which has the same sentiment value. Thus, new papers can be discovered with the use of

the sentiment value in the combined knowledge graph.
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Figure 4-8 Other papers which can be discovered with the addition of the sentiment
scores for all the papers.

Here we can see that many papers can be connected which has different sentiment scores.
Likewise, a single score node of the sentiment knowledge graph can also connect multiple

papers which shares a sentiment similar in its literature.
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Figure 4-9 A combined knowledge graph with all the properties mentioned in
this research.

Table 4-3 Color for each of the property in the combined knowledge graph

Color for each property Color
Country Blue
Author Green
Topic Orange
Institution Purple
Concepts Yellow
Sentiment Score Red
Papers light Gray

From all the above shown knowledge graphs, we can combine and form a combined
knowledge graph which we are able to traverse based on their individual metadata and
characterises. Thus, other papers which shares the same metadata or sentiment score are

also discovered through this combine knowledge graph.

With the combined knowledge graph shown below we can see that we can get similar

papers based of the metadata properties of the AWS dataset.
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Figure 4-10 Example knowledge graph formation without the sentiment score. We can see
that other papers are discovered using the properties of one paper

The visualized knowledge graph centers on the paper “Technoeconomic Modeling of Plant-
Based Griffithsin Manufacturing” and shows how it connects to key metadata elements
such as topic, author, concept, country, and institution. The paper is strongly associated
with the topic lab-trials-human and the concept transplant, supported by relevance scores.
It is authored by Joshua L. Fuqua, affiliated with the University of Louisville, and linked to
the USA as the publishing country. The graph also shows related papers that share similar

topics, concepts, or institutional affiliations, highlighting the interconnected nature of
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scientific research and demonstrating how such a structure enables multidimensional

exploration and discovery across the COVID-19 literature.
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Figure 4-11 Example knowledge graph formation with the sentiment score.

We can clearly see that additional papers are discovered if we include the sentiment score
for the example paper.
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4.3 Other statistics of the data

Table 4-4 General statistics of the resulting knowledge graphs in the end of the research

Statistic Value
Country Edge count 453,633
unique authors 229911
average papers_per author 1.45
unique_topics 10
Topic edge count 129,530
unique_institutions 21,297
concept _count 76,768
concept edges 1,783,589

This research dataset includes many connections between different types of information.
The Country Edge Count (453,633) shows how many research papers are linked to different
countries, based on where they were published or where the authors are from. Since some
papers have authors from multiple countries, they can be connected to more than one place.
There are 229,911 unique authors, meaning nearly 230,000 different researchers

contributed to the COVID-19 research papers.

On average, each author wrote about 1.45 papers, showing that while some researchers
published multiple papers, most only worked on one. The papers are grouped into 10 unique
topics, helping to organize them by subject. These topics are connected to papers through

129,530 topic edges, which show how different studies fit into various topics.

In addition to authors and topics, institutions and concepts also play an important role in
the dataset. There are 21,297 unique institutions, meaning over 21,000 research
organizations contributed to COVID-19 studies. The dataset also includes 76,768 unique
concepts, which are keywords or ideas discussed in the papers. Papers and concepts are
connected through 1,783,589 concept edges, showing that many papers share common
concepts and discuss related topics. These connections help in understanding how different
papers relate to each other and make it easier to find important research based on shared

ideas or themes.
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Table 4-5 Node connectivity

Distinct nodes Node type Edges
10 Topic 129,530
21,297 Institution 476,865
229,911 Author 335,138
76,768 Concept 1,783,786
100 Sentiment 32,299
Total Edges Average Connectivity Per Node
Before sentiment | 2,725,319 8.31
After Sentiment 2,757,618 8.41

The data presented in the table highlights the structure and impact of integrating sentiment
analysis into the COVID-19 knowledge graph. Initially, the knowledge graph was
constructed using metadata from five key node types: Topic, Institution, Author, Concept,
and Sentiment. The Concept node had the highest number of edges (1,783,786), indicating
its strong role in linking scientific papers based on shared concepts. Institution and Author

nodes also contributed significantly with 476,865 and 335,138 connections, respectively.

After incorporating sentiment scores as a new node type represented by 100 distinct
sentiment nodes a total of 32,299 new edges were added. This brought the total number of
edges in the graph from 2,725,319 (before sentiment integration) to 2,757,618 (after
sentiment integration). Consequently, the average connectivity per node increased from
8.31 to 8.41. This increment demonstrates that including sentiment as an additional
dimension enriched the graph's structure by introducing new relational clusters. It enhanced
the graph’s ability to uncover hidden connections and improve knowledge retrieval,

particularly by linking papers with similar narrative tones or sentiment characteristics.

The programming language used for this research was python. The pandas library is mainly
used for the data processing and matplotlib was used for visualization. To create the
network-like structure for the visualization of the knowledge graph, networkx package was

used.
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Chapter 5 Discussion and Conclusions

To create multifaceted knowledge graphs, the study uses information from AWS and a large
dataset from the CORD-19 corpus. These graphs allow for the systematic study of COVID-
19-related literature by capturing a variety of dimensions, including themes, nations,
institutions, authors, concepts, and sentiment scores. It is also noteworthy that sentiment
analysis was introduced using BERT-based models since it adds another level of context

by classifying papers with comparable sentiment profiles.

The usefulness of knowledge graphs is increased when they are combined into a single
structure, even when individual graphs offer insights into attributes like subjects or
organizations. Better retrieval capabilities are provided by the combined graph, which
makes it easier to find connections that are hidden in separate networks. To navigate the
extensive COVID-19 literature, for example, a single query can now return related papers
based on a variety of factors, including sentiment scores, similar themes, or even shared

authors.

The knowledge graph gains a great deal of value from the addition of sentiment analysis.
This study creates novel relational clusters that go beyond conventional metadata by giving
papers sentiment scores based on their textual content. The combined graph's analytical
depth is enhanced by the new connections created by papers with comparable sentiment
scores. This contribution shows how sentiment-based clustering can help researchers
generate hypotheses and prioritize their findings by exposing hidden linkages and trends in

the literature.

The findings demonstrate how sentiment analysis can be used to improve the integrated
knowledge graph. The graph only uses predetermined attributes, like subjects or
institutions, in the absence of sentiment analysis. On the other hand, adding sentiment
scores adds more levels of linkage. It makes it possible, for example, to find publications
with similar narrative tones or broad conclusions, which could point to agreement or new

areas of interest within the academic community.

These findings align directly with the research objective of building a multifaceted
knowledge graph capable of semantically organizing and navigating COVID-19 literature.

By capturing various dimensions—including countries, topics, institutions, authors, and
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concepts the graph serves as a robust foundation for exploring relationships and uncovering

latent patterns across the dataset.

The integration of sentiment analysis using a BERT-based classifier significantly enhances
the utility of the knowledge graph. This represents a novel extension of traditional
metadata-based graphs by introducing relational clustering based on textual sentiment. The
sentiment-based graph added 32,299 new edges, demonstrating the added analytical depth
and indicating how papers with similar emotional or rhetorical tone may be connected even
if they differ by topic or institution. This directly supports the secondary research aim of

exploring how sentiment signals can augment traditional knowledge discovery.

From a practical standpoint, the enhanced knowledge graph facilitates multi-dimensional
information retrieval. Researchers can now query not only by keywords, authors, or
institutions but also by sentiment orientation a valuable feature for identifying consensus
in literature, emerging concerns, or conflicting views. For instance, public health experts
might retrieve clusters of papers with negative sentiment to better understand community-
level challenges, while policymakers might focus on positively scored clusters to extract

actionable strategies.

Moreover, the unified graph supports hypothesis generation by allowing researchers to
trace semantic, institutional, and emotional linkages across disparate documents. This is
especially useful in fast-moving domains like pandemic response, where understanding
shifts in sentiment across time and topics can inform adaptive policy design and future

preparedness strategies.

While the sentiment component adds interpretive power, it also introduces potential sources
of error. The sentiment scores were generated using a pre-trained BERT model, fine-tuned

for document-level classification. However, several limitations apply:

e Domain mismatch: BERT models trained on general corpora may not fully
capture the nuanced and technical language found in scientific literature,

particularly in biomedical texts.

e (Contextual ambiguity: Sentiment in academic writing tends to be subtle and

context-specific. For example, a study describing negative outcomes may not
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reflect pessimism but scientific objectivity.

e Imbalanced data: If the sentiment classifier is not trained on a balanced set of
positive, negative, and neutral scientific texts, it may skew toward the dominant

class, reducing the reliability of minority sentiment detection.

To mitigate these issues, future work should include fine-tuning the model on a labelled
COVID-19 scientific corpus, employing cross-validation to measure accuracy, and
conducting human-in-the-loop evaluations for a subset of predictions to assess alignment
with expert interpretation. A confidence threshold could also be introduced to flag uncertain

classifications.

Comprehensive statistics that highlight the scope of the created graphs were obtained from
the analysis. For instance, the sentiment knowledge graph by itself added 32,299
connections, while the composite graph showed complex relationships between 476,865
institutional edges, 178,3589 idea edges, and other edges. These indicators demonstrate the

methodology's stability and scalability when working with big datasets.

The possibilities of knowledge graphs as a tool for organizing and navigating enormous
collections of scientific literature are highlighted by this study. When sentiment analysis is
added, the combined knowledge graph shows exceptional ability in revealing hidden
relationships, seeing patterns, and promoting effective information retrieval. The
methodology establishes a standard for augmenting the analytical capabilities of knowledge
graphs in tackling extensive issues such as the COVID-19 pandemic by connecting
sentiment-driven insights with conventional information. To further increase its usefulness,
future research might apply this strategy to other fields and use other machine learning

methods and data modalities.

The pandemic of COVID-19 has been very challenging year for humanity. Searching
through relevant scientific papers and literature to find the correct one is of utmost
importance. This research focused on leveraging knowledge graphs to structure and analyse
the vast corpus of COVID-19-related literature. A knowledge graph is a way to describe
semantical relationships between entities. We can create knowledge that connects multiple

papers by acquiring metadata about the CORD-19 papers from the AWS website.
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By constructing multiple knowledge graphs based on distinct properties such as country,
authors, topics, institutions, concepts, and sentiment scores, the approach enabled a multi-
dimensional exploration of the dataset. Using a BERT model for Sentiment classification,
we were able to add additional layer of insight. This sentiment score allowed us to cluster
similar papers together based on score similarity. The integration of these graphs supports
efficient information retrieval and uncovers hidden patterns across the CORD-19 dataset.
While this is an initial step, the methodology provides a strong foundation for future
enhancements in knowledge graph applications, particularly in handling large and diverse

datasets.

Overall, the construction of this multi-layered knowledge graph augmented with sentiment-
based edges demonstrates a scalable, data-rich approach to navigating complex scientific
literature. It not only meets the initial research objectives but also lays the groundwork for
real-world applications in literature review, research prioritization, and policymaking.
However, to ensure reliable insights, especially from sentiment analysis, further validation
and refinement of the sentiment model are essential. This work sets a precedent for how
semantic enrichment and emotional context can be meaningfully combined in knowledge

graphs to address pressing global challenges like COVID-19.
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