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Abstract
Covid-19 is an unprecedented challenge that disruptively reshapes societies and scientific
research communities. Facing the knowledge flood brought by the overwhelming volume of
research efforts, there still lacks a platform to link those to previous knowledge foundations and
efficiently visualize and understand them. Aiming to fill this gap, we propose a research
framework in this paper to assist scientists in identifying, retrieving, and visualizing the
emerging Covid-19 knowledge. The proposed framework incorporates principal topic
decomposition (PCD), text analytics-based knowledge model (KM), and the hierarchical topic
tree (HTT) method to profile the research landscape, retrieve knowledge of specific interest,
and visualize the knowledge structures. Initially, our topic analysis of 127,971 research papers
published during 2020-2021 identified 35 research hotspots. Furthermore, we built up a
knowledge model on the topic of vaccination and retrieved 92,286 research papers from the
entire PubMed database as the knowledge foundation of this topic. Lastly, the HTT results of
the retrieved papers highlighted multiple relevant disciplines, from whose branches we
identified four future research directions: Monoclonal antibody treatments, vaccination in
diabetic patients, vaccination effectiveness in SARS-CoV-2 antigenic drift, and vaccinationrelated allergic sensitization.
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knowledge, 2) accurately and comprehensively
obtain knowledge on specific topics, and 3)
understand the retrieved emerging new
knowledge. Even though there are already some
open literature datasets [3, 4] and search tools [5,
6] available online, a comprehensive framework
is lacking to provide an effective solution for the
challenges. Based on the current situation, we
summarize three key unresolved research
questions:

1. Introduction
Since the outbreak of the Covid-19 pandemic
in 2020, global scientists have contributed more
than 200,000 research papers to investigate the
nature of this virus and help mitigate its negative
impacts. However, the pandemic also comes with
an information crisis [1, 2]. Apart from the
problem of misinformation and rumors, the
overwhelming and growing speed of research
papers results in a severe information overload.
This publication explosion challenges scientists,
healthcare professionals, and the public to 1) keep
up with the rapid accumulation of new
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Question 1 (Q1): What are the key topics of
the Covid-19 knowledge system?

•

•

Targeting Q3, we focused on hierarchy, a specific
dimension of knowledge composition, to profile
and visualize the hierarchical intellectual structure
of the retrieved knowledge body of certain
research topics. This can help researchers
efficiently understand the retrieved knowledge
foundation and further support knowledge
discovery. In all, this data-driven study blends
multiple, AI-empowered bibliometric approaches
-- what we call in our pilot studies, “intelligent
bibliometrics” [18] -- to reveal insights for Covid19 knowledge deconstruction, effective retrieval,
and understanding.

Question 2 (Q2): How can we retrieve
knowledge foundations for specific Covid-19
topics?
Question 3 (Q3): How do we understand the
retrieved knowledge on specific topics?

Existing efforts trying to address these
research questions mainly consist of Covid-19
research topic analysis [7-10], literature-based
discovery studies [11-13], and literature search
tools [4, 5]. A common approach seen in current
topic studies is using co-word clustering [7], or
topic modeling [8, 9] on post-Covid literature
(scholarly papers published after the Covid-19
outbreak) to identify and depict the research
landscape. Such studies are useful in tracking new
knowledge evidence but may overlook the
internal relationships of new evidence with
previously established coronavirus knowledge
foundations.
Knowledge foundations are
significant to facilitate knowledge discovery [1417]. Besides, most literature-based discovery
studies on the global Covid-19 dataset [11, 13] do
not dive into specific topics to discover targeted
knowledge for people pursuing different interests,
such as basic medical research, epidemiological
models, and social impacts research, etc. Given
that, combing topic analysis and literature-based
discovery approaches could be a promising way
to fill these two gaps. As for Covid-19 knowledge
retrieval and understanding, few of the available
search tools provide visualizations or other
efficient ways to assist users in comprehending
the retrieved results [5, 6]. A concise and
appropriate visualization could save their time in
finding papers to follow or narrowing down their
search scope. Aiming to fill the research gaps and
provide a comprehensive solution to the three
proposed research questions, we propose a
research framework in this paper with its details
as follows.

In the case study, we collected 127,971
research papers published in 2020 and 2021 from
the PubMed database. Feeding those papers into
our research framework, we first generated 35
PCD topics and revealed the different emphasis in
different
periods,
changing
from
the
epidemiological and clinical characteristics to the
impacts of Covid on societies. Additionally, we
constructed a knowledge model based on the most
popular PCD topic of vaccination; then a global
search was run against the entire PubMed records
before 2020 to retrieve the knowledge
foundations of this topic, ending up with 92,286
research papers as the knowledge foundations of
this topic. Lastly, we utilized HTT to visualize the
knowledge structures of the retrieved results; the
HTT results highlighted multiple vaccinationrelated disciplines, including immunology,
molecular biology, virology, etc. From the
branches of those disciplines, we identified four
future research directions: Monoclonal antibody
treatments, vaccination in diabetic patients,
vaccination effectiveness in SARS-CoV-2
antigenic drift, and vaccination-related allergic
sensitization. We empirically evaluated the results
by matching evidence identified from the
literature and identified research evidence in the
latest studies. This empirical case does not only
demonstrate the reliability of our method but also
derive insights to support potential COVIDrelated R&D and strategic management in
funding agencies, research individuals, and
institutions.

To answer Q1, we utilized principal
component decomposition (PCD) to identify
research topics from scientific literature, yielding
a bird’s eye view of Covid-19’s knowledge
system. For identified Covid-19 topics, we further
employed text analytics and developed a text
similarity-based knowledge model to retrieve
relevant documents across the entire PubMed
database, linking every identified topic with
relevant pre-Covid literature, which can be
regarded as the topic’s knowledge foundation. By
combing topic analysis and literature-based
discovery, we composed our answer for Q2.

2. Data and methods
Our research framework is illustrated in Figure
1. In the following subsections, we will detail the
data collection process and our three core
methods, i.e., the method of principal component
decomposition (PCD) for profiling the research
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landscape of Covid-19 research, a knowledge
model (KM) for knowledge retrieval of specific
Covid-19 topics, and the method of hierarchical
topic tree (HTT) for identifying topic hierarchies
in divergent research directions.

2.1. Principal
decomposition (PCD)

PCD is essentially an iterative process of
principal components analysis (PCA), which
classifies and categorizes research papers to
represent the research landscape [21]. By
applying PCD to the extracted terms, we can
retain the principal popular terms and conclude
them as PCD research topics, with each paper
assigned to the most semantically similar PCD
topic.

Figure 1: Research framework of the Covid-19
knowledge deconstruction and retrieval

2.2. Knowledge model (KM)-based
document retrieval

To collect Covid-19 bibliographic data, we
investigated multiple data sources in our pilot
study [19] and ultimately decided on PubMed.
Compared to the larger dataset with massive
preprints like CORD-19 [3], most articles from
PubMed are peer-reviewed and contain more
curated metadata (e.g., MeSH Descriptors and
Qualifiers) for our following systematic
comparative analysis. By mining this globally
largest and most comprehensive, open-source
biomedical database, we retrieved 127,971
relevant research papers from 1/1/2020 –
1/1/2022.

Knowledge model (KM)-based document
retrieval aims to find documents with high
semantic similarities with given a collection of
text [22]. Specifically, we construct a KM
containing the subset of relevant papers and their
corresponding topic terms; the top and bottom 50
terms with the highest/lowest average term
frequency-inverse document frequency (TF-IDF)
constitute the feature vector of this set. We then
employ the KM to search related documents
across the entire records in the PubMed database
before 2020, containing over 30 million research
papers at the time of retrieval. Based on document
frequencies, we compute and rank the cosine
similarity between the KM’s feature vector and
TF-IDFs extracted for those same terms for each
document in the PubMed set. The ranking list is
the outcome of this KM-based document retrieval
model, indicating the semantic priority of external
documents in PubMed to the given topic cluster.

We further applied the natural language
processing function of VantagePoint 2 to extract
topic terms from titles and abstracts. The list of
extracted terms was cleaned to remove stop
words, consolidate similar terms, and eliminate all
terms appearing only once [20]. The term
clumping process and stepwise results are given
in Table 1.
Table 1
Stepwise results of term clumping
Step
1
2

Detail
Extract terms from titles and abstracts
using VantagePoint NLP function
- Remove terms starting/ending with
non-alphabetic characters
- Remove common terms in scientific
articles, e.g., “research framework”
- Remove meaningless terms, e.g.,
pronouns, prepositions, and
conjunctions
- Consolidate synonyms based on
expert knowledge, e.g., “Covid-19”
and “Covid”
- Consolidate terms with the same
stem, e.g., “severe patient” and
“severe patients”

component

# Terms
1,603,542

2.3.

1,367,374

Hierarchical topic tree (HTT)

Hierarchical topic tree analysis [23] is a
network analytics-based method that identifies
research topics and their hierarchies from
scientific documents. This method identifies
nodes with 1) notably high density and 2)
relatively far distance to other high-density nodes
as anchor leaves, and then assigns the rest of the
nodes to their proximate anchor leaves to form
node communities (research topics). This process
is then iteratively applied to the sub-clusters of
each layer to identify their sub-communities until

2
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be

found

at

the

website:

no anchor leaves are found. Each iteration
constitutes a topic layer of the final tree. Thus, a
tree consists of anchor leaves and their node
communities and sub-communities, representing
the intellectual structure of a knowledge system.
The stepwise processes of this method are given
below:

Step 4: Iterate Step 3 to the subcommunities
until no centroid node can be found in any subcommunities. From the second iteration, an
additional criterion will be added to guarantee the
identified centroids for sub-communities are
sparse to each other:
𝛿𝑉𝑐 >

Step 1: Construct the term co-occurrence
network of documents and calculate the shortest
distances of pairwise nodes.
𝐺 = (𝑉, 𝐸)

(1)

Then every rest node in will be assigned to the
closet centroid. By applying Steps 1-4, we will
partition the co-occurrence network into a set of
hierarchical communities. Every community and
its subcommunities composes a branch of the final
hierarchical topic tree.

𝐶𝐹(𝑉𝑖 , 𝑉𝑗 ) 𝑖𝑓 𝑉𝑖 𝑎𝑛𝑑 𝑉𝑗 𝑐𝑜 − 𝑜𝑐𝑐𝑢𝑟 (2)
0
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

where 𝑤𝐸𝑖𝑗 (𝑖≠𝑗) is the edge weight of the edge

3. Results

connecting nodes 𝑉𝑖 and 𝑉𝑗 , 𝐶𝐹(𝑉𝑖 , 𝑉𝑗 ) represents
the co-occurring weight (number of documents
that 𝑉𝑖 and 𝑉𝑗 co-occur) of nodes 𝑉𝑖 and 𝑉𝑗 .

We first applied the descriptive bibliographic
analysis to review the collected papers in terms of
the monthly growth, institution ranking, and
geographical distribution of Covid-19 research
papers.

Step 2: Calculate the neighbor density for each
node and generate the shortest distance of every
node to its closet node with a higher neighbor
density. Considering the scalability of our
algorithm on this network, we used neighborhood
density to proxy the density measures of each
node.
𝜌𝑉𝑖 = exp (−

1
1
∑
)
Γ(𝑉𝑖 )
𝑤𝐸𝑖𝑗 2

Figure 2 illustrates that the rate of literature
growth was exponential in early 2020 and then
stabilized in 2021, reflecting the disruptive
influence of Covid-19 on scientific activities. We
attribute the early stage burst of publications to the
need to reveal novel knowledge and facts about
this new virus and disease [10]. However, the
reasons for the slowing rate can be much more
complicated. Is it due to the research capacity
limitation (funding, paper review process,
journal), or is it indicating the start of knowledge
convergence? How long will the effects of Covid19 last on scientific communities? When will the
decay period start? More explorations and efforts
are needed to answer these questions.

(3)

𝑉𝑗 ∈Γ(𝑉𝑖 )

in which 𝜌𝑉𝑖 denotes the local density of node
𝑉𝑖 , and Γ(𝑉𝑖 ) is the neighbor node set of 𝑉𝑖 .
max (

𝑉𝑗 ∈Γ(𝑉𝑖 )

𝛿𝑉𝑖 =

1
𝑤𝑉𝑖𝑉𝑗

min

{

𝑉𝑗 𝜖 𝑉𝜌𝑉 >𝜌𝑉
𝑗

𝑖

(

)

𝑖𝑓 𝜌𝑉𝑖 = max (𝜌𝑉𝑗 )
𝑉𝑗∈Γ(𝑉𝑖 )

1
𝑤𝑉𝑖𝑉𝑗

)

(4)

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

in which 𝛿𝑉𝑖 is the shortest distance from 𝑉𝑖 to
its closest neighbor node with larger local density.

Figures 3, 4 and 5 respectively profile the
global distribution of the Covid-19 research
papers among worldwide institutions and
countries. In terms of the absolute number of
papers published at the national level (Figures 3
and 5), the United States and China unsurprisingly
hold leading positions, followed by Italy, India,
Germany, Canada, etc. Diving into the institution
level (Figure 4), we found that compared to the
earlier China-led trends in Covid-19 research
[24], the momentum for US institutions to lead in
this domain is continuously growing [12]. This
indicates that even though China has a substantial

Step 3: Locate community centers, 𝑉𝑐 , with
local density peak values according to the
following formula; initialize them as community
centers, and then allocate the rest of the nodes to
the nearest 𝑉𝑐 .
𝜌𝑉𝑐 > 𝜀 max 𝜌𝑉𝑖
𝑉𝑖 ∈Γ(𝑉𝑐 )

(6)

in which 𝑉𝑟 denotes the node centroid of its
parent community.

where 𝐺 is the term co-occurrence network, 𝑉
is the set of term nodes and 𝐸 is the set of cooccurrence edges.
𝑤𝐸𝑖𝑗 (𝑖≠𝑗) = {

1
𝑤𝑉𝑟 𝑉𝑐

(5)

in which 𝜀 is the density threshold that decides
the significance of a topic.
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Figure 5: The ranking changes of countries

volume of papers published, among top
institutions, individual Chinese universities and
research institutions do not demonstrate equal
strengths in competition with their global
counterparts, particularly those from the States.

3.1.

Feeding the extracted topic terms into the PCD
algorithm, we generated 35 topics and present
them in Figure 6, with each bubble representing a
PCD research topic and the size denoting its
associated paper count. We further applied crosscorrelation analysis to the generated topics, with
the links denoting the substantial cosine
correlation [25] degree above 0.5. The core topics
in the middle of Figure 6 represent an internal
strongly connected topic cluster of clinical
investigations, while the other topics appear to be
relatively independent of each other.
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Figure 2: Monthly increasing trend of Covid-19
research papers

Figure 3: The geographical distribution of Covid19 papers

Figure 6: The distribution and cross-correlation of
PCD topics

University of California
Harvard University
University of Oxford
University of Toronto
Johns Hopkins University
Huazhong University of Science and…
Stanford University
University College London
University of Washington
Massachusetts General Hospital
Icahn School of Medicine at Mount Sinai
University of Pennsylvania
Mayo Clinic
Brigham and Women's Hospital
Emory University
University of Michigan
Chinese Academy of Sciences
Tehran University of Medical Sciences
University of Texas
University of Milan
Italy

0
500
1000
Canada
China
UK

Research landscape of Covid-19

Figure 7: Monthly increasing trend of PCD topics
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The monthly ranking changes of the top ten
topics are given in Figure 7, indicating different
stages of Covid-19 research. Among these topics,
the rankings of PCR and Public Health
maintained the top, while other topics show
significant fluctuating trends.

Figure 4: Top 20 prolific research institutions

At the beginning of the Covid-19 breakout in
Wuhan, the PCD topics Pneumonia, and SARSCoV-2 Transmission attracted massive attention,
as first-hand clinical and epidemiological
investigations were urgently needed to improve
Covid treatments and control its transmission [2629]. In such investigations and following clinical
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trials, the gender difference is an essential
associated factor as indicated by the continuing
ranking rise of PCD topics Women and Men;
Additional attention was especially put on the
female group to investigate the vulnerabilities of
pregnant women or women at lactating ages [30].
With
Covid-19
turned
from
regional
transmissions into a global pandemic, scientists
started to examine the social impacts of Covid-19
as illustrated by the rise of topics Lockdown [31,
32] and Mental Health. The former topic broadly
covers the social impacts of lockdown measures
on healthcare services [32], economy [33],
education [34], environment [35], etc.; The latter
topic discusses mental health issues among the
general public [36, 37] and healthcare workers
[38]. With the anti-epidemic activities gradually
normalizing and becoming a part of daily life,
rankings of topics Death and ICU relatively
decrease steadily.

database, using the most prominent PCD research
topic, Vaccination, as an example. We selected
15,967 papers related to this topic and calculated
the TF-IDF values of all the extracted terms of
those papers, then a knowledge model was built
up with its top 50 and bottom 50 term stems 3 .
Further, we run the KM model against the entire
PubMed database and retrieved 92,286 historical
records out of the Covid dataset. In the next
section, we will demonstrate how we could
visualize the knowledge of the search results.

3.3. HTT
modelling

model

of

knowledge

We further mapped the 92,286 records to Open
Academic Graph (OAG) 4 and retrieved 89,951
records with the field of study (FoS) values [51].
To efficiently understand and visualize the
knowledge in the search results, we constructed a
FoS co-occurrence network and ran our HTT
algorithm on it. The density threshold was
empirically set as 0.95. The topological
characteristics of the FoS network are given in
Table 2.

Notably, the change in Vaccination-related
papers illustrates two waves of vaccine studies.
The first wave appeared at the beginning of the
Covid-19 breakout and peaked in February 2020.
These early-stage papers majorly focus on
reviewing past coronavirus vaccines, calling for
rapid vaccine development procedures, and
proposing possible developing approaches [3942]. With the advent of multiple available
vaccines, the next vaccination research wave
emerged in the third quarter of 2020 and
continued to rise. In addition to the massive basic
medicine and clinical trial studies around the
safety and efficacy of those vaccines [43-45], the
rollout of vaccines also triggers researchers’
concerns about the social implications, including
vaccine hesitancy phenomena [46, 47], vaccine
allocation strategy [48] and vaccination incentives
[49, 50]. As vaccination is one of the most
effective measures in preventing Covid-19, we
will demonstrate how we used our knowledge
model to retrieve historical knowledge of
vaccination studies in the next section.

3.2. Knowledge
results

results

Table 2
The characteristics of the FoS network
Weight
Number
Max.

Min.

Avg.

Std.

Node

27,596

39,542

1

3.459

44.336

Edge

922,252

18,737

1

28.135

427.105

Average
degree

66.840

search
Figure 8: The HTT of retrieved results

This section demonstrates the utility of our
knowledge model approach in retrieving
historical knowledge from the entire PubMed

We trimmed this HTT to retain the main
knowledge body and presented it in Figure 8 5 .
Immunology is the root topic of this HTT,

3

5

The details of this KM are available at
https://github.com/IntelligentBibliometrics/Covid_knowledge.
4
https://www.aminer.cn/oag-2-1

The entire HTT can be found at
https://github.com/IntelligentBibliometrics/Covid_knowledge/blob/
main/Vacc_all.svg
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indicating that vaccination studies are mostly
constructed based on immunology knowledge.
For the presented topics, we primarily highlighted
some of them as discipline-level topics (green
font) and entity-level topics (red font). We
compared and contrasted the historical records
(regarded as knowledge foundations) with the
latest research and concluded the following
insights.
•

•

•

Monoclonal antibody: This topic is
positioned in the branch of molecular
biology – biochemistry. Diving into this
topic, we can trace a bunch of historical
studies of developing monoclonal
antibodies as treatments for existing
human and animal coronaviruses,
including severe acute respiratory
syndrome (SARS) coronavirus [52, 53]
and bovine coronaviruses [54, 55]. Such
studies can provide instructive research
clues for developing novel monoclonal
antibody treatments for Covid-19. With
the approvement of multiple monoclonal
antibody treatments for Covid-19, more
efforts will predictably be put into finding
efficient methods of extracting and
producing such monoclonal antibodies
[56].
Antigenic drift: This topic exists in the
virus branch, describing a natural
phenomenon of antigen genetic mutations
that also happens in the SARS-CoV-2
virus [57]. Medical experts can trace
historical studies of influenza viruses [58,
59] and other possibly related viruses [60]
in search results to infer and analyze the
impacts of antigenic drift on vaccination
implementations. The effectiveness and
immune durability of current vaccines for
various SARS-CoV-2 variants (including
currently concerned Omicron) need
deeper exploration [61, 62].
Diabetes: Locating on the endocrinology
branch, this topic consists of historical
papers clarifying the autoimmunemediated beta-cell damage mechanisms
[63], significant autoantigens [64], and
different subtypes of type 1 diabetes [65,
66]. Recent studies reported that two
types of diabetes were both associated
with higher odds of Covid-19 hospital

•

deaths [67, 68], and SARS-CoV-2
infection possibly induces negative
effects
on
beta-cells
[69-72].
Consequently, vaccination in diabetic
patients has become a trending topic
among vaccination studies. On the one
hand, a lot of researchers have called for
prioritizing vaccination in diabetic
patients as they are more vulnerable to
Covid-19 [73, 74]. On the other hand,
associating the knowledge (especially for
type 1 diabetes) from our search results
with Covid vaccination is worth deeper
exploration because current evidence is
still limited [72, 75].
Allergic sensitization: Historical studies
related to this topic majorly discussed the
reactivity of immunoglobin E in allergic
reactions [76-78], which can provide
instructive insights for Covid-19
vaccination allergic studies [79, 80].

In conclusion, the HTT results yielded us an
overview of the search results. The high-level
HTT topics highlighted multiple disciplines
relevant to vaccination studies, including
immunology, molecular biology, virology, etc.
The topics on those discipline branches reveal
four future directions based on established
knowledge foundations: Monoclonal antibody
treatments, vaccine immunes effectiveness and
durability, vaccination in diabetic patients, and
vaccine allergy.

4. Discussion
Covid-19 brings a global public health
pandemic and an overwhelming knowledge flood.
Aiming to efficiently discover and utilize the
knowledge laid in the massive Covid-19 scientific
studies, we propose an incorporated research
framework to 1) profile the Covid-19 knowledge
landscape and research topics in both flat and
hierarchical levels, 2) retrieve knowledge
foundation related to specific topics, and 3)
visualize the retrieved knowledge to support
knowledge understanding and discovery. We
anticipate our research methodology and key
findings can support a) scientific researchers to
quickly absorb emerging new knowledge and
identify their future study directions and b)
research policymakers to make informed
decisions about research funding allocation.
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Q1: What are the key topics of the Covid-19
knowledge system?

empirically selected parameters in this case to
achieve better results, but developing an
automatic data-driven parameter fine-tuning
process is a direction we are heading in the future;
From the theoretical perspective, we profiled the
knowledge landscape of Covid-19 and obtained
knowledge foundations of the vaccination topic.
Compared to obtaining literature-based evidence,
it might be further interesting to validate the
results with clinical trials and in-depth expert
consultations.

We exploited PCD analysis to profile the
Covid-19 research landscape. The results
highlighted 35 research hotspots and research
emphases during different periods. The changing
trends in PCD topic rankings indicate that early
Covid-19 studies investigated the clinical and
epidemiology characteristics of Covid-19, while
the subsequent studies threw more light on the
societal impacts of Covid-19 on different people
groups. Intriguingly, the change in PCD topic
vaccination papers illustrates two waves of
vaccination studies, respectively appeared at the
start of the Covid outbreak and after the rollout of
multiple available vaccines.
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