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Abstract
COVID-19 has been an unprecedented challenge that disruptively reshaped societies and 
brought a massive amount of novel knowledge to the scientific community. However, as 
this knowledge flood continues surging, researchers have been disadvantaged by not hav-
ing access to a platform that can quickly synthesize emerging information and link the 
new knowledge to the latent knowledge foundation. Aiming to fill this gap, we propose 
a research framework and develop a dashboard that can assist scientists in identifying, 
retrieving, and understanding COVID-19 knowledge from the ocean of scholarly articles. 
Incorporating principal component decomposition (PCD), a knowledge mode-based search 
approach, and hierarchical topic tree (HTT) analysis, the proposed framework profiles the 
COVID-19 research landscape, retrieves topic-specific latent knowledge foundation, and 
visualizes knowledge structures. The regularly updated dashboard presents our research 
results. Addressing 127,971 COVID-19 research papers from PubMed, the PCD topic 
analysis identifies 35 research hotspots, along with their inner correlations and fluctuat-
ing trends. The HTT result segments the global knowledge landscape of COVID-19 into 
clinical and public health branches and reveals the deeper exploration of those studies. To 
supplement this analysis, we additionally built a knowledge model from research papers on 
the topic of vaccination and fetched 92,286 pre-Covid publications as the latent knowledge 
foundation for reference. The HTT analysis results on the retrieved papers show multiple 
relevant biomedical disciplines and four future research topics: monoclonal antibody treat-
ments, vaccinations in diabetic patients, vaccine immunity effectiveness and durability, and 
vaccination-related allergic sensitization.
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Introduction

The COVID-19 outbreak in 2020 has prompted a substantial increase in research papers 
globally, with more than 300,000 papers published to date. While beneficial, the sheer 
volume of information published has resulted in an information crisis (Chahrour et  al., 
2020; Xie et  al., 2020). Apart from the problem of misinformation and rumors, the 
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overwhelming influx of research papers has resulted in severe information overload issues, 
posing challenges for scientists, healthcare professionals, and the general public in (1) 
following the rapid accumulation of global novel knowledge in time, (2) accurately and 
comprehensively acquiring knowledge on specific interested topics; and (3) developing a 
deep understanding of the new knowledge emerging and tracing the root of such knowledge 
(Hossain, 2020; Wise et al., 2020; Yu et al., 2021). Although several open-source literature 
datasets and search tools are accessible online (Trewartha et al., 2020; Zhang et al., 2020a), 
there is still a need for a comprehensive framework that incorporates effective analytical 
tools to help scientists overcome these challenges. What is required is a solution that can 
help researchers answer the following three questions:

•	 Question 1 (Q1): What are the key research topics in the emerging COVID-19 knowl-
edge system?

•	 Question 2 (Q2): How can we retrieve latent established knowledge for specific 
COVID-19 topics?

•	 Question 3 (Q3): How do we understand and utilize the retrieved knowledge?

Previous efforts to answer these questions mostly consist of COVID-19 topic analysis 
(Colavizza et  al., 2021; Pourhatami et  al., 2021; Tran et  al., 2020; Zhang et  al., 2021a), 
literature-based discovery studies (Wise et al., 2020; Wu et al., 2021b; Yu et al., 2021), and 
literature search tools (Chen et  al., 2021; Trewartha et  al., 2020). The common research 
paradigm in current topic studies is to apply co-word clustering (Pourhatami et al., 2021) 
or topic modeling (Colavizza et al., 2021; Tran et al., 2020) to the collected literature and 
generate word/term clusters. Such studies have helped to track newly emerging knowledge 
but often overlooked the relationships between new evidence and previously latent fun-
damental knowledge. For example, what are the similarities and differences between the 
diagnoses and treatments for SARS and SARS-CoV-2 infections? In such cases, utilizing 
the established latent knowledge can be a significant means of discovering and synthe-
sizing new knowledge (Haghani & Bliemer, 2020; Haghani & Varamini, 2021; Hu et al., 
2021; Petrosillo et al., 2020). In addition, current literature-based discovery studies have 
conducted macro-level overviews (Wise et  al., 2020; Yu et  al., 2021) and exploration 
of specific aspects like COVID-19 origins (An et  al., 2022; Domingo, 2021) and social 
impacts (Liu et al., 2022a, 2022b; Tsao et al., 2021), whilst a generalized method is still 
lacking to provide quantitative research evidence for topics that have not been touched 
yet. For this reason, incorporating topic analysis with literature-based discovery to pro-
vide topic-specific insights is a promising way to fill this gap. Further, few of the available 
COVID-19 knowledge search tools provide concise visualizations to assist users in under-
standing the knowledge conveyed by collected literature (Trewartha et  al., 2020; Zhang 
et  al., 2020a). A concise and appropriate visualization could guide grasping the overall 
research landscape, narrowing down the search scope, and finding the proper papers to fol-
low efficiently. Aiming to address these research gaps, we developed (1) a research frame-
work that provides a systematic solution to answering the three cited research questions 
and (2) a COVID-19 dashboard1 that offers an accessible overview of descriptive and topic 
analysis research results derived from the proposed methodology and continues providing 
up to date COVID-19 literature intelligence.

1  The initial platform can be accessed at https://​searc​htech​nology.​github.​io/​VPDas​hboard/​Vanta​gePoi​nt/​
Dashb​oard/1. As of December 2022, we have shifted to updating a Late Covid dashboard: https://​searc​htech​
nology.​github.​io/​LongC​ovidD​ashbo​ard/.

https://searchtechnology.github.io/VPDashboard/VantagePoint/Dashboard/1
https://searchtechnology.github.io/VPDashboard/VantagePoint/Dashboard/1
https://searchtechnology.github.io/LongCovidDashboard/
https://searchtechnology.github.io/LongCovidDashboard/
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Q1 is answered via two topic extraction methods, principal component decomposition 
(PCD) (Watts & Porter, 1999; Watts et al., 1999) and hierarchical topic tree (HTT) analysis 
(Wu & Zhang, 2021). The two approaches identify research topics from research papers 
and yield bird’s eye views of the COVID-19 knowledge system. Compared with other topic 
extraction approaches like K-means clustering (Wartena & Brussee, 2008) or topic mod-
eling (Blei et al., 2003; Yau et al., 2014), PCD can generate robust document clustering 
results without introducing any randomization processes. HTT, on the other hand, profiles 
the research topics in a hierarchical structure to highlight the differences and inner connec-
tions between topics. In terms of the way the topics are presented, HTT and PCD comple-
ment each other from flat and hierarchical structures, for which PCD provides a macro and 
high-level topic landscape while HTT focuses on layers and hierarchical associations of 
topics. Their correspondence reinforces the credibility of the topics presented. From the 
perspective of our methodology design, PCD topics are fed into the further knowledge 
model retrieval process because PCD generates fewer but more general research topics, 
each of which covers more documents and reflects a broader knowledge scope to facilitate 
comprehensive knowledge retrieval.

With the PCD topics identified, we further developed a topic-specific document retrieval 
approach based on a knowledge model. The approach parses the entire PubMed database 
and links each identified topic with semantically similar pre-COVID research papers in 
PubMed. The use of semantic similarities in information retrieval tasks has a lengthy his-
tory in the effort to retrieve relevant documents for a given query (Salton & Lesk, 1968). 
In this study, we have adopted this scheme and applied it to topic-specific COVID-19 
publications, treating them as the search query. Through this approach, the retrieval of 
semantically-similar documents is expected to yield historical fundamental knowledge that 
is relevant to the emerging knowledge conveyed by the COVID-19 publications. Regu-
lar retrieval approaches identify relevant records using the topic label as the search term 
and may overlook the latent knowledge foundation. In this study, we expect to go beyond 
Boolean search and explore papers that convey latent knowledge. Hence, we removed the 
records containing the word stem of the PCD topic label in the retrieved results to high-
light the target records. In this way, new knowledge is linked to latent foundational knowl-
edge. Q2 is answered by combining the topic analysis with the results of the knowledge 
model retrieval. Targeting Q3, the focus is on hierarchy, a specific dimension of knowledge 
composition, where the hierarchical structures of a topic’s latent knowledge foundation 
is profiled and visualized. This helps researchers to efficiently understand the knowledge 
structures in the retrieved papers, further supporting knowledge discovery. All in all, this 
study blends multiple data-driven bibliometric approaches to reveal insights into COVID-
19 knowledge deconstruction, effective retrieval, and understanding. It is in line with the 
direction of what we called “intelligent bibliometrics” (Zhang et  al., 2020b), targeting 
problems in science, technology, and innovation (ST&I) studies and highlighting the devel-
opment of computational models incorporating artificial intelligence and data science tech-
niques with bibliometric indicators. Despite a specific focus on COVID-19 knowledge in 
this paper, the proposed framework is adaptable for knowledge deconstruction and retrieval 
in broad domains and scenarios. Besides, we have developed a dashboard platform to feed 
health professionals, bibliometricians and the general public to access the descriptive sta-
tistics and topic analysis results.

To conduct our case study, we collected 127,971 COVID-19 research papers published 
in 2020 and 2021 from the PubMed database. Feeding those papers into the PCD analysis, 
we generated 35 PCD topics and revealed how the attention on different topics changed 
over different periods. In the beginning, the research foci were on the epidemiological 
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and clinical characteristics of the virus. However, with the development of the global 
COVID-19 pandemic, the research attention expanded and changed to its impacts on dif-
ferent aspects of the whole society. The HTT results divided the explored knowledge into 
clinical and public health branches. The clinical branch focuses on discovering COVID-
19-associated clinical factors and treatments. The public health branch addresses six par-
ticular public health concerns. Additionally, we constructed a knowledge model based on 
the most popular PCD topic of vaccination and ran a global search on PubMed for records 
published prior to 2020 to retrieve the knowledge foundation of this topic, resulting in 
92,286 retrieved papers. Lastly, we exploited HTT to visualize the hierarchical knowledge 
structures of the retrieved results. The HTT results highlighted multiple vaccination-related 
subjects and disciplines, including immunology, molecular biology, virology, etc. From 
the branches of those disciplines, we identified four future promising research directions: 
monoclonal antibody treatments, vaccination in diabetic patients, vaccination effectiveness 
in SARS-CoV-2 antigenic drift, and vaccination-related allergic sensitization. We empiri-
cally evaluated the results by matching evidence identified from the literature and research 
evidence in the latest studies. This empirical case not only demonstrates the reliability of 
our method, but also derives insights to support potential COVID-19-related strategic man-
agement for funding agencies, individual researchers, and institutions.

Literature review

COVID‑19 topic analysis

Topic analysis has been applied in substantial bibliometric studies to enhance and facili-
tate knowledge profiling and retrieval (Begelman et al., 2006; Kajikawa et al., 2022; Mejia 
et al., 2021). Scholars cluster semantically similar text (e.g., a collection of documents or 
similar terms) as topics and develop topic analysis approaches with different foci, includ-
ing topic identification (Small et al., 2014), tracking (Zhang et al., 2017), and visualiza-
tion (Huang et  al., 2014). With the rapid growth of COVID-19 studies, bibliometricians 
have started research in this field to follow the latest research progress. However, COVID-
19 poses a unique challenge as the unprecedented amount of emerging knowledge is not 
only closely related to the established knowledge foundation but also rapidly reshaping 
a new knowledge structure. Hence, identifying the potential links between new and the 
existing latent knowledge foundation is a critical task in COVID-19 knowledge utilization. 
Early-stage bibliometric analysis presents descriptive analyses of country-level research 
productivity (Chahrour et al., 2020), supporting funding sources (Nasab & Rahim, 2020), 
collaboration dynamics (Cai et  al., 2021; Fry et  al., 2020), and citing patterns (Hossain, 
2020; Kousha & Thelwall, 2020). Apart from these efforts on measuring research activity, 
uncovering new knowledge from the rapidly accumulating literature, i.e., literature-based 
discovery, is becoming a more important task as such insights can support research, clini-
cal, and policy decisions (Hristovski et al., 2005; Swanson, 1986; Wu et al., 2021c). Fol-
lowing the literature-based discovery stream, Pourhatami et al. (2021) use co-word analysis 
to identify past coronavirus-related topics, highlighting promising research gaps in anti-
body-virus interactions, emerging infectious diseases, and coronavirus detection methods. 
Yu et al. (2021) apply entity metrics on a literature-extracted entity network, pointing out 
ACE-2 and C-reactive protein as significant biomarkers and chemicals in diagnosing and 
treating COVID-19. Similar findings were also reported by Wu et al. (2021b), who used 
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network analysis to identify more significant COVID-19 biomarkers, drugs, and compli-
cations. Ebadi et al. (2021) applied machine learning approaches to different COVID-19 
publication sources and compared the highlights and differences in research topics. These 
literature-based discovery studies provide substantial evidence of explicit and implicit 
knowledge associations from the extant research and insights for future explorations.

COVID‑19 knowledge retrieval

As mentioned, the COVID-19 pandemic has brought forth a serious information crisis (Xie 
et al., 2020). The abundance of research papers has resulted in serious information over-
load and making it difficult for users to efficiently retrieve specific knowledge out of the 
sea of information. To alleviate this situation, multiple research institutions, communities, 
and companies have released several curated COVID-19 literature datasets and search tools 
to assist scholars and the general public in finding relevant information. For example, the 
global literature on coronavirus disease2 is a multiple-language literature collection curated 
by the World Health Organization (WHO). Users can search publications from multiple 
sources worldwide based on annotated health science descriptors. LitCovid (Chen et  al., 
2021) is a PubMed-derived dataset that allows users to retrieve COVID-19 publications 
relevant to eight broad, high-level topics. This dataset was classified by a BioBERT-based 
deep learning model, and the eight topics include mechanism, transmission, diagnosis, 
treatment, prevention, long COVID, case report, and forecasting. However, despite having 
topic retrieving features, the WHO dataset and LitCovid only focus on post-2020 publica-
tions related to COVID-19 or SARS-CoV-2. Therefore, any relationships between the new 
COVID-19 papers and previously established knowledge on human coronaviruses are not 
considered (Haghani & Bliemer, 2020; Haghani & Varamini, 2021). That said, there are a 
few studies that comprehensively compare the current COVID-19 with previous coronavi-
ruses, demonstrating a significant approach to understanding the clinical, epidemiological, 
and pathological features of COVID-19 (Hu et al., 2021).

There are also available datasets and search tools with a broader literature coverage. 
CORD-19 (Wang et  al., 2020c) is one of the most prominent COVID-19 literature 
datasets, which assembles publications and preprints on COVID-19 and relevant historical 
coronaviruses like SARS and MERS. Several search tools have also been developed based 
on CORD-19. For instance, COVIDScholar (Trewartha et al., 2020) is a document search 
engine that integrates text mining and natural language processing techniques, including 
keyword extraction and document ranking. Additionally, it can visualize the pretrained 
embedding space of keywords and present the global semantic similarity web of this 
domain. The Neural Covidex (Zhang et  al., 2020a) is another search system that uses 
the T5-based language model (Raffel et  al., 2019) finetuned on biomedical text to apply 
unsupervised reranking on retrieved documents. It supports natural language questions, 
such as search queries, which makes it more like a question-answering system. There 
are also several industry-backed search tools, such as the AWS CORD-19 search engine3 
from Amazon and the Azure CORD-194 search from Microsoft. However, a common 
drawback of these search tools is that the search results are presented in a long article list 

2  https://​search.​bvsal​ud.​org/​global-​liter​ature-​on-​novel-​coron​avirus-​2019-​ncov/.
3  https://​aws.​amazon.​com/​marke​tplace/​pp/​prodv​iew-​ybwpx​cqlzn​bas.
4  https://​docs.​micro​soft.​com/​en-​us/​azure/​open-​datas​ets/​datas​et-​COVID-​19-​open-​resea​rch

https://search.bvsalud.org/global-literature-on-novel-coronavirus-2019-ncov/
https://aws.amazon.com/marketplace/pp/prodview-ybwpxcqlznbas
https://docs.microsoft.com/en-us/azure/open-datasets/dataset-COVID-19-open-research
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format, which is inefficient in providing a comprehensive understanding of the knowledge 
conveyed by the articles.

This paper introduces a research framework and dashboard platform designed to 
address gaps in existing bibliometric studies and tools related to COVID-19. The platform 
aims to provide efficient profiling and visualization of the current COVID-19 research 
landscape, while also linking emerging novel research topics to historical latent knowledge 
in the PubMed database. Through these features, researchers are able to retrieve relevant 
publications on specific topics of interest. The visualizations of the research landscape 
are presented in both flat and hierarchical perspectives, enabling a comprehensive view 
of the extensive COVID-19 knowledge base. The platform also profiles the linked latent 
knowledge in a hierarchical view, assisting researchers in identifying, comprehending, and 
utilizing the retrieved knowledge.

Data and methods

The research framework is illustrated in Fig. 1. Three research trajectories are designed to 
answer the three proposed questions. The first trajectory is to use PCD and HTT analysis to 
profile the research landscape of COVID-19 studies. The two topic extraction approaches 
complement each other with flat and hierarchical research landscape results. Following 
this, a topic-specific knowledge model and semantic-based search strategy compose the 
second trajectory, providing an approach for retrieving the latent knowledge of identified 
research topics. Lastly, HTT analysis is exploited to reveal knowledge hierarchies of the 
search results, wrapping the last trajectory as a solution for understanding and using the 
retrieved knowledge.

Data collection and preprocessing

To collect COVID-19 bibliographic data, we compared multiple data sources in a pilot 
study (Porter et al., 2020) and ultimately decided to use PubMed, the globally largest and 
most comprehensive open-source biomedical database. Compared with other datasets that 
may have broader coverage on preprints and WHO materials (e.g., CORD-19), PubMed 
offers mostly peer-reviewed articles and affiliated curated metadata for our project analy-
sis (e.g., MeSH descriptors and qualifiers). The search process returned 127,971 relevant 

Fig. 1   Research framework of the COVID-19 knowledge deconstruction and retrieval
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research papers from 1 Jan 2020 to 1 Jan 2022 as of early March 2022. We further applied 
the natural language processing (NLP) function of VantagePoint5 to extract topic terms 
from titles and abstracts. Then a term clumping process (Zhang et al., 2014) was imple-
mented to clean and consolidate the terms. The steps included removing words, consolidat-
ing similar terms, and eliminating all terms appearing less than ten times, etc. The term 
clumping process and stepwise results are given in Table 1.

Principal component decomposition (PCD)

PCD is essentially a robust and reproducible variant approach of principal components 
analysis (PCA) that groups scientific documents according to their textual features (Watts 
& Porter, 1999; Watts et al., 1999). Compared with the original PCA, PCD automatically 
decides the number of factors (derived PCA topic groupings) by minimizing the entropy 
and maximizing the cohesiveness of the derived factor groups. In our case, we exploited 
the processed terms extracted from titles and abstracts as document feature vectors. We 
then ran PCD on the document-term matrix to decide the factors automatically. The 
retained factors were deemed to be PCD topic labels. In our entire methodology design, 
PCD analysis produces a macro-overview of COVID-19 research topics and provides the 
seed records for topic-specific knowledge model construction.

Knowledge model‑based document retrieval

The purpose of knowledge model-based document retrieval is to retrieve scientific documents 
with high semantic similarities with a given collection of textual data. Initially, we established 
a knowledge model containing a subset of relevant papers and their corresponding topic terms 
with the top and bottom terms with the highest and lowest (above 0) average term frequency-
inverse document frequency (TF-IDF) constituting the feature space of this set. The TF-IDF 
metric serves as an indicator of the significance and pertinence of a term within a set of docu-
ments. Higher values of TF-IDF signify greater relevance of the term to the document, and 

Table 1   Stepwise results of term 
clumping

Step Detail # Terms

1 Extract terms from titles and abstracts using 
VantagePoint NLP function

1,603,542

2 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”

1,367,374

3 Filter terms with frequency above 10 33,281

5  VantagePoint is a software platform for bibliometrics-based text analytics and knowledge management, 
owned by Search Technology Inc. More details can be found at the website: www.​theva​ntage​point.​com.

http://www.thevantagepoint.com
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vice versa. In an effort to improve information retrieval applications based on TF-IDF, we 
have incorporated low-value terms into the feature vector to filter out search results with high 
TF-IDF values for such terms. The design concept is illustrated in Fig. 2, which demonstrates 
that search result 1 and search result 2, along with the seed record, have high TF-IDF values 
for terms [A] and [B], while only search result 2 exhibits high values for term [C]. When 
feature term [C] of low TF-IDF is added, search result 2 is excluded from the highly relevant 
feature space in Fig. 2II due to its high relevance to the unimportant term [C]. This design 
approach is akin to using a logical operator NOT to combine relevant and irrelevant terms 
together.

We then used the knowledge model to search for relevant documents across all records in 
the PubMed database prior to 2020. At the time of retrieval, the historical PubMed collection 
amounted to over 30 million research papers. Lastly, the results were ranked based on seman-
tic similarity and annual citation count, with the final output being the ranked list of retrieved 
documents. The stepwise implementation is outlined as follows:

 Step 1: Select a specific PCD topic T and denote the set of according records as DT , the 
entire corpus is denoted as D.

 Step 2: Extract the stems of all terms in DT and calculate the TF-IDF value for each stem 
using the following formula (Salton & Buckley, 1988):

where t denotes the stem of a scientific term and �(t) is the TF-IDF value of t . ft,DT
 is the 

stem frequency of t in DT , |D| represents the total number of documents in D and |t ∈ D| 
denotes the total number of documents in D that contains stem t.

Step 3: Construct the feature space VT of topic T  using terms with top and bottom 50 
average TF-IDF values, for which we call VT the knowledge model of T .

where t↓n denotes the n th stem in TF-IDF descending order and t↑n denotes the n th stem in 
TF-IDF ascending order.

�(t) =
ft,DT∑

t�∈DT
ft�DT

log

� �D�
�t ∈ D�

�

����⃗VT =
[
𝜏
(
t↓1

)
, 𝜏
(
t↓2

)
,… , 𝜏

(
t↓50

)
, 𝜏
(
t↑1

)
, 𝜏
(
t↑2

)
,… 𝜏

(
t↑50

)]

Fig. 2   Illustration of feature space construction of the knowledge model
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Step 4: Construct and align the feature space for each document in the entire PubMed 
database by Steps 2 and 3, the aligned feature space of document d is denoted as ���⃗Vd . When 
calculating the IDF values for PubMed historical papers, we still adopted the original 
corpus as the total document set considering easier feature alignment and better algorithm 
scalability.

Step 5: Calculate the cosine similarity (Salton & McGill, 1986) of ����⃗VT  and every ���⃗Vd ; the 
records with similarity above a threshold γ are returned as a first pass, denoted as DTR.

Step 6: Remove documents in DTR that contain any of the terms in the PCD factor label 
of T  . This step is designed to help identify the records that a Boolean search cannot find 
and retain the records that convey the latent knowledge foundation of topic T .

Step 7: Rank the remaining publications in DTR by the harmonic mean of cosine simi-
larity and number of citations per year since publication, scaled between 0 and 1.

Hierarchical topic tree (HTT)

Hierarchical topic tree analysis (Wu & Zhang, 2021) is a network-based method that identi-
fies research topics from scientific documents in a hierarchical way. Using a co-term net-
work as the input, this method identifies term nodes with (1) notably high density and (2) 
relatively far distance to other high-density nodes as community centers. The non-central 
nodes are then assigned to its proximate community center to compose node communi-
ties (research topics). The subgraphs of the partitioned communities will serve as the next 
round of input for this process until no community centers can be found in the input graph. 
The partitioned community results of each iteration constitute a topic layer of the topic 
tree, with the community center denoting topic labels. The finalized output is a hierarchi-
cally partitioned co-term network that represents the intellectual structure of a knowledge 
system (Wu et al., 2021a; Zhang et al., 2021b). The stepwise processes of this method are 
given below:

Step 1: Construct the co-term network from the documents and calculate the shortest 
distances of pairwise nodes.

where G is the co-term network, V  is the set of term nodes and E is the set of co-occurrence 
edges.

where wEij(i≠j)
 is the edge weight of the edge connecting nodes Vi and Vj , CF

(
Vi,Vj

)
 repre-

sents the co-occurring weight (number of documents that Vi and Vj co-occur in) of nodes Vi 
and Vj.

Step 2: Calculate the neighborhood density for each node and generate the shortest 
distance of every node to its closest node with a higher neighbor density. Considering the 

Cosine
(
����⃗VT ,

���⃗Vd

)
=

����⃗VT ⋅
���⃗Vd

|||����⃗VT
|||
||| ���⃗Vd

|||

G = (V ,E)

wEij(i≠j)
=

{
CF

(
Vi,Vj

)
if Vi and Vj co − occur in at least one document

0 otherwise
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scalability of our algorithm on this network, we used neighborhood density as a proxy for 
the density measures of each node.

where �Vi
 denotes the local density of node Vi , Γ

(
Vi

)
 is the neighbor node set of Vi , |Γ

(
Vi

)| 
is the number of neighbor nodes of Vi.

where �Vi
 is the shortest distance from Vi to its closest neighbor node with larger local 

density.
Step 3: Locate the set of community centers that meet the density peak criterion (the 

formula below) and denote it as Vc ; Then initialize them as community centers and allocate 
the rest of the nodes to the nearest node in Vc.

where � is the density threshold that decides the significance of a topic. Empirically, we 
will set the value of this parameter slightly smaller than 1 considering real-world networks 
always present long-tail distribution.

Step 4: Iterate Step 3 with the partitioned communities until no community center can 
be found in any sub-community. From the second iteration, an additional criterion is added 
to guarantee the identified centroids for the sub-communities are spread sparsely enough 
from each other:

where Vr denotes the node centroid of its parent community.
Ultimately, by applying Steps 1–4 to the co-term network, a set of hierarchical commu-

nities emerges. Communities (subgraphs) partitioned on different levels constitute different 
layers of topics. The label of the community center is used as the label for a community 
in the HTT visualizations. The only parameter to be set in this method is � , for which we 
employ the topic coherence indicator to help decide its value. Topic coherence is a measure 
of topic tree quality that quantifies how semantically coherent are the terms contained in a 
topic (Shang et al., 2020; Wu & Zhang, 2021). As we use network input and every topic is 
represented by a community center label and affiliated terms, the topic coherence is repre-
sented by the average network density of all topics (which are essentially subgraphs) and 
calculated according to the formula below. The specific selection process of � will be given 
in the results section.

�Vi
= exp

⎛
⎜⎜⎝
−

1

�Γ�Vi

��
�

Vj∈Γ(Vi)

1

wEij

2

⎞
⎟⎟⎠

𝛿Vi
=

⎧
⎪⎪⎨⎪⎪⎩

max
Vj∈Γ(Vi)

�
1

wViVj

�
if𝜌Vi

= max
Vj∈Γ(Vi)

(𝜌Vj
)

min
Vj𝜖V𝜌Vj

>𝜌Vi

�
1

wViVj

�
otherwise

𝜌v∈Vc
> 𝜀 max

Vi∈Γ(v)
𝜌Vi

𝛿Vc
>

1

wVrVc
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where N is the finalized number of topics, �i denotes a topic containing Vc and affiliated 
term nodes of Vc , ||�i

|| is the number of term nodes contained in �i , ||E(�i)
|| is the number of 

edges between term nodes in �i.

Results

Data overview

Trends in COVID-19 publications can help us glimpse the scientific community’s 
responses to COVID-19. Figure  3 illustrates the basic monthly numbers of COVID-19 
research papers. Early in 2020, these numbers increased rapidly, but by 2021, they had 
become relatively steady. The burst of COVID-19 publications can easily be attributed to 
the disruptiveness and uncertainty that COVID-19 has brought to previously established 
knowledge systems (Zhang et al., 2021a), which attracts research attention from massive 
new researchers (Wagner et  al., 2022). However, the slowing increase might be due to 
multiple reasons: Is it due to research capacity limitations (e.g., journals, review speed, 
funding, etc.)? Or does it indicate that newly discovered knowledge is converging to a 
new stage? Will there be a decay period following? These possibilities only trigger more 
research questions to be answered and examined in future studies.

Figures  4 and 5 respectively profile the global distribution and ranking changes of 
COVID-19 research papers among worldwide countries/regions. Figure 6 lists the top 20 
productive institutions. In terms of the absolute number of papers published at the national 
level in Fig. 4, the United States and China unsurprisingly hold leading positions, followed 
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Fig. 3   Monthly increasing trend of COVID-19 research papers
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by Italy, India, Germany, Canada, etc. From a retrospective view, the ranking changes in 
Fig. 5 intuitively indicate the association between productivity and local epidemic sever-
ity (Wagner et al., 2022). For example, China took the first place in the initial few months 
because it was the first victim of COVID-19 and had first-hand access to massive num-
bers of clinical cases. However, the US soon overtook China and has held the first posi-
tion since the middle of 2020. This may be because the US has solid research strength, 
but it could also be the result of how severely the COVID-19 pandemic hit the US (Burki, 

Fig. 4   The geographical distribution of COVID-19 papers

Fig. 5   The ranking changes of countries
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2020). Italy maintained third place for a long time from March 2020 as it became the Euro-
pean COVID-19 epicenter, suffering high numbers of cases and mortality rates (Remuzzi 
& Remuzzi, 2020). Following a sharp decrease in March 2020, which could be a result of 
the 21-day nationwide lockdown at that time, India has remained high in the ranking list. 
The pandemic hit India severely, and multiple SARS-CoV-2 variants have emerged there 
(Bernal et al., 2021).

Diving into the institution level in Fig.  6, we found that, compared with the earlier 
China-led trends in COVID-19 research (Fry et al., 2020), the momentum for US institu-
tions to lead in this domain has continued to grow (Wu et al., 2021b), as reflected by the 
largest proportion of US institutions the leading institution list. This shift indicates that 
even though China has published a substantial volume of papers on COVID-19, individual 
Chinese universities and research institutions have not demonstrated equivalent strength in 
competition with their global counterparts, particularly those from the States. The phenom-
ena can result from research policy, funding sufficiency and political decision differences 
that require further exploration.

Research landscape of COVID‑19

Feeding the extracted topic terms into the PCD analysis, we distilled 35 PCD distinct 
research topics.6 Further, we plotted a topic correlation map in Fig. 7. The size of each 
bubble represents the number of associated papers, and the links between bubbles rep-
resent topic cosine correlations above 0.5 (Salton & McGill, 1986). The topic labels and 
top 3–5 terms in the corresponding papers are noted around each topic. The correlation 
map of the 35 topics highlights a core topic group in the center, characterized by a set of 
topic labelling by clinical manifestations and hospitalization factors of COVID-19. The 
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Fig. 6   Top 20 prolific research institutions

6  The terms contained in each topic are available at https://​github.​com/​Intel​ligen​tBibl​iomet​rics/​Covid_​
knowl​edge/​blob/​main/​Topic_​terms.​xlsx.

https://github.com/IntelligentBibliometrics/Covid_knowledge/blob/main/Topic_terms.xlsx
https://github.com/IntelligentBibliometrics/Covid_knowledge/blob/main/Topic_terms.xlsx
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other scattered topics cover a broad range of subjects, including public health, educa-
tion, economics, etc. More details of the topics are provided in further analysis.

The monthly ranking changes of the top ten topics are given in Fig.  8, indicating 
different stages of COVID-19 research. Among these topics, the rankings of PCR and 
Public Health maintain the top, while other topics show significant fluctuating trends. 
The insights derived from topic ranking changes are given below.

At the beginning of the COVID-19 breakout in Wuhan, the PCD topics Pneumonia and 
SARS-CoV-2 Transmission attracted massive attention, as first-hand clinical and epidemio-
logical investigations were urgently needed to develop COVID-19 treatments and control 

Fig. 7   The distribution and cross-correlation of PCD topics

Fig. 8   Monthly increasing trend of PCD topics
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its further transmission (Huang et al., 2020; Li et al., 2020b; Lu et al., 2020; Wang et al., 
2020b). In such investigations and following clinical trials, gender difference emerged to 
be an essential analyzed factor as indicated by the continuing ranking rise of PCD top-
ics Women and Men, additional attention was put on the female group due to studies on 
the vulnerabilities of pregnant women or women at lactating ages (Chen et al., 2020). As 
COVID-19 turned from regional transmissions into a global pandemic, scientists started 
to look into the social impacts of COVID-19 as illustrated by the rise of topics Lockdown 
(Ruktanonchai et al., 2020; Shepherd et al., 2021) and Mental Health. The former broadly 
covers the social impacts of lockdown measures on healthcare services (Shepherd et al., 
2021), economy (Bonaccorsi et al., 2020), education (Engzell et al., 2021), and environ-
ment (Venter et al., 2020), etc.; The latter topic discusses mental health issues among the 
general public (Brülhart et al., 2021; Shi et al., 2020) and healthcare workers (Lai et al., 
2020). As the COVID-19 pandemic progressed, rankings of the topics Death and ICU 
decreased at a relatively steady pace.

Notably, the shift of in vaccination-related paper amount illustrates two waves of vac-
cine studies. The first wave appeared at the beginning of the COVID-19 breakout and 
peaked in February 2020. These early-stage papers mainly focus on reviewing vaccines 
for past coronavirus, calling for rapid vaccine development procedures, and proposing pos-
sible vaccine development approaches (Ahmed et al., 2020; Ahn et al., 2020; Pang et al., 
2020; Prompetchara et al., 2020). With the rollout of multiple available vaccines, the next 
wave emerged in the third quarter of 2020 and continued to rise. In addition to the massive 
numbers of basic medicine and clinical trial studies around the safety and efficacy of those 
vaccines (Polack et al., 2020; Thomas et al., 2021; Xia et al., 2020), the rollout of vaccines 
also triggers researchers’ concerns about the social implications, including the vaccine 
hesitancy phenomena (Biswas et al., 2021; Dror et al., 2020), vaccine allocation strategies 
(Duch et al., 2021) and vaccination incentives (Campos-Mercade et al., 2021; Dai et al., 
2021). As vaccination offers one of the most effective measures in preventing COVID-19, 
we will demonstrate how we used our knowledge model to retrieve latent historical knowl-
edge of vaccination studies in the next section.

The PCD results yield a flat view of the COVID-19 research landscape. To further dive 
into the hierarchy of COVID-19 knowledge and obtain more details about research top-
ics, we ran the HTT algorithm and constructed a co-term network using terms from the 
term clumping process in Table 1. The characteristics of our input network are given in 
Table 2. To decide the value of parameter � , we conducted a parameter sensitivity analysis 
to observe the topic coherence of results using different values for � . Figure 9 illustrates 
the results of this analysis. It shows that the coherence of topic tree results roughly has a 
negative association with the value � between 0.7 and 0.95, and it can achieve the highest 
coherence when � is 0.95. This observation aligns with our assumption that the larger � is, 
the more discriminative the centroid nodes are and the more coherent the generated topics 
are. Hence, we decided to use this value for further analysis.

Table 2   The characteristics of 
COVID-19 term co-occurrence 
network

Number Weight

Max Min Avg Std

Node 33,281 14,944 10 45.448 237.106
Edge 7,504,641 3618 1 1.568 6.246
Average degree 450.980
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Fig. 9   Results of sensitivity analysis of density threshold � on COVID-19 HTT topic coherence

Fig. 10   The hierarchical knowledge landscape of COVID-19 literature
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The generated HTT map is shown in Fig. 10, with the tree trimmed to show the nontriv-
ial branches.7 The node size indicates the prevalence of the topic, and the edge thickness 
denotes the co-occurring strength of the two connected topics.

The HTT result shows more details on every individual topic. The HTT map covers 
most PCD topic labelling terms and arranges the topics hierarchically according to their 
topological importance in the term co-occurrence network. This empirical evidence, 
discovered through PCD and HTT, aligns with knowledge manually identified from the 
literature, which might in some sense endorse the performance of the method. Mortality 
and Public health are two HTT topics that hold the top positions in the HTT result and 
represent the two major COVID-19 research branches: clinical and public health studies.

The clinical branch spans efforts to uncover the clinical associated factors of COVID-19 
and find effective therapies. As illustrated in Fig. 10, such explored clinical factors include 
gender—women, men (Jin et al., 2020), complications—inflammation, cytokine storm (Jose 
& Manuel, 2020), thrombosis (Levi et  al., 2020), age—elderly (Liu et  al., 2020a), and 
comorbidities—diabetes (Muniyappa & Gubbi, 2020), hypertension (Fang et  al., 2020). 
The treatments studied in clinical case reports and clinical trials consist of mechanical ven-
tilation, hydroxychloroquine (Gautret et  al., 2020), remdesivir (Beigel et  al., 2020), and 
bamlanivimab (Gottlieb et al., 2021), etc. In all, this branch contains various clinical case 
reports and clinical trial studies devoted to revealing the associated factors of COVID-19 
severity/mortality/prognosis and finding effective treatments.

For the public health branch, six subtopics are highlighted as follows. (1) Government: 
This topic set discusses the role of government in combating COVID-19. One of its sub-
ordinate branches points to policymakers, and, within this, handling inequalities in dif-
ferent groups of people has become a notable concern in the policymaking process (Chu 
et al., 2020; Garcia et al., 2021). The other subordinate branch of social media indicates the 
role of social media as a double-edged sword for governments when it comes to informa-
tion dissemination and evaluation (Islam et al., 2020b; Li et al., 2020a; Tsao et al., 2021), 
given the presence of misinformation. (2) Prevention: This set of HTT topics reflects some 
of the major explorations of Covid-19 prevention being: Face mask production and use 
issues (Brooks et al., 2021; Long et al., 2020; Wu et al., 2020); identifying effective control 
measures (Nussbaumer-Streit et al., 2020; Wang et al., 2020d); and how to protect frontline 
healthcare workers (Ding et al., 2020; Islam et al., 2020a). (3) SARS-CoV-2 transmission: 
This set of topics explores the epidemiological characteristics of COVID-19, among which 
the transmission between healthcare workers (Bergwerk et al., 2021; Sikkema et al., 2020) 
and the use of personal protective equipment (Mick & Murphy, 2020) have attracted sub-
stantial research attention. (4) Crisis: This topic set discusses the implications of COVID-
19 on healthcare systems (Liu et al., 2020b; Spinelli & Pellino, 2020) and medical edu-
cation (Hall et  al., 2020). (5) Lockdown: As one of the strictest restrictions, lockdown 
measures were frequently explored for their associations with mental health issues in the 
general public and medical staff (Wang et al., 2020a; Williams et al., 2020), (6) Vaccina-
tion: Apart from one branch highlighting the basic biomedical studies for vaccine develop-
ment (Polack et  al., 2020; Xia et  al., 2020), the other two branches respectively address 
attention to vaccination in healthcare workers (Bergwerk et al., 2021) and the vaccination 
hesitancy issue (Dai et al., 2021; Machingaidze & Wiysonge, 2021).

7  The entire HTT can be found at https://​github.​com/​Intel​ligen​tBibl​iomet​rics/​Covid_​knowl​edge/​blob/​main/​
HTT_​overa​ll.​svg.

https://github.com/IntelligentBibliometrics/Covid_knowledge/blob/main/HTT_overall.svg
https://github.com/IntelligentBibliometrics/Covid_knowledge/blob/main/HTT_overall.svg
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Knowledge model search results: the case of ‘vaccination’

This section demonstrates the utility of our knowledge model approach in retrieving latent 
historical knowledge from the entire PubMed database, using the most prominent PCD 
research topic, Vaccination, as an example. Subsequently, we extracted 15,967 papers 
related to this PCD 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. The details of this knowledge model are given in Table 3.

Using this knowledge model, we expect to uncover the latent biomedical knowledge 
relevant to this topic that can inspire future vaccine development and management studies. 
Running the model against the entire PubMed dataset requires setting a cosine similar-
ity retrieving threshold � for the retrieval process. To decide this threshold, we ran a pilot 
test against a randomly sampled dataset of 341,713 records. Figure 11 gives the retrieved 
result counts when � varies. To ensure that we could get adequate search results and avoid 

Table 3   The knowledge model of topic Vaccination 

Top Bottom

Stem TF-IDF 
(avg.)

Stem TF-IDF 
(avg.)

Stem TF-IDF 
(avg.)

Stem TF-IDF 
(avg.)

Vaccin 0.0711 bnt162b2 0.0054 synchronis 4.13E−07 e31del 4.82E−07
Antibodi 0.0289 Case 0.0054 Africain 4.26E−07 f888l 4.82E−07
Immun 0.0138 Protect 0.0053 d253g 4.38E−07 formerlygr 4.82E−07
Neutral 0.0121 Individu 0.0053 q954h 4.38E−07 h69del 4.82E−07
Dose 0.0101 Diseas 0.0052 s373p 4.38E−07 havevaccin 4.82E−07
Variant 0.0097 Popul 0.0051 s375f 4.38E−07 k848 4.82E−07
Infect 0.0093 Coronaviru 0.005 y505h 4.38E−07 l212i 4.82E−07
Respons 0.0091 Antigen 0.0049 voor 4.44E−07 n211del 4.82E−07
Cell 0.009 Efficaci 0.0049 andb 4.54E−07 n417 4.82E−07
Mrna 0.0089 Titer 0.0048 d796y 4.54E−07 n969k 4.82E−07
Spike 0.0087 Receiv 0.0047 f157l 4.54E−07 namelyep-

silon
4.82E−07

Protein 0.0082 Report 0.0047 l981f 4.54E−07 q1071h 4.82E−07
Test 0.0076 Posit 0.0047 r190 4.54E−07 q19e 4.82E−07
Patient 0.0075 Serolog 0.0047 severityof 4.54E−07 r32del 4.82E−07
Anti 0.0074 Epitop 0.0047 t1027i 4.54E−07 s33del 4.82E−07
Develop 0.0069 Human 0.0046 thebeta 4.54E−07 s929i 4.82E−07
Hesit 0.0065 Syndrom 0.0046 v70del 4.54E−07 Spathogen 4.82E−07
Assai 0.0064 Clinic 0.0045 variantwa 4.54E−07 Tegallyet 4.82E−07
Viru 0.0062 Respiratori 0.0045 1092k 4.82E−07 Theb 4.82E−07
Bind 0.0059 Trial 0.0044 156del 4.82E−07 Thebind 4.82E−07
Effect 0.0057 Influenza 0.0044 157del 4.82E−07 Thedelta 4.82E−07
Viral 0.0057 Mutat 0.0044 2020in 4.82E−07 Theepsilon 4.82E−07
Sever 0.0056 Receptor 0.0043 351also 4.82E−07 Thefus 4.82E−07
Detect 0.0055 Base 0.0043 7variantwa 4.82E−07 Theheptad 4.82E−07
Specif 0.0055 Group 0.0043 a63t 4.82E−07 Thep 4.82E−07
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the overwhelming number of irrelevant records, we set � as 0.25 as indicated by the elbow 
shape illustrated in Fig. 11.

Following this, we ran the knowledge model-based document retrieval over the entire 
PubMed database. We removed records containing the /vaccin/ stem because we aimed 
at the latent knowledge foundation of this topic that a Boolean search cannot find. With 
the � and stem removal settings, we finished the search process and retrieved 92,286 
historical records out of the COVID-19 dataset.8 The following section demonstrates how 
to deconstruct the knowledge conveyed by the retrieved results and exhibit the knowledge 
structures.

Knowledge structure visualization

The retrieved results returned 92,286 results with affiliated PubMed IDs, titles and 
abstracts. In Section “Research landscape of COVID-19”, we exploited NLP techniques 
to capture emerging new concepts and terms that characterize emerging knowledge, with 
a certain volume of expert knowledge and manual consolidation involved. This step was 
time-consuming but necessary as the rapidly growing COVID-19 literature is constantly 
generating disruptive concepts and findings hidden in plain text. However, the knowledge 
system conveyed by the historical records is relatively stable compared with the explosive 
COVID-19 data. Hence, we can leverage existing large-scale and well-recognized topic 
extraction results to characterize the established knowledge.

Open Academic Graph (OAG)9 is an outstanding resource to use. OAG originates from 
Microsoft academic graph (MAG) and currently covers more than 240 million publica-
tions. It provides the field of study (FoS) information for each collected record, essentially 
constituted by Wikipedia entities assigned to scholarly papers via a Naïve Bayes-based tag-
ging process (Shen et al., 2018). Compared with scientific terms extracted from titles and 
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Fig. 11   The parameter sensitivity analysis of cosine similarity � on the number of retrieved records

8  The full list of retrieved paper is at https://​github.​com/​Intel​ligen​tBibl​iomet​rics/​Covid_​knowl​edge/​blob/​
main/​retri​eved_​papers.​xlsx.
9  https://​www.​aminer.​cn/​oag-2-1.

https://github.com/IntelligentBibliometrics/Covid_knowledge/blob/main/retrieved_papers.xlsx
https://github.com/IntelligentBibliometrics/Covid_knowledge/blob/main/retrieved_papers.xlsx
https://www.aminer.cn/oag-2-1


	 Scientometrics

1 3

Table 4   The characteristics of 
the FoS network

Number Weight

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
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Fig. 12   Results of sensitivity analysis of density threshold � on ‘vaccination’ HTT topic coherence

Fig. 13   The hierarchical knowledge landscape of retrieved results
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abstracts in Section “Research landscape of COVID-19”, the FoS system adopts Wikipedia 
entity entries as the topics, which are more structured and provide detailed descriptions for 
topics.

To retrieve the FoS information from OAG, we first downloaded the entire OAG data 
and parsed all the external URLs to extract the PubMed ID of papers. We further mapped 
the 92,286 records to OAG records via PubMed ID cross reference and retrieved 89,951 
records with the FoS information. To efficiently understand and visualize the knowledge in 
the search results, we constructed the FoS co-occurrence network of the 89,951 records and 
ran our HTT algorithm over it. The detail of the constructed network is given in Table 4. 
The relevant parameter sensitivity analysis result is given in Fig. 12, we still adopted 0.95 
as � in this experiment as it exhibited the highest topic coherence.

We trimmed this HTT to retain the main body of knowledge. This is presented 
inFig.  13,10 yielding a hierarchical overview of the knowledge conveyed by search 
results. Immunology is the root topic of this HTT, which highlights the fact that vacci-
nation research system is constructed on the base of immunology knowledge. The other 
highlighted topics are primarily either presented as discipline-level topics (green font) or 
entity-level topics (red font). By comparing the historical records (regarded as the knowl-
edge foundation) with the latest research evidence, we drew the following insights on four 
significant topics: Monoclonal antibodies, Antigenic drift, Diabetes, and Allergic sensitiza-
tion. In the next section, we will detail the evidence to validate our findings empirically.

Empirical validation

Given that our three methods have been separately validated in pilot studies (Cassidy, 2020; 
Watts et al., 1999; Wu & Zhang, 2021) and the nascent nature of COVID-19 research, we 
validated our empirical results with literature-based evidence and dived into the historical 
papers and the newest COVID-19 research articles related to the four topics. The findings 
we found from the papers, which encompass the knowledge connections, are presented as 
follows:

•	 Monoclonal antibodies This topic is located in the branch of molecular biology—bio-
chemistry. Upon further investigation, we can trace many historical studies on develop-
ing monoclonal antibodies as a treatment for existing human and animal coronaviruses, 
including severe acute respiratory syndrome (SARS) coronavirus (Traggiai et al., 2004; 
Zhu et  al., 2007) and bovine coronaviruses (Deregt & Babiuk, 1987; Mockett et  al., 
1984). These historical studies provide instructive research clues for developing novel 
monoclonal antibody treatments for COVID-19. With the recent approval of multiple 
monoclonal antibody treatments for COVID-19, it is expected that further research will 
be conducted to optimize the production and extraction processes of these treatments 
(Taylor et al., 2021).

•	 Antigenic drift This topic is situated within the virus branch, describing a natural phe-
nomenon of antigen genetic mutations that also happens in the SARS-CoV-2 virus 
(Yuan et al., 2021). Historical studies of influenza viruses (Pica et al., 2012; Yu et al., 
2008) and other possibly related viruses (Coulson et  al., 1985) can provide valuable 
insights into the impacts of antigenic drift on vaccination implementations. The effec-

10  The entire HTT can be found at https://​github.​com/​Intel​ligen​tBibl​iomet​rics/​Covid_​knowl​edge/​blob/​
main/​Vacc_​all.​svg.

https://github.com/IntelligentBibliometrics/Covid_knowledge/blob/main/Vacc_all.svg
https://github.com/IntelligentBibliometrics/Covid_knowledge/blob/main/Vacc_all.svg


	 Scientometrics

1 3

tiveness and immune durability of current vaccines for various SARS-CoV-2 variants 
(including currently concerning Omicron) may need deeper exploration (Cameroni 
et al., 2022; Koyama et al., 2020).

•	 Diabetes Located in the endocrinology branch, this topic encompass historical papers 
that have shed light on the autoimmune-mediated beta-cell damage mechanisms 
(Van Belle et al., 2011), significant autoantigens (Wenzlau et al., 2007), and different 
subtypes of type 1 diabetes (Imagawa et  al., 2000; Stenstrom et  al., 2005). Recent 
studies have indicated a correlation between two types of diabetes and the higher 
odds of COVID-19 hospital deaths (Barron et  al., 2020; Holman et  al., 2020), as 
well as the potential for SARS-CoV-2 infection to have negative effects on beta-cells 
(Apicella et al., 2020; Bornstein et al., 2020; Lim et al., 2021; Marchand et al., 2020). 
Consequently, vaccination in diabetic patients has become a trending topic among 
vaccination studies. On the one hand, many researchers have called for prioritizing 
vaccination in diabetic patients as they are more vulnerable to COVID-19 (Pal et al., 
2021; Powers et  al., 2021). On the other hand, associating the knowledge from our 
search results with Covid vaccinations (especially for Type 1 diabetes) is worth deeper 
exploration because the current evidence is still limited (Boddu et al., 2020; Marchand 
et al., 2020).

•	 Allergic sensitization Historical studies related to this topic comprehensively discuss 
the reactivity of immunoglobulin E in allergic reactions (Aalberse et al., 2001; Eiben-
steiner et al., 2000; Jenmalm et al., 2001), which can provide instructive insights on the 
potential occurrence of allergic sensitization related to COVID-19 vaccination (Caba-
nillas et al., 2020; Kounis et al., 2021).

Discussion

The COVID-19 pandemic has brought about a global public health pandemic and an over-
whelming deluge of research knowledge. Aiming to efficiently discover and harness the 
knowledge contained in the massive body of COVID-19 scientific studies, we devised a 
research framework that (1) profiles the COVID-19 knowledge landscape and research top-
ics at both flat and hierarchical levels; (2) retrieves the latent knowledge foundation related 
to specific topics; and (3) visualizes the retrieved knowledge to support knowledge under-
standing and discovery. Further, we developed a dashboard to enable academic research-
ers and the general public to access rapidly emerging COVID-19 literature intelligence. It 
is anticipated that the proposed research methodology, the developed dashboard, and our 
key findings will aid (a) scientific researchers in promptly assimilating new knowledge and 
navigating their future study directions, and (b) research policy-makers in making informed 
decisions about priorities and research funding allocations.

Key findings

Q1: What are the key topics of the emerging COVID‑19 knowledge system?

The flat and hierarchical COVID-19 research landscapes were profiled using PCD and 
HTT analysis. The PCD results highlight 35 research hotspots and multiple research 
emphases across different stages of the COVID-19 pandemic. The dynamic trends in PCD 
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topic rankings indicate that early COVID-19 studies focused on uncovering the clinical and 
epidemiology characteristics of COVID-19, while subsequent studies have shed more light 
on the societal impacts of the pandemic. Intriguingly, the shift of PCD topic vaccination 
papers reflects two waves of vaccination studies—the first appearing at the start of the 
COVID-19 outbreak and the second after the rollout of multiple available vaccines. The 
HTT results consistently reveal clinical and public health studies as two major research 
branches in this domain. Complementarily, the HTT results provide more detailed insights 
into (1) the clinically investigated factors associated with COVID-19 mortality/severity and 
effective treatments; and (2) six segmented public health concerns: government, prevention, 
SARS-CoV-2 transmission, crisis, lockdown, and vaccination. The complementary results 
of PCD and HTT analysis in terms of topic presentation and their correspondence further 
reinforce the validity of the presented topics.

Q2: How can we retrieve latent established knowledge for specific COVID‑19 topics?

In this study, a text analytics-based knowledge model was developed to uncover the latent 
knowledge foundation of topic-specific COVID-19 research. We demonstrated the practical 
utility of this approach using the topic of vaccination in Section “Knowledge model search 
results: the case of ‘vaccination’”. Using the constructed knowledge model, we conducted 
a global search of the entire PubMed database and retrieved 92,286 papers that hold high 
semantic similarities with records on this topic at the document level. Those papers con-
stitute the latent historical knowledge background and can serve as a guide and source of 
inspiration for future research efforts.

Q3: How do we understand and utilize the retrieved knowledge?

The HTT analysis was applied to the search results from the knowledge model to reveal the 
hierarchies of topics. At the top levels of the HTT, we identified multiple notable medical 
disciplines, including immunology, molecular biology, virology, and so on. In addition to 
these disciplines, we uncovered four directions worthy of more attention in future vaccina-
tion-related studies. These are (1) monoclonal antibody treatments, (2) vaccination priority 
and immune responses in diabetic patients, (3) the effectiveness and durability of vaccines 
on various SARS-CoV-2 mutations, and (4) vaccination allergies.

Technical implications

This paper makes three contributions worth highlighting in terms of research methodology. 
Initially, the incorporation of PCD topic analysis and knowledge model search provides 
an effective topic-based approach for knowledge retrieval. This approach first clusters 
research documents into research topics and then searches the entire PubMed dataset 
for the latent foundational knowledge on the target topic, resulting in a more narrowed, 
focused, and accurate search scope in knowledge retrieval. Additionally, our HTT presents 
an approach for researchers to visualize and understand thousands of papers efficiently. By 
highlighting the topologically significant terms in the co-occurrence network, the HTT can 
help researchers quickly clarify complex knowledge structures and identify relevant topics 
of interest. Last but not least, our research framework provides a paradigm for research 
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landscape profiling and knowledge retrieval, which is adaptable to various cases and can be 
easily transferred with little cost.

From the practical standpoint, this paper profiles the knowledge landscape of COVID-
19 studies both in flat (PCD) and hierarchical (HTT) manners, yielding hotspots for 
researchers to follow. Furthermore, the insights generated in Section  “Knowledge 
structure visualization” identify four intriguing vaccination-related research directions. 
Such insights can (1) inspire medical researchers to conduct future studies with the latent 
knowledge foundation; and (2) assist scientific policymakers in making informed decisions 
about research funding allocations. Furthermore, the accompanying COVID-19 dashboard 
gives academic researchers and the general public handy and quick access to follow the 
key players (individuals, institutions and countries) and the latest research landscape bird 
views.

Limitations and future directions

This study does come with limitations. Methodologically, even though the three approaches 
exploited in this study are separately developed and validated in our pilot studies (Cassidy, 
2020; Watts et al., 1999; Wu & Zhang, 2021), the use of the knowledge model and HTT 
approaches is subject to limitations arising from parameter configurations. In this paper, we 
exploited empirical experience and parameter sensitivity analyses to decide the number of 
terms selected, the cosine similarity and density thresholds, however, developing an auto-
matic data-driven parameter fine-tuning process or refining the methods as parameter-free 
is the direction we are heading. Utilizing static or dynamic word embeddings from large-
scale language models is also a promising alternative to TF-IDF-based models to improve 
retrieving accuracy in future. From the practical standpoint, we profiled the knowledge 
landscape of COVID-19 and identified the latent knowledge foundation of the vaccination 
topic, it would be more valuable to validate these findings through clinical trials and expert 
consultations to compare with the existing literature-based evidence.
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