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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 has surged, researchers have been 

disadvantaged by not having access to a platform that can quickly synthesize rapidly emerging information and link 

the expertise it contains to established knowledge foundations. Aiming to fill this gap, in this paper we propose a 

research framework that can assist scientists in identifying, retrieving, and understanding Covid-19 knowledge from 

the ocean of scholarly articles. Incorporating Principal Component Decomposition (PDC), a knowledge model based 

on text analytics, and hierarchical topic tree analysis, the proposed framework profiles the research landscape, retrieves 

topic-specific knowledge and visualizes knowledge structures. Addressing 127,971 Covid-19 research papers from 

PubMed, our PCD topic analysis identifies 35 research hotspots, along with their correlations and trends. The 

hierarchical topic tree analysis further segments the knowledge landscape of the whole dataset into clinical and public 

health branches at a macro level. To supplement this analysis, we also built a knowledge model from research papers 

on vaccinations and fetched 92,286 pre-Covid publications as the established knowledge foundation for reference. 

The hierarchical topic tree analysis results on the retrieved papers show multiple relevant biomedical disciplines and 

four future research topics: monoclonal antibody treatments, vaccinations in diabetic patients, vaccine immunity 

effectiveness and durability, and vaccination-related allergic sensitization. 
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1. Introduction 

Since the Covid-19 outbreak in 2020, scientists around the globe have published more than 200,000 research papers 

on the nature of this virus and ways to help mitigate its negative impacts. While beneficial, the sheer volume of 

information published has caused an information crisis (Chahrour et al., 2020; Xie et al., 2020). Apart from the 

problem of misinformation and rumors, the overwhelming influx of research papers has resulted in severe information 

overload, challenging scientists, healthcare professionals, and the general public to 1) keep up with the rapid 

accumulation of new knowledge; 2) accurately and comprehensively obtain knowledge on specific topics; and 3) 

understand the new knowledge emerging (Hossain, 2020; Wise et al., 2020; Yu et al., 2021). Although several open 

literature datasets and search tools are available online (Trewartha et al., 2020; Zhang et al., 2020a), a comprehensive 

framework incorporating effective analytical tools is still missing to help scientists meet these challenges. What is 

needed 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 knowledge system? 

• Question 2 (Q2): How can we retrieve established knowledge for specific Covid-19 research 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). A common 

approach 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 Covid literature. Such studies have helped to track newly emerging knowledge 

but have often overlooked the relationships between new evidence and previously established coronavirus knowledge. 

For example, what are the similarities and differences between the diagnosing criteria, treatments, and social responses 

for SARS and SARS-CoV-2? In such cases, established knowledge can be a significant means of discovering and 

synthesizing new knowledge (Haghani & Bliemer, 2020; Haghani & Varamini, 2021; Hu et al., 2021; Petrosillo et al., 

2020). In addition, current literature-based discovery studies are conducted on macro levels and do not focus on 

specific knowledge domains to discover targeted knowledge for people pursuing different interests (Wise et al., 2020; 

Yu et al., 2021). For example, the interests of virologists and pathologists lie in tracing the spike protein mutations of 

SARS-CoV-2 (Pairo-Castineira et al., 2021; Starr et al., 2021), while clinical doctors are eager to follow the latest 

progress in diagnosis and treatment (Felsenstein et al., 2020; Merrill et al., 2020). For this reason, combining topic 

analysis and literature-based discovery approaches is a promising way to fill these two gaps. Further, few of the 

available Covid-19 knowledge search tools provide visualizations or other efficient ways to assist users in 

understanding the retrieved results (Trewartha et al., 2020; Zhang et al., 2020a). A concise and appropriate 

visualization could save a huge amount of time in finding the right papers to follow or in narrowing down their search 

scope. Aiming to fill these research gaps, we developed a research framework that provides a systematic solution to 

answering the three cited research questions. 

Q1 is answered via a strategy that involves two topic extraction methods, Principal Component Decomposition (PCD) 

(Watts & Porter, 1999; Watts et al., 1999) and hierarchical topic tree (HTT) analysis (Wu & Zhang, 2021). This 

approach identifies research topics from research papers and yields a bird’s eye view of Covid-19’s knowledge system. 

Compared to other topic extraction approaches like K-means text clustering (Wartena & Brussee, 2008) or topic 

modeling (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 connections between topics. The two topic profiling approaches complement each 

other in generating both macro-level knowledge overviews and meso-level knowledge hierarchies. With the Covid-

19 topics identified, we further developed a document retrieval approach based on a knowledge model that supports 

topic-specific document retrieval. The approach parses the entire PubMed database and links each identified topic 

with semantically similar pre-Covid literature in PubMed. In this way, new knowledge is linked to foundational 

knowledge. Q2 is answered by combining the topic analysis with the results of the knowledge model. Targeting Q3, 

the focus is on hierarchy, a specific dimension of knowledge composition, where the hierarchical structures of a topic’s 



knowledge body are 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 what we called “intelligent bibliometrics” (Zhang et al., 2020b), targeting 

problems in science, technology, and innovation (ST&I) studies and highlighting the development of computational 

models incorporating artificial intelligence and data science techniques 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. 

To conduct our case study, we collected the abstracts of 127,971 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 

emphasis on different topics changed over different periods. In the beginning, the focus was on the epidemiological 

and clinical characteristics of the virus. However, over time the emphasis changed to the impacts of Covid-19 on 

different societies. The HTT results divided the explored knowledge into a clinical branch and a public health branch. 

The clinical branch focuses on discovering Covid-19-associated clinical factors and treatments. The public health 

branch addresses six particular 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 foundations of this topic, resulting in 92,286 retrieved papers. Lastly, we used HTT to visualize 

the knowledge structures of the retrieved results. The HTT results highlighted multiple vaccination-related 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 empirically evaluated 

the results by matching evidence identified from the literature and identified 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-related R&D and strategic management for funding agencies, individual researchers, and institutions. 

2. Literature review 

2.1. Covid-19 topic analysis 

Topic analysis has been applied in substantial bibliometric studies to facilitate 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, including 

topic identification (Small et al., 2014), tracking (Zhang et al., 2017), and visualization (Huang et al., 2014). Along 

with the rapid accumulation of Covid-19 studies, bibliometricians have started analyzing relevant literature to follow 

the latest research progress. However, Covid-19 stands out as a unique task because the unprecedented amount of 

emerging knowledge it brings is not only closely related to the established knowledge foundation but also rapidly 

reshaping a new knowledge structure. Hence, identifying the links between ‘new’ and ‘old’ knowledge becomes a 

significant task in Covid-19 knowledge profiling and retrieval. Early-stage bibliometric analysis presents descriptive 

analyses of country-level research productivity (Chahrour et al., 2020), supporting sources (Nasab & Rahim, 2020), 

collaborating dynamics (Cai et al., 2021; Fry et al., 2020), and citing patterns (Hossain, 2020; Kousha & Thelwall, 

2020). Apart from these efforts to measure 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 and clinical and policy decisions (Hristovski et al., 2005; Swanson, 1986; Wu et al., 2021c). Following the 

literature-based discovery stream, Pourhatami et al. (2021) use co-word analysis to identify past coronavirus-related 

topics, pointing out promising research gaps in antibody-virus interactions, emerging infectious diseases, and 

coronavirus detection methods. Yu et al. (2021) apply entity metrics on an entity network extracted from the literature, 

highlighting 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), through network analysis on biomedical entities extracted 

from Covid-19 literature, with more significant biomarkers, drugs, and complications identified. Ebadi et al. (2021) 

applied machine learning approaches to different Covid 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 that inspire deeper explorations in the future. 

2.2. Covid-19 knowledge retrieval 

As mentioned, the Covid-19 pandemic has induced a serious information crisis (Xie et al., 2020). The influx of 

research papers has resulted in serious information overload and is stopping users from efficiently retrieving 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 help scholars and the general 

public find relevant knowledge efficiently. For example, the global literature on coronavirus disease1 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 general information, 

mechanism, transmission, diagnosis, treatment, prevention, case report, and epidemic forecasting. However, despite 

having topic retrieving features, the WHO dataset and LitCovid only focus on post-2020 publications 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 coronaviruses, 

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 popular 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, Covid-Scholar (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 engine2 from Amazon and the Azure 

CORD-193 search from Microsoft. However, a common drawback of those search tools is that the search results are 

presented in a long article list format, which is extremely inefficient in conveying a global understanding of the 

knowledge delivered by all the articles.  

3. Data and methods 

The research framework is illustrated in Figure 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. 

Following this, a topic-specific knowledge model and semantic-based search compose the second trajectory, providing 

a document retrieval approach for 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. 

 
1 https://search.bvsalud.org/global-literature-on-novel-coronavirus-2019-ncov/ 
2 https://aws.amazon.com/marketplace/pp/prodview-ybwpxcqlznbas 
3 https://docs.microsoft.com/en-us/azure/open-datasets/dataset-covid-19-open-research 



 

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

3.1. 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 to 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 analysis (e.g., MeSH 

Descriptors and Qualifiers). Lags in assignment of MeSH categories reduces their utility in the wildly accelerating 

COVID-19 research literature. The search process returned 127,971 relevant research papers from 1 Jan 2020 – 1 Jan 

2022 as of early March 20224. We further applied the natural language processing function of VantagePoint5 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 (Zhang et al., 2014). The term clumping process and stepwise 

results are given in Table 1. 

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 

 

3.2. Principal component decomposition (PCD) 

PCD is essentially a robust and reproducible variant of principal components analysis (PCA) that groups scientific 

documents according to their textual features (Watts & Porter, 1999; Watts et al., 1999). Compared to the original 

 
4 We continue to update our Covid-19 PubMed research profile at: https://searchtechnology.github.io/VPDashboard/VantagePoint/Dashboard/1 
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.thevantagepoint.com. 



PCA, PCD automatically decides the number of factors (derived PCA groupings) by minimizing the entropy and 

maximizing the cohesiveness of the derived factor groups. In our case, we exploited processed terms extracted from 

the 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 topics.  

3.3. Knowledge model-based document retrieval 

The aim of knowledge model-based document retrieval is to retrieve scientific documents that have high semantic 

similarities with a given collection of textual data. Initially, we constructed a knowledge model containing a subset of 

relevant papers and their corresponding topic terms with the top and bottom 50 terms with the highest and lowest 

average term frequency-inverse document frequency (TF-IDF) constituting the feature vector of this set. We then used 

the knowledge model to search for related documents across all records in the PubMed database prior to 2020. At the 

time of retrieval, this amounted to over 30 million research papers. Lastly, the search results were ranked according 

to semantic similarity and the annual citation count. This formed the final output. The stepwise implementation is 

listed as follows: 

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

Step 2: Extract stems of all scientific terms in 𝐷𝑇  and calculate the TF-IDF value for each stem using the following 

formula (Salton & Buckley, 1988): 

𝜏(𝑡) =
𝑓𝑡,𝐷𝑇

∑ 𝑓𝑡′,𝐷𝑇𝑡′∈𝐷𝑇

log⁡(
|𝐷|

|𝑡 ∈ 𝐷|
) 

where 𝑡 denotes the stem of a scientific term and 𝜏(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. 

𝑉𝑇⃗⃗⃗⃗ = [𝜏(𝑡↓1), 𝜏(𝑡↓2), … , 𝜏(𝑡↓50), 𝜏(𝑡↑1), 𝜏(𝑡↑2), … 𝜏(𝑡↑50)] 

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. 

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 𝑉𝑑⃗⃗⃗⃗ . 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 𝑉𝑇⃗⃗⃗⃗  and every 𝑉𝑑⃗⃗⃗⃗ ; the records with similarity above 

a threshold 𝜀 are returned as a first pass, denoted as 𝐷𝑇𝑅. 

𝐶𝑜𝑠𝑖𝑛𝑒(𝑉𝑇⃗⃗⃗⃗ , 𝑉𝑑⃗⃗⃗⃗ ) =
𝑉𝑇⃗⃗⃗⃗ ∙ 𝑉𝑑⃗⃗⃗⃗ 

|𝑉𝑇⃗⃗⃗⃗ ||𝑉𝑑⃗⃗⃗⃗ |
 

Step 6: Remove documents in 𝐷𝑇𝑅 that contain any of the terms in the PCD factor label of 𝑇. 

Step 7: Rank the remaining publications in 𝐷𝑇𝑅 by the harmonic mean of cosine similarity and number of citations 

per year since publication, scaled between 0 and 1. 

3.4. Hierarchical topic tree (HTT) 

Hierarchical topic tree analysis (Wu & Zhang, 2021) is a network-based method that identifies research topics from 

scientific documents in a hierarchical way. From a co-term network as input, this method identifies term nodes with 

1) notably high density; and 2) relatively far distance to other high-density nodes as community centers. Then each 



non-central node is assigned to its proximate community center to compose node communities (research topics). The 

subgraphs of the partitioned communities will serve as the next round of input for this process until no can community 

centers be found in the input graph. The community results of each iteration constitute a topic layer of the topic tree, 

with the community center denoting leaf labels. The finalized output is a hierarchically 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.  

𝐺 = (𝑉, 𝐸) 

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

𝑤𝐸𝑖𝑗⁡(𝑖≠𝑗) = {⁡
𝐶𝐹(𝑉𝑖 , 𝑉𝑗)⁡⁡⁡⁡⁡𝑖𝑓⁡𝑉𝑖 ⁡𝑎𝑛𝑑⁡𝑉𝑗 ⁡𝑐𝑜 − 𝑜𝑐𝑐𝑢𝑟⁡𝑖𝑛⁡𝑎𝑡⁡𝑙𝑒𝑎𝑠𝑡⁡𝑜𝑛𝑒⁡𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡

0⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡
 

where 𝑤𝐸𝑖𝑗⁡(𝑖≠𝑗)  is the edge weight of the edge connecting nodes 𝑉𝑖  and 𝑉𝑗 , 𝐶𝐹(𝑉𝑖 , 𝑉𝑗) represents 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 scalability of our algorithm on this network, we used 

neighborhood density as a proxy for the density measures of each node.  

𝜌𝑉𝑖 = exp(−
1

Γ(𝑉𝑖)
∑

1

𝑤𝐸𝑖𝑗⁡
2

𝑉𝑗∈Γ(𝑉𝑖)

) 

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

𝛿𝑉𝑖 =

{
 
 

 
 max

𝑉𝑗∈Γ(𝑉𝑖)
(
1

𝑤𝑉𝑖𝑉𝑗
) ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑖𝑓⁡𝜌𝑉𝑖 = max

𝑉𝑗∈Γ(𝑉𝑖)
(𝜌𝑉𝑗)⁡

min
𝑉𝑗⁡𝜖⁡𝑉𝜌𝑉𝑗

>𝜌𝑉𝑖

(
1

𝑤𝑉𝑖𝑉𝑗
) ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡

⁡ 

where 𝛿𝑉𝑖 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. 

𝜌𝑣∈𝑉𝑐 > 𝜀 max
𝑉𝑖∈Γ(𝑣)

𝜌𝑉𝑖  

where 𝜀 is the density threshold that decides the significance of a topic. This was set to 0.95 by default. 

Step 4: Iterate Step 3 with the partitioned communities until no centroid node 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: 

𝛿𝑉𝑐 >
1

𝑤𝑉𝑟𝑉𝑐
 

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 communities emerges. Communities 

(subgraphs) partitioned on different levels constitute different layers of topics. The label of the centroid node is used 

as the label for a community in the HTT visualizations. 

4. Results 

4.1. Data overview 



Trends in Covid-19 publications can help us glimpse the response patterns of the scientific community given 

catastrophic events. To capture such trends, we first applied a descriptive bibliographic analysis to profile the external 

characteristics of Covid-19 studies regarding the monthly growth, institution ranking, and geographical distribution. 

Figure 2 illustrates the basic monthly numbers of Covid-19 research papers. Early in 2020, these numbers were rapidly 

increasing, 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. 

 

Figure 2. Monthly increasing trend of Covid-19 research papers 

Figures 3 and 4 respectively profile the global distribution and ranking changes of Covid-19 research papers among 

worldwide countries/regions. Figure 5 lists the top 20 productive institutions. In terms of the absolute number of 

papers published at the national level in Figure 3, the United States and China unsurprisingly hold leading positions, 

followed by Italy, India, Germany, Canada, etc. From a retrospective view, the ranking changes in Figure 4 intuitively 

indicate the association between productivity and local epidemic severity (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 numbers of clinical cases. However, the US soon overtook China and has held the first position 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, 2020). Italy maintained third place for a long time from March 2020 as it 

became the European 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, we found that, compared to the earlier China-led trends in Covid-19 research (Fry et 

al., 2020), the momentum for US institutions to lead in this domain has continued to grow (Wu et al., 2021b). This 

indicates that even though China has published a substantial volume of papers, individual Chinese universities and 
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research institutions have not demonstrated equal strength in competition with their global counterparts, particularly 

those from the States. 

 

Figure 3. The geographical distribution of Covid-19 papers 

 

Figure 4. The ranking changes of countries 



 

Figure 5. Top 20 prolific research institutions 

4.2. Research landscape of Covid-19 

Feeding the extracted topic terms into the PCD analysis, we distilled 35 research topics6. Further,  we plotted a topic 

correlation map in Figure 6, with each bubble representing a PCD research topic and the size denoting its associated 

paper count, and the links denoting a cosine correlation above 0.5 (Salton & McGill, 1986). The correlation map of 

the 35 topics highlights a core topic cluster in the middle, representing a set of clinical manifestations and 

hospitalization factors of Covid-19. The other scattered topics cover a broad range, including public health, education, 

economics, etc. More details are provided on those topics in the following analysis. 

 
6 The terms contained in each topic are available at 

https://github.com/IntelligentBibliometrics/Covid_knowledge/blob/main/Topic_terms.xlsx 
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Figure 6. The distribution and cross-correlation of PCD topics 

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 maintain the top, while other topics show 

significant fluctuating trends. 



 

Figure 7. Monthly increasing trend of PCD topics  

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 epidemiological investigations were urgently needed to improve 

Covid treatments and control its transmission (Huang et al., 2020; Li et al., 2020b; Lu et al., 2020; Wang et al., 2020b). 

In such investigations and following clinical trials, the gender difference is an essential analyzing factor as indicated 

by the continuing ranking rise of PCD topics 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 environment (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 pandemic progressed, rankings of the topics Death and ICU 

decreased relatively steadily. 

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 mainly focus on 

reviewing past coronavirus vaccines, calling for rapid vaccine development procedures, and proposing possible 

vaccine development approaches (Ahmed et al., 2020; Ahn et al., 2020; Pang et al., 2020; Prompetchara et al., 2020). 

With the advent 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 historical knowledge of vaccination studies in the next 

section. 

The PCD results yield a flat view of the Covid-19 research landscape. To dive further into the hierarchy of Covid-19 

knowledge and obtain more details about research topics, we ran the HTT algorithm and constructed a co-term network 

using terms with a frequency of above 10. The characteristics of our input network are given in Table 2. The generated 



HTT map is shown in Figure 8, with the tree trimmed to only show nontrivial branches7. The node size indicates the 

prevalence of the topic, and the edge thickness denotes the co-occurring strength of the two connected topics. 

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 3,618 1 1.568 6.246 

Average degree 450.980 

 

Figure 8. The hierarchical knowledge landscape of Covid-19 literature 

 
7 The entire HTT can be found at https://github.com/IntelligentBibliometrics/Covid_knowledge/blob/main/HTT_overall.svg 



The hierarchical topic tree shows more detail on every individual topic. The HTT map covers most PCD topics and 

arranges them hierarchically according to their topological importance in the co-occurrence network. This empirical 

evidence, discovered through PCD and HTT, coincides 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 this hierarchy and represent the two major 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 Figure 8, 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 ventilation, 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 branch discusses the role 

of government in fighting Covid-19. One of its subordinate branches points to policymakers, and, within this, handling 

inequalities in different 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 information 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 substantial 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 

education (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) Vaccination: Apart from one branch highlight the basic biomedical studies for vaccine 

development (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). 

4.3. Knowledge model search results:  The case of ‘Vaccination’ 

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

entire PubMed database, using the most prominent PCD research topic, Vaccination, as an example. We extracted 

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. The details of this knowledge model are 

given in Table 3. 

  



Table 3. The knowledge model of topic Vaccination 
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Further, we ran the knowledge model-based document retrieval over the entire PubMed database and retrieved 92,286 

historical records out of the Covid dataset8. We removed records containing the /vaccin/ stem and empirically set the 

 
8 The full list of retrieved paper is at https://github.com/IntelligentBibliometrics/Covid_knowledge/blob/main/retrieved_papers.xlsx 



cosine similarity retrieving threshold to 0.25. The next section demonstrates how to deconstruct the retrieved results 

and mine the knowledge structures.   

4.4. Knowledge structure visualization 

We further mapped the 92,286 records to Open Academic Graph (OAG)9 and retrieved 89,951 records with the field 

of study (FoS) information. The FoS is essentially constituted by Wikipedia entities being assigned to scholarly papers 

via a Naïve Bayes-based tagging process (Shen et al., 2018). OAG originates from Microsoft academic graph (MAG) 

and currently covers more than 240 million publications. Compared to scientific terms extracted from titles and 

abstracts in Section 4.2, the FoS system adopts Wikipedia entity entries as the topics of each paper, which we consider 

more suitable for representing established knowledge foundations. 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. 

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 

We trimmed this HTT to retain the main body of knowledge. This is presented in Figure 910, yielding a hierarchical 

overview of the search results. Immunology is the root topic of this HTT, indicating that vaccination studies are mostly 

constructed based on immunology knowledge. The presented topics are primarily highlighted as discipline-level topics 

(green font) and entity-level topics (red font). By comparing and contrasting the historical records (regarded as the 

knowledge foundations) with the latest research evidence, we drew the following insights on four significant topics: 

Monoclonal antibodies, Antigenic drift, Diabetes, Allergic sensitization. In the next section, we will detail the 

evidence to validate our findings empirically.  

 
9 https://www.aminer.cn/oag-2-1 
10 The entire HTT can be found at https://github.com/IntelligentBibliometrics/Covid_knowledge/blob/main/Vacc_all.svg 



 

Figure 9. The hierarchical knowledge landscape of retrieved results 

4.5. Empirical validation 

Given that our three methods have been separately validated in pilot studies (Cassidy, 2020; Watts et al., 1999; Wu & 

Zhang, 2021) and Covid-19 research is still in the infant age, 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 

knowledge connections we identified from the papers are presented as follows:   

• Monoclonal antibodies: This topic is positioned in the branch of molecular biology – biochemistry. Diving 

into this topic, we can trace many historical studies on developing 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). Such studies can provide instructive research clues for developing novel monoclonal antibody 

treatments for Covid-19. With the approval 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 (Taylor et al., 2021). 

• 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 (Yuan et al., 2021). Medical experts can trace historical 

studies of influenza viruses (Pica et al., 2012; Yu et al., 2008) and other possibly related viruses (Coulson et 

al., 1985) 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 concerning Omicron) may need deeper exploration (Cameroni et al., 2022; Koyama et al., 2020). 

• Diabetes: Located in the endocrinology branch, this topic consists of historical papers clarifying 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 report that two types of diabetes are associated with higher odds of Covid-19 hospital 

deaths (Barron et al., 2020; Holman et al., 2020), and SARS-CoV-2 infection possibly induces 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 

immunoglobin E in allergic reactions (Aalberse et al., 2001; Eibensteiner et al., 2000; Jenmalm et al., 2001), 

which can provide instructive insights for Covid-19 vaccination allergy studies (Cabanillas et al., 2020; 

Kounis et al., 2021).  

5. Discussion 

Covid-19 has brought about a global public health pandemic and an overwhelming flood of research knowledge. 

Aiming to efficiently discover and use 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 topics at both the 

flat and hierarchical levels; 2) retrieves the foundations of knowledge related to specific topics; and 3) visualizes the 

retrieved knowledge to support knowledge understanding and discovery. We anticipate that this research methodology 

and our key findings will 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 

allocations. 

5.1. Key findings 

Q1: What are the key topics of the emerging Covid-19 knowledge system? 

We exploited PCD and HTT analysis to profile the Covid-19 research landscape. The PCD results highlight 35 

research hotspots and multiple research emphases over different periods. The changing trends in PCD topic rankings 

indicate that early Covid-19 studies focus on uncovering the clinical and epidemiology characteristics of Covid-19, 

while the subsequent studies throw more light on the societal impacts of the pandemic. Intriguingly, the change in 

PCD topic vaccination papers reflects two waves of vaccination studies – the first appearing at the start of the Covid 

outbreak and the second after the rollout of multiple available vaccines. The HTT results consistently reveal clinical 

and public health studies as two major branches of research in this domain. Complementarily, the HTT results generate 

more detailed insights on 1) the clinically investigated factors associated with Covid-19 mortality/severity and 

effective treatments; and 2) six segments of public health concern: government, prevention, SARS-CoV-2 transmission, 

crisis, lockdown, and vaccination. 

Q2: How can we retrieve established knowledge for specific Covid-19 research topics? 

We developed a knowledge model based on text analytics to discover the foundations of the topic-specific knowledge 

and demonstrated the utility of this approach using the topic of vaccination in Section 4.3. Using this 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. 

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

We ran our HTT algorithm over the search results from the knowledge model to reveal the hierarchies of topics. At 

the top levels of the HTT, we identified multiple significant medical disciplines, including immunology, molecular 

biology, virology, and so on. In addition to these disciplines, we also uncovered four directions worthy of more 

attention in future vaccination-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. 

5.2. Technical implications 

There are three methodological contributions of this paper worth highlighting. Initially, incorporating PCD topic 

analysis and knowledge model searches provides an effective topic-based mode of knowledge retrieval. This approach 



first clusters research documents into research topics and then searches the entire PubMed dataset for the foundational 

knowledge on the target topic, generating a more narrowed, focused, and accurate search scope in knowledge retrieval. 

Additionally, our HTT results offer a way 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 intriguing topics. Last, but not least, our research framework 

provides a paradigm for research profiling and knowledge retrieval. This methodology is adaptable to various cases 

and can be transferred with little cost.  

From the practical perspective, 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 offered in 

Section 4.4 identify four intriguing vaccination-related research directions. Such insights can: 1) inspire medical 

researchers to conduct future studies with enriched knowledge foundations; and 2) assist scientific policymakers in 

making informed decisions about research funding allocations. 

5.3. Limitations and future directions 

This study does come with limitations. From a methodological perspective, even though the three approaches 

exploited in this study are developed in our pilot studies (Cassidy, 2020; Watts et al., 1999; Wu & Zhang, 2021) with 

separate validations, there is a limitation stemming from our knowledge model and HTT approaches, in that both 

methods require parameter configurations. We empirically selected parameters in this case to achieve better results 

but developing an automatic data-driven parameter fine-tuning process is the direction we are heading. From the 

theoretical perspective, we profiled the knowledge landscape of Covid-19 and identified the knowledge foundation of 

the vaccination topic. Compared to literature-based evidence, it might be more interesting to validate the results with 

clinical trials and in-depth expert consultations. 
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