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Background: Before the COVID-19 pandemic, tuberculosis is the leading cause of death from a single infectious agent worldwide for 
the past 30 years. Progress in the control of tuberculosis has been undermined by the emergence of multidrug-resistant tuberculosis. 
The aim of the study is to reveal the trends of research on medications for multidrug-resistant pulmonary tuberculosis (MDR-PTB) 
through a novel method of bibliometrics that co-occurs specific semantic Medical Subject Headings (MeSH).
Methods: PubMed was used to identify the original publications related to medications for MDR-PTB. An R package for text mining of 
PubMed, pubMR, was adopted to extract data and construct the co-occurrence matrix-specific semantic types. Biclustering analysis of high- 
frequency MeSH term co-occurrence matrix was performed by gCLUTO. Scientific knowledge maps were constructed by VOSviewer to 
create overlay visualization and density visualization. Burst detection was performed by CiteSpace to identify the future research hotspots.
Results: Two hundred and eight substances (chemical, drug, protein) and 147 diseases related to MDR-PTB were extracted to form 
a specific semantic co-occurrence matrix. MeSH terms with frequency greater than or equal to six were selected to construct high-frequency 
co-occurrence matrix (42 × 20) of specific semantic types contains 42 substances and 20 diseases. Biclustering analysis divided the 
medications for MDR-PTB into five clusters and reflected the characteristics of drug composition. The overlay map indicated the average 
age gradients of 42 high-frequency drugs. Fifteen top keywords and 37 top terms with the strongest citation bursts were detected.
Conclusion: This study evaluated the literatures related to MDR-PTB drug therapy, providing a co-occurrence matrix model based on 
the specific semantic types and a new attempt for text knowledge mining. Compared with the macro knowledge structure or hot spot 
analysis, this method may have a wider scope of application and a more in-depth degree of analysis.
Keywords: multidrug-resistant tuberculosis, pulmonary tuberculosis, medication trends, specific semantic types, MeSH tree, pubMR

Introduction
Tuberculosis (TB) has existed since written records began, DNA evidence for the presence of TB has even been found in 
mummies in ancient Egypt.1 It has been reported as the leading cause of death from a single infectious agent worldwide, 
ranking above HIV/AIDS.2,3 The emergence of multidrug-resistant tuberculosis (MDR-TB) is posing increasing threats 
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to the vision of the End TB Strategy of the World Health Organization (WHO) by the year 2035.4 Resistance to 
rifampicin and isoniazid is defined as MDR-TB, the treatment of diagnosed cases of MDR-TB is more difficult and 
requires drugs that cause more side-effects.5,6

Multidrug-resistant pulmonary tuberculosis (MDR-PTB) is a special disease in TB, which belongs to refractory pulmonary 
tuberculosis (PTB). It is caused by Mycobacterium tuberculosis (MTB),7 and is resistant to both isoniazid and rifampicin. 
MTB uses macrophages as host cells, the cholesterol on the surface of macrophages serves as the anchoring site for MTB cells. 
MTB anchors on the surface of macrophages by binding to cholesterol. Moreover, there are many antigen receptors 
(immunoglobulin receptor, Toll-like receptor, complement receptor, etc.) on the surface of macrophages. MTB can bind to 
these receptors and form phagosomes through receptor mediated endocytosis into macrophages.8 Generally, phagosomes have 
the function of killing pathogens, so the fate of MTB in phagosomes depends on whether it can escape the destruction of 
lysosomal reactive oxygen intermediates and reactive nitrogen intermediates. In general, TB bacteria spread through the air 
from one person to another. Bacteria generally directly attack the lungs, leading to chest pain, weakness, weight loss, fever, 
night sweats and blood sputum, sometimes it affects the brain, kidneys and spine.9

The first-line anti-tuberculosis drugs are isoniazid, rifampicin, pyrazinamide, streptomycin and ethambutol. The genes 
related to isoniazid resistance mainly include katG, inhA, etc.10 Their mutations can cause the resistance of MTB to 
isoniazid. The mutations of rpoB, pncA and embB genes are the main reasons for the resistance of MTB to rifampicin, 
pyrazinamide and ethambutol, respectively. The main mutation gene of streptomycin-resistant tuberculosis is rpsL gene, 
followed by rrs gene, and their mutations will also lead to drug resistance.10 In 1944, the medical community invented 
antibiotics to treat PTB,11 and made a breakthrough. However, due to the failure of prevention and treatment, global 
poverty, and the emergence of drug-resistant pulmonary tuberculosis, the disease made a comeback in the 1990s.12

In dealing with the challenges to end tuberculosis, intensive global efforts have been exerted in various aspects, 
including the improvement of surveillance system, the increase of funding for essential TB services and research, the 
innovations in the fields of testing and diagnosis techniques, expansion of investment, the call for political commitment 
to the fight against TB and etc.13–16 Among them, research on medications of drug-resistant tuberculosis is a key element 
for directing global therapy, especially in those high TB burden countries. Countries, institutions, authors, journals and 
the number of publications on multidrug-resistant (MDR), extensively drug-resistant (XDR), and totally drug-resistant 
(TDR) TB have been studied through bibliometric studies.17 However, to date, there has been no bibliometric analysis to 
study the development trend of medications for MDR-PTB.

The treatment of MDR-PTB is a challenge for the whole healthcare system, quick understanding the existing state of 
the target research field or understanding the progressive association between each research output is impractical when 
there is enormous number of publications on this subject. The bibliometric study on the medications for MDR-PTB is 
relevant, especially to both policy makers and researchers, in giving guidance on the development trends in the field. 
They can have a clearer idea of the appropriate places to collate information about the medications for MDR-PTB, and 
thus they can quickly understand the progress and assess the possibility of incorporating new knowledge into TB 
prevention and control program or into their own research project. Hence, the present study aims at presenting directions 
on and trends in medications currently available to treat MDR-PTB through a novel method of bibliometrics which co- 
occurs specific semantic Medical Subject Headings (MeSH) terms.

Bibliometrics is a series of statistic methods that can quantitatively measure the distribution, correlation and 
clustering of relevant literatures. Semantics are the meanings of the concepts represented by the real-world objects to 
which data correspond. Semantic relationships are the relationships between these meanings, which are the interpretation 
and logical representation of data in the field.18 Semantic types are classes divided by semantic relationships based on 
different classification criteria. PubMR can extract diseases and substance names (chemical substances, drugs, proteins, 
etc.) from the PubMed collection of drug treatment literature to form a co-occurrence matrix. The biclustering heatmap 
and social network graph generated by the disease-substance co-occurrence matrix may reveal the current research status 
of drug treatment for this disease. Visual analysis of the field of drug therapy for a certain disease can intuitively display 
the network relationships between various diseases and medications related to the disease. The global research trends of 
medications and the relationship with related diseases were analyzed by bibliometrics based on the co-occurrence of 
specific semantic types in the MeSH tree. MeSH terms co-occurrence matrix of distinct semantic types was constructed 
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for mapping micro-level knowledge structure (or status) of a scientific topic, such as recognizing a specific disease, 
drugs, and extracting relationships between them.19 This study was thus carried out to guide global medication for MDR- 
PTB, the objective of this study was also to help the researchers adjust the research directions of vaccines and drug 
development. This model can also be adopted to co-occur other semantic types to explore other aspects of clinical 
diseases, such as the co-occurrence of drugs and side effects, tumors and genes, etc.

Materials and Methods
MeSH Tree Structure
MeSH is an authoritative thesaurus compiled by the US National Library of Medicine (NLM), which is normalized, 
expandable, and dynamic. MeSH classifies all related free terms into a MeSH term. It provides uniformity and consistency 
for the indexing and cataloging of biomedical literatures.20 A MeSH term represents all free words with the same meaning. 
Because of the branching structure of the hierarchies, the lists of MeSH terms are referred to as MeSH tree structure. MeSH 
tree structure classifies the MeSH terms into 16 main branches according to their semantic types and subject attributes, and 
most of them are further subdivided into 13 levels hierarchically. Sixteen categories are represented by A to N, V and 
Z (Figure 1A). Each descriptor is followed by one or more numbers truncated at the third level that indicates its tree location. 
The number of each subcategory is separated by a dot. In each category, the MeSH terms are arranged from hypernym to 
hyponym. The hierarchical subordination is expressed in the way of step-by-step indentation. The MeSH terms of the same 
level are arranged alphabetically. Generally, a MeSH term belonging to a category is given a descriptor followed by associated 
numbers. In fact, some MeSH terms have more than two attributes. These MeSH terms may belong to two or more categories 
at the same time, and the corresponding tree structure numbers are also given in other categories. The tree number of 
“Tuberculosis, Multidrug-Resistant” is “C01.150.252.410.040.552.846.775”, while its hyponym ‘Extensively Drug-Resistant 
Tuberculosis’ is “C01.150.252.410.040.552.846.775.500” (Figure 1B). This means that all references containing ‘Extensively 
Drug-Resistant Tuberculosis’ will be retrieved when “Tuberculosis, Multidrug-Resistant” is used as the search term.

According to the MeSH tree structure, specific tree structure numbers can qualify MeSH terms with distinct semantic 
types. For example, the MeSH terms “Disease” and “Chemicals and Drugs” are characterised by “C” and “D” in the 
MeSH tree (Figure 1A). Therefore, the co-occurrence matrix of specific semantic types can be constructed by tree 
structure numbers of the MeSH terms.19 Forming a specific semantic matrix may mine the bibliographic information on 
a customized subject.

Figure 1 MeSH tree structure. 
Notes: (A) MeSH tree structure 16 categories; (B) MeSH tree structure hierarchical subordination. Reproduced from National Library of Medicine.21
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Specific Semantic Types Co-Occurrence Matrix Construction by pubMR
Data extraction and co-occurrence matrix construction of specific semantic types were performed using pubMR, 
a PubMed text mining tool on R platform, developed by Professor Lei Cui and Professor Xiaobei Zhou from China 
Medical University, which is located in Shenyang, China and available for free online (https://github.com/xizhou/ 
pubMR). PubMR integrates the retrieval and download, parsing and extraction, basic statistics, multidimensional matrix, 
paper similarity, hotspot analysis, concept recognition and network analysis. The operational flowchart of pubMR is 
shown in Figure 2. Users can customize individual methods according to their objectives, such as “SimArticle” providing 
similar articles related to traget article, “Statisticor” providing basic statistics of information generated from PubMed, 
“Buzzindex” providing the score for burst words, “Simmatrix” providing MeSH–MeSH co-occurrence matrix.22

Before extracting PubMed data, the following procedures are necessary: the installation of the corresponding pubMR 
package in the computer system, the development of a search strategy related to medications for MDR-PTB, and the 
following program on R platform.

library(pubMR)
m <- ‘“Tuberculosis, Multidrug-Resistant/diet therapy”[Mesh] OR “Tuberculosis, Multidrug-Resistant/drug 

therapy”[Mesh] OR “Tuberculosis, Multidrug-Resistant/nursing”[Mesh] OR “Tuberculosis, Multidrug-Resistant/prevention 
and control”[Mesh] OR “Tuberculosis, Multidrug-Resistant/radiotherapy”[Mesh] OR “Tuberculosis, Multidrug-Resistant 
/rehabilitation”[Mesh] OR “Tuberculosis, Multidrug-Resistant/surgery”[Mesh] OR “Tuberculosis, Multidrug-Resistant 
/therapy”[Mesh]) AND (“Tuberculosis, Pulmonary[Mesh])’

obj <- txtList(input=m)

Figure 2 Operation process of pubMR, a PubMed text mining tool on R platform.
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A total of 1439 original literatures were retrieved in PubMed using the above retrieval strategy up to February 4, 
2021. Reviews, systematic reviews, meta-analyses, books, and documents were excluded. A total of 1210 original articles 
were retrieved. The retrieval results were independently screened and extracted by the study group of two investigators 
(SX and YF), and all the discrepancies were resolved by the principal investigator (PG). Then, a co-occurrence matrix of 
disease and substance (chemical, drug, protein) was constructed by pubMR.

obj1=data.table(PMID=obj@PMID,MH=obj@MH)
MH <- obj1[,MH]
idx <- sapply(MH,is.null)
obj1 <- obj1[!idx,]
obj1 = obj1%>% unnest(MH)
V <- table(obj1[,c(“MH”, “PMID”)])
V1 <- crossprod(t(V))
meshtree <- “https://github.com/xizhou/pubMR/raw/master/meshtree2019.Rdata”
load(url(meshtree))
nms <- rownames(V1)
nms <- gsub(“\\/.*”,nms)
idr <- which(nms %in% meshtree[class==“D”,mesh])
idc <- which(nms %in% meshtree[class==“C”,mesh])
V2 <- V1[idr,idc]
write.csv(V2,file=“result.csv”)
An initial 208×147 (category D × category C) co-occurrence matrix of specific semantic types was formed (Table 1), 

in which rows represented chemical, drug, and protein and columns represented diseases associated with MDR-PTB. 
Price equation was used to determine the threshold of the high-frequency MeSH terms.

Nmax represents the highest frequency of a high-frequency word. M represents the threshold of the high-frequency MeSH 
terms.23 In addition to rifampicin and isoniazid, ethambutol is the most frequent specific drug in this study. Nmax=67, thus

Table 1 Co-Occurrence Matrix of Specific Semantic Types (208×147)

No. MeSH Terms 
(Chemicals and 
Drugs)

MeSH Terms (Disease)

Abscess … Tuberculosis, 
Pulmonary

Tuberculosis, 
Multidrug- 
Resistant

… Weight 
Gain

1 Acetamides 0 … 13 11 … 0
2 Acetaminophen 0 … 1 1 … 0

3 Acetylcysteine 0 … 1 1 … 0

4 Acridines 0 … 4 4 … 0
5 Adalimumab 0 … 1 1 … 0

6 Adamantane 0 … 1 1 … 0

7 Adjuvants, Immunologic 0 … 5 5 … 0
8 Adjuvants, Pharmaceutic 0 … 2 0 … 0

9 Adrenal Cortex 

Hormones

0 … 1 1 … 0

10 Aerosols 0 … 6 6 … 0

11 Alpha-Defensins 0 … 1 1 … 0

12 Amidohydrolases 0 … 1 1 … 0
… … … … … … … …

208 Zinc 0 … 1 1 … 0
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Therefore, a high-frequency co-occurrence matrix (42 × 20) of specific semantic types with the frequency equal to or 
more than six was constructed (Table 2).

Table 2 High-Frequency Co-Occurrence Matrix of Specific Semantic Types (42×20)

No. MeSH Terms (Chemicals and 
Drugs)

MeSH Terms (Disease)

Acquired 
Immunodeficiency 

Syndrome

AIDS-Related 
Opportunistic 

Infections

Chronic 
Disease

Cross 
Infection

… Tuberculosis, 
Pleural

1 Acetamides 0 1 0 0 … 0

2 Aerosols 0 0 0 0 … 0

3 Amikacin 0 0 1 0 … 1
4 Aminosalicylic Acid 0 0 0 0 … 1

5 Anti-Bacterial Agents 1 3 0 0 … 1

6 Antibiotics, Antitubercular 0 5 1 0 … 0
7 Anti-HIV Agents 0 0 0 0 … 0

8 Anti-Infective Agents 0 3 0 0 … 0

9 Antitubercular Agents 3 43 7 5 … 7
10 Aza Compounds 0 0 0 0 … 0

11 Bacterial Proteins 0 0 0 0 … 0

12 BCG Vaccine 0 0 1 0 … 1
13 Capreomycin 0 1 1 0 … 0

14 Catalase 0 0 0 0 … 0

15 Ciprofloxacin 0 0 1 0 … 0
16 Clofazimine 0 0 0 0 … 1

17 Codon 0 0 0 0 … 0

18 Culture Media 0 0 0 0 … 0
19 Cycloserine 0 2 0 0 … 0

20 Diarylquinolines 0 0 0 0 … 0

21 DNA, Bacterial 0 1 1 0 … 0
22 DNA-Directed RNA Polymerases 0 0 0 0 … 0

23 Drug Combinations 0 1 0 0 … 0

24 Ethambutol 1 4 1 0 … 1
25 Ethionamide 0 1 1 0 … 0

26 Fluoroquinolones 0 2 0 0 … 2

27 Interferon-gamma 0 0 1 0 … 0
28 Isoniazid 1 12 1 0 … 2

29 Kanamycin 0 0 1 0 … 0
30 Levofloxacin 0 1 0 0 … 0

31 Linezolid 0 1 0 0 … 1

32 Moxifloxacin 0 1 0 0 … 1
33 Nitroimidazoles 0 0 0 0 … 0

34 Ofloxacin 0 2 2 0 … 0

35 Oxazoles 0 0 0 0 … 0
36 Oxazolidinones 0 1 0 0 … 0

37 Oxidoreductases 0 0 0 0 … 0

38 Prothionamide 0 1 0 0 … 0
39 Pyrazinamide 1 3 0 0 … 1

40 Quinolines 0 0 0 0 … 0

41 Rifampin 0 10 2 0 … 1
42 Streptomycin 1 4 0 0 … 0
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Biclustering Analysis by gCLUTO
Biclustering analysis can realize clustering the rows and columns of the matrix, respectively, and then merging the 
clustering results. Biclustering analysis was performed using Graphical Clustering Toolkit (gCLUTO 1.0), developed by 
Professor Matt Rasmussen, Professor Mark Newman and Professor George Karypis from Karypis Lab of Minnesota 
University (http://glaros.dtc.umn.edu/gkhome/views/cluto). The biclustering options were set as follows: “Repeated 
Bisection” was selected as “Cluster method”; selected “I2” was selected as “Criterion Function”; “Cosine” was selected 
as “Similarity Function”; “10” was set as the number of iterations.

The highest average internal similarities (Isim) and the lowest average external similarities (Esim) would be the 
optimization results.24 By adjusting the number of clusters, five clusters were finally determined which were the best 
clustering results (Table 3). ISdev represents the standard deviation of ISim, while ESdev represents the standard 
deviation of Esim. The clusters exhibit a local mode with a high similarity of co-occurrence on drugs and diseases 
associated with MDR-PTB. Matrix visualization (Figure 3A) and mountain visualization (Figure 3B) were generated by 
gCLUTO 1.0 biclustering analysis.

Visualization Analysis by VOSviewer
The basic principle of scientific knowledge maps analysis is to extract the relationship between knowledge units from 
scientific literatures, and make it matrix and visualization. In the results of a relational map of scientific knowledge, the 
relationship between two elements is connected by an edge. The width of an edge is usually used to indicate the strength 
of the relationship, and the direction of the connection of the edge represents a particular combination of relationships. In 
essence, the representation of a knowledge map is a network representation of matrix, so the method of network analysis 
can be applied in the present study.

Bibliometric networks visualization in this study was performed using VOSviewer (Version 1.6.13), developed by 
Professor Nees Jan van Eck and Professor Ludo Waltman from the Centre for Science and Technology Studies (CWTS) 
of Leiden University. It is a knowledge mapping tool for networks analysis and visualization, which can create maps 
based on network data. By fusion analysis of terms and time, VOSviewer provides three ways to visualize a map; the 
generated network knowledge map is visualized as follows: Network Visualization, Overlay Visualization, and Density 
Visualization.25

Burst Detection by CiteSpace
Kleinberg proposed an algorithm for detecting the frequency of sudden increase in 2002, which is called “burst detection 
algorithm”.26 If the frequency of some words suddenly shows a rapid growth, the most reasonable explanation is that 
these words hit a key part in the complex system of the academic field. These words with a sudden rise in relative growth 
rate are called burst words. Burst words may not reach the threshold of high-frequency words, but they have the potential 
to develop into high-frequency words. They are emerging or sudden theoretical trends or new themes, representing active 
ideas in a research field. Such nodes in the knowledge network can reveal the new development direction or hot spot 
transfer in the field. In this study, CiteSpace (version 5.7.R2), developed by Professor Chaomei Chen from College of 
Computing and Informatics Drexel University,27 was used to explore the burst keywords and the burst terms of the 
research on medications of MDR-PTB.

Table 3 Clustering Parameters of Co-Occurrence Matrix

Cluster Size ISim ISdev ESim ESdev

0 2 0.677 0.000 0.115 0.016

1 12 0.791 0.109 0.421 0.142

2 5 0.797 0.042 0.471 0.142
3 20 0.770 0.185 0.452 0.127

4 3 0.772 0.038 0.501 0.089
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CiteSpace is a multi-dimensional, time-sharing and dynamic visual analysis software which focuses on analyzing the 
potential knowledge contained in scientific literatures. It was originally designed to analyze the structure of knowledge 
presented based on a network of literatures and references. Through the continuous updating of the software, we can also 
analyze the research hotspots by co-occurrence of keywords/terms and study group performance through cooperation of 
authors, institutions, and countries/regions. Professor Chaomei Chen updated the burst detection function of CiteSpace in 
2012. In CiteSpace, research fronts and research bases are defined at the same time. The frontier of research is the citing 
literatures, and the basis of research is the cited literatures. Research hotspots can be explored through burst terms/phases 
in the research frontiers, and through citation bursts in the research bases. Burst detection is used for two kinds of 
variables: one is the frequency of words or phrases used in the citing literatures; the other is the frequency of citations 
obtained in the cited literatures. In the present study, the burst keywords and the burst terms extracted by CiteSpace were 
used to identify the hotspots of future research in the target field.

Results
High-Frequency MeSH Terms of Specific Semantic Types and Related Co-Occurrence 
Matrix
A total of 1210 original relevant literatures were retrieved on the topic of medications for MDR-PTB. After the 
distinguishing of semantic types of the MeSH terms with pubMR, 208 substances (chemical, drug, protein) and 147 
diseases related to MDR-PTB were extracted to form a co-occurrence matrix (Table 1). According to Price equation, the 
MeSH terms with frequency equal to or more than six were high-frequency terms. The high-frequency co-occurrence 
matrix (42 × 20) (Table 2) of specific semantic types contains 42 substances (chemical, drug, protein) and 20 diseases 
related to MDR-PTB.

Medication Status Concluded by MeSH Term Clusters
The software, gCLUTO 1.0 was performed to visualize the biclustering results of the high-frequency MeSH terms co- 
occurrence matrix of specific semantic types (Table 3). A cluster dendrogram (Figure 3A) and a cluster mountain map 
(Figure 3B) were generated by gCLUTO 1.0. The results of biclustering reflect the characteristics of drug composition in 
treating MDR-PTB.

Cluster 0 contains two substances: interferon-gamma (IFN-γ) and BCG (Bacillus Calmette-Guérin) Vaccine. BCG 
Vaccine was first developed by French scientists Calmette and Guérin. It is a Mtblive vaccine made from a suspension of 
attenuated bovine MTB, which can effectively prevent TB. After 1928, widespread use of BCG Vaccine in the world still 
is the only available vaccine for the prevention of TB and is also the first needle after the birth in China. Its cellular 
immune function produces protective effects against different respiratory infections other than TB including COVID– 

Figure 3 Matrix visualization and mountain visualization of biclustering of high-frequency MeSH terms on substance (chemical, drug, protein) and related diseases of 
multidrug-resistant-pulmonary tuberculosis. (A) Matrix visualization; (B) mountain visualization.
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19.28 Conferring consistent protection against TB, recombinant BCG expressing IFN-γ results in more efficient bacterial 
clearance.29

Cluster 1 contains twelve substances: Anti-Infective Agents, Drug Combinations, Anti-Bacterial Agents, 
Antitubercular Antibiotics, Streptomycin, Pyrazinamide, Ethambutol, Isoniazid, Rifampin, Antitubercular Agents, 
Cycloserine, and Anti-HIV Agents. This cluster is mainly about first-line anti-TB drugs. These antibiotics and anti- 
infective agents against MTB gradually develop resistance after a long period of use, especially rifampicin and isoniazid, 
the two most powerful drug-resistant tuberculosis drugs. Somoskovi et al studied the molecular basis of resistance to 
isoniazid, rifampin, and pyrazinamide in MTB.30 Coban et al carried out a meta-analysis to detect resistance of isoniazid, 
rifampin, ethambutol, and streptomycin in MTB by a nitrate reductase assay.31

Cluster 2 contains five substances: Aerosols, Nitroimidazoles, Quinolines, Ethionamide, and Kanamycin. These 
drugs are not only used in MDR-PTB, but also in extensively drug-resistant pulmonary tuberculosis (XDR-TB). 
Garcia-Contreras et al reported the potential use of nitroimidazo-oxazine PA-824 dry powder aerosols as a novel 
candidate for the treatment of MDR-TB, XDR-TB, and latent TB.32 The nitroimidazole pretomanid was recently 
approved for XDR-TB in combination with bedaquiline and linezolid.33,34 Quinoline, as a hypernym, contains 
a series of drugs used to treat TB, such as diarylquinoline and fluoroquinolone. Ethionamide and kanamycin are 
two second-line anti-TB drugs.

Cluster 3 contains twenty substances: Diarylquinolines, Oxazoles, Aza Compounds, Culture Media, Linezolid, 
Moxifloxacin, Fluoroquinolones, Capreomycin, Amikacin, “DNA, Bacterial”, Oxazolidinones, Acetamides, 
Bacterial Proteins, DNA-Directed RNA Polymerases, Prothionamide, Ofloxacin, Levofloxacin, Codon, Catalase 
and Oxidoreductases. Most of the literatures about the drugs in cluster 3 appeared in the past 10 years, especially 
in the last five years. These drugs are included in the second wave in TB drug development, and even some of 
them are in the third wave.35 Some substances are needed for laboratory testing, disease diagnosis or new drug 
development, such as culture media, “DNA, Bacterial”, bacterial proteins, DNA-directed RNA polymerases, etc. 
There are also drugs in cluster 3 that are being used to treat HIV-positive TB patients. MTB and HIV together can 
quickly make the immune system of infected people to collapse. TB is the number one killer of people living with 
HIV. People who are infected with both MTB and HIV will lose their lives if without proper treatment. Therefore, 
the development of drugs to treat AIDS patients with MDR-PTB is more urgent.

Cluster 4 contains three substances: Clofazimine, Aminosalicylic Acid, and Ciprofloxacin. According to descriptive 
and discriminating features of cluster 4, this cluster is about medications for drug-resistant tuberculosis combined with 
other organ TB, including lymphatic TB, pleural TB, etc. It has been reported that lymphatic TB was treated with 
clofazimine, aminosalicylic acid and ciprofloxacin, respectively.36–38

Figure 3 shows the matrix visualization and the mountain visualization of each cluster. In the matrix 
visualization (Figure 3A), white area represents a value closer to zero, that is, the terms do not appear. The 
deepening red area represents a larger value, that is, the terms corresponding to the row in the literatures of the 
column appear more frequently.39 Black horizontal lines separate the clusters. In the mountain visualization 
(Figure 3B), each cluster is described as a 3D mountain, labeled by the cluster number starting with 0. The 
location, volume, height, and color of the mountains portray information about a cluster. The distance between the 
mountains reflects the relative similarity of the two clusters. The height is positively correlated with the ISim of 
the cluster. The volume of a mountain reflects the number of terms included in the corresponding cluster. The 
color of the summit is proportional to ISdev, with red representing a low standard deviation and blue representing 
a high standard deviation. As ISdev increases successively, the mountain tops are red, yellow, green, light blue, 
and dark blue.

Specific Semantic Types Co-Occurrence Network Analysis and Visualization
VOSviewer (Version 1.6.13) was used to create a specific semantic types co-occurrence map for the 42 high-frequency 
MeSH terms. In the overlay map of high-frequency MeSH terms over time (Figure 4A), each element is formed by 
a circle and a label, and the size of the element depends on the degree of the node, the strength of the line, the frequency 
of co-occurrence, etc. Because all 42 drugs belong to antitubercular agents and co-occurrence with “antitubercular 
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agents”, this element has the largest size as we can see. The average age of the 42 drugs is assigned different color 
gradients. The darker the color, the longer the term appears. Yellow represents the drugs that have emerged in recent 
years. As shown in Figure 4A, there are 11 yellow terms: anti-bacterial agents, bacterial proteins, catalase, clofazimine, 
diarylquinolines, DNA-directed RNA polymerases, linezolid, moxifloxacin, nitroimidazoles, and oxidoreductases. These 
drugs have been used to treat MDR-PTB in the past five years.

Based on the bibliographic data, VOSviewer (Version 1.6.13) was used to generate a high-frequency MeSH 
terms density map that excluded “antitubercular agents”. In the density map (Figure 4B), each point on the map is 
colored according to the density of the elements around it. The higher the density, the deeper the red, and the 
lower the density, the deeper the blue. The density depends on the number of elements in the surrounding area and 
the importance of those elements. The density map can be used to discover the research focus and hotspots in 
a research field. As shown in Figure 4B, the research focus on rifampin and isoniazid. There are 39 drug links 
with rifampin, and the total link strength is 502. Isoniazid with 464 total link strength, links 38 drugs. This means 
that almost all drugs are co-occurrence with both drugs. According to the purpose of this study, it can be seen that 
they are the main drug-resistant drugs at present, most studies mainly focus on the resistance of these two drugs.

Burst Detection for Hotspots on Medications of MDR-PTB
There were 15 top keywords (Figure 5A) and 37 top terms (Figure 5B) with the strongest citation bursts extracted by 
CiteSpace (Version 5.7.R2). The keywords given by an author are the core summary of a paper, and the analysis of the 
keywords can provide some insight into the topics in the field. Among the top 15 keywords with the strongest citation 
bursts, the burst time of 11 keywords lasted until 2012, and the remaining four keywords showed a burst state in recent 
years. In the field of MDR-PTB treatment, the research on gene mutation of drug-resistant MTB has always been 
a research hotspot and an urgent problem to be solved. As shown in Figure 5A, mutations of rpoB, katG, and inhA are the 
most prominent genes associated MTB resistance to rifampicin and isoniazid.40 After 2014, MDR-TB-related studies 
have attracted renewed attention.

In order to get a more comprehensive burst theme, noun phrase was selected for term type in CiteSpace (Version 5.7. 
R2) to visualize the co-occurrence network of terms. Figure 5B shows the top 37 terms with the strongest citation bursts 
by burst start time. It can be found from the burst terms in the recent 10 years that researchers carried out anti MDR-TB 
researches from the aspects of diagnosis, treatment, laboratory examination and so on. Xpert-MTB/RIF analysis is 
effective in the diagnosis of drug resistance, which enables rapid diagnosis of rifampicin resistance and timely initiation 
of second-line TB treatment.41 Directly Observed Therapy (DOT) has been proved to be a cost-effective and health- 
improving treatment against MDR-PTB.42 Culture conversion has become a burst term again in recent years. Culture 
conversion as a prognostic marker of treatment outcome in patients with MDR-TB is essential in the development of new 
drugs and drug combination tests.43

Figure 4 High-frequency MeSH keywords-time dual-map and density map of high-frequency co-occurrence substance (chemical, drug, protein) of multidrug-resistant 
pulmonary tuberculosis. (A) Overlay visualization; (B) density visualization.
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Figure 5 Top keywords and top terms with the strongest citation bursts in the research field of medications for multidrug-resistant pulmonary tuberculosis. (A) Top 15 
keywords with the strongest citation bursts; (B) top 37 terms with the strongest citation bursts.
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Discussion
In this paper, we proposed a model of MeSH terms co-occurrence based on specific semantic types to discover domain 
knowledge structure. The effectiveness of the proposed method was verified through the discovery of the drug 
composition characteristics of diseases by the biclustering of diseases (category C) and substance (chemical, drug, 
protein) (category D). To the knowledge of the authors, this is the first bibliometric analysis model to evaluate the status 
of MDR-PTB medications from the perspective of semantic types based on the microscopic characteristics of the data.

It should be noted that the selection of data sources is limited when using this method for biclustering analysis. The 
classification system with unclear hierarchy is not suitable for this model, such as Web of Science (WOS) subject 
classification.44 The WOS subject classification system divides the included journals into 252 subjects. The relationship 
between subject classification and journals is many-to-many. A journal can belong to more than one WOS subject 
classification at the same time, and one WOS subject classification corresponds to more than one journal. The relation
ship between categories is equal rather than hierarchical. The semantic matrix cannot be formed without the upper class 
summarizing and distinguishing the objects.

Category D represents chemical, drug, and protein. The extracted high-frequency words are generally divided into 
four categories, which are relatively high-level MeSH terms representing a class of drugs, such as “Anti-Infective 
Agents”, a certain class of drugs, such as “Oxazoles”, specific drugs, such as “Rifampin”, and drug ingredients or 
components, such as “Bacterial Proteins”. Some new drugs that have not yet become MeSH terms cannot be captured by 
pubMR. However, if their ingredients or components are MeSH terms, they can be extracted by pubMR. To a certain 
extent, this helps some new drugs that have just been put on the market not to be ignored in this study.

Except for the first layer of the MeSH tree, all MeSH terms have hypernyms. In the literature collection of medications for 
MDR-PTB, all hyponyms of category C and category D were extracted. However, in the same category, there may be 
hierarchical relationship between the extracted MeSH terms. Among the 42 substances (chemical, drug, protein) extracted by 
pubMR (Table 2), “Antitubercular Agents” is the hypernym of “Antibiotics, Antitubercular”, “Anti-Bacterial Agents” is the 
hypernym of “Antitubercular Agents”, and “Anti-Infective Agents” is the hypernym of “Anti-Bacterial Agents”. They all 
belong to category D “Chemicals and Drugs Category”. Multiple hyponyms were extracted hierarchically, which may result in 
the scattered statistics of the frequency of this sub category. For example, “Linezolid” is the hyponym of “Acetamides”. 
“Acetamides” and “Linezolid” are two high-frequency MeSH terms extracted in this study. This may affect the frequency of 
certain MeSH terms, so that they cannot be selected as high-frequency words, which may cause some deviation to the results.

This study presented the research trends of drugs in the treatment of MDR-PTB in recent years (Figure 4A) and 
explored the burst keywords and the burst terms of medications (Figure 5). However, when we need to mine predictive 
drugs through literatures, the burst detection analysis in CiteSpace may not be as effective as Kleinberg’s burst detection 
algorithm which can mine for specific drugs.26 If the natural language semantic relationship mining tool SemRep is used 
to extract drugs for MDR-PTB, and the burst weight index of these drugs is calculated by Kleinberg’s burst algorithm 
formula. The resulting burst drugs are more specific and have more practical meaning than the burst keywords and the 
burst terms extracted by CiteSpace.45 This method has a huge amount of computation, which is the next improvement 
direction of the present study.

Although MDR-PTB is resistant to two or more antituberculosis drugs, including isoniazid and rifampicin at least; 
isoniazid combined with rifampicin can prevent acquired drug resistance to MTB.46 Monotherapy with rifampicin or 
isoniazid may lead to clinically related drug resistance. The combination of different antibiotics may prevent the 
emergence of a mutant resistant to a single antibiotic.47 A drug-resistant drug combined with other drugs may enhance 
its antibacterial activity and achieve better therapeutic effect. Pyrazinamide is the first-line anti-TB drug, multidrug 
resistant strains of MTB have high resistance to pyrazinamide. Dawson et al proposed pyrazinamide combined with 
moxifloxacin and PA-824 in the treatment of TB as the first step of developing a single treatment scheme for DR-TB.48 In 
this new multicomponent treatment scheme, pyrazinamide and moxifloxacin are MeSH terms extracted in the present 
study (Table 2). PA-824 is not a MeSH term and cannot be captured by PubMR. However, PA-824 is a new 
nitroimidazole compound, which is listed in Table 2. At present, the model of this study cannot identify the multi- 
component treatment regimen, but only the drugs in the combination regimen can be extracted.
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We constructed a MeSH terms co-occurrence matrix of specific semantic types and exhibited the relationships 
between entities in the field of MDR-PTB drug therapy through biclustering analysis. Two specific semantic types in 
this study are category C for diseases and category D for substance (chemical, drug, protein) in the MeSH tree. This 
research model can be extended to construct other semantic types of co-occurrence network, such as mining the 
relationship between drugs and targets, genes and tumors, and so on.

Limitation
Nevertheless, our analysis still has some limitations. Firstly, due to limitations in the analytical method, searches were 
only conducted in a single database, PubMed database. It would be better to combine these results with the results of 
other databases such as Web of Science and Scopus. MeSH terms are co-occurrence at the level of article rather than 
sentence, which may lead to mismatching. In the next step, we consider whether we can retain the original subheadings 
of MeSH terms to achieve a more specific and explicit semantic relationship. Secondly, due to the collection character
istics of PubMed, most of the final collected literature was in English. To some extent, this ignores those publications in 
other languages. Thirdly, the number of clusters in clustering analysis could be adjusted based on the author’s subjective 
viewpoint. Fourth, after the COVID-19 pandemic, the statistical analysis of MDR-PTB was somewhat disrupted, and we 
may have underestimated the contribution of different analyses to the recently published research.

Conclusion
This study evaluated the literatures related to MDR-PTB drug therapy, providing a co-occurrence matrix model based on 
the specific semantic types and a new attempt for text knowledge mining. Compared with the macro knowledge structure 
or hot spot analysis, this method may have a wider scope of application and a more in-depth degree of analysis.
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