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Hundreds of research and review articles concerning genome-wide association study
(GWAS) in diabetes have been published in the last two decades. We aimed to evaluate
the hotspots and future trends in GWAS in diabetes research through bibliometric
analysis. Accordingly, 567 research and review articles published between 2001 and
2021 were included. A rising trend was noted in the annual number of publications and
citations on GWAS in diabetes during this period. Harvard University and Harvard Medical
School have played leading roles in genome research. Hotspot analyses indicated that
DNA methylation and genetic variation, especially in type 2 diabetes mellitus, are likely to
remain the research hotspots. Moreover, the identification of genetic phenotypes
associated with adiposity, metabolic memory, pancreatic islet, and inflammation is the
leading trend in this research field. Through this review, we provide predictions on the
main research trends in the future so as to shed light on new directions and ideas for
further investigations on the genetic etiology of diabetes for its prevention and treatment.

Keywords: diabetes, bibliometric analysis, visualization, CiteSpace, VOSviewer, genome-wide association studies
INTRODUCTION

The 9th edition of the International Diabetes Federation’s Diabetes Atlas has estimated that,
presently, 9.3% of adults (463 million people) are living with diabetes (1). Type 2 diabetes mellitus
(T2DM) is the most common type of diabetes with a strong genetic predisposition. Compared with
individuals without parental diabetes, the odds ratios (95% confidence interval) for the prevalence of
T2DM in those with maternal, paternal, or bilineal diabetes were 3.4 (2.3–4.9), 3.5 (2.3–5.2), and 6.1
(2.9–13.0), respectively (2). Progress in genome-wide association study (GWAS) and global
collaborations in the field of genome projects have enabled the identification of 243 new
candidate loci associated with susceptibility to T2DM from 32 European-descent GWAS,
including 74,124 T2DM cases (3). Furthermore, 61 loci newly implicated in T2DM
predisposition have been identified in the East Asian population (4). Another noteworthy
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progress is the discovery of 318 novel risk loci linking T2DM
susceptibility to diverse biological processes in a large-
scale multi-ethnic GWAS encompassing over 1.4 million
participants (5). However, the common variants explained only
a small proportion (10%–15%) of this variance in T2DM risk (6).
Moreover, the location of most variants in the intergenic or the
intronic region and the presence of linkage disequilibrium (7)
pose a challenge in deciphering their function. Thus, we inferred
that the causal relationships and the mechanisms by which these
variants exerted their effect on the pathogenesis of T2DM require
in-depth investigation.

Bibliometric analysis is a convenient and accurate tool for
discovering the hotspot and trend in a specific research field.
Summarizing the number of publications produced by various
countries/regions, institutions, and authors can shortlist the
leading researchers in the field to equip future researchers with
more valuable references for further investigations. Meanwhile,
bibliometrics assists the prediction of developments and trends
in diseases (8). No bibliometric study has so far been performed
in the field of GWAS in diabetes (9). Thus, in the present study,
comprehensive visualization and bibliometric analysis of
genomic research in diabetes over the last two decades were
performed to identify the hotspots and prospective trends in
GWAS in diabetes over the next decades through co-occurrence
and co-citation analysis with clustering visualization.
MATERIALS AND METHODS

Data Sources and Search Strategy
All data employed in the present study were retrieved from the
Web of Science, which is one of the most influential databases of
scientific literature. We applied the Web of Science Core
Collection (WoSCC) using the following search query string:
(#1) TS = “genome-wide analysis” or “genome-wide association
study” or “whole-genome analysis”; (#2) TS = “diabetes mellitus”
or “diabetes” or “hyperglycemia”; (#3) = (#1) AND (#2). We
limited the literature type to “article or review” and the language
to “English.” The publication years ranged from 2001 to 2021.

Data Collection and Filtration
The process of literature retrieval and data download was
conducted on November 2, 2021. The retrieval query returned
590 results. Two investigators independently screened the title,
abstract, and the set of keywords or full text to determine the
correlation between the retrieval data and genetics in diabetes.
Eventually, 567 results that met the significant consistency as an
agreement on 0.95 were retained after effective comparison and
discussion (10).
Abbreviations: GWAS, genome-wide association study; T1DM, type 1 diabetes
mellitus; T2DM, type 2 diabetes mellitus; WoSCC, Web of Science Core
Collection; LLR, log-likelihood rate; LRF, link-retaining factor; LBY, look-
back years.
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Literature Visual Analysis
CiteSpace v5.7.R5 (Chaomei Chen, Drexel University, Philadelphia,
PA, USA) was used to generate a visualization map to identify
annual or cumulative publications and co-cited authors/references
and to capture keywords with strong citation bursts. The time
trends of keywords and the overlay visualization maps were also
analyzed by CiteSpace.

The betweenness centrality firstly introduced by Freeman has
been adopted to reflect the impact of a specific node in a network
(11). To test the effect of the network, the modularity Q and the
mean silhouette scores (12) served as two important metrics
indicating the overall structural properties. The equation of these
metrics is shown in the Appendix.

The VOSviewer v1.6.16 (Leiden University, Leiden, Netherlands)
was adopted to visualize the intensity of cooperation between
countries/regions and institutions to examine the scientific
strength and international influence of these countries/regions
and institutions in the field of diabetes GWAS research (13).
The document co-citation network with citation burst was
conducted to reveal the most concerned topics along the time.
The keyword co-occurrence network visualization is a method for
determining research hotspots and predicting research trends
(14). Furthermore, investigation on keyword bursts added richer
interpretations to the understanding of the emerging trends in the
field of GWAS in diabetes rather than only considering the
cumulative number of keyword occurrences (15).
RESULT

Trends in Annual Publications
A total of 590 papers were identified, and 567 papers (478 articles
and 89 reviews) from 2001 to 2021 were eventually included.
Among them, 208 (36.68%) publications were related to T2DM,
and 75 (13.23%) papers focused on type 1 diabetes mellitus
(T1DM). A rising trend was detected in both annual
publications (Figure 1A) and annual citations (Figure 1B)
associated with GWAS in diabetes. According to the WoSCC
database, the 567 papers were cited 28,721 times, with an average
citation frequency of 50.65 for each paper. Owing to a burst of
publications since 2007 (the growth rates of the citation frequency
in 2007 and 2006 were 73.93% and 3.00%, respectively), the
citation frequency grew rapidly from 2007 to 2009.

Contribution of Countries/Regions
and Institutions
A total of 64 countries/regions contributed to publications on
GWAS in diabetes between 2001 and 2021. The top 10 most
productive countries/regions are listed in Table 1, which shows
that the United States is the most productive country, with 266
articles published so far and over 17 publications annually since
2015, followed by China and the United Kingdom, with 88 and
76 published papers, respectively. Tight network connectivity
was observed among these countries/regions, as indicated
in Figure 2A.
March 2022 | Volume 13 | Article 817620
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The institution cooperation network illustrated in Figure 2B
involved 460 institutions and 1,122 links. A cooperation network
centered on Harvard University (with 25 publications) and Harvard
Medical School (with 17 publications) was formed along with other
organizations at home and abroad, suggesting a close and continuous
academic cooperation among the institutions in this field.

Document Co-Citation Network
The citation patterns of the references revealed insights into the
structure and dynamics of scientific paradigms. Figure 3A
provides a visualization of the document co-citation landscape.
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The synthesized network contained 805 references and 2,257 co-
citation links. The three largest connected components included
481 references, accounting for 59% of the entire network. The
nodes and links are distinguished by colors, in which a cool-
toned color refers to an earlier co-citation relationship.
References with ≥10 citations are displayed in the landscape.
Meanwhile, we included the citation burst in Figure 3B to
identify the major milestones in the development of GWAS in
diabetes steering the research trends. The major milestones in the
development of GWAS in diabetes could be identified as
references with a high burst strength in Figure 3B.
A

B

FIGURE 1 | (A) Annual publications of GWAS research in diabetes from 2001 to 2021. (B) Trends in annual citation frequency of the 567 retrieved articles from
2001 to 2021.
TABLE 1 | Top 10 countries/regions contributing to publications on genome-wide association study (GWAS) in diabetes.

Rank Country/region No. of publications Proportion, N = 567 (%) Citations per document

1 USA 266 46.91 77.94
2 China 87 15.34 20.73
3 UK 76 13.40 57.04
4 Japan 42 7.40 22.78
5 Germany 40 7.05 73.95
6 Canada 29 5.11 60.34
7 France 28 4.93 104.52
8 Italy 26 4.58 113.96
9 Sweden 25 4.40 153.56
10 Netherlands 25 4.40 84.24
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Author Co-Citation Network
The author co-citation network, identifying frequently cited
scholars with globally recognized publications in GWAS in
diabetes, was processed by CiteSpace, shown in Figure 4A,
achieving a network with 788 nodes and 2,218 links. The top 6
highly cited authors and their citation distributions during 2001–
2021 are shown in Figure 4B. H. Li, E. Zeggini, D. Altshuler, R.
Saxena, S. Purcell, and P.R. Burton constituted over 30 co-
citations assisting the development of GWAS in diabetes in
fields ranging from bioinformatics, genetic mapping to the
pathophysiology of diabetes and explanations of the phenotypes.

Analysis of Research Hotspots
The 40 most frequently occurring keywords in the field of GWAS
in diabetes are presented in the VOSviewer in Figure 5A to
Frontiers in Endocrinology | www.frontiersin.org 4
visualize the emerging trends in the field. A timeline view of
hotspot clustering based on keyword co-occurrence was adopted to
identify the hotspot along the time, as displayed in Figure 5B. The
cluster network consisted of 507 nodes and 2,762 links, with
modularity Q = 0.7268, which indicated that the network was
significant and convincing. The mean silhouette score was 0.8792
(close to 1), suggesting a reliable network with homogeneity among
the clusters. The three largest clusters contained 490 nodes and
comprised 96% of the network. Fifteen clusters (#0–14) were
named by the keyword with the highest frequency in the cluster.
Cluster #0, named epigenetics, was the largest cluster, comprising
53 keywords ranging from 2002 to 2021, with 2012 as the median
year for the occurrence of this cluster. The silhouette value 0.803
was considered as indicating a relatively high homogeneity inside
the cluster (detailed in Supplementary Table S1). The 20 most
A B

FIGURE 3 | (A) The document co-citation network clustering. The nodes and links are distinguished by colors, in which cool-toned color refers to an earlier co-citation
relationship. References with > 10 citations are displayed in the landscape in nodes named by first author (publication year). The size of the node represents the citation
number. Nodes with red ring serve as the references with citation bursts meaning emergence of new trends. The links refer to the beginning of the connections. (B) The
top 20 references with the strongest bursts. The red bar refers to the burst duration. The appearance of dark blue bar represents the publication of the article. The
burst strength indicates the importance of this article to the research field.
A B

FIGURE 2 | (A) The network of cooperation between countries/regions. (B) The network of cooperation between institutions based on VOSviewer. Node size
indicates the number of publications; the link size refers to the cooperation Intensity; the earlier contributions were presented in darker colors.
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FIGURE 5 | (A) The co-occurrence network of the most frequently occurred 40 keywords in field of GWAS in diabetes. Node size refers to number of frequency.
(B) Timeline view of cluster for keywords co-occurrence in pathfinder pruning. Each cluster is named by most frequently occurred keyword. The clusters were arranged
vertically in the descending order of their size (the smallest number refers to the largest cluster). The position and size of the node on the timeline reveal the cumulative
frequency, and the year for the first occurrence of each keyword, respectively. Nodes with red tree rings refer to keywords with citation bursts. (C) Top 20 keywords with
the strongest citation bursts. The red bar refers to the burst duration. The burst strength indicates the importance of the keyword to the research field.
A B

FIGURE 4 | (A) The author co-citation network. The configurations set as: pruning pathfinder, algorithm log-likelihood rate (LLR), time slice l, top N 50 per year, link-
retaining factor (LRF) = 3, look back years (LBY) = 5, and e l = 1. The node size referred to the number of citations of a specific author, while the links represented
the frequency of the co-citation for two authors. The higher betweenness centrality (betweenness centrality > 0.l) represented the leading researchers and was
expressed as a purple circle around the node. (B) The top 6 co-cited author with annul citation counts.
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frequently occurring keywords, with the exclusion of the retrieved
terms from WoSCC (shown in Figure 5A), based on the keyword
co-occurrence clustering (shown in Table 2) indicated that risk (in
cluster #3) was the most representative keyword in the first 10 years
(2001–2009) of the domain, followed by insulin resistance (in
cluster #3), which is a pathophysiological process that precedes
diabetes. The identification and extraction of specific risk factors,
including adipose tissue (cluster #0, betweenness centrality = 0.14),
obesity (cluster #6, betweenness centrality = 0.06), inflammation
(cluster #10, betweenness centrality = 0.09), and body mass index
(cluster #1, betweenness centrality = 0.08), was expected to raise
concerns among the researchers in such domains. The frequently
employed keywords in the recent decade, such as epigenetics (top 1
in cluster #0, betweenness centrality = 0.04, appeared in 2011),
DNA methylation (top 2 in cluster #0, betweenness centrality =
0.05, appeared in 2011), metabolic memory (cluster #0,
betweenness centrality = 0.02, appeared in 2012), pancreatic islet
(cluster #3, betweenness centrality = 0.02, appeared in 2012), and
oxidative stress (cluster #14, betweenness centrality = 0.00,
appeared in 2012), indicated the recent focus on the in-depth
cellular and molecular mechanisms, especially the epigenetic
aspect, in the prevalence of diabetes.

Keyword burst analysis revealed the top 20 emergent
keywords with the strongest citation bursts, as shown in
Figure 5C. The keywords were ranked based on the strength
of bursts. Variant (in cluster #4) and genome-wide analysis (in
cluster #5) received the highest bursting attention across the
entire span. In the early years, investigating the genetic basis of
insulin-dependent diabetes mellitus (in cluster #3) was one of the
most important goals. Recently, there has been a growing interest
in diabetes-related complications, including nephropathy (in
cluster #0), and novel mechanisms in the development of the
disease, such as metabolic memory (in cluster #0).
Frontiers in Endocrinology | www.frontiersin.org 6
DISCUSSION

A rising trend in publications and citations on GWAS in diabetes
was observed during 2001–2021, which suggests that it remains an
area of concern. With regard to the contribution of countries/
regions, the publications and citations per document (77.94) in the
United States have obvious advantages over other countries/
regions, which signifies the country’s scientific research strength
and high investment in the field. China ranks second in the number
of papers published, but the citations per document were only
20.73, which signifies the need to improve the quality of research.
To assess the intensity of cooperation among the nations in the field
over time, dual-map overlays were constructed, which showed that
the North American and European countries/regions made their
contributions in the early years, i.e., before 2014. In 2016, there was
a burst in publications from China, which increased from 8
publications in 2016 to 13 publications in 2021. Furthermore,
there was a close connection among countries/regions, and the
United States has been the most frequently involved country in
international cooperation. In the distribution of contributions
among institutes, Harvard University was an early contributor to
genome research in diabetes, and its contributions began way back
in 2001. The most cited article was published in 2007 by Saxena
et al., affiliated with Harvard University. In this research, the
investigators analyzed 386,731 common single-nucleotide
polymorphisms to identify three loci associated with T2DM (16).
This has been by far the most cited article, with a total of 2,178
citations. Harvard Medical School had a burst of publications in
2016. Fuchsberger et al., fromHarvardMedical School, investigated
the genetic architecture in T2DM and concluded that large-scale
sequencing is necessary to identify functional alleles that provide
important clues to complex disease pathophysiology. Furthermore,
the researchers mentioned that common variants seem to be the
TABLE 2 | The 20 most frequently occurring keywords for genome-wide association study (GWAS) in diabetes research (derived from the list in Figure 5A), excluding
the terms retrieved from the Web of Science Core Collection (WoSCC).

Frequency Keywords Year of first appearance Centrality

54 Risk 2006 0.02
37 Insulin resistance 2005 0.08
35 DNA methylation 2011 0.05
35 Obesity 2009 0.06
29 Susceptibility 2005 0.05
25 Epigenetics 2011 0.04
20 Beta cell 2003 0.06
19 Inflammation 2009 0.09
19 Adipose tissue 2004 0.14
18 Body mass index 2002 0.08
15 Protein 2008 0.04
15 Cell 2007 0.06
13 Glucose 2014 0.09
13 Meta-analysis 2014 0.03
13 Oxidative stress 2012 0
13 Metabolic memory 2012 0.02
13 Metabolism 2009 0.03
12 Prevalence 2015 0.03
11 Pancreatic islet 2012 0.02
11 Risk factor 2012 0.02
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predominant contributors to T2DM heritability. Their work has
been cited 597 times, ranking the first in the recent 5 years (5th in
20 years from 2001 to 2021) (17).

The top 20 references with the strongest bursts referred to
knowledge transition and the emergence of new trends in the
research field. The first milestone paper in the field was on the
identification of polymorphisms in the cytotoxic T-lymphocyte
antigen 4 genes as candidates for primary determinants of T2DM
risk (18). Later, a landmark GWAS was conducted in seven
common diseases, including T1DM and T2DM, among a large
sample from the Wellcome Trust Case Control Consortium. The
findings represented a thorough validation of the GWAS
approach (19). Meanwhile, another GWAS in T2DM, also
based on the Wellcome Trust Case Control Consortium,
emphasized the contribution of multiple variants with modest
effects on pathways influencing pancreatic beta cells and the
etiology of T2DM (20). This study laid the foundation for
comprehensive investigations in diabetic genetics. Other
landmarks included DNA methylation in T1DM and its
vascular complications, verification of the necessity for the
comprehensive enumeration of sequence variations for the
identification of functional alleles in multi-ancestry groups, and,
last but not least, the 1000 Genomes Project. The genomes of
2,504 individuals from 26 populations were reconstructed to
characterize a broad spectrum of genetic variations, displaying
the distributions of genetic variations across the global sample
(17, 21, 22). The findings indicated close global cooperation and
revealed the epigenetic trends in diabetes in recent years.

In the author co-citation network, the first peak of citation
appeared during 2007–2009. D. Altshuler, from the Broad Institute
of Harvard and Massachusetts Institute of Technology (MIT),
found that the human genome could be parsed into haplotype
blocks, thereby laying the foundation for the construction of a
haplotype map of the human genome in the early times (23). The
researcher also did some pioneering work on the genetic mapping
of complex traits in humans, which laid the foundation for GWAS
in common diseases (24). Later on, from 2011 to 2012, D.
Altshuler participated in the 1000 Genomes Project and
provided insights into the characterization of the variations in
human genome sequences (25). Furthermore, large-scale
association analyses on lipid, blood pressure, and fasting glucose
shed light on the pathophysiology of cardiovascular disease and
T2DM (26–28). E. Zeggini, affiliated with the Wellcome Trust
Centre for Human Genetics from the University of Oxford,
reported a series of findings on GWAS. The researcher identified
the susceptibility loci for T2DM (29, 30), including loci at or near
the FTO gene (31), MC4R (32) influencing body mass, and
MTNR1B associated with fasting glucose levels (33). This study
was followed by a large-sample meta-analysis, including 21 GWAS
in 46,186 non-diabetic participants, and verification of the
susceptibility genes in an additional 76,558 participants (34). R.
Saxena shared the contribution with E. Zeggini in genetic locus
identification in T2DM (33, 34). Moreover, this author per se has
identified the variants associated with lipid levels (35) and the risk
of coronary artery disease (36). Thus, the citation counts for R.
Saxena remained high during 2011–2014. In 2007, S. Purcell
developed a famous toolset for GWAS and population-based
Frontiers in Endocrinology | www.frontiersin.org 7
linkage analyses, namely, PLINK (37). In recent years, he has
endeavored to explain the genetic association in sleep disorders
(38, 39). P.R. Burton, from the University of Leicester, elucidated
the central concepts of modern genetic epidemiology and revealed
its potential in devising appropriate preventive strategies for
common diseases (40, 41). H. Li, from the Wellcome Trust
Genome Campus affiliated with Cambridge, focused on mapping
low-divergent sequences against a large reference genome and
introducing the sequence alignment/map format as a universal
tool for GWAS (42, 43).

In the hotspot analysis by timeline view of the keyword
occurrence clustering, the largest cluster, epigenetics (cluster #0),
contributed to the development of biological pathways influenced
by metabolic risk factors (44). Preadipocytes from a person with
T2DM demonstrated an intrinsic gene expression profile that
persisted after several passes, highlighting that the early-life
environment could affect adipose tissue phenotype (45). Other
studies have demonstrated that alterations in DNA methylation
are the consequence of adiposity (46, 47). Widespread changes in
DNA methylation have been associated with body mass index,
which predicts future T2DM (relative risk per 1 SD increase in the
methylation risk score = 2.3, 95% CI = 2.07–2.56, p < 0.001) in an
epigenome-wide association study including 10,261 samples (48),
suggesting that DNA methylation is independent of the
conventional risk factors toward predicting incident T2DM.
Meanwhile, identification of methylation loci proved that genes
are involved in lipid metabolism and inflammatory pathways,
such as ABCG1, which is involved in insulin secretion and in the
transport of cholesterol and phospholipids (49, 50). In addition,
TNFRSF4 and MAP3K2 are involved in the activation of nuclear
factor kappa B (NF-kB) (51).

For cluster #2 (genetic architecture), researchers have reported a
greater number of loci associated with b-cell dysfunction (KCNJ11,
TCF7L2, KCNQ1, WFS1, HNF1B, SLC2A2, SLC30A8, ADRA2A,
CAMK1D, CDKAL1, CDKN2A, CDKN2B, G6PC2, GLIS3, GCKR,
GCK, IGF2BP2, NOTCH2, THADA,MTNR1B, PROX1, andGIPR)
and several loci associated with impaired insulin sensitivity and
adiposity (PPARG, IRS1, IGF1, FTO, and KLF14) (34, 52, 53).
Another GWAS using whole-genome sequencing in 2,657
European samples, exome sequencing in 12,940 individuals from
five ancestries, and genotyping and imputation in a further 111,548
subjects provided proof that enumeration of genetic variations is
necessary in order to identify functional alleles that provide
important clues to the disease pathophysiology. However, it is
difficult to explain the role of the less common variants (allele
frequency <5%) in the predisposition to T2DM with the current
approaches of GWAS (17).
LIMITATIONS AND CONCLUSION

There are some limitations to our study. Firstly, owing to the nature
of the CiteSpace software, the present study could only index the
references in the WoSCC database, which may not fully represent
the available information in this field. Secondly, with the continuous
update of the WoSCC database, non-English references were
excluded and only published articles and reviews were included;
March 2022 | Volume 13 | Article 817620
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therefore, a discrepancy may exist between our results and the
overall publications. Finally, the distributions of cooperation among
countries/regions and institutions were limited to GWAS in
diabetes and, hence, do not apply to other common diseases.

In conclusion, the last two decades have witnessed a rising trend
in the annual number of publications and citations on GWAS in
diabetes. The current work has provided the history and trends of
GWAS in diabetes and may enable the development of new
strategies for the prediction and prevention of diabetes and other
adverse clinical consequences. Further studies are warranted in the
field of technical progress in GWAS to obtain detailed explanations
concerning phenotypes that facilitate risk stratification and
personalized medicine so as to tackle the current global epidemic
of diabetes and its associated cardiovascular disturbances.
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