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A B S T R A C T   

Spatial heterogeneity is a fundamental research topic in the field of geography, and Geodetector is 
a widely used tool for studying this phenomenon. To understand the research advancements and 
knowledge diffusion trends surrounding Geodetector, we constructed an author evolutionary tree 
structure fusing its 847 core citations in the Web of Science database and Geotree model for the 
first time. The results of our literature statistics indicated that Geodetector has garnered the 
attention of 3123 authors from 48 countries since its publication in the Ecological Indicators 
journal in 2010, who have published core papers concerning ten important topics. The majority of 
these studies focused on spatial heterogeneity and its influencing factors. Our analysis of Geotree 
data revealed a significant correlation between the publication rate of scholars in large teams and 
their academic activities. Our analysis of the knowledge diffusion chain shown that only 2% of the 
total number of authors have contributed to over 20% of the scientific collaborations and 
knowledge diffusion, and they were recognized as experts in Geodetector research. To provide a 
comprehensive reference for future scholars, we have summarized the citing countries, five 
classical articles, main scientific domains, and core teams of Geodetector research.   

1. Introduction 

Geography is an interdisciplinary field that combines natural science and social science and has the qualities of being compre-
hensive, interdisciplinary, and regional. The study of geospatial attributes is mainly divided into two aspects: spatial autocorrelation 
and spatial heterogeneity. Spatial heterogeneity includes spatial stratified heterogeneity and spatial local heterogeneity, and Geo-
detector is widely used to detect the former [1]. Geodetector has been applied in various research fields by scholars around the world 
including China, America, the United Kingdom, Sweden, Australia and Italy, covering subjects such as cancer [2], global warming [3], 
eco-geographical division [4], vegetation index change [5], urban park usage [6], population distribution [7], PM2.5 [8], forest carbon 
monitoring [9,10], air pollution [11,12], urban livability [13], air quality index [14], renewable energy industry [15], soil moisture 
changes [16], and environmental metrology [17,18]. The transnational and interdisciplinary diffusion of Geodetector knowledge 
provided technical conditions and theoretical practices for the cross-fertilization of geography with other fields and contributed to the 
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emergence and development of related emerging research directions. 
Despite benefiting from interdisciplinary and international multidimensional knowledge dissemination, Geodetector has been 

widely adopted and applied in various scenarios, conditions, and domains. However, the overall trends of these applications and the 
developmental trajectory of the underlying theory have yet to be summarized to explore further prospects for advancement. Scien-
tometrics and bibliometrics offer a framework for the analysis of scientific literature and provide a database for the same. Scholars have 
used these tools to study the knowledge domains and emerging trends in various fields, including nanoparticle drug delivery tech-
nologies, echinococcosis research, GIS, organic photovoltaic technology, vulnerability assessment in the context of climate change, 
and sustainable development research [19–27]. Other researchers have utilized advanced techniques and visualization methods to 
deepen the analysis of scientific literature. For example, White (2010) and others introduced the use of correlation theory [28]. Several 
studies have also analyzed research hotspots and their evolving trends through bibliometric analysis and GIS techniques [29–31]. 
Additionally, Duan (2020) et al. applied an evolutionary tree structure to visualize the evolution of various research areas [32]. Despite 
these advancements, the field of literature review still lacks an in-depth analysis of the underlying knowledge diffusion processes 
present in the literature. These studies, primarily conducted through bibliometric analysis and visualized in various forms such as 
networks, maps, and evolutionary trees, provide valuable insights for researchers and policymakers across multiple fields. 

Since the 1980s, economists have studied the diffusion of knowledge through social networks such as telephone, fax, and mail [33]. 
Studies have demonstrated that the tacit knowledge obtained through direct interaction is more profound, leading to a growing focus 
on the social space of knowledge diffusion [34]. Initially, researchers used knowledge networks to depict scientific collaborations, 
including rule networks, random networks, and small-world networks [35–38]. However, these models lacked consideration for in-
dividual heterogeneity, resulting in the introduction of weighted networks, complex networks, and collaboration hypernetwork [39, 
40]. Additionally, some scholars used epidemic models to illustrate knowledge diffusion, comparing the spread of knowledge to that of 
viruses [41,42]. Despite the differences between individuals’ behavior in the face of knowledge and viruses, some researchers have 
innovatively improved epidemic models based on knowledge diffusion mechanisms, such as environmental feedback, self-learning 
[41,43], friendship incentive [44], review [45], and individual perception [42]. Hence, it is crucial to take into account both the 
social space and individual heterogeneity when analyzing knowledge diffusion through literature review, meaning that knowledge 
diffusion modeling should be carried out at the individual level. 

To reach that goal, this study proposed a novel approach by incorporating the concept of social space in scientific knowledge graphs 

Fig. 1. The collection and processing of studies involved in a systematic review and knowledge diffusion analysis.  
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into a spatiotemporal evolution tree model, resulting in a knowledge diffusion evolution tree model that considers individual het-
erogeneity. The spatiotemporal evolution tree model was used to analyze the heterogeneity and evolution of research objects. A 
concern for this approach is that because modeling results are influenced by input parameters, so the application of the model requires 
scholars to have a deep understanding of the relationship between the classification and development trends of the research objects. 
For instance, the evolution tree of land expansion can be used to study the dynamic change in urban construction land based on city 
types and urban development stages [46]. The evolution tree of a comprehensive evaluation of urban compactness consists of four 
secondary indicators and twelve tertiary indicators [47]. The evolution tree of the accidental disability population is based on social 
security levels and industrial structures [48]. Other examples of the domain-specific knowledge necessary to use the evolution tree 
model effectively include works from Zhang [49], Wang and Liu [50], He [51], Hu [52], Wang and Wang [53], Duan [32], etc. 

Based on the information discussed above, we conducted a search in the Web of Sciences core citation database, utilized the widely- 
used citation analysis tool Citespace to analyze the distribution of Geodetector knowledge across various fields worldwide, and 
employed the Geotree to model the evolution of the knowledge taxonomy. For the first time, this study utilized a bibliometric method 
to identify research hotspots and dynamic trends of Geodetector research from the past ten years, offering new insights into the main 
progress of spatial stratified heterogeneity detection research. Moreover, the study introduced a novel author evolution tree model that 
considers both social space and individual heterogeneity, providing a new perspective on the knowledge diffusion process. Different 
from many regional geographic research and bibliometric analyses, this study proposed a new idea of quantifying, spatializing, and 
individualizing the knowledge diffusion process through citations using geoscientific methods. The author evolution tree model 
developed in this study can be applied to various fields of knowledge diffusion research. 

2. Materials and methods 

2.1. Research data 

The data in this article was downloaded from the databases of the Science Citation Index (SCI) and Social Science Citation Index 
(SSCI) created by the American Institute for Scientific Information (Fig. 1). The team of researcher JF Wang from the Institute of 
Geographic Sciences and Natural Resources Research, Chinese Academy of Sciences, whose three publications laid the theoretical 
foundation of spatial heterogeneity statistics, proposed the Geodetector model: the first published spatial heterogeneity for statistical 
attribution [54]. The second published the probability density function of Geodetector q statistic [55]. The third published the geo-
science principle of Geodetector [1]. Accordingly, we searched the above three articles in the Web of Science (WoS) scientific citation 
index database (retrieval date: January 3, 2022), and obtained the SCI&SSCI citation data of Geodetector for 12 consecutive years 
(2010–2021), with total of 1307 valid records downloaded. Among them, 1283 records were articles, 15 records were proceedings, and 
9 records were reviews. After checking the duplicates, 847 unique records were obtained. 

2.2. CiteSpace 

CiteSpace (Version: 5.8. R3c) is an information visualization tool developed using Java language [56]. Its input includes S&E 
citation databases such as WoS, Scopus, Derwent, CSSCI, and CNKI. Citespace has been widely used in the analysis of research hotspots, 
fronts, and trends [19,23]. Based on this, the co-citation networks of documents, authors, and journals the co-citation networks, the 
collaboration networks of authors, institutions, and countries, and the co-occurrence networks of keywords, terms, and domains are 
drawn. The interpretation of the scientific knowledge graphs usually has the following points: network structure, network clusters, 
inter-cluster associations, key nodes, and paths. Betweenness centrality, burst detection, and citation tree-rings are three critical terms 
used to measure article impact, identify research fronts, and display citation history, respectively [19]. Literature with high 
betweenness centrality is often a key hub connecting two different fields, so it is also called a turning point. The calculation formula of 
this indicator is as follows [57]: 

BCi =
∑

s∕=i∕=t

ni
st

gst
(1)  

In formula (1), gst is the number of shortest paths from node s to node t, and ni
st is the number of shortest paths passing through node i 

among the gst shortest paths from node s to node t. In short, the betweenness centrality metric describes the importance of a node in 
terms of the number of shortest paths passing through a node. 

2.3. Spatiotemporal evolution tree 

The spatiotemporal evolution tree model was proposed by the research team of JF Wang [46,58,59], which can simply and clearly 
represent the evolution process and hidden mechanism of the research object through a multi-dimensional tree coordinate system. This 
model is based on the evolutionary theory of biology and is often used in the analysis of spatial and temporal data in geography [59]. 
During the development and practice of Geodetector theory, the authors of the citations play a major role in promoting knowledge 
diffusion. Treating the complexity of knowledge diffusion as one would an organic individual, the multi-dimensional process of au-
thors has the characteristics of life evolution. 

Therefore, this paper adopted the Geotree software to construct the knowledge diffusion evolution tree of Geodetector (http:// 

Y. Liang and C. Xu                                                                                                                                                                                                    

http://www.sssampling.cn/geotree/


Heliyon 9 (2023) e19651

4

www.sssampling.cn/geotree/) (Fig. 2). The academic groups formed by the author cluster and the research stage divided according to 
the node degree centrality were used to represent the author classification and evolution stage respectively, which constituted the first- 
level branch and the second-level branch of the tree model in turn, and the leaves represent the authors. The final result was beautified 
with draw. io software (http://draw.io/). 

3. Results 

3.1. The distributions of knowledge based on network analysis 

3.1.1. The geographical space of Geodetector knowledge 
Mapping the co-countries network helps to examine the cooperative relationship between countries, analyze the status of different 

countries in the cooperative network, and explore the core position of spatial heterogeneity research and the development of Geo-
detector theory. And it helps to explain the macro scientific research and production mode. Of the 847 articles collected in this study, 
833 have the country/region field, and 14 have this field missing. After merging the documents of regions into their countries, authors 
are distributed in 48 countries around the world, and each country publishes 17.35 papers on average. As shown in Fig. 3, there are a 
total of 48 nodes and 92 links in the Geodetector co-countries network, and the network density is 0.0816. This shows that the spatial 
diffusion of Geodetector knowledge is very extensive, but the cooperative relationship among countries is unbalanced, that is, some 
countries cooperate closely and some countries cooperate very little. The burst detection result (red circles in Fig. 3) shows a surge in 
citations in the United States. The spotlight detection result shows that China, the United States, the United Kingdom, Italy, and the 
Netherlands are the core nodes, which is closely related to the distribution of many famous geography-related master’s and doctoral 
degrees in these places. 

To understand the spatial distribution pattern of knowledge, we draw its world citation distribution heatmap (Fig. 4) based on 
cartography and geographic information system technology and convert the virtual scientific knowledge graph into geographic space. 
In order of the number of citations, the TOP ten countries are: China, the United States, Australia, the United Kingdom, the 
Netherlands, Germany, Canada, Italy, South Africa and Sweden. Except for Italy and Sweden, the node betweenness centrality values 
of eight countries are all greater than 0.1, indicating that these countries carry out more exchanges and cooperation in spatial het-
erogeneity research. According to the cooperation time nodes, China and the United States are the first to establish cooperative re-
lations with other countries in Geodetector research (2010), followed by Australia and the United Kingdom (2013), Canada (2014), 
then the Netherlands and Sweden (2015), Germany (2016), and finally Italy (2018) and South Africa (2019). 

3.1.2. The citation space of Geodetector knowledge 
Mapping the document co-citation network helps to analyze the role of documents in the collaborative network. The nodes in the 

network represent documents, and the larger the node, the greater the reference value of this research in the application of Geo-
detector. In the document co-citation network of the Geodetector (Fig. 5), the number of nodes is 656, the number of links is 2304, and 
the network density is 0.0107. The Modularity Q (MQ) and Mean Silhouette (MS) values are 0.8104 and 0.92, respectively, indicating 
that the network density is small, but the clustering effect is good and the co-citation degree is high. This forms many sub-clusters, with 
frequent intra-sub-cluster cooperation and less inter-sub-cluster cooperation. 

Table 1 lists the five documents most frequently cited by users in the Geodetector co-citation network. They interpret Geodetector 

Fig. 2. The Geotree structure of Geodetector authors.  
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from the perspectives of principles, technologies, and applications. Among them, the most popular document proposed the q-statistic 
method to measure the spatial stratified heterogeneity [55]. The second document describes the geoscience principles of Geodetector 
and provides a method guide for users [1]. The third document is based on a Geodetector analysis of the physical geographical zoning 
characteristics of the United States [60]. The fourth document is the first to propose a Geodetector and apply it to the study of impact 
factors of the incidence of neural tube defects in Heshun County, China [54]. The fifth document applies Geodetector to the study of 
built-up land expansion [61]. Therefore, when applying Geodetector for the research of spatial stratified heterogeneity or factors 
detection, the above five documents can be prioritized for reference. 

3.1.3. The application domains of geodetector knowledge 
The co-occurrence terms network help to analyze the main content and research hotspots of application cases. The nodes in this 

network (Fig. 6) are terms, and the size of each node indicates the co-occurrence frequency of terms. Colored lines between nodes 
indicate the first co-occurrence year of terms: green for the earliest and yellow for the latest. In Geodetector studies, “spatial distri-
bution” has the highest co-occurrence frequency (132), followed by: “influencing factor (115)", “spatial heterogeneity (100)", “driving 
factor (97)", “spatial pattern” (89)", “geographical detector (88)", and “dominant factor (66)", etc. It shows that the main contents of 
the application of Geodetector are influencing factors and spatial heterogeneity, and there is little research to distinguish between 
spatial stratified heterogeneity and spatial local heterogeneity. The cluster labels in the network are based on Latent Semantic Indexing 
(LSI), so research hotspots of Geodetector are land use (105), urban agglomeration (96), human activities (76), soil erosion (105), 

Fig. 3. The co-countries network in the field of Geodetector.  

Fig. 4. Heatmap of citations by country and first cited year. Excluding China (766 citations in 2010) and the United States (110 citations in 2010).  
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rainstorm waterlogging (51), and landslide susceptibility (41), etc. The numbers in parentheses indicate the documents included in the 
cluster. 

Burst detection reflects the short-term change in the frequency of a word or phrase in the Geodetector citing documents. Terms 
appear at different times and durations, reflecting emerging trends in different periods and the development trajectories of Geodetector 
theory. The results show that the emerging trends of geographic detectors in 2010 were northern China, birth defects, and neural tube 
defects. In 2013, it was risk factor. In 2015, it was the geographical detector. In 2016, they were spatial association and population 
density. In 2017, they are hfmd disease, geographical detector model, and relative risks. In 2018, they are urban planning, 
geographical detector technique, cold spots, and spatial stratified heterogeneity. In 2019, they are the main influencing factors, 
relative humidity, eastern China, hfmd disease, and distribution pattern. Among them, the longest outbreak of “Northern China” 
studies has lasted for nine years, from 2010 to 2018. 

3.2. The Geotree modeling and knowledge diffusion analysis 

Among the 847 papers collected in this study, 833 of which contain the author field, 14 papers are missing this field. There are 3123 
unduplicated authors, with an average of 3.75 authors per paper, and the frequency of author appearances is 4293. Based on the 
default threshold parameters, we plot the co-authorship network as shown in Fig. 7. The network has a total of 365 nodes, 704 links, 

Fig. 5. The co-citation network in the field of Geodetector. Blue circles indicate high abruptness; red circles indicate high betweenness centrality.  

Table 1 
Top five most co-cited articles in the Geodetector field.  

Co-cited 
Frequency 

aGoogle 
Scholar 

Title Author Year Half 
Life 

Journal 

400 872 A measure of spatial stratified heterogeneity JF Wang 
et al. 

2016 3.5 Ecological Indicators 

291 681 Geodetector: Principle and prospective JF Wang 
et al. 

2017 3.5 Acta Geographica Sinica 

54 116 Spatial association between dissection density and 
environmental factors over the entire conterminous United 
States 

W Luo 
et al. 

2016 3.5 Geophysical Research Letters 

38 1363 Geographical Detectors-Based Health Risk Assessment and its 
Application in the Neural Tube Defects Study of the Heshun 
Region, China 

JF Wang 
et al. 

2010 3.5 International Journal of 
Geographical Information 
Science 

38 112 Driving forces and their interactions of built-up land 
expansion based on the geographical detector – a case study 
of Beijing, China 

HR Ju 
et al. 

2016 3.5 International Journal of 
Geographical Information 
Science  

a Google Scholar: citations retrieved on Google Scholar on February 13, 2023. 
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and a network density of 0.0106. It shows that there is extensive and frequent cooperation among the authors of Geodetector, but the 
cooperation relationship between them is not close or balanced. The MQ value of the network is 0.80, and the MS value is 0.90, 
indicating that the network has a high degree of modularity, indicating that there are academic groups with clear boundaries, and 
there is a close cooperative relationship within the divided academic groups. 

3.2.1. First-level branch—academic groups 
According to the clustering results of the co-authorship network in Table 2, there are seven main academic groups of Geodetector 

research (132 scholars in total, this table only shows 87 scholars who have published more than two related papers), which were 
formed in 2010, 2011 and 2019. Therefore, the first-level branch of the author’s Geotree is divided into seven parts. These studies 
mainly involve three disciplines: geographic information, ecological environment, and public health. The research topics from aca-
demic group one to academic group seven are spatial data, heavy metals, schistosomiasis risk, birth defects, climate change, neural 
tube defects, and soil salinity. 

As for the closeness of cooperation, the average level of the silhouette of these seven clusters is 0.923, so the cooperation rela-
tionship within each group is very close. From the perspective of the author’s contribution, Jinfeng Wang, George Christakos, Yilan 

Fig. 6. The co-occurrence terms network in the field of Geodetector.  

Fig. 7. The co-authorship network in the field of Geodetector.  
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Table 2 
The core academic groups of Geodetector research.  

Cluster 
ID 

Group Members Silhouette Year Clustering labels 

LSI LLR 

1 28 members including Jinfeng Wang, Maogui Hu, Xiangxue Zhang, Bingbo 
Gao, Li Wang, etc. 

0.786 2010 spatial data spatial data 

2 19 members including Chengdong Xu, Yilan Liao, Yin Ren, Jianfeng Tang, 
Yaying Li, etc. 

0.841 2010 heavy metals ecological factor; 

3 12 members including Yi Hu, Qingwu Jiang, Liqian Sun, Henry Lynn, Robert 
Bergquist, etc. 

0.933 2011 schistosomiasis 
risk 

sandwich method 

4 Xiaoying Zheng, Ting Zhang, and Jilei Wu. 0.965 2010 birth defects birth defect 
5 13 members including Hongquan Song, Tuanhui Wang, Lizhong Liang, 

Guangli Zhang, Nan He, etc. 
0.999 2019 pm concentrations meteorological 

condition 
6 George Christakos and Xin Liu. 0.952 2010 ntd determinants hongta district 
7 10 members including Changxiu Cheng, Changqing Song, Shi Shen, Xiaolei 

Zhang, Chengfu Zhou, etc. 
0.988 2019 soil salinity soil salinity  

Fig. 8. The Geotree of Geodetector authors.  
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Liao, Ting Zhang, and Xiaoying Zheng first proposed the model and then formed an academic group with a certain scale. It has 
promoted the knowledge diffusion and theoretical development of Geodetector in different disciplines and different research fields. 

3.2.2. Second-level branch—research stages 
Betweenness centrality and burstiness detection can identify core and frontier scholars in the co-authorship network. Among the 

365 authors of Geodetector, Jinfeng Wang’s betweenness centrality value is the highest (0.2), which plays a key role in knowledge 
diffusion, and other scholars are all lower than 0.1. The top three authors of the burst detection values are Xiaoying Zheng (from 2010 

Fig. 9. The pennant maps of spreading authors. Picture A is the pennant map of the primary author, and pictures B–F are the pennant maps of the 
second-level spreading authors. 
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to 2014), Jinfeng Wang (from 2010 to 2014), and Yilan Liao (from 2010 to 2018), so their papers represent the frontiers in Geodetector 
research. Among them, Liao Yilan has the longest outbreak, leading the trend for nine years. 

In the network, the larger the degree centrality value of a node is, the more links between this node and other nodes, and the author 
corresponding to the node has a wider academic communication circle. The index directly reflects the authors’ activity and research 
depth in the academic community. Therefore, we classify the degree centrality of all nodes into three levels through the natural 
breakpoint algorithm to characterize the authors’ research stages. Among them, stage one represents the enlightenment stage of early 
research (1–6), stages two and stage three represent the growth stage with the rapid increase in research results (6–12; 12–19), and 
stages 4 and 5 represent the mature stage of in-depth research (19–33; 33–58). 

3.2.3. Leaves—authors 
Based on index data and cluster analysis, the academic groups of Geodetector consist of 132 authors. Dividing them into different 

academic groups and research stages, all authors correspond to 132 leaves in the tree structure. The color of the leaf indicates the count 
of articles published by the author and is classified into 6 intervals. 

3.2.4. Taxonomic evolution characteristics of Geodetector knowledge 
Based on the above modeling process, the author evolution tree of the Geodetector was calculated, and its tree structure visualized 

by Geotree is shown in Fig. 8. The model describes the distribution of citation counts in different academic groups at different research 
stages and reveals the taxonomic evolution characteristics of citation knowledge. Among them, academic group 1 and academic group 
2 at the bottom of the Geotree have the largest scales, scholars in group 1 are distributed in research stages 1, 2, 3, and 5, and scholars 
in group 2 are distributed in research stages 1, 2, 3, and 4. The authors numbered “15″ and “24″ are those with the most citations to 
Geodetector. Academic groups 3, 4, and 5 in the middle of the Geotree are of the same scale. Scholars in Group 3 are distributed in 
research stages 1, 2, and 3, scholars in Group 4 are distributed in groups 1, 2, and 5, and scholars in Group 5 are distributed in the 
research stages. In groups 1, 2, and 3, the authors with the most citations are numbered “42″, “45″ and “53". The academic group 6 in 
the middle of the Geotree and the group 7 at the top are the smallest in scale. The scholars of both groups are distributed in research 
stages 1 and 2, and the author with the most citations of geographic detectors is numbered “72". Therefore, in the large-scale academic 
group, scholars with high academic achievement output are also highly active. In the medium-scale academic group, there is no 
obvious correspondence between the activity of scholars and their achievement output, while in a small-scale academic group, scholars 
with low activity also have more academic achievements. 

3.3. Authors’ contribution to knowledge network 

3.3.1. Authors’ relevance 
In addition to the diffusion process of knowledge in different research stages of different academic groups, the research also wants 

to further understand the contribution of scholars to the knowledge network. First, we inputted authors as seeds for the pennant maps 
seen in Fig. 8, thereby identifying the relevance of co-authorship to seeds. The pennant diagram was proposed based on the Relevance 
Theory of language pragmatics, and its basic expression is Relevance = Cognitive effects/Processing effort [62]. The pennant diagram 
in information science utilizes Weight = TF × IDF to represent the importance of a word to the document, the X-axis corresponds to TF 
(Term Frequency), and the Y-axis corresponds to IDF (Inverse Document Frequency). If the term of seed is an author’s name, all authors 
that co-occur with that author can be listed and sorted by frequency of co-occurrence [20,28]. 

Since Jinfeng Wang is the first author and corresponding author of the first authoring paper of the Geodetector, we inputted this 
author as the primary seed to construct the pennant model shown in Fig. 9A. As shown in the figure, the spreading author is on the far 
right and the bottom of the figure, indicating that the biggest cognitive effect in Wang’s collaborative research is produced by reading 

Fig. 10. Schematic diagram of the spreading author’s knowledge diffusion chain. The text in the box is the name of the spreading author, and the 
number in parentheses is the publication count. 
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Wang’s research. As shown in Fig. 9A, area a corresponds to some specific fields of the spreading author’s research. Area b corresponds 
to some other fields of research in the discipline in which the spreading author majors. Area c corresponds to research in other dis-
ciplines. In Wang’s pennant map, Chengdong Xu is in area b, while other authors are in area a, indicating that Xu’s research direction is 
close to Wang, and the application cases of Geodetector are distributed in different disciplines. Most of the authors in block a are 
distributed close to the x-axis origin, indicating that they have less relevant studies. These studies are sporadically distributed in 
different disciplines and have the characteristics of wide diffusion and shallow depth, which reflects the general characteristics of 
Geodetector being used in interdisciplinary research on spatial stratified heterogeneity. 

3.3.2. Knowledge diffusion chain 
Then we constructed pennant maps for the 5 second-level spreading authors (see Fig. 9B ~ F), including four authors in area a that 

are significantly far from the origin of the x-axis and close to the origin of the y-axis and only one author in area b. Then, the authors 
most associated with these five authors are selected according to the pennant graphs. So, in Fig. 10, Jinfeng Wang is the primary seed at 
the top of the diffusion chain, the second layer (the secondary spreading authors) shows the top five authors with the highest research 
similarity and co-occurrence frequency among Jinfeng Wang’s co-authors, and the third layer (the tertiary spreading authors) shows 
the authors most associated with secondary spreading authors. 

Therefore, JF Wang’s main collaborators are CD Xu, YL Liao, MG Hu, BB Gao, and XY Zheng. The two-way arrows in Fig. 9 show a 
strong coupling relationship, and the research contents of the two are also similar. According to the author’s cooperation network, 
there are 160 network links between the original seeds and secondary seeds, accounting for 22.73% of all network links (704). Six 
spreading authors account for 1.6% of all nodes (365), which means that less than 2% of spreading authors promote more than 20% of 
scientific cooperation and knowledge diffusion. The knowledge diffusion chain constructed according to the spreading authors plays a 
key role in analyzing the knowledge diffusion process. 

According to the author’s evolution tree, JF Wang, BB Gao, and MG Hu belong to academic group 1, CD Xu and YL Liao belong to 
academic group 2, and XY Zheng belongs to academic group 4. Among them, BB Gao and MG Hu are in the growth stage of research, 
and the other four spreading authors are in the mature stage. This shows that the publication volume and academic cooperation rate of 
the spreading authors selected according to the relevance theory are at the middle and upper levels. These authors are related to three 
of seven of the academic groups. The main collaborators of the primary seed and their collaborators constitute the core of the co- 
authorship network. According to the authors’ institutions, these studies include both intra-institutional and inter-institutional 
collaborations. 

4. Discussion and implications 

This study builds upon previous research while addressing existing gaps in the understanding of the Geodetector model’s theory 
evolution and knowledge diffusion [32]. We amalgamate diverse disciplinary backgrounds, offering insights into geography, spatial 
heterogeneity, and impact factor analysis through the practical implementation of a geographical method in citation analysis and 
scientometric evaluation. Our efforts and findings bring forth theoretical and practical significance to some fields, such as spatial 
heterogeneity, evolutionary pattern analysis, literature reviews, and knowledge diffusion. 

At the outset, our research stems from the recognition of a research gap in the literature surrounding the Geodetector model [1]. 
While its widespread application is acknowledged, a comprehensive exploration of its theoretical development history and the 
mechanisms governing knowledge diffusion was lacking. By bridging this gap, our study lays the groundwork for deeper insights into 
the Geodetector’s impact and significance across various domains. Importantly, this research makes substantial contributions to the 
advancement of the Geodetector model itself. Through our meticulous literature review, we unveiled the global reach of the Geo-
detector’s influence, as evidenced by the engagement of authors from 48 countries and 3123 authors. This comprehensive mapping of 
the scholarly landscape provides an invaluable resource for researchers seeking to delve into the Geodetector’s theoretical foundations 
and its evolving trends. 

Additionally, our introduction of the Geotree method constitutes a novel approach that contributes to both theory and practice 
[59]. The Geotree method, which offers a visual representation of knowledge diffusion, serves as a powerful tool for citation analysis 
and scientometric investigation. This methodological innovation empowers scholars to gain insights into knowledge dissemination 
trends while also facilitating interdisciplinary collaboration. From a theoretical standpoint, this study enriches the field of evolution 
trees by shedding light on the diffusion of knowledge within these contexts. The application of the Geotree method serves as a bridge 
between various disciplines, offering a versatile approach to understanding how ideas spread and impact different areas of knowledge. 

Furthermore, our research has practical implications that extend beyond the theoretical realm. The Geotree method’s application 
to knowledge diffusion provides actionable insights for scholars and practitioners seeking to strategically collaborate and leverage 
scholarly interactions. Our study paves the way for impact factor analysis within the domain of Geodetector research, offering a 
quantitative assessment of its influence on the academic landscape. By expanding the Geotree method to encompass broader thematic 
areas, researchers can unravel more generalized patterns of knowledge diffusion [39,40]. 

In summary, our study stands as a pivotal contribution to the understanding of the Geodetector model’s theory application and 
development trends. By addressing research gaps and introducing the Geotree method, we offer insights that resonate across diverse 
disciplinary backgrounds. The theoretical and practical implications underscore the importance of interdisciplinary collaboration and 
the potential for methodological innovation in shaping the trajectory of knowledge dissemination and impact assessment. 

Y. Liang and C. Xu                                                                                                                                                                                                    



Heliyon 9 (2023) e19651

12

5. Conclusions 

The Geodetector model’s versatility across different fields makes the knowledge it generates applicable in multiple disciplines and 
globally. Studying its diffusion process through a single bibliometric statistic is challenging. To overcome this obstacle, this paper 
presents an author evolution tree model based on scientific knowledge graph analysis to understand the diffusion of knowledge 
generated by the highly adaptable Geodetector model across various fields. The Geotree in multi-dimensional knowledge diffusion 
analysis illustrates the distribution and evolution pattern of knowledge through multi-level branches. This paper’s Geotree of authors is 
divided into academic groups (first-level branches) and research stages (second-level branches). Scholars are represented as leaves 
with color depth indicating their research outputs, allowing for the extraction of knowledge diffusion information across different 
academic groups and stages. 

Our study uses bibliometric analysis, relevance theory, and GIS technology to analyze the diffusion of knowledge through a 
literature review. Compared to other studies (Table 3), which have used different forms of visualization, our study focuses on a deeper 
analysis of knowledge diffusion, which is lacking in previous studies. Most studies analyze knowledge diffusion through simulations or 
experiments, which introduce uncertainties, while only a few analyze real-life data. Despite differences, many studies agree on the 
crucial impact of social space and individual heterogeneity on the diffusion process, providing a solid theoretical foundation for our 
research. 

The results show that Geodetector authors are located in 48 countries with China, the US, Australia, the UK, and others being the 
core countries. The authors’ research covers various fields including geographic information, ecological assessment, life and health, 
spatial statistics, urban planning, remote sensing inversion, climate change, mathematical modeling, and human settlements. The 
academic output of authors varies between large and small teams. The relevance theory is used to understand the interdisciplinary 
application of knowledge, leading to the construction of a knowledge diffusion chain model to show multi-level cooperative re-
lationships between authors. 

However, this study only analyzed citations in the core database due to data limitations. To fully reflect the knowledge diffusion 
process in the citation database, future studies could incorporate a web crawler to obtain all citation records. Our study focuses on the 
Geodetector case and the academic groups and research stages are representative of a small sample of scholars. In the future, con-
structing an author evolution tree model based on a macroscopic topic can provide more generalized patterns. The use of multi-level 
modeling and Machine Learning algorithms can also help predict the academic activity of scholars in the next stage, which is a po-
tential future research direction [46,63]. The findings in this study promote interdisciplinary collaborations to provide a broader 
perspective and understanding of knowledge diffusion. 
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Table 3 
The summary ofiew summaof research on knowledge diffusion and literature review.  

References Research content Research data Methods Visualization 

Chen 2006; White 2007; Wei 2015; Lee 2016; 
Li 2016; Xiao 2017; Zhu 2017; Zhang 
2018; Ma 2019 

Literature review Scientific 
literature 

Bibliometric analysis Network 

Duan 2020 Bibliometric analysis and 
evolution tree methods 

Network and evolution tree 

White 2010 Relevance theory and 
bibliometric analysis 

Network 

Hu 2017; Hu 2018; Yuting 2019 Research hotspots Bibliometric analysis and GIS 
technology 

Network and map 

Cowan 2004 Knowledge diffusion Simulation 
data 

Network model Network 

Kim 2009 R&D data. 
Pinto 2019 Patent data 
Kiss 2010 Scientific 

literature 
Epidemic model Curve Chart 

Wang 2017; Wang 2019a; Yang 2015; Zheng 
2019 

Simulation 
data 

Knowledge transmission model 

Our research Knowledge diffusion 
and literature review 

Scientific 
literature 

Bibliometric analysis, 
relevance theory, and GIS 
technology 

Network, heatmap, evolution 
tree, and transmission chain  
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