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Visualization analysis for radiomics research based on
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ABSTRACT Objective: To illustrate the literature distribution, research power distribution, and research
hotspots in the radiomics research by using knowledge mapping analysis, and to provide reference
for relevant researchers.

Methods: Bibliographies from literature regarding radiomics in Web of Science database were
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downloaded. BICOM 2.0.1 and SATI 3.2 were used to clean and caculate the frequency of
publication year, journal, author, key word, and research institution. CiteSpace V4.4.R1 was used to
build the knowledge map of scientific research collaboration network between countries/regions.
Ucinet 6 was used to build the knowledge map of scientific research collaboration network between
core authors and institutions. gCLUTO 1.0 was applied to construct high-frequency keywords bi-
clustering map.

Results: A total of 700 literature was screened. Since 2012 the number of publications has been
growing rapidly year by year. The United States, China, and Netherlands were leaders in this
tield. There were S major scientific research institution cooperative groups and 10 major author
cooperative groups. Eight research hotspots were clustered by using high-frequency key word bi-
clustering analysis.

Conclusion: Radiomics is a new field and develops very fast. More and more countries, research

institutions, and researchers with multidisciplinary background are going to participate in this filed.

New terminology and new methods are going to appear in the field.
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Figure 1 Scientific collaboration network map between countries/regions

The size of nodes in the figure reflects how many papers the country/region published; the number on the connections between nodes indicates

how many papers they co-published; the thickness of the connections reflects the cooperation density (the more cooperation, the thicker the line)
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Figure 2 Scientific collaboration network map between core institutions

A: Co-published papers no less than 1; B: Co-published papers no less than 2; C: Co-published papers no less than 4; D: Co-published papers

no less than 6. The number on the connections between nodes indicates how many papers they co-published
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Figure 3 Scientific collaboration network map between core authors

A: Co-published papers no less than 1; B: Co-published papers no less than 3; C: Co-published papers no less than 6; D: Co-published
papers no less than 8. Authors in Group 1 belong to the University of South Florida (Ye ZX, Liu Ying, and Li Q also belong to Tianjin Medical
University); authors in Group 2 belong to Harvard University or Maastricht University; authors in Group 3 belong to the University of Texas
MD Anderson Cancer Center, Baylor College of Medicine, or University of Texas Health Science Center at Houston; authors in Group 4
belong to Chinese Academy of Sciences, Guangdong Academy of Medical Sciences and General Hosptial, Southern Medical University, Capital
Medical University, Northeastern University, Shandong University, etc, which located in China; authors in Group $ belong to University of
Toronto, McGill University, University of Waterloo, University of Western Ontario, Ecole de Technologie Supérieure, etc, which located in
Canada; authors in Group 6 belong to University of Chicago; authors in Group 7 belong to Fudan University, Sun Yat-sen University, etc, which
located in China; authors in Group 8 belong to Case Western Reserve University; authors in Group 9 belong to University of Zurich; authors
in Group 10 belong to Humanitas University, Catholic University of Milan; authors in Group 11 belong to German Cancer Research Center,
Heidelberg University, etc, which located in Germany; authors in Group 12 belong to Institut National de la Sante et de la Recherche Medicale
(abbreviated as INSERM), University of Paris-Saclay, Gustave Roussy, Université de Bretagne Occidentale, etc, which located in France; authors
in Group 13 belong to Sungkyunkwan University; authors in Group 14 belong to others
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Table 1 High-frequency key words on radiomics research

s KB HEBIR 5 KB LI

radiomics 340 22 segmentation 20
2 MRI 124 23 metastasis 20
3 CT 100 24 deep learning 20
4 texture features 96 25 heterogeneity 20
S glioblastoma SS 26 prognosis 20
6 lung cancer 52 27 cancer 19
7 machine learning 48 28 head and neck cancer 18
8 PET 46 29 brain tumor 16
9 quantitative imaging 45 30 convolutional neural networks 16
10 biomarkers 41 31 prostate cancer 18
11 PET/CT 35 32 lung adenocarcinoma 13
12 breast cancer 34 33 image processing 12
13 radiogenomics 30 34 hepatocellular carcinoma 12
14 non-small cell lung cancer 29 35 computer-aided detection 12
15 image features 28 36 precision medicine 11
16 prediction 24 37 feature selection 11
17 survival analysis 24 38 support vector machine 10
18 image analysis 23 39 treatment response 10
19 classification 22 40 radiotherapy 10
20 medical imaging 22 41 reproducibility 10
21 computer-aided diagnosis 22
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Figure 4 Visualized matrix of bi-clustering of high-frequent key words and articles on radiomics research
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In the visualization matrix, the rows clustering represent the high-frequency key words clustring, and key words are listed on the right of the
matrix. The column clustering represents articles’ clustering, and articles are listed at the bottom of the matrix. The colors represent the values
in the original datum matrix. It is represented in white when close to zero, whereas the progressively deeper red indicates a larger value, and the

progressively deeper green indicates a larger negative value. Different clusterings are separated by black lines
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