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Abstract
Objectives  Radiomics is the high-throughput extraction of mineable and—possibly—reproducible quantitative imaging 
features from medical imaging. The aim of this work is to perform an unbiased bibliometric analysis on Radiomics 10 years 
after the first work became available, to highlight its status, pitfalls, and growing interest.
Methods  Scopus database was used to investigate all the available English manuscripts about Radiomics. R Bibliometrix 
package was used for data analysis: a cumulative analysis of document categories, authors affiliations, country scientific 
collaborations, institution collaboration networks, keyword analysis, comprehensive of co-occurrence network, thematic 
map analysis, and 2021 sub-analysis of trend topics was performed.
Results  A total of 5623 articles and 16,833 authors from 908 different sources have been identified. The first available document was 
published in March 2012, while the most recent included was released on the 31st of December 2021. China and USA were the most 
productive countries. Co-occurrence network analysis identified five words clusters based on top 50 authors’ keywords: Radiomics, 
computed tomography, radiogenomics, deep learning, tomography. Trend topics analysis for 2021 showed an increased interest in artifi-
cial intelligence (n = 286), nomogram (n = 166), hepatocellular carcinoma (n = 125), COVID-19 (n = 63), and X-ray computed (n = 60).
Conclusions  Our work demonstrates the importance of bibliometrics in aggregating information that otherwise would not 
be available in a granular analysis, detecting unknown patterns in Radiomics publications, while highlighting potential 
developments to ensure knowledge dissemination in the field and its future real-life applications in the clinical practice.
Clinical relevance statement  This work aims to shed light on the state of the art in radiomics, which offers numerous tangible 
and intangible benefits, and to encourage its integration in the contemporary clinical practice for more precise imaging analysis.
Key Points 
• ML-based bibliometric analysis is fundamental to detect unknown pattern of data in Radiomics publications.
• A raising interest in the field, the most relevant collaborations, keywords co-occurrence network, and trending topics have 

been investigated.
• Some pitfalls still exist, including the scarce standardization and the relative lack of homogeneity across studies.
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Abbreviations
DOI	� Digital object identifier
MCPs	� Multiple country publications
ML	� Machine learning
SCPr	� Single country publication ratio
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Introduction

Radiomics is an innovative and emerging field that focuses 
on the high-throughput extraction of mineable and—pos-
sibly—reproducible quantitative imaging features from 
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routinely acquired medical imaging. Radiomics is based 
on the hypothesis that a quantitative analysis of medical 
images by specific software can provide the physician 
with more information that otherwise would have not 
been possible to infer. The radiomic analysis starts with 
the acquisition of high quality and standardized imaging, 
in which a region of interest is manually or automatically 
delineated. Quantitative imaging features, which rely on 
the delineated region and surroundings, are extracted from 
the defined area and analyzed. After a process of features 
selection, the most informative features are identified even 
relying on their independence from other sources, which 
could potentially include clinical, genomic, proteomic 
data.

Results from the groundbreaking publication by Lambin 
et al. in 2012 [1] have laid the basis for the main rationale 
for Radiomics studies, which is the identification of image-
based biomarkers for diagnostic, prognostic, or predictive 
purposes. To date, several studies have been published on 
the correlation between radiomic features and specific dis-
ease phenotypes (e.g., benign vs malignant lesions [2, 3]), 
genotypes (e.g., lung [4] and gynecological cancers [5]), and 
treatment response (e.g., head and neck cancers [6]). Given 
these premises, the cost-effectiveness of Radiomics studies 
and the broad availability of digitalized imaging, it is quite 
straightforward to understand why Radiomics have rapidly 
become a trend topic in the field of Oncology.

While several narrative and systematic reviews, and 
some metanalyses have been published, the topic of these 
works has been necessarily specialistic, with dedicated 
focus on specific diseases, imaging modalities, and/or 
methodological aspects [7–10].

We could state that, even if a large amount of published 
research is present, outside of academic literature there is 
still a limited range of clinical application of these technolo-
gies, which, in addition, have not been easily translated as 
commercial products [11]. In addition, the continuous devel-
opment of new data tools may potentially lead to a hazardous 
delay in the clinical implementations, as originally intended, 
leading to a mismatch between the need of more consoli-
dated literature in clinical practice and the daily availability 
of new sophisticated and promising tools which have not 
been tested as bedside allies. In this fragmented scenario, 
recent studies have been providing new scores to assess the 
quality of science and reporting of radiomics in oncologic 
studies, resulting in a need of further literature consolidation 
and a deeper analysis of current literature.

Bibliometrics is a rigorous methodology for the analysis 
of large quantity of literature data and metadata, coming 
from high-quality public available scientific databases. This 
big-data methodology is easily accessible, reproducible, and 
objective, not including the human interaction step in the 
qualitative evaluation of the analyzed manuscripts such as 

it happens in other forms of literature analysis. Furthermore, 
it helps to highlight the evolutionary steps undertaken by a 
specific field, while revealing promising areas and future 
developments [12, 13].

The aim of this work is to perform an unbiased biblio-
metric analysis on Radiomics 10 years after the first work on 
this topic became available to the scientific community and 
to analyze how the scientific interest and the harmonization 
in this field is growing. Collaboration networks, trending 
keywords, citation analysis, and thematic maps will have 
been built and analyzed to provide a comprehensive over-
view on Radiomics research, to underline its strengths and 
weaknesses, and to critically orient future publications in 
the field.

Materials and methods

Data origin and search strategy

Scopus electronic documents database was used as data ori-
gin for the executed analysis. The search strategy was set per 
the following criteria: “Radiomics” has been the only term 
investigated in title, abstract, and keywords, and all types 
of documents were accepted. Only works in English were 
considered eligible. Timespan of considered documents 
included the first published document in 2012 up to the last 
published document in 2021. The list of available documents 
has been exported together with the corresponding metadata 
on the 9th of April 2022. The search was conducted per 
the following string: “TITLE-ABS-KEY (Radiomics) AND 
(LIMIT-TO (LANGUAGE, "English")) AND (EXCLUDE 
(PUBYEAR, 2022))”. A workflow diagram is available as 
supplementary material.

Data preprocessing

Data, comprehensive of full set of metadata, were exported 
from Scopus using BibTex file format. R code (R version 
4.2.0) with Bibliometrix package was used for data analysis 
[14].

BibTex data files were imported in R and then converted 
in multiple dataframes (command used: convert2df). The 
obtained dataframes were subsequently grouped to a sin-
gle dataframe, which has been used as data source for the 
analysis.

Data analysis

The initial interpretation of the data was performed by the 
“biblioAnalysis()” command and “summary()” functions 
from Bibliometrix package. This includes the following 



6738	 European Radiology (2023) 33:6736–6745

1 3

information: time distribution of the articles, number of doc-
uments and types, average years from publications, average 
citations per documents, average citations per documents, 
number of authors, number of single and multi-authored 
documents, number of co-authors per document, most pro-
ductive authors, top manuscripts per citations, correspond-
ing author’s countries and number of single/multiple coun-
try publications, total citations per country, most relevant 
sources, most relevant keywords. Plots of the main charac-
teristics were realized.

Collaboration networks were investigated by “metaT-
agExtraction” and “Biblionetwork” commands, and “Net-
workplot” was then used for graphical representation.

“Biblioshiny()” command was also used to perform the 
following analysis: country scientific collaborations, institu-
tion collaboration networks, keyword analysis, comprehen-
sive of co-occurrence network, thematic map analysis, and 
2021 trend topics focus.

Quantitative text analysis in document titles has been per-
formed using “dplyr”, “stringr”, “tidytext”, and “ggplot2” 
R libraries.

Results

Dataset

A total of 5623 articles was identified. The first available 
document was published in March 2012 [1], while the most 
recent was released on the 31st of December 2021 [15]. In 
2012, two articles were present, and the increasing interest 
in the topic leads to annual growth rate of publication equal 
to 118.6% (Fig. 1), thus reaching a number of 2278 articles 
published in year 2021.

The most represented document type is scientific article 
(68.9%, n = 3829), followed by review (13.5%, n = 758) and 
conference paper (10.7%, n = 604). Books and book chapters 

represented the 0.03% and the 0.8% of the total scientific 
output (n = 2 and 45, respectively).

Sources

A total of 908 different sources of documents have been 
identified. Considering the scientific journals, the most rep-
resented was “Frontiers in Oncology” (409 articles, 7.3%, 
IF 6.24), followed by “European Radiology” (255 articles, 
4.5%, IF 5.31), “Scientific Reports” (208 articles, 3.7%, IF 
4.37), “Progress in Biomedical Optics and Imaging—Pro-
ceedings of SPIE” (201 articles, 3.6%, IS 0.67), and “Can-
cers” (154 articles, 2.7%, IF 6.64).

Authors and collaborations

Overall, 16,833 different authors were comprised in the ana-
lyzed documents. An average number of 7.89 co-authors 
per document have been esteemed and 239 single-authored 
docs were found.

The five most productive authors are Wang Y, 191 docu-
ments; Tian J, 179 documents; Zhang Y, 144 documents; Li 
Y, 134 documents; and Zhang L, 134 documents.

An insight of the Corresponding Authors’ Countries has 
been performed, followed by a subdivision of single and 
multiple country publications. China has reached 1773 docu-
ments published, with a Single Country Publication ratio 
(SCPr) of 84.2%, followed by USA with 1015 documents 
and SCPr of 69%, Italy with 400 documents and SCPr of 
77%, Korea with 208 documents and SCPr 91.3%, and Ger-
many with 196 documents published and SCPr of 66.3%. 
Qualitatively, it is possible to notice that European countries, 
including the most productive ones, fall within the same 
cluster, with the sole exception of the Netherlands (Fig. 2a 
and b).

Fudan University, China, is the most relevant authors’ 
affiliation based on number published articles (n = 292), 

Fig. 1   Annual scientific produc-
tion chart from 2012 to 2021
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followed by Memorial Sloan Kettering Cancer Center, USA 
(n = 230) and Sichuan University, China (n = 204). A full list 
of the top 10 most relevant affiliations is available in Table 1, 
with the Fudan University ranking as first thanks to a total 
number of 292 published articles.

A collaboration network analysis of the top 30 most pro-
ductive countries has been performed, using Louvain clus-
tering algorithm with normalization based on association. 
Isolated nodes have been removed and a minimum number 
of edges of 1 has been considered. We identified 3 main 
clusters of collaboration, the first one involving China and 
USA as most productive players, the second with Italy and 
Germany as most productive players, and the last one with 
Canada and the Netherlands (Fig. 2b).

A further analysis of interplaying institutions collabo-
ration network has been performed with no clusterization 
method applied (Fig. 3).

Citations

As showed in Table 2, the 10 most global cited documents 
have been identified.

The text analysis of the titles of the top 10 cited docu-
ments has not showed any significant frequent word trend, 
except for “Radiomics/Radiomic” and “quantitative”.

Keywords, keyword co‑occurrences

The articles’ author keywords were analyzed to assess the 
different topics underlying the Radiomics macro-area. The 
50 most frequent author keywords have been plotted in the 
TreeMap in Fig. 4.

We have executed a co-occurrence network analysis 
based on top 50 authors’ keywords and applied Louvain 
clustering algorithm, removing isolated nodes, and set-
ting the minimum number of edges at 2. Five words clus-
ters have been identified (namely, Radiomics, computed 

tomography, radiogenomics, deep learning, tomography), 
as shown in Fig. 5.

Thematic map analysis [16] based on the five identi-
fied clusters has been performed showing their develop-
ment degree (density) and the relevance degree (central-
ity) in Fig. 6. This strategic diagram has allowed the 
identification of the hot topics (higher values of central-
ity and density) in the upper-right quadrant, the basic 
topics (higher values of centrality and lower values of 
density) in the lower-right quadran, the peripheral topics 
(lower values of centrality and density) in the lower-left 
quadrant, and the niche topics (lower values of central-
ity and higher values of density). The last two represent 
respectively the topics which have not been fully devel-
oped and the topics which have been strongly developed 
but still have a marginal position in the domain under 
investigation.

The trend topics analysis, based on keywords frequency, 
for year 2021 further showed an increased interest in artifi-
cial intelligence (n = 286), nomogram (n = 166), hepatocel-
lular carcinoma (n = 125), COVID-19 (n = 63), and X-ray 
computed (n = 60).

Fig. 2   a Most productive coun-
tries chart, divided by single 
country publications (SCPs) and 
multiple country publications 
(MCPs). b Map of the clustered 
collaboration network analysis 
of the top 30 most productive 
countries

Table 1   List of the top 10 most relevant authors’ affiliations

Affiliation Articles

Fudan University, China 292
Memorial Sloan Kettering Cancer Center, USA 230
Sichuan University, China 204
Institute Of Automation, China 190
University Of Pennsylvania, USA 189
Southern Medical University, China 186
University Of Toronto, Canada 178
Capital Medical University, China 161
Harvard Medical School, USA 160
University of Chinese Academy of Sciences, China 150
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Fig. 3   Map of the unclustered 
collaboration network analysis 
of the top 30 most productive 
authors’ affiliations

Table 2   List of the 10 most global cited documents. DOI, digital object identifier

Paper Title DOI Total citations Citations per year

GILLIES RJ, 2016, RADIOLOGY Radiomics: Images Are More than 
Pictures, They Are Data

10.1148/radiol.2015151169 3024 432.00

AERTS HJWL, 2014, NAT 
COMMUN-a

Decoding tumor phenotype by 
noninvasive imaging using a 
quantitative radiomics approach

10.1038/ncomms5006 2465 273.89

LAMBIN P, 2012, EUR J CAN-
CER

Radiomics: Extracting more infor-
mation from medical images 
using advanced feature analysis

10.1016/j.ejca.2011.11.036 2209 200.82

VAN GRIETHUYSEN JJM, 2017, 
CANCER RES

Computational Radiomics System 
to Decode the Radiographic 
Phenotype

10.1158/0008–5472.CAN-
17–0339

1497 249.50

LAMBIN P, 2017, NAT REV 
CLIN ONCOL

Radiomics: the bridge between 
medical imaging and personal-
ized medicine

10.1038/nrclinonc.2017.141 1484 247.33

KUMAR V, 2012, MAGN 
RESON IMAGING

Radiomics: the process and the 
challenges

10.1016/j.mri.2012.06.010 1126 102.36

BAKAS S, 2017, SCI DATA​ Advancing The Cancer Genome 
Atlas glioma MRI collections 
with expert segmentation labels 
and radiomic features

10.1038/sdata.2017.117 855 142.50

HUANG YQ, 2016, J CLIN 
ONCOL

Development and Validation of a 
Radiomics Nomogram for Pre-
operative Prediction of Lymph 
Node Metastasis in Colorectal 
Cancer

10.1200/JCO.2015.65.9128 833 119.00

ZWANENBURG A, 2020, RADI-
OLOGY

The Image Biomarker Standardi-
zation Initiative: Standardized 
Quantitative Radiomics for 
High-Throughput Image-based 
Phenotyping

10.1148/radiol.2020191145 606 202.00

PARMAR C, 2015, SCI REP Machine Learning methods for 
Quantitative Radiomic Biomark-
ers

10.1038/srep13087 541 67.63
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Discussion

Our study shows the state of art of the current literature 
in Radiomics by using a standardized and easily reproduc-
ible ML methodology. In 10 years since the publication of 
the first article about Radiomics, the improvement in data 
imaging technology has supported the increasing interest in 
Radiomics, heading to a quantitative approach demand in the 
image analysis path. Further developments, such as commer-
cial and open-source software implementing artificial intel-
ligence, have rocketed the scientific production in the last 
5 years, leading to the consolidation of the computational 
mean of analysis in medical imaging. The fast-growing num-
ber of documents is well indicated by the 10-year annual 
percentage growth rate of almost 120%.

The fast-growing interest in the topic has led Radiom-
ics not to achieve a standardized methodology of analysis, 
which could vary among different authors and articles. This is 
reflected by the relative lack of consolidation in current litera-
ture, which is characterized by a consistent presence of articles 
(n = 3829) and conference papers (n = 604), with only a scarce 
representation of books (n = 2) and books-chapter (n = 45). A 

trend intent of consolidation could be showed by the increasing 
number of reviews (n = 758) and by the desumed ratio between 
original articles and reviews (R = 5.05). Admittedly, the ML 
approach implemented here has not allowed further analy-
sis on the nature (either narrative or systematic), of the 
included reviews, which have further addressed this issue. 
Additionally, in Scopus it is not possible to address meta-
nalyses as a distinct article category, being them classified 
as part of reviews.

Considering international collaborations, our data show 
a considerable prevalence of SCPs among the top five most 
productive countries, with percentages ranging from 66.3 to 
91.3% for Germany and Korea, respectively. Of note, MCPs 
have been more common in Canada, the Netherlands, and in 
the UK, with a prevalence approximating the one of SCPs.

From a qualitative standpoint, it is also possible to notice 
the existence of a broader cluster of European countries, albeit 
with varying degrees of edges between individual nodes. In 
this regard, it is worth noticing that—to date—few Euro-
pean-level initiatives exist to foster international collabora-
tions on Radiomics. Of these, the EuCanImage—funded by 
the European Union’s Horizon 2020 research and innovation 

Fig. 4   Treemap of the 50 most frequent author keywords
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Fig. 5   Map of the clustered co-occurrence network analysis based on top 50 authors’ keywords

Fig. 6   Thematic map analysis of 
the five identified clusters
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program—is a promising example of academic-industrial-
clinical partnership of 20 institutions, with the aim of 
realizing integrative decision support systems for preci-
sion oncology through optimized data sharing, Radiomics, 
and artificial intelligence applications [17]. A comparable 
effort is being sponsored by European funds to promote 
cross-border collaboration, under the name of Euradiomics 
[18]. Collectively, these initiatives may represent a con-
crete step forward in the field, thanks to the possibility of 
collecting large amounts of imaging and clinical metadata, 
to encourage collaboration across participating institutions 
and to promote the development of advanced algorithms 
under the principles of federated learning, while promoting 
the real-life clinical application of this emerging discipline 
[19, 20].

The collaboration network analysis of the top 30 most 
productive countries provides further insight into these data, 
indicating that the most relevant cluster of collaboration 
occurs between China and USA, followed by two smaller 
clusters constituted by Italy and Germany, and Canada and 
the Netherlands as the second and third most productive 
players, respectively.

It is widely known that Radiomics needs specific skills 
to ensure an adequate and reliable its pipeline. Furthermore, 
multidisciplinary competences can help critical reasoning in 
achieving correct conclusions from data analysis. Therefore, 
the need of dedicated teams should be considered crucial for 
an effective scientific production. This scenario is well repre-
sented in Table 1, which shows the unclustered data analysis 
of the main institutions contributing to document produc-
tion. Nowadays, most of the literature is limited to a small 
number of institutions, arguably having high specialization 
in the field, and probably relying on well-established cooper-
ative networks. The three most relevant affiliations for num-
ber of articles produced are “Fudan University” (n = 292), 
“Memorial Sloan Kettering Cancer Center” (n = 230), and 
“Sichuan University” (n = 204). No European institutions 
are present in the top 10 more relevant affiliations ranking.

An analysis of the most cited documents has been per-
formed to ascertain the interest and nature of the articles 
which have had major impact in the scientific literature of 
the field (Table 2). The first three most cited articles are 
milestones in the Radiomics research and account for 7698 
citations in total, which is the 7.97% of the total number 
of overall citations of the papers included in our analysis. 
The first most cited article [21] was written in 2016 by Gil-
lies et al. and introduces the new paradigm of radiological 
images as valuable data that could be mined and classified by 
semi-automatic methods to accommodate patients’ features 
even beyond imaging, representing a promising tool for the 
diagnosis and prognosis of malignancies. Among the other 
topics, the challenges of reproducibility, of the big data anal-
ysis and the data sharing are discussed, as well. The second 

most cited article [22] was written in 2014 by Aerts et al. and 
focuses on the usage of the quantitative Radiomics approach 
for defining a prognostic value of a Radiomic signature in 
non-small cell lung cancer. This study tightly associates the 
usage of the Radiomic data with the clinical-world ones, 
showing the feasibility of a pipeline which includes a fea-
tures unsupervised clustering technique. The third most cited 
article was written in 2012 [1] by Lambin et al. and it is not 
only the first written article on Radiomics, but it also intro-
duces the concept of quantitative analysis of medical imag-
ing data through automatic or semi-automatic software that 
can provide more and better information than those inferred 
by physicians. Among the 10 most cited documents, it is of 
valuable interest the presence of the article “The Image Bio-
marker Standardization Initiative: Standardized Quantitative 
Radiomics for High-Throughput Image-based Phenotyping” 
[23], published in 2020 by Zwanenburg et al., and is one 
of the first initiatives in the Radiomic field for the stand-
ardization of features extraction and analysis, mirroring the 
growing sensibility towards the topic of reproducibility in 
Radiomics studies. Furthermore, the latter study could be 
broadly seen as a bastion of the need of effective valida-
tion of radiomic signatures in the clinical practice, which 
is advisable to be concentrated on specific pathologies and 
clinical outcomes that have demonstrated the beneficial role 
of the clinical impact of radiomics.

Considering the keywords, we have analyzed the absolute 
top 50 author-keywords, dividing them in functional seman-
tic groups (Fig. 5). The first group of words, which is the 
most represented in the document population, includes the 
methodological insight of the field, with keywords such as 
“machine learning”, “magnetic resonance imaging”, “deep 
learning”, “computed tomography”, “artificial intelligence”, 
“quantitative imaging”. The second group includes word that 
are close to the prognostic value of Radiomics, such as “nom-
ogram”, “prognosis”, “radiogenomics”, “classification”, 
“biomarkers”, “diagnosis”. The third group includes the 
pathologies in which Radiomics has been performed, such as 
“breast cancer”, “lung cancer”, “prostate cancer”, “glioma”, 
“glioblastoma”. In the current analysis, many words have 
been repeated different times, using acronyms or substantive/
adjective forms (e.g., “Radiomics” and “Radiomic”, “mag-
netic resonance imaging” and “mri”, etc.), showing a deep 
fragmentation of the keyword panorama. The present key-
word heterogenicity could be probably due to the emerging 
nature of the field, but further consolidation may be needed to 
optimize the search strategy for system reviewing approach.

The adopted ML approach has showed five thematic 
co-occurrence clusters, mirroring the most common asso-
ciations in the interdisciplinary common ground. The first 
cluster involves the term “Radiomics” tightly bound to 
“machine learning”, involving different keywords regarding 
some cancer pathologies and their prognosis (hepatocellular 
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carcinoma, lung adenocarcinoma, breast cancer, nomogram, 
prediction) and some others regarding technical aspects (fea-
ture selection, classification, reproducibility). The presence 
of “nomogram” in the 2% of the total number of author key-
words probably reflects the intent of providing clinicians 
with user-friendly tools, for a more immediate integration 
of Radiomics-derived information into routine pathways 
of care. This cluster in the thematic map analysis is both 
a basic and motor theme, in which most of the scientific 
articles are so far concentrated and in which it is our fervent 
aspiration that, through further consolidated efforts, more 
studies would ensure the respect of the impact of radiomics 
in the current clinical practice in the near future. The second 
cluster involves the terms “radiogenomics” and “precision 
medicine”, interconnecting with “immunotherapy”, “bio-
marker” and brain tumors, showing multi-omics application 
as emerging field in the current literature. The third cluster 
found its root in the machinery basin, involving terms as 
“PET”, “CT” and “Quantitative imaging”, covering a central 
role as basic and motor theme. The fourth cluster deals with 
the “artificial intelligence” and “deep learning”, including 
“convolutional neural network” and “COVID-19”, covering 
a central position as emerging theme, but still limited to a 
small number of documents in comparison to other fields of 
scientific production. It is interesting to notice that—as of 
the 31st of December 2021—63 publications had “COVID-
19” among the author keywords, thus ranking among the 
top 50 keywords in Radiomics. Considering the relatively 
small timeframe in which COVID-19 became of interest 
in the longer lifespan of Radiomics, it is straightforward to 
observe that researchers worldwide have promptly tried to 
exploit the potentials of Radiomics from the very earliest 
phases of the pandemic outbreak. As last cluster, we found 
the co-occurrence of “X-ray computer” and “tomography”, 
which has many inbound and outbound connections with 
the Radiomic cluster and covers a supportive role for the 
keywords inside the methodology area.

We could perform a complete set of ML-based biblio-
metric analyses, thus providing an unbiased overview of the 
state of art of Radiomics in its first 10 years of life. Several 
aspects of the publication landscape that would otherwise 
be left unnoticed at human inspection, could be highlighted, 
and commented, including, but not limited to, type of publi-
cations, SCPs/MCPs pattern, institutions collaboration, and 
author keywords networks. In this sense, our work can be 
considered an integration to a previous effort in the field by 
Ding et al. [24]. In their work, the authors have realized the 
first bibliometric analysis of Radiomics publications using 
CiteSpace, a “generic approach to detecting and visual-
izing emerging trends and transient patterns in scientific 
literature” [25]. However, Ding et al. have restricted their 
search to the sole field of oncology and have decided to 
exclude all publications other than full-texts and reviews, 

which somehow limits the field of analysis and excludes 
potentially relevant topics, such as COVID-19. Moreover, 
we believe that the inclusion of all publication types (e.g., 
books, chapters, and conference abstracts) can be informa-
tive in delivering a complete overview on how knowledge 
on a specific topic can be spread out of the more common 
track of indexed journals, which may be affected by long 
publication times, need of subscription, and other factors.

Admittedly, our work still presents some limitations. 
Firstly, the dataset was retrieved from a single electronic 
database (Scopus), which may have at least partially affected 
our findings. Secondly, it was not possible to perform a reli-
able analysis of neither citation trends or co-citation net-
works, as we could not account for citations deriving from 
works deriving from other sources and/or not included in our 
search. Finally, the number of citations changes over time, 
so this part of the analysis should be considered provisional, 
and prone to modification in the upcoming months/years.

Conclusions

Our work demonstrates the importance of bibliometric anal-
ysis to detect unknown pattern of data in Radiomics publica-
tions. Specifically, we captured a raising interest in the field, 
the most relevant collaborations, keywords co-occurrence 
network and trending topics. However, some pitfalls still 
exist, including the scarce standardization, the relative lack 
of homogeneity across studies, and the absence of real-life 
applications in the clinical practice. To overcome this issue, 
we suggest an optimization of keywords and the creation of 
a common ground knowledge, promoting a deeper network 
of MCPs, while ensuring more solid reproducible pipelines 
which can be easily translated in clinical practice.

Supplementary Information  The online version contains supplemen-
tary material available at https://​doi.​org/​10.​1007/​s00330-​023-​09645-6.

Acknowledgements  IEO was partially supported by the Italian Ministry 
of Health with Ricerca Corrente and 5×1000 funds and received an 
institutional research grant from Accuray Inc. SV is PhD students within 
the European School of Molecular Medicine (SEMM), Milan, Italy.

Funding  Open access funding provided by Università degli Studi del 
Piemonte Orientale Amedeo Avogrado within the CRUI-CARE Agree-
ment. The authors state that this work has not received any funding.

Declarations 

Guarantor  The scientific guarantor of this publication is Federico 
Mastroleo.

Conflict of interest  SV received a research fellowship from Accuray 
Inc. BAJF received speaker’s fees from Roche, Bayer, Janssen, Carl 
Zeiss, Ipsen, Accuray, Astellas, Ferring, Elekta, and IBA, and consul-

https://doi.org/10.1007/s00330-023-09645-6


6745European Radiology (2023) 33:6736–6745	

1 3

tation fees from Bayer, Janssen, Ipsen, and Astra Zeneca, all outside 
the current study. The sponsors did not play any role in the study de-
sign, collection, analysis, and interpretation of data, nor in the writing 
of the manuscript, nor in the decision to submit the manuscript for 
publication. The remaining authors declare no conflict of interest that 
are relevant to the content of this article.

Statistics and biometry  One of the authors has significant statistical 
expertise.

Informed consent  Written informed consent was not required for this 
study because the study is a bibliometric literature analysis.

Ethical approval  Institutional Review Board approval was not required 
because the study is a bibliometric literature analysis.

Methodology 

• Multicentre study

Open Access  This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article's Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article's Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

References

	 1.	 Lambin P, Rios-Velazquez E, Leijenaar R et al (2012) Radiomics: 
extracting more information from medical images using advanced 
feature analysis. Eur J Cancer 48:441–446. https://​doi.​org/​10.​1016/j.​
ejca.​2011.​11.​036

	 2.	 Jing R, Wang J, Li J et al (2021) A wavelet features derived radi-
omics nomogram for prediction of malignant and benign early-
stage lung nodules. Sci Rep 11:22330. https://​doi.​org/​10.​1038/​
s41598-​021-​01470-5

	 3.	 Romeo V, Cuocolo R, Apolito R et al (2021) Clinical value of radi-
omics and machine learning in breast ultrasound: a multicenter 
study for differential diagnosis of benign and malignant lesions. Eur 
Radiol 31:9511–9519. https://​doi.​org/​10.​1007/​s00330-​021-​08009-2

	 4.	 Aonpong P, Iwamoto Y, Han X-H, et al (2021) Improved genotype-
guided deep radiomics signatures for recurrence prediction of non-
small cell lung cancer. In: 2021 43rd Annual International Con-
ference of the IEEE Engineering in Medicine & Biology Society 
(EMBC). IEEE, Mexico. pp. 3561–3564

	 5.	 Hoivik EA, Hodneland E, Dybvik JA et al (2021) A radiogenomics 
application for prognostic profiling of endometrial cancer. Commun 
Biol 4:1363. https://​doi.​org/​10.​1038/​s42003-​021-​02894-5

	 6.	 Sellami S, Bourbonne V, Hatt M et al (2022) Predicting response to 
radiotherapy of head and neck squamous cell carcinoma using radi-
omics from cone-beam CT images. Acta Oncol 61:73–80. https://​
doi.​org/​10.​1080/​02841​86X.​2021.​19832​07

	 7.	 Li L, Wu C, Huang Y, et al (2022) Radiomics for the preoperative 
evaluation of microvascular invasion in hepatocellular carcinoma: a 
meta-analysis. Front Oncol 12. pp. 831996 https://​doi.​org/​10.​3389/​
fonc.​2022.​831996

	 8.	 Cleere EF, Davey MG, O’Neill S et al (2022) Radiomic detection 
of malignancy within thyroid nodules using ultrasonography—a 
systematic review and meta-analysis. Diagnostics 12:794. https://​
doi.​org/​10.​3390/​diagn​ostic​s1204​0794

	 9.	 Jethanandani A, Lin TA, Volpe S et al (2018) Exploring applica-
tions of radiomics in magnetic resonance imaging of head and neck 
cancer: a systematic review. Front Oncol 8:131. https://​doi.​org/​10.​
3389/​fonc.​2018.​00131

	10.	 Elhalawani H, Lin TA, Volpe S et al (2018) Machine learning appli-
cations in head and neck radiation oncology: lessons from open-
source radiomics challenges. Front Oncol 8:294. https://​doi.​org/​10.​
3389/​fonc.​2018.​00294

	11.	 Lambin P, Leijenaar RTH, Deist TM et al (2017) Radiomics: the 
bridge between medical imaging and personalized medicine. Nat Rev 
Clin Oncol 14:749–762. https://​doi.​org/​10.​1038/​nrcli​nonc.​2017.​141

	12.	 Donthu N, Kumar S, Mukherjee D et al (2021) How to conduct 
a bibliometric analysis: an overview and guidelines. J Bus Res 
133:285–296. https://​doi.​org/​10.​1016/j.​jbusr​es.​2021.​04.​070

	13.	 Mejia C, Wu M, Zhang Y, Kajikawa Y (2021) Exploring topics in bib-
liometric research through citation networks and semantic analysis. Front 
Res Metr Anal 6. pp. 742311 https://​doi.​org/​10.​3389/​frma.​2021.​742311

	14.	 Aria M, Cuccurullo C (2017) bibliometrix : an R-tool for compre-
hensive science mapping analysis. J Informet 11:959–975. https://​
doi.​org/​10.​1016/j.​joi.​2017.​08.​007

	15.	 Ravera F, Cirmena G, Dameri M, et al (2021) Development of a 
hoRizontal data intEgration classifier for NOn-invasive early diAg-
nosis of breasT cancEr: the RENOVATE study protocol. BMJ Open 
11. e054256 https://​doi.​org/​10.​1136/​bmjop​en-​2021-​054256

	16.	 Aria M, Cuccurullo C, D’Aniello L et al (2022) Thematic analysis as a 
new culturomic tool: the social media coverage on COVID-19 pandemic 
in Italy. Sustainability 14:3643. https://​doi.​org/​10.​3390/​su140​63643

	17.	 EuCanImage Project Radiomics. https://​radio​mics.​bio/​eucan​image-​
proje​ct/. Accessed 6 May 2022

	18.	 Euradiomics.com - Home. https://​www.​eurad​iomics.​com/. Accessed 
6 May 2022

	19.	 Ng D, Lan X, Yao MM-S, et al (2021) Federated learning: a collabo-
rative effort to achieve better medical imaging models for individual 
sites that have small labelled datasets. Quant Imaging Med Surg 11. 
pp. 852–857 https://​doi.​org/​10.​21037/​qims-​20-​595

	20.	 Sheller MJ, Edwards B, Reina GA et al (2020) Federated learning 
in medicine: facilitating multi-institutional collaborations without 
sharing patient data. Sci Rep 10:12598. https://​doi.​org/​10.​1038/​
s41598-​020-​69250-1

	21.	 Gillies RJ, Kinahan PE, Hricak H (2016) Radiomics: images are 
more than pictures, they are data. Radiology 278:563–577. https://​
doi.​org/​10.​1148/​radiol.​20151​51169

	22.	 Aerts HJWL, Velazquez ER, Leijenaar RTH et al (2014) Decod-
ing tumour phenotype by noninvasive imaging using a quantitative 
radiomics approach. Nat Commun 5:4006. https://​doi.​org/​10.​1038/​
ncomm​s5006

	23.	 Zwanenburg A, Vallières M, Abdalah MA et al (2020) The Image 
Biomarker Standardization Initiative: standardized quantitative 
radiomics for high-throughput image-based phenotyping. Radiol-
ogy 295:328–338. https://​doi.​org/​10.​1148/​radiol.​20201​91145

	24.	 Ding H, Wu C, Liao N, et al (2021) Radiomics in oncology: a 
10-year bibliometric analysis. Front Oncol 11. pp. 689802 https://​
doi.​org/​10.​3389/​fonc.​2021.​689802

	25.	 Chen C (2006) CiteSpace II: Detecting and visualizing emerging 
trends and transient patterns in scientific literature. J Am Soc Inf 
Sci 57:359–377. https://​doi.​org/​10.​1002/​asi.​20317

Publisher's Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1038/s41598-021-01470-5
https://doi.org/10.1038/s41598-021-01470-5
https://doi.org/10.1007/s00330-021-08009-2
https://doi.org/10.1038/s42003-021-02894-5
https://doi.org/10.1080/0284186X.2021.1983207
https://doi.org/10.1080/0284186X.2021.1983207
https://doi.org/10.3389/fonc.2022.831996
https://doi.org/10.3389/fonc.2022.831996
https://doi.org/10.3390/diagnostics12040794
https://doi.org/10.3390/diagnostics12040794
https://doi.org/10.3389/fonc.2018.00131
https://doi.org/10.3389/fonc.2018.00131
https://doi.org/10.3389/fonc.2018.00294
https://doi.org/10.3389/fonc.2018.00294
https://doi.org/10.1038/nrclinonc.2017.141
https://doi.org/10.1016/j.jbusres.2021.04.070
https://doi.org/10.3389/frma.2021.742311
https://doi.org/10.1016/j.joi.2017.08.007
https://doi.org/10.1016/j.joi.2017.08.007
https://doi.org/10.1136/bmjopen-2021-054256
https://doi.org/10.3390/su14063643
https://radiomics.bio/eucanimage-project/
https://radiomics.bio/eucanimage-project/
https://www.euradiomics.com/
https://doi.org/10.21037/qims-20-595
https://doi.org/10.1038/s41598-020-69250-1
https://doi.org/10.1038/s41598-020-69250-1
https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.1038/ncomms5006
https://doi.org/10.1038/ncomms5006
https://doi.org/10.1148/radiol.2020191145
https://doi.org/10.3389/fonc.2021.689802
https://doi.org/10.3389/fonc.2021.689802
https://doi.org/10.1002/asi.20317

	Quo vadis Radiomics? Bibliometric analysis of 10-year Radiomics journey
	Abstract
	Objectives 
	Methods 
	Results 
	Conclusions 
	Clinical relevance statement 
	Key Points 

	Introduction
	Materials and methods
	Data origin and search strategy
	Data preprocessing
	Data analysis

	Results
	Dataset
	Sources
	Authors and collaborations
	Citations
	Keywords, keyword co-occurrences

	Discussion
	Conclusions
	Anchor 22
	Acknowledgements 
	References


