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Abstract

Breast cancer is the most prevalent form of cancer worldwide. Therefore, improved disease detection has emerged as a f(@

point in clinical studies. At the forefront of innovation, radiomics has the capability to extract comprehensive insights from medical
images, ultimately enhancing the accuracy of diagnostic procedures. There has been rapid growth in the field of radiomics research
on breast cancer in the past few years. We explored pertinent research articles in the Web of Science Core Collection database
to gain a thorough understanding of breast cancer radiomics. We used CiteSpace to conduct a bibliometric analysis of the annual
distribution of different nations, institutions, journals, authors, keywords, and references in the field of breast cancer radiomics.
GraphPad Prism software was used to examine and graph yearly and country-specific trends and the proportions of publications.
The tools utilized for the visualization of science mapping included CiteSpace and VOSviewer. Of the 891 publications, most were
original articles (731, 91.09%) and a few were reviews (160, 8.91%). Most academic research has been published in China and
the United States. The study centers predominantly consisted of major academic institutions, such as Fudan University and the
Chinese Academy of Sciences, with some of their members being prominent figures in the field. Pinker, Katja has published the
largest number of research papers. The majority of these studies have been published in medical journals focusing on radiology
and oncology in recent years. In the realm of cutting-edge medical research, the top two keywords, magnetic resonance imaging
and machine learning stand at the forefront as current areas of intense focus. Breast cancer radiomics is advancing rapidly,
presenting numerous opportunities and obstacles. Our study of the literature in this academic area aimed to pinpoint the primary
themes addressed in the studies and anticipate prospective avenues for research.

Abbreviations: DCE = dynamic contrast-enhanced, DWI = diffusion-weighted imaging, MRI = magnetic Resonance Imaging,

Keywords: bibliometrics, breast cancer, radiomics

NAC = neoadjuvant chemotherapy, WOSCC = Web of Science Core Collection.

1. Introduction

Breast cancer is frequently detected in women globally,!!! with
significant morbidity and mortality rates, now ranking as the
leading cancer type worldwide,?! surpassing that of lung can-
cer. Although there has been a 40% decrease in the overall
breast cancer death rate for women since 1988,P! this illness
continues to have a significant impact on women’s well-being.
Immediate action is necessary to prevent and treat breast can-
cer. In recent years, there has been a noticeable increase in the
number of breast cancer cases in China. In 2020, breast cancer
was the fourth most prevalent malignant tumor in China, result-
ing in an estimated 420,000 new cases and 120,000 fatalities
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according to data from the National Cancer Center of China.
In more advanced areas, the occurrence and death rates were
slightly elevated. In many cases, breast cancer shows no symp-
toms in its early stages, which can result in a delayed diagnosis,
allowing metastatic tumors to develop and leading to a lower
S-year survival rate. As imaging techniques continue to advance
rapidly, such as magnetic resonance imaging (MRI) and multi-
detector row computed tomography, the ability to detect breast
cancer in its early stages has significantly improved. However,
these studies did not effectively assess the pathophysiological
traits of cancer.

In 2012, Lambin et al!®! were the first to propose the notion
of radiomics, which is a noninvasive method that is widely
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applied to the diagnosis, treatment, and prognosis predic-
tion1 of diseases, especially tumors. Over the past decade,
radiomics has received significant attention. Radiomics uses
related computer software to extract!!>"! and further ana-
lyze image features!'»'%! of regions of interest after imaging
checks, including plain and enhanced CT, MRI, and positron
emission tomography. It can quantitatively reflect the biological
and pathological characteristics of tumors and their microen-
vironment.?”! The efficacy of this technique remains unbiased
and impervious to the subjective influence of the medical
professionals.

Radiomics is a complex process comprising five crucial
steps: (1) obtaining high-quality and standardized imaging
data, (2) manual or automatic recognition of the region of
interest, (3) region of interest segmentation and 3D recon-
struction, (4) feature extraction and quantification, and (5)
establishment of clinical prediction models. Currently, conven-
tional image evaluation continues to be predominantly limited
to analyzing imaging features, such as tumor morphology and
density, which are solely quantified through CT values. Similar
to other computer-aided diagnosis techniques,?'*?! radiomics,
an innovative technology, has revolutionized disease diagno-
sis by enabling the differentiation between benign and malig-
nant tumors, predicting tumor classification, and determining
tumor prognosis,!'’! surpassing the limitations of conventional
imaging techniques. Autonomic technologies have rapidly
advanced in recent years, enabling the integration of radiomics
with other omics for a more precise depiction of tumor patho-
physiology down to the cellular and genetic levels.!?*! The field
of breast cancer radiomics has witnessed a surge in research
activity, resulting in numerous publications addressing every
facet of this domain. However, studies on the trend of breast
cancer radiomics are still rare.

Our study aimed to conduct a bibliometric analysis based on
the Web of Science Core Collection (WOSCC) database to ana-
lyze the breast cancer radiomics literature since 20135, identify
the focus of relevant studies, and predict upcoming trends.

2. Materials and Methods

2.1. Database and search method

Data collection was sourced exclusively from the WOSCC
database. The search formula is ((((((((TS = (breast cancer))
OR TS = (breast tumor)) OR TS = (Mammary Cancer)) OR
TS = (Malignant Neoplasm of Breast)) OR TS = (Cancer
of Breast)) OR TS = (Carcinoma, Human Mammary)) OR
TS = (Human Mammary Neoplasm)) OR TS = (Breast
Carcinoma)) AND TS = (radiomics). The search time ranged
from January 1, 20135, to December 10, 2023.

2.2. Inclusion and exclusion criteria

The inclusion criteria were as follows: (1) publications
related to breast cancer radiomics, (2) articles and reviews
written in English, and (3) publications published between
January 1, 2015 and December 10, 2023. The exclusion cri-
teria were as follows: (1) the topic was not related to breast
cancer radiomics and (2) the types of publications were
conference abstracts, news, book chapters, corrections, and
briefings, et al.

2.3. Analysis tools

We used GraphPad Prism v8.0.2 to analyze and plot annual
and national publication trends and proportions. In addition,
CtieSpace (6.2.4R (64 bit) Advanced Edition) and VOSviewer
(1.6.18 Edition) were used to analyze the data and visualize sci-
ence mapping.
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VOSviewer was created by Waltman et al®*! in 2009 as a free
software based on JAVA for analyzing large amounts of litera-
ture data and displaying them in a map format.

To visualize research achievements in certain fields by draw-
ing literature co-citation network diagrams, Professor Chen
created the CiteSpace software,”’! which attempted to use an
experimental framework to study new concepts and evaluate
existing technologies. This enables users to better understand
the knowledge domain, research frontiers, and trends, and to
predict their future research progress.

2.4. Statistical analysis

After analyzing the distribution of different publishing years,
nations, institutions, journals, and authors, we recorded their
numbers and proportions.

3. Results

3.1. Overall trend

The results showed that from January 1, 2015 to December 10,
2023, there were 891 articles on breast cancer radiomics in the
WOSCC database (Fig. 1), including 731 articles (91.09%) and
160 reviews (8.91%), contributed by 56 countries and regions,
1183 institutions, and 4429 authors.

Since 2015, the number of papers published each year has
increased and can be divided into three stages. The field saw
minimal growth from 2015 to 2016, as evidenced by the pub-
lication of fewer than 10 articles annually, suggesting that
researchers have not paid adequate attention. From 2017 to
2019, the publication volume gradually increased, which may
indicate that more researchers have attempted to enter this field.
Since 2020, the publication volume in this field has increased
rapidly, peaking in 2023. It has attracted widespread attention
as a hot topic in recent years.

3.2. Countries

Fifty-six countries and regions conducted studies on the appli-
cation of breast cancer radiomics. The top five countries in this
field were China, the United States, Italy, South Korea, and the
United Kingdom. Ranked first in the world, China accounted
for 47.70% of the total publication volume, far exceeding that
of other countries.

Among the top ten countries/regions in the ranking of paper
publication volume, the United States has 12090 citations, far
beyond other countries/regions. Its paper citation/publication
ratio (56.50) ranks second among all the countries/regions.
China has the highest publication volume (425 articles) and
ranks second with 6329 citations. Its citation-to-publication
ratio (14.89) was the lowest, indicating that the quality of the
published papers was generally low. The cooperative network
is illustrated in Figure 2A. China has close cooperation with
countries such as Switzerland, South Korea, the Netherlands,
Germany, and Japan, whereas the United States has close coop-
eration with countries such as Italy, Australia, France, and the
United Kingdom. China has a large number of publications,
high citation frequency, and a centrality of 0.27, indicating that
it is currently a leading country in this field.

3.3. Institutions

One thousand one hundred eighty-three institutions have sys-
tematically published articles on breast cancer radiomics.
Among the top ten institutions with published papers, six were
from China, two were from the United States, and the remain-
ing two were from Austria and Italy (Fig. 2B). Fudan University
published the most literature (49 papers, 782 citations, and
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Figure 1. Literature retrieval process diagram.
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15.96 citations per paper). The Chinese Academy of Sciences
(39 papers, 1637 citations, 41.97 per paper) ranks second,
while the Memorial Sloan Kettering Cancer Center (36 papers,
5986 citations, 166.28 per paper) ranks third. Further analysis
revealed that institutions were more inclined to cooperate with
domestic agencies. Hence, we advocate enhancing collabora-
tion between local and international organizations to dismantle
obstacles in academia.

3.4. Journals analysis

Frontiers in Oncology (110 papers, 12.35%) was the journal
with the most published papers in this field, followed by Cancers
(60 papers, 6.73%), the Journal of Magnetic Resonance Imaging
(34 papers, 3.82%), and Academic Radiology (31 papers,
3.48%). Among the top ten most prolific journals, radiology
had the highest IF of 19.7. Ninety percent of the journals were
classified as zones 1 or 2.

The influence of a journal is determined by its frequency of joint
citations, which indicates whether the journal has had a significant
impact on the scientific community or not. According to Figure 2C,
the journal with the highest number of co-citations is Radiology
(761 times), followed by Eur Radiol (616 times), and ] Magn
Reson Imaging (472 times). Among the top 10 journals with the
highest number of joint citations, ] CLIN ONCOL was cited 460
times and IF was the highest among the top 10 journals (45.4). All
the journals that were jointly cited were in Zone 1 or Zone 2.

The theme distribution of academic publications is displayed
by overlaying the two maps (Fig. 2D). Based on the results, we
identified two main colored citation paths: research published
in medicine/medical/clinical journals is mainly cited by research
published in molecular/biology/genetics and health/nursing/
medicine journals.

3.5. Contributed authors

Among the authors who have published relevant literature
on breast cancer radiomics, the top 10 authors published 160
papers, accounting for 17.96% of all the papers in this field.

www.md-journal.com

Pinker, Katja was the most prolific researcher (24 papers), fol-
lowed by Giger, Maryellen L (22 papers) and Mao, Ning (19
papers). Furtheranalysis showed that of the 10 authors, seven
were from China and three were from the United States.
CiteSpace visualized the network among authors (Fig. 2E).
Further analysis indicated that Li Hui, who ranks seventh in
publication volume and third in citation count, is the leading
author in this field.

Fifty-six authors were cited more than 50 times, indicating
that their research had a high reputation and influence. The larg-
est nodes were associated with authors who have been co-cited
the most (Fig. 2F), including Lambin P (367 citations), Gillies R]
(328 citations), and Li H (210 citations). Taking 1 year as the
time slot, covering the period from 2015 to 2023, the reference
network had 621 nodes and 3169 links (Fig. 2F). Among the
top 10 articles with the highest number of co-citations, the arti-
cle titled “Radiomics: Images Are More than Pictures, They Are
Data” in Radiology (IF = 19.7) was the most co-cited reference,
with Gillies, Robert ] as the first author.

3.6. Clustering analysis

We conducted reference co-citation and temporal clustering anal-
yses (Fig. 3A and 3B). We found that non-small cell lung cancer
(cluster9), evolutionary algorithmsbiological imaging (cluster10),
and contrast-enhanced ultrasound (cluster12) were the early
research hotspots. Cancer (cluster3), ultrasound (cluster4), hetero-
geneity (cluster6), and computer-aided diagnosis (cluster?) were
the mid-term research hotspots. Neoadjuvant chemotherapy (clus-
ter0), pathological complete response (cluster1), axial lymph node
metastasis (cluster2), the tumor microenvironment (cluster5), pos-
itron emission tomography (cluster8), and lymphovascular inva-
sion (cluster13) are popular topics and trends in this field.

3.7. Keywords

By analyzing keywords, we can quickly understand the situa-
tion and development direction of a field. According to the co-
occurrence of keywords in VOSviewer, the most popular keywords
were MRI (166), machine learning (152), features (150), and
images (143) (Table 1, Figure 3C). We removed irrelevant key-
words and constructed a network containing 169 keywords that
appeared at least eight times, resulting in six clusters. The first
group (red) contained 43 keywords, including MRI, dynamic
contrast-enhanced (DCE)-MRI, features, magnetic resonance
imaging, subtype, radiogenomics, biomarkers, tumor heterogene-
ity, genomics, associations, and Oncotype dx. The second group
(green) contained 43 keywords, including texture analysis, neoad-
juvant chemotherapy, f-19-fdg/pet/ct, lung cancer, distant metas-
tasis, reproducibility, impact, convolutional neural-network, and
lymph-node metastatic. The third group contained 28 keywords
(blue), including diagnosis, machine learning, prediction, artificial
intelligence, risk, diagnostic-accuracy, mammography, and selec-
tion. The fourth group contained 27 keywords (yellow), includ-
ing deep learning, preoperative prediction, ultrasound, metastasis,
accuracy, nomogram, information, multicenter, and sentinel node.
The fifth group contained 27 keywords (purple), including images,
classification, lesions, system, differentiation, segmentation,
computer-aided diagnosis, benign, performance, and masses.
Group 6 contained one keyword (light blue), which is a neural-
networks. We created a volcano map using CiteSpace to visually
display the changes in research hotspots over time (Fig. 3D).

3.8. Citation bursts

Using CiteSpace, the 50 most reliable citation bursts in the field
of breast cancer radiomics were obtained. The reference with the
highest citation rate (36.14) is “Radiomics: Images Are More
than Pictures, They Are Data” published by Gillies.?®! Of the 50
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Figure 2. (A) National cooperation network diagram. Each node represents a country. (B) Network diagram of institutional cooperation. (C) Co-cited network
diagram of journals. (D) Dual-map overlay of journals. The colored path showcases the interconnections between journals through citations, positioning the cited
journal on the left and the citing journal on the right. (E) Author collaboration network diagram. (F) Co-citations network diagram of authors.

references, 42 were published between 2015 and 2023, indicat-
ing that these papers have been frequently cited over the past
nine years. Importantly, 11 of these papers are currently at the
peak of citations (Fig. 4A), indicating that breast cancer radiom-
ics research will still receive considerable attention in the future.

Out of the 257 most prominent burst keywords in this field,
we narrowed our focus to 50 with the most robust citation
bursts (Fig. 4B), signifying the current research trends and pos-
sible future directions in this area of study.

4. Discussion

Our study analyzed the related research literature on breast can-
cer radiomics from 20135 to 2023. Our findings suggest that this

area is progressing swiftly, with a sharp increase in the volume
of primary research papers and scholarly reviews. This study has
the potential to provide researchers with a deeper understand-
ing of the progression and upcoming trends in this specific field.

To our knowledge, our study is the first to report the trend
of breast cancer radiomics using a bibliometrics analysis.
Compared to previous studies,/'”*”! which published in the
form of reviews, this paper used a bibliometrics analysis to help
authors understand the change in this field. With vivid images
and detailed tables, this new method can provide readers with a
more intuitive display of the development in this field. Through
a bibliometric analysis of the annual distribution of different
nations, institutions, journals, authors, keywords, and refer-
ences in the field of breast cancer radiomics, we can obtain more
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High-frequency Keywords.

Rank Keyword Counts Rank Keyword Counts
1 MRI 166 11 Ultrasound 94
2 Machine learning 152 12 Deep learning 90
3 Features 150 13 Texture analysis 84
4 Images 143 14 Artificial intelligence 76
5 Neoadjuvant chemotherapy 121 15 Nomogram 67
6 Diagnosis 108 16 Lesions 65
7 Mammography 107 17 Heterogeneity 64
8 Classification 106 18 Therapy 64
9 Magnetic resonance imaging 106 19 Preoperative prediction 62

10 Prediction 104 20 Survival 60
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Figure 3. (A) Cluster diagram of co-cited publications. (B) Volcano plot of co-cited literature. (C) Co-occurrence network diagram of high-frequency keywords.
Each node resents a keyword, and a larger node means higher frequency. (D) Keyword clustering volcano plot.

detailed information in this area and guide researchers predict
the future direction of this field.

4.1. Trend

From 2015 to 2022, the international literature on breast cancer
radiomics research has always increased, with a marked surge
in publications starting in 2020. Since 2022, the number of
academic publications in this field has surpassed 200 annually,
signifying a growing interest from researchers in recent times.
Significant advancements in the treatment of breast cancer have
sparked a shift in the imaging requirements. Advancements
in imaging technology and image data processing methods in
recent years have also played an important role.

4.2. Countries

At present, a limited number of countries (such as China, the
United States, Italy, South Korea, and the United Kingdom) and
their educational institutions are primary sources of relevant
studies being published. China and the United States ranked
first and second in the number of publications, respectively,
and made significant contributions to advancements in this
field. China's academic research publications comprise nearly
half of the total, demonstrating its close collaboration with
various countries worldwide. Despite China leading in the
number of publications, its citation/publication ratio remains
significantly lower than that of the United States, suggesting a
potential disparity in the overall quality of the research out-
put. China has a large number of publications, high citation
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Figure 4. The maps showing the strongest citation bursts. (A) References with the strongest citation bursts. (B) 50 keywords with the strongest citation bursts.

frequency, and centrality of 0.27, indicating that it is currently
a leading country in this field. The USA has the highest cen-
trality (0.63), far beyond that of other countries, which shows
that this country has also contributed greatly to this field.
Among the top ten research institutions in terms of the number
of publications, six were from China, far beyond other coun-
tries, including Fudan University and the Chinese Academy of
Sciences, which were the top two institutions. Despite the sig-
nificant amount of collaborative research in this field, it is evi-
dent that institutions show a higher preference for partnering
with their national organizations. Therefore, it is imperative
to enhance coordination between local and overseas organiza-
tions and dismantle academic obstacles to advance the field of
breast cancer radiomics.

4.3. Journals

Frontiers in Oncology (110) is a journal with many publica-
tions, followed by cancer (60), magnetic resonance imaging
(34), and academic radiology (31). Among the top ten jour-
nals, Radiology had the highest impact factor, indicating their
high academic influence in their fields. The journal with the
highest number of co-citations is Radiology (761 times), fol-
lowed by Eur Radiol (616 times) and ] Magn Reson Imaging
(472 times). Among the top 10 journals with the highest num-
ber of joint citations, J Clin Oncol was cited 460 times and
IF was the highest among the top 10 journals (45.4). This
suggests that the aforementioned publications have significant
academic sway and prestige within their respective disciplines.
Numerous research papers in oncology and various clinical
publications have highlighted the significant interest among
clinical professionals regarding the potential benefits of radio-
mics tools for patient care.

4.4. References

In our study, information on the top 10 co-cited references,
which were classic documents, was extensively explored.
Based on these co-cited references, it can be found that the
research subjects in this area are mainly the prediction of
pathologic complete response to neoadjuvant chemother-
apy and the prediction of sentinel lymph node metastasis by
radiomics. From the co-cited literature analysis, we can see
that in recent years, “neoadjuvant chemotherapy,” “patholog-
ical complete response,” “axillary lymph node metastasis,”
“tumor microenvironment,” “positron emission tomogra-
phy” and “lymphovascular invasion” have become hotspots.
“Neoadjuvant chemotherapy” and “pathological complete
response” are related to the treatment of breast cancer.
“Tumor microenvironment” and “lymphovascular invasion”
are pathological features of this cancer. These terms are
related to the application of radiomics in the prediction of
diseases. Positron emission tomography, which is not a com-
mon method for breast cancer diagnosis, is attracting increas-
ing attention for its application in radiomics. Some studies
have reported excellent diagnostic effectiveness of radiomics
for many tumors. However, compared to traditional imaging
methods, the potential applications of this technology must
be further developed to optimize its ability to support clinical
decision-making.

The publication titled ‘Radiomics: Images Are More than
Pictures, They Are Data’ in Radiology (IF = 19.7) was the most
co-cited reference, and Gillies, Robert | was the first author.
Among the ten most cited references, an article written by
Gillies et al was cited the most because their study provided cru-
cial information for researchers who wanted to study radiomics,
including workflow, clinical applications, challenges, and poten-
tial values. The article titled “Global cancer statistics 2020:
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Globocan estimates of incidence and mortality worldwide for
36 cancers in 185 countries” had the highest IF (IF = 254.7,
CA-A Cancer Journal for Clinicians).

4.5. Authors

Among the researchers involved in these publications, Pinker,
Katja was the most prolific author (24 papers), followed by
Giger, Maryellen (22 papers), and Mao, Ning (19 papers). We
found that Li Hui, who ranks seventh in publication volume and
third in citation count, is the leading author in this field. The
authors who co-cited the most included Lambin P (367 cita-
tions), Gillies RJ (328 citations), and Li H (210 citations). With
the most citations among the top 10 co-cited authors, Lambin P
is thought to be a leading and powerful researcher in the area.
He revolutionized the development of radiomics approaches
and displayed dedication towards standardizing research in this

field.

4.6. Keywords

Generally, for publications, keywords are extracted from the
full texts and main topics of study. Researchers rely on key-
words within their chosen academic fields to delve into research
topics and identify evolving trends over different time frames.
Analyzing keywords provides insight into shifting focus trends
within this discipline. After compiling the top 20 high-frequency
keywords in the field, we conducted a keyword co-occurrence
analysis to cluster them, resulting in the identification of six
distinct groups. These clusters offer valuable insights into the
current research priorities and potential future trends in breast
cancer radiomics.

Keywords can indicate the focus in a certain area, and we
confirmed “MRL” “machine learning,” “features,” “images,”
and “neoadjuvant chemotherapy” as the focus in this area.
These fields are summarized as follows:

1. MRI, features, and images: MRI is frequently selected for
radiomics as the primary imaging modality in patients with
breast cancer. Through the extraction of pertinent features from
MRI scans, we can utilize selected attributes to build models
that accurately forecast the disease characteristics, achieving
high AUC values.

2. Machine learning: Various algorithms in machine learning,
such as Logistic Regression, Random Forest, Decision Tree, and
Support Vector Machines, are utilized in the analysis of radio-
mics data. These components play vital roles in the radiomics
workflow. By utilizing these advanced algorithms, we can cre-
ate precise models that improve prognosis, identify key patho-
logical features, and anticipate treatment outcomes, ultimately
enabling healthcare providers to make more informed decisions
for their patients.

3. Neoadjuvant chemotherapy: It is a frequently employed
method in the treatment of breast cancer, with varying ways
depending on the stage of the disease. Conventional medical
imaging techniques are ineffective for assessing the effectiveness
of this treatment approach. Numerous studies have highlighted
the superior predictive capabilities of radiomics in determining
response to neoadjuvant chemotherapy, making it a prominent
area of interest in recent years with a wealth of pertinent lit-
erature. Several studies in medical research have successfully
constructed radiomics models that accurately predict the effi-
cacy of neoadjuvant chemotherapy, with high AUC values. By
incorporating various clinical indicators into composite models,
radiomics has demonstrated enhanced diagnostic accuracy in
detecting breast cancer.

Our investigation indicated that studies in the field of breast
cancer radiomics recently emphasize five crucial components
with strong citation bursts: prognostic factors, primary therapy,
lymphovascular invasion, tumor response, and estrogen. These

www.md-journal.com

five keywords highlight emerging areas of interest in the field of
radiomics for breast cancer and can be consolidated as follows:

1. Prognostic factors, lymphovascular invasion, and estrogen
levels: various factors can influence breast cancer prognosis. The
utilization of radiomics can provide researchers with a clearer
insight into these influencing factors. For example, Ki-67 is con-
sidered an important factor in the prognosis of breast cancer. A
number of studies have indicated that radiomics has the poten-
tial to provide a more accurate assessment of Ki-67 status. The
occurrence of lymphovascular invasion significantly contributes
to a diminished survival rate and an unfavorable prognosis.
This sign has received increasing attention worldwide as a rela-
tively new research field. As another prognostic factor for breast
cancer, high estrogen levels can promote the advancement and
metastasis of tumors; therefore, it is often an essential part of
breast cancer research. Further exploration is essential to under-
stand the ways in which it affects the progression of this illness.

2. Primary therapy and tumor response: neoadjuvant che-
motherapy and surgical intervention are typically employed as
the primary treatment plans. The scope of radiomics expands
beyond predicting tumor response to neoadjuvant chemo-
therapy, assessing lymph node metastasis and immune factor
expression prior to surgery, and offering enhanced direction for
perioperative care.

The surge of the prominent terms from 2018 highlighted a
shift in research emphasis over the previous five years, transi-
tioning from mainstream technology to more nuanced investiga-
tions into the clinical characteristics of breast cancer. This trend
was also observed in the clustering analysis. This conforms to
the general rules of disease research, and the latest keywords
highlight the cutting-edge subjects within this discipline.

4.7. Application of radiomics in breast cancer

4.7.1. Distinguishing between benign and malignant breast
tumors. Identifying whether a breast tumor is benign or
malignant poses a challenge even for seasoned radiologists.
The implementation of radiomics technology has shown a
remarkable increase in diagnostic precision in this field, as
evidenced in previous studies.'%?5-3! In a previous analysis, the
research conducted by Zhang et al®?! attempted to identify the
most effective radiomics approach using multimodal MRI to
distinguish between benign and malignant breast masses. The
researchers developed several integrated models and validated a
superior model that integrates T2WI, DKI, and pharmacokinetic
parameter maps, resulting in an AUC value exceeding 0.9.
Diffusion-weighted imaging (DWI) is a promising adjunctive
imaging sequence to traditional DCE-MRI that uniquely enables
the observation of water molecule diffusion. The differentiation
of benign and malignant breast lesions through assessment
of the apparent diffusion coefficient is a prominent area of
research focus in the field of medical imaging. Naranjo et al®3!
used radiomics methods based on two MRI sequences (DWI
and DCE imaging) to distinguish between benign and malignant
breast masses. This study found that multiparametric imaging
radiomics methods (AUC = 0.85) could distinguish between
benign and malignant lesions better than traditional DWT alone
(AUC = 0.79).

4.7.2. Prediction of tumor information. For accurate clinical
decisions, more detailed and microscopic information about
tumors, such as pathological and immunohistochemical results,
is required for further analysis. Wang et al®* enrolled 901
patients with invasive breast cancer to predict their histological
grades by using MRI radiomics. Of the 529 features extracted
from these images, 26 were used to construct a radiomics model.
This model showed a relatively high diagnostic efficacy in their
study. Li et al®! conducted a radiomic analysis of 91 cases of
invasive breast cancer confirmed by biopsy and found that
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the tumor phenotype based on MRI radiomics can effectively
distinguish the molecular classification of these breast cancers,
including distinguishing ER + from ER -, PR +from PR -,
HER2 + from HER2-, and triple-negative from non-triple-
negative breast cancer, all with high AUC values. The results
showed that radiomics technology is a good tool for reflecting
the characteristics of tumors.

4.7.3. Prediction of the treatment effect. Radiomics has
proven to be highly effective in predicting treatment outcomes,
especially neoadjuvant chemotherapy (NAC).’*#01 NAC is used
before surgery to optimize surgical options, minimize tumor
size, and lower the likelihood of distant metastasis. Typically,
it is the treatment of choice for individuals diagnosed with
advanced breast cancer in a local area, serving as the primary
form of defense against the disease. To predict NAC response
using radiomics, Fan et al*! combined various radiomics
features extracted from DCE-MRI and found that background
parenchymal features were among the most representative
features for prediction, especially in the normal breast. By
utilizing an evolutionary algorithm for feature confirmation,
their classifier demonstrated remarkable predictive accuracy
with a selection of 12 features. Braman et al*? reported that a
combination of imaging features inside and around the tumor
could accurately predict the likelihood of pathological complete
response to NAC (AUC = 0.74). By factoring in the receptor
status, the AUC can be increased to 0.83.

4.7.4. Prediction of the prognosis. Radiomics can also help
doctors better predict the prognosis of patients with breast
cancer. Evaluation of axillary lymph node status helps to
analyze prognosis and is still a mandatory requirement in the
diagnosis of breast cancer. Yu et al*! found that DWI-MRI
features extracted using software could be used to evaluate
sentinel lymph node metastasis in breast cancer. In this study,
the AUCs of DWI-MRI combined with T2-SF were more
than 0.8 in the training and validation groups. Ki-67, an
important prognostic marker of breast cancer, can be used to
estimate the therapeutic response. Liang et al*! proposed a
T2W image-based radiomics classifier based on 16 features
extracted from T2W images and found good discrimination
for predicting Ki-67 status. Ha et al®*! confirmed that the
metabolic characteristics of positron emission tomography
CT imaging are related to Ki-67 expression, which can be
used to predict the recurrence risk of breast cancer and
provide personalized management for patients with locally
advanced breast cancer.

4.8. Problems

In recent years, radiomics has been increasingly used for the
treatment of breast cancer, but there are still many problems:
(1) At present, radiomics is mainly conducted in a few nations’
academic institutions and usually simply in a single center, thus
limiting its broader application. (2) The lack of big data stud-
ies, obvious differences in imaging parameters, and scanning
methods limits the reproducibility and accuracy of radiomics
for breast cancer.

4.9. Limitations

First, our study only included English literature and did not ana-
lyze Chinese literature, so we may have missed some important
papers. Second, this study visually showed the number of studies
in different countries, authors, and journals but did not conduct
a statistical analysis. Finally, we did not conduct further analy-
ses of a single important paper. In this field, we are optimistic
that upcoming research endeavors will offer in-depth analyses
accompanied by thorough findings.

Medicine

5. Conclusions

We conducted a comprehensive analysis of publications related
to breast cancer radiomics by using bibliometric tools to reveal
the bibliometric features of the field. A synthesis of the relevant
publications identified the current state of research and hotspots
in the field. With a high number of publications, China and the
USA are the two most important countries that have contributed
to major achievements in this area, indicating their leading roles
in this field. Numerous publications on breast cancer radiomics
published in clinical journals, which showed increasing interest
among clinical professionals, highlighted the value of radiomics
in this field. The hotspots have changed from mainstream tech-
nology to more nuanced investigations into the clinical character-
istics of breast cancer, which reflected this area had been deeply
explored in recent years, and the prediction of these characteris-
tics may be the future direction in this field. Although radiomics
is a rapidly expanding field, its application in breast cancer is still
at the stage of clinical exploration and there are many obstacles
to overcome in the future. In the future, more efforts should be
made to exploit the application value of radiomics in clinical
practice rather than simply regarding it as a research tool.
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