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From Images to Genes: Radiogenomics Based on Artificial
Intelligence to Achieve Non-Invasive Precision Medicine in
Cancer Patients

Yusheng Guo, Tianxiang Li, Bingxin Gong, Yan Hu, Sichen Wang, Lian Yang,*
and Chuansheng Zheng*

With the increasing demand for precision medicine in cancer patients,
radiogenomics emerges as a promising frontier. Radiogenomics is originally
defined as a methodology for associating gene expression information from
high-throughput technologies with imaging phenotypes. However, with
advancements in medical imaging, high-throughput omics technologies, and
artificial intelligence, both the concept and application of radiogenomics have
significantly broadened. In this review, the history of radiogenomics is
enumerated, related omics technologies, the five basic workflows and their
applications across tumors, the role of AI in radiogenomics, the opportunities
and challenges from tumor heterogeneity, and the applications of
radiogenomics in tumor immune microenvironment. The application of
radiogenomics in positron emission tomography and the role of
radiogenomics in multi-omics studies is also discussed. Finally, the
challenges faced by clinical transformation, along with future trends in this
field is discussed.

1. Background

With the development of high-throughput sequencing technol-
ogy, the concept of genomics has been greatly expanded. Initially,
genomics was used to determine DNA sequences,[1] but it has
now expanded into functional genomics such as transcriptomics
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and proteomics[2] and epigenomics such as
DNA methylation or RNA methylation.[3]

Based on the results of genomic
sequencing, we can study the deep-seated
biological phenotypes of tumors and fur-
ther combine them with specific treatment
methods to achieve precision medicine.[4,5]

However, genomics often relies on tumor
samples obtained by invasive means such
as needle biopsy or surgical resection,
which has the following practical problems:
patients are intolerant to surgery; the tumor
is located next to large blood vessels or vital
organs; bleeding, pneumothorax, infection
and, other life-threatening complications
occur during puncture or operation; ob-
taining multiple samples during the course
of treatment remains challenging; cre-
ating an additional economic burden;
the tumor itself exhibit spatial hetero-
geneity, meaning that the punctured or

resected samples may not represent the overall characteristics
of the tumor.[6–8] These problems limit the development and
clinical application of genomics.

In the last decade, radiomics based on clinical imaging in-
cluding computed tomography (CT), magnetic resonance imag-
ing (MRI), positron emission tomography (PET), and ultrasound
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has been extensively studied and attracted the attention of re-
searchers worldwide.[9] Radiomics aims to extract quantitative
features from clinical imaging and provide a wealth of rele-
vant information about disease phenotypes that are difficult to
distinguish with the naked eye.[10] The analysis process of ra-
diomics can be summarized as image acquisition, image recon-
struction, image preprocessing, region of interest (ROI) recog-
nition and segmentation, and feature extraction, and predictive
models were subsequently constructed using radiomic features
combined with disease information.[11,12] Therefore, the diagno-
sis, classification, curative effect, and prognosis of the disease
can be predicted and judged based on radiomics.[13,14] However, a
drawback of radiomics is that the biological interpretability of the
features is limited, and a large number of higher-order features
cannot be biologically understood, this is also an urgent problem
in the field of radiomics.[15]

The principle of radiogenomics is that the biomedical image
of patients is a comprehensive product based on human DNA,
RNA, proteins, metabolites and various kinds of epigenetic mod-
ifications, so there is a natural correlation between medical imag-
ing data and biological processes such as molecular pathways
of diseases.[16–18] Radiogenomics endeavors to complement the
advantages of genomics and radiomics, which are mainly used
in oncology research for five purposes: 1) exploring the correla-
tion between imaging information and biological information, or
carrying out biological interpretation for imaging subtypes tech-
niques, 2) conducting virtual biopsy through noninvasive imag-
ing, 3) exploring biological interpretability for radiomic model
with genomics, 4) augmenting predictive models with radiomic
data to provide additional information and improve prediction
accuracy, 5) leveraging genomic information as an alternative to
imaging data for validation in cohorts lacking imaging records.
Five corresponding workflows are formed (described in detail in
Section 3). It is worth noting that traditional information pro-
cessing methods cannot meet the needs of multi-omics big data
processing, necessitating the adoption of novel data processing
strategies to integrate different data sets. Recent advances in ma-
chine learning have given impetus to improved model prediction
accuracy, facilitated deeper integration of multiple omics, and ac-
celerated clinical transformation in radiogenomics. In addition,
we note that the term “Radiogenomics” has also been used to de-
scribe a method for identifying genetic variants associated with
susceptibility to ionizing radiation,[19] and we do not discuss such
studies here. In addition, this review will only discuss imaging
techniques frequently used in the clinical practice, including CT,
MR, ultrasound, and PET, excluding preclinical or early-phase
clinical trial imaging methods pertaining to radiogenomics.

Radiogenomics is composed of three fields: medical imaging,
high-throughput omics technologies, and artificial intelligence
(AI). The development of these three fields has promoted the
progress of radiogenomics, therefore, the concept and applica-
tions of radiogenomics are constantly evolving and renewing
(Figure 1). In 2003, Hobbs et al. sampled the enhanced and
non-enhanced MRI regions of four cases from glioblastoma
multiforme patients, and proteomics found that the two regions
presented different gene expression profiles.[20] In 2007, Kuo
et al. used six predefined imaging phenotypes to correlate with
tumor microarray data (each microarray can obtain expression
information for ≈18 000 genes), and found that gene expression

phenotypes associated with doxorubicin drug response could
be determined non-invasively by CT.[21] At the same time, they
defined and quantified 28 imaging features in hepatocellular
carcinoma (HCC), demonstrating that specific gene expression
can be mapped to the corresponding imaging features using
unsupervised clustering.[22] Subsequently, they proposed the
original concept of radiogenomics: A methodology for associat-
ing gene expression information derived from high-throughput
technologies with radiographic imaging phenotypes.[23] How-
ever, constrained by the fact that the concept of radiomics had
not yet been proposed at that time, their analysis was limited to
only a small number of semantic features of the imaging. The
Cancer Genome Atlas Program (TCGA) and the matched The
Cancer Imaging Archive (TCIA) database has made imaging
data, genomic, transcriptomic and proteomic data publicly
available from 2008 to 2011.[24,25] Similarly, Clinical Proteomic
Tumor Analysis Consortium (CPTAC) has also successively
released pan-cancer multi-omics data including imaging data
after 2011,[26] meanwhile, Cancer Moonshot Biobank (CMB)
and Applied Proteogenomics Organizational Learning and Out-
comes (APOLLO-5) network with pan-cancer multi-omics data
including imaging data have been started in 2016. Lambin et al.
put forward the concept of radiomics in 2012, which can extract
high-throughput information from medical image images[27]

and has since become a commonly used omics form in radio-
genomics. Also in 2012, AlexNet was proposed in the ImageNet
Competition, where this deep learning network achieved better
classification results than traditional classifiers.[28] Since 2013,
radiogenomics has published a series of studies that use imag-
ing signatures in conjunction with genomic or transcriptomic
data.[29] However, since the classifier was not robust enough at
the time, researchers often can only get the relationship between
biological information and radiological features through correla-
tion analysis,[30] so it is difficult to directly use imaging informa-
tion to predict the outcome of interest. With the development of
machine learning models, especially advances in deep learning,
such as the Transformer model presented in 2017,[31] classifiers
now possess the capability to directly predict gene mutations,
pathway activation or inhibition, epigenetics changes, and
metabolic changes from imaging of tumors.[32] More recently,
advances in single-cell technology as well as in spatial sequenc-
ing technology[33] have made it possible to the jointly analyze
imaging and gene expression at the cellular level, or imaging
with spatial information of gene expression. Now, scientists have
turned their attention to the use of deep learning and multi-
omics data in the context of large cohorts and multicenter data
to achieve non-invasive precision medicine in cancer patients.

Although previous studies have reviewed the advancements
in radiomics and radiogenomics, there is still an urgent need
for a more updated, comprehensive review that focuses on the
streamlining of workflows while encompassing the latest omics
technologies. This review aims to summarize the development of
radiogenomics and the related omics technologies, and compare
the 5 typical workflows of radiogenomics and their applications
in various tumors. The application of artificial intelligence
technology is highlighted, and the opportunities and challenges
brought by tumor heterogeneity are discussed. We also sum-
marize the application of radiogenomics in predicting tumor
immune microenvironment, and propose the unique role of
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Figure 1. Timeline of the development history of radiogenomics. In this figure, we summarize the emergence of new concepts and databases, break-
throughs in major technologies, and representative studies. Over time, the number of databases has increased, the efficacy of predictive models has
improved, the types of omics involved have become diverse, and advancements in sequencing have led to enhanced precision and depth. Furthermore,
a growing number of studies have emphasized the clinical translation of radiogenomic research. Created with Figdraw.com (ID: PAAYP8e848).

radiogenomics in PET. We also discuss the role of radiogenomics
in multi-omics research. Finally, we discussed the challenges
faced by clinical transformation, along with future trends in this
field.

2. Omics Technologies Involved in Radiogenomics

2.1. Genomics, Transcriptomics and Proteomics

Since the advent of Sanger sequencing in 1977,[1] genomics
has advanced significantly, leading to a rapid decrease in
genome sequencing costs due to next-generation sequencing
technologies.[34] Genomics technologies, such as whole genome
sequencing, whole exome sequencing, and targeted panel se-
quencing, are widely used in molecular typing, targeted drug
selection, and immunotherapy selection.[35–37] As the most ma-
ture omics field, genomics can be applied to various genetic al-
terations and has played a central role in research since the Hu-
man Genome Project’s completion in 2003.[38] Transcriptomics,
which analyzes RNA content, provides a dynamic view of genetic
information compared to genomics.[39] RNA sequencing (RNA-
seq) and microarrays are two prevalent techniques for transcrip-

tomic analysis, with RNA-seq offering more accurate and sensi-
tive RNA quantification.[40,41] Proteomics, focusing on proteins
and their post-translational modifications, addresses the limita-
tions of genomics and transcriptomics by providing unique in-
formation on gene expression.[42] The Human Proteome Project
aims to chart the complete human proteome using advanced pro-
teomic technologies.[43] Mass spectrometry-based proteomics al-
lows for large-scale detection and comprehensive analysis of pro-
tein information.[44] Both transcriptomics and proteomics can
quantify gene expression in tumors, immune and stromal cell
infiltration, determine pathway activation or inhibition, and eval-
uate molecular subtypes[45,46] (Figure 2).

2.2. Metabolomics, Microbiomics and Epigenetic Modifications
(omics)

Metabolomics, a new omics direction utilizing techniques like
nuclear magnetic resonance and chromatography-mass spec-
trometry, is divided into targeted and untargeted approaches
to identify and quantify metabolites.[47] It detects various sub-
stances, including amino acids, carbohydrates, nucleotides,
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Figure 2. Overview of radiogenomics. In this figure, we illustrate the key elements of radiogenomics including medical imaging, high-throughput omics
technologies, and AI. In addition, we illustrate the relationships among various omics technologies surrounding the central dogma, as well as the
subtypes and functions of these technologies. Created with Figdraw.com (ID: PAPOP94688).

and lipids, and is increasingly applied in tumor research
due to metabolic reprogramming being a tumor hallmark.
Metabolites provide additional information on disease het-
erogeneity and cancer prognosis.[48] Microbiomics, the study
of all microorganisms and their genetic information in an
environment, employs metagenomic and 16s rRNA gene se-
quencing, revealing correlations between microorganisms and
tumor phenotypes.[49] Epigenetic modifications, encompass-
ing DNA, RNA, and protein modifications, are variable and
can alter gene expression, affecting tumor phenotypes.[50,51]

Joint analysis of imaging with metabolomics, microbiomics,
and epigenetic modifications presents promising avenues for
research.

2.3. Single-Cell Sequencing and Spatial Sequencing

Single-cell sequencing, which encompasses genomics, transcrip-
tomics, proteomics, and metabolomics at the individual cell
level, can be categorized into single-cell DNA sequencing, single-
cell RNA sequencing (scRNA-seq), single-cell proteomics, and
single-cell metabolomics.[52–54] ScRNA-seq is the most preva-

lent, enabling the analysis of gene expression heterogeneity
across various cell types within tissues, unlike bulk RNA-seq
that only considers average gene expression.[55] ScRNA-seq also
facilitates the study of cell grouping, differentiation, and the
relationship between specific genes and cell populations.[56,57]

However, both bulk and single-cell sequencing methods can
lose spatial information.[58] To address this, spatial sequencing,
particularly spatial transcriptomics, has emerged. By integrat-
ing tissue section localization with transcriptome sequencing,
spatial transcriptomics reveals the spatial distribution of gene
expression and microenvironments distinguished by unique
gene signatures.[59] Combining scRNA-seq with spatial transcrip-
tomics allows precise mapping of transcriptionally annotated sin-
gle cells within their native tissue frameworks, enhancing our
understanding of cellular interactions in development, physio-
logical balance, and disease states.[60]

2.4. Radiomics

The definition of radiomics is to extract a large number of
features from radiological images with high throughput, use

Adv. Sci. 2025, 12, 2408069 2408069 (4 of 29) © 2024 The Author(s). Advanced Science published by Wiley-VCH GmbH

http://www.advancedsciencenews.com
http://www.advancedscience.com
https://Figdraw.com


www.advancedsciencenews.com www.advancedscience.com

Figure 3. Typical workflows of radiogenomics. Combinations of medical imaging, high-throughput omics technologies, and AI formulate 5 typical work-
flows including workflow 1-Correlation Analysis (CA), workflow 2-Virtual Biopsy (VB), workflow 3-Biological Interpretation (BI), workflow 4-Multimodal
Prediction (MP) and workflow 5-Gene Set Verification (GV). Created with Figdraw.com (ID: WOARO7be2f).

automatic or semi-automatic analysis methods to convert
imaging data into quantitative features, and then mine the rela-
tionship between these quantitative features and disease stage,
grade as well as prognosis of patients.[27,61] The definition of ra-
diomics originated from radiogenomics, and its idea originated
from the heterogeneity of tumors. The specific implementation
methods of radiomics can be simply summarized as follows: 1)
collect medical imaging such as CT, MR, PET or ultrasound. 2)
preprocess or standardize medical imaging. 3) segment the ROI
within the medical images, either manually, semi-automatically,
or fully automatically. 4) extract the radiomic features. 5) build
predictive models or correlation maps. Compared to other
omics technologies, the advantage of radiomics is that high-
dimensional quantitative features can be obtained without tissue
samples to support the medical decision-making process.[62]

Other omics can directly analyze the molecular components
within biological organisms, providing a more direct insight into
alterations in gene expression, protein function, and metabolic
activities in tumors. Radiomics and other omics technologies
complement each other, enabling a transition from invasive
biopsies to virtual biopsies. It adds biological interpretability
to otherwise inexplicable radiomic predictive models. The joint
application of radiomics with other omics technologies will be
discussed in detail in Sections 3 and 9.

3. Typical Workflows and Available Public
Databases of Radiogenomics

3.1. Workflow 1-Correlation Analysis (CA)

Workflow 1-CA can be summarized as follows: conducting cor-
relation analysis between semantic features, radiomic features,
or radiomic subtypes and gene mutation, gene expression, or
molecular subtype (Figure 3). Or conducting biological inter-
pretation for specific imaging subtypes. This workflow is the
earliest application in radiogenomics. Its main purpose is to
explore the correlation between imaging features and gene
mutations or expressions and to suggest the biological basis
behind imaging features or imaging subtypes. In this process,
the construction of prediction models is often not involved. For
example, Karlo et al. extracted 8 qualitative and 5 quantitative
imaging features from 233 patients with clear cell renal cell
carcinoma (ccRCC) and extracted the mutation information of
VHL, PBRM1, BAP1, SETD2, and KDM5C from the genomics.
Correlation analysis revealed that these gene mutations were
significantly associated with some imaging features.[29] Zhou
et al extracted 87 semantic features from 113 patients with
non-small cell lung cancer (NSCLC) and performed RNA-seq of
tumor tissues. The results showed that there were 32 significant
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correlations between semantic features and metagene.[63] From
a clinical application perspective, workflow CA often conducts
preliminary exploratory research, and additional workflows are
required to establish predictive models to guide clinical practice.

3.2. Workflow 2-Virtual Biopsy (VB)

Workflow 2-VB can be summarized as follows: predicting gene
mutation, gene expression, or molecular subtypes through se-
mantic features or radiomic features. This workflow is the most
widely used, and its main purpose is to conduct virtual biopsy
through noninvasive means. Chen et al. extracted 841 radiomic
features from glioma MRI images to predict intratumoral M2
macrophages and found that this model could assist in treat-
ment decisions in immunotherapy cohorts.[64] Bourbonne et al.
extracted 1332 radiomic features from PET/CT images of lung
cancer patients to predict KEAP1/NFE2L2 mutations, and the
prediction model can stratify the outcomes of external cohort re-
ceiving radiotherapy.[65] Compared to workflow CA, workflow VB
demonstrates a more pronounced goal-orientation in clinical ap-
plications. It tends to collect high-dimensional data (such as ra-
diomic data) and strives for more precise predictive outcomes by
employing data dimensionality reduction techniques and high-
performance classifiers.

3.3. Workflow 3-Biological Interpretation (BI)

Workflow 3-BI can be summarized as follows: constructing the
prediction model of treatment efficacy, prognosis (survival, recur-
rence, or progression), or biomarker for cancer patients based on
the semantic features or radiomic features, and then using other
omics to biologically interpret the prediction model. The main
purpose of workflow BI is to understand the biological basis be-
hind the prediction model. This is because when designing the
imaging prediction model, the output of the model is often the
outcomes of clinical concern (such as survival, or treatment re-
sponse), which makes the model difficult to interpret without any
biological hypothesis. In 169 imaging-pathology paired patients
with HCC, Feng et al. constructed a radiomic model to predict
the macrotrabecular-massive subtype of HCC, and the biological
interpretation using bulk RNA-seq, scRNA-seq as well as the spa-
tial transcriptome revealed that the predictive model was associ-
ated with humoral immunodeficiency.[66] Jiang et al. constructed
a single radiomic feature model that predicted the survival of pa-
tients with triple-negative breast cancer, then they used transcrip-
tomics and metabolomics finding that the model was associated
with fatty acid metabolism alterations in tumors.[67]

3.4. Workflow 4-Multimodal Prediction (MP)

Workflow 4-MP can be summarized as follows: genomic in-
formation, imaging information, or other clinical information
jointly build the predictive model to predict the efficacy of
treatment, prognosis (survival, recurrence, or progression), or
biomarkers. The main purpose of workflow MP is to build
higher dimensional data by combining the macroscopic imag-
ing information with the biological information brought by

the microscopic genomics to improve the prediction accu-
racy. Kickingerder et al. found that integrating the radiomic
model into the molecular predictive model can significantly
improve the accuracy of the original model in predicting the
survival of glioma patients.[68] Yi et al. used pre-treatment CT
images of ovarian cancer, clinical characteristics, and single
nucleotide polymorphism information (genomics of blood) to
jointly construct a platinum drug resistance predictive model,
and the model constructed by the combination of the three
achieved better prediction accuracy than the single information
construction model.[69] It is noteworthy that the distinctiveness
of workflow MP lies in its emphasis on integrating multimodal
data, including genomics, imaging, and clinical information,
to build a comprehensive predictive model for joint prediction
of clinical outcomes. This approach contrasts with workflow
VB and workflow BI, which typically rely solely on imaging
information to construct their predictive models.

3.5. Workflow 5-Gene Set Verification (GV)

Workflow 5-GV can be summarized as finding the characteris-
tic gene set of semantic features, radiomic features, or imaging
subtypes through correlation analysis (such as weighted correla-
tion network analysis), and using the characteristic gene set to
verify the survival stratification in the cohort without imaging in-
formation. Replacing imaging features with characteristic gene
sets can not only verify the biological background of imaging
features but also expand the sample size of the total cohort. Wu
et al. found 73 genes with a strong correlation with tumor adja-
cent parenchymal imaging feature through weighted correlation
network analysis and used these 73 genes to predict this imag-
ing feature, which was verified in the dataset without imaging
data.[70] Using Fluorodeoxyglucose (FDG)-PET parameters as the
gold standard, Choi et al. constructed the tumor metabolism in-
dex using transcriptomic data and performed a survival analysis
using tumor metabolism index in cohorts without PET data.[71]

Similarly, An et al. explored the biological basis of FDG uptake
in patients with HCC and constructed a functional gene set asso-
ciated with FDG uptake finding that patients with high FDG up-
take had higher HCC recurrence rates.[72] Currently, in publicly
available tumor sequencing databases, only a small proportion
of the data is accompanied by imaging information. By employ-
ing the workflow GV method, we can construct gene sets that
are closely related to imaging and further validate them exten-
sively across numerous public databases. This approach will sig-
nificantly enhance the credibility and persuasiveness of studies.
Although there are currently few studies utilizing workflow GV,
it is foreseeable that the application of this method will become
increasingly widespread in the future.

3.6. Image-Gene Datasets That Have Been or Will be Publicly
Available

At present, most of the image-gene datasets that have been pub-
licly available or will be publicly available can be accessed through
TCIA (https://dev.cancerimagingarchive.net/). The pan-cancer
imaging data of TCGA and CPTAC can be accessed directly
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Table 1. Available public databases of radiogenomics.

Types of
tumors

Open-source
database

Main Imaging
modality

Types of biotechnology Website Status

Pan-cancers TCGA – Genomics,
transcriptomics and

proteomics

https://www.cancerimagingarchive.net/collection/tcga-lusc/
(LUSC for example)

Complete

CPTAC – Genomics,
transcriptomics and

proteomics

https://www.cancerimagingarchive.net/collection/cptac-luad/
(LUAD for example)

Ongoing

APOLLO-5 – Genomics,
transcriptomics and

proteomics

https://www.cancerimagingarchive.net/collection/apollo-5/ Ongoing

CMB – Genomics,
transcriptomics and

proteomics

https://www.cancerimagingarchive.net/collection/cmb-lca/
(Lung Cancer for example)

Ongoing

Lung cancer NSCLC-Radiomics-
Genomics

CT Transcriptomics https://www.cancerimagingarchive.net/collection/nsclc-
radiomics-genomics/

Complete

NSCLC
Radiogenomics

PT, CT Transcriptomics https://www.cancerimagingarchive.net/collection/nsclc-
radiogenomics/

Complete

Glioma CGGA MRI Genomics and
transcriptomics

http://www.cgga.org.cn/ Ongoing

IvyGAP MRI Transcriptomics https://www.cancerimagingarchive.net/collection/ivygap/ Complete

REMBRANDT MRI Genomics and
transcriptomics

https://www.cancerimagingarchive.net/collection/rembrandt/ Complete

GBMatch MRI Genomics https://medical-epigenomics.org/papers/GBMatch/ Complete

Note. TCGA: The Cancer Genome Atlas Program; CPTAC: Clinical Proteomic Tumor Analysis Consortium; APOLLO: Applied Proteogenomics Organizational Learning and
Outcomes; CMB: The Cancer Moonshot Biobank; LUSC: Lung Squamous Cell Carcinoma; LUAD: Lung Adenocarcinoma; NSCLC: Non-small-cell lung cancer; CGGA: Chinese
Glioma Genome Atlas; IvyGAP: Ivy Glioblastoma Atlas Project; REMBRANDT: REpository for Molecular BRAin Neoplasia DaTa.

through TCIA. Their clinical information or genomic, transcrip-
tomic, and proteomic data need to be downloaded through the of-
ficial website. APOLLO-5 and CMB are also collecting pan-cancer
data. In addition, the NSCLC radiomics genomics and NSCLC
radiomics datasets disclose the imaging data, clinical data, and
their corresponding transcriptomic information of patients with
NSCLC. The glioma imaging data of the Chinese glioma Genome
Atlas (CGGA) dataset requires an application to obtain access to
the data. The glioma imaging data of IvyGAP and REMBRANDT
can be accessed directly through TCIA, and the corresponding
sequencing data need to be obtained on the official website.
Relevant dataset information and webpages can be obtained in
Table 1.

4. Using five Workflows to Interpret
Radiogenomics Studies of Various Tumors

4.1. Liver Cancer, Colorectal Cancer, and Other Gastrointestinal
Tumors

The main types of primary liver cancer include HCC, intrahep-
atic cholangiocarcinoma, and mixed differentiated carcinoma.
HCC is highly heterogeneous at the genomic and histological
levels, resulting in the lack of molecular typing-based treat-
ment options.[73,74] Despite the tremendous progress made
in recent years with molecularly targeted therapies combined
with immunotherapy, patient survival remains poor.[75] Under
the paradigm of workflow CA, some studies have found that
LI-RADS are correlated with fractional allelic imbalance rate

index or high-frequency mutations,[76,77] and some studies have
analyzed the correlation between image semantic features and
gene expression.[21,22,78–80] In addition, Gu et al. constructed
two types of radiomic subtypes using similarity network fusion
and used transcriptomics to biologically interpret the radiomic
subtypes.[81] Under the paradigm of workflow VB, eight image
features can be used to predict IDH mutations in intrahepatic
cholangiocarcinoma.[82] Similarly, radiomic features can also
predict the PI3K signaling pathway in HCC.[83] Using workflow
BI, after establishing the imaging-clinical outcome model[84]

or imaging-pathology model,[66] transcriptomics was used to
carry out the relevant biological interpretation of these predictive
models.

The incidence and mortality of colorectal cancer are increas-
ing. Although survival can be improved by targeted therapy
or immunotherapy, recurrence, and metastasis remain impor-
tant causes of death in patients.[85,86] Applying workflow CA,
BRAF mutations have been found to be associated with texture
features[87] and KRAS mutations have been found to be associ-
ated with texture features.[88] Applying workflow VB, imaging in-
formation can be used to predict TP53 status as well as KRAS
mutation status.[89–91]

Other gastrointestinal tumors include esophageal cancer,
gastric cancer, and pancreatic cancer. Applying workflow CA,
studies have reported that imaging information is associated
with gene mutations[92] or gene expression profiles[93] in pan-
creatic cancer. Similarly, studies have reported that imaging
information is associated with gene expression in esophageal
cancer.[94] Applying workflow VB, ITGAV expression,[95] SMAD4
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status, and tumor stromal content of pancreatic cancer could
be predicted using imaging information.[96] Modeling using
imaging information can also predict chromosomal instabil-
ity status, and HER2 status in gastric cancer.[97,98] Applying
workflow BI, an imaging-treatment response model was con-
structed in esophageal cancer and the results of the model
were found to be associated with the extracellular matrix and
WNT signaling pathway.[99] Similarly, radiomic models were
constructed to predict the survival of patients with gastric cancer
and were biologically interpreted by transcriptomics.[100–102]

Workflow MP was applied, combining genomics and imaging
information to improve the stratification of progression-free
survival or disease-free survival in patients with esophageal
cancer.[103,104]

4.2. Lung Cancer

Lung cancer is one of the leading causes of cancer-related death
and the second most common tumor with reported morbidity
and mortality of ≈11.4% and 18%, respectively.[86] Advances in
targeted therapies and immunotherapy have greatly improved
survival and quality of life in patients with lung cancer,[105,106] but
both treatments often require a clear histological sample by im-
munohistochemistry or next-generation sequencing (NGS) to de-
termine their target or indication.[107,108] Therefore, the imaging-
gene relationship can be explored through the various work-
flows of radiogenomics to make efforts for clinical transforma-
tion. Workflow CA showed that EGFR mutation,[109,110] KRS
mutation,[109,111] ALK mutation,[109,112] and ROS1 mutation[113]

were correlated with imaging features. Gene expression pro-
files can also be reflected from imaging information.[63, 114–118]

In addition, the broad-based NGS of Phase 1 lung adenocar-
cinoma allows for the biological interpretation of the radiomic
subtypes identified by consensus clustering.[119] Workflow VB
is widely used, using semantic features or imaging to predict
EGFR mutations,[120–129] KRS mutations,[111,120,127–131] and ALK
mutations[132–134] in lung cancer may play a role in support-
ing decision-making for targeted therapies. An imaging-clinical
outcome prediction model was constructed around workflow
BI, and transcriptomics[135–138] was utilized for the biological
interpretation of the model. Applying workflow MP, combin-
ing genomics or transcriptomics with imaging models to form
radiogenomics prediction models, the ability of the model to
predict clinical treatment outcomes[133,139–142] or biomarkers[143]

was improved. Finally, in the model of workflow GV, Lee et al.
constructed an imaging-related gene set for the semantic fea-
ture of lung cancer-pleural contact index and extended this
gene set to a cohort without imaging, the prognostic perfor-
mance of a gene substitute for pleural exposure index was
validated.[139]

4.3. RCC and Other Urinary Tumors

RCC ranks among the top ten common tumors in the world, with
ccRCC being its primary subtype, accounting for ≈75% of all re-
nal cancers.[144] ccRCC is a very lethal tumor, although nephrec-
tomy offering a potential cure, 30% of patients with limited stage

will develop metastasis.[145] Given the unique angiogenic profile
of ccRCC, altered immune microenvironment, and programmed
death protein 1 ligand expression profile,[146] anti-vascular agents
as well as immunotherapy have been developed, and these ther-
apies are expected to improve overall survival.[147–149] However,
at present, only some patients respond to these therapies, em-
phasizing the urgent need for more precise methods to under-
stand the molecular heterogeneity of each ccRCC to further as-
sist treatment decisions. Applying workflow CA, imaging fea-
tures were found to be correlated with gene mutations[150,151] or
gene expression profiles.[29,150,152–158] In addition, transcriptomics
can be used to biologically interpret the imaging subtypes of
ccRCC.[159] Using workflow VB, radiomic or semantic features
can predict gene mutation,[160–162] DNA methylation,[163,164] gene
expression pattern,[165,166] and lipid metabolism of ccRCC.[167]

Applying workflow BI to biologically interpret the constructed
imaging-clinical outcome predictive model helps us under-
stand the biological process and molecular mechanism of
ccRCC.[168–171]

Other urinary tumors involved in radiogenomics include blad-
der and prostate cancer. Applying workflow CA, imaging fea-
tures of prostate cancer were associated with gene mutations[172]

or gene expression profiles.[173–176] Applying workflow VB, m6a
score for bladder cancer[177] as well as angiogenesis[178] can
be predicted by imaging information, as can predict hypoxia
status[179] and Decipher score of prostate cancer.[180] Using work-
flow BI, the imaging-invasiveness prediction model of prostate
cancer[181] and the imaging-survival prediction model of blad-
der cancer[182] can be biologically interpreted. Using workflow
MP, the combination of transcriptomics and imaging informa-
tion improved the accuracy of predicting the staging of bladder
cancer.[183]

4.4. Glioma

Glioma is a malignant tumor derived from glial cells, repre-
sents the most prevalent cancer within the central nervous
system, characterized by a high recurrence rate and poor
prognosis.[184] Applying workflow CA can reveal the relation-
ship between semantic features and gene expression,[185–189]

and workflow VB can be used to build predictive models to
predict IDH mutations,[32,190–194] 1p/19q co-deletion,[32,192–197]

O6 methylguanine-DNA-methyltransferase gene promoter
status,[191,194,198–201] H3K27M mutation,[202,203] medulloblastoma
subgroups,[204,205] MYCN amplification,[206,207] CIC mutation
status,[208] COC molecular subtypes.[209] Workflow BI was ap-
plied to build an imaging-prognosis prediction model, and
transcriptome was used for biological interpretation.[210–216]

Applying workflow MP, the fusion of radiomic information and
genomic information could improve the prediction of patient
survival.[217,218] Applying workflow GV, relevant gene sets were
constructed for imaging-clinical outcomes and validated in
cohorts without imaging data.[211,219]

4.5. Breast Cancer

Breast cancer is the most common malignancy in women and
has a high mortality rate.[86] Given its intricate pathogenesis,
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often entailing a variety of genetic alterations,[220] radiogenomics
emerges as a pivotal tool to carry out high-quality precision treat-
ment, which is essential to improve the survival time and quality
of life of patients. Applying workflow CA, it was found that imag-
ing information was related to gene expression modules[221–229,70]

or gene mutations.[230,231] Applying workflow VB, imaging mod-
els were constructed to predict Oncotype DX,[224,232,233] molec-
ular types,[234–237] and expression levels of specific genes or
gene expression modules.[238–240] Apply workflow BI, using
transcriptomics[67,241–243] or proteomics[244] to biologically inter-
pret the imaging clinical results. Applying workflow MP, we can
better predict the recurrence,[245] treatment response,[246] lymph
node metastasis,[242,247] or survival[248] of breast cancer.

4.6. Other Tumors

Due to the incidence or imaging information acquisition, there
are relatively few studies involving radiogenomics in other
tumors. Other cancers such as ovarian cancer, melanoma, head
and neck cancer, and gastrointestinal stromal tumors have also
been preliminarily explored. Applying workflow CA, imaging
features were found to be associated with specific gene mutation
status of head and neck cancer[249,250] or ovarian cancer[251,252]

Using workflow VB, imaging models were constructed to predict
the BRAF status of melanoma brain metastasis,[253] hypoxia of
ovarian cancer,[254] and KIT gene mutations of gastrointesti-
nal stromal tumors.[255–257] Table S1 (Supporting Information)
presents the specific details of these typical radiogenomic
studies.

5. AI is An Important Part of Radiogenomics

5.1. Scope and Development of AI

AI emerged in the mid-1950s.[258] AI is a scientific and engineer-
ing field that studies how to enable computer systems to perform
tasks requiring human intelligence, with the primary goal of
simulating and replicating all aspects of human intelligence,
thereby allowing computer systems to perform cognitive and
problem-solving tasks similar to those of humans. AI primarily
relies on learning from data, but also on prior knowledge and rule
systems.[259,260] As a branch of AI, machine learning flourished in
the 1980s.[261] Machine learning focuses on how to improve the
performance of computer systems by learning patterns and rules
from data without explicit programming. The purpose is to en-
able machines to acquire knowledge from users and input data,
so that they can automatically make judgments and responses
in the actual environment of production and life, so as to help us
solve more problems, reduce errors, and improve efficiency. Ma-
chine learning includes supervised learning, unsupervised learn-
ing, semi-supervised learning, and reinforcement learning.[262]

As a special form and new direction of machine learning, deep
learning is developing rapidly nowadays, and its introduction has
propelled AI to a new climax. Deep learning uses neural networks
to enhance the expression of complex tasks, allowing machines
to find feature extraction methods automatically through neural
networks.[263]

5.2. Image Segmentation Based on AI

Similar to radiomics, automatic segmentation using AI also
plays an important role in radiogenomics, because except for
end-to-end models, medical images need to be segmented
before feature extraction, that is, depicting tumor boundaries.
Early medical image segmentation algorithms predominantly
relied on traditional methods, including the edge detection filter
and other methods.[264] Nonetheless, the complexity of medical
images and the instability of segmentation results restrict the de-
velopment of these algorithms in medical image segmentation.
The subsequent image segmentation is still mainly completed
by professional radiologists. However, the emergence of AI has
made it possible to segment annotations automatically. Machine
learning or deep learning models can be trained for labels by
a part of manually sketched tumor boundaries, which greatly
reduces the time cost and professional knowledge requirements
required for annotation. Deep learning-based segmentation
algorithms are the most common algorithms in medical image
segmentation, such as the fully convolutional neural network
(FCN) and U-net network. FCN, a special type of neural net-
work structure, improves the image segmentation accuracy
by replacing the full connection layer with the convolution or
upsampling layer, using deconvolution to sample on the output
feature map, and replacing the convolutional neural network for
image classification with a dense prediction network for image
segmentation.[265] Ben-cohen et al. first used FCN to segment
medical images, and they used FCN to complete the tasks of
CT liver image segmentation and liver metastasis detection.[266]

It is worth noting that FCN can accept inputs of any size,
thereby eliminating redundant computation of the network
and achieving results close to manual segmentation. Similarly,
Sun et al. also developed a fully automatic liver tumor CT
image segmentation method based on FCN, and achieved high
accuracy and robustness.[267] The U-net network is an image
segmentation network based on a symmetric encoder-decoder
structure of FCN. It consists of an encoder (subsampling path)
and a decoder (upsampling path). Its shape resembles a U-shape,
hence the name U-net. The U-net combines feature maps in the
encoder with feature maps in the decoder via skip connections to
retain more positional information and improve segmentation
accuracy. The U-net has achieved remarkable results in medical
image segmentation, accurately segmenting tumors, brain
structures and other regions. Mahajan et al. used a standard
3D U-net architecture to complete the image segmentation
task, thus ultimately helping to build a radiogenomics model to
complete the mutation prediction of EGFR.[123] Similarly, Kihira
et al. designed a U-net framework based on deep learning using
a symmetric structure,[191] and tried various U-net methods:
ResNet50 and DenseNet121 networks pre-trained with Ima-
geNet and RadimageNet, respectively, and achieved a high dice
similarity coefficient on the prediction set, of which the DSCs of
DenseNet121 networks pre-trained with RadimageNet reached
0.93. In addition, in the radiogenomics study of brain tumors
by Bakas et al.[268] and Sayah et al.,[269] the GLISTRBoost tool
was applied to automatically segment tumor lesions. GLISTR-
Boost is an automatic segmentation tool specially applied to
glioma, which is used to generate segmentation labels. It won
the championship in the 2015 international multimodal brain
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tumor image segmentation challenge.[270] The tool uses the
Expectation-Maximization framework to map each sub-region of
the brain scan automatically, and finally classifies the voxels of
brain tissue into four categories: enhanced tumor, necrotic non-
enhanced core, peritumoral edema, and normal brain tissue.

5.3. Image Feature Extraction, Feature Selection and
Dimensionality Reduction Based on AI

The core step of radiogenomics is to extract high-throughput fea-
tures to quantitatively analyze the attributes of segmented le-
sions. Features generally include traditional radiomic features
and depth features based on CNN. The former usually includes
first-order features, second-order features, high-order features,
shape, and size. To describe the data more comprehensively, a
large number of features are usually generated from many as-
pects during feature extraction. However, too many features are
not necessarily conducive to the analysis of the results. Because
a large number of features inevitably have features that are not
relevant to the clinical problem, and sufficient data is typically
required to support the robustness and accuracy of the model,
the over-fitting of the model usually occurs when the number of
features is large and the number of data is small.[271] Similarly,
high-dimensional data from genomics need to be filtered and di-
mensionalized for further downstream analysis. Therefore, fea-
ture screening and dimensionality reduction is an essential part
of radiogenomics.

Commonly used feature filtering dimensionality reduction
methods include embedded method: such as least absolute
shrinkage and selection operation (LASSO), wrapped method:
such as recursive feature elimination, filtered method: such
as Chi-square test, correlation coefficient, maximum correla-
tion, and minimum redundancy (mRMR), and machine learning
models: such as support vector machines (SVM), and random
forests (RF). LASSO, as a classical linear regression algorithm,
is widely used in feature selection and dimension reduction.[272]

Compared with the traditional linear regression algorithm, the
LASSO algorithm can automatically screen out the characteristic
variables that have a greater impact on the target variables while
maintaining the prediction accuracy, to reduce the complexity
of the model and improve the generalization performance. In a
recent radiogenomic study of ccRCC, He et al. determined the
prognostic lipid metabolism related genomic features by using
univariate Cox regression and LASSO regression analysis, and
screened the imaging features using the mRMR algorithm and
LASSO regression.[167] They screened 13 gene features related to
the prognosis from 776 lipid metabolism related genes, screened
289 features from the initial 1316 imaging features using the
mRMR algorithm, and finally retained 9 best features through
LASSO regression. The radiogenomics model was constructed
from the above 13 gene features and 9 image features screened
by dimension reduction. Unlike LASSO regression, the mRMR
algorithm belongs to the filtering method. Its goal is to select the
most useful subset for the learning task from a set of features,
while ensuring the minimum redundancy between these fea-
tures, that is, maintaining the correlation between features and
target variables, reducing the interdependence between features.
This method is usually used for data sets with higher dimensions

(such as gene sets), which can effectively reduce the number of
features, improve the generalization ability of the model and re-
duce the risk of over-fitting. Wu et al. used the mRMR algorithm
to evaluate the correlation and redundancy of each feature,[207]

and finally retained the features with high correlation and low re-
dundancy to help build a radiogenomics model to predict MYCN
amplification. The same algorithm appeared in the study of Shiri
et al.[127] and Le et al.[128]

Compared to traditional algorithms, deep learning has more
efficient feature screening and dimensionality reduction capabil-
ities and higher accuracy. For example, CNN, a special type of
neural network, is mainly used to process data such as images,
videos and text.[273] The convolutional layer is the core compo-
nent of the CNN. It performs convolution operations on the input
data using convolution kernels to extract local features. Different
convolution kernels can extract different types of features, such
as edges, textures, shapes, etc. By stacking multiple convolution
layers, more complex and abstract features can be progressively
extracted. The output feature map obtained by the convolution
layer is input to the pooling layer. The data dimension can be
reduced by subsampling operations, which mainly include max
pooling and average pooling. Max pooling selects the maximum
value in the pooling window as the output, while average pooling
calculates the average value of all values in the pooling window as
the output. In addition, it is also possible to use a 1*1 convolution
kernel with fewer channels than the original number of chan-
nels for convolution operations, thereby reducing the number of
channels in the feature map. CNN extracts feature information
from input data through convolutional layers and implements
dimensionality reduction operations through structures such as
pooling layers and 1*1 convolutional kernels. These operations
make CNN efficient and accurate when processing large, high-
dimensional image or text data.[274,275] At the same time, feature
extraction and dimensionality reduction methods based on archi-
tectures such as CNN, transformer and GAN continue to evolve
and innovate, providing more powerful tools for solving complex
artificial intelligence problems.

5.4. Construction of Prediction Models Based on AI

Modeling analysis is another core part of radiogenomics work-
flows, which mainly includes data set partitioning, classifier se-
lection and model optimization. The performance of the model
is usually closely related to the correct selection of the classifier.
It is necessary to select the appropriate machine learning algo-
rithm according to the nature of the problem to be solved and
the amount of data. Common classifiers include logistic regres-
sion, RF, SVM, and K-nearest neighbors. Logistic regression, as
a generalized linear regression model, is widely used to solve
the dichotomous problem in radiogenomics. Saidak et al. con-
structed a radiogenomics model based on logistic regression to
predict vascular complications and coagulation function in pa-
tients with glioma.[276] As mentioned above, RF is an integrated
learning method based on decision tree. Compared with logis-
tic regression, RF can effectively prevent overfitting while en-
suring better classification performance. Recently, in a radio-
genomics analysis based on the cellular tumor-stroma hetero-
geneity of breast cancer, researchers established radiogenomic
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features to predict the prognosis of breast cancer patients by
correlating imaging data with the tumor-stroma heterogeneity
score using an RF classifier.[277] For studies with a small amount
of data, SVM and K-nearest neighbors are more suitable. For
example, SVM relies on support vectors rather than the whole
dataset, so it is more applicable in small sample datasets. At the
same time, the decision function of SVM is only determined by
a few support vectors, which helps to avoid overfitting and im-
prove the generalizability of the model. Considering the advan-
tages and disadvantages of each classifier model, it seems that
building an ensemble machine-learning model is an option that
can be considered. For example, Jin et al. established a superim-
posed integrated radiogenomics model to predict the expression
status of homeodomain-only protein homeobox.[278] Specifically,
their model includes two levels. The first level is SVM, RF and
gradient-boosted decision tree, and the predicted value of the first
level is combined as the new input variable of the second level
model. For deep learning, after data pre-processing, we can select
the appropriate neural network architecture according to the type
of task, and use the deep learning framework to build the model.
The model is then trained through repeated forward propagation
and back propagation, and the model is evaluated and adjusted
to improve the model’s performance.

6. Tumor Heterogeneity is Both a Challenge and an
Opportunity

6.1. Biological Concept of Tumor Heterogeneity

Tumor heterogeneity stems from the concept that no two tumors
are exactly alike[279] and can be divided into inter-tumor hetero-
geneity as well as intra-tumor heterogeneity.[280] Inter-tumor het-
erogeneity is mainly considered from the perspective of bulk se-
quencing, that is, each gene in a tumor can only obtain one gene
mutation information or gene expression information. Intra-
tumor heterogeneity (ITH) refers to the variation of subclonal
structures driven by the cancer genome.[281] The ITH reflects
the number of distinct clones that make up the tumor and the
degree of their genetic diversity, and their combination influ-
ences tumor invasiveness. As antineoplastic drugs destroy only
a subset of cancer cells, ITH exists to promote the evolution
of the remaining tumor subregions, leading to immune escape
and resistance to treatment.[282] Therefore, ITH is emerging as a
highly acceptable genomic marker with important implications
for the prediction of treatment efficacy. For example, a pan-cancer
analysis showed that patients with low ITH had better survival
and response to antitumor therapy,[283] and the same results can
be seen in NSCLC,[284] melanoma,[285,286] breast cancer,[287,288]

ccRCC[289] and ovarian cancer.[290] Currently, biological assays of
ITH mostly rely on biopsy of tumor tissue for whole genome
sequencing or whole exome sequencing to obtain mutant-allele
tumor heterogeneity through downstream analysis.[291] With ad-
vances in single-cell technologies, ITH can be determined by
single-cell genomics, for example, there may be different clonal
subpopulations of tumor cells in a tumor, and this subpopula-
tion may change in course of treatment.[292] ScRNA-seq can also
depict ITH from another perspective. Cancer cells may be af-
fected by nongenetic factors (such as metabolic environment, hy-
poxia, and immune infiltration) to produce huge differences at

the transcriptional level, which may affect treatment decisions.
For example, when the tumor is found to be in the state of
immune microenvironment activation through scRNA-seq, im-
munotherapy may be a better choice, otherwise, other treatment
modalities (such as chemotherapy or targeted therapy) should be
used.[293,294]

6.2. Impact of ITH on Radiogenomics Research

Tissue samples obtained by needle biopsy often represent only
a small part of the tumor area,[295] and it is unreasonable to
represent the biological characteristics of the whole tumor tis-
sue. Biopsy in different regions of the same glioma revealed
spatial heterogeneity of EGFR amplification or IDH mutations,
which can be inferred from imaging by probability distribution
algorithm.[192,296,297] Similar problems have also been found in
prostate cancer.[172] To solve this problem, we need to perform
spatial registration of puncture area and imaging ROI and sta-
tistically use “sample” as the basic unit, rather than “patient”.
For example, Udayakumar et al. constructed a radiogenomic
approach to identify different molecular subtypes of lesions
through spatially matched RCC tissue-imaging samples, on the
basis of which treatment decisions could lead to better treatment
outcomes.[158] A prominent issue arising from this is that most
imaging studies only use a single tumor (typically the primary
tumor or the largest tumor) for segmentation,[298] and as the sub-
ject of research to predict clinical outcomes or genomic profiles.
However, studies have reported that there are large molecular
biological differences between primary tumors and metastatic
lesions of tumors, which are reflected in gene mutation,[299]

immune cell phenotype,[300,301] and metabolic patterns.[302,303]

Metastases directly affect the clinical outcomes of patients, so it is
also necessary for radiomics studies to include metastases from
tumors in the analysis when considering ITH to improve model
efficacy. There is not only spatial heterogeneity but also tempo-
ral heterogeneity. Temporal heterogeneity refers to the dynamic
evolution of the tumor genome during the disease process.[304]

This means the need for multiple biopsies, a higher economic
burden, and a greater likelihood of complications. Imaging pro-
vides a unique advantage in that it can comprehensively evaluate
the whole tumor characteristics and conduct longitudinal moni-
toring in the follow-up imaging of daily clinical work. Although
imaging often provides a macro-scale assessment, imaging fea-
tures are in fact pathophysiology driven and therefore compre-
hensive by imaging approaches to the tumor, longitudinal assess-
ment to obtain potential pathophysiology information can be very
valuable,[305] using imaging data from baseline and subsequent
follow-up, for which delta imaging can be performed, it has been
reported to be more accurate in predicting the long-term progno-
sis of patients.[306,307]

6.3. Habitat Imaging is a New Radiomic Method

Current imaging-based tumor heterogeneity assessments tend
to use histograms, or texture analysis[308] to assess voxel-to-voxel
heterogeneity and complexity.[309] However, although these meth-
ods measure the degree of heterogeneity and spatial complexity,
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grouping of similar voxels is not possible because spatial infor-
mation on voxels is discarded. In addition, traditional radiomic
methods are usually performed on the basis of the whole tu-
mor, which presupposes that tumor heterogeneity is evenly dis-
tributed throughout the tumor, ignoring local phenotypic differ-
ences within the tumor.[310]

Unlike traditional methods, a new approach can divide tumors
into subregions containing voxel clusters with similar charac-
teristics, often referred to as “habitats”, based on the multidi-
mensional characteristics of individual voxels in an unsupervised
clustering manner.[311,312] Habitat imaging brings new ideas to
the assessment of ITH. Habitat imaging is also known as “sub-
regional imaging” or “Habitat analysis” because it involves a sim-
ilar description of the ecological environment as in ecology. It in-
volves a personalized description of each voxel within and around
the tumor region and uses clustering methods (such as K-means,
Affinity Propagation, and Agglomerative Clustering) to group
similar voxels together. Considering that subregions composed
of voxels with similar imaging features share similar biological
properties and tumor microenvironments, thus, habitat imag-
ing can better present and quantify ITH.[313,314] In addition, habi-
tat analysis can provide real spatial information on tumor het-
erogeneity. Several previous studies have confirmed the associa-
tion of tumor habitats with pathological mechanisms and found
that certain habitat subregions are highly correlated with treat-
ment resistance, which could explain their poor treatment re-
sponse and prognosis.[315] Considering the noninvasive and re-
producible nature of imaging, habitat imaging can not only as-
sess tumor invasiveness and predict treatment efficacy, but also
assess regional changes in tumor lesions during treatment, to re-
duce the evaluation error caused by ITH.

From the point of view of analogy, radiomics develops from
semantic features, whole ROI features, to habitat imaging tech-
niques for individual voxel. Biological sequencing methods have
evolved from polymerase chain reaction-based single gene test,
bulk sequencing, and to then single-cell or spatial sequencing.
From 2009 to 2014, many studies have analyzed the relationship
between simple semantic features and the expression of single or
countable genes. From 2015 to date, most studies on the relation-
ship between the radiomics from whole ROI and bulk sequenc-
ing have been conducted. It can be predicted that in the future,
with the increasing popularity of habitat analysis algorithms and
the cost reduction of single-cell or spatial sequencing techniques,
the interaction analysis of habitat characteristics, gene mutation
or expression of individual cells, and spatial location can enhance
our multi-dimensional understanding of ITH.

6.4. The Current Imaging Assessment of ITH and its Biological
Background

There is no recognized method for evaluating ITH in imaging.
At present, some preliminary studies have been carried out fo-
cusing on the radiomic features and their biological interpreta-
tion. Aerts et al. defined a group of radiomic features related to
tumor heterogeneity and found that two imaging heterogeneity
features (“Grey Level Nonuniformity” and “Grey Level Nonuni-
formity HLH”) were closely related to the prognosis of tumor pa-
tients, and these features were related to the cell cycling pathways

characterized by the transcription group, which may represent
the increase in the proliferative capacity of tumors.[115] Zwirner
et al. subsequently found that radiomics-derived tumor hetero-
geneity was associated with FAT1 mutations in head and neck
cancer using the above two features as well as the “run length
non uniformity feature”.[250] Su et al. used the heterogeneity-
related features in the first order and texture features to build
the heterogeneity index (HI) based on the similarity network fu-
sion algorithm. The results showed that the HI of breast can-
cer was not only directly related to the heterogeneity of ge-
nomics or pathomics, but also could effectively stratify the sur-
vival of patients.[316] Through multi-omics analysis, it was found
that HI was associated with cell proliferation, cell adhesion, and
metabolic reprogramming. It was also found that although HI
could suggest the increase of tumor mutational burden, it did
not cause an effective anti-tumor immune response. Recently,
Li et al. designed a new heterogeneity score, ITHscore, which
can measure the distribution changes of clustering patterns in
radiomics. They found that ITHscore was related to epithelial-
mesenchymal transition activation and could stratify the progno-
sis of patients.[317] In summary, the present preliminary studies
suggest that image-derived heterogeneity scores are mainly re-
lated to tumor proliferation, metabolism, hypoxia, and epithelial-
mesenchymal transition. Based on this, it is not difficult to spec-
ulate that tumors with high heterogeneity tend to have more ag-
gressive malignant biological behaviors, resulting in shortened
survival of cancer patients.

7. Prediction of Intratumoral Immune
Microenvironment by Radiogenomics

7.1. The Efficacy of Immunotherapy is Related to the Immune
Microenvironment

Immunotherapy relies on patients’ own immune systems to rec-
ognize and kill cancer cells,[318] avoiding the side effects of con-
ventional radiation or chemotherapy and significantly improv-
ing survival and quality of life.[319] Immunotherapy, represented
by three monoclonal antibodies that block programmed death
protein 1, programmed death protein 1 ligand, and cytotoxic T-
lymphocyte antigen-4, has been widely used.[320] However, the
objective response rate of immunotherapy is low, only around
20% in most tumors.[321,322] There are still great challenges in
the treatment of most solid tumors. It is suggested that we need
reliable biological markers to select patients who may benefit
from immune checkpoint inhibitors in order to avoid unnec-
essary economic burdens and potential complications.[323] The
tumor immune microenvironment is considered to be a deter-
minant of tumor biology and an important regulator of antitu-
mor drugs.[324] There are two major immune cell lineages within
the immune microenvironment, which are diverse populations
of lymphocytes and myeloid cells.[325] Lymphocytes mainly in-
clude helper T cells, regulatory T cells, cytotoxic T cells (CD8 T
cells), natural killer cells, and B lymphocytes;[326] Myeloid cells
are a class of cells with considerable heterogeneity within tumors,
including dendritic cells, monocyte, macrophage granulocytes,
and myeloid-derived suppressor cells.[327] Characterization of im-
mune cells helps to assess the potential for anti-tumor immune
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responses and provides selection information for immunother-
apy patients.[328] RNA-seq is often used in radiogenomics to ob-
tain the abundance of infiltration of various types of immune
cells within a tumor. The rationale for its calculation can be MCP,
xCell, and ESTIMATE,[329] which use GSEA as a framework, and
it can also be a deconvolution-based tool including CIBERSORT,
EPIC, DeconRNASeq, or TIMER.[330] Notably, a range of NGS
data based on RNA-seq can be used to extrapolate the type and
abundance of immune cells crudely, but further development of
higher-resolution tools or reduction in the cost of single-cell se-
quencing is required to meet the needs of large-scale sequencing
of the current large cohort.[331] Although previous studies have
analyzed the correlation between imaging and immune-related
genes,[80,332] models need to be established on this basis to create
the possibility of clinical transformation.

7.2. Lymphocytes

Based on four cohorts, Sun et al. developed a radiomic model for
predicting CD8 T cell numbers, which has been shown to be as-
sociated with quantification of tumor infiltration in pathology in
a variety of solid tumors,[333] and it can stratify the survival of pa-
tients receiving immunotherapy. Subsequently, in a study with
six independent clinical trials, this radiomic model has also been
shown to stratify the prognosis of cancer patients who receive im-
munotherapy in combination with radiotherapy.[334] Zheng et al.
constructed models to predict intratumoral CD8A expression us-
ing the MRI features of bladder cancer, helping to predict pa-
tient prognosis and immunotherapy sensitivity.[335] The radiomic
model can also predict T cell abundance within head and neck
squamous cell carcinoma or HCC tumors[336–338] or CD3 mRNA
expression within gliomas.[339] Using a radiogenomic model to
accurately quantify infiltrating natural killer cells within NSCLC,
Meng et al. found that predicted natural killer cell abundance
could accurately stratify patient survival.[340] The study purpose of
workflow VB is clear, that is to use lymphocyte abundance as the
model output for model training, but the study using workflow BI
has also explored a considerable number of lymphocyte-related
prediction models. For example, the biological basis of models
constructed to predict tumor responses may include interferon
immune responses, T cell activation, antigen processing, and
presentation.[241,341,342] When predicting the long-term survival
or recurrence of patients, T cell and lymphocyte activation and
positive regulation of T cell mediated cytotoxicity are one of the
important biological bases of the prediction model.[67,84,138,168,343]

7.3. Myeloid Cells

Various myeloid cells regulate anti-tumor immune capacity in
different ways, with M1 macrophages playing a role in pro-
moting anti-tumor immunity and M2 macrophages promot-
ing tumor progression and suppressing the tumor immune
microenvironment.[344] Using MRI radiomics, Chen et al. de-
veloped a prediction model called RIB that allows non-invasive
assessment of the immune microenvironment of high grade
gliomas, particularly, the abundance of M2 macrophages.[64] Sim-
ilarly, Kim et al. used multimodal MRI imaging to also predict

the immunophenotype of high grade gliomas, with an area un-
der the curve (AUC) of 0.798 for M2 macrophages.[345] Li et al.
constructed a predictive model for patient survival in glioma
by workflow BI, using bulk RNA-seq as well as single-cell tran-
scriptome sequencing for biological interpretation, and it was
found that the model score was correlated with the infiltration
of macrophages in the tumor.[346] Similar results were obtained
in gastric cancer, where the biological background of the pre-
dictive model for progression-free survival was predominantly
macrophage-related.[100]

7.4. Non-Invasive Detection of Immunotherapy Markers or
Immue-Related Subtypes

Non-invasive detection of clinically available immunotherapy
markers by workflow CA or VB is a common research model. To
date, three main biomarkers are commonly used in the field of
immunotherapy: microsatellite instability, tumor mutational bur-
den, and expression levels of programmed death protein 1 ligand
in tumor tissues.[347,348] Non-invasive detection of programmed
death protein 1 ligand can be performed by either a deep-learning
approach[349–351] or conventional radiomic approaches,[342,352,353]

similarly, tumor mutational burden or microsatellite instabil-
ity can also be classified using deep learning methods[354,355] or
conventional radiomic methods.[356–365] Imaging-immune sub-
types of tumors are currently under development. Sun et al.
constructed a noninvasive predictive model using CT images
from 2600 patients with gastric cancer in nine cohorts, to predict
the abundance of lymphocyte and myeloid cells in gastric can-
cer, and to group imaging-immune subtypes accordingly, which
can effectively predict the efficacy of immunotherapy for gastric
cancer.[366] In addition, several immune subtypes of tumors have
been constructed based on genomics or gene expression profil-
ing that can guide the response to immunotherapy,[367,368] thus
radiologists will use workflow VB to perform noninvasive detec-
tion of immune subtypes, and preliminary studies have already
been conducted in gliomas,[369,370] head and neck squamous cell
carcinoma,[371] and ccRCC.[372]

8. PET Transmits Information Beyond Metabolism
Through Radiogenomics

8.1. High FDG Uptake is Associated with Activation of Multiple
Cancer-Related Pathways

For the first time, Gevaert et al. found a significant correlation
between NSCLC image features from PET/CT and metagenesis
using paired gene expression microarrays, and metagenesis can
be predicted by image features with an accuracy of 59–83%.[114]

NF-𝜅b is a key molecule that commonly activates signaling path-
ways within tumors and regulates glucose metabolism.[373–375]

Based on this, Nair et al. found a positive correlation between
FDG uptake and NF-𝜅b expression in lung cancer.[376,377] NF-𝜅b
is also an essential condition for epithelial-mesenchymal transi-
tion activation. Yamamoto et al. subsequently found that higher
SUVmax in the NSCLC represented higher transcription levels of
TGF-𝛽, Matrix Metallopeptidase-9, and versican genes in tumors,
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which represents the activation of epithelial-mesenchymal tran-
sition and indicates that tumors are more aggressive and resis-
tant to chemotherapy.[378] Other studies have also supported this
conclusion.[379–381] In addition, using FDG uptake-related gene
set, the upregulation of FDG found in HCC may also be asso-
ciated with activation of the mTOR pathway.[72] Thus, from an
overall perspective, higher FDG uptake tends to represent tumors
with a more malignant phenotype,[382,383] which may be associ-
ated with the activation of multiple intratumoral signaling path-
ways.

8.2. PET and Gene Mutations of Tumor

Correlation analysis between PET information and gene muta-
tions is a commonly used research model, and the correlation
between EGFR mutation and PET information is the most
extensively studied. Results from preclinical studies indicate
that EGFR mutations or KAS mutations cause activation of the
EGFR/KRAS/MEK/ERK signaling pathway,[384–386] which sub-
sequently regulates the expression of C-MYC and increases the
expression levels of GLUT1 and HK2 genes.[387] This may eventu-
ally lead to an increase in the glycolytic flux of tumor cells. How-
ever, studies analyzing PET information from 100 patients with
NSCLC have found that low SUV values may be associated with
EGFR mutations,[388] and several studies have reported similar
results.[389,390] Conversely, other studies have reported negative or
contradictory results.[391–394] Therefore, a larger cohort is required
to determine this relationship. Since the mutation status of EGFR
may not be determined by PET parameters, other researchers
have turned to radiomics or deep learning. Wei et al. analyzed
PET or CT images using a 2D small residual convolutional
network model, which can predict the EGFR mutation status of
NSCLC (AUC = 0.86) and guide patients in making treatment
decisions.[110] Similar studies also believe that the combination
of PET radiomics can significantly improve the prediction ability
relative to conventional PET parameters.[395] Similar to EGFR,
the relationship between KRAS mutation and conventional PET
parameters has also produced conflicting results,[131,396] but
radiomics using PET can also predict KRAS mutation.[131,397]

Kong et al. used PET radiomics to predict O6 methylguanine-
DNA-methyltransferase promoter methylation in glioma but
also found that the conventional PET parameters were not
related to O6 methylguanine-DNA-methyltransferase promoter
methylation.[200]

8.3. Feasibility of Using PET to Predict Immune
Microenvironment

In earlier studies, some researchers reported that FDG-PET
parameters could predict the treatment response of patients to
immune checkpoint inhibitors,[398,399] and some studies also
reported negative results.[400,401] Due to the metabolic com-
petition between tumor cells and immune cells,[402] studying
the relationship between FDG uptake and tumor immune
microenvironment is helpful in explaining the clinical findings.
Li et al. found that the density of CD8 T cells was negatively
correlated with FDG uptake,[403] but the opposite results were

obtained in other studies.[404–406] During immunotherapy, the
changes of FDG may also be related to Treg cells. Leveraging
the profound relationship between metabolism and immu-
nity, Park et al. developed and validated a biomarker based
on deep learning[407] to predict the CytAct score (average of
granzyme A and perforin 1 expression) obtained from RNA-seq.
The biomarker generated from PET can noninvasively evalu-
ate the immune microenvironment of lung adenocarcinoma
and the efficacy of immune checkpoint inhibitors. Simi-
larly, PET imaging was also used to predict the expression of
CD8A.[408]

9. Looking for the New Significance of Radiomics
in Multi-Omics Study

9.1. The Classic Paradigm of Multi-Omics Study

Machine learning is the core technology of multi-omics studies.
According to the two methods of machine learning, we can divide
multi-omics studies into unsupervised learning and supervised
learning.[409] Supervised learning is often used for prediction
when given an input label or an output label, such as clinical
outcomes in patients with tumors (workflows VB and MP are
typical supervised learning). Unsupervised multi-omics data
analysis generally infers new data clusters from any unlabeled
input data, without any prior knowledge, to analyze and learn
about the underlying patterns and connections between data.[410]

Multi-omics analysis through unsupervised learning can often
uncover novel subtypes of tumors to facilitate better patient strat-
ification. For example, in the non-negative matrix factorization,
the mRNA and microRNA information of ovarian cancer are
projected into a common coordinate system, and a multidimen-
sional module is formed according to the weight of the projection
direction, to find new molecular types of ovarian cancer.[411] An
extension of principal component analysis, Joint and Individual
Variation Explained, decomposes groups of learned data inputs
into joint structures, individual structures, and residual noise
across data types, and based on this, glioblastoma multiforme
can be characterized in a completely new way.[412] Using iCluster
analysis, a novel molecular subtype associated with the prog-
nosis of sarcoma patients was defined after the integration of
DNA copy number, DNA methylation, and mRNA and miRNA
expression data.[413] It is also possible to take advantage of com-
plementarities in multi-omics data, and to compute and fuse
Similarity networks in multi-omics data, an approach known
as similarity network fusion, which is reported to be useful
when similarity network fusion utilizes multi-omics data to
identify cancer subtypes, its performance is much better than
that of a single omics approach or integrated approaches.[414]

In summary, multi-omics study is the frontier field in oncology
research at present. Using the complementary information of
multi-omics data to mine potential available molecular targets
or molecular subtypes will promote the development of basic
medical research and aid in clinical decision-making. Radiomics
can also provide another dimension of tumor information for
multi-omics studies. However, at present, it is mainly used
as a substitute or supplementary data for the main omics
data.[415]
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Figure 4. Achieving non-invasive precision medicine with radiogenomics. A) Conventional treatment. B) Treatment based on multi-omics data to achieve
precision medicine. C) Treatment based on multi-omics data to achieve non-invasive precision medicine. Created with Figdraw.com (ID: UOOAUa42ca).

9.2. The Current Role of Radiomics in Multi-Omics Study

In fact, in most radiogenomics studies, radiomics, as well as
at least one other omics type, are often involved, whereas in
radiogenomics-related workflows 1–5, none of the workflows
used this research workflow in 9.1 (juxtaposing radiomics with
other omics and simultaneously substituting into the multi-
omics research model to generate relevant tumor subtypes), this
may be due to two reasons: 1) genomics, transcriptomics, and
proteomics are subject to the Central Dogma that a gene is rep-
resented in different dimensions, and there are potential biologi-
cal correlations between different kinds of omics, but there is no
corresponding dimension in the Central Dogma for radiomics, a
similar problem has arisen in metabolomics (the storage format
of metabolites is not at the gene level, making it difficult for ma-
chine learning to integrate metabolomics and other omics).[416]

2) radiomics tends to provide a comprehensive characterization
of the tumor (such as 3D tumor segmentation), whereas, for bi-
ological sequencing, only a part of the tumor tissue is needed to
obtain data; The presence of ITH reduces the feasibility of juxta-
posing radiomics with other omics (ITH have been discussed in
section 5.2). In summary, this research model still awaits more
powerful multi-omics integration algorithms to look for potential
associations of radiomics with other omics. From the perspec-
tive of clinical accessibility, it is difficult to carry out high-cost
multi-omics sequencing for every cancer patient in daily clini-
cal work, but it is a work with strong practical significance to
predict the subtype by imaging with workflow VB (Figure 4).
The supervised learning mode represented by workflow MP is
widely used in the study of radiomics + other omics, where
they tend to use radiomics in conjunction with other omics to

jointly predict clinical outcomes,[142,247,248,417] but this workflow
can get caught up in the “curse of dimensionality” of data, where
the efficiency and accuracy of many statistical methods decrease
dramatically,[418] therefore, efficient feature selection methods
and classifiers that can process high-dimensional data are
needed.

10. Conclusions, Challenges Faced by Clinical
Transformation and Future Trends

10.1. More External Validation is Required

Although a considerable number of radiogenomics prediction
models have been published so far, these models were validated
in the external validation or independent validation of the study
itself. We urgently need researchers to verify the previously pub-
lished prediction models using publicly available codes. Such
an approach not only enhances the credibility and reliability of
the models but also facilitates the comparison and optimization
among them. For example, Sun et al. externally re-validated the
radiomic prediction model of intratumoral CD8 cells developed
two years ago and obtained a high prediction accuracy.[333,334] Pre-
dicting EGFR mutations is a common mode of study in radio-
genomics studies, and Kohan et al. validated this in this center co-
hort using the EGFR prediction model developed by Tu et al., with
the AUC decreasing from 0.78 to 0.69.[419,420] Similarly, Kim et al.
externally re-validated a predictive model of O6 methylguanine-
DNA-methyltransferase promoter methylation in glioblastoma
multiforme from the first-place Brats 2021 challenge, but they
yielded negative results,[201,421] which reminds us of the need for
greater caution and comprehensiveness in the process of model
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selection and validation. Therefore, among the many published
prediction models, it is necessary to select a prediction model
with strong generalization to achieve clinical transformation. In
addition, radiogenomic studies involving transcriptome sequenc-
ing can utilize Workflow GV for supplementary validation on
larger public databases.

10.2. Clinically Accessible Prediction Models

In addition to potential problems with predictive accuracy, an-
other issue hindering clinical transformation is that most ra-
diogenomics requires manual segmentation of the tumor ROI,
which takes longer if the ROI is multilayered. This is difficult
to meet the clinical needs, thus emphasizing the urgent need
for deep learning and automatic/semi-automatic segmentation
software that can accurately identify tumor lesions in clinical set-
tings. At the same time, the traditional machine learning model is
usually composed of multiple independent modules, each mod-
ule is an independent task, and its result will affect the next
task, thus affecting the whole training model.[422] The end-to-
end model uses a joint model to learn parameters from mul-
tiple models, and all intermediate operation processes are in-
cluded in the neural network, which is no longer divided into
multiple modules.[423] Compared with the non-end-to-end con-
ventional machine learning model, the learning of the end-to-
end model omits the image annotation work required before each
learning task.[424] Tumor ROI annotation is usually tedious and
error-prone. Although various companies have developed a large
number of automatic or semi-automatic software, manual verifi-
cation is still necessary. In addition, considering that traditional
radiogenomics models usually need to go through the feature
extraction and modeling stages, different parameter adjustment
processes will lead to different results, and the end-to-end model
avoids the tedious feature extraction process, thus improving the
prediction efficiency and prediction robustness of the model. Pre-
viously, Uhm et al. proposed an end-to-end deep learning model
for the differential diagnosis of five major histological subtypes
of renal tumors by multiphase CT, which achieved good predic-
tive efficacy (AUC = 0.889) and was validated in the TCIA cohort
(AUC = 0.855).[425] Compared with radiologists, this end-to-end
model can achieve similar or better diagnostic performance in
identifying a wide range of renal tumor stages. Similarly, Wang
et al. developed an end-to-end deep learning prediction model,
which only needs means to frame the region where the tumor
is located, without fine segmentation of the tumor edge, to ob-
tain the EGFR mutation prediction probability of the tumor.[426]

Therefore, end-to-end learning greatly improves image segmen-
tation accuracy, computational efficiency, and reproducibility in
radiogenomics through direct image information transformation
of input and output.[427] It is expected to be widely used in medi-
cal work in the future to solve current clinical problems. Another
notable area is the rapid development of large language mod-
els, represented by ChatGPT, Claude, and Gemini, which have
made significant progress in recent years. In the medical field,
they have demonstrated powerful capabilities, not only efficiently
extracting information from clinical data but also accurately han-
dling information extraction and error correction tasks for imag-
ing reports.[428,429] Particularly important is that current large lan-

guage models have acquired image recognition capabilities and
shown great potential in diagnosing pathological images in mul-
tiple studies.[430–432] Even more striking is that these models’ per-
formance in diagnosing medical images is considered compara-
ble to that of radiologists, all without any pre-training or image
segmentation steps, aligning with actual clinical needs.[433] To-
day, large language model technology stands at the forefront of
the AI field, indicating its potential to become indispensable tools
in radiogenomic research in the future.

10.3. Noninvasive or Low-Cost Omics Combination

As stated above, the “gene” part of radiogenomics represents the
microscopic level of tumors. This microscopic information often
relies on the acquisition of samples through needle biopsy or
surgical resection, which needs to consider the economic cost,
potential complications, and patient tolerance. Currently, typi-
cal representatives of high-cost omics technologies are single-
cell transcriptomics and spatial transcriptomics.[434] These ad-
vanced sequencing methods can provide extremely precise anal-
ysis of cellular components and detailed revelation of gene ex-
pression patterns for each cell type.[435] However, most studies
currently focusing on single-cell sequencing face the challenge
of limited sample size and this limitation makes it particularly
difficult to construct high-precision models using workflow MP.
The main reasons lie in the scarcity of sample size and the
high complexity of data dimensions within individual samples.
Specifically, each sample contains an extremely large number
of data dimensions, and existing machine learning techniques
still struggle when dealing with such small sample sizes and
high-dimensional data, making it difficult to extract effective and
accurate information, thereby constraining the improvement of
model performance.[436,437] Therefore, we need to focus on non-
invasive and low-cost omics. This includes three types of omics,
namely, liquid biopsy, pathomics, and radiomics. Tumors release
a variety of components into the circulatory system, including
tumor cells, DNA, RNA, and proteins.[438,439] The circulating-
tumor DNA can be comprehensively analyzed by sequencing,
which may be able to project the characteristics of the primary tu-
mor without biopsy. At present, preliminary studies have found
that imaging information is related to circulating-tumor DNA
and cell-free DNA.[440] In addition, combining imaging informa-
tion with SNPs of blood genomics can also improve the effi-
ciency of prediction models.[69] Pathomics can perform in-depth
analysis based on existing pathological images.[441] For exam-
ple, it can provide information about lymphocyte infiltration and
genome in tumors using artificial intelligence technology.[442–444]

Therefore, the combination mode of noninvasive or low-cost
omics around liquid biopsy, pathomics and radiomics is an
important breakthrough for noninvasive precision therapy in
the future, and also an opportunity for the development of
radiogenomics.

10.4. Construction of Multi-Omics Database Containing Imaging
Information

TCGA has played an important role in the field of radiogenomics
and promoted progress in this field. We can assume that the
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Table 2. Registration of Tumor-related Radiogenomics in the ClinicalTrials.gov.

Tumor type Interventions Status Rowa)

Glioma Diagnostic Test: Assess the response glioma to radiochemotherapy using
radiogenomics-based AI model

Recruiting 1

Glioblastoma Other: Observational only Not yet recruiting 11

Astroblastoma Recruiting 22

CNS Sarcoma Recruiting 22

Ependymoma of Brain Recruiting 18

Pediatric Brain Tumor Diagnostic Test: 11C-MET-PET/RMN Recruiting 19

Colon Cancer Stage II/ III Recruiting 2

Rectal Cancer Recruiting 14

Lung Cancer Not yet recruiting 3

Cancer, Lung Completed 4

Non-Small Cell Lung Cancer Diagnostic Test: Radiomic signature Completed 12

NSCLC, PET/CT, Biopsy Diagnostic Test: 18F-FDG PET/CT and PET/CT-guide targeted biopsy in
another group of participants

Unknown 16

Lung Cancer Enrolling by invitation 25

Cancer of Esophagus Completed 4

Cancer of Head and Neck Completed 4

Gallbladder Cancer Diagnostic Test: CT scan Recruiting 5

Prostate Cancer Adenocarcinoma Radiation: Hypo-FLAME study Completed 20

Bladder Cancer Stage II Diagnostic Test: MRI imaging of the pelvis/bladder
Diagnostic Test: genomic analysis of tumor

Terminated 7

Endometrial Cancer Other: transcriptomic profiling Recruiting 8

Endometrial Cancer Genetic: gene expression analysis
Genetic: gene rearrangement analysis
Genetic: polymorphism analysis

Unknown 17

Ovarian Cancer Recruiting 9

Ovarian Cancer Diagnostic Test: Germinal BRCA Recruiting 10

Pancreatic Cancer Other: Blood Sample collection
Other: Tissue sample collection
Other: Data collection

Recruiting 13

Pancreatic Adenocarcinoma Drug: FOLFIRINOX
Device: Electroporation

Withdrawn 23

Pancreatic Adenocarcinoma Device: Electroporation
Drug: gemcitabine
Drug: nab-paclitaxel

Completed 24

Breast Cancer Genetic: gene expression analysis
Genetic: gene rearrangement analysis
Genetic: polymorphism analysis

Unknown 17

Breast Cancer Unknown 21

Cervical Cancer Genetic: gene expression analysis
Genetic: gene rearrangement analysis
Genetic: polymorphism analysis

Unknown 17

Pediatric Solid Tumor Recruiting 18

BCOR ITD Sarcoma Recruiting 22

Unclassified Tumor, Malignant Recruiting 22
a)

Reference from ClinicalTrials.gov

number of radiogenomics databases worldwide will be rapidly
increased by retrospectively supplementing imaging data in the
current multi-omics database that lacks imaging data. It includes
not only bulk sequencing databases, but also a large number
of single-cell sequencing or spatial transcriptome databases.
Encouragingly, CPTAC, APOLLO-5, and CMB databases are

currently under construction. They will present scientists with
a new pan-cancer genome-imaging cohorts in the future, which
will significantly accelerate the research progress and clinical
translation of radiogenomics, and derive a series of multi-omics
algorithms. We expect that these goals will eventually be achieved
as sequencing costs fall and artificial intelligence technologies
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evolve. This process will stimulate more opportunities for in-
terdisciplinary collaboration, promote deep integration across
multiple fields such as biology, medicine, and computer science,
and jointly drive the leapfrog development of radiogenomics and
even the entire field of precision medicine.

10.5. Large-Scale Prospective Clinical Trials Focusing on
Radiogenomics Models are Necessary

So far, although the number of radiomics publications has in-
creased year by year, only a few studies have actually carried out
prospective research, and even fewer have been transformed into
clinically available tools. According to the clinical trial registry
(clinicaltrials.gov), nearly 30 radiogenomics studies are currently
being conducted or have already completed the recruitment of
clinical trials (Table 2), which mainly focus on cancer research, in-
cluding glioma, colorectal cancer, lung cancer, esophageal cancer,
head and neck cancer, cholangiocarcinoma, prostate cancer, blad-
der cancer, endometrial cancer, ovarian cancer, pancreatic can-
cer, breast cancer, cervical cancer and other cancers, indicating
that more and more researchers have carried out prospective co-
hort collection in radiogenomics. Nevertheless, compared with
more than 300 radiogenomics-related studies published in the
past ten years, less than one-tenth of the studies that have been
registered and are carrying out clinical trials. Retrospective co-
hort studies, while providing abundant data resources for radio-
genomics, are limited by inherent issues such as missing data
and selection bias, which restrict the accuracy and reliability of
research findings.[445,446] In contrast, prospective cohort studies,
through the continuous and systematic inclusion of participants
who meet specific research and model requirements, not only
enhance the internal validity of studies but also effectively re-
duce bias, providing a more solid foundation for validating the
reliability and robustness of models.[447,448] Therefore, to acceler-
ate the translation of radiogenomic research findings into clin-
ical practice, there is an urgent need for more prospective co-
hort studies to validate and optimize existing models and meth-
ods. Simultaneously, strengthening interdisciplinary collabora-
tion across medicine, biology, and computer science, as well as
establishing more comprehensive data sharing and collaboration
mechanisms, are crucial for driving the sustained development
of the radiogenomics field.

Supporting Information
Supporting Information is available from the Wiley Online Library or from
the author.

Acknowledgements
This study was supported by grants from National Key Research and De-
velopment Program of China (2023YFC2413500), National Natural Sci-
ence Foundation of China (U22A20352, 82172034, and 82472058), the
Fundamental Research Funds for the Central Universities (20242422) and
the Major Special Project for Technology Innovation of Hubei Province
(2023BCB014). The authors thank Jiazheng Wang, Peng Sun and Ning
Zheng (Philips Healthcare) for their support in language polishing. The
authors thank Xi Long and Feng Pan (Wuhan Union Hospital) for their
valuable technical advice. The authors would like to thank Figdraw (www.
figdraw.com) for its help in creating the figures. The authors also thank the
anonymous reviewers for their helpful suggestions.

Conflict of Interest
The authors declare no conflict of interest.

Author Contributions
Y.G., T.L., and B.G. contributed equally to this work. Y.G. designed the
manuscript; Y.G., T.L., and B.G. drafted the manuscript; B.G. and T.L. made
contributions to the part of radiomics; Y.H. made contributions to the
part of AI; S.W. made contributions to the part of high-throughput tech-
nologies. L.Y. and C.Z. revised the manuscript. All authors involved in
manuscript writing and final approval of the manuscript.

Keywords
artificial intelligence, cancer, immune microenvironment, medical imag-
ing, multi-omics analysis, precision medicine, radiomics, single-cell se-
quencing

Received: July 15, 2024
Revised: October 19, 2024

Published online: November 13, 2024

[1] F. Sanger, S. Nicklen, A. R. Coulson, Proc. Natl. Acad. Sci. USA 1977,
74, 5463.

[2] M. Vicente, J. Hodgson, O. Massidda, T. Tonjum, B. Henriques-
Normark, E. Z. Ron, FEMS Microbiol. Rev. 2006, 30, 841.

[3] A. Chatterjee, M. R. Eccles, Genome Biol. 2015, 16, 103.
[4] D. Senft, M. D. M. Leiserson, E. Ruppin, Z. A. Ronai, Trends Mol.

Med. 2017, 23, 874.
[5] R. Nussinov, C. J. Tsai, H. Jang, Drug Resist. Updat. 2021, 59, 100796.
[6] S. N. Lone, S. Nisar, T. Masoodi, M. Singh, A. Rizwan, S. Hashem,

W. El-Rifai, D. Bedognetti, S. K. Batra, M. Haris, A. A. Bhat, M. A.
Macha, Mol. Cancer 2022, 21, 79.

[7] H. Zheng, C. Yuan, J. Cai, W. Pu, P. Wu, C. Li, W. Pu, P. Wu, C. Li,
G. Li, Y. Zhang, J. Zhang, J. Guo, D. Huang, J. Nanobiotechnol. 2022,
20, 134.

[8] X. Liu, W. Wang, X. Liu, Z. Zhang, L. Yu, R. Li, D. Guo, W. Cai, X.
Quan, H. Wu, M. Dai, Z. Liang, Clin. Transl. Med. 2022, 12, e670.

[9] R. J. Gillies, P. E. Kinahan, H. H. Radiomics, Radiology 2016, 278,
563.

[10] A. Lin, M. Kolossváry, J. Yuvaraj, S. Cadet, P. A. McElhinney, C. Jiang,
N. Nerlekar, S. J. Nicholls, P. J. Slomka, P. Maurovich-Horvat, D. T.
L. Wong, D. Dey, JACC Cardiovas. Imag. 2020, 13, 2371.

[11] L.i Yang, D. Gu, J. Wei, C. Yang, S. Rao, W. Wang, C. Chen, Y. Ding,
J. Tian, M. Zeng, Liver Cancer 2019, 8, 373.

[12] J. Zheng, H. Yu, J. Batur, Z. Shi, A. Tuerxun, A. Abulajiang, S. Lu, J.
Kong, L. Huang, S. Wu, Z. Wu, Y.a Qiu, T. Lin, X. Zou, Kidney Int.
2021, 100, 870.

[13] P. O. Zinn, S. K. Singh, A. Kotrotsou, I. Hassan, G. Thomas, M.
M. Luedi, A. Elakkad, N. Elshafeey, T. Idris, J. Mosley, J. Gumin, G.
N Fuller, J. F de Groot, V. Baladandayuthapani, E. P Sulman, A. J
Kumar, R. Sawaya, F. F Lang, D. Piwnica-Worms, R. R Colen, Clin.
Cancer Res. 2018, 24, 6288.

[14] K. Xu, L. Liu, W. Li, X. Sun, T. Shen, F. Pan, Y. Jiang, Y. Guo, L. Ding,
M. Zhang, Korean J. Radiol. 2020, 21, 670.

[15] Y. Jiang, C. Chen, J. Xie, W. Wang, X. Zha, W. Lv, H. Chen, Y. Hu, T.
Li, J. Yu, Z. Zhou, Y. Xu, G. Li, EBioMedicine 2018, 36, 171.

[16] K. Pinker, J. Chin, A. N. Melsaether, E. A. Morris, L. Moy, Radiology
2018, 287, 732.

[17] M. A. Mazurowski, J. Am. College Radiol. 2015, 12, 862.

Adv. Sci. 2025, 12, 2408069 2408069 (18 of 29) © 2024 The Author(s). Advanced Science published by Wiley-VCH GmbH

http://www.advancedsciencenews.com
http://www.advancedscience.com
http://www.figdraw.com
http://www.figdraw.com


www.advancedsciencenews.com www.advancedscience.com

[18] H. X. Bai, A. M. Lee, L. Yang, P. Zhang, C. Davatzikos, J. M. Maris,
S. J. Diskin, British J. Radiol. 2016, 89, 20151030.

[19] M. E. Aguado-Barrera, P. Sosa-Fajardo, A. Gómez-Caamaño, B.
Taboada-Valladares, F. Couñago, J. L. López-Guerra, A. Vega, Lung
Cancer 2023, 176, 56.

[20] S. K. Hobbs, G. Shi, R. Homer, G. Harsh, S. W. Atlas, M. D.
Bednarski, J. Magn. Reson. Imag. 2003, 18, 530.

[21] M. D. Kuo, J. Gollub, C. B. Sirlin, C. Ooi, X. Chen, J. Vas. Intervent.
Radiol. 2007, 18, 821.

[22] E. Segal, C. B. Sirlin, C. Ooi, A. S. Adler, J. Gollub, X. Chen, B. K.
Chan, G. R. Matcuk, C. T. Barry, H. Y. Chang, M. D. Kuo, Nat. Biotech-
nol. 2007, 25, 675.

[23] A. M. Rutman, M. D. Kuo, Eur. J. Radiol. 2009, 70, 232.
[24] R. McLendon, A. Friedman, D. Bigner, E. G Van Meir, D. J Brat, G. M

Mastrogianakis, J. J Olson, T. Mikkelsen, N. Lehman, K. Aldape, W.
K Alfred Yung, O. Bogler, J. N Weinstein, S. VandenBerg, M. Berger,
M. Prados, D. Muzny, Nature 2008, 455, 1061.

[25] K. Clark, B. Vendt, K. Smith, J. Freymann, J. Kirby, P. Koppel, S.
Moore, S. Phillips, D. Maffitt, M. Pringle, L. Tarbox, F. Prior, J. Digit.
Imag. 2013, 26, 1045.

[26] M. J. Ellis, M. Gillette, S. A. Carr, A. G. Paulovich, R. D. Smith, K. K.
Rodland, R. R. Townsend, C. Kinsinger, M. Mesri, H. Rodriguez, D.
C. Liebler, Cancer Discov. 2013, 3, 1108.

[27] P. Lambin, E. Rios-Velazquez, R. Leijenaar, S. Carvalho, R. G. P. M.
van Stiphout, P. Granton, C. M. L. Zegers, R. Gillies, R. Boellard, A.
Dekker, H. J. W. L. Aerts, Eur. J. Cancer 2012, 48, 441.

[28] A. Krizhevsky, I. Sutskever, G. E. Hinton, ImageNet classification
with deep convolutional neural networks 2017, 60, 84.

[29] C. A. Karlo, P. L. Di Paolo, J. Chaim, A. A. Hakimi, I. Ostrovnaya, P.
Russo, H. Hricak, R. Motzer, J. J. Hsieh, O. Akin, Radiology 2014,
270, 464.

[30] M. D. Kuo, N. Jamshidi, Radiology 2014, 270, 320.
[31] A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N.

Gomez, et al., Proceedings of the 31st International Conference
on Neural Information Processing Systems, Curran Associates Inc.,
Long Beach, California, USA, 2017. p. 6000–10.

[32] H. Zhou, M. Vallières, H. X. Bai, C. Su, H. Tang, D. Oldridge, Z.
Zhang, B. Xiao, W. Liao, Y. Tao, J. Zhou, P. Zhang, L. Yang, Neuro-
Oncol. 2017, 19, 862.

[33] K. Swanson, E. Wu, A. Zhang, A. A. Alizadeh, J. Zou, Cell 2023, 186,
1772.

[34] S. Wang, J. P. Sundaram, T. B. Stockwell, Nucleic Acids Res. 2012, 40.
[35] J. H. Cook, G. E. M. Melloni, D. C. Gulhan, P. J. Park, K. M. Haigis,

Nat. Commun. 2021, 12, 1808.
[36] D. M. Merino, L. M. McShane, D. Fabrizio, V. Funari, S.-J. Chen, J.

R. White, P. Wenz, J. Baden, J. C. Barrett, R. Chaudhary, L.i Chen,
W. (.S.). Chen, J.-H. Cheng, D. Cyanam, J. S. Dickey, V. Gupta, M.
Hellmann, E. Helman, Y. Li, J. Maas, A. Papin, R. Patidar, K. J. Quinn,
N. Rizvi, H. Tae, C. Ward, M. Xie, A. Zehir, C. Zhao, M. Dietel, et al.,
J. Immunother. Cancer 2020, 8, e000147.

[37] A. Zehir, R. Benayed, R. H. Shah, A. Syed, S. Middha, H. R. Kim, P.
Srinivasan, J. Gao, D. Chakravarty, S. M. Devlin, M. D. Hellmann,
D. A. Barron, A. M. Schram, M. Hameed, S. Dogan, D. S. Ross, J.
F. Hechtman, D. F. DeLair, J. Yao, D. L. Mandelker, D. T. Cheng, R.
Chandramohan, A. S. Mohanty, R. N. Ptashkin, G. Jayakumaran, M.
Prasad, M. H. Syed, A. B. Rema, Z. Y. Liu, K. Nafa, et al., Nat. Med.
2017, 23, 703.

[38] E. D. Green, C. Gunter, L. G. Biesecker, V. Di Francesco, C. L. Easter,
E. A. Feingold, A. L. Felsenfeld, D. J. Kaufman, E. A. Ostrander, W. J.
Pavan, A. M. Phillippy, A. L. Wise, J. G. Dayal, B. J. Kish, A. Mandich,
C. R. Wellington, K. A. Wetterstrand, S. A. Bates, D. Leja, S. Vasquez,
W. A. Gahl, B. J. Graham, D. L. Kastner, P. Liu, L. L. Rodriguez, B.
D. Solomon, V. L. Bonham, L. C. Brody, C. M. Hutter, T. A. Manolio,
Nature 2020, 586, 683.

[39] L. Fang, W. Shao, S.-T. Zeng, G.-X. Tang, J.-T. Yan, S.-B. Chen, Z.-S.
Huang, J.-H. Tan, X.-C. Chen, Molecules 2022, 27, 6927.

[40] U. Nagalakshmi, Z. Wang, K. Waern, C. Shou, D. Raha, M. Gerstein,
M. Snyder, Science. 2008, 320, 1344.

[41] B. T. Wilhelm, S. Marguerat, S. Watt, F. Schubert, V. Wood, I.
Goodhead, C. J. Penkett, J. Rogers, J. Bähler, Nature 2008, 453, 1239.

[42] S. Rogers, M. Girolami, W. Kolch, K. M. Waters, T. Liu, B. Thrall, H.
S. Wiley, Bioinformatics 2008, 24, 2894.

[43] M. Cui, C. Cheng, L. Zhang, Lab. Investig. J Technic. Methods Pathol.
2022, 102, 1170.

[44] X. Chen, Y. Sun, T. Zhang, L. Shu, P. Roepstorff, F. Yang, Proteom.
Bioinform. 2021, 19, 689.

[45] R. Rosenthal, E. L. Cadieux, R. Salgado, M. A.l Bakir, D. A. Moore,
C. T. Hiley, T. Lund, M. Tanic, J. L. Reading, K. Joshi, J. Y. Henry, E.
Ghorani, G. A. Wilson, N. J. Birkbak, M. Jamal-Hanjani, S. Veeriah, Z.
Szallasi, S. Loi, M. D. Hellmann, A. Feber, B. Chain, J. Herrero, S. A.
Quezada, J. Demeulemeester, P. Van Loo, S. Beck, N. McGranahan,
C. Swanton, Nature 2019, 567, 479.

[46] S. Vasaikar, C. Huang, X. Wang, V. A. Petyuk, S. R. Savage, B.
Wen, Y. Dou, Y. Zhang, Z. Shi, O. A. Arshad, M. A. Gritsenko, L. J.
Zimmerman, J. E. McDermott, T. R. Clauss, R. J. Moore, R. Zhao, M.
E. Monroe, Y.-T. Wang, M. C. Chambers, R. J. C. Slebos, K. S. Lau, Q.
Mo, L. Ding, M. Ellis, M. Thiagarajan, C. R. Kinsinger, H. Rodriguez,
R. D. Smith, K. D. Rodland, D. C. Liebler, et al., Cell 2019, 177, 1035.

[47] M. Babu, M. Snyder, Mol. Cell. Proteom. 2023, 22, 100561.
[48] O. Warburg, Science 1956, 123, 309.
[49] M. H. Schwartz, H. Wang, J. N. Pan, W. C. Clark, S. Cui, M. J. Eckwahl,

D. W Pan, M. Parisien, S. M Owens, B. L Cheng, K. Martinez, J. Xu,
E. B Chang, T. Pan, A. M Eren, Nat. Commun. 2018, 9, 5353.

[50] M. Arbab, S. Mahony, H. Cho, J. M. Chick, P. A. Rolfe, J. P. van Hoff,
V. W. S. Morris, S. P. Gygi, R. L. Maas, D. K. Gifford, R. I. Sherwood,
Nucleic Acids Res. 2013, 41, e38.

[51] Y. Niu, X. Zhao, Y. S. Wu, M. M. Li, X. J. Wang, Y. G. Yang, Proteom.
Bioinform. 2013, 11, 8.

[52] P. Cheung, P. Khatri, P. J. Utz, A. J. Kuo, Nat. Rev. Rheumatol. 2019,
15, 340.

[53] W. Li, F. Yang, F. Wang, Y. Rong, L. Liu, B. Wu, H. Zhang, J. Yao, Nat.
Methods 2024, 21, 623.

[54] C. Bock, M. Farlik, N. C. Sheffield, Trends Biotechnol. 2016, 34, 605.
[55] H. M. Levitin, J. Yuan, P. A. Sims, Trends Cancer 2018, 4, 264.
[56] S. N. Martos, M. R. Campbell, O. A. Lozoya, X. Wang, B. D. Bennett,

I. J. B. Thompson, M. Wan, G. S. Pittman, D. A. Bell, Cell Rep. Med.
2020, 1, 100054.

[57] L. C. Cheng, D. Zheng, E. Baljinnyam, F. Sun, K. Ogami, P. L. Yeung,
M. Hoque, C.-W. Lu, J. L. Manley, B. Tian, Nat. Commun. 2020, 11,
3182.

[58] X. Ren, G. Zhong, Q. Zhang, L. Zhang, Y. Sun, Z. Zhang, Cell Res.
2020, 30, 763.

[59] D. Bressan, G. Battistoni, G. J. Hannon, Science 2023, 381,
eabq4964.

[60] S. K. Longo, M. G. Guo, A. L. Ji, P. A. Khavari, Nat. Rev. Genet. 2021,
22, 627.

[61] P. Lambin, R. G. P. M. van Stiphout, M. H. W. Starmans, E. Rios-
Velazquez, G. Nalbantov, H. J. W. L. Aerts, E. Roelofs, W. van Elmpt,
P. C. Boutros, P. Granone, V. Valentini, A. C. Begg, D. De Ruysscher,
A. Dekker, Nat. Rev. Clin. Oncol. 2013, 10, 27.

[62] S. Trebeschi, S. G. Drago, N. J. Birkbak, I. Kurilova, A. M. Cǎlin, A.
Delli Pizzi, F. Lalezari, D M J Lambregts, M W Rohaan, C. Parmar, E
A Rozeman, K J Hartemink, C. Swanton, J B A G. Haanen, C U Blank,
E F Smit, R. G. H Beets-Tan, H. J. W. L Aerts, Annals Oncol. 2019, 30,
998.

[63] M. Zhou, A. Leung, S. Echegaray, A. Gentles, J. B. Shrager, K. C.
Jensen, G. J. Berry, S. K. Plevritis, D. L. Rubin, S. Napel, O. Gevaert,
Radiology 2018, 286, 307.

Adv. Sci. 2025, 12, 2408069 2408069 (19 of 29) © 2024 The Author(s). Advanced Science published by Wiley-VCH GmbH

http://www.advancedsciencenews.com
http://www.advancedscience.com


www.advancedsciencenews.com www.advancedscience.com

[64] D. Chen, R. Zhang, X. Huang, C. Ji, W. Xia, Y. Qi, X. Yang, L. Lin, J.
Wang, H. Cheng, W. Tang, J. Yu, D. S. B. Hoon, J. Zhang, X. Gao, Y.
Yao, Biomarker Res. 2024, 12, 14.

[65] V. Bourbonne, M. Morjani, O. Pradier, M. Hatt, V. Jaouen, S.
Querellou, D. Visvikis, F. Lucia, U. Schick, J. Nuc. Med. 2024, 65,
630.

[66] Z. Feng, H. Li, Q. Liu, J. Duan, W. Zhou, X. Yu, Q. Chen, Z. Liu, W.
Wang, P. Rong, Radiology 2023, 307, e221291.

[67] L. Jiang, C. You, Y. Xiao, H. Wang, G.-H. Su, B.-Q. Xia, R.-C. Zheng,
D.-D. Zhang, Y.-Z. Jiang, Y.-J. Gu, Z.-M. Shao, Cell Rep. Med. 2022,
3, 100694.

[68] P. Kickingereder, U. Neuberger, D. Bonekamp, P. L. Piechotta, M.
Götz, A. Wick, M. Sill, A. Kratz, R. T. Shinohara, D. T. W. Jones, A.
Radbruch, J. Muschelli, A. Unterberg, J. Debus, H.-P. Schlemmer, C.
Herold-Mende, S. Pfister, A. von Deimling, W. Wick, D. Capper, K.
H. Maier-Hein, M. Bendszus, Neuro-Oncol. 2018, 20, 848.

[69] X. Yi, Y. Liu, B. Zhou, W. Xiang, A. Deng, Y. Fu, Y. Zhao, Q. Ouyang,
Y. Liu, Z. Sun, K. Zhang, X. Li, F. Zeng, H. Zhou, B. T Chen, Biomed.
Pharmacother. 2021, 133, 111013.

[70] J. Wu, B. Li, X. Sun, G. Cao, D. L. Rubin, S. Napel, D. M. Ikeda, A. W.
Kurian, R. Li, Radiology 2017, 285, 401.

[71] H. Choi, K. J. Na, Theranostics 2018, 8, 1956.
[72] J. An, M. Oh, S. Y. Kim, Y. J. Oh, B. Oh, J. H. Oh, W. Kim, J. H. Jung,

H. Kim, J.-S. Kim, C. O. Sung, J. H. Shim, Clin. Cancer Res. 2022, 28,
1821.

[73] A. Ally, M. Balasundaram, R. Carlsen, E. Chuah, A. Clarke, N. Dhalla,
R. A Holt, S. J M Jones, D. Lee, Y. Ma, M. A Marra, M. Mayo, R.
A Moore, A. J Mungall, J. E Schein, P. Sipahimalani, A. Tam, N.
Thiessen, D. Cheung, T. Wong, D. Brooks, A. Gordon Robertson,
R. Bowlby, K. Mungall, S. Sadeghi, L. Xi, K. Covington, E. Shinbrot,
D. A Wheeler, et al., Cell 2017, 169, 1327.

[74] J. M. Llovet, R. K. Kelley, A. Villanueva, A. G. Singal, E. Pikarsky, S.
Roayaie, R. Lencioni, K. Koike, J. Zucman-Rossi, R. S. Finn, Nat. Rev.
Dis. Primers 2021, 7, 6.

[75] R. S. Finn, S. Qin, M. Ikeda, P. R. Galle, M. Ducreux, T.-Y. Kim, M.
Kudo, V. Breder, P. Merle, A. O. Kaseb, D. Li, W. Verret, D.-Z. Xu, S.
Hernandez, J. Liu, C. Huang, S. Mulla, Y. Wang, H. Y. Lim, A. X. Zhu,
A.-L. Cheng, New Eng. J. Med. 2020, 382, 1894.

[76] A. Furlan, O. Almusa, R. K. Yu, H. Sagreiya, A. A. Borhani, K. T. Bae,
J. W. Marsh, Br. J. Radiol. 2018, 91, 1086.

[77] S. Gao, F. Wang, W. Sun, X. Qian, Y. Ji, Y. Cheng, X. Wang, L. Liu, R.
Sheng, M. Zeng, Pers. Med. 2023, 20, 215.

[78] W. Xia, Y. Chen, R. Zhang, Z. Yan, X. Zhou, B.o Zhang, X. Gao, Phys.
Med. Biol. 2018, 63, 035044.

[79] B. Taouli, Y. Hoshida, S. Kakite, X. Chen, P. S. Tan, X. Sun, S. Kihira,
K. Kojima, S. Toffanin, M. I. Fiel, H. Hirschfield, M. Wagner, J. M.
Llovet, Eur. Radiol. 2017, 27, 4472.

[80] S. J. Hectors, M. Wagner, O. Bane, C. Besa, S. Lewis, R. Remark, N.
Chen, M. I. Fiel, H. Zhu, S. Gnjatic, M. Merad, Y. Hoshida, B. Taouli,
Sci. Rep. 2017, 7, 2452.

[81] Y. Wang, G.-Q. Zhu, R. Yang, C. Wang, W.-F. Qu, T.-H. Chu, Z. Tang,
C. Yang, L. Yang, C.-W. Zhou, G.-Y. Miao, W.-R. Liu, Y.-H. Shi, M.-S.
Zeng, J. Translat. Med. 2023, 21, 734.

[82] Y. Zhu, Y. Mao, J. Chen, Y. Qiu, Y. Guan, Z. Wang, J. He, Sci. Rep.
2021, 11, 6933.

[83] H. Liao, H. Jiang, Y. Chen, T. Duan, T. Yang, M. Han, Z. Xue, F. Shi,
K. Yuan, M. R. Bashir, D. Shen, B. Song, Y. Zeng, Ann. Surg. Oncol.
2022, 14, 4552.

[84] Y. Wang, B. Gao, C. Xia, X. Peng, H. Liu, S. Wu, Quantitat. Imag.
Med. Surg. 2023, 13, 5803.

[85] X. Long, X. Liu, T. Deng, J. Chen, J. Lan, S. Zhang, M. Zhou, D. Guo,
J. Zhou, J. Exp. Clin. Cancer Res. 2023, 42, 33.

[86] H. Sung, J. Ferlay, R. L. Siegel, M. Laversanne, I. Soerjomataram, A.
Jemal, F. Bray, CA-Cancer J. Clin. 2021, 71, 209.

[87] A. A. Negreros-Osuna, A. Parakh, R. B. Corcoran, A. Pourvaziri, A.
Kambadakone, D. P. Ryan, D. V. Sahani, Radiol. Imag. Cancer 2020,
2, e190084.

[88] M. G. Lubner, N. Stabo, S. J. Lubner, A. M. del Rio, C. Song, R. B.
Halberg, P. J. Pickhardt, Abdominal Imag. 2015, 40, 2331.

[89] N. Taguchi, S. Oda, Y. Yokota, S. Yamamura, M. Imuta, T.
Tsuchigame, Y. Nagayama, M. Kidoh, T. Nakaura, S. Shiraishi, Y.
Funama, S. Shinriki, Y. Miyamoto, H. Baba, Y. Yamashita, Eur. J. Ra-
diol. 2019, 118, 38.

[90] M. Ahmadian, Z. Bodalal, H. J. van der Hulst, C. Vens, L. H.
E. Karssemakers, N. Bogveradze, F. Castagnoli, F. Landolfi, E. K.
Hong, N. Gennaro, A. D. Pizzi, R. G. H. Beets-Tan, M. W. M.
van den Brekel, J. A. Castelijns, Comput. Biol. Med. 2024, 174,
108389.

[91] J. Porto-Álvarez, E. Cernadas, R. Aldaz Martínez, M. Fernández-
Delgado, E. Huelga Zapico, V. González-Castro, S. Baleato-
González, R. García-Figueiras, J. R. Antúnez-López, M. Souto-
Bayarri, Biomedicines 2023, 11, 2144.

[92] R. Hinzpeter, R. Kulanthaivelu, A. Kohan, L. Avery, N. A. Pham, C.
Ortega, U. Metser, M. Haider, P. Veit-Haibach, Cancers 2022, 14,
6224.

[93] N. Jamshidi, J. Senthilvelan, D. W. Dawson, T. R. Donahue, M. D.
Kuo, BMC Cancer 2023, 23, 189.

[94] V. Brancato, N. Garbino, L. Mannelli, M. Aiello, M. Salvatore, M.
Franzese, C. Cavaliere, World J. Gastroenterol. 2021, 27, 6110.

[95] Y. Iwatate, H. Yokota, I. Hoshino, F. Ishige, N. Kuwayama, M. Itami,
Int. J. Oncol. 2022, 60, 60.

[96] M. A. Attiyeh, J. Chakraborty, C. A. McIntyre, R. Kappagantula, Y.
Chou, G. Askan, Abdominal Radiol. 2019, 44, 3148.

[97] Y.-C. Lai, T.-S. Yeh, R.-C. Wu, C.-K. Tsai, L.-Y. Yang, G. Lin, M. D. Kuo,
Cancers 2019, 11, 641.

[98] Y. Li, Z. Cheng, O. Gevaert, L. He, Y. Huang, X. Chen, X. Huang, X.
Wu, W. Zhang, M. Dong, J. Huang, Y. Huang, T. Xia, C. Liang, Z. Liu,
Chinese J. Cancer Res. 2020, 32, 62.

[99] Y. Hu, C. Xie, H. Yang, J. W. K. Ho, J. Wen, L. Han, K.a-O.n Lam,
I. Y. H. Wong, S. Y. K. Law, K. W. H. Chiu, V. Vardhanabhuti, J. Fu,
Radiother. Oncol. 2021, 154, 6.

[100] W. Huang, W. Xiong, L. Tang, C. Chen, Q. Yuan, C. Zhang, K. Zhou,
Z. Sun, T. Zhang, Z. Han, H. Feng, X. Liang, Y. Zhong, H. Deng, L.
Yu, Y. Xu, W. Wang, L. Shen, G. Li, Y. Jiang, J. Immunother. Cancer
2023, 11, e007807.

[101] H. Liu, Y. Wang, Y. Liu, D. Lin, C. Zhang, Y. Zhao, L. Chen, Y. Li,
J. Yuan, Z. Chen, J. Yu, W. Kong, T. Chen, Front. Oncol. 2022, 12,
882786.

[102] Y. Jin, Y. Xu, Y. Li, R. Chen, W. Cai, Front. Oncol. 2021, 11, 755271.
[103] J. Cui, L. Li, N. Liu, W. Hou, Y. Dong, F. Yang, S. Zhu, J. Li, S. Yuan,

Biomarker Res. 2023, 11, 44.
[104] C.-Y. Xie, Y.-H. Hu, J. W.-K. Ho, L.-J. Han, H. Yang, J. Wen, K.-O. Lam,

I. Y.-H. Wong, S. Y.-K. Law, K. W.-H. Chiu, J.-H. Fu, V. Vardhanabhuti,
Cancers 2021, 13, 2145.

[105] A. Saxena, D. Becker, I. Preeshagul, K. Lee, E. Katz, B. Levy, The
Oncologist 2015, 20, 934.

[106] M. Hwang, J. V. Canzoniero, S. Rosner, G. Zhang, J. R. White, Z.
Belcaid, C. Cherry, A. Balan, G. Pereira, A. Curry, N. Niknafs, J.
Zhang, K. N. Smith, L. Sivapalan, J. E. Chaft, J. E. Reuss, K. Marrone,
J. C. Murray, Q. K. Li, V. Lam, B. P. Levy, C. Hann, V. E. Velculescu, J.
R. Brahmer, P. M. Forde, T. Seiwert, V. Anagnostou, J. Immunother.
Cancer 2022, 10, e004688.

[107] J. K. Sabari, G. C. Leonardi, C. A. Shu, R. Umeton, J. Montecalvo,
A. Ni, R. Chen, J. Dienstag, C. Mrad, I. Bergagnini, W. V. Lai, M.
Offin, K. C. Arbour, A. J. Plodkowski, D. F. Halpenny, P. K. Paik, B. T.
Li, G. J. Riely, M. G. Kris, C. M. Rudin, L. M. Sholl, M. Nishino, M.
D. Hellmann, N. Rekhtman, M. M. Awad, A. Drilon, Annals Oncol.
2018, 29, 2085.

Adv. Sci. 2025, 12, 2408069 2408069 (20 of 29) © 2024 The Author(s). Advanced Science published by Wiley-VCH GmbH

http://www.advancedsciencenews.com
http://www.advancedscience.com


www.advancedsciencenews.com www.advancedscience.com

[108] Z. K. Stadler, K. A. Schrader, J. Vijai, M. E. Robson, K. Offit, J. Clin.
Oncol. 2014, 32, 687.

[109] S. Rizzo, F. Petrella, V. Buscarino, F. De Maria, S. Raimondi, M.
Barberis, C. Fumagalli, G. Spitaleri, C. Rampinelli, F. De Marinis,
L. Spaggiari, M. Bellomi, Eur. Radiol. 2016, 26, 32.

[110] W. Mu, L. Jiang, J. Zhang, Y. Shi, J. E. Gray, I. Tunali, C. Gao, Y. Sun,
J. Tian, X. Zhao, X. Sun, R. J. Gillies, M. B. Schabath, Nat. Commun.
2020, 11, 5228.

[111] E. Rios Velazquez, C. Parmar, Y. Liu, T. P. Coroller, G. Cruz, O.
Stringfield, Cancer Res. 2017, 77, 3922.

[112] D. F. Halpenny, G. J. Riely, S. Hayes, H. Yu, J. Zheng, C. S.
Moskowitz, M. S. Ginsberg, Lung Cancer 2014, 86, 190.

[113] A. J. Plodkowski, A. Drilon, D. F. Halpenny, D. O’Driscoll, D. Blair,
A. M. Litvak, J. Zheng, C. S. Moskowitz, M. S. Ginsberg, Lung Cancer
2015, 90, 321.

[114] O. Gevaert, J. Xu, C. D. Hoang, A. N. Leung, Y. Xu, A. Quon, D. L.
Rubin, S. Napel, S. K. Plevritis, Radiology 2012, 264, 387.

[115] H. J. W. L. Aerts, E. R. Velazquez, R. T. H. Leijenaar, C. Parmar,
P. Grossmann, S. Carvalho, J. Bussink, R. Monshouwer, B. Haibe-
Kains, D. Rietveld, F. Hoebers, M. M. Rietbergen, C. R. Leemans,
A. Dekker, J. Quackenbush, R. J. Gillies, P. Lambin, Nat. Commun.
2014, 5, 4006.

[116] T. Wang, J. Gong, H. H. Duan, L. J. Wang, X. D. Ye, S. D. Nie, J. X-Ray
Sci. Technol. 2019, 27, 773.

[117] S. Fischer, N. Spath, M. Hamed, Int. J. Mol. Sci. 2023, 24, 4947.
[118] P. Grossmann, O. Stringfield, N. El-Hachem, M. M. Bui, E. Rios

Velazquez, C. Parmar, eLife 2017, 6, e23421.
[119] R. Perez-Johnston, J. A. Araujo-Filho, J. G. Connolly, R. Caso, K.

Whiting, K. S. Tan, J. Zhou, P. Gibbs, N. Rekhtman, M. S. Ginsberg,
D. R. Jones, Radiology 2022, 303, 664.

[120] O. Gevaert, S. Echegaray, A. Khuong, C. D. Hoang, J. B. Shrager, K.
C. Jensen, G. J. Berry, H. H. Guo, C. Lau, S. K. Plevritis, D. L. Rubin,
S. Napel, A. N. Leung, Scientific Rep. 2017, 7, 41674.

[121] M. Li, L. Zhang, W. Tang, J. YJ, L. L. Qi, N. Wu, Eur. Radiol. 2019, 29,
2989.

[122] H. J. W. L. Aerts, P. Grossmann, Y. Tan, G. R. Oxnard, N. Rizvi, L. H.
Schwartz, B. Zhao, Sci. Rep. 2016, 6, 33860.

[123] A. Mahajan, V. Kania, U. Agarwal, R. Ashtekar, S. Shukla, V. M. Patil,
V. Noronha, A. Joshi, N. Menon, R. K. Kaushal, S. Rane, A. Chougule,
S. Vaidya, K. Kaluva, K. Prabhash, Cancers 2024, 16, 1130.

[124] K. Ninomiya, H. Arimura, K. Tanaka, W. Y. Chan, Y. Kabata, S.
Mizuno, N. F. M. Gowdh, N. A. Yaakup, C.-K. Liam, C.-S. Chai, K.
H. Ng, Comp. Methods Prog. Biomed. 2023, 236, 107544.

[125] Y. Feng, F. Song, P. Zhang, G. Fan, T. Zhang, X. Zhao, C. Ma, Y. Sun,
X. Song, H. Pu, F. Liu, G. Zhang, Front. Pharmacol. 2022, 13, 897597.

[126] X. Huang, Y. Sun, M. Tan, W. Ma, P. Gao, L. Qi, J. Lu, Y. Yang, K.
Wang, W. Chen, L. Jin, K. Kuang, S. Duan, M. Li, Front. Oncol. 2022,
12, 772770.

[127] I. Shiri, M. Amini, M. Nazari, G. Hajianfar, A. Haddadi Avval, H.
Abdollahi, M. Oveisi, H. Arabi, A. Rahmim, H. Zaidi, Comput. Biol.
Med. 2022, 142, 105230.

[128] N. Q. K. Le, Q. H. Kha, V. H. Nguyen, Y. C. Chen, S. J. Cheng, C. Y.
Chen, Int. J. Mol. Sci. 2021, 22, 9254.

[129] S. Moreno, M. Bonfante, E. Zurek, D. Cherezov, D. Goldgof, L. Hall,
M. Schabath, Tomography 2021, 7, 154.

[130] G. Pinheiro, T. Pereira, C. Dias, C. Freitas, V. Hespanhol, J. L. Costa,
A. Cunha, H. P. Oliveira, Sci. Rep. 2020, 10, 3625.

[131] S. S. F. Yip, J. Kim, T. P. Coroller, C. Parmar, E. R. Velazquez, E.
Huynh, R. H. Mak, H. J. W. L. Aerts, J. Nucl. Med. 2017, 58, 569.

[132] S. Yamamoto, R. L. Korn, R. Oklu, C. Migdal, M. B. Gotway, G. J.
Weiss, A. J. Iafrate, D.-W. Kim, M. D. Kuo, Radiology 2014, 272, 568.

[133] T. J. Kim, C. T. Lee, S. H. Jheon, J. S. Park, J. H. Chung, Ann. Thoracic
Surg. 2016, 101, 473.

[134] D.e-N. Ma, X.-Y.i Gao, Y.i-B.o Dan, A.n-N.i Zhang, W.-J. Wang, G.
Yang, H.-Z. Zhu, Onco. Targets Ther. 2020, 13, 6927.

[135] N. Zhang, X. Zhang, J. Li, J. Ren, L. Li, W. Dong, Phys. Med. 2023,
107, 102546.

[136] D. Xie, T.-T. Wang, S.-J. Huang, J.-J. Deng, Y.-J. Ren, Y. Yang, J.-Q. Wu,
L. Zhang, K. Fei, X.-W. Sun, Y.-L. She, C. Chen, Transl. Lung Cancer
Res. 2020, 9, 1112.

[137] J. Pérez-Morales, I. Tunali, O. Stringfield, S. A. Eschrich, Y.
Balagurunathan, R. J. Gillies, M. B. Schabath, Sci. Rep. 2020, 10,
10528.

[138] P. Vaidya, K. Bera, A. Gupta, X. Wang, G. Corredor, P. Fu, N. Beig,
P. Prasanna, P. D. Patil, P. D. Velu, P. Rajiah, R. Gilkeson, M. D.
Feldman, H. Choi, V. Velcheti, A. Madabhushi, Lancet Digit. Health
2020, 2, e116.

[139] J. Lee, Y. Cui, X. Sun, B. Li, J. Wu, D. Li, M. F. Gensheimer, B. W. Loo,
M. Diehn, R. Li, Eur. Radiol. 2018, 28, 736.

[140] K. H. Kim, J. Kim, H. Park, H. Kim, S.-H. Lee, I. Sohn, H. Y. Lee, W.-Y.
Park, Thoracic Cancer 2020, 11, 2542.

[141] H. Ju, K. Kim, B. I. Kim, S. K. Woo, Int. J. Mol. Sci. 2024, 25,
698.

[142] E. Trivizakis, N. M. Koutroumpa, J. Souglakos, A. Karantanas, M.
Zervakis, K. Marias, Biomed. Eng. Online 2023, 22, 125.

[143] E. Trivizakis, J. Souglakos, A. Karantanas, K. Marias, Diagnostics
2021, 11, 2383.

[144] R. L. Siegel, K. D. Miller, A. Jemal, Ca-Cancer J. Clin. 2019, 69, 7.
[145] I. Wolff, M. May, B. Hoschke, R. Zigeuner, L. Cindolo, G. Hutterer, L.

Schips, O. De Cobelli, B. Rocco, C. De Nunzio, A. Tubaro, I. Coman,
B. Feciche, M. Truss, O. Dalpiaz, R. S. Figenshau, K. Madison,
M. Sánchez-Chapado, M. D. C. Santiago Martin, L. Salzano, G.
Lotrecchiano, S. F. Shariat, M. Hohenfellner, R. Waidelich, C. Stief,
K. Miller, S. Pahernik, S. Brookman-May, Eur. J. Surg. Oncol. 2016,
42, 744.

[146] R. J. Motzer, R. Banchereau, H. Hamidi, T. Powles, D. McDermott,
M. B. Atkins, B. Escudier, L.-F. Liu, N. Leng, A. R. Abbas, J. Fan, H.
Koeppen, J. Lin, S. Carroll, K. Hashimoto, S. Mariathasan, M. Green,
D. Tayama, P. S. Hegde, C. Schiff, M. A. Huseni, B. Rini, Cancer Cell
2020, 38, 803.

[147] T. K. Choueiri, R. J. Motzer, New England J. Med. 2017, 376, 354.
[148] R. J. Motzer, N. M. Tannir, D. F. McDermott, O. Arén Frontera, B.

Melichar, T. K. Choueiri, E. R. Plimack, P. Barthélémy, C. Porta, S.
George, T. Powles, F. Donskov, V. Neiman, C. K. Kollmannsberger,
P. Salman, H. Gurney, R. Hawkins, A. Ravaud, M.-O. Grimm, S.
Bracarda, C. H. Barrios, Y. Tomita, D. Castellano, B. I. Rini, A.
C. Chen, S. Mekan, M. B. McHenry, M. Wind-Rotolo, J. Doan, P.
Sharma, et al., New England J. Med. 2018, 378, 1277.

[149] R. J. Motzer, K. Penkov, J. Haanen, B. Rini, L. Albiges, M.
T. Campbell, B. Venugopal, C. Kollmannsberger, S. Negrier, M.
Uemura, J. L. Lee, A. Vasiliev, W. H. Miller, H. Gurney, M.
Schmidinger, J. Larkin, M. B. Atkins, J. Bedke, B. Alekseev, J. Wang,
M. Mariani, P. B. Robbins, A. Chudnovsky, C. Fowst, S. Hariharan,
B. Huang, A. di Pietro, T. K. Choueiri, New England J. Med. 2019,
380, 1103.

[150] A. B. Shinagare, R. Vikram, C. Jaffe, O. Akin, J. Kirby, E. Huang, J.
Freymann, N. I. Sainani, C. A. Sadow, T. K. Bathala, D. L. Rubin,
A. Oto, M. T. Heller, V. R. Surabhi, V. Katabathina, S. G. Silverman,
Abdom. Imag. 2015, 40, 1684.

[151] Z. Feng, L. Zhang, Z. Qi, Q. Shen, Z. Hu, F. Chen, Front. Oncol. 2020,
10, 279.

[152] N. Jamshidi, E. Jonasch, M. Zapala, R. L. Korn, L. Aganovic, H. Zhao,
R. Tumkur Sitaram, R. J. Tibshirani, S. Banerjee, J. D. Brooks, B.
Ljungberg, M. D. Kuo, Radiology 2015, 277, 114.

[153] N. Jamshidi, E. Jonasch, M. Zapala, R. L. Korn, J. D. Brooks, B.
Ljungberg, M. D. Kuo, Eur. Radiol. 2016, 26, 2798.

[154] L. Bowen, L. Xiaojing, Acad. Radiol. 2019, 26, e32.
[155] C. Marigliano, S. Badia, D. Bellini, M. Rengo, D. Caruso, C. Tito, S.

Miglietta, G. Palleschi, A. L. Pastore, A. Carbone, F. Fazi, V. Petrozza,
A. Laghi, Technol. Cancer Res. Treat. 2019, 18, 1533033819878458.

Adv. Sci. 2025, 12, 2408069 2408069 (21 of 29) © 2024 The Author(s). Advanced Science published by Wiley-VCH GmbH

http://www.advancedsciencenews.com
http://www.advancedscience.com


www.advancedsciencenews.com www.advancedscience.com

[156] F. Greco, A. Panunzio, A. Tafuri, C. Bernetti, V. Pagliarulo, B.
Beomonte Zobel, A. Scardapane, C. A. Mallio, Genes. 2023, 14, 1832.

[157] F. Greco, A. Panunzio, A. Tafuri, C. Bernetti, V. Pagliarulo, B. B.
Zobel, A. Scardapane, C. A. Mallio, Acad. Radiol. 2024, 31, 902.

[158] D. Udayakumar, Z. Zhang, Y. Xi, D. K. Dwivedi, M. Fulkerson,
S. Haldeman, T. McKenzie, Q. Yousuf, A. Joyce, A. Hajibeigi,
H. Notgrass, A. D. de Leon, Q. Yuan, M. A. Lewis, A. J.
Madhuranthakam, R. C. Sibley, R. Elias, J. Guo, A. Christie, R. M.
McKay, J. A. Cadeddu, A. Bagrodia, V. Margulis, J. Brugarolas, T.
Wang, P. Kapur, I. Pedrosa, Clin. Cancer Res. 2021, 27, 4794.

[159] P. Lin, Y.-Q. Lin, R.-Z. Gao, R. Wen, H. Qin, Y. He, H. Yang, Transl.
Oncol. 2021, 14, 101078.

[160] X. Chen, Z. Zhou, R. Hannan, K. Thomas, I. Pedrosa, P. Kapur, J.
Brugarolas, X. Mou, J. Wang, Phys. Med. Biol. 2018, 63, 215008.

[161] B. Kocak, E. S. Durmaz, E. Ates, M. B. Ulusan, AJR Am. J. Roentgenol.
2019, 212, W55.

[162] H. Zeng, L. Chen, M. Wang, Y. Luo, Y. Huang, X. Ma, Aging 2021, 13,
9960.

[163] D. Cen, L. Xu, S. Zhang, Z. Chen, Y. Huang, Z. Li, B. Liang, Eur.
Radiol. 2019, 29, 5415.

[164] T. Yu, C. Lin, X. Li, X. Quan, J. Comput. Assist. Tomogr. 2020, 44, 737.
[165] J. Gao, F. Ye, F. Han, X. Wang, H. Jiang, J. Zhang, Front. Oncol. 2021,

11, 739815.
[166] K. Wu, P. Wu, K. Yang, Z. Li, S. Kong, L.u Yu, E. Zhang, H. Liu, Q.

Guo, S. Wu, Eur. Radiol. 2022, 32, 2255.
[167] H. He, Y. Xie, F. Song, Z. Feng, P. Rong, Eur. J. Radiol. 2024, 175,

111433.
[168] R. Gao, H. Qin, P. Lin, C. Ma, C. Li, R. Wen, J. Huang, D. Wan, D.

Wen, Y. Liang, J. Huang, X. Li, X. Wang, G. Chen, Y. He, H. Yang,
Front. Oncol. 2021, 11, 613668.

[169] Y. Huang, H. Zeng, L. Chen, Y. Luo, X. Ma, Y. Zhao, Front. Oncol.
2021, 11, 640881.

[170] Y. Zhao, G. Liu, Q. Sun, G. Zhai, G. Wu, Z. C. Li, Eur. Radiol. 2021,
31, 5032.

[171] H. W. Lee, H.-H. Cho, J.-G. Joung, H. G. Jeon, B. C. Jeong, S. S.
Jeon, H. M. Lee, D.-H. Nam, W.-Y. Park, C. K. Kim, S. I. Seo, H. Park,
Cancers (Basel) 2020, 12, 866.

[172] N. Jamshidi, D. J. Margolis, S. Raman, J. Huang, R. E. Reiter, M. D.
Kuo, Radiology 2017, 284, 109.

[173] Y. Sun, S. Williams, D. Byrne, S. Keam, H. M. Reynolds, C.
Mitchell, D. Wraith, D. Murphy, A. Haworth, Brit. J. Radiol. 2019,
92, 20190373.

[174] S. Fischer, M. Tahoun, B. Klaan, K. M. Thierfelder, M.-A. Weber, B. J.
Krause, O. Hakenberg, G. Fuellen, M. Hamed, Cancers (Basel) 2019,
11, 1293.

[175] Q. Fu, L. Luo, R. Hong, H. Zhou, X. Xu, Y. Feng, K. Huang, Y. Wan, Y.
Li, J. Gong, X. Le, X. Liu, N. Wang, J. Yuan, F. Li, BMC Cancer 2024,
24, 290.

[176] C. N. Ogbonnaya, B. S. O. Alsaedi, A. J. Alhussaini, R. Hislop, N.
Pratt, G. Nabi, J. Clin. Med. 2023, 12, 2605.

[177] F. Ye, Y. Hu, J. Gao, Y. Liang, Y. Liu, Y. Ou, Z. Cheng, H. Jiang, Front.
Immunol. 2021, 12, 722642.

[178] C. Xu, J. Cao, T. Zhou, Environ. Toxicol. 2024, 39, 1374.
[179] J. Zhong, R. Frood, A. McWilliam, A. Davey, J. Shortall, M. Swinton,

O. Hulson, C. M. West, D. Buckley, S. Brown, A. Choudhury, P.
Hoskin, A. Henry, A. Scarsbrook, Radiol. Med. 2023, 128, 765.

[180] S. J. Hectors, M. Cherny, K. K. Yadav, A. T. Beksaç, H. Thulasidass,
S. Lewis, E. Davicioni, P. Wang, A. K. Tewari, B. Taouli, J. Urol. 2019,
202, 498.

[181] C. Dinis Fernandes, A. Schaap, J. Kant, P. van Houdt, H. Wijkstra, E.
Bekers, S. Linder, A. M. Bergman, U. van der Heide, M. Mischi, W.
Zwart, F. Eduati, S. Turco, Cancers (Basel). 2023, 15, 3074.

[182] P. Lin, D.-Y. Wen, L. Chen, X. Li, S.-H. Li, H.-B. Yan, R.-Q. He, G.
Chen, Y. He, H. Yang, Eur. Radiol. 2020, 30, 547.

[183] T. A. Qureshi, X. Chen, Y. Xie, K. Murakami, T. Sakatani, Y. Kita, T.
Kobayashi, M. Miyake, S. R. V. Knott, D. Li, C. J. Rosser, H. Furuya,
Int. J. Mol. Sci. 2023, 25, 88.

[184] D. Ricard, A. Idbaih, F. Ducray, M. Lahutte, K. Hoang-Xuan, J. Y.
Delattre, Lancet 2012, 379, 1984.

[185] P. O. Zinn, B. Majadan, P. Sathyan, S. K. Singh, S. Majumder, F. A.
Jolesz, R. R. Colen, PLoS One 2011, 6, e25451.

[186] N. Jamshidi, M. Diehn, M. Bredel, M. D. Kuo, Radiology 2014, 270,
1.

[187] O. Gevaert, L. A. Mitchell, A. S. Achrol, J. Xu, S. Echegaray, G. K.
Steinberg, S. H. Cheshier, S. Napel, G. Zaharchuk, S. K. Plevritis,
Radiology 2014, 273, 168.

[188] P. Kickingereder, F. Sahm, A. Radbruch, W. Wick, S. Heiland, A. V.
Deimling, M. Bendszus, B. Wiestler, Sci. Rep. 2015, 5, 16238.

[189] D. H. Heiland, C. P. Simon-Gabriel, T. Demerath, G. Haaker, D.
Pfeifer, E. Kellner, V. G. Kiselev, O. Staszewski, H. Urbach, A.
Weyerbrock, I. Mader, Sci. Rep. 2017, 7, 43523.

[190] Z. Alom, Q. T. Tran, A. K. Bag, J. T. Lucas, B. A. Orr, Neuro-Oncol.
Adv. 2023, 5, vdad045.

[191] S. Kihira, X. Mei, K. Mahmoudi, Z. Liu, S. Dogra, P. Belani, N.
Tsankova, A. Hormigo, Z. A. Fayad, A. Doshi, K. Nael, Cancers (Basel)
2022, 14, 4457.

[192] S. Rathore, S. Mohan, S. Bakas, C. Sako, C. Badve, S. Pati, A. Singh,
D. Bounias, P. Ngo, H. Akbari, A. Gastounioti, M. Bergman, M.
Bilello, R. T. Shinohara, P. Yushkevich, D. M. O’Rourke, A. E. Sloan,
D. Kontos, M. P. Nasrallah, J. S. Barnholtz-Sloan, C. Davatzikos,
Neuro-Oncol. Adv. 2020, 2, iv22.

[193] Y. Matsui, T. Maruyama, M. Nitta, T. Saito, S. Tsuzuki, M. Tamura,
K. Kusuda, Y. Fukuya, H. Asano, T. Kawamata, K. Masamune, Y.
Muragaki, J. Neuro-Oncol. 2020, 146, 321.

[194] J. Haubold, A. Demircioglu, M. Gratz, M. Glas, K. Wrede, U. Sure,
G. Antoch, K. Keyvani, M. Nittka, S. Kannengiesser, V. Gulani, M.
Griswold, K. Herrmann, M. Forsting, F. Nensa, L. Umutlu, Eur. J.
Nucl. Med. Mol. Imaging 2020, 47, 1435.

[195] S. Kihira, A. Derakhshani, M. Leung, K. Mahmoudi, A. Bauer, H.
Zhang, J. Polson, C. Arnold, N. M. Tsankova, A. Hormigo, B. Salehi,
N. Pham, B. M. Ellingson, T. F. Cloughesy, K. Nael, Cancers (Basel)
2023, 15, 1037.

[196] Q. H. Kha, V. H. Le, T. N. K. Hung, N. Q. K. Le, Cancers (Basel) 2021,
13, 5398.

[197] B. Kocak, E. S. Durmaz, E. Ates, I. Sel, S. Turgut Gunes, O. K. Kaya,
A. Zeynalova, O. Kilickesmez, Eur. Radiol. 2020, 30, 877.

[198] G. Hajianfar, I. Shiri, H. Maleki, N. Oveisi, A. Haghparast, H.
Abdollahi, M. Oveisi, World Neurosurg. 2019, 132, e140.

[199] J. Wei, G. Yang, X. Hao, D. Gu, Y. Tan, X. Wang, D. Dong, S. Zhang,
L. Wang, H. Zhang, J. Tian, Eur. Radiol. 2019, 29, 877.

[200] Z. Kong, Y. Lin, C. Jiang, L. Li, Z. Liu, Y. Wang, C. Dai, D. Liu, X. Qin,
Y. Wang, Z. Liu, X. Cheng, J. Tian, W. Ma, Cancer Imag. 2019, 19, 58.

[201] B.-H. Kim, H. Lee, K. S. Choi, J. G. Nam, C.-K. Park, S.-H. Park, J. W.
Chung, S. H. Choi, Cancers (Basel) 2022, 14, 4827.

[202] A. Hohm, M. Karremann, G. H. Gielen, T. Pietsch, M. Warmuth-
Metz, L. A. Vandergrift, B. Bison, A. Stock, M. Hoffmann, M. Pham,
C. M. Kramm, J. Nowak, Clin. Neuroradiol. 2022, 32, 249.

[203] C. Wu, H. Zheng, J. Li, Y. Zhang, S. Duan, Y. Li, D. Wang, Eur. Radiol.
2022, 32, 1813.

[204] M. Iv, M. Zhou, K. Shpanskaya, S. Perreault, Z. Wang, E. Tranvinh,
B. Lanzman, S. Vajapeyam, N. A. Vitanza, P. G. Fisher, Y. J. Cho, S.
Laughlin, V. Ramaswamy, M. D. Taylor, S. H. Cheshier, G. A. Grant,
T. Young Poussaint, O. Gevaert, K. W. Yeom, AJNR Am. J. Neurora-
diol. 2019, 40, 154.

[205] M. Zhang, S. W. Wong, J. N. Wright, M. W. Wagner, S. Toescu,
M. Han, L. T. Tam, Q. Zhou, S. S. Ahmadian, K. Shpanskaya, S.
Lummus, H. Lai, A. Eghbal, A. Radmanesh, J. Nemelka, S. Harward,
M. Malinzak, S. Laughlin, S. Perreault, K. R. M. Braun, R. M. Lober, Y.

Adv. Sci. 2025, 12, 2408069 2408069 (22 of 29) © 2024 The Author(s). Advanced Science published by Wiley-VCH GmbH

http://www.advancedsciencenews.com
http://www.advancedscience.com


www.advancedsciencenews.com www.advancedscience.com

J. Cho, B. Ertl-Wagner, C. Y. Ho, K. Mankad, H. Vogel, S. H. Cheshier,
T. S. Jacques, K. Aquilina, P. G. Fisher, et al., Radiology 2022, 304,
406.

[206] A. Di Giannatale, P. L. Di Paolo, D. Curione, J. Lenkowicz, A.
Napolitano, A. Secinaro, P. Tomà, F. Locatelli, A. Castellano, L.
Boldrini, Pediatr. Blood Cancer 2021, 68, e29110.

[207] H. Wu, C. Wu, H. Zheng, L. Wang, W. Guan, S. Duan, D. Wang, Eur.
Radiol. 2021, 31, 3080.

[208] L. Zhang, F. Giuste, J. C. Vizcarra, X. Li, D. Gutman, Front. Oncol.
2020, 10, 937.

[209] M. Buda, E. A. AlBadawy, A. Saha, M. A. Mazurowski, Radiol. Artif.
Intell. 2020, 2, e180050.

[210] A. Rao, G. Rao, D. A. Gutman, A. E. Flanders, S. N. Hwang, D. L.
Rubin, R. R. Colen, P. O. Zinn, R. Jain, M. Wintermark, J. S. Kirby, C.
C. Jaffe, J. Freymann, J. Neurosurg. 2016, 124, 1008.

[211] Z. Qian, Y. Li, Z. Sun, X. Fan, K. Xu, K. Wang, S. Li, Z. Zhang, T. Jiang,
X. Liu, Y. Wang, Aging 2018, 10, 2884.

[212] X. Liu, Y. Li, Z. Qian, Z. Sun, K. Xu, K. Wang, S. Liu, X. Fan, S. Li, Z.
Zhang, T. Jiang, Y. Wang, NeuroImage Clin. 2018, 20, 1070.

[213] W. Duan, Z. Wang, Z. Ma, H. Zheng, Y. Li, D. Pei, M. Wang, Y. Qiu,
M. Duan, D. Yan, Y. Ji, J. Cheng, X. Liu, Z. Zhang, J. Yan, Cancer Sci.
2024, 115, 1261.

[214] F. Guan, Z. Wang, Y. Qiu, Y. Guo, D. Pei, M. Wang, A. Xing, Z. Liu,
B. Yu, J. Cheng, X. Liu, Y. Ji, D. Yan, J. Yan, Z. Zhang, J. Transl. Med.
2023, 21, 841.

[215] D. Haldar, A. F. Kazerooni, S. Arif, A. Familiar, R. Madhogarhia, N.
Khalili, S. Bagheri, H. Anderson, I. S. Shaikh, A. Mahtabfar, M. C.
Kim, W. Tu, J. Ware, A. Vossough, C. Davatzikos, P. B. Storm, A.
Resnick, A. Nabavizadeh, Neoplasia 2023, 36, 100869.

[216] J. Yan, Y. Zhao, Y. Chen, W. Wang, W. Duan, L. Wang, S. Zhang, T.
Ding, L. Liu, Q. Sun, D. Pei, Y. Zhan, H. Zhao, T. Sun, C. Sun, W.
Wang, Z. Liu, X. Hong, X. Wang, Y. Guo, W. Li, J. Cheng, X. Liu, X.
Lv, Z.-C. Li, Z. Zhang, EBioMedicine 2021, 72, 103583.

[217] Y. S. Choi, S. S. Ahn, J. H. Chang, S.-G.u Kang, E. H. Kim, S.e H. Kim,
R. Jain, S.-K. Lee, Eur. Radiol. 2020, 30, 3834.

[218] M. Islam, N. Wijethilake, H. Ren, Comput. Med. Imaging Graph.
2021, 91, 101906.

[219] X. Liu, Y. Li, Z. Sun, S. Li, K. Wang, X. Fan, Y. Liu, L. Wang, Y. Wang,
T. Jiang, Cancer Med. 2018, 7, 4273.

[220] Y. Zhang, X. Dong, X. Guo, C. Li, Y. Fan, P. Liu, D. Yuan, X. Ma, J.
Wang, J. Zheng, H. Li, P. Gao, Mol. Cancer 2023, 22, 41.

[221] S. Yamamoto, D. D. Maki, R. L. Korn, M. D. Kuo, AJR Am. J.
Roentgenol. 2012, 199, 654.

[222] M. A. Mazurowski, J. Zhang, L. J. Grimm, S. C. Yoon, J. I. Silber,
Radiology 2014, 273, 365.

[223] S. Mehta, N. P. Hughes, S. Li, A. Jubb, R. Adams, S. Lord, L.
Koumakis, R. van Stiphout, A. Padhani, A. Makris, F. M. Buffa, A.
L. Harris, EBioMedicine 2016, 10, 109.

[224] J.-G. Tamez-Peña, J.-A. Rodriguez-Rojas, H. Gomez-Rueda, J.-M.
Celaya-Padilla, R.-A. Rivera-Prieto, R. Palacios-Corona, M. Garza-
Montemayor, S. Cardona-Huerta, V. Treviño, PLoS One 2018, 13,
e0193871.

[225] A. C. Yeh, H. Li, Y. Zhu, J. Zhang, G. Khramtsova, K. Drukker, A.
Edwards, S. McGregor, T. Yoshimatsu, Y. Zheng, Q. Niu, H. Abe,
J. Mueller, S. Conzen, Y. Ji, M. L Giger, O.I Olopade, Cancer Imag.
2019, 19, 48.

[226] S. Liang, S. Xu, S. Zhou, C. Chang, Z. Shao, Y. Wang, S. Chen, Y.
Huang, Y. Guo, J. Genet. Genomics 2024, 51, 443.

[227] A. Y. Park, M.-R. Han, B. K. Seo, H.-Y. Ju, G. S. Son, H. Y. Lee, Y. W.
Chang, J. Choi, K. R. Cho, S. E. Song, O. H. Woo, H. S. Park, Breast
Cancer Res., BCR 2023, 25, 79.

[228] W. Ming, Y. Zhu, Y. Bai, W. Gu, F. Li, Z. Hu, T. Xia, Z. Dai, X. Yu, H.
Li, Y.u Gu, S. Yuan, R. Zhang, H. Li, W. Zhu, J. Ding, X. Sun, Y. Liu,
H. Liu, X. Liu, Front. Oncol. 2022, 12, 943326.

[229] T. Bismeijer, B. H. M. van der Velden, S. Canisius, E. H. Lips, C. E.
Loo, M. A. Viergever, J. Wesseling, K. G. A. Gilhuijs, L. F. A. Wessels,
Radiology 2020, 296, 277.

[230] Y. Huang, Y. Guo, Q. Xiao, S. Liang, Q. Yu, L. Qian, J. Zhou, J. Le,
Y. Pei, L. Wang, C. Chang, S. Chen, S. Zhou, Breast Cancer 2023, 15,
461.

[231] J. Xi, D. Sun, C. Chang, S. Zhou, Q. Huang, Comput. Biol. Med. 2023,
155, 106672.

[232] A. B. Ashraf, D. Daye, S. Gavenonis, C. Mies, M. Feldman, M. Rosen,
D. Kontos, Radiology 2014, 272, 374.

[233] E. J. Sutton, J. H. Oh, B. Z. Dashevsky, H. Veeraraghavan, A. P. Apte,
S. B. Thakur, J. O Deasy, E. A Morris, J. Magn. Reson. Imag. JMRI
2015, 42, 1398.

[234] L. J. Grimm, J. Zhang, M. A. Mazurowski, J. Magn. Reson. Imag. JMRI
2015, 42, 902.

[235] Z. A. Binder, A. H. Thorne, S. Bakas, E. P. Wileyto, M. Bilello, H.
Akbari, S. Rathore, S. M. Ha, L. Zhang, C. J. Ferguson, S. Dahiya, W.
L. Bi, D. A. Reardon, A. Idbaih, J. Felsberg, B. Hentschel, M. Weller,
S. J. Bagley, J. J. D. Morrissette, M. P. Nasrallah, J. Ma, C. Zanca, A.
M. Scott, L. Orellana, C. Davatzikos, F. B. Furnari, D. M. O’Rourke,
Cancer Cell 2018, 34, 163.

[236] M. Fan, P. Xia, R. Clarke, Y. Wang, L. Li, Nat. Commun. 2020, 11,
4861.

[237] R. Castaldo, K. Pane, E. Nicolai, M. Salvatore, M. Franzese, Cancers
(Basel) 2020, 12, 518.

[238] X. Yang, L. Wu, K. Zhao, W. Ye, W. Liu, Y. Wang, J. Li, H. Li, X. Huang,
W. Zhang, Y. Huang, X. Chen, S. Yao, Z. Liu, C. Liang, Chinese J.
Cancer Res. 2020, 32, 175.

[239] A. G. V. Bitencourt, P. Gibbs, C. Rossi Saccarelli, I. Daimiel, R. Lo
Gullo, M. J. Fox, S. Thakur, K. Pinker, E. A. Morris, M. Morrow, M.
S. Jochelson, EBioMedicine 2020, 61, 103042.

[240] W. Ming, Y. Zhu, F. Li, Y. Bai, W. Gu, Y. Liu, X. Sun, X. Liu, H. Liu,
Genes 2022, 14, 28.

[241] X. Zhang, X. Teng, J. Zhang, Q. Lai, J. Cai, Breast Cancer Res., BCR
2024, 26, 77.

[242] J. Lai, Z. Chen, J. Liu, C. Zhu, H. Huang, Y. Yi, G. Cai, N. Liao, Int. J.
Surg. 2024, 110, 2162.

[243] M. Fan, P. Xia, B. Liu, L. Zhang, Y. Wang, X. Gao, L. Li, Breast Cancer
Res., BCR 2019, 21, 112.

[244] J. Duan, Y. Zhao, Q. Sun, D. Liang, Z. Liu, X. Chen, Z.-C. Li, Cancer
Med. 2023, 12, 21256.

[245] Y.-Z. Jiang, D. Ma, X. Jin, Y. Xiao, Y. Yu, J. Shi, Y.-F. Zhou, T. Fu,
C.-J. Lin, L.-J. Dai, C.-L. Liu, S. Zhao, G.-H. Su, W. Hou, Y. Liu,
Q. Chen, J. Yang, N. Zhang, W.-J. Zhang, W. Liu, W. Ge, W.-T.
Yang, C. You, Y. Gu, V. Kaklamani, F. Bertucci, C. Verschraegen,
A. Daemen, N. M. Shah, T. Wang, et al., Nat. Cancer 2024, 5,
673.

[246] M. Fan, Y. Cui, C. You, L. Liu, Y. Gu, W. Peng, Q. Bai, X. Gao, L. Li,
Radiology 2022, 302, 516.

[247] H. Chen, X. Lan, T. Yu, L. Li, S. Tang, S. Liu, F. Jiang, L. Wang, Y.
Huang, Y. Cao, W. Wang, X. Wang, J. Zhang, Front. Oncol. 2022, 12,
1076267.

[248] Q. Liu, P. Hu, Comput. Struct. Biotechnol. J 2022, 20, 2484.
[249] Y. Zhu, A. S. R. Mohamed, S. Y. Lai, S. Yang, A. Kanwar, L. Wei,

M. Kamal, S. Sengupta, H. Elhalawani, H. Skinner, D. S. Mackin,
J. Shiao, J. Messer, A. Wong, Y. Ding, L. Zhang, L. Court, Y. Ji, C. D.
Fuller, JCO Clin. Cancer Inform. 2019, 3, 1.

[250] K. Zwirner, F. J. Hilke, G. Demidov, J. Socarras Fernandez, S.
Ossowski, C. Gani, D. Thorwarth, O. Riess, D. Zips, C. Schroeder,
S. Welz, Strahlentherapie und Onkologie 2019, 195, 771.

[251] S. Nougaret, Y. Lakhman, M. Gönen, D. A. Goldman, M. Miccò, M.
D’Anastasi, S. A. Johnson, K. Juluru, A. G. Arnold, R. E. Sosa, R. A.
Soslow, H. A. Vargas, H. Hricak, N. D. Kauff, E. Sala, Radiology 2017,
285, 472.

Adv. Sci. 2025, 12, 2408069 2408069 (23 of 29) © 2024 The Author(s). Advanced Science published by Wiley-VCH GmbH

http://www.advancedsciencenews.com
http://www.advancedscience.com


www.advancedsciencenews.com www.advancedscience.com

[252] H. A. Vargas, H. Veeraraghavan, M. Micco, S. Nougaret, Y. Lakhman,
A. A. Meier, R. Sosa, R. A. Soslow, D. A. Levine, B. Weigelt, C.
Aghajanian, H. Hricak, J. Deasy, A. Snyder, E. Sala, Eur. Radiol. 2017,
27, 3991.

[253] A.-K. Meißner, R. Gutsche, N. Galldiks, M. Kocher, S. T. Jünger, M.-
L. Eich, M. Montesinos-Rongen, A. Brunn, M. Deckert, C. Wendl, W.
Dietmaier, R. Goldbrunner, M. I. Ruge, C. Mauch, N.-O. Schmidt, M.
Proescholdt, S. Grau, P. Lohmann, Neuro-Oncology 2022, 24, 1331.

[254] S. Feng, T. Xia, Y. Ge, K. Zhang, X. Ji, S. Luo, Y. Shen, Front. Immunol.
2022, 13, 868067.

[255] Q.-W. Zhang, R.-Y. Zhang, Z.-B. Yan, Y.-X. Zhao, X.-Y. Wang, J.-Z. Jin,
Q.-X. Qiu, J.-J. Chen, Z.-H. Xie, J. Lin, H. Cao, Y. Zhou, H.-M. Chen,
X.-B. Li, J. Transl. Med. 2023, 21, 726.

[256] Y. Q. Yin, C. J. Liu, B. Zhang, Y. Wen, Y. Yin, Sci. Rep. 2019, 9, 7257.
[257] C. Guo, H. Zhou, X. Chen, Z. Feng, Heliyon 2023, 9, e20983.
[258] P. R. Kshirsagar, D. B. V. Jagannadham, H. Alqahtani, Q.

Noorulhasan Naveed, S. Islam, M. Thangamani, M. Dejene, Com-
put. Intell. Neurosci. 2022, 2022, 9160727.

[259] S. Russell, J. Bohannon, Science 2015, 349, 252.
[260] K. H. Yu, A. L. Beam, Nat. Biomed. Eng. 2018, 2, 719.
[261] A. S. Chandrabhatla, I. J. Pomeraniec, A. Ksendzovsky, NPJ Digit.

Med. 2022, 5, 32.
[262] X. Zhu, X. Li, K. Ong, W. Zhang, W. Li, L. Li, D. Young, Y. Su, B. Shang,

L. Peng, W. Xiong, Y. Liu, W. Liao, J. Xu, F. Wang, Q. Liao, S. Li, M.
Liao, Y. Li, L. Rao, J. Lin, J. Shi, Z. You, W. Zhong, X. Liang, H. Han,
Y. Zhang, N. Tang, A. Hu, H. Gao, et al., Nat. Commun. 2021, 12,
3541.

[263] Y. Jiang, M. Yang, S. Wang, X. Li, Y. Sun, Cancer Commun. (Lond)
2020, 40, 154.

[264] X. Qu, Y. Shi, Y. Hou, J. Jiang, Med. Phys. 2020, 47, 5702.
[265] E. Shelhamer, J. Long, T. Darrell, IEEE Trans. Pattern Anal. Mach.

Intell. 2017, 39, 640.
[266] A. Ben-Cohen, I. Diamant, E. Klang, M. Amitai, H. Greenspan, in

Deep Learning and Data Labeling for Medical Applications, Springer
International Publishing, Cham 2016.

[267] C. Sun, S. Guo, H. Zhang, J. Li, M. Chen, S. Ma, L. Jin, X. Liu, X. Li,
X. Qian, Artif. Intell. Med. 2017, 83, 58.

[268] S. Bakas, H. Akbari, A. Sotiras, M. Bilello, M. Rozycki, J. S. Kirby, J.
B. Freymann, K. Farahani, C. Davatzikos, Sci. Data 2017, 4, 170117.

[269] A. Sayah, C. Bencheqroun, K. Bhuvaneshwar, A. Belouali, S. Bakas,
C. Sako, C. Davatzikos, A. Alaoui, S. Madhavan, Y. Gusev, Sci. Data
2022, 9, 338.

[270] B. H. Menze, A. Jakab, S. Bauer, J. Kalpathy-Cramer, K. Farahani,
J. Kirby, Y. Burren, N. Porz, J. Slotboom, R. Wiest, L. Lanczi, E.
Gerstner, M.-A. Weber, T. Arbel, B. B. Avants, N. Ayache, P. Buendia,
D. L. Collins, N. Cordier, J. J. Corso, A. Criminisi, T. Das, H.
Delingette, C. Demiralp, C. R. Durst, M. Dojat, S. Doyle, J. Festa, F.
Forbes, E. Geremia, et al., IEEE Trans. Med. Imaging 2015, 34, 1993.

[271] A. Boutet, R. Madhavan, G. J. B. Elias, S. E. Joel, R. Gramer, M.
Ranjan, V. Paramanandam, D. Xu, J. Germann, A. Loh, S. K. Kalia,
M. Hodaie, B. Li, S. Prasad, A. Coblentz, R. P. Munhoz, J. Ashe, W.
Kucharczyk, A. Fasano, A. M. Lozano, Nat. Commun. 2021, 12, 3043.

[272] X. Zhang, C. Wang, D. He, Y. Cheng, L. Yu, D. Qi, B. Li, F. Zheng,
Clin. Epigenet. 2022, 14, 122.

[273] S. Soffer, A. Ben-Cohen, O. Shimon, M. M. Amitai, H. Greenspan,
E. Klang, Radiology. 2019, 290, 590.

[274] A. Derry, M. Krzywinski, N. Altman, Nat. Methods 2023, 20, 1269.
[275] Z. Li, F. Liu, W. Yang, S. Peng, J. Zhou, IEEE Trans. Neural Netw. Learn.

Syst. 2022, 33, 6999.
[276] Z. Saidak, A. Laville, S. Soudet, M. A. Sevestre, J. M. Constans, A.

Galmiche, Cancers (Basel). 2024, 16, 1289.
[277] M. Fan, K. Wang, Y. Zhang, Y. Ge, Z. Lü, L. Li, J. Transl. Med. 2023,

21, 851.

[278] Y. Jin, H. Arimura, Y. Cui, T. Kodama, S. Mizuno, S. Ansai, Cancers
(Basel) 2023, 15, 2220.

[279] D. Wang, B. Liu, Z. Zhang, Cell 2023, 186, 1755.
[280] C. Yang, C. Yang, Y. Yarden, K. K. W. To, L. Fu, Drug Resist. Updat.

2021, 54, 100741.
[281] W. L. Hwang, H. Y. Lan, W. C. Cheng, S. C. Huang, M. H. Yang, J.

Hematol. Oncol. 2019, 12, 10.
[282] J. R. M. Black, N. McGranahan, Nat. Rev. Cancer 2021, 21, 379.
[283] N. Andor, T. A. Graham, M. Jansen, L. C. Xia, C. A. Aktipis, C.

Petritsch, H. P. Ji, C. C. Maley, Nat. Med. 2016, 22, 105.
[284] N. McGranahan, A. J. S. Furness, R. Rosenthal, S. Ramskov, R.

Lyngaa, S. K. Saini, M. Jamal-Hanjani, G. A. Wilson, N. J. Birkbak,
C. T. Hiley, T. B. K. Watkins, S. Shafi, N. Murugaesu, R. Mitter, A.
U. Akarca, J. Linares, T. Marafioti, J. Y. Henry, E. M. Van Allen, D.
Miao, B. Schilling, D. Schadendorf, L. A. Garraway, V. Makarov, N.
A. Rizvi, A. Snyder, M. D. Hellmann, T. Merghoub, J. D. Wolchok, S.
A. Shukla, et al., Science 2016, 351, 1463.

[285] A. Reuben, C. N. Spencer, P. A. Prieto, V. Gopalakrishnan, S. M.
Reddy, J. P. Miller, X. Mao, M. P. De Macedo, J. Chen, X. Song, H.
Jiang, P.-L. Chen, H. C. Beird, H. R. Garber, W. Roh, K. Wani, E. Chen,
C. Haymaker, M.-A. E. Forget, L. D. Little, C. Gumbs, R. L. Thornton,
C. W. Hudgens, W.-S. Chen, J. Austin-Breneman, R. S. Sloane, L.
Nezi, A. P. Cogdill, C. Bernatchez, J. Roszik, et al., NPJ Genom. Med.
2017, 2, 10.

[286] Y. Wolf, O. Bartok, S. Patkar, G. B. Eli, S. Cohen, K. Litchfield, R. Levy,
A. Jiménez-Sánchez, S. Trabish, J. S. Lee, H. Karathia, E. Barnea,
C.-P. Day, E. Cinnamon, I. Stein, A. Solomon, L. Bitton, E. Pérez-
Guijarro, T. Dubovik, S. S. Shen-Orr, M. L. Miller, G. Merlino, Y.
Levin, E. Pikarsky, L. Eisenbach, A. Admon, C. Swanton, E. Ruppin,
Y. Samuels, Cell 2019, 179, 219.

[287] K.-A. McDonald, T. Kawaguchi, Q. Qi, X. Peng, M. Asaoka, J. Young,
M. Opyrchal, L. Yan, S. Patnaik, E. Otsuji, K. Takabe, Ann. Surg. On-
col. 2019, 26, 2191.

[288] M. Janiszewska, S. Stein, O. Metzger Filho, J. Eng, N. L. Kingston,
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