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1  | INTRODUC TION

For a long time, attempts have been made to diagnose disease using 
imaging tests. For example, the clinical TNM classification derived 
using computed tomography (CT) and magnetic resonance imaging 
(MRI) predicts resectability and prognosis of tumors. So far, the fol-
lowing three methods have been tried for improving the accuracy 
of the prediction: (1) improving the accuracy of the equipment, 
which can be described as an attempt to obtain an image closer to 
the pathological image; (2) devising the appropriate imaging method, 

which is an attempt to obtain new biomarkers by performing an 
imaging method designed to mimic biological phenomena, such as 
reflect blood flow information and cell density; and (3) devising the 
analysis procedure for the acquired image. However, methods (1) 
and (2) are expensive and can only be practiced in a limited number 
of facilities, especially in the initial stage. In contrast, method (3) is 
easy to generalize and has the advantage that cases can be collected 
retrospectively.

Radiomics is one of the current goals of method (3). Radiomics 
is a research field that extracts several tens of thousands of image 
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Abstract
Radiogenomics is a new field of medical science that integrates two omics, radiomics 
and genomics, and may bring a major paradigm shift in traditional personalized medi-
cine strategies that require tumor tissue samples. In addition, the acquisition of the 
data does not require special imaging equipment or special imaging conditions, and it 
is possible to use image information from computed tomography, magnetic resonance 
imaging, positron emission tomography-computed tomography in clinical practice, so 
the versatility and cost-effectiveness of radiogenomics are expected. So far, the field 
of radiogenomics has developed, especially in the fields of brain tumors and breast 
cancer, but recently, reports of radiogenomic research on gastroenterological cancer 
are increasing. This review provides an overview of radiogenomic research methods 
and summarizes the current radiogenomic research in gastroenterological cancer. In 
addition, the application of artificial intelligence is considered to be indispensable for 
the integrated analysis of enormous omics information in the future, and the future 
direction of this research, including the latest technologies, will be discussed.
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features from images using mathematical methods, such as morphol-
ogy/histogram/texture analysis, and compares them with other clinical 
information. For example, the average apparent diffusion coefficient 
(ADC) value in MRI and the maximum standardized uptake value (SUV) 
in fluorodeoxyglucose-positron emission tomography (FDG-PET) are 
one of the image features, and radiomics extracts many such values for 
analysis. Furthermore, radiogenomics is a research field that integrates 
and analyzes two different sets of omics information and explores their 
correlation: radiomics, which deals with image features, and genomics, 
which deals with genome and gene expression analyses. Studies on ra-
diogenomics have been actively reported in recent years.1,2

Predicting genomic information using images from routine practice 
is the expected result of radiogenomics. In recent years, when a diag-
nostic model is constructed using a machine learning algorithm from a 
large number of image features and genetic information, it is expected 
to be more accurate than conventional analysis and exceeds human 
diagnostic ability in some fields.3 This is because general images from 
CT and MRI correlate with the histopathology results.

Conversely, precision medicine, which is a so-called tailor-made 
medical treatment that analyzes and selects the optimal treatment 
method for each patient based on their genetic information, has 
been proposed, and expectations are rising. However, it is consid-
ered that examining and providing individual treatment methods for 
each patient has various problems leading to soaring medical costs. 
In addition, genetic retrieval is invasive, expensive, and time-con-
suming. In addition, in order to provide precision medicine to all can-
cer patients, there are many problems that need to be solved, such 
as capital investment for analysis and human resource development. 
Moreover, in the reports so far, there remains a big question regard-
ing the cost-effectiveness of patients who can benefit from current 
precision medicine, which is a low percentage of all the cases tested.

Radiogenomics, which uses images used in daily clinical practice, 
is easy to use as a method for practicing precision medicine. The field 
of radiogenomics is currently relatively well-reported, especially for 
brain tumors and breast cancer. In contrast, for studies on gastro-
enterological cancer, there are only a few reports examining the 
relationship between protein expression and imaging findings, and 
many of these studies lack quantitative evaluation of images and do 
not fully reflect radiogenomics.4 Recently, studies on radiogenom-
ics targeting hepatocellular carcinoma (HCC) and colorectal cancer 
(CRC) have been reported, and advanced studies have been reported 
targeting esophageal cancer and pancreatic cancer.5,6 In this review, 
the research methodology of radiogenomics will be introduced, re-
ports focusing on gastroenterological cancer will be summarized, 
and future changes that may be introduced to the medical field will 
be explained.

2  | THE WORKFLOW OF R ADIOGENOMIC S

Radiogenomics first involves image acquisition from CT and MRI 
that are also used in ordinary medical care. This is followed by tumor 
segmentation, feature extraction, predictive modeling, and model 

validation (Figure 1). The details of each procedure are described 
below.

2.1 | Image acquisition

One of the merits of radiogenomics is that it does not require a spe-
cial imaging method. In the current clinical oncology field, various 
imaging modalities such as CT, MRI, FDG-PET, and even ultrasound 
are used, and the diagnostic assessment is made by directly visualiz-
ing the underlying anatomical or physiological characteristics of each 
tumor in an individual patient.7,8 Radiogenomics needs to be further 
developed so that it can acquire as much objective data as possible. 
In addition, different images can be acquired when the same tumor 
is visualized depending on the imaging machine, imaging parameters, 
image reconstruction parameters, etc. Therefore, standardization of 
data is important, and it is desirable to unify the image device and 
the image data acquisition method when acquiring an image.

2.2 | Tumor segmentation

The segmentation of areas of interest is primarily performed by di-
agnostic radiologists. However, there is no consistent way to outline 
a tumor. In addition, it is possible that there will be a significant dif-
ference while drawing the same tumor contour depending on the 
doctor who evaluates it. Therefore, unified segmentation methods 
and common recognition among evaluators are required, at least 
within the same study. It should also be performed by a diagnostic 
radiologist who is familiar with radiogenomic analysis.9 In contrast, 
bias may be weakened using different regions of interest (ROI) gen-
erated by different evaluators when using the radiomics method.10 
In the future, segmentation using artificial intelligence (AI) will be 
implemented, which may solve the problems of inter-rater reliabil-
ity. However, a robust method of auto-segmentation has not yet 
been established. It has also been suggested that accuracy varies 
depending on the target of setting the ROI. Particularly, it has been 
reported that the predictive ability can be increased by including 
the tumor margin and surroundings.6,11–14 Pathologically, it is often 
accompanied by reactive changes, such as microscopic infiltration, 
inflammatory cell infiltration, and fibrosis around the tumor, and ra-
diogenomics seems to evaluate the same reactive changes.

2.3 | Imaging feature extraction

In this step, quantitative data are extracted from the image, which is 
the core step in radiogenomics. Features related to tumor shape, his-
togram, and texture were calculated from the image. In addition, the 
number of features can be increased by applying various filters to 
the original image. Over 1000 features can be extracted as needed. 
Several commonly used radiogenomic analysis software programs 
are available as open source software.15,16
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2.4 | Predictive model training

The classical radiogenomics approach is used for confirming the cor-
relation between genetic data and extracted imaging features and 
for comparing the levels of imaging features with and without gene 
expression. In recent years, machine learning has been used as a 
technique for handling a large number of extracted imaging features.

2.5 | Model evaluation

Machine learning models, including convolutional neural networks 
(CNNs), require parameter adjustment for model construction. The 
data required for model training are referred to as the training data-
set, and the data required for parameter adjustment during train-
ing are referred to as the validation dataset. Furthermore, new data 

that evaluate the performance of the built model are called a test 
dataset. If the training/validation dataset and test dataset are not 
separated, overfitting will yield excessively good results. Ideally, the 
test dataset should have data from different facilities, but in prac-
tice, it is often difficult. In this case, cross-validation is performed. 
In cross-validation, model construction and performance tests are 
repeated by dividing the data on hand and rearranging the number 
of times the training/validation dataset and test dataset was divided; 
this prevents overfitting.17,18

3  | GENOME-LE VEL ANALYSIS

In the previous report, there is currently no strict distinction be-
tween the terms "radiomics" and "radiogenomics." Generally, radi-
omics evaluates clinical outcomes, such as prognosis and prediction 

F I G U R E  1   The workflow of 
radiogenomics
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of susceptibility to treatments such as anticancer drugs and radia-
tion, whereas radiogenomics evaluates mutations or expressions in 
molecular biological factors, such as genomes, genes, and proteins. 
Originally, the term omics refers to the whole study of "-ome" or 
"objects" of a particular property. Therefore, genomics refers 
to the study of the genome, transcriptomics to the study of the 
transcriptome, and epigenomics to the study of the epigenome.19 
Radiogenomics is originally a fusion research of radiomics, which 
represents the research of comprehensive image features and 
genomics, making it a comprehensive genome research, and there 
is a possibility that new research directions other than the research 
described here may emerge. The term radiogenomics is sometimes 
used in research for genotyping, which indicates radiosensitivity, but 
it is not common at present.20–22 Therefore, the literature review and 
the selection of articles need to be performed accurately.

3.1 | Search for gene or genomic abnormalities

There have been several reports on genomic mutations that can be 
 indicators of treatment responsiveness and resistance to chemother-
apy and radiotherapy and can also be biomarkers for predicting prog-
nosis.23–26 These are generally assessed using a sequencer. In addition, 
gene and protein expressions are also used for treatment prediction 
and prognosis prediction.27–30 Recently, these expressions have been 
evaluated in different carcinomas for predicting the therapeutic effect 
of immune checkpoint inhibitors and for evaluating the expression of 
PD-L1 antigen as a basis for introducing the treatment.31,32 These eval-
uations were performed using reverse transcription-polymerase chain 
reaction (RT-PCR) or immunostaining. These are key evaluation meth-
ods for precision medicine but require biopsy sampling and/or surgi-
cal excision. Unfortunately, in the cases of recurrence of metastasis or 
multiple metastases for which curative treatment is difficult, it is often 
impractical to collect invasive lesions from each lesion. In such cases, 
genomic abnormalities and gene/protein expression abnormalities may 
be predicted using the radiogenomics method.

3.2 | Comprehensive gene or genomic search

In recent years, technological innovation has progressed, and the 
methods for comprehensive evaluation of gene expression abnor-
malities and genomic mutations have been developed.33–36 Thus, 

it has become possible to obtain molecular information in units of 
tens of thousands in a few hours to a few days, instead of searching 
for individual genomic, genetic, and protein information. This also 
generalizes the term omics. In addition, these comprehensive search 
techniques are the basic methods of current precision medicine. 
However, its economic cost is not negligible.37 The need for a tumor 
sample and the quality of the sample are also important.38,39 Cancer 
heterogeneity is also a major problem, and heterogeneity within the 
same tumor and heterogeneity between tumors within the same in-
dividual is a major obstacle for predicting the effects of precision 
medicine based on sampling.40

3.3 | Examination using database

It is now possible to utilize already analyzed genetic information 
using open source databases. For example, the Alzheimer's Disease 
Neuroimaging Initiative (ADNI) database has genome-wide associa-
tion study data. In addition, the Cancer Genome Atlas (TCGA) pro-
vides genetic data centered on next-generation sequencers. These 
data can be downloaded and/or processed using open source soft-
ware, such as TCGA-Assembler. These open sources can be used for 
exploratory research in radiogenomics research and for modeling 
accuracy testing using external data.

4  | R ADIOGENOMIC S IN 
GA STROENTEROLOGIC AL C ANCER

A PubMed search with the keyword radiogenomics yielded more 
than 400 articles, and the number kept increasing. In addition, many 
of these articles were related to cancer, which shows that this new 
medical science field is gaining attention. However, most of the re-
ports are on brain tumors, lung cancers, breast cancers, and ovarian 
cancers, and the studies on malignant tumors of the digestive system 
are limited.2,41–47 The following is a review of previous radiogenomic 
studies on gastroenterological malignancies.

4.1 | Liver cancer

Of the Radiogenomics studies on gastroenterological cancers so far, 
the most were on hepatocellular carcinoma (HCC) (Table 1).48 Segal 

TA B L E  1   Overview of radiogenomic literature on hepatocellular carcinoma

No. Imaging modality Molecular of interest Feature type Identified features
Reference 
no.

1 CT General gene expression Qualitative Imaging signature 46

2 CT 91-gene signature for 
microvascular invasion

Qualitative Imaging signature 47

3 MRI (God-EOB-DTPA) SLCO1B3 Qualitative Dynamic contrast 48

4 CT, MRI (God-EOB-DTPA) β-catenin, OATP1B3 Qualitative Diffusion-weighted imaging 49
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et al tried to reconstruct gene expression profile in HCC using CT 
images; 78% of the gene expression profile could be reconstructed 
by combining 28 image features, and cell proliferation, hepatocyte 
synthesis function, and patient prognosis were clarified, i.e. the phe-
notype of the HCC genome can be decoded using noninvasive imag-
ing, which allows noninvasive, continuous, and frequent molecular 
profiling for personalized medicine.48

Microvascular invasion in HCC is an independent poor predic-
tor of prognosis after resection or liver transplantation. Banergee 
et al used radiomics for predicting 91 gene expression signatures 
for microvascular invasion using contrast-enhanced CT images.49 
Preoperative CT images of 157 patients with HCC who underwent 
resection (N = 72) or transplantation (N = 85) between 2000 and 
2009 at three centers were used for assessing the presence or ab-
sence of microvascular invasion, and the ability of radiogenomics 
to predict microvascular invasion was evaluated. The diagnostic ac-
curacy, sensitivity, and specificity of radiogenomics for predicting 
microvascular invasion were 89%, 76%, and 94%, respectively. High 
radiogenomic scores were associated with lower overall survival than 
lower radiogenomic scores (P < .001; 48 months vs 147 months). 
From these results, it was concluded that radiogenomics is a non-
invasive radiobiomarker that accurately predicts histological venous 
invasion in HCC surgery candidates.

HCC is mainly visualized as a low-intensity lesion on contrast-en-
hanced MRI using the contrast agent gadolinium ethoxybenzyl di-
ethylenetriamine pentaacetic acid (Gd-EOB-DTPA). However, some 
HCCs are known to be visualized as high-intensity lesions. Miura 
et al also conducted a comprehensive genetic analysis for clarify-
ing the clinicopathological and biological characteristics of these 
high-intensity HCC lesions. Of the 77 patients, 14 were classified 
as having high-intensity HCC lesions. In high-intensity HCC le-
sions, the protein induced by vitamin K absence or antagonist-II 
(PIVKAII) value was low, and many of these lesions were histolog-
ically well-differentiated. Comprehensive gene expression analysis 
revealed that SLCO1B3 gene was highly expressed in high-intensity 
HCC lesions.50 In addition, Kitao et al identified image features asso-
ciated with β-catenin gene mutations and investigated their relation-
ship and histopathological factors; the study involved 138 patients 
with HCC who underwent radical resection. HCC with β-catenin 
mutation showed a lower median contrast-to-noise ratio on diffu-
sion-weighted images compared to other HCCs. HCC with β-cat-
enin mutation showed high-grade differentiation, with a prominent 
pseudogland-like pattern and bile production. The characteristic im-
aging findings were a high enhancement rate in enhanced MRI and 

a high apparent diffusion coefficient in diffusion-weighted imaging. 
There was a significant positive correlation between the expression 
of β-catenin, glutamine synthetase (GS), and organic anion trans-
porting polypeptide 1B3 (OATP 1B3) (P < .0001).51

4.2 | Colorectal cancer

There is an interesting report of radiogenomic analysis of liver metas-
tases of colorectal cancer rather than primary lesions,52 where tex-
ture analysis was performed using pretreatment contrast-enhanced 
CT images of 77 patients with liver metastases (Table 2). It was clari-
fied that skewness, which is one of the texture parameters, had a 
negative correlation with the KRAS mutation (P = .02). In a study 
by Yang et al, contrast-enhanced CT images of primary lesions were 
used for investigating whether the radiomic signature could predict 
KRAS/NRAS/BRAF mutations in colorectal cancer53; 346 image fea-
tures were extracted from the CT images of the primary lesion in 
the portal vein layer and the association between gene mutations, 
clinical background, tumor staging, and histological differentiation 
were examined using two cohorts: the test cohort and validation 
cohort. A ReliefF and support vector machine were used for extract-
ing image features, and the extracted image yields were significantly 
associated with KRAS/NRAS/BRAF mutations (P < .001). In addition, 
the ROC analysis for predicting KRAS, NRAS, and BRAF mutations 
showed AUC, sensitivity, and specificity of 0.869, 0.757, and 0.833 
in the test cohort, respectively, and 0.829, 0.686, and 0.857 in the 
validation cohort, respectively.

Chen et al tried to distinguish between mutant and wild-type 
KRAS genes in patients with colorectal cancers using parameters 
from various FDG-PET scans.54 Patients with colorectal cancer who 
underwent preoperative PET/CT were included in this study. Several 
PET/CT-related parameters were measured, including SUVmax, met-
abolic tumor volume threshold, total lesion glycolysis, and PET/CT-
based tumor width. The tumor and PET/CT-related parameters were 
used for statistical analysis for determining whether KRAS mutation 
and wild types could be distinguished. The results showed that the 
multivariate analysis used SUVmax and a threshold level of 40% of 
maximum TW uptake (TW40%) as the two predictors of KRAS mu-
tations. The association between various gene mutations, including 
those other than KRAS in patients with colorectal cancer, and param-
eters derived from PET/CT were also investigated55; 130 colorectal 
cancer patients underwent PET/CT in this study. Similar to previ-
ous studies, several PET/CT-related parameters were measured, 

No.
Imaging 
modality

Molecular of 
interest

Feature 
type Identified features

Reference 
no.

1 CT KRAS Radiomic Imaging signature 50

2 CT KRA, NRAS, BRAF Radiomic Imaging signature 51

3 PET/CT KRAS Qualitative SUVmax 52

4 PET/CT TP53, KRAS, APC, 
BRAF, PIK3CA

Qualitative SUVmax, FDG 
accumulation

53

TA B L E  2   Overview of radiogenomic 
literature on colorectal cancer
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including SUVmax. Using high-resolution melting methods for an-
alyzing gene mutations, the tumor and PET/CT-related parameters 
correlated with parameterized changes in TP53, KRAS, APC, BRAF, 
and PIK3CA genes. Genetic alterations in TP53, KRAS, and APC were 
identified in 41 (40%), 34 (33%), and 27 (26%) tumors, respectively. 
Five and four of the patients showed PIK3CA and BRAF mutations, 
respectively. The TP53 variant showed a higher SUVmax. The odds 
ratio was 1.28 (P = .04; 95% confidence interval, 1.01-1.61). Tumors 
with KRAS mutations had increased FDG accumulation (TW40%) 
and odds ratios of 1.15 (P = .001; 95% confidence interval, 1.06-
1.24). The accuracy of TW40% for KRAS was 61%, while the ac-
curacy of SUVmax greater than 10 was 60% for the prediction of 
TP53 mutation. It has been reported that an increase in SUVmax and 
TW40% was associated with colorectal cancer with TP53 and KRAS 
mutations, respectively.

4.3 | Others

MicroRNA is a single-stranded non-coding RNA and it has recently 
has been attracting attention as a molecule for regulating gene ex-
pression (Table 3). Previously, our group reported that miR-1246 in 
serum is a useful biomarker for esophageal cancer.56 Since then, 
many groups have reported that miR-1246 in blood is a useful bio-
marker for various carcinomas.57–59 We investigated whether miR-
1246 expression in the serum of patients with esophageal cancer 
could be predicted using radiogenomics and found that the ex-
pression of miR-1246 in serum can be predicted with a significant 
probability by combining the image features obtained using six 
contrast-enhanced CTs.5 Using preoperative CT images of pancre-
atic cancer, Attiyeh et al validated the mutational states of KRAS, 
TP53, CDKN2A, and SMAD4 genes, which are known as driver genes 
for pancreatic cancer, using sequencers and immunohistochemistry. 
Radiological features of the tumor were extracted from preopera-
tive CT scans and were evaluated for predictability of gene muta-
tions. Genomic and immunohistochemical analyses revealed that 16 
(46%) of the patients had SMAD4 mutations. A total of 255 image 
features were extracted from the CT image, and 28 important fea-
tures were obtained using feature selection. Therefore, it was pos-
sible to distinguish between patients with normal SMAD4 gene and 
with mutant SMAD4 gene using image features.60 We also examined 
the expression of p53 and PD-L1 in more than 100 pancreatic cancer 
patients using immunostaining. It became clear that all factors were 

prognostic factors. Furthermore, the AUC, sensitivity, and specific-
ity of p53 and PD-L1 expression predictions using the image fea-
tures obtained from contrast CT images were 0.795, 66.7%, 81.3% 
and 0.683, 41.7%, and 93.0%, respectively. It was shown to be signif-
icantly predictable for p53. However, a sufficient predictive model 
could not be created for PD-L1, indicating that radiogenomics can-
not always replace molecular biological factors.6

5  | ARTIFICIAL INTELLIGENCE

AI is at the heart of the fourth industrial revolution and is expected 
to introduce an innovative data-driven analytical paradigm and bring 
significant advances in information processing technology in the 
context of clinical decision support systems. In radiogenomics, it is 
expected that the overwhelming information processing ability of 
AI will be utilized for image processing, analysis of huge amounts of 
image features, and analysis of molecular biological factors, and in 
some cases, AI may have already been applied.

5.1 | AI applications

There have been few reports on the application of AI in radiogenom-
ics of gastroenterological cancer, brain tumors, and breast cancer.6

IDH mutations in glioma patients are thought to lead to pro-
longed survival and influence treatment strategies. In a study 
aimed at predicting the IDH status of glioma from MRI using AI, 
preoperative images of 496 patients were collected from multi-
ple centers and divided into training, validation, and test sets, and 
verification was performed. The images were trained on a neural 
network of each MR sequence (FLAIR, T2, T1 precontrast, and T1 
post-contrast) and a predictive model was built from the output. 
An IDH prediction accuracy of 83.0% (AUC = 0.93) and 85.7% 
(AUC = 0.94) was achieved for the validation and test sets, respec-
tively. The result was epoch-making as a development of a deep 
learning method for noninvasively predicting the IDH genotype of 
glioma.61 In addition, using MRI data and molecular information 
obtained retrospectively from the Cancer Imaging Archives, IDH1 
mutation status in 259 patients with low-grade or high-grade gli-
oma was predicted using CNN. It was shown that the IDH1 mutant 
state can be identified with a high predictive ability of 94%. The 
AI approach has been shown to classify gene mutations in glioma, 

TA B L E  3   Overview of radiogenomic literature on gastrointestinal cancers (other than HCC and colorectal cancer)

No. Tumor
Imaging 
modality Molecular of interest Feature type Identified features

Reference 
no.

1 Esophagus CT microRNA (serum 
miR-1246)

Radiomic Imaging signature 5

2 Pancreas CT KRA, TP53, CDKN2A, 
SMAD4

Radiomic Imaging signature 58

3 Pancreas CT TP53, PD-L1 Radiomic Imaging signature 6
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and neural networks have been shown to learn imaging compo-
nents without prior feature selection or human-led training.62 In 
another report, the performance of deep learning for predicting 
IDH1 mutational status was validated in a dataset of 151 patients 
with low-grade glioma. Tumors were segmented using a modified 
CNN structure with six convolutional layers and a fully connected 
layer with 4096 neurons. Image features were obtained by nor-
malizing the information in the last convolution layer of the CNN 
instead of calculating them from segmented images. Fisher vec-
tors were used for encoding CNN features from image slices of 
various sizes. The AUC for normal radiomics was 86%, while that 
for CNN was 92%. CNN can be a powerful method for extracting 
useful information from medical images.63

Ha et al challenged the development of a CNN algorithm that 
can predict the molecular subtype of breast cancer based on MRI 
images. It was validated in 216 patients with pretreatment MRI and 
immunohistochemical staining of pathological data. The CNN archi-
tecture was designed in 14 layers. They used many types of normal-
ization, including dropouts, L2, feature map dropouts, and transition 
layers. A class balance holdout set of 40 patients was used as the 
test set. Seventy-four cases of luminal A, 106 cases of luminal B, 13 
cases of HER2+, and 23 cases of basal breast tumors were examined. 
The accuracy of the test set was 70%. The ROC of the AUC was 
0.853. Sensitivity and specificity were 0.603 and 0.958, and CNN-
based MRI analysis of breast cancer was predictable for the molecu-
lar subtype of breast cancer.64

6  | THE FUTURE OF R ADIOGENOMIC S

There is an expectation to enhance traditional diagnostic imaging 
and identify clinically relevant imaging features of cancer patients 
using AI technology for extracting and analyzing more imaging in-
formation. In contrast, even if the same object is imaged, the image 
changes greatly depending on the imaging device and imaging con-
ditions. Unless reproducibility is guaranteed, its use as a quantita-
tive value is limited. The Radiological Society of North America, 
the world's largest radiological society, launched the Quantitative 
Imaging Biomarkers Alliance to standardize the quantitative values 
obtained from images and establish them for use in clinical trials and 
routine clinical practice. In the future, image reproducibility will be 
examined by focusing on such organizations. Dedicated open access 
databases with multimodal data (imaging, genomics, clinical, labora-
tory) suitable for radiogenomic analysis may also raise the interest of 
the scientific community in this area.

Radiogenomics, tumor-selective molecular imaging, and various 
molecular biology techniques are inevitably converging in the age of 
AI, and the resulting synergies are enormous for the diagnosis and 
treatment of cancer, resulting in significant progress in the medical 
field. Most of the current research focuses on brain tumors, lung 
cancer, and breast cancer, but we believe that the field of radioge-
nomics will make a significant contribution to the field of gastroen-
terological cancer in the future.

7  | CONCLUSIONS

Radiogenomic analysis can lead to the identification of new biomark-
ers based on the association of image signatures with genomic in-
formation of the lesion and can minimize the application of invasive 
methods. The introduction of AI is indispensable for the enormous 
amount of multimodal information processing, and it is thought that 
they will contribute to the development of radiogenomics in the 
future. Radiogenomics is also considered an indispensable tool for 
diagnosis and treatment in the field of gastroenterological cancer.
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