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Abstract

Rectal cancer (RC) is the third most commonly diagnosed cancer and has a high
risk of mortality, although overall survival rates have improved. Preoperative
assessments and predictions, including risk stratification, responses to therapy,
long-term clinical outcomes, and gene mutation status, are crucial to guide the
optimization of personalized treatment strategies. Radiomics is a novel approach
that enables the evaluation of the heterogeneity and biological behavior of tumors
by quantitative extraction of features from medical imaging. As these extracted
features cannot be captured by visual inspection, the field holds significant
promise. Recent studies have proved the rapid development of radiomics and
validated its diagnostic and predictive efficacy. Nonetheless, existing radiomics
research on RC is highly heterogeneous due to challenges in workflow stan-
dardization and limitations of objective cohort conditions. Here, we present a
summary of existing research based on computed tomography and magnetic
resonance imaging. We highlight the most salient issues in the field of radiomics
and analyze the most urgent problems that require resolution. Our review
provides a cutting-edge view of the use of radiomics to detect and evaluate RC,
and will benefit researchers dedicated to using this state-of-the-art technology in
the era of precision medicine.

Key Words: Computed tomography; Magnetic resonance imaging; Radiomics; Rectal
cancer; Clinical applications; Overall survival

©The Author(s) 2021. Published by Baishideng Publishing Group Inc. All rights reserved.

Core Tip: Radiomics has exhibited significant potential for risk stratification of rectal
cancer and has yielded excellent performance in response assessment of neoadjuvant
radiochemotherapy. While the past 3 years has witnessed an exponential growth of the
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field, research on radiomics remains in its infancy and is constantly evolving. More
rigorous analyses are emerging, and improvements in bias reduction techniques
accompanied with multicentric studies will hopefully enable more robust and general-
izable models. Here, we review recent updates on the use of radiomics based on
computed tomography and magnetic resonance imaging in the detection and evaluation
of rectal cancer.

Citation: Hou M, Sun JH. Emerging applications of radiomics in rectal cancer: State of the art
and future perspectives. World J Gastroenterol 2021; 27(25): 3802-3814

URL: https://www.wjgnet.com/1007-9327/full/v27/i25/3802.htm

DOI: https://dx.doi.org/10.3748/wjg.v27.i25.3802

INTRODUCTION

Colorectal cancer (CRC) is ranked third among the most common cancers worldwide
and accounts for nearly one-tenth of cancer-related deaths globally[1,2]. Rectal cancer
(RC) comprises 27%-58% of all CRCs[3]. The development of treatment strategies and
the revision of multidisciplinary treatment approaches such as local excision, total
mesorectal excision (TME), and neo-adjuvant radiochemotherapy (nCRT) have
decreased local recurrence and distant metastasis rates in recent decades[4,5]. How-
ever, accurate pretreatment tumor staging by imaging remains essential for precise
decision-making[6].

Traditional medical imaging is routinely used in initial diagnosis of RC and has
played a critical role as a non-invasive tool during follow-up[7]. According to the 2018
European Society of Medical Oncology (ESMO) Guidelines, high-resolution magnetic
resonance imaging (MRI) is the standard staging modality for RC and has exhibited
superior performance for tumor staging when compared with digital rectal exami-
nation, computed tomography (CT), and endoscopic ultrasound[8]. CT is mainly used
for local lesions due to its inherent traits of low soft-tissue contrast, which limits the
accurate approximation of T stage. Even in T4 lesions with gross invasion of adjacent
organs, false-positive cases may occur. Therefore, CT is typically employed primarily
for the detection of metastases. CT has faster acquisition time and is more practical
than MR, as it is more widely available[9]. However, both CT and MRI have restricted
resolution in clinical applications.

Radiomics has emerged with consistently developing methodology and promising
results[10-12]. Radiomics is a method that enables quantitative extraction of radiomics
features that cannot be captured by visual inspection from available radiological
images[13]. In the past few years, an increasing number of studies have evaluated
abdominal radiomics models in different oncological scenarios and reported impre-
ssive performance for evaluating tumor biological behaviors, prognosis, and
prediction of therapeutic responses[14-16]. Radiomics has been validated as a novel
approach for improved characterization of tumor subtypes and the lesion microenvir-
onment[17,18]. By making use of the medical images and clinical data, radiomics
models have the potential to provide more detailed information to tailor individu-
alized treatment scheme and patient management[19-21].

The purpose of this review is to describe and summarize the recent advances in
clinical applications of radiomics based on CT and MRI, to highlight the potential role
of radiomics in disease evaluation and clinical decision-making of RC, and to discuss
the current limitations and possible optimization directions in the future.

RADIOMICS WORKFLOW AND METHODOLOGICAL ADVANCES IN RC

The concept of radiomics was first developed by Lambin et al[22] in 2012. Radiomics is
defined as a research method that includes quantitative data extraction from mul-
timodality medical images, analysis, and modeling of high-dimensional medical image
features to explore relationships with clinical outcomes[11,13]. Related research can be
divided into five stages: Data acquisition and analysis, medical imaging segmentation,
feature extraction and selection, clinical target-oriented modeling, and research quality
evaluation. The workflow is presented in Figure 1.
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Figure 1 Workflow of radiomics applied in rectal cancer. US: Ultrasonography; CT: Computed tomography; MRI: Magnetic resonance imaging; PET:
Positron emission tomography; ROI: Region of interest; EMVI: Extramural venous invasion; PNI: Perineural invasion.
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Data acquisition and analysis

The radiomics workflow begins with the determination of the region of interest (ROI),
which depends on the specific clinical problem that requires resolution. Data used in
radiomics studies may be retrospective or prospective and single-center or multi-
center. ROIs are determined by specific targeted research; therefore, researchers
should first define the clinical problems to solve. Here, we consider RC as an example,
whereby primary tumors are analyzed and related to existing treatment outcomes
such as survival or recurrence. The analysis of lesions and normal tissues may affect
the treatment strategies. Via the establishment of a large image database, a large body
of imaging data is stored to generate an integrated medical and health care network.
Radiologists should be cognizant that imaging protocols may not always be stan-
dardized, and variability exists among medical images and institutions. In this regard,
the recommendations of the Image Biomarker Standardization Initiative may help to
reduce the variability in image pre-processing prior to analysis[23].

ROI segmentation and delineation

Normalizing the original image is essential because data results may be affected by
different machines or different parameters during collection. The process of ROI
segmentation in radiomics can be performed either manually, semi-automatically, or
automatically with software. Each approach has advantages and disadvantages.
Manual segmentation is more precise in some occasions (e.g., delineating the RC bed
after nCRT) but has lower repeatability. Automatic segmentation depends on
algorithms, which are efficient and may help to eliminate subjective errors[24]. To
date, a mature automatic segmentation algorithm for RC is lacking. According to our
PubMed search results, most radiomics studies on RC applied manual segmentation in
which the segmentation is performed by radiologists to annotate the location and
precise boundary of the ROL. Itk-snap software (www.itksnap.org) is used extensively
for segmentation. Figure 2 shows the segmentation of a rectal tumor using Itk-snap
software. Given that subjective bias may occur, segmentation may be inconsistent. At
present, several steps are enacted to minimize bias, including the involvement of
different medical professionals, multiple segmentation in different respiratory cycles,
and adding noise to segmentation[25].
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Figure 2 Segmentation of a rectal tumor with Itk-snap software. A: Example of tumor segmentation using Itk-snap software (www.itksnap.org) on axial
plain magnetic resonance image; B-D: Axial (B), reconstructed coronal (C), and sagittal (D) contrast-enhanced magnetic resonance images in the venous phase in a
72-year-old man with rectal cancer.

Feature extraction and selection

Following the evaluation of the consistency of feature calculations across researchers,
the initial selection of high-level feature sets is performed, and feature values that are
sensitive to subjective factors are ultimately retained. Parmar et al[26] used the “IRR”
(evaluator reliability) package in R software to evaluate the consistency of features
extracted from ROIls, whereby features with a consistency coefficient less than 0.8
would be deleted.

The key to radiomics is the extraction of high throughput features that are difficult
to depict by observers using mathematical algorithms from ROI segmentation directly.
These features of essential value can either be directly extracted from original medical
images or after applying a transformation or filter method. The process can be
performed using different tools (e.g., PyRadiomics, Texrad, MaZda, and others) which
are readily available as open-source software. Image filtration enhances the edge
qualities and removes interference by noise, thus permitting the collection of more
information on spatial locations of features. At present, the main extraction methods
are improved based on the method published by Aerts et al[27] in 2014, according to
which radiomics features are divided into machine-learning-based features and deep
learning features. There are several commonly used subgroups of the former, such as
shape features (describing the geometric attributes of the ROIs), histogram-based
features (capturing the first-order statistical characteristics of rectal lesions), and
texture features (describing the granular textural pattern of the ROIs). Commonly used
engineered features according to “order” are presented in Table 1. Recently, a set of
169 standardized radiomics features was published, which enabled the verification
and calibration of different radiomics software[23].

Given that the size of the data sample is relatively small compared with features,
this may result in over-fitting and it may be time-consuming to include all features in
the classification. Feature selection is a necessary step to obtain features that are closely
related to the target results in radiomics analyses. Typically, features extracted by
radiomics are high-dimensional in a dataset, and a large proportion of features may
not be useful for the task; hence, unstable features should be excluded to retain the
most important features and prevent over-fitting. The main methods applied in feature
selection can be divided into univariate or multivariate, based on whether the
association among features can be considered to contribute towards a specific
outcome. In machine-learning, the most commonly used feature selection algorithms
include least absolute shrink and selection operator regression, minimum redundancy

maximum correlation, recursive feature elimination, and principal component analysis
[23].

WJG | https://www.wjgnet.com 3805 July7,2021 | Volume?27 | Issue25 |

Jaishideng®


http://www.itksnap.org

Hou M et al. Advances of radiomics in rectal cancer

Table 1 Commonly-used radiomics feature categories according to “order”

“Order”  Paraphrase Categories Description
First-order Based on an intensity histogram of pixel values, Mean Average intensity of the pixels
providing no information on neighboring interactions
or the spatial distribution Skewness Asymmetry of histogram
Kurtosis Magnitude of pixel distribution
Entropy Irregularity of the structure
Second- Considers the spatial relationship between 2 pixels Grey level co-occurrence  Frequency of specific gray values along a distance or
order matrix (GLCM) direction
Grey level run Length Length of consecutive pixels or voxels with the same
Matrix (GLRLM) grey values in a specific direction
Grey level size zone Length of consecutive pixels or voxels with the same
matrix (GLSZM) grey values in all directions
Superior-  Describes the neighborhood gray difference matrices Neighboring gray tone Describes the sum and average grey levels of
order and the relationship between 3 or more pixels difference matrix discretized voxels in planes
(NGTDM)

Gray level dependence
matrix (GLDM)

Describes the coarseness of overall texture by
evaluating the grey levels between a voxel and the

neighborhood in 3 dimensions

In reference to “order”, it is defined as the number of stages required to obtain the quantitative information in a model.

Jaishideng®
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Clinical target-oriented modeling

Radiomics feature analysis and modeling involve the establishment of a prediction
model based on selected imaging characteristics. The model generally encompasses
clinical, biological, and occasionally genetic information. Commonly used models
include logistic regression, support vector machine (SVM), and random forest[13]. In
radiomics analysis, machine-learning algorithms are typically required to establish a
classification or prediction model to obtain reliable results instead of relying solely on
single factor analysis. The Cox proportional risk model is usually employed as a
survival analysis model. Each modeling method has its own limitations. For example,
feature independence, feature discretization, and network configuration dependence
should be considered in logistic regression, Bayesian networks, and deep learning,
respectively.

In the process of model-building, researchers can employ different software tools. R
language contains software packages for data-mining and modeling. Clinicians and
radiologists can operate various components via a graphical interface, compare
different modeling algorithms, and identify the most effective way to resolve clinical
issues. SPSS modeler is a commercial data-mining software tool with functions
encompassing almost all data-mining procedures. This software possesses a graphical
operation interface and automatic modeling function, which permits management of
large amounts of data and provision of steady data-mining models. Other software for
modeling, data-mining, and analysis, such as Weka (based on JAVA) and B11 (used in
combination with Mazda), may also be employed. These software tools contain
various modeling algorithms, including artificial neural network, k-nearest neighbor,
K-means, hierarchical clustering, and similarity-based clustering methods.

Evaluation of research quality

For a high-quality radiomics study, it is essential to try different types of modeling
methods and to choose the best algorithms. Moreover, all the models should be
validated internally and externally (multicenter validation would be better if permit-
ted)[29]. Validation is an indispensable part of complete radiomics analysis, because
the value of the unverified evaluation model is limited. Except for validation of the
model, quality assessment should also be conducted to ensure reproducibility in a
radiomics study. A prediction model is appropriate for clinical decision-making only
when a standardized evaluation of its performance is accomplished.

Radiomics based on deep learning

Deep learning is defined as a deep neural network structure based on a broad
spectrum of algorithms, and the frameworks permit machines to learn highly complex
mathematical models for data representation and can subsequently be used to perform
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accurate data analysis. Radiomics algorithms based on deep learning have developed
substantially in recent years[30,31]. Three types of deep learning models are com-
monly used in medical imaging: Convolutional neural networks (CNNs), generative
adversarial networks, and sparse auto encoders. Deep learning-based radiomics
performs learning procedures via convolutional operations and CNN structures.
Compared with traditional radiomics, convolution operation has strong feature
extraction abilities. The neural network structure can flexibly extract different task-
related features by changing the convolution kernel and modifying the structure,
thereby enabling a more targeted approach. Different features can be obtained by
adaptively changing the convolution kernel. For example, convolution and Laplacian
kernels can extract high-frequency features, while the Gaussian kernel can propose
low-frequency features. For this reason, the deep learning approach exhibits superior
feature extraction by extracting and selecting supplementary high-dimensional
features through an automatic-learning neural network, and this enables more
comprehensive mining of image information. To date, there are six radiomics studies
conducted based on deep learning structure in RC. More novel neural network
structures are warranted in this field.

RADIOMICS APPLICATIONS IN RC

We searched PubMed (December 17, 2020) for 83 radiomics studies on RC using the
terms (“rectal cancer” AND “radiomics”), and identified 78 clinical target-oriented
published works. The volume of radiomics-based articles on RC published in medical
journals since 2018 has witnessed a steep rise, indicating a trend of growing interest in
artificial intelligence-based approaches in the field.

The literature search revealed an exponential growth in RC radiomics studies in the
past 3 years. Of the 78 studies, most (61 out of 78) were based on MRI, eight employed
CT modality, and nine were based on positron emission tomography/CT or
ultrasound images. As of December 2020, most existing studies were performed in a
single center with a retrospective cohort, while only seven studies were multi-center.
Validation of radiomics models in independent cohorts was performed in all of the
studies. However, few studies included external validation cohorts (n = 7). The
number of included RC patients ranged widely from 13 to 700. In addition, almost a
half of current studies focus on locally advanced RC (LARC) (38 out of 78) or tumor
response to nCRT. We suggest that this is mainly because LARC is a major sticking
point in the management of RC. Figure 3 shows the distribution of current focus of
attention. Here, we discuss recent advances in radiomics applied to CT and MRI for
the evaluation of RC.

Response assessment of pre-operative therapy and long-term prognosis prediction
in LARC

LARC is of significant concern due to the potential for deterioration. Over the past
decade, both disease-free survival and overall survival of LARC have been prolonged,
owing to the growing practice of multi-disciplinary treatment and routinization of
management, including TME, nCRT, and immunotherapy[3,32]. However, patients
tend to present heterogeneous long-term outcomes in clinical practice due to
individual responses to preoperative therapy such as short-course preoperative
radiotherapy and nCRT[32,33]. Thus, those who are sensitive to chemoradiotherapy
may achieve a clinical complete response and employ a watch-and-wait strategy,
whereas patients who are resistant to nCRT need more radical measures[34]. Tailoring
treatment schemes to a particular patient based on individual probability for achieving
a good response is thus essential. The current pre-treatment response prediction
approach to nCRT remains indecisive and fails to adequately estimate a patient’s
response to a specific therapy. Traditional medical imaging methods including CT,
quantified MRI, and functional imaging have limitations in response prediction. In
contrast, radiomics with high-dimensional feature extraction applied in RC may
facilitate the a priori evaluation of treatment efficacy and selection of optimal therapy.
Almost 60% of the current research focuses on tumor response assessment to
preoperative therapies or prediction of long-term prognosis (1 = 49), mainly in LARC
(38 out of 49). Most studies to date have evaluated T2-weighted imaging (T2WI) and
diffusion weighted MRI. Heterogeneous results have been reported in different
prediction models, referring to entropy, energy, and kurtosis. Two well-conducted
studies reported that none of the T2WI radiomics features were significant predictors
of response[35,36]. SVM, RF, and Naive Bayesian network based on T2WI yielded
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radiochemotherapy (nCRT) therapies or prediction of the long-term prognosis, of which most studies are about prediction of tumor response after nCRT. RC: Rectal
cancer; nCRT: Neo-adjuvant radiochemotherapy.
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promising results for complete response (CR) prediction [area under the receiver
operating characteristic curve (AUC): 0.71-0.87][35,37,38]. In contrast, apparent
diffusion coefficient and intravoxel incoherent motion (IVIM) histogram features did
not exhibit predictive value for CR[39]. Similar discrepancies were identified in gray-
level co-occurrence matrix (GLCM) dissimilarities for preoperative evaluation of
neoadjuvant chemoradiotherapy responses. In this regard, Liu et al[39] proposed that
GLCM IVIM parameters independently predicted CR in multivariate analysis. Both
the random forest model of Yang et al[40] and logistic regression model of van
Griethuysen et al[41] may assist in distinguishing non-insensitive responders to
chemoradiotherapy.

Assessment of tumor vascular/perineural invasion (extramural venous

invasion/perineural invasion)

Extramural venous invasion (EMVI), which presents in one-third of all patients with
RC, is a major factor for higher risk of recurrence and an independent indicator of
poorer prognosis[42]. MRI is more suitable to identify the patients with obvious blood
vessel invasion beyond the muscularis propria[43]. The verdict of conventional MRI
may be affected by surrounding inflammation, edema, and fibrosis caused by nCRT,
let alone heterogeneity with image quality, methods, and diagnostic accuracy[44,45].
To obtain more accurate preoperative risk stratification, Yu et al[46] constructed and
validated several radiomics models and compared them with quantitative models. All
radiomics models outperformed quantitative models for predictive performance in
identifying EMVI. Notably, the team compared these models with a perfusion
parameter-based model from dynamic contrast-enhanced-MRI and demonstrated that
the latter had a weaker predictive value.

The positive perineural invasion (PNI) status at resection can independently predict
the local recurrence of RC or progression, indicating that the tumor may be of a more
aggressive phenotype. According to the latest ESMO guidelines, PNI is a key factor for
determining whether patients with stage II RC would potentially benefit from nCRT
and postoperative adjuvant chemotherapy[8]. Unlike EMVI, PNI can only be
confirmed in post-resection pathological tests, whereas conventional MRI is
inoperative for assessing PNI status, as it is unable to visualize peripheral nerves[47].
Therefore, developing a radiomics prediction model to preoperatively identify PNI
and to assist in the selection of patients for adjuvant therapy is crucial. Chen et al[48]
developed a MRI-based radiomics predictive model, which yielded favorable
performance for individualized PNI prediction in patients with RC. However, this was
a single-center retrospective study based only on T2WI sequences. Future studies
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should explore this issue further with heterogeneous and multi-sequence data.

Prediction of synchronous/metachronous liver metastasis

Approximately 15%-20% of patients with RC have liver metastases at the time of
diagnosis, which is defined as synchronous liver metastasis (SLM)[49]. At present,
only two studies have explored the use of a radiomics nomogram for predicting SLM
derived from primary RC lesions[50,51]. Shu et al[50] extracted a total of 328 radiomics
features from the T2WI images and developed a radiomics model composing T-stage
and radiomics signatures. Quantified analysis revealed that the Rad score of patients
with primary CRC and liver metastasis was significantly higher than that of patients
without liver metastasis. Receiver operating characteristic curves based on all 194
patients with RC were plotted for a radiomics nomogram, and the AUC was 0.932. Liu
et al[51] subsequently constructed a novel radiomics nomogram and improved the
AUC to 0.944, with a sensitivity of 95.83% and specificity of 88.89%, indicating that the
radiomics model exhibited good predictive performance for the diagnosis of SLM in
patients with RC and may assist physicians in clinical decision-making. The hetero-
geneity of primary tumors often determines tumor relapse and progression; in
contrast, the biological behavior of tumor metastasis and recurrence is closely related
to the pathological heterogeneity of the primary tumor. In addition, the radiomics
features derived from the primary tumor itself are often more stable in patients with
RC. Therefore, radiomics studies examining the prediction of liver metastasis based on
primary RC lesions are warranted.

Metachronous liver metastasis (MLM) is defined as the absence of evidence of
metastatic disease at initial diagnosis but the presence of liver metastasis after baseline
staging and treatment[52,53]. MLM is thought to evolve from occult and micro
metastases[54]. Approximately 26.5% of patients with RC develop MLM within 5 years
of follow-up[55]. Based on machine-learning algorithms and imaging sequences,
noninvasive radiomics models constructed on baseline rectal MRI presented good
potential for MLM prediction in patients with RC. The most optimal model employed
a logistic regression algorithm, incorporating both T2WI and venous phase radiomics
features[56]. To date, reports on MLM prediction based on primary rectal tumors are
lacking.

Assessment of genetic mutational status
With the development of targeted therapies such as epidermal growth factor receptor
(EGFR)-targeted monoclonal antibody treatment, genetic profiling for mutations is
recommended when metastases are diagnosed in patients with RC[8,57]. Previous
studies have demonstrated that the mutation statuses of rat sarcoma viral oncogene
homolog and v-raf murine sarcoma viral oncogene homolog B1 are critical biomarkers
in the prognosis of RC, especially for patients with suspected or proven metastases
[58]. Kirsten rat sarcoma (KRAS) mutations, which occur in approximately 27%-43% of
patients with RC, have been identified as a critical factor, as they indicate a lack of
response to EGFR-targeted therapy[59]. Pathologic tests are the current gold standard
of genotyping diagnosis in clinical practice, although results can only be obtained after
invasive procedures and may not always be available or reliable. Thus, personalized
treatment strategies are warranted to develop a non-invasive and more feasible,
timely, and cost-effective surrogate biomarker to evaluate mutation status. With the
advent of artificial intelligence (AI) approaches, non-invasive prediction of genetic
status and efficacy of CRT using radiomics analysis has become a highlight in the field.
We identified a limited number of studies that used modality-based radiomics
models to predict KRAS mutation status or microsatellite instability in RC[60], or to
evaluate the relative diagnostic potential of radiomics features for predicting
mutational status[59,61-64]. Relationships between radiomics features extracted from
CT or multiparametric MRI and KRAS mutations have been confirmed in several
studies. Meng et al[60] and Xu et al[61] reported that radiomics features based on MRI
predicted KRAS mutations. Oh et al[62] reported that MR-based texture analysis differ-
entiated KRAS mutation status with an accuracy of 81.7%. Furthermore, Cui et al[63]
used a two-center cohort to predict KRAS mutations in RC and observed that the
model obtained with the SVM classifier exhibited the best predictive value. Notably,
most of these MRI-derived radiomics models demonstrated moderate predictive
ability for KRAS mutations. Further, they were underscored by small sample sizes and
lack of independent/external validation. As such, further research is warranted.
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FUTURE CHALLENGES AND OPPORTUNITIES

Extant literature has highlighted the potential of radiomics analysis for prediction of
nCRT response and prognosis, tumor risk stratification, and evaluation of gene
mutation status. Nevertheless, some limitations of radiomics applied for RC should be
acknowledged. Current issues arise due to the reliance of results on high-quality data
sets, which may bias comparisons of efficacy among radiomics studies due to
differences in scanning parameters, feature extraction, software, and vendors/mo-
dalities. Hence, there is an urgent need to establish unified data acquisition and
processing standards. In addition, radiomics is sensitive to accurate ROI segmentation
in the acquisition process. Currently, the process is predominantly conducted
manually by radiologists or physicians. Manual segmentation is laborious, and the
results may be affected by the observer’s subjectivity. The use of semi-automatic or
fully automatic methods for segmentation may resolve these issues and should be
pursued in future studies. In this regard, accurate and automatic labeling procedures
should be developed and promoted to address current technical limitations, and there
is still a long way to go. In addition, most existing radiomics studies are retrospective
in nature and lack independent external validation across races or populations from
various geographical sources, which may limit the reliability and applicability of
results. Therefore, further multi-center and prospective studies with standardized
acquisition, segmentation, and imaging postprocessing are required to ensure the
generalizability and validation of radiomics findings. With regard to mechanistic
investigations of biological substrates and their relationships with pathological
underpinnings, Al algorithms with improved accuracy and interpretability will
facilitate broader translation and clinical adoption. Moreover, radiogenomics for RC is
burgeoning, which will bridge the gap between Al-aided prognostics and precision
medicine.

As we have discussed above, radiomics models based on deep learning have proven
superior. Nevertheless, several issues remain to be optimized; although more
parameters exist in the whole connection layer, the gradient of the input end can easily
dissipate during network training. A possible solution is to reduce the complexity of
the model by reducing network parameters and optimizing the gradient flow, such as
VGg, concept, residual network, and dense net.

CONCLUSION

Radiomics is an emerging quantitative technique that has witnessed exponential
growth in application of RC management. In this review, we discuss the current utility
of radiomics in RC research and describe its potential applications for precision
diagnostics and cancer treatment. Thus far, radiomics has shown promise in the
diagnosis, treatment evaluation, and prediction of prognosis in RC. Nevertheless,
further multi-center and prospective validation studies are required to validate its
clinical utility, especially in prognosis-related targets. The purpose of this review is to
help radiologists, endoscopists, and oncologists better understand and harness
radiomics for tailoring personalized treatments and to encourage their collaboration
with Al scientists to promote the translation of research into clinical practice.
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