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Abstract 

Tumour features obtained from computer analysis have been 

included into computer-aided diagnosis (CAD) methods used 

in medical imaging for many years. The emergence of 

radiomics, which is an expansion of computer-aided diagnosis 

(CAD) that involves the use of high-throughput capabilities 

computer algorithms for obtaining quantitative information 

from medical images, has generated significant interest in 

computer-based assessments of healthy or diseased 

components and activities. Nevertheless, despite the 

extensive body of radiomic research, the use of radiomics as 

a therapeutically valuable tool or its approval by the FDA is 

limited to a very small number of cases. The limited 

availability of studies in this area can be attributed to several 

factors, including the use of different imaging as well as 

radiomic feature identification procedures in each study, the 

potential challenges in analyzing radiomic information, and 

the absence of studies demonstrating the positive impact of 

using radiomic-based tools on the benefit-risk equilibrium for 

patients. While there are currently several standards on 

particular areas of acquiring and analyzing radiomic data, 

there is a lack of a comprehensive roadmap for the whole 

process of transforming radiomics into practical instruments 

for clinical treatment.                                                                           
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Computer-aided diagnosis (CAD) algorithms have used 

computer-extracted tumor features for many decades to 

enhance disease detection, diagnosis, treatment planning, and 

follow-up. Significant advancements have been achieved in 

breast and lung cancer screening using CAD technology (1-3). 

Radiomics is a relatively new field that uses computer analysis 

to quantitatively characterize healthy or diseased structures 

and processes obtained by medical imaging. It is considered an 

extension of CAD (4). Like other 'omics' technologies, 

extracting a large amount of information from images obtained 

during standard clinical workflows allows for thorough tumor 

characterization. This also helps in evaluating the differences 

within tumors, between tumors, and over time.                               

Like computer-aided design (CAD), radiomics may aid in 

clinical decision-making. Radiomic features, which are 

measurements derived from medical images such as CT, MRI, 

or digital radiography, are integrated with clinical 

characteristics and data from other omics analyses. This 

integration aims to identify diseases, predict the probability of 

death, disease progression, or recurrence within a specific time 

frame, assess the response to therapy, and determine the most 

suitable treatment approach. The primary objective of 

radiomic analyses should be the creation of a test, as defined 

by the FDA-NIH Biomarker Working Group, which consists of 

materials, procedures, and criteria for interpretation. This test 

should be utilized to inform medical decision-making, such as 

disease diagnosis and management (5-8).                                          

Although there has been a significant surge in research 

productivity in the last twenty years, the bulk of radiomic 

investigations have not yet resulted in tests that are clinically 

beneficial. Out of all medical indications, there are presently 

343 tests that use artificial intelligence and machine learning 

that have been approved by the FDA. However, only a tiny 

number of these tests are based on radiomics. The absence of 

clinical application may be attributed to many variables. Most 

radiomic studies primarily focus on examining the relationships 

between specific radiomic features and a particular biological 

or clinical outcome. As a result, the potential benefits of the 

radiomic test, such as enhanced clinical performance or 

decreased invasiveness, are often overlooked. Additionally, 

the clinical utility of the test, which refers to the favorable 

balance between benefits and risks for the patient when acting 

upon the information provided, is also frequently disregarded 

(9-12).                                                                                                          
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Furthermore, as stated in the statistical and machine 

learning literature, the examination of high-throughput data, 

such as radiomics data, is accompanied by various potential 

problems. These include limited data for the creation and 

verification of models, as well as the inappropriate use of 

statistical techniques for the intended test. In addition, many 

researches have used significantly diverse techniques for the 

capture of images and the extraction of features. Multiple 

studies have demonstrated the impact of variations in data 

collection, image reconstruction, and image post-processing 

on subsequent analyses. Different software platforms, or even 

different versions of the same software, can yield significantly 

different outcomes in terms of the strength and direction of 

associations between features and outcomes (13).                          

The current guidelines for obtaining and examining 

radiomic data consist of a radiomic quality score, which 

assesses the thoroughness and suitability of the analysis. 

Additionally, there are computational methods for commonly 

employed feature types and protocols for image acquisition, 

feature extraction, and statistical analysis. Nevertheless, 

radiomics would also gain advantages from a comprehensive 

plan that outlines the entire process of converting radiomic 

data into practical tools for guiding clinical care. This plan 

should include not only guidelines for image acquisition and 

processing, feature extraction, and statistical analysis, but also 

considerations such as test standardization and demonstrating 

the clinical usefulness of the tools. Currently, there is no 

published roadmap specifically for radiomics. However, there 

have been efforts to develop criteria and standards for other 

omics technologies.                                                                                  

Practical use in a medical setting 

Before undertaking any formal development and 

validation, it is essential to specify the intended clinical use of 

the radiomic test and identify the specific population it is 

designed for. It is anticipated that the test will be used in 

clinical care to provide guidance for illness evaluation and 

treatment choices. This should result in a favorable balance 

between the benefits and risks, and the test should give 

advantages over existing tests that serve the same purpose for 

the target group. The intended clinical application will have 

significant consequences for the subsequent phases of 

development and validation, including the selection of features 

to extract from the imaging data, the optimal timing for 
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imaging, and the design of the clinical trial to directly evaluate 

the performance of the test in its intended 

function.                                                                                                    

 Purpose and intended audience  

Radiomics is often used for either the purpose of screening 

or the detection of cancer. For instance, MRI radiomics is 

valuable in diagnosing breast abnormalities13, whereas CT 

radiomics is effective in detecting lesions in several organs such 

as the lungs, brain, and prostate (14). Radiomics is being 

increasingly studied for its potential to predict the clinical 

outcomes of patients undergoing standard therapy. For 

instance, CT-based radiomics could be a valuable approach for 

predicting the outcomes of patients with head and neck 

squamous cell carcinomas or non-small-cell lung cancer who 

are receiving standard-of-care therapies (15-17). Radiomic 

tests can be utilized to aid in treatment selection by serving as 

assays that determine the effectiveness, or lack thereof, of a 

particular type of therapies. For instance, a model has been 

created that uses tumor size, shape, and entropy features on 

dynamic contrast-enhanced MRI (DCE-MRI) to assess estrogen 

receptor expression. This model is used to guide treatment 

decisions for breast cancer patients. Radiomic tests may also 

be used to evaluate the effectiveness of therapy and track the 

current condition of the disease (18,19,20).                                      

A full summary of the potential applications of radiomic 

testing in various roles has been provided elsewhere (21). 

Under some circumstances, a single radiomic test may serve 

several purposes. For instance, the previously stated model for 

assessing oestrogen receptor expression might also be 

valuable for making prognostic predictions. Nevertheless, the 

use of radiomic tests in a manner that deviates from their 

clinically proven usefulness, known as 'off label' usage, is 

strongly discouraged. The clinical performance criteria are 

highly dependent on the intended purpose, as is customary in 

the regulatory clearance and approval procedures for new 

medications and medical devices. Diagnostic radiomic tests 

must possess a sufficient degree of precision in order to 

diagnose diseases.                                                                                     

Prognostic radiomic tests must possess sufficient 

predictive capability to determine the likelihood of mortality, 

illness recurrence, or disease development, depending on the 

specific purpose of the test. Tests intended for treatment 
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selection should also possess the capability to accurately 

forecast outcomes, such as mortality or the advancement of 

illness, in individuals undergoing the therapy in question. In 

order to choose the most appropriate treatment option, it is 

necessary to analyze the results of patients who have 

undergone each therapy. However, if the aim of prediction is 

simply to identify patients who are most likely to respond to a 

specific therapy, then the test should have sufficient capability 

to predict either a response or the level of expression of a well-

established predictive biomarker that indicates a response to 

the treatment of interest. Consequently, the translation 

procedure described in this Review should be implemented for 

every job in which a particular radiomic test is expected to be 

beneficial.                                                                                                 

When specifying the target population, it is important to 

consider several aspects related to the illness, such as the kinds 

and grades of primary tumors, disease stage, molecular 

subtypes, risk groups, and receptor expression status, as well 

as the treatment history. A radiomic test might potentially be 

beneficial in several target groups. For instance, the test, which 

is based on the model proposed by Aerts et al.(16), could be 

valuable in predicting the outcomes of patients with head and 

neck cancer or non-small-cell lung cancer who are undergoing 

standard-of-care treatments. Researchers are advised against 

making assumptions about the effectiveness of a radiomic test 

for different populations without proper evidence. This is 

because the technical performance of the imaging device and 

feature extraction software, as well as the clinical performance 

of the test, may not be consistent across various populations.  

 Evaluation of the test's impact on patient well-being in 

clinical practice 

The utility of using a radiomic test should be explicitly 

delineated within the framework of the existing treatment 

options for the specific demographic and the availability of 

other tests fulfilling comparable functions. A radiomic test may 

be used to categorize patients, allowing for the optimal 

selection of therapy for each person, hence avoiding the 

administration of inefficient or needless therapies. A 

prognostic test meant to inform treatment selection may 

distinguish between individuals who are expected to have 

clinical benefits, such as a longer median progression-free 

survival (PFS) or overall survival length, from a certain therapy 

or group of treatments, and those who will not.                                  
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A prognostic test has the potential to identify patients who 

are likely to have unfavorable outcomes with standard-of-care 

therapy and may benefit from a more intense treatment. 

However, the usefulness of such a test depends on the 

availability of a suitable alternative treatment. Furthermore, 

the utilization of a radiomic test could assist in guiding clinical 

decision-making by minimizing treatment-related toxicities, 

such as financial burdens. Additionally, prognostic tests can 

identify patients who have excellent outcomes with standard, 

well-tolerated treatment regimens, thereby eliminating the 

need for additional aggressive or toxic treatments or allowing 

for treatment de-escalation (22-24).                                                    

A persuasive rationale is necessary to justify the choice of 

a radiomic test over other tests that address the same clinical 

issue. The radiomic test may exhibit higher clinical efficacy 

compared to a conventional test fulfilling the same function. 

Radiomic tests have the potential to identify underlying 

characteristics that are not easily detectable through other 

methods. For instance, assessing the heterogeneity of 

oestrogen receptor expression within and between tumors 

may be less challenging with radiomic tests compared to 

immunohistochemistry assays. On the other hand, the 

radiomic test could offer comparable clinical performance 

while being less invasive (such as avoiding the need for a 

biopsy), causing less financial strain, providing greater 

convenience, or reducing one or more associated risks (such as 

potential harm, discomfort, or exposure during the testing 

process).                                                                                                    

Image processing and the extraction of features  

It is necessary to establish standard operating procedures 

for imaging, which include protocols for administering contrast 

or imaging agents, specifications for image acquisition, 

procedures for image processing, and the timing of the scans. 

Additionally, procedures for feature extraction should be in 

place, which involve creating a list of quantities to compute 

from the imaging data, using segmentation algorithms, and 

employing computational algorithms and software to calculate 

these quantities (25-28).                                                                         

The resultant feature measurements should have shown 

sufficient technical validity. Typically, this would include each 

feature demonstrating high levels of repeatability and 

reproducibility, or alternatively, demonstrating great 
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agreement with a standardized reference measurement of the 

underlying characteristic, if possible. These artefacts include 

elements like imaging center, device, operator, and device-

calibration parameters, which might impact the distribution of 

the feature measurements (29-32).                                                         

Development and validation of a model  

To gather patient-level data, such as images, outcomes, 

clinical variables, in vitro biomarker measurements, and other 

relevant information, it is necessary to obtain this data from 

the target population. This data can be collected either 

prospectively or retrospectively from completed studies, 

imaging repositories, or health-care databases. To create a 

radiomic model, it is necessary to use suitable statistical or 

machine learning methods while implementing measures to 

prevent overfitting. In order to demonstrate the reliability of a 

model in accurately forecasting a certain outcome, it is 

necessary to use appropriate model validation methodologies 

(32-34).                                                                                                                 

Every potential result of the test is thereafter associated 

with a clear and definite explanation in relation to medical 

treatment, and it is necessary to demonstrate that the 

consistency of these results is adequately robust. It is 

important to establish processes to address drift in the 

performance of the radiomic test. Drift refers to changes that 

occur over time due to factors such as changes in image 

acquisition and processing protocols, feature extraction 

procedures, software upgrades, obsolescence, and 

replacement of devices with newer models. These processes 

should include monitoring and performing technical validation 

and model adjustment as needed (35-

37).                                                                                                             

Conclusion 

The statistical aspects related to the creation and 

validation of models, as well as the design of studies to 

determine clinical usefulness, has many similarities with issues 

for in vitro tests. Our suggestions draw heavily from these 

sources. Nevertheless, it is crucial to take into account several 

significant and far-reaching distinctions that are unique to 

radiomics. Radiomic approaches are increasingly employing a 

variety of machine learning and deep learning techniques. This 

introduces new challenges in terms of establishing standard 

procedures for extracting features, ensuring test reliability, 
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and interpreting machine learning results, understanding 

correlations with biology, addressing regulatory concerns, and 

assessing the accuracy of the analysis. These criteria are 

expected to continue developing in the future as researchers 

gain knowledge of other concerns and as more radiomic 

models are established, verified, and assessed for their 

therapeutic usefulness.                                                                           

It is important to note that these suggestions only apply to 

the methods and analysis of radiomic studies. They are not 

meant to serve as reporting criteria for radiomic and CAD 

investigations, similar to REMARK guidelines for tumor 

prognostic studies or other reporting guidelines listed by the 

EQUATOR project. Nevertheless, a few of these suggestions are 

anticipated to form the foundation of radiomic-specific 

reporting rules.                                                                                        

Radiomics is becoming more inclined towards using 

comprehensive machine learning-based image analysis 

techniques, such as deep learning-based features or the direct 

application of artificial intelligence and machine learning 

algorithms to voxel-level data. This transformation is 

anticipated to reduce the amount of variability caused by 

human error and enhance the performance of the model in 

various situations. However, it will also be advantageous to 

combine it with clinical information in order to customize the 

test result for each patient. For instance, this kind of test might 

be used to identify cancer as well as to do so when there are 

other coexisting medical conditions (such as checking a kidney 

abnormality in the context of diabetes mellitus, chronic 

inflammatory processes, and/or hypertension). The enhanced 

accessibility of diverse data sets should enable these sorts of 

enhancements.                                                                                        
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