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Abstract

Radiomics is a tool for medical imaging analysis that could have a relevant 
role in precision oncology by offering precise quantitative support for 
clinical decision-making. The Radiomics Quality Score (RQS) is a tool 
developed to assess the rigour of radiomics studies that has now been 
widely adopted by researchers. Although RQS version 1.0 established a 
benchmark, an updated framework is required to account for evolving 
knowledge and ensure optimal evaluation of the quality of radiomics 
studies through the inclusion of fairness, explainability, rigorous quality 
control and harmonization. In this Review, we introduce the updated 
RQS 2.0, which maintains the scientific rigour of its predecessor and 
addresses these contemporary needs, and therefore could potentially 
accelerate clinical translation. Moreover, we introduce the radiomics 
readiness levels, inspired by the technology readiness level framework, 
which are integrated in RQS 2.0 and reflect nine distinct levels of 
incremental improvement in radiomics research with the ultimate aim 
of clinical implementation. We also detail anticipated future directions 
in radiomics, outlining a strategic vision to advance precision oncology, 
which is the ultimate aim of RQS 2.0.
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protocol standardization, clinical relevance, statistical validity and 
model performance, which are essential for developing robust and 
clinically relevant radiomics models. The wide adoption of the RQS by 
the scientific community as a tool for evaluating the quality of radiom-
ics studies is reflected in the growing number of citations per year of 
the score (Supplementary Fig. 1a). Moreover, systematic reviews have 
extensively used the RQS to evaluate the quality of radiomics research 
in different organs and modalities (Table 1 and Supplementary Fig. 1b).

Since the introduction of RQS version 1.0, the overall qual-
ity of radiomics studies has modestly but measurably improved. 
A meta-analysis of 3,258 RQS evaluations across 130 systematic reviews 
found a significant positive correlation between RQS and publication 
year (Pearson r = 0.3; P < 0.01), indicating that more recent studies tend 
to have higher scores9. Notably, the average RQS nearly doubled after 
2017: studies published before 2018 had a mean score of ~5.6 out of 36 
versus ~10.1 for those from 2018 onwards. This improvement aligns with 
the growing adoption of the RQS and suggests that increased aware-
ness of reporting standards has helped to improve methodological 
rigour in the field.

The RQS criteria related to phantom studies, test–retest analysis, 
external validation, prospective design, cost-effectiveness evalua-
tion and open science are consistently under-addressed in radiomics 
studies9. However, as most radiomics research remains in the early 
stages of development, some of the aforementioned criteria (such 
as cost effectiveness and prospective design) are often not applica-
ble. These limitations highlight the need for an improved version of 
RQS that reflects the different phases of research and encourages 
incremental progress towards clinical translation. Moreover, some 
studies have identified additional limitations of RQS 1.0, such as the 
need for specific criteria related to deep learning methods and the 
over-penalization of preliminary retrospective studies10. Also, certain 
requirements from RQS 1.0 that are rarely applied in real-world clinical 
practice are too strict11.

Despite the increasing number of studies proving the effectiveness 
of radiomics, substantial challenges remain that must be addressed to 
maximize the scope of radiomics research, paving the way for repro-
ducible and trustworthy clinical adoption12,13. The low clinical transla-
tion rate of radiomics studies can be attributed to various factors, 
including methodological challenges and limited clinical validation13. 
Further challenges that currently impede clinical translation, for exam-
ple, relating to harmonization14, algorithm fairness15, explainability16 
and performance drift17, need to be addressed.

We now propose an updated RQS, RQS version 2.0, in which we 
address the limitations of RQS 1.0 and incorporate guidelines aimed 
at accelerating clinical translation. RQS 2.0 differentiates between 
handcrafted radiomics and deep learning-based approaches to address 
these challenges, is further aimed at improving the quality and reli-
ability of radiomics research and reporting, and increases the potential 
for clinical applications. Further increasing the stringency of RQS 2.0 
criteria could pose practical challenges for laboratories and research 
teams, whereas adding more stringent requirements could compli-
cate the implementation of the entire radiomics pipeline, potentially 
discouraging participation and stalling valuable research efforts. 
Therefore, to strike a balance between rigour and feasibility, we have 
introduced radiomics readiness levels (RRLs) as a structured approach 
to alleviate challenges related with adoption of the RQS 2.0 (ref. 18).

In this Review, we present RQS 2.0 as a tool that not only integrates 
contemporary considerations in the field but also incorporates RRLs to 
provide a systematic framework for the incremental improvement of 

Key points

	• Radiomics is a quantitative image analysis method that enhances 
disease diagnosis, tumour characterization and prediction of treatment 
response, supporting its application in precision oncology.

	• The Radiomics Quality Score, originally introduced in 2017 to improve 
methodological and reporting rigour, has driven improvements in 
study quality but lacked sufficient coverage of certain aspects such 
as deep learning-specific challenges, cost effectiveness, prospective 
design and real-world feasibility.

	• Radiomics approaches can be broadly categorized into handcrafted 
and deep learning-based methods, each with distinct workflows, 
challenges and requirements for clinical translation.

	• Key barriers to clinical translation of radiomics include 
methodological inconsistencies, limited external and prospective 
validation, lack of transparency and insufficient consideration of model 
fairness, robustness, explainability and usability in clinical settings.

	• Radiomics Quality Score 2.0 addresses the limitations of its 
predecessor by incorporating updated criteria for both handcrafted 
and deep learning-based radiomics and introducing radiomics 
readiness levels to guide incremental progress towards clinical 
deployment.

	• Future advances in radiomics will be driven particularly by the 
integration of multiomics data, the adoption of foundation models, 
data standardization and the use of federated learning and synthetic 
data to enhance model generalizability and data accessibility.

Introduction
Precision medicine takes into account the individual characteristics of 
each patient, such as unique genetic makeup, individual phenotype, 
environmental influences and lifestyle choices, to deliver the appro-
priate treatment for each patient at the right time1. Radiomics is the 
quantitative analysis of medical images using complex algorithms 
to uncover patterns not always easily discernible by the naked eye2,3. 
Radiomics has proven to be a powerful tool in precision oncology, 
advancing areas such as diagnosis, tumour characterization, detection 
of genetic mutations, stratification of patients into different risk groups 
and, ultimately, prediction of response to treatment4,5.

Radiomics approaches can be broadly categorized into hand-
crafted and deep learning-based radiomics. Handcrafted radiomics 
involves predefining (handcrafting) features to be extracted from 
a region of interest (ROI), followed by selecting such features and 
developing a machine learning model6,7. Deep learning-based radi-
omics use algorithms such as convolutional neural networks (CNNs), 
transformer-based models or graph neural networks to automatically 
learn the most important features from the images to achieve the task 
at hand8. The rise of big data and enhanced computational capabilities 
combined with promising performance outcomes has led to a growing 
interest in radiomics.

In 2017, we introduced the Radiomics Quality Score (RQS) to 
assess the methodological and reporting rigour of individual radi-
omics studies4. The RQS takes into account crucial aspects such as 
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radiomics projects, including the integration of components necessary 
for their regulatory approval19,20, leading up to their clinical application. 
Moreover, we explore promising future directions with potential to 
accelerate the incorporation of radiomics into clinical practice.

RQS 2.0
The initial version of the RQS established a benchmark for assessing the 
quality of radiomics studies and their reporting. Since the introduction 
of RQS 1.0, developments in artificial intelligence (AI) have brought 
about new challenges in the field of radiomics, such as the need for 
increased fairness, universality, traceability, usability, robustness and 
explainability21. RQS 2.0 presents substantial advances in the meth-
odological assessment of radiomics research, specially designed to 
tackle these contemporary challenges. RQS 2.0 distinguishes between 
handcrafted and deep learning-based radiomics by acknowledging the 
unique requirements of each approach and their distinct workflows 
(Fig. 1). The RQS 2.0 is the result of discussions among a diverse group 
of experts in the field.

We have incorporated RRLs into the RQS 2.0 framework to pro-
mote a systematic and incremental approach to assessing research 
in the field (Table 2 and Box 1). RRLs are modelled after technology 
readiness levels, a systematic framework that is used to evaluate the 
readiness and maturity of technologies for deployment22,23. Technology 
readiness levels were initially introduced by the National Aeronautics 
and Space Administration (NASA) for assessing the maturity of tech-
nologies for space exploration, but they have been widely adapted 
to other fields, including machine learning systems24. Hence, RRLs 

provide a stepwise framework that enables researchers to assess and 
communicate the readiness of their radiomics research, guiding them 
from initial exploration to full clinical implementation in addition to 
accommodating variations in resources and expertise. This approach 
not only streamlines the evaluation process but also ensures that radi-
omics research can progress systematically and effectively in response 
to the growing demands of the field. Several checklists for radiomics 
studies have been proposed, such as CLEAR25, ARISE26 and METRICS27, 
although they focus solely on the evaluation of scientific research. By 
contrast, the RQS 2.0 and RRLs provide a more holistic and compre-
hensive approach that not only enables the evaluation of scientific 
quality in radiomics studies but also establishes checkpoints to ensure 
effective clinical translation of this research.

As in RQS 1.0, in RQS 2.0 weights were assigned to different criteria 
on the basis of expert opinion gathered through multiple rounds of 
discussion; accordingly, the criteria considered the most important 
were given higher weights (Fig. 2). RRLs encompass different stages, 
starting from foundational exploration through validation and verifi-
cation processes to eventual clinical deployment (Fig. 2 and Supple-
mentary Fig. 2). The integration of RRLs into the RQS 2.0 framework 
underscores the necessity of research studies that collectively address 
all the criteria outlined in the RQS 2.0, thereby facilitating the clinical 
translation of radiomics tools.

Foundational exploration
RRL1 establishes the foundational elements needed to set the stage for 
future radiomics research. In the initial phase of radiomics research, 

Table 1 | Selection of systematic reviews using the RQS 1.0

Title Organ or 
cancer type

Modality Mean RQS 
score out of 
36 ±STD (%)

Maximum 
RQS score 
out of 36 (%)

Publication 
year

Refs.

Prostate MRI radiomics: a systematic review and radiomics quality score 
assessment

Prostate 
cancer

MRI 7.9 ± 5.1 
(23% ± 13%)

18 (50%) 2020 158,159

A systematic review of radiomics in osteosarcoma: utilizing radiomics 
quality score as a tool promoting clinical translation

Osteosarcoma MRI, PET 6.9 ± 6.0 
(20.4% ± 16.7%)

16 (44%) 2020 160,161

MRI-based radiomics in nasopharyngeal cancer: systematic review and 
perspectives using RQS assessment

Head and 
neck cancer

MRI 7.5 ± 5.4 
(21.3% ± 14.3%)

20 (56%) 2021 162,163

Radiomics in renal cell carcinoma — a systematic review and meta-analysis RCC CT, MRI, 
PET–MRI

4.9 ± 4.6 
(13.6% ± 12.8%)

15 (42%) 2021 164,165

A systematic review of the current status and quality of radiomics 
for glioma differential diagnosis

Glioma MRI 8.7 ± 5.6 
(24.2% ± 15.6%)

19 (53%) 2022 166,167

Radiomics models for preoperative prediction of microvascular invasion 
in hepatocellular carcinoma: a systematic review and meta-analysis

HCC CT, MRI 13.6 ± 4.1 
(37.7% ± 11.4%)

23 (64%) 2022 168,169

MRI-based radiomics methods for predicting Ki-67 expression in breast 
cancer: a systematic review and meta-analysis

Breast cancer MRI 5.9 ± 4.0 
(16.4% ± 11.1%)

12 (33%) 2023 170,171

A systematic review and meta-analysis of CT and MRI radiomics in ovarian 
cancer: methodological issues and clinical utility

Ovarian 
cancer

CT, MRI 11 ± 4.8 
(30.7% ± 13.3%)

22 (61%) 2023 172,173

Systematic review, meta-analysis and Radiomics Quality Score assessment 
of CT radiomics-based models predicting tumour EGFR mutation status 
in patients with non-small-cell lung cancer

NSCLC CT 15.3 ± 2.5 
(42.3% ± 7%)

24 (67%) 2023 105,174

MRI-based radiomics in bladder cancer: a systematic review and 
Radiomics Quality Score assessment

Urothelial 
cancer

MRI 11.7 ± 4.8 
(32.5% ± 13.3%)

19 (53%) 2023 175–177

Current status and quality of radiomic studies for predicting KRAS 
mutations in colorectal cancer patients: a systematic review and 
meta-analysis

CRC MRI, CT, 
PET

9.6 ± 3.9 
(26.5% ± 10.8%)

17 (47%) 2023 178,179

CRC, colorectal cancer; HCC, hepatocellular carcinoma; NSCLC, non-small-cell lung cancer; RCC, renal cell carcinoma; RQS, Radiomics Quality Score.
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recognizing and agreeing upon an unmet clinical need is essential. 
In 2006, the European Commission defined unmet clinical need as a 
condition for which no satisfactory diagnostic, preventive or treat-
ment methods exist or for which new medicinal products will offer 
substantial benefit relative to existing solutions28. The agreement of 
experts from multiple centres and countries on the fact that a certain 
condition is a unmet clinical need is crucial. This approach broadens 
the relevance and applicability of the research because it considers 
diverse healthcare systems and patient demographics. A structured 
consensus approach, such as the Delphi method, is recommended 
for defining a unmet clinical need29 and to ensure methodological 
rigour of the process, with comprehensive and systematic integration 
of expert opinions.

Detailed documentation of the radiological imaging hardware 
used in radiomics studies, including model, manufacturer and specifi-
cations, facilitates reproducibility and aids in assessing heterogeneity. 
The imaging protocols should be thoroughly reported and validated 
to enhance their robustness and applicability30. We propose five levels 
of image protocol quality in terms of transparent reporting of medical 
image acquisition for future-proof radiomics: level 0 indicates pro-
tocols without formal approval; level 1 includes protocols approved 
with a reference number within the host institution; and level 2 refers 
to protocols approved with formal quality assurance, which can be 
conducted either by an external certifying body or internally within 
the institution, provided that a formal and documented protocol is 
in place. These protocols are suitable for prospective trials; level 3 
protocols are internationally established and published in guidelines 
and white papers, and level 4, the highest level, denotes future-proof 

protocols that follow level 3 standards, adhere to FAIR (findable, 
accessible, interoperable and reusable) principles for scientific data 
management31 and retain raw imaging data, ensuring robustness and 
applicability for future research. Moreover, the establishment of clear 
patient inclusion and exclusion criteria ensures that the study popu-
lation accurately represents the targeted clinical scenario, thereby 
enhancing the relevance and applicability of the research findings32. In 
medical AI, the focus on diversity and distribution is essential to ensure 
that data and findings accurately represent the wider population33. 
Identifying and addressing potential biases relevant to the clinical 
issue at hand is crucial, necessitating a comprehensive evaluation of 
various factors, such as demographic, socioeconomic, geographical 
and clinical features21,34.

Data preparation
RRL2 emphasizes the key steps for formulating the inputs and concepts 
for use in routine clinical settings. Handcrafted radiomics features can 
be sensitive to scanner differences, acquisition parameters, image 
reconstruction settings and segmentation35–37. Phantom studies are 
experiments that use standardized physical models designed to simu-
late human tissue, allowing researchers to assess the reproducibility 
of radiomics features in a controlled environment. These studies can 
facilitate assessment of the reproducibility of radiomics features within 
a controlled environment, particularly in terms of changes in image 
acquisition and reconstruction parameters38. Test–retest studies help 
to evaluate the consistency of features over time by acquiring images 
under identical conditions at two or more timepoints39,40. The precise 
and reproducible delineation of the ROI for handcrafted radiomics 
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Fig. 1 | Handcrafted and deep learning-based radiomics. General workflows 
for handcrafted and deep learning-based approaches to radiomics. Some steps 
are common to both workflows and others are exclusive to each approach. 
Deep learning models include foundation models, which are generalist, 

pretrained models developed on large-scale datasets and designed to be 
adaptable across a variety of downstream tasks. CNN, convolutional neural 
network; GNN, graph neural network; ROI, region of interest; SHAP, Shapley 
additive explanations.
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feature extraction is a key step. Indeed, interobserver and intraobserver 
differences in segmentation can introduce substantial variation in 
radiomics features that affects the reliability of these features. There-
fore, identifying radiomics features that are sufficiently stable despite 
segmentation differences is important37,41,42. Image preprocessing is an 
important step towards reducing variability between different images 
and improving the robustness of the analyses43,44. Exploring different 

Table 2 | Calculation of RQS 2.0 and alignment with RRLs

RRLa Criteriona Points Applies to 
HCR and/or 
DLR?

RRL1 1. Unmet clinical need Agreed upon and defined by 
more than one centre (+1)
Defined using an established 
consensus method (+2)

Both

RRL1 2. Hardware description +1 Both

RRL1 3. Image protocol quality Level 1a and Level 2a (+1)
Level 3a and Level 4a (+2)

Both

RRL1 4. Inclusion and exclusion 
criteria

+1 Both

RRL1 5. Diversity and 
distribution

+1 Both

Cumulative maximum total score (RRL1): HCR 7 points, DLR 7 points

RRL2 6. Feature robustness +1 HCR

RRL2 7. Preprocessing of images +1 Both

RRL2 8. Harmonization +1 Both

RRL2 9. Compliance with 
international standards 
in radiomics

+1 HCR

RRL2 10. Automatic segmentation +1 Both

Cumulative maximum total score (RRL1–RRL2): HCR 7 + 5 = 12 points, 
DLR 7 + 3 = 10 points

RRL3 11. Feature reduction +1 HCR

RRL3 12. Feature robustness for 
feature selection

+1 HCR

RRL3 13. Combination of HCR 
and DLR

+1 Both

RRL3 14. Multivariable analysis +2 Both

Cumulative maximum total score (RRL1–RRL3): HCR 12 + 5 = 17 points, 
DLR 10 + 3 = 13 points

RRL4 15. Single-centre validation +1 Both

RRL4 16. Cut-off analyses +1 Both

RRL4 17. Discrimination statistics Discrimination statistic and 
its significance reported (+1)
Resampling method 
technique also applied (+1)

Both

RRL4 18. Calibration statistics +1 Both

RRL4 19. Failure mode analysis +1 Both

RRL4 20. Open science 
and data

Data (including scans) are 
open source (+1)
ROI segmentations are open 
source (+1)
Code is open source (+1)

Both

Cumulative maximum total score (RRL1–RRL4): HCR 17 + 9 = 26 points, 
DLR 13 + 9 = 22 points

RRL5 21. Multicentre validation Data from one external 
institution (+1)
Data from ≥2 external 
institutions (+2)
Validation carried out on a 
third-party platform using 
completely unseen data (+3)

Both

RRL5 22. Comparison with 
current clinical standard

+2 Both

RRL5 23. Comparison with 
previous work

+1 Both

RRL5 24. Potential clinical utility +2 Both

Cumulative maximum total score (RRL1–RRL5): HCR 26 + 8 = 34 points, 
DLR 22 + 8 = 30 points

RRL6 25. Explainability +1 Both

RRL6 26. Evaluation of 
explainability

+1 Both

RRL6 27. Biological correlates +1 Both

RRL6 28. Evaluation of fairness 
and plan for mitigation 
of bias

Fairness evaluation (+1)
Appropriate bias correction 
methods applied, if 
necessary (+1)

Both

Cumulative maximum total score (RRL1–RRL6): HCR 34 + 5 = 39 points, 
DLR 30 + 5 = 35 points

RRL7 29. Usability for clinicians +1 Both

RRL7 30. Sample size calculation +1 Both

RRL7 31. Clinical trial 
preregistration

+1 Both

RRL7 32. Prospective validation +3 Both

RRL7 33. Real-world clinical 
assessment

+1 Both

Cumulative maximum total score (RRL1–RRL7): HCR 39 + 7 = 46 points, 
DLR 35 + 7 = 42 points

RRL8 34. Software traceability +1 Both

RRL8 35. Software safeguards +1 Both

RRL8 36. Cost-effectiveness 
analysis

+2 Both

RRL8 37. Performance drift +1 Both

RRL8 38. Continual learning +1 Both

Cumulative maximum total score (RRL1–RRL8): HCR 46 + 6 = 52 points, 
DLR 42 + 6 = 48 points

RRL9 39. Define the level 
of automation in 
clinical practice

+1 Both

RRL9 40. Quality management 
system

+1 Both

RRL9 41. Regulatory 
requirements

+1 Both

RRL9 42. Product on the market +1 Both

Cumulative maximum total score (RRL1–RRL9): HCR 52 + 4 = 56 points, 
DLR 48 + 4 = 52 points

aDefined in Box 1. DLR, deep learning-based radiomics; HCR, handcrafted radiomics; ROI, 
region of interest; RQS, Radiomics Quality Score; RRL, radiomics readiness level.
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Box 1 | Key criteria of the Radiomics Quality Score (RQS) 2.0 and integration within the 
radiomics readiness levels (RRLs) framework
 

RRL1: foundational exploration
1.	 Unmet clinical need: unmet clinical need is defined.
2.	 Hardware description: detailed description of the imaging 

hardware used, including model, manufacturer and technical 
specifications.

3.	 Image protocol quality: five levels of image protocol quality are 
defined for transparent reporting of medical image acquisition for 
future-proof radiomics:
	- Level 0 indicates that the protocol has not been formally 

approved with a reference number.
	- Level 1 indicates that the protocol has been approved with a 

reference number in the archive of the institution.
	- Level 2 indicates that the protocol has been approved with 

formal quality assurance (recommended minimum level for 
prospective trials).

	- Level 3 indicates that the protocol is established internationally 
and has been published in guideline documents and 
peer-reviewed studies.

	- Level 4 indicates that the protocol is future proof: it follows 
transparent reporting of medical image acquisition level 3,  
FAIR (findable, accessible, interoperable and reusable) 
principles31 and retains raw data.

4.	 Inclusion and exclusion criteria: detailed criteria for patient selection 
in studies, outlining the rationale behind inclusion and exclusion.

5.	 Diversity and distribution: before the start of the project, identify 
potential biases including demographic attributes (such as 
sex, gender, age or ethnicity), socioeconomic and geographic 
backgrounds, and medical profiles (such as comorbidities or 
disabilities).

RRL2: data preparation
6.	 Feature robustness: the robustness of the radiomics features can 

be assessed using any of the methods below or other approaches 
to ensure their robustness and repeatability: 
	- Collecting images at various timepoints to analyse feature 

robustness against temporal variabilities, such as in test–retest 
studies.

	- Implementing segmentation variations by different physicians, 
algorithms, software or introducing perturbations such as noise 
and at different breathing cycles (that is, variations in anatomical 
position owing to inhalation and exhalation) to assess 
robustness against segmentation variabilities.

	- Conducting phantom studies on all scanners to identify 
interscanner differences and vendor-dependent features, 
evaluating feature robustness against these variabilities.

7.	 Preprocessing of images: apply preprocessing steps to 
standardize images, providing clear reasoning for each step.

8.	 Harmonization: explore image-level harmonization and/or 
feature-level harmonization techniques to mitigate variability 
across multicentre acquisitions.

9.	 Compliance with international standards in radiomics: adhere to 
the use of implementations that adhere to international standards, 
such as the Image Biomarker Standardization Initiative46,47, for 
standardized radiomic feature extraction and analysis.

10.	Automatic segmentation: an automated segmentation algorithm 
is used for defining the region of interest (ROI).

RRL3: prototype model development
11.	 Feature reduction: feature reduction decreases the risk of 

overfitting. Overfitting is highly likely if the number of features 
exceeds the number of samples. Check for correlation with other 
features such as volume.

12.	Feature robustness for feature selection: integrate an evaluation 
of feature robustness into the feature selection process, using 
data from prior research or experimental findings. This could 
include leveraging insights from previously published test–retest, 
phantom and/or segmentation studies or methodologies outlined 
in point 6.

13.	Combination of handcrafted radiomics and deep learning-based 
radiomics: compare and explore the synergistic combination 
of handcrafted radiomics and deep learning-based radiomics. 
Evaluate each type of model as well as the consensus of 
both types.

14.	Multivariable analysis: multivariable analysis incorporating 
non-radiomics features, such as clinical factors (for example, 
tumour–node–metastasis (TNM) staging and age), genomics 
and proteomics, is expected to yield a more holistic model. This 
enables effective correlation and inference between radiomics 
and non-radiomics features.

RRL4: internal validation
15.	Single-centre validation: the validation is performed without 

retraining and without adaptation of the cut-off value on the 
data from the same institute, providing crucial information about 
credible clinical performance.

16.	Cut-off analyses: identify optimal thresholds for analysis in 
various study types. Utilize methods such as Youden’s index66 
to determine the optimal operating point, particularly in 
classification tasks. In survival analysis, apply suitable cut-offs 
for effective risk stratification.

17.	Discrimination statistics: report discrimination statistics 
(for example, receiver operator characteristic curve, sensitivity, 
specificity) and their statistical significance (such as P values and 
confidence intervals). One can also apply a resampling method 
(for example, bootstrapping or cross-validation)180.

18.	Calibration statistics: report calibration statistics (for example, 
calibration-in-the-large/slope or calibration plots)67.

19.	Failure mode analysis: document the limitations of the model 
limitations with examples of edge-case scenarios illustrating 
failure cases.

20.	Open science and data: make code and data publicly available. 
Open science facilitates knowledge transfer and reproducibility 
of the study.

RRL5: capability testing
21.	Multicentre validation: validation conducted with data from 

multiple institutes, ensuring no overlap with training data from 
those institutes.
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preprocessing methods that reduce noise without compromising 
resolution is essential to promote standardization45.

The reproducibility of radiomics is further challenged by the 
absence of standardized definitions for radiomics features across dif-
ferent software implementations. Adhering to an international stand-
ard, such as the Image Biomarker Standardization Initiative, is crucial 
to ensure the use of common nomenclature and definitions46,47. Such 

definitions ensure consistency, standardization and comparability 
across radiomics studies, enabling broader applicability and validation. 
Variability in imaging devices and techniques limits the generalizability 
of radiomics models. Harmonization provides a means to mitigate 
the effects of this variability, enabling robust model development14,48. 
Image harmonization methods can be classified into two categories 
depending on whether they refer to the image domain or the feature 

22.	Comparison with current clinical (gold) standard: assess 
the extent to which the model agrees with/is superior to the 
current ‘gold standard’ method (for example, TNM staging for 
survival prediction). This comparison shows the added value of 
radiomics.

23.	Comparison to previous work: performance comparison with 
previously published handcrafted radiomics signatures and/or 
deep learning algorithms for the use case if prior work is available 
using an identical dataset.

24.	Potential clinical utility: report on the current and potential 
application of the models in a clinical setting (for example, 
decision curve analysis).

RRL6: assessment of trustworthiness
25.	Explainability: apply explainability tools such as Shapley 

additive explanations (SHAP)75 for handcrafted radiomics and 
gradient-weighted class activation mapping (Grad-CAM)76 for 
deep learning-based radiomics to understand the underlying 
decision-making processes of the models, enhancing clarity 
and trust in the results.

26.	Explainability evaluation: conduct qualitative and quantitative 
evaluation of interpretability methods to ensure the reliability 
and validity of explanations. For example, evaluating explanation 
consistency to adversarial perturbations, correlating key features 
identified through SHAP analysis with established clinical 
knowledge.

27.	Biological correlates: detect and discuss biological correlates. 
The demonstration of phenotypic differences (possibly associated 
with underlying gene and/or protein expression patterns) deepens 
understanding of radiomics and biology.

28.	Fairness evaluation and mitigation: evaluation of model 
performance concerning previously identified biases 
(see point 5).

RRL7: prospective validation
29.	Usability for clinicians: evaluate the usability of the radiomics tool 

usability, focusing on clinician interface, workflow integration and 
ease of use.

30.	Sample size calculation: perform sample size calculation before 
the start of the prospective validation to ensure statistical validity 
and robustness of the study.

31.	Clinical trial preregistration: the prospective clinical trial, 
including its statistical plan, is registered in a clinical trial database 
(such as ClinicalTrials.gov), with any post hoc changes to the 
protocol being tracked.

32.	Prospective validation: prospective validation, which might 
include in silico studies, is carried out to ensure the clinical validity 
and usefulness of the radiomics biomarker.

33.	Real-world clinical assessment: human-in-the-loop assessments 
are conducted to evaluate the practical application and effect of 
the radiomics model in real-world clinical settings85.

RRL8: applicability and sustainability
34.	Software traceability: implement and document a robust 

software traceability process. This should detail the development, 
changes and version control of the software used in the radiomics 
workflow.

35.	Software safeguards: implement appropriate software checks to 
prevent out-of-scope use or the utilization of unreliable input.

36.	Cost-effectiveness analysis: report on the cost effectiveness of 
the clinical application (for example, quality-adjusted life years 
generated).

37.	Performance drift: define a strategy to evaluate the model 
performance periodically owing to data shifts.

38.	Continuous learning: define a strategy for continuous learning to 
learn from errors and improve over time.

RRL9: clinical deployment
39.	Define the level of automation in clinical practice of your artificial 

intelligence (AI) solution in clinical practice: 
	- Level 0 (no automation): a clinician performs the clinical task 

without using the radiomics model.
	- Level 1 (clinical assistance): the clinician uses the prediction of 

the radiomics model for a part of the clinical task.
	- Level 2 (partial automation): the clinician considers the 

radiomics model’s prediction for the clinical task before making 
the final recommendation.

	- Level 3 (conditional automation): the radiomics model provides 
predictions for the clinical task under supervision and the 
clinician can intervene at any time.

	- Level 4 (high automation): the radiomics model provides the 
predictions and the intervention of the clinician is required for 
special (out-of-distribution) cases.

	- Level 5 (full automation): the radiomics model provides 
predictions for the clinical task without human intervention.

40.	Quality management system: implement and maintain a quality 
management system (such as ISO 9001) to ensure consistent 
quality and compliance in the radiomics workflow.

41.	Regulatory requirements: evaluate the alignment of the AI 
solution with the requirements of the chosen regulatory pathway 
(for example, 510(k) or Premarket Approval for Food and Drug 
Administration (FDA), conformity assessment for European 
Medicines Agency and European Union AI Act.

42.	Product on the market: successfully introduce the radiomics 
product to the market, ensuring regulatory approval and clinical 
adoption.

(continued from previous page)
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domain14. Image domain methods modify images using deep learn-
ing techniques, such as generative adversarial networks (GANs) and 
style transfer to normalize data across scanners, acquisition settings 
or modalities. For example, CycleGANs have been used for unsuper-
vised kernel conversion in CT and MRI harmonization across sites49,50. 
By contrast, feature domain harmonization adjusts extracted radiomic 
features using statistical methods such as ComBat, which removes 
scanner-related effects in addition to preserving biological variability51.

AI-based segmentation algorithms can be used to define an ROI 
in handcrafted radiomics studies in addition to maintaining consist-
ency and eliminating interobserver variability52. These algorithms, 
particularly those based on CNNs, have demonstrated high agreement 
with expert delineations53–55. Automated segmentation algorithms 
have also been proved to be beneficial for deep learning-based radi-
omics, in which cropping around the ROI focuses analysis by the CNN 
algorithm on relevant areas of medical images. This approach not 
only improves efficiency but also potentially increases accuracy by 
excluding irrelevant background information56.

Development of prototype model
RRL3 focuses on methodological refinements for the development of 
proof-of-concept radiomics tools. In handcrafted radiomics, reducing the 
number of features is essential to minimize the risk of overfitting (which 
occurs when an algorithm fits the training data too closely and underper-
form on other datasets)57,58. In addition, radiomics features must be exam-
ined for correlations with certain features, such as volume and image noise, 
to reduce redundancy and prevent confounding effects59,60. The assess-
ment of feature robustness and reproducibility, conducted at RRL2, should 
be incorporated into the feature selection phase. For example, assessing 
the reproducibility of features through repeated segmentation by vari-
ous annotators enables the identification and exclusion of features that 
fall below a predefined threshold of intraclass correlation coefficients61. 
Handcrafted and deep learning-based radiomics can offer complemen-
tary insights into the clinical problem and investigating their synergistic 
combination through an ensemble or fusion methodology might be 
useful62,63. The incorporation of a diverse array of data, including clini-
cal factors (such as tumour–node–metastasis (TNM) stage and age), 
genomics and proteomics data, to radiomics could result in a more holistic 
model. Such integrative approaches can enable an effective correlation 
between radiomics and non-radiomics features, enhancing the overall 
performance of the model64,65.

Internal validation
RRL4 emphasizes in-depth model evaluation and validation, with a 
particular focus on thorough single-centre processes. Cut-off analysis 
has a crucial role in identifying the ideal threshold for various study 
types. This process involves the use of statistical methods, such as 
Youden’s index, which are instrumental in establishing an appropri-
ate operating point for classification tasks66. Moreover, each output 
value of a radiomics test should be mapped to a clear clinical action 
to ensure unambiguous interpretation. For example, risk stratifica-
tion based on cut-off values can guide treatment intensification, 
de-escalation or continuation of standard care. Validation must be 
conducted without retraining the model or adjusting the cut-off value. 
Discriminative metrics, such as the area under the receiving operat-
ing characteristic curve, sensitivity and specificity, must be reported 
along with their statistical significance. Validation should also use 
resampling techniques, such as bootstrapping or cross-validation, 
to ensure the robustness and reliability of these statistical measures. 

RRL 1:
Foundational 
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Unmet clinical need
Hardware description
Image protocol quality
Inclusion and exclusion criteria
Diversity and distribution

RRL2:
Data preparation

Feature robustness
Preprocessing of images
Harmonization
Compliance with international standards
Automatic segmentation

RRL3: 
Prototype model 
development

Feature reduction
Feature robustness for feature selection
Combination of HCR and DLR
Multivariable analysis

RRL4: 
Internal 
validation

Single-centre validation
Cut-o­ analysis
Discrimination statistics
Calibration statistics
Failure mode analysis
Open science and data

RRL5: 
Capability 
testing

Multicentre validation
Comparison with gold standard
Comparison with previous work
Potential clinical utility

RRL6: 
Assessment of 
trustworthiness

Explainability
Evaluation of explainability
Biological correlates
Fairness evaluation and bias mitigation plan

RRL7: 
Prospective 
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Sample size calculation
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Prospective validation
Real-world clinical assessment

RRL8: 
Applicability and 
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Software traceability
Software safeguards
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Performance drift
Continual learning

RRL9: 
Clinical 
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Define level of automation
Quality management system
Regulatory requirements
Product on the market

New in RQS 2.0 Exclusive to HCR HCR and DLR

Fig. 2 | Incorporation of RRLs in RQS 2.0. Radiomics readiness levels 
(RRLs) are structured in analogy to the technology readiness levels22,23 and 
encompass nine stages from initial exploration to full clinical deployment, 
including methodological refinement, model validation, interpretability 
and regulatory considerations. This flowchart presents the incorporation 
of RRLs in the Radiomics Quality Score (RQS) 2.0 and shows the necessary 
steps that RQS 2.0 rewards or penalizes to encourage best scientific practice. 
The radiomics workflow applies to handcrafted and deep learning-based 
radiomics approaches. DLR, deep learning-based radiomics; HCR, handcrafted 
radiomics.
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Furthermore, calibration statistics are essential to assess how well the 
probabilities of an event predicted by the model align with its actual 
occurrence67. The limitations of the model must be outlined, providing 
examples of edge-case scenarios to highlight potential failure points, 
thereby offering a comprehensive evaluation of the performance of the 
model. To drive advances in research and ensure transparency, code 
and data must be made publicly accessible. Indeed, model transpar-
ency facilitates knowledge sharing and fosters the reproducibility  
of studies68.

Capability testing
RRL5 encompasses multicentre independent validation and compara-
tive analysis. For external validation, using datasets from multiple 
institutions in addition to ensuring that the data from each institu-
tion has not been included in the training phase of the model is crucial 
to demonstrate the generalizability of radiomics models. Moreover, 
independent validation on external datasets is important for unbiased 
evaluation of the performance of the model. Such validation can be 
carried out by either uploading the model’s predictions, generated 
without access to ground truth labels, to a third-party platform for 
scoring or, preferably, by uploading the model itself in a containerized 
format to the platform, which then executes the model on a hidden 
dataset and evaluates its performance automatically69. Furthermore, 
comparing the performance of a model against existing handcrafted 
and deep learning-based methodologies using an identical dataset is 
imperative to engage in incremental research. To evaluate the added 
value of radiomics, the performance of the model must also be com-
pared with the current clinical standard, for example, TNM staging 
for prognosis. The potential clinical utility of the radiomics model 
should be described by outlining how its outputs could support specific 
clinical decisions in real-world practice. For example, a decision curve 
analysis can be used to weigh the risks and benefits of using a predictive 
radiomics model for guiding clinical decisions70,71.

Assessment of trustworthiness
RRL6 incorporates the essential elements of explainability and fair-
ness into radiomics studies. Research on the biological meaning of 
radiomics studies is needed to understand the relationship between 
radiomics signatures and their biological basis and thus foster clinical 
translation72,73. This research can provide insight on the association 
between radiomics and the complex area of genomics and proteomics74. 
Radiomics models involve intricate decision-making processes and, 
therefore, explainability approaches need to be adopted to provide 
insight into how decisions are made16. The application of explainability 
methods, such as Shapley additive explanations (SHAP) for handcrafted 
radiomics and gradient-weighted class activation mapping (Grad-CAM) 
for deep learning models, can help to unravel the reasoning process 
of these algorithms75,76. However, the explanations of AI models gener-
ated by certain explainability methods can be misleading because they 
might not accurately reflect the true behaviour of the model77,78. There-
fore, these explanations must be assessed by correlating them with 
prior clinical knowledge and, ideally, validating them quantitatively 
using established imaging biomarkers. For example, researchers used 
clinically relevant metrics, such as the cardiothoracic ratio, to evalu-
ate the output of a deep learning counterfactual explanations model 
developed for the classification of chest radiography77,79. Clinicians 
can perform analyses of explanations by evaluating multiple aspects, 
such as understandability and decision justification79. Quantitative 
analysis with metrics such as demographic parity and equalized odds 

is essential for assessing the fairness of radiomics models regarding 
biases identified at RRL1. This analysis helps to identify and correct 
biases to ensure model fairness15.

Prospective validation
RRL7 marks a meaningful phase in the development and validation 
of radiomics as a dependable biomarker in clinical settings through 
prospective validation. The calculation of sample size for statistical 
power to ensure that the study is adequate to detect the anticipated 
effects is a crucial step before starting the validation process80. 
The prospective clinical validation study, including a statistical plan, 
should be preregistered in a clinical trial database such as ClinicalTrials.
gov81. Any changes to the clinical trial protocol should all be tracked 
to ensure transparency and accountability. Prospective validation is 
conducted to confirm the clinical relevance and utility of the radiomics 
biomarker after training it on prospectively collected data. In silico tri-
als (ISTs) can be used for this purpose, leveraging digital data for their 
speed and cost efficiency82. In addition to not considered the gold stand-
ard for prospective validation in oncology, ISTs offer tight control and 
the ability to simulate various scenarios with a known ground truth to 
address research queries and provide important preliminary insights83. 
For example, an IST might be used to assess how the recommendations 
from a radiomics tool would influence the predictions of a radiologist84. 
Human-in-the-loop assessments, which are workflows that incorporate 
human input in predictions from AI models, are integral for evaluating 
how radiomics models function in real-world clinical settings, focusing 
on their utility, safety and integration into routine workflows85. Evalua-
tions for prospective validation range from early phase, small-cohort 
clinical studies to large-scale randomized controlled trials that assess 
effectiveness and safety across diverse scenarios.

Applicability and sustainability
RRL8 aims to evaluate the applicability and sustainability of radiomics 
tools in clinical settings, ensuring their effectiveness and long-term 
viability. Implementing a detailed traceability process throughout the 
lifecycle of the radiomics tool is essential to guarantee transparency and 
accountability. Such a process encompasses the development, modifi-
cation and version control (that is, reporting of changes in the source 
code) of the radiomics software. The usability of the radiomics tool 
should be evaluated, with an emphasis on the user interface, workflow 
integration and ease of use. This assessment can be conducted using 
questionnaires, such as the System Usability Scale, or through user trials 
to evaluate effectiveness, efficiency and satisfaction86,87. Evaluating the 
radiomics tool in an actual clinical environment, including human-in-
the-loop evaluations, is crucial; this approach will enable assessment 
of the extent to which the tool provides tangible benefits for patient 
care and supports the clinical workflow85. Cost-effectiveness analyses 
are necessary to determine the economic value of the tool in relation to 
clinical outcomes. Quantitative measures, such as quality-adjusted life 
years and incremental cost-effectiveness ratio, can be used to assess 
the potential financial viability of the radiomics tool if it was to be 
implemented in the clinic88.

Over time, radiomics models can be affected by variations in image 
acquisition owing to hardware and software updates. Such data shifts 
can negatively influence the performance of the model, potentially 
leading to detrimental outcomes in clinical decision-making pro-
cesses89. Automated recalibration approaches are crucial to main-
tain the performance of AI tools despite changes in data acquisition 
and reconstruction methods17. Therefore, researchers must define 
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strategies to manage performance drift to safeguard the consistency 
and reliability of radiomics tools90. A study on mammography-based 
breast cancer screening and histopathology data showed that per-
formance drift can be mitigated using linear piecewise cumulative 
distribution matching17. Continual learning is an approach that aims 
at improving AI-based models by integrating new data in addition to 
maintaining previously acquired knowledge91. Continual learning is 
particularly advantageous for radiomics models, enabling them to 
evolve by learning from past mistakes and thereby enhancing their 
performance, although the introduction of new data poses potential 
challenges because it might lead to the incorporation of errors, biases 
and a potential decline in overall performance92. Continual learning 
can also help to address the problem of performance drift caused by 
evolving imaging protocols and data quality. A continual learning 
approach has been developed that utilizes dynamic memory to store 
a small, diverse subset of past training data and capture new styles in 
the continuous data stream using a style-based metric93. This approach 
helped to maintain model performance on previously learned domains 
in addition to adapting to evolving imaging scenarios93. In addition, the 
introduction of the new data increases the risk of cybersecurity threats 
such as adversarial attacks with the goal to manipulate the training data 
so that the model gives a substantially wrong output94. Adversarial 
attacks can contain visually imperceptible perturbations and pass 
manual or simple data checks95. Therefore, developing a strategy for 
incremental learning that includes thorough quality assurance meas-
ures is crucial to effectively use new data and enhance the performance 
of radiomics models.

Clinical deployment
RRL9, the final milestone in the clinical deployment of a radiomics 
solution, is focused on ensuring quality and obtaining regulatory com-
pliance to successfully introduce the product to the market. A clear defi-
nition of the level of automation for the AI solution in clinical practice 
is needed. We propose six levels from level 0 or ‘no automation’, in 
which clinicians perform tasks without using a radiomics model, to 
level 5 or ‘full automation’, which refers to a model operating entirely 
without human intervention. Level 0 serves as a theoretical baseline, as 
it does not involve a model and is therefore not applicable to radiomics 
deployment in practice. Intermediate levels include level 1 or ‘clinical 
assistance’, in which the clinician uses the model predictions to perform 
part of the clinical task; level 2 or ‘partial automation’, in which the 
clinician considers predictions before making a final decision; level 3 
or ‘conditional automation’, in which the model provides predictions 
under clinician supervision, permitting intervention at any time; and 
level 4 or ‘high automation’, in which the model provides predictions 
and clinician intervention is only required in exceptional cases.

Implementing and maintaining a Quality Management System, 
such as ISO 9001, IEC 62304 or an alternative depending on the avail-
able resources, is crucial for ensuring consistent quality and complying 
with regulatory standards throughout the radiomics workflow96,97. 
The radiomics solution must be evaluated for its alignment with the 
requirements of the chosen regulatory pathway, such as 510(k) clear-
ance or premarket approval for the Food and Drug Administration 
(FDA) and conformity assessments for the European Medicines Agency 
(EMA) and European Union AI Act98–100. This evaluation ensures that 
the radiomics solution adheres to all essential safety, efficacy and 
regulatory standards.

Regulatory approval faces substantial challenges owing to incon-
sistencies in standards across major agencies, such as the FDA, EMA 

and others, whereby each regulator applies different frameworks for 
classifying software as a medical device and defining clinical evidence 
requirements101. Navigating these divergent regulatory pathways, 
with aspects such a sharp contrast between the 510(k) clearance pro-
cess and the marking requirements for the Conformité Européenne 
under the EMA Medical Device Regulation and the emerging European 
Union AI Act, is a major challenge that creates substantial compliance 
burdens99,102. The rapidly evolving regulatory landscape, in which 
agencies continue to refine their approaches to AI and/or machine 
learning-based medical software, adds further complexity, particularly 
in relation to continual learning and appropriate validation protocols92. 
Moreover, international differences in regulations relating to data pri-
vacy and sharing requirements, such as the stricter controls imposed 
by General Data Protection Regulation in Europe relative to those 
from the Health Insurance Portability and Accountability Act in the 
USA, further complicate the development and validation of radiomics 
models across multiple jurisdictions103,104.

The market launch of the radiomics product marks the culmina-
tion of RRL9. A radiomics solution that has reached this RRL complies 
with regulatory standards and is acknowledged and can be utilized by 
healthcare professionals in clinical settings. The postmarket surveil-
lance process involves human oversight and continuous monitoring 
of radiomics tools to assess their performance in real-world clinical 
scenarios and to identify any issues that might not have been evident 
during the initial testing of RRLs.

Interpretation of RQS 2.0 and RRLs
We have developed a web-based scoring tool to assess radiomics studies 
using the RQS 2.0 and aligned RRLs. This tool allows users to select a 
target RRL and calculate the percentage of RQS compliance up to that 
level. The tool also generates visual summaries showing cumulative 
scores across RRL levels and the proportion of criteria fulfilled at each 
stage (Fig. 3). These visualizations provide valuable insights not only 
into the total compliance up to a selected RRL level but also regard-
ing which specific criteria are met or missed at each stage. Given that 
each RRL reflects a key milestone in the path to clinical translation, 
this layered view helps research teams to identify gaps and prioritize 
improvements either within a particular RRL or incrementally across 
levels. This approach encourages a structured progression of radiomics 
research, supporting the development of studies that advance stepwise 
towards clinical application.

We evaluated the RQS 2.0 of a particular study focused on pre-
dicting EGFR mutations and Ki-67 proliferation index in non-small-
cell lung cancer, which had a reported RQS 1.0 score of 24 of 36 
(ref. 105) (Fig. 3 and Supplementary Table 1). The RQS 2.0 tool was 
used to assess compliance up to RRL9. The study achieved high scores 
across the early readiness levels (RRL1–RRL5) but did not meet any 
criteria in RRL7–RRL9, which pertain to prospective validity, applicabil-
ity and sustainability, and clinical deployment, respectively. At RRL6, 
the study only met one out of five points related to ethical considera-
tions, indicating a need for further work in areas such as explainability 
and fairness assessment. At RRL5, the study had a compliance of 65% 
(22 out of 34 points). Although this score indicates robust perfor-
mance in the early to middle stages of development, the radiomics 
model remains far from clinical integration, with an RRL9 compliance 
of only 41% (23 out of 56 points). This example highlights the value 
of interpreting RQS scores in the context of RRLs, which provides a 
more accurate picture of the clinical readiness of a study and helps to 
prevent overestimating its applicability based solely on the total score.
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The way forward for radiomics
The future of radiomics is set for substantial advances with the incor-
poration of foundation models and multiomics, which will continue 
to enhance diagnostic accuracy and further enable the delivery of per-
sonalized patient care. This evolution will be facilitated by a thorough 
clinical evaluation framework, federated learning and synthetic data 
generation to address data-sharing challenges, and the standardization 
of data via common data models (CDMs).

Multiomics integration
The integration of radiomics with diverse omics data, including 
genomics, proteomics, transcriptomics, epigenomics, microbiom-
ics, metabolomics and pathomics, facilitates the creation of compre-
hensive models that offer a holistic view of the biological landscape of 
tumours. For example, a radiopathomics model has been developed 
for the prediction of pathological complete response in patients with 
locally advanced rectal cancer using data from pretreatment MRI 
and haematoxylin and eosin-stained biopsy-derived tissue106. Novel 
deep learning architectures that integrate multiomics information 
outperformed traditional models in the prediction of the outcomes 
of patients with non-small-cell lung cancer after radiotherapy107. 
Many studies have confirmed the relationship between radiomics 
features and cellular or molecular features, indicating the potential 
application of a non-invasive radiomics approach for visualizing 
molecular functions108,109. Such an approach can help to establish 
novel diagnostic, prognostic and predictive biomarkers that can be 
assessed non-invasively. Multiomics integration provides clinicians 
with unprecedented insights into the intricate mechanisms of bio-
logical processes at both the mesoscopic and microscopic scales. 
For example, intratumour heterogeneity can be assessed through 
dynamic contrast enhanced MRI radiomic features and validated 
using genomic, transcriptomic, metabolomic and digital patho-
logical data110; a radiogenomic signature has been developed by 
mapping radiomics features to genomic subclones correlated with 
intratumoural heterogeneity111.

In the era of precision oncology, the investigation of multiomics 
data assisted by AI tools, such as machine learning and deep learning, 
has the potential to revolutionize cancer subtyping, risk stratification, 
prognostication, prediction and clinical decision-making. However, 
translating multiomics research into clinical practice necessitates 

consistent efforts to standardize the collection and analysis of omics 
data, build computational infrastructure for data storage and sharing, 
develop advanced methods for data fusion and interpretability, and 
ultimately, conduct large-scale prospective clinical trials to bridge the 
gap between research findings and clinical benefit112.

Foundation models based on large-scale data
Foundation models are a category of AI tools typically trained through 
self-supervised learning on extensive datasets113. The use of large-scale 
data ensures that foundation models can capture a wide range of varia-
tions and complexities present in medical data. Therefore, foundation 
models can be fine-tuned for various downstream tasks and serve as the 
bedrock upon which advanced radiomic tools will be built. A notable 
advantage of foundation models lies in their ability to make zero-shot 
or few-shot predictions (that is, on the basis of variables that they have 
not been exposed to during training) for a new task without requiring 
additional training on an annotated dataset114, diminishing the need 
for extensive data annotation efforts. Moreover, foundation models 
have demonstrated proficiency in managing multimodal datasets, 
including processing both image and text115, which can be obtained 
from medical images and electronic health records (EHRs).

Currently, large language models are the primary focus of research 
on foundation models but other domains are also receiving attention. 
Visual language foundation models (VLMs), for example, specialize 
in acquiring visual representations from extensive image datasets. 
These learned representations are then applied to subsequent tasks 
in computer vision or vision–language processing. Examples of foun-
dation models include the segment anything model116 and contras-
tive language–image pretraining117. Variants of the segment anything 
model54 and VLMs118 have also been introduced into medical image 
analysis. In addition, VLMs based on contrastive language–image 
pretraining have been proposed for zero-shot diagnosis of diseases 
across various medical specialties114,115 and some multimodal medical 
foundation models have also been developed for this purpose119,120. 
For example, a foundation model trained on CT images was found to 
be more stable to input variations and outperformed conventional pre-
training and supervised strategies121. Foundation models have shown 
great potential in transforming vast amounts of medical information 
into a valuable resource for AI models. This transformation enhances 
the effectiveness of AI models and facilitates knowledge sharing.

Percentage satisfied per RRL stageCumulative score progression per RRL level

Cumulative score obtained Cumulative maximum score

a b

RRL1 RRL2 RRL3 RRL4 RRL5 RRL6 RRL7 RRL8 RRL9

RRL1

RRL2

RRL3

RRL4

RRL5

RRL6

RRL7

RRL8

RRL9

0 10 20 30 40 50
Percentage (%)

60 70 80 90 100

Sc
or

e

60

50

40

30

20

10

0

Satisfied

4 points

3 points

3 points

6 points

6 points

1 points

3 points

2 points

2 points

3 points

2 points

4 points

7 points

6 points

4 points

Remaining
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Comprehensive clinical evaluation system for radiomics
Over the past decades, radiomics has demonstrated notable potential 
efficacy in various clinical tasks as predicted by preclinical in silico 
studies but limited high-quality evidence from clinical studies is avail-
able on whether radiomics improves clinician performance or patient 
outcomes122. Therefore, establishing a comprehensive evaluation sys-
tem to assess the role of radiomics in real-world clinical scenarios is 
imperative.

The clinical evaluation framework for radiomics models should 
include multiple stages. The first stage is in silico evaluation, which is 
predicated around assessing model performance123 and diagnostic 
accuracy124 in controlled, non-clinical settings, focusing on evaluating 
the capabilities of an AI model before its introduction into real-world 
clinical environments. The second stage is early clinical evaluation, 
which involves the initial assessment of AI systems as interventions 
in actual clinical settings, albeit on a small scale. This stage primarily 
focuses on analyses of clinical feasibility, safety considerations and 
human factors influencing the integration of AI into clinical work-
flows125,126. The final stage is comparative prospective clinical evalu-
ation, which entails comprehensive summative evaluation through 
large-scale randomized controlled trials. The primary metrics for 
assessment should be effectiveness and safety to provide robust insight 
on the effect of AI-based interventions in diverse clinical scenarios. 
RRL7 highlights the need for comprehensive clinical evaluation of 
radiomics tools in a prospective manner. The usability assessment 
and in silico prospective validation criteria established in RRL7 corre-
spond to the first stage in our proposed clinical evaluation framework, 
whereas the real-world clinical assessment criteria (RRL7) address the 
second and third stages.

By systematically progressing through these evaluation stages, 
researchers can thoroughly understand the performance of radiomics 
tools in real-world clinical settings. This approach not only addresses 
the technical aspects of AI but also considers the practical implications 
and human factors crucial for successful integration into healthcare 
practices.

Generation of synthetic data
The robustness and generalizability of AI models, including deep neural 
networks (DNNs), are closely related to the quantity and quality of train-
ing data; however, technical, legal and ethical considerations often pre-
vent clinical centres from easily sharing their data112. Generative models, 
a class of AI models that typically use DNNs such as GANs and diffu-
sion models can address issues related to data scarcity127. Conditional 
generative models are adopted to synthesize a substantial number of 
medical images with corresponding labels to aid segmentation network 
generalization and adaptation in multivendor, multidisease scenarios, 
making them more representative of real-world clinical settings128,129. 
GANs can be conditioned by an under-represented data category to gen-
erate synthetic images that can help in addressing problems associated 
with class imbalance and dataset bias130. Two studies have revealed that 
augmenting real-world data with synthetic samples enhances model 
robustness across different medical tasks and promotes fairness by 
boosting diagnostic accuracy in under-represented groups, particularly 
in out-of-distribution cases131,132. Synthetic images can also be used to 
pretrain models and enhance their performance. For example, GAN-
generated nodule images have been used to pretrain CNNs, resulting 
in improved accuracy in the classification of lung nodules from CT 
images133. Generative models can also be used to harmonize multicen-
tre medical imaging data by mapping diverse datasets to a common 

reference domain, which improves cross-site generalization and per-
formance of downstream tasks, such as prediction of brain age and 
disease classification48,134.

Synthetic images generated from the training dataset can serve as 
a substitute for real data, and the legal considerations for sharing such 
synthetic data are less stringent135,136. However, generative models can 
memorize and reproduce training data during the generation process, 
which could compromise privacy by making models vulnerable to data 
leakage through adversarial attacks137. Therefore, further research is 
necessary to ensure that the generation of synthetic images effectively 
preserves privacy138.

Multimodal images can be crucial for clinical tasks and, in some 
scenarios, one of the modalities might be missing139. For instance, DNNs 
can be used to synthesize pseudo-CT from T1-weighted MRI to enable 
accurate PET–magnetic resonance attenuation correction140, generate 
CT from MRI to support organ segmentation141 and impute absent MRI 
sequences such as T1-weighted and fluid attenuated inversion recovery 
to preserve brain-tumour segmentation accuracy142. Moreover, genera-
tive models are prone to hallucinations and can introduce artefacts or 
remove features in the synthetic images143. Therefore, integrating both 
qualitative and quantitative performance evaluations within synthetic 
image generation is essential to ensure the reliability of such images. 
A systematic review of generative AI models developed to synthesize var-
ious types of medical data revealed a major gap in the generation of data 
for purposes beyond augmentation, such as validation and evaluation 
of medical AI models144. The systematic review also emphasized that the 
absence of standardized evaluation methodologies for medical images 
hinders clinical applications, highlighting the need for comprehensive 
evaluation approaches and collaborative benchmarking144.

Federated learning
Data-driven radiomics studies require extensive datasets from mul-
tiple centres to mitigate overfitting and improve model generaliz-
ability. Federated learning has been proposed as an effective method 
to address challenges derived from patient data sharing and foster 
collaboration among centres in addition to upholding governance 
and data privacy145,146. This approach involves training machine learn-
ing models within multiple nodes, each on their local dataset147. Thus, 
external sharing of data from patients is avoided, and clients only share 
derivative data, such as model updates (for example, coefficients and 
weight parameters), to develop the final model.

Federated learning has been used for several radiology tasks per-
formed on CT and MRI images for the detection of coronavirus dis-
ease 2019 and brain tumour segmentation, showing great promise in 
achieving performance equivalent to that in a centralized setting148,149. 
However, the theoretical formulation and practical implementation 
of these approaches pose numerous challenges. The first challenge is 
data heterogeneity, in which different data distributions among cen-
tres deteriorate the accuracy of the federated learning model150. Data 
harmonization before processing might help to alleviate this effect. 
Further technical studies should be carried out to find the optimum 
technique for updating the central model with heterogeneous data. 
The second challenge is bias, whereby the machine learning model 
is inclined towards a particular node owing to the data distribution 
or size. The third challenge is the lack of access to standardized data, 
which refers to data inconsistencies such as non-uniform DICOM tags, 
annotation schemas or feature nomenclature that prevent straight-
forward integration of data across sites. Many institutions lack the 
infrastructure to process images following a standardized imaging 
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pipeline. Moreover, a universal method to organize and manage other 
data, such as EHRs, does not exist. In addition, data privacy and security 
issues remain a concern associated with federated learning151. Health-
care institutions also need cloud-based or on-premises computational 
facilities and robust network connections, which are still limited in 
some centres, for model training and data transfer.

CDM
The lack of standardization makes it difficult to conduct federated 
learning among different centres. Data from distinct centres origi-
nate from diverse sources or varied technologies. Hence, metadata 
might be missing, incorrect or non-harmonized, and key information 
could be difficult to identify for federated learning. The CDM structure, 
which applies the same data structure to run an identical analysis code 
for each data holder, has been developed for data standardization152. 
The Observational Medical Outcomes Partnership (OMOP) is a CDM 
developed by the Observational Health Data Sciences and Informatics 
consortium as a repository of all vocabularies used in the commu-
nity, for their standardization and mapping of their use in research153. 
OMOP has the potential to address many challenges associated with 
the representation and use of data from EHRs.

OMOP advances the field of data integration and standardization; 
however, it cannot fully cover all aspects of medical data management 
without task-tailored extensions. Radiology (R)-CDM is an extension of 
OMOP developed for the standardization of data from digital imaging 
and communications in medicine (DICOM), a widely adopted standard 
for storing and transmitting medical imaging information154. R-CDM 
has achieved standardization in the extract-transform-load process, 
a data processing pipeline in which raw data are extracted from source 
systems, transformed into a standardized format and then loaded 
into a structured database. In addition, R-CDM was designed to be 
linked with OMOP to achieve a seamless link between data from 
EHRs and medical imaging, which might help in large-scale radiom-
ics research by enabling the collection and completeness of medical 
imaging data from multiple institutions. Although R-CDM effectively 
standardizes DICOM metadata and enables linkage between imag-
ing and clinical data, it does not explicitly capture detailed radiomic 
features. Some other CDMs such as the DICOM structured report-
ing and the annotation and image markup scheme have the poten-
tial to support structured representation of radiomic features155,156. 
Genomic CDM is another extension of OMOP for effective integration of 
genomic data with standardized clinical data, permitting data sharing  
across institutes157.

Conclusion
Radiomics holds promise for revolutionizing clinical decision-making 
in oncology but must overcome substantial hurdles for effective clini-
cal adoption. RQS is a widely adopted benchmark for assessing the 
quality of radiomics studies. We have now updated this score and 
present RQS 2.0, which includes considerations and guidelines to 
address contemporary challenges in the field, aiming to enhance the 
quality of radiomics studies and facilitate their clinical translation. 
Moreover, we propose nine RRLs seamlessly integrated into RQS 2.0 
to promote step-by-step improvement of radiomics tools. Research-
ers can now develop tools that align with specific RRLs, with research 
quality assessed accordingly up to the targeted level. Researchers can 
also use a web-based scoring tool to quantitatively assess radiomics 
studies aligned with specific RRLs, facilitating empirical validation and 
providing insights into their methodological rigour and translational 

readiness for clinical application. By making incremental improve-
ments to reach RRL9, researchers can enhance the quality of their work 
for clinical deployment.
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