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Abstract

Purpose To propose a new quality scoring tool, METhodological RadiomICs Score (METRICS), to assess and improve
research quality of radiomics studies.

Methods We conducted an online modified Delphi study with a group of international experts. It was performed in three
consecutive stages: Stage#1, item preparation; Stage#2, panel discussion among EuSoMIl Auditing Group members to iden-
tify the items to be voted; and Stage#3, four rounds of the modified Delphi exercise by panelists to determine the items eli-
gible for the METRICS and their weights. The consensus threshold was 75%. Based on the median ranks derived from expert
panel opinion and their rank-sum based conversion to importance scores, the category and item weights were calculated.

Result In total, 59 panelists from 19 countries participated in selection and ranking of the items and categories. Final
METRICS tool included 30 items within 9 categories. According to their weights, the categories were in descending order
of importance: study design, imaging data, image processing and feature extraction, metrics and comparison, testing,
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feature processing, preparation for modeling, segmentation, and open science. A web application and a repository were
developed to streamline the calculation of the METRICS score and to collect feedback from the radiomics community.
Conclusion In this work, we developed a scoring tool for assessing the methodological quality of the radiom-

ics research, with a large international panel and a modified Delphi protocol. With its conditional format to cover
methodological variations, it provides a well-constructed framework for the key methodological concepts to assess
the quality of radiomic research papers.

Critical relevance statement A quality assessment tool, METhodological RadiomICs Score (METRICS), is made
available by a large group of international domain experts, with transparent methodology, aiming at evaluating

and improving research quality in radiomics and machine learning.

Key points

- A methodological scoring tool, METRICS, was developed for assessing the quality of radiomics research, with a large
international expert panel and a modified Delphi protocol.

- The proposed scoring tool presents expert opinion-based importance weights of categories and items with a trans-
parent methodology for the first time.

« METRICS accounts for varying use cases, from handcrafted radiomics to entirely deep learning-based pipelines.

+ A web application has been developed to help with the calculation of the METRICS score (https://metricsscore.
github.io/metrics/METRICS.html) and a repository created to collect feedback from the radiomics community (https:.//
github.com/metricsscore/metrics).

Keywords Radiomics, Deep learning, Artificial intelligence, Machine learning, Guideline
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Introduction

Radiomics is an evolving field of image analysis tech-
nique for extracting quantitative features from medical
images with the premise of building predictive mod-
els and assisting clinical decision-making [1]. Since its
introduction into medicine more than a decade ago, an
exponential number of radiomics-related articles have
been published yearly [2]. However, a growing transla-
tional gap exists between radiomics research and clini-
cal practice [3, 4]. One of the main reasons for this issue
is the poor quality of research methodology, includ-
ing but not limited to, poor study design, inadequate
description of image segmentation, feature extraction
or model building methodology, lack of generalizability,
lack of data, and model and code sharing practices, all
of which ultimately limit the reproducibility of the pro-
posed radiomics models [3, 5-9].

In 2017, Lambin et al. [10] proposed the radiomics
quality score (RQS), a set of assessment criteria covering
the radiomics workflow to improve the quality of radiom-
ics research. Since then, many systematic reviews have
been published applying the RQS to published research
to examine the quality of radiomics studies [11]. Never-
theless, some RQS item definitions may lead to ambigu-
ity and the applicability of the items can be limited based
on different characteristics of the study design, which
may negatively affect the reproducibility of the score even
among experts in the field [11-13]. In addition, as shown
previously [12], a high RQS score does not always guar-
antee high quality of a study or lack of significant bias
[14]. Furthermore, this assessment system was developed
by a small group of researchers and the development pro-
cess was not detailed in-depth in terms of how it deals
with the relative importance of each item that contrib-
utes to overall radiomics research quality.

Recently, the CheckList for EvaluAtion of Radiom-
ics Research (CLEAR) guideline for reporting radiomics
studies that covers the entire life cycle of optimal radiom-
ics research was published and endorsed by the European
Society of Radiology (ESR) and European Society of Med-
ical Imaging Informatics (EuSoMII) [15]. The CLEAR
reporting guideline has great potential to improve the
quality of reporting in radiomics papers, which would
ultimately lead to an improvement in research quality.
Nevertheless, reporting guidelines are not assessment
tools or instruments for measuring research quality [16,
17]. Thus, the need remains for an easy-to-use, reproduc-
ible assessment system for radiomics research. In this
paper, we propose a new quality assessment tool, METh-
odological RadiomICs Score (METRICS), which was
developed by a large group of international experts in the
field and is easy to use, specifically aimed at improving
methodological quality of radiomics research.
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Material and methods

Design and development

As there is no guidance for developing scoring sys-
tems, the recommendations for developing report-
ing guidelines were followed [18]. Therefore, a
steering committee (T.A.D., B.K., and R.C.) was
established first to organize and coordinate the
development of METRICS.

To develop the METRICS tool, an online modified
Delphi study with a group of international experts was
planned. The process was organized in three stages.
The steering committee members conducted the first
stage (Stage#1), consisting of item preparation. The sec-
ond stage (Stage#2) was held with the participation of a
group of panelists from the EuSoMII Radiomics Audit-
ing Group for discussion of the items to be voted on. The
third stage (Stage#3) was carried out in four rounds by
two separate groups of panelists to determine the MET-
RICS items and their weights. The first three rounds of
Stage#3 were aimed at determining which methodologi-
cal items were eligible for METRICS. The items’ weights
were then determined in the final round of Stage#3. Fol-
lowing each round, the panelists received structured
feedback on the preceding round to reconcile individual
opinions.

The surveys were open for at least 2 weeks in each
round in Stage#3, and a reminder e-mail was sent 1 week,
3 days, and 1 day before the deadline. When necessary
(e.g., when overlapping with major conferences or holi-
days), deadlines were extended to ensure a reasonable
number of panelists was achieved.

The modified Delphi surveys were carried out using a
computer-assisted web interviewing (CAWI) system, i.e.,
Google Forms (Google LLC). For online group discus-
sions, online platforms, i.e., Google Docs (Google LLC)
or WhatsApp (Meta Platforms Inc.), were used.

To simplify the calculation of the METRICS score, the
development of an online calculation tool was planned.
A GitHub repository was also planned for providing
updates and gathering community feedback.

Anonymity

Although the panelists voted independently, the voting
rounds of the modified Delphi exercise were not anony-
mous to track panelists’ participation. Only the organiz-
ers had access to the panelists’ data, and they preserved
the anonymity of the votes and their respective com-
ments during and after the voting tasks (i.e., when feed-
back was provided after rounds).

Informed consent
At the start of the Delphi questions, participants’
informed consent was requested using the same form.
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Participants may have opted out of the study at any
time. Those who indicated a desire to decline the sur-
vey were to be deleted from future invitations. Only
while the round was active, panelists could withdraw
their votes.

Consensus criteria

The vote for “strongly agree” and “agree” accounted
for agreement and “strongly disagree” and “disagree”
accounted for disagreement. The “neutral” votes were
not included in either decision. The consensus was
defined a priori as either agreement (agreement >75%)
or disagreement (disagreement >75%) [19]. If there was
no agreement or disagreement, it was referred to as "no
consensus," and they were voted again. If “no consensus”
items did not achieve agreement in the next voting, they
were removed from the tool. The consensus items with
disagreement were removed from the tool without fur-
ther discussion.

Recruitment of participants

Individuals having significant experience in radiomics,
machine learning, deep learning, informatics, or related
editorial tasks from various countries were invited via an
e-mail describing the development plan of the METRICS
tool and explaining its purpose. Members of the EuSoMII
Radiomics Auditing Group (Group#1 panelists) were
assigned to discussion panels in Stage#2 and Round#3
of Stage#3. Other invitees (Group#2 panelists) were
assigned to modified Delphi voting rounds (i.e., Round#1,
Round#2, and Round#4 of Stage#3).

Modified Delphi

Stage#1 (preparation)

To identify potential items, a thorough and systematic
literature review was conducted. Two members of the
steering committee performed an independent literature
search in PubMed using the following syntax to find the
relevant checklists, guidelines, or tools: (radiomics) AND
((checklist) OR (guideline)). The search date was January
24, 2023. All entries and related publications, if accessible
by the readers, were assessed to determine the currently
available tools. All eligible documents found were inde-
pendently evaluated by the entire steering committee to
develop the initial template of METRICS.

Participants were requested to consider the follow-
ing principles: i, there should be no overlap between
items; ii, an ideal study should be able to achieve a per-
fect score (i.e., all points available or 100%), meaning that
items should not be mutually exclusive; iii, items must
be objectively defined, to increase reproducibility; iv, not
only hand-crafted but also studies based on deep learning
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should be considered and item conditionality should be
assessed accordingly; v, since this is a methodological
scoring system, the items should be mainly related to
the “Material and methods” and “Results” sections of a
research paper; vi, while items should also aim at improv-
ing the methodological reproducibility and transparency
of the studies, METRICS is not a reporting checklist; and
vii, items should point out potential bias sources and help
users to avoid them.

Considering the principles defined above, an initial
draft was created with three organizers of the METRICS
project. For any disagreement among the organizers, the
decisions were made based on a majority vote.

Stage#2 (discussion with Group#1 panelists)

The items prepared by the organizers were presented to
the EuSoMII Radiomics Auditing Group with the same
principles and discussed online. This stage was an open
discussion and not anonymous. The panelists were free to
suggest adding, removing, merging, and modifying items.

Stage#3 (modified Delphi rounds)

Round#1 (item selection) On a 5-point Likert scale
(strongly agree; agree; neutral; disagree; strongly disa-
gree), the Group#2 panelists were asked to rate the extent
to which they agreed with the inclusion of each item on
the METRICS tool. With a text box, participants were
further asked for suggestions on the item’s name and def-
inition. In addition, a text box was provided at the end of
each section for participants to suggest additional items.
After this round, the Group#2 panelists were provided
with a statistical summary of each item from Round#1,
along with anonymous comments.

Round#2 (continued for item selection) The same
panelists as in Round#1 were invited to participate in
Round#2. Panelists who were invited but did not respond
to Round#1 were also invited to participate in Round#2.
Using the same structure as Round#1, panelists were also
presented with items that reached no consensus as well
as new item or items suggested in previous round. They
were asked to use the same 5-point Likert scale to express
their level of agreement with the inclusion of each item
in the METRICS tool. No new item proposal was asked
in this round. After Round#2, the same panelists were
provided with a statistical summary of each item from
Round#2, along with anonymized comments.

Round#3 (group discussion with EuSoMII Radiom-
ics Auditing Group) The purpose of Round#3 was to
discuss the results of the previous rounds, modify if
necessary, and finalize the items to be included in the
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METRICS tool. It was held on online platforms (Google
Docs and WhatsApp Group). All Group#1 panelists
were invited. The discussion included both agreed and
unresolved topics. Any modification proposals were dis-
cussed and items were edited in consensus by the steer-
ing committee.

Round#4 (ranking of finalized items to determine the
weights) Group#2 panelists who participated in at least
one of the first two rounds (Round#1 and Round#2)
were invited to this round. The panelists were asked to
rank the categories and then all items within each cate-
gory in order of their importance in radiomics research.
After Round#4, the same panelists were provided with
an anonymized statistical summary of each item and
category.

Pilot testing We invited Group#1 panelists to test the
usability and understandability of the online checklist.
Also, the final METRICS tool was tested on studies from
the literature, including a sample of different pipeline
designs and aims (i.e., handcrafted radiomics, deep radi-
omics, and end-to-end deep learning; lesion characteri-
zation and region of interest segmentation).

Statistical analysis

Descriptive statistics (i.e.,, median, interquartile range,
percentage) were used to present the results. The ranks
derived from hierarchical (i.e., multi-tiered) ranking with
expert panel opinion were aggregated using their median
value. Using the rank-sum method [20, 21], median ranks
were first converted to importance scores with the follow-
ing formula: Score = (N+1) - Rank, where N is the total
number of categories or total number of items within a
category. The category weights were then rescaled to
1. The final weights of each item were computed as the
product of the category and item weights (e.g., [weight
of Category A] x [weight of Item#1 in Category A]). The
items within the respective category went through the
same rescaling procedure. The final METRICS score was
calculated on a percentage scale, accounting for the con-
ditionality of items and categories.

Results
All key study steps are summarized with a flowchart in
Fig. 1.

Modified Delphi

In total, the 3 steering committee members invited 61
experts to participate in this study, 56 of which accepted
the invitation. In detail, 14 experts from the EuSoMII
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Radiomics Auditing Group (Group#1) accepted the invi-
tation to participate in panel discussions (i.e., discussions
at Stage#2 and Round#3 of Stage#3), together with the
steering committee members. Furthermore, 42 experts
(Group#2) accepted the invitation to perform Delphi
voting (i.e., rating in Round#1 and Round#2; ranking in
Round#4 of Stage#3). Country data of all participants is
presented in Fig. 2.

The literature search resulted in 58 publications. After
independent evaluation of the content of these publica-
tions by steering committee members, 16 relevant check-
lists, guidelines, or quality scoring tools were identified
as potentially useful for designing a new quality scoring
tool [7, 10, 22—35]. Based on the results of this literature
review and previous experience, 33 items were initially
drafted. These items were then reduced to 30 after dis-
cussion with the Group#1 panelists in Stage#2, as three
were considered unclear or partly overlapping with other
entries, with which they were merged.

The 30 items obtained after Stage#2 discussion were
presented to the Group#2 panelists for the first round of
the Delphi survey, which was completed by 40 of the 42
panelists. The consensus for an agreement was achieved
for 26 items, while 4 items failed to achieve any consen-
sus. No item reached the consensus threshold for disa-
greement. There was one new item proposal that was
added to the list after discussion by the steering commit-
tee (item#17, robustness assessment of end-to-end deep
learning pipelines). A summary of the votes in Delphi
Round#1 is presented in Fig. 3. The highest agreement
(100%) was achieved by item#21 (i.e., consideration of
uncertainty).

Following the Round#1, 4 items with no consensus and
1 newly proposed item were presented to the Group#2
panelists in Round#2 of the Delphi process. In this round,
41 of the 42 panelists participated. The consensus for an
agreement was achieved for 4 items. There was no con-
sensus on 1 item about prospective data collection, which
was therefore removed from the list. There was no disa-
greement with consensus. A summary of the votes in
Round#2 is presented in Fig. 3.

All Group#1 panelists were invited to Round#3 for
the panel discussion by the steering committee mem-
bers. A small number of minor modifications were
made to the item definitions at this time. The agree-
ment was achieved for all 30 items within 9 categories.

The final Delphi round, Round#4, consisted of rank-
ing of all 9 categories and the 30 items divided by cat-
egory. This was performed by all 42 of the Group#2
panelists. Total category rank counts as assigned by
panelists is presented in Fig. 4. A summary of the cat-
egory and item ranks in Round#4 is presented in Figs 5
and 6, respectively.
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Conceptualization
Organizers involved: 3

Stage#1
Organizers involved: 3

First draft: 33 items

Invitation of
Group#1 panelists
Accepted (n =14) ———
Declined (n =1)
No response (n = 1)

Invitation of
Group#2 panelists
Accepted (n =42)
No response (n = 3)

Consensus items: 26 items

'__________'I

Panelists involved: 17

Final draft: 30 items

Stage#3-Round#1
Panelists involved: 40

No consensus : 4 items

New proposal: 1 item

Stage#3-Round#2
Panelists involved: 41

|

Consensus: 4 items
No consensus: 1 item

|

Stage#3-Round#3
Panelists involved: 17

l

Consensus: 30 items

}

Stage#3-Round#4
Panelists involved: 42

}

Categories ranked: 9

Items ranked: 30 items

|

Finalization of METRICS
* Panelists participated : 59

Total items: 30
Total categories: 9
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Fig. 1 Key steps in the development of METRICS. Boxes related to stages and rounds are color-coded based on the main group of panelists
involved. Dotted lines indicate the participation of organizers in the discussions in the relevant rounds as panelists. *Including organizers (i.e.,

steering committee members)

Weights calculated for categories and items are pre-
sented in Fig. 7. For categories, the highest and low-
est weights belonged to study design and open science,
respectively. According to their final weights, top 5
items with highest weights were as follows: item#3 (i.e.,

high-quality reference standard with a clear definition;
weight, 0.0919); item#27 (i.e., external testing; weight,
0.0749); item#2 (i.e., eligibility criteria that describe a
representative study population; weight, 0.0735); item#11
(i.e., appropriate use of image preprocessing techniques
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Fig. 2 Country of panelists. a World map for distribution of 59 panelists including three organizers by country. b Countries by groups. Group#1,
EuSoMIl auditing group including three organizers participated in discussions at Stage#2 and Round#3 of Stage#3; Group#2, voters participated
in Round#1, Round#2, and Round#4 of Stage#3. In case of multiple countries, the country of the first affiliation was considered

with transparent description; weight, 0.0622); and
item#18 (i.e., proper data partitioning process; weight,
0.0599). The lowest weights belonged to the three items
of category “open science” and were as follows: item#28
(i.e., data availability; weight, 0.0075), item#29 (i.e., code
availability; weight, 0.0075), and item#30 (i.e., model
availability; weight, 0.0075).

Anonymized individual votes and ranks obtained in the
Round#1, Round#2, and Round#4 of the Stage#3 are pre-
sented in Supplementary file 1.

Finalized METRICS tool

The final METRICS tool included 30 items within 9 cat-
egories and is presented in Table 1 with relative item
weights. It also accounts for different study pipelines by

including several conditional items. Figures 8 and 9 pre-
sent a flow diagram to exemplify their usage in practice.
A user-friendly online calculation tool was prepared
to streamline the calculation of the METRICS score
(https://metricsscore.github.io/metrics/ METRICS.html).
It also allows printing (paper and PDF) and export-
ing (Excel spreadsheet). Supplementary file 2 (without
explanation) and Supplementary file 3 (with explanation)
allow downloading the METRICS tool in table format.
However, the use of the online tool mentioned above is
highly recommended, as the final METRICS percentage
score is based on the maximum achievable absolute score
after accounting for item conditionality. This calculation
can be performed automatically by the web-based tools
(both online and offline versions). Supplementary file 4
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includes evaluation examples from the literature, cover-
ing the use of METRICS on different radiomics pipeline
designs.

A GitHub repository was set up for the METRICS tool
(https://github.com/metricsscore/metrics). The discus-
sion function was activated to receive community feed-
back to improve it in the future. Also, an offline version of
the calculation tool can be downloaded from this reposi-
tory, which requires no setup or installation but directly
starts working on common web browsers such as Google

Chrome (recommended; Google LLC). The online calcula-
tion tool and potential updates can also be accessed via this
repository.

Total score categories

To improve the comprehensibility of the METRICS total
score, we propose the use of 5 arbitrary categories as a
representation of gradually increasing quality, namely, 0
< score < 20%, “very low”; 20 < score < 40%, “low”; 40 <
score < 60%, “moderate”; 60 < score < 80%, “good”; and
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80 < score < 100%, “excellent” quality. However, these
categories should be validated through future systematic
reviews using METRICS and used as a complement of

the METRICS quantitative score and not as its substitute.

Discussion

In this work, we developed a scoring tool for assess-
ing the methodologic quality of the radiomics research,
i.e., METRICS, based on the input of a diverse and large
international panel with 59 participants. Our study was
conducted in 3 consecutive stages, with 4 rounds of the
modified Delphi exercise in the last stage. Based on pan-
elist ratings, 30 items within 9 categories were ultimately
included in the METRICS tool. The weights of these
items were then calculated using a hierarchical ranking of
categories and items based on the rank-based assessment
by the Delphi panelists. A web application was developed
to automate the calculation of the METRICS score, and a
repository was created to collect feedback from the radi-
omics research community.

There have been only few tools proposed to assess the
methodological quality of radiomics research in the lit-
erature, e.g., the RQS [10]. Despite the fact that the RQS
was published as part of a review article, it has received so
much attention from the community that it became the
de facto standard for evaluating radiomics methodology
[11]. Although it was developed and published by leading
radiomics researchers, it lacked methodological transpar-
ency in terms of how it was developed and how the scores
for each item were assigned. The first and most widely
used version was designed to evaluate traditional radiom-
ics and modeling in general and thus does not apply to
deep learning workflows. Although not directly related to

radiomics, the Must Al Criteria-10 (MAIC-10) checklist
can be used to evaluate the quality of artificial intelligence
(AI) and medical imaging studies [36]. It aims to simplify
the process while overcoming some of the limitations of
other published checklists in the fields of artificial intelli-
gence and medical imaging. MAIC-10 is a very short and
simple tool that covers a wide range of concepts. Accord-
ing to the authors of MAIC-10, unlike other checklists or
quality scoring tools, it was designed to provide a quantita-
tive, objective, and reproducible quality score with a broad
scope of applications across studies on Al in medical imag-
ing. MAIC-10 achieved a high correlation score to Check-
list for Artificial Intelligence in Medical Imaging (CLAIM)
[27], a widely used 42-item reporting checklist, despite
being tested on a small number of publications from the
journal in which it was published. It was also proposed as
the most reproducible checKklist in terms of intra-observer
reproducibility, with CLAIM taking second place. How-
ever, the MAIC-10 scores are unweighted, namely ignoring
the relative importance of each item and simply assigning a
score of 1 for adherence. Such a simple scoring strategy was
also used for the Transparent Reporting of a multivariable
prediction model for Individual Prognosis Or Diagnosis
(TRIPOD) checklist as well [37]. A recent radiomics-spe-
cific reporting checklist, the CLEAR checklist, was devel-
oped by an international initiative led by a group of experts
and endorsed by ESR and EuSoMII [15]. Although CLEAR
was designed primarily as a reporting tool and not a meth-
odological guide, it still provides useful information about
the methodology. Furthermore, it has a shortened version
called CLEAR-S that focuses solely on methodological
aspects and open science, with no score or weights. There
are also reporting checklists for Al and medical imaging
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that were not specifically designed for radiomics, such as
CLAIM [27]. CLAIM is a highly cited checklist that pro-
vides guidance for reporting and methodology. However,
the current version of the CLAIM was created by a rela-
tively small group of scientists with no formal methodology
for determining item eligibility, such as the Delphi method;
nevertheless, there is a further initiative ongoing to update
CLAIM [38]. Of note, a recent article provides a compre-
hensive review of available guidelines that can be used in AI
research and medical imaging [39].

To develop the proposed scoring system, we used a
modified Delphi method with an international group of
panelists and defined weights of each item to present a
more nuanced way of assessment. As a result, the cate-
gory “Study design” had the highest weight and thus the
biggest effect on the final score. This result is such that
adhering to all items of the category may already allow
a METRICS score ranging between 20% and 25%, con-
sidering all possible conditionals. It includes three items
as follows: i, adherence to radiomics and/or machine
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Fig. 7 Weights of METRICS categories and items. Each category has a different color and those colors are matched between right and left panels

learning-specific checklists or guidelines; ii, eligibility
criteria that describe a representative study population;
and iii, high-quality reference standard with a clear def-
inition. The first item was introduced as a new concept
in comparison to the RQS [10] and MAIC-10 [36] tools.
The authors of the MAIC-10 checklist included the study
design as a single item and defined it as a very broad con-
cept. While most of their 10 items were discussed in at
least half of the studies evaluated as part of the MAIC-
10, the study design was not defined in any of the stud-
ies evaluated. Previously, the CLEAR checklist [15] and,
to a lesser extent, CLAIM [27] drew attention to some of
these concepts in terms of reporting.

It may appear surprising that the category related to
open science practices had the lowest weight and thus the
lowest effect on the final score. This result, however, should
be intended to only reflect relative weights between MET-
RICS categories and by no means as a general disregard for
open science. The very presence of these items in MET-
RICS, after all, attests that panelists reached a consensus
on the necessity of their inclusion. As widely known, radi-
omic studies suffer from significant reproducibility and
replicability issues, which have been mainly attributed to
the lack of data, code, and model sharing practices leading
to poor generalizability [8, 40—-42]. The METRICS authors
strongly believe that open science practices should be
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Table 1 METRICS tool
Categories No. Items Weights Scoref
Study design #1 Adherence to radiomics and/or machine learning-specific checklists or guidelines 0.0368
#2 Eligibility criteria that describe a representative study population 0.0735
#3 High-quality reference standard with a clear definition 0.0919
Imaging data #4 Multi-center 0.0438
#5 Clinical translatability of the imaging data source for radiomics analysis 0.0292
#6 Imaging protocol with acquisition parameters 0.0438
#7 The interval between imaging used and reference standard 0.0292
Segmentation® #8 Transparent description of segmentation methodology 0.0337
#9 Formal evaluation of fully automated segmentation® 0.0225
#10 Test set segmentation masks produced by a single reader or automated tool 00112
Image processing and fea- #11 Appropriate use of image preprocessing techniques with transparent description 0.0622
ture extraction #12 Use of standardized feature extraction software® 0.0311
#13 Transparent reporting of feature extraction parameters, otherwise providing a default  0.0415
configuration statement
Feature processing #14 Removal of non-robust features? 0.0200
#15 Removal of redundant features® 0.0200
#16 Appropriateness of dimensionality compared to data size 0.0300
#17 Robustness assessment of end-to-end deep learning pipelines® 0.0200
Preparation for modeling #18 Proper data partitioning process 0.0599
#19 Handling of confounding factors 0.0300
Metrics and comparison #20 Use of appropriate performance evaluation metrics for task 0.0352
#21 Consideration of uncertainty 0.0234
#22 Calibration assessment 0.0176
#23 Use of uni-parametric imaging or proof of its inferiority 00117
#24 Comparison with a non-radiomic approach or proof of added clinical value 0.0293
#25 Comparison with simple or classical statistical models 0.0176
Testing #26 Internal testing 0.0375
#27 External testing 0.0749
Open science #28 Data availability 0.0075
#29 Code availability 0.0075
#30 Model availability 0.0075

Total METRICS score (should be given as percentage)
Quality category?

2 Conditional for studies including region/volume of interest labeling
b Conditional for studies using fully automated segmentation

¢ Conditional for the hand-crafted radiomics

d Conditional for tabular data use

€ Conditional on the use of end-to-end deep learning

fScoreis simply the weight if present and 0 otherwise

9 Proposed total score categories: 0 < score < 20%, “very low"; 20 < score < 40%, “low”; 40 < score < 60%, “moderate”; 60 < score < 80%, “good”; and 80 < score

< 100%, “excellent” quality

followed in order to address these limitations and facilitate
radiomics implementation into clinical practice. The dis-
crepancy between these considerations and the assigned
weights may be attributable to the assessment that proper
study design “comes first” In other words, if the study’s
aims and methodological steps are flawed, data and model
availability becomes a secondary concern as these studies
would still lack value in the clinical setting. It should also

be noted that reproducibility, replicability, and generaliz-
ability are complex, intertwined topics and not exclusive to
the field of radiomics, and reliable solutions to satisfacto-
rily address them are still being investigated [43]. We con-
sider that scoring highly on METRICS will not only mean
an experiment has been correctly designed and presented
but that these same aspects will also ultimately improve its
reproducibility, replicability, and generalizability.
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or rough (e.g., cropping or bounding box) delineation of a region or volume of interest within an image or image stack for model training

or evaluation. Studies can also be performed without such annotations, for example, using class labels that are assigned either to the entire image,
volume, exam, or patient or with unsupervised approaches that require no labeling at all (e.g., clustering models)
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both hand-crafted feature extraction and end-to-end deep learning for comparison purposes, in such a case, all conditions can be selected as “Yes"

Even though an item focused on the role of prospec-
tive study design/data collection was initially included,
the panelists were unable to reach an agreement on it, and
it is not present in the final METRICS tool. The RQS, on
the other hand, places a strong emphasis on prospective
studies, particularly those registered in trial databases,
and awards the studies with the highest score of the tool
for this item [10]. Based on the feedback of the panelists
during Round#1 of Stage#3, the most likely reason for
this would be that radiomics research requires large data
sets, which are difficult to achieve with prospective stud-
ies when compared to retrospective design and data sets.

Another issue raised by panelists was the potential penali-
zation of large retrospective data sets in comparison to
prospective studies with small data sets. Therefore, despite
its undoubtedly high importance in clinical research, the
role and added value of prospective data collection cur-
rently remain uncertain in radiomics and artificial intel-
ligence research within the medical imaging domain and
could be secondary compared to other considerations on
overall data labeling and management as established by the
METRICS expert panel. It would be worthwhile to receive
community feedback on this and other topics in the future,
which may contribute to future revisions of METRICS.
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It should be noted that METRICS not only has the
potential to improve the quality of the radiomic research
papers but also to serve as a development model for
future standardization and evaluation tools. Neverthe-
less, to facilitate clinical translation of radiomics, further
endeavors and standardization projects are still required.
Examples of previous standardization attempts include
the IBSI [28] and the CLEAR checklist [15]. These efforts
should also include altering the attitudes of academic
journals towards negative results, i.e., statistically non-
significant results [3, 6], promoting the use of checklists
and quality scoring tools [44], and fostering the conduct
of reproducibility studies. Particular attention should
also be posed to trending research practices which
may not only be unrealistic for the clinical setting but
also methodologically inappropriate, such as the use of
radiomics-based nomograms [45]. Finally, METRICS is
explicitly targeted at the research setting, while commer-
cially available products based on radiomics and machine
learning have to account for further issues such as regula-
tory demands and liability for potential mistakes, which
are outside the scope of the tool we developed.

Our work has several distinguishing features and
strengths compared to the previously available tool.
First, some RQS items, such as requirement for phan-
tom-based test-retest experiments or scanning at multi-
ple time points should not be expected in all radiomics
studies. Second, we assigned weights for items and cat-
egories based on expert ranking and not arbitrarily. This
was one of the main goals of the study as there has been
no previous work on radiomics quality scoring that has
presented a transparent methodology for assigning item
weights. Third, the METRICS tool considers not only
hand-crafted radiomics but also deep learning-based
radiomics. Fourth, both Group#1 and Group#2 had a
large number of panelists. Furthermore, the panel was
diverse in terms of country and domain expertise. This
was necessary to reduce noise in calculations. Fifth,
panelist participation in the Delphi rounds was also
very high, with a minimum of 95% (40 of 42). Sixth, we
created an easy-to-use web application to streamline
scoring. This was crucial because METRICS contains
conditional items that cover all aspects of radiom-
ics, which may make the calculation difficult on paper.
Finally, we established a living repository to discuss the
METRICS tool and its content and receive feedback in
order to improve them in the future.

There are however several limitations to declare. First,
our modified Delphi procedure was not completely anon-
ymous and the steering committee had access to identi-
ties, which was a deviation from the standard Delphi
exercise. We chose this approach to ensure panelist par-
ticipation. Nevertheless, we kept the votes and comments
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anonymous for other panelists. Second, a systematic or
quantitative strategy, such as considering publication
metrics, was not employed in the selection of the pan-
elists (particularly, the Group#2 panelists). Our efforts
were focused on assembling a diverse group of knowl-
edgeable figures in the fields of radiomics and informat-
ics, including editors and members of editorial boards
from publications that commonly publish works relat-
ing to these topics. To represent different stakeholders in
medical imaging, the panelists also included prominent
figures having strong backgrounds in both radiology and
nuclear medicine, as well as non-physicians. Geographi-
cal location of the panelists was not a factor in their
participation; as a result, the representation of different
countries within the author group presents some degree
of imbalance. Third, the ranking in Round#4 of Stage#3
did not account for potential items of equal importance.
An analytical hierarchy process and pairwise voting could
have been an alternative approach that takes equality into
account. However, by this method, the number of ques-
tions would have been doubled in Round#4, which might
have caused fatigue and had negative effects on the scor-
ing process. Fourth, during tool development, the need
for conditional items became apparent, even if their use
may complicate the scoring process. In reality, radiomic
research involves numerous methodological variations
and nuances that could be overlooked with a fixed item
list. However, the availability of online and offline auto-
mated calculation tools should help mitigate this limita-
tion. Fifth, the conditionality of the items or categories
was not taken into account when calculating weights.
Dynamic weights would have necessitated calculations
of all possible conditional combinations and, as a result,
multiple rankings, which is impractical and of limited
value as differences are expected to be small compared to
the current METRICS tool. Sixth, the number of items in
each category varied. Nonetheless, the weighting process
accounted for this to avoid biases in the final tool due
to item number within categories. Seventh, the order of
the items and categories in the Delphi rounds was fixed,
which may have an influence on ranking and introduce
bias. Alternatively, the order of these could have been
randomized during voting, and this could have been done
independently for each panelist as well. Finally, the repro-
ducibility of the METRICS was not evaluated. Such an
analysis necessitates a dedicated study design by incor-
poration of other tools for comparison, which should be
performed in a future investigation.

In conclusion, we developed a scoring tool for a com-
prehensive assessment of the methodologic quality
of the radiomics research, i.e., METRICS, with a large
international panel of experts and by using a modi-
fied Delphi protocol. With its flexible format to cover
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all methodological variations, it provides a well-con-
structed framework for the key methodological con-
cepts to assess the quality of the radiomic research
papers. A web application was developed to help with
the calculation of the METRICS score, and a reposi-
tory was created to collect feedback from the radiomics
community. We hope that the researchers would ben-
efit from this tool when designing their studies, assess-
ing the methodological quality of papers in systematic
reviews, and that journals would adopt the METRICS
quality scoring tool for peer review. Comments and
contributions to this tool are welcome through its
repository to improve it in the future.

Abbreviations

Al Artificial intelligence

CLAIM Checklist for Artificial Intelligence in Medical Imaging
CLEAR CheckList for EvaluAtion of Radiomics research

ESR European Society of Radiology

EuSoMIl European Society of Medical Imaging Informatics
MAIC-10  Must Al Criteria-10 checklist
METRICS ~ METhodological RadiomICs Score

RQS Radiomics quality score
TRIPOD Transparent reporting of a multivariable prediction model for indi-
vidual prognosis or diagnosis

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/513244-023-01572-w.

Additional file 1.
Additional file 2.
Additional file 3.
Additional file 4.

Acknowledgements
This study was endorsed by the European Society of Medical Imaging Infor-
matics (EuSoMIl).

Authors’ contributions

BK, TAD, and RC supervised the study, contributed to data collection, and
writing and editing the manuscript. NM performed the statistical analysis and
edited the manuscript. All other authors participated in the Delphi con-
sensus process. All authors read, edited if necessary, and approved the final
manuscript.

Funding

This study has not directly received any funding. SB was partly supported

by the National Cancer Institute (NCI) of the National Institutes of Health (NIH),
under award numbers NIH/NCI:U01CA242871 and NIH/NCI:U24CA279629. The
content of this publication is solely the responsibility of the authors and does
not represent the official views of the NIH.

Availability of data and materials

Data generated or analyzed during this study are presented with this
manuscript.

Declarations

Ethics approval and consent to participate
Not applicable.

Page 16 of 18

Consent for publication
Not applicable.

Competing interests

The authors of this manuscript declare relationships with the following companies:
AAB: CEO and shareholder of Quibim SL. Editorial Board Member of Insights
into Imaging. BB: Founder and CEO of Lernrad GmbH, speaker bureau Bayer
Vital GmbH.

EK: Speaker fees for Siemens Healthineers, speaker fees for Abbvie, member of
the scientific advisory board and shareholder of contextflow GmbH, Vienna.
Member of the scientific advisory board Gleamer.

RoC: Support for attending meetings from Bracco and Bayer; research collabo-
ration with Siemens Healthcare; co-funding by the European Union - FESR or
FSE, PON Research and Innovation 2014-2020 - DM 1062/2021. Editorial Board
Member of Insights into Imaging.

LF: Speaker fees: Bayer, Novartis, Janssen, Sanofi, GE Healthcare, Fujifilm,
ESGAR, C-FIM, Median Technologies, Vestfold Hospital. Scientific committee:
Institut Servier. Research collaboration/grants: Bristol-Myers-Squibb, Philips,
Evolucare, ArianaPharma, Dassault Systems. Traveling support: Guerbet.

LSF: General Electric Healthcare (Honoraria), Median Technologies (Hono-
raria), Sanofi (Honoraria), Guerbet (conference funding), Bristol-Myers Squibb
(research grant).

MEK: Meeting attendance support from Bayer.

LMB: Editor-in-Chief of Insights into Imaging, member of the non-profit Scientific
Advisory Boards of Quibim SL and the Girona Biomedical Research Institute.
DPdS: Editorial Board Member of Insights into Imaging. Speaker fees for Bayer
AG, Advisory Board for cook medical, author fees for AMBOSS GmbH.

AP: Editorial board member of Insights into Imaging.

FV: None related to this study; received support to attend meetings from
Bracco Imaging S.r.l, and GE Healthcare.

FS: has received research grants from Bayer Healthcare, Bracco, and General
Electric Healthcare.

None of the authors related to the Insights into Imaging Editorial team and
Editorial Board has taken part in the review process of this article.

Other authors of this manuscript declare no relationships with any companies,
whose products or services may be related to the subject matter of the article.

Author details

'Department of Radiology, University of Health Sciences, Basaksehir Cam

and Sakura City Hospital, Basaksehir, Istanbul, Turkey. ZInstitute of Radiology
and Nuclear Medicine, Cantonal Hospital Baselland, Liestal, Switzerland.
3Department of Radiology, Massachusetts General Hospital, Boston, MA, USA.
“Quantitative Imaging Biomarkers in Medicine (Quibim), Valencia, Spain.
Department of Diagnostic and Interventional Radiology, University Hospital
Wiirzburg, Wiirzburg, Germany. ®Department of Translational Research,
Academic Radiology, University of Pisa, Pisa, Italy. Laboratory for Digital Public
Health Technologies, ITMO University, St. Petersburg, Russian Federation.
8Division of Computational Pathology, Department of Pathology and Labora-
tory Medicine, School of Medicine, Indiana University, Indianapolis, IN, USA.
“Center for Federated Learning in Precision Medicine, Indiana University,
Indianapolis, IN, USA. '°Department of Radiology, The Netherlands Cancer
Institute, Amsterdam, the Netherlands. ''GROW School for Oncology

and Developmental Biology, Maastricht University Medical Center, Maastricht,
the Netherlands. ' Institute of Regional Health Research, University

of Southern Denmark, Odense, Denmark. '>Department of Radiology, Charité
- Universitatsmedizin Berlin, Corporate Member of Freie Universitat Berlin
and Humboldt- Universitat zu Berlin, Berlin, Germany. '*Berlin Institute

of Health at Charité - Universitatsmedizin Berlin, Berlin, Germany. "®Institut
Curie, Inserm, PSL University, Laboratory of Translational Imaging in Oncology,
Orsay, France. '%Section of Radiology - Department of Biomedicine,
Neuroscience and Advanced Diagnostics (BiND), University of Palermo,
Palermo, Italy. ' Department of Biomedical Sciences, Humanitas University,
Pieve Emanuele, Milan, Italy. '®Division of Radiology, Istituto Dermopatico
delllmmacolata (IDI) IRCCS, Rome, Italy. 'Joint Department of Medical
Imaging, University Health Network, University of Toronto, Toronto, Canada.
The Russell H. Morgan Department of Radiology and Radiological Science,
Johns Hopkins University School of Medicine, Baltimore, USA. 'Institute

of Diagnostic and Interventional Radiology and Neuroradiology, University
Hospital , Essen, Germany. 2’ Division of Radiotherapy and Imaging, The
Institute of Cancer Research, London, UK. ZDepartment of Imaging, The Royal
Marsden National Health Service (NHS) Foundation Trust, London, UK.


https://doi.org/10.1186/s13244-023-01572-w
https://doi.org/10.1186/s13244-023-01572-w

Kocak et al. Insights into Imaging (2024) 15:8

*4Department of Radiology, University Hospital Erlangen, Erlangen, Germany.
ZDepartment of Radiology, Brigham and Women's Hospital, Harvard Medical
School, Boston, MA, USA. *Department of Radiology, Université Paris Cité,
AP-HP, Hopital Européen Georges Pompidou, PARCC UMRS 970, INSERM, Paris,
France. ’ Department of Surgical Sciences, University of Turin, Turin, Italy.
2Institute of Radiology, Department of Medicine, University of Udine,
University Hospital S. Maria della Misericordia, Udine, Italy. *’Department

of Thoracic Oncology, Netherlands Cancer Institute, Amsterdam, the
Netherlands. **Department of Neuroradiology, Karolinska University Hospital,
Stockholm, Sweden. ' Department of Clinical Science, Division of Radiology,
Intervention and Technology (CLINTEC), Karolinska Institutet, Stockholm,
Sweden. **Department of Radiology, Medical School, University of Crete,
Heraklion, Greece. *3*Department of Radiology, St Vincent's University Hospital,
Dublin, Ireland. **Insight Centre for Data Analytics, UCD, Dublin, Ireland.
¥School of Medicine, University College Dublin, Dublin, Ireland. **Department
of Medical Imaging, University Hospital of Heraklion, Crete, Greece.
¥Department of Radiology, School of Medicine, University of Crete, Heraklion,
Crete, Greece. **Computational Biomedicine Laboratory, Institute of Computer
Science, FORTH, Heraklion, Crete, Greece. *Department of Radiology, Royal
Marsden Hospital, Sutton, UK. “*Department of Diagnostic and Interventional
Radiology, Faculty of Medicine and Medical Center-University of Freiburg,
Freiburg, Germany. *' Department of Radiology and Center for Imaging
Science, Samsung Medical Center, Sungkyunkwan University School

of Medicine, Seoul, South Korea. “> Department of Health Sciences and Tech-
nology, Samsung Advanced Institute for Health Science & Technology
(SAIHST), Sungkyunkwan University, Seoul, South Korea. “*Department

of Radiology & Nuclear Medicine, Amsterdam UMC Location University

of Amsterdam, Meibergdreef 9, Amsterdam, the Netherlands. **Medical
Imaging Department and Biomedical Imaging Research Group, Hospital
Universitario y Politécnico La Fe and Health Research Institute, Valencia, Spain.
“University of Applied Sciences of Western Switzerland (HES-SO Valais), Sierra,
Switzerland. “°Department of Radiology and Medical Informatics, University
of Geneva (UniGe), Geneva, Switzerland. ’ Quantitative Health Sciences,
Lerner Research Institute, Cleveland Clinic, Cleveland, OH, USA. “Computa-
tional Clinical Imaging Group, Centre for the Unknown, Champalimaud
Foundation, Lisbon, Portugal. “’Department of Radiology, Royal Marsden
Hospital and The Institute of Cancer Research, London, UK. *°Radiology
department, Research Institute of Pediatric Oncology and Hematology n. a.
L.A. Durnov, National Medical Research Center of Oncology n. a. N.N. Blokhin
Ministry of Health of Russian Federation, Moscow, Russia. > Medical
Department IRA-Labs, Moscow, Russia. *?Institute for advanced simulation
(IAS-8): Machine learning and data analytics, Forschungszentrum Jilich, Jalich,
Germany. >*Department of Radiology, University Hospital of Cologne,
Cologne, Germany. *“Institute for Diagnostic and Interventional Radiology,
Goethe-University Frankfurt Am Main, Frankfurt, Germany. *°Department

of Advanced Biomedical Sciences, University of Naples Federico I, Naples, Italy.
**Department of Radiation Oncology, Complejo Hospitalario Universitario de
Albacete, Albacete, Spain. >’ Department of Biomedical Sciences for Health,
Universita degli Studi di Milano, Milan, Italy. ®Unit of Radiology, IRCCS
Policlinico San Donato, San Donato Milanese, Milan, Italy. *>Computational
Imaging Research Lab, Department of Biomedical Imaging and Image-guided
Therapy, Medical University of Vienna, Vienna, Austria. ®*Department

of Radiation Oncology, University Medical Center Groningen, University

of Groningen, Groningen, the Netherlands. ¢! Department of Radiotherapy,
Maastro Clinic, Maastricht, the Netherlands. ®*School of Medicine, Vita-Salute
San Raffaele University, Milan, Italy. ©Department of Computer Science,
Université de Sherbrooke, Sherbrooke, Canada. *Centre de recherche du
Centre hospitalier universitaire de Sherbrooke, Sherbrooke, Canada.
%Department of Radiation Oncology, University Medical Center Groningen,
University of Groningen, Groningen, the Netherlands. ®Department

of Radiology, University Medical Center Utrecht, Utrecht University, Utrecht,
the Netherlands. 9’ Department of Radiotherapy, University of Groningen,
University Medical Center Groningen, Groningen, the Netherlands. ®Section
of Radiology, Department of Biomedicine, Neuroscience and Advanced
Diagnosis (Bi.N.D), University of Palermo, Palermo 90127, Italy. “Centre

for Medical Imaging & Centre for Brain Research, Faculty of Medical and Health
Sciences, Auckland Bioengineering Institute, University of Auckland, Auckland,
New Zealand. °Department of Radiology, Norfolk & Norwich University
Hospital, Colney Lane, Norwich, Norfolk, UK. /' Department of Radiology, New
York University Grossman School of Medicine, New York, USA. 7>School

of Information and Communication Technology, Griffith University, Nathan,

Page 17 of 18

Brisbane, Australia. ”*National Center for Tumor Diseases (NCT/UCC), Dresden,
Germany. “*OncoRay — National Center for Radiation Research in Oncology,
Faculty of Medicine and University Hospital Carl Gustav Carus, Technische
Universitdt Dresden, Helmholtz-Zentrum Dresden - Rossendorf, Dresden,
Germany. ">German Cancer Research Center (DKFZ), Heidelberg, Germany.
’5Department of Medicine, Surgery and Dentistry, University of Salerno,
Baronissi, Italy.

Received: 1 August 2023 Accepted: 20 November 2023
Published online: 17 January 2024

References

1. Gillies RJ, Kinahan PE, Hricak H (2016) Radiomics: images are more than
pictures, they are data. Radiology 278:563-577. https://doi.org/10.1148/
radiol.2015151169

2. Kocak B, Baessler B, Cuocolo R et al (2023) Trends and statistics of artificial
intelligence and radiomics research in Radiology, Nuclear Medicine, and
Medical Imaging: bibliometric analysis. Eur Radiol. https://doi.org/10.
1007/500330-023-09772-0

3. Kocak B, Bulut E, Bayrak ON et al (2023) NEgatiVE results in Radiomics research
(NEVER): a meta-research study of publication bias in leading radiology jour-
nals. Eur J Radiol 163:110830. https://doi.org/10.1016/j.ejrad.2023.110830

4. Pinto Dos Santos D, Dietzel M, Baessler B (2021) A decade of radiomics
research: are images really data or just patterns in the noise? Eur Radiol
31:1-4. https://doi.org/10.1007/500330-020-07108-w

5. Papanikolaou N, Matos C, Koh DM (2020) How to develop a meaningful
radiomic signature for clinical use in oncologic patients. Cancer Imaging
20:33. https://doi.org/10.1186/540644-020-00311-4

6. Buvatl, Orlhac F (2019) The dark side of radiomics: on the paramount
importance of publishing negative results. J Nucl Med 60:1543-1544.
https://doi.org/10.2967/jnumed.119.235325

7. Vallieres M, Zwanenburg A, Badic B et al (2018) Responsible radiomics
research for faster clinical translation. J Nucl Med 59:189-193. https://doi.
0rg/10.2967/jnumed.117.200501

8. Kocak B, Yardimci AH, Yuzkan S et al (2022) Transparency in artificial
intelligence research: a systematic review of availability items related to
open science in radiology and nuclear medicine. Acad Radiol S1076—
6332(22):00635-3. https://doi.org/10.1016/j.acra.2022.11.030

9. deSouza NM, van der Lugt A, Deroose CM et al (2022) Standardised lesion
segmentation for imaging biomarker quantitation: a consensus recom-
mendation from ESR and EORTC. Insights Imaging 13:159. https://doi.
0rg/10.1186/513244-022-01287-4

10. Lambin P, Leijenaar RTH, Deist TM et al (2017) Radiomics: the bridge
between medical imaging and personalized medicine. Nat Rev Clin
Oncol 14:749-762. https://doi.org/10.1038/nrclinonc.2017.141

11. Spadarella G, Stanzione A, Akinci D’Antonoli T et al (2023) Systematic
review of the radiomics quality score applications: an EuSoMIl Radiomics
Auditing Group Initiative. Eur Radiol 33:1884-1894. https://doi.org/10.
1007/500330-022-09187-3

12. Sanduleanu S, Woodruff HC, de Jong EEC et al (2018) Tracking tumor biol-
ogy with radiomics: a systematic review utilizing a radiomics quality score.
Radiother Oncol 127:349-360. https://doi.org/10.1016/j.radonc.2018.03.033

13. Akinci D'’Antonoli T, Cavallo AU, Vernuccio F et al (2023) Reproducibility
of radiomics quality score: an intra- and inter-rater reliability study. Eur
Radiol. https://doi.org/10.1007/500330-023-10217-x

14. Welch ML, McIntosh C, Haibe-Kains B et al (2019) Vulnerabilities of radi-
omic signature development: the need for safeguards. Radiother Oncol
130:2-9. https://doi.org/10.1016/j.radonc.2018.10.027

15. Kocak B, Baessler B, Bakas S et al (2023) CheckList for EvaluAtion of Radi-
omics research (CLEAR): a step-by-step reporting guideline for authors
and reviewers endorsed by ESR and EuSoMIl. Insights Imaging 14:75.
https://doi.org/10.1186/513244-023-01415-8

16. Caulley L, Catala-Lépez F, Whelan J et al (2020) Reporting guidelines of
health research studies are frequently used inappropriately. J Clin Epide-
miol 122:87-94. https://doi.org/10.1016/j.jclinepi.2020.03.006

17. Logullo P, MacCarthy A, Kirtley S, Collins GS (2020) Reporting guideline
checklists are not quality evaluation forms: they are guidance for writing.
Health Sci Rep 3:2165. https://doi.org/10.1002/hsr2.165


https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.1007/s00330-023-09772-0
https://doi.org/10.1007/s00330-023-09772-0
https://doi.org/10.1016/j.ejrad.2023.110830
https://doi.org/10.1007/s00330-020-07108-w
https://doi.org/10.1186/s40644-020-00311-4
https://doi.org/10.2967/jnumed.119.235325
https://doi.org/10.2967/jnumed.117.200501
https://doi.org/10.2967/jnumed.117.200501
https://doi.org/10.1016/j.acra.2022.11.030
https://doi.org/10.1186/s13244-022-01287-4
https://doi.org/10.1186/s13244-022-01287-4
https://doi.org/10.1038/nrclinonc.2017.141
https://doi.org/10.1007/s00330-022-09187-3
https://doi.org/10.1007/s00330-022-09187-3
https://doi.org/10.1016/j.radonc.2018.03.033
https://doi.org/10.1007/s00330-023-10217-x
https://doi.org/10.1016/j.radonc.2018.10.027
https://doi.org/10.1186/s13244-023-01415-8
https://doi.org/10.1016/j.jclinepi.2020.03.006
https://doi.org/10.1002/hsr2.165

Kocak et al. Insights into Imaging (2024) 15:8

20.

21

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Moher D, Schulz KF, Simera |, Altman DG (2010) Guidance for developers
of health research reporting guidelines. PLoS Med 7:e1000217. https://
doi.org/10.1371/journal.pmed.1000217

Diamond IR, Grant RC, Feldman BM et al (2014) Defining consensus: a
systematic review recommends methodologic criteria for reporting of
Delphi studies. J Clin Epidemiol 67:401-409. https://doi.org/10.1016/j.jclin
epi.2013.12.002

Roszkowska E (2013) Rank Ordering Criteria Weighting Methods - a
Comparative Overview. Optim Stud Ekon 14-33

Stillwell WG, Seaver DA, Edwards W (1981) A comparison of weight
approximation techniques in multiattribute utility decision making.
Organ Behav Hum Perform 28:62-77. https://doi.org/10.1016/0030-
5073(81)90015-5

Whiting PF, Rutjes AWS, Westwood ME et al (2011) QUADAS-2: a revised
tool for the quality assessment of diagnostic accuracy studies. Ann Intern
Med 155:529-536. https://doi.org/10.7326/0003-4819-155-8-20111
0180-00009

Bossuyt PM, Reitsma JB, Bruns DE et al (2015) STARD 2015: an updated
list of essential items for reporting diagnostic accuracy studies. BMJ
351:h5527. https://doi.org/10.1136/bmj.h5527

Collins GS, Reitsma JB, Altman DG, Moons KG (2015) Transparent report-
ing of a multivariable prediction model for individual prognosis or
diagnosis (TRIPOD): the TRIPOD Statement. BMC Med 13:1. https://doi.
0rg/10.1186/512916-014-0241-z

Luo W, Phung D, Tran T et al (2016) Guidelines for developing and
reporting machine learning predictive models in biomedical research:

a multidisciplinary view. J Med Internet Res 18:e323. https://doi.org/10.
2196/jmir.5870

Martin J (2017) © Joanna Briggs Institute 2017 Critical Appraisal Checklist
for Analytical Cross Sectional Studies

Mongan J, Moy L, Kahn CE (2020) Checklist for Artificial Intelligence in
Medical Imaging (CLAIM): a guide for authors and reviewers. Radiol Artif
Intell 2:2200029. https://doi.org/10.1148/ryai.2020200029

Zwanenburg A, Vallieres M, Abdalah MA et al (2020) The image biomarker
standardization initiative: standardized quantitative radiomics for high-
throughput image-based phenotyping. Radiology 295:328-338. https://
doi.org/10.1148/radiol.2020191145

Orlhac F, Nioche C, Klyuzhin | et al (2021) Radiomics in PET imaging: a
practical guide for newcomers. PET Clin 16:597-612. https://doi.org/10.
1016/j.cpet.2021.06.007

Pfaehler E, Zhovannik I, Wei L et al (2021) A systematic review and quality
of reporting checklist for repeatability and reproducibility of radiomic
features. Phys Imaging Radiat Oncol 20:69-75. https://doi.org/10.1016/j.
phro.2021.10.007

Shur JD, Doran SJ, Kumar S et al (2021) Radiomics in Oncology: a practical
guide. Radiographics 41:1717-1732. https://doi.org/10.1148/rg.20212
10037

Sollini M, Cozzi L, Ninatti G et al (2021) PET/CT radiomics in breast cancer:
mind the step. Methods 188:122-132. https://doi.org/10.1016/j.ymeth.
2020.01.007

Volpe S, Pepa M, Zaffaroni M et al (2021) Machine learning for head and
neck cancer: a safe bet?-a clinically oriented systematic review for the
radiation oncologist. Front Oncol 11:772663. https://doi.org/10.3389/
fonc.2021.772663

Jha AK, Bradshaw TJ, Buvat | et al (2022) Nuclear medicine and artificial
intelligence: best practices for evaluation (the RELAINCE Guidelines). J
Nucl Med 63:1288-1299. https://doi.org/10.2967/jnumed.121.263239
Hatt M, Krizsan AK, Rahmim A et al (2023) Joint EANM/SNMMI guideline
on radiomics in nuclear medicine: jointly supported by the EANM Physics
Committee and the SNMMI Physics, Instrumentation and Data Sciences
Council. Eur J Nucl Med Mol Imag 50:352-375. https://doi.org/10.1007/
500259-022-06001-6

Cerdé-Alberich L, Solana J, Mallol P et al (2023) MAIC-10 brief quality
checklist for publications using artificial intelligence and medical images.
Insights Imaging 14:11. https://doi.org/10.1186/513244-022-01355-9
Heus P Damen JAAG, Pajouheshnia R et al (2019) Uniformity in measur-
ing adherence to reporting guidelines: the example of TRIPOD for assess-
ing completeness of reporting of prediction model studies. BMJ Open
9:¢025611. https://doi.org/10.1136/bmjopen-2018-025611

Tejani AS, Klontzas ME, Gatti AA et al (2023) Updating the Checklist

for Artificial Intelligence in Medical Imaging (CLAIM) for reporting

Page 18 of 18

Al research. Nat Mach Intell 5:950-951. https://doi.org/10.1038/
$42256-023-00717-2

39. Klontzas ME, Gatti AA, Tejani AS, Kahn CE (2023) Al Reporting Guidelines:
how to select the best one for your research. Radiol Artif Intell 5:2230055.
https://doi.org/10.1148/ryai.230055

40. Gidwani M, Chang K, Patel JB et al (2023) Inconsistent partitioning and
unproductive feature associations yield idealized radiomic models. Radi-
ology 307:€220715. https://doi.org/10.1148/radiol.220715

41. Zwanenburg A (2019) Radiomics in nuclear medicine: robustness,
reproducibility, standardization, and how to avoid data analysis traps and
replication crisis. Eur J Nucl Med Mol Imag 46:2638-2655. https://doi.org/
10.1007/500259-019-04391-8

42. Park JE, Park SY, Kim HJ, Kim HS (2019) Reproducibility and generalizability
in radiomics modeling: possible strategies in radiologic and statistical
perspectives. Korean J Radiol 20:1124-1137. https://doi.org/10.3348/kjr.
2018.0070

43. National Academies of Sciences Engineering, Medicine (2019) Repro-
ducibility and Replicability in Science. The National Academies Press,
Washington, DC

44. Kocak B, Keles A, Akinci D’Antonoli T (2023) Self-reporting with checklists
in artificial intelligence research on medical imaging: a systematic
review based on citations of CLAIM. Eur Radiol. https://doi.org/10.1007/
s00330-023-10243-9

45, Akinci D’Antonoli T, Mercaldo ND (2023) Obsolescence of nomograms in
radiomics research. Eur Radiol. https://doi.org/10.1007/500330-023-09728-4

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Submit your manuscript to a SpringerOpen®
journal and benefit from:

» Convenient online submission

» Rigorous peer review

» Open access: articles freely available online
» High visibility within the field

» Retaining the copyright to your article

Submit your next manuscript at » springeropen.com



https://doi.org/10.1371/journal.pmed.1000217
https://doi.org/10.1371/journal.pmed.1000217
https://doi.org/10.1016/j.jclinepi.2013.12.002
https://doi.org/10.1016/j.jclinepi.2013.12.002
https://doi.org/10.1016/0030-5073(81)90015-5
https://doi.org/10.1016/0030-5073(81)90015-5
https://doi.org/10.7326/0003-4819-155-8-201110180-00009
https://doi.org/10.7326/0003-4819-155-8-201110180-00009
https://doi.org/10.1136/bmj.h5527
https://doi.org/10.1186/s12916-014-0241-z
https://doi.org/10.1186/s12916-014-0241-z
https://doi.org/10.2196/jmir.5870
https://doi.org/10.2196/jmir.5870
https://doi.org/10.1148/ryai.2020200029
https://doi.org/10.1148/radiol.2020191145
https://doi.org/10.1148/radiol.2020191145
https://doi.org/10.1016/j.cpet.2021.06.007
https://doi.org/10.1016/j.cpet.2021.06.007
https://doi.org/10.1016/j.phro.2021.10.007
https://doi.org/10.1016/j.phro.2021.10.007
https://doi.org/10.1148/rg.2021210037
https://doi.org/10.1148/rg.2021210037
https://doi.org/10.1016/j.ymeth.2020.01.007
https://doi.org/10.1016/j.ymeth.2020.01.007
https://doi.org/10.3389/fonc.2021.772663
https://doi.org/10.3389/fonc.2021.772663
https://doi.org/10.2967/jnumed.121.263239
https://doi.org/10.1007/s00259-022-06001-6
https://doi.org/10.1007/s00259-022-06001-6
https://doi.org/10.1186/s13244-022-01355-9
https://doi.org/10.1136/bmjopen-2018-025611
https://doi.org/10.1038/s42256-023-00717-2
https://doi.org/10.1038/s42256-023-00717-2
https://doi.org/10.1148/ryai.230055
https://doi.org/10.1148/radiol.220715
https://doi.org/10.1007/s00259-019-04391-8
https://doi.org/10.1007/s00259-019-04391-8
https://doi.org/10.3348/kjr.2018.0070
https://doi.org/10.3348/kjr.2018.0070
https://doi.org/10.1007/s00330-023-10243-9
https://doi.org/10.1007/s00330-023-10243-9
https://doi.org/10.1007/s00330-023-09728-4

	METhodological RadiomICs Score (METRICS): a quality scoring tool for radiomics research endorsed by EuSoMII
	Abstract 
	Purpose 
	Methods 
	Result 
	Conclusion 
	Critical relevance statement 
	Key points 

	Introduction
	Material and methods
	Design and development
	Anonymity
	Informed consent
	Consensus criteria
	Recruitment of participants
	Modified Delphi
	Stage#1 (preparation)
	Stage#2 (discussion with Group#1 panelists)
	Stage#3 (modified Delphi rounds)

	Statistical analysis

	Results
	Modified Delphi
	Finalized METRICS tool
	Total score categories

	Discussion
	Acknowledgements
	References


