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Abstract

Objective To conduct an overview of meta-analyses of radiomics studies assessing their study quality and evidence
level.

Methods A systematical search was updated via peer-reviewed electronic databases, preprint servers, and system-
atic review protocol registers until 15 November 2022. Systematic reviews with meta-analysis of primary radiomics
studies were included. Their reporting transparency, methodological quality, and risk of bias were assessed by PRISMA
(Preferred Reporting Items for Systematic reviews and Meta-Analyses) 2020 checklist, AMSTAR-2 (A MeaSurement
Tool to Assess systematic Reviews, version 2) tool, and ROBIS (Risk Of Bias In Systematic reviews) tool, respectively. The
evidence level supporting the radiomics for clinical use was rated.

Results We identified 44 systematic reviews with meta-analyses on radiomics research. The mean + standard devia-
tion of PRISMA adherence rate was 65 +9%. The AMSTAR-2 tool rated 5 and 39 systematic reviews as low and critically
low confidence, respectively. The ROBIS assessment resulted low, unclear and high riskin 5, 11, and 28 systematic
reviews, respectively. We reperformed 53 meta-analyses in 38 included systematic reviews. There were 3, 7, and 43
meta-analyses rated as convincing, highly suggestive, and weak levels of evidence, respectively. The convincing level
of evidence was rated in (1) T2-FLAIR radiomics for IDH-mutant vs IDH-wide type differentiation in low-grade glioma,
(2) CT radiomics for COVID-19 vs other viral pneumonia differentiation, and (3) MRI radiomics for high-grade glioma vs
brain metastasis differentiation.

Conclusions The systematic reviews on radiomics were with suboptimal quality. A limited number of radiomics
approaches were supported by convincing level of evidence.

Clinical relevance statement
The evidence supporting the clinical application of radiomics are insufficient, calling for researches translating radi-
omics from an academic tool to a practicable adjunct towards clinical deployment.
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The systematic reviews on radiomics were with suboptimal quality. A limited number of radiomics

approaches were supported by convincing level of evidence.

Introduction

A decade has passed since the concept of radiomics
was raised [1]. The concept of radiomics is based on an
assumption that medical images contain information
of disease-specific processes that are undetectable to
naked eye [2]. Radiomics, a high-throughput method-
ology that extract large amounts of imaging biomark-
ers from medical images, is believed to be one of the
most promising approaches for enhancing the existing
images into deeper mineable data to support clinical
decision-making [1-6]. The rapidly evolving field of

radiomics has attracted considerable interest, with a
plethora of primary radiomics studies being published
[7, 8]. Radiomics seems to potentially have a huge
impact on clinical routine at first sight, but so far, lit-
tle to none of these encouraging findings have served
as evidence supporting these research tools translating
into clinical application [9-13].

Primary radiomics studies are the sources of informa-
tion for clinical evidence, while the systematic reviews
and meta-analyses provide integration or synthesis of
evidence with higher precision from conflicting results,
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and address questions that cannot be asked in individual
studies [14]. Although an increasing number of system-
atic reviews and meta-analyses are published in various
medical fields, including radiomics [15], it is still unclear
how far radiomics is from current research to clini-
cal application [9-13]. There were systematic reviews
attempt to cover a wide range of topics in radiomics [16,
17]. However, the number of published primary radi-
omics studies was too large to summarize in one single
systematic review [16], and the evidence level rating of
current radiomics was out of the aim of a methodologi-
cal systematic review [17]. Nevertheless, the overview of
systematic reviews is a relatively new type of publication
that attempts to provide a broader evidence synthesis
highlighting the knowledge gaps, biases, and priorities
for future research, which helps clinical practitioners and
policy-makers interpret the results of higher-level pieces
of evidence in radiomics [18-20].

Therefore, our overview of systematic reviews of pri-
mary radiomics studies is aimed at assessing the study
quality and the evidence level supporting radiomics
application in clinical settings.

Methods

Protocol and registration

This overview of meta-analysis has been prospectively
registered on PROSPERO (CRD42021272746), and the
review protocol is available as Additional file 1: Note S1.
The ethical approval was not required due to the nature of
the study. The overview of meta-analysis was conducted
as per guidelines [19-22]. The corresponding checklists
are supplied in Additional file 1. The literature search,
study selection, data extraction, and quality assessment
were duplicated by two independent reviewers (J.Z. and
either YH., Y.X., X.G,, or D.D.). The disagreements were
resolved by consults with a third independent reviewer
(G.Z.,SM,,H.C, QY.,, G.Y,, H.Z. or W.Y.). The data anal-
ysis was performed by a reviewer (J.Z.) under supervision
of a statistical expert (J.L.).

Literature search and study selection

A systematic search was performed to identify systematic
reviews with meta-analysis concerning on the radiom-
ics applications for diagnostic, predictive, or prognostic
purposes. The search strategy was tested for feasibility
with the variations of the terms “radiomics’, “systematic
review” and “meta-analysis” The full formal search was
performed until 30 September 2022 and was updated
until 15 November 2022. We searched the peer-reviewed
electronic databases (PubMed, Embase, Web of Science,
Cochrane reviews via Cochrane Central, EBSCO Cumu-
lative Index to Nursing and Allied Health Literature,
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Institute of Electrical and Electronics Engineers and
Institution of Engineering and Technology Xplore, Asso-
ciation for Computing Machinery Digital Library, China
National Knowledge Infrastructure, Wanfang Data), pre-
print servers (arXiv, medRxiv, bioRxiv), and systematic
review protocol registers (PROSPERO and Cochrane
protocol via Cochrane Central). To identify addition-
ally eligible systematic reviews, the reference lists of all
included articles were screened, and radiomics experts
were consulted.

We include all the systematic reviews with meta-analy-
sis concerning on the radiomics applications for diagnos-
tic, predictive, or prognostic purposes in humans. There
was no restriction for publication period, target popula-
tion, study setting, or comparator group, while only arti-
cles in English, Chinese, Japanese, German, and French
were available. We excluded with following criteria: (a)
primary study systematic review without meta-analysis,
and article with insufficient information for assessment;
(b) systematic review purely assessed artificial intelli-
gence, machine learning or deep learning; (c) system-
atic review focused on methodology or robustness issue
other than clinical-relevant questions. After excluding
duplicates, we screened the titles and abstract for poten-
tially available systematic reviews and then, confirmed
their eligibility by reading the full-texts, supplementary
materials, and related review protocols. The detailed
search strategy and study selection process are provided
in Additional file 1: Note S2.

Data extraction and study assessment

The data were extracted according to a predefined data
extraction sheet (Additional file 1: Table S1). This sheet
includes bibliographical information, study characteris-
tics, and effect metrics at level of meta-analyses and those
at level of individual primary studies. The contingency
tables at the level of individual studies were extracted or
reconstructed for repeating meta-analysis.

The PRISMA (Preferred Reporting Items for System-
atic reviews and Meta-Analyses) 2020 checklist [22], the
AMSTAR-2 (A MeaSurement Tool to Assess systematic
Reviews, version 2) tool [23], and the ROBIS (Risk Of
Bias In Systematic reviews) tool [24] for reporting qual-
ity, methodological quality, and risk of bias assessment,
respectively. The operational definitions of these three
tools can be found in Additional file 1: Tables S2 to S5.
The PRISMA 2020 checklist is updated to guide system-
atic reviewers for transparently reporting with a checklist
for abstract of twelve items and a checklist for full-text of
twenty-seven items. The AMSTAR-2 tool is developed and
modified for critically appraising systematic reviews with
sixteen questions to assess their methodological quality.
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The three-phase ROBIS tool is specifically designed to
assess the risk of bias in systematic reviews covering four
domains: study eligibility criteria, identification and selec-
tion of studies, data collection and study appraisal, and
synthesis and findings. These tools have been tailored to
radiological systematic reviews and applied for identifying
overlooked reporting items, insufficient methodology, and
potential risk of bias, respectively [25-27].

A training phase was introduced to test and modify the
tools to reach an operational definition of each item and
make sure that all reviewers have a shared understand-
ing. Reached consensus during data extraction and qual-
ity assessments is available in Additional file 1: Note S3.

Data analysis and strength of evidence

The statistical analysis was performed with R language
version 4.1.3 within using relevant packages [28, 29]. The
differences of PRISMA adherence rate, AMSTAR-2 rat-
ing, and ROBINS assessment were compared by (a) Jour-
nal Citation Report quartile (Q1 or Q2-Q4), (b) journal
type (imaging or non-imaging), (c) first authorship (radi-
ologist or non-radiologist), (d) biomarker (diagnostic,
predictive, or prognostic), and (e) publication year (2020,
2021, or 2022), using student’s t test, one-way analysis of
variance, and Chi-square test. A two-tailed p<0.05 was
recognized as statistical significance, unless specified
otherwise.

The meta-analyses were re-performed with R language
version 4.1.3 using relevant packages to allow evidence
rating [30, 31]. The diagnostic odds ratio (OR) and the
corresponding 95% confidence interval (CI) were pooled
as summary effect size using random-effect models, and
corresponding p values were calculated. The sensitivity,
specificity, area under curve and index of concordance
were not included for analysis, because the correspond-
ing methodology has not been well established so far
[21]. The I* statistic was used to assess heterogeneity
among primary studies. The 95% prediction intervals
(PI) were calculated to facilitate more conservative pre-
diction for potential application of radiomics models.
The Egger’s test was conducted for small-study effects
and publication bias. Excess significance bias was evalu-
ated by a Chi-square test comparing the actual observed
number of primary studies with a p<0.05 with the
expected number of primary studies with statistical
significance.

The strength of evidence supporting radiomics for
clinical use was categorized into five levels: convinc-
ing, highly suggestive, suggestive, weak, and not sugges-
tive (Additional file 1: Table S6), based on the results of
a series of aforementioned analyses [21]. The detailed
data analysis process is available in Additional file 1:
Note S4.
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Results

Literature search

The flow diagram of selection process is shown in Fig. 1.
Our primary literature search resulted in 926 records,
in which 43 systematic reviews were included. No extra
available systematic review was identified through pre-
print servers, systematic review protocol registers, or
citation searching. The up-to-date search identified 1
extra eligible systematic review. Finally, 44 systematic
reviews were included for the current overview [32-75].
The lists of the included systematic reviews with meta-
analyses, and the excluded articles with justifications are
provided in Additional file 1: Note S5.

Study characteristics

The characteristics of the included systematic reviews
were summarized (Table 1 and Additional file 1: Tables
S§7 and S8). The systematic reviews most frequently
evaluated the application of radiomics in breast cancer
(n=7), followed by glioma (n=5) and liver cancer (n=4).
The systematic reviews evaluating non-oncological dis-
eases were less common. Only 2 and 1 systematic review
investigated the radiomics in COVID-19 and pancreati-
tis, respectively.

The quality assessment tools used in included system-
atic reviews varied (Table 1). The Radiomics Quality
Score (RQS) rating was the most employed tool (n=31),
followed by the Transparent Reporting of a multivari-
able prediction model for Individual Prognosis Or Diag-
nosis (TRIPOD) checklist (n=4), the Image Biomarker
Standardization Initiative (IBSI) checklist (z=2), and
the CheckList for Artificial Intelligence in Medical imag-
ing (CLAIM) (n=1). The revised QUality Assessment of
Diagnostic Accuracy Studies (QUADAS-2) tool, and Pre-
diction model Risk Of Bias ASsessment Tool (PROBAST)
were applied by 30 and 2 systematic reviews for risk of
bias assessment.

Quality and risk of bias assessment

The result of quality assessment is presented in Fig. 2 and
Table 2. The evaluation results for individual systematic
reviews are available in Additional file 1: Tables S9 to S11.
The overall mean + standard deviation (median, range) of
PRISMA adherence rate was 65+ 9% (64%, 48%-83%) for
reporting quality. The AMSTAR-2 rated 5 and 39 system-
atic reviews as low and critically low confidence in meth-
odological quality assessment, respectively. The overall
risk of bias assessment by ROBIS tool resulted 5, 11, and
28 systematic reviews as having a low, unclear, and high
risk of bias, respectively. The PRISMA adherence rate
of systematic reviews with a first authorship of radi-
ologist was higher than those without (68+7 vs 62+10,
p=0.023).
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Fig. 1 Flow diagram of systematic review search and selection

Meta-analysis and strength of evidence

There were 53 meta-analyses in 38 systematic reviews
re-conducted based on extracted or reconstructed data,
covering 497 primary studies, 65,955 subjects, and 29,408
events [32, 33, 35-41, 44-47, 49-59, 61-63, 65-75]
(Fig. 3). The meta-analyses in 6 systematic reviews were
excluded due to unavailable data [34, 42, 43, 48, 60, 64].
Up to 47 meta-analyses reached a stringent p-value of less
than 107, and 6 meta-analyses presented p-values <1072,
None of the meta-analyses was deemed as non-signifi-
cant. Twenty-eight meta-analyses presented an I*>50%.
There were 5 meta-analyses conducting with less than
three primary studies. For those performing with three
or more primary studies, the 95%PI excluded the null
value in 37 meta-analyses. Egger’s test of 28 meta-anal-
yses reached p>0.05 for indicating no small-study effects
or publication bias. The excess significance bias was not
presented in 35 meta-analyses.

Accordingly, there were 3, and 7 meta-analyses rated
as convincing, and highly suggestive level of evidence,
respectively (Table 3). The radiomics has been rated as
convincing level of evidence in (1) T2-FLAIR radiom-
ics for IDH-mutant vs IDH-wide type differentiation in

search until 15 Nov 2022

(h=1) (n=1)

low-grade glioma (diagnostic OR 7.2, 95%CI 4.0 to 12.9;
p=3.13x1071Y), (2) CT radiomics for COVID-19 vs other
viral pneumonia differentiation (OR 26.7, 95%CI 19.5 to
36.7; p=4.54x107%%), and (3) MRI radiomics for high-
grade glioma vs brain metastasis differentiation (OR 48.8,
95%CI 32.8 to 72.5; p=7.25x107%%). The meta-analyses
were rated as highly suggestive mainly due to high het-
erogeneity, significant small-study effects and publication
bias. In spite of these dramatic statistical significances, 43
meta-analyses were rated as weak pieces of evidence. The
reason for them failed to reach a higher level of evidence
was mainly inadequate number of participants.

Discussion

An increasing number of studies are investigating the
potential of radiomics as a diagnostic, predictive, or
prognostic tool in multiple clinical scenarios, while none
of the radiomics academic research has been success-
fully translated into daily clinical practice. Our overview
of systematic reviews with meta-analyses identified 44
systematic reviews and reperformed 53 meta-analyses.
The radiomics seemed to be convincing tools in answer-
ing three clinical questions including: (1) differentiation
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Table 1 Characteristics of included systematic reviews

Characteristics Data

Included primary studies, mean + standard
deviation, median (range)

224+22.7,15 (510 133)

Impact factor, mean + standard deviation, 533+1.63,5.74 (237 t0 10.06)

median (range)

JCR quartile, n N=42*
Q1 18
Q2-Q4 24
Not applicable 2

Journal type, n N=44
Imaging 22
Non-imaging 22
First authorship, n N=44
Radiologist 21
Non-radiologist 23

Imaging modality, n N=81**
cT 25
MRI 35
PET "
us 8
MMG 2

Biomarker, n N=44
Diagnostic 25
Predictive/Prognostic 13
Diagnostic and Predictive/Prognostic 6

Topics N=44

Oncologic
Breast 7
Chest 4
Gastrointestinal 9
Genitourinary 6
Head and Neck 3
Musculoskeletal 3
Neuro 7
Gynecologic 2

Non-oncologic
COVID-19 2

Pancreatitis 1

Quality assessment tool, n N=70**
CLAIM 1
1BSI 2
PROBAST 2
QUADAS-2 30
RQS 31
TRIPOD 4

*Two systematic reviews have no impact factor [35, 44]. ** Systematic reviews
with multiple imaging modalities, or multiple quality assessment tools

were counted, respectively. CLAIM = Checklist for Artificial Intelligence in
Medical Imaging, IBSI=Image Biomarker Standardization Initiative, Journal
Citation Report, PROBAST = Prediction Model Risk of Bias Assessment Tool,
QUADAS =Quiality Assessment of Diagnostic Accuracy Studies, RQS =Radiomics
Quality Score rating, TRIPOD =Transparent Reporting of a Multivariable
Prediction Model for Individual Prognosis or Diagnosis
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of IDH-mutant vs IDH-wide type in low-grade glioma,
(2) differentiation of COVID-19 vs other viral pneumo-
nia, and (3) differentiation of high-grade glioma vs brain
metastasis. However, the included systematic reviews
were insufficient in reporting, suboptimal in methodo-
logical quality, and with high risk of bias. The subopti-
mal study quality might lead to insufficient confidence
in radiomics application and thereby hinder the clinical
translation of radiomics even there was high-level of sup-
porting evidence.

The radiomics were most frequently employed in onco-
logical field with a representing example of breast can-
cer which accounting for seven of included systematic
reviews, resulting only three non-oncological radiomics
systematic reviews. Sollini et al. [16] declared that the
number of oncological image minding studies was six-
times of those in non-oncological field. Spadarella et al.
[17] found that more than nine tenths of their included
systematic reviews focused on oncological radiomics.
It is not surprising because the concept of radiomics
was raised to mine the medical images for extra deeper
information related to oncological genomics [1]. How-
ever, the radiomics-biological correlation is more than
radio-genomics but covers the diverse clinical, imaging,
and molecular profile data, which allow understanding of
complex diseases to achieve accurate diagnosis in order
to provide the best possible treatment [12, 76]. The radi-
omics investigations are encouraged to expand to the
non-oncological field for wider potential applications.

The quality and risk of bias assessment tools for radiomics
systematic reviews varied. The RQS and QUADAS-2 tool
were the most used tool for study quality and risk of bias
assessment, respectively. The RQS was most used for quality
assessment in the included systematic reviews and has been
long served a necessary role as the de facto reference tool
for assessing radiomics studies [17]. However, the RQS was
far from perfect. With an increasing trend of deep learning
application in radiomics, RQS could not well identify the
advantages and disadvantages in radiomics studies applying
as the CLAIM [72]. The TRIPOD checklist might further
identify room for improvement in radiomics studies, but
some items were not suitable for radiomics studies [76]. The
IBSI checklist has highly overlapped with other checklists
and somehow too complicated to use [73]. Recently, Check-
List for EvaluAtion of Radiomics research (CLEAR) has
been developed as a single documentation standard for
radiomics research that can guide authors and reviewers
[77. However, the reproducibility and effectiveness of this
tool has not been fully investigated yet. The QUADAS-2
tool was employed repeatedly because most of the radiom-
ics studies were diagnostic accuracy studies. The PROBAST



Zhong et al. Insights into Imaging (2023) 14:111 Page 7 of 12

a PRISMA adherence rate b AMASTR-2 rating score

Total Total
Titile and abstract PICO components

Introduction Review protocol
Methods Study design selection
Results Search strategy
Discussion Duplicated study selection

Other information Duplicated data extraction

0% 25%  50%  75%  100% Study exclusion
Yes No Study characteristics
RoB assessment
(o] ROBIS assessment Funding information
. . Meta-analysis method
RoB in review RoB impact
Eligibility criteria RoB accounting
Study identification and selection Heterogeneity
Data collection and appraisal Publication bias
Synthesis and findings Conflict of interest

0%  25%  50%  75%  100% 0%  25%  50%  75%  100%

Low Unclaer High Yes Partial Yes No

Fig. 2 Result of quality assessment of included systematic reviews. a PRISMA adherence rate, b AMASTR-2 rating score, and ¢ ROBIS assessment

Table 2 Result of quality assessment of included systematic reviews

Subgroup No. of PRISMA adherence rate AMSTAR-2 rating ROBINS assessment

systematic

reviews Mean +standard deviation, % Low,n Criticallylow,n Low,n Unclear,n High,n
Overall 44 65+9 5 39 5 1 28
JCR quartile (N=42), p-value 0.406 >0.99 0.073
Q1 18 67+8 2 16 0 4 14
Q2-Q4 24 64+10 3 21 5 7 12
Journal type (N=44), p-value 0.689 0.154 0.291
Imaging 22 64+10 4 18 3 5 14
Non-imaging 22 65+8 1 21 2 6 14
First authorship (N=44), p-value 0.023 0.187 0.344
Radiologist 21 68+7 1 20 3 5 13
Non-radiologist 23 62+10 4 19 2 6 15
Biomarker (N=44), p-value 0.124 0.117 0.132
Diagnostic 25 64+9 5 20 4 9 12
Predictive/Prognostic 13 63+9 0 13 1 2 10
Diagnostic and Predictive/Prognostic 6 72+8 0 6 0 0 6
Publication year (N=44), p-value 0.208 0.698 0.499
2020 3 65+ 10 0 3 0 1 2
2021 20 62+9 3 17 1 15
2022 21 67+8 2 19 4 M

tool might be also suitable for most of radiomics studies
because it is developed for predictive models of both diag-
nostic and prognostic purpose. Other guidelines and check-
lists are developed or under development for radiomics and
artificial intelligence studies including artificial intelligence
extensions for TRIPOD, QUADAS-2, and PROBAST [79].

Further validation is needed for their feasibility and effi-
ciency in improving quality of radiomics studies.

The evidence rating highlighted three pieces of con-
vincing evidence of radiomics approaches answering
clinical questions. However, there were seven pieces
of highly suggestive evidence hindered by the high
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P-value 95%P! 2 Egger ESB
L
Study [Reference] Clinical question Level Case OR 95%Cl E E =

Y3 835 33 285 z8%
Han2022 [44] T2-FLAR radiomics for IDH-mutant vs IDH-wide type in low-grade glioma I 1189 7211 [4.025,12919]
Li2022C [55] MRI radiomics for high-grade glioma vs brain metastasis differentiation | 1285 26727 [19.47,36.689]
Kao2021B [48] CT radiomics for COVID-19 vs viral pneumonia differentiation | 1738 48753 [32.779,72512]
Zhang2022A [66] Radimics for microvascular invasion prediction in HCC I 1102 10.772 [7.589, 15.29]
Davey2021C [40] MRI radiomics for Luminal A vs other subtypes differentication in BC I 1272 22306 [8.647,57.541]
Li2022A [53] Radimics for microvascular invasion prediction in HCC I 1668 23546 [15.582,35582]
Muhlbauer2021 [58] Radiomics for benign vs malignt renal tumors differentiation I 1130 23701 [15.196,36.965]
Li2022D [56] MRI radiomics for breast cancer positive vs negative differentiation I 2415 27102 [17.525,41911]
Cleere2022 [37] US radiomics for malignancy vs bengin thyroid nodule differentication per patient I 1092 32582 [17.12,62.01]
Castaldo2021 [35] Radiomics for prostate cancer positive vs negative differentication I 1310 79922 [35.731,178.767]
Zhong2022D [73] US radimics for microvascular invasion prediction in HCC v 96 5991 [3.239,11.079]
Bedrikovetski2021A [31] Radiomics for lymph node metastasis prediction in colorectal cancer v 282 748  [3227,17.334]
Li20228B [54] MRI radiomics for lymph node metastasis prediction in cervical cancer v 250 9.765 [6.653,14.334]
Zhang2022C [68] CT radiomics for malignant vs benign adrenal tumor differentiation v 516 10247 [3.897,26.947]
Davey2021B [39] MRI radiomics for OncotypeDX recurrence score <30 vs >=30 differenciation in BC v 145 10723  [2.754,41.757]
Bedrikovetski2021B [32] Radiomics for lymph node metastasis prediction in hepatobiliary malignancy ) 193 115 [5.337,24.781]
Zhang20228B [71] DCR-MRI radiomics for axillary lymph node metastasis prediction in BC \% 748 12222 [5641,26482]
Zhong2021 [69] Radiomics for good vs poor responder to NACT prediction in osteosarcoma v 154 12776 [3.025,53.953]
Ursprung2020 [64] Radiomics for AML vs RCC differentiation v 243 12805 [7.368,22.255]
Bedrikovetski2021B [32] Radiomics for lymph node metastasis prediction in gynaecological malignancy v 43 13431 [4.491,40.17]
Huang2020 [45] Radimics for microvascular invasion prediction in HCC v 848 13811 [9.544,19.984]
Ren2022 [60] MRI radiomics for lymph node metastasis prediction in cervical cancer v 141 14025 [8.169,24.081]
Chen2021 [36] Radiomics for immunotherapy response good vs poor prediction in NSCLC Y 145 14987 [8.655, 25.95]
Davey2021C [40] Mammographic radiomics for TNBC vs other subtypes differentication in BC \% 357 17159 [11.832,624.883]
Muhlbauer2021 [58] Radiomics for AML vs RCC differentiation v 359 18131 [10.833,30.348]
Zhong2022A [70] Radiomics for enchondroma vs low-grade chondrosarcoma differentiation 1\ 111 19207 [3.576,103.162]
Zhong2022D [73] CT radimics for microvascular invasion prediction in HCC v 245 19329 [10.809,34.567]
Han2022 [44] T2-FLAIR radiomics for IDHmut-Noncodel vs non-IDHmut-Noncodel in low-grade glioma v 947 19683 [11.912,32522]
Zhong2022A [70] Radiomics for low-grade vs high-grade chondrosarcoma differentiation v 104 20705 [10.29,41.662]
Muhlbauer2021 [58] Radiomics for oncocytoma vs RCC differentiation 1\ 313 2107 [8.277,53639]
Zhong2022D [73] MRI radimics for microvascular invasion prediction in HCC \% 111 21588 [9.349,49.848]
Davey2021A [38] MRI radiomics for distant metastasis prediction in rectal carcinoma following surgical resection v 868 231 [13.534,39426]
Kozikowski2021 [51] MRI radiomics for muscle-invasive vs non-invasive differentiation in bladder cancer Y 350 23583 [11.832,47.007]
Davey2021B [39] MRI radiomics for OncotypeDX recurrence score <18 vs >=18 differenciation in BC v 236 26438 [8.146,85.806]
Sha2022 [61] MRI radiomics for TNBC vs non-TNBC differentiation v 211 2739 [11.177,67.123]
Zhong2022C [72] Radiomics for good vs poor responder to NACT prediction in osteosarcoma using validation date IV 44 27584  [9.125,83.381]
Huang2021 [43] MRI radiomics for MGMT(+) vs MGMT(-) prediction in glioma ) 849 28635 [13.532,60.594]
Yang2022 [65] Radiomics for good vs poor responder to NACT prediction in nasopharyngeal carcinoma \% 258 2929 [14.087,60.899]
Jia2022 [74] Radiomics for good vs poor responder to NACT prediction in rectal cancer using validation datas IV 269 29331 [12.941,66482]
Davey2021C [40] MRI radiomics for Luminal B vs TNBC differentication in BC v 187 30733 [12.935,73.022]
Ca02022 [34] CT radiomics for high vs low-grade prediction in RCC Y 948 32428 [20.243,51.945]
Zhong2022A [70] Radiomics for enchondroma vs chondrosarcoma differentiation v 193 35434 [19.497,64.398]
Gao2022B [43] MRI radiomics for glioblastoma vs metastasis v 591 35665 [22.516,56.494]
Muhlbauer2021 [58] Radiomics for not specified benign renal tumor vs RCC differentiation ) 625 35837 [14.696,87.387]
Kao2022 [49] CT radiomics for severe disease vs non-severe disease differentiation in COVID-19 Y 374 37066 [21.812,62987]
Davey2021C [40] MRI radiomics for HER-2 (+) vs other subtypes differentication in BC v 919 37303 [13.747,10122]
Gao20228B [43] MRI radiomics for glioblastoma vs primary CNS lymphoma Y 631 66411 [40.301,109.435]
Zhong2022B [71] PET radiomics for autoimmune pancreatitis vs pancreatic cancer differentiation 1\ 143 73356 [35.096,153.327]
Zhong2022B [71] MRI radiomics for mass-forming focal pancreatitis vs pancreatic cancer differentiation v 101 99203 [31.622,311.22]
Sohn2020 [62] Radiomics for high-grade vs low-grade prediction in glioma Y2 389 144058 [30.977,669.946]
(Ga02022B [43] MRI radiomics for glioblastoma vs other glioma 1\ 363 177254 [41223,762.174]
Zhong2022B [71] CT radiomics for autoimmune pancreatitis vs pancreatic cancer differentiation Y 191 185655 [71516,481.955]
Gao020228B [43] MRI radiomics for glioblastoma vs meningioma v 82 667.116 [118.112,3767.99]

Fig. 3 Summary of evidence rating. AML =angiomyolipoma, BC = breast cancer, HCC =hepatocellular carcinoma, NSCLC=non-small cell
lung cancer, RCC=renal clear cell carcinoma, NACT =neoadjuvant chemotherapy, TNBC=triple negative breast cancer. NS=not significant,
Sig=significant, N/a=not applicable

Table 3 Summary of convening and highly suggestive evidence

Study [References] Clinical question Evidence rating PRISMA, % AMSTAR ROBINS

Han2022 [45] T2-FLAIR radiomics for IDH-mutant vs IDH-wide type in low-grade Convincing 67 Critically low  Unclear
glioma

Kao2021B [56] CT radiomics for COVID-19 vs viral pneumonia differentiation Convincing 56 Critically low High

Li2022C [49] MRI radiomics for high-grade glioma vs brain metastasis differentiation Convincing 67 Low Unclear

Li2022A [54] Radiomics in microvascular invasion prediction in hepatocellular Highly suggestive 77 Low Unclear
carcinoma

Davey2021C [41] MRI radiomics in Luminal A vs other subtypes differentiation in breast ~ Highly suggestive 52 Critically low  High
cancer

Zhang2022A [67] Radiomics in microvascular invasion prediction in hepatocellular Highly suggestive 77 Low Low
carcinoma

Li2022D [57] MRI radiomics in breast cancer positive vs negative differentiation Highly suggestive 58 Critically low High

Castaldo2021 [36] Radiomics in prostate cancer positive vs negative differentiation Highly suggestive 67 Critically low Unclear

Muhlbauer2021 [59] Radiomics in benign vs malignant renal tumors differentiation Highly suggestive 60 Critically low High

Cleere2022 [38] US radiomics in malignancy vs benign thyroid nodule per patient Highly suggestive 52 Critically low High
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heterogeneity. We did not investigate the potential
source of heterogeneity due to the workload, but this
should be explored in the individual systematic review
to allow interruption of the results. Unfortunately,
these systematic reviews did not perform related
investigations. Indeed, less than a half of included sys-
tematic reviews conducted such an analysis. Another
reason for failing to reach convincing level of evi-
dence is significant small-study effects and publica-
tion bias. This was assessed by more than four fifths of
the included systematic reviews. The radiomics were
not rated as sufficient tools for other clinical applica-
tions. There were more pieces of weak evidence due
to insufficient participants. This could not be solved
by systematic reviews, but it might be overcome with
more carefully designed prospective, multicenter, ran-
domized controlled trials and data sharing [9, 11, 12].
Another concern on the systematic reviews and meta-
analyses of radiomics was their relatively low study
quality. Although our overview identified three poten-
tial application of radiomics with high-level of sup-
porting evidence, they were all with suboptimal quality
that should be taken into consideration when applying
the evidence. A systematic approach is encouraged to
establish to comprehensively evaluate the radiomics
tool, in order to tell whether the tool can be used in
the clinical practice. The GRADE (grading of recom-
mendations assessment, development and evaluation)
system can be used for diagnostic tests or strategies
[80], but the feasibility of this approach for radiomics
researches needs to be verified.

There are several limitations to address. First, we
only included systematic reviews with meta-analyses
to identify the most possible candidate to be sup-
ported by high-level evidence. We only included the
primary studies mentioned in the meta-analyses for
re-analysis, because updating the literature search may
lead to a too heavy workload. As a rapidly developing
field, our meta-analyses may not include all the eligible
radiomics studies. Second, most of the meta-analyses
were based on training or validation dataset, which
potentially overestimated the results. The future anal-
ysis is encouraged to be conducted using testing data-
set of the strictly designed studies. Third, the majority
of the included primary studies were retrospec-
tive, single-center, small-scale studies and have been
assessed as suboptimal quality. Further, the overall
quality of included systematic reviews was also insuf-
ficient. Therefore, the aforementioned evidence level
rating results should be cautiously interpreted. Lastly,
the evidence rating criteria of diagnostic accuracy tests
have not been well established. We only estimated the
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diagnostic odds ratio as effect size, but not the corre-
sponding sensitivity, specificity, and area under curve
value for each meta-analysis, whose potential role in
evidence rating needs further investigation.

Conclusion

In conclusion, our overview of systematic reviews and
meta-analyses highlighted three convincing and seven
highly suggestive level of evidence for radiomics in
answering clinical questions, while the low study qual-
ity and high risk of bias might lead to insufficient con-
fidence in clinical translation. Future research should
provide more scientific base for those with low-level of
evidence and seek to validate the radiomics algorithms
in clinical settings for those with high-level of evidence.
Systematic reviews and meta-analyses on radiomics
researches could continuously help the stakeholder to
identify knowledge gaps, biases, and priorities for future
research to promote the radiomics translation from
an academic tool for generating papers to a practicable
adjunct toward clinical deployment.
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