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Abstract 

Purpose: The field “Radiomics” gained increasing interest in the last years. Several studies 
demonstrated the promising value of radiomic features for cancer diagnosis, prognosis, or 

treatment assessment. To derive widely generalizable radiomic models, the use of 

repeatable and reproducible features is of foremost importance. In this systematic review, 

we analyzed 27 peer-reviewed articles reporting on the repeatability and reproducibility 

of radiomic features. 

 

Methods and Materials: As search strategy the key terms - cancer, radiomics, 

reproducibility, and repeatability – were used through PubMed and Web of Science 

electronic databases as in our previous review. Each abstract including the keywords was 

independently screened by four observers. 27 full-text articles not previously collected 

were selected. Information about patient population, feature groups, software, 

preprocessing, and  repeatability/reproducibility results were extracted from each article. 

A radiomic reporting checklist was proposed evaluating the feasibility to fully reproduce 

each study, emphasizing of the quality of reporting of pre-extraction processing 

information.  

 

Results: The number of MR studies has raised from the previous review. Unfortunately, 

still many studies continue to under-report essential reproducibility information such as 

preprocessing applied before radiomic analysis. Repeatability/reproducibility of radiomic 

features is sensitive to processing details such as image reconstruction and image 

preprocessing. Shape features are confirmed to be the most robust to acquisition settings 

compared to texture features. However, many of the studies agreed that contouring inter-

observer variability strongly affects shape features’ stability.  
Conclusions: Feature repeatability and reproducibility and reporting quality still needs to 

be improved regarding details of feature extraction software, digital image manipulation 

(preprocessing), feature extraction parameters, and the cutoff value used to distinguish 

stable features. We propose a radiomic reporting checklist to encourage transparency of 

extraction procedures. We recommend to append to radiomics studies the checklist as 

fundamental metadata in order to guarantee the possibility to fully replicate and validate 

their studies.  

Chapter 2 – Review Repeatability and Reproducibility of Radiomic Features 
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Introduction 

“Radiomics”, the automated extraction of imaging biomarkers from patients’ scans has 
gained an increasing interest in the last decade. Several radiomic studies have reported 

promising results for cancer diagnosis, prognosis, or evaluation of treatment response [1–
3].  Radiomic studies span common volumetric imaging modalities such as Computed 

Tomography (CT), Positron Emission Tomography (PET), and Magnetic Resonance Imaging 

(MRI). The numbers of studies investigating applications of radiomics have increased 

dramatically in the last years. In 2019 alone, 728 studies were indexed in PubMed relating 

to radiomic studies.  However, there remains a translational gap between academic study 

and clinical utilization [4]. One challenge that makes a clinical implementation of radiomics 

difficult is the problem of  replicating published results. These difficulties is due to the 

unavailability of input images and software used for computations, poor reporting of 

study design, and metadata associated with radiomic studies [5]. External validation of 

radiomic models has been hampered by training models only on small institutional cohort, 

risks of overfitting and false discovery rates [6], misalignment between the study design 

methodology and guidelines from the TRIPOD (transparent reporting of a multivariable 

prediction model for individual prognosis or diagnosis) statement [7], which strongly 

recommends the validation of prediction models on independent datasets and 

transparency of reporting.  

In our previous review in 2018, we brought to light the importance of evaluating which 

radiomic features are likely to give similar values when extracted from the same subject 

imaged more than once on the same scanner (repeatable features)  and which radiomic 

features yielded similar values when extracted in different contexts, e.g. imaging settings, 

software and pre-processing (reproducible features) [5].   

The previous effort to identify a subset of features likely to be generally reproducible and 

repeatable, via a quantitative meta-analysis, was encumbered by two issues identified in 

the literature: (i) incomplete reporting of radiomic analysis procedure and (ii) 

heterogeneity in metrics used to report feature repeatability and/or reproducibility. Due 

to these issues it was not possible at that time to perform a conclusive quantitative meta-

analysis. 

Considering the increase in radiomic studies since our previous review was published 

(January 2018), this work is an updated review, as promised, with multiple aims. The first 

aim was to compare the findings from recently published papers with respect to the major 

results found in our previous review. In particular, we wanted to verify if there has been a 

boost of consensus regarding a list of major factors impacting reproducibility and 

repeatability as well as trying to isolate a set of repeatable and reproducible features 

across different modalities in both human and phantom data. The second aim was to 
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verify if one of the largest issues identified in our previous work, being the poor quality of 

reporting, has been addressed in new studies. Finally, to move towards a detailed strategy 

for the high-quality reporting of radiomic studies, we proposed solutions that integrate 

previously published efforts. For this purpose, we tried to reproduce each step of a study. 

Hereby, we checked every part of the radiomics  workflow described by the Image 

Biomarker Standardization Initiative (IBSI), but also other aspects which are relevant for 

the replication of a study (i.e. patient inclusion, statistical analysis).  If a step was not 

reported and could therefore not be replicated, this step was noted, and we attempted to 

continue to the next step. This was performed until all steps of the radiomics workflow 

was completed.  Using this information, a checklist is provided which completes the points 

listed in [8] and  includes all necessary steps to fully reproduce a radiomic study. This 

checklist has been inspired by the QUADAS-2, a tool for the quality assessment of 

diagnostic accuracy studies. In the QUADAS-2, the risk of bias associated with a study is 

associated by assessing “signaling” questions, which cover specific domains of the 
methodology of a study. Inspired by this work, we identified major domains of a radiomic 

study going from the study design to statistical analysis. In this review, we propose this 

radiomic check list as built upon previous efforts, but also trying to tackle the limitations 

of using only “quality scores” to evaluate such a complex  question as methodological 
quality.  

Even though, in the literature, there have already been attempts to provide the 

community with scores evaluating the quality of radiomic studies, these scores are aiming 

more on radiomic studies developing a radiomic signature and not on methodological 

aspects performed during a radiomic analysis [9]. Moreover, a review analyzing the 

advantages in using quality scores in systematic reviews of diagnostic accuracy studies 

[10],  discouraged from using quality scores but suggested the reviewers to focus on the 

presence or absence of details of the methodology used in the paper (checklist). The 

possibility to fully replicate a radiomic study relies on the fact that all the data and 

metadata associated to a radiomic study must be reported. This checklist was conceived 

to support the effort presented in recent work defining steps towards a responsible use of 

radiomics [8]. The investigators claim that one of the fundamental keys to achieve the 

above-mentioned goal is to improve the quality of published study by reducing biases 

related to poor or not standardized reporting. In this view, our radiomic checklist proposes 

itself as tool to support this key factor.  

Methods and Materials 

Eligibility criteria 

We included all full-text articles matching the inclusion criteria described in the following 

sections from 01-01-2017 to July 2019.  

Chapter 2 – Review Repeatability and Reproducibility of Radiomic Features 
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Report design 

Only peer-reviewed full-text articles containing one of the search keywords listed below in 

their title or their abstract were identified as possible candidates for inclusion. Only 

studies reporting on the repeatability and/or reproducibility of radiomic features including 

a statistical analysis assessing the degree of robustness were included in this review.  

Population 

Only studies investigating radiomic features extracted A) from one of the imaging 

modalities CT, PET, or MRI and B) from radiologic phantoms or from human persons 

suffering from at least one primary tumour were included in the review.  

Outcomes 

All included articles had to report on the repeatability/reproducibility of radiomic features 

to at least one of the following aspects: image acquisition or reconstruction parameters, 

imaging modalities, effect of image pre-processing such as image smoothing, or effect of 

segmentation results.  

Language 

Only articles written in English were considered for the review.  

Information sources 

A comprehensive literature research in PubMed National Center for Biotechnology 

Information, (NCBI) and the Web of Science repository identified all studies possibly 

relevant for this review. This included only articles that were published between 01-01-

2017 and 01-07-2019. The abstracts of all articles identified by the literature research 

were extracted and independently analyzed by four readers with extensive experience in 

radiomics. 

Search strategy 

As per our previous work, the PubMed and Web of Science electronic databases was 

searched using combinations of the broad Haynes and Ingui filters along with a set of text 

words specific to cancer, radiomics (including texture analyses), reproducibility, and 

repeatability. 

Study records 

Data management  

All full-text articles matching the inclusion criteria were downloaded using university 

library subscriptions. A DropBox folder was set up to share the full-text articles, the 

reviewer evaluation forms, as well as all versions of the manuscript.  
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Selection process  

After the literature search, titles, and abstracts were checked for matching the described 

criteria by four independent observers. Each reviewer voted if an article was suitable for 

the review. In case of disagreement amongst reviewers, a consensus was obtained. All 

articles found to be eligible were divided into clinical and phantom studies: EP and IZ 

reviewed the group including phantom studies, while AT and LIW reviewed the second 

group including patient studies.  

Data extraction 

Data extraction was performed as per our previous work. This included general details 

about the manuscripts; information about datasets used for analysis; details about 

radiomic extraction, statistical analysis and summary of results. Examples of reviewer 

forms for clinical and phantom studies are given in the Supplementary Material.  

 From QUADAS-2 to radiomic reporting checklist 

We introduced the radiomic reporting checklist on the lines of the QUADAS-2 tool. Similar 

to the above-mentioned tool, the checklist comprises a list of “signaling” questions, 
divided into five domains: A) study design; B) imaging, C) radiomic pipeline, D) statistical 

analysis, and E) data and metadata availability. The development of signaling questions 

have been carried on by the authors of this paper, who have at least 5 years of expertise 

in the radiomic domain and are members of tasks forces for radiomic standardization such 

as the IBSI. The design of the signaling questions has been carried out by reproducing each 

step of the radiomic studies by looking at reported steps in the manuscripts. Each of the 

authors defined a list of signaling questions, which were fundamental to reproduce a 

study. After a round of discussion, the final list of signaling questions was obtained (see 

Figure 1 and 2).  

Signaling questions are meant to support reviewers to verify if in the manuscript or 

supplementary material a specific information is stated. If true, the reviewer will mark a 

“yes”, if not a “no”. Many “no’s are associated with high risk. We define the risk 
probability as the number of “no’s divided by the number of “signaling” questions, 
expressed in percentages. Tables 1a-1b show the risk assessment sheets for human and 

phantom studies, respectively. The only differences between human and phantom studies 

can be found in section A.  From how we defined the “signaling” questions, it emerges 
that, for example, in the study design some items are adapted from the RQS or from the 

IBSI manual.  

Chapter 2 – Review Repeatability and Reproducibility of Radiomic Features 
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Item Domain Yes No Unclear 

A1. Were the selection criteria of the clinical cohort(s) clearly 

described? 
Study Design () () () 

A1. Was the number of patients enrolled in this study clearly stated? Study Design () () () 

A3. Were the institution(s) involved in the study clearly mentioned in 

the manuscript? Study Design () () () 

A4. Were clinical and population variables available in the study? Study Design () () () 

 

B1. Were the imaging modalities used to acquire scans of the 

patients clearly described?  
Imaging () () () 

B2. Were the image acquisition settings for the images used in the 

analysis clearly described? 
Imaging () () () 

B3. Were the ROI(s) used to extract radiomic features clearly 

described and how they were segmented?  
Imaging () () () 

B4. Was the algorithm / mathematical function used to transform 

contours to masks provided? 
Imaging () () () 

     

C1. Were the image pre-processing steps, prior to feature extraction, 

clearly described? 

Radiomic 

Pipeline 
() () () 

C2. Was the software used for radiomic computations described 

(version, developers, programming language)?  

Radiomic 

Pipeline 
() () () 

C3.  Were the radiomic feature classes and single features described 

together with their formulas? 

Radiomic 

Pipeline 
() () () 

C4. Was the total number of features extracted clearly mentioned? Radiomic 

Pipeline 
() () () 

C5. Was the feature aggregation algorithm specified? Radiomic 

Pipeline 
() () () 

C6. Was the feature quantization algorithm specified? Radiomic 

Pipeline 
() () () 

     

D1. Were the statistical tests and metrics used to evaluate features’ 
reproducibility / repeatability clearly stated?   

Statistical 

Analysis 
() () () 

D2. Were the reference standards to define levels of reproducibility 

specified? 

Statistical 

Analysis 
() () () 

     

E1. Were the images and segmentation shared as public data? Data and 

metadata 

Availability 

() () () 

E2. Was the software shared as open-source code? Data and 

metadata 

Availability 

() () () 

E3. Were the results of the statistical analysis shared as public data? Data and 

metadata 

Availability 

() () () 

 

Figure 1: Overview of the checklist and signalling questions for the clinical studies 
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Item Domain Yes No Unclear 

A1. Were the details about the phantom used in the study clearly 

specifi  ed? 
Study Design () () () 

A1. Was the number of acquired scans clearly stated? Study Design () () () 

A3. Were the institution(s) involved in the study clearly mentioned in 

the manuscript? 
Study Design () () () 

 

B1. Were the imaging modalities used to acquire scans of the 

phantom(s) clearly described?  
Imaging () () () 

B2. Were the image acquisition settings for the images used in the 

analysis clearly described? 
Imaging () () () 

B3. Were the ROI(s) used to extract radiomic features clearly 

described and how they were segmented?  
Imaging () () () 

B4. Was the algorithm / mathematical function used to transform 

contours to masks provided? 
Imaging () () () 

     

C1. Were the image pre-processing steps, prior to feature extraction, 

clearly described? 

Radiomic 

Pipeline 
() () () 

C2. Was the software used for radiomic computations described 

(version, developers, programming language)?  

Radiomic 

Pipeline 
() () () 

C3.  Were the radiomic feature classes and single features described 

together with their formulas? 

Radiomic  

Pipeline 
() () () 

C4. Was the total number of features extracted clearly mentioned? Radiomic 

Pipeline 
() () () 

C5. Was the feature aggregation algorithm specified? Radiomic 

Pipeline 
() () () 

C6. Was the feature quantization algorithm specified? Radiomic 

Pipeline 
() () () 

     

D1. Were the statistical tests and metrics used to evaluate features’ 
reproducibility / repeatability clearly stated?   

Statistical 

Analysis 
() () () 

D2. Were the reference standards to define levels of reproducibility  Statistical 

Analysis 
() () () 

     

E1. Were the images and segmentation shared as public data? Data and 

metadata 

Availability 

() () () 

E2. Was the software shared as open-source code? Data and 

metadata 

Availability 

() () () 

E3. Were the results of the statistical analysis shared as public data? Data and 

metadata 

Availability 

() () () 

Figure 2: Overview of the checklist and signalling questions for the phantom studies 
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Outcomes and prioritization 

Primary outcome  

The primary outcome of this review was the degree of repeatability/reproducibility of a 

radiomic feature. 

Secondary outcome  

The secondary outcomes were the impact of image acquisition and reconstruction 

settings, pre-processing steps, and tumour segmentation on the reliability/reproducibility 

of radiomic features.  

Additional outcomes  

Additional outcomes were the metrics used for reporting on reliability/reproducibility. 

Finally, the radiomic reporting checklist was used to evaluate the quality of reporting of 

analyzed studies.  

Risk of bias in individual studies  

To assess the risk of bias in each study, two reviewers independently reviewed the studies.  

Results 

Literature search results 

168 abstracts distinct from the previous review were found when searching PubMed with 

the described search string. After reviewing the abstracts, 19 studies fulfilled the inclusion 

criteria and seven additional studies were included as prior knowledge. The PRISMA 

flowchart is shown in the Figure 3. 
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Figure 3:  Prisma flowchart displaying the selection process of the studies included in this review 

 

Clinical study characteristics 

The general characteristics are summarized in Table 1  a for the 19 new clinical studies. 

Eight of these studies reported on PET, five on MR, and six on CT images, with only one 

study prospective [11]. The number of patients included in the studies ranged from a 

minimum of 14 to a maximum of 263. There were two studies using publicly available data 

[12, 13]. Three were multi-institutional studies. Most of the studies were focused on 

reproducibility, with one investigating both reproducibility and repeatability [14]. The 

number of features being extracted ranged from 2 to 1761.  

 

 

 

Chapter 2 – Review Repeatability and Reproducibility of Radiomic Features 



33   

 

R
ef

er
en

ce
 

S
tu

d
y

 

D
es

ig
n
 

D
at

a 

A
v
ai

la
b
il

it
y

 

M
u
lt

i 

In
st

it
u
ti

o
n
al

 

C
an

ce
r 

ty
p
e 

(#
 s

u
b
je

ct
s)

 

M
o
d
al

it
y

 

D
el

in
ea

ti
o
n

 

M
et

h
o
d
s 

S
o
ft

w
a
re

 /
 

L
an

g
u
ag

e
 

(O
p
en

 

S
o
u
rc

e)
 

F
ea

tu
re

s 

(c
la

ss
es

) 

T
ex

tu
re

 

fe
at

u
re

s 

q
u
an

ti
za

ti
o

n
 m

et
h
o
d

 

S
ta

ti
st

ic
al

 

M
et

ri
c
 

(Altazi et al., 

2017a) 
Retrospective No No 

Cervix 

(88) 

 

PET 

Manual 

Semi-

auto 

In-house 

NA 

79 

(FO,SM,TA) 

 

FBN 
MPD 

ICC 

(Fiset et al., 

2019) 
Retrospective No No 

Cervix 

(62) 
MR Manual 

Pyradiomics/ 

Python3.7 

(Yes) 

1761 (FO,SM, 

TA,LOG,WF) 
FBW ICC 

(Lv et al., 2018) Retrospective No No 
HN 

(106) 
PET 

Semi-

auto 

In-house/ 

Matlab (Yes) 

53 

(TA) 
FBW ICC 

(Belli et al., 

2018) 
Retrospective No No 

HN/ 

Pancreatic(50) 
PET 

Semi-

auto 

CGITA 

Matlab (Yes) 

73 

(FO,TA) 
FBW ICC 

(Xia et al., 

2018a) 
Retrospective Yes No Liver (38) CT 

Semi-

auto 
NA 37 (FO,SM) NA ICC 

(Carles et al., 

2018) 
Retrospective No No Lung (31) PET 

Semi-

auto 
In-house NA 36 (FO,SM,TA) 

FBN 

FBW 
ICC 

(Hatt et al., 

2018a) 
Retrospective No Yes Lung (263) PET Auto NA 2 (SM)  

PPV 

Spearman 

(Johnson et al., 

2017) 
Retrospective No No Lung (26) PET 

Semi-

auto 
NA 10 (FO,SM) 

 

 
Pearson 

(Zhuang et al., 

2019) 
Prospective No No 

Lung 

(61) 
PET 

Semi-

auto 

Pyradiomics/ 

Python 3.7 

(Yes) 

In-house/ NA 

(No) 

10 

(FO,TA) 
NA TRR 

(Lafata et al.,  

2018) 
Retrospective No No 

Lung 

(97) 
CT 

Semi-

auto 

In-house 

NA 

43 

(FO,TA) 
NA CCC 

(Haga et al., 

2018b) 
Retrospective No No 

Lung 

(40) 
CT 

Manual 

Semi-

auto 

In-house 

Matlab (Yes) 

476 

(FO,SM,TA) 

 

FBW 
ROC-

AUC 

(Takeda et al., 

2017) 
Retrospective No No 

Lung 

(26) 
PET Manual 

CGITA 

Matlab (Yes) 

7 

(FO,TA) 

 

FBN 

 
ICC 

(Schwier et al., 

2018) 
Retrospective Yes No 

Prostate 

(14) 
MR 

Semi-

auto 

Pyradiomics  

Python 3.7 

(Yes) 

(FO,SM,TA,LOG, 

SR,SQ,EXP,WF) 
FBN ICC 

 

(Traverso et al., 

2019) 

Retrospective No Yes 
Rectum 

(56) 
MR Manual 

Pyradiomics 

Python 3.7 

(Yes) 

70 

(FO,SM,TA) 
FBW 

CCC 

ICC 

(Bektas et al., 

2019) 
Retrospective No No 

Renal 

(53) 
CT Manual 

MaZda 

C++ (No) 

279 

(FO,TA,GRAD,WF) 
FBN ICC 

(Feng et al., 

2018b) 
Restropective No No 

Renal 

(58) 
CT Manual 

CT Kinetics 

NA (No) 

42 

(FO,TA) 
NA ICC 

(Kocak et al., 

2018) 
Retrospective No Yes 

Renal 

(94) 
CT Manual 

MaZda 

NA (No) 

275 

(FO,TA,WF,AR) 
NA ICC 

(Zhang et al., 

2018) 
Retrospective No No 

Brain 

(87) 
MR Manual 

IBEX 

Matlab (Yes) 

1140 

(FO,SM,GRAD,TA) 
NA CCC 

(Qu et al., 

2019) 
Retrospective No No 

Esophageal 

(181) 
MR Manual 

In-house 

Matlab (No) 

1578 

(FO,SM,TA,FD) 
NA ICC 

Table 1a: summary table of the 19 clinical studies included in the analysis. Abbreviations: NA 

refers to information that could not be retrieved from the manuscript; FO: First order features; 

SM: Shape Metric features; TA: Texture Analysis features; LOG: Logarithmic filtered features; WF: 

Wavelet Filtered features; SR: Square Root filtered features; SQ: Square filtered features; EXP: 

Exponential filtered features; GRAD: Gradient filtered features; FBN: Fixed-bin Number 

quantization; FBW: Fixed-Bin Width quantization; CCC: Concordance Correlation Coefficient; ICC: 

Intra-class Correlation Coefficient; PPV: Positive Predictive Value;  TRR: Test-Retest Ratio; MPD: 

Mean Percentage Difference. 
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Phantom study characteristics 

The general characteristics are summarized in Table 1b for the eight phantom studies. 

Two studies reported on MR, three on PET and three on CT images. All studies were 

retrospective, with one study that provided a publicly available dataset [15]. Four 

phantom articles reported on feature reproducibility and four on repeatability. The 

number of features being extracted ranged from 25 to 248.  

Table 1b: summary table of the 8 phantom studies included in the analysis. Abbreviations: NA 

refers to information that could not be retrieved from the manuscript; FO: First order; SM: Shape 

Metric ; TA: Texture Analysis; LBP: Local Binary Pattern; FD: Fractal Dimension; ACM: Angle Co-

Occurrence Matrix ; LI: Local Intensity; TS: Texture Spectrum ; FBN: Fixed-Bin Number 

quantization; FBW: Fixed-Bin Width quantization; CCC: Concordance Correlation Coefficient; ICC: 

Intra-class Correlation Coefficient; DR: Dynamic Range; COV: Coefficient Of Variation; PAD: 

Percentage Absolute Difference. 

Results according to imaging modality 

PET 

Most of the papers evaluated the reproducibility of radiomic features with respect to 

reconstruction protocols and segmentation methods. Results from the phantom studies 

agreed that image reconstruction protocols (in particular matrix size) had strong impact 

on the reproducibility of features, but with different level of sensitivity per feature 

categories. In [16] and [17] only few texture features (GLCM-Homogeneity, Correlation 
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(Baeßler et al., 2018) Retrospective No No 

NA 

(In-house) 

 

MR 
Semi-

auto 

LIFEx/ 

Java (Yes) 

45 

(FO,TA) 

 

FBN 

CCC 

ICC 

DR 

(Midya et al., 2018a) Retrospective No No 
ATOM 

(CIRS) 
CT Manual 

In-house/ 

Matlab (No) 

248 (FO,TA, 

LBP,FD,ACM) 
NA CCC 

(Papp et al., 2019) Retrospective No Yes NEMA PET 
Semi-

auto 

In-house/ 

NA (No) 

37 

(SM,TA) 
FBW COV 

(Pfaehler et al., 2019) Retrospective No No NEMA PET 

Manual 

Semi-

auto 

In-house/ 

Matlab (No) 

246 (FO,LI, 

SM,TA) 

FBN 

FBW 
ICC 

(Shiri et al., 2017a) Retrospective No Yes 
NEMA 

(In-house) 
PET 

Semi-

auto 

In-house/ 

Matlab (No) 

100 (FO,SM, 

TA,TS) 
NA COV 

(Varghese et al., 2019a) Retrospective No Yes 
CTTA 

(In-house) 
CT Manual NA 

NA 

(FO,TA,FFT) 
FBN PAD 

(Yang et al., 2018b) Retrospective No Yes 
Digital 

(In-house) 
MR Manual NA 

23 

(TA) 
FBN COV 

(Zhovannik et al., 

2019a) 
Retrospective Yes No 

Gammex 

(Sun 

Nuclear) 

CT Manual 

Pyradiomics/ 

Python3.7 

(Yes) 

92 

(FO,TA) 

FBW 

 
ICC 

Chapter 2 – Review Repeatability and Reproducibility of Radiomic Features 



35   

 

and GLRLM-Long/Short Run Emphasis)  were found to be the most robust, compared to 

SUV and intensity derived features. In [17], the authors found similar results for 

repeatability in pha  ntom data, but they pointed out that size and uptake values of the 

spherical inserts influence the results. The results found in the above-mentioned studies 

(impact of acquisition protocols) were confirmed by a clinical study on lung patients [11]. 

Most of the other clinical studies focused on the impact of voxel discretization and feature 

extraction parameters [18–20]. All studies agree that texture feature reproducibility is 

strongly affected by image quantization and feature aggregation methods what has an 

impact on their prognostic power. Hereby feature aggregation refers to the way features 

are calculated: features can be calculated slice by slice and merged in different ways (e.g. 

by averaging the features over slices) or by calculating the features using the whole 3D 

volume [21]. According to one study, among texture metrics GLSZM were the least 

reproducible [18]. Two studies focused on the effect of contouring variability. One study  

investigated the impact of delineations of ten independent observers on the variability of 

shape and NGLDM features [22]. They found a strong correlation between contouring 

variability and radiomic features. However, Takeda et al. found that SUVMAX, metabolic 

active tumour volume, total lesion glycolysis, entropy (GLCM), dissimilarity (GLCM), and 

high intensity large area emphasis (GLSZM) were robust against differences in the manual 

segmentation of two independent observers [23]. Zone percentage (GLSZM) was found to 

be sensitive to delineation differences.  

CT 

Most of the papers evaluated the reproducibility of radiomic features with respect to 

changes in CT acquisition protocols (tube current, slice thickness, different scanner 

manufacturers) and with respect to inter-observer variability in contouring. All phantom 

studies focused on differences in acquisition settings and agreed that difference in 

acquisition protocols strongly impact feature reproducibility. In [15, 24] the authors 

agreed that tube current was the major source of feature instability compared to e.g. 

different reconstruction kernels. The second paper also proposed a method to calibrate 

radiomic features as a function of different exposure levels. [25] showed that these results 

apply also to the repeatability of radiomic features, especially when considering different 

scanner manufacturers. Most of the clinical studies focused on investigating 

reproducibility with respect to contouring. Only the study by [12]  investigated 

repeatability and showed that contouring did not affect the repeatability of radiomic 

features. Most studies agreed that inter-observer variability in contouring is strongly 

affecting features’ reproducibility. Among different feature categories, two [26, 27] out of 

three studies agreed that less than 40% of computed texture features were reproducible. 

One study  [28] focused on the impact of motion, showing how in 4DCT different 

breathing phases strongly impacted features’ reproducibility.  
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MR 

Overall, the number of studies using investigating MR modality has increased compared to 

the previous review (2 vs 0 phantom studies and 5 vs 1 clinical studies). One phantom 

study [29]  investigated both reproducibility and repeatability of radiomic features using a 

physical phantom scanned using different sequences. The investigators showed that 

radiomic features extracted from FLAIR (Fluid Attenuated Inversion Recovery) images 

were more repeatable than features from T1- and T2-weighted images. These results were 

confirmed were considering reproducibility with respect to inter-observer variability. 

Shape features were found to be most robust. Reproducibility results are dependent on 

the sequence considered. The investigators also showed that image reconstruction 

strongly affect the reproducibility, with the iFFT (Fast Fourier Transform) algorithm found 

to be major source of poor reproducibility. Among the clinical studies, three studies 

investigated the repeatability of radiomic features, one in ADC maps of prostate cancer 

patients [13], one in T2-weigthed images of cervix patients [14], and one in T1/T2/FLAIR 

images of brain cancer patients [30]. The first study concluded that it was not possible to 

extract a universal list of most repeatable features as well as a specific combination of 

image preprocessing that could improve repeatability. The second study found more than 

half of the features were repeatable, with shape features being the most repeatable 

category. The last study pointed out that repeatability strongly depended on the region of 

interest considered. Among the clinical studies, two studies investigated the 

reproducibility of radiomic features with respect to contouring variability [14, 30]. Both 

found that most features were reproducible in T2-weighted sequences. However, in the 

same study  [14] the investigators showed how reproducibility dramatically drops when 

comparing images acquired with different acquisition protocols. Finally, one study  

showed  that the use of image pre-processing including quantization methods and 

resampling strongly affected reproducibility in ADC maps, consistent with results of a 

phantom study [31].  

Results according to disease site 

Lung 

Most of the papers evaluated the reproducibility of radiomic features with respect to 

variability in contouring comparing manual and semi-automated algorithms. In one PET 

study [32], the shape metric sphericity was found to change its prognostic value when 

considering differences in delineations. Similar results were found in CT studies, where 

contours delineated by different clinicians impacted the prognostic values of radiomic 

features. Other PET studies found SUVmax and metabolic active tumour volume as the 

most robust features with respect to inter-observer variability.  

Cervical cancers 
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The PET study [18] showed that GLCM Inverse Difference Moment was the most 

reproducible feature, but overall tumour heterogeneity patterns were profoundly affected 

by grey-level discretization method. GLSZM features were less reproducible than GLRLM 

features. In the MR study [14], comparison of features extracted from diagnostic vs 

simulated scans led to very poor reproducibility independently from the chosen category 

of features, while opposite to  the results from PET and CT, around 90% of the featur  es 

were stable with respect to contouring on T2 sequences.  

Head and neck cancers 

In the PET study [19], large differences were found when considering reproducibility with 

respect to manual, semi-automated and automated delineation methods. Overall, semi-

automated and automated algorithms produced more stable results. The PET study 

showed strong dependencies of radiomic features with respect to digital image pre-

processing parameters, but these differences were not important enough to affect the 

prognostic power of radiomic features. Same conclusion holds in the study about 

nasopharyngeal carcinoma [20].  

Pelvic region malignancies 

 In the ADC maps study from rectal cancer patients, first order features were found to be 

more reproducible than texture metrics regarding digital image pre-processing and 

resampling techniques. Among texture metrics, GLSZM features were the least and GLCM 

features the most robust [31]. 

In the ADC maps from prostate cancer patients, introducing anatomical-based 

normalization prior to feature extraction led to more repeatable features, but this result 

was not confirmed for T2 weighted sequences [13]. 

For the RCC studies, CT images from corticomedullary phase were found to produce a 

large percentage of reproducible features with respect to variability in contouring. 

Opposite results were found for enhanced images.   

Other malignancies 

In MR images from EC patients most of the features were found to be stable with respect 

to variability in contouring. Same results were found in T1 sequences of breast cancer 

patients for both fat and non-fat saturated images.  

Results on phantom studies 

All studies reporting on the reproducibility of CT features reported that noise has a high 

impact on their reproducibility. One study reported that post-reconstruction techniques 

reducing image noise increase the reproducibility of features and found features extracted 
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from FFT-transformed images to be more reliable [25]. Two studies reported that tube 

current had a high impact on radiomic features [15, 24].  

All three PET articles reported that the matrix/voxel size has an impact on 

reproducibility/repeatability of radiomic features. In [33] and [17] the authors reported 

that a smaller voxel size leads to a better repeatability/reproducibility while another study 

reported a high variation of radiomic feature values across different voxel sizes [16]. Two 

studies also comment on the impact of tumour volume on feature repeatability. Smaller 

volumes seem to result in lower repeatability of feature values. The impact of the 

reconstruction setting is highly feature and discretization method dependent. Moreover, 

the repeatability of radiomic features depends on image noise. GLCM information 

correlation, Sum-entropy, difference entropy (all GLCM) were found to be 

repeatable/reproducible by all studies.  

Regarding MR, Baessler et al. reported that FLAIR images resulted in the largest number of 

repeatable features when compared with T1 and T2 weighted images. All tested features 

yielded a high intra-observer reproducibility. Yang et al. reported that quantitative metrics 

are dependent on the reconstruction algorithm as well as on the SNR.  

Radiomic reporting checklist 

Tables 2a-2b summarizes the radiomic reporting checklist risk assessment for clinical and 

phantom studies. None of the studies scored a zero-risk bias probability.  

For the clinical studies, the lowest median risk was achieved in the “study design” domain. 
Information about the creation of the binary mask (question B4-imaging domain) was the 

least reported item with only one study providing detailed information. Another poorly 

reported category regarded feature specific parameters (questions C5-C6- radiomic 

pipeline domain) such as feature aggregation and discretization.  

For phantom studies, there were no risks of biases in the “study design” and “statistical 
analysis” domains. Compared to clinical studies a) all but one phantom study included a 
table reporting all statistical results (signaling question E3- data and metadata availability 

domain), and b) all but two studies failed to report on how the binary mask was created 

from the segmentation (question B4-imaging domain).  

 

Study Risk of bias 

 Study  

Design 

Imaging Radiomic  

Pipeline 

Statistical  

Analysis 

Data and  

metadata availability 

(Altazi et al., 2017a) 20% 25% 50% 50% 
 

(Belli et al., 2018) 20% 25% 33% 
 

33% 

(Carles et al., 2018) 20% 25% 33% 
  

(Fiset et al., 2019) 
 

25% 17% 
 

33% 

(Hatt et al., 2018a) 
 

50% 33% 
 

100% 
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Study Risk of bias 

 Study  

Design 

Imaging Radiomic  

Pipeline 

Statistical  

Analysis 

Data and  

metadata availability 

(Johnson et al., 2017) 20% 25% 50% 50% 66% 

(Lafata et al., 2018a) 
 

25% 33% 
  

(Lv et al., 2018) 
 

25%   50% 33% 

(Schwier et al., 2018) 
 

25%   
 

33% 

(Traverso et al., 

2019a)  

    

 
33% 

(Xia et al., 2018a) 
 

25% 67% 50% 33% 

(Zhuang et al., 2019a) 
 

25% 33% 
  

(Bektas et al., 2019) 
 

75% 17% 
  

(Feng et al., 2018a) 
 

25% 50% 
 

33% 

 (Haga et al., 2018a) 
 

25% 33% 100% 33% 

(Takeda et al., 2017) 
 

50% 17%  
  

(Zhang et al., 2018) 20% 25% 17% 
 

33% 

(Kocak et al., 2018)   25% 33% 
 

33% 

(Qu et al., 2019)   25% 50% 
 

33% 

Table 2a: Risk bias assessment of the clinical studies using the radiomic checklist. 

 

Study Risk of bias 

 Study  

Design 

Imaging Radiomic  

Pipeline 

Statistical  

Analysis 

Data and  

metadata availability 

(Baeßler et al., 2018)  
 

33% 
  

(Midya et al., 2018)  
 

33% 
  

(Papp et al., 2019)  25% 66% 
  

(Pfaehler et al., 2019)  25%  
  

(Shiri et al., 2017a)  50% 33%   

(Varghese et al., 2019a)  25% 33%  66% 

(Yang et al., 2018a)  25% 50% 
 

33% 

(Zhovannik et al., 2019a) 
 

25%  
  

Table 2b: Risk bias assessment of the phantom studies using the radiomic checklist. 

Synthesis 

Methodologic issues 

Accessibility of software and data 

The previous review pointed out that one methodologic issue was the lack of reporting 

details of the software. Only two patient studies included in the current review failed to 

provide any detail of the software [12, 32] which is an improvement to the previous 

review where it was twenty studies. A wide range of studies used publicly available 

software which is an increase when compared to the previous review where it was only 

one study. Pyradiomics  was used by three patient studies and was the most frequently 

used software [34]. Two studies used the open-source software CGITA [35], one MaZda 
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[36], one LifeX [37], and one IBEX [38]. Furthermore, two studies used in-house developed 

code in Matlab, and two studies failed to mention the programming language [18]. 

Compared with the previous review, where fourteen studies used Matlab, one Python and 

one ImageJ for feature calculation, the number of studies using in-house developed 

software decreased.  One study used open-source code in Matlab [39], while one study 

used non open-source software which was part of a commercial package [40]. The trend is 

opposite for phantom studies. Two phantom studies used publicly available software 

(pyradiomics and LIFEx), while all other phantom studies used in-house developed 

software (three in Matlab, two without mentioning the programming language). One 

phantom study did not provide any software detail.  In the previous review, only two 

phantom studies reported on the used software. Differences in the results could be 

contaminated by differences in software implementations. Considering that none of the 

software was explicitly described as protected by any commercial license, we again invite 

the users to provide not only their software but also the metadata associated with it such 

as information about the programming language.  

As per our previous review, the problem of data availability remains a major issue.  Only 

two patient [12, 13] and one phantom study [15] made their image dataset publicly 

available or used a publicly available dataset. A second phantom study used a digital 

phantom that is publicly available [24].  

Heterogeneity in statistical metrics and cut-off values 

The last review also reported on the heterogeneity of used metrics for the assessment of 

feature robustness. Across the clinical studies included in the present and previous review, 

the most frequently used metric was the Intraclass-Correlation Coefficient (ICC). Twelve 

out of eighteen studies included in this and 14 out of 35 studies included in the previous 

review reported on the ICC. While four and seven studies used the Concordance 

Correlation Coefficient (CCC) and four and nine studies used other metrics in the present 

and previous work, respectively. Some studies used more than one metric to assess 

feature stability. In general, the cut-off value to determine stable features varied across 

studies. One study in the present and five studies in the previous work failed to mention 

the cut-off value for the ICC, while the value for excellent features differed from 0.5 to 

0.85. One study used the half-width of the ICC confidence interval as threshold for 

repeatable features. CCC values above 0.8, above 0.7 or equal or higher than 0.85 were 

considered as robust.  

The metrics used to report reproducibility in phantom studies were also diverse. Three 

studies reported on the ICC, one study on CCC, one study on ICC and CC, two studies on 

COV, one study compared the COV with the effect size found in patient dataset, and one 

study reported the absolute percentage difference. The reported cut-off values varied 
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across studies.  All present phantom studies reported the cutoff value for repeatability 

measures, while it was only one study in the previous review. 

Reporting of preprocessing steps 

We already reported on the missing information of preprocessing steps of a large number 

of research papers in the previous review. Also a large number of actual studies fail to 

mention essential pre-processing steps: Eleven clinical and five phantom studies failed to 

provide details about feature specific parameters prior to feature calculation e,g, image 

discretization or feature aggregation. Radiomic features are sensitive to the discretization 

method as well as the used bin width/number [41, 42]. Therefore, it is important that the 

discretization method is reported in detail. As radiomic feature values are also sensitive to 

the feature aggregation step, it is important to specify it. Finally, there is a major issue 

related to the reporting of the creation of the binary mask used for segmentation. It is 

important to clarify that raw delineations do not represent a binary mask, since they are 

just points in the image space. Several methods can be used to create the binary mask. 

We must underline the absence of studies that compared this phenomenon, but 

nevertheless we strongly suggest the users to p  rovide metadata related to the 

mathematical function used for the creation of the binary mask. 

Predictive/prognostic power of reproducible/repeatable features  

There are five studies addressing the prognostic/predictive value of radiomic features in 

human studies. Sphericity was found to have similar/lower prognostic value than volume 

for NSCLC patients dependent on the segmentation method. Another study showed that 

texture features from GLCM, GLRLM, GLSZM matrices present different degrees of 

reproducibility with respect to various acquisition settings. However, these features can 

still lead to good diagnostic performance for differentiating nasopharyngeal carcinoma 

(NPC) from chronic nasopharyngitis (CN) in FDG PET/CT images. For a MRI analysis that 

focused on discrimination between metastatic and non-metastatic lymph nodes, nine 

radiomic features, including two shape features, six texture features and one wavelet filter 

feature were selected to create the radiomic signature associated with LN metastasis. One 

study on sensitivity of CT radiomic features to motion blurring and SNR showed that end-

of-exhalation features achieved the best classification for non-small cell lung cancer 

(NSCLC) histology. In general, some features remained robust, and showed 

prognostic/predictive power for specific disease types. Overall, it is hard to compare the 

studies, because of the lack of consensus in features’ robustness. A more consistent and 
comprehensive analysis of reproducibility/repeatability is needed in order to have a more 

reliable predictive/prognostic radiomic signature.  
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Discussion 

The studies included in this as well as in the previous review make it difficult to draw a 

general conclusion about which radiomic features are repeatable and reproducible. This is 

due to the large variability of settings and tumour types which were analyzed. Moreover, 

the variability in metrics used for assessing repeatability/reproducibility makes it almost 

impossible to compare studies between each other. However, most studies reported on 

the robustness of first order and local textural features such as GLCM and GLRLM features, 

while global textural features (such as GLSZM features) were found to be less robust. This 

is in line with the previous review where most studies reported on the stability of first-

order features in CT and PET studies.  

Reconstruction settings and image noise have a high impact on radiomic feature values for 

all imaging modalities. This implies that multi-center radiomic studies require harmonized 

images in terms of image reconstruction setting and SNR. Further harmonization can be 

achieved with correction methods applied before feature extraction such as e.g. 

resampling the images to cubic voxels or by standardizing images via post-processing such 

as by histogram equalization of MR images or post-reconstruction smoothing [43, 44]. 

Moreover, recently also Deep learning techniques such as Generative Adversarial 

Networks (GANs) are used for the standardization of CT images. However, it still has to be 

validated if these methods can be used for radiomic analysis as it might be that by 

standardizing the images important textural information gets lost. Additionally to the 

standardization of images, there are methods aligning radiomic features. One of the most 

popular methods is the so-called ComBat, which has been applied to CT  [45] and PET 

features [44], but still requires a large-scale validation. 

There was a consensus in the recent and previous review that the segmentation method 

has an impact on radiomic feature values. Now, segmentations are mostly performed 

manually which necessarily comes with a low reproducibility. In radiomic analysis, a (semi-

) automatic segmentation method might be preferred, as automatic approaches reduce 

inter-observer variability and yield a higher reproducibility than manual segmentations 

[46]. The most suitable segmentation method for radiomic analysis has to be identified 

what has to be done for each imaging modality and cancer type separately. Likely, several 

segmentation methods will be a good candidate as they yield similar accuracy and 

repeatability.  

Only a detailed report of each step of the radiomic analysis makes a study reproducible 

and opens the opportunity to compare different studies. In order to give guidance on 

which points are important to report on, we introduced a reporting quality score in this 

review. While most important aspects were reported by each study, we found that some 

studies failed to report important steps such as image processing.  
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Recommendations 

As most radiomic features are sensitive to image reconstruction, using images from 

different centers without harmonizing the images itself can lead to wrong conclusions. 

Even though, algorithms to correct for multi-center effects are being developed, it is still 

important to keep this correction as small as possible. Therefore, when using multi-centric 

data, it is essential that the images are as comparable as possible in terms of image 

acquisition. Moreover, patient cohorts across institutions/scanners should be comparable, 

i.e. the number of patients with a positive/negative outcome should be comparable across 

the datasets of each institution/scanner type. Otherwise the findings using a radiomic 

model can be due to inter-scanner differences of radiomic features and not to differences 

caused by variability in tumour characteristics.    

In case of PET studies, it should be carefully checked if reported tracer dose and uptake 

time are correct and the conversion from image data in Bq/ml to SUV units is accurate. 

This can be checked by drawing a 3 cm2 in the liver and verifying that the mean SUV inside 

the ‘liver’ sphere is in the range between 1.5 and 2.5. Higher/lower values are an 
indication for calibration or other errors and these images should be verified, corrected or 

excluded from the analysis. 

Pre-processing steps should be standardized for each imaging modality. One of them is 

the discretization method as well as the bin number/bin width that should be used. Since 

radiomic features can be sensitive to differences in voxel size, it is recommended to 

interpolate the images before feature extraction to an isotropic voxel size. This step 

should be reported if applied and the radiomic community should agree on which kind of 

resampling is the preferred one. Furthermore, the interpolation algorithm should be 

stated.  

Almost all studies did not report any information related to  the generation of the binary 

mask from the original data. Conversely, the majority of the studies reported information 

on the segmentation procedures. However, the two information should be provided 

together since different algorithms and mathematical functions are available to go from a 

cloud of points to the final binary mask.  

In general, we recommend that each software used for feature calculation should be 

tested if it complies with the benchmarks provided by IBSI. In this way, feature values 

extracted by different software packages become comparable which is one important step 

in the standardization of radiomic feature values.  

Finally, one of the major drawbacks in performing quantitative meta-analyses within 

radiomic reviews is the absence of detailed information about the metrics and cut-offs 
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used to categorize the features into good/poor reproducibility/repeatability. While there 

is no evidence that a specific metric should be used for the analysis, CCC (Concordance 

Correlation Coefficient) and ICC (Intra-class Correlation Coefficient) were the most popular 

metrics. Nevertheless, a description about the metrics, as well as statistical hypothesis 

underlying the data analysis and specific cut-offs applied should be reported to guarantee 

the transparency and the reproducibility of the study. We also strongly recommend the 

users to append as supplementary material the raw results of the analysis to facilitate 

meta-analyses.  

In conclusion, we proposed a new radiomic reporting checklist with the aim to facilitate 

the radiomic community in providing sufficient reporting information for their studies. 
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