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C urrent medical practices involve extensive use of im-
aging techniques, especially among the oncologic 

patients. This has prompted the use of the baseline and 
follow-up clinical images for additional purposes, such 
as planning radiation therapy (1) or as prognostic bio-
markers for tumor outcome (2). Radiomics refers to the 
extraction and analysis of a large number of advanced 
quantitative image features with high throughput from 
medical images obtained with computed tomographic 
(CT), positron emission tomographic, or magnetic 
resonance (MR) imaging (3). Despite the fact that the 
concept of radiomics appeared in 2012, a PubMed/
MEDLINE search revealed that more than 50 studies 
have already obtained diagnostic and prognostic infor-
mation based on the radiomics features (RFs). Some au-
thors have advised that the conclusions reached must be 
treated with caution because several of these features can 
vary greatly against slight changes in the image (4,5). 
The test-retest analyses reported in studies have often 
been carried out by using patient images (6–9); how-
ever, anatomic, physiologic, or positioning differences 
can result in different organ segmentations, which can 
result in RF differences.

Several studies have analyzed the influence of CT ac-
quisition parameters on patient images (4,10,11) by using, 
for example, nonuniform CT image acquisition protocols 
between scanners. However, even the use of the same ac-
quisition protocol for different models or manufacturers of 
CT machines does not ensure similar CT image features. 
This is not only because of differences in detector systems 
or kernels between vendors, but also because of anatomic, 
physiologic, and positional variations in test-retest analy-
sis or in analysis to compare image RFs from five differ-
ent scanners by using the same CT acquisition parameters 
(hereafter, inter-CT analysis) in patients. Ethical and logis-
tic issues are also raised in these cases. Therefore, analysis 
by using clinical patient images acquired with different CT 
scanners, with different protocols, and with potential ana-
tomic and physiologic differences could impair results.

In view of this, we aimed to carry out a test-retest 
phantom study of individual CT acquisition parameters. 
Acquisitions were retested with the same CT scanner, as 
well as with different CT scanners acquiring the same im-
age sets with the same CT acquisition parameters. There-
fore, variations because of the use of patient images were 
eliminated by exclusively scanning phantoms.
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Purpose: To identify the reproducible and nonredundant radiomics features (RFs) for computed tomography (CT).

Materials and Methods: Two phantoms were used to test RF reproducibility by using test-retest analysis, by changing the CT acquisi-
tion parameters (hereafter, intra-CT analysis), and by comparing five different scanners with the same CT parameters (hereafter, 
inter-CT analysis). Reproducible RFs were selected by using the concordance correlation coefficient (as a measure of the agreement 
between variables) and the coefficient of variation (defined as the ratio of the standard deviation to the mean). Redundant features 
were grouped by using hierarchical cluster analysis.

Results: A total of 177 RFs including intensity, shape, and texture features were evaluated. The test-retest analysis showed that 91% 
(161 of 177) of the RFs were reproducible according to concordance correlation coefficient. Reproducibility of intra-CT RFs, based 
on coefficient of variation, ranged from 89.3% (151 of 177) to 43.1% (76 of 177) where the pitch factor and the reconstruction 
kernel were modified, respectively. Reproducibility of inter-CT RFs, based on coefficient of variation, also showed large material 
differences, from 85.3% (151 of 177; wood) to only 15.8% (28 of 177; polyurethane). Ten clusters were identified after the hierar-
chical cluster analysis and one RF per cluster was chosen as representative.

Conclusion: Many RFs were redundant and nonreproducible. If all the CT parameters are fixed except field of view, tube voltage, 
and milliamperage, then the information provided by the analyzed RFs can be summarized in only 10 RFs (each representing a 
cluster) because of redundancy.
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Materials and Methods

Phantoms and CT Scanners
Figure 1 shows the workflow of the study. No institutional re-
view board approval was required because only phantoms were 
used. Two phantoms were imaged. The first one was an anthro-
pomorphic pelvic phantom, which was used to carry out the 
test-retest analysis and to evaluate the influence on the RFs of 
using different CT acquisition parameters in the same scanner. 
A second multimaterial phantom (4) was built for the inter-
CT analysis, with 10 cartridges of different types of materials 
that each measured 10 3 10 3 3 cm3 (Fig 2). The cartridges 
were made of wood, polyurethane, rubber, polymethyl meth-
acrylate, cork, and plaster. Four additional plastic cartridges 
were made with different ratios between air and solid material 
(see details in Appendix E1 [online]). Table 1 describes the CT 
acquisition parameters. The reconstruction matrix was always 
512 3 512 and images were acquired, not reconstructed, after 
acquisitions. The five CT scanners used and the software ver-
sions are listed in Table E1 (online). A rigid registration was 
carried out to set the same origin of the images and to translate 
regions of interest (ROIs) to avoid variations in segmentation.

Test-Retest Analysis
The test-retest analysis was applied to the anthropomorphic 
phantom that was scanned twice, 2 days apart, by using the 
same technique in an AcQSim CT scanner (Philips Electron-
ics, Eindhoven, the Netherlands) (Table 1). Five different 
ROIs were segmented on the first CT study (Fig 3). A rigid 
registration was made with the second CT and the ROIs were 
translated from the first CT study to the second to preclude 
intraobserver ROI variations, which can influence texture 
analysis (12,13) (Appendix E1 [online]). Images and ROIs 
were imported to version 1.0 of IBEX software (14), in which 
177 intensity, shape, and texture RFs were calculated. In 
the texture group, we calculated the neighborhood intensity 
difference matrix in three dimensions, the gray-level co-oc-
currence matrix in three dimensions, and the gray-level run-
length matrix in two dimensions (Appendix E1 and Table E2 
[online]). The concordance correlation coefficient and the 
intraclass correlation coefficient were used as the reproduc-
ibility indexes, and different cutoff values were considered for 

both (0.85, 0.90, 0.95). Formulae and references are shown 
in Appendix E1 (online).

Intra-CT Analysis
A similar procedure was carried out by using the AcQSim 
CT scanner and the anthropomorphic phantom. By intra-
CT analysis, we mean that major acquisition parameters were 
modified one at a time in the same scanner (Table 1). All the 
CT examinations that involved one particular parameter were 
carried out in the same session. We modified tube voltage, 
milliamperage, field of view, section thickness, pitch value, 
reconstruction kernel, and axial versus spiral acquisition. It 
was followed by segmentation, registration, and feature ex-
traction. The indexes used to evaluate the reproducibility 
were the coefficient of variation and the quartile coefficient of 
dispersion. The cutoff values considered were 10% and 15% 
(15). Intraclass correlation coefficient by using a cutoff value 
of 0.9 was also calculated as a comparative measure with coef-
ficient of variation and quartile coefficient of dispersion.

Inter-CT Analysis
To evaluate the inter-CT reproducibility of the RFs, the mul-
timaterial phantom (4) was scanned in the five scanners. All 
scans were carried out in axial mode, disabling any optimiza-
tion algorithm (Table 1). The rest of the procedure was simi-
lar to the procedures described above: a cylindrical ROI was 
delineated in every cartridge, trying to cover as much of the 
material as possible in one of the CT examinations. A rigid 
registration was made to transport the origin of the images 
from one data set to another and place the ROIs in the same 
positions (Details are available in Appendix E1 [online]).

Feature Selection
The reproducibility of the 177 RFs was evaluated according to 
the test-retest, intra-CT, and inter-CT analyses and by using 
the different cutoff values.

In parallel, a different approach of limiting the number 
and the range of acquisition parameters and the analyzed ma-
terials was carried out according to the following procedure 
(Fig 1). First, nonreproducible RFs were rejected based on the 
test-retest analysis. Second, RF reproducibility was analyzed 
after allowing changes of tube voltage, 20 kVp; milliamper-
age, 40 mAs; and field of view, 10 cm. RFs were considered 
nonreproducible and were rejected if at least two of five ROIs 
showed coefficient of variation greater than 15%. Third, only 
the polymethyl methacrylate material was taken into account 
for the inter-CT comparison to reject nonreproducible RFs 
because it was found to have the most similar Hounsfield 
units to water. Coefficient of variation greater than 15% was 
the cutoff value reproducibility in polymethyl methacrylate.

After elimination of nonreproducible RFs as described 
previously, a hierarchical cluster analysis was carried out to 
group similar features together. It did not reject RFs, but 
rather grouped and ordered RFs according to their represen-
tativeness. In every cluster, the RF with the highest concor-
dance correlation coefficient value in the test-retest analysis 
was taken as the representative RF. The matrix of Spearman 

Abbreviations
RF = radiomics feature, ROI = region of interest

Summary
The majority (94%) of the evaluated radiomics features for CT were 
not reproducible and were redundant. If all the CT parameters are held 
constant, then a smaller percentage (6%) of the radiomics features were 
reproducible and contained independent information.

Implications for Patient Care
 n Radiomics results involving multiple CT scanner sites must be inter-

preted with caution because of the potential for nonreproducible data.
 n Many CT radiomics features provide redundant information 

rather than providing unique, independent image features.
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Intra-CT Analysis
Regarding the influence of the modification of the CT acqui-
sition parameters on the reproducibility of RFs, results ranged 
from 89.3% (158.1 of 177) where the pitch factor was varied 
to only 43.1% (76.3 of 177) where the reconstruction kernel 
was modified (in this case, by using coefficient of variation as 
the reproducibility index with 10% as the cutoff value). Except 
for pitch value, the percentage of reproducible RFs was generally 
low when the whole range of the CT acquisition parameters was 
modified for the AcQSim CT scanner. Table 2 shows the mean 
values of the percentages of the RFs that meet the criteria of re-
producibility for all the ROIs segmented. These values improved 
if the range of modification was restricted (Table 3). For instance, 
if the tube voltage was restricted from 80–140 kVp to 120–140 
kVp, then the percentage of reproducible RFs improved from 
43.2% (76.5 of 177) to 77.3% (136.8 of 177) considering coef-
ficient of variation as the reference index and 10% as the cutoff 
value. Similarly, the percentage improved from 70.4% (124.6 of 
177) to 87.9% (155.6 of 177) when the range of milliamperage 
was restricted from 80–200 mAs to 160–200 mAs. Tables 2 and 
3 show the results for coefficient of variation and quartile co-

rank correlation coefficient between all pairs of selected RFs, 
previously z-standardized, and the corresponding dissimilar-
ity matrix were calculated. The hierarchical cluster algorithm 
used the Euclidean distance of the dissimilarity matrix and 
the average linkage function (16) (see Appendix E1 [online]).

The statistical analysis was performed by using R software 
(version 3.4.0; R Foundation for Statistical Computing, Vienna, 
Austria) with the DescTools package.

Results

Test-Retest Analysis
The percentages of reproducible RFs, according to the test- 
retest analysis, were 91% (161 of 177), 93.2% (165 of 177), 
and 96% (170 of 177) for concordance correlation coefficient 
and 92.7% (164 of 177), 93.8% (166 of 177), and 97.2% (172 
of 177) for intraclass correlation coefficient, when the cutoff 
values considered were 0.95, 0.9, and 0.85, respectively. The 
means 6 standard deviation were 0.978 6 0.069 for concor-
dance correlation coefficient and 0.982 6 0.064 for intraclass 
correlation coefficient.

Figure 1: Workflow of the study. FOV = field of view, GLCM = gray-level co-occurrence matrix, GLRLM = gray-level run-length matrix, kVp = 
kilovolt peak, mAs = milliampere-second, NIDM = neighborhood intensity difference matrix, PMMA = polymethyl methacrylate.
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Table 1: CT Scan Acquisition Parameters

A: Test-Retest

Tube Voltage (kVp)
Milliamperage  
(mAs) Field of View (cm) Section Thickness (mm) Pitch Value

Reconstruction  
Kernel Scan Type

130 200 55 3 1 Soft Helical

B: Intra-CT

Tube Voltage (kVp)
Milliamperage 
(mAs) Field of View (cm) Section Thickness (mm) Pitch Value

Reconstruction  
Kernel Scan Type

130* 200 55 3 1 Standard Helical
80 80 25 2 1 Standard Helical
100 120 35 3 2 Soft Axial
120 160 45 5 3 Detail …
130 200 55 8 … Edge …
140 … … … … Lung …

C: Inter-CT

Tube Voltage (kVp)
Milliamperage 
(mAs) Field of View (cm) Section Thickness (mm)

Distance Between  
Sections (mm)

Reconstruction  
Kernel Scan Type

120 200 40 5 5 Standard† Axial
120 200 50 5 5 Standard† Axial
120 200 40 5 5 Lung Axial

Note.—During intra-CT comparison, only one parameter was changed each time. 
* Indicates reference parameters for intra-CT comparisons.
† The standard reconstruction kernel was named as the default kernel, although the exact name depends on the manufacturer and scanner. 
Standard: AcQSim CT (Philips Electronics, Eindhoven, the Netherlands), LightSpeed (GE Healthcare, Milwaukee, Wisc), Optima (GE), 
and HiSpeed (GE). Standard B: Brilliance 6 (Philips).

Figure 2: (a) Image shows 10 
cartridges used for inter-CT study of 
reproducibility of RFs between scan-
ners. The following materials are 
shown from left to right: rubber, plas-
ter, polyurethane, polymethyl meth-
acrylate (PMMA), cork, wood, P20, 
P30, P40, and P50. P20 through 
P50 refer to polilactic acid cartridges 
with whole percentage from 20% to 
50% with respect to solid part. (b) CT 
image of each of the 10 cartridges 
shows the following materials from 
left to right: rubber, plaster, polyure-
thane, PMMA, cork, wood, P20, 
P30, P40, and P50. Circles depict 
detail of region of interest for texture 
extraction. 
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mined the reproducibility of these features for CT scans de-
rived from five different CT machines. Among 177 RFs ana-
lyzed, only 71 were reproducible. These RFs were grouped in 
10 clusters after a hierarchical cluster analysis (Fig 4) and the 
RF with the highest concordance correlation coefficient value 
was chosen as the representative of each cluster. Therefore, 10 
RFs can represent the 71 reproducible RFs because of a high 
redundancy of information. Nevertheless, this arbitrary proce-
dure does not invalidate the reproducible group.

Radiomics is a promising field aimed at identifying image 
biomarkers and could be useful in producing risk models for 
treatment stratification (3,17). Radiomics can help unveil infor-
mation of tumor heterogeneity hidden in medical images, which 
could improve diagnosis (18,19) and predict clinical outcomes 
(20,21), even posttreatment toxicity (22,23). Radiomics analysis 
involves several fixed steps—image acquisition, segmentation, 
feature extraction, and feature selection—which have specific 
drawbacks that would need to be resolved in each study. For in-
stance, different image processing procedures, different RF defi-
nitions for the same parameter, and different implementation 
of the same parameter have all been used in studies. This could 
yield divergent results because of a lack of reproducibility not 
only between centers, but also within the same center (5,24,25).

efficient of dispersion by using 
10% and 15% as the cutoff val-
ues and for intraclass correlation 
coefficient by using 0.9.

Inter-CT Analysis
In the case of the inter-CT com-
parison, we found that the repro-
ducibility of the RFs depended 
on the kind of material. Wood 
showed the best result for repro-
ducibility (85.1% [151 of 177] 
of RFs met the criteria for coeffi-
cient of variation less than 10%) 
and polyurethane the worst 
(15.8% [28 of 177]), which 
showed a very wide range using 
either coefficient of variation or 
quartile coefficient of dispersion 
as indexes (Table 4). The results 
for the three different acquisition 
parameters described in Table 
1 showed that differences were 
negligible. We found no differ-
ences between the five scanner 
models that were studied.

Feature Selection
After discarding the nonre-
producible RFs following the 
approach that limited the 
number and the range of acqui-
sition parameters (tube voltage, 
milliamperage, field of view) 
by using only the polymethyl methacrylate cartridge, which 
left 71 reproducible RFs, the hierarchical cluster analysis was 
carried out to group similar features. The goodness of cluster 
fit based on the cophenetic correlation coefficient was 0.948 
(values above 0.75 were considered good). The dendrogram 
enabled us to select 10 clusters, and we selected the RFs that 
showed the highest concordance correlation coefficient value 
for each cluster. They are listed next to the dendrogram in Fig-
ure 4. Four of the RFs belong to the intensity group: “60 Per-
centile” and “Global Median,” which represent the intensity 
median; “Global Minimum” and “Kurtosis,” which measure 
the peakedness of all the voxels' intensity. Four belong to the 
shape group: “Mass,” “Volume,” “Roundness,” and “Surface 
Area Density.” Two belong to the texture features. They are 
gray-level co-occurrence matrix-based features: “4-Inverse Dif-
ference Normalized” and “4-Auto Correlation.” The number 4 
in this case represents the sample distance in the calculation of 
the feature. These latter two features are average results of the 
13 sampling directions (see Appendix E1 [online]).

Discussion
In this study, we evaluated test-retest reproducibility of RFs 
extracted from CT scans by using phantoms. We also deter-

Figure 3: Image shows axial, sagittal, and coronal view of phantom with segmented regions of interest 
(ROIs). This CT study was rigid registered with the rest and ROIs were translated.
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Our study targets the questions that must be faced in the 
initial step of a radiomics clinical study. Our method differs from 
previous studies (8,9) by the use of phantoms and a rigid regis-
tration, which eliminates the wide variations caused by patient 
variability and segmentation. In addition, we assessed all the 
CT acquisition parameters together, which to the best of our 
knowledge has not been addressed before. Finally, we assessed 
the inter-CT influence on the reproducibility of the RFs by us-
ing exactly the same acquisition protocol for the five scanners 
analyzed. Other studies (4,11,16) have faced the same issues but 
used automatic acquisition protocols for different CT scanners, 
leading to reproducibility concerns. Automatic protocols opti-
mize milliamperage, so studies carried out in this way are un-
able to simultaneously control current intensity and time, and 
consequently fail to control acquisition parameters and scanners 
models at the same time.

Even with the approach in which only changes in field of view, 
milliamperage, and tube voltage were accepted and the only ma-
terial considered was polymethyl methacrylate, the number of 
reproducible RFs was also low because polymethyl methacrylate 
is similar to waterlike tissue. We agree with other studies that 
stress the need for standardization of radiomics methodology, 
such as CT reconstruction kernels and section thickness (26).

A recent study reported an increase in RF variability linked 
to resampling except when associated to a filtering correction 
(27). Furthermore, all images but those acquired by varying 
the field of view had the same voxel, which was planned to 
evaluate the effect of voxel size. Therefore, resampling was 
not carried out. Preprocessing might be relevant with other Ta
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Table 3: Percentage of RFs That Meet the Criteria of 
Reproducibility (CV ,10% or ,15%) When Changing 
the Range of the CT Parameters

Reproducible RFs (%)

CT Parameter and  
Range ,10% ,15%
Tube voltage (kVp)
 80–140 43.2 (76.5/177) 55 (97.4/177)
 120–140 77.3 (136.8/177) 84.9 (150.3/177)
Milliamperage (mAs)
 80–200 70.4 (124.6/177) 79.4 (140.5/177)
 160–200 87.9 (155.6/177) 93.2 (165/177)
Field of view (cm)
 25–55 71 (125.7/177) 77.9 (137.9/177)
 45–55 85.5 (151.3/177) 90.4 (160/177)
Section thickness (mm)
 2–8 63.5 (112.4/177) 74.7 (132.2/177)
 3–5 67.1 (118.8/177) 76.6 (135.6/177)
Reconstruction kernel
 Five kernels* 43.1 (76.3/177) 49.4 (87.4/177)
 Standard–Soft 62.3 (110.3/177) 73.6 (130.3/177)

Note.—Data in parentheses are raw data. Values shown represent 
the mean values of all the regions of interest. CV = coefficient of 
variation, RF = radiomics features.
* The five kernels used were Standard, Soft, Detail, Edge, and 
Lung.
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m 6 3 (standard deviation). Variation in Hounsfield units 
across different CT scanners has been proven (28), which 
to some extent might be responsible for differences in RFs 

Table 4: Percentage of RFs That Meet the Criteria of Reproducibility (CV ,10% or ,15%) after Repeating the CT Acqui-
sition with the Same Parameters with Five Different Scanners

Reproducible RFs According to CV (%) Reproducible RFs According to QCD (%)

Material ,10% ,15% ,10% ,15%
Polyurethane 15.8 (28/177) 16.4 (29/177) 25.4 (45/177) 39 (69/177)
PMMA* 40.7 (72/177) 42.9 (76/177) 42.4 (75/177) 48.6 (86/177)
Cork 50.8 (90/177) 61 (108/177) 62.7 (111/177) 79.7 (141/177)
Wood 85.3 (151/177) 94.9 (168/177) 92.1 (163/177) 96.6 (171/177)
Rubber 43.5 (77/177) 51.4 (91/177) 53.7 (95/177) 66.7 (118/177)
Plaster 38.4 (68/177) 48.6 (86/177) 58.8 (104/177) 72.9 (129/177)
Polylactic acid cartridges†

 P20 56.5 (100/177) 72.3 (128/177) 78.5 (139/177) 82.5 (146/177)
 P30 60.5 (107/177) 69.5 (123/177) 80.2 (142/177) 87.6 (155/177)
 P40 66.1 (117/177) 75.7 (134/177) 87 (154/177) 89.8 (159/177)
 P50 66.7 (118/177) 79.1 (140/177) 83.1 (147/177) 91.5 (162/177)

Note.—Data in parentheses are raw data. Values shown represent the mean values of the three different acquisition parameters shown in 
Table 1. CV = coefficient of variation, RF = radiomics features, QCD = quartile coefficient of dispersion.
* Polymethyl methacrylate (PMMA) is the most waterlike material.
† Indicates polylactic acid cartridges with whole percentage from 20% to 50% with respect to the solid part.

Figure 4: Graph shows cluster dendrogram and representative radiomics features (RFs). Red boxes differentiate 10 extracted clusters, which 
were selected by height. Representative RFs of each cluster were selected based on highest concordance correlation coefficient value of test-retest 
analysis. Texture features starting with 333 indicate that result average values of 13 sample directions for gray-level co-occurrence matrix (GLCM) 
group or two sample directions for gray-level run-length matrix (GLRLM) group. Numbers following 333 after GLCM RFs (1, 4, or 7) refer to sam-
pling pixel distance. Texture features starting with 0 or 90 refer to sample direction for GLRLM group. 

types of images, such as MR images in which the rule is non-
parametric intensity nonuniformity normalization correction 
and limiting the analysis to the gray levels in the range of 
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during inter-CT analysis. In addition, different CT calibra-
tions performed with technical services can produce slight 
image differences that could be translated in radiomics differ-
ences. We believe that our results given in Table 4 corroborate 
this fact. We deliberately did not use new acquisition and 
reconstruction methods (such as iterative reconstruction) be-
cause we are aware of the possibility of their increasing image 
variability (29), which is out of experimental control (30). 
In addition, most of these techniques are vendor specific, 
precluding direct comparisons (31). The effects of registra-
tion on radiomics, which are not reported here, are currently 
addressed by our group.

The phantom-based nature of this study, by using non-
human tissues, can limit a direct translation of the results 
to clinical radiomics studies, and the study has to be evalu-
ated in the preclinical setting. Therefore, our results must 
not be compared with results found in predictive clinical 
studies, especially those aiming to predict outcomes. Nev-
ertheless, we believe that a similar marked reduction of 
RFs might be produced with clinical images after similar 
test-retest, intra-CT, and inter-CT experiments. Repro-
ducibility can be impaired if the anatomy or positioning 
change. In addition, segmentation has been described 
as one of the most crucial steps in the radiomics work-
flow (12,13). Therefore, using a phantom, using the same 
identical ROI, and translating it precludes any spurious 
result related to differences in these steps. Segmentation 
was also used as an internal quality control of the study. 
We also believe that the reduction of RFs at the end of  
the analysis is more important than the specific RFs re-
maining. The nonvalidated nature of the phantoms used 
also causes concern, as well as the CT number of some 
cartridges not being found in the human body. As far as 
we know, there are no phantoms other than the Credence 
Cartridge Radiomics phantom for radiomics (4), which is 
otherwise the most used in radiomics studies. The inclusion 
of nonhuman Credence Cartridge Radiomics cartridges 
is related to the comprehensive nature of the project, but 
we also evaluated reproducibility of RFs restricted to poly-
methyl methacrylate because of its similarity to water in 
terms of Hounsfield units. The anthropomorphic phantom 
reproduced the pelvis, but we did not search anatomic loca-
tions inasmuch because we believe that location is irrelevant 
in regards to the RF values if textures and/or Hounsfield 
units were similar. Shape-related RFs remained in the stable 
group probably because of the use of an identical cylindrical 
ROI throughout the analysis.

There were several limitations of our study. First, our 
purpose was not to use specific anatomic-driven image ac-
quisition protocols, but rather to test a wide enough range 
of acquisition parameter variations to be the most compre-
hensive and generalizable. Second, the number of RFs could 
be expanded with wavelet or Laplacian of Gaussian trans-
formations, among others (32), but a recent study demon-
strated higher concordance correlation coefficient values 
for unfiltered CT images than did the wavelet-filtered ones 
(33). A multitude of RFs have been proposed and evaluated 

(32), ranging from 15 RFs (10) to more than 1000 RFs 
(33), with Breast Imaging Reporting and Data System, 
Prostate Imaging Reporting and Data System, or Visually 
Accessible Rembrandt Images being semantic RFs. The ma-
jority of the studies describe between 100 and 200 RFs. A 
recent study that included wavelet features found that the 
most reproducible were among those calculated on the non-
transformed images and wavelet features showed the biggest 
discrepancy (34). We used established features included in 
the IBEX package, but we avoided filtering and resampling 
because neither was it possible to exhaustively test all the 
image features in the literature, nor was it the aim of our 
work. Lastly, noise effect was not addressed in the study be-
cause we considered that it varies with the changes of the 
acquisition parameters and its influence on radiomics was 
already evaluated (4,35).

In summary, after a comprehensive intra-CT and inter-CT 
image acquisition evaluation, only 71 of 177 of the RFs ex-
tracted from CT images and tested were reproducible, which 
can be represented by only 10 RFs because of redundant 
information. Multicenter radiomics studies are not without 
challenges, but they might be minimized with tight image 
acquisition protocols.
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